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Abstract 

This dissertation summarizes my work to identify biomarkers for 

neuromodulation treatment in Mal de Débarquement Syndrome (MdDS) using resting 

state EEG and fMRI. Biomarkers that are associated with the symptom changes after 

stimulations can potentially guide development and selection of effective treatment, 

therefore expediting the process of patients getting access to beneficial treatment. I have 

developed a data-driven method to extract and quantify the functional connectivity of 

resting-state brain networks as biomarkers. Through simultaneously acquired resting-

state EEG and fMRI, I have identified response biomarkers at the network level across 

three different protocols (i.e., 10-Hz/1-Hz repetitive transcranial magnetic stimulation 

(rTMS), continuous theta burst stimulation (cTBS) and transcranial alternating current 

stimulation (tACS)). Specifically, my work have revealed that the visual network and the 

default mode network were clinically relevant to the symptom changes and potentially 

important indicators for optimizing the stimulation target. 

I have also integrated simultaneous EEG and fMRI data to demonstrate the 

validity of EEG-network-based biomarkers. The EEG-informed fMRI has shown 

consistent synchronization with EEG networks in response to the repetitive transcranial 

magnetic stimulation. Furthermore, the entorhinal-cortex-seeded fMRI connectivity 

revealed that the stimulation-related changes in the left precuneus and cingulate gyrus 

have normalized the pathological differences in MdDS patients when compared with 

healthy controls. This part of analysis also has suggested the mechanism of noninvasive 

brain stimulation via modifying the connectivity patterns in disease-related networks.  
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Finally, I explored the feasibility of customizing the stimulation parameters in 

cTBS and tACS based on the imaging biomarkers. Through classifying targets into 

optimal vs. non-optimal, my analysis revealed that the transient EEG after a single, try-

out administration of cTBS stimulation can signify the optimal stimulation targets. 

Furthermore, the response biomarkers showed distinct patterns that are sensitive to 

various tACS stimulation parameters, including frequencies and phases. Especially, the 

tACS based on the prior knowledge of individual alpha frequency is most effective in 

reducing symptoms, which again emphasized the importance of stimulation paradigm 

tailored to individuals.  

Overall, the findings of my dissertation work have demonstrated the merit of 

multi-modal neuroimaging in noninvasive brain stimulation, in identifying the response 

biomarkers and understanding the mechanism of treatment. The integration of 

neuroimaging with stimulation will be able to optimize the individual treatment effect via 

personalizing the brain stimulation through a biomarker-based, closed-loop approach.
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1. Chapter 1: Introduction 

1.1 Neuroimaging 

The rise of noninvasive brain imaging opens the door for flexible and tolerable 

experiment designs in human participants to probe the brain organizations and neuron 

communication mechanism. It has been used in a variety of investigations to visualize the 

brain in behavioral tasks and resting states in both healthy and diseased conditions. It has 

also been combined with external brain modulation tools, such as all types of brain 

stimulation protocols, to provide insight on how the modulation tool interacts with the 

brain and therefore unveil the potential applications of neuromodulation tools in brain 

disorders. The first known electrophysiological recording in humans was pioneered by a 

German psychiatrist Hans Berger in 1924 (Zeidman et al., 2014). Electroencephalography 

(EEG) is able to record the electrical activity originated from the brain cortex and 

propagating to the human scalp (Fig. 1-1). Specifically, it is known to record the post-

synaptic signals and composed of accumulated electrical activations from populations of 

neurons (Nunez and Srinivasan, 2006). By the virtue of a near-source, quasi-static 

electromagnetic field, the EEG measures the electric signals related to populational 

neuronal activities at a superior spatial resolution of milliseconds. In application, EEG 

have several clinical indications (Kreuzer, 2017; Macdonell et al., 1988). For example, it 

is an essential monitor tool for epilepsy as it presents critical information about 

epileptiform discharge and provides great sensitivity in spotting any sudden changes in 

the brain. It has also been combined with a vast of biomedical engineering methods to 

extend its capability in investigating neurological or psychiatric disorders (Billeci et al., 
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2013) (Noachtar and Rémi, 2009), such as Autism- Spectrum Disorders, and depression 

(Whitton et al., 2018).  

 

Figure 1-1: Demonstration of high-density EEG montage in (A), EEG cap in (B), EEG 

waveforms in (C) during recordings. 

Functional magnetic resonance imaging (fMRI) is another revolutionary imaging 

tool, which records the blood-oxygen-level-dependent signals (BOLD) and known for its 

excellent spatial resolution in measuring the region-confined activities in the brain tissue. 

The basis of fMRI relies on the neurons’ metabolism (Logothetis, 2008). As adenosine 

triphosphate (ATP) is consumed when neurons generate and propagate signals, 

supplementing energy for the neurons requires oxygen exchange through blood vessels 

(Logothetis, 2008). Therefore, an increased level of neuron activations demands large 

oxygen input and leads to a local increase of deoxygenated hemoglobin [Hb], which 
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constitutes the primary detection measure of fMRI (Glover, 2011). As Hb is not related 

to the electrophysiological information transmission directly, fMRI is considered an 

indirect measure of brain activities. Nevertheless, its emergence quickly dominated the 

neuroscience community. The investigation into default mode network (Raichle, 2015; 

Raichle et al., 2001a) using fMRI has shown tremendous value for studying the brain as 

an organization of wired-up networks between isolated regions in brain disorders. 

Increasingly, with the growing capability of computer computation and the popularity of 

the concept of big data, more sophisticated statistical methods have been used to infer the 

brain fMRI data in a more complex way (Fox and Raichle, 2007; Hutchison et al., 2013; 

Li et al., 2019).  

 A critical application of neuroimaging in the brain research field is to develop 

clinically relevant biomarkers to deepen the understanding of disorder pathology 

(Greicius, 2008; Zhang and Raichle, 2010), as well as facilitate therapy responses 

(Brakowski et al., 2017; Horn and Fox, 2020). For example, numerous studies have 

recognized that many brain disorders are not solely caused by one isolated brain area but 

instead result from dysfunctional brain networks or dysconnectivity among segregated 

brain regions (Fox et al., 2012a). These neuroimaging features related to the disorder 

mechanisms could contribute significantly to the early diagnosis of these disorders. Early 

diagnosis and intervention make it possible to achieve a better therapeutic effect than after 

symptoms manifest.  

1.2 Noninvasive brain stimulation 

Due to the low response rate of pharmacological treatment in many neurological 

and psychiatric disorders the intrinsic dysfunction of brain network being increasingly 
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indicated as the potential cause of these diseases by imaging biomarkers, brain 

stimulation has gained wide attention to act as a tool for manipulating brain 

synchronization to assist the pharmacological treatment or serve as an alternative (Fox et 

al., 2012b; Siddiqi et al., 2020). Repetitive transcranial magnetic stimulation (rTMS) is 

one of the most popular noninvasive brain stimulation techniques and has been approved 

by the FDA, after many clinical trials and sufficient study of the possible adverse effects 

for use in depression, obsessive-compulsive disorder (OCD), migraine (Chail et al., 2018). 

In the typical setting of rTMS, a coil, usually in the shape of a figure eight is energized 

to generate the magnetic field (Fox et al., 2012a). According to the Maxwell-Faraday 

equation, the current generated by the magnetic field can penetrate the skull and scalp 

with effective intensity to depolarize or hyperpolarize the neurons at that site. This 

depolarization or hyperpolarization of neurons affects the electricity propagation cascade 

and consequently impacts the wired-up network of the brain that connects local and 

remote regions. Because of its ability to impact the brain network connectivity in a 

controlled manner, rTMS is regarded as a useful therapeutic tool. However, the responses 

to the rTMS in patients are susceptible to individual heterogeneity (Kar, 2019). Therefore, 

visualizing the underlying brain responses using fMRI and EEG or any other imaging 

tools may benefit our comprehension of neuromodulation mechanism. The combined 

investigation of neuroimaging and rTMS is a natural progression as it may tell us what 

rTMS physically does to the brain. Additionally, by revealing alterations in the brain 

through imaging after rTMS and corresponding clinical responses, the investigation could 

also elucidate the mechanism of rTMS in improving or worsening the symptoms as well 

as the pathological nature of the disease.  
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 Compared with rTMS, transcranial alternating electric stimulation (tECS) 

requires a cheaper, more portable set up and can directly modulate the brain oscillations 

through external frequencies; it facilitates probing the causal link between brain 

oscillations and their cognitive functions (Feurra et al., 2011). tECS is composed of three 

different current conditions, alternating current (AC), direct current (DC) and random 

noise (RN) stimulation (Paulus, 2011). Among these, tACS (electrodes illustration in Fig. 

1-2) is used primarily to entrain the brain in a frequency-specific manner and can be 

applied as a sinusoidal, rectangular or even more complex waveform. Mostly commonly, 

tACS is to entrain the brain using the external periodic current wave (Helfrich et al., 

2014b). Similar to rTMS, tACS is reported to augment or decrease the brain 

synchronization to impact the cognitive function if applied with appropriate parameters 

(Paulus, 2011), and it is a promising tool to benefit any disorders that exhibit brain 

network dysfunction as the underlying cause. Because of the strong influence of tACS on 

cortical oscillators, tACS might contribute significantly to the treatment of neurological 

or psychiatric disorders related to disturbed neural oscillations. Specifically, tACS is 

shown to modulate the brain in a frequency-specific manner (Feurra et al., 2011) and 

might perform differently based on the priori brain states (Neuling et al., 2013; Ruhnau 

et al., 2016).  
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Figure 1-2: tACS uses bandage to hold sponge electrodes in place and electrodes cables 

connect to a portable stimulator (out of image). 

1.3 Mal de Débarquement Syndrome  

Mal de Débarquement Syndrome (MdDS) is a motion perception disorder caused 

by entrainment to background motion (Cha, 2009; Hain et al., 1999). The symptoms of 

MdDS are manifested as a bobbing, rocking or swaying perception (Cha, 2009), but other 

symptoms such as headache, fatigue, visual motion intolerance, and tinnitus suggest that 

it involves more brain networks than just the vestibular system. This disease has two 

subtypes, the first is usually triggered by the exposure of prolonged periods of low-

frequency, low-amplitude oscillating motion such as sea travel or airborne travel, also 

termed as motion triggered (MT) MdDS the other subtype is less common, in which 

symptoms can arise spontaneously or with other triggers (e.g., surgery, childbirth, etc.) 

(Cha, 2015; Cha, 2009). In this dissertation work, we only looked at MT MdDS, which 

we will refer to simply as MdDS. Indeed, there are no peripheral vestibular deficits in 

MdDS (Cha, 2009). Due to the limited literature on MdDS, little is known on its 

pathophysiology and its subtypes. A PET and fMRI study (Cha et al., 2012) has revealed 
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the abnormal connectivity and metabolism of MdDS compared with healthy controls. 

Therefore, neurulation approaches, such as repetitive transcranial magnetic stimulation 

(rTMS), has been experimentally investigated in the treatment of MdDS (Cha et al., 

2016b; Dell'Osso et al., 2009). Prior neuroimaging and noninvasive brain stimulation 

studies on MdDS have indicated that both long range fronto-parietal connectivity as well 

as as corticolimbic connectivity with the entorhinal cortext are related to symptom status 

(Cha et al., 2018; Cha et al., 2012; Chen et al., 2019; Ding et al., 2014; Yuan et al., 2017). 

The first neuroimaging study on MdDS using fluorodeoxyglucose positron emission 

tomography (FDG-PET) showed that there is hypermetabolism in the left entorhinal 

cortex and amygdala along with increased connectivity to posterior parietal and occipital 

cortex (Cha et al., 2012). Using funcitonal magnetic resonance imaging (fMRI), reduction 

in resting state functional connectivity measured between the entorhinal cortex and the 

inferior parietal and precuneus regions corresponding to the default mode network 

(DMN) has been shown after repetitive transcranial magnetic stimulation (rTMS) of the 

dorsolateral prefrontal cortex (DLPFC) (Yuan et al., 2017). The resting state network 

connectivity measured by electroencephalography (EEG) also showed reduction in the 

medial frontal gyrus (MFG) and inferior pareital lobule (IPL) as part of the default mode 

network, which also were correlated with the fMRI connectivity changes to the default 

mode network (Chen et al., 2019). Morever, measurements of independent component 

phase coherence (ICPC), an EEG marker of synchronicity, have shown reductions in 

synchrony as a function of symptom status (Cha et al., 2018; Ding et al., 2014).  
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1.4 Simultaneous EEG and fMRI 

fMRI measuring the blood oxygen level-dependent (BOLD) signal reflects human 

brain activity indirectly (Logothetis et al., 2001). Despite its limited temporal resolution 

at the level of seconds, fMRI has been proven to be a useful neuroimaging modality in 

studying brain activation and more recently, brain synchrony between regional areas 

(Biswal et al., 1995). In contrast to fMRI, EEG measures neuronal currents on a 

millisecond scale with the ability to detect current sources at the cortical level after 

addressing the so-called “inverse problem” (Grech et al., 2008). In light of 

complementary features of EEG and fMRI, researchers have been able to combine those 

modalities (Mulert et al., 2004; Ritter and Villringer, 2006) and prospectively link the 

signals characterized by fMRI to phenomena revealed by EEG (Perry and Bentin, 2009; 

Yuan et al., 2016). This multimodal approach has been suggested to overcome the spatial 

resolution limitations of EEG and the temporal resolution limitations of fMRI. 

Furthermore, it has the advantage of translating fMRI-based imaging to EEG-based 

imaging, which is portable and adaptable to versatile recording environments, such as 

those done simultaneously with TMS (Ilmoniemi and Kičić, 2009).  
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Figure 1-3: Canonical hemodynamic response function waveform used in general fMRI 

analyses (Penny et al., 2011). 

A popular way to associate EEG and fMRI is to compute the EEG- informed fMRI 

model. In this approach, the high temporal resolution time courses from EEG are input as 

the regressors and fed into the general linear model (GLM) of fMRI. Computing 

regressors from EEG concerns the hemodynamic response delay in fMRI and therefore 

requires the convolution with hemodynamic response function (HRF) to offset the delays 

between two signals. HRF describes the impulse response function towards external 

stimulations in fMRI. It was originally defined as boxcar-shape form (Keilholz et al., 

2004; Pelled et al., 2007), but later is commonly formulated as a parameterized double-

gamma function (Lindquist et al., 2009). The canonical HRF Fig. 1-3 was a HRF of a 

double-gamma function, using the implementation of a widely used fMRI analysis 
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toolbox Statistical Parametric Mapping (SPM) (Penny et al., 2011) and proposed by other 

scientists (Penny et al., 2011; Yu et al., 2012). In addition to convolution with HRF, the 

fed in EEG data have been explored in a few other formats, including simple clean EEG, 

or more recently in literature, clustering derived microstates, ICA derived microstates 

(Abreu et al., 2018) and microstates of specific frequency (Schwab et al., 2015). This type 

of analysis utilizes whole brain EEG channels and allows mapping of scalp EEG signals 

to the fMRI volume structures by correlating their temporal signals. Notably, this type of 

analysis heavily relies on the choice of HRF and it remains to be seen if there is a more 

appropriate response function. fMRI can be used to inform EEG as well though less 

common. This type of analysis mostly focuses on increasing the estimation of source 

localization and therefore improve the EEG spatial accuracy (Lei et al., 2015). 

1.5 Outline of this dissertation 

In this dissertation work, I have thoroughly explored neuroimaging biomarkers 

for rTMS and tACS as intervening protocols in MdDS. In the simultaneous EEG and 

fMRI data acquired in patients before and after the stimulation treatment, I have found 

significant imaging biomarkers that shed light on the pathological mechanism of MdDS 

as well as the treatment mechanism of brain stimulations. I also investigated the 

possibility of using transient EEG to guide the customized protocol for an individual 

patient. By combining EEG with fMRI, I for the first time have demonstrated that EEG 

and fMRI are imaging biomarkers in MdDS, and that EEG serves as the 

electrophysiological correlate of fMRI.  

The primary contribution of my dissertation is to develop the response and 

predictive biomarkers in EEG and fMRI to assist the decision-making of using 
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noninvasive brain stimulation in MdDS. The imaging features prevalent in positive 

responders could guide the future protocol design with the aim of imitating the beneficial 

brain responses. This part is elaborated in Chapters 2 and 3. 

The second contribution is to elucidate the mechanism of noninvasive brain 

stimulation in rectifying the abnormal connectivity in the DMN network. Through the 

comparison with healthy participants, we can see the therapeutic effect of brain 

stimulations by normalizing the disease-related connectivity. This part is elaborated in 

Chapter 4. 

