
 

Noninvasive neuroimaging of responses to  
transcranial magnetic stimulation  

 
 

A Dissertation 
SUBMITTED TO THE FACULTY OF THE  

UNIVERSITY OF MINNESOTA 
BY 

 
 
 

Christopher C. Cline 
 
 
 

IN PARTIAL FULFILLMENT OF THE REQUIREMENTS 
FOR THE DEGREE OF 

DOCTOR OF PHILOSOPHY 
 
 

Advisor: Bin He, PhD 
 
 

May 2018 
  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

© Christopher C. Cline 2018  



i 
 

Acknowledgements 

I would like to express sincere gratitude to my advisor, Dr. Bin He, for his mentorship and 

guidance. He has been tremendously supportive throughout my time at the University of 

Minnesota, giving me the flexibility to pursue research projects of the greatest interest to me, 

providing opportunities to branch out and gain experience with a diverse range of techniques, 

and offering invaluable career advice. I would also like to thank the members of my dissertation 

committee, Dr. Stephen Engel, Dr. Matthew Johnson, Dr. Wei Chen, and Dr. Alexander Opitz, for 

their time, support, and valuable comments. 

I am extremely appreciative of my colleagues in the Biomedical Functional Imaging and 

Neuroengineering Laboratory. Although I cannot name everyone who was involved in some way 

or another, special thanks go to Dr. Nessa Johnson for building up the TMS methods and 

regulatory components that were critical for my work, and for her guidance when I was getting 

started in the lab. Thanks also to Dr. Bradley Edelman, Dr. Abhrajeet Roy, Dr. Abbas Sohrabpour, 

Dr. Bryan Baxter, Dr. Jianjun Meng, Christopher Coogan, Daniel Suma, James Stieger, Kai Yu, and 

all other lab members for their advice, emotional support, and friendship. Thanks also to the 

undergraduate researchers I worked with during the last few years, especially to Virginia Pohl 

for her time spent delving into my analysis code, and help with running experiments even during 

early mornings, evenings, and weekends. 

I would also like to thank my friends and family, especially my parents, for their support.  

I cannot adequately express my gratitude to my wife, Sara, for joining me on this journey. For 

giving me the flexibility to pursue this work, for the emotional support, for the different 

perspective on issues, for putting up with odd hours, and even for being willing to move across 

the country.  I would not have made it here without her. 



ii 
 

Dedication 

To Sara. 



iii 
 

Abstract 

Transcranial magnetic stimulation (TMS) and electroencephalography (EEG) provide means to 

noninvasively measure and modulate activity in the brain. EEG has the potential to infer user 

intent from measured signals, making it possible to build brain-computer interfaces for 

augmentative and alternative communication and control of devices that do not rely on intact 

motor function. TMS offers the ability to transiently perturb neural activity with good temporal 

and spatial precision, and to modulate longer-term excitability and network function, with 

various applications in both neuroscientific research and clinical treatment. 

However, both EEG and TMS have limitations, due in a large part to their noninvasiveness. EEG-

based BCIs face issues with inconsistent inference of intent estimated from low-SNR 

measurements, which degrades the speed and accuracy of BCI control. Likewise, current TMS 

approaches face issues with variability in responses to stimulation, based on lack of precise 

targeting information and knowledge of underlying mechanisms of stimulation effects, resulting 

in inefficient or inconsistently effective clinical neuromodulation interventions. 

In this work, I describe several efforts to address these issues using approaches combining TMS 

and EEG. To improve our understanding of factors influencing successful motor imagery based 

BCI control, I applied TMS targeted at perturbing specific neural circuits and measuring resulting 

changes in BCI control. Conversely, I also explored factors influencing responses to TMS and how 

EEG can be used to inform stimulation via measurements of stimulation response and 

estimation of pre-stimulation brain state.  
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1 Introduction 

1.1 Transcranial magnetic stimulation 

Parts of this section were adapted from my contributions to: Mo Chen, Christopher C. Cline,…, and Bin 
He. “Advances and challenges in TMS research on motor systems.” In Engineering in Medicine: 
Advances and Opportunities, edited by Paul A. Iaizzo. Elsevier. In press. 

Transcranial magnetic stimulation (TMS) is a method of noninvasive neuromodulation which 

uses large transient magnetic fields to induce electric fields in the brain. These induced fields 

can be of sufficient magnitude to induce neuronal depolarization and directly result in firing of 

action potentials. When applied in an extended train of pulses, TMS can also have lasting 

modulatory effects on plasticity in the brain. TMS has potential to be used in a broad range of 

applications, from brain mapping for neuroscientific purposes to clinical therapies for 

depression, stroke, and other neurological and psychiatric disorders. 

Aside from early experimentation with alternating currents in the late 1800s and early 1900s, 

the first demonstration of TMS was described by Barker et al. in 1985 (Barker et al., 1985). This 

initial work used a custom pulse generator and a circular coil placed over the scalp of a human 

subject to noninvasively stimulate the motor cortex, with individual pulses producing 

measurable evoked muscle responses in the contralateral hand. Later work improved on this 

method with additional technical innovations, such as the use of figure-8 coils for improved 

stimulation focality (Ueno et al., 1988), stimulator circuitry allowing for rapid trains of repetitive 

pulses (Pascual-Leone et al., 1991), and neuronavigation techniques to coregister TMS coil 

position with MRI data (Herwig et al., 2001). The first major clinical applications of TMS, as a 

treatment for depression, was demonstrated in early reports in the late 1990s (George et al., 

1995; Pascual-Leone et al., 1996) and in later large scale clinical trials (George et al., 2010; 
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O’Reardon et al., 2007); this procedure obtained FDA approval in 2008. The establishment of 

consensus safety guidelines for the application of TMS has also been critical in facilitating 

responsible development of the field (Rossi et al., 2009; Wassermann, 1998). These and various 

other methodological innovations have contributed to steady growth in the TMS field in the 

years since 1985.  To understand the various methods and applications of TMS, it is helpful to 

first review the relevant physics (specifically, electromagnetism), that are fundamental to TMS. 

Ampere’s circuital law states that the net electrical current through a surface 𝑆𝑆 induces a 

magnetic field around a contour 𝐶𝐶 enclosing 𝑆𝑆 according to Equation (1).  

� 𝑩𝑩 ⋅ 𝑑𝑑𝑑𝑑 =  �𝜇𝜇0𝑱𝑱 ⋅ 𝑑𝑑𝑑𝑑
𝑆𝑆

 
𝐶𝐶

 (1) 

Faraday’s law states that a time-varying magnetic field 𝑩𝑩 induces an electric field 𝑬𝑬 according to 

Equation (2) 

� 𝑬𝑬 ⋅ 𝑑𝑑𝒍𝒍 = −
𝑑𝑑
𝑑𝑑𝑑𝑑
�𝑩𝑩 ⋅ 𝑑𝑑𝒔𝒔
𝑆𝑆

 
𝐶𝐶

(2) 

Where S is a surface enclosed by the contour C (Inan and Inan, 1998). To fully describe the 

electromagnetics underlying TMS, the complete set of Maxwell’s equations are needed, of 

which Equations (1) and (2) are just a subset; we will not discuss these details further here. 

Essentially, these equations dictate that driving a time-varying current through a coil will induce 

a time-varying magnetic field; this time-varying magnetic field will induce an electric field that 

when imposed on a conductive material (such as brain tissue) will result in an induced current in 

the material. 
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Several phenomena related to these equations are particularly relevant for TMS, constraining 

both the temporal and spatial characteristics of stimulation. Since the induction of electric fields 

in the brain by TMS require the magnetic field to be time-varying, the current in the brain must 

itself also be time-varying. Due to energy and thermal constraints, TMS is typically applied in 

transient pulses each on the order of 100-500 μs in duration.  

While purely electrical neuromodulation methods such as transcranial current stimulation (TCS) 

are limited by the relatively high resistance of the skull, the magnetic field employed by TMS can 

pass through the skull with negligible attenuation and induce currents in the cortex. TMS is still 

limited in penetration depth by the stimulation coil’s ability to shape the magnetic field it 

induces; in a simplified homogeneous spherical head model, the induced electric field cannot be 

higher at any point inside the volume than on the outer surface (Heller and van Hulsteyn, 1992). 

Figure 1.1: Examples of TMS-induced electric fields. Simulated electric fields induced in a simple 
spherical head model (A,B,C) and a more realistic head model with detailed cortical surface (D,E,F) by 
figure-8 (A,D) and circular (B,C,E,F) TMS coils. White arrows in (A,B,C) indicate direction and magnitude 
of induced current flow.  
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This means that efforts to stimulate deeper brain regions noninvasively require even stronger 

stimulation of more superficial regions. For the most part, this has resulted in primary TMS 

targets being limited to those located on superficial regions of the cortex, rather than deeper 

brain structures. While various novel coil geometries have been proposed to optimize the 

spatial profile of stimulation, these tend to follow a common depth-focality tradeoff (Deng et al., 

2013). Due in part to this tradeoff between stimulation depth and focality, the relatively simple 

figure-8 coil geometry proposed early in the development of TMS (Ueno et al., 1988) has 

persisted as the most commonly used coil type in modern TMS setups. 

