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adventure with me, my parents for always allowing me to follow my dreams without any worries, and
especially Karo, for her relentless support and happy sunshine nature. You are my ray of light and I
cannot express how much I appreciate everything you do for me each day. I hope you will forgive me
for that.

To the readers of this thesis, thank you for your time and [ hope I can transfer some of my enthusiasm
on this subject through these pages.

Jeroen Teurlings

August 2024



Summary

The brain is one of the most important organs of the human body, yet it remains poorly understood.
The anatomical connections between different brain regions facilitate the transmission of electrical sig-
nals across the brain, forming the basis of higher functionalities such as speech, vision, comprehension,
and sensory perception. During brain tumor surgery, it is critical to preserve vital connections within
the brain while resecting as much of the tumor as possible. Therefore, accurately locating and map-
ping functional tracts within the brain is crucial for optimal patient outcomes. This thesis focuses on
the exploration and application of electrocorticography (ECoG) and Cortico-Cortical Evoked Poten-
tials (CCEP) to enhance our understanding of brain connectivity to ultimately aid in the improvement
of tumor resection.

The Background chapter provides all necessary information on the electrophysiological brain, intra-
operative neuromonitoring, ECoG, and CCEP. By explaining the fundamental concepts and techno-
logical aspects, the chapter sets the stage for understanding how ECoG and CCEP can be utilized to
study brain connectivity and improve surgical outcomes.

Chapter 1 establishes the foundation of the study. It uses data from a study on brain transmission
speeds involving 74 patients who underwent epilepsy surgery. The chapter explains the composition
and structure of the raw data, explaining the processes of data loading and preprocessing, including
the construction of epochs and evoked objects from the raw data. The peak detection algorithm, the
primary analysis method used to extract amplitude and latency parameters from registered CCEP N1
peaks, is illustrated. These results, a combination of the CCEP connections between electrodes and
their corresponding amplitude and latency, form the basis for further chapters.

In Chapter 2, the study primarily addresses the analysis of CCEP responses measured with ECoG
across a population. The analysis made a construction of brain connectivity graphs based on De-
strieux labels and individual electrodes. The peak detection algorithm identified various CCEP re-
sponses and highlighted connections between stimulating and recording electrodes. Notably, connec-
tions between temporal and parietal brain regions, and between parietal and frontal regions, were
found. These findings corresponded with known white matter tracts, demonstrating the capability of
CCEP measurements to reflect connectivity, comparable to standard Diffusor Tensor Imaging (DTI)
measurements.

Chapter 3 shifts the focus to the visualization of these CCEP responses at an individual patient level
for clinical translation. Stimulation of electrodes in the parietal region revealed both local responses
and distant connections in the frontal and temporal regions of an exemplary patient. These visualiza-
tions provide intuitive insights into the brain’s connectivity. An animation illustrating the temporal
progression of signal propagation offers a basis for personalized visualizations of connectivity based
on CCEP measurements.

In summary, this work contributes to the field of neuroscience by providing robust methods for visu-
alizing and analyzing brain connectivity, ultimately enhancing our ability to translate these findings
into practical clinical applications.
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Background

The Electrophysiological Brain

The brain is one of the most important organs in the human body, responsible for a plethora of func-
tions and systems essential for life. It consists of billions of neurons structured to exchange informa-
tion between the brain and the body. This complex transmission of information is vital for human
survival. Acting as a command center, the brain controls all the processes of the body, with each re-
gion of the brain having its specific functionality. These functional areas are connected by white matter
tracts, anatomical brain structures, which convey information between different brain regions. These
anatomical connections lay the foundation for higher cognitive processes, enabling intelligent func-
tions such as speech, vision, comprehension, and sensory perception, which combine the functionality
of multiple brain regions [1, 2].

Neurons within the brain are connected via synapses, communicating and conveying information
through rapid electrical signals known as action potentials. A complex system of ion channels propa-
gates these action potentials across axons and dendrites, forming wire-like connections that transport
signals throughout the brain and between the functional areas. The collective electric currents within
a brain volume create a electric potential in the extracellular medium relative to a reference poten-
tial. This electrical activity of the brain encompasses all underlying processes and gives insight in the
complex processes happening within [1, 2].

Since 1924, researchers have been measuring this electrical activity of the brain, leading to the de-
velopment of electroencephalography (EEG) [3]. EEG measures potentials by placing electrodes on
the scalp and comparing the recorded potentials with a reference electrode. The morphology of the
recorded waveforms, including parameters like amplitude and frequency, is proportional to the mul-
tiple sources for electrical brain activity within a volume of brain tissue [2]. Recording these unique
and complex waveforms provide researchers and clinicians valuable insights into brain processes, aid-
ing in the diagnosis and treatment of disorders like epilepsy. However, despite these advancements,
much of the brain’s functionality remains poorly understood.

Intraoperative Neuromonitoring

Disturbances in physiological integrity of the brain, due to malignancy or epileptic brain tissue, can
disrupt electrophysiological processes [4]. Maintaining the integrity and functionality of anatomical
connections and white matter tracts is crucial for the brain to perform its tasks accurately and pre-
cisely. When these tracts or cortical areas are at risk of damage, intervention might be necessary to
preserve brain functionality. Interventions for brain tumors can include radiation therapy, chemother-
apy, targeted drug therapies, or surgery [5].

During brain tumor surgery, part of the patient’s skull is removed and the brain tumor is resected. The
extent of resection (EOR) of tumorous tissue strongly correlates with the patient’s outcome [6, 7, 8].
Neurosurgeons aim for maximal safe resection, balancing the removal of tumorous tissue with the
preservation of functional tissue to maintain the patient’s quality of life after surgery.

To preserve as much functional tissue during surgery as possible, intra-operative neurophysiologi-
cal monitoring (IONM) is often applied [9]. IONM includes all measurements performed during
surgery to ensure the functionality of neurological systems. Examples of IONM include somatosen-
sory evoked potentials (SSEP), motor evoked potentials (MEP), brainstem auditory evoked potentials
(BAEP), visual evoked potentials (VEP), electromyography (EMG), EEG, and Electrocorticography
(ECoG) [10]. The primary goal of IONM is to protect vital brain functions and prevent neurological
damage. IONM serves two main purposes during surgery: monitoring existing signal transmissions
and alerting neurosurgeons to deviations, and mapping brain regions and their functions [9].



Electrocorticography

The primary focus of this thesis will be ECoG measurements. ECoG is a collective name for recordings
of electric potentials caused by brain activity which are taken directly from the cerebral cortex [6, 3].
ECoG allows for the intraoperative measurement and monitoring of brain activity, combining the flex-
ibility of intraoperative measurements with the functionality of traditional EEG. In IONM, ECoG is
often used alongside other monitoring techniques like functional magnetic resonance imaging (fMRI),
transcranial motor evoked potentials (tMEP), and direct motor evoked potentials (AMEP)[11]. Once
the skull is opened, ECoG provides the only way of directly measuring brain activity without pene-
trating the brain tissue, since EEG is no longer possible. Additionally, compared to EEG, ECoG has a
higher density of electrodes per area, increasing the resolution of the measured signals. The technique
has a higher signal-to-noise ratio (SNR), and higher spatial and temporal resolutions than traditional
EEG[6]. This allows for a real-time, high-quality measurement of electric brain activity.

A typical ECoG setup consists of a sterile pad with integrated electrodes arranged in a grid. This grid
enables direct cortical measurements, bypassing the skin and skull. Clinically, ECoG has greatly aided
neurosurgeons and neurophysiologists in treating various neurological conditions. By providing real-
time brain activity measurements, ECoG guides surgical interventions, allowing for more precise and
targeted procedures [12]. It also helps localize critical brain areas, minimizing the risk of damaging es-
sential functions during surgery [6]. Furthermore, ECoG has proven valuable in research, enhancing
our understanding of brain functioning and the mechanisms underlying neurological disorders.