The final contribution of my dissertation is to demonstrate the feasibility of using 

closed-loop EEG features to guide noninvasive brain stimulation application. In cTBS 

and tACS, I have found the stimulation parameters, such as target sites and frequencies, 

customized to each individual could benefit the patients more. This part is elaborated in 

Chapter 5. 
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2. Chapter 2: ICA-Based EEG Networks Are Modulated by 

Noninvasive Brain Stimulation 

Three cohorts of MdDS patients have participated in this study. The utilized brain 

stimulations evolved from traditional 10-Hz/1-Hz rTMS to cTBS and tACS. We moved 

from the a traditional, FDA-approved protocol of 10-Hz/1-Hz rTMS towards cTBS as the 

cTBS stimulations can be delivered in a more rapid manner (40 seconds in cTBS vs. 30-

minutes in 10-Hz/1-Hz rTMS), and can generate longer stimulation effects (Huang et al., 

2005). tACS was used because it was more friendly to be a home-based therapy, while 

rTMS/cTBS as on-site treatment demands travelling which might aggravate MdDS 

symptoms. Given our previous investigations in fMRI and PET (Cha et al., 2012; Yuan 

et al., 2017), our goal was to identify EEG features that could differentiate positive 

responders from the negative or neutral responders. Across three different treatment 

protocols, we examined EEG data and identified both response and predictive EEG 

biomarkers in rTMS and cTBS. 

2.1 rTMS protocols  

2.1.1 Demographics  

 The details of the study are published in (Chen et al., 2019). Study procedures 

were completed according to Declaration of Helsinki guidelines and approved through 

Western IRB (www.wirb.com). Participants provided written informed consent and were 

recruited under ClinicalTrials.gov study NCT02470377. This study used rTMS in an off-

label manner. Twenty individuals diagnosed with MdDS were included in this study. All 

participants provided written informed consent. The mean age of the participants was 

52.9 ± 12.6 years, ranging from 28 to 76 years. The duration of illness had a mean of 35.2 
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± 24.2 months, median 30 months, and a range of 8–96 months. All participants were 

female, which was consistent with the high prevalence of female sex in MdDS (Cha, 

2009). Participants were included if they had: 1) persistent oscillating vertigo after 

disembarking from sea, air and land-based travel that started within two days of 

disembarkation, 2) symptoms lasting at least 6 months, and 3) were evaluated by an 

experienced neurologist or otolaryngologist and were found to have no other cause for 

symptoms. In general, we recruited a medically refractory group that had failed vestibular 

therapy and at least two medication trials. Individuals were excluded if they: 1) had 

contraindications to undergoing rTMS or EEG/fMRI, such as medications known to 

reduce seizure threshold, 2) were pregnant or planned to be in the course of the study, 3) 

had an unclear trigger for their symptoms, 4) were incapable of completing all study-

related testing, or 5) had an unstable medical or psychiatric condition such as a history of 

bipolar disorder or psychosis.  

2.1.2 Concurrent MR-EEG acquisition 

EEG were simultaneously recorded with fMRI on day 1 before the treatment and 

day 5 after treatment as the treatment protocol took 5 days. All EEGs were recorded 

through a 126-channel cap by using a BrainAmp amplifier (Brain Products GmbH, 

Munich, Germany). Sintered Ag/AgCl ring electrodes were mounted into the scalp cap 

according to the standard 10-5 system. Ten kiloohm was the impedance upper limit for 

all EEG electrodes. In the first 10 participants of the group, EEGs were acquired 

separately from fMRI at a sampling frequency of 1000Hz while they were seated in a 

recliner and instructed to keep still with eyes closed during recording, which lasted 5 min 

(i.e., first group). In the second 10 participants, resting-state EEG was simultaneously 
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obtained with fMRI at a sampling frequency of 5000Hz for a period of 6min and 10 sec 

(i.e., second group). The SyncBox device (Brain Products GmbH) was used to 

synchronize the internal sampling clock of the EEG amplifier with the MRI scanner 

10MHz master clock signal. 

2.1.3 rTMS sessions 

In the first protocol on MdDS patients, both 1Hz inhibitory and 10Hz excitatory 

stimulation were administered to each participant at about the same time each day over 

five consecutive days. The Localite TMS Navigator® frameless stereotaxy system was 

used to determine the center of DLPFC as the location of the anterior portion of the middle 

frontal gyrus. rTMS was administered with the Magventure MagPro X100 stimulator 

with a cooled figure-of-eight coil (Fig. 2-1) in biphasic mode with the handle back at a 

45° angle relative to the midsagittal plane. The motor thresholds (MTs) for each motor 

hand cortex were determined each day for each participant. The hand knob landmark 

(Yousry et al., 1997) was identified by the neuronavigation system and MTs were 

confirmed by evoking 50 uV motor potential responses from the contralateral abductor 

pollicis brevis muscle. rTMS sessions were composed of 1 Hz stimulation over right 

DLPFC at 110% of right MT for 1200 pulses (20 mins) and followed by 10Hz stimulation 

over left DLPFC at 110% of left MT for 2000 pulses (25 mins). The 10 Hz protocol was 

administered as 26 seconds rest following trains of 40 pulses over 4 seconds.  
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Figure 2-1: rTMS device from MagVenture, with a stand to hold the stimulator and a 

coil to deliver the stimulation (picture copyright by https://www.magventure.com/us). 

2.1.4 Visual analogue scale (VAS) 

A visual analogue scale (VAS) of 0-100 was employed to evaluate the 

participants’ symptoms in which 0 indicated a symptom-free state while 100 represented 

dizziness so severe that standing was not possible. The VAS reporting for each participant 

was done before and after the five rTMS sessions. The differences between VAS scores 

before and after rTMS were calculated and participants were categorized as follows: those 

whose score increased by 10 points or more were considered to be negative responders; 

those whose scores decreased by 10 or more were considered to be positive responders; 

and those whose scores changed between -10 and 10 were considered to be neutral 

responders. 

https://www.magventure.com/us
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2.1.5 EEG analysis 

The pipeline of EEG analysis is shown in Fig. 2-2. Data were removed of various 

environmental and physiological artifacts, including the MR gradient artifacts (in 

BrainVision Analyzer 2.1), the cardioballistic artifacts (in BrainVision Analyzer 2.1), the 

muscle and ocular movement related artifact (using ICA in MATLAB 2016a). Bad 

channels with excessive artifacts were discarded via visual check (less than 1% on all 

data) and the removed channel would be interpolated by averaging its nearby four 

channels. Filtering of high pass at 0.5 Hz, low pass at 70 Hz and notch between 59-61Hz 

was applied. EEG raw data were down-sampled to the microstate to retain the EEG data 

at a higher signal-to-noise ratio (Lehmann et al., 1987; Yuan et al., 2016). Boundary 

element models for all participants were built based on individual structural MRI data in 

FreeSurfer (https://surfer.nmr.mgh.harvard.edu/). Individual digitization files of genuine 

electrode location were co-registered to the model scalp (two of all datasets used the 

standard digitization file due to the bad quality of the original files). Physiological source 

imaging was used to back project the EEG measurement on the scalp to the cortex for 

each individual by a minimum norm method (Dale and Sereno, 1993b; Hämäläinen and 

Ilmoniemi, 1994) (see the following section for more details on source analysis). The 

spatial distributions of sources estimation of the 20 participants were then aligned to a 

standard head cortex for further analysis in MATLAB 2016a. Absolute value of source 

data were temporally concatenated across participants and went through temporal 

independent component analysis (ICA) using the infomax ICA algorithm implemented 

in the EEGLAB toolbox (http:// sccn.ucsd.edu/eeglab). A total of 30 ICs was calculated. 

The number of IC was chosen based on our previous investigation which yielded a 



17 

reasonable cross-modal consistency between EEG and fMRI networks (Yuan et al., 

2016). The EEG networks were compared with template fMRI networks derived from a 

large cohort of healthy individuals by Yeo et al. (Yeo et al., 2011) (i.e. the “Yeo 7 

network” parcellation). Spatial correlation coefficients with Yeo template networks were 

calculated and the IC with the highest spatial correlation was chosen as the match for a 

network. Six EEG networks were identified, including the default mode network, the 

visual network, the frontoparietal network, the sensorimotor network, the limbic network, 

and the dorsal attention network.  

 

Figure 2-2: After preprocessing, resting state EEG (rsEEG) data were projected onto 

cortical surfaces through source imaging. Microstates on source signals were extracted, 

concatenated and subject to group-level independent component analysis (ICA) 

performed. Cortical connectivity was calculated as the correlation between time courses 

of cortical sources and independent components (ICs). Connectivity values were 

extracted from regions of interest (ROI) and compared between pre-TMS and post-TMS 

sessions with regard to symptom changes. EEG-based networks were also compared 

with the fMRI connectivity seeded at the entorhinal cortex (EC) (Chen et al., 2019). 
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 The EEG connectivity map of each IC was then calculated as the Pearson 

correlation between the time course of each temporal IC and the time courses of source 

dipoles on the cortical surface area for each subject. For statistical analyses, Pearson 

correlation coefficients on each map were converted to z scores by Fisher’s z transform. 

Pre- and post-TMS EEG connectivity maps were computed separately. The pre-TMS 

connectivity map is also referred to as the “baseline” connectivity map. “Post-minus-pre-

connectivity” maps represent the connectivity changes after rTMS, which was calculated 

by subtracting the pre-TMS map from the post-TMS map for individuals. 

The modulation on EEG networks was further examined with regard to symptom 

changes. We first defined regions of interests (ROI) based on the pre-TMS maps. Cortical 

surface area within a radius of 6 mm centered at the maximum of the IC map was drawn 

as an ROI (Sridharan et al., 2008). The ROIs’ center coordinates are listed in Table 1. 

Connectivity values, i.e., z scores, within an ROI were extracted and averaged for each 

ROI. We then tested the relationship between EEG connectivity changes and symptom 

changes characterized by the VAS measurement. For example, a positive correlation 

coefficient signified a decrease in EEG connectivity related to a decrease of VAS scores. 

Similarly, if the connectivity increased when VAS scores increased, this would also be 

represented by a positive correlation coefficient. If connectivity increased while VAS 

decreased, or vice versa, the correlation coefficient would be negative. The method of 

controlling the False Discovery Rate (FDR) by (Benjamini and Yekutieli, 2001) was 

employed for addressing the multiple comparison problem. The symbol q denotes the 

corrected p value. Furthermore, to test whether the difference in connectivity was 

significant within each responder group, we performed a paired, two-tailed t-tests on the 
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post-TMS and pre-TMS z-scores and the two-sample t-tests were employed for 

comparing connectivity of different groups.  

2.1.6 Electrophysiological source imaging 

For EEG source analyses, we used individual physical forward models linking the 

source dipoles to scalp EEG measurements. The forward model was constructed as a 3-

layer boundary element model composed of scalp, skull and brain based on triangular 

elements. Each layer was given its own conductivity value (Zhang et al., 2006). Structural 

MRIs were implemented and employed to generate the geometric models individually. 

Briefly, the forward model can be expressed in a linear equation as follows:  

𝚽 =  𝐀 ∗ 𝐒 + 𝐍 1  

where Φ is a matrix of the measured EEG, S is the unknown matrix of amplitudes 

of the source dipoles over time, and A is the gain matrix. N is a vector specifying the 

noise at each electrode. 

There are a variety of linear inverse operators of the forward model. We used the 

minimum norm estimation (MNE) method (Dale and Sereno, 1993b; Hämäläinen and 

Ilmoniemi, 1994). The linear inverse operator for this method is expressed by:  

𝑾 = 𝑹𝑨𝑻(𝑨𝑹𝑨𝑻 + 𝑪)−𝟏 2  

where C and R are covariance matrices of the noise and sources, respectively. 

Taken together, the minimum norm estimate of S, i.e. S' is computed as: 

𝐒′  =  𝐖 ∗ 𝚽 3  

2.1.7 Results 

All 20 participants finished the rTMS protocol and imaging sessions. The 

symptom score changes from Day 1 to Day 5 were evenly spread across the 20 

participants. Six out of the 20 participants reported decreased symptoms after the 
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treatment (VAS changes: -32.50  17.56, “positive responders”), six of the participants 

felt slightly worse (VAS changes: +11.67  3.73, “negative responders”), and the 

remaining eight participants reported unchanged symptoms (VAS changes: -1.38  2.39 

of VAS, “neutral responders”). For each cohort (1st and 2nd), the distribution of responses 

was identical: 30% positive, 30% negative and 40% neutral. 

Table 2-1: Regions of Interest in EEG networks matched to templates RSNs  

(Chen et al., 2019). 

Identified 

Network 

Region of 

Interest MNI Coordinates (mm) 
  

  
X Y Z   

Default Mode lMFG -20.26 57.80 1.819   

Visual rFG 28.42 -92.86 -12.55   

Frontoparietal rMFG 37.93 42.16 22.27   

Motor lPG -57.80 -16.15 34.33   

Limbic rMTG 47.94 3.968 -33.87   

Dorsal Attention lP -8.610 -72.18 49.07   

lFG: left Fusiform Gyrus, rPG: right Precentral Gyrus, lP: left Precuneus, rMFG: 

right Middle Frontal Gyrus, lMFG: left Medial Frontal Gyrus, rMTG: right 

Middle Temporal Gyrus. 

Since our previous PET and fMRI studies have indicated an important role of 

DMN in differentiating individuals with MdDS from the healthy controls as well as being 

related to the symptom changes (Yuan et al., 2017), we first focused our investigation on 

the DMN. From EEG source data, one network was identified as the match to the DMN 

of Yeo template (Fig. 2-3A). Connectivity values within ROIs from the DMN were 

extracted from all individual pre- and post- rTMS images. Results revealed a significant 

correlation coefficient (r = 0.54, q < 0.05, Fig. 2-3C), between the difference in 



21 

connectivity values and the changes in symptoms after rTMS. Specifically, a positive 

correlation indicated that greater symptom reduction was associated with a stronger 

decrease in connectivity within the DMN. The connectivity within the DMN in the 

positive subgroup was effectively reduced after TMS (paired t test, t(5) = -2.54, p = 0.05, 

Fig. 2-3D). In comparison with the negative subgroup, the reduction of connectivity in 

the positive responders was significantly lower (unpaired t test, t(10) = -2.80, p = 0.02, 

Fig. 2-3D).  

 

Figure 2-3: Connectivity changes before and after rTMS in the Default Mode Network 

correlate with symptom changes. The default mode network was identified in EEG (A), 

which matched the fMRI template (B) by Yeo et al. (2011). The connectivity changes 

extracted from the ROI in the left medial frontal gyrus were positively correlated with 

symptom changes shown in (C) (q < 0.05). Pre- and post-TMS values are shown in (D) 

for the subgroups of positive, neutral and negative responders, separately. * indicates 

significant between-group comparisons (positive responders vs. negative responders, 

unpaired t test: t(10) = -2.80, p = 0.02). Δ indicates significant within-group comparison 

(paired t test, t(5) = -2.54, p = 0.05) (Chen et al., 2019). 
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We then extended our analysis to all the EEG networks identified in our 

procedure. A total of six networks matched the Yeo template networks (Yeo et al., 2011), 

i.e. the visual, motor, dorsal attention, limbic, frontoparietal, and default mode networks, 

with spatial correlations ranging from 0.21 to 0.45 (with mean  std = 0.32  0.091). 

Table 2-1 lists coordinates of the center of ROIs in all identified networks. Among the 

five EEG networks beside DMN, correlation analyses between ROI connectivity changes 

and VAS changes drew our attention to the visual network (Fig. 2-4A) and the limbic 

network (Fig. 2-5A). Similar to the DMN, modulations seen in the visual network across 

individuals were positively correlated with symptom changes (Fig. 2-4C, r = 0.52, 

q<0.05). However, a reversed correlation was identified in the ROI of the limbic network, 

i.e., the right middle temporal gyrus, in which a greater reduction of symptoms was 

associated with an increase in connectivity (Fig. 2-5C, r = -0.61, q<0.05). In the sub-

group of positive responders, the increase in EEG connectivity only approached 

significance (t(5) = 2.45, p = 0.06, Fig. 2-5D), yet appeared to be higher than the changes 

in negative responders (t(10) = 2.49, p = 0.03, Fig. 2-5D). 
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Figure 2-4: Connectivity changes before and after rTMS in the visual network are 

correlated with symptom changes. A visual network was identified in EEG (A), which 

matched the fMRI template (B) by Yeo et al. (2011). The connectivity changes 

extracted from the ROI in the primary visual cortex were positively correlated with 

symptom changes as shown in (C) (q < 0.05). Pre- and post-TMS values are shown in 

(D) for the subgroups of positive, neutral and negative responders, separately. Δ 

indicates areas of difference of between post- and pre-TMS connectivity values that 

approached significance. None of the between-group or within group comparison was 

significant (Chen et al., 2019). 

Finally, we investigated whether the baseline EEG connectivity of several 

networks is predictive of the symptom changes after rTMS. First, the primary visual 

network was found to have a predictive effect (r = -0.53, q<0.05, Fig. 2-6), indicating 

high baseline connectivity predicts better treatment response. In the prediction analysis, 

we also extended our examination to include other EEG networks than the six template 

matches. The baseline connectivity of the ROIs for the DMN and the limbic network are 

shown in Fig. 2-7 and 2-8; the data did not reach significance. Nonetheless, in the left 

medial frontal gyrus, the majority of the participants’ baseline connectivity followed a 
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similar descending trend (i.e., higher baseline connectivity associated with greater 

symptom reduction, r = -0.25). 

