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ABSTRACT OF THE DISSERTATION

EEG-Based Assessment of Human Cognitive and Affective States in Real-World Scenarios

by

Kuan-Jung Chiang

Doctor of Philosophy in Computer Science and Engineering

University of California San Diego, 2023

Professor Tzyy-Ping Jung, Chair
Professor Chung-Kuan Cheng, Co-Chair

The availability of affordable and portable electroencephalogram (EEG) devices has
sparked interest in using passive EEG-based brain-computer interfaces (BCls) in real-world
applications such as neuroergonomics and neuromarketing. These fields require objective
measurement of human cognitive and affective states. Although studies have explored EEG
features for different mental states and affective responses in these areas, there is still a gap
between laboratory research and real-world implementation.

Two critical questions need to be addressed to bridge the gaps between laboratory

research and real-world implementation. Firstly, can the EEG features identified in controlled

Xii



laboratory conditions be reliably detected in real-world settings? Secondly, how can transfer
learning streamline the calibration process for new users or sessions of passive BCI features?
Can laboratory-oriented tasks be employed to calibrate the model for real-world applications?

This dissertation aims to address the questions raised earlier by developing EEG signal-
processing and feature-extraction methods, and exploring transfer learning techniques for as-
sessing human cognitive and affective states in naturalistic environments. Chapter 2 describes
a study demonstrating how EEG can be used in neuroergonomic research to monitor changes
in an individual’s memory workload during a regular office task. Chapter 3 presents a study on
affective states, examining how EEG and eye-tracking can detect human interest levels in images
of electronic products. These two chapters prove that robust EEG features found in laboratory
settings can also be observed in real-world settings.

Chapter 4 investigates the transferability of EEG features in monitoring human cognitive
loads. The study’s outcomes can inform the development of transfer learning techniques for
more effective BCI applications in real-world settings. Chapter 5 demonstrates the feasibility
of cross-task transfer learning for passive BCIs and illustrates how EEG signatures from lab-
controlled tasks can be applied to real-world scenarios. Finally, Chapter 6 concludes all the
studies.

Overall, this dissertation offers valuable contributions to the EEG-based assessment of
human cognitive and affective states in real-world settings and has significant implications for

developing more practical and effective passive BCI applications.
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Chapter 1
Bridging the Laboratory and Real World

A brain-computer interface (BCI) is a technology that offers an immediate and intuitive
pathway for users, particularly those with disabilities, to convert their intentions into commands
that can control external devices [1]. While BCI applications have traditionally focused on
providing alternative pathways for patients with motor disabilities to communicate with machines
or computers, or serving as monitoring systems for certain diseases in clinical environments
such as seizure detection or the diagnosis of Alzheimer’s disease [2, 3], researchers have also
explored the development of BCI applications for the general public. Passive BCIs, which
interpret users’ mental and emotional states based on the measurement of spontaneous brain
activities [4], have gained particular attention in this regard. Passive BClIs allow users to interact
with the system passively, without requiring specific actions or stimulation, making them more
suitable for general public applications.

Passive brain-computer interfaces (BCIs) have garnered considerable interest in monitor-
ing human brain states across various applications. Two prominent fields that have particularly
focused on this aspect are neuroergonomics and neuromarketing. Neuroergonomics is a sub-track
of human factor study and aims to find optimal hardware or software settings where the user’s
cognitive workload is reduced. This includes monitoring changes in mental workload in different
work environments or monitoring stress levels under multi-tasking conditions [5, 6]. On the

other hand, neuromarketing aims to assess human affective states when receiving marketing



stimuli like advertisements or product displays. This field aims to gain insight into how humans
make decisions about purchasing products [7]. Since these two fields require an assessment of
human brain states, researchers in these fields have turned to passive BClIs to help obtain direct
and objective measurements of human cognitive and affective states.

Although the signatures of brain-imaging signals for different cognitive states have been
widely studied, researchers have faced technical challenges in translating laboratory-oriented
BCI demos into real-world applications. These challenges include hardware issues, such as
difficulty measuring brain activities in the real world. While several brain-imaging technologies,
such as fMRI, fNIRS, and EEG, are available to explore brain functions and neural activity, they
have limitations in applying to the real world.

FMRI and fNIRS assess changes in blood oxygen in brain vessels and have lower
temporal resolution [8, 9]. While FMRI provides excellent spatial resolution and localization of
brain areas’ activities in a 3D space, its use is almost exclusively limited to laboratory settings
due to the need for a strong magnet [10]. EEG monitors voltage fluctuations caused by the ionic
current in the brain’s neurons and has a low spatial resolution but a high temporal resolution.
Traditional EEG and fNIRS devices were bulky and required a bunch of wires connected to the
patient’s head, so they are not practical to use in the real world either. However, in the last two
decades, there has been a vast advancement in the development of cheaper and more portable
EEG devices. As a result, EEG has been employed in many studies to investigate human mental
states for various tasks or settings [11, 12, 13, 14, 15, 16, 17].

Although the measurement of brain activities has been greatly improved. There is still a
gap between the laboratory and real-world setting as fundamental differences in human behavior
or brain activities between the laboratory and naturalistic environment may exist. Therefore, it
remains unclear how well the current knowledge of human brain function translates into the real
world.

The first two chapters of this dissertation attempt to bridge the gap between laboratory

research and real-world applications. This is achieved by designing experiments that simulate



real-world tasks and examining whether the EEG signatures of cognitive or affective states
observed in a lab-controlled setting can also be identified in the real world.

In Chapter 2, we presented a study demonstrating how EEG can be used in neuroer-
gonomic research to monitor changes in an individual’s memory workload during a regular office
task. The EEG features identified in this study provide valuable insights into tracking human
cognitive states in real-life scenarios.

Chapter 3 discussed another study related to affective states, which examined how EEG
combined with eye-tracking can be used to detect human interest levels for images of electronic
products. The results of these two studies showed the feasibility of tracking human cognitive and
affective states in real life. However, they also revealed huge EEG variability across subjects.

The variability in EEG features among individuals highlights the importance of using
calibration data to fine-tune parameters in predictive models for monitoring cognitive or affective
states [18, 19]. However, the need for recalibration before each use of BCI systems can severely
hinder their practicality. To mitigate this issue, researchers have proposed various transfer
learning techniques [18, 19].

Transfer learning is often required when training and testing data are extracted from
different domains with inconsistent distributions, and collecting new data in the testing domain
is expensive. In such cases, statistical models trained from training data may not effectively
classify testing data. Transfer learning methods can reduce the disparity between domains and,
thus, reduce the demand for recalibration [20]. For BCI applications, transfer learning methods
can be applied so that existing data from a user can calibrate the model for a new session or data
from other users can be leveraged for a new user. However, although transfer learning for BCIs
has been widely studied, most previous works have been limited to traditional BCI paradigms
[19].

To address the need to build practical models for passive BCls, the last two chapters
of this dissertation investigated how to apply transfer learning to improve BCI performance.

Chapter 4 presented a study that explored the transferability of EEG features for monitoring



human cognitive loads under cross-day and cross-individual transfer learning scenarios. This
study aimed to improve the robustness and generalizability of predictive models, leading to more
effective BCI applications for real-world scenarios.

Finally, Chapter 5 explored the relationship between a classic memory task, the Sternberg
task, and a natural speech listening task. The results of this study demonstrated the feasibility
of cross-task transfer learning for passive BCIs. They highlighted how EEG signatures from
laboratory-oriented tasks could be applied to real-world scenarios, facilitating the development

of more effective BClIs in real-world settings.



Chapter 2

Memory Workload

2.1 Introduction

The goal of human factors research is to build the best possible human-machine interface
[21]. The principles of human factors are applied to the design of systems to improve human
comfort, productivity, and error reduction. Physical and cognitive ergonomics are two sub-fields
of human factors research. Physical ergonomics is concerned with monitoring human peripherals
such as muscle activity and tension. On the other hand, cognitive ergonomics, also known as
neuroergonomics, assesses human cognitive states or brain activities, including memory and
mental workload [5].

Neuroergonomics has received increasing attention and has been combined with neu-
roscience research as brain-imaging methods have improved in recent years. To obtain human
cognitive states, neuroergonomics has always relied on performance evaluation, and subjective
measurements [22]. Performance metrics are indirect methods that infer a subject’s cognitive
workload based on how well they complete specific tasks. [23]. Subjective measurements are
commonly carried out by administering questionnaires to subjects. As a result, these procedures
are prone to bias. Furthermore, subjective measurements may only be obtained after specific
activities have been finished, making tracking the dynamic of human cognitive states during
tasks difficult. [24]. Because of these constraints, human factor researchers have shifted their

attention to physiological measures that provide continuous, direct, and objective measurements.



Even though much research has been undertaken to investigate EEG correlates of memory
or mental workload as the physiological measurement for changes in cognitive states, only a few
have focused on real-world scenarios. Participants in these studies completed tasks such as the
n-back test, Sternberg task [25], or Simultaneous Capacity test [26], which were meant to induce
various levels of memory or mental effort. On the other hand, humans are unlikely to undertake
such jobs in real life. As a result, whether these neuroergonomic approaches can accurately
represent the differences in cognitive states in a real-life scenario remains to be seen. Some
studies looked into workload in the real world, although the tasks they used were mostly airplane
control or human-robot interaction, which are still not typical daily tasks [27, 28]. Furthermore,
only a small percentage of them [29, 30] are genuinely relevant to human factors research.

This study applied EEG analysis to a real-world scenario. More specifically, we designed
an experiment to examine the memory workload when a subject performs office work under two
different conditions: 1) a single-monitor setup and 2) a dual-monitor setup. Because the dual-
monitor setup can lessen the frequency of switching between windows, we think the memory
usage can be decreased when performing specific office tasks under the setup [31, 32]. We aimed
to examine if the known EEG signatures of memory workload from literature [33, 34, 17, 28, 35]
are indeed less phenomenal under the dual-monitor setup, which can be physiological evidence
of the ergonomic design. Another goal of this study is to find more EEG features besides the
known signatures from the literature by comparing EEG spectral power, mutual information,
and coherence under two situations and using these features to train machine learning models to
classify high and low memory workload states.

This study also analyzed EEG data from a Sternberg task recorded in [34] to validate
whether the new workload-related EEG signatures found in the study were consistent with those

found in the previous study.



2.2 Method
2.2.1 Number-copying Experiment Design

To study the workload while a user is conducting some office work, we designed an
experiment in which participants performed a number-copying task under two conditions: single-
monitor or dual-monitor configurations. This task seeks to mimic routine office tasks such as
accounting and meeting scheduling, which need workers to "copy” and paste numbers between
multiple windows or files. During the experiment, participants were asked to sit in an office
chair at a desk and operate a PC with two monitors. One monitor (the main/front monitor) was
positioned directly in front of the subject, and the other one (the side monitor) was positioned
to the right of the front monitor and pivoted 30 degrees to face the subject. On the PC, there
were numerous PDF files containing a collection of random numbers. Fig. 2.1 shows the first
page of an example PDF file. The participants had to use the keyboard to enter the same figures
into an empty Excel page. Copying and pasting were not allowed. There were two sorts of
PDF files in the single-monitor setup: 3 numbers per group (as in the example in Fig. 2.1) and
4 numbers per group. In the single-monitor condition, the side monitor was turned off, and
subjects had to memorize several numbers at a time from the PDF file, switch between a PDF
file and an excel sheet using Alter+Tab, and enter the numbers into the Excel sheet. In the
dual-monitor arrangement, both monitors were turned on, the Excel sheet window was on the
front, and the PDF file was on the side monitor. Subjects did not need to memorize the numbers
because they could enter them while looking at a side monitor. The third type of PDF file was
also given to participants in the dual-monitor setup, with half of the groups consisting of three
numbers and the other half consisting of four. As a result, there were three different types of
PDF files: (1) three numbers per group for the single-monitor setup, (2) four numbers per group
for the single-monitor setup, and (3) a combination of three and four numbers per group for the
dual-monitor setup. In the experiment, the subjects had to complete each type of file once as

one cycle, and finish two cycles in total. In other words, each subject completed six files (two



52 46 42 13 40
20 61 13 96 47
82 31 2 22 20
92 54 85 7 74

35 26 2 65 71
60 92 31 87 73
93 65 93 50 62

95 98 90 100 7

39 65 49 37 32

26 26 18 92 36
50 75 31 24 12
96 26 1 62 59

66 1 2. 7 57

43 88 44 28 10

38 82 91 20 69
n n n n n

Figure 2.1. The first page of an example PDF file. The letter n indicated the end of a group of
numbers. There were 48 groups of numbers in one file.

files per type) in total. Within each cycle, the order was either (1) — (3) — (2) or 2) — (3) —
(1). That is, a file for the dual-monitor setup was always completed between two files of the
single-monitor setup within a cycle. Each file took around 10 minutes to complete.