Cortico-Cortical Evoked Potentials

A novel technique that is tightly connected to ECoG is the measurement of cortico-cortical evoked
potentials (CCEP), first documented by Matsumoto et al. (2004) [13]. With an ECoG grid in place,
the neurosurgeon can stimulate specific brain regions with the electrodes of the grid. The evoked re-
sponse to this stimulation can be recorded with the same grid and is called a CCEP. This technique
enables the study of communication between different brain areas, providing crucial insights into
the brain’s connectivity and functional organization [14, 15]. The morphology of recorded CCEPs in-
cludes characteristics like latency and amplitudes. Typically, CCEPs exhibit distinct negative (N1, N2)
and positive (P1, P2) deflections [15]. The N1 response, in particular, is considered a robust marker
for the evoked potential, thought to be generated by synchronized, excitatory synaptic activation of
layers of apical dendrites of pyramidal cells [2]. An example of a CCEP can be seen in Figure 1.

Measurement of CCEPs

I Amplitude

Figure 1: Typical morphology of a CCEP response. CCEPs exhibit distinct negative (N1, N2) and positive (P1, P2. Not
shown in figure) deflections. The N1 response is seen as the most robust marker for the CCEP response. This N1 peak has a
latency (in milliseconds) and an amplitude (in microvolts) which can be used for further analysis. Adapted from Matsumoto
etal. (2004) [13].

Analyzing the latency and amplitudes of the N1 deflection provides valuable information about in-
formation processing within the brain. Combining ECoG with CCEPs allows researchers to explore
connectivity between cortical areas and gain deeper insights into the brain’s functional organization.
Since the technique relies on the direct stimulation and recording of evoked potentials on the cortex,



it is inherently linked to the use of ECoG. During brain surgery, the registration of CCEPs can be used
for both monitoring and mapping purposes [16, 17]. Monitoring can be done by checking if signal
propagation remains intact during the procedure, alerting if any changes occur. Mapping of the cortex
of the patient can be done by checking which parts of the brain are highly connected to other regions
of the brain, which should then be avoided during resection.

Thesis Objective

Despite the increasing use and development of ECoG and CCEP registrations, these techniques are
not yet routinely used in research or clinical practice at the Erasmus MC hospital. While there is
interest in integrating ECoG measurements in the current IONM protocols, adequate knowledge and
expertise is still lacking. CCEP measurements remain a research topic, with clinical translation yet
to be achieved. This thesis aims to explore connectivity based on CCEP responses measured with
ECoG to improve our scientific understanding of these signals, after which a clinical translation can
be made by exploring fundamental methods for understanding CCEP signals in preparation for their
implementation in future operating room (OR) settings. Efforts will focus on translating abstract
signals into insightful visualizations, making clinical applications more feasible.

The main goals of this thesis are twofold:

o To explore connectivity within the human brain based on CCEP measurements performed with
ECoG at a population level (Chapter 2).

e To visualize measured CCEP responses in a clear and intuitive way based on ECoG responses
of individual patients (Chapter 3).

Results from this thesis should enhance the current understanding of electrophysiological connec-
tions within the brain and should lay the groundwork for further implementation of ECoG and CCEP
registrations within the OR at Erasmus MC hospital.



CHAPTER

Data, Preprocessing, and Peak Detection

All code for this thesis was written in Python and a detailed description of the script is accessible
viahttps://github.com/JeroenTeurlings/TM3_CCEP as comments and explanation within the code
lines. The development of the script utilized GitHub CoPilot within MS Visual Studio Code, which
provided Al-assisted coding support. The bulk of processing and visualization functionalities were
built within the MNE environment, an open-source Python package for processing electrophysiolog-
ical data [18].

1.1 Data

1.1.1 Data structure

The data used in this thesis was previously published in an openly accessible online repository by Van
Blooijs etal. (2023) [19], which focused on the development of transmission speed in the human brain
across different ages. This study utilized ECoG and CCEP measurements to calculate transmission
speeds between known white matter tracts. The dataset, which is openly available online viahttps://
openneuro.org/datasets/ds004080/, includes data from 74 patients (median age 17 years, range 4-
51 years; 38 females) who underwent epilepsy surgery at the UMC Utrecht hospital between 2008 and
2020. All subjects who had single-pulse electrical stimulation (SPES) - a stimulation protocol where
parts of the brain are stimulated with single pulses repeated ten times - for clinical purposes during
the ECoG monitoring period from 2012 to 2020 were also included. Inclusion criteria were the absence
of large brain lesions and the ability to determine electrode positions based on a CT scan co-registered
with a T1 MRI scan. An overview of the included patients is shown in Table 1 in Supplementary
Material A.

The dataset is organized according to the Brain Imaging Data Structure (BIDS) specifications, struc-
tured per patient, session, task, and run [20, 21]. Sessions denote the times of day when recordings
took place, and tasks refer to specific measurements, in this case, SPES. Each run represents an indi-
vidual measurement per patient, which can be repeated, resulting in multiple runs per patient.

For each run, data was saved according to the BrainVision Core data format (BrainVision Core Brain
Products GmbH, Gilching, Germany), resulting in the following data files:

e channels.tsv: An overview of the included ECoG channels.
e events.tsv: Details of artifacts and stimulation times and characteristics.

o electrodes.tsv: Information on included electrodes, including quality measures, MRI 3D coor-
dinates, and Destrieux labels.

o .vhdr: A text header file with metadata.
o .virk: A text marker file with event information.
e .eeg: A time-series file containing the raw ECoG data.

SPES was performed during ECoG recordings, with data sampled at 2,048 Hz using a MicroMed
LTM64/128 express EEG headbox with an integrated programmable stimulator (MicroMed, Mogliano
Veneto, Italy). Monophasic stimuli (10 pulses, 1 ms pulse width) were applied at a frequency of 0.2
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Hz to two adjacent electrodes. Polarity was alternated after five pulses in 27 subjects to reduce stimu-
lation artifacts. The current intensity was 8 mA, reduced to 4 mA near central nerves or the primary
sensorimotor cortex to avoid pain or twitching.

1.1.2 Electrodes

ECoG data was recorded using subdural electrode grids and strips with a 4.2 mm? contact surface and
1 cm interelectrode distance. Additional depth electrodes were implanted in MRI-visible lesions, but
were not included in this study. Electrode positions were determined via MRI scans and converted
to Montreal Neurological Institute (MNI) 152 space (average brain coordinates produced by averag-
ing brain MRI scans of 152 healthy individuals [22]) for easier reference and comparison. Electrodes
were labeled according to the Destrieux atlas segmentation, an atlas that assigns labels to brain re-
gions based on its anatomical position and functionality [23]. Overlapping electrodes, those on small
structural abnormalities, or those with excessive noise were excluded from analyses. Stimulation pairs
introducing baseline offsets were also excluded. In total, 6.3% of electrodes were excluded.

For a more detailed summary on the data structure, recording paradigms, or electrode specifics, refer
to the article by Van Blooijs et al. (2023), "Developmental trajectory of transmission speed in the
human brain"[19].

1.2 Preprocessing

1.2.1 Data Selection

Importing ECoG data that was saved according to the BrainVision format was done using basic MNE
functions (mne.io.read_raw_brainvision). This read the header file (.vhdr) and automatically loaded
the corresponding data files into an MNE-compatible structure. Additional data files (.tsv files in-
cluding channel, electrode, and event data) were also loaded in.

Data was cleaned by selecting only ECoG channels and ignoring depth electrodes. Electrodes marked
as "bad" due to overlap or excessive noise were excluded. This resulted in a cleaned dataset with
high-quality ECoG channels. No additional filtering was applied beyond the internal Medtronic ADC
filtering due to excellent signal quality, allowing for undisturbed CCEP analysis.