Figure 1.1 shows the electric fields induced by simple circular and figure-8 coils in several 

contexts, as predicted by computational models. It can be seen that a circular coil induces 

maximum currents in a circle underneath the coil—not at the center of the coil. However, by 

combining two circular coils with counter-rotating currents, a figure-8 coil obtains maximal 

induced current underneath the center of the figure-8. Combined with the drop-off in field 

intensity due to curvature of the head, this geometry obtains relatively focal stimulation extent 

compared to other coil geometries. As can be seen in Figure 1.1D-F however, this situation 

becomes more complicated in the presence of the actual gyral geometry of the brain. Here, the 

varying conductivities and permittivities of the different tissues (especially skull, cerebrospinal 

fluid, gray matter, and white matter) result in more complex variation in induced electric fields. 

In common practice, TMS is applied in a wide variety of experimental and clinical paradigms. 

Arguably the most common is the stimulation of the primary motor cortex to evoke peripheral 

muscle responses in muscle groups synaptically connected to neurons in the stimulated cortical 

region. This muscle response, termed the motor-evoked potential (MEP), is used widely for 

calibrating stimulation intensity and other parameters in individuals receiving TMS. Additionally, 
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it has been used for quantifying more subtle changes in cortical excitability, by measuring the 

average MEP amplitudes evoked by a constant suprathreshold intensity before and after a 

particular intervention (Touge et al., 2001).  

The accessibility of MEP measurements allows a TMS user to be certain where (approximately) 

and how strongly they are stimulating, if they are targeting the primary motor cortex. However, 

the problem of targeting and measuring stimulation outcomes becomes much more difficult 

when moving to stimulate almost anywhere outside of the primary motor cortex. Without a 

clear muscle response, it can be difficult to establish that a desired target is being stimulated, 

and that other nearby regions are not being stimulated excessively. The complexities of applying 

TMS outside of the primary motor cortex has contributed to a dominant focus on the motor 

system in TMS literature.  

Despite these challenges, many major established and potential clinical applications of TMS 

involve stimulation in non-motor regions. For example, the FDA-approved procedure using TMS 

to treat depression targets the dorsolateral prefrontal cortex (DLPFC). As a result, there is a 

need for improved methods for targeting and measuring responses to stimulation of non-motor 

regions. Recent work in this area has included extensive computational modeling to predict 

fields induced by TMS in subject-specific models (Windhoff et al., 2013) and target selection 

based on previously collected anatomical and functional MRI data (Cocchi and Zalesky, 2018; 

Dubin et al., 2017; Esterman et al., 2017; Luber et al., 2017; Opitz et al., 2016; Weigand et al., 

2017). While a combination of various techniques will likely be necessary to provide maximally 

effective stimulation paradigms, a large focus of this work is on the combination of TMS and 

EEG, described in more detail below. 
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1.2 Electroencephalography 

Electroencephalography (EEG) is the recording of electrical signals from the brain using 

noninvasive electrodes on the scalp. First described by Hans Berger in the 1920s (Berger, 1929), 

EEG has been used in an extremely wide variety of neuroscientific research and clinical 

applications. EEG measures the gross synchronous activity of large populations of neurons, 

integrating signals from cortical neurons spread over a surface on the order of 1-10 cm2 (Buzsáki 

et al., 2012). The layers of neural tissue, cerebrospinal fluid, skull, and scalp over the underlying 

sources of activity result in significant mixing of signals through volume conduction before 

signals can be measured on the scalp. Due to this volume conduction effect and the spatial scale 

of frequency-specific synchrony in the brain, EEG signal to noise ratios are typically insufficient 

to resolve neural signals changing faster than approximately 100 Hz. Most EEG signals are 

thought to be generated by specific classes of cortical neurons oriented perpendicular to the 

cortical surface; the incoherence in orientations of smaller cortical neurons and distance to 

deeper brain regions make these other sources of activity practically invisible to direct 

measurements by EEG. Oscillatory dynamics of EEG are typically described by their peak 

Figure 1.2: Typical 64-channel EEG montage. Yellow discs indicate individual electrode positions. 
Montage is shown on a model of an individual’s scalp with underlying cortical surface visible. 
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frequencies, with different commonly observed frequency bands being the delta (0.2-3 Hz), 

theta (4-7.5 Hz), alpha/mu (8-13 Hz), beta (14-30 Hz), and gamma (30-90) Hz (Lopes da Silva, 

2013). 

Despite the limitations imposed by volume conduction, EEG has several key merits compared to 

other neuroimaging technologies. In particular, a combination of EEG’s temporal resolution and 

relatively economical hardware requirements give it an advantage over existing functional 

magnetic resonance imaging (fMRI), functional near-infrared spectroscopy (fNIRS), and 

magnetoencephalography (MEG) approaches for specific applications.  

The mixing effects of volume conduction can be mitigated to some degree by estimating a 

projection of activity from the scalp to the underlying cortical surface. This process, termed 

source imaging, involves solving a highly underdetermined inverse problem of estimating the 

activity of thousands or more (depending on the modeled spatial scale) of parcellated cortical 

sources (represented as current dipoles) from typically just 64-128 electrodes on the scalp 

(Michel et al., 2004). By incorporating prior information on the anatomical structure of an 

individual’s brain, and the typical orientation of sources measured by EEG, solutions to this 

inverse problem can be estimated. As part of this inverse estimation process, a computational 

model of volume conduction is constructed to project activity in the opposite direction (a 

“forward model”), characterizing the projection from activity of current dipoles on the cortical 

surface to the resulting electric potentials measured on the scalp.  

Source imaging can be particularly critical for multi-subject analysis of EEG data. With 

considerable variation in cortical anatomy between individuals, active sources in functionally 

identical regions can be oriented very differently from one subject to the next; these differences 
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in orientation can drastically alter the projection of the activity measured on the scalp. Figure 

1.3 shows an example of this, with simulated results of a synthesized activity topography on an 

atlas brain, warped to corresponding functional regions in anatomically realistic models of 

individual subject brains, and projected to the individuals’ scalps. This effectively simulates 

topographies that would be measured by EEG for the underlying “ground truth” activation. We 

can then use inverse estimation to project these scalp measurements back to the cortical 

surfaces and warp them back to the atlas brain for averaging. The original ground truth 

activation is estimated much more accurately in this example when using subject-specific 

inverse models and averaging in source space. 
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Figure 1.3: Motivation for source imaging.   Simulated activity in an atlas brain is mapped to 
functionally identical regions in realistic subject brains and projected to each subject’s scalp with a 
forward model of volume conduction to simulate EEG measurements. Then activity is either averaged 
across subjects in sensor space (lower middle), or first projected back to individual subject brains with 
inverse models and averaged in source space. The final results show a much better localization of the 
original ground truth activity when averaging in source space using subject-specific anatomy. 
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1.3 Combining TMS and EEG 

As discussed above, TMS applied to the primary motor cortex can produce an easily measurable 

output in the form of MEPs, allowing relatively straightforward titration of stimulation 

intensities and characterization of stimulation effects. However, comparably simple or 

immediate output measures are not available when stimulating most other brain regions. 

Neuroimaging methods that aim to directly or indirectly measure changes in neural activity have 

the potential to provide valuable information on the effects of TMS. Relevant techniques include 

EEG, fMRI, fNIRS, and positron emission tomography (PET). These can be utilized in a range of 

paradigms to reveal immediate changes in activity due to individual TMS pulses, to quantify 

longer term changes in connectivity due to trains of TMS, to elucidate possible 

neurophysiological mechanisms of action, and more (Siebner et al., 2009).  

EEG, with its high temporal resolution relative to other noninvasive neuroimaging methods, is 

particularly suited for imaging the fast temporal dynamics of neural activity evoked by TMS. The 

combination of TMS and EEG will be discussed more extensively in Chapters 3 and 4. 

1.4 Brain-computer interfaces and motor imagery 

Brain-computer interfaces (BCIs) are systems that provide alternative methods for 

communication or control not requiring peripheral muscle activation (Collinger et al., 2013; He 

et al., 2013, 2015; Hochberg et al., 2006; Taylor, 2002; Wolpaw et al., 2002; Yuan and He, 2014). 

Such systems hold promise to benefit users in a variety of applications; a particularly potentially 

impactful example is a BCI to provide a communication pathway for individuals in a completely 

locked-in state, in which loss of peripheral motor control is entirely lost, but brain function 

remains intact without a conventional means to interact with the outside world (Chaudhary et 
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al., 2017). In contrast, BCIs can also be used by healthy human individuals for anything from 

performance monitoring to consumer gaming (Blankertz et al., 2010a). Between these 

extremes, a range of other applications of BCIs include improving motor rehabilitation after 

stroke (Ang et al., 2014; Johnson et al., 2017; Ramos-Murguialday et al., 2013; Silvoni and 

Ramos-Murguialday, 2011; Soekadar et al., 2015), detection of varying levels of responsiveness 

in disorders of consciousness (Lule et al., 2013; Noirhomme et al., 2017), and neurofeedback-

based treatment of ADHD (Lim et al., 2012).  