2.1.8 Discussion 

This study investigated the modulation effects of rTMS on brain networks using 

multimodal neuroimaging data, i.e., EEG and fMRI. In a group of MdDS participants, we 

were able to identify resting state networks based on EEG data that were matched to six 

fMRI template networks. The connectivity changes of the EEG networks were positively 

correlated with symptom change in the left medial frontal gyrus and in the primary visual 

cortex. In addition, such changes obtained by EEG were also correlated to fMRI-

measured connectivity changes involving deeper subcortical structures, particularly in a 

network that includes the entorhinal cortex, the precuneus and right inferior parietal 

lobule, all of which are nodes of the default mode network. Furthermore, baseline EEG 

connectivity values in primary visual cortex and right inferior parietal lobule were found 

to predict symptom changes induced by rTMS, with particularly high baseline 

connectivity predictive of reduction of symptoms. 
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Figure 2-5: Connectivity changes before and after rTMS in the limbic network are 

correlated with symptom changes. A limbic network was identified in EEG (A), which 

matched the fMRI template (B) by Yeo et al. (2011). The connectivity changes 

extracted from the ROI in the middle temporal gyrus were positively correlated with 

symptom changes as shown in (C) (q < 0.05). Pre- and post-TMS values are shown in 

(D) for the subgroups of positive, neutral, and negative responders, separately. * 

indicates significant between-group comparisons (positive responders vs. negative 

responders, unpaired t test: t(10) = 2.49, p = 0.03).  indicates within-group 

comparisons that approached significance (paired t test, t(5) = 2.45, p = 0.06) (Chen et 

al., 2019). 

The rTMS protocol employed in the current study targeted both left DLPFC and 

right DLPFC since our pilot studies of these two targets had previously demonstrated 

efficacy in relieving symptoms in some individuals with MdDS (Cha et al., 2013; Cha et 

al., 2016b). Network analysis of EEG data revealed a positive correlation between 

modulation in connectivity and changes in symptoms. Particularly, in the sub-group of 

positive responders to rTMS, reduction of symptoms was associated with a reduction of 

connectivity values. In the visual cortex, functional connectivity decreased after rTMS 
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on average and consistently in each positive responder. Notably, the visual cortex has 

been reported to possess higher connectivity with the entorhinal cortex in MdDS in a 

PET/fMRI study (Cha et al., 2012). This suggests that one of the therapeutic mechanisms 

of rTMS in MdDS is to normalize hyper connectivity in visual networks. In a prior 

investigation (Cha et al., 2018; Ding et al., 2014) a decrease of EEG connectivity was 

represented by a decrease in post-TMS neural synchrony of the posterior parietal and 

occipital areas. This decrease in synchrony was associated with an improvement in 

symptoms of MdDS, which are consistent with our findings in the visual cortex.  

 

Figure 2-6: Baseline connectivity in EEG visual network is related to symptom 

improvement. Pre-TMS connectivity extracted from the ROI in the primary visual 

cortex is correlated with symptom changes, as shown in (A). The average connectivity 

values in the subgroups of the positive, neutral, and negative responders are shown in 

(B). None of the between-group or within group comparisons were significant (Chen et 

al., 2019). 

Other studies have investigated rTMS effects on brain networks such as in major 

depressive disorder (MDD). (DeGiorgio et al., 2014) used 10-Hz rTMS targeting the left 

DLPFC in depression patients and imaged them before and after stimulation. They found 

that connectivity in the DMN was reduced significantly towards the lower connectivity 

level of healthy controls in treatment responders. Patients’ symptom reduction was 
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observed to be related to decreased connectivity within the DMN in a study by (Philip et 

al., 2018) in which 5-Hz TMS was given to the participants. Those results suggest that 

one mechanistic role of rTMS in decreasing depressive symptoms is via the normalization 

of the hyper connectivity in DMN. Considering that the left medial frontal gyrus is a key 

node within the DMN (Yeo et al., 2011), our observation of the positive correlation 

between in DMN desynchronization and symptom improvement in MdDS emphasizes 

the important role of DMN in treating disorders characterized by abnormal function. In 

MdDS, desynchronization of visual cortex connectivity is also related to symptom 

improvement after rTMS implicating some disorder specific effects that layer upon 

perhaps more general signatures of maladaptive brain states.  

 

Figure 2-7: Baseline connectivity in EEG default mode network. Pre-TMS connectivity 

extracted from the ROI in the left medial frontal gyrus did not reach a significant 

correlation with symptom changes (p > 0.05) (Chen et al., 2019). 

Furthermore, our baseline analysis showed that, on average, positive responders 

had higher pre-TMS connectivity over visual cortex as shown in Fig. 2-6. The 

connectivity between entorhinal cortex and motion processing areas such as the temporal 

and posterior occipital areas was found to be higher than in healthy controls (Cha et al., 

2012). Those with higher baseline connectivity in visual areas may have had more room 
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to change than those with lower connectivity. In a parallel fMRI study, Yuan et al. (Yuan 

et al., 2017) also reported that higher fMRI baseline connectivity between the rTMS 

targets (DLPFC) and entorhinal cortex (also a part of DMN) correlated with better 

treatment response. Higher RSFC was found to be critical in predicting positive treatment 

effects in other studies employing rTMS. In a study utilizing rTMS at DLPFC to treat 

patients with major depression, (DeGiorgio et al., 2014) identified higher baseline RSFC 

in the positive response group compared to the poor response group. As a follow-up study, 

Avissar et al. (Avissar et al., 2017) reported that rTMS response could be predicted by 

higher RSFC in DLPFC-to-striatum in a larger subject study. Baeken et al., (Baeken et 

al., 2017) investigated theta burst stimulation effects on MDD subjects comparing their 

baseline connectivity with healthy controls, and found that baseline RSFC between 

subgenual anterior cingulate and medial orbitofrontal cortex could distinguish responders 

from non-responders. Together, these findings support the prospect that measurements of 

RSFC before treatment could potentially be used to predict treatment responses in MdDS, 

MDD, and other disorders. The current study shows that EEG can serve as a 

complementary modality in predicting treatment responses.  
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Figure 2-8: Baseline connectivity in EEG limbic network. Pre-TMS connectivity 

extracted from the ROI in the right middle temporal gyrus did not reach significant 

correlation with symptom changes (p > 0.05) (Chen et al., 2019). 

2.2 cTBS protocol 

The details of the study are described in the article (Chen et al., Under Review). 

In the rTMS protocol, we targeted bilateral DLPFC with 1Hz right-sided and 10Hz left-

sided stimulation and about 30% of participants improved within the 5-day course of the 

repetitive stimulations. A critical challenge was to design a more effective protocol that 

can achieve higher response rate and greater symptom improvement. The DLPFC 

protocol motivated our current study to consider a more intensive form of stimuli, i.e. 

continuous theta burst stimulation (cTBS) in which trains of gamma frequency 

stimulation (50 Hz) are given at theta frequency (5 Hz) intervals (Cha et al., 2019). This 

form of stimulation more closely models the theta-gamma coupling of cortico-cortico 

communication. The more rapid stimulation parameters and generally longer stimulation 

effects compared to standard pulsed stimulation have led to increasing numbers of 

therapeutic trials of theta burst stimulation for various clinical conditions (Di Lorenzo et 

al., 2020; Li et al., 2018; Schwippel et al., 2019; Zhao et al., 2020). Notably, cTBS has 

been deemed as a non-inferior protocol to 10Hz stimulation over DLPFC for depression 

(Dhami et al., 2019). In our latest study of MdDS (Cha et al., 2019), the cTBS protocol 

led to doubling of the response rate compared to the DLPFC protocol allowing a broader 

distribution of positive clinical effects on which to draw correlations to symptom 

improvement. On a similar base of 24 starting participants, 16 individuals, as opposed to 

7 individuals, reported at least a 10-point reduction in symptom severity of oscillating 

vertigo on a visual analogue scale of 0-100. A key remaining question in the cTBS study 

is whether any changes in neural circuits were related to the symptom changes in MdDS 
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patients after completion of the stimulation. Such knowledge of biomarkers is critical for 

establishing the neuromodulation mechanism of cTBS and for further individualized 

tailoring of the protocol. 

2.2.1 Demographics 

The study was performed at the Laureate Institute for Brian Research in Tulsa, 

OK. Study procedures were implemented in accordance to Declaration of Helsinki 

guidelines and approved through Western IRB (www.wirb.com). Participants gave 

written informed consent and were recruited under ClinicalTrials.gov study 

NCT02470377. Twenty-four individuals diagnosed with MdDS were recruited in this 

study, while one did not complete the data recording. The mean age at the time of the 

study was 51.46 ± 11.75 years, median of 53.5 years, and a range of 30 – 70 years. The 

duration of illness had a mean of 25.29 ±20.92 months, median 17 months, and a range 

of 7 – 104 months. The inclusion and exclusion criteria were the same as in Chapter 

2.1.1.  

2.2.2 Concurrent MR-EEG acquisition 

EEG was collected following the same procedures as in DLPFC protocol. Before 

and after cTBS protocol, MR-EEG were recorded through a 126-channel cap using 

BrainAmp MR Plus amplifiers (Brain Products GmbH, Munich, Germany) with sintered 

Ag/AgCl ring electrodes following the standard 10-5 system. Ten KΩ was the impedance 

upper limit for all EEG electrodes. Sampling rate was 5000 Hz. Participants lied down in 

the MRI machine and were instructed to keep still with eyes closed during the 6-min 

resting state recording. The SyncBox device (Brain Products GmbH) was used to 
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synchronize the internal sampling clock of the EEG amplifier with the MRI scanner 10 

MHz master clock signal.  

2.2.3 cTBS sessions 

In this protocol of continuous theta burst stimulation (cTBS), the stimulation 

frequency elevated to 50 Hz and delivered as a triplet burst repeated at 5 Hz (Huang et 

al., 2005) which gave a total 600 pulses in about 40 seconds. cTBS was administered 

using the same device as rTMS. cTBS sites were composed of posterior regions and 

randomized across patients among occipital cortex (45%), cerebellar vermis (42%), 

lateral cerebellar hemisphere (40%). Individual MRI data were acquired for use in 

neuronavigation during the delivery of pulses to identify each target. The targeting sites 

were designed so to take into account the stimulation target as a critical factor for 

beneficial outcomes. The stimulation intensity was given to patients at a low level initially 

and increased to the maximum of tolerated level after they habituated.  

2.2.4 MR-EEG analysis 

Simultaneous MR-EEG data at resting state were acquired before and after 

stimulation (day 1 and day 5, respectively). The MR-EEG data were cleaned of various 

environmental and physiological artifacts, including the MR gradient, cardioballistic, 

muscle, and ocular movement related artifacts. Specifically, the gradient artifact and 

cardioballistic artifacts were removed in Brain Vision Analyzer 2.1 based on average 

artifact subtraction (Allen et al., 2000). Additionally, artifact residuals were removed 

through independent component analysis (ICA) in MATLAB 2017b. Bad channels with 

excessive artifacts were discarded via visual check and replaced by an average of its 

nearby four channels. The percentage of bad epochs ranged from 0 - 5% and was not 
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significantly different between pre and post cTBS sessions (paired t-test, p > 0.1). High-

pass filtering at 0.5 Hz, low-pass filtering at 70 Hz and notch filtering between 59-61Hz 

were applied. All channels were re-referenced to the common average.  

For EEG source reconstruction, individual MRI data were utilized to project scalp 

EEG measurements to cortical sources. Boundary element models for all participants 

were built based on individual structural MRI data segmented by FreeSurfer 

(https://surfer.nmr.mgh.harvard.edu/). The head model was constructed as a 3-layer 

boundary element model: scalp, skull, and brain based on triangular elements. Each layer 

was given its own conductivity value (Zhang et al., 2006). Individual digitization files of 

genuine electrode location were co-registered to the scalp model. EEG source imaging 

was used to calculate the current dipoles on the cortex for each individual by a minimum 

norm method (Dale and Sereno, 1993a; Hämäläinen and Ilmoniemi, 1994). 

To perform the group level analysis, individual head models were registered to 

the standard FreeSurfer “fsaverage” subject (Fischl et al., 1999). Continuous source data 

were down-sampled to the microstate to retain data at a higher signal-to-noise ratio 

(Lehmann et al., 1987; Yuan et al., 2016). Absolute values of source data were then 

temporally concatenated across patients and a temporal ICA, i.e. the infomax ICA 

algorithm implemented in the EEGLAB toolbox (http:// sccn.ucsd.edu/eeglab), was 

performed to reconstruct the EEG networks at the group level (Chen et al., 2019; Yuan et 

al., 2016). Because the patients in the current study turned out to be predominantly 

responders, we derived the projecting matrix based on responders only but applied the 

reconstruction of network connectivity to all patients. As comparison, we also ran the 

ICA analysis on all patients. A total of 25 ICs was calculated. The number of IC was 
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chosen based on our prior investigations, which yielded cross-modal consistency between 

EEG and fMRI networks (Yuan et al., 2016).  

Individuals’ cortical connectivity of the EEG network was then calculated based 

on the group-level ICA analysis. In particular, the projecting matrix was applied to 

individual patients’ continuous source matrices to calculate the time series of the EEG 

networks. Then, in every patient, Pearson correlation coefficient between the time course 

of each network and the time course of each source dipole on the cortical surface was 

calculated, resulting in a map of correlation coefficients as the EEG connectivity map. 

Pre- and post-cTBS EEG connectivity maps were computed separately from data on day 

1 and day 5 respectively. The pre-cTBS connectivity map is also referred to as the 

“baseline” connectivity map. “Post-minus-pre-connectivity” maps represent the 

connectivity changes after cTBS, which were calculated by subtracting the pre-cTBS map 

from the post-cTBS map for each participant. 

In the current study, the visual network and the default mode network were 

primarily examined, as informed by our prior investigations of repetitive TMS at the 

DLPFC sites (Chen et al., 2019). To identify the visual network, spatial correlation 

coefficients between the Yeo template of the visual network (Yeo et al., 2011) and all 

EEG network maps was calculated and the one with the highest spatial correlation was 

chosen as the EEG visual network. Similarly, a match for the Yeo template of default 

mode network was identified and termed as the EEG DMN. The significance of spatial 

matching was assessed by a bootstrap approach based on the null distribution of spatial 

correlation values established in (Yuan et al., 2016). In addition, we also searched all 

other EEG networks for any symptom-related changes. Two additional EEG networks 
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that present singular nodes of the default mode network, i.e. the left and right inferior 

parietal lobules (IPL), were manually selected as sub-networks of DMN. 

2.2.5 Results 

A total of 24 patients were recruited to participate in the cTBS study and 23 

patients have completed the data recording protocol. 16 out of the 23 participants were 

responders because they showed improved symptoms of more than 10 points (VAS 

changes: average -37.70  16.30 points, range -88 to -15) and the other 7 were non-

responders (VAS changes: average 0.71 7.12 points, range -8 to 15), as shown in Fig. 

2-9. Compared with our previous study of rTMS at the DLPFC site (Chen et al., 2019), 

more patients in the current protocol were responders (i.e. 69.6%) and the improvement 

was overall greater in responders (compared to VAS reduction of -32.50  17.56 in 

DLPFC protocol). The regions of interest in identified networks are listed in Table 2-2. 

 

Figure 2-9: Clinical responses. The VAS changes of 16 responders are in blue and 7 

non-responders in red (Chen et al., Under Review). 

Since our prior work have shown that rTMS modulation on EEG visual network 

and DMN were associated with symptom changes (Chen et al., 2019; Yuan et al., 2017), 

our current investigation focused on the visual network and DMN. Through a group-level 

network analysis and a template matching approach, EEG visual network on the posterior 
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brain regions was identified (Fig. 2-10A) with a spatial correlation of 0.61 with Yeo 

template of visual network (p < 0.01) (Yeo et al., 2011). Meanwhile, EEG DMN that was 

primarily composed of the medial frontal gyrus and medial prefrontal cortex was 

identified (Fig. 2-11A) with a spatial correlation of 0.31 with Yeo template of DMN (p < 

0.05). Furthermore, two EEG networks were manually selected, such that they 

respectively constitute the left and right inferior parietal lobules as two key regions of 

DMN (shown in Fig. 2-12A and 2-13A), even though they were not identified as a 

significant spatial match with the Yeo template. Table 1 lists coordinates of the center of 

ROIs in these four selected networks.  

Then we assessed whether the modulatory effect to these EEG networks were 

associated with individuals’ symptom responses on day 5. Considering that this cohort of 

patients are primarily positive responders, we first tested the normality of VAS and EEG 

connectivity changes by using a Kolmogorov–Smirnov test, which indicated that the 

tested values were from a normal distribution. A positive correlation was consistently 

identified between the VAS changes and EEG connectivity changes in the visual network 

(Fig. 2-10C: r = 0.43, p = 0.04) as well as the left and right IPL sub-networks of DMN 

(right IPL in Fig 2-13A: r = 0.60, p = 0.002; left IPL in Fig 2-12A: r = 0.41, p = 0.05). 

The positive correlation indicated that greater symptom reduction was associated with a 

stronger decrease in connectivity. However, in the medial frontal gyrus of the EEG DMN, 

the EEG connectivity changes were not related to the symptom responses (r = 0.19, p > 

0.1).  
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Figure 2-10: EEG visual network and ROI analysis in right inferior occipital gyrus 

(IOG). (A) the identified EEG visual network centered in the right IOG. (B) shows the 

contrast (post-treatment vs. pre-treatment) of EEG for responders and non-responders. 

Connectivity changes (C) as well as the baseline connectivity (D) are associated with 

treatment responses (Chen et al., Under Review). 

We also assessed the within-group and between-group changes of EEG 

connectivity on day 5. Analysis showed that in the responders, the post-stimulation 

changes of the left MFG region were lower than those in the non-responders (Fig. 2-11B: 

p = 0.02). Within-group assessment further revealed that responders’ decrease of EEG 

network connectivity in the left MFG approached significance (p = 0.1), whereas non-

responders’ increase was significant in the medial frontal gyrus (p = 0.003). In addition, 

regarding the network changes in the right IPL, the responders showed approaching-

significance difference than the non-responders (Fig. 2-13B: p = 0.1). Interestingly, 
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regarding both left MFG and right IPL, the effect appears in opposite directions among 

the two response types: whereas stimulation decreased the connectivity in responders, it 

increased the connectivity in non-responders.  

 

Figure 2-11: EEG DMN network and ROI analysis in left medial frontal gyrus. (A) 

shows the identified EEG network that includes the left medial frontal gyrus. (B) shows 

the contrast (post-treatment vs. pre-treatment) of EEG for responders and non-

responders. * Indicates significance at p < 0.05. Δ Indicates approaching significance at 

p < 0.1 (Chen et al., Under Review). 

In addition, we assessed whether the pre-stimulation connectivity of each EEG 

network on day 1 was associated with individuals’ symptom responses on day 5, in order 

to investigate a predictive role of baseline status. Our analysis revealed that the baseline 

connectivity is a consistent predictor: network connectivity values in three regions 

negatively correlated with patients’ symptom responses (visual cortex in Fig. 2-10D, r = 
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-0.47, p = 0.02; left IPL in Fig. 2-12D: r = -0.55, p = 0.006; right IPL in Fig. 2-13D, r = 

-0.61, p = 0.002). Notably, a negative association indicates that higher baseline 

connectivity predicted greater reduction of symptoms after cTBS. However, in the medial 

frontal gyrus of the EEG DMN, the baseline connectivity values were not found to relate 

to the symptom responses.  

 

Figure 2-12: EEG network and ROI analysis in left inferior parietal lobule. (A) shows 

the identified EEG network that includes the left inferior parietal lobule. (B) shows the 

contrast (post-treatment vs. pre-treatment) of EEG for both responders and non-

responders. Connectivity changes (C) as well as the baseline connectivity (D) are 

associated with treatment responses (Chen et al., Under Review). 

2.2.6 Discussion 

The current study is a follow-up study of Chen et al. (Chen et al., 2019) in which 

we investigated resting state brain network connectivity changes measured with EEG and 
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fMRI after repetitive stimulation of cTBS protocol. We have reconstructed resting state 

brain networks based on EEG source images and replicated the discovery of primary 

visual network and default mode network in a new cTBS protocol. This dataset of 

simultaneous EEG and fMRI acquisition also allowed us to demonstrate the association 

between EEG and fMRI networks. Our analysis has further shown that there is a positive 

relationship between symptom responses and connectivity changes and that baseline 

connectivity is inversely associated with the beneficial outcomes of cTBS, which was 

observed in the visual network as well as in regions belonging to the default mode 

network. We further determined that on the 2nd day try-out sessions of cTBS targets, the 

transient changes of EEG network connectivity induced by single administration of cTBS 

can be used to classify the optimal targets from non-optimal targets for repetitive 

stimulations.  

Conventional rTMS for major depression disorder started with targeting left 

DLPFC using 10 Hz (O'Reardon et al., 2007). In the process of optimizing efficacy, a 

variety of approaches have searched for a better stimulation target, with the focus on 

identifying anatomical landmarks (Fitzgerald et al., 2009; Herbsman et al., 2009; Rusjan 

et al., 2010). Recently, a new targeting strategy was recommended based off its fMRI 

connectivity with the subgenual cingulate cortex – a key region in antidepressant studies 

(Fox et al., 2012a; Weigand et al., 2018). Importantly, the fMRI studies in depression 

indicated that functional connectivity that resides in large-scale neural circuits composed 

by several distant cortical, and sometime subcortical, structures are instrumental to the 

effect of rTMS (Drysdale et al., 2017; Fox et al., 2012a; Liston et al., 2014; Philip et al., 

2018; Weigand et al., 2018). Similarly, in our rTMS study for MdDS, the results from 
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this current study and our previous work (Chen et al., 2019; Ding et al., 2014; Yuan et 

al., 2017) indicate that decrease in connectivity of both visual networks and posterior 

default mode network are related to symptom reduction in MdDS. Importantly, a unique 

design of our work is that we employed an iterative targeting strategy: first we determined 

what functional connectivity measurements correlated with symptom improvement after 

10-Hz/1-Hz rTMS over DLFPC (Cha et al., 2016a; Chen et al., 2019; Yuan et al., 2017)) 

and then we adjusted the targets to posterior occipital/cerebellar regions in subsequent 

cTBS protocol (Cha et al., 2019). Compared with rTMS over DLPFC, cTBS over the 

dorsal occipital cortex and cerebellar vermis led to higher response rates. This may be 

due to better targeting (occipital/cerebellar vs. prefrontal), a higher frequency stimulation 

(cTBS vs. 10-Hz/1-Hz), or more intensive treatment (10-12 treatments vs. 5 treatments).  
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Figure 2-13: EEG network and ROI analysis in right inferior parietal lobule. (A) shows 

the identified EEG network that includes the right inferior parietal. (B) shows the 

contrast (post-treatment vs. pre-treatment) of EEG for both responders and non-

responders. Connectivity changes (C) as well as the baseline connectivity (D) are 

associated with treatment responses. Δ indicates approaching significance at p < 0.1 

(Chen et al., Under Review). 

Our current study of multimodal imaging data before and after cTBS revealed the 

details of neuromodulatory effect on functional connectivity. One of the prominent 

symptoms in MdDS is the development of visually induced dizziness (e.g., watching 

action movies, playing video games) (Cha, 2009). In current analysis, one of the areas’ 

functional connectivity correlated with symptom change is within the visual network, 

which was also disclosed previously (Chen et al., 2019). Comparing these two studies, 

despite two completely different stimulation protocols were utilized and that two non-

overlapping cohorts of patients were examined, a common anatomical region in the visual 
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network - the right fusiform gyrus - was discovered, with a Euclidean distance of less 

than 10 mm. The identified region was in the parieto-occipital sulcus and in the vicinity 

of the area that was targeted by cTBS. This outcome emphasizes the robust role of visual 

network as a response biomarker in rTMS treatment for MdDS patients.  

Table 2-2: Regions of interest in selected EEG resting-state networks  

(Chen et al., Under Review). 

  MNI Coordinates (mm) 

EEG Networks Regions of Interest X Y Z 

Default Mode Network 

Left medial frontal gyrus -15.06 42.13 40.53 

Left inferior parietal lobule -33.81 -73.56 41.48 

 Right inferior parietal lobule 54.10 -41.85 39.71 

Visual Network Right fusiform gyrus 36.22 -87.53 -12.03 

 

In addition to the visual network, the connectivity changes over left and right IPL 

nodes also associate with the symptom’s reductions, while the connectivity changes at 

the left MFG differed between responders and non-responders. These three regions are 

the key nodes of the default mode network, where the cTBS intended to intervene when 

the experiment was designed. The DMN has been considered to be a fundamental intrinsic 

network for normal mental functions and its dysfunction has been implicated in a variety 

of neurological disorders (Broyd et al., 2009), such as depression, schizophrenia etc. The 

DMN network is composed of several key nodes in the medial prefrontal cortex, posterior 

cingulate cortex/precuneus, the intraparietal sulcus, and the hippocampal formation, 
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which includes the entorhinal cortex (Buckner et al., 2008; Greicius et al., 2003). The 

DMN connection to the hippocampal formation flows through the entorhinal cortex 

(Ward et al., 2014). These hubs play critical roles in memory retrieval, navigation, 

internal mental monitoring and taking on the perspective of others (Buckner et al., 2008; 

Menon, 2015). In MdDS, the abnormal metabolic activities and functional connectives 

have been documented as compared with healthy individuals. The left entorhinal cortex, 

a pivotal part of the default mode network, has been shown to be the single cluster of 

hypermetabolism in PET study of MdDS (Cha et al., 2012). Later on, our multimodal 

imaging data of EEG and fMRI have shown that modulation of the connectivity in the 

default mode network in response to rTMS at DLPFC (Chen et al., 2019; Yuan et al., 

2017). When DLPFC was stimulated, the stimulation did not lead to increased 

connectivity between the stimulation site and EC (Yuan et al., 2017), even though left 

prefrontal EC RSFC was shown to be lower in MdDS than in healthy controls (Cha et al., 

2012). Instead, our data showed that stimulation at DLPFC played a modulatory role, 

resulting in decreases of functional connectivity between EC and multiples nodes of the 

default mode network – right inferior parietal lobule, precuneus and the other EC (Yuan 

et al., 2017). By using EEG network analysis, the current cTBS study again showed 

correlations between improvement in symptom severity and connectivity changes in 

multiples nodes of the default mode network – left medial frontal gyrus and bilateral 

inferior parietal lobules, which are consistent with previous findings despite of a 

completely different stimulation protocol. Especially in the left medial frontal gyrus, both 

the DLPFC and cTBS protocols have revealed a significant decrease of network-level 

connectivity in the positive responders, as compared to non-responders. However, even 
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though a prominent modulatory effect was evident in the left medial frontal gyrus, cTBS 

protocol did not reveal a linear correlation for its engagement in clinical responses, which 

was otherwise observed in DLPFC protocol. In addition, in posterior nodes of the DMN, 

correlation between connectivity and symptom changes were shown (Fig. 2-12 and 2-

13: left and right IPL, respectively). Considering that DMN generally encompasses both 

anterior and posterior hubs, our findings collectively indicate that cTBS to the 

occipital/cerebellar regions may exert stronger effects in local posterior regions than 

fronter regions.  

2.3 tACS protocol 

The details of the study are described in the article (Chen et al., In preparation). 

tACS modulates brain synchronizations by applying external current oscillations through 

sponge electrodes and employs a more portable and cheaper device than rTMS. From this 

point, it is an ideal alternative to rTMS and provides the possibility of a home-based 

therapy, which would be beneficial as travelling to the on-site treatment might aggravate 

the symptoms in MdDS. Thus, in our latest study of MdDS, we administered tACS on 24 

patients. In light of our previous imaging studies regarding the clinical relevance of visual 

and default mode networks in MdDS, we had both front and parietal regions as the main 

stimulation targets.  
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2.3.1 Demographics 

 

Figure 2-14: Anti-phase tACS set up. Red and blue sinusoidal waves are in opposite 

phases as shown in (A). Red and blue squares in (B) represent the sponge electrodes and 

its approximate locations on the scalp (Chen et al., In preparation). 

The study was performed at the Laureate Institute for Brian Research in Tulsa, 

OK. Involved procedures follows the Declaration of Helsinki guidelines and approved by 

Western IRB (www.wirb.com). Twenty-four patients were recruited in this study with 

written informed consent provided but two were excluded due to missing data. The mean 

age of this cohort at the time of this study was 52.27 +/-11.67 and a range of 22 to 66 

years. The duration of illness was of mean 39.32 +/- 54.45 and a range of 6 to 240 months. 

The inclusion and exclusion criteria were implemented the same as in Chapter 2.1.1. 

2.3.2 Concurrent MR-EEG acquisition and tACS sessions 

EEG and fMRI data were acquired following the same procedures as in cTBS 

protocol on Day 1 and 5. tACS was applied using the XCSITE 100 stimulator (Pulvinar 

Neuro LLC, Durham, NC). Since both in-phase and anti-phase at alpha frequency can 

reduce the motion illusion compared with control (40Hz) in a pilot study, this protocol 

employed three different tACS conditions: antiphase alpha-tACS, in-phase alpha-tACS 

and anti-phase gamma (40Hz). Two sponge electrodes (10 cm by 10 cm square shape) 

A B
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were used and set on frontal and parietal regions (illustrated in Fig. 2-14B). the 

stimulation frequency was set at individual alpha frequency or slightly higher (rounding 

up to the nearest 0.5 Hz) through reading previously acquired EEG data. A return channel 

was placed on the left upper arm to allow the current circuit forms. The peak amplitude 

of the sinusoidal waveform was delivered over 20 minutes of 1 mA for anti-phase alpha-

tACS and 2 mA for in-phase alpha-tACS. 22 individuals were stimulated, and the 

frequency varied from 10 Hz to 40 Hz (detailed stimulation parameters given in Table 5-

1).  

Patients were instructed to sit in a back supported chair, three phases of 

abovementioned conditions were administered in a randomized order and the most 

effective condition, as determined by the patient, was selected for use in the remaining 

sessions. On average, each patient received 10-12 sessions of tACS in the mornings over 

3 days, and 60 mins break arranged in between sessions.  

2.3.3 MR-EEG analysis 

Resting state EEG data underwent preprocessing steps as described in Chapter 

2.1.5, briefly, including removing heavy MR gradient artifact, cardio ballistic artifacts 

and the muscle/ocular movement artifact (ICA in MATLAB). The clean data then were 

down-sampled to 250 Hz. Filtering was applied as high pass of 0.5 Hz, low pass of 70Hz 

and band-stop between 59-61Hz. Group-level ICA was applied on concatenated source 

EEG data (from source imaging as in Chapter 2.1.6). The ICA derived networks were 

again used in analyzing this protocol, and detailed steps as in Chapter 2.1.5. 



47 

2.3.4 Results 

The clinical responses in this protocol showed 12 patients improved while the rest 

10 remained the same or got worse (Fig. 2-15), with an average VAS changes of -12.05+/-

13.25 and range from -45 to 10. Notably, the reported VAS changes were based on the 

immediate effect after tACS protocol, we did not include out-lasting effect in the current 

analysis. 

 

Figure 2-15: VAS changes across 22 patients in which 12 improved significantly and 

10 remained the same or felt worse (Chen et al., In preparation). 

We identified visual and default mode networks in this new protocol and found 

another one that was closely related to the clinical responses which enclosed parietal 

regions. In both the right medial frontal gyrus (Fig. 2-16) and the left cuneus (Fig. 2-17), 

we did not see any clinically relevant brain synchronizations from the seeded ROIs 

(circled out in Fig. 2-14B and Fig. 2-15B). But we did find the ROI (Fig. 2-18B) 

originating from the right cuneus displayed significant association with the clinical 

changes. However, it was negatively correlated with the clinical improvement and the 

positive responders and non-responders showed distinct directions of connectivity 

changes (Fig. 2-18D).  
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2.3.5 Discussion 

 

Figure 2-16: (A) shows the identified EEG network that consists of the left cuneus. The 

connectivity changes (C) as well as the baseline connectivity (D) are associated with the 

clinical responses. (B) shows the contrast (post-treatment vs. pre-treatment) of EEG for 

both responders and non-responders (Chen et al., In preparation). 

tACS was employed here as an alternative to rTMS due not only to its potential 

as home-based therapy but also its capability of manipulating brain oscillations. Informed 

by our previous investigations in MdDS, we looked into both the left cuneus (Fig. 2-16) 

and right frontal medial gyrus (Fig. 2-17). We identified a new network ROI at the right 

cuneus which was clinically relevant. We failed to spot any significant network level 

connectivity changes in both visual and DMN. And the right cuneus displayed anti -

correlation between EEG changes and VAS changes (Fig. 2-18B). This indicated the 

connectivity at the right cuneus increased more in the responders compared with non-

responders (Fig. 2-18D) and differed from our reports in rTMS. This anti-correlation was 
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also spotted in the EC-based fMRI analysis of tACS at the left cingulate gyrus in Chapter 

4. Notably, the parietal network encompassed massive surficial cortical areas with the 

maximum activation located on the right cuneus (Table 3-2). In light of its low spatial 

specificity compared to the DMN or visual network, this network synchronization might 

be contributed by extensive brain regions and therefore represented a broad effect of 

tACS on inter-connected sites which was seen more focalized in rTMS.  

 

Figure 2-17: (A) shows the identified EEG network that consists of the medial frontal 

lobule. The connectivity changes (C) as well as the baseline connectivity (D) are 

associated with the clinical responses. (B) shows the contrast (post-treatment vs. pre-

treatment) of EEG for both responders and non-responders (Chen et al., In preparation). 