1.2.2 Events & Epochs

After refining the data, continuous data could be split into epochs. In MNE, “epoch’ objects show
smaller time series around certain events. For this project, epochs of 4 seconds were created, cen-
tered around the stimulation event (t=0), resulting in time series 2 seconds before and 2 seconds after
stimulation. Events were extracted from the "events.tsv’ file, which included the sample at which stim-
ulation occurs and the electrode pair being stimulated. This creates epochs around every stimulation
event, excluding steady-state ECoG data where no stimulation is performed. Each stimulation was
repeated 10 times, and these could be averaged to create an ‘evoked’ class object, which represented
the averaged response to 10 stimulations on one electrode pair. An example of a single evoked object
is shown in Figure 1.1.
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Figure 1.1: Example of a single "evoked’ object showing the average epoch two seconds before and two seconds after stimu-
lation. 10 Epochs were averaged into one evoked object, and the grey outline shows the variance between the 10 epochs. The
representation of the head in the upper right corner shows the location of the recording electrode from which this registration
was taken.



Zooming in on the part of the signal around the stimulation moment, as can be seen in Figure 1.2, we
can see in further detail what a CCEP response should look like. Just after stimulation on t=0, a big
positive peak is present, which is the stimulus artefact that should be omitted from any analysis. The
first negative deflection after this positive stimulus artefact is the N1 response of the CCEP, which can
be used for further analysis.
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Figure 1.2: Zoomed-in view of the single "evoked’ object from figure X, showing 0.5 seconds before and 0.5 seconds after
stimulation. A distinct CCEP response can be seen, with a clear N1 peak. Note that the negative part of the signal is down,
in contrast to the example given in Figure 1

1.3 Peak Detection

A peak detection algorithm was developed to identify peaks in CCEPs following stimulation. Peak
detection is crucial for CCEP analysis to find local maxima or minima, particularly the N1 peak, a key
marker in CCEP literature. This first negative peak shows the cortex’s initial response to external stim-
uli, providing amplitude and latency data for comparison between cortical areas. The peak detection
algorithm was based on the algorithm used in the script that was developed for the article by Van
Blooijs et al. (2023)[19]. The authors developed a peak detection algorithm that could accurately find
the N1 peaks in the registered CCEP responses. This algorithm was originally made within MATLAB,
but was translated to Python for this study.

Within Python, the Scipy Peak Detection function was used to scan for negative peaks in the signal
between 0.009 and 0.1 seconds after stimulus. The first 9 milliseconds after stimulus were excluded
from analysis to minimize the effect of the stimulus artefact, as advised by Van Blooijs et al. (2023)[19].
The algorithm used the following parameters:

e a minimum height of the peak based on 3.4x the pre-stimulus standard deviation of the signal
from -2 to -0.1 seconds before stimulation

e a minimum standard deviation of 50 microvolts
e a minimum peak prominence of 20 microvolts

These values are used and tested by Van Blooijs et al. (2023)[19], and after testing within Python were
also implemented here. Peaks were only detected if the local minimum of the signal complied with
these parameters.

ECoG recordings varied between patients, which could disturb the peak detection algorithm. To make
sure CCEPs were correctly registered, the peaks found by the peak detection algorithm were visually
reviewed, and any incorrect detections were excluded. In total, 968428/2187338 (44.27%) of registered
CCEPs were excluded. From the resulting, correct CCEP N1 peaks, the amplitudes and the latencies
were extracted. Amplitude was defined as the height of the peak from baseline, and latency was
defined as the time between the start of stimulation and the peak of the response. The use of the
algorithm on the ECoG data per patient resulted in an amplitude and latency per CCEP peak and a
list of electrodes that showed a connection based on CCEPs with corresponding Destrieux labels and
Cartesian (i.e. xyz) coordinates. These values form the basis of upcoming CCEP analyses.
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CHAPTER

Connectivity & Graph Analysis

2.1 Introduction

Expanding research into connected brain regions and their corresponding functions has given rise to a
relatively new research field: Brain Connectomics [24]. This research into brain connectivity provides
deeper insights into how the brain operates, functions, and forms connections. All brain tasks are
based on networks and sequences of neuronal activity [25]. Brain connectomics offers a foundational
field in neuroscience research, allowing us to investigate the underlying structural, functional, and
effective networks to better understand the functionality of the brain and how specific actions come
to be.

Within brain connectomics, three types of connectivity are distinguished[26]. Structural connectivity
is based on anatomical contact between brain parts, focusing on the conduction pathways of synapses,
neurons, white matter tracts, and other anatomical connections. Functional connectivity measures the
temporal correlation of activity in various brain structures underlying neuronal activity, which relates
to important functions like speech, memory, praxis, and emotions. The third connectivity level is ef-
fective connectivity, which is more complex and harder to visualize. Effective connectivity focuses
on cause-and-effect relationships between brain regions, defining signal sources and receivers. Un-
derstanding these connections allows us to trace a specific signal from its source to its receiver and
identify any changes along the way, providing significant insights into brain operations.

Each connectivity level has its modalities for visualization. Structural connectivity is primarily as-
sessed using tractography and Diffusion Tensor Imaging (DTI), often used for presurgical planning
to visualize white matter tracts beneath the brain’s surface [27, 28]. This method extracts anatomical
connections between cortex areas, suggesting connectivity based on these anatomical links. Func-
tional connectivity is assessed with functional brain imaging technologies, including fMRI, EEG, and
ECoG. fMRI, for example, measures the Blood Oxygen Level Dependent (BOLD) signal to investigate
brain activity during specific tasks, revealing areas with increased blood flow and activity [29]. By
comparing active areas, functional connectivity patterns can be identified. However, measuring or
visualizing effective connectivity is more challenging [30]. CCEPs may provide a starting point for
analyzing effective connectivity.

Analyzing CCEPs is a novel method for measuring brain connectivity and sheds light on connectivity
within the brain [13]. By applying a current to the cortex (signal source) and measuring the response
(signal receiver), we can gain further understanding on connectivity. Better understanding brain con-
nectivity as a system could aid in treating diseases and disorders arising from network disturbances
within the brain, such as epilepsy, migraines, and neuropathic pain.

Such a complex system can be analyzed using Graph Analytics, an emerging form of data analysis
employing graph theory [31]. This method visualizes and analyzes data and connections within a
graph to uncover complex relationships. Graph theory works with nodes (vertices) and edges (links
between vertices), modeling pairwise interactions between objects. Therefore, it is a suitable anal-
ysis method for studying the network and connectivity within the brain’s cortex since its activity is
measured with electrodes, and links between electrodes.

In this chapter, we focus on brain connectivity. By viewing the brain as a system that can be analyzed
using Graph Analytics, we aim to shed more light on brain connectomics in this patient population. We
seek to demonstrate how CCEPs can visualize brain connectivity using graph theory as an alternative
to fMRI, DTI, and EEG measurements, and compare the produced connections to known examples.
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2.2 Methods

2.2.1 Data Preparation

From the peak detection algorithm described in Chapter 1, we obtained a list of CCEP responses for
each patient, including amplitudes and latencies of the detected peaks. These responses indicated a
connection between the positions of the stimulation electrode and the recording electrode, suggesting
that these brain regions are connected.

For each connection, the Cartesian coordinates and linked Destrieux labels of both the stimulating
and recording electrodes were extracted. Using the amplitude and latency data of the specific CCEP,
a graph was constructed to visualize the various connections within the brain. In this graph, the
electrodes (both stimulating and recording) were represented as nodes, and the connections between
them (i.e., the CCEP responses) were represented as edges. Stimulated electrode pairs were seen as
two individual electrodes being stimulated. So when one electrode pair generated a response in one
other electrode, two edges would be created: one from both electrodes of the stimulation pair to the
recording electrode.

The graph analysis was split into two parts: connections based on Destrieux labels and connections
between individual electrodes.