Various BCI modalities exist for extracting information the brain in different ways. Aside from a 

large body of work on invasive approaches using implanted microelectrodes or 

electrocorticography arrays (Ajiboye et al., 2017; Hochberg et al., 2006, 2012; Hotson et al., 

2016; Jarosiewicz et al., 2015; Vansteensel et al., 2016; Wang et al., 2013), EEG is arguably the 

most common noninvasive BCI sensing modality. EEG-based BCIs can make use of a range of 

Figure 1.4: Concept diagram of motor-imagery based BCIs.   Reprinted with permission from (He et 
al., 2015). © 2015, IEEE. 
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paradigms, including the P300 oddball response (Donchin et al., 2000; Farwell and Donchin, 

1988), steady-state visual-evoked potentials (SSVEPs) (Allison et al., 2010; Gao et al., 2003; Lee 

et al., 2010; Middendorf et al., 2000; Ono et al., 2013), slow cortical potentials (Birbaumer et al., 

2000; Bradberry et al., 2011; Kübler et al., 2001; Xu et al., 2014), and event-related oscillatory 

changes during motor imagery (Bradberry et al., 2010; He et al., 2015; LaFleur et al., 2013; 

Pfurtscheller and Neuper, 1997; Wolpaw and McFarland, 2004; Wolpaw et al., 1991; Yuan and 

He, 2014).  

A concept diagram for a typical BCI is shown in Figure 1.4. Generally, components of a BCI 

system include a volitional change in mental state on the part of the user, measurements of 

ongoing proxies of neural activity (e.g. EEG), decoding or classification of the user’s intent based 

on the recorded signals, and mapping of a control signal to communicate or manipulate the 

user’s environment.  

The focus of this work is on BCIs controlled by intentional modulation of sensorimotor rhythms 

(SMRs) recorded noninvasively by EEG electrodes near the motor cortex. SMRs consist of 

intrinsic oscillatory brain activity in the alpha and beta bands in the sensorimotor cortices. SMRs 

can be modulated by motor intent and by mental simulation of motor activity, also known as 

motor imagery (MI), resulting in event-related desynchronization (ERD) and synchronization 

(ERS) of cortical motor regions cortices (Pfurtscheller and Neuper, 1997; Yuan and He, 2014). 

This is discussed in more detail in Chapter 2. 
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2 Probing the neurophysiology of motor-imagery-based brain-
computer interfaces with transcranial magnetic stimulation 

2.1 Introduction 

Brain-computer interfaces hold promise for providing communication and control channels for 

users who have no other means of interacting with the outside world, for improving 

rehabilitation and treatment of neural disorders, and even enabling new human-machine 

interfaces for healthy users (Blankertz et al., 2010a; Chaudhary et al., 2017; Lule et al., 2013; 

Silvoni and Ramos-Murguialday, 2011). One major category of noninvasive BCIs are based on 

detecting changes in sensorimotor rhythms during imagination of movement (Yuan and He, 

2014). These motor imagery based BCIs have been used in a variety of contexts, including 

control of virtual and physical devices (LaFleur et al., 2013; Meng et al., 2016; Wolpaw and 

McFarland, 2004), and in rehabilitation after stroke (Buch et al., 2008; Johnson et al., 2017). 

However, existing BCI approaches are limited by slow bandwidths of information transfer 

compared to other communication technologies, by potentially long training times, and by 

inconsistent performance across users (Ahn and Jun, 2015; Blankertz et al., 2010b; Friedrich et 

al., 2013; Grosse-Wentrup and Schölkopf, 2013; Neuper and Pfurtscheller, 2010).  

While a significant research effort has been put towards improving algorithms for classification 

of neural signals, some recent efforts have begun to examine strategies for improving user 

performance more directly, including designs for more evidence-based training protocols and 

task instructions (Lotte et al., 2013a; Neuper et al., 2005), development of more motivating 

game-like paradigms (Hill et al., 2014; Lécuyer et al., 2008; Leeb et al., 2013; Lotte et al., 2013b), 

and exploration of correlates and predictors of variations in performance (Allison et al., 2010; 
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Blankertz et al., 2010b; Halder et al., 2011; Hammer et al., 2012; Kasahara et al., 2015; Vidaurre 

and Blankertz, 2010).  

Understanding the neurophysiological mechanisms of motor imagery is particularly relevant for 

MI-based BCIs, and for the emerging application of BCIs for motor rehabilitation after stroke. 

Early behavioral work examining MI provided evidence that the time course of mentally 

simulated movements approximated the temporal dynamics of actual movement, suggesting 

common neural frameworks for both real and imagined movement (Decety and Jeannerod, 

1995; Decety et al., 1989; Jeannerod, 1995). A large body of neuroimaging literature has 

explored the role of various motor network components in the brain, including the primary 

motor cortex (M1), dorsal and ventral premotor cortices (PMd, PMv), supplementary motor 

area (SMA), supramarginal gyrus (SMG), posterior parietal cortex, anterior cingulate cortex, and 

the cerebellum (Alkadhi et al., 2005; Gerardin et al., 2000; Guillot et al., 2009; Halder et al., 

2011; Hanakawa, 2011; Hétu et al., 2013; Jeannerod and Frak, 1999; Kasess et al., 2008; Lorey et 

al., 2011; Roth et al., 1996; Sharma and Baron, 2013; Szameitat et al., 2007; Yuan et al., 2010). 

Meta-analyses of fMRI imaging of MI suggest activation is most consistent in specific premotor, 

parietal, and deep brain structures; interestingly however, activation of primary motor cortex 

has not been consistently reported in the fMRI literature (Hétu et al., 2013).  

To augment data provided by neuroimaging alone, transcranial magnetic stimulation can 

provide a method for perturbing specific targeted cortical regions and examining the resulting 

changes in behavior or imaged activity. Interactions between MI and TMS have been examined 

in several contexts, with a particular focus on the influence of motor imagery on motor-evoked 

potentials elicited by suprathreshold TMS targeted at M1 (Abbruzzese et al., 1996; Chong and 

Stinear, 2017; Facchini et al., 2002; Fadiga et al., 1998; Hashimoto and Rothwell, 1999; Vasilyev 
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et al., 2017; Williams et al., 2012). These works have in general reported an increase in cortical 

excitability during motor imagery, specific to the muscle groups relevant to the imagined action. 

Fewer studies have examined subthreshold stimulation of M1 and stimulation of other motor 

regions (Cona et al., 2017; Kraeutner et al., 2015; Pelgrims et al., 2009, 2011). 

In this work, we applied TMS to several cortical targets proposed to be members of MI-related 

networks in healthy human subjects immediately before or during performance of a MI-based 

BCI task. We aimed to explore whether certain regions (e.g. M1 vs. PMd) have preferential roles 

in sustained MI generation, and whether the contributions of these regions to final BCI 

performance vary between low- and high-performing users. 

2.2 Methods 

2.2.1 Common methods 

All experimental protocols were approved by the University of Minnesota Institutional Review 

Board, and subjects gave written informed consent prior to participating in the studies. 

2.2.1.1 MRI 

T1-weighted anatomical MRI data was collected for all subjects, to use for both TMS 

neuronavigation and construction of head models for EEG source imaging (described later). 

Scans were acquired at the Center for Magnetic Resonance Research (CMRR), using a Siemens 3 

T Prisma scanner, with 1 mm isotropic resolution (MP-RAGE, 256 mm FOV, 2530 ms TR, 1100 ms 

TI, 3.65 ms TE, 7° FA) using a 12-channel head coil. 

2.2.1.2 EEG/EMG 

EEG was recorded with a 64-channel TMS-compatible amplifier (BrainAmp MR, Brain Products), 

sampled at 5 kHz with a 0.1-1000 Hz bandpass filter. TMS-compatible passive sintered Ag/AgCl 
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ring electrodes were mounted in a cap (EasyCap) with a standard 10-10 montage, with a reference 

at electrode position FCz and ground at AFz. EMG was recorded using bipolar amplifier channels 

connected to the EEG system (BrainAmp EXG), sampled at the same rate. Pairs of EMG electrodes 

were placed in a belly tendon montage on the first dorsal interosseous (FDI) muscles of the left 

and right hands, with a ground on the right wrist.  

2.2.1.3 TMS 

TMS was applied using an air-cooled 70-mm diameter figure-8 coil with biphasic pulses 

generated by a Magstim Rapid2. A thin foam pad was placed between the coil and the subject’s 

head to minimize the tactile and auditory bone conducted stimuli produced by the vibration of 

the coil during stimulation, and subjects wore earplugs throughout experiments to provide 

hearing protection and attenuate the auditory coil click (Braack et al., 2013). 