An important question to ask given 3 different protocols in MdDS was what a 

responsive brain would be like in EEG and fMRI. We were looking for converging 

evidence in abovementioned three protocols, but the answer seemed to be more 

complicated than we expected as it showed decrease connectivity in some of the networks 
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(Chapters 2.1 and 2.2) and also increased connectivity in here with variance across 

protocols. The community of neuroscience has strived to organize healthy brain as 

hierarchical networks to facilitate our understanding of healthy and provide reference for 

diseased groups (Vidaurre et al., 2017). But for most of the therapeutic tools, we did not 

have a full picture of whether the brain converged towards the healthy brain or achieving 

the efficacy by form a unique pattern (different than healthy) (Gudayol-Ferré et al., 2015) 

in a more complex way, for example, regarding the antidepressant effect in most of the 

depression studies, the normalization of brain connectivity towards the healthy was also 

accompanied by stubborn alterations not recovered by the treatment (Li et al., 2013; 

Liston et al., 2014). To answer this requires more efforts into the high-level imaging 

analysis of responders across different brain stimulation paradigms, in our case the 

patients who responded to the rTMS and tACS.  
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Figure 2-18: (A) shows the identified EEG network that consists of the right cuneus. 

The connectivity changes (C) as well as the baseline connectivity (D) are associated 

with the clinical responses. (B) shows the contrast (post-treatment vs. pre-treatment) of 

EEG for both responders and non-responders. * Indicates p<0.05 and Δ p<0.1 (Chen et 

al., In preparation). 

To conclude, our EEG analysis on MdDS across treatment protocols revealed the 

response and predictive imaging biomarkers in visual and default mode networks in 

rTMS. We also identified the parietal network in tACS might contribute differently than 

visual or DMN. To further generalize the imaging biomarkers across these interference 

tools, in future study, we should integrate imaging analysis from a higher level in the 

responsive group.  
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3. Chapter 3: Cross-Modality Comparison in MdDS Using 

Simultaneous fMRI and EEG  

In this chapter, I investigated the cross-modal association between EEG and 

fMRI. Since EEG sensors are placed at the scalp, the acquisition of EEG signal is 

concerned of limited sensitivity and specificity due to the volume conduction. Although 

in our study I have taken the electrophysiological source imaging approach to tackle such 

issues, in this chapter of my dissertation I further examined our simultaneous EEG and 

fMRI data to seek cross-modal validation for the constructed EEG networks. Initially, I 

compared the measures of EEG-network-level modulations from rTMS protocol with the 

connectivity changes of fMRI networks regarding a seed in the entorhinal cortex 

(Chapter 3.1). Although this analysis was able to assess the cross-model comparison of 

stimulation-related modulations at the network level, it did not address the spatial-

temporal details in the networks probed by EEG or fMRI. Especially, a cortical region 

more superficial to the surface as measured by EEG has shown stimulation-related 

changes that covaried with fMRI connectivity involving a deep, subcortical area. 

Therefore, a more assumption-free way, to study to what extent the electrophysiological 

signals originated from neuronal populations would correlate with BOLD signals, is to 

compute EEG-informed fMRI through constructing the general linear model with EEG 

as regressors in cTBS and tACS (Chapters 3.2 and 3.3). This analysis allowed us to 

quantitatively assess the relationship between two modalities and even differentiate their 

own values in probing the brain. The integrated analysis of simultaneous EEG-fMRI data 

has yielded results that strongly attest to the association between EEG and fMRI. 
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Specifically, EEG activities in key regions of DMN have been found to correlate with 

fMRI activities from multiple regions that orchestrate DMN. 

3.1 fMRI acquisition in DLPFC protocol 

Both EEG and fMRI were performed on Day 1 and Day 5 with the rTMS sessions 

scheduled in the middle for each subject. Structural and resting state functional magnetic 

resonance images were collected using a General Electric Discovery MR750 whole body 

3-Tesla MRI scanner (GE Healthcare, Milwaukee, WI). Whole brain resting-state fMRI 

data were acquired using the following parameters: FOV/slice = 240/2.9 mm, axial slices 

per volume = 34, acquisition matrix = 96×96, repetition time/echo time (TR/TE) = 

2000/30 ms, SENSE acceleration factor R = 2 in the phase encoding (anterior-posterior) 

direction, flip angle = 90°, sampling bandwidth = 250 kHz. The EPI images were 

reconstructed into a 128×128 matrix, in which the resulting fMRI voxel volume was 

1.875×1.875×2.9mm3. Additionally, simultaneous physiological pulse oximetry and 

respiration waveform recordings were obtained (with 40 Hz sampling) for each fMRI run. 

A photo-plethysmograph with an infrared emitter placed under the pad of the subject’s 

left index finger was used for pulse oximetry while a pneumatic respiration belt was used 

for respiration measurements. The subject rested quietly with their eyes closed during the 

image acquisitions. A T1-weighted magnetization-prepared rapid gradient-echo 

(MPRAGE) sequence with sensitivity encoding was used to provide an anatomical 

reference for the fMRI analysis, which had the following parameters: FOV = 240 mm, 

axial slices per slab = 190, slice thickness = 0.9 mm, image matrix = 256×256, TR/TE = 

5/2.012 ms, acceleration factor R = 2, flip angle = 8°, inversion time (TI) = 725 ms, 

sampling band-width = 31.2 kHz. 
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3.1.1 Resting state fMRI analysis 

fMRI data were preprocessed to remove any artifacts according to the pipeline 

described in Yuan et al (Yuan et al., 2017). Specifically, major processing steps included 

respiration- and pulse-associated noise reduction, slice timing and rigid-body motion 

correction, spatial smoothing, and temporal filtering with a bandpass filter (0.005 - 0.1 

Hz). Connectivity was calculated as the Pearson correlation between the seed region and 

the target regions. For further statistical analysis, Fisher transformation was employed to 

convert the correlation values into z-scores as the representation of resting state functional 

connectivity (RSFC). The seed region used was the left entorhinal cortex (EC), which has 

been found to be hypermetabolic in MdDS in a previous functional imaging study with 

fluorodeoxyglucose positron emission tomography (FDG-PET) (Cha et al., 2012). The 

coordinates of the individual EC locations were manually determined on high-solution 

structural MR images acquired in the coronal plane using anatomical guidelines by 

(Insausti et al., 1998). In order to assess the cross-modal relationship, fMRI connectivity 

was compared with the connectivity of EEG networks. Specifically, the fMRI 

connectivity between the seed at the left EC and the inferior parietal lobule, the precuneus 

and the right entorhinal cortex were considered, since the modulation of RSFC at those 

regions was indicative of the symptom changes after rTMS (Yuan et al., 2017).  

3.1.2 Analysis to associate fMRI with EEG  

Furthermore, we investigated the relationship of EEG connectivity to the fMRI 

findings (Yuan et al., 2017). Since the entorhinal cortex has been identified as a region 

with metabolic and functional connectivity abnormalities in MdDS, we hypothesized that 

modulation by rTMS should change network connectivity to the entorhinal cortex. 
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However, surface-based EEG cannot measure electrical signals originating from the 

entorhinal cortex directly. Thus, instead of examining the direct effect on the entorhinal 

cortex, we investigated whether modulation of superficial cortical regions with functional 

connectivity with the entorhinal cortex could be affected, possibly through a cortical-

subcortical pathway. We propose that changes in connectivity revealed in EEG networks 

are related to changes in fMRI connectivity to the entorhinal cortex. Thus, in the analysis, 

we compared the connectivity values of EEG networks in ROIs to the connectivity values 

of fMRI seeded within the entorhinal cortex. Particularly, three cortical regions were 

considered based on our previous study (Yuan et al., 2017): the left precuneus, the right 

inferior parietal lobule and the right entorhinal cortex. We computed the Pearson 

correlation between fMRI and EEG connectivity changes with these regions; regression 

lines were drawn to indicate the correlation between those two modalities.  

3.1.3 Results 

Here we investigated the mechanism of rTMS modulation of EEG networks, and 

how they were related to fMRI connectivity seeded at the entorhinal cortex. Our rationale 

was that although EEG cannot directly measure electrical activity originating from deep 

limbic structures, EEG is able to detect network connectivity of superficial cortical areas 

co-modulated with those deep structures. Thus, we examined the cross-subject co-

variation between the synchronization of EEG activities within a network (i.e., the EEG 

network connectivity) and the synchronization of fMRI activities between two regions 

(i.e., the fMRI RSFC). As shown in (Fig. 3-1), the analysis revealed that EEG 
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connectivity at the medial frontal gyrus within a DMN network co-varies with the RSFC 

between the entorhinal cortex and the right inferior parietal lobule (r = 0.55, q < 0.05).  

 

Figure 3-1: Association between fMRI connectivity and EEG connectivity. Changes in 

fMRI connectivity between nodes of the default mode network (i.e., the entorhinal 

cortex and inferior parietal lobule) are related to changes of the EEG network in the left 

medial frontal gyrus (q < 0.05) (Chen et al., 2019). 

3.1.4 Discussion 

Previous studies have revealed correspondence between fMRI and EEG resting 

state networks in both temporal (Britz et al., 2010; Yuan et al., 2012) and spatial domains 

(Yuan et al., 2016; Liu et al., 2017), mainly in healthy subjects. In our study, symptom-

related EEG synchronization changes over medial frontal gyrus and visual areas 

complemented symptom-related RSFC changes shown by fMRI (Yuan et al., 2017). 

However, the regions that were found to be related to symptoms in EEG and fMRI did 

not completely overlap, i.e., EEG connectivity in visual cortex was shown to be related 

to RSFC in inferior parietal cortex in fMRI. The reason may be different methodologies 

of identifying networks in EEG and fMRI: EEG networks were defined using a data-

driven approach whereas fMRI connectivity was quantified with a seed-based approach. 

In addition, EEG networks capture connectivity among estimated electrophysiological 
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sources whereas fMRI connectivity depicts pair-wise correlation in hemodynamics. 

Furthermore, it is possible that a between-network interaction led to the relationship 

observed between connectivity in visual cortex and RSFC in inferior parietal cortex, 

which is distant from the visual area. Nevertheless, connectivity changes of both 

modalities showed similar trends with symptom changes (i.e., positive relationship 

between two modalities in Fig. 3-1). The brain connectivity was reduced in positive 

responders (in Fig. 2-3C and 2-4C); this feature can be captured not only by fMRI but 

EEG independently as well. This finding is consistent with the previous discovery of a 

close link between EEG and fMRI from the point of view that they both are indicators of 

activity power regardless of the activity locations (Goldman et al., 2002; Laufs et al., 

2003; Yuan et al., 2016).  

The findings in the current study suggested a strategy of using multimodal 

neuroimaging data to guide rTMS. Our investigations have indicated that connectivity in 

the default mode network, measured in fMRI as well as EEG, can be an imaging-based, 

objective symptom biomarker. Thus, modulation of the biomarker can be informative in 

trials of brain stimulation methods, potentially not limited to rTMS. More importantly, 

though fMRI is capable of revealing symptom-related connectivity, an EEG-based 

network is still intriguing since it is compatible with TMS and thus, can provide 

instantaneous feedback in trials of stimulation protocols. Furthermore, biomarkers from 

the two modalities can be integrated to guide TMS targets. For example, fMRI can be 

used to capture a disease-modifying network involving deep cortical or subcortical 

structures while the connectivity involving superficial nodes of the network can be 

identified in EEG, potentially through a matching procedure with the fMRI-measured 
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network. Stimulation protocols could be adapted as networks are modulated in desired 

directions. Many neurological disorders are caused by abnormalities of brain networks 

instead of isolated hubs or from structural injury (Fox et al., 2012b). Integration of 

neuroimaging and neuromodulation protocols allow a broader platform of functional 

disorders to be investigated 

3.2 fMRI acquisition in cTBS protocol 

3.2.1 EEG-informed fMRI GLM 

The acquisition of EEG and fMRI data in this chapter followed the same 

procedures as in Chapter 3.1.1. 

fMRI preprocessing was performed as in Chapter 3.1.1. In the EEG analysis, we 

have identified the DMN subnetworks, and the visual network based on the spatial 

patterns of connectivity values. In addition, we evaluated the cross-model relationship 

between EEG networks and fMRI networks based on the simultaneous EEG and fMRI 

recordings. Since EEG networks were independently identified on EEG data alone, we 

compared the time course of each EEG network and its association with the dynamics of 

whole-brain fMRI time series, using an approach of EEG-network-informed analysis 

(Yuan et al., 2016; Yuan et al., 2018; Yuan et al., 2012). Firstly, to accommodate the 

dramatically different temporal scales of multimodal EEG and fMRI data, the time 

courses of the EEG networks were convolved with a canonical double-gamma 

hemodynamic response function (Friston et al., 1998) and then down-sampled to TR, 

resulting in EEG-network-informed regressors. Then we examined the temporal 

correlation between fMRI time series and EEG-network-informed regressors through a 

general linear model (GLM) analysis in AFNI, with separate GLM structed for each of 
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the four EEG network ROIs (i.e., left MFG, left IPL, right IPL and right FG). To examine 

the spatial extent of the correlation between fMRI time series and EEG-network-informed 

regressors, statistical maps were created by showing voxels where the time courses of 

BOLD signals co-varied with the time courses of EEG-network-informed regressors. The 

group-level significance of the association was evaluated using a mixed-effect model. 

GLM analysis in individuals yielded whole-brain maps of correlations, which were 

transformed to z-scores by a Fisher transform and then subject to the group-level voxel-

wise t-test (df = 18, four out of the total twenty-three individuals were excluded because 

of insufficient data points after motion censoring). The significance criterion for detecting 

activation was set at pcorrected < 0.05 determined using the AFNI program 3dClustSim, i.e., 

thresholded at voxel p < 0.005 and cluster size > 30 voxels (Young et al., 2014).  

3.2.2 Results 

we assessed the cross-modal relationship between EEG networks and fMRI 

networks based on the simultaneous recordings of EEG and fMRI. Since EEG were 

acquired through electrodes over the scalp, its signals are concerned of limited sensitivity 

and specificity due to the volume conduction. Although we have taken the 

electrophysiological source imaging approach to tackle such issues, we further examined 

our simultaneous EEG and fMRI data for cross-modal validation. By performing a whole-

brain analysis in the fMRI data, a number of regions were identified where the BOLD 

fMRI time courses co-varied with the regressors obtained from EEG network activities. 

Noteworthy, convolution with a canonical HRF was performed on the source activities 

of the EEG network to address its faster temporal scale than fMRI. Four EEG networks 

were investigated across, i.e., left MFG, left IPL, right IPL and right FG. Exemplar single-
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session time courses of EEG (after convolution) and fMRI are plotted in Fig. 3-2, showing 

the regions where the temporal dynamics of BOLD signals positively correlated with the 

electrophysiological fluctuations derived from EEG networks (left MFG in Fig. 3-2A: r 

= 0.13, p = 0.76; left IPL in Fig. 3-2B: r = 0.17, p = 0.024). Results for the EEG-fMRI 

association as group-averaged maps are illustrated in Fig. 3-2 and Fig. 3-3. Overall cross-

modal association has been observed in multiple nodes of DMN. Interestingly, regarding 

EEG activities from left MFG (a key node of DMN), our analysis identified correlated 

BOLD activities in the right middle temporal gyrus, left cingulate gyrus and right culmen 

(shown in Fig. 3-2A). Meanwhile, the EEG activities from left IPL (also a key node of 

DMN), are shown to be correlated with BOLD activities in the left precuneus and Left 

cingulate gyrus (shown in Fig. 3-2A). On the contrary, the EEG activities from the right 

IPL only identified negative correlation in left posterior cingulate (Fig. 3-3). In addition, 

regarding the EEG visual network, extensive positive correlations were found in BOLD 

activities from a number of regions, including left precuneus, left IPL and right IPL, 

although not the primary visual cortex (shown in Fig. 3-3). Regions of significant EEG-

fMRI association are tabulated in Table 3-1. Only results of post-TMS sessions are listed 

for the EEG-fMRI association, whereas results of pre- and post- sessions showed fewer 

regions with significance. 

3.2.3 Discussion  

We examined simultaneous EEG and fMRI data to seek cross-modal validation 

for the constructed EEG networks. The integrated analysis of simultaneous EEG-fMRI 

data has yielded results that strongly attest to the association between EEG and fMRI. 

Specifically, EEG activities have been found to correlate with fMRI activities from 
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multiple regions that make up the DMN and moreover, activities of different EEG 

networks appeared to engage two subsystems of DMN – the dorsal medial prefrontal 

cortex subsystem and the medial temporal lobe subsystem (Andrews-Hanna et al., 2010).  

Table 3-1: Regions of significant correlations with activities from EEG resting-state 

networks in cTBS (Chen et al., Under Review). 