2.2.2 Destrieux Label Analysis

All electrodes across all 74 patients with the same Destrieux label were grouped to analyze connected
brain regions. This reduced the number of nodes to the number of used Destrieux labels. The strength
of the connection was quantified with formula 2.1

Nccep

weight = * 100% (2.1)

stim

Where Nccgp is the total number of registered CCEPs, and N, is the total number of stimulations
received by the Destrieux region. This percentage indicates the connection strength. Amplitude and
latency were not included in this analysis due to the combination of multiple electrodes, making it
difficult to analyze these parameters.

Nodes in the graph represented the average Cartesian coordinates of electrodes with the same De-
strieux label. The coordinates of all electrodes with the same Destrieux label were averaged to produce
a single 3D point per brain region. These points were considered nodes, and the connections between
them were edges. The graph was constructed using NetworkX Python modules and plotted on a sam-
ple brain from BrainNet using Plotly Python modules. Edge thickness depended on the calculated
weight, ranging from 0 (no connection) to 1 (strong connection).

2.2.3 Individual Electrode Analysis

The second analysis looked at connections found between individual electrodes of all 74 patients com-
bined, without averaging them within brain regions. First, to gain a better understanding of the data
being used, histograms of the distribution of edge length (the length of edges, the connection be-
tween two points) in millimeters, and the distribution of latency of the CCEP N1 peaks were plotted.
Additionally, a scatterplot was made which showed the correlation between edge length and latency,
exploring any underlying connection between the two parameters. Correlation was calculated with
formula 2.2:

Cij

Where R is the correlation of two variables, and C is the covariance matrix of those variables. This
formula was utilized by the numpy.corcoeff function in Python.

Ri; = (22)
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To produce the visualizations, individual electrodes were first plotted to ensure equal anatomical cov-
erage per brain region. Here, nodes were defined as individual electrodes, and edges were again
defined as CCEP connections. The distance between stimulation and recording electrodes was calcu-
lated using their respective Cartesian coordinates. To focus on distant connections, edges shorter than
80 millimeters were removed from the graph. With this minimal length the local responses between
neighboring electrodes were expected to be excluded. Connection strength was visualized using the
amplitude (thickness of the line) and latency (opacity of the line) of the recorded CCEPs.

2.2.4 Validation

The constructed graphs were compared with existing brain atlases and known anatomical connections
for validation. Specifically, the ability to visualize cortical tracts with CCEP measurements was val-
idated by comparing the results with existing visualizations of the same tracts. Using the article by
Blooijs et al. (2023) [19], individual electrodes positioned on cortical endpoints of tracts were identi-
fied, and white matter tracts were visualized using DTI and tractography. These visualizations were
compared to the graph analysis of individual electrodes (not Destrieux labels) to ensure consistency.
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2.3 Results

2.3.1 Data Preparation and Initial Findings

The peak detection algorithm provided a comprehensive list of CCEP responses for each patient, de-
tailing the amplitudes and latencies of detected peaks. These responses highlighted connections be-
tween the positions of the stimulating and recording electrodes, suggesting functional connectivity
between these brain regions. The extracted Cartesian coordinates and linked Destrieux labels of both
the stimulating and recording electrodes served as the foundation for constructing the brain connec-
tivity graphs. Showing both the visualization of general CCEP connectivity based on Destrieux labels,
and on individual electrodes, more insight into the brain its connectivity level was achieved.

Histograms of the distribution of edge length and latency is shown in figures 2.1 and 2.2. Here we can
see a normally distributed, although skewed, histogram of the lengths of the edges and the latency
of the found CCEP responses. Figure 2.1 shows the highest peak of edge length to be around 20
millimeters in length, corresponding to the inter-electrode distance in all patients indicating mostly
local responses between neighboring electrodes. The latency histogram in Figure 2.2 shows a similar
graph, with most latencies being around 0.03 seconds with a few outliers present above 0.06 seconds.

Histogram of Edge Lengths Histogram of Latencies
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Figure 2.1: Histogram of the distribution of edge Figure 2.2: Histogram of the distribution of latencies.
lengths. No negative edge lengths can be seen and a dis- No latencies below 0.009 seconds can be seen. A peak
tinct peak around 20mm in length is present. around 0.03 seconds is present.

Figure 2.3 shows the scatterplot showing the relation between latency and edge length. Although
the scatterplot shows a few outliers and a very broad distribution of both edge length and latency, a
correlation with an R of 0.37 can be found between latency and edge length, showing a higher latency
with increased edge length.
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Figure 2.3: Scatterplot of the latency per edge length. No negative edge lengths and latencies below 0.09 are present. A
correlation of 0.37 is calculated on the scattered points.

2.3.2 Destrieux Label Analysis

Grouping all electrodes with the same Destrieux label across all 74 patients allowed for the reduction
of nodes in the connectivity graph to the number of used Destrieux labels. Figure 2.4 shows a side
view of a 3D representation of the brain. In this example of Destrieux connectivity visualizations, the
left side of the brain shows the nodes and edges of the connected brain regions. The nodes in this
figure correspond to the average electrode position of all 74 patients per brain region, and the edges
or lines between the nodes show the connections between these regions. The opacity of the line shows
the weight of the connection, based on the percentage of CCEP responses per stimulated area.

Parietal-Frontal
connections
Temporal-Parietal
connections

Figure 2.4: 3D representation of the left side of the brain with plotted connections between nodes based on Destrieux labels.
Nodes in this figure correspond to the average electrode position of 74 patients per brain region. The opacity of the line shows
the weight of the connection. Colored parts of the connections show the parietal-frontal, and temporal-parietal connections.
Full 3D image is available on GitHub at: https: // github. com/ JeroenTeurlings/ TH3_ CCEP.
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In this example, a general view of global connectivity is visualized. Although most connections are
only local connections, meaning neighbouring brain regions that react to stimulation of the other, some
distant connections can be spotted. Although weaker than the local connections, distant connections
show connections between temporal and partietal regions, as well as between parietal and frontal
regions.

Full and interactable visualizations of the CCEP connections based on Destrieux labels are stored in
a public GitHub repository accessible via: https://github. com/JeroenTeurlings/TM3_CCEP In this
report, a single image with a single point of view is presented, aiming to capture the three-dimensional
organization of connectivity in the image. It is recommended to view the full models on the GitHub
page provided above, to gain full insight in the information stored within the data.

2.3.3 Individual Electrode Analysis

Analysis of the connections between individual electrodes provides more raw and unfiltered data
compared to the Destrieux based connections as described above. Plotting all individual electrodes
of the 74 included patients on a 3D representation of a brain shows a uniform distribution of the
electrodes across the lobes of the brain, as can be seen in Figure 2.5. Electrode positions seem to
follow the sulci of the brain, indicating that ECoG grids are placed on the surface of the brain, and are
never inserted in the brain or folded in gyri. Frontopolar and occipital areas show the least amount
of electrodes, corresponding with the less frequently operated on areas within the brain. The sylvian
fissure, an anatomical separation between temporal and frontal lobes, can be seen due to the lack of
electrodes in this area. With this distribution of electrodes, an accurate analysis can be performed.

. Sylvian Fissure

Figure 2.5: 3D representation of the brain with every individual electrode of the 74 patients visualized. A uniform distribu-
tion can be seen. The Sylvian fissure is highlighted and shows limited electrode placement.

Adding all the connections between these electrodes shows an abundance of edges between the nodes,
shown in Figure 2.6. This again shows the sylvian fissure acting as both an anatomical and signal
separation between the frontal and temporal lobes. Additionally, most of the connections seen in this
graph represent local responses, creating lines between neighboring nodes and flooding the image
with edges.
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Figure 2.6: 3D representation of the brain with all the nodes and edges visualized. Due to the amount of local, neighboring
connections, the image is flooded with edges. The beginning of the sylvian fissure can be seen, indicated by the lack of edges
in the lower left corner of the brain visualization.

After filtering out the edges that are shorter than 80 millimeters in length, the local responses are
removed from the visualization, and only the distant connections remain. Figure 2.7 shows the same
3D visualization as before, but only with the edges that are long enough to be included in the analysis.
This visualization shows significantly less edges than before. Two big bundles of connections can be
extracted from this view, namely the connections between the temporal lobe and the parietal lobe, as
well as the connections between the parietal lobe and the frontal lobe.

Farietal-Frontal
connections
Temporal-Parietal
conneclions

Figure 2.7: 3D visualization of the brain with all edges longer than 80 millimeters in length plotted. The bundles of temporal-
parietal connections and parietal-frontal connections are highlighted.
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After applying weight to the edges, a more concise image emerges. Applying opacity to the lines
based on latency (shortlatency/quick responses being fully opaque) and applying thickness of the line
based on amplitudes (high amplitude responses being the thickest) gives the visualization presented
in Figure 2.8. Here, the same two bundles of connections can be found as before, and connections
outside these two bundles vanish by becoming less thick (lower amplitude) and less opaque (higher
latency).

Parietal-Frontal
connections
Temporal-Parietal
connections

Figure 2.8: 3D visualization of the brain with all the edged longer than 80 millimeters in length, filtered on latency and
amplitude. Opacity of the line is based on latency, and thickness of the line is based on amplitude. The bundles of temporal-
parietal connections and parietal-frontal connections are highlighted.

Again, full and interactable visualizations of the CCEP connections based on individual electrodes
are stored in a public GitHub repository accessible via: https://github.com/JeroenTeurlings/TM3_
CCEP It is highly recommended to view the full models on the GitHub page provided above.

2.3.4 Tract Comparison

In Figure 2.9, the white matter tracts found through DTI analysis as provided by the article by Van
Blooijs et al. (2023) are shown [19]. These white matter tracts are based upon the same 74 patients that
are analyzed in this thesis and show four distinct white matter tracts: the AF, SLF frontal-parietal, SLF
frontal-central, and the TPAT. Comparing these tracts with the presented results of this study shows
similarities between the SLF frontal-parietal and the TPAT white matter tracts, and the two bundles
of electrode connections shown before.

AF SLF frontal-parietal SLF frontal-central TPAT

Figure 2.9: 3D visualizations of the brain showing different white matter tracts and electrode positions at endpoints from
all 74 subjects used in this study. Adapted from Van Blooijs et al. (2023) [19]
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2.4 Discussion

2.4.1 Overview

This study successfully demonstrates the utility of CCEP in mapping brain connectivity, revealing pat-
terns that align with known anatomical tracts. By utilizing both Destrieux label-based grouping and
individual electrode analysis, this research shows patterns of local and distant neural interactions. Fil-
tering on edge length and adding weights based on latency and amplitude improves found results and
extracts potentially meaningful connections between brain areas. Furthermore, the comparison with
white matter tracts derived from DTI offers a comprehensive view of the structural and functional
connectivity, reinforcing the validity of the observed CCEP connections. This underlines the possibil-
ity of using CCEPs for connectivity based analysis as an alternative for standard DTI measurements,
showing that we can find the same connections based on CCEP measurements. These results shed
light on brain connectomics in this patient population.

2.4.2 Edge Length and Latency

The distribution of edge lengths and latencies of the CCEP responses shown in the histograms indi-
cates predominantly local interactions. The peak edge length around 20 millimeters (similar to the
interelectrode distance) suggests that most detected CCEP responses occur between adjacent elec-
trodes, highlighting the sensitivity of the method to local brain dynamics. The observed correlation
between edge length and latency, although slight, suggests that longer connections tend to have higher
latencies. This relationship is consistent with the idea that longer neural pathways require more time
for signal transmission.

2.4.3 Connection Analysis

Grouping electrodes by Destrieux labels allowed for a general and macro-level view of brain connec-
tivity. The connectivity patterns revealed through this method indicate strong local interactions, with
several distant connections between temporal, parietal, and frontal regions. The connection strength
between the different brain regions revealed the following insights:

e Connection Strength Distribution: The calculated weights, indicating the percentage of stim-
ulations that evoked responses, varied across different Destrieux regions. Higher weights were
observed in regions traditionally associated with strong connectivity, such as temporal and pari-
etal regions or parietal and frontal regions, whereas regions like temporal and frontal regions
exhibited weaker connections.

e Anatomical Separation: The sylvian fissure, providing an anatomical separation between the
temporal and frontal lobes, acts in this visualization also as a separation in signal connections.
This can be concluded from the mirrored C-like shape of the connections, flowing from the
temporal lobe over to the occipital and parietal lobes, before ending in the frontal lobe. Little
to no connections are visible between the temporal and frontal lobes.

The analysis of individual electrode connections provided a more detailed view of the neural network,
revealing a dense array of local connections. The reduction of this complexity by filtering out short
edges emphasized the significance of distant connections, particularly between the temporal-parietal
and parietal-frontal regions. Applying amplitude and latency characteristics to the remaining edges
further improved and distilled the visualization of these two connection bundles. Although there are
still plenty of other connections present in the visualization, the temporal-parietal and parietal frontal
bundles stand out.

2.4.4 Tract Comparison

When comparing the white matter tracts from the study by Van Blooijs et al. (2023) [19] with the
CCEP connections found in this study, some similarities arise. Mainly the SLF frontal-parietal and
the TPAT white matter tracts show similarities with the two bundles of electrode connections shown
before. This similarity hints at these two bundels of electrode CCEP connections being the same as
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the TPAT and SLF frontal-parietal white matter tracts. Since the same cohort of patients is analyzed in
both studies, it was expected to find similar results. However, it is of added value to see that the same
white matter tracts can be found with CCEP analysis, instead of DTI imaging.

The comparison with DTI-derived white matter tracts offers validation for the functional connections
observed through CCEP. The similarities between the SLF frontal-parietal and TPAT tracts and the
identified CCEP bundles support the idea that these functional pathways are maintained by structural
connections. This similarity between structural and functional data shows the reliability of CCEP as a
tool for mapping brain connectivity. The consistency between CCEP-derived connectivity patterns and
DTlI-based tracts validates the use of CCEP for studying brain connectivity. This validation supports
the continued use of CCEP in both clinical and research settings for mapping functional networks.

The dominance of local connections and the presence of significant long-range interactions provide
insights into how the brain integrates and processes information. These connectivity patterns are es-
sential for understanding normal brain function and the disruptions caused by neurological disorders.
The detailed mapping of functional connections can inform surgical planning, especially in epilepsy
surgery, where preserving critical functional pathways is crucial. The ability to visualize and quantify
these connections can enhance the precision of surgical interventions. However, clinical translation to
personal visualizations finetuned to specific patients is still needed.

2.4.5 Strengths and Limitations

The power of this analysis lies in its demonstration of an alternative method for visualizing brain con-
nectivity. By using CCEPs, this study provides an alternative approach to DTI-based visualizations.
CCEPs offer insights into functional connectivity that are more intuitive than analyzing individual
electrode traces alone. While individual electrode traces contain valuable information, they are chal-
lenging to interpret. The method presented in this chapter simplifies this by providing a intuitive
visualization of connections for an entire patient population. This overview can serve as a foundation
for further research.

The connections identified through this analysis are documented in the "total_data.tsv’ file available
on the project’s GitHub page. This file allows replication of results and the development of new meth-
ods. Each row in the file represents a connection between two electrodes, including their Cartesian
coordinates, Destrieux labels, and details such as amplitude and latency of the detected CCEP. Addi-
tionally, a label indicates whether the CCEP N1 peak is correctly identified (0) or incorrectly identified
(1). This dataset is useful for training machine learning algorithms to improve CCEP recognition. The
intuitive nature and availability of the data are significant strengths of this study and promotes the
use of the data for further research.

Despite the valuable insights provided, this study has some limitations. Firstly, the findings are based
on a specific patient cohort, and their generalizability to broader populations is uncertain. Future
research should include more diverse patient groups to enhance the applicability of the results. Addi-
tionally, the current analysis offers a static view of brain connectivity, representing a specific moment
in time, which may not be generalizable. It is crucial to consider patient dynamics when interpreting
these results.

The comparison with known tracts from the article by Van Blooijs et al. (2023) indicated that while it
was possible to extract both the TPAT and the SLF frontal-parietal tracts, other tracts were not identi-
fied using the proposed method. The exclusion of connections shorter than 80 millimeters may have
contributed to this limitation. Adjusting the filtering criteria or employing more sophisticated anal-
yses could potentially reveal these connections. However, the optimal lower bound for edge length
remains unclear, as no formal validation of this parameter has been done beyond visual inspection.
Investigating optimal cut-off values or alternative filtering methods can be useful.

Additionally, the visualized data remains noisy, with some connections not aligning with current
knowledge of brain connectivity. This could indicate either the discovery of new, undocumented con-
nections or the presence of non-significant CCEP responses. The peak detection algorithm, while
designed to accurately detect CCEPs, is not fully accurate and introduces noise, complicating accu-
rate analysis. The large amount of excluded CCEPs show the difficulty in finding accurate responses.
Improvement of the peak detection algorithm is important, as this is a critical part of any CCEP study.
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2.4.6 Future Recommendations

Given the accessibility of the data used in this study, future research can build upon the work pre-
sented in this chapter. A promising direction would be to delve deeper into Graph Analytics to explore
features such as node centrality or clustering within the data. These advanced analytical methods can
provide more detailed insights into the types of connections present in the brain and the network
as a whole. While the results presented in this study are informative, they remain basic. Advanced
filtering techniques, such as using Fréchet distances, could help visualize more complex connection
bundles within the graph, potentially identifying the remaining white matter tracts as defined by Van
Blooijs et al. (2023) [19] and uncovering currently unknown connections.

Another area for future exploration is dynamic functional connectivity, capturing how neural inter-
actions evolve over time and in response to different cognitive tasks or stimuli. The current analysis
offers a snapshot of brain connectivity based on CCEPs but is limited to a single moment in time.
Patients in this study were measured while awake but not performing any notable tasks, providing
a representation of resting state connectivity. Future research should compare CCEP measurements
during resting states with those obtained during various cognitive tasks. This could offer a deeper
understanding of brain dynamics and functional or effective connectivity.

Clinical translation of these findings is crucial. Understanding how brain connectivity knowledge can
be used to diagnose or treat network diseases such as epilepsy remains largely unknown. Analyzing
brain connectivity through CCEPs provides a novel approach that could improve our understanding
of these disorders. Chapter 3 offers an initial step towards clinical translation by focusing on individ-
ual network analysis. Expanding the analysis to include general population brain connectivity can
enhance our comprehension of brain disorders as a whole.
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CHAPTER

Individual Connectivity Visualizations

3.1 Introduction

During brain surgery, the EOR of the tumor is associated with outcome after the procedure, as de-
scribed in the chapter "Background" [6, 7, 8]. Therefore, it is crucial to accurately differentiate between
tumorous and healthy tissue and between functional brain tissue and regions with less critical func-
tionalities. This allows neurosurgeons to determine which parts of the brain can be safely removed
and which parts must remain intact to preserve the patient’s critical functions post-operatively.

Pre-operatively, fMRI and DTI are most commonly used to visualize anatomical structures and func-
tional regions within the cortex [32]. These imaging modalities excel in visualizing important cortical
areas and greatly assist neurosurgeons. However, a significant disadvantage is their unavailability in
the OR once the procedure begins. Another disadvantage is that these techniques capture an image
before the surgery starts, and cannot be updated during surgery. Once the skull is opened, the brain
shifts, making it more difficult to fully depend on the pre-operatively made scans for navigation [33].

During surgery, Direct Electrical Stimulation (DES) is the gold standard for brain mapping, as an al-
ternative for the pre-operatively used scans [34, 35]. This technique involves applying an electrical
stimulus to the cortex and monitoring any functional loss in the patient, thus localizing eloquent tis-
sue and enabling safe resection. During the testing, the patient is awake to document any changes in
the body, which aids with mapping of the cortex. Additionally, every part of the cortex within the re-
section zone needs to be tested multiple times. Due to this, DES is time-consuming and uncomfortable
for the patient.

Instead, ECoG combined with CCEP measurements could provide an alternative for intra-operative
brain mapping. This technique allows for measuring underlying connected cortical areas without re-
quiring the patient to be awake during surgery. This approach facilitates more accurate brain mapping
without relying on DTT or other pre-operative imaging techniques [13]. CCEPs enable the precise mea-
surement of connections between brain regions and the visualization of specific tracts within the brain.
As demonstrated in Chapter 2, ECoG and CCEPs can record and can be used to visualize connectivity
between brain regions. This capability could potentially translate into clinically useful measurements
during surgery to visualize connections in individual patients.

ECoG can be used for both mapping and monitoring purposes [11, 36, 37, 38, 39]. ECoG can map
specific brain areas similarly to DES if the patient is awake. When the patient is asleep, CCEPs can help
locate regions tightly connected to other important areas, indicating critical regions within the cortex
that should be avoided during surgery. By providing the same signal regularly during the OR session,
any changes in signal propagation can be detected, and the neurosurgeon can be alerted. Additionally,
with an ECoG grid in place, the patient can be continuously monitored for after discharges or epileptic
seizures during surgery.

At Erasmus MC hospital, ECoG measurements are not yet routinely performed, and CCEPs have not
been recorded. There is currently limited experience with CCEP and ECoG data analysis. Clinical
translation of brain connectivity to individual application in the OR is needed. This chapter aims to
present a new method of visualizing functional connectivity within the brain in a clear and intuitive
way.
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3.2 Methods

3.2.1 Electrode localization

During surgery, each patient has a unique placement of electrodes, as there is no standard placing
montage within ECoG measurements. Therefore, it was crucial to localize the electrodes used for
each patient. This was achieved by extracting the Cartesian coordinates of the electrode positions
from the provided data files. A custom montage was created in MNE by defining the electrode po-
sitions in MNI152 space, which was consistent with the recorded electrode positions in the article
by Van Blooijs et al. (2023) [19]. Once calibrated to a standard FreeSurfer fsaverage brain (a brain
reconstruction made by averaging 40 unique healthy brain MRI scans [40]), a 3D visualization was
generated, displaying the electrode positions for each patient.

3.2.2 Visualization of CCEP Amplitudes and Latencies

The amplitudes and latencies from the registered CCEPs, along with the raw timeseries data, were
used to produce visualizations. Each electrode has its own signal trace from which a CCEP could po-
tentially be registered. At the peak of the recorded CCEP, amplitude and latency were extracted. The
values of these amplitudes and latencies could then be projected per electrode on there corresponding
position on the brain.

For each stimulating electrode pair, the amplitudes of the registered CCEPs were normalized and
assigned a varying intensity of red based on the amplitude. These colors were then projected on the
corresponding electrodes. Higher amplitudes resulted in a more intense red color. Electrodes that did
not register a CCEP were left white, while the stimulating electrodes were colored yellow for reference.

Similarly, the latencies of the registered CCEPs were normalized and assigned a varying intensity
of blue based on latency. These colors were then also projected on the corresponding electrodes on a
separate brain reconstruction. Lower latencies (quicker signal transmission) resulted in a more intense
blue color. Electrodes that did not register a CCEP were left white, and the stimulating electrodes were
colored yellow for reference.

3.2.3 Combined Amplitude and Latency Animation

Visualizations of both amplitude and latency were combined into an animation to assess the evolution
in time of both parameters. Individual timeseries from the electrode traces were extracted to follow the
potential of each electrode over time. Electrodes were colored blue (for negative potential) based on
their amplitude to focus on the registered N1 peaks within the signal, creating a visual representation
of the negative potential distribution across the electrodes at specific time points.

The analysis covered time points from -100ms to 200ms around the stimulus point, generating indi-
vidual frames that were combined into an animation of amplitude distribution over time. To prevent
extreme outliers from skewing the amplitude distribution, amplitudes were Winsorized, bringing the
top 1% of amplitudes down to the rest of the dataset. Additionally, an option was added to binarize
the colors: once a significant CCEP peak was detected, the electrode would turn bright blue or no
color at all, focusing on the presence of a significant peak rather than the amplitude’s height. In total,
an animation was created with the brain representation on top, showing all the electrodes and their
corresponding amplitude of the signal, and with a timeline of the raw electrode traces on the bottom,
giving a total overview of the evolution of the recorded signals over time.

In this thesis, an example of one specific patient (patient 10) and one specific stimulation electrode
pair (T33-T44) will be shown. Showing every patient and every electrode pair was deemed not feasible
for this report, but results from these patients and stimulation electrode pairs can be reconstructed
by using the open-source dataset provided by Van Blooijs et al. (2023) [19] and the Python script
provided on the aforementioned GitHub page.
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3.3 Results

3.3.1 Electrode Localization

Each patient’s electrode placement is successfully localized and visualized on the 3D fsaverage brain.
The custom montage created in MNI152 space allows accurate projection of electrode positions. The
3D visualizations reveal the unique electrode configurations for each patient, ensuring a reliable foun-
dation for following analysis. An example of the visualization of electrode positions can be found in
Figure 3.1. In this specific example of patient 10, you can see the electrodes are spaced throughout
the temporal, frontal, parietal and occipital lobes of the brain. This allows for accurate representation
of the situation within the OR, and gives an idea on which possible connections we can find in the
covered areas.

Figure 3.1: 3D representation of electrode distribution of patient 10. Light gray spheres represent electrodes as registered by
an MRI scan. Electrode positions are morphed to the MINI152 space to fit this example brain.

3.3.2 Visualization of CCEP Amplitudes

The visualization of the brain with its electrodes functions as the foundation for further visualizations.
For each patient, the normalized amplitudes of the registered CCEPs are visualized on the 3D brain
model. An example of the same patient as before can be seen in Figure 3.2. The intensity of the
red color on the electrodes varied according to the amplitude of the registered CCEP response. The
higher the amplitude, the more intense the red. Electrodes that did not register a CCEP are marked in
white. The stimulating electrode pairs are yellow, serving as a reliable reference point and indicating
the region that is being stimulated. This may hint to what possible connections could be present in
these regions. In this specific example, local responses are present, indicated by the few red electrodes
around the stimulation electrode, as well as a few distant connections. The red electrodes in the frontal
and temporal lobes of the brain hint towards a connection between the stimulation area, and the two
distinct reaction zones.
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Figure 3.2: 3D representation of the brain with its electrodes of patient 10, stimulated on electrode T43-T44. Yellow electrodes
indicate the stimulation electrodes. The amplitude of the response per electrode is shown in a hue of red. Apart from local
responses around the stimulation electrodes, a distant response can be seen in the frontal and temporal regions.

3.3.3 Visualization of CCEP Latencies

The normalized latencies of the registered CCEPs are visualized with varying intensities of blue. An
example of the same patient as before can be seen in Figure 3.3. Electrodes with shorter latencies
(indicating quicker signal transmission) displayed a more intense blue color. As with the amplitude
visualization, electrodes that did not register a CCEP were left white, and the stimulating electrodes
were colored yellow for reference. In this specific example of patient 10, faster responses were seen
around the stimulation area and in the same distant areas where amplitude increases were found. This
shows fast and strong reactions in the frontal and temporal regions when stimulating in the parietal
region of this specific patient.

3.34 Combined Amplitude and Latency Animation

The combined animation, depicting both amplitude and latency over time, provide dynamic insights
into brain activity during CCEP stimulation. The animation can be seen in snapshots of the whole
animation on key timepoints in Figure 3.4. Here, only the negative potentials are depicted to focus
on the N1 CCEP response. These potentials are portrayed in blue, and are binarized. Electrodes only
turn completely blue when a CCEP is registered. Shown below the 3D visualizations of the brain
are the raw signal traces of all the electrodes. Before stimulation, no response is registered. During
stimulation, a large part of the brain is excited, corresponding with the large stimulus artefact shown
below the image. Part of the electrodes become negative, and part become positive, corresponding
with the polarity of the stimulation on the different electrodes. Some time after the stimulation, the
local and distant regions of the brain light up, showing their registered CCEP response.
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Figure 3.3: 3D representation of the brain with its electrodes of patient 10, stimulated on electrode T43-T44. Yellow electrodes
indicate the stimulation electrodes. The latency of the response per electrode is shown in a hue of blue. Apart from fast local
responses with a low latency, fast distant responses can be seen in the frontal and temporal regions.

Figure 3.4: Three different timepoints in the animation of the progression of the CCEPs of patient 10, stimulated on electrodes
T43-T44. Blue electrodes show binarized negative CCEP responses. The stimulation electrodes are shown in yellow. Below
each brain plot a timeline is plotted with all the raw electrode potentials shown. A vertical line shows the moment in time of
the snapshot. From left to right: 1) 100 milliseconds before stimulation, no CCEP N1 peaks are detected, 2) the moment of
stimulation (t=0), the stimulation creates a strong dipole stimulation artefact, showing blue electrodes left of the stimulation
electrodes, 3) roughly 0.045 seconds after stimulation, showing local responses around the stimulation electrodes, and distant
responses in frontal and temporal areas.

Full animations of the CCEP signals (binarized amplitude animation and non-binarized animation)
are stored in a public GitHub repository accessible via: https://github.com/JeroenTeurlings/TM3_
CCEP. In this report, snapshots of the visualizations are presented, trying it’s best to capture the dy-
namic present in the time bound animations produced by the analysis. It is recommend to watch
the full animations on the GitHub page provided above, to gain full insight in the information stored
within the data.
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3.4 Discussion

3.4.1 Overview

This study aimed to show the patterns of brain connectivity through detailed visualizations of CCEPs
inindividual patients. By accurately localizing electrodes and visualizing CCEP amplitudes and laten-
cies on 3D brain models, a comprehensive overview of the brain’s functional responses to stimulation
is provided. The combined animation of amplitude and latency further increased our understanding
of the temporal dynamics of these responses. These findings underline the complexity and variability
of brain connectivity and could have several implications for both clinical practice and future research.

Overall, the visualizations and animations revealed distinct patterns in CCEP responses across differ-
ent patients, of which one example is shown. The localization and intensity of these responses varied
between patients, underlining the individualized nature of brain activity. These findings contribute
to a deeper understanding of neural connectivity and the efficacy of CCEP as a tool for mapping brain
function.

3.4.2 Visualization of Amplitudes and Latencies

In the provided example, the red coloring around the stimulating electrodes indicated strong local
responses, while the showing of red in distant electrodes suggested the presence of long-range con-
nections. These findings show the possibility that within this patient, a functional tract is present
between the parietal region around the stimulation electrodes, and the distant frontal and temporal
areas. This is in line with the bundles of edges found in Chapter 2, and shows an example of registered
white matter tract connection in this patient.

The latency visualizations, marked by varying intensities of blue, provided insights into the speed
of signal transmission across different brain regions. The example showed faster responses (more
intense blue) around the stimulation area and the distant connected regions, indicating rapid signal
propagation. This pattern suggests efficient connectivity and shows that the connected regions not
only propagate signals between each other, but also shows that this propagation is fast. The clear dif-
ferentiation between areas of quick and delayed responses aids in understanding the temporal aspects
of neural communication and may inform the identification of critical pathways for clinical interven-
tions.

The combined animation of amplitude and latency over time offered a dynamic perspective on brain
activity. Key observations included the temporal progression of CCEP responses, highlighting how
brain activity evolves in response to stimulation. This dynamic visualization allowed for a clear dis-
tinction between active and inactive regions, enhancing the interpretability of the complex and abstract
data for any neurosurgeon. The ability to visualize these changes over time is particularly valuable
for understanding how different regions of the brain interact and respond to stimuli and how distant
CCEP responses evolve over time, which is critical for both research and clinical applications.

3.4.3 Strengths and Limitations

One of the major strengths of this study is its ability to visualize connected brain regions in individual
patients. By accurately localizing electrodes and visualizing CCEP amplitudes and latencies on 3D
brain models, this study enables a comprehensive understanding of both the spatial and temporal
dynamics of brain connectivity. These detailed visualizations provide clinicians and researchers with
precise insights into brain function, which is crucial for informed decision-making in both clinical and
research settings. Extending from the knowledge gained in the previous chapter, this reported method
applies this to individual patients

The study focuses on producing intuitive and straightforward visualizations that can be utilized in the
OR for clear visualization of connected areas within the brain. ECoG data, which contains a wealth
of information, is often not easily interpretable when looking at raw signal traces. By translating this
extensive data into clear visualizations, neurosurgeons and other clinicians can more effectively use
the data from ECoG registrations to improve patient care and outcomes. During surgery, such visual-
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izations can be useful in identifying connected areas within the brain, potentially aiding in improving
treatment outcomes, although further research on this specific application is needed.

While this study provides valuable insights, some limitations should be addressed. Preprocessing and
the labeling of electrodes as ‘good” or ‘bad” were performed by the original dataset authors, and the
parameters for the peak detection algorithm were adopted from previous research without thorough
verification. Although the algorithm produced mostly correct significant peaks, visual checks were
still necessary to confirm CCEP responses. This reliance on manual verification indicates that the
algorithm’s specificity and sensitivity need improvement. Future work should prioritize refining the
peak detection algorithm to reduce the need for visual checks and enhance its reliability.

A significant limitation is the generalization of anatomical data due to the morphing of electrode po-
sitions to the fsaverage brain space. Due to privacy concerns, individual MRI scans were not available,
resulting in electrode positions that are approximate and may not accurately reflect precise anatomical
locations. This generalization reduces the accuracy of visualizations and can impact the interpretabil-
ity of observed connectivity patterns.

Most visualizations in the study focused on the amplitude of the CCEP response, an intuitive but
potentially unstable parameter. The amplitude can be influenced by various factors, including elec-
trode impedance, interference from non-neuronal sources, and the neutrality of the reference elec-
trode. These factors introduce variability that may not accurately reflect the true strength of the neural
response. Consequently, analyses based on amplitude should be interpreted with caution, and future
research should consider more robust measures of neural activity.

3.4.4 Future Directions

A future goal of this project is the implementation of live CCEP analysis in the OR. This technique
would allow for real-time monitoring and mapping of brain functionalities using ECoG and CCEP
measurements, which is not yet routinely performed. Real-time visualizations could provide neuro-
surgeons with immediate feedback during surgeries, enhancing their ability to preserve critical brain
functions. This project is a first step in realizing the use of ECoG and CCEP use in the OR, but further
development and optimization of the proposed methods are needed. With this current system, the
analysis of CCEPs can only be performed offline, and takes some time to complete. Before implement-
ing this technique in the OR, speed and reliability needs to be improved.

However, the detailed mapping of CCEP responses can already significantly aid in pre-surgical plan-
ning, where online analysis is not needed. This can be useful for patients undergoing epilepsy surgery
or other neurosurgical procedures like tumor resection. Understanding individual connectivity pat-
terns can help preserve critical functional areas and improve surgical outcomes. Implementing a CCEP
analysis in the pre-operative workflow is far from being realized in the Erasmus MC hospital, but fur-
ther developmental steps can be made with the proposed methods.

28



Conclusions

This study aimed to map and analyze brain connectivity through detailed visualization of CCEPs in
a cohort of patients. The research utilized techniques to visualize 3D brain reconstructions, visual-
ize CCEP amplitudes and latencies, and compare functional connectivity with structural pathways
derived from DTI. This study successfully demonstrated the utility of CCEP in mapping functional
brain connectivity and highlighted the importance of integrating structural and functional data. The
detailed visualizations of CCEP amplitudes and latencies, combined with comparisons to DTI-derived
tracts, provided a robust framework for understanding brain connectivity. These findings have signif-
icant implications for clinical practice and neuroscience research, paving the way for more detailed,
dynamic, and personalized analyses of brain connectivity. The methodologies and insights gained
from this study represent valuable contributions to the field of neuroimaging and will inform future
research and clinical applications. By providing insights on both general population-based brain con-
nectivity, as well as visualizing individual connected brain regions, the study strenghtens the knowl-
edge and the know-how of ECoG and CCEP analysis. Intuitively visualizing distant connections paves
the way to further development of a implementing CCEP visualizations in the OR.

Key points of this study include:

e [tis possible to reconstruct the connections between brain areas based on CCEPs instead of stan-
dard DTI imaging.

o There is a strong correspondence between functional CCEP pathways and known anatomical
structures as demonstrated with DTI-derived white matter tracts, particularly in the temporal-
parietal and parietal-frontal connections.

e Distant connected brain regions in individual patients can be registered and shown in easily
interpretable visualizations.

e Combined animations of amplitude and latency can be used as a starting point for further per-
sonalized visualization of functional connectivity, especially for temporal progression and spa-
tial distribution of CCEP responses.

In this master’s thesis a method was developed for visualizing CCEP measurements in multiple ways.
The results from this study can be used for further research in brain connectomics, as well as clinical
application for the treatment of network-based brain disorders.
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Supplementary Material A

Table 1: Overview of the included patients from the study by Van Blooijs et al. [19]. Sex, age, covered hemisphere and
covered brain areas are documented.

Sub-ccepAgeUMCU | sex | age | hemisphere | Frontal Parietal Occipital Temporal
1 m 15 left X X X X
2 f 35 left X X
3 m | 25 left X X
4 m | 4 right X X X X
5 f 17 right X X X
6 m 26 right X X
7 f 10 left X X
8 f 9 right X
9 m | 21 left X X X X
10 m | 15 left X X X
11 m 5 left X
12 m 14 right X X
13 m | 45 left X X
14 f 10 left X
15 m | 15 right X X
16 f 42 left X X X
17 m 4 both X
18 f 15 left X X
19 f 25 left X X
20 m | 11 left X
21 f 12 right X
22 f 9 left X X
23 f 14 right X
24 m | 17 right X X
25 m | 16 right X X X
26 m 7 right X
27 m | 49 left X X
28 m 11 right X X
29 m 13 left X
30 f 14 left X
31 f 41 left X X
32 f 8 left X X
33 m 18 left X X
34 f 7 left X
35 f 22 right X
36 m 8 left X X
37 m | 28 left X X
38 m 21 left X X
39 m 14 left X
40 f 42 left X X
41 m | 34 left X
42 m | 17 right X X
43 f 18 left X X X
44 f 34 right X
45 m 22 left X X X
46 f 36 left X X
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Continuation of Table 1

Sub-ccepAgeUMCU | sex | age | hemisphere | Frontal Parietal Occipital Temporal
47 f 30 left X X
48 f 18 right X X
49 m 14 left X
50 m 7 left X
51 m 17 left X
52 m | 44 left X
53 f | 26 right X X
54 f 9 left X X
55 m 14 right X
56 f 30 right X
57 f 30 left X X
58 f 15 left X X X
59 f | 50 right X
60 m 15 right X X
61 f 5 left X X X
62 m 8 left X X
63 f 33 left X X
64 m | 36 left X X
65 f 17 left X X
66 m 35 left X X X
67 f 6 right X X X
68 f 6 left X
69 f 51 left X X
70 f | 38 right X X
71 f 21 right X X
72 f 27 left X
73 m | 23 right X X
74 f 50 left X X X
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