Coil orientation relative to the subject’s head was monitored throughout experiments using a 

neuronavigation system (Brainsight, Rogue Research). This system uses a stereo infrared camera 

(Polaris Vicra, NDI) and infrared fiducials attached to the coil and the subject’s head (via safety 

glasses or an elastic strap) to estimate 6 degree-of-freedom (DOF) poses. During each session, 

this pose information was co-registered to an individual subject’s MRI data, based on 

measurements of anatomical fiducials (left and right preauricular points, nasion, and nose tip). 

The neuronavigation system was also used to digitize EEG electrode positions at the end of each 

session. 

Stimulation targets were selected based on a combination of functional and anatomical 

features. The left M1 target was based on the hotspot location derived from MEP 

measurements (described below), generally over the “hand knob” region of the precentral 
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gyrus. The posterior PMd target (PMdp) was selected as a point at the intersection of the 

superior frontal sulcus and the superior precentral sulcus, while the anterior PMd target (PMda) 

was selected as a point on the middle frontal gyrus sulcus approximately 0.5 cm anterior from 

this (Amiez et al., 2006; Hardwick et al., 2013; Lu et al., 2012; Parmigiani et al., 2015; Picard and 

Strick, 2001; Tomassini et al., 2007). The PMda target here is similar to previous TMS studies that 

targeted PMd based on external scalp features (Gerschlager et al., 2001; Mochizuki et al., 2004; 

Münchau et al., 2002; O’Shea et al., 2007; Rizzo et al., 2004; Suppa et al., 2008; Uithol et al., 

2015), except that exact positions in this study were adjusted in individual subjects based on 

cortical anatomy. The SMG target was selected as a point on the anterior region of the 

supramarginal gyrus (Hartwigsen et al., 2012; Rushworth et al., 2001).  

Coil orientations at these targets were primarily selected so that (1) the center of the figure-8 

was located over the target at the closest point between the cortical surface and the scalp (2) 

the face of the coil was tangential to the head, and (3) the coil handle (i.e. the short axis of the 

Figure 2.1: Coil orientations for TMS targets.  Aggregated from actual coil orientations in individual 
subjects after transforming to MNI space, overlaid on an ICBM152 average cortical surface. The coils 
shown here are for visualization of orientation only—they are not to scale. 
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coil) was located perpendicular to the targeted gyrus. This orientation matches the convention 

for stimulating the hand region of M1 with the coil held at a 45° angle relative to the midline, 

which typically results in an induced field perpendicular to the precentral gyrus at that location. 

This is also supported by computational models that generally predict maximal induced fields 

when the short axis of the figure-8 coil is oriented perpendicular to the underlying gyrus 

(Janssen et al., 2015; Thielscher et al., 2011). 

Average cortical targets and coil orientations across all sessions in the sequential rTMS 

experiments are shown in Figure 2.1, overlaid on an ICBM152 average surface (Fonov et al., 

2009, 2011). Additionally, a vertex target in the concurrent TMS-BCI experiments was selected 

as the point circumferentially halfway between the nasion and inion on the scalp and centered 

over the interhemispheric fissure, with the coil handle pointing in the posterior direction. 

RMT and motor hotspot location were assessed during each TMS session. RMT was defined as 

the minimum stimulation intensity necessary to evoke MEPs in the contralateral FDI muscle with 

peak-to-peak amplitudes exceeding 50 μV in at least five out of ten pulses applied at least 1 s 

apart; motor hotspot location was defined as the coil orientation resulting in maximal MEP 

amplitudes for a fixed stimulation intensity near RMT. This was estimated by beginning with the 

coil centered over the putative hand-knob region of the subject’s primary motor cortex and 

oriented at 45° relative to the midline, and then adjusting stimulation intensity and coil 

orientation based on ongoing MEPs elicited by intermittent single pulses. 

2.2.1.4 BCI paradigms 

During the experiment sessions, subjects viewed task cues on a computer screen located 

approximately 0.5 m away in the center of their field of view. Task cues were presented for 1 s, 
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followed by a go cue and the task period, followed by an inter-trial interval. Subjects were 

instructed to perform either movement execution (“move”, ME) or motor imagery (“imagine”, 

MI) of rapidly opening and closing their left or right hands. During all ME trials and a subset of 

MI trials, no feedback was presented. During a majority of MI trials, as described below, 

feedback was presented (i.e. these were “BCI” trials).  

For the BCI paradigm studied here, subjects controlled a bar that moved to the left or right 

depending on online decoding of their intent. BCI2000 was used for online signal processing and 

classification (Schalk et al., 2004), combined with a custom user-facing application built in 

Python with BCPy2000 to handle experiment timing, stimulus cues, and feedback. Online 

feedback was based on spectral power in the 10-14 Hz band estimated by an autoregressive 

model over a rolling window of 320 ms of EEG data, specifically focusing on electrodes C3 and 

C4 located over the left and right sensorimotor cortices, respectively. After additional dynamic 

normalization and smoothing, the position of the end of the filled bar was proportional to the 

difference in band power between these channels. 

Screen captures of the task cues and BCI feedback are shown in Figure 2.2.  

2.2.2 Sequential rTMS-BCI experiments 

In study 1, BCI performance was assessed before and after blocks of real or sham rTMS. The 

order of study procedures for a typical sequential rTMS-BCI session is shown in Figure 2.3. 

Sessions began with EEG capping and determination of RMT and motor hotspot location.  

Each of the three task blocks was divided into three runs; each run began with a 10 s rest period, 

followed by 36 trials, including 16 BCI trials (i.e. imagine with feedback), 8 MI trials (imagine 

without feedback), and 8 ME trials, each equally split into left and right trials, and 4 rest trials. 
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This task frequency was designed to provide more data for the primary task of interest (BCI 

trials) while still providing data for comparison to other task variants. The inclusion of ME trials 

also facilitated monitoring of subject task compliance. Task trials were randomly shuffled within 

each run. Inter-trial intervals had a uniformly jittered duration of 2-3 s, followed by a 1 s task 

cue, a go cue, and a 4 s task period.  Including short pauses between runs, each block lasted 

approximately 15 min.  

The rTMS blocks consisted of 15 min of 1 Hz pulses (i.e. 900 pulses), applied at 90% of the 

individual subject’s RMT. Blocks were split into two 7.5 min segments, with a short (≈30 s) pause 

in between to check in with the subject and adjust coil position to compensate for any head 

movement. Real and sham rTMS were applied in separate blocks, with the order of these blocks 

shuffled across sessions / subjects. A dedicated sham coil was used to provide a control rTMS 

condition. This sham coil generates a magnetic field with drastically reduced magnitude and 

focality, while still mimicking the auditory clicking and other sensations of real stimulation. Each 

session focused on a single rTMS target selected from the left M1, left PMda, left PMdp, and left 

Figure 2.2: Task paradigm cues seen by subjects during sequential rTMS-BCI experiments. 
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SMG targets shown in Figure 2.1. Subjects returning for multiple rTMS sessions received rTMS to 

a different target in each session, with the order of these sessions shuffled across subjects. 

Within each subject, each session was at least seven days apart. 

Cortical excitability was assessed before and after each stimulation and task block by applying 

single intermittent pulses to the subject’s motor hotspot (left M1) at 120% RMT and measuring 

peak-to-peak amplitudes of the resulting MEPs evoked in the contralateral FDI. Within each 

excitability measurement block, 30 pulses were applied with 2-4 s uniformly jittered inter-pulse 

intervals.  

20 subjects participated in the sequential rTMS-BCI study, with an average of 2.8 rTMS sessions 

per subject (i.e. 56 total sessions). Ideally, all subjects would have participated in four rTMS 

sessions to stimulate each target in each subject; however, some subjects did not complete all 

sessions due to changes in availability or other eligibility (e.g. start of a medication matching 

Figure 2.3: Sequence of procedures within an example sequential rTMS-BCI experiment session. 
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TMS exclusion criteria). All subjects had previous experience with MI-based BCIs from previous 

studies in the laboratory; this served to minimize the contributions of early learning to variance 

in BCI performance. 

2.2.3 Concurrent TMS-BCI experiments 

In study 2, single TMS pulses were applied during individual BCI trials to examine more transient 

interactions between task performance and stimulation. Sessions began with EEG capping and 

determination of RMT and motor hotspot location. 

During the main part of the experiment, six stimulation variants were applied: stimulation to left 

M1, left PMdp, and vertex, each at 90% and 120% of the individual subject’s RMT. These 

stimulation parameters were applied in non-BCI rest blocks, and during BCI blocks with a mix of 

task trials. In the non-BCI rest blocks, TMS was applied in subblocks of 50 pulses, uniformly 

jittered 2-4 s apart, while the subject rested with eyes open. At the start of the session was a 

longer non-BCI rest block containing 6 subblocks in each of which one of the six stimulation 

variants was applied.  

Each BCI block was split into three runs, each employing a different stimulation variant. Each run 

consisted of 80 total trials, including 48 BCI trials, 24 rest trials, and 8 ME trials; the BCI and ME 

trials were equally split into left and right trials. Each trial consisted of a uniformly jittered 1-2 s 

inter-trial interval, a 1 s task cue period, a go cue, and a 2 s task period. During two-thirds of the 

BCI and rest trials, a single TMS pulse was applied 0.5 s after the go cue. This delay was selected 

based on previous data (not shown) indicating a peak in alpha ERD/ERS about 0.5 s after the go 

cue. Compared to the BCI paradigm used in study 1, these trials were shorter, allowing more 
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data to be collected in the single-trial effects of TMS, at the cost of reduced isolation of 

oscillatory dynamics between consecutive trials.  

The custom BCI interface implemented with BCPy2000 was used for synchronizing the triggering 

of TMS pulses at specific times relative to task onset. Additionally, the online classification 

normalizer was set up to disregard data in a timespan of [-100, 500] ms around the TMS pulse, 

so that the large TMS-induced EEG artifact did not affect online feedback for more than one 

window length after each pulse. 

Subthreshold stimulation was applied in two of the three BCI blocks per session, while 

suprathreshold stimulation was applied in the third. It was predicted that the effects of 

subthreshold stimulation (if any) would be weaker, and would therefore justify collecting 

additional data to improve our ability to detect an effect if present.  

Each BCI block was followed by a shorter rest block, in which two more subblocks of 50 pulses at 

rest were applied. These additional non-BCI rest blocks provided the subject a break from the 

more cognitively demanding BCI tasks while also providing additional data on TMS-evoked 

responses at rest.  

Figure 2.4: Sequence of procedures within an example concurrent TMS-BCI experiment session. 
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The various task trials with and without TMS were randomly shuffled within each run, the order 

of stimulation conditions was shuffled within each block, and the order of the blocks was 

shuffled across sessions. Other than differences in these shuffling orders, procedures in all 

concurrent TMS-BCI experiment sessions were the same for all subjects. An example sequence 

of procedures for one session is shown in Figure 2.4. 

Eight subjects participated in the concurrent TMS-BCI study, with five of these returning for a 

second session; the other subjects could not return due to scheduling constraints. The second 

sessions for these subjects were procedurally identical to the first sessions other than different 

shuffled orders of blocks and trials; the repeat sessions provided data on reproducibility of 

effects across multiple days within a given subject.  

2.2.4 Analyses 

Oscillatory dynamics during the task conditions were assessed as follows. Average power within 

the alpha band (defined here as 8-12 Hz) was estimated for each trial, during baseline and task 

periods, for each EEG channel. For estimating BCI performance, task powers for electrodes C3 

and C4 were extracted, and a support vector machine (SVM) based classifier was trained on the 

data pooled within each session, with accuracies obtained from 10-fold cross-validation.  

2.3 Results 

2.3.1 Sequential rTMS-BCI experiments 

An example of data from a single session for a single subject is shown in Figure 2.5. In this 

subject, alpha power topographies contrasting BCI left vs. right conditions show clear bilateral 

countermodulation over the sensorimotor cortices, with the signs of power changes matching 

those predicted by previous work describing motor-intention-related ERD/ERS: imaging 
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movement of the right hand producing a desynchronization in the contralateral controlling 

hemisphere (left) and synchronization in the ipsilateral hemisphere (right). Specifically 

examining electrodes C3 and C4, the boxplots in Figure 2.5B show this left/right 

countermodulation as well, with some variation across stimulation conditions. Figure 2.5C 

illustrates the discriminant boundary of the trained SVM classifier with good separation 

between task classes apparent for this relatively high-performing subject. Finally, it is clear from 

Figure 2.5D that in this subject, the BCI trials produced more discriminable signals than the ME 

and MI without feedback trials, although the confidence intervals for these tasks is much larger 

due to the reduced number of trials. 

Figure 2.5: Electrophysiology and BCI performance results in a single example rTMS session.  In this 
session, the subject received rTMS to left M1. (A) shows topographies of alpha power contrast between 
the left and right BCI task conditions. (B) shows box and scatter plots of average alpha power at 
electrodes C3 and C4 for individual trials across tasks and stimulation conditions. In each boxplot, the 
center line indicates the median value, the notches indicate an approximate 95% confidence interval 
for the median, “+” indicates an outlier, and the “x” indicates the arithmetic mean. Out(C) shows the 
results of training an SVM classifier on the pooled data, with the blue and red backgrounds indicating 
discriminant regions for the BCI left and right tasks, respectively. (D) shows overall offline classification 
accuracy for the 3 pairs of task conditions (move, imagine, and BCI) across stimulation conditions; here, 
error bars represent 95% binomial confidence intervals. 
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Group-level electrophysiology results are shown in Figure 2.6. From the grand average left vs. 

right alpha power topography difference shown in Figure 2.6A, a clear bilateral 

countermodulation is apparent, peaking at electrodes C3 and C4. However, as evidenced by the 

overlapping notches of the boxplots in Figure 2.6C, there were no clearly significant group-level 

effects on C3 and C4 task-related alpha power by real over sham rTMS for any of the stimulation 

conditions.  

Group-level BCI performance results are shown in Figure 2.7. There were no statistically 

significant universal effects of stimulation condition on BCI performance across the pooled 

subjects. However, there was indication of a performance-dependent effect, as indicated in the 

Figure 2.6: Group electrophysiology results across rTMS conditions.  (A) shows the grand average 
alpha power contrast across all subjects and stimulation conditions. (B) shows the differences in this 
task contrast between real and sham stimulation to each of the four cortical targets. (C) shows 
normalized aggregated C3 and C4 alpha powers during the BCI left and BCI right tasks measured after 
sham vs. after real stimulation. 
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scatter plots in Figure 2.7A. Specifically, for rTMS to left M1, the plot of each subjects’ individual 

performance after sham vs. after real rTMS suggests a possible sigmoidal relationship, with high-

performing subjects improving after real stimulation, and low-performing subjects degrading in 

performance. After splitting subjects into high-performing and low-performing groups based on 

their average performance, this trend is more apparent, as shown in Figure 2.7B and Figure 

2.7C. In particular, for rTMS to left M1, there was a marginally significant difference in 

performance changes between low- and high-performing subjects (two-sample t-test, p=0.089 

uncorrected), but not for within-group differences between the after sham and after rTMS 

conditions (one-sample t-test, p=0.051 and p=0.057 uncorrected for low- and high-performing 

groups, respectively). Likewise for rTMS to SMG there was a marginally significant increase in 

performance for real over sham rTMS for the high-performing group (one-sample t-test, 

p=0.045 uncorrected), but not for the low-performing group or between groups (p>0.1). No 

significant differences were observed for rTMS to PMda and PMdp. It should be noted that these 

trends do not survive correction for multiple comparisons and should not therefore be 

interpreted as conclusive. 

2.3.1.1 M1 excitability 

Group excitability results are shown in Figure 2.8. MEP amplitudes were log transformed to 

units of dBmV to reduce skew of distributions (Goetz et al., 2014, 2016; Nielsen, 1996). The 

median aggregated peak-to-peak MEP amplitude in response to pulses at 120% RMT was 0.105 

dBmV (1.01 mV), which matches previous work characterizing stimulation response curves for 

TMS to M1 (Rossini et al., 2015). To reduce the contribution of inter-subject variations in MEP 

amplitudes, values were normalized by the MEP amplitude during the “start” condition. As 
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indicated by the box plots in the bottom row of Figure 2.8, there were no significant differences 

between consecutive excitability measurements across stimulation conditions. 

  

Figure 2.7: BCI performance changes before and after real and sham rTMS. (A) shows scatterplots of 
accuracy after sham rTMS vs. after real rTMS, where if there were no measurement variability and no 
change due to TMS, all points would be expected to lie along the diagonal, indicated by the gray line. 
The X scatter marker indicates the mean accuracy values within the stimulation condition. (B) shows 
absolute accuracies as a function of stimulation condition, and illustrates the dividing of subjects into 
low-performing and high-performing subgroups based on mean performance. (C) shows the per-
session difference in performance between BCI conditions. 
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2.3.2 Concurrent TMS-BCI experiments 

Figure 2.9 shows the aggregated BCI performances of subjects receiving intermittent single 

pulses of TMS during a subset of task trials. No statistically significant differences were observed 

in TMS vs. no TMS conditions within a run. However, a possible effect is apparent in the 

suprathreshold M1 stimulation condition, in which BCI classification accuracy decreased in trials 

with stimulation.  

The task-related alpha power for the same BCI blocks is shown in Figure 2.10. Just comparing 

BCI left to BCI right within conditions, the C3 ERS/ERD left/right contrast used for online BCI 

Figure 2.8: Cortical excitability measurements before and after rTMS.   Note that all rTMS sessions 
applied suprathreshold stimulation to left M1 for the excitability measurements, regardless of rTMS 
target. The top row shows un-normalized values, while the bottom row shows values normalized within 
each session to the median MEP amplitude in the first measurement block (“Start”). Individual points 
represent medians within single conditions within sessions (each aggregated from 30 pulses). 
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control is apparent. There were no statistically significant differences between TMS and no TMS 

conditions. However, the possible effect observed for left suprathreshold M1 stimulation on BCI 

performance was also visible here, with C3 power in BCI left trials dropping to similar levels as in 

BCI right trials (i.e. degrading the task-dependent contrast used for BCI control) only in BCI left 

trials in which stimulation was applied.  

  

Figure 2.9: BCI performance during concurrent single TMS pulses.  Performance in trials without TMS 
(“NoTMS”) are compared to those with TMS, across stimulation targets and stimulation intensities. 
Normalized accuracy values here were normalized by the mean accuracy during the NoTMS trials 
within each session. 
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Figure 2.10: Task-related alpha bandpower values during concurrent TMS-BCI blocks.  Alpha 
bandpower at electrode C3 in trials without TMS (“NoTMS”) is compared to those with TMS, across 
tasks and stimulation conditions. Alpha power was calculated during a window 1-2 s after the start of 
each trial, corresponding to approximately 500 ms after the TMS pulse in trials with stimulation. 
Normalized values here were obtained by subtracting the mean alpha power during the NoTMS trials 
within each session. 
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2.4 Discussion 

As demonstrated by the aggregated electrophysiology and BCI performance results shown in 

Figure 2.5 and Figure 2.6, subjects could successfully control the 1-dimensional left/right BCI 

system, with a range of performance levels. The average topography of alpha 

desynchronization/synchronization shown in Figure 2.6A matches expectations of contralateral 

opposite effects centered near electrodes C3 and C4. 

The 1 Hz rTMS pulse trains applied here produced much weaker effects than originally 

hypothesized, with expected changes in cortical excitability not observed (see Figure 2.8). Early 

work in the TMS field suggested a robust inhibitory effect of 1 Hz rTMS on cortical excitability 

(Gerschlager et al., 2001; Touge et al., 2001). However, there is considerable variability in 

responses to stimulation (Gangitano et al., 2002; Goetz et al., 2016; Hinder et al., 2014; 

Lefaucheur et al., 2014; Maeda et al., 2000; Münchau et al., 2002; Sommer et al., 2002; Suppa et 

al., 2008), with some differences in stimulation responses possibly attributable to use of 

different stimulation parameters, including biphasic vs monophasic waveforms and details of 

coil orientation for targeting. Additionally, the MEP measurements used to characterize 

excitability have considerable sources of variation themselves, including spinal and peripheral 

contributions (Burke and Pierrot-Deseilligny, 2010; Cuypers et al., 2014; Goetz et al., 2014; Jung 

et al., 2010; Ngomo et al., 2012; Sollmann et al., 2013). Variability in responses to TMS is 

explored in greater detail in Chapters 3 and 4. 

The lack of effects of our rTMS intervention on cortical excitability estimated from MEP 

measurements does not rule out the presence of other effects on cortical dynamics.  Indeed, a 

possible performance-dependent effect of rTMS to M1 on BCI performance was observed (see 



33 
 

Figure 2.7). This performance-dependent trend suggested a decrease in performance after real 

rTMS for previously low-performing subjects, and an increase in performance for high-

performing subjects. This has implications with regards to the mixed reports of M1 activation 

not being consistently observed during MI in the fMRI literature (Hétu et al., 2013). One possible 

interpretation of this result is that low-performing subjects rely more completely on M1 for 

performing MI, and when it is perturbed their relatively low performance is degraded further; in 

contrast, high performing subjects may rely on other (presumably premotor / supplementary 

motor / parietal regions) and can actually improve performance when M1 is perturbed by 

compensating with these other areas. However, this is conjecture based on limited data; further 

experiments are needed to determine whether this trend holds with additional subjects and to 

explore more detailed mechanisms of any effect. If the trend does hold, it could have significant 

implications for designing BCI paradigms, including instructions and training given to users to 

optimize for imagery strategies that, for example make more use of premotor regions and less 

on primary motor cortex; this would be analogous to existing established practice of 

recommending subjects perform kinesthetic instead of visual motor imagery for improved 

discriminability of MI states (Neuper et al., 2005).  

The investigation of single pulses applied during individual BCI trials suggested that the 

strongest effect (if any) was of suprathreshold stimulation to M1 causing a degradation in single-

trial BCI performance (Figure 2.9) and a corresponding drop in C3 alpha power specifically in BCI 

left trials following stimulation Figure 2.10. However, given that the suprathreshold stimulation 

of the targeted region of M1 induces MEPs in the contralateral hand, it is possible that this 

effect on performance could be attributed to indirect effects—either an effect of somatosensory 

feedback on the volitional control of sensorimotor rhythms in the area, or a higher-level effect 



34 
 

on attention by distraction of the subject from the MI task. A more moderate decrease in 

synchronous alpha band power was also observed during the rest trials, suggesting that in both 

BCI left and rest trials the application of TMS resulted in desynchronization of alpha power, 

bringing the oscillatory power closer to that seen during the already desynchronized state 

during right MI.  

In general, the results of these studies should be considered exploratory, as the experiments 

were not designed to be sufficiently powered to provide definitive statistical conclusions on 

effect sizes or to test highly specific a priori defined hypotheses. Further work will be needed to 

follow up on the trends observed here in more narrowly focused experiments with additional 

subjects.  
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3 Neuroimaging of responses to transcranial magnetic stimulation: 
accounting for inter-subject variation 

3.1 Introduction 

Transcranial magnetic stimulation is used clinically for the treatment of depression (O’Reardon 

et al., 2007), and is being actively explored for treatment of various other neurological and 

psychiatric disorders (for review, see (Lefaucheur et al., 2014)). However, significant inter-

individual variability in responses to stimulation is a major issue in the field, resulting in reduced 

treatment efficacy and issues with developing new treatments for other disorders (Hinder et al., 

2014; Lefaucheur et al., 2014; Lepping et al., 2014; López-Alonso et al., 2014; Maeda et al., 

2000; Müller-Dahlhaus et al., 2008; Nettekoven et al., 2015; Nicolo et al., 2015; Schilberg et al., 

2017; Sommer et al., 2002; Vallence et al., 2015; Vernet et al., 2014).  

Given the huge ranges of variation in anatomy, disease etiology, and treatment responses, it 

seems critical to incorporate as much information as is feasible to tailor stimulation 

interventions for the individual. Neuroimaging-informed stimulation offers a promising set of 

approaches for addressing these issues, providing information on where, when, and how to 

stimulate in an individualized manner. Recent efforts have demonstrated promise for fMRI-

informed stimulation, in which functional and anatomic data collected prior to an intervention is 

used to choose subject-specific targets (Cocchi and Zalesky, 2018; Dubin et al., 2017; Esterman 

et al., 2017; Luber et al., 2017; Opitz et al., 2016; Weigand et al., 2017). EEG represents a 

promising imaging modality for online neuroimaging-informed stimulation, due to its 

noninvasiveness, high temporal resolution, and relatively economical hardware requirements.  
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The majority of the TMS literature has focused on stimulation of the motor cortex, largely due to 

the presence of an easily measurable “readout” of stimulation effect—the motor evoked 

potential (MEP)—that is elicited by suprathreshold stimulation of M1. This has been crucial for 

calibrating stimulation intensity to individuals and informing optimal coil orientation; however, 

such a simple, immediate proxy of stimulation effect is not available when applying TMS almost 

anywhere else in the brain (with the partial exception of phosphenes evoked by suprathreshold 

stimulation of visual cortex). As more clinical and neuroscientific applications seek to apply TMS 

to other brain areas, new methods for quantifying immediate stimulation effect are needed. 

TMS-EEG offers a variety of possible solutions to these issues. For example, amplitudes of 

specific latency evoked components (discussed below) may be measured to infer stimulation 

effect or other diagnostic information (Du et al., 2017; Saari et al., 2017). Additionally, EEG can 

provide information on longer-term effects of TMS interventions, such as over the course of 

several minutes of pulses, or an entire intervention session (Casarotto et al., 2010; Chung et al., 

2015; Komssi and Kähkönen, 2006; Werf and Paus, 2006). Finally, as discussed in greater detail 

in Chapter 4, EEG can provide information on the pre-stimulation state of the brain that can 

potentially be used to tailor stimulation parameters in real time (Zrenner et al., 2016, 2018).  

3.1.1 Typical TEP components 

Across various TMS-EEG studies with a variety of stimulation paradigms, a common set of 

typically observed TMS-evoked potentials (TEPs) have been documented. While these 

components are not the same for every individual, and some vary significantly depending on the 

stimulation target and other parameters, they provide a useful framework for describing 

responses to stimulation. These components are named based on their typical latencies and 
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signs at a particular electrode (e.g. the N100 typically involving a negative deflection at around 

100 ms post stimulation at electrode Cz).  

Some of the shortest latency components that have been reported are the P5 and N8 (Veniero 

et al., 2010, 2013). These were originally attributed to at least partially constitute a direct 

response to stimulation in the primary motor cortex. However, significant muscle artifacts can 

dominate at these low latencies, and it is therefore difficult to reliably demonstrate that these 

observed low latency signals are not peripheral in origin (Chung et al., 2015; Mutanen et al., 

2013; Rogasch et al., 2013).  

A more robustly observed component is the P30, sometimes grouped with the N15 as the N15-

P30 complex (Chung et al., 2015; Paus et al., 2001). Some evidence has demonstrated a positive 

correlation between P30 and evoked MEP amplitude (Mäki and Ilmoniemi, 2010); combined 

with evidence from paired pulse experiments (Ferreri et al., 2011; Rogasch et al., 2013), it has 

been suggested that the P30 represents excitatory activity at the site of stimulation. Conversely, 

other studies have documented a more central distribution of the P30 with spreading to the 

contralateral hemisphere (Bonato et al., 2006; Vernet et al., 2013).  

The N45 component has been consistently localized near the targeted stimulation region during 

M1 stimulation (Bonato et al., 2006; Komssi and Kähkönen, 2006; Komssi et al., 2004; Paus et 

al., 2001). It is possible that the N45 could partially represent somatosensory feedback from 

sensation during evoked movement, based on the conduction delays between M1/S1 and 

peripheral muscles. However, the N45 has been clearly shown to be evoked by both 

subthreshold and suprathreshold stimulation, thus providing evidence for at least a partial 

central contribution to the component (Komssi and Kähkönen, 2006; Paus et al., 2001). More 
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recently, pharmacological studies have indicated that the N45 component is mediated by 

activation of GABA-A receptors (Premoli et al., 2014a) 

The P55 or P60 component has been attributed to inhibitory processes in the primary motor 

cortex (Van Doren et al., 2015), but it along with the P30 may also partially represent an 

auditory-evoked component (Komssi and Kähkönen, 2006) 

The N100 is perhaps the most robustly observed component, and has largely been attributed to 

inhibitory processes (Bender et al., 2005; Bonnard et al., 2009; Chung et al., 2015; Kičić et al., 

2008; Nikulin et al., 2003). It has been associated with attention-related processes (Bruckmann 

et al., 2012; Kaarre et al., 2018; Van Doren et al., 2015). There is evidence that the N100 is 

mediated by GABA-B receptor activity (Premoli et al., 2014b, 2014a). However, there is also 

evidence that some contributions to the N100 are artifactual in origin (Braack et al., 2013; 

Conde et al., 2017; Komssi and Kähkönen, 2006; Tiitinen et al., 1999).  

Many of these components have been extensively studied only with stimulation to the primary 

motor cortex. Some components, especially the N100, seem to be robustly activated by 

stimulation of other regions as well (Bender et al., 2005; Casula et al., 2014; Chung et al., 2015; 

Du et al., 2017; Johnson et al., 2012; Kaarre et al., 2018; Rogasch et al., 2015). 

The most robustly observed later components are the P180 and N280, often grouped as the 

P180-N280 complex. These have largely been attributed to be auditory-evoked potentials, with 

significant attenuation of the P180-N280 complex with auditory masking and other 

methodological alterations to control for bone-conducted sound (Braack et al., 2013; Casali et 

al., 2010; Casarotto et al., 2010; Komssi and Kähkönen, 2006). However, various controls still do 
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not completely abolish the P180-N280 complex, suggesting persistent auditory/somatosensory 

evoked components or a true more direct central effect of stimulation (Braack et al., 2013). 

3.1.2 Variability 

While TEPs elicited are fairly consistent between individual pulses and between days for a given 

subject and stimulation parameters (Casarotto et al., 2010; Kerwin et al., 2017; Lioumis et al., 

2009), there is a large amount of variability between individuals. Although components are 

named according to characteristic latencies, their exact latencies can vary between individuals, 

and differences in cortical anatomy can cause variations in which scalp electrodes measure 

maximal deflections for a given component, even for functionally identical active regions. 

Typical approaches for TEP analysis often involve extracting amplitudes at a global fixed latency 

for a given component (e.g. 100 ms across all individuals), or extracting a peak amplitude 

detected within a time span around the typical latency (e.g. the maximum value between 85 and 

115 ms) (Du et al., 2017; Kerwin et al., 2017; Opie et al., 2017; Petrichella et al., 2017; Saari et 

al., 2017). While a simple single-channel peak detection approach can work well for identifying 

latencies of robust isolated components, it tends to have issues handling earlier latency 

components that vary more widely in spatial topography and that overlap temporally with other 

nearby components. To address these issues with variable temporal and spatial profiles of 

evoked components, a novel approach of Gaussian component fitting was implemented here. 

This approach takes as input a set of typical ERP components with limits for parameters (e.g. 

earliest and latest allowable latency for an N100), and fits Gaussian basis functions with 

latencies and widths automatically tuned to individual subjects and average or per-epoch 

amplitudes across channels, as described in detail below. 
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3.2 Methods 

EEG was recorded throughout the TMS blocks in the sequential rTMS-BCI and concurrent TMS-

BCI experiments described in the previous chapter.  This chapter focuses on this data recorded 

during TMS, instead of the BCI-specific electrophysiology results previously reported. 

Specifically, these experiments provided EEG data recorded during (1) intermittent single pulses 

to left M1 at 120% RMT at rest across 56 sessions (20 subjects), (2) repetitive trains of 1 Hz 

simulation to four cortical targets at 90% RMT at rest, (3) intermittent single pulses to three 

cortical targets at both 90% and 120% RMT at rest and during specific motor imagery tasks. See 

the previous chapter for shared methodological details. 

3.2.1 TEP signal processing pipeline 

TMS induces large electrical artifacts in concurrently recorded EEG. To reduce these TMS-

specific artifacts and other endogenous non-neural signals (eye blink, other muscle activity), an 

extensive signal processing pipeline was employed, as illustrated in the early stages of Figure 

3.1. Within each block of recorded data, line noise was filtered using Slepian tapers and 

subtraction of an iteratively estimated sinusoidal noise component in sliding windows, adapted 

from the PREP pipeline (Bigdely-Shamlo et al., 2015). As part of this process, the data was 

temporarily high-pass filtered for more effective line noise estimation, a time course of the 

subtracted line noise was obtained, and then subtracted from the un-filtered original data. This 

process minimizes the effect of any filtering on the sharp transient signals at TMS pulse onset 

times. 
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Consistently noisy channels were rejected (typically fewer than 2 out of 64 channels) and 

replaced with spherically interpolated values. Data was then rereferenced to the global average 

and epoched relative to the TMS pulse onset.  

For the particular TMS stimulator used in these experiments (the Magstim Rapid2), there is a 

robust transient artifact ≈5 ms in duration at several tens of milliseconds after each pulse, with 

the post-pulse delay being a function of stimulation intensity; this has been attributed to 

recharge circuitry in the stimulator (Veniero et al., 2009). The precise latency of this recharge 

artifact was dynamically estimated from the average TEP within each block of data, and a 5 ms 

period centered at this latency was removed and replaced with spline interpolation from 

adjacent samples in individual channel time courses. Data were then downsampled from 5 kHz 

Figure 3.1: Block diagram of TMS-EEG signal processing pipeline. 
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to 1 kHz, and mean baseline values during a time period of [-500,-100] ms relative to pulse onset 

were subtracted from each epoch. 

Removal/attenuation of the main TMS artifacts was accomplished primarily by a two-stage ICA-

based artifact reduction pipeline, similar to that described in Rogasch et al. (2014, 2016). Prior 

to the first ICA stage, the primary TMS artifact was removed by zeroing the data between [-2,20] 

ms relative to TMS pulse onset. ICA (fastica) was then run to decompose the data, and primary 

decay artifact components were detected and removed. In the following stage, noisy epochs 

were identified and rejected; reasons for entire epoch rejection were primarily large muscle 

artifact (e.g. jaw clench) or coil movement causing large electrode fluctuations. The previously 

zeroed primary artifact timespan ([-2,20] ms) was then spline interpolated to reduce filter 

ringing artifacts and the data were zero-phase bandpass filtered with a 4th order Butterworth 

filter with cutoffs at 1 and 100 Hz. A second stage of ICA decomposition and component 

rejection was then run; this stage was used to reject any residual TMS-related decay and muscle 

artifacts, endogenous non-neural signals including eye blinks and other eye movement, 

temporal muscle activity, and components of noisy channels identified by poor correlations with 

neighboring channels (Rogasch et al., 2014, 2016). Finally, data were again baseline corrected 

based on a time period of [-500,-100 ms] relative to each pulse. 

3.2.2 Gaussian component fitting 

To account for the significant inter-individual variability in temporal and spatial profiles of TEP 

components, a novel Gaussian component fitting approach was implemented.  

Given an array of multichannel, multi-epoch TEP data {𝑫𝑫1,𝑫𝑫2, … ,𝑫𝑫𝑁𝑁𝑒𝑒} with the data for epoch 

𝑒𝑒 ∈ 1. .𝑁𝑁𝑒𝑒  represented as 𝑫𝑫𝑒𝑒 ∈ ℝ𝑁𝑁𝑐𝑐ℎ×𝑁𝑁𝑡𝑡, we can work with the average across epochs as 
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𝑫𝑫 =
1
𝑁𝑁𝑒𝑒

�𝑫𝑫𝑒𝑒

𝑁𝑁𝑒𝑒

𝑒𝑒=1

  (3) 

We can then write the average TEP for a given channel 𝑐𝑐 ∈ 1. .𝑁𝑁𝑐𝑐ℎ as  𝒅𝒅𝑐𝑐 ∈ ℝ𝑁𝑁𝑡𝑡. 

Assuming we want to fit components with a Gaussian profile, a unit amplitude basis template 

can be expressed as 

𝒃𝒃ℓ,𝑤𝑤 = 𝑒𝑒− �𝒕𝒕−ℓ𝑤𝑤/3�
2

  (4) 

Where ℓ and 𝑤𝑤 are latency and width parameters, respectively. 

We can then fit an amplitude for this single template component based on a single-channel 

vector of data as 

𝑎𝑎 = 𝒅𝒅𝑐𝑐 ⋅
𝒃𝒃ℓ,𝑤𝑤

�𝒃𝒃ℓ,𝑤𝑤�2
2   (5) 

Alternatively, we construct a basis set of 𝑵𝑵𝒄𝒄𝒄𝒄 components as 

𝑩𝑩𝓵𝓵,𝒘𝒘 = �𝒃𝒃ℓ1,𝑤𝑤1 ,𝒃𝒃ℓ2,𝑤𝑤2 , … �𝑇𝑇 ∈ ℝ𝑁𝑁𝑐𝑐𝑐𝑐×𝑁𝑁𝑡𝑡  (6) 

And the amplitudes 𝒂𝒂 for this basis set can be fit from data with 

𝒂𝒂𝑐𝑐 = 𝑩𝑩𝓵𝓵,𝒘𝒘
† 𝑇𝑇

𝒅𝒅𝑐𝑐 (7) 

Where † is the pseudoinverse. We can then reconstruct an approximation of the original data as 

𝒅𝒅�𝑐𝑐 = 𝑩𝑩𝓵𝓵,𝒘𝒘
𝑇𝑇 𝒂𝒂𝑐𝑐 ≈ 𝒅𝒅𝑐𝑐 (8) 

And calculate the residual as 𝒓𝒓𝑐𝑐 = 𝒅𝒅𝑐𝑐 −  𝒅𝒅�𝑐𝑐. 
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After fitting to each channel using a shared basis set 𝑩𝑩𝓵𝓵,𝒘𝒘 with independent per-channel 

amplitudes 𝒂𝒂𝑐𝑐 for 𝑐𝑐 ∈ 1. .𝑁𝑁𝑐𝑐ℎ, we can write the total fitted amplitudes as 

𝑨𝑨 = [𝒂𝒂1,𝒂𝒂2, … ]𝑇𝑇 ∈ ℝ𝑁𝑁𝑐𝑐ℎ×𝑁𝑁𝑐𝑐𝑐𝑐  (9) 

Such that the multichannel fitted data is 𝑫𝑫� = 𝑨𝑨𝑩𝑩𝓵𝓵,𝒘𝒘 ≈ 𝑫𝑫 and the multichannel residual is  

𝑹𝑹 =  𝑫𝑫 −𝑫𝑫� .  

The challenge here is how to choose 𝓵𝓵 and 𝒘𝒘 to construct the basis set 𝑩𝑩𝓵𝓵,𝒘𝒘. One option is to 

optimize the basis set for a single channel of interest (e.g. Cz), fix the latencies and widths 

accordingly, and then fit gains across all channels. This assumes that the single chosen channel is 

representative of all relevant activity measured on the scalp.  Such a fitting procedure is 

relatively straightforward for a small number of components and can be accomplished with 

something like MATLAB’s built-in nonlinear least squares fitting methods.  

However, it is more useful to not constrain the fitting of width and latency parameters to a 

single channel. Instead, we can use a more generic optimization approach to minimize the 

residual, in the form 

argmin
𝓵𝓵,𝒘𝒘

‖𝑹𝑹‖𝐹𝐹 (10) 

(where ‖⋅‖𝐹𝐹 is the Frobenius norm), subject to constraints on 𝓵𝓵 and 𝒘𝒘 based on the number of 

expected components and “reasonable” latency and width spans.  

The cost function in Equation (10) is not generally well-behaved, with various local minima. 

Therefore, it is preferable to use an optimization approach that can handle exploration of the 

parameter space without getting trapped excessively in local minima. Here, we used an 
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implementation of particle swarm optimization in MATLAB (Chen, 2018; Kennedy et al., 2001; 

Mikki and Kishk, 2008; Perez and Behdinan, 2007).  

Some modifications can be made to the cost function in Equation (10) to improve fitting 

behavior. To minimize the occurrence of rank-deficient overlapping component bases, an extra 

term can be added to the cost function to penalize excessively large fitted components that 

cancel out when being summed into the total fit: 

 argmin
𝓵𝓵,𝒘𝒘

�‖𝑹𝑹‖𝐹𝐹 +  𝛼𝛼�|𝑨𝑨|𝑩𝑩𝓵𝓵,𝒘𝒘�𝐹𝐹� (11) 

Where 𝛼𝛼 is a relative cost weight and |𝑨𝑨| is the element-wise absolute value of the amplitude 

matrix 𝑨𝑨. 

In typical TEPs, the lower latency components (e.g. < 120 ms) are usually shorter in duration and 

may be lower in amplitude than some later components. The cost may therefore be dominated 

by the quality of fit to the larger, later components. To counteract this, the residual can be 

temporally weighted, such as with a simple split multiplying all residuals before 120 ms by a 

factor greater than 1 to give them more weight, with the cost function: 

 argmin
𝓵𝓵,𝒘𝒘

‖𝑹𝑹 ∘ 𝟏𝟏𝝉𝝉𝑇𝑇‖𝐹𝐹 (12) 

Where ∘ is the Hadamard product, 𝟏𝟏 is a vector of ones, and 𝝉𝝉 is a vector of temporal weights. In 

this work, these weights were set such that 

𝜏𝜏𝑡𝑡 = � 4, 𝑑𝑑 < 120 ms
 1, 𝑑𝑑 ≥ 120 ms (13) 
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Finally, some electrodes may have large components not of interest to be fitted, such as residual 

eye blink artifact in frontal electrodes. This a priori information can be incorporated by 

weighting the residual by channel: 

 argmin
𝓵𝓵,𝒘𝒘

‖𝜸𝜸𝟏𝟏𝑇𝑇 ∘ 𝑹𝑹‖𝐹𝐹 (14) 

Where 𝜸𝜸 is a vector of channel weights. In this work, these weights were set such that 

𝛾𝛾𝑐𝑐ℎ = �1, 𝑐𝑐ℎ ∈ central electrodes
0,   𝑐𝑐ℎ ∈ peripheral electrodes (15) 

Combining all these modifications, the final cost function used in this work was 

 argmin
𝓵𝓵,𝒘𝒘

��𝜸𝜸𝟏𝟏𝑇𝑇 ∘ �𝑫𝑫 − 𝑨𝑨𝑩𝑩𝓵𝓵,𝒘𝒘� ∘ 𝟏𝟏𝝉𝝉𝑇𝑇�𝐹𝐹 +  𝛼𝛼�|𝑨𝑨|𝑩𝑩𝓵𝓵,𝒘𝒘�𝐹𝐹� (16) 

 

Table 3.1: Gaussian component fitting parameter constraints 

 Latency (ms) Width (ms) 
Component Min Max Min Max 

P30 20 35 20 40 

N45 35 50 10 20 

P55 45 75 10 45 

N100 70 145 40 80 

P180 130 220 40 150 

N280 205 350 40 150 
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It was assumed that component latencies and widths were approximately constant within a 

session and stimulation condition, and particle swarm optimization was run using the cost 

function in Equation (16) with 𝑫𝑫 being the average multichannel ERP. Six components were 

used, with latency and width constraints shown in Table 3.1; these parameter constraints were 

empirically selected based on typical observed components and fitting behavior in several test 

datasets; these parameter constraints could be adjusted based on more comprehensive data in 

future work. Once the fitted component latencies and widths were obtained, per-epoch 

component amplitudes could be calculated using Equation (7) with per-channel per-epoch data 

instead of the average over all epochs. 

3.2.3 Source analysis 

Interindividual differences in cortical anatomy affect the EEG signals measured on the scalp, 

resulting in different scