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ABSTRACT

Laparoscopic surgery has become the first option to perform procedures that involve
abdominal cavity. This minimally invasive technique requires the surgeon to acquire special
skills and abilities to work without tactile and depth perception. Therefore, surgeons training
has been taken out of the operating room to laboratories with the use of instruments such
as training boxes, videos and simulators. Of the above, virtual reality simulators have become
an important part of training and have shown to improve the performance of residents in
operating room. The assessment of resident training involves several aspects including skill
acquisition, interaction with instrumental and cognitive assessment. Of all aspects to be
evaluated, one of those that have not been approached in an effective way, because it does
not include quantitative strategies, is the cognitive evaluation throughout learning process.
Analysis of neurophysiological signals such as electroencephalography (EEG) and
electrocardiography (ECG) allows to evaluate the cognitive state under which the subject is
performing an activity. Its effectiveness has been demonstrated in a wide range of
applications ranging from the evaluation of performance during a task execution, to training
in flight simulators and air traffic controllers. This doctoral thesis it is proposed to obtain
quantitative information about changes in the EEG and ECG signals associated with learning
progress throughout the training period in general surgery residents.
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1. INTRODUCTION

1.1 Problem statement

In 2016, an estimated of 251,000 annual deaths in the United States were associated with
medical errors, making medical errors the third leading cause of death [1]. In Colombia, four
out of ten patients are harmed in primary health care and outpatient services. Unsafe
surgical procedures cause complications in up to 25% of patients, leading to 1 million deaths
annually during or immediately after surgery [2]. This has led to a greater emphasis on
patient safety and reduction of medical errors, conducting to greater awareness about
training and surgeons’ education.

Laparoscopic surgery has become the standard for patients who need abdominal surgery.
This technique allows the abdomen through small incisions, where surgical instruments are
introduced, and it is used an optical device connected to a video camera and a monitor to
visualize the abdominal cavity [3]. Laparoscopy is part of the minimally invasive techniques,
which imply a lower incidence of complications such as: risk of infection, pain and difficulties
in patient recovery [4].

The advent of laparoscopic surgery has created challenges that did not exist in traditional
open surgery. Depth perception is significantly affected by the transformation of a three-
dimensional surgical space into a two-dimensional video image. Surgeons must learn to
adapt to this new visual interface to determine spatial relationships between structures. The
fulcrum effect, caused by fixed trocar sites for instrument access, represents another
psychomotor challenge for trainees, as it requires the surgeon's hand to move in an opposite
direction to that of the instrument. In addition, the use of long instruments that separate the
surgeon's hand from the anatomical structures, reduce the tactile feedback [5]. The
implication of these changes requires that apprentices receive an adequate training in which
they acquire basic skills before reaching the operating room, to preserve patient safety and
reduce medical errors [6], [7].

Training of basic skills such as psychomotor performance, depth perception, and spatial
judgment has been shown to be independent of the operating room and can be performed
inside laboratories with the aid of models and simulators [8]. Simulation in surgical education
has evolved dramatically over the past two decades and has gained wide acceptance as a
valuable educational tool. This method provides the opportunity for novices to learn in a
controlled environment free from any adverse consequences to real patients [9].

Among the models and simulators used for laparoscopic surgery training are animal and
cadaver models, training boxes, and virtual reality simulators [5]. Of the above, virtual reality
simulators have become an increasingly important part of training programs, since they are
a safe, ethical and a repeatable alternative. Among its main advantages are avoiding injury
to the patient, reducing the costs associated with the use of corpses and animals, and
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offering the possibility of repeating surgical procedures as many times as necessary to learn
them correctly, while they offer the revision of the procedures performed [10]. Its use
produces objective measures of performance, allows feedback to students, and does not
necessarily require regular supervision by the coach [11]. Several studies have shown the
effectiveness of these type of devices, mainly to improve student skills with specific exercises
[12], and to show how the skills acquired are transferred to the operating room environment
[13]. Surgical skills training prior to the surgery has demonstrated more efficient learning in
the operating room, allowing the trainee to focus attention on technical details of the
procedure, without the need to learn all of these for the first time on a patient [7].

There is great interest in measuring surgical skills and performance during surgeon's training
process. The acquisition of surgical competence is a complex and multifactorial process that
can take years of experience and training [3]. Having an objective evaluation tool that
qualifies the performance and progress of students allows to improve learning experience
and failures of the training program [14], [15].

Traditional methods of resident evaluation depend on student supervision during repeated
practice. Here, one or more experts rate the surgical procedure by direct observation or
video. However, this type of evaluation is expensive, since it requires the expert to be at the
training site and, although there is the possibility of evaluating a video later, it is important
that the student have real-time feedback [16]. Faced with this, more objective evaluations
have been developed in which times and errors in task performance are quantified [13]. This
method is easy to implement on simulation devices and is useful for evaluating the overall
performance. Its main drawback is that it is not very specific to evaluate complex tasks.

There are also scales that evaluate the resident skills in a surgery based on parameters such
as depth perception, bimanual dexterity, efficiency, tissue management and autonomy.
Scales like OSATS (Objective Structured Assessment of Technical Skills) and GOALS (Global
Operative Assessment of Laparoscopic Skills) provide a global performance rating that may
be able to differentiate training levels [17], [18]. Although these scales provide a more
objective evaluation, they are also carried out by experts.

Another way of evaluation is the use of optical, electromagnetic or mechanical tracking and
monitoring systems for the instruments, which allow to measure speed and execution of
useless movements when performing an exercise [16]. The above in order to evaluate
movement economy, indicating the skill degree, operational focus and general experience
(8].

There are several behavioral aspects that are crucial for safe performance of minimally
invasive surgery, and one of these is cognition. Although the use of performance measures
(speed, economy of movement, errors) and ergonomic evaluations are relatively well
established, the evaluation of participants cognitive commitment during training is not so
frequent and has been mainly based on questionnaires [19]. The main drawback of these
questionnaires is that they cannot be applied during the execution of the task, but are
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evaluated at the end of it, which compromises the accuracy and reliability of the
measurement itself. Furthermore, these methods suffer from subjective biases, from the
evaluator's dependent judgment.

Cognition has been assessed by measuring knowledge or decision making. However, these
aspects are the product of a process of perception, attention, information processing,
storage and retrieval of this information at the appropriate time to make a decision [9].
During training, the allocation of cognitive resources changes. In the early stages of learning,
considerable cognitive activity is required, since the subject is trying to find out how to carry
out the task. Once the basic skills are acquired, the associative stage begins, and the subject
can direct her attention towards the performance rather than the strategy [20]. Throughout
learning, neural processes for the execution of activities have been shown to move from
cortical areas to basal ganglia structures, subcortical area for automated process [21].

An interesting question is to know if it is possible to follow such changes in brain activity
during training, using neuroimaging techniques. This would provide additional and objective
evidence related to the skills acquisition. Neuroimaging methodologies could track the
reassignment of cognitive resources during practice, providing an independent metric about
the quality of the task performed [22].

Brain electrical activity measured by electroencephalography (EEG) is one of the most useful
tools, since it provides the time resolution required to track brain activity during task
execution. Furthermore, the cost associated with acquisition and analysis is less than other
neuroimaging techniques, such as Magnetoencephalography (MEG) or functional magnetic
resonance imaging (fMRI) [23]. However, a drawback for EEG is the poor spatial resolution,
since electrodes measure electrical activity at the scalp, it is difficult to know whether the
signal was produced near the cortex or from a deeper region. Various analysis techniques
have been proposed to improve its resolution, but it remains a challenge for EEG research.

EEG effectiveness has been proven in a wide range of applications ranging from performance
evaluation of a task [24]-[26], to training in flight simulators and air traffic controllers [22],
[27], [28]. Along with EEG recordings, other physiological signals such as electrocardiography
(ECG) which measures the activity of the autonomous nervous system, and
electrooculography (EOG), an indirect measurement of central nervous activity are also
analyzed. Studies suggest that an increase in heart rate could be related to an increase in
mental workload and stress, while blink rate would be inversely correlated [22], [29].

EEG-specific frequency bands have been associated to learning process, such as theta and
alpha bands. Theta has been linked to memory consolidation processes [30]. In particular,
the increase in cognitive effort during a task performance has been related to an increase in
theta power [31]. Likewise, variations in this band have been found mainly in frontal regions
during training in flight simulation tasks [22], [32]. These changes show increases during the
first training sessions, followed by a power decrease when an optimal performance level is
reached.
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The alpha band has been related to the level of attention. Alpha suppression is associated
with increased focused attention (particularly on visual stimuli) [33]. This suppression
suggests an inhibition of cortical structures irrelevant to the task [34]. In the evaluation of
training in flight simulation tasks, Borghini et al. reported a decrease in alpha rhythm at the
beginning of practice, related to greater mental effort, followed by an increase in the last
sessions when the subject performed better [22].

In addition to spectral analysis, another important analysis to consider and that has not been
evaluated in previous studies is functional brain connectivity analysis. Functional connectivity
defines the temporal dependence of neuronal activity between anatomically separate brain
regions [35], [36]. Connectivity measures evaluate the interactions between brain regions
from measures such as correlation, covariance, spectral coherence, or phase block [37].
Through this approach the brain can be understood as a highly complex structural and
functional network [38], [39] and using graph theory, these networks can be described and
qguantified, reducing them to a set of nodes and connections.

Langer et al. [40] analyzed functional brain networks organization in fronto-parietal regions
and how their topology is modified by training in working memory tasks. This work showed
that task performance correlates with power in theta band. Additionally, they found that
better task performance is associated with greater small-world topology. Another work
published by Kong et al. [41] evaluated changes in phase synchronization measures when
drivers going from an alert state to mental fatigue during their training in a simulator. Their
main finding was that synchronization in delta and alpha bands of frontal and parietal regions
increases significantly as the driver's mental state changes from alertness to fatigue.

Taking into consideration the findings discussed in this section, training processes of surgery
residents could obtain benefits from cognitive related quantitative measures, and
additionally there are brain activity analysis techniques that have not yet been used to
evaluate surgeons training but have been shown to be useful in other applications; this
doctoral thesis proposed to obtain quantitative information on the degree of progress in the
learning process throughout the training period in laparoscopic surgery based on
neurophysiological signals. By means of spectral and connectivity analysis of EEG signals, and
heart rate analysis of ECG signals, it is expected to find indices that quantify the learning
process of different tasks to be performed in the simulator and that it can be correlated with
residents' performance data.

1.2 Research objectives

The general objective of this thesis is to evaluate, from EEG and ECG signals, the learning
process in surgery residents during laparoscopic surgery training using a simulator. The
specific aims are:
1. Design and implement a protocol for the acquisition of EEG and ECG signals for
quantitative evaluation of laparoscopic surgery residents training in a simulator.
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2. Perform spectral and functional connectivity analysis on EEG signals.

3. Perform heart rate and heart rate variability analysis on ECG signals.

4. Corelate the neurophysiological measures with performance data provided by the
simulator.

1.3 Methodology

Figure 1.1 shows a general scheme of the followed methodology. This consists of an initial
phase in which the signal recording protocol was designed and tested with a first pilot study
to observe changes in neurophysiological measures from the training sessions. In a next
phase, EEG signal pre-processing pipelines were evaluated, including the use of a pipeline
previously validated in repeatability studies, and another based on ICA for the extraction of
neuronal activations. Spectral power measurements at the level of channels and neural
sources were extracted using previous pre-processed signals. Based on the results found in
the power spectrum analysis, a functional connectivity analysis was carried out on those
brain areas related to motor training. Then was carried out the analysis of the ECG signals,
values of HR and HRV were extracted from the signals recorded in the different tasks and
training sessions.

Statistical analysis was performed cross-sectionally in all phases of the project, from the
exploratory analysis in the pilot study to the analysis of changes in neurophysiological
measures with training. Likewise, correlation tests were carried out to look for relationships
between the neurophysiological measurements and tasks performance.

Protocol desing and signal ( EEG signal analysis R
acquisition - Pre-processing pipelines

. comparissons
- Laparoscopy simulator tasks P

selection - Power spectral analysis: channel
and source level

- Pilot sample
. - Functional connectivity analysis:
S Residents sample ) (source level )
L . ) é )
Statistical analysis
- Variance analysis: session ECG signal analysis

training effect - Heart rate estimation

- Correlation analysis:
neuropysiological and
performance measures

- J - J

Figure 1-1. Implemented methodology.

- Heart rate variability
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1.3.1 Participants
For this project two groups of subjects were collected: an initial sample to evaluate the
recording protocol that consisted of 8 students from bioengineering program (pilot test), and
the sample of surgical residents from medicine faculty (residents database). Informed
consent approved by the bioethics committee of Universidad de Antioquia (Act 18-19-787,
March 9, 2018) was obtained from all participants.

Pilot test
Eight healthy volunteer subjects (age: 23 + 3.6 years old, right-handed, 5 females) from
Bioengineering program of Universidad de Antioquia.

Residents database
17 first year surgery residents from the Universidad de Antioquia (age: 28.3 + 2.3 years, right-
handed, 10 females).

1.3.2  Protocol design

The experimental protocol consisted in participants learn to execute a series of tasks in the
VR simulator LapSim® (Surgical Science Ltd., Gdteburg, Sweden), during 4 sessions training,
one per week. In each session, subjects performed three repetitions of each task. Signals
recording was performed during the first task execution for the pilot test. Given that during
this pilot test it was observed that participants tried to remember the procedures carried out
in the previous session, it was decided to take the record during the second execution for
the residents group, since in this execution participants had more clarity on how to perform
the task. Figure 1.2 shows schemas for the experimental protocol in both studies.

Prior to tasks execution recordings, a reference condition was recorded during 2 min while
the participant was in a standing position in front of the simulator with closed eyes following
by 2 min with opened eyes looking a blank screen.

Finally, at the end of each session, participants filled the National Aeronautics and Space
Administration-Task Load Index (NASA-TLX) questionnaire [42], in order to assess the
perception of workload across training sessions. The total NASA-TLX score ranges from O to
100 and it is calculated as an average of six factors: Mental Demand, Physical Demand,
Temporal Demand, Performance, Effort and Frustration.
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Figure.1-2. Experimental setup for pilot and residents’ studies. The boxes with R correspond to the number of repetitions
of the task.

1.3.3  Signals Acquisition

The neurophysiological signals were recorded using the digital monitoring system Natus®
Quantum™ (Natus Neurology Incorporated, Wisconsin, USA) at a sampling frequency of 1024
Hz.

A cap with 60 AgCl electrode was used for EEG recording with mastoid bone reference and
AFZ as ground. ECG electrodes were placed in Lead Il (left leg as positive and right arm
negative). Vertical and horizontal EOG activity was recording by bipolar electrodes.
Horizontal EOG electrodes were put in the outer canthus of each eye and vertical EOG in the
supraorbital and suborbital region of right eye. Figure 3.2 shows the electrode diagrams.

EEG ECG
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Figure.1-3. Electrode position. Shown from left to right are the electrode arrangements for EEG, EOG and ECG.

Recording conditions
In order to keep the homogeneity of subject internal conditions, volunteers should follow
the following recommendations:

e Avoid alcohol approximately 12 hours before each experimental session.

e Avoid caffeine, tea or heavy meals, as well as smoking for at least one hour before
each session.

e Avoid extreme physical activity before the session.

To guarantee homogeneity of external conditions, light intensity and room temperature
were kept under control. Likewise, to avoid variability given by the circadian cycle, all
recordings were carried out in the afternoon, between 1:00 and 5:00 pm.

20



1.3.4 LapSim tasks

Three tasks with incremental difficulty grade were selected according to the LapSim®.
Coordination, grasping and cutting tasks were selected for pilot test. From the performance
analysis, it was found that there were not significant increases for the cutting task,
participants stated the procedure involved a high difficulty level. Due to the above, the last
task was changed for peg transfer, which is part of the Fundamentals of Laparoscopic Surgery
(FLS) program. This task was proposed as the one with the highest level of difficulty, as it
integrates more psychomotor skills such as picking and transferring between dominant and
non-dominant hands. Tasks are described below (Figure 1.4):

Pilot test

g -~ ¥ . - @
Figure 1-4. LapSim task. Pilot test: A) Coordination, B) Grasping, C) Cutting. Residents test: A) Coordination, B) Grasping,
C) Peg transfer.

Coordination: combines the use of camera and one instrument. It requires the participant to
hold the camera with one hand and locate ten randomly appearing objects, pick them up
with the instrument and transfer them to a target that appears instantaneously.

Grasping: intermediate-level task that involves grasping six vertical pipes or appendices, pull
them from the ground and transport them to a target with alternating hands.

Cutting: the aim is learning how to grasp and manipulate an object by holding and cutting it
with a pair of ultrasonic scissors which are activated with a pedal.

Peg transfer: workspace consists of a board with 12 pegs (two sets of six pegs each one) and
six rings. The task requires the user to lift each ring from a peg, then transfer it between
hands and place it in a designated peg on the other set.

1.3.5 EEG signal analysis

EEG signal analysis was covered in 3 studies described in chapters 3, 5 and 6. In the pilot
study (Chapter 3) a previously validated pre-processing pipeline in test-retest analysis was
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used [43], [44]. This pipeline covers the use of the MATLAB PREP toolbox and ICA enhanced
by wavelet (wICA) analysis to correct eye blinks and muscular artifacts. On clean data, power
spectrum measurements in theta, alpha and beta bands were obtained using the multitaper
spectral estimation method in MATLAB chronux library [45].

With the study done in Chapter 5, another pre-processing pipeline was applied to extract
neural activations from ICA and source localization techniques. ICA decomposition was
performed using the adaptive ICA mixture model algorithm (AMICA) [46], and an equivalent
dipole model was computed to estimate the location of IC sources. In order to identify
equivalent brain components across subjects, a clustering analysis was done. This pipeline
allowed obtaining cortical neuronal activations and estimated changes in frontal theta and
parietal alpha power associated with training.

Finally, the connectivity analysis was carried out in chapter 6. Here another technique of
inverse solutions based on wMNE algorithm [47] was used to estimate cortical activity. On
regions found in the previous power analyzes and others involve motor learning, functional
connectivity was estimated by means of coherence measures. The annex to chapter 4 shows
the HRV analyses performed in residents group.

1.3.6 ECG signal analysis
Chapter 4 covers ECG signal analysis by studying HR. Data pre-processing includes: filtering,
down sampling and a peaks-detection algorithm to identify the number of beats per minute
(RR signal). HR was calculated by the mean beat per minute in each condition (resting and
tasks). In this work, HR changes through training, task difficulty and gender of the participants
were analyzed.

HRV analysis is performed from the RR signal obtained with the peak detection algorithm.
The RR signal is cleaned by removing and interpolating outliers [48]. Subsequently, the
computation of power spectral density is performed using the Welch periodogram. Power
values are extracted in low frequency (LF: 0.04-0.15 Hz) and high frequency (HF: 0.15-0.4 Hz)
ranges, the LF/ HF ratio is also obtained.

1.4 Thesis framework
This thesis is a compendium of four articles, chapters 3 to 6, all of them published or hold,
waiting for some external condition to be submitted. All these papers are aligned with the
main objectives of the work. In chapter 3 is describing an exploratory analysis on EEG power
spectrum density, in which improvements in laparoscopic simulation task performance are
associated with power changes in theta, alpha and beta bands. Then, chapter 4 covers the
study of ECG signals in an initial sample of surgical residents, where changes in HR related to
the complexity of the task and a gender effect on the HR changes with the training session
were found. On the other hand, chapter 5 shows the extraction and study of neural
activations derived from EEG during the training of the residents group. With this study it
was possible to obtain changes of brain activations related to working memory, mental
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workload and visual attention processes. Finally, with chapter 6, the analysis of functional
connectivity is covered. Here the interactions between previously found brain regions and
those associated with motor training were evaluated. Changes in frontoparietal interactions
were associated with the increase in task performance.

The papers mentioned are a result of a collaborative work between the following research
groups: Bioinstrumentation and Clinical Engineering Research Group (GIBIC) and
Neuropsychology and behavior group (GRUNECO) from Universidad de Antioquia, and
Biological Psychology and Neuroergonomics from Technical University in Berlin, Germany,
under the supervision of professor Klaus Gramman.

The Ph.D student was beneficiary of the grant “757 Doctorados Nacionales from Ministerio
de Ciencia, Tecnologia e Innovaciéon (MINCIENCIAS)”. This project was also supported in part
by the following projects:

e |dentificacidon de Biomarcadores Preclinicos en Enfermedad de Alzheimer a través de
un Seguimiento Longitudinal de la Actividad Eléctrica Cerebral en Poblaciones con
Riesgo Genético, code 111577757635.

e Fortalecimiento de la plataforma tecnoldgica para la formacion especializada en el
area de la salud y tecnologia biomédica, Sistema General de Regalias, Republica de
Colombia, code: P021.
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2 THEORETICAL FRAMEWORK

The following chapter describes the definition, use and limitations of EEG and ECG signal
analysis techniques in the evaluation of learning processes and motor training. Analysis of
HR and HRV in ECG signals have shown association with stress, mental fatigue and level of
motor skills. Regarding to EEG, changes in frequency bands such as theta and alpha are
associated with learning, as well as changes in functional interactions between frontal and
parietal regions.

2.1 Learning Assessment

Learning consists of acquiring and memorizing solutions to specific situations [1]. With
enough practice, long-term memory will have many domain-specific knowledge structures,
hierarchically organized schemes that allow to categorize different problem states and
decide the most appropriate solution actions. These schemes can operate under automatic
processing instead of a controlled one. Automatic schema processing requires minimal
working memory resources and allows problem solving to be done with less effort [2].

Cognitive load theory states that an adequate allocation of available cognitive resources is
essential for learning [3]. When a novice is acquiring new skills such as those required for
laparoscopic surgery, he or she must use his attentional resources to consciously monitor
what his/her hands are doing, in addition to spatial judgments and operational decision-
making. Simulation training allows many of psychomotor skills and spatial judgments to be
automated, meaning that fewer attentional resources will be employed, allowing resident to
focus more on learning the surgery steps and how to manage complications rather than
waste time on initial technical skills refinement [4].

Automation process is due to two consecutive phenomena. At the beginning, procedure
memorization, which allows substituting general knowledge for specific (procedural)
knowledge. Subsequently, there is a decrease in the involvement of attentional system, since
processes are carried out automatically. The more innate surgeon's visual, perceptual and
psychomotor ability, the faster he/she will automate surgical skills, requiring fewer attention
resources to monitor the basics of his/her performance [5].

The amount of cognitive resources used in a motor-cognitive task execution, such as driving
a car, changes from the first time it is carried out until the moment when mastery of the
activity is reached [6]. Throughout learning, it has been shown that neural processes for
execution of activities shift from cortical areas to subcortical structures such as basal ganglia
for automated process [1]. This shift of neuronal processes into subcortical structures allows
an increase in cortical resources that could eventually be involved in the control of other
present tasks. Using neuroimaging techniques, it is possible to track the reassignment of such
cognitive resources during training phase, providing an independent metric about the quality
of task performed [7].
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A review of brain imaging studies in surgeons by Modi et al. [8] shows that technical skills
acquisition is related to brain areas of attention and judgment, motor planning and
execution. First phases of training include a greater activation in prefrontal cortex (PFC), and
with practice, PFC activity attenuates as performance improves. It has also been seen that
novices exhibit greater PFC activation than expert surgeons. Regarding motor planning and
execution, less primary motor cortex (M1) activation in expert surgeons compared to novices
has been shown, implying learning-related movement efficiency. But also, experts have
showed greater activation in motor and parietal regions [9]. Finally, laparoscopic tasks led to
enhanced activation of cerebellum in expert surgeons compared to novices [10].

Diagnostic imaging-based methods such as positron emission tomography (PET) and
functional magnetic resonance imaging (fMRI) are excellent tools for evaluating how the
brain adapts in response to repeated practice or exposure to tasks. However, their limitations
in terms of cost, space and invasion make them unsuitable for real work environments,
where less invasive approaches would be preferable and costs for their implementation and
use are limited. Functional near-infrared spectroscopy (fNIRS) is an indirect optical brain
imaging technigue that is more portable than fMRI and which captures hemodynamics brain
changes with improved spatial resolution compared with EEG and MEG [11]. The use of this
technigue assessing laparoscopic surgery skills has shown to discriminate levels of expertise,
showing novices have greater PFC activation and lower functional activation in M1 and
supplementary motor area (SMA) compared to experts. Also, after a 11-day training, skilled
trainees exhibited increased cortical activation in M1 and SMA and decreased PFC activation
compared to unskilled trainees [12].

Along with fNIRS, EEG allows to evaluate neural activity during a task execution in a more
portable way with fewer restrictions. Furthermore, this technique is a direct measure of
neural activity, with a temporal resolution close to the timescale of neuronal dynamics [13].

2.2 Electrocardiographic signal analysis

Electrocardiogram (ECG) is the record of electrical activity generated by the heart. ECG
signals are typically in the range of £+ 2mV and a frequency band of 0.05 to 150Hz. ECG
analysis has allowed differentiation and diagnosis of cardiovascular disease and metabolic
disturbances [14].

Figure 2.1 shows the schematic representation of a cardiac cycle. The first wave of the cycle
corresponds to P wave, which represents the activation of atrium. There is a relatively
isoelectric short segment after P wave. Once ventricles are excited, a large and rapid
deviation of the signal is observed. This wave seems to have several components. An initial
downward deformation called Q wave, followed by an upward deviation or R wave, and a
terminal deflection called S wave. The above is referred as QRS complex. After QRS complex,
there is another relatively short isoelectric segment. After this segment, ventricles return to
electrical rest state, and a repolarization wave called T wave is seen as a low-frequency signal.

28



In some individuals a small peak occurs at the end or after T wave and is called U wave. Its
origin is not fully established, but it is believed to be a repolarization potential [15].
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Figure 2-1. Schematic representation of a cardiac cycle (Creative Commons).

2.2.1 Heart rate

Heart rate (HR) corresponds to 60,000 divided by the time in ms between adjacent beats.
Variations in HR have been found to be related to variation in emotional states. For this
reason, the role of HR in evaluating the mental state of a subject during a task performance
has been investigated [16]. In flight simulation tasks training, a reduction in HR was found
throughout the training sessions [5]. Johnson et al. showed that heart rate of experts is lower
than novices while performing a military training task. Additionally, an increase in HR in both
groups is reported when going from a resting condition to task execution. The increase in
task difficulty also seems to be directly related to an increase in HR [17].

2.2.2 Heart rate variability

Heart rate variability (HRV) refers to variations in instantaneous heart rate and series of
intervals between consecutive peaks of R wave. This variation is considered as a mean of
indirect observation of autonomic nervous system (ANS) [18]. HRV is under control of ANS,
which through parasympathetic and sympathetic branches, is responsible for adjusting HRV
in response to external or internal physical or emotional stimuli. Sympathetic activity is
mainly related to preparing the body for action, as well as stressful situations. Alternatively,
parasympathetic activity, active in resting situations, compensates for effects of sympathetic
activity in bringing the body to a resting state. In normal situations, there is a balance
between these two activities [19].
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From measurements obtained in time and frequency domain, studies have shown the use of
HRV in the evaluation of parasympathetic and sympathetic nervous systems, and their
association with stress [20]. HRV measurements in time domain include statistics such as
mean of RR intervals, standard deviation, and the square root of the mean square difference
of successive R-R. Frequency analysis of short signal segments include characteristics such as
low-frequency power (LF, 0.04 —0.15 Hz), high-frequency power (HF, 0.15 — 0.4 Hz) and the
ratio LF/HF [18].

Assessment of temporal measures shows that with a higher mental workload, standard
deviation of the R-R intervals (SDNN) decreases significantly [21]. A study developed by Heine
et al. evaluated a series of characteristics obtained from ECG signals to discriminate levels of
mental load in drivers [22]. Here it was found that mental load leads to an increase in HR
along with a decrease in SDNN. Regarding the frequency measurements, during acute mental
stress, increases in LF, decrease in HF and increases in the LF/HF ratio have been reported
[16]. In the field of sport and exercise psychology, HRV analysis has had extensive studies on
topics such as stress, overtraining, anxiety, biofeedback, cognitive performance, and sporting
performance [23]. However, given the variability of results and interpretations of HRV
indices, there are several aspects to consider such as recording length, quality of the
recorded signal, breathing methods and participant variables (age, gender, cardio-related
medication) [24].

2.3 Electroencephalographic signal analysis

Electroencephalography (EEG) is a non-invasive technique that provides a representation of
brain electrophysiological activity with a high temporal resolution ( < 1 ms) [25]. EEG signals
provide relevant information about dynamic brain processes responsible for cognitive
functions, which allows to evaluate different cognitive processes associated with a particular
task [26]. Figure 2.2 shows the setup of an EEG recording.

Figure 2-2. EEG electrode montage.

Quantitative EEG (qEEG) refers to mathematical processing of EEG data in order to more
accurately quantify specific parameters of the signal [27]. qEEG analysis have identified
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phase, amplitude, and power characteristics that reflect unique aspects of brain function.
Five groups of oscillations are distinguished by their different frequency ranges: delta (1 - 4
Hz), theta (4 - 8 Hz), alpha (8 - 13 Hz), beta (13 - 30 Hz) and gamma (30 - 50 Hz) [28].

Most cognitive processes have been linked to at least one of the traditional frequency bands
[29]. Delta oscillations are related to inhibition process associated with attention, with
sources of this oscillation located in areas of frontal and cingulate cortex [30]. Theta rhythm
is commonly associated with memory processes, reflecting communication with the
hippocampus, and it is seen primarily in the frontal cortex [31], [32]. Alpha band is modulated
during sensory stimulation, reflects memory and attentional processes [33]. Alpha
oscillations have been shown to exhibit an inverse correlation with cognitive performance,
suggesting the inhibition of task-irrelevant cortical structures [34]. Modulation of beta
oscillations has been observed mainly during motor task performance or cognitive tasks that
require sensorimotor interaction [35]. Gamma band reflects cortical activation and is related
to attentional information processing, active maintenance of memory contents, and
conscious perception [36].

Likewise, changes in EEG rhythms have been described in a wide variety of diagnoses of
neurological diseases, such as epilepsy, brain tumors, head injury, sleep disorders and
dementia. Psychiatric disorders including depression, attention deficit-hyperactivity
disorder, autism, bipolar disorder, anxiety, post-traumatic stress disorder and schizophrenia
have also been associated with patterns of power changes within specific frequency bands.
However, these alterations are not exclusive to a single disorder, and they do not always
reflect the same trend [37]. This leads to a cautious interpretation of the results, considering
the methodological limitations.

2.3.1 Spectral analysis in training and motor learning

Two types of gEEG studies have been observed regarding evaluation of learning: analysis of
performance during a task execution between experts and novices, and monitoring of a
training process.

Theta and alpha bands have been primarily related to learning. During execution of a rifle
marksmanship task, significant increases in theta power were observed in a group of experts
relative to novices. Increase in this activity was observed mainly in areas of anterior and
medial frontal cingulate cortex [38]. In another application, neurophysiological measures
were evaluated to distinguish experts from novices during decision-making process in a
military training task [17]. Suppression of the alpha rhythm was evidenced compared to rest
periods, and an increase in theta power of experts compared to novices.

Works carried out by Borghini et al., have evaluated gEEG measurements during training in
flight simulation tasks [5], [39]. Changes in frontal theta and parietal alpha are reported,
finding that with better performance in the task execution, power in theta band tends to
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decrease and alpha band tends to increase. During the first phases of training, an increase in
theta and a decrease in alpha were observed, related to a greater mental effort. These
changes were reversed in the last sessions, with a decrease in theta and an increase in alpha.

Borghini et al. it also reported results in other applications such as air traffic management
tasks and robot-assisted surgery. In these, same changes were observed in theta band over
frontal electrodes, increases at the beginning of training followed by a decrease at the end,
and an alpha power decrease over parietal electrodes [40]. Additionally, a progressive
decrease is reported on theta band in parietal electrodes during training in the robot-assisted
surgery task [41].

Specific applications in motor learning show changes in alpha and beta rhythms over
sensorimotor areas. Reduction in beta rhythm as a result of training is reflected in groups of
subjects with different ages [42]. Pre-movement low beta activity is associated with motor
adaptation performance [43]. In this way, medial frontal theta activity is associated with a
context-dependent adaptation model process, and sensorimotor alpha and beta both are
representative of error processing [44].

2.3.2  Functional connectivity

Analysis of spectral measurements in EEG reflects the activation or deactivation of brain
regions during the development of a task. However, the brain is a complex system that
involves a network of interacting subsystems. This has led a shift from search for locally
activated cortical areas towards the identification of functional networks related to a task
[45]. Network communication is carried out through the synchronization of neuronal activity,
which constitutes an important physiological mechanism for functional integration [46].

Functional connectivity defines the temporal dependence of neuronal activity between
anatomically separated brain regions [47]. It is highly time-dependent and allows statistical
interdependence to be measured without an explicit reference to cause-effect relationships.
For its estimation, measures such as correlation or coherence between the temporal
patterns of neurophysiological events can be used [48]. In this way, the degree of statistical
dependence between neurophysiological variables is associated to the degree of
connectivity.

The data on which functional connectivity is evaluated are essentially of temporal nature
such as fMRI, EEG and MEG data [49]. FMRI has high spatial resolution (1-10 mm), but limited
temporal precision (> 1s), mainly due to limitations of hemodynamic response. Therefore, it
has been used to map anatomically accurate functional networks, even at the voxel level,
operating at low frequencies (<0.5 Hz). EEG and MEG data contain information about
electromagnetic activity in the brain over a wide range of frequencies (~ 1 to 100 Hz), with
high temporal resolution (< 1ms), but low spatial resolution (1-10 cm) [50]. Compared to
other techniques, EEG has high temporal resolution and is low cost, which makes it a more
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accessible tool to evaluate functional connectivity in a reliable way during resting state or
while performing a task [51].

2.3.3 Functional Connectivity Estimation
Neurophysiological techniques such as EEG and MEG have high temporal resolution and are
therefore more suitable for identifying synchronization across frequency bands in large-scale
functional networks. In EEG recordings, synchronization is typically quantified through linear
measures such as coherence or through nonlinear measures such as those based on phase
synchronization or generalized synchronization.

e Coherence

The most important linear correlation measure is coherence. Considered as a generalization
of the correlation, coherence describes the correlation between two time series as a function
of frequency and depends both on the consistency of the phase difference and the power of
the two signals [52]. However, this technique has several limitations, including the problem
of conductive volume and the use of a common reference electrode that can introduce
interdependencies between the electrodes that are not actually present in the signals.

Coherence between two signals is given by their cross spectral density function Sy,
normalized by their individual spectral density functions. However, due to finite size of
neuronal data, it is necessary to estimate the true spectrum, known as the periodogram,
using smoothing techniques [53].

w2 = _ lsoml’
Y USxx (M (Syy (P

(2.31)

Where (-) indicates the average of windows. The estimated coherence for a given frequency
ranges from 0 (no coupling) to 1 (maximum linear interdependence).

e Multitaper spectral estimation method

Electrophysiological signals represent a stochastic process, where a single trial or epoch
represents only one noisy performance of the process of interest. Therefore, a single sample
from a process does not provide a reliable estimation of its spectral properties [54].

These problems are often overcome by an average over many realizations of the same event
(Periodogram). However, this method is unreliable with small data sets, and not suitable
when it is not desired to attenuate signal components that vary between assays. Instead of
the joint average, the multitaper method reduces estimation bias by obtaining multiple
independent sources from the same sample. Each taper is multiplied element by element by
the signal to provide a windowed test from which the power is estimated. Since each taper
is orthogonal to all the others, the spectrum estimates will be independent. The final
spectrum is obtained by averaging all the spectra [55].
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Considering a stationary stochastic process of dimension p and with zero mean:
X@® = [X(1,0,X20),.X(,O]" (2.32)

Where T denotes the transpose and p refers to the number of channels. The multitaper
spectral estimator between channel / and m is the average of K crossed spectral estimators
between the same pair of channels:

SMm(f) == TKFS)  (233)

Where SF™(f) is given by:

1

S = S UKD = U N (234)
Where:
Ji(f) = Ty hepX (L e 2P (2.35)

The sequence {ht‘k} is the taper data for the spectral estimator. These data are chosen in a
way to provide good protection against spillage. Slepian sequences (discrete elongated
spheroidal sequences) are usually chosen. The maximum order Kis chosen in such a way that
it is less than the Shannon number 2ZNWAt. The 2W quantity defines the bandwidth
resolution W € (0, fy) [55].

e Phase synchronization

The synchronization is based on the interaction of chaotic oscillators. It can be understood
as an adjustment of the rhythms of oscillating objects due to their interaction. Phase
synchronization (PS) is most observed in large-scale gamma-frequency oscillations that enter
precise phase lock for a limited time period when the subject is engaged in cognitive tasks
[56]. A representative method capable of obtaining a statistical measure of PS strength in
different brain areas is the Phase Locking Value (PLV) [50].

The PLV approach posits that two dynamical systems can have their phases synchronized,

even if their amplitudes are uncorrelated. PS is defined as the blocking of the phases
associated with each signal:

|9 () — @y, (t)| = const  (2.36)

In order to estimate the instantaneous phase of a signal, the Hilbert transform (HT) can be
used to form the analytic signal H(t) as:
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H(t) = x(t) + ix(t) (2.37)
Where X(t) is the HT of x(t), defined as:

#(t)==pPv [T Xdr  (238)

- t—-tr
where PV denotes the Cauchy principal value. The phase of the analytical signal is defined as:

_ 0]

P(t) = arctanx(t) (2.39)

Therefore, for two signals x(t), y(t) of equal duration, with instantaneous phases ¢, (t),
¢y (t), the bivariate PLV metric is defined as:

PLV = | 205 e!4x080-¢5GA| (3.40)

Where At is the sampling period and N is the number of samples of each signal. PLV takes
values within the interval [0,1], where 1 indicates perfect phase synchronization and 0
indicates lack of synchronization.

e Generalized synchronization

Generalized Synchronization (GS) represents how the neighborhoods (i.e., recurrences) of
one chaotic attractor map onto another. Attractor mapping is considered a robust way to
assess GS range, even if it is prone to stationarity deficiencies [57]. To form such attractors
from the raw EEG data, delay vectors must be constructed from the time series using the
following procedure known as time delay embedding[50]:

Xn = (Xp, ---an—(m—l)r): Yn = Vns ""yn—(m—l)‘c) (2.41)

Wheren =1,..., N and m and 7 are the embedded dimension and the time delay. Let 1y,
and Sn,j,j =1,...,k denote the time indices of the k nearest neighbors of x,, and y,,
respectively. For each x,, the mean squared Euclidean distance to its k neighbors is defined
as:

1
RROXK) = -3k (o — %y, )2 (242)

and the Y-conditional mean squared Euclidean distance R,(lk)(XIY) is defined by substituting
the nearest neighbors for the equal time partners of the nearest neighbors of y,,. If the set
of reconstructed vectors (point cloud x,,) has a mean square radius:

ROX) = = ZN_1 RY TV (X) (2.43)
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Then
R,(lk)(XIY)z R,gk)(X) &K R(X) when the systems are strongly correlated, while

R,(lk)(XIY)zR(X) > R,Sk)(X) if they are independent. Therefore, a measure of
interdependence is defined as:

1 R (x
SWX|Y) = Ezgyﬂ#;(l;) (2.44)

(
Since R,gk)(XIY) > R,(lk)(X) by construction, S ranges between 0 (indicating independence)
and 1 (indicating maximum synchronization). Another normalized and more robust version
of S is defined as [58]:

1yn  Ra-RPPX|Y)
N &n=1 Rp(X)

N®X|Y) = (2.45)

e Technigues based on information theory

Information-based techniques are sensitive to both linear and nonlinear statistical
dependencies between two time series. The most representative method is the cross-mutual
information (CMI) that measures the mutual dependence between two signals by
quantifying the amount of information obtained about one signal from the measurement of
the other, as a function of the delay between them [59]:

The mutual information between two random variables X y Y is defined as:
I(X;Y)=HX)+H(Y)—-HX,Y) (12)

HX) = Xp(x)log,p(x;) (13)

Where H (i) is the Shannon entropy of variable iand H(X,Y) is the join entropy of X and Y.

2.3.4 Inverse solution analysis
EEG is a powerful tool to capture brain function in the time frame in which these processes
occur (miliseconds). However, this technique suffers from a poor spatial resolution that
makes it difficult to infer the sources of the neuronal activity measured on the scalp [60].

The localization of brain signal sources from EEG has been an active research area during the
last decades. Radiological imaging techniques have been widely used for this purpose.
However, these techniques are expensive and difficult to access for all patients. This has led
to the use of algorithms which use MR image templates to anatomically localize activity by
brain sources. Source location based on scalp potential requires a solution to an inverse
problem. The signal recorded on the electrodes might come from different distributions of
brain currents. In electromagnetic theory, this fact is considered as an ill-posed problem,
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since the current distribution in a conductor cannot be unequivocally found starting from the
fields and potentials in its exterior [61].

The selection of a particular solution requires a priori knowledge of brain physiology and the
subject state. Assumptions are made about the nature of the sources, i.e.,, number of
sources, anatomical and neurophysiological constraints, prior probability density functions,
norms, smoothness, correlation, covariance models, spatial extent constraints, etc [62].

e Source model

Two general approaches of mathematical models have been proposed: equivalent current
dipole (ECD) model and linearly distributed approach (LD). Inverse methods using the dipole
source model consider sources to be a small number of magnetic dipoles located at certain
locations over three-dimensional space within the brain [28]. However, reliable estimation
of nonlinear dipole localization parameters becomes difficult when the number of sources
increases.

In LD methods, there is no need for any knowledge about the number of sources. In general,
this problem is considered as an indeterminate inverse problem. An L,, norm solution is the
most common regulation operator to solve this problem. This regularized method is built on
minimizing the cost function:

Y = ||Lx —m||, + Al|Wx||, (2.36)

Where x is the vector of source currents, L is the lead field matrix, m is the EEG
measurements, W is a diagonal location weighting matrix, A is the regulation parameter, and
the norm 1 < p < 2 is the measure in the Banach vector space [28].

e Weighted Minimum Norm Estimation (WMNE)

This method is part of the LD approaches. The solution is regularized by imposing some
constraints regarding to anatomical and physiological information on the general cost
function. Quadratic error costs are weighted based on spatial and temporal properties. In
this approach, the sources are assumed to be sufficiently distributed and oriented
orthogonally to the cortical lamina [28].

The EEG source localization problem using a multivariate linear model and the observations,
X, as the electrode potentials, is formulated based on the observation model:

X=Sr)+V (2.37)
Where X = [x(1),x(2), ..., x(T)] has dimension n, X T, T represents the data length in

samples and n,, is the number of electrodes, r and ] = [j; ,j, ..., jr | are, respectively, the
locations and moments of the sources, and V is the added noise matrix. J is the binding
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function of the sources to the electrode potentials. For the calculation of J, a three-layer
head model is normally considered [63].

A structural MR image of the head can be segmented into three isotropic regions with the
same conductivity: brain, skull, and scalp. Most of these models consider the head as a
sphere for simplicity. However, EEG sources are modeled by a fixed and uniform three-
dimensional grid of dipoles spread throughout the entire brain volume.

The problem is also an indeterminate linear problem [28]:
X=L/+V (2.38)

Where L is the directed field matrix that interrelates the dipoles to the electrode potentials.
To achieve a unique solution to the indeterminate equation, some restrictions must be
imposed. The proposed regularization method constrains the reconstructed source
distribution by joint minimization of a linear mixture of some weighted norm ||H]-||2 of
current sources j and the principal cost function of the inverse solution. Assuming that the
noise is Gaussian with a covariance matrix C,, then:

2
+ A2|HjlI3
2

C,2(Lj — x) (2.39)

J = argmin; [

Where the Langrage multiplier A is adjusted to make a balance between the main cost
function and the constraint ||Hj||2. The covariance matrix is scaled such as trace(C,) =

range(C,). This can be formulated as an overdetermined least squares problem. The
solution to the minimization of equation (2.39) for a given A is of the form:

~

j=BXx (2.40)

Where:
B = [LTCy L+ 22(HTH)|  17Cyt = (HTH)™'LT [L(HTH) ™AL + 22C, 7" (2.41)

These equations describe the weighted minimum norm (WMN) solution to the localization
problem. However, they are not complete unless an appropriate spatial or temporal
constraint is imposed. In theory, any number of constraints can be added to the main cost
function. However, assumptions like those about the covariance of the sources must be
implicit in order to effectively find L, which includes the information about the directions and
the dipoles. An assumption can be [diag(LTL)]™?, which is proportional to the covariance
components, must be normalized. Another restriction is based on the spatial information of
fMRI that appears as blood oxygenation level dependence (BOLD) when the sources are
active. Evoked responses can also be used as time constraints [28].
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2.3.5 Independent Component Analysis - ICA
EEG signals recording at each electrode are the sum of activities in brain areas, as well as
electrical artifacts from muscles, eyes, electrodes, movements, and the electrical
environment. ICA is a blind decomposition technique, which descompose multi-channel EEG
data into maximally independent component processes. Each independent component (IC)
can be either particularly brain generated EEG activities or some type of non-brain artifacts
(environmental noise, eye blinks, eye movements, scalp or heart muscle activity) [64].

e |CA model

ICA performs a blind separation of the data matrix (X) based only on the criterion that
resulting source time courses (U) are maximally independent. ICA finds a unmixing matrix
(W) that, when multiplied by the original data (X), yields the matrix (U) of IC time courses
(64].

U=wXx (2.42)
Where X and U aren X t matrices, and Wisn X n. Equation (2.42) implies that:

X=w"lU (2.41)

W~ is the mixing matrix whose columns contain the relative weights which the component
projects to each of the scalp channels (IC scalp map). The starting point for ICA is the
assumption that the components of U are statistically independent. It is also assumed that
the independent component must have non-Gaussian distributions.

2.3.6  Functional connectivity analysis during training and learning

Few studies have evaluated functional connectivity from EEG during task training. Langer et
al. [65] analyzed the organization of functional networks in the fronto-parietal region and
how their topology is modified by training in working memory tasks. The networks were
obtained from coherence measures, and graph analysis was carried out to evaluate the
small-world property of the network. Their results showed that task performance correlates
with power in theta band. Additionally, they found that a better performance in the task is
associated with a higher small world topology in the network.

Performing a resting-state functional connectivity analysis, Lasaponara et al. evaluated a 12-
week training with the Quadrato Motor Training (QMT) paradigm, used to increase cognitive
flexibility, creativity and spatial cognition [66]. From analysis of cortical sources and the
computation of linear connectivity in the alpha band, they observed increases in limbic and
fronto-temporal connectivity in the resting condition with eyes open, after 6 weeks of
training. Increases were also seen for the resting condition with eyes closed in the occipital
network after 12 weeks of training.
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Another recent work published by Kong et al. [67], evaluated the changes in measures of
phase synchronization that occur when drivers going from a state of alertness to a state of
mental fatigue during their training in a simulator. Their main finding was that
synchronization in the delta and alpha bands in the frontal and parietal regions increases
significantly as the driver's mental state changes from alertness to fatigue. Distinctive
patterns of connectivity over frontal regions and motor areas have been found in other
studies evaluating mental fatigue [68].

2.4 References

[1] E. R. Kandel, J. H. Schwartz, and T. M. Jessell, Principios de neurociencia. MCGRAW-
HILL / INTERAMERICANA DE ESPARNA, 2001.

(2] N. M. Hill and W. Schneider, “Brain Changes in the Development of Expertise:
Neuroanatomical and Neurophysiological Evidence about Skill-Based Adaptations.,”
in The Cambridge handbook of expertise and expert performance., New York, NY, US:
Cambridge University Press, 2006, pp. 653-682. doi:
10.1017/CB09780511816796.037.

[3] J. Sweller, J. J. G. van Merrienboer, and F. G. W. C. Paas, “Cognitive Architecture and
Instructional Design.,” Educ Psychol Rev, vol. 10, no. 3, pp. 251-296, 1998, doi:
10.1023/A:1022193728205.

(4] A. G. Gallagher et al., “Virtual Reality Simulation for the Operating Room,” Ann Surg,
vol. 241, no. 2, pp. 364—372, 2005, doi: 10.1097/01.51a.0000151982.85062.80.

(5] G. Borghini et al., “Quantitative Assessment of the Training Improvement in a Motor-
Cognitive Task by Using EEG, ECG and EOG Signals,” Brain Topogr, vol. 29, pp. 149—
161, 2016, doi: 10.1007/s10548-015-0425-7.

(6] A. M. C. Kelly and H. Garavan, “Human functional neuroimaging of brain changes
associated with practice,” Cerebral Cortex, vol. 15, no. August, pp. 1089-1102, 2005,
doi: 10.1093/cercor/bhi005.

[7] G. Borghini, P. Arico, G. Di Flumeri, and F. Babiloni, Industrial Neuroscience in
Aviation: Evaluation of Mental States in Aviation Personnel, vol. 18. 2017. doi:
10.1007/978-3-319-58598-7.

(8] H. N. Modi, H. Singh, G. Z. Yang, A. Darzi, and D. R. Leff, “A decade of imaging
surgeons’ brain function (part I): Terminology, techniques, and clinical translation,”
Surgery (United States), vol. 162, no. 5, pp. 1121-1130, 2017, doi:
10.1016/j.surg.2017.05.021.

9] H. N. Modi, H. Singh, G. Z. Yang, A. Darzi, and D. R. Leff, “A decade of imaging
surgeons’ brain function (part ll): A systematic review of applications for technical
and nontechnical skills assessment,” Surgery (United States), vol. 162, no. 5, pp.
1130-1139, 2017, doi: 10.1016/j.surg.2017.09.002.

[10]  B. Duty et al., “Correlation of Laparoscopic Experience With Differential Functional
Brain Activation: A Positron Emission Tomography Study With Oxygen 15—-Labeled
Water,” Archives of Surgery, vol. 147, no. 7, pp. 627-632, Jul. 2012, doi:
10.1001/archsurg.2012.807.

40



[12]

[13]

(14]

[15]

[16]

(17]

(18]

[19]

[20]

[21]

(22]

(23]

[24]

G. Strangman, D. A. Boas, and J. P. Sutton, “Non-invasive neuroimaging using near-
infrared light.,” Biol Psychiatry, vol. 52, no. 7, pp. 679-693, Oct. 2002, doi:
10.1016/s0006-3223(02)01550-0.

A. Nemani et al., “Assessing bimanual motor skills with optical neuroimaging,” Sci
Adyv, vol. 4, no. 10, p. eaat3807, 2018, doi: 10.1126/sciadv.aat3807.

F. Maestu. Unturbe, Marcos. Rios Lago, and R. Cabestrero. Alonso, Neuroimagen :
Técnicas y procesos cognitivos. Elsevier Masson, 2008.

J. D. Bronzino, “Bioelectric Phenomena,” in The Biomedical Engineering Handbook,
2nd ed., CRC Press LLC, 2000.

J. D. Bronzino, Ed., The biomedical Engineering Handbook: Biomedical Engineering
Fundamentals, 3rd ed. CRC Press, 2006.

G. Borghini, L. Astolfi, G. Vecchiato, D. Mattia, and F. Babiloni, “Measuring
neurophysiological signals in aircraft pilots and car drivers for the assessment of
mental workload, fatigue and drowsiness,” Neurosci Biobehav Rev, vol. 44, pp. 58—
75, 2014, doi: 10.1016/j.neubiorev.2012.10.003.

R. R. Johnson et al,, “Identifying psychophysiological indices of expert vs. novice
performance in deadly force judgment and decision making,” Front Hum Neurosci,
vol. 8, no. July, pp. 1-13, 2014, doi: 10.3389/fnhum.2014.00512.

R. Castaldo, P. Melillo, U. Bracale, M. Caserta, M. Triassi, and L. Pecchia, “Acute
mental stress assessment via short term HRV analysis in healthy adults: A systematic
review with meta-analysis,” Biomed Signal Process Control, vol. 18, pp. 370-377,
2015, doi: 10.1016/j.bspc.2015.02.012.

Task Force of The European Society of Cardiology, “Heart rate variability Standards of
measurement, physiological interpretation, and clinical use,” Eur Heart J, vol. 17, pp.
354-381, 1996, doi: 10.1161/01.CIR.93.5.1043.

F. Togo and M. Takahashi, “Heart rate variability in occupational health --a systematic
review.,” Ind Health, vol. 47, pp. 589-602, 2009, doi: 10.2486/indhealth.47.589.

Z. Wei, D. Zhuang, X. Wanyan, C. Liu, and H. Zhuang, “A model for discrimination and
prediction of mental workload of aircraft cockpit display interface,” Chinese Journal
of Aeronautics, vol. 27, no. 5, pp. 1070-1077, 2014, doi: 10.1016/j.cja.2014.09.002.

T. Heine, G. Lenis, P. Reichensperger, T. Beran, O. Doessel, and B. Deml|,
“Electrocardiographic features for the measurement of drivers’ mental workload,”
Appl Ergon, vol. 61, pp. 31-43, 2017, doi: 10.1016/j.apergo.2016.12.015.

E. Mosley and S. Laborde, “A scoping review of heart rate variability in sport and
exercise psychology,” Int Rev Sport Exerc Psychol, no. July, pp. 1-75, 2022, doi:
10.1080/1750984X.2022.2092884.

T. Pham, Z. J. Lau, S. H. A. Chen, and D. Makowski, “Heart Rate Variability in
Psychology: A Review of HRV Indices and an Analysis Tutorial.,” Sensors (Basel), vol.
21, no. 12, Jun. 2021, doi: 10.3390/521123998.

D. B. MacDonald, Electroencephalography: Basic Principles and Applications. Elsevier,
2015. doi: 10.1016/B978-0-08-097086-8.55017-X.

F. Lopes da Silva, “EEG and MEG: Relevance to neuroscience,” Neuron, vol. 80, no. 5,
pp. 1112-1128, 2013, doi: 10.1016/j.neuron.2013.10.017.

41



(28]

[29]

(31]

(32]

(33]

(34]

(35]

(37]

(38]

(39]

[40]

A. P. Medeiros, R. Anghinah, M. T. Smidth, and J. M. Silva, “The clinical use of
guantitative EEG in cognitive disorders,” Dement Neuropsychol, vol. 3, no. 3, pp. 195—
203, 20009.

S. Sanei and Jonathon. A. Chambers, EEG Signal Processing, vol. 1. 2007. doi:
10.1002/9780470511923.

C. S. Herrmann, D. Striber, R. F. Helfrich, and A. K. Engel, “EEG oscillations: From
correlation to causality,” International Journal of Psychophysiology, vol. 103, pp. 12—
21, 2016, doi: 10.1016/].ijpsycho.2015.02.003.

T. Harmony, “The functional significance of delta oscillations in cognitive processing,”
Front Integr Neurosci, vol. 7, no. December, pp. 1-10, 2013, doi:
10.3389/fnint.2013.00083.

L. L. Colgin, “Mechanisms and functions of theta rhythms,” Annu Rev Neurosci, vol.
36, no. May, pp. 295-312, 2013, doi: 10.1146/annurev-neuro-062012-170330.

W. Klimesch, “EEG alpha and theta oscillations reflect cognitive and memory
performance: a review and analysis.,” Brain Res Brain Res Rev, vol. 29, no. 2-3, pp.
169-195, Apr. 1999.

E. Basar, “A review of alpha activity in integrative brain function: Fundamental
physiology, sensory coding, cognition and pathology,” International Journal of
Psychophysiology, vol. 86, no. 1, pp. 1-24, 2012, doi:
10.1016/j.ijpsycho.2012.07.002.

0. Jensen and A. Mazaheri, “Shaping Functional Architecture by Oscillatory Alpha
Activity: Gating by Inhibition,” Front Hum Neurosci, vol. 4, no. November, pp. 1-8,
2010, doi: 10.3389/fnhum.2010.00186.

B. E. Kilavik, M. Zaepffel, A. Brovelli, W. A. MacKay, and A. Riehle, “The ups and downs
of beta oscillations in sensorimotor cortex,” Exp Neurol, vol. 245, pp. 15-26, 2013,
doi: 10.1016/j.expneurol.2012.09.014.

T. Womelsdorf and P. Fries, “Neuronal coherence during selective attentional
processing and sensory-motor integration.,” J Physiol Paris, vol. 100, no. 4, pp. 182—
193, Oct. 2006, doi: 10.1016/j.jphysparis.2007.01.005.

J.J. Newson and T. C. Thiagarajan, “EEG Frequency Bands in Psychiatric Disorders: A
Review of Resting State Studies,” Front Hum Neurosci, vol. 12, no. January, pp. 1-24,
2019, doi: 10.3389/fnhum.2018.00521.

M. Doppelmayr, T. Finkenzeller, and P. Sauseng, “Frontal midline theta in the pre-
shot phase of rifle shooting: Differences between experts and novices,”
Neuropsychologia, vol. 46, no. 5 pp. 1463-1467, 2008, doi:
10.1016/j.neuropsychologia.2007.12.026.

G. Borghini et al., “Frontal EEG theta changes assess the training improvements of
novices in flight simulation tasks,” Proceedings of the Annual International
Conference of the IEEE Engineering in Medicine and Biology Society, EMBS, no. 1, pp.
6619-6622, 2013, doi: 10.1109/EMBC.2013.6611073.

G. Borghini et al., “A neurophysiological training evaluation metric for air traffic
management,” in Annu Int Conf IEEE Eng Med Biol Soc, 2014, pp. 3005—-3008. doi:
10.1109/EMBC.2014.6944255.

42



[44]

[45]
[46]

(51]

(52]

(53]

[54]
[55]

[56]

G. Borghini et al., “Neurophysiological Measures for Users’ Training Objective
Assessment During Simulated Robot-Assisted Laparoscopic Surgery,” in Engineering
in Medicine and Biology Society (EMBC), 2016 IEEE 38th Annual International
Conference of the, 2016, pp. 981-984. doi: 10.1109/EMBC.2016.7590866.

L. M. Rueda-Delgado, K. F. Heise, A. Daffertshofer, D. Mantini, and S. P. Swinnen,
“Age-related differences in neural spectral power during motor learning,” Neurobiol
Aging, vol. 77, pp. 44-57, 2019, doi: 10.1016/j.neurobiolaging.2018.12.013.

0. Ozdenizci, M. Yalcin, A. Erdogan, V. Patoglu, M. Grosse-Wentrup, and M. Cetin,
“Pre-movement contralateral EEG low beta power is modulated with motor
adaptation learning,” ICASSP, IEEE International Conference on Acoustics, Speech
and  Signal Processing - Proceedings, pp. 934-938, 2017, doi:
10.1109/ICASSP.2017.7952293.

J. M. Fine, D. Moore, and M. Santello, “Neural oscillations reflect latent learning
states underlying dual-context sensorimotor adaptation,” Neuroimage, vol. 163, no.
September, pp. 93-105, 2017, doi: 10.1016/j.neuroimage.2017.09.026.

0. Sporns, Networks of the Brain. London, England, 2011.

J. Dauwels, F. Vialatte, C. Latchoumane, J. Jeong, and A. Cichocki, “EEG Synchrony
Analysis for Early Diagnosis of Alzheimer’s Disease: A Study with Several Synchrony
Measures and EEG Data Sets,” in Engineering in Medicine and Biology Society. EMBC
2009. Annual International Conference of the IEEE. 2009, 2009, pp. 2224-2227.

E. W. Lang, a M. Tomé, |. R. Keck, J. M. Gorriz-Sdez, and C. G. Puntonet, “Brain
connectivity analysis: a short survey.,” Comput Intell Neurosci, vol. 2012, no. iii, p.
412512, Jan. 2012, doi: 10.1155/2012/412512.

0. Sporns, Networks of the Brain. London, England, 2011.

D. Bassett and E. Bullmore, “Human brain networks in health and disease.,” Curr Opin
Neurol, vol. 22, no. 4, pp. 340—-347, 2009.

V. Sakkalis, “Review of advanced techniques for the estimation of brain connectivity
measured with EEG/MEG.,” Comput Biol Med, vol. 41, no. 12, pp. 1110-7, Dec. 2011,
doi: 10.1016/j.compbiomed.2011.06.020.

R. Nowak, C. Escera Micod, M. al. Corral Lopez, and F. Barceld Galindo, “7 —
Electroencefalografia y potenciales evocados,” in Neuroimagen. Técnicas y procesos
cognitivos, 2008, pp. 155—171. doi: 10.1016/B978-84-458-1776-6.50007-1.

C. J. Stam and E. C. W. van Straaten, “The organization of physiological brain
networks.,” Clin Neurophysiol, vol. 123, no. 6, pp. 1067-87, Jun. 2012, doi:
10.1016/j.clinph.2012.01.011.

E. Pereda, R. Q. Quiroga, and J. Bhattacharya, “Nonlinear multivariate analysis of
neurophysiological signals,” Prog Neurobiol, vol. 77, pp. 1-37, 2005, doi:
10.1016/j.pneurobio.2005.10.003.

P. Mitra and H. Bokil, Observed Brain Dynamics. New York: Oxford University Press,
2008.

P. P. Mitra and B. Pesaran, “Analysis of Dynamic Brain Imaging Data,” Biophys J, vol.
76, no. 2, pp. 691-708, 1999, doi: 10.1016/S0006-3495(99)77236-X.

J. P. Lachaux, E. Rodriguez, J. Martinerie, and F. J. Varela, “Measuring phase
synchrony in brain signals.,” Hum Brain Mapp, vol. 8, no. 4, pp. 194-208, 1999.

43



(57]

[60]

[64]

[65]

[67]

(68]

V. Sakkalis et al., “Assessment of linear and nonlinear synchronization measures for
analyzing EEG in a mild epileptic paradigm,” IEEE Transactions on Information
Technology in Biomedicine, vol. 13, no. 4, pp. 433-441, 2009, doi:
10.1109/TITB.2008.923141.

R. Quian Quiroga, A. Kraskov, T. Kreuz, and P. Grassberger, “Performance of different
synchronization measures in real data: a case study on electroencephalographic
signals.,” Phys Rev E Stat Nonlin Soft Matter Phys, vol. 65, no. 4 Pt 1, p. 41903, Apr.
2002, doi: 10.1103/PhysRevE.65.041903.

J. Jeong, J. C. Gore, and B. S. Peterson, “Mutual information analysis of the EEG in
patients with Alzheimer’s disease,” Clin.Neurophysiol., vol. 112, pp. 827-835, 2001,
doi: 10.1016/51388-2457(01)00513-2.

C. M. Michel and D. Brunet, “EEG source imaging: A practical review of the analysis
steps,” Front Neurol, vol. 10, no. APR, 2019, doi: 10.3389/fneur.2019.00325.

F. Maestu, E. Pereda, and F. del Pozo, Conectividad funcional y anatdomica en el
cerebro humano, Elsevier. Barcelona, 2015.

R. Ramirez, “Source localization,” Scholarpedia, vol. 3, no. 11, p. 1733, 2008, doi:
10.4249/scholarpedia.1733.

H. Buchner et al., “Inverse localization of electric dipole current sources in finite
element models of the human head,” Electroencephalogr Clin Neurophysiol, vol. 102,
pp. 267-278, 1997, doi: 10.1016/S0013-4694(96)95698-9.

J. Onton and S. Makeig, “Information-based modeling of event-related brain
dynamics,” Prog Brain Res, vol. 159, pp. 99-120, Jan. 2006, doi: 10.1016/S0079-
6123(06)59007-7.

N. Langer, C. C. von Bastian, H. Wirz, K. Oberauer, and L. Jancke, “The effects of
working memory training on functional brain network efficiency.,” Cortex, vol. 49, no.
9, pp. 2424-38, Oct. 2013, doi: 10.1016/j.cortex.2013.01.008.

S. Lasaponara et al., “Increased Alpha Band Functional Connectivity Following the
Quadrato Motor Training: A Longitudinal Study,” Front Hum Neurosci, vol. 11, no.
June, pp. 1-12, 2017, doi: 10.3389/fnhum.2017.00282.

W. Kong, Z. Zhou, B. Jiang, F. Babiloni, and G. Borghini, “Assessment of driving fatigue
based on intra/inter-region phase synchronization,” Neurocomputing, vol. 219, no.
August 2016, pp. 474-482, 2017, doi: 10.1016/j.neucom.2016.09.057.

Y. Sun, J. Lim, J. Meng, K. Kwok, N. Thakor, and A. Bezerianos, “Discriminative Analysis
of Brain Functional Connectivity Patterns for Mental Fatigue Classification,” Ann
Biomed Eng, vol. 42, no. 10, pp. 2084—2094, 2014, doi: 10.1007/s10439-014-1059-8.

44



3 NEUROPHYSIOLOGICAL CHANGES ASSOCIATED WITH TRAINING
IN LAPAROSCOPIC SURGERY USING EEG: A PILOT STUDY

Published as: J. X. Sudrez-revelo, J. F. Ochoa-gémez, A. M. Hernandez-valdivieso, J. X. Suarez-
Revelo, J. F. Ochoa-Gomez, and A. M. Hernandez-Valdivieso, “Neurophysiological changes
associated with training in laparoscopic surgery using EEG: A pilot study,” Proceedings of the
Annual International Conference of the IEEE Engineering in Medicine and Biology Society,
EMBS, pp. 4572-4575, 2019, doi: 10.1109/EMBC.2019.8856980.

Journal: Annual International Conference of the IEEE Engineering in Medicine and Biology —
Proceedings.

Quartile: Q3

Impact Factor: 1.04

Abstract: Laparoscopy is a minimally invasive technique that requires surgeons to acquire
special motor skills derived from an extensive training. This work focuses on exploring the
neurophysiological changes associated with motor learning. Electroencephalographic (EEG)
signals were recorded from eight subjects while performing a bimanual coordination task in
a laparoscopic simulator. Spectral power measurements in theta, alpha and beta bands
during four training sessions were calculated. Power indices, task score and perception of
mental workload were evaluated using analysis of variance to show the effect of training
session. Results show improvements in task performance and changes in power
measurements associated with the training process. This work opens the possibility to assess
the training performance of surgical residents using electrophysiological recordings.

3.1Introduction

Laparoscopic surgery has become the standard for patients who need surgical intervention
at the abdominal level [1]. Laparoscopy requires that the surgeon and his assistants acquire
special skills, related to depth perception and video-hand-eye coordination, mainly
associated with a long learning curve and extensive training [2]. The training of basic skills
including psychomotor performance, depth perception and spatial judgment can be carried
outinlaboratories with help of models and simulators [3]. Virtual reality simulators represent
a safe, ethical and repeatable option for training programs since they avoid injuries to the
patient, reduce costs associated with the use of cadavers and animals, and offer the
possibility to repeat surgical procedures as many times as necessary to learn them correctly,
while offering the review of the procedures performed [4], [5]. The assessment of surgical
training is a research field in growth [6], [7], and the use of a tool that allows to quantify the
performance and learning progress of the residents helps to improve the learning experience
and the training program [8]. The acquisition of surgical skills involves many aspects to
evaluate such as: performance [9], [10], ergonomics [11], stress or fatigue, and cognition
[12]. Cognition encompasses a series of processes of perception, attention, processing of

45



information, storage and retrieval of this information at the appropriate time to make a
decision and execute a movement [13]. Thus, an interesting question is to know if it is
possible to track the neurophysiological changes underlying the skill acquisition. The
foregoing will provide additional and objective evidence related to the acquisition of a skill
during the training phase.

Brain electrical activity measured by electroencephalography (EEG) is one of the most useful
tools, since it provides the temporal resolution required to follow brain activity throughout
the execution of a task [14]. Several applications has proven its effectiveness such as training
in flight simulators and air traffic controllers [15], [16]. Studies have shown that theta and
alpha frequency bands are related to the learning process. Theta band has been linked to
memory consolidation processes [17]. Particularly, the increase of cognitive effort during the
performance of a task has been related to an increase in theta power [18]. Likewise,
variations in this frequency band have been found mainly in frontal regions [16], [19]. The
alpha band has been related to the level of attention. Suppression of alpha is associated with
an increase in focused attention (particularly in visual stimuli) on posterior regions [20]. In
addition to the two previous bands, it is important to consider beta rhythms, modulated
during cognitive tasks that require sensorimotor interaction [21]. Principally on central
regions (supplementary motor area - SMA) [22]. With this work we attempt to carry out an
exploratory study of neurophysiological, performance and behavioral measures during
students training in a laparoscopy virtual reality simulator based on the previously reported
frequency bands that change during training. We recorded EEG signals while subjects
executed a task of bimanual coordination in the simulator and spectral power measurements
in theta, alpha and beta bands were extracted. We evaluated the effect of the training
session over variation of power indices, task performance and perception of mental
workload.

3.2 Methodology

3.2.1 Subjects and experimental protocol

Eight healthy volunteer subjects (23 + 3.6 years old, right handed, 5 females) from
Bioengineering program of Universidad de Antioquia participated in this study. Informed
consent approved by the bioethics committee of the Universidad de Antioquia was obtained
from all participants. Subjects had no knowledge in laparoscopy, neither prior contact with
the VR simulator LapSim® (Surgical Science Ltd., Goteburg, Sweden). The experimental
protocol consisted in subjects learn to execute tasks in the simulator, during 4 sessions
training, one per week. In each session, subjects performed three repetitions of the task, and
the EEG recording was done during the first execution. At the end of each session, volunteers
were asked to fill the National Aeronautics and Space Administration-Task Load Index (NASA—
TLX) questionnaire [23], in order to assess the perception of the workload across the training
sessions. The workload score (ranging O — 100) was calculated as combination of six factors
which include Mental Demand, Physical Demand, Temporal Demand, Performance, Effort
and Frustration.
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3.2.2 LapSim training

LapSim® Haptic System is a virtual reality laparoscopic simulator that contains Basic Skills,
Task Training and Camera Anatomy Training modules. Coordination task of the Basic Skills
module was selected for the study. Participants hold the camera with left hand and the
instrument with right hand, then they have to search out ten appearing objects, lift them
with the instrument and transfer them to a bag (Figure 3.1). Default settings of the exercise
were used. The overall score (%) was calculated based on parameters such as total time of
execution, errors, instrument out of sight, path length instruments and tissue damage.

o
§

Py Move the gallstone into the target bag.

Figure 3-1. LapSim coordination task.

3.2.3 EEG recording and pre-processing
Electroencephalographic signals were recorded using Natus® Quantum™ (Natus Neurology
Incorporated, Winsconsin, USA) amplifier with a sampling frequency of 1024 Hz. A cap with
64 AgCl electrode with mastoid bone reference was used.

The pre-processing pipeline used in this paper has been applied in a previous work showing
good test-retest reliability [24]. First, PREP [25] pipeline was used to remove 60 Hz noise line
and to apply a robust average reference where bad channels are detected and interpolated.
Then, data were filtered using a high pass filter (4 Hz) with the eegfiltnew EEGLAB function
[26] to eliminate the noise produced by subject movement. Filtered data were segmented in
2s epochs and ICA enhanced by wavelet (wICA) analysis was done to correct eye blinks and
muscular artifacts in each epoch [27]. Finally, a low-pass filter (50 Hz) was applied to remove
high frequency noise.

3.2.4 EEG power analysis
Relative power in theta (4 — 8 Hz), upper alpha (10 — 13 Hz) and beta2 (18 — 21 Hz) bands
was computed over the first 16 artifact-free epochs in each recording. This number of epochs
refers to the shortest execution time (~32 s) of the task among all subjects and sessions. The
above was chosen to avoid the influence of the recording length on the analysis. Power
spectral measures were computed using the MATLAB Chronux toolbox and the multitaper
spectral estimation method [28]. Relative power mean values over frontal region (AF3, AF4,
F5, F3, F1, FZ, F2, F4, F6) for theta, posterior region (CP5, CP3, CP1, CPZ, CP2, CP4, CP6, P5,
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P3, P1, PZ, P2, P4, P6) for alpha, and central region (C5, C3, C1, CZ, C2, C4, C6) for beta band
were selected for the analysis. The previous electrode groups were chosen according to the
previous literature described in the first section [16], [19]—-[21].

3.2.5 Statistical analysis

Five one-way repeated measures ANOVA analysis were used to evaluate the effect of training
session (4 levels) on overall task score, NASA-TLX score, frontal theta, posterior alpha, and
central beta (significant p-value < 0.05). The normality of the data was verified using the
Kolmogorov-Smirnov test. Mauchly’s test was used to assess the sphericity assumption and
Greenhouse-Geisser correction was employed when the assumption was not met. Marginal
means comparisons were performed with p-values corrected by means of Bonferroni
method.

3.3 Results

3.3.1 Task performance
ANOQVA analysis shows significant effect of training session on total score (F (3,21) = 12.454;
p = 0.000; n? = 0.640). Post-hoc analysis shows a significant increase in the score from first
to second session and between first and fourth session (Figure 3.2).

Total Score

100

90

80

Estimated Marginal Means

70

1 2 3 4
Session
Figure 3-2. Means of total score task. With * is indicated the sessions in which score presented statistically significant
differences (p < 0.05, corrected for multiple comparisons).

3.3.2 EEG power measures
ANOVA analysis on frontal theta band shows a significant effect of training session (F (3,21)
= 3.243; p = 0.043; n? = 0.317). There is a significant increase of power in second training
session compared to the first session (Figure 3.3). Regarding posterior alpha, the analysis also
shows significant effect of training session (F (3,21) = 5.790; p = 0.005; n? = 0.453). Here,
there s a significant power increase from first to fourth session (Figure 3.4). Finally, in central
beta results show a significant effect of training session (F (3,21) = 4.230; p = 0.017; n? =
0.377), and a significant power decrease is observed between sessions 1 and 4 (Figure 3.5).
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Figure 3-3. Means comparision of frontal theta power. * indicates the sessions in which power presented statistically

significant differences (p < 0.05, corrected for multiple comparisons).

Posterior Alpha
: ni
Z 0.160
3
=
= —
= 0.140
= 0.1
-
=
=
'§ 0.120
= .
E
= 0.100 —
1 2 3 4
Session

Figure 3-4. Posterior alpha power. A significant increase between 1 and four training session was found (p < 0.05,
corrected for multiple comparisons).
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Figure 3-5. Means of central beta power. * indicates the sessions in which a statistically significant difference was
presented (p < 0.05, corrected for multiple comparisons).

3.3.3 Perceived workload index

ANOVA analysis does not show a significant effect of training session on workload total score
(F (3,21) = 1.964; p = 0.156). However, as shown in Figure 3.6 it is observed a decrease in

workload index throughout the training sessions.
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Figure 3-6. NASA- TLX total score. ANOVA analysis does not show significant effect of training session.

3.4 Discussion

In this work we described neurophysiological changes related to training in a laparoscopic
surgery simulator. We explored power spectral measurements in theta, alpha and beta
bands, performance and workload index through four training sessions of a bimanual
coordination task. The results show that the score obtained in the task improves with training
session from second session and reaching the highest score in the last one. EEG analysis show
changes related to training in theta, upper alpha and beta2 bands. Frontal theta increases
from first to second training session, posterior alpha increases between first and fourth
session, and central beta decreases from first to fourth session.

Variations in frontal theta and parietal alpha have been found in flight training using
simulation [16], [19], [29]. These changes show an increase in theta power on the first
training sessions, followed by a decrease when an optimum level of performance is reached.
On the contrary, in alpha band is observed a decrease at the beginning of training followed
by anincrease in the last sessions. The findings show as in the early stages of learning (session
2), considerable cognitive activity is required (reflecting the increase in theta band), where
the subject is trying to find out how to achieve the task. In the following sessions, the
allocation of cognitive resources changes and the subject can direct his attention towards
the performance rather than the strategy [30]. It has been shown that during motor learning
the neural processes shift from the cortical areas to subcortical area such as basal ganglia for
the automated process [31]. This automation means that it will take less attention resources,
which may indicate the progressive increase in alpha band. Upper alpha rhythms are related
to cognitive processing of stimuli, and the power decrease is related to its disinhibitory action
to enable the processing of information [21]. This shift of activation to subcortical regions
may also explain the decreases in beta waves over cortical regions. Walz et al. using fMRI
found that long-term hand motor training leads to a decrease in the cortical motor area
activation and an increase in cerebellar and striatum activation [32]. Although our results
show a relationship with the previous literature, it is important to consider the limitations of
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the EEG technique in terms of spatial resolution, which would not make it comparable with
fMRI studies. However, analysis like inverse solutions can be applied to improve the special
resolution and anatomically locate the activity generated by brain sources [33]. Also, it
should be noted that EEG spectral measurements reflect the activation or deactivation of
brain regions during the development of a task. However, the brain is an extremely complex
system that involves a network of interacting subsystems [34]. Therefore, it is required
investigation of brain networks and connectivity patterns related to surgical training.

Our work is just an exploratory study aimed to show changes in spectral EEG measurements
during training in a laparoscopic simulator. An investigation with a larger number of subjects,
in this case residents of surgery, and with deeper quantitative analyzes such as functional
connectivity over cortical areas will be carried out.

3.5 Conclusion

The training processes of surgery residents do not have quantitative measures to evaluate
the cognitive state of the trainees. Changes in neurophysiological measures have been
shown to be related to the processes of learning and acquisition of motor skills. Using
spectral measurements in EEG, this work shows significant changes in frequency bands
related to motor training. Future analyzes should include the study of the sources that cause
the neuronal activation and the interaction between the brain regions involved.
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4 CHANGES IN ELECTROCARDIOGRAPHIC SIGNALS DURING
TRAINING IN  LAPAROSCOPIC  SURGERY  SIMULATOR: A
PRELIMINARY REPORT

The following study shows an exploratory analysis of changes in HR for the LapSim training
of an initial sample of surgical residents. According to the exposed antecedents, it was
considered to evaluate the effects of gender, together with the training session and the
difficulty of the task. Results found show a variation of HR with task difficulty level exhibiting
an increased HR in peg transfer task. Although HR measurements were normalized with
resting condition, high variability was observed in the data, which makes it difficult to find
statistically significant differences across sessions.

Regarding the HRV analysis, an appendix to this chapter shows the analyzes carried out.
Estimation of spectral density was made from the RR signals obtaining normalized LF, HF and
ratio LF/HF measurements. However, no statistically significant changes were obtained with
training sessions. The main limitation of these analyzes may be in the recording length
obtained, since according to the literature, HRV analysis is performed on long-term
recordings (24 h), although it is possible to have short-term segments of 5 min. Our
recordings length was, on average, of 1 min for coordination, 1.3 min for grasping and 3.5
min for peg transfer task.

Published as: Suarez-Revelo, J.X., Ruiz-Duque, A., Toro, J.P., Mejia-Bueno, A.M., Hernandez-
Valdivieso, A.M.: Changes in Electrocardiographic Signals During Training in Laparoscopic
Surgery Simulator: A Preliminary Report. Applied Computer Sciences in Engineering. WEA
2018. Communications in Computer and Information Science. 916, 279-289 (2018).
https://doi.org/10.1007/978-3-030-00353-1 25

Book: Applied Computer Sciences in Engineering.

Abstract. The aim of this work is attempting to identify physiological characteristics of the
learning process in surgery residents. As an exploratory approach, we are interested in
determining statistically significant changes in electrocardiographic (ECG) signals recorded
while a group of eleven first year general surgery residents were performing three basic skills
tasks from the virtual reality (VR) laparoscopic simulator LapSim®. These signals were
processed and heart rate (HR) was calculated to analyze it along with the overall score for
each exercise. Statistical analysis was performed by means of analysis of variance showing
the effects of training session, difficulty of the task and participants gender on heart rate and
performance. Our preliminary experimental results show that the score obtained in the tasks
improves with training session, being in the women where significant changes occur. HR
analysis showed that it increases with the complexity of the task. Besides, the effect of
gender on HR showed that in male group there were the significant changes with the
difficulty of the task, and a decrease with the training session in the intermediate level of
difficulty task.
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4.1 Introduction

Laparoscopic surgery has become the first option to performing surgeries that involve the
abdominal cavity [1]. This minimally invasive technique implies a lower incidence of
complications such as risk of infection, pain and difficulties in patient recovery [2].
Laparoscopy requires the surgeon to acquire special skills and abilities to operate without
tactile and depth perception [3]. In order to preserve patient safety and reduce medical
errors, apprentices must receive an adequate training in which they acquire basic skills
before arriving in the operating room [4], [5].

It has been shown that skill training such as psychomotor performance, depth perception
and spatial judgment does not depend on the operating room and can be done in
laboratories with the help of models and simulators [6], [7]. Virtual reality (VR) simulators
have become an important part of training for being a safe, ethical and repeatable alternative
[8], [9]. Its use produces objective measures of performance, allows feedback to students,
and does not require regular supervision [10].

There is a rising interest in the assessment of surgical and performance skills in laparoscopy
during the surgeon's training process [11]. Acquisition of surgical competence is a complex
and multifactorial process that can take years of experience and training [1]. Having a
guantitative evaluation tool that qualifies the performance and progress of the students
allows improving the learning experience and reducing failures of the training program [12].
The assessment of residents training involves several aspects including technical skills
acquisition through the supervision of an expert [13], [14]; interaction with instrumental
using tracking systems of optical, electromagnetic or mechanical monitoring [15]; and
behavioral aspects like cognition, stress or fatigue [16], [17]. One of the above aspects, the
evolution of cognitive performance throughout learning process, has not been approached
in an effective way since it does not include quantitative strategies [18].

Analysis of physiological signals such as electrocardiography (ECG) allows to objectively
evaluate the mental state under which the subject is performing an activity [19]. It has been
seen that variations in heart rate (HR) can be related to the variation of emotional states.
During training in flight simulation tasks, a reduction of the HR was found through the
training sessions [20]. It has also been found that heart rate is lower in experts than in novices
during the performance of a military training task. Additionally, an increase of HR in both
groups has been also reported when going from a resting to task condition. The difficulty of
a task also seems to be directly related to an increase in HR [21].

By acquisition of ECG recordings from surgery residents during training sessions in a VR
simulator, we attempted to identify physiological features of the learning process. The goal
of the current study is to explore changes in residents' ECG signals through training sessions
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and tasks. The obtained results show effects of training session and participants gender on
their tasks performance, and an effect of task difficulty and gender on changes in heart rate.

4.2 Materials and Methods

4.2.1 Participants

A total of eleven young healthy adults (5 females, 6 males; 9 right handed; mean age: 28 +
2.9 years, no significant differences in age between men and women) first year general
surgery residents in the Universidad de Antioquia participated in the study. Subjects had no
significant prior knowledge in laparoscopic surgery, neither previous contact with the VR
simulator. The nature of the study was explained to all subjects prior to enrolment, they gave
written informed consent approved by the bioethics committee of the Universidad de
Antioquia. In addition, they were asked if they had skills in other domains (arts, music, video
games).

In order to maintain uniform conditions for quantitative evaluation training, volunteers were
asked to avoid alcohol at least 12 hours before each session, as well as to avoid smoking,
caffeine, tea, heavy meals right before the experiments; likewise, they were asked to avoid
extreme movements over the entire experimental protocol.

4.2.2 Experimental protocol

The experimental protocol consisted in four training sessions developed one every week. In
each session volunteers performed three basic skills tasks in the VR laparoscopic simulator
LapSim® (Surgical Science Ltd., Goteburg, Sweden). Instructions have been provided to each
subject on the first day of training. In order to investigate possible trends and changes of the
physiological signals across the experimental sessions, heart electrical activity was recorded
using a biopotential amplifier. Each session consisted in three repetitions (a total of 12
repetitions at the end of the study) of the same tasks series in which the volunteers also were
evaluated with the LapSim® measurements. Nevertheless, physiological signals were
recorded only in the second repetition of each session, furthermore before LapSim®
exercises recordings, subjects were recorded in resting condition for 2 minutes. They were
in standing position in front of the simulator looking at a blank screen. Figure 4.1 shows a
general schema of the experimental protocol, in which can be observed the repetitions
where ECG signals were recorded.
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Figure 4-1. Experimental protocol. Each square represents a set of three tasks.

4.2.3 Signals acquisition
Electrocardiographic signals (ECG) have been recorded by the digital monitoring system
Natus® Quantum™ (Natus Neurology Incorporated, Winsconsin, USA) at a sampling
frequency of 1024 Hz. Electrodes were placed in Lead Il and referenced to the right mastoid
bone.

4.2.4  LapSim Tasks

LapSim® Haptic System is a virtual reality laparoscopic simulator that comprehends a
LapCam, a separate laparoscope, a Basic Skills training package containing Basic Skills, Task
Training and Camera Anatomy Training modules. Three tasks with incremental difficulty
grade were selected according to the LapSim® Basic Skills and Task Training modules. Each
assignment was explained and shown to the participants at the beginning of the first session,
due to volunteers had no prior contact with the simulator. The default design of each
exercise was determined by the software. The overall score (%) for each exercise was
evaluated against predefined parameters based on tissue damage, maximum damage, span
time, angled or straight navigation, etc. Figure 4.2 shows three selected exercises that
included:

Coordination. This task combines the use of the camera and one instrument. It requires the
participant to hold the camera with one hand and locate ten randomly appearing objects,
pick them up with the instrument and transfer them to a target that appears instantaneously.

Grasping. This is an intermediate-level task that involves grasping six vertical pipes or
appendices, pull them from the ground and transport them to a target with alternating
hands.

Peg transfer. In this exercise the workspace consists of a board with 12 pegs (two sets of six

pegs each one) and six rings. The task requires the user to lift each ring from a peg, then
transfer it between hands and place it in a designated peg on the other set.
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Figure 4-2. LapSim® task. A: Task 1: coordination. B: Task 2: grasping. C: Task 3: peg transfer.

4.2.5 Signals Processing

The first step was decimation of the ECG signals to a sampling frequency of 256 Hz as well as
digitally band-pass filtered by a 4th order Butterworth filter (low-pass filter cut-off frequency:
50 Hz, high-pass filter cut-off frequency: 0.8 Hz) [22]. Once the pre-processing stage was
achieved, it was applied a peaks-detection algorithm to iden-tify the number of beats per
minute, then HR was calculated by the mean beat per minute from each signal on every
recording and finally HR obtained values were normalized with reference to the resting
condition.

4.2.6 Statistical analysis

A statistical analysis was accomplished in order to evaluate changes in heart rate and
performance in the simulator tasks through the total score obtained in each one. Data were
analyzed with the Statistical Package for the Social Sciences version 25 (SPSS, Chicago, IL).
For HR analysis a mixed design ANOVA was used with gender (2 levels) as inter-subject factor,
and training session (4 levels) and task (three levels) as intra-subject factors. Global score
was analyzed using a mixed design ANOVA with gender as inter-subject factor and training
session as intra-subject factor for each task. The sphericity assumption was tested with
Mauchly’s test, and Greenhouse-Geisser correction was used in cases where the assumption
was not met. A p-value < .05 was considered statistically significant. Marginal means
comparisons were carried out without correcting the p-values due to the exploratory nature
of the study.

4.3 Results

4.3.1 LapSim® Task Score
Table 4.1 shows the results of the ANOVA for the global scores obtained in each task. Tasks
1 and 2 had a significant effect of session and the interaction session x gender factors, which
indicates that the score obtained in the tasks through the sessions be-haves differently in
men and women. In the task with the highest level of difficulty (task 3), analysis showed only
significant effect of session, indicating that there are not differences in the evolution of task
performance according to gender.
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Table 4-1. ANOVA results for global score.

Task Significant effect F p-value | n2
Task 1 Gender F(1,9)=0.593 0.461 | 0.062
(Coordination) Session F(3,27)=15.856 | 0.001 | 0.638
Session x Gender | F(3,27)=4.452 | 0.048 | 0.331
Task 2 Gender F(1,9)=3.195 0.107 | 0.262
(Grasping) Session F(3,27)=17.298 | 0.000 | 0.658
Session x Gender | F(3,27)=3.376 | 0.033 | 0.273
Task 3 Gender F(1,9)=0.003 0.958 | 0.000
(Peg Transfer) Session F(3,27)=6.972 | 0.001 |0.437
Session x Gender | F(3,27)=0.183 | 0.907 | 0.020

Analysis of mean comparisons show significant differences between training sessions for
women in tasks 1 and 2, and at a general level in task 3 (see Figure 4.3). For easy and
intermediate tasks, there are significant differences between session 1 with sessions 2, 3 and
4, and between session 2 and session 4. These differences show an increase in the score
from session 2 (compared with session 1) and a subsequent increase in session 4 (compared
with session 2). On the other hand, for the most difficult task, the significant differences are
between session 1 with sessions 3 and 4, and session 2 with session 3. The above indicates
that the score improves significantly after the third training session. It is important to note
that there were no significant differences between men and women in any session for any

task.
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Figure 4-3. Estimated marginal means for global score. Significant differences are marked with black lines. In tasks 1 and
2 differences between sessions were in female group. Differences in task 3 occurred at a general level (linking groups of
men and women).

4.3.2 Heart Rate
The results of the ANOVA test for the normalized heart rate are shown in Table 4.2. A
significant effect of the task and task x gender was found, no significant effects of session
were found. Figure 4.4 shows HR through the training sessions for the three tasks for each
gender group. In male group, task 3 had higher HR compared to the other two tasks (easy
and intermediate level) throughout all sessions. When comparing between sessions, no
significant differences were found in any task for women group. For men group, there was a
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significant decrease in HR from session 2 to session 3 in task 2. Comparing means between
men and women, there were no significant differences in any session for any task.

Table 4-2. ANOVA results for HR.

Significant effect F p-value | n2
Session F(3,27)=0.182 | 0.908 | 0.020
Gender F(1,9)=1.125 0.316 | 0.111

Session x Gender F(3,27)=0.696 | 0.563 | 0.072

Task F(2,18)=7.974 | 0.003 | 0.470

Task x Gender F(2,18)=4.510 | 0.026 | 0.334
Session x Task F(6,54)=0.860 | 0.530 | 0.087
Session x Task x Gender | F (6,54) =0.933 | 0.479 | 0.094
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Figure 4-4. Estimated marginal means for normalized heart rate. In male group, significant differences were found in
sessions 2 and 3 for task 2 (marked with a yellow line), and task 3 showed the highest HR in all sessions (marked with
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4.4 Discussion

This paper describes the results of changes in heart rate obtained through training sessions
of surgery residents using a laparoscopic surgery simulator. As a preliminary study, we
decided to perform an exploration of the data, by means of analysis of variance showing the
effects of training session, difficulty of the task and participants gender on heart rate and
performance.

The results show that the score obtained in the tasks improves with training session, but that
it does not have the same behavior for both genders, being in the women where significant
changes occur. Additionally, it is shown that for tasks with easy and intermediate level of
difficulty, improvement in performance is achieved since the second session, while for the
task of greater difficulty more training sessions could be required to improve.

In the acquisition of surgical skills, male medical students performed better and studies
found the greatest gender differences in the visuospatial abilities and speed. However,
surgical training eliminated initial gender differences [23]. There may also be a cultural
influence, as males may be more likely to have played video and ball games during their
childhood, which could help develop their visuospatial abilities [24], [25].

In our study, all male participants have affirmed they played video games some-times or
always, instead of female volunteers, where only two of them have said they play sometimes.
Thus, significant differences between training sessions for women global scores in tasks 1
and 2, may be due they were acquiring new visuospatial skills that men had acquired while
playing video games.

Grantcharov et al. [26] evaluated the influence of factors such as gender, hand dominance
and experience with computer games in surgeons performance using a VR laparoscopic
surgery simulator. They found that men take less time to complete tasks and subjects who
used computer games had fewer errors than those who did not use them. In addition, they
showed that right-handed subjects performed fewer unnecessary movements. In our study
we do not consider differences in hand dominance since only two residents (one woman and
one man) were left-handed. Likewise, due to the shortage of residents with previous
experience using video games, we do not consider the effects of this variable. We hope that
for future analysis we can count with more subjects to also analyze the influence of these
factors.

Regarding to heart rate analysis, it was found that HR increases with the complexity of the
task. The effect of gender on HR showed that in male group there were significant changes,
increases in HR with the difficulty of the task, and a decrease with the training session in the
grasping task (intermediate level of difficulty). The male participants showed a high level of
HR in task 3 compared to the other two tasks (easy and intermediate level) throughout all
sessions; while in female participants no significant differences were found in any task.
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The increase in HR with the difficulty of the task is consistent with previous studies [21]. A
greater difficulty in the task increases participant’s effort to deal with the task demands and
this leads to an increase in the mental workload [27], and the mental workload can increase
the heart rate [28]. However, a decrease in HR was also expected with the training session
and the results obtained were not significant, there is not effect of session on HR. This may
be due to the great variability observed in the measurements, both for men and for women
groups, even though measurements were normalized by the resting condition. Perhaps,
analysis of other signal characteristics such as heart rate variability (HRV) may show better
indications, since this is an indirect measure of the autonomic nervous system and it has seen
its association with stress [29]. Future studies should include this analysis.

4.5 Conclusion

This work showed an initial exploratory analysis of performance and heart rate data obtained
during four training sessions in a laparoscopic surgery simulator of general surgery residents.
Our results showed changes in the performance of the task influenced by the training session
and gender, indicating that a better performance is achieved in both men and women. The
analysis of physiological signals showed an increase in the heart rate associated with the
difficulty of the task, but not a decrease with the training session. From these changes, future
studies should include analysis of more variables such as HRV, factors such previous
experience with video games and hand dominance, as well as other performance features,
such as span time and errors, which can be correlated better with the gender differences
found here. Our results suggest that it is possible to develop a quantitative surgical training
assessment from analysis of performance and physiological signals.
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4.8 Appendix: HRV analysis

4.8.1 HRV estimation

Figure 1 shows a scheme of the steps performed to extract HRV measurements. HRV analysis
is performed from the RR signal obtained with a peak detection algorithm. The RR signal is
cleaned by removing and interpolating outliers (values with a deflection greater than 3
standard deviations from the mean value). Subsequently, the computation of power spectral
density is performed using the Welch periodogram. Power values are extracted in low
frequency (LF: 0.04-0.15 Hz) and high frequency (HF: 0.15-0.4 Hz) ranges, the LF/ HF ratio is
also obtained. These values were normalized by the resting condition of each session.
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Figure 5. Workflow for the estimation of HRV measurements.

For each of the measures of LF, HF, and LF/HF ratio in each task, a repeated measures ANOVA
of 2 factors was performed: Session (4), Gender (2) with a comparison of marginal means (p-
values without correct). Sphericity assumption was tested with Mauchly’s test, and
Greenhouse-Geisser correction was used in cases where the assumption was not met. A p-
value <.05 was considered statistically significant.

4.8.2 Results
Table 1 shows the results obtained for LFn measurement. No significant interaction effects
between session and gender were found for any of the tasks. However, for the coordination
task a significant effect of gender was found, and for women, a significant decrease in LF
from session 1 to sessions 2, 3 and 4 was found (Figure 2).
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Table 3. ANOVA results for LFn

Task Effect F P-value
Gender F(1, 15) =4.851 0.044

Coordination Session F(1.554, 23.308) = 2.887 0.087
Session x Gender | F(1.554,23.308)=1.773 0.196

Gender F(1, 15) = 2.879 0.110

Grasping Session F(3, 45) =0.688 0.564
Session x Gender F(3,45)=0.718 0.546

Gender F(1, 15) = 2.543 0.132

Peg transfer Session F(3, 45)=0.719 0.546
Session x Gender F(3, 45) =0.315 0.814

Coordination Grasping Peg transfer

1 1 =~ ‘ 3 |

Session

Figure 6. Estimated marginal means for LFn.

Table 2 shows the results obtained for HFn. No significant interaction effects between
session and gender were found for any of the tasks, neither significant effect of gender nor
session. In multiple comparisons, a significant decrease from session 2 to session 3 in women

was found (Figure 3).

Table 4. ANOVA results for HFn

Task Effect F P-value
Coordination Gender F(1, 15)=1.333 0.266
Session F(1.089, 16.333) = 0.862 0.468
Session x Gender | F(1.089, 16.333)=1.261 0.283
Grasping Gender F(1,15) =0.584 0.457
Session F(1.056, 15.846) = 0.768 0.401
Session x Gender | F(1.056, 15.846) = 0.964 0.346
Peg transfer Gender F(1, 15) =0.009 0.926
Session F(1.668, 25.017) = 1.098 0.339
Session x Gender | F(1.668, 25.017) =0.823 0.431
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Figure 7. Estimated marginal means for HFn.

Table 3 shows the results obtained for LF/HF ratio. No significant interaction effects were
found. For peg transfer task, a significant effect of gender was found. In multiple
comparisons, a significant decrease from session 1 to session 2 and 3 was found for men and
women in grasping task (Figure 4).

Table 5. ANOVA results for LF/HF

Task Effect F P-value
Coordination Gender F(1, 15) =3.719 0.073
Session F(1.643, 24.644) =0.796 0.440

Session x Gender | F(1.643, 24.644) =0.228 0.755

Grasping Gender F(1,15) = 2.482 0.136
Session F(1.240, 18.604) = 1.435 0.254

Session x Gender | F(1.240, 18.604) =1.177 0.305

Peg transfer Gender F(1,15)=5.188 0.038
Session F(3,45)=0.514 0.675

Session x Gender F(3,45)=1.916 0.141

Coordination Grasping Peg transfer

Estimated Marginal Means
Estimated Marginal Means

Estimated Marginal Means

Session Session . ——

Figure 8.Estimated marginal means for LF/HF.
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5. CHANGES IN BRAIN ACTIVITY OF TRAINEES DURING
LAPAROSCOPIC SURGICAL VIRTUAL TRAINING ASSESSED WITH
ELECTROENCEPHALOGRAPHY

The main challenge of this thesis was to extract neuronal activity from the recorded signals.
In any kind of setting (stationary or mobile), EEG recordings are contaminated with noise that
must be removed so data can be correctly interpreted. In the pilot test (chapter 3), a signal
pre-processing involving robust referencing, filtering and ocular and muscular artifacts
remotion by wavelet ICA was initially considered. Although this pipeline cleans the signals
obtained at the channel level, the question remains whether the resulting data corresponds
to neuronal activity. This is how spatial filters methods such as ICA were chosen, which allows
differentiating between the different sources that integrate EEG recorded. Additionally,
source localization techniques such as dipole model, allow us to locate the neural sources.
Although experiment conditions do not allow us to evaluate specific cognitive processes, we
might associate certain brain areas with processes involved in training motor skills. With the
analysis carried out in this chapter, it was possible to extract neuronal components such as
frontal midline theta and parietal alpha related to working memory, mental workload and
visual attention, and evaluate activation changes associated with tasks training.

Published as: J. X. Sudrez, K. Gramann, J. F. Ochoa, J. P. Toro, A. M. Mejia, and A. M.
Hernandez, “Changes in brain activity of trainees during laparoscopic surgical virtual training
assessed with electroencephalography,” Brain Research, vol. 1783, p. 147836, May 2022,
doi: 10.1016/j.brainres.2022.147836.

Journal: Brain Research.
Quartile: Q2
Impact Factor: 3.252

Abstract

Objective: Evaluate changes in brain activity of trainees during laparoscopic surgical training
from electroencephalographic (EEG) signals in an ecological scenario with few restrictions
for the user.

Design: Longitudinal study with two follow-up measurements in the first and last session of
a 4-week training with LapSim laparoscopic surgery simulator. Variables analyzed include
EEG neuronal activations in theta and alpha bands, tasks performance measures, and
subjective measures such as perception of mental workload.

Setting: Medical School, Universidad de Antioquia, Medellin, Colombia.

Participants: First-year surgical residents (n = 16, age = 28.0 + 2.6 years old, right-handed, 9
females)

Results: Significant improvements in tasks performance were found together with changes
in neuronal activity over frontal and parietal cortex. These changes were also correlated with
task performance through training sessions.
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Conclusions: The use of neurophysiological measures such as electroencephalography
combined with source separation techniques allows evaluating neural changes associated
with motor training. The experiment proposed in this work establishes less controlled
recording conditions leading to a more realistic analysis scenario to cognitive assessment in
residents training.

Keywords
Electroencephalography, Independent Component Analysis, Laparoscopic Surgery,
Simulation Training, Quantitative Evaluation

5.1Introduction

Due to the adverse effects linked to operator errors (Kohn et al.,, 1999) and the cost
associated with surgeons training in the operating room (Bridges and Diamond, 1999),
greater emphasis has been placed on surgical teaching inside laboratories. Learning basic
skills such as hand-eye coordination, depth perception and spatial judgment can be carried
out with help of models and simulators (Tsuda et al., 2009). Virtual reality (VR) simulators
represent a safe, ethical and repeatable alternative for training programs since they avoid
injuries to the patient, reduce costs associated with the use of cadavers and animals, and
offer the possibility to repeat surgical procedures as many times as necessary to learn them
correctly, while offering the review of the procedures performed (Alaker et al., 2016;
Sabench Pereferrer et al., 2013).

Quantifying the performance and learning progress of medical residents helps to improve
the learning experience and the training program (Usén-Gargallo et al., 2013). Acquisition of
surgical skills involves various aspects to evaluate such as: performance (Martin et al., 1997;
Vassiliou et al., 2005), ergonomics (Janeiro, 2007), stress or fatigue, and cognition (Vedula et
al., 2017). Of these, cognitive aspects are usually assessed using questionnaires which heavily
rely on subjective reflection (Oropesa et al., 2011). Therefore, more analytical and less
subjective methods are required to gain better insights into the cognitive processes involved.
Cognition encompasses many different processes including perception, attention,
transformation of information, storage and retrieval at the appropriate time to make a
decision and execute a movement (Madani et al., 2017). Thus, using surgical simulations for
training of (future) surgeons allows to address specific aspects of cognition by systematically
manipulating parameters of the training task. For example, tissue perception and
identification or haptic feedback allows to manipulate the perceptual and motor aspect of
the task, respectively. Behavior like errors and time on task provide more insights than
subjective measures would allow. However, they provide limited detail regarding the
cognitive processes that underpin them. Tracking the neurophysiological changes associated
with changes in behavior and cognitive processes during training would provide additional
and objective evidence related to the acquisition of new skills.

Neuroimaging methods such as positron emission tomography (PET) and functional magnetic
resonance imaging (fMRI) have shown neural changes in response to practice (Kelly and
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Garavan, 2005). At the beginning of training, activations in attentional and control areas
(prefrontal cortex (PFC), anterior cingulate cortex (ACC) and posterior parietal cortex (PPC))
are presented. After practice, activation increases are observed over task-specific areas such
as primary and secondary motor or sensory cortices. The study of these changes in
laparoscopic skills training has been tested using functional near-infrared spectroscopy
(fNIRS) (Nemani et al., 2018). This work showed that activation decreased over PFC and
increased over primary motor cortex (M1) and supplementary motor area (SMA) as motor
skill proficiency increased.

Along with fNIRS, surface electroencephalography (EEG) is a brain mapping technique that
allows to assess neural activity performance of tasks that require active behavior without
constraining and interfering with its execution. Furthermore EEG provides high temporal
resolution close to the timescale of neuronal dynamics (Unturbe et al., 2008). Several works
have demonstrated its applicability in performance evaluation during complex tasks such as
military training (Johnson et al., 2014), training in flight simulators (Borghini et al., 2016b),
traffic controllers (Borghini et al., 2014) and robot-assisted laparoscopic surgery (Borghini et
al., 2016a) as well as in visuomotor training for prosthetic control (Parr et al., 2019). Results
from the aforementioned studies show changes in power spectral density measures, relating
alpha (8 —13 Hz) and theta (4 — 8 Hz) bands with learning. These variations occur over frontal
channels for theta and over parietal channels for alpha band. Enhancement in frontal theta
power has been associated with cognitive effort, task difficulty and working memory (WM)
processes (Cavanagh and Frank, 2014; Gevins et al., 1997). Parietal alpha band is related to
attentional processes (Klimesch, 1999), linking the request for attentional resources to alpha
desynchronization and therefore power reduction (Lopes da Silva, 1991).

The analyses described in the previous studies were carried out at the channel level, and,
although EEG has advantages in terms of portability, cost and temporal resolution compared
to other techniques such as fMRI, this technique has limitations in spatial resolution. Thus,
EEG does not allow for a precise anatomical localization of brain sources in the millimeter
range. However, previous simulations and invasive approaches have shown that the EEG is
able to provide source localization accuracy down to 1 to 2 cm (Akalin Acar and Makeig, 2013;
Smith et al., 1985). Using distributed source reconstruction approaches further require high
density recordings to allow for reliable source reconstruction (Michel et al., 2004).
Independent component analysis (ICA) provides an approach for decomposing the recorded
scalp signals into instantaneously independent time source activations even in EEG
recordings in actively behaving participants (Gramann et al., 2014, 2011; Makeig et al., 2009).
The associated scalp maps allow for an estimate of their anatomical localization even with
lower spatial densities (Klug and Gramann, 2020) using equivalent dipole modelling to
reconstruct physically distinct compact cortical areas (Hyvéarinen, 2013). Representative
brain components can subsequently be identified based on their cortical localizations, scalp
maps projections, time courses and power spectral features. Some of these sources are
reliably identified as originating from the parietal cortex exhibiting alpha band activity as well
as frontal midline areas demonstrating task-related theta band activity (Delorme et al., 2012;
Gramann et al., 2010; Onton et al., 2005). These activations have been detected both at rest
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and tasks such as visual event-related potentials (ERPs) (Jungnickel and Gramann, 2016;
Makeig et al., 2002) and working memory (Onton et al., 2005).

The current study attempts to investigate cortical oscillatory dynamics during training in
laparoscopic surgery using EEG recordings in conjunction with ICA and subsequent source
localization techniques (Delorme et al., 2011). We expected that training cause activation
changes in the independent components (IC) described above (frontal theta and parietal
alpha), based on their association to cognitive processes involved. Since the increase in
frontal theta is related to effort in working memory and task difficulty (Langer et al., 2013;
Onton et al., 2005), and the decrease in alpha with increases in visual attention, we presume
that training will cause a decrease in theta band and an increase in alpha band over frontal
and parietal regions respectively.

5.2 Experimental Procedure

5.2.1 Subjects and experimental protocol
Sixteen first-year surgical residents (28.0 + 2.6 years old, right-handed, 9 females) of Medical
School of Universidad de Antioquia participated in this study. All participants signed informed
consent approved by the bioethics committee of the Universidad de Antioquia (Act: 18-19-
787, 2018). Residents were complete novices to surgical tasks in general and had no previous
contact with the simulator before starting the study.

The experiment consisted in a 4-week training program with the VR simulator LapSim®
(Surgical Science Ltd., Goteburg, Sweden), one session per week, where residents performed
three consecutive tasks. Each series of tasks was executed three times. The EEG recordings
were taken during the second repetition of each task. One of the researchers manually
controlled the start and end of the acquisition while the resident started and finished the
execution of the task. On average, the recordings length was: Task 1: 61.42 + 25.84 s; Task
2:88.81+45.245; Task 3: 236.94 +95.27. The analyses presented in this work was performed
on the first (S1) and last (S4) training sessions, since we expected to find the most
pronounced changes between the beginning and the end of the training. Before executing
the tasks, a reference condition was recorded during a 2 min baseline while the subject was
in a standing position in front of the simulator with closed eyes following by 2 min with
opened eyes looking a white screen. During the signals recording, participants were asked to
remain as still as possible, not to make head movements and not to speak.

Additionally, at the end of each session, participants filled the National Aeronautics and
Space Administration-Task Load Index (NASA-TLX) questionnaire (Hart and Staveland, 1988),
in order to assess the subjectively experienced workload across training sessions. This
questionnaire has been also adopted in the evaluation of mental workload in surgical
research (Moore et al.,, 2015). The total NASA-TLX score ranges from O to 100 and it is
calculated as an average of six factors: Mental Demand, Physical Demand, Temporal
Demand, Performance, Effort and Frustration. In order to maintain similar experimental
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conditions during sessions, the experiments were run in the afternoon (1:00 - 5:00 pm) and
participants were asked to avoid alcohol, caffeine and non-ordinary workout routines before
each training session.

5.2.2 LapSim VR simulator
Three tasks from the LapSim® Basic Skills and Task Training modules were chosen for the
study. In the first session, each task was explained and shown through an explanatory video
to the participants. The default design and assessment parameters of each exercise was
determined by the software. The overall score (%) for each task was calculated according to
parameters based on total time of execution, errors, tissue damage and instrument path
length (Surgical Science, 2016). The tasks included are (Figure 5.1):

> . $7
Figure 5-1. LapSim tasks. A: coordination; B: grasping; C: peg transfer.

Coordination: combines the use of the camera with left hand and one instrument with right
hand. Participants hold the camera and locate ten randomly appearing objects, pick them up
with the instrument and transfer them to a target.

Grasping: involves grasping six vertical pipes or appendices, pull them from the ground and
transport them to a target. Each appendix must be taken with the hand indicated by the
software.

Peg transfer: consists of a board with 12 pegs (two sets of six pegs) and six rings. The task
requires the user to lift each ring from a peg, transfer it between hands and place it in a
designated peg on the other set.

5.2.3 EEG recordings

Electroencephalographic signals were recorded using a Natus® Quantum™ (Natus Neurology
Incorporated, Winsconsin, USA) amplifier with a sampling frequency of 1024 Hz. A cap with
60 AgCl channels positioned according to the 10-10 system was used. Right mastoid bone
was used as reference and AFZ as ground. Additionally, the vertical and horizontal
electrooculographic activity (EOG) was recording by bipolar electrodes. Horizontal EOG
electrodes were put in the outer canthus of each eye and vertical EOG in the supraorbital
and suborbital region of right eye.
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5.2.4 EEG signal pre-processing

The pre-processing pipeline was based on established algorithms of the EEGLAB toolbox, an
open-source toolbox based on Matlab (Delorme and Makeig, 2004). Due to the short length
of the records in the different conditions, which affects analysis techniques such as ICA
(Makeig et al., 2004), resting and tasks recordings were concatenated. The data was
imported, down sampled to 512 Hz, and filtered between 4 and 50 Hz (Hamming windowed
sinc FIR filter, order = 846, zero phase shift). Bad channels and artifactual time periods, such
as head movements, disconnections or impedance jumps were removed by visual inspection
without considering eye movements as artifacts since these add information to following
analysis. Subsequently, the data was re-referenced to a common average reference and bad
channels removed were interpolated. Then, ICA decomposition was performed on the
concatenated data using the adaptive ICA mixture model algorithm (AMICA) (Palmer et al.,,
2008, 2006) with default settings. To estimate the location of IC sources, an equivalent dipole
model was computed for each IC using a boundary element head model (BEM) based on the
MNI brain (Montreal Neurological Institute, MNI, Montreal, QC, Canada) implemented by
DIPFIT toolbox (Oostenveld and Oostendorp, 2002).

The weights and spheres returned from the AMICA decomposition, and their equivalent
dipoles were copied to the original continuous EEG data after down sampling, filtering, bad
channel rejection, re-reference and bad channel interpolation. This way, the full data range
was used and potential artifacts on the sensor level were removed independently from the
preprocessing for ICA decomposition. The channels removed and interpolated were identical
as those detected in the concatenated recordings. Then, recordings were segmented into 2
s epochs with a 0.5 s of overlap. Finally, an automatic artifactual epochs rejection was
applied, including detection of fluctuations greater than 1000 uV and unlikely activity with a
threshold of 5 SD, rejecting a maximum of 5 % of total trials per iteration.

5.2.5 ICclustering analysis

Two EEGLAB studies were created combining the five recording conditions of all subjects in
each session (S1 and S4). One study was created for each training session in order to group
the largest number of subjects in each study. Brain ICs were selected using the EEGLAB plug-
in for automatic IC classification (ICLabel) (Pion-Tonachini et al., 2019). ICLabel classifies the
components into seven categories (brain, muscle, eye, heart, line noise, channel noise,
other), calculating the probability of each IC for each class. Scalp topographies, power
spectral densities and dipole location are the IC features used as input to an artificial neural
network that computes the labels. A threshold of 75% probability to be a brain component
was established. Atotal of 210 (u=13.1+ 4.1 per subject) and 228 (u=14.3 + 5.2 per subject)
brain components were obtained in the first and last training session respectively.

In order to identify equivalent brain components across subjects, an IC clustering analysis
was performed (Onton and Makeig, 2006). Using the EEGLAB preclustering function,
distances between all ICs were calculated based on weighted measures of power spectrum
(frequency range: 4 — 50 Hz), components scalp maps and their equivalent dipole model
locations. For power spectrum and scalp maps measurements, the dimension was reduced
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to the first 10 principal components (PCA), dipole location has three dimensions. The
subsequent measures were normalized and weighted to then be combined into the cluster
positions vectors. A factor of 10 was used for dipole locations in order to have tight clusters
and to compensate for its low dimensionality. Spectral measures were weighted by a factor
of 3 since they contain relevant information related to the component activation. Finally, the
standard weight of 1 was used for scalp maps. An additional reduction of 10 PCA was used
for the final dimension of the cluster position vectors.

K-means algorithm implemented in EEGLAB was used for clustering. The number of clusters
was set as the number suggested by the software (mean of ICs over all subjects) minus one
in order to retain the largest number of components in each study (S1 = 13; S4 = 14 clusters).
Outlier clusters were formed with ICs whose distances were greater than 3 SDs to the mean
of any cluster centroid. When the cluster contained more than one IC per subject, the IC with
the smallest residual variance of the equivalent dipole model was selected. Finally, clusters
which including frontal midline theta (4 — 8 Hz) activity and central parietal alpha band (8 —
13 Hz) were identified for the analysis. To find an overlap of the clusters between the two
studies, average scalp maps for both cluster solutions from session 1 and session 4 were
correlated and the clusters that had the highest correlation between sessions were selected
(see supplementary material).

5.2.6  Power spectrum analysis

Power spectrum analysis over channels and individual IC activations in each cluster was
computed using the multitaper spectral estimation method available in MATLAB Chronux
toolbox (Mitra and Bokil, 2008). According to the literature described in the introduction
section, relative power values in theta band (4 — 8 Hz) over frontal channels (AF3, AF4, F5,
F3, F1, FZ, F2, F4, F6) and for the frontal midline cluster were calculated. Likewise, alpha
power (8 — 13 Hz) over central parietal channels (CP5, CP3, CP1, CPZ, CP2, CP4, CP6, P5, P3,
P1, PZ, P2, P4, P6) and for the central parietal cluster was computed. Mean power values
were calculated across a minimum of clean epochs in each condition (resting: 50 epochs,
coordination and grasping: 20 epochs, peg transfer: 50 epochs). The numbers above refer to
the shortest recording length among all subjects and sessions. In order to reduce variability
between subjects, task power measurements were normalized with respect to closed eyes
resting condition.

5.2.7 Statistical analysis
A repeated measures ANOVA with two factors: Session (2 levels) and Task (3 levels) was used
to evaluate the spectral power variation across sessions and tasks. One ANOVA analysis was
performed for each measurement: task total score, and power values in channels and IC
clusters. For perceived workload index only a paired t-test was performed. Mauchly’s test
was used to evaluate the sphericity assumption, and correction of the degrees of freedom
was made with the Greenhouse-Geisser procedure. Multiple comparison analyses were
performed between the sessions using paired t-tests. A p value < 0.05 was established as
significant. Further, in order to provide complementary information to the p-value, Cohen's
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d (Cohen, 1977) measure was calculated to assess the effect size of the differences.
According to Lakens et al., a value greater than 0.5 will be considered as medium and a value
greater than 0.8 as a large effect (Lakens, 2013). Spectral power measurements were also
correlated with task performance using repeated measures correlation (rmcorr) (Bakdash
and Marusich, 2017). This correlation determines the common within-individual association
for paired measures assessed on two or more occasions for multiple individuals. After
removing measured variance between-participants, rmcorr provides the best linear fit for
each participant using parallel regression lines (the same slope) with varying intercepts.

5.3 Results

5.3.1 Performance

Figure 5.2 shows the means of the total score in each task and session. ANOVA showed a
statistically significant effect of session (F(1,15) = 42.943, p < 0.001) and task (F(2,30)
=15.982, p < 0.001) factors. Multiple comparisons analyses showed a significant
improvement in performance with training session in all tasks (Table 5.1).

Table 5-1. Tasks performance. Paired sample t-test, p-value and Cohen d effect size.

Coordination | Grasping | Peg transfer
t -4.634 -4.295 -3.969
P-value 0.001 0.001 0.001
Cohend -1.434 -1.217 -1.203
Total score
100 — Task

y = Coordination
= Grasping
=== Peg transfer

a0

80

Performance (%)

70

S1 sS4
Session
Error bars: 95% CI
Figure 5-2. Means graph of tasks performance.

5.3.2  Electrophysiological data

Channel measurements
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Figure 5.3 shows the mean graphs for theta power in frontal channels and alpha power in
central parietal channels. ANOVA showed a statistically significant interaction effect between
session and task (F(2,30) = 5.893, p < 0.05) for theta band. Instead for the alpha band there
was only statistically significant effect of task (F(1.396,20.945) = 15.615, p < 0.001). Table 5.2
shows the multiple comparison analyses for the two groups of channels.
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IC clusters

2,000
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— Peg transfer £ 550
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Figure 5-3. Means comparison in channels power spectrum analysis

Table 5-2. Statistical analysis of channels power spectrum measures.

Channels Coordination | Grasping | Peg transfer
t 1.972 -0.238 1.170
Frontal theta P-value 0.067 0.815 0.260
Cohend 0.444 -0.058 0.248
t -1.671 -0.684 -0.611
Central parietal alpha | P-value 0.115 0.504 0.551
Cohend -0.481 -0.213 -0.171

Task
== Coordination
== Grasping
= Peq transfer

Table 5.3 presents information corresponding to the clusters analyzed: the number of
subjects within each cluster and the centroid localization, which is an approximation of the
origin of the cortical sources, limited by the source localization method and the use of
standard electrode positions and head model. Subjects that were present in both sessions 1
and 4 in each cluster were taken for further analysis (frontal midline: 10 subjects; central
parietal: 8 subjects). Figure 5.4 shows the mean scalp maps and dipoles of each cluster.
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Table 5-3. Clusters location.

Talairach
IC . Number of .
Session . coordinates Gray Matter nearest to
cluster subjects
(x, Y, 2)
Left Cerebrum, Limbic Lobe, Cingulate
S1 14 -1,7,39 Gyrus, Gray Matter, Brodmann area 32,
Frontal Range=1
midline Left Cerebrum, Limbic Lobe, Cingulate
S4 11 -6, -1, 32 Gyrus, Gray Matter, Brodmann area 24,
Range=1
Left Cerebrum, Limbic Lobe, Posterior
S1 14 0, -46, 23 Cingulate, Gray Matter, Brodmann area
Central 23, Range=1
parietal Right Cerebrum, Frontal Lobe,
S4 10 13,-33,47 Paracentral Lobule, Gray Matter,

Brodmann area 5, Range=1

78



Frontal midline

Session 1

Session 4

Session 1

Session 4

Figure 5-4. Dipoles (left) and mean scalp maps (right) of frontal midline and central parietal clusters across training
sessions.

IC power spectrum

For theta band, ANOVA did not show statistically significant effects of session or task. On the
contrary, for the alpha band there was a statistically significant effect of the session (F(1,7) =
7.340, p < 0.05). When performing the multiple comparisons, significant increases in alpha
power were found for the central parietal cluster (Table 5.4). Although, for theta band the
differences were not statistically significant, the Cohen's d values showed a medium effect
size (> 0.5). Figure 5.5 shows the mean graphs for these measurements.
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Table 5-4. Statistical analysis of IC power spectrum measures.

Cluster Coordination | Grasping | Peg transfer

t 1.556 1.178 1.975

Frontal midline theta | P-value 0.154 0.269 0.080
Cohend 0.554 0.514 0.691

t -3.111 -1.725 -3.065

Central parietal alpha | P-value 0.017 0.128 0.018
Cohend -1.240 -0.717 -0.945

Frontal midline theta Central parietal alpha
Task 1000 Task

= Coordination
= Grasping
= Pag transfer

— Coordination
= Grasping

600 = Peq transfer

800

700

600

500

Mormalized power (task | resting)

400

51 54 S =4
Session Session
Error bars: 95% Cf Error bars: 95% CI

Figure 5-5. Means comparison in IC power spectrum analysis.

5.3.3 Correlations with performance
Table 5.5 shows the correlation results. Statistically significant positive correlations were
found for frontal midline theta in coordination and peg transfer tasks (Figure 5.6). A
significant negative correlation was also found between central parietal cluster and
coordination task.

Table 5-5. Correlation analysis between power spectrum measures and task performance. Highlighted in bold are shown

significant coefficients (p-value < 0.05).

Cluster Coordination | Grasping | Peg transfer
Frontal midline theta r 0623 0.549 ~0.606
P-value 0.041 0.080 0.048
Central parietal alpha r 0.740 0.595 0.430
P-value 0.023 0.091 0.248
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Figure 5-6. Repeated measures correlation graphs.

5.3.4  Perceived workload
There was no statistically significant difference in the perceived workload total score.
However, analyzing by test factors, significant differences were found in temporal demand
and perceived performance of NASA_ TLX test (Table 5.6). Residents perceive a decrease in
temporal demand along with an increase in performance with training (Figure 5.7).

Estimated Marginal Means

S1

Table 5-6. NASA_TLX results.

Total score | Temporal demand | Performance
t 1.119 2.683 -2.734
P-value 0.281 0.017 0.015
Cohend 0.317 0.714 -0.804
NASA TLX temporal demand NASA TLX performance

Estimated Marginal Means
@ _
=3

40

Subject

s pb01
pb02
pb04
pb05
pb0s
pb10
pb13
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pb16
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Figure 5-7. Temporal demand and performance of NASA_TLX questionnaire.

81



5.4 Discussion

This study evaluated neural adaptations related to improvement in laparoscopic surgical
training with VR. With the aim to provide new insights about motor training from ICA analysis,
in this work we compared the changes that occur at channels level with the activations at
components level. Channel level analysis of power indicated slight differences observed at
the beginning and at the end of the training. The differences were elicited in the theta and
alpha rhythms for coordination task, the one with the lowest level of difficulty. This
visuospatial task was the first contact with the simulator. The changes exhibited a decrease
in theta power over frontal channels and an increase in alpha rhythm over central parietal
channels. ICA analysis improved previous results and enabled localization of neural sources,
showing a decrease in theta power in or near the ACC and an increase in alpha rhythm in the
parietal lobe for all tasks. IC power changes were also correlated with task performance,
showing a positive correlation with frontal midline theta and a negative correlation with
central parietal alpha. In addition, the adopted subjective measures demonstrated changes
in the perceived mental workload, such as reduction in temporal demand and increase in
perceived performance.

The current experiment evaluated brain activity in an ecologically setting, with few
restrictions for the user. Assuming that our hypothesis is true, the results found in this work
show that it is likely that the changes in brain rhythms are related to different cognitive
processes involved in training and skill acquisition. Reduction in the activation of control
areas such as ACC was associated with learning and has been consistent in both
neuroimaging (Kelly and Garavan, 2005; Nemani et al., 2018) and electrophysiological studies
with the analysis over frontal channels (Borghini et al., 2016b, 2013). ICA analysis allowed for
localizing the source of activity to originate in or near ACC and associating the frontal midline
power modulation with visual WM load (Onton et al., 2005). It is suggested that with task
performance improvement, the mental workload and cognitive effort will decrease, leading
to frontal theta reduction (Zander et al., 2017). This was also observed with the negative
correlations obtained between frontal midline theta activation and performance.

Studies have shown that during motor learning an automatization process occurs where
neural processes shift from cortical areas to subcortical areas such as basal ganglia (Kelly and
Garavan, 2005). Automation requires less attentional resources, and it might indicate the
progressive alpha increase. The alpha rhythm seems to act as a modulatory gate for
information process with a decrease in power enabling attentional processes (Klimesch et
al., 2007). Therefore, it is assumed that when the operator learns to perform a task, attention
load decreases and alpha power increases (Jaquess et al., 2018). The positive correlation
between central parietal alpha with performance obtained in the present study support this
association.

There are several constrains that must be considered in this work, such as sample size and
aspects of the experimental setup. The number of participants that were recorded was
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limited by the new residents who were admitted by the faculty (7 — 8 per year). Expanding
the sample size is one of the main challenges in this project, since it could increase the
observed differences. Also, the lack of a control group makes it unclear whether the same
effects could have occurred only due to adaptation to the VR simulator. Including a control
group or making a long-term measurement that accounts for the skill acquisition over time
are aspects to consider for future research. Second, due to less controlled experimental
setup, in which EEG recordings were done without time control in tasks execution and as a
continuous data record without event marks, it does not allow us to make inferences to
specific cognitive processes. However, it was possible to show neural changes that might be
related to processes involved in training such as attention, working memory and motor skill
acquisition. A recent review shows the need to consider the processes that may be involved
in motor control tasks: muscular effort, working memory and sensorimotor feedback (Parr
et al., 2021).

The amount of data recorded (signal length) poses problems with EEG analysis techniques
that are highly dependent on the quantity and quality of data (Makeig et al., 2004). The
reduced amount of data available in the present study was the reason why it was necessary
to concatenate the different recording conditions to obtain a good ICA decomposition. Also,
the use of source analysis methods provides an approximation to the anatomical location
where cortical activity is generated. This approximation is limited by the use of standard
electrode locations and head models. Although a cap with channels positioned according to
a standard system, variability in head shape and size between subjects makes the approach
less reliable. One solution is to measure channels location per subject (Michel and Brunet,
2019).

It is also important to consider that the low number of electrodes used in this work affects
the accuracy of sources estimation. It is known the higher number of electrodes, the smaller
the regions of interest in the estimation of the EEG source (Song et al., 2015). A 60-channel
montage was selected based on setup time and costs as the minimum viable to obtain
acceptable results. However, recent work shows that using empirical mode decomposition
to clean and reconstruct neural EEG signals, even fewer electrodes may be sufficient to
obtain good source estimation (Soler et al., 2020). With the calculation of the equivalent
electric dipole on the independent components with the highest probability of being neural,
we think we have a better source estimation.

Finally, clustering analysis allowed us to find similar components between subjects and
analyze them as a group. However, as it was seen in the results, different subjects
contributed to different clusters, and, since the analysis was performed for each training
session, the groups obtained differed both in topographic maps and in the centroid location
between sessions. Reason why correlation analysis was used to find an overlap between the
clusters of the two studies. Clustering involves tuning different parameters (measure
weights, number of clusters, etc..), which can reduce objectivity of the analysis and
reproducibility of the results (Bigdely-Shamlo et al., 2013).
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Despite the above concerns, we could show that the use of neurophysiological measures
such as electroencephalography combined with source analysis techniques allow evaluating
neural changes associated with surgical training. The experiment proposed in this work
establishes less controlled recording conditions leading to a more realistic analysis scenario
to cognitive assessment in residents training. This could provide a starting point for the
evaluation of medical training in simulation that can be extended to the operating room, and
it would lead to broader applications such as the evaluation of interventions in motor
rehabilitation, or the development of classifiers to determine the skill level of a subject.

5.5 Funding sources

This work was supported by the Ministerio de Ciencia, Tecnologia e Innovacién
(MINCIENCIAS) through the project: “ldentificacion de Biomarcadores Preclinicos en
Enfermedad de Alzheimer a través de un Seguimiento Longitudinal de la Actividad Eléctrica
Cerebral en Poblaciones con Riesgo Genético”, code 111577757635, and call 757 Doctorados
Nacionales.

5.6 References

Akalin Acar, Z., Makeig, S., 2013. Effects of forward model errors on EEG source localization.
Brain Topogr. 26, 378—396. https://doi.org/10.1007/510548-012-0274-6

Alaker, M., Wynn, G.R., Arulampalam, T., 2016. Virtual reality training in laparoscopic
surgery: A systematic review & meta-analysis. Int. J. Surg. 29, 85-94.
https://doi.org/10.1016/j.ijsu.2016.03.034

Bakdash, J.Z., Marusich, L.R., 2017. Repeated measures correlation. Front. Psychol. 8, 1-13.
https://doi.org/10.3389/fpsyg.2017.00456

Bigdely-Shamlo, N., Mullen, T., Kreutz-Delgado, K., Makeig, S., 2013. Measure projection
analysis: A probabilistic approach to EEG source comparison and multi-subject
inference. Neuroimage 72, 287-303.
https://doi.org/10.1016/j.neuroimage.2013.01.040

Borghini, G., Arico, P., Astolfi, L., Toppi, J., Cincotti, F., Mattia, D., Cherubino, P., Vecchiato,
G., Maglione, a. G., Graziani, |., Babiloni, F., 2013. Frontal EEG theta changes assess the
training improvements of novices in flight simulation tasks. Proc. Annu. Int. Conf. IEEE
Eng. Med. Biol. Soc. EMBS 6619-6622. https://doi.org/10.1109/EMBC.2013.6611073

Borghini, G., Arico, P., Di Flumeri, G., Colosimo, A., Storti, S.F., Menegaz, G., Fiorini, P,
Babiloni, F., 2016a. Neurophysiological Measures for Users’ Training Objective
Assessment During Simulated Robot-Assisted Laparoscopic Surgery, in: Engineering in
Medicine and Biology Society (EMBC), 2016 IEEE 38th Annual International Conference
of The. |EEE, Orlando, FL, USA, pp. 981-984.
https://doi.org/10.1109/EMBC.2016.7590866

Borghini, G., Arico, P., Ferri, F., Graziani, |., Pozzi, S., Napoletano, L., Imbert, J.P., Granger, G.,
Benhacene, R., Babiloni, F., 2014. A neurophysiological training evaluation metric for air

84



traffic management, in: Annu Int Conf IEEE Eng Med Biol Soc. IEEE, Chicago, IL, USA, pp.
3005-3008. https://doi.org/10.1109/EMBC.2014.6944255

Borghini, G., Arico, P., Graziani, |., Salinari, S., Sun, Y., Taya, F., Bezerianos, A., Thakor, N. V.,
Babiloni, F., 2016b. Quantitative Assessment of the Training Improvement in a Motor-
Cognitive Task by Using EEG, ECG and EOG Signals. Brain Topogr. 29, 149-161.
https://doi.org/10.1007/s10548-015-0425-7

Bridges, M., Diamond, D.L., 1999. The financial impact of teaching surgical residents in the
operating room. Am. J. Surg. 177, 28-32.

Cavanagh, Frank, M.J., 2014. Frontal Theta as a Mechanism for Affective and Effective
Control. Trends Cogn. Sci. 18, 414-421.
https://doi.org/10.1016/j.tics.2014.04.012.Frontal

Cohen, J., 1977. Statistical Power Analysis for the Behavioral Sciences. Academic Press.
https://doi.org/https://doi.org/10.1016/C2013-0-10517-X

Delorme, A., Makeig, S., 2004. EEGLAB: An open source toolbox for analysis of single-trial
EEG dynamics including independent component analysis. J. Neurosci. Methods 134, 9—
21. https://doi.org/10.1016/j.jneumeth.2003.10.009

Delorme, A., Mullen, T., Kothe, C., Akalin Acar, Z., Bigdely-Shamlo, N., Vankov, A., Makeig, S.,
2011. EEGLAB, SIFT, NFT, BCILAB, and ERICA: New tools for advanced EEG processing.
Comput. Intell. Neurosci. 2011. https://doi.org/10.1155/2011/130714

Delorme, A,, Palmer, J., Onton, J., Oostenveld, R., Makeig, S., 2012. Independent EEG sources
are dipolar. PLoS One 7, e30135. https://doi.org/10.1371/journal.pone.0030135

Gevins, A., Smith, M.E., McEvoy, L., Yu, D., 1997. High-resolution EEG mapping of cortical
activation related to working memory: effects of task difficulty, type of processing, and
practice. Cereb. Cortex 7, 374-385. https://doi.org/10.1093/cercor/7.4.374

Gramann, K., Ferris, D.P., Gwin, J., Makeig, S., 2014. Imaging natural cognition in action. Int.
J. Psychophysiol. 91, 22-29. https://doi.org/10.1016/].ijpsycho.2013.09.003

Gramann, K., Gwin, J.T., Ferris, D.P., Qie, K., Jung, T.P,, Lin, C.T., Liao, L. De, Makeig, S., 2011.
Cognition in action: Imaging brain/body dynamics in mobile humans. Rev. Neurosci. 22,
593-608. https://doi.org/10.1515/RNS.2011.047

Gramann, K., Onton, J., Riccobon, D., Mueller, H.J., Bardins, S., Makeig, S., 2010. Human Brain
Dynamics Accompanying Use of Egocentric and Allocentric Reference Frames during
Navigation. J. Cogn. Neurosci. 22, 2836—2849.
https://doi.org/10.1162/jocn.2009.21369.Human

Hart, S.G., Staveland, L.E., 1988. Development of NASA-TLX (Task Load Index): Results of
Empirical and  Theoretical Research.  Adv. Psychol. 52, 139-183.
https://doi.org/10.1016/50166-4115(08)62386-9

Hyvarinen, A., 2013. Independent component analysis: recent advances. Philos. Trans. A.
Math. Phys. Eng. Sci. 371, 20110534. https://doi.org/10.1098/rsta.2011.0534

Janeiro, J.M.J., 2007. Sistemas de evaluacion de destreza en cirugia endoscopica. Rev. Mex.
Cirugia Endoscépica 8, 90-96.

Jaquess, K.J., Lo, L.C., Oh, H., Lu, C., Ginsberg, A., Tan, Y.Y,, Lohse, K.R., Miller, M.W., Hatfield,
B.D., Gentili, RJ., 2018. Changes in Mental Workload and Motor Performance
Throughout Multiple Practice Sessions Under Various Levels of Task Difficulty.
Neuroscience 393, 305-318. https://doi.org/10.1016/j.neuroscience.2018.09.019

85



Johnson, R.R., Stone, B.T., Miranda, C.M., Vila, B., James, L., James, S.M., Rubio, R.F., Berka,
C., 2014. Identifying psychophysiological indices of expert vs. novice performance in
deadly force judgment and decision making. Front. Hum. Neurosci. 8, 1-13.
https://doi.org/10.3389/fnhum.2014.00512

Jungnickel, E., Gramann, K., 2016. Mobile brain/body imaging (MoBI) of physical interaction
with  dynamically moving objects. Front. Hum. Neurosci. 10, 1-15.
https://doi.org/10.3389/fnhum.2016.00306

Kelly, A.M.C., Garavan, H., 2005. Human functional neuroimaging of brain changes associated
with practice. Cereb. Cortex 15, 1089-1102. https://doi.org/10.1093/cercor/bhi005

Klimesch, W., 1999. EEG alpha and theta oscillations reflect cognitive and memory
performance: a review and analysis. Brain Res. Brain Res. Rev. 29, 169—-195.

Klimesch, W., Sauseng, P., Hansimayr, S., 2007. EEG alpha oscillations: The inhibition-timing
hypothesis. Brain Res. Rev. 53, 63-88.
https://doi.org/10.1016/j.brainresrev.2006.06.003

Klug, M., Gramann, K., 2020. Identifying key factors for improving ICA-based decomposition
of EEG data in mobile and stationary experiments Running title : Key factors for
improving ICA in EEG. bioRxiv 1-18.

Kohn, L., Corrigan, J., Donaldson, M., 1999. To Err is Human: Building a Safer Health System.
National Academies Press, Washington (DC). https://doi.org/10.17226/9728

Lakens, D., 2013. Calculating and reporting effect sizes to facilitate cumulative science: A
practical primer for t-tests and ANOVAs. Front. Psychol. 4, 1-12.
https://doi.org/10.3389/fpsyg.2013.00863

Langer, N., von Bastian, C.C., Wirz, H., Oberauer, K., Jancke, L., 2013. The effects of working
memory training on functional brain network efficiency. Cortex. 49, 2424-38.
https://doi.org/10.1016/j.cortex.2013.01.008

Lopes da Silva, F., 1991. Neural mechanisms underlying brain waves: from neural membranes
to networks. Electroencephalogr. Clin. Neurophysiol. 79, 81-93.
https://doi.org/https://doi.org/10.1016/0013-4694(91)90044-5

Madani, A., Vassiliou, M.C., Watanabe, Y., Al-Halabi, B., Al-Rowais, M.S., Deckelbaum, D.L.,
Fried, G.M., Feldman, L.S., 2017. What Are the Principles That Guide Behaviors in the
Operating Room? Ann. Surg. 265, 255-267.
https://doi.org/10.1097/SLA.0000000000001962

Makeig, S., Debener, S., Onton, J., Delorme, A., 2004. Mining event-related brain dynamics.
Trends Cogn. Sci. 8, 204—10. https://doi.org/10.1016/j.tics.2004.03.008

Makeig, S., Gramann, K., Jung, T.-P., Sejnowski, T.J., Poizner, H., 2009. Linking brain, mind and
behavior. Int. J. Psychophysiol. 73, 95-100.
https://doi.org/10.1016/].ijpsycho.2008.11.008

Makeig, S., Westerfield, M., Jung, T.P., Enghoff, S., Townsend, J., Courchesne, E., Sejnowski,
T.J., 2002. Dynamic brain sources of visual evoked responses. Science 295, 690—4.
https://doi.org/10.1126/science.1066168

Martin, J.A., Regehr, G., Reznick, R., MacRae, H., Murnaghan, J., Hutchison, C., Brown, M.,
1997. Objective structured assessment of technical skill (OSATS) for surgical residents.
Br.J. Surg. 84, 273-278.

86



Michel, C.M., Brunet, D., 2019. EEG Source Imaging : A Practical Review of the Analysis Steps
10. https://doi.org/10.3389/fneur.2019.00325

Michel, C.M., Murray, M.M., Lantz, G., Gonzalez, S., Spinelli, L., Grave de Peralta, R., 2004.
EEG source imaging. Clin. Neurophysiol. 115, 2195-2222.
https://doi.org/https://doi.org/10.1016/].clinph.2004.06.001

Mitra, P., Bokil, H., 2008. Observed Brain Dynamics. Oxford University Press, New York.

Moore, LJ., Wilson, M.R., McGrath, J.S.,, Waine, E., Masters, R.S.W., Vine, S.J.,, 2015.
Surgeons’ display reduced mental effort and workload while performing robotically
assisted surgical tasks, when compared to conventional laparoscopy. Surg. Endosc. 29,
2553-2560. https://doi.org/10.1007/s00464-014-3967-y

Nemani, A., Ylcel, M.A,, Kruger, U., Gee, D.W., Cooper, C., Schwaitzberg, S.D., De, S., Intes,
X., 2018. Assessing bimanual motor skills with optical neuroimaging. Sci. Adv. 4,
eaat3807. https://doi.org/10.1126/sciadv.aat3807

Onton, J., Delorme, A., Makeig, S., 2005. Frontal midline EEG dynamics during working
memory. Neuroimage 27, 341-356. https://doi.org/10.1016/j.neuroimage.2005.04.014

Onton, J., Makeig, S., 2006. Information-based modeling of event-related brain dynamics.
Prog. Brain Res. 159, 99—120. https://doi.org/10.1016/S0079-6123(06)59007-7

Oostenveld, R., Oostendorp, T.F., 2002. Validating the boundary element method for forward
and inverse EEG computations in the presence of a hole in the skull. Hum. Brain Mapp.
17, 179-192. https://doi.org/10.1002/hbm.10061

Oropesa, |., Sanchez-Gonzdlez, P., Lamata, P., Chmarra, M.K,, Pagador, J.B., Sdnchez-
Margallo, J. a., Sdnchez-Margallo, F.M., Gémez, E.J., 2011. Methods and tools for
objective assessment of psychomotor skills in laparoscopic surgery. J. Surg. Res. 171.
https://doi.org/10.1016/].jss.2011.06.034

Palmer, J.A., Kreutz-Delgado, K., Makeig, S., 2006. Super-Gaussian mixture source model for
ICA. Lect. Notes Comput. Sci. (including Subser. Lect. Notes Artif. Intell. Lect. Notes
Bioinformatics) 3889 LNCS, 854—-861. https://doi.org/10.1007/11679363_106

Palmer, J.A., Makeig, S., Delgado, K.K., Rao, B.D., 2008. Newton method for the ICA mixture
model, in: IEEE International Conference on Acoustics, Speech and Signal Processing. Las
Vegas, NV, pp. 1805 — 1808.

Parr, J.V.V., Vine, S.J., Wilson, M.R., Harrison, N.R., Wood, G., 2019. Visual attention, EEG
alpha power and T7-Fz connectivity are implicated in prosthetic hand control and can be
optimized  through gaze training. J. Neuroeng. Rehabil. 16, 1-20.
https://doi.org/10.1186/5s12984-019-0524-x

Parr, J.V. V, Gallicchio, G., Wood, G., 2021. EEG correlates of verbal and conscious processing
of motor control in sport and human movement: a systematic review. Int. Rev. Sport
Exerc. Psychol. 1-32. https://doi.org/10.1080/1750984X.2021.1878548

Pion-Tonachini, L., Kreutz-Delgado, K., Makeig, S., 2019. ICLabel: An automated
electroencephalographic independent component classifier, dataset, and website.
Neuroimage 198, 181-197. https://doi.org/10.1016/j.neuroimage.2019.05.026

Sabench Pereferrer, F., Hernandez Gonzalez, M., Mufioz Garcia, A., Cabrera Vilanova, A., Del
Castillo Déjardin, D., 2013. Evaluation of surgical skills in medical students using a virtual
simulator. Cirugia espafiola 91, 177—-83. https://doi.org/10.1016/j.ciresp.2012.05.019

87



Smith, D.B., Sidman, R.D., Flanigin, H., Henke, J., Labiner, D., 1985. A reliable method for
localizing deep intracranial sources of the EEG. Neurology 35, 1702-1707.
https://doi.org/10.1212/wnl.35.12.1702

Soler, A., Mufioz-Gutiérrez, P.A., Bueno-Lépez, M., Giraldo, E., Molinas, M., 2020. Low-
Density EEG for Neural Activity Reconstruction Using Multivariate Empirical Mode
Decomposition. Front. Neurosci. 14. https://doi.org/10.3389/fnins.2020.00175

Song, J., Davey, C., Poulsen, C., Luu, P., Turovets, S., Anderson, E., Li, K., Tucker, D., 2015. EEG
source localization: Sensor density and head surface coverage. J. Neurosci. Methods
256, 9-21. https://doi.org/10.1016/j.jneumeth.2015.08.015

Surgical Science, 2016. LapSim Habilidades basicas - Guia del usuario.

Tsuda, S., Scott, D., Doyle, J., Jones, D.B., 2009. Surgical Skills Training and Simulation. Curr.
Probl. Surg. 46, 271-370. https://doi.org/10.1067/j.cpsurg.2008.12.003

Unturbe, F.M., Rios Lago, M., Alonso, R.C., 2008. Neuroimagen : Técnicas y procesos
cognitivos. Elsevier Masson.

Usoén-Gargallo, J., Pérez-Merino, E.M., Usdn-Casaus, J.M., Sdnchez-Fernandez, J., Sdnchez-
Margallo, F.M., 2013. Modelo de formacion piramidal para la ensefianza de cirugia
laparoscépica. Cir. Cir. 81, 420-430.

Vassiliou, M.C., Feldman, L.S., Andrew, C.G., Bergman, S., Leffondré, K., Stanbridge, D., Fried,
G.M., 2005. A global assessment tool for evaluation of intraoperative laparoscopic skills.
Am. J. Surg. 190, 107-113. https://doi.org/10.1016/j.amjsurg.2005.04.004

Vedula, S.S., Ishii, M., Hager, G.D., 2017. Objective Assessment of Surgical Technical Skill and
Competency in the Operating Room. Annu. Rev. Biomed. Eng. 19, 301-325.
https://doi.org/10.1146/annurev-bioeng-071516-044435

Zander, T.0., Shetty, K., Lorenz, R., Leff, D.R., Krol, L.R., Darzi, A.W., Gramann, K., Yang, G.,
2017. Automated Task Load Detection with Electroencephalography : Towards Passive
Brain-Computer Interfacing in Robotic Surgery 2.
https://doi.org/10.1142/S2424905X17500039

5.7 Supplementary

5.7.1 Cluster selection
Figures 1 and 2 show the average scalp map for all clusters obtained in sessions 1 and 4
respectively. In session 1, clusters 7 and 15 were identified as frontal midline theta, and
cluster 14 was selected as central parietal alpha activity. On the previous topographical
maps, 2-D correlation coefficients were calculated with all average maps of session 4. Table
1 shows the correlation values. Clusters from session 4 with the highest correlation values
were selected (clusters 14, 10 and 13).
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Figure 8. Mean scalp maps session 1. Clusters 7 and 15 were identified as frontal midline and
cluster 14 as central parietal activity.

Average scalp map for all clusters - session 4

outlier 2 (11 Ss, 171Cs) Cls 3 (12 S5, 121Cs) Cls4(11Ss,111Cs)  Cls 5 (6 Ss, 61Cs)

Cls 6 (12Ss,121ICs) Cls 7 (10 Ss, 10ICs) Clis8(13Ss,13ICs) Clis9(8Ss, 8ICs)

Cls 10 (11 Ss,111Cs) Cls11(9Ss,91Cs) Cls 12 (8 Ss, 81Cs) Cls 13 (10 Ss, 10 ICs)

O

Figure 9. Mean scalp maps session 4. Clusters 14, 10 were selected as frontal midline and cluster 13
as central parietal respectively.

89



Table 7. Correlation coefficients between clusters of sessions 1 and 4.

Session 4 Session 1

Cls7 Cls 14 Cls 15 Cls 10
Cls 3 -0.278 0.682 0.035 0.784
Cls4 -0.874 0.887 -0.813 0.671
Cls 5 -0.638 0.676 -0.588 0.666
Cls6 -0.563 0.883 -0.387 0.982
Cls 7 -0.476 0.639 -0.123 0.373
Cls 8 0.136 -0.219 0.257 -0.070
Cls 9 -0.721 0.724 -0.632 0.664
Cls 10 0.643 -0.400 0.951 -0.220
Cls 11 0.912 -0.780 0.691 -0.457
Cls 12 -0.636 0.858 -0.469 0.572
Cls 13 -0.706 0.911 -0.409 0.810
Cls 14 0.994 -0.777 0.798 -0.511
Cls 15 0.707 -0.419 0.905 -0.291
Cls 16 -0.041 0.293 0.413 0.342

5.7.2 Other clusters analysis
Table 2 presents information corresponding to the clusters analyzed: the number of subjects
within each cluster and the centroid localization. Subjects that were present in both sessions
1 and 4 in each cluster were taken for statistical analysis (frontal theta: 10 subjects; occipital:
8 subjects). Figure 3 shows the mean scalp maps and dipoles of each cluster.

ANOVA analysis did not show significant effects of session or task for any cluster. In theta
band, session: F(1,6) = 0.219, p = 0.656, task: F(2,12) = 2.839, p = 0.098. For alpha band,
session: F(1,7) = 0.119, p = 0.740, task: F(2,14) = 0.857, p = 0.446. Figure 4 shows the mean
graphs for these clusters.
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Table 8. Clusters location.

Talairach
IC . Number of }
Session _ coordinates Gray Matter nearest to
cluster subjects
(x, v, 2)
Right Cerebrum, Limbic Lobe,
Anterior Cingulate, Gray
>1 10 7,32,10 Matter, Brodmann area 24,
Frontal Range=1
theta Right Cerebrum, Limbic Lobe,
Anterior Cingulate, Gray
>4 10 > 32,6 Matter, Brodmann area 24,
Range=0
Right Cerebrum, Occipital Lobe,
S1 11 6, -88, 26 Cuneus, Gray Matter,
Occipital Brodmann area 19, Range=0
alpha Right Cerebrum, Occipital Lobe,
S4 12 3,-82,19 Cuneus, Gray Matter,

Brodmann area 18, Range=0
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Figure 10. Dipoles (left) and mean scalp maps (right) of frontal midline and posterior clusters
across training sessions.
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Figure 11. Means comparison in IC power spectrum analysis.
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6. ELECTROENCEPHALOGRAPHIC FUNCTIONAL CONNECTIVITY IN
LAPAROSCOPIC SURGERY TRAINING

This chapter describes the study of the functional brain interactions during training. Since
clustering analysis performed in chapter 5 did not allow us to have the same subjects in each
IC cluster, it was decided to extract cortical signals using an inverse solution approach with
wWMNE algorithm. Here, brain functional connectivity was evaluated on those regions not
only related to previous work activations, but also associated with motor learning (PFC, M1
and SMA). Result showed changes in the interactions between ACC and SMA with parietal
cortex in alpha band. Fronto-parietal interactions seem to play an important role in processes
such as working memory and mental workload.
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Abstract

Objective: Finding performance markers in a laparoscopic task from functional EEG
connectivity measures.

Design: Two follow-up measurements in the first and last session of a 4-week training with
LapSim laparoscopic surgery simulator. Coherence in theta, alpha and beta bands was
calculated as a measure of functional connectivity between cortical wMNE solutions of
regions related with motor learning. Changes in connectivity were related to changes in
performance using repeated measures correlation.

Setting: Medical School, Universidad de Antioquia, Medellin, Colombia.

Participants: First-year surgical residents (n = 16, age = 28.0 + 2.6 years old, right-handed, 9
females)

Results: Significant increase in task performance with training sessions was associated with
a decrease in functional connectivity between frontal (ACC, SMA) and parietal region (PPC).
Conclusions: alpha connectivity play a critical role in motor training.

Keywords
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Electroencephalography, Functional Brain Connectivity, Coherence, Laparoscopic Surgery
Skills, Simulation Training, wMNE.

6.1Introduction
Surgical training is essential to ensure patient safety and reduction of medical errors.
Procedures such as laparoscopic surgery requires surgeons learn to adapt to a new visual
two-dimensional interface without depth perception and reduce tactile feedback [1]. Virtual
reality simulation offers the opportunity for novices to learn in a controlled environment free
from any adverse consequences to real patients [2]. Basic technical skills such as hand-eye
coordination can be improved and transferred to operating room environment [3].

There are several metrics for performance evaluation in a surgical training related to
behavioral aspects (errors, time) and cognition (knowledge, fatigue) [4]. Cognitive
assessment is often done through questionnaires that are applied at the end of the
procedure and presents subject bias [5]. Thus, there is a need for more analytical, and
objective evaluation methods. Provide insights about motor skills improvement from a
neuroscience perspective, which would be related to changes in the underlying neural
activity, is an objective and robust way to improving our understanding in surgical training.

Among noninvasive functional brain imaging techniques, electroencephalography (EEG)
offers the ability to monitor and quantify functional brain activity with high temporal
resolution and without constraining and interfering with task execution [6]. Quantitative EEG
analysis has been used in a wide range of applications ranging from performance evaluation
of a task [7]—[9], to training in flight simulators and air traffic controllers [10]-[12]. In these
works, EEG-specific frequency bands such as theta and alpha have been associated to
learning process.

Analysis of spectral measurements in EEG reflects the activation or deactivation of brain
regions during the development of a task. However, brain is a complex system that involves
a network of interacting subsystems [13]. Functional connectivity defines the temporal
dependence of neuronal activity between anatomically separated brain regions [14]. To our
knowledge, there are no studies evaluating functional connectivity during surgical training.
Some as Langer et al. [15] analyzed functional brain networks organization in fronto-parietal
regions during training in working memory tasks, showing increased small-worldness with
high performance. Another work published by Kong et al. [16] founded increases in delta and
alpha phase synchronization in frontal and parietal lobe when drivers going from an alert
state to mental fatigue during their training in a simulator.

In this study, we are interested in exploring functional connectivity changes underlying
surgical training task performance. Using algorithms to improve the spatial resolution of the
EEG, we calculated coherence measures on a cortical level over previously reported regions
associated with motor learning [17], [18]. Interactions between prefrontal cortex (PFC),
anterior cingulate cortex (ACC), primary motor cortex (M1), supplementary motor area
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(SMA), and parietal posterior cortex (PPC) are evaluated during training of a coordination
task. We founded changes in alpha coherence as a function of task performance.

6.2 Methodology

6.2.1 Subjects and experiment
Subjects described in this work belongs to previously published analysis [19]. The sample
consisted of sixteen first-year surgical residents (28.0 + 2.6 years old, right-handed, 9
females) of Medical School of Universidad de Antioquia. Residents had no prior laparoscopic
experience or with the simulator. This study was approved by a bioethics committee (Act:
18-19-787, 2018) and all the participants involved signed an informed consent.

Residents attended a 4-week training program with the VR simulator LapSim® (Surgical
Science Ltd., Goteburg, Sweden), one session per week, where performed a coordination
task (Figure 6.1). The task was executed three times in each session and EEG recordings were
taken during the second repetition. The coordination task consisted of to hold the camera
with left hand and locate ten randomly appearing objects, pick them up with the instrument
in the right hand and transfer them to a target.

The start and end of the acquisition were manually controlled by a researcher while the
resident started and finished the execution of the task. On average, recordings length was:
61.42 + 25.84 s. The participants were asked to remain silent and not to make unnecessary
movements. Acquisitions were made in the afternoon (1:00 - 5:00 pm) and participants were
asked to avoid alcohol, caffeine and non-ordinary workout routines before each training
session.

At the end of each session, participants were asked to fill the National Aeronautics and Space
Administration-Task Load Index (NASA-TLX) questionnaire [20] to assess the subjectively
experienced workload across training sessions. The total NASA-TLX score ranges from O to
100 and it is calculated as an average of six factors: Mental Demand, Physical Demand,
Temporal Demand, Performance, Effort and Frustration.
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The analysis presented in this work was performed on the first (S1) and last (S4) training
sessions. Before executing the tasks, a reference condition was recorded during a 2 min
baseline while the subject was in a standing position in front of the simulator with opened
eyes looking a white screen.

6.2.2 EEG ssignals acquisition and processing
A Natus® Quantum™ (Natus Neurology Incorporated, Winsconsin, USA) amplifier with a
sampling frequency of 1024 Hz were used to capture EEG using a cap with 60 AgCl channels
positioned according to the 10-10 system. Right mastoid bone was used as reference and
AFZ as ground. Additionally, the vertical and horizontal electrooculographic activity (EOG)
was recording by bipolar electrodes. Horizontal EOG electrodes were put in the outer
canthus of each eye and vertical EOG in the supraorbital and suborbital region of right eye.

The pre-processing pipeline was based on the EEGLAB toolbox, a Matlab open-source
toolbox [21]. Data was imported, down sampled to 512 Hz, and filtered between 4 and 50 Hz
(Hamming windowed sinc FIR filter, order = 846, zero phase shift). Bad channels and
artifactual time periods, such as head movements, disconnections orimpedance jumps were
removed by visual inspection. Then, recordings were re-referenced to a common average
reference and bad channels removed were interpolated. Later, recordings were segmented
into 2 s epochs with a 0.5 s of overlap. Finally, an automatic artifactual epochs rejection was
applied, containing detection of fluctuations greater than 1000 uV and unlikely activity with
a threshold of 5 SD, rejecting a maximum of 5 % of total trials per iteration.

6.2.3 Source analysis

Inverse solutions analysis was carried out with the Matlab Electrophysiological Connectome
(eConnectome) tool [22].The applied method uses the wMNE algorithm together with the
boundary element technigue. A high-resolution cortical surface is segmented and
reconstructed, consisting of 41136 triangles for viewing MR images of the brain template
from the Montreal Neurological Institute (MNI). The cortical surface is resampled with 7850
dipoles to form the source space. The dipoles are restricted to the gray matter with their
orientations perpendicular to the cortical surface. The scalp, skull, and brain surfaces are
segmented and reconstructed from the MNI template. The scalp surface with 2054 triangles
forms the sensor space. A high resolution directed field matrix (2054 x 7850) is precomputed
to link all scalp triangles to the sources. A specific directed field matrix for the electrode setup
used (60 channels, 10-10 system) is constructed as a subset of the precomputed directed
field matrix to solve the inverse problem. The solution of the inverse problem gives an
estimation at each time point for the cortical sources.

90 regions of interest (ROI) were reconstructed according to the AAL (Automated Anatomical

Labeling) atlas that provides a cortical parcellation of the cerebral sulci [23]. The signal of
each ROl is calculated as the average of the cortical sources in each ROI.
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6.2.4  Functional Connectivity Estimation
Estimation of functional connectivity on cortical signals was done using the coherence
function. Coherence was calculated by means of multitaper spectral estimation method
available in Matlab's Chronux tool [24].

From the AAL ROIS, five regions were taken in each hemisphere for functional connectivity
estimation: anterior cingulate gyrus (ACC), superior frontal gyrus dorsolateral (dPFC),
superior parietal gyrus (PPC), precentral gyrus (M1) and supplementary motor area (SMA).
Coherence was calculated between all pairs of ROIs (45 interactions) in three frequency
bands: theta (4-8), alpha (8-13), and beta (13-30). The computation was performed for each
epoch, obtaining, in each frequency band and per subject, 10 x 10 x epochs matrices.
Subsequently, the coherence values were averaged through the first 50 epochs, resulting in
10 x 10 matrices.

6.2.5 Statistical analysis

A repeated measures ANOVA with two factors: Session (2 levels) and Connection (45 levels)
was used to evaluate functional changes across sessions for each frequency band. Paired t-
test for task score and perceived workload index were performed. Mauchly’s test was used
to evaluate the sphericity assumption, and Greenhouse-Geisser correction of the degrees of
freedom was made in cases where the assumption was not fulfilled. Multiple comparison
analyses were performed between the sessions using paired t-tests with a p value < 0.05
established as significant. P-values were corrected for multiple comparisons using the false
discovery rate (FDR) method. Those statistically significant functional connections were then
correlated with task performance using the repeated measures correlation (rmcorr) [25].

6.3 Results

6.3.1 Performance and workload index
There was a significant increase in task performance from the first to the last training session
(T(15) = -4.634, p < 0.001, Hedges g = -1.398). Regarding to perceived workload there was
no statistically significant difference in the total score (T(15) = 1.119, p = 0.281, Hedges g =
0.309). Figure 6.2 shows a boxplot for total score and workload index in each session.

97



Task score Workload index

1007 R—— !
80 1
+
80
[]
Sl

Score (%)

60

S4 Sl S4
Session Session

Figure 6-2. Task score and Workload index boxplots. There was a significant increase in task score with training.
However, there are no statistically significant changes for the perceived mental workload index.

6.3.2 Functional connectivity

For theta band, ANOVA did show statistically significant effects only for connection factor
(F(44,660) = 3.4373, p = 0.0051). For alpha band there was a statistically significant effect of
session (F(1,15) = 20.3337, p = 0.0004) and connection (F(44,660) = 2.3074, p = 0.02957).
When performing multiple comparisons analysis, significant decreases in alpha coherence
were found for connections between right AAC with PPC, and right PPC with left SMA (Table
6.1 and Figure 6.3). Finally, for beta coherence, only connection factor had a statistically
significant effect (F(44,660) = 2.8202, p = 0.0117).

Table 6-1. Paired t-test for alpha coherence.

Connection | T-value | P corr-value | Hedges
ACCr_PPCI | 4.062 0.027 1.106
ACCr_PPCr |3.983 |0.027 0.919
SMAI_PPCr | 3.655 0.035 0.963
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Figure 6-3. Means comparison for alpha coherence.

6.3.3 Correlations with performance
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Table 6.2 shows the correlation results. Statistically significant negative correlations with task
score were found for ACCr-PPCl, ACCr-PPCr, SMAI-PPCr connections (Figure 6.4).

Table 6-2. Correlation analysis between alpha coherence and task performance.

Connection r P-value | power
ACCr_PPCI |-0.691 | 0.002 | 0.903
ACCr_PPCr | -0.583 | 0.014 | 0.725
SMAI_PPCr | -0.761 | 0.001 | 0.968
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Figure 6-4. Repeated measures correlation graphs. Significant negative correlations were found for ACCr-PPCr (A), ACCr-
PPCI (B) and SMAI-PPCr (C) connections with task score.

6.4 Discussion

This study evaluated functional connectivity changes related to improvement in laparoscopic
surgical virtual training. Coherence measures in theta, alpha and beta bands were evaluated
between five regions interactions: PFC, ACC, M1, SMA, and PPC, areas associated with
strategy, planning, and control of motor tasks [18]. Of those, statistically significant
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decreases for alpha connectivity between ACCr-PPCr, ACCr-PPCl, and SMAI-PPCr were found,
which were correlated with increase in task performance.

As far as we know, there are no studies evaluating functional connectivity during surgery
training. Some works have related learning and performance in motor tasks with alpha
connectivity. For example, using resting functional connectivity, Manuel et al. [26] shows
reduced alpha connectivity between parietal cortex and the rest of the brain after training
of computerized mirror drawing task. Similarly, alpha coherence between left premotor
cortex (PMC) and sensorimotor cortex (SM1) and left cerebellar crus | was decreased during
a sequence learning of the serial reaction time task [27]. Alpha connectivity between T7-Fz
channels has also been reduced with training with a prosthetic hand simulator [28]. In
accordance with the reports mentioned, our results might suggest that changes in alpha at
functionally relevant sites may play a critical role in motor training. Alpha oscillations have
been associated to working memory [29] and long-term memory processes [30]. As well as
decreases in the mu rhythm with motor sequence learning and motor memory consolidation
(31], [32].

This work has several constrains related to small sample size and experimental setup. The
number of residents was limited by admission to the faculty (7 — 8 per year). Increase sample
size or include a control group could have increase the observed differences and clarify
whether the same effects could have occurred only due to adaptation to the VR simulator.
EEG recordings were done without time control in task execution and without event marks,
it does not allow us to make inferences to specific cognitive processes. Therefore, the results
shown allow us to associate different cognitive processes involved motor training, such as
attention, working memory and motor skill acquisition. It is also important to consider that
the accuracy of source estimation algorithm is affected by the low number of electrodes [33].
However, acceptable results can be obtained using a 60-channel montage based on setup
time and costs, even fewer electrodes may be sufficient to obtain good source estimation
according to recent work [34].

In summary, this work allowed us to calculate functional interactions between cortical areas
functionally related to motor learning. The EEG allows us to have good temporal resolution,
and inverse solutions analysis brings us closer to better spatial resolution so we can compare
the results with other neuroimaging techniques such as fNIRS. Our work contributes to the
evaluation of future surgeons, next steps can be focused on skill level assessment metrics
and potentially provide predictive models of skill acquisition. In addition, these
methodologies can be applied to other applications such as rehabilitation and brain
computer interfaces.
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7. RESULTS AND CONCLUSIONS

The main purpose of this thesis was to evaluate, from EEG and ECG signals, the learning
process in surgery residents during laparoscopic surgery training using a simulator. This goal
was divided into four specific objectives related with design and implementation of a
protocol for the acquisition of EEG and ECG signals, spectral and functional connectivity
analysis on EEG signals, heart rate and heart rate variability analysis on ECG signals, and
correlations of neurophysiological measures with tasks performance.

7.1 Protocol for EEG and ECG acquisition

To meet this objective, a pilot test with 8 students from the bioengineering program was
performed. The purpose was to obtain a signal acquisition scheme that allows monitoring
the training in the simulator. In this sense, a longitudinal study was proposed, in which the
EEG and ECG signals were recorded during the execution of 3 tasks (coordination, grasping,
cutting). From an EEG power spectrum analysis, significant changes were obtained between
sessions on EEG bands related to processes involved in motor learning for coordination task.

From the performance analysis, it was found that there were not significant increases for the
cutting task, participants stated the procedure involved a high difficulty level. Due to the
above, the last task was changed for peg transfer, which is part of the Fundamentals of
Laparoscopic Surgery (FLS) program. This task was proposed as the one with the highest level
of difficulty, as it integrates more psychomotor skills such as picking and transferring
between dominant and non-dominant hands.

Likewise, due to the high variability found in neurophysiological measurements (EEG and HR),
data normalization involving a baseline recording was considered. This was a resting
condition with the participant standing in front of the simulator, first, looking at a blank
screen and then with closed eyes. Finally, another aspect to consider in the protocol was the
recording during the first task execution. In the first contact of the participant with the
simulator, an adaptation period can be given, which is expected to decrease in the second
task execution. Therefore, was decided to take the recordings during the second repetition
of each task.

The experiment proposed in this thesis provides a signal recording in a more real scenario,
with fewer restrictions for the subject. Complex tasks such as laparoscopy training tasks
require more portable equipment and set up that can be carried out in different
environments, from the simulation to a real scenario such as an operating room.
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7.2 EEG analysis: power spectrum and functional connectivity

The main challenge of this work was to extract neuronal activity from the recorded signals.
In any kind of setting (stationary or mobile), EEG recordings are contaminated with noise that
must be removed so data can be correctly interpreted.

In the pilot test (chapter 3), a signal pre-processing involving robust referencing, filtering and
ocular and muscular artifacts remotion by wavelet ICA was initially considered. Although this
pipeline cleans the signals obtained at the channel level, the question remains whether the
resulting data corresponds to neuronal activity. This is how spatial filters methods such as
ICA were chosen, which allows differentiating between the different sources that integrate
EEG recorded. Additionally, source localization techniques such as dipole model and wMNE,
allow us to locate the neural sources. Although experiment conditions do not allow us to
evaluate specific cognitive processes, we might associate certain brain areas with processes
involved in training motor skills.

With the analysis carried out in chapter 5, it was possible to extract neuronal components
such as frontal midline theta and parietal alpha related to working memory, mental workload
and visual attention, and evaluate activation changes associated with tasks training. Since
clustering analysis performed in this work did not allow us to have the same subjects in each
IC cluster, it was decided to extract cortical signals using an inverse solution approach with
wMNE algorithm. In chapter 6, brain functional connectivity was evaluated on those regions
not only related to previous work activations, but also associated with motor learning (PFC,
M1 and SMA) [1]. Results showed changes in the interactions between ACC and SMA with
parietal cortex in alpha band. Fronto-parietal interactions seem to play an important role in
processes such as working memory and mental workload [2], [3] .

It is important to note that consistent results were obtained from the different analyzes
performed. Going from channels to cortical regions, it was possible to determine brain
changes (activations or interactions) associated with motor training, mainly focused on
frontal and parietal regions. Assuming that our hypothesis is true, the results found show
that it is likely that the changes in brain rhythms are related to different cognitive processes
involved in training and skill acquisition. Neuroimaging and electrophysiological studies have
shown reduction in the activation of ACC with learning, a control area associated to visual
WM load and cognitive effort [1], [4]. From EEG studies, theta power over frontal channels
and frontal midline IC has been shown to modulate WM load[5], the improvement in task
performance leads to frontal theta reduction [6].

Regarding to alpha, seems like this rhythm play as modulatory gate for information flow
through enabling attentional processes, reflected as a reduction in alpha power [7]. Studies
have shown that during motor learning an automatization process occurs where neural
processes shift from cortical areas to subcortical areas such as basal ganglia [4]. Automation
requires less attentional resources, and it might indicate the progressive alpha increase.
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7.3 Heart rate and heart rate variability

Variations in HR and HRV can be related to the variation of emotional states and stress [8].
With the work done in chapter 4, we expected a modulation of HR with training sessions.
However, results only showed a variation of heart rate with task difficulty level exhibiting an
increased HR in peg transfer task. Although heart rate measurements were normalized with
resting condition, high variability was observed in the data, which makes it difficult to find
statistically significant differences.

Regarding the HRV analysis, frequency analysis was made from the RR signals obtaining
normalized LF, HF and ratio LF/HF measurements. However, no statistically significant
changes were obtained with training sessions. According to literature, HRV analysis is
performed on long-term recordings (24 h), although it is possible to have short-term
segments of 5 min [9]. This might be the main limitation in our analyses, since recordings
length was, on average, of 1 min for coordination, 1.3 min for grasping and 3.5 min for peg
transfer task.

7.4 Correlations of neurophysiological measures with tasks performance

Both power and connectivity measures that had significant changes with training session
were significantly correlated with performance. In contrast, no significant correlations were
obtained with ECG-derived measurements. For power analysis (Chapter 5) it was found a
positive correlation between frontal midline theta and performance of coordination and peg
transfer task, and a negative correlation between central parietal alpha and coordination
task performance. On the other hand, the connectivity analysis showed negative correlations
between frontal-parietal alpha connections and coordination task performance.

Negative correlation of frontal theta power with performance could reflect decreased
mental workload and mental effort with training [6]. Likewise, positive correlation in alpha
band could be associated with attention load decreases [10]. On the other hand, functional
connectivity analysis shows that frontal-parietal interactions in alpha have a different
behavior and synchronization decreases with training. Linear correlation analysis works for
measurements with two time points, but in the evaluation of the 4 sessions a non-linear
regression analysis would be more appropriate, since activations changes are non-linear.
However, since the greatest changes occurred between the beginning and the end of
training, linear measurements were chosen.

7.5 Limitations and future work
The main constrains of this work have to do with sample size and experimental setup. The
number of participants who were recruited was limited, as the general surgery program
accepts 7 to 8 residents per year. Likewise, the inclusion of a control group would have

allowed us to clarify whether the same effects could have occurred only due to adaptation
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to the VR simulator. Second, with this experiment it is not possible to evaluate a specific
cognitive process, therefore, the results shown here only allow us to make associations of
activations or interactions with previously described cognitive processes that would be
involved in training with the simulator such as working memory and sensorimotor feedback
[11]. Third, recorded signals were of short length, which affects analysis such as ICA for EEG
or HRV for ECG. Although some strategies were applied, such as data concatenation in EEG,
increasing tasks length and have the same amount of data recorded in all the tasks and
sessions would be a good alternative to consider in future analysis. Finally, EEG source
analysis methods provides an approximation of where cortical activity is generated. The use
of standard electrode locations and head models limits the algorithm, due to variability in
head shape and size between subjects. Could be considered for further work to measure
channel location per subject [12].

The experiment and methodology proposed in this thesis can be expected as a starting point
for recordings during the execution of complex tasks. Considering the limitations exposed
here will allow to propose better acquisition. An improvement to the developed protocol
should include, in addition to the above considerations, recording and analysis of multimodal
data such as of EMG and movement tracking, as exposed in works of Mobile Brain / Body
Imaging [13].

7.6 Concluding remarks

This thesis shows the development of a protocol for the acquisition and evaluation of
neurophysiological measurements during training in laparoscopic surgery using a simulator.
EEG and ECG are non-invasive, portable, low cost and easy-to-implement tools that allow
obtaining neurophysiological information related to the activity performed by a subject
without constraining and interfering with its execution.

The results found in the different analyzes suggest that it is possible to develop a quantitative
surgical training assessment from analysis of performance and physiological signals. Starting
from variations in heart rate with ECG, to changes in neuronal activations with EEG, results
suggest that these changes could be associated to processes involved in training motor skills
such as working memory and attention.

The experiment proposed in this work establishes less controlled recording conditions
leading to a more realistic analysis scenario to cognitive assessment in residents training. This
could provide a starting point for the evaluation of medical training in simulation that can be
extended to the operating room, and it would lead to broader applications such as the
evaluation of interventions in motor rehabilitation, or the development of classifiers to
determine the skill level of a subject.
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