Cluster size  

at q < 0.05 

Peak-level Peak MNI 
  

T value X (mm) Y (mm) Z (mm) Region Description 
 

EEG DMN / Left medial frontal gyrus 
 

196 3.7 -24 -34 32 Left cingulate gyrus 
 

87 4.1 38 -60 -27 Right culmen 
 

50 4.2 38 -45 6 Right middle temporal gyrus 
 

EEG DMN / Left medial frontal gyrus 
 

66 3.8 -12 -14 45 Left cingulate gyrus 
 

47 3.3 -1 -68 23 Left precuneus 
 

EEG DMN / Right inferior parietal lobule 
 

41 -3.2 1 -40 16 Left posterior cingulate 
 

EEG Visual Network / Right fusiform gyrus 
 

560 4.8 12 -30 40 Right cingulate gyrus 
 

477 3.7 -14 -37 46 Left cingulate gyrus 
 

302 3.7 -4 1 42 Left cingulate gyrus 
 

296 3.3 -57 -32 18 Left insula 
 

260 3.3 56 -31 38 Right inferior parietal lobule 
 

129 3.9 11 -4 40 Right cingulate gyrus 
 

89 3.7 -31 -21 -4 Left lentiform nucleus 
 

80 3.3 41 -40 6 Right superior temporal gyrus 
 

57 3.5 19 -66 26 Right precuneus 
 

49 3.6 -14 -69 29 Left precuneus 
 

47 3.2 -56 -25 32 Left inferior parietal lobule 
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For example, as shown in Fig. 3-2A, the activities of the EEG DMN network with 

hot-spot connectivity at the left MFG showed a significant, group-level correlation with 

BOLD fMRI dynamics in the right middle temporal gyrus (MTG). Both the MFG and 

MTG are known as key nodes belonging to the DMN (Buckner et al., 2008), and more 

specifically recognized as the dorsal medial prefrontal cortex subsystem of the DMN 

(Andrews-Hanna et al., 2010). In addition, the EEG activities derived from the left IPL 

network were shown to correlate with BOLD fMRI dynamics in the left precuneus 

(Brodmann Areas 23/31), which is also a key node of DMN (Buckner et al., 2008). 

Interestingly, the EEG activities from the right IPL were also found to correlate with 

BOLD signals in posterior cingulate cortex, but in anticorrelation. The left/right IPL 

together with the midline structures, including the precuneus (Brodmann Areas 23/31) 

and posterior cingulate cortex, are recognized as another subsystem of DMN, i.e., the 

medial temporal lobe subsystem (Andrews-Hanna et al., 2010). These results confirmed 

the association between the electrophysiological EEG and BOLD activities that belong 

to common DMN network system. The subsystems of DMN have been shown to exhibit 

normal, distinct functional contributions to cognition but can also be co-activated at the 

resting state (Andrews-Hanna et al., 2010; Shirer et al., 2012), while the subsystems can 

be altered differently in disorders (Jones et al., 2011; Miller et al., 2017; Tozzi et al., 

2021). Our findings suggest that cTBS in MdDS may concurrently engage the subsystems 

of DMN. 
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Figure 3-2: Cross-modal association between EEG and fMRI activities. (A1) the EEG 

network identified as best match to the Yeo template of DMN. (A2) the group-level 

region of significant correlation between fMRI signals and EEG network activities. 

(A3) shows a single-session example of the EEG network (after convolution with HRF) 

and the fMRI signals extracted from the group-level cluster at the right medial temporal 

gyrus, indicated by a red arrow in (A2). (A4) shows maps of correlations between the 

fMRI signals and EEG network activities in a representative subject, thresholded at r 

>0.15 for display. (B1) the EEG network identified as the left IPL network. (B2) the 

group-level region of significant correlation between fMRI signals and EEG network 

activities. (B3) shows a single-session example of the EEG network (after convolution 

with HRF) and the fMRI signals extracted from the group-level cluster at left 

precuneus, indicated by a red arrow in (B2). (B4) shows maps of correlations between 

the fMRI signals and EEG network activities in a representative subject, thresholded at r 

> 0.15 for display (Chen et al., Under Review). 

 

However, the locations where EEG and fMRI activities were found to correlate 

did not completely overlap in space, at least at a group level. Interestingly, the EEG 

derived from left MFG and left IPL appear to engage two subnetworks of DMN, the 

ventral DMN and dorsal DMN, respectively (Shirer et al., 2012). Likewise, our previous 

work and other studies have also documented that the EEG activities can be linked to 
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BOLD fMRI activities that extends well beyond the origins of EEG (Goldman et al., 

2002; Laufs et al., 2003; Yuan et al., 2016). It is possible that different sensitivity and 

specificity of sensing in EEG and fMRI modalities have contributed to the disparity in 

space. It is also possible that a network-level interaction has led to the relationship 

observed between activities in left MFG and right MTG, and between left IPL and 

precuneus, which are all nodes of the DMN. Furthermore, associations with EEG 

activities from the visual cortex, specifically the right fusiform gyrus, were observed in a 

number of regions beyond visual cortex, including left precuneus, left IPL and right IPL. 

Only in some individuals, EEG-fMRI association was observed in the primary visual 

cortex, but not significant at a group level. This finding is consistent with a few previous 

EEG-fMRI studies that have reported fMRI signals in regions of the default mode 

network are correlated to EEG activities from visual area (Laufs et al., 2003; Sadaghiani 

et al., 2010; Yuan et al., 2012), although EEG activities in different frequency ranges and 

electrodes/regions may result in positive or negative correlations. Therefore, future study 

is warranted to further unravel the complexity of the association between 

electrophysiological and BOLD signals.  
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Figure 3-3: The group-level maps show regions where fMRI activities are significantly 

correlated to EEG network activities derived from (A) left medial frontal gyrus (MFG), 

(B) left inferior parietal lobule (IPL), (C) right inferior parietal lobule (IPL) and right 

fusiform gyrus (FG) (Chen et al., Under Review). 

3.3 fMRI acquisition in tACS protocol 

3.3.1 EEG-informed fMRI GLM 

The acquisition of EEG and fMRI data in this chapter followed the same 

procedures as those described in Chapter 3.1.1. 
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Two patients were excluded from our analysis due to their left-handed condition, 

which could result in mirrored nervous system lateralization and further complicated our 

analysis. Four more datasets were affected by excessive motion artifacts during data 

recording. fMRI preprocessing was performed in AFNI (Analysis of Functional 

NeuroImages, https://afni.nimh.nih.gov/). The following steps were implemented: 

discard first five volumes to allow T1 equilibration, reduction of respiration- and pulse-

associated noise, slice timing and rigid-body motion correction, spatial smoothing, and 

temporal filtering with a bandpass filter (0.005 - 0.1 Hz). Regression was utilized to 

remove low-frequency changes in respiration volume, six affine motion parameters, 

signal from a ventricular ROI, and signals from the white matter region. We also censored 

out data points with excessive motion in regression analyses (i.e. >= 0.3 mm between 

successive time points).  

The implementation of GLM followed same procedures in Chapter 3.2.1. 

Briefly, 3 EEG networks (visual, default mode and parietal networks) derived from ICA 

were convolved with HRF and down-sampled to match the temporal resolution of BOLD 

signals. Resulted EEG regressors were fed into GLM with fMRI time courses.  

3.3.2 Results 

The covariation between EEG-derived regressors in tACS and fMRI was not as 

spatially specific as we observed in cTBS. As shown in Table 3-2, between EEG and 

fMRI were mostly anti-correlation which added difficulty to our interpretation of the 

results. From the anterior DMN, the EEG were able to identify fMRI activations at the 

precentral gyrus and posterior cingulate. For the EEG visual regressor, we observed the 

https://afni.nimh.nih.gov/
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association at precentral gyrus and cingulate gyrus. Lastly, in the parietal network, we 

observed more negative correlation featured the EEG in fMRI as tabulated in Table 3-2. 

Table 3-2: Regions of significant correlations with activities from EEG resting-state 

networks in tACS (Chen et al., In preparation). 

Cluster size  Peak t Peak MNI Anatomical structure 
at q < 0.05   x y z   

 EEG anterior DMN/right Medial Frontal Gyrus   

155 5.07 60 -8 30 right precentral gyrus 
80 -3.68 -57 -41 35 left supramarginal gyrus 
58 -4.72 -44 -10 -13 left insula 
43 3.23 -54 -13 33 left postcentral gyrus 
41 4.2 -12 -55 26 left posterior cingulate 
37 -3.5 -31 -1 40 left middle frontal gyrus 
33 -4.36 -19 -37 24 left cingulate gyrus 
32 -4.05 56 -45 43 right inferior parietal lobule 

 EEG Visual Network/left Cuneus    

859 -5.97 60 -10 33 right precentral gyrus 
404 -4.39 -57 -7 27 left precentral gyrus 
222 4.68 -21 -32 24 left cingulate gyrus 
43 3.84 -34 -41 8 Left superior temporal gyrus 

 EEG Parietal Network/right Cuneus    

122 -3.73 51 15 18 right inferior frontal gyrus 
113 4.3 6 15 17 right caudate 
70 -3.84 -61 -39 35 left inferior parietal lobule 
55 -3.63 33 -73 31 right middle temporal gyrus 
42 -4.04 -27 -54 39 left precuneus 
41 4.29 18 36 22 right anterior cingulate 
41 -4.17 -31 -71 27 left middle temporal gyrus 
40 3.44 51 -8 35 right precentral gyrus 
40 4.21 16 -34 70 right postcentral gyrus 
37 4.3 -14 -54 28 left posterior cingulate 
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34 -3.38 31 -48 41 right supramarginal gyrus 
30 -3.63 43 5 43 right precentral gyrus 

      
3.3.3 Discussion 

 In this section, we investigated the cross-modal association using GLM approach. 

Simultaneously acquired EEG data were used as regressors to compare with the BOLD 

signals. As a result, we found both activation and deactivation in multiple fMRI regions 

with regard to each EEG network. Notably, the identified regions where EEG and fMRI 

were positively correlated failed to show a strong spatial specificity in comparison to 

where EEG networks encompassed as a surface measure. For example, the precentral 

gyrus was picked as the largest cluster displaying strong covariation between fMRI and 

anterior DMN. But it was not the priority region connected to DMN in the literature 

(Raichle et al., 2001b; van den Heuvel et al., 2008). This was also different than our 

analysis of cTBS in Chapter 3.2 which has identified overlapping locations between two 

modalities despite a few regions showing discrepancy in space. Also, deactivation 

dominated our identified brain regions in this covariation analysis, which might be 

attributed to intrinsic brain rhythms. As reported in other studies, the theta activity was 

negatively correlated with resting state fMRI DMN (Scheeringa et al., 2008) and different 

frequency of neuronal dynamics might contribute differently to the BOLD signals 

(Scheeringa et al., 2011). Besides, the direct impact tACS on the brain oscillations might 

be the reason for the significantly different brain organization afterwards compared to 

cTBS.   
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4. Chapter 4: Noninvasive Brain Stimulation Modifies Abnormal 

Entorhinal Connectivity in MdDS: A Comparison with Healthy 

Controls 

In this chapter, I specifically examined the entorhinal cortex as the seed for resting 

state fMRI connectivity in tACS protocol, because EC was a critical region from our 

previous PET and fMRI investigations (Cha et al., 2012; Yuan et al., 2017). This analysis 

was conducted also because EC is located in the deep limbic region and its electric 

activities are not directly detectable by scalp EEG. To this end, fMRI is a volumetric 

measure with direct sensitivity to deep structures and offers a better approach to examine 

the role of entorhinal cortex in modifying clinical symptoms after noninvasive brain 

stimulations. Furthermore, we included the healthy controls in the ROI analysis to further 

probe the working mechanism of tACS in improving the symptoms of MdDS. 

4.1 Resting state fMRI acquisition 

The fMRI acquisition procedures were the same as in Chapter 3.1. Healthy 

participants were instructed to close their eyes and not think of anything specific for six 

minutes during recording. 

4.2 EC-seeded fMRI connectivity 

The EC has shown hyper-metabolism compared to the healthy control in our 

previous PET study (Cha et al., 2012) therefore a critical region in our fMRI imaging 

analysis to explore the mechanism of treatment protocols as well as the pathological cause 

of the disorder. To centralize our imaging analysis regarding the EC, we circled the region 

of interest at EC with a radius of 2.5 mm. Specifically, we identified EC coordinates in 

Talairach space for each individual patient and normal participants to address the 
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heterogeneity in brain morphology across individuals which was the issue when the group 

coordinates were applied. Averaged time series from that sphere were then compared 

with fMRI voxels brain-wide and their association was quantified as the temporal 

Pearson’s correlation. These individual EC-based connectivity maps from MdDS in both 

pre- and post-treatment sessions were paired and subject of a t-test (3dttest in AFNI) with 

symptom changes as the covariate. Statistical maps illustrating changes in brain activation 

after the treatment were created and significant clusters on the map were defined as the 

number of voxels > 30 with original p<0.005 (Young et al., 2014). Through the resulting 

clusters which show strong association with clinical responses, the healthy data from 

these ROIs were extracted and benchmarked with patients’ data for evaluating these 

specific contrasts. Two sample t-test were used to compare imaging responses in patients 

and healthy controls so that we could learn if the beneficial imaging response moved 

towards healthy baseline or not.  

Table 4-1: Clinically relevant clusters at lEC seeded analysis  

(Chen et al., In preparation). 

lEC seeded 

   

MNI Coordinates (mm) 

 Cluster# Anatomical structure  #Voxels Peak t x y z 

1 left thalamus 94 -4.19 -11 -28 21 

2 right insula 81 -5.8 29 0 22 

3 left superior temporal gyrus 72 3.29 -56 -21 -3 

4 right precentral gyrus 72 -4.18 34 -10 33 

5 left superior frontal gyrus 60 -4.28 -12 21 66 

6 left precuneus 59 4.28 -29 -72 49 

7 right inferior parietal lobule 54 3.56 62 -26 36 
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8 left middle temporal gyrus 53 3.46 -48 -64 -1 

9 right inferior parietal lobule 53 4.33 34 -55 46 

10 right superior temporal gyrus 50 -3.53 33 -57 14 

11 right caudate 45 -4.17 16 11 19 

12 left cingulate gyrus 39 -3.5 -26 -24 36 

13 right precuneus 37 3.33 31 -69 56 

14 Left cingulate gyrus 36 -4.06 -16 -4 30 

 

4.3 Results 

A total of 18 right-handed healthy participants were recruited and 4 were excluded 

due to excessive motion artifacts. The mean age of healthy controls at the time of this 

study was 48.57 +/-7.84 and a range of 36 to 65 years. The mean age of tACS cohort at 

the time of this study was 52.27 +/-11.67 and a range of 22 to 66 years. The duration of 

illness was of mean 39.32 +/- 54.45 and a range of 6 to 240 months. The inclusion and 

exclusion criteria were implemented the same as in Chapter 2.1.1. 

Table 4-2: Clinically relevant clusters at rEC seeded analysis  

(Chen et al., In preparation). 

rEC seeded 

  

MNI Coordinates (mm) 

Cluster # Anatomical structure #Voxels Peak t x y z 

1 left precuneus 244 3.93 -29 -70 47 

2 left precuneus 137 4.31 -4 -62 48 

3 left middle temporal gyrus 124 3.86 -69 -37 -3 

4 right middle frontal gyrus 67 3.37 51 28 30 

5 right angular gyrus 52 3.79 34 -55 44 
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6 left cingulate gyrus 50 -4.7 1 -20 23 

7 right cingulate gyrus 50 -3.41 19 12 31 

8 left middle temporal gyrus 40 3.33 -56 -41 3 

9 left superior temporal gyrus 37 5.35 -67 -4 -4 

10 right precuneus 35 3.53 31 -75 49 

11 right cerebellar tonsil 34 -3.86 11 -51 -38 

12 right cingulate gyrus 33 3.43 3 -46 43 

13 left cingulate gyrus 31 -3.42 -16 -15 31 

14 left cerebellar tonsil 30 -4.16 -6 -59 -40 

       
During the analysis of EC seeded statistical maps from before and after treatment, 

we identified a few clusters which survived the multiple comparison distributed in several 

brain regions. A positive association between this local connectivity changes versus VAS 

changes could essentially be interpreted as positive responders having more reduction or 

less increase of brain connectivity at these specific regions. The clinically relevant 

clusters seeded at lEC enclosed key sites: left precuneus, left superior temporal gyrus, 

right inferior parietal lobule, left cingulate gyrus and right precuneus (Table 4-1); the rEC 

enclosed the following: left precuneus, right precuneus, left middle temporal gyrus, left 

cingulate gyrus, and right angular gyrus (Table 4-2). Notably, we have found subcortical 

sites (left thalamus, left insula and left cingulate gyrus) persistently showing negative 

association with VAS changes, which was opposite to what cortical clusters indicated 
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(left and right precuneus, left and right parietal lobule shown in Table 4-1 and Table 4-

2).  

 

Figure 4-1: Connectivity at left precuneus regarding lEC was positively associated with 

clinical responses. (A) the scatterplot between fMRI changes and VAS changes. (B) the 

scatterplot between fMRI changes and VAS changes. (C) connectivity level among 

positive responders before-, after- tACS, and Healthy Control. * Indicates p < 0.05, Δ 

indicates p < 0.1. Res: Responders; NonR: Non Responders (Chen et al., In 

preparation). 

For both lEC and rEC, the left precuneus was identified as a strong clinically 

relevant brain site. ROI analysis from the left precuneus was illustrated as the scatter plot 

(Fig. 4-1B and 4-3B) in which EEG changes covary with VAS changes. Furthermore, to 

explore how this region manifested in the healthy brains, we included healthy data from 

this specific ROI and all three conditions shown together as in a bar plot (Fig. 4-1C and 

4-3C). Specifically, we focused our attention on the positive responder subgroup (VAS 

reduction greater than 10 points, 12 patients) as this was the most relevant to the purpose 
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of featuring the responsive brain using EEG as a response biomarker. Through t-test, we 

found the significant difference in pre-tACS imaging compared with healthy was 

suppressed in after-tACS at left precuneus (Fig. 4-1C).  

 

Figure 4-2: Connectivity at the left cingulate gyrus regarding lEC was negatively 

associated with clinical responses. (A) topography of the left cingulate gyrus. (B) the 

scatterplot between fMRI changes and VAS changes. (C) connectivity level among 

positive responders before-, after- tACS and Healthy Control. * Indicates p < 0.05, Δ 

indicates p < 0.1. Res: Responders; NonR: Non Responders (Chen et al., In 

preparation). 

In contrast, in the connectivity between left cingulate gyrus with lEC (Fig. 4-2A), 

there was an opposite trend, which indicated an increase in the connectivity following 

tACS and also a higher connectivity in the HC group (Fig. 4-2C). The scatter plot 

between clinical responses and fMRI connectivity changes was illustrated in Fig. 4-2B. 



75 

4.4 Discussion 

In this chapter, we specifically investigated EC-based fMRI connectivity in 

MdDS patients in order to find the imaging alterations that could link to positive clinical 

responses. We used EC as the seed as it played a critical role in distinguishing healthy 

versus MdDS in our previous PET study (Cha et al., 2012). Furthermore, by including 

healthy data into our ROI analysis, we aimed to examine how the therapy drove the MdDS 

brain with regard to the healthy brain so to provide further insight into the therapeutic 

mechanism of tACS.  

 

Figure 4-3: Connectivity at the left precuneus regarding rEC was positively associated 

with clinical responses. (A) topography of the left precuneus. (B) the scatterplot 

between fMRI changes and VAS changes. (C) connectivity level among positive 

responders before-, after- tACS and Healthy Control. * Indicates p < 0.05 (Chen et al., 

In preparation). 

The EC located in the medial temporal lobe is closely coupled with DMN (Kahn 

et al., 2008) and has been associated with extensive cognitive function performance 



76 

(Braak and Del Tredici, 2011; Das et al., 2013; Tisserand et al., 2000). Indeed, we 

identified mostly DMN regions that showed clinical relevance, including left and right 

precuneus, left and right parietal lobule, multiple temporal regions as well as the cingulate 

gyrus. However, their associations with the clinical changes were not uniformly positive. 

Instead, the covariation features were highly dependent on which layer of the brain they 

were located in. For example, most of the cortical regions such as precuneus and temporal 

gyrus exhibited decrease or less increase of connectivity in positive responders (Fig. 4-1 

and Fig. 4-3), while the cingulate gyrus in the subcortical brain primarily exhibited 

opposite trends in positive responders (Fig. 4-2).  

We also integrated healthy data into the ROI analysis. We have seen psychiatric 

disorders such as depression, report normalization of the dysconnectivity of brain 

networks towards healthy brain after rTMS administrations (DeGiorgio et al., 2014). 

Similarly, in this study, we observed a correction at the left precuneus and cingulate gyrus 

prevalent in positive responders. However, the direction of imaging responses compared 

with healthy were less uniform than we expected, and partly different than our previous 

rTMS study (Yuan et al., 2017), which has found a positive correlation between resting 

state fMRI connectivity changes within DMN regarding lEC and clinical improvement. 

In fact, the versatility of the normalization effect has already been revealed by depression 

related investigations (Liston et al., 2014; Philip et al., 2018) and in a comprehensive 

meta-analysis (Kaiser et al., 2015), depression was considered as a result of combined 

hyper- and hypoconnectivity across various brain networks. To this end, MdDS could 

potentially be caused by a combination of dysfunctional networks and therefore the 

therapeutic impact revealed by fMRI appeared to be mixed. One factor that could account 
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for the discrepancy between two MdDS studies was the difference of administration 

protocols (Yuan et al., 2017). In this regard, tACS might be more powerful in augmenting 

brain connectivity than rTMS (Eldaief et al., 2011; Oliviero et al., 2003) in which 

attenuation of brain connectivity was easily achieved and consequently discovered. 

Finally, an intriguing question to ask is whether this rectification of brain connectivity is 

causally related to the symptoms improvement or just represents an association. 

Answering this demands a more sophisticated experiment design including measures to 

eliminate potential interferences, such as a sham group to control the placebo effect and 

the effect of peripheral nerve stimulations during the treatment, et cetera. 

To conclude, the therapeutic role of tACS was preliminarily defined as 

suppressing EC-based fMRI connectivity at left precuneus and augmenting that of certain 

subcortical regions. Lack of a sham control is the major limitation of this study. Also, the 

relatively small sample size (22 patients, 14 healthy) limits the interpretation range of this 

study. Methodologically, the normalization across individual subjects was not perfect, 

especially when EC is far away from the normalization center (anterior commissure and 

posterior commissure) which could invisibly impact the alignment of statistical maps in 

the group-level analysis.  
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5. Chapter 5: Customizing Stimulation Parameters Based on 

Individual Imaging Features 

In this Chapter, I have investigated the transient effect associated with a single 

administration of noninvasive brain stimulation, as opposed to the lasting effect of 

repetitive stimulations that was studied in Chapters 2, 3 and 4. The rationale for studying 

the transient effect was to seek a try-out design in the treatment protocol, such that a 

patient could have a test session with brief stimulations in various parameters, for 

example different targets or frequencies, prior to a fixed stimulation being repetitively 

performed. This is analogous to the process of patients trying out different medications, 

but at a much-accelerated timeline of within a single session rather than after a few days 

or weeks. This design is also motived by a paradigm shift towards closed-loop brain 

stimulation in a number studies of brain disorders (Bouthour et al., 2019; Kokkinos et al., 

2019; Scangos et al., 2021; Widge et al., 2017). Based on the individual feedback at the 

try-out session, a favorable stimulation parameter could be selected among various 

options that are tested, then a single stimulation setting as selected will be repetitively 

administered in a protocol that could last for multiple days. We hypothesize that 

neuroimaging data could inform the selection of an optimal stimulation at the try-out 

stage, in conjunction with or replacing the patient’s self-report. Therefore, in this chapter, 

I have analyzed the EEG data before and immediately after single, try-out stimulations of 

cTBS at three different targets. My analysis has determined that the EEG signatures can 

differentiate the optimal and non-optimal targets as indicated by subjects’ self-report.  
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5.1 Introduction of transient EEG in cTBS 

Our cTBS study included a try-out session at the beginning of the protocol 

administration: each participant initially received single administration of simulation at 

three targets, i.e., occipital cortex, cerebellar vermis, and lateral cerebellar hemisphere. 

Since changes in the connectivity of the DMN and the visual network were closely related 

to symptoms in MdDS (Cha, 2009; Chen et al., 2019; Ding et al., 2014; Yuan et al., 2017), 

the target regions of stimulation were in the dorsal occipital cortex and cerebellar vermis, 

which are functionally connected to the fronto-parietal regions. Continuous TBS was 

employed in this study because of the higher pain inducing effects of stimulation over the 

neck area that required a more time-limited protocol. Since cTBS is a much shorter 

protocol than standard 1Hz or 10Hz sessions, we were able to provide a more tolerable 

therapy as well as to provide back-to-back sessions of treatment on the same day. Then 

an optimal target was determined based on the assessment of acute changes after each 

single administration, followed by repetitive cTBS delivered on 3 consecutive days with 

the chosen optimal targets. However, another key remaining question is whether any 

symptom related changes in neural circuits were induced by cTBS, immediately after 

single administration. An indicator or biomarker that signals immediate effect 

independent of patient’s self-report is informative for target selection, especially when 

patients were unable to perceive or report any responses. 

We extended our investigation of networks to the concurrent EEG recording 

during the try-out sessions of cTBS, for the purpose of identifying early changes in the 

brain network connectivity. The transient effect measured by EEG can be used to inform 
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the determination of optimal targets, thereby enabling an imaging-based, closed-loop 

stimulation paradigm that is independent of patients’ behavioral report. 

5.1.1 Concurrent cTBS-EEG acquisition 

In our 5 days cTBS treatment, simultaneous EEG and fMRI were collected on 

Day 1 before the cTBS administration and Day 5 after the cTBS administration. To 

examine EEG as a potential predictive biomarker in guiding cTBS parameters, on Day 2, 

we included a concurrent cTBS-EEG session which targeted three feasible sites and had 

the patient pick the best protocol to go on based on their direct response report that day. 

Participants received 600 pulses of testing cTBS at three locations in a randomized order 

between participants, including occipital, cerebellar vermis, and lateral cerebellar 

hemispheres. Concurrently with cTBS, 32-channel EEG data were recorded by a 

BrainAmp MR Plus amplifier (Brain Products GmbH, Munich, Germany) with sintered 

Ag/AgCl ring electrodes following the standard 10-20 system. Ten KΩ was the 

impedance upper limit for all 32 EEG electrodes. Sampling rate was 5000 Hz. A 5-min 

EEG resting state recording was acquired immediately before and after the cTBS 

stimulation at each location. In one participant, one of the post-stimulation EEG data was 

not available due to technical failure and therefore excluded from the Day 2 analyses. The 

best protocol from Day 2 was adopted for Day 3-5 for each individual patient. 

5.1.2 Analysis of EEG on 2nd day in cTBS 

On the 2nd day of the study protocol, a try-out session of cTBS was performed 

when stimulations at three different sites (i.e., occipital, cerebellar vermis, and lateral 

cerebellar hemispheres) were given to each patient; only one site was chosen as the 

optimal target for repetitive stimulation afterwards. We employed EEG network analysis 
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to examine the transient modulation on EEG connectivity immediately after a try-out 

stimulation at occipital, cerebellar vermis, and lateral cerebellar hemispheres, for the 

long-term purpose of establishing a closed-loop stimulation paradigm based on the EEG 

network analysis. From the concurrent TMS-EEG recordings at cTBS session, only the 

resting-state data immediately before and after stimulation were analyzed, without any 

TMS-induced artifacts. Firstly, EEG data were down-sampled to 250 Hz and independent 

component analysis was applied to remove artifacts related to eye movements, muscular 

and cardiac activities. Bad channels with excessive artifacts were discarded via visual 

check and replaced by an average of its nearby four channels. High-pass filtering at 0.5 

Hz and low-pass filtering at 70 Hz was applied. Then all channels were re-referenced to 

the common average reference. After preprocessing, source images were calculated 

following the steps described above for the simultaneous MR-EEG signals. Because only 

31 channels of EEG were acquired on the 2nd day TMS-EEG setting, the lead field was 

selected from a subset of the model built for the 126-channel EEG.  

Then we investigated the transient effect of EEG connectivity changes on the 2nd 

day associated with cTBS stimulations at each location. We utilized the projecting matrix 

that was derived from the high-density EEG recordings before and after the entire cTBS 

protocol and applied the projecting matrix to obtain the connectivity maps immediately 

before and after cTBS to each location. In particular, the projecting matrix for the selected 

network was applied to every patient’s continuous source time courses to calculate the 

time course of the network. Then, the Pearson correlation coefficient between the time 

course of each network and the time courses of source dipoles on the cortical surface area 

for each participant was calculated, resulting in a map of correlation coefficients as the 
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EEG connectivity map. Similarly, Fisher’s transform and spatial smoothing were applied. 

Then “Post-minus-pre-connectivity” maps represent the connectivity changes after cTBS, 

which were calculated by subtracting the pre-cTBS map from the post-cTBS map for each 

participant and to each location on the 2nd day. 

In our current cTBS protocol, at the Day 2 test sessions, the optimal and non-

optimal targets were determined by each participant’s self-report of symptoms. We 

determined whether connectivity metrics that became apparent after a full stimulation 

battery by Day 5 could have some signatures that were detectable on the test sessions on 

Day 2. Initially, the optimal target was determined subjectively as the one leading to the 

greatest reduction in VAS within 60 minutes after stimulation. In our investigations, we 

explored linear discriminant analyses to classify the optimal vs. nonoptimal targets based 

on the network connectivity changes from EEG data immediately before and after 

stimulating test targets, for the purpose of determining whether the EEG recordings only 

could predict optimal target selection. We chose linear discriminant analysis because it is 

a robust classifier commonly reported to out-perform many nonlinear classifiers in brain-

computer interface studies (He et al., 2020), especially considering the relatively small 

sample size of our study. 

Specifically, the EEG connectivity changes that were calculated in ROIs were 

used as features in the discriminant analysis. Only data that were labeled with optimal 

target or non-optimal target were used for training classifiers. Then we adopted a leave-

one-out-cross-validation strategy for training the classifier: one target was selected as the 

test data while all others served as the training data, which repeated until all targets were 

exhausted as test data. The coefficients of a linear classifier were calculated according to 
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the Fisher criteria (Fisher, 1936). The performance of the classifier was evaluated based 

on the leave-one-out data from all repetitions. Based on classification outcomes of test 

data, we calculated the percentage of true positive (optimal target classified as optimal 

target), true negative (non-optimal target as non-optimal target), false positive (non-

optimal target as optimal target) and false negative (optimal target as non-optimal target). 

Furthermore, in those participants who were not able to perceive any favorable 

target associated with reduction of symptoms (5 out of 23), their targets were considered 

as undecided targets in our analyses. Therefore, we applied a trained discriminant 

classifier from all labeled data to the recordings with undecided targets in order to explore 

whether the neural signatures in those undecided targets are different from those of 

favorable targets. 

5.1.3 Results 

We analyzed EEG data test sessions of cTBS on Day 2, when single-

administrations of cTBS were delivered at three different targets in a sequential and 

randomized order. In 18 out of 23 participates, optimal targets were chosen by the 

participants because of the greatest reductions of scores on the VAS after stimulation, 

while the other two targets were deemed as non-optimal targets. Five participants did not 

choose any target and all targets in these patients were considered as undecided targets. 

Three were randomly assigned to each of the three targets; one worsened with all targets 

and was treated over the precuneus, and one did not complete the study but had Day 2 

data available. On Day 2, after single-administration of cTBS, the VAS changes for the 

optimal targets were -6.23 ± 1.55 (range -20 to 10), the VAS changes for the non-optimal 
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targets were 0.89 ± 1.83 (range -15 to 40), and VAS changes for the undecided targets 

were 2.63 ± 1.08 (range -5 to 10).  

 

Figure 5-1: Transient changes in EEG network connectivity at try-out sessions. 

Connectivity changes immediately after single administration of cTBS are derived from 

left medial frontal gyrus (A), right inferior parietal lobule (B), left inferior parietal 

lobule (C), and primary visual cortex (D). The activities are grouped by whether the 

targets were selected as optimal targets, non-optimal targets, or considered as undecided 

targets. * Indicates significance at p < 0.05. D Indicates approaching significance at p < 

0.1 (Chen et al., Under Review). 
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Our analysis examined whether transient changes could be detected in the EEG 

networks following single test sessions of cTBS. Specifically, we took a retrospective 

approach to quantifying the transient EEG network changes on Day 2 data by using ROIs 

defined in the Day 5 analyses, i.e., the regions that showed modulations that correlated 

with symptom changes after completion of the protocol. We analyzed in each category 

(optimal or non-optimal target), whether differences exist in the EEG network 

connectivity immediately after the test stimulation sessions relative to the baseline. 

Additionally, we also compared the transient changes between categories (i.e., optimal 

vs. non-optimal targets). Figure 5-1 shows the results in ROIs corresponding to four EEG 

networks – the right IOG, the left MFG, the left IPL and right IPL. In the ROI at the left 

MFG (Fig. 5-1B), the transient EEG changes after single administration of cTBS were 

significantly different between the optimal and non-optimal targets (p = 0.02), while the 

decrease for the optimal targets and the increase for the non-optimal targets respectively 

approached significance (p = 0.1). In addition, in the ROI of the left IPL network (Fig. 5-

1C), the transient EEG changes after single session stimulation showed a difference 

approaching significance between the optimal and non-optimal targets (p = 0.06). 

Meanwhile, no significant transient changes were observed in the ROIs at the right IOG 

or the right IPL. 
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Figure 5-2: Transient changes in EEG network can predict the optimal vs. non-optimal 

targets. True positive, false negative, true negative and false negative are displayed for 

the classification results of a linear discriminate classifier (LDA) with leave-one-out 

cross validation (LOOCV). Based on the connectivity features, all undecided targets 

were automatically classified as non-optimal targets (Chen et al., Under Review). 

In the other 5 participants, no optimal targets with favorable reduction of symptom 

were chosen, therefore all their targets were considered as undecided targets. The 

transient EEG connectivity changes are also plotted in Fig. 5-1. In the ROI at the left 

MFG, the undecided targets exhibited a strong increase in connectivity (p = 0.03), which 

appeared in the same direction as nonoptimal targets and opposite to the optimal target in 

the patients that had decided targets. Likewise, in the ROI at left IPL, an increase in EEG 

connectivity was observed after stimulating undecided targets (p = 0.03), which also 

appeared in the opposite direction as optimal targets. 

We explored whether the EEG transient connectivity changes could be used to 

distinguish optimal targets from non-optimal targets. By using an LDA classifier and a 

leave-one-out cross validation strategy, the overall accuracy of prediction was 79.3%. As 

shown in Fig. 5-2, the classifier yielded 75% accuracy in predicting optimal targets (i.e., 

TP = 75%), whereas a slightly higher accuracy of 80% was obtained in predicting non-
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optimal targets (i.e., TN = 80%). The false negative rate (FN = 25%) was slightly higher 

than the false positive rate (FP = 20%). Importantly, when applying the classifier that was 

trained by all optimal and non-optimal targets to the data in undecided targets, all targets 

of the undecided category were automatically classified as non-optimal targets.  

5.1.4 Discussion 

This current study for the first time has revealed the transient changes of network 

connectivity after single administration of cTBS, when multiple targets were tried out 

before an optimal target was selected to continue repetitive stimulations. Our analysis of 

using a ROI approach demonstrated that regions of symptom-associated modulation at 

completion of protocol also exhibited early transient changes at single administration of 

stimulation. Particularly, the left medial frontal gyrus showed a significantly greater 

decrease in connectivity when the optimal targets were stimulated compared with the 

non-optimal targets. Likewise, the left inferior parietal lobule exhibited larger decrease 

of connectivity which approached significance for the optimal targets, whereas the right 

inferior showed some modulation in an opposite trend. By combing the three nodes of the 

DMN, we have developed an LDA classifier that was built on the transient changes as 

features to classify the optimal vs. non-optimal targets. Leave-one-out-cross-validation 

has demonstrated that the classifier achieved an overall accuracy of 79.31%. More 

interestingly, we further applied the trained classifier to those undecided targets when 

self-reports indicated no favorable targets, and all of the undecided targets were classified 

to be non-optimal targets. Our results suggest a possible closed-loop paradigm that is 

based on the early, transient network changes, such that optimal target can be determined 
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by a try-and-choose approach. Notably, the imaging-based biomarker is objective and 

independent of self-reports, which can facilitate physicians in deciding optimal targets.  

5.2 tACS parameters 

Table 5-1: tACS parameters regarding phase and frequency in 22 patients  

(Chen et al., In preparation). 

Subject ID Phase conditions 
Stimulation 

frequency (Hz) 
Stimulation relative 

to IAF (Hz) 

S1 in-phase 10 -0.4 

S2 anti-phase 10 -0.4 

S3 anti-phase 8.6 0 

S4 anti-phase 10.1 0 

S5 anti-phase 11.2 0 

S6 in-phase 11.4 0 

S7 in-phase 11.4 0 

S8 anti-phase 10.5 0.1 

S9 in-phase 8.5 0.2 

S10 anti-phase 9 0.4 

S11 anti-phase 10 0.4 

S12 anti-phase 10 0.4 

S13 anti-phase 10 0.7 

S14 in-phase 10 1.2 

S15 anti-phase 10 1.2 

S16 anti-phase 10 1.3 

S17 anti-phase 10 1.3 

S18 in-phase 10 2.1 

S19 anti-phase 40Hz 40 30.3 

S20 anti-phase 40Hz 40 31 
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S21 anti-phase 40Hz 40 31.1 

S22 anti-phase 40Hz 40 31.9 
 

tACS is a promising neuromodulation tool which can directly modulate the brain 

oscillations and therefore facilitates probing the causal link between brain oscillations 

and its cognitive functions (Feurra et al., 2011). The precise knowledge of 

neurophysiological alterations when tACS is applied is not yet clear (Thut et al., 2011). 

More specifically, tACS using individual alpha frequency as the reference achieved a 

strong neural synchrony (Vossen et al., 2015; Zaehle et al., 2010). Thus, in our current 

study, we used the individual alpha frequency (IAF) to customize the stimulation 

frequency with aim of exerting strong external oscillations to intervene the current 

disturbance of neural signals (potential disconnection of DMN and the visual network). 

To this end, the phase of tACS was also under serious consideration as 0o (in-phase) might 

potentiate neural synchrony while 180o (anti-phase) could offset or impair the underlying 

synchrony between segregated regions (Polanía et al., 2012; Strüber et al., 2014). We 

randomized the in-phase and anti-phase conditions among 22 patients and Table 5-1 

tabulated the mixed phase and frequency parameters for individual patients.  

5.2.1 patients grouped by phase conditions in tACS 

In this protocol, tACS EEG data were collected as described in Chapter 2.3.2. 

The phase conditions were randomized among the patient pool, 6 patients of in-phase, 12 

of anti-phase, and 4 of 40 Hz. The phase condition was an important factor to take into 

account as tACS has been shown to disrupt the brain oscillations between remotely linked 

regions with anti-phase (Polanía et al., 2012) but strengthen the brain synchronizations in 

in-phase set ups. To look into the clinical changes and EEG connectivity changes across 
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3 conditions, one-way ANOVA was used and post-hoc test afterwards. We used anti-

phase 40 Hz as a control and expected the anti-phase at around IAF achieved better 

clinical responses and corresponding neural oscillation alterations revealed. 

5.2.2 patients grouped by IAF frequencies in tACS 

The strategy of setting up stimulation frequency was based on the individual alpha 

frequency (IAF) from the prior EEG recording. Patients were grouped as 7 patients at 

IAF (two were slightly lower than IAF), 10 patients at IAF+ (0.1-1.3Hz above IAF), and 

5 patients at IAF++ (frequency greater than IAF+1.3Hz). The IAF has been reported as 

an important assisting parameter as tACS responses of the brain might be state-dependent 

(endogenous brain oscillations) (Neuling et al., 2013; Ruhnau et al., 2016) (Feurra et al., 

2011). Thus, using the IAF to guide the tACS would potentially give the most robust 

modulation as the tACS may resonate with the intrinsic brain oscillation and interact with 

it directly under certain stimulation phases. In this tACS study of combined stimulation 

frequencies and phase conditions, we expected a combination of IAF guided stimulation 

and anti-phase condition could give more optimal clinical benefits than other alternatives. 

To look into the clinical changes and EEG changes across 3 conditions, one-way ANOVA 

was used and post-hoc test afterwards.  

5.2.3 Results 

In the first categorization by phase conditions, the anti-phase condition displayed 

significant improvement after treatment (paired t-test, p < 0.05), but none of the 3 

subgroups showed significant clinical improvement greater than other two (ANOVA, p 

> 0.005) (Fig. 5-3A). We did observe significant EEG connectivity changes at the right 

cuneus that could differentiate the stimulation phases (Fig. 5-6A). The anti-phase 40Hz 
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protocol was able to reduce the EEG connectivity at the right cuneus while both in-phase 

and anti-phase failed to do so. No significant EEG connectivity changes were observed 

at the right medial frontal gyrus and the left cuneus (Fig. 5-4A and 5-5A).  

 

Figure 5-3: VAS across three subgroups. (A) is subgrouping patients by phase 

conditions and (B) is by stimulation frequencies. * indicates p < 0.05 (Chen et al., In 

preparation). 

In the second categorization by stimulation frequencies, the IAF+ (0-1.3 Hz above 

IAF) significantly improved the symptoms than IAF++ (greater than 1.3 Hz + IAF) (Fig. 

5-3B). The EEG network connectivity at the right cuneus significantly increased in the 

IAF+ than the other two groups (Fig. 5-6B). The left cuneus connectivity decreased 

within the IAF++ group (Fig. 5-5B), but not between subgroups (ANOVA p > 0.05). No 

significant EEG connectivity changes occurred at the right medial frontal gyrus (Fig. 5-

4B).  

 

Figure 5-4: EEG changes across three subgroups at the right medial frontal gyrus. (A) 

is subgrouping patients by phase conditions and (B) is by stimulation frequencies. IAF: 
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stimulation frequency right at IAF or slightly lower; IAF+: 0-1.3Hz above 

IAF; >1.3Hz+IAF: greater than IAF+1.3Hz. * indicates p < 0.05 (Chen et al., In 

preparation). 

5.2.4 Discussion 

Previous studies have identified that the pre-stimulation state of the individual 

brain oscillation dictates the ensuing tACS effect and therefore encouraged the 

customized stimulation paradigms (Meier et al., 2019). A meta-analysis found 

individually tailored stimulations benefited the cognitive performance more than a 

standardized approach (Schutter and Wischnewski, 2016). Thus, in this section, we 

explored how different stimulation parameters might impact the brain responses. 

 

Figure 5-5: EEG changes across three subgroups at the left cuneus. (A) is subgrouping 

patients by phase conditions and (B) is by stimulation frequencies. IAF: stimulation 

frequency right at IAF or slightly lower; IAF+: 0-1.3 Hz above IAF; >1.3Hz+IAF: 

greater than IAF + 1.3 Hz. * indicates p < 0.05 (Chen et al., In preparation). 

In our analysis grouping patients by tACS phase conditions, we investigated the 

EEG after tACS and the clinical improvement in each subgroup. We did not observe a 

significant clinical improvement between subgroups by phase conditions, but the EEG at 

the right cuneus was significant reduced by anti-phase 40 Hz than the in-phase. 40Hz is 

within the range of gamma frequency, which was used as a control in several tACS 

experiments (Alexander et al., 2019; Grabner et al., 2018), but in our study, it displayed 

strong disrupting effects in the parietal regions. In fact the gamma frequency was reported 
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to impact the brain in previous studies (Tseng et al., 2016), where in-phase gamma 

oscillations showed no faciliatory or inhibitory effect but behavioral impact manifested 

from the anti-phase gamma stimulation. This imaging phenomenon might also be 

attributed to cross-frequency effects, as reported previously, 40Hz tACS might interfere 

with the power at 10Hz in an antagonistic manner (Helfrich et al., 2014a). Lastly, we did 

not set up any phase condition between 0o (in-phase) and 180o (anti-phase) to explore the 

optimal tACS phase for MdDS. Because the neural signals require time (at the 

millisecond level) to travel through axons and synapses, the consequent time lag between 

any connected regions could be a potential factor that affects the responses to different 

phase conditions of tACS (Gregoriou et al., 2009).  

 

Figure 5-6: EEG changes across three subgroups at the right cuneus. (A) is 

subgrouping patients by phase conditions and (B) is by stimulation frequencies. IAF: 

stimulation frequency right at IAF or slightly lower; IAF+: 0-1.3 Hz above 

IAF; >1.3Hz+IAF: greater than IAF + 1.3 Hz. * Indicates p < 0.05 (Chen et al., In 

preparation). 

In our frequencies grouped results, we used IAF to guide the tACS stimulation 

and found significant clinical improvement within IAF+ (Fig. 5-3B) which was 

significantly improved than IAF++. Corresponding to the clinical improvement, the EEG 

connectivity at the right cuneus in IAF+ was significantly different than other two groups, 

which indicated IAF+ as the most effective in inducing clinically relevant changes. 

Slower IAF (-2Hz) or faster IAF (+2Hz) were reported to modulate the brain differently 



94 

(Mioni et al., 2020). Indeed, we noted the slightly above IAF stimulation was 

therapeutically more effective instead of exactly matching the IAF or largely above the 

IAF (Fig. 5-3B). However, we did not see any significant changes in imaging within 

IAF+ group. Taken together with what we found in Chapter 2.3, this might suggest that 

the oscillatory network was not the primary target of tACS and a more direct way of 

looking at tACS impact could be the brain oscillations in different frequencies.  
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6. Chapter 6: Summary  

Overall, this dissertation has investigated neuroimaging biomarkers in MdDS for 

noninvasive brain stimulation tools. By collaborating with a neurologist, I have analyzed 

the multimodal EEG and fMRI data in cohorts of patients receiving three different 

noninvasive brain stimulations as experimental treatment (rTMS, cTBS and tACS). I have 

utilized a suite of computational methods for EEG and fMRI. Especially, I have 

developed a data-driven method to extract and quantify the functional connectivity of 

resting-state brain networks as biomarkers.  

The first key outcome of my investigation was the development of the response 

and predictive biomarkers in EEG data by evaluating the network-level activities with the 

clinical symptom changes after brain stimulations in MdDS. The rTMS has been seen to 

reduce the connectivity of positive responders more than that of negative ones (in the 

medial frontal gyrus, a key node of DMN), which indicates reducing brain connectivity 

is a promising treatment option for choosing brain stimulation protocols. In addition, I 

have found that a higher baseline connectivity is shown to relate to better rTMS efficacy, 

which indicates that individuals with higher baseline connectivity may be more receptive 

of the protocol with benefits. The biomarkers are observed close to stimulation sites, 

stemming from the medial frontal region for the DLPFC with rTMS and inferior parietal 

regions for the occipital cTBS. The imaging biomarkers from the visual network in 

conventional rTMS and cTBS originate from a consistent anatomical structure: the right 

occipital gyrus. However, the tACS EEG has revealed a reversed, negative association 

with clinical responses in parietal regions that is different from rTMS or cTBS, showing 

increased connectivity corresponds to symptom improvement. 
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 In addition, my investigation of the cross-modal relationship has found that fMRI 

supports EEG in certain ways. The results indicate that fMRI changes in the region 

corresponding to the EEG biomarker (the DMN) show a strong association with EEG 

signal alterations after rTMS on DLPFC, but a weaker association in cTBS. The EEG-

informed fMRI GLM in cTBS contains the key regions of EEG network (the precuneus 

in DMN) and also involves other regions that are not directly linked to the symptom-

correlated EEG network activities. Despite the cross-modal consistency observed in 

rTMS and cTBS, EEG-informed fMRI in tACS exhibits different findings from rTMS or 

cTBS, showing mostly anti-correlations using EEG as the electrophysiological correlates 

in fMRI BOLD signals.  

Furthermore, I have investigated the mechanism of noninvasive brain stimulation 

by comparing the fMRI resting state functional connectivity in post- vs. pre-stimulation 

of MdDS and healthy controls. In the positive responders of MdDS receiving 

stimulations, the connectivity between the left EC with regard to the left precuneus was 

significantly decreases after stimulation, while such connectivity in pre-stimulation 

MdDS was abnormally higher than that in HC. In addition, in the positive responders, the 

connectivity between the left EC and the left cingulate gyrus was increased after 

stimulation, being closer to the higher level of connectivity in HC. Nonetheless, the 

connectivity between right EC and left precuneus was significantly decreased by 

stimulation in the positive responders, although the connectivity of the pre-stimulation 

MdDS was at a par level with that in HC. These findings indicated the effect of 

stimulation as modifying the connectivity in symptom-relevant networks. The 

modifications in part have rectified the abnormal hyper- or hypo-connectivity in MdDS, 
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especially in regions connecting the entorhinal cortex and parts of the default mode 

network. Noteworthy, however, the stimulation also affects other regions in different 

directions of modulations.  

Based on the imaging biomarkers that are consistently discovered across 

protocols, the feasibility of using real-time EEG features to guide noninvasive brain 

stimulation application has been tested and demonstrated. There are significant imaging-

based differences in our cTBS protocol between optimal versus non-optimal stimulation 

sites when all were administered as a single, try-out setting to patients, which hints that 

the imaging features could be used to tailor the stimulation protocol to individual patients 

before a repetitive and full protocol being performed to achieve optimal therapeutic 

effects. Additionally, individual EEG features (i.e., individual alpha frequency) that were 

utilized to guide the tACS protocol parameters have demonstrated an increased efficacy. 

Limitations  

Notably, several factors limit the interpretation of my dissertation work. First, we 

did not arrange any sham arms in the investigation of noninvasive brain stimulation 

effects. Thus, placebo effects could not be ruled out as a contributing factor to the clinical 

improvement. Nevertheless, across three protocols, individuals were medically 

refractory, having failed two medication trials and physical therapy. Placebo effects are 

generally minor in medically refractory groups (Li et al., 2018; Liston et al., 2014), but 

cannot be completely ruled out. Second, the sample size was relatively small due to 

MdDS being a rare disorder (Cha, 2015; Cha, 2009). Future work should seek to increase 

the sample size in a single stimulation protocol. In the meantime, integrating imaging 

analysis in a combined responsive group across different protocols could also be 
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investigated in order to increase the sample size, since my work here has suggested certain 

homogenous biomarker between protocols (such as rTMS and cTBS).  

Outlook 

My dissertation work has suggested that, in future clinics, patients could go 

through brief, try-out sessions before settling into a fixed protocol for repetitive treatment 

stimulations. With the acquired information on the brain imaging responses to the try-out 

protocols, we can then take advantage of the imaging biomarkers described in my 

dissertation to guide the clinicians in customizing the protocol parameters for each 

individual patient, in order to achieve optimal and long-lasting therapeutic effect. For 

example, the baseline brain state - in the form of the functional connectivity in resting 

state brain networks - is an important indicator for certain beneficial TMS protocol. Also, 

individual alpha frequency of baseline EEG can be referred to when choosing stimulation 

frequencies. Furthermore, the modification of network connectivity seen in transient EEG 

after a try-out stimulation can facilitate the determination of an optimal target. 
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