A total of ten people (4 females and 6 males, aging from 25-30 years old) took part in
this investigation. The SMARTING mobile EEG amplifier (mBrainTrain, Belgrade, Serbia) was
used to record EEG data using a Saline-based 24-channel EEG cap. The amplifier’s output was
transmitted over Bluetooth to the SMARTING acquisition program, and the signals were then
broadcasted and recorded using Labstreaminglayer (LSL). Java software collected all of the

keyboard inputs and synchronized them with the EEG signals using LSL.

2.2.2 Data Processing

All EEG channels were re-referenced to Cz after the EEG signals were filtered with a
0.1-50 Hz band-pass filter. To eliminate EEG artifacts, the function clean_asr in EEGLAB
[36] was used to perform artifact subspace reconstruction (ASR) [37]. The calibration data for
ASR were taken from a 30-second eye-close resting interval recorded at the beginning of the

experiment. The signals were then downsampled to a sampling rate of 250 Hz.



This study focused on the EEG window preceding the participants’ entry of the numbers.
During this time, we believe the subjects went through a memory retrieval process to recall the
numbers they had just memorized. An EEG trial began one second before the first digit of a
series of numbers was entered. That is, if a subject’s timestamp for entering the first digit of a
series of numbers was ¢ second, the EEG trial corresponding to that group was epoched in the
window [t — 1, 7] sec. As a result, each subject should ideally have 288 trials (6 pdf files x 48
groups per file). However, several trials were missing from some subjects’ experiments due to
connection issues during recording. Table 2.1 lists the final number of trials for each subject.
After the EEG trials were epoched, they were concatenated along the time dimension as a long
trial. The EEG data were subsequently decomposed into statistically independent components
using Independent Component Analysis [38]. We then used the ICLabel package [39] to identify
the artifact and brain components in this long trial. The artifact components were removed, and
the brain components were back-projected to the original scalp channels and reshaped back to

the same sets of epochs.

Table 2.1. Number of trials in each subject’s recording of the number-copying data set.

Subject ID  Number of trials | Subject ID Number of trials
1 240 6 288
2 288 7 96
3 96 8 192
4 288 9 282
5 288 10 282

2.2.3 Sternberg Task Data Set

We also used a data set collected during a Sternberg task from a prior study [34] to
validate the signatures we discovered in the number-copying data set. In the Sternberg task,
subjects were asked to memorize a sequence of letters. At the beginning of each trial, there was
a 5-second eye-open resting period. Then the first letter appeared on a computer screen for 1.4

seconds and disappeared. Right after the first letter disappeared, the second letter appeared for



another 1.4 seconds, and so on and so forth until eight letters were presented to the subjects
for each trial. After the eighth letter disappeared, the screen stayed blank for a short random
time between two to four seconds during which the subjects had to maintain the memory of
the sequence of letters they just saw. Finally, after the random blank time, a probe letter was
presented, and the subjects were asked to answer whether the probe letter was on the list of
letters to memorize in the first part by clicking yes/no buttons.

Although eight letters were presented to the subjects, they didn’t need to memorize all of
them. Among the eight letters, some of the letters were labeled with green colors, indicating
that they should be ignored. The others labeled with black were the ones they actually needed
to memorize. The number of the green letters could be six, four, and two, making the number
of black letters two, four, and six. We defined the trials with two/four/six black letters as
easy/medium/hard trials because with more letters to be memorized, the trials should be more
difficult. Each subject completed 50-100 trials. Each difficulty accounted for one-third of the
trials and was randomly ordered. Due to missing channel labels in the recordings from some
subjects, only eleven subjects’ data were included in this study.

As mentioned in section 2.2.2, we focus on the memory retrieval period in this study. To
validate the EEG signatures in the comparable two states: performing memory-retrieval (i.e.,
under single-monitor setup), and not performing memory-retrieval (i.e., under dual-monitor
setup), we made two comparisons of different periods in the Sternberg task. The first comparison
is comparing the period of resting states (not performing memory-retrieval) and the period
between the subjects saw a probe and responded (performing memory-retrieval). For each trial,
we extracted the eye-open resting period (five-second long) as epochs marked 'Rest’. As for the
recalling period, one-second epochs after the onset of showing the probe letters were extracted
and marked ’Recall’. For the second comparison, we further divided the *Recall’ trials into two
labels by the difficulty of the trials. As mentioned above, trials had three levels of difficulty
(easy/medium/hard) based on the number of letters to be memorized. We compared the EEG

responses of the recalling periods of the easy trials (low memory-retrieval workload) versus the

10



hard trials (high memory-retrieval workload).

2.2.4 EEG Spectral Analysis

Several studies have reported that the EEG power in the delta (1-4 Hz), theta (4-8 Hz),
and alpha (8-13 Hz) bands in the frontal area highly correlated with changes in mental and
memory workload [33, 34, 17, 28]. Because some subjects had inconsistent missing channels in
both datasets, and we want to preserve as many subjects as possible, only a subset of channels
F3, F4, Fz, Pz, AFz, CPz, and POz were analyzed below. The power of delta, theta, and alpha
bands of this subset of channels was extracted by summing the square of the Fourier transform
magnitude within corresponding frequency ranges and taking the logarithm of the summation.
Totally, 21 features (3 bands x 7 channels) were extracted from the EEG spectral analysis and

referred to as band power (BP) features in the following sections.

2.2.5 Mutual Information

Mutual Information (MI) is the measure of how two random variables depend mutually.

The mutual information of random variables X and Y is defined as:

MI(X,Y)

_ _ _ p(X=xY=y)

= Yyew Lrex PX =x,Y =y)log [i—m= 5,
where 2", % are the spaces of X,Y, p(X = x,Y = y) is the joint probability mass function of
X and Y, and p(X = x), p(Y = y) are marginal probabilities. In practice, the joint probability
and marginal probability are estimated by creating the histograms of observed samples. In
EEG analysis, measurements of two channels over a certain period can be used to estimate the
probabilities and the mutual information between them.

A variety of EEG paradigms have used mutual information-based features [22, 40, 41, 42].

This study also compared the mutual information between pairs of the same set of selected
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channels in the spectral analysis under the two monitor setups. However, instead of measuring
the mutual information of the raw signals for each channel pair, we used the square of the signals
to represent their power. The number of bins for constructing the histograms was set to 64. An
open-source implementation in MATLAB [43] was used.

The calculation of the mutual information value is slightly different between the number-
copying data set and the Sternberg data set. In the number-copying data set, the entire 1-sec
epochs were used as inputs to the MI calculation. In the Sternberg data set, as the lengths
of epochs from the resting and recalling periods were not the same, to avoid the effect of the
length differences, we calculated several values of mutual information across an epoch using a
one-second non-overlapping sliding window. Then, the final mutual information was obtained
by averaging across all five windows.

Because the symmetrical terms of the mutual information had the same values (e.g., MI
of Fz and Pz is equal to MI of Pz and Fz), we only need to calculate 28 features (7 channels x

(74 1)/2), which were referred to as mutual information (MI) features in the following sections.

2.2.6 Magnitude-squared Coherence

Magnitude-squared coherence (coherence) is a metric used to assess the relationship
between two signals in the frequency domain. The coherence estimates the quotients between
the cross-spectral densities of two signals and the product of their spectral densities. If two
time-series signals are defined as x(¢) and y(t), the coherence between these two signals Cy is

defined as:
1Py (f)I?
Pxx(f)Pyy(f) ’

where Py, (f) is the cross power spectral densities between x and y, and P (f), P,y (f) are their

ny (f) =

spectral densities [44].
This study first calculated the coherence between each pair of the selected channels (the

same pairs as in the spectral and MI analysis) as a function of frequency. Then, we extracted
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the delta (1-4 Hz), theta (4-8 Hz), and alpha (8-13 Hz) coherence by summing the coherence
within the corresponding frequency. Again, to circumvent the effect of length differences, the
calculation of the coherence in the Sternberg data set also used the sliding window approach,
while the entire epochs were used in the number-copying data set. It’s also worth noting that a
channel’s coherence with itself is one at all frequencies, so they weren’t included in the feature
space. In total, 63 features were extracted (3 bands x 7 channels x (7 — 1)/2) and referred to as

coherence (Coh) features in the following sections.

2.2.7 Evaluation of Classification

This study aimed to evaluate how well the band power, mutual information, and coherence
can track the changes in memory workload levels. We used each of the aforementioned features
and a combined feature space to train machine learning models and examined their ability to
estimate the participants’ memory workload states. As mentioned in section 2.2.2 and 2.2.3, we
tried to distinguish low/no memory-retrieval workload versus high memory-retrieval workload,
so the machine learning models were used to solve the two-class classification problem. Because
the design of the classifiers was not the focus of this study, we chose a common type of machine
learning model, support vector machines (SVM) as our classifier. We trained the SVM classifiers
with four different feature spaces: 1) Band powers only, 2) Mutual information only, 3) Coherence
only, and 4) The concatenation of the first three.

For the number-copying data set, avoid temporal auto-correlations between consecutive
EEG epochs, a cross-block evaluation within each subject was exploited. That is, at each iteration,
epochs of one block (one PDF file) were used as testing data and all the epochs of other blocks
were used as training data. No training and testing epochs were extracted within the same block.
When assessing a subject’s data that had no missing values, each iteration involved 240 training
epochs and 48 testing epochs

Due to the short duration (one second) of each epoch, the single-epoch classification

performance is limited. We used a sample-grouping method to boost the classification perfor-
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mance. Within each iteration of the cross-block validation, after the data were split into training
sets and testing sets, every Ny € N samples of the same class were averaged and became a
new sample. For example, if there are n training samples of one class j, denoting as Xl(j lec i
where i = 1...n,C; € {0,1}. The first new training sample after the grouping method will be

Mo x) /Ng, and so on. Note that

f(gj) — y x(j)/N , and the second one will be f(éj) = ):k:NgH ;

k=12
the order of i followed the same temporal order as they were recorded within each block. Also,
if remaining samples are less than N,, they are averaged and become the last new sample. This
sample-grouping method mimics the scenario that the cognitive monitoring system can only
predict by measuring a few epochs. This study showed the results of using different values of
N, =[1,2,4,8].

As for the Sternberg data set, because the epochs of low and high memory workload
appeared alternately in time, there should be no effect of temporal auto-correlation. Therefore,
simple five-fold cross-validation was employed and repeated twenty times with different random
seeds for shuffling.

To ensemble the comparison of sensitivity or specificity, we used the metric balanced
accuracy, which is the mean of sensitivity and specificity. A balanced accuracy averaged across
all iterations of cross-validation was obtained for each subject. Finally, the Wilcoxon signed-rank
test [45] was applied to the samples of balanced accuracy of each subject (10 accuracy samples
in the number-copying experiment and 11 samples in the Sternberg task study) to compare the
models pair-wisely. Note that the distribution of accuracy is usually non-Gaussian. Therefore,
the Wilcoxon signed-rank test as a non-parametric paired comparison method was employed.
The Python package Scikit-learn [46] was used to implement the machine learning classifiers.
Some parameter settings of the classifiers are noteworthy. The SVM models used the Radial
Basis Function (RBF) kernel, and the class weights were set to balanced weights (which means
the weight of a class is equal to one divided by the frequency of the class). The other parameters

of the classifiers simply used the default values.
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Figure 2.2. Classification results of the number-copying experiment. Bar plots of balanced
accuracy when using different values of N,. In each panel, the labels of x-axis show different

feature spaces: 1) Band power (bp), 2) Mutual information (mi), 3) Coherence (coh), 4) All
combined (all).

2.3 Result

Fig. 2.2 shows the results of the classification of the number-copying experiment using
different values of N,. Within each panel, the performance of the models trained with four
different feature spaces: 1) Band power, 2) Mutual information, 3) Coherence, and 4) All
combined is plotted. The heights of the bars represent the average balanced accuracy of 10
subjects. The Wilcoxon signed rank test didn’t show a significant difference when comparing

models trained with each of the first three feature spaces to those trained with the fourth (all
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Figure 2.3. Classification results of the Sternberg task experiment. Bar plots of balanced
accuracy when using different values of N,. In each panel, the labels of x-axis show different
feature spaces: 1) Band power (bp), 2) Mutual information (mi), 3) Coherence (coh), 4) All
combined (all). The p-values of the Wilcoxon signed rank test are shown and the symbol */*%*
indicates the case of a p-value smaller than 0.05/0.01.

combined). Yet, in all panels, combining all features yields the best results, and in most cases,
using only band power features brings the worst. In panels A and B, when N, = 1 and N, = 2,
the classification performance is near the chance level (50%). While in panels C and D, when
Ng =4 and N, = &, the accuracy of using all features combined can go up to 70%.

Fig. 2.3 consists of a similar plot as in Fig. 2.2 using the results from the Sternberg task
experiment and classifying the Recall epochs versus Rest. Because the single-epoch classification
accuracy is high enough, the sample-grouping method was not employed for this evaluation.
Similar to the results of Fig. 2.2, in Fig. 2.3, using all features combined reaches the best
performance, and using only band power features yields the worst. Unlike the results of the
number-copying task, the Wilcoxon signed rank test showed a significant difference between
using all features combined and the other three feature spaces.

The classification results of classifying Recall epochs with easy difficulty versus hard

difficulty are not shown because the performance can only achieve around the chance level. The
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Figure 2.4. The balanced accuracy versus the percentage of preserved features (from the number-
copying data set).

main reasons are the number of training trials in this scheme is much smaller (only one-third
of the case when classifying Recall versus Rest) and the samples of two labels have higher
similarity because they are all in recall period despite different difficulty levels.

Although combining all types of features brings the best performance, there may be
redundant features among each type of feature space. To further investigate this, we exploited a
second evaluation scheme in which a subset of features were selected. In this evaluation scheme,
the cross-block validation for the number-copying data set and 5-fold validation for the Sternberg
task data set was also employed, but within each fold, all features were ranked by ANOVA
F-value scores, and then only the top X % features were selected from all features combined. We
examined the performance of all four types of classifiers with X ranging from 10 to 100, and the
results are plotted in Fig. 2.4 and 2.5.

In Fig. 2.4, the performance of the classifiers is also limited when Ny, = 1 and N, = 2,

but in panels C and D, with the larger values of N,, we can see a clear trend that the accuracy

17



100

X 981

>

@]

o

5 961

@]

(@)

©

© i

5 94

@]

[

L)

(‘U 4

o] 92 —— feature selection

— all

90 — T T
10 20 30 40 50 60 70 80 90100
Preserved percentage [%]

Figure 2.5. The balanced accuracy versus the percentage of preserved features (from the
Sternberg data set).

increased as more features being preserved. Also, in Fig. 2.5, preserving more features brings
higher classification accuracy. The green line reaches its plateau after preserving around 70% of
the features, whereas the green line in Fig. 2.4D also reached its plateau around.

We further examined whether the top features of each feature space selected from the
number-copying data set are robust across subjects and across data sets. For each feature space
(i.e, BP, MI, and Coherence), we selected the top five features with the highest averaged ANOVA
F-value scores (as we used to rank the preserved features in Fig. 2.4 and 2.5) across subjects of
the number-copying data set. Within each subject, we normalized each of the top five features
to zero mean and unit variance and summed them up for each feature space. Note that when
calculating the sum, each normalized feature value could have either positive or negative mean
differences between the two classes. Therefore, either +1 or —1 is multiplied by each normalized
feature value to align the polarity. We averaged all summed feature values of the epochs of each

label of each subject, and the distribution of the results is shown in Fig. 2.6.
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Figure 2.6. Box plots of the sum of the normalized top feature values across subjects from the
number-copying data set. The numbers shown at the top are the p-values of the non-parametric
paired bootstrap F-test.

The box plots in Fig. 2.6 represent the minimum, first quartile, median, third quartile,
maximum values, and outlier values. The text in the lower area shows the selected top features.
Besides the data-driven signatures, we also added a signature based on what previous literature
defined as Fz 6 + Fz 0 —Fz a (referred to as the literature signatures) at the right-most column.
[33, 34, 17, 28, 35]. The differences in the distribution of the two classes were tested with non-
parametric paired bootstrap F-test, and the p-values are also shown in Fig. 2.6. The corrected
p-values with the Benjamini-Hochberg procedure [47] to control the false discovery rate for
multiple comparisons are 0.000,0.002,0.407, and 0.000 for the columns from the left to the
right.

Last, similar comparisons for the Sternberg task data set were conducted and the results
are plotted in Fig. 2.7 and 2.8. Fig. 2.7 was plotted to compare the Recall epochs versus the Rest
epochs, while Fig. 2.8 further compared the Recall epochs with the hard difficulty versus the
easy difficulty. Note that these results were obtained using the same sets of normalized selected
features with the same polarity as in Fig. 2.6 in order to validate the data-driven signatures of the

number-copying data set.
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Figure 2.7. Box plots of the sum of the normalized top feature values across subjects comparing
the Recall epochs versus the Rest epochs from the Sternberg task data set.

BP Mi Coherence Literature

® 0.002 0.043
S 3 0.004 0.6 0.093 0.6 2 5
©
>
L 22 0 0 1.3
2 B
®©
QL 14 -0.6 -0.6 0.6
©
9]
N 0.6 -1.2 -1.2 -0.1
()
E
5 -0.2 -1.8 1 -1.8 -0.8
P4

-1 -2.4 2.4 -1.5

Recall  Recall Recall  Recall Recall  Recall Recall  Recall
Hard Easy Hard Easy Hard Easy Hard Easy
BP: +F4 § +POz § +Pz 6 +Fz § +Fz 6 MI: -F4xAFz -F3xCPz +F4xF4 +F4xCPz +F3xF3

Coherence: -FzxAFz o +FzxAFz 0 +F3xAFz 0 +F4xFz § +F4xFz 6 Literature: +Fz 6 +Fz § -Fz «

Figure 2.8. Box plots of the sum of the normalized top feature values across subjects comparing
the Recall epochs with the hard difficulty versus the easy difficulty from the Sternberg task data
set.

2.4 Discussion

The results in Fig. 2.2 show that when using N, = 8 the performance for classifying high
memory workload state (single-monitor setup) and low memory workload state (dual-monitor
setup) can reach around 70% balanced accuracy. It indicates that in real-world scenarios, the
band power, mutual information, and coherence features can be used to detect the changes in

memory workload. However, it also shows the limitation that short-epoch prediction (i.e., Ng = 1
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or 2) is not plausible using the feature spaces proposed in this study. Only when Ny =4 or 8,
the classification has reasonable performance. Considering each epoch before grouping is one
second long, the case Ny = 8 is similar to making a prediction with eight-second-long epochs.

We achieved much higher classification accuracy in the Sternberg task data set (Fig.
2.3) than in our number-coping study; as for the Sternberg task we compared the high memory
workload state to a more distinct state, the eye-open resting period. It is important to acknowledge
that the Sternberg dataset was collected using a research-grade EEG device in a well-controlled
laboratory environment, while our number-copying dataset was collected using a wireless and
saline-based EEG headset on freely moving subjects in a real-world setting (a regular office).
This difference in signal quality between the datasets may have contributed to the discrepancy
in classification accuracy. Regardless of the exact values of the accuracy, the important finding
is that the EEG features used in the present study, including band power, mutual information,
and coherence, effectively distinguish between high and low memory workload states in both
datasets.

Results in Fig. 2.4, 2.5 also imply that most of the features are useful for classifying the
states high and low levels of memory workload. In Fig. 2.4C and D, and 2.5, these models have
the best performance when 100% of features are preserved and preserving less features decreases
the accuracy. Also, in Fig. 2.4D and 2.5, the accuracy does not increase after preserving more
than around 70%, suggesting that part of the features might be redundant. Yet, including all of
the features has no negative impact on performance.

Fig. 2.6 shows that the summed normalized feature values of all feature space in the
single-monitor condition have higher first quartile, median, and third quartile than the dual-
monitor condition. Although the statistic test doesn’t show a significant difference for the
Coherence signatures, which can be caused by the effect of the outliers, the differences in the
signatures of all other feature spaces are significant. The results suggest that these signatures are
robust across subjects.

The literature signatures derived from the frontal activities (the most right panels), the
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most frequently reported features from the literature [33, 34, 17, 28, 35] significantly increase
as the level of memory workload increases. It is proof of the efficacy of our number-copying
experiment design. The selected BP features are also mostly about frontal Delta and Theta
power, which are similar to the literature signatures with extra terms of parietal Delta. For
the MI features, few studies have reported their correlations with memory workload. Mutual
information within frontal channels, however, has been reported as a marker of Alzheimer’s and
schizophrenic disease [41, 48]. The MI signatures we discovered in the current study are also
mainly based on the frontal channels. The changes in frontal-parietal mutual information could
also result from changes in the frontal and parietal activities reported in [34, 22]. As for the
coherence signatures, they also seem to capture the activities change in the frontal area.

It is not surprising to see significant differences between the feature values of two
conditions in Fig. 2.6 because these are data-driven signatures extracted from this data set. To
validate that the discovered signatures are not over-fitting features only for the number-copying
data set, we tested if the significance still exists in another data set, the Sternberg data set. As
shown in Fig. 2.7 and 2.8, these signatures are also robust across subjects in the Sternberg task.
Except for the MI column in Fig. 2.8, the statistic tests show significance in all other columns
in both figures. For the MI column in Fig. 2.8, although the p-value is not below 0.05, it’s still
quite low (lower than 0.1) considering there are only eleven samples (eleven subjects in the
Sternberg data set). The results imply that these signature values robustly increase as the memory
workload for each subject increases. Also, we can see that the distributions are more separable
in Fig. 2.7 than in Fig. 2.8, this matches the fact that separating performing memory-retrieval
(mixed of high and low memory workload) versus resting (zero memory workload) should be
easier than separating hard Sternberg tasks (high memory workload) versus easy Sternberg
tasks (low memory workload). Although this study has another limitation, that the model for
single-epoch hard-versus-easy classification couldn’t be successfully trained, we still find the
significant difference by looking into the average of multiple epochs.

It is noteworthy that even though the non-parametric paired bootstrap F-test indicates

22



wn
[}
3 BP Coherence Literature
[ 1.5
v 1
3
© 0.5
L
- 0
()
N-0.5
o "
-1 —Single
-1.5
= -1 -0.6 -0.2 0.2 0.6 1 - -0.6 -0.2 0.2 0. -0.6 -0.2 0.2 . -0.6 -0.2 0.2 O.
time (sec) time (sec) time (sec) time (sec)

Figure 2.9. The time-course of the signature values in the number-copying data set. The solid
lines are mean, and the shaded areas indicate the standard error across subjects. Trials were
aligned to the moment when the first digit of a series of numbers was entered (the black vertical
line).

a significant difference, some box plots show strongly overlapping distributions between the
two conditions. For example, the MI signatures shown in Fig. 2.6 strongly overlapped in two
setups, while the corresponding p-value is less than 0.01. This implies that the distributions
of the feature values vary across participants even though the trend is consistent with changes
in workload. Therefore, a transfer learning method is required to reduce the variations in the
baseline across subjects if one wants to build a plug-and-play workload-monitoring system.

Finally, we checked whether the workload-related signatures we found correlated with
the subjects’ behavior over time. Fig. 2.9 shows the dynamics of the BP, MI, Coherence, and
the literature-suggested signatures in the number-copying data set. We first aligned all the trials
to the moment when the first digit of each group was entered and then calculated the signature
values within a 1-sec sliding window stepped at 0.2 seconds (centering at the onset time). Trials
were averaged across subjects, and ten subjects’ mean and standard errors were plotted.

Fig. 2.9 clearly shows that the BP, MI, and literature signatures increase before the
onset of entering the first digit under the single-monitor setup and reach their peaks roughly
around the onset time. The findings support our hypothesis that the subjects began retrieving
numbers before entering them. However, we see a much smaller amplitude of the curve of
the coherence signature, indicating that it doesn’t have a clear trend. Although the coherence
signature didn’t correlate with the behavior well, it might be a slowly-reacting response that

maintained at higher values during the whole blocks of the single-monitor setup since we also
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see the strong significance in the Sternberg data set. The signatures in the dual-monitor setup, on
the other hand, remain relatively flat before the onset of typing. We also can see an increase in
BP, MI, and literature signature values of the dual-monitor setup after the time of tying. Because
we don’t expect any behavioral changes to coincide with the onset time in this situation, more
research is required.

In summary, this work proposed a new neuroergonomics study that investigates the
memory workload in a real-world setting. Our analysis demonstrated that band power, mu-
tual information, and coherence features are effective in distinguishing between high and low
memory workload states. Furthermore, the data-driven signatures are consistent across both the
ecologically valid number-copying task and the standard Sternberg task from a previous study.
The findings suggest that EEG recording might be used as an objective measure for human factor
investigations in real-world scenarios.

Chapter 2, in full, has been submitted for publication of the material as it may appear
in the Journal of Neural Engineering. The dissertation author was the primary investigator and

author of this paper.
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Chapter 3

Human Liking Responses

3.1 Introduction

Neuromarketing is a field that uses behavioral and cognitive science to study consumers’
decision-making processes when purchasing goods. Like the advantage we discussed in the
field of neuroergonomic, neuromarketing provides objective metrics of consumer responses to
marketing stimuli or products without being influenced by a subjective bias that might be caused
by the social situation or context [7, 49, 50, 51]. Various tools are used for neuromarketing,
including non-brain activity recording such as galvanic skin response, facial expression, etc., and
brain activity recording such as EEG, EMG, fNIRS, fMRI, etc. [52]. While measuring non-brain
activities is usually more accessible, the measurement of brain activities provides the direct
assessment of consumer natural or unconscious responses to the marketing stimuli without delay
[51] Among the tools for brain activity recording, EEG is one of the most suitable modalities for
studying the neuromarketing outside the laboratory and in real-world environments due to its
relative affordability and high portability.

Previous neuromarketing studies that use EEG have mainly focused on analyzing brain
responses to TV commercials or advertisements, which are video-based stimuli that make
it difficult to capture instant brain responses to products themselves [53, 50, 54, 55, 56, 57].
Nonetheless, several studies have analyzed the EEG responses in response to product images

presented to subjects [58, 59, 60]. For example, [59] studies subjects’ EEG responses after
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showing them images of shoes. [58] analyzed the EEG signals when participants selected
clothing items from an online store based on their likes and dislikes. [60] built a predictive model
based on EEG for the subject’s choice of preferred consumer products like mice, USB sticks, or
desk lights. However, in these studies, the product images were presented one at a time, using a
fixed-viewing design . Although this is a more controlled method for studying the fundamental
EEG reactions to viewing products and the onset time of each stimulus can be well-synchronized,
it does not replicate real-world shopping experiences. In the real world, customers typically
view multiple goods simultaneously in the free-viewing condition so they can compare them
side-by-side. As a result, if it’s not obvious which product has the consumer’s attention, it can be
difficult to link EEG responses to particular image stimuli. Combining EEG with eye-tracking is
a promising approach to address this issue, as eye-tracking can help tag the event of consumer
attention shifting between products for EEG analysis. However, the analysis combining these two
modalities for neuromarketing studies is still in the exploratory phase. [61] is one of the earliest
studies that combined EEG and eye-tracking to study neuromarketing. However, the stimuli
used in the study were cartoon images of crackers rather than real product images. While [62]
and [63] also combined EEG and eye-tracking to investigate brain activities during a real-world
shopping experience, these two studies were primitive and lacked constructive results. Overall,
combining EEG and eye-tracking is a promising approach, but more research is needed to explore
its potential.

In our study, we designed an experiment where participants had to choose their preferred
product after comparing several options in a free-viewing condition. This experimental design
resembles merchandise comparisons by an online shopper. Our study is one of the few that uses

eye-tracking and EEG to investigate human liking reactions in a practical environment.
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3.2 Methods
3.2.1 Experiments

To thoroughly investigate the EEG features of human liking response, we implemented
a two-stage experiment as illustrated in Fig. 3.1. The first stage aimed to capture basic event-
related liking responses to stimuli of product images in the fixed-viewing condition. In this
stage, participants were presented with a series of laptop images one at a time and instructed
to rate their liking on a scale from 1 to 5 based on the appearance of the product. They used
the corresponding numbers on the keyboard to rate the images, with higher scores indicating
greater preference. Following each rating, the image disappeared and a blank screen appeared
for a random period between 0.5 to 0.7 seconds before the next image stimulus appeared to avoid
steady-state evoked potentials. Participants could take a break once every 15 trials and resume
the experiment at their own pace. Each participant completed a total of 450 trials, with each trial
presenting a unique image stimulus of a laptop during this stage.

In the second stage of the experiment, participants were presented with groups of nine
images at a time arranged in a 33 grid to select their favorite image in the group by clicking on
it with a mouse. More specifically, participants were asked to select the image that best matched
their highest rating score based on the same criteria used in the first stage. Once a selection was
made, the group of images disappeared, and a blank screen appeared for a fixed duration of 0.5
seconds before the next group of images was presented. Participants were allowed to take a
break every five groups and proceed at their own pace. A total of 50 groups, consisting of 450
images in shuffled order, were presented, and the participants completed the same set of images
used in the first stage. The aim of the second stage was to capture the liking responses to image
stimuli under the free-viewing condition.

Participants completed the experiment while seated at a standard office desk and used
a keyboard and mouse to complete the tasks. To record their EEG activity, participants wore a

Quick-30 EEG cap from CGX Quick Systems, along with a Pupil Core eye-tracker from Pupil
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Figure 3.1. A. Flowchart depicting the procedure of the first stage of the experiment. B.
Flowchart depicting the procedure of the second stage of the experiment. Note that a 2x2 grid
of images was used for illustration purposes only, and the actual stimulus consisted of a 3x3
grid of images.

Labs. Although the eye-tracker was not used during the first stage of the experiment, it was set
up beforehand to avoid any significant headset movement that might occur if set up during the
experiment. Before the second stage, eye-tracking calibration was conducted. During the second
stage, the Pupil Labs software [64] was used to detect fixations in real-time, and the fixation time
and position on the screen were recorded along with the EEG signals.

A total of 14 individuals (9 females and 5 males) with ages ranging from 24 to 52 (first

quartile: 27.0, median: 29.0, third quartile: 36.3) participated in the experiment.

3.2.2 EEG Preprocessing

The EEG signals recorded from participants were preprocessed using the offline version
of the REST package [65, 66]. The preprocessing steps included applying a finite impulse
response (FIR) bandpass filter between 1 and 15 Hz, performing online recursive independent

component analysis [66] to obtain independent components, and using EyeCatch to remove
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the artifacts of eye components [67]. For the first stage of the experiment, EEG epochs were
extracted from 0.5 seconds before to 1 second after the onset time of each trial’s image stimulus.
Each EEG epoch was further baseline-corrected by subtracting the mean of the first 0.5 seconds
(i.e., the time prior to the image onset) on a channel-wise basis. In the second stage, EEG epochs
were extracted from 0.5 seconds before to 1 second after the onset of each fixation. Fixations
with a movement of visual angle under the dispersion threshold for at least 300 milliseconds were
detected, and the start of each epoch represented 200 ms before the actual start of the fixated
gaze. Subsequent fixations without a gap from the first fixation were discarded. The EEG epochs
in the second stage were also baseline-corrected by subtracting the mean of the first 0.2 seconds

of each epoch.

3.2.3 Data Labeling

Each epoch in the first stage was associated with a rating score, which was subsequently
converted into binary labels of low and high preference. However, as we did not calibrate the
participants’ ratings beforehand, a score of 3 may not always signify a neutral score (i.e., no
liking or disliking) for every participant. To obtain the individual’s neutral score, we examined
the distribution of the scores given by each participant and defined the most frequently given
score in the range of 2 to 4 as the neutral score. We selected the most frequently given score as
the neutral score under the assumption that participants did not have strong feelings toward most
of the image stimuli. Then, epochs with a rating score higher than the neutral score were labeled
as a high preference, and epochs with a rating score lower than the neutral score were labeled as
a low preference. To avoid missing any labels, the neutral score was restricted to the range of 2
to 4.

Epochs in the second stage were first associated with the ID of the image stimulus that
was present at the position of the corresponding fixation. We then labeled each epoch based on

the label given to the associated image in the first stage of the experiment.
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Algorithm 1. Epoch shifting

1: Select the occipital channels of the unshifted epochs.

2: Define the i-th epoch (with the subset of channels) as x; € RV j =1 ...N,, where N, is
the number of selected channels, »; is the number of timestamps, and N, is the number of
epoch.

3: Get the channel covariance matrix C = 1% Zﬁ\ﬁ | X,'XiT, where C € RNexNe
4: Get the eigenvector with the largest eigenvalue e = eigh(C), where e € R™.
5: Project each epoch to the component as p; = e’ x;, where p; € R
6: Initialize the window start for each component t € RNe = 200 ms for all elements.
7: for iteration = 1,2,. .., MaXje, do
8: Get the mean across windows of each component m = Nle Zé\ﬁ 1 Pi [t; : t; +300 ms]
9: fori,=1,2,...,N, do
10: Find ¢ between [100, 250] ms such that (i, p;, [’ : 7' 4+ 300 ms]) is maximized,
where r(, ) represents the Pearson correlation coefficient, and m is m excluding p;, .
11 Update the window start t;, =1'.
12: end for
13: end for

14: Return the updated window start t.

3.2.4 Epoch Shifting

As mentioned above, a fixation was detected if it lasted longer than 300 ms. However,
it should be noted that the minimum fixation duration can vary between 150 ms to 350 ms
[68]. Consequently, epochs aligned with the onset of fixations may not be ideal for exploring
time-locked responses. Furthermore, [69] also found that epochs based on fixation onset time
are often affected by noise, making it difficult to identify specific time-locked patterns. To
address this issue, they proposed the MLRd algorithm to shift and align epochs using P100
fixation-related potentials when slightly inaccurate fixation onsets are present.

Inspired by their approach, we also proposed an epoch-shifting algorithm that maximizes
the peak signals of the averaged O1 and O2 channels 100 ms after the onset fixation (known as
the P100 fixation-related potential, or FRP). The pseudo-code of our proposed epoch-shifting
method is described in Algorithm 1. As the fixation-related potential mainly localizes in the
occipital area, we extracted occipital channels (PO3, PO4, PO7, PO8, O1, O2 in this study) from

each epoch. We then obtained the spatial filter that maximizes the variance of the occipital area
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by solving for the eigenvector of the channel covariance matrix. We projected each epoch onto
the component space using the spatial filter. Assuming that the FRP occurs around 100 ms after
the onset of fixation (i.e., 200 ms of the epochs), the window of each component was initialized
as [200, 500] ms of the epochs to include roughly 100 ms before and 100 ms after the FRP.
We then shifted the start of the window of each component between [100, 250 ms] to keep the
point at which the Pearson correlation coefficient between the new window and the mean across
windows of other components was maximized. This procedure was repeated until the maximum
iteration time (100 in this study) was reached or the window began to converge. We extracted
each shifted epoch from the original signals by including the 500 ms before and 1 second after
the corresponding updated window start. Finally, we shortened the shifted epochs so that the
peak of the mean across all shifted epochs at Oz (average of Ol and O2) was centered at 100 ms.

This epoch-shifting approach allowed us to get enhanced temporal signatures of liking responses.

3.2.5 Feature Extraction

We extracted features from the shifted epochs in the second stage and used them to train
machine learning classifiers, exploring the potential use of these features in developing predictive
models of like/dislike responses toward products.

To account for cases when participants viewed an image multiple times during selection,
we combined epochs associated with the same image stimulus by averaging the preprocessed
signals. Features were then extracted from each of the merged epochs. Prior studies have shown
that frontal alpha asymmetry (defined as right frontal lobe minus left frontal alpha power) is
associated with consumer responses to product attractiveness [70, 50], and that alpha band is
associated with preference judgments [71, 50, 72, 60]. To capture these features, we extracted
the alpha band power from selected channels AF3, F3, AF4, F4, Fz, and Cz for each epoch. In
addition, the signals between 200 and 300 ms after image onset, a feature referred to as N200,
was shown to correlate with subjective preferences in virtual shopping tasks [73, 60, 74], and

was thus included as temporal features. Finally, we incorporated fixation-related features, such
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as fixation revisit count and total fixation duration for each image stimulus. Fixation revisit count
was defined as the total number of fixations reported for each image stimulus, while total fixation
duration was the sum of the durations of all fixations for the image stimulus. These features were
concatenated to form a 14-dimensional feature set (alpha power and N200 from 6 channels, plus

2 fixation-related features).

3.3 Results

In the analysis of the epochs from the first stage of the experiment, we focused on
exploring EEG features associated with basic liking responses. To ensure that pressing keyboard
keys did not influence these features, we examined the response times of each participant.
Specifically, we calculated the means of the first quartile, median, and third quartile of response
time for each participant, which were 1.2, 1.4, and 1.8 seconds, respectively. Based on these
calculations, we determined that the 1-second epoch used in our analysis should not include the
period when participants entered their rating scores using the keyboard.

To ensure the selection of an appropriate neutral score for each participant, we examined
the frequency of each rating score received from each participant’s image stimuli, as shown in
Fig. 3.2A. The gray bars represent the number of epochs labeled as neutral, and the red and
blue bars indicate the number of epochs labeled as low and high preference, respectively. For
most participants, the method of determining the neutral score described in Subsection 3.2.3 was
adequate, except for Subject 2. In this case, we manually selected the neutral score as 3 to avoid
having too few low-preference epochs (only 5), which could have affected the validity of the
results. Fig. 3.2B shows the frequency of epochs segmented based on the fixation onset in the
second stage. As expected, the task was to select a participant’s favorite, which resulted in fewer
low-priority epochs overall, as participants tended to stick to higher-priority stimuli.

We then investigated the temporal features of liking responses by analyzing the mean

of participant’s averaged Fz and Cz signals across epochs of each label. Fig. 3.3A shows a
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Figure 3.2. A. The frequency of rating scores given by each participant during the first stage
of our experiment. B. The frequency of rating scores for epochs in the second stage of the
experiment.
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Figure 3.3. A. The temporal pattern of the epochs in the first stage, as well as the distribution of
each participant’s mean voltage during specific windows of interest. The numbers shown at the
top of the scatter plot represent the p-value of the Wilcoxon signed-rank test. B. The temporal
pattern of the epochs in the second stage.
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Figure 3.4. A. The distribution of each participant’s mean frontal alpha asymmetry in the first
stage. The numbers shown at the top of the scatter plot represent the p-value of the Wilcoxon
signed-rank test. B.The distribution of each participant’s mean frontal alpha asymmetry in the
second stage.

noticeable peak at around 100 ms after the stimulus onset in both low and low preference
conditions. Moreover, a stronger negative peak around 250 ms was present in low-preference
epochs at both channels, and a stronger positive peak around 400 ms was apparent in low-
preference epochs at Cz. We then calculated the mean voltage over the intervals [100, 200]
ms and [250, 350] ms following the detected P100 peak time of Cz for each participant and
compared the distribution pairwise in the right two panels of Fig. 3.3A. The Wilcoxon signed
rank test revealed a significant difference in the mean voltage of the first window at both channels
and a significant difference in the second window at Cz.

We further examined if comparable temporal patterns were present in the second stage,
as shown in Fig. 3.3B. Notably, we shifted the epochs in the second stage to ensure that the
peak was precisely at 100 ms. The results showed that both channels exhibited a similar P100
peak, and an N200 peak was present at Cz. Moreover, the distributions of the participant’s mean
voltage of the window [100, 200] ms after the peak of both labels were also significantly different.

However, the temporal patterns after 300 ms differed from those in the first stage.
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Table 3.1. The balanced accuracy of the 10-fold cross-validation within each participant.

Subject Id Balanced Accuracy | Subject Id Balanced Accuracy
1 73.22% 8 59.03 %

2 62.90% 9 70.76 %

3 56.42% 10 53.79 %

4 65.42% 11 55.19 %

5 69.14% 12 60.85 %

6 60.93% 13 67.77 %

7 61.69% 14 47.05 %
Average 61.73 %

We calculated frontal alpha asymmetry (FAA) To investigate frequency-domain features.
For each epoch, we subtracted the averaged alpha power across AF3 and F3 from that across
AF4 and F4. We obtained the means of FAA across epochs for each participant for both low and
high preference conditions. The alpha power was calculated over the window [30, 530] ms after
the P100 peak time of the temporal signals. Fig. 3.4 shows the distributions of the participant’s
mean FAA across epochs. The results demonstrate a robust and significant shift in FAA from
low preference epochs to high preference epochs in both stages.

Finally, we explored the possibility of using EEG features to train a predictive model
for classifying like/dislike responses. We combined shifted epochs corresponding to the same
image stimulus and extracted both frequency- and time-domain features (see Subsection Feature
Extraction). For calculating the alpha asymmetry, we selected the same window range used in
Fig.3.4B ([130, 630] ms). The time-domain feature capturing the N200 was calculated as the
mean voltage over the window [200, 300] ms, which is aligned with the window used in Fig.3.3B.
We trained a linear discriminant analysis (LDA) classifier with the EEG features, along with
the fixation features, for binary classification of low or high preference. We employed 10-fold
cross-validation within each participant to assess the model’s performance. Fig. 3.2B provides
information about the number of raw epochs for each label in each participant before epochs

corresponding to the same image stimulus were combined. Due to the imbalanced data, we

36



Stage 2

8 Oz Fz Cz
-3 ] ‘ ‘
44 4 4
[0}
£ (2)‘ ] ]
G2 M ST AN S e
G E 2 ~ <
S5-2 -4 ] ]
_64
-8
8
S o ‘
44 4
23 2 ]
Eg 04 :
L c 21 1
No_y 1
7] —61
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.0 0.1 0.2 0.3 0.4 0.5 0.6

Time [sec] Time [sec] Time [sec]

Figure 3.5. The temporal patterns of shifted epochs versus unshifted epochs.

used balanced accuracy (i.e., the average of sensitivity and specificity) as the metric for model
performance. Table 3.1 shows the results of the analysis. The results indicate that the model
achieves a balanced accuracy of 60% for most participants, with the best-performing participant

reaching 70%.

3.4 Discussion

The temporal patterns shown in Fig. 3.3 are consistent with findings reported in [60],
which also investigated the temporal dynamics of preference responses. Our results confirm the
existence of a stronger N200 peak in low preference epochs. While previous studies have also
reported the involvement of P300 in preference responses [75, 76], they reported stronger P300
in the high preference condition, which contradicts our results. In our study, the stronger P300 in
the low preference epochs might be caused by the less frequent occurrence of low rating stimuli
(see Fig. 3.2A) as stronger P300 is a typical signature of the odd-ball task.

The significant difference in the mean voltage of the first window in both stages further
confirms the robustness of the signature. As for the mean voltage of the second window,

inconsistent patterns were observed, and it might be due to the influence of subsequent fixations
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on the signals after 300 ms in the second stage.

To validate whether the epoch-shifting method was necessary for improving the temporal
signatures, we compared the unshifted epochs with the shifted epochs in addition to comparing
the temporal patterns between the first and second stages. Fig. 3.5 compares the averaged shifted
epochs and unshifted epochs. It should be noted that we put the FRP peak of unshifted epochs at
100 ms for easier comparison, as we forced the peak of FRP at Oz of the shifted epochs to be
located at 100 ms. We observed that in the unshifted epochs, the P100 FRP was still visible at
Oz but not at Fz and Cz, which is consistent with previous works [77, 69]. However, the P100
and N200 at Cz, which were the signatures found in the first stage (see Fig.3.3A) and reported in
[60], were not observable. In contrast, With the epoch-shifting, the fixation-related potential at
Oz was more prominent, and the P100 signature at Fz and Cz became apparent. These findings
suggest that our epoch-shifting method for aligning P100 was effective in improving the temporal
signature.

The consistent results in Fig. 3.4 confirm the robustness of frontal alpha asymmetry
(FAA) as a signature of liking response. Nevertheless, it is important to acknowledge that while
the contrast in FAA between the two labels was consistent within each participant, there was
substantial individual variability in the FAA distribution. This suggests that calibration may be
needed when developing a preference-predicting model that can be applied to new individuals.
Alternatively, transfer learning techniques could be used to mitigate inter-individual variability
and build a calibration-free model.

The classification results presented in Table 3.1 demonstrate that EEG features combined
with fixation features can be useful for building a preference-predicting model for most par-
ticipants, as the model performance is robustly higher than the chance level. However, there
is still big room for improvement before achieving satisfactory performance in the real world.
Nonetheless, our analysis demonstrated that the feature values, when averaged across multiple
epochs, were significantly different between liked and disliked image stimuli, indicating that the

effect is present. Nevertheless, better hardware or signal-processing techniques are necessary to
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improve the signal-to-noise ratio.

To summarize, our study has validated several signatures previously reported in the liter-
ature related to liking responses, both in the time and frequency domains, and has demonstrated
that we can also observe these signatures in a free-viewing condition. The consistent signatures
observed in both stages have validated our methods of time-locking EEG signals with fixation
onset and shifting the epochs. These findings indicate that the observed signatures can be utilized
to develop a predictive model for like responses, but further improvement is still needed.

Chapter 3, in full, is currently being prepared for submission for publication of the

material. The dissertation author was the primary investigator and author of this paper.
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Chapter 4

Transfer Learning for Passive BCIs

4.1 Introduction

Studies have shown that electroencephalography is one of the most reliable modalities
for predicting cognitive states. Many previous studies [78, 79, 80, 15] demonstrated that the
spectral power of EEG, which pertains to power in different sub-bands of EEG, can be highly
correlated to different mental workloads or memory states. However, the results from previous
studies also showed that EEG band power could exhibit considerable variations, which may be
caused by different contextual factors such as individual differences or different times within
an individual. This human variability typically has a negative impact on the performance of
the machine learning models used in the passive BCIs. In general, acquiring calibration data
for a new session is necessary to develop a predictive model for human cognitive states that
performs adequately, as it aids in learning the distribution of EEG features and optimizing the
parameters in the model. However, this calibration process can be time-consuming and impede
the practicality of passive BCls..

To overcome the challenge of calibration in BCIs, transfer learning techniques have been
proposed. These methods attempt to leverage data from other domains, such as other sessions
or users, to learn the appropriate data distribution for a new session. A recent review by Zhang
et al. [19] evaluated the use of transfer learning techniques in the BCI field. However, most

of the transfer learning approaches for EEG data have focused on traditional BCI paradigms
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like SSVEP, M1, and ErP, rather than passive BCIs. Additionally, transfer learning techniques
for passive BCls typically involve instance-transferring or model-transferring based methods
[79, 81, 82, 83]. Methods that transfer instances assign weights to data from source domains
based on their similarity to the target domain’s data. Similarly, model transferring techniques
give weights to models trained with data from multiple source domains and ensemble the models’
output using weighted voting. This study is one of the few to explore feature-transferring
techniques for transfer learning in passive BCIs. As an initial investigation in this field, we
proposed simple and intuitive feature-transferring methods and evaluated the transferability of
EEG band power features. Specifically, we examined the transferability of different EEG band
powers in cross-session, cross-subject, and cross-task paradigms.

Moreover, our study considers a transfer learning scenario that reflects the practical
constraints of acquiring calibration data. Unlike previous studies that assume access to calibration
data of all task conditions (e.g., data of low and high mental workload), we assumed that only
baseline (low mental workload state) data were available, which is more realistic and applicable
in real-world scenarios. For example, a passive BCI that monitors office workers’ cognitive load
during their workday may find it challenging to provide tasks that genuinely induce cognitive
load during calibration. Inducing additional cognitive load before work can also reduce the
user’s willingness to use the device. Therefore, it is more practical for the device to require only
baseline data, such as the user relaxing or performing easy tasks, which can be readily obtained

in real-world settings.

4.2 Methods
4.2.1 Experiments

This study used a block-design experiment to assess mental workload. Figure 4.1 depicts
the flow of the experiment. During a recording session, participants were instructed to complete

three tasks: mental math, Stroop, and image caption tasks, each consisting of an easy and a hard
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Figure 4.1. The procedure of the cognitive load experiment.

mode. A session always starts with the easy mental math task, followed by the hard mental math
task. After the mental math task, participants performed the Stroop task in the easy mode, then
in the hard mode. Finally, after completing the Stroop task, they finished the image caption task,
which also had an easy and a hard mode. The completion of the three tasks was considered a
single block. Following the first block, they were asked to repeat the same sequence of tasks in a
second block. After each difficulty mode for each task, participants rated the mental demand of
the task on a scale of 1 to 10, with 1 indicating no mental demand and 10 indicating maximum
mental demand.

During the hard math task, participants were instructed to solve mental math equations
involving the multiplication of a number between 1 and 20 with another number between 1 and
20, and then adding a number between 1 and 100. The easy math task required participants
to solve similar equations, but the numbers were limited to O or 1. For the hard Stroop task,
participants are presented with a series of color names written in different ink colors (e.g., the
word "RED” written in blue ink). The task requires the participant to identify the color of the
ink in which the word is written while ignoring the actual word itself. The easy Stroop task had
matching color names and text colors. During the hard image caption task, participants were
shown an image stimulus and asked to come up with a short story describing the image. The

easy version of the task required the participants to simply look at and copy a random paragraph
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from a child’s story.

Throughout the experiment, participants sat comfortably at a standard office desk and
used a keyboard to complete the tasks on a computer monitor. The participants’ EEG and
ECG were recorded while they performed the tasks. EEG signals were recorded using a Saline-
based 24-channel EEG cap and the SMARTING mobile EEG amplifier (mBrainTrain, Belgrade,
Serbia). The ECG was measured and recorded using the ProComp Infiniti system.

After completing the first session, participants were asked to return for the second session
on another day. A total of 14 individuals (6 females and 8 males, 11 aged 35-44 years old)

participated in the experiment, and 10 of them returned for the second session.

4.2.2 Data Preprocessing

The EEG signals were subjected to a bandpass filter ranging from 0.5 to 50 Hz, and
average re-referencing was performed. To remove artifacts, the ASR was calibrated with the
eye-close data of each session, using a cutoff parameter of 10. Following the artifact reduction
process using ASR, we utilized Independent Component Analysis (ICA) [84] to decompose the
EEG data into independent components. We then classified these components using ICLabel [65]
and removed any components related to eye artifacts. The resulting EEG signals for each task
and condition were divided into non-overlapping epochs of ten seconds. This process resulted in

roughly 24 “easy”’-mode epochs and 60 “hard”’-mode epochs for each task in each session.

4.2.3 Evaluation Schemes

The main objective of this research was to assess the effectiveness of transfer learning
models in predicting whether the participants were in a state of low cognitive load (i.e., per-
forming a task in easy mode) or high cognitive load (i.e., performing a task in hard mode). The
testing data and labels used to evaluate the model’s performance were the ten-second epochs
and the corresponding binary labels from the target session. This study evaluated three different

schemes for cross-domain transfer learning: cross-session, cross-subject (i.e., cross-participant),
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and cross-task scenarios.

In the cross-session scheme, the second-day session for each participant was considered
the target domain, while the first-day session of the same participant was considered the source
domain. This scenario represented a one-to-one domain transfer.

In the cross-subject scheme, the first-day session of each participant was considered the
target domain. For the case of each participant being the target domain, the first-day sessions
of all the other participants were considered the source domain. This scheme represented a
multi-to-one domain transfer.

The cross-task scheme aimed to explore the feasibility of transferring data from a well-
established task to a more real-world task. In this scheme, the image caption task in the
second-day session of each participant was considered the source domain, while the mental math
task in the first-day session of the same participant was considered the target domain. It is worth
noting that in both the cross-session and cross-subject schemes, we extracted and evaluated the
mental math task and the image caption task. However, the target and source domains always
involved the same task, and as a result, the results of evaluating each task will be presented
separately.

As mentioned in Section 4.1, this study considered a real-world transfer learning setting
where only data of low mental workload state (i.e., the easy-mode data in the present study)
were accessible during calibration, which were used for fine-tuning the models. We only used
the data from the first block of the target session for fine-tuning to prevent overfitting that could
arise from the temporal auto-correlation of EEG signals within the same block. We reserved the
data from the second block for testing. Specifically, the epochs of both the easy mode and hard
mode conditions from the second block were used as the testing data. As for the first block, the
easy-mode epochs were used as fine-tuning data, while the hard-mode epochs were used to train

an unattainable model with the upper-bound performance, as explained in more detail below.
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Figure 4.2. The illustration of the scheme used to split data from a source session and a target
session for validation and for training different types of models.

The proportion of accessible
Target-Block1-Easy, p varied from 0.2 to 1

4.2.4 Transferring Models

As mentioned in the preprocessing section, band power features were extracted from
each epoch. To simplify the description, we introduce the following terms for different groups of

band powers:

* Source-Easy: The band powers of easy-mode epochs from both blocks of the source

session.

* Source-Hard: The band powers of hard-mode epochs from both blocks of the source

session.

* Target-Block1-Easy: The band powers of easy-mode epochs from the first block of the

target session.

* Target-Block2-Easy: The band powers of easy-mode epochs from the second block of

the target session.

» Target-Blockl-Hard: The band powers of hard-mode epochs from the first block of the

target session.
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* Target-Block2-Hard: The band powers of hard-mode epochs from the second block of

the target session.

We did not separate the band powers from the first and second blocks of the source session, so
they don’t need separate terms.

We defined five types of models with different training data to compare our transfer
learning methods. The scheme used to split data from a source session and a target session for
validation and for training different types of models was illustrated in Fig. 4.2 and described as

below:
1. Target model

The target model was trained with Target-Block1-Easy and Target-Block1-Hard. This
model represents the ideal scenario where data from both labels are attainable during the
calibration, and its performance serves as an upper bound for all other models. Note that, in our

real-world setting, Target-Block1-Hard is not accessible.
2. Source model

The source model was trained solely with Source-Easy and Source-Hard, without any
fine-tuning from the target session. This model represents the case where a pre-trained model
from the source session is directly used, and no calibration process is involved. We expect the
performance of this model to be lower than other models, as it does not consider any differences

in the data distributions between the source and target sessions.
3. Pool model

The pool model was trained with Source-Easy and a portion of Target-Block1-Easy.
This model uses the most naive transferring method, pooling the calibration data with the source

data.
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4. Mean-transfer model

This model applied a mean transfer method on Source-Hard and trained on the trans-
ferred samples together with a portion of Target-Block1-Easy. Fig. 4.3 illustrates the process of
the mean transfer method. The mean transfer method assumes there is a transformation between
the distribution of Target-Block1-Hard and Source-Hard, and this transformation is consistent
with that between the distribution of Target-Block1-Easy and Source-Easy. Based on the
assumption, the method obtains a mean transfer vector by subtracting the mean of Source-Easy
from the mean of Target-Block1-Easy. The estimated Target-Block1-Hard is then obtained by
transferring Source-Hard with this mean transfer vector. Finally, the model can be trained on

the target domain with Target-Block1-Easy and the estimated Target-Block1-Hard.
5. Covariance-transfer model

This model builds upon the mean transfer model by adding a covariance transfer process
before the mean transfer process. My previous work [85] has demonstrated that a linear channel-
wise projection matrix can reduce individual variability in time-locked EEG signals. This work
aimed to expand this concept to non-time-locked EEG signals. For time-locked signals, we
assume that an epoch from the source domain X, can be transformed by a transfer matrix P to be
comparable to an epoch from the target domain x;, expressed as x; = Pxy, where x;,x; € RNexNi
and P € RNe*Ne (N, and N; represent the number of channels and timestamps). In extending
to non-time-locked signals, linear channel-wise projection is not applicable. Therefore, we
explored the possibility of finding the transfer matrix P in the covariance space using the
equation x,x! = (Px,)(Px;)7 = Px,x/ PT, which can also be expressed as C; = PC,P”. Then P
can be solved as Ct% C;Tl.

In the covariance-transfer model, we learn P using the epochs from Source-Easy and
Target-Block1-Easy, and apply it to both the Source-Easy and Source-Hard epochs. Then, we

calculate the band power from these transferred epochs and proceed with the remaining steps, as

in the mean transfer model.
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Figure 4.3. The illustration of the mean transfer method.

It is worth noting that in the pool model, mean-transfer model, and covariance-transfer
model, the portion p of Target-Block1-Easy used as fine-tuning data varied from 0.2 to 1.0 to
examine the model’s performance with different lengths of the calibration process. Additionally,
in the cross-subject scheme, the multi-to-one domain transfer was employed, resulting in multiple
source domains. In the pool model, raw Source-Hard data from each source domain was pooled
together. In the mean-transfer and covariance-transfer models, transferred Source-Hard data
from each source domain was pooled together.

To evaluate how changes in the training data distributions of the source domain impact
classification performance, all five types of models used the Gaussian Naive Bayes classifier
and were assessed by the testing data comprising both Target-Block2-Easy and Target-Block2-

Hard.

4.3 Results

Fig. 4.4 shows each participant’s mental demand rating scores, indicating the level of
cognitive load required to complete the task. The scores were averaged across two blocks for

each mode of the same task, and each session of a participant was plotted separately. The results
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Figure 4.4. The rating scores of the mental demand for completing the task from each participant.
The p-value of the Wilcoxon signed rank test is shown on top of each panel.

revealed that the hard mode of the three tasks imposed a greater cognitive burden on participants,
as indicated by their self-reported mental demand scores. The differences in scores between the
two modes were statistically significant, as determined by the Wilcoxon signed-rank test. While
all three tasks exhibited significant differences in self-reported mental demand scores, the hard
mode of the math and caption task had a higher average score than the Stroop task. Additionally,
participants reported that the Stroop task only elicited a short burst of effort upon initially seeing
the question and did not require sustained effort throughout the five-minute task. To focus our
analysis on tasks that impose a more prolonged cognitive load, we selected the math and caption
task, using one mode as a lab-controlled task and the other as a real-world task.

We first verified whether the ECG and EEG signals could reflect different cognitive load
levels. Previous literature has commonly reported heart rate variability as the most relevant
ECG feature. Fig. 4.5A compares each participant’s average standard deviation of heart rate
across epochs during the mental math task in two conditions. We also examined the efficacy of
the heart rate variability feature when the signals were divided into short-window (10-second)

and long-window (120-second) epochs. The most commonly reported mental workload feature
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Figure 4.5. A. The standard deviation of each participant’s heart rate x session during the mental
math task in two conditions, where the ECG signals were divided into epochs with 10 seconds
and 120 seconds window sizes. B. The normalized Fz theta power of each participant X session
during the mental math task in two conditions, where the EEG signals were divided into epochs
with 10 seconds and 120 seconds window sizes. The p-value of the Wilcoxon signed rank test is
shown on top of each panel.

for the EEG analysis is Fz’s theta power. Therefore, we also compared each participant’s

averaged normalized theta power at Fz, as shown in Fig. 4.5B. The findings revealed that heart
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rate variability highly depended on the window size. The paired difference between the two
conditions became more apparent (though still insignificant) only with a longer window size.
In contrast, the EEG feature Fz theta power remained consistent, regardless of the window size.
Consequently, our analysis focused on the transferability of the EEG features.

To validate the efficacy of our proposed transferring method in reducing the difference
in the distribution of band power features between the source and target domains, we used the
Euclidean distance between the means of the distributions as the metric of the transformation.
Specifically, we calculated the Euclidean distance between the mean of Target-Block1-Hard
and the mean of Source-Hard for each target session as the native distance between the target
and source domains. Then this distance was further compared with the distance between Target-
Block1-Hard and Source-Hard after applying either the mean or covariance transfer method.
Moreover, to examine the sensitivity of the transferring method to the session effect, we also
compared the distances between the native or transferred source domain and Target-Block2-
Hard. As we assumed the mental math task was more controlled, and the theta band power is the
most robust indicator of mental workload, this analysis focused on the theta band power features
during the mental math task. The results under the cross-session and cross-subject scenarios
are presented in Fig. 4.6. The results show that the mean and covariance transfer methods
significantly reduced the difference in distributions between the source and target domains in
all cases. Moreover, under the cross-session scenario, the covariance transfer method showed a
significantly greater reduction in distance to Target-Block1-Hard than the mean transfer method.
However, overall, the efficacy of the two methods was comparable.

Finally, we evaluated the effectiveness of the proposed transfer methods by examining
their impact on classification performance. We trained five types of models with different sets
of training data as described in subsection Transferring Models. Instead of using accuracy, we
used the point biserial correlation coefficient (i.e., the Pearson correlation coefficient for binary
variables) between the prediction outputs of the target model (model 1) and the outputs of each

model to evaluate their performance. This metric indicates how closely a model’s behavior
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Figure 4.6. A. Left panel: The euclidean distance between Target-Block1-Hard and Source-
Hard without data transfer (None), applied with mean transfer (Mean), and applied with
covariance transfer (Cov) under the cross-session transferring scenario. Right panel: The
distance to Target-Block2-Hard. B. The same results as in A but under the cross-subject

transferring scenario.

matches the target model, which represents the ideal model that has been fully calibrated.
Figure 4.7 and 4.8 show the model performance results evaluated with the math task data and

caption task data under the cross-session and cross-subject transfer scenarios. For the mental
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Figure 4.7. The results of the correlation between the outputs of each model and the target
model in the math task.

math results, the mean transfer model performed better in most cases, especially in the cross-
subject scenario when the proportion p was larger than 0.6. Additionally, mean transferring
on theta band power in the cross-subject scenario showed the strongest efficacy. Regarding the
caption task results, the beta band had the strongest efficacy, while transferring in the theta band
did not work well.

Figure 4.9 further shows the results of the cross-task scenario where the data were
transferred from the domain of the math task to the domain of the caption task. Overall, we
observed lower correlation scores for the transferring models in this scenario than in the cross-

session and cross-subject scenarios.
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Figure 4.8. The correlation results between the outputs of each model and the target model in
the caption task.

4.4 Discussion

Fig. 4.7 and 4.8 show that the source model performed poorly in most cases, indicating
that the source and target domains have different distributions and that transfer learning is
necessary. The performance of the transfer models increases as the proportion p increases, as
expected, because more easy-mode data from the target domain can be used to learn better
transformations. The mean-transfer model ranks at the top or has the equal performance to
the best model in most cases when p is set to 0.8 or 1, suggesting that it can either improve
performance or, at the very least, not negatively impact it. It is important to note that setting p to
1 is equivalent to having 3 minutes of low mental workload state calibration.

Furthermore, the fact that the mean-transfer model outperforms the pooled model in
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Figure 4.9. The results of the correlation between the outputs of each model and the target
model in the cross-task (math to caption task) transferring scenario.

different bands suggests that different bands have different transferability. Specifically, the
theta, beta, and gamma bands have better transferability for the mental math task, while the
beta band has better transferability in the image caption task. Additionally, it is unclear why the
source model performs better in the alpha band in cross-session transfer scenarios for math tasks.
However, the performance is very poor in the cross-subject scenario, suggesting that the alpha
band may be robust across days but not individuals. Further research is needed to understand
this phenomenon.

We had anticipated incorporating covariance transferring with the mean-transfer approach
would yield better results, but our findings were not as encouraging as expected. Despite noticing
a substantial reduction in the Euclidean distance to the target domain depicted in Fig. 4.6A, the
covariance-transfer model’s performance was comparable to the mean-transfer model in most
scenarios and even worse in some cases. Therefore, it is imperative to conduct further exploration
and refinement of this method to unlock its full potential.

The difference in performance between the source and pool models in the theta band

of the mental math task is less evident in the cross-session scenario. This may be attributed to
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the original robustness of the same participant’s band power features across days. Nonetheless,
significant transfer method effects are still noticeable in the cross-subject scenario. The success
in transferring the theta band power features is in accordance with our assumption and suggests
that this signature is consistent across participants. Upon closer examination of the correlation
scores in the theta band, we found that the transfer models outperformed in the cross-subject
scenario compared to the cross-session scenario. This implies that the transferred theta band
power features are more resilient than the features of the same individual across different days.

The effectiveness of transferability in the theta band can also be elucidated by the topoplot
of the theta band power in the math task. As shown in Figure 4.10A, the topoplot reveals a
strong frontal theta band in most cases, which is even more pronounced in the target domain.
Interestingly, the topoplots for each participant are very similar in both the source and target
domains, which explains why the performance of the pool and mean-transfer models in the
cross-session scenario is comparable. However, even though all participants show strong frontal
theta power, the theta power of the surrounding channels is not identical, creating room for
improvement for the mean-transfer model in the cross-subject scenario.

The disparity in the effectiveness of transferring theta band power features between
the math and caption tasks suggests that these two tasks might elicit distinct mental efforts or
cognitive states. For example, mental math may involve intense working memory demands,
while the image caption task may not. The induced brain activities in the two tasks appeared
more complex than initially thought. Nonetheless, we did observe similar effectiveness in
transferring beta band features in the cross-session scenario, indicating that there may be some
shared changes in brain states between the two tasks that can be observed in the beta band. This
argument is further supported by the topoplots of the theta and beta band power, as shown in
Fig. 4.10 and 4.11. The topoplots in Fig. 4.11A show that the localized frontal theta power can
also be observed in the image caption task. However, it is comparable between the easy and hard
condition, unlike the stronger frontal theta power in the hard condition shown in Fig.4.10A In

contrast, the elevation in beta band power around the temporal area from the easy to the hard

56



Cross-session math (theta band)

Target-Blockl-  Target-Blockl- | Mean-transferred

Source-Easy Source-Hard Easy Hard Source-Hard 032

0.28
0.24
0.20
0.16
0.12
0.08

Subject 6

0.24
0.20
0.16
0.12

Subject 7

0.08
0.04

0.32
0.28
0.24
0.20
0.16
0.12
0.08
0.04

Subject 8

Cross-session math (beta band)

Target-Blockl-  Target-Blockl- | Mean-transferred

Source-Easy Source-Hard Source-Hard 0.4

0.40
0.36
0.32
0.28
0.24
0.20
0.16

Subject 6

0.52
0.48
0.44
0.40
0.36
0.32
0.28
0.24
0.20

Subject 7

0.48
0.44
0.40
0.36
0.32
0.28
0.24
0.20

Subject 8

Figure 4.10. A. The example topoplot of theta band power in the math task. B. The example
topoplot of beta band power in the math task.

condition is observable in both the math task and the caption task, as illustrated in Fig.4.10B and

4.11B We may link this shared increase in beta band power to attention to attention, as beta band
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power has been reported in the literature to be linked to attention [86, 87].

The inability to transfer features from the mental math task to the image caption task
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indicates that the process of cross-task transferring is more complicated than originally assumed,
highlighting the importance of more comprehensive investigations into the underlying cognitive
processes and experimental designs. Nevertheless, this study has shown that the transferability of
band power features across sessions or subjects varies among bands. The simple mean transfer
method can effectively reduce the difference in the distribution of band power features between
the source and target domains in most cases, given sufficient easy-mode data for fine-tuning.
This suggests that the mean transfer method might improve the practicality of EEG-based passive
BCls.

Chapter 4, in part, is currently being prepared for submission for publication of the

material. The dissertation author was the primary investigator and author of this paper.
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Chapter 5

Memory Workload and Listening Effort

5.1 Introduction

This study investigated the relationship between a classic memory task, the Sternberg task,
and a natural speech listening comprehension task, a common everyday challenge. Specifically,
we explored the possibility of inferring human mental workload during real-world tasks using
knowledge acquired from lab-controlled tasks. Our focus was assessing the mental effort or
workload required for listeners to comprehend natural speech in the presence of background
noise, a typical daily challenge such as conversing in a coffee shop or on public transit. Even
healthy individuals and those with hearing loss can find it difficult to comprehend speech in
noisy environments. To mitigate these challenges, various listening enhancement technologies
have been proposed [88, 89, 90]. Still, there are significant individual differences in vulnerability
to these difficulties, and sometimes the technologies can distort or alter the sound more than
necessary. Therefore, assessing an individual’s sensitivity to background noise interference is
essential to provide personalized listening enhancement solutions.

The role of working memory in speech perception, particularly in noisy environments, is
crucial. Working memory allows individuals to temporarily hold and manipulate information for
complex tasks. It is essential for filtering out background noise and focusing on the target speech
in noisy situations. Some studies have suggested that individuals who are more susceptible to

background noise may have limited working memory capacity, which makes it more challenging
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to disentangle the target sound from the acoustic mixture and attend to it [91, 92]. However,
most of these studies have relied on behavioral evidence to establish the relationship between
working memory and auditory tasks. One potential limitation of this approach is the ”smarter
people perform better” phenomenon, which could influence performance metrics.

The objective of this study was to obtain EEG measurements during a natural speech
listening task, and to validate whether EEG signatures for increased memory workload during
the task can be observed. Furthermore, if such signatures were identified, the study aimed
to investigate their correlation with the signatures of increased memory workload that can be

observed during a classic memory task, the Sternberg task.

5.2 Methods
5.2.1 Experiments

To ensure an unbiased comparison of common EEG features between the memory
and listening tasks, we conducted two separate sessions on different days. In the first session,
participants completed the listening task, while in the second session, they performed the working
memory task. A total of 15 participants (7 females) with an average age of 28.5 years (standard
deviation 6.2 years) participated in the study. All participants reported normal hearing and normal
or corrected-to-normal vision. During both sessions, participants were seated comfortably in a
quiet room and fitted with an EEG cap to record scalp electrical activity. We used a 64-channel
BrainWave cap from MFI BV and a SAGA 32+/64+ amplifier from TMSi to continuously record
EEG signals throughout the sessions. However, we only applied gel to and recorded from 32 out

of the 64 available channels.
Opposite-ear listening task

During the first session, participants engaged in an opposite-ear listening task, a method
utilized to understand the origin of interference sources in situations where masking occurs

beyond the cochlea. This task involves listening to two auditory stimuli simultaneously, one
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Figure 5.1. A. The flowchart of the opposite-ear listening task in the first session of the
experiment. B. The flowchart of the modified Sternberg task in the second session of the
experiment..

presented to each ear, and focusing attention on one of the stimuli.

The task was further divided into two conditions: the “noise” masking condition and the
”speech” masking condition. In the noise masking condition, the two auditory stimuli delivered
to each ear consisted of one natural speech and one scrambled speech that sounded like babble
noise, and the participants were instructed to focus on the natural speech. This allowed us to
establish the control level of the participant’s memory workload when comprehending a single
speech. In the speech masking condition, both auditory stimuli were natural speeches, and the
participants were required to focus on one of them. This condition allowed us to measure the

participant’s memory workload when informational masking occurred. Informational masking
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refers to the interference caused by an intelligible source, which induces additional effort in the
central processing function.

Fig. 5.1A depicts a sequence of events for each trial in the opposite-ear listening task. At
the beginning of each trial, a visual cue was presented, indicating the target’s location as either
“left” or ’right.” Then, after a 1.5-second delay, the experimental program played two audio
tracks simultaneously: one in the left ear and one in the right ear, each lasting for 20 seconds.
One track was the target speech, and the other was the masker consisting either of scrambled
natural speech (noise masking condition) or natural speech (speech masking condition). The
target speech was randomly assigned to either ear, with a masker in the other ear. Participants
were instructed to focus on the target speech and close their eyes once the cue was displayed.
After each 20-second listening task, a phrase-selection closed-set response matrix appeared on a
computer monitor in front of the participant. The matrix contained four phrases extracted from
the target, four from the masker, and four random phrases from a third audiobook. Participants
were required to select four phrases from the target speech. Once the selection of four phrases
was submitted, the program provided feedback on the correctness of the response.

The first session consisted of five blocks of eight trials each, alternating between four in
the noise and four in the speech masking conditions. Each participant completed 20 trials in the
noise and 20 trials in the speech masking conditions.

During the recording, participants were instructed to keep their eyes closed and minimize
head and body movements to reduce the impact of eye movements and blinks on the EEG signals.
A pair of headphones delivered the speech stimuli binaurally to both ears at a comfortable
loudness level of 75 dB SPL (DT 990 PRO, Beyerdynamic GmbH & Co. KG).

To create the stimuli for the opposite-ear listening task, we utilized natural, continuous
speech from the LibriSpeech project [93]. Specifically, we selected groups of consecutive sen-
tences from audiobooks that lasted about 20 seconds and used them as stimuli. To automatically
extract four key phrases from the transcription of each speech stimulus, we employed an unsu-

pervised machine-learning approach for keyword extraction. Specifically, the Yake tool was used
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with the deduplication threshold parameter set to 1, and 1- or 2-grams were extracted as key
phrases, with all other parameters set to their default values [94]. Subsequently, the transcribed
key phrases were manually screened to eliminate colloquialisms.

The target and masker in each trial were always spoken by talkers of the same gender,
with the male or female voice selected randomly for each trial. The scrambled speech for the
noise masker was generated by time-domain scrambling natural speech within multiple frequency

bands, using a window length of 500 ms and a shuffling radius of 2000 ms [95].
Sternberg task

During the second session, we used the Sternberg task [25, 96] to assess visual memory
in each participant. In this task, a list of items (e.g., letters or numbers) is presented briefly,
followed by a probe item. Participants are then asked whether the probe item was part of the list.
The list length is varied across trials to manipulate the working memory demands, and reaction
time is measured as an index of performance. The Sternberg task is a commonly used tool
to study the cognitive and neural mechanisms involved in working memory and to investigate
individual differences in working memory capacity.

We used a modified version of the Sternberg task to evaluate working memory capacity
(shown in Fig. 5.1B). Participants were presented with a sequence of letters in two conditions:
1) ”Easy” mode, which consisted of sequences of five letters, and 2) "Difficult” mode, which
had sequences of eight letters. Each trial displayed the letters one at a time for 1 second, with
a 0.5-second interval between each presentation. After the final letter was shown, the screen
remained blank for 4 seconds before displaying a probe letter. Participants were instructed to
indicate whether the probe letter was part of the previously presented sequence by pressing a
corresponding key on the keyboard. The task consisted of three blocks containing eight trials for
each condition (Easy and Difficult). The Easy trials were always presented before the Difficult

trials. Participants completed 24 trials for each condition, resulting in a total of 48 trials.
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5.2.2 Data Processing

EEG signals were filtered using a 1-50 Hz finite impulse response filter, re-referenced
to the average, and downsampled to a 100 Hz sampling rate. For the first session, we extracted
EEG epochs lasting 20 seconds for each onset time of audio track playback. This resulted in 40
epochs (20 noise-masking and 20 speech-masking) for each participant.

For the second session, we segmented the EEG signals into epochs, starting from the
onset of the first letter display and ending at the disappearance of the last letter. For the easy
mode, we generated 24 epochs lasting 7 seconds, while for the hard mode, we created 24 epochs
lasting 11.5 seconds. In total, this resulted in 48 epochs for the second session.

To analyze the EEG signals, we calculated the spectrogram for each epoch using con-
secutive Fourier transforms with 2-second wide and 1.8-second overlapping sliding windows.
To normalize the power spectral density for each channel, we divided it by the total power at
each time point. We then calculated the normalized power of the EEG bands (6, 6, a, ) by
integrating the normalized power spectral density over the corresponding frequency ranges (0:

1-4 Hz, 6: 4-8 Hz, o: 8-12 Hz, B: 12-30 Hz) using the trapezoidal method.

5.2.3 Theta Power Change

Previous research has demonstrated a strong correlation between frontal midline theta
power and memory workload [97, 98, 34, 80]. The current work, therefore, focuses on frontal
theta power by analyzing the EEG time series from Fz. Next, we introduce an index of memory
workload, called "frontal theta (0) power change,” or AFz0, where the subscripts L and ”’S”
denote “"L”istening” vs ”S”’ternberg task (AFz60;, vs AFz0s).

In the Sternberg task, normalized frontal 8 power reaches a plateau after memorizing the
fifth letter. We, therefore, estimated the maximum change, AFz68g, by dividing the normalized
theta power during the memorization of the fifth letter by that during the memorization of the

first letter.
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Figure 5.2. A. The distribution of each participant’s averaged phrase-selection performance in
the noise-masking versus speech-masking condition. B. The average frequency of each type of
response was selected across all participants.

To make a meaningful comparison of theta changes between the two tasks, the analysis
for the listening task also compared the change of normalized 6 power averaged over a window
of 4 seconds, corresponding to 20% of the total duration for each task. This window size was
chosen to match the ratio of the one-letter period (for both the duration of memorizing the first
letter and the fifth letter) versus the total of five letters in the Sternberg trials before reaching the
plateau. Fz theta power averaged over the first four seconds after stimulus onset serves as the
baseline. The memory workload index AFz6;(7) is then calculated as the normalized Fz theta
power averaged over a 4-second window [T — 2, T+ 2], divided by the baseline. The value of
T was selected to capture the change of the frontal theta power as it reached the plateau. More
specifically, T was set to the knee point of the curve representing the averaged normalized theta
power over time in both the noise-masking and speech-masking conditions. The knee points were
obtained numerically by fitting each curve to a 3-degree polynomial and then applying a knee

point detection algorithm (Kneedle, [99]) to identify the precise knee point in the polynomial.
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Figure 5.3. A. The dynamic of the normalized Fz theta power over time in the listening task. B.
The dynamic of the normalized Fz theta power over time in the Sternberg task.

5.3 Results
5.3.1 Results of the Listening Task

Fig. 5.2A shows the behavioral performance of each participant in a scatter plot, with raw
scores ranging from 0 to 100%. To mitigate the issue of ceiling and flooring effects, the scores
were transformed into logit scores using the formula logit(p) = In(p) —In(1 — p). To prevent
undefined values, the input value of p was capped between 33% (chance-level performance) and
99%s. The results indicated that 13 out of 15 participants had equal or better performance in the
phrase-selection task than in the speech-masking trials, as evidenced by the dots located to the
right of the equal-performance line in the scatter plot.

Two types of response errors can occur with opposite-ear listening. When the participant
misses a target phrase, they must guess the response, leading to a random response. In contrast,
if they attended to the wrong talker, they would report the masker, resulting in a masker response.
To elucidate whether missed trials mainly limited the performance as opposed to source selection,
Fig. 5.2B shows the mean number of selected phrases of the type of responses participant gave.

The mean was first obtained by taking the average across noise-/speech-masking trials, and then
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averaged across all participants. Note that in each trial, the participants had to select exactly four
phrases, so the sum of the means of each type was always four. The p-values of the Wilcoxon
signed rank test between the number of selected phrases of target/masker/random response in
the noise-masking condition versus in the speech-masking condition are p < 0.01 for target
responses, p < 0.05 for masker responses and p > 0.05 for random responses. This shows that
the increased numbers of incorrectly selected phrases in the speech-masking condition were due
to masker errors.

We proceeded to explore the correlation between memory capacity and speech compre-
hension with background noise by analyzing the frontal theta power dynamics (see subsection
Data Processing). To achieve this, we computed the normalized Fz theta power for each 2-second
time window in every EEG epoch and then averaged the results across both noise-masking and
speech-masking conditions for each participant.Fig. 5.3A shows the mean and standard error of
the averaged normalized Fz theta power in each condition.

The results show that, in both conditions, frontal theta power decreased before the onset
of the stimulus, reached a minimum at the onset, and then increased as the tasks progressed.
Although there were differences between the two curves, they were not statistically significant
evaluated by the cluster-level statistical permutation test [100, 101, 102]. It is worth noting that
the initial decrease in theta power before stimulus onset is likely due to participants closing their
eyes at -1.5 sec and resetting their workload after completing the previous trial’s phrase-selection
task.

In the noise-masking condition, the curve reached its peak around the stimulus offset and
then decreased, while in the speech-masking condition, the curve appeared to reach a maximum
of around 10 sec, plateau, and then decreased after the offset. We numerically identified the knee
point at 7.8 seconds after the stimulus onset for the speech-masking condition and 12.2 seconds
for the noise-masking condition, as mentioned in subsection Theta Power Change. As shown
in Fig. 5.3A, the normalized frontal theta power increased over time during the listening trials.

To quantify the increase from baseline to plateau, we calculated the frontal theta power change
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Figure 5.4. A. The correlation between AFz6;, and the phrase-selection performance when the
window is set to the knee point of the speech-masking condition. B. The correlation between
AFz0p and the phrase-selection performance when the window is set to the knee point of the
noise-masking condition.

AFz0;, using the method described in subsection Theta Power Change, with 7 set to 7.8 and 12.2
seconds for the speech-masking and noise-masking conditions, respectively.

We investigated further to determine whether AFz6; could reflect speech intelligibility.
For each knee point, we calculated the mean AFz60; and mean phrase-selection performance by
averaging across trials in each condition (noise-masking or speech-masking) for each partici-
pant. This resulted in 15 pairs of samples for each condition, representing each participant’s
mean AFz60; and mean phrase-selection performance. We then applied the least-squares linear
regression to the 15 pairs of samples and obtained Pearson’s correlation coefficients (R) and the
p-value of the Wald Test. Fig. 5.4 shows the results. At each condition’s respective knee point,
we observed a negative correlation between the AFz0; and behavioral performance, with the

speech-masking condition showing a stronger correlation.

5.3.2 Results of the Sternberg Task

We then examined how the memory workload impacted participants’ behavior during
the Sternberg task. We hypothesized that more effort would be required to remember a greater

number of letters, resulting in longer response times for the probe letter recall in the eight-letter
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trials in the Sternberg task.

trials compared to the five-letter trials. We calculated the average response times within each
participant, which is presented in Fig. 5.5. The left panel displays the scatter plot of each
participant’s average response time, while the right panel shows the mean and standard error of
the response times across all participants. The results revealed a significant difference in the
average response time between the two conditions, with 12 out of 15 participants exhibiting
longer response times in the eight-letter trials. This was further supported by a significant p-value
of 0.013 in the Wilcoxon signed-rank test.

We also used a topoplot to examine whether the increase in the theta power was localized
in the frontal area rather than a result of signal propagation from other channels. Fig. 5.6 shows
the topoplot of the mean normalized theta power averaged over different time windows during
the tasks, and further averaged across all participants. The topoplots show that the theta power
increase in both tasks was centered around the frontal area, consistent with previous research on
memory workload [103, 34, 98].

Next, we investigated the dynamics of normalized Fz theta power during the Sternberg
task. We calculated the power spectral density using 2-sec sliding windows with 90% overlap

(see subsection Data Processing) in each trial and obtained the average for each participant.
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Figure 5.6. A. The topoplot of the averaged theta power of all participants when memorizing
letters at different orders in the Sternberg task. B. The topoplot of the averaged theta power of
all participants at different time window ranges.

Fig. 5.3B shows the average of participants’ means. Upon visual inspection, we observed that the
normalized frontal theta power initially decreased to its minimum at the onset of the first letter
and then gradually increased as more letters appeared. The curves for the 5-letter and the first half
of the 8-letter conditions showed a high degree of overlap. Therefore, we simplified the analysis
by extracting the period of the first five epochs of the 8-letter condition and combining the two
conditions. To measure the progressive increase in frontal theta power over time, we defined
the change in frontal theta power during the Sternberg task as AFz6y (refer to subsection Theta
Power Change), and investigated the relationship between AFz60s and AFz0 in the listening task

(see below).
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Figure 5.7. A. The correlation between AFz0s and AFz0; when the window is set to the knee
point of the speech-masking condition. B. The correlation between AFz0s and AFz6; when the
window is set to the knee point of the noise-masking condition.

5.3.3 Link between Informational Masking and Working Memory

The primary objective of this study was to investigate the dynamics of memory workload
in both the listening and the Sternberg tasks by examining changes in frontal theta power.
We calculated the average change in frontal theta power AFz8s for each participant across all
Sternberg trials. We then paired the resulting 15 samples with each participant’s average AFz6y,
in the listening task, separately for both speech- and noise-masking conditions. Finally, we
applied least-squares linear regression to the 15 pairs of samples and presented the results in
Fig. 5.7. The results reveal that AFz, in the speech-masking condition was positively correlated
with AFz6s at its knee point. In contrast, in the noise-masking condition, AFz60;, did not correlate

significantly with AFz6y in any case.

5.4 Discussion

We employed a novel phrase-selection task to assess speech intelligibility in the presence
of masking speech, which was either intelligible or unintelligible, presented in the opposite
ear. The results presented in Fig. 5.2 show that speech intelligibility was compromised when

the target speech was presented with intelligible masking speech, as evidenced by reduced
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performance in the phrase-selection task. This result is consistent with prior research suggesting
that speech intelligibility is primarily affected by the information in the masking speech.

We found that changes in frontal theta power during the opposite-ear listening task,
specifically in the speech-masking condition, could predict speech intelligibility. The results
presented in Fig. 5.4 revealed a negative correlation between changes in frontal theta power and
speech intelligibility, indicating that participants with greater changes in frontal theta power
tended to have lower speech intelligibility. Furthermore, the negative correlation in the speech-
masking condition emerged earlier and was more robust than that observed in the noise-masking
condition, suggesting that informational masking imposed an additional cognitive workload on
the participants.

The results in Fig. 5.3B revealed that frontal theta power increased as participants retained
more letters during the Sternberg task, consistent with prior research [34] reporting that frontal
theta power increases with memory workload. This investigation adds to previous research by
demonstrating a comparable pattern of increasing frontal theta power during the listening task, as
depicted in Fig. 5.3A. Notably, the time scales and overall dynamic range of normalized frontal
theta power were comparable across the task periods of the Sternberg task and the speech- or
noise-masking conditions, suggesting that the cognitive demands of the two tasks were similar.

Further examination of Fig. 5.7 provides more compelling evidence for the association
between the memory task and the listening task in the speech-masking condition. Panel A shows
a positive correlation between the Sternberg task and the speech-masking condition, indicating
that individuals who exert more effort into the memory task also devote more effort to listening
to speech with informational masking. Furthermore, the fact that the positive correlation is only
significant in panel A but not in panel B indicates that the additional cognitive load caused by the
informational masking in the early period of the trials is similar to the cognitive load induced by
the Sternberg task. Later on, after reaching a plateau, the cognitive workload may be dominated
by the effort to comprehend a single speech, as in the noise-masking condition, where the frontal

theta power also attained a plateau at a later stage, and the change was not correlated with the
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change in the Sternberg task.

In addition to the observed correlation in frontal theta power, we also found an intriguing
association between behavioral performance and temporal beta band power. To investigate this,
we calculated the correlation between each participant’s mean behavioral performance (measured
by the exact number of selected phrases rather than the percentage) and their mean beta power
at the mastoid channels, as displayed in Fig. 5.8. We selected the mastoid channels for this
analysis because we were interested in non-hair-bearing areas, and they are typically labeled
as TP9 and TP10 in the 10-20 system. Instead of calculating the knee point of the temporal
mastoid, we normalized the beta power averaged across [10, 20] seconds after the stimulus
onset by dividing it with the [0, 4] second baseline. The results imply that beta band power
can function as an indicator of a particular type of mental workload, as it exhibits a substantial
negative correlation with behavioral performance. This result may be related to previous research
[104]. It is also worth noting the outcomes from Chapter 4, where an increase in temporal beta
band power was identified in the hard mode condition during both the mental math and image
caption tasks. These results are unexpectedly related and provide additional evidence for the

potential utilization of beta power as a marker of mental workload.
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The results depicted in Fig. 5.7A suggest potential implications for cross-task transfer
learning. Specifically, the positive correlation between a participant’s performance in a lab-
controlled task and their performance in a task within a more real-world setting suggests the
possibility of training predictive models using lab-controlled tasks that can later be applied to
real-world scenarios. This finding sheds light on potential avenues for future research in the field

of cross-task transfer learning.
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Chapter 6

Contribution of This Dissertation

My research explored different facets of EEG-based studies in real-world scenarios.
Specifically, I conducted a neuroergonomics investigation of memory workload in real-world
environments in the first study. The results revealed that band power, mutual information, and
coherence features were effective in distinguishing between high and low memory workload
states. These findings can be applied to the development of working memory monitoring systems
in real-world settings.

The second study examined the utilization of EEG to measure human liking responses in
real-world environments. The results showed that time-domain and frequency-domain signatures
were consistently observed in both fixed-viewing and free-viewing conditions, highlighting
EEG’s potential as a valuable tool for measuring human liking responses in real-world settings.
Furthermore, these two studies demonstrate the feasibility of detecting the same EEG signatures
in real-world situations as in laboratory-controlled conditions.

In subsequent research, I devised feature-transferring methods specifically for passive
BClIs and investigated the transferability of different EEG bands commonly used in such systems.
The results demonstrated that data from various domains could be used to learn the appropriate
data distribution for a new session, thus reducing the human variability and requirement for
extended calibration and enhancing the feasibility and efficiency of EEG-based passive BCI

systems.
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Lastly, I utilized a phrase-selection task to evaluate speech intelligibility in the presence
of masking speech. The results indicated that frontal theta power rose with memory workload
during the listening and Sternberg tasks. Notably, this study is one of the few with the same
participants performing diverse tasks. It detected a robust correlation of EEG signatures between
them, underscoring the potential of cross-task transfer learning.

Overall, this dissertation makes a significant contribution to the EEG-based evaluation
of human cognitive and affective states in real-world settings. The results have meaningful

implications for developing more practical and effective passive BCI applications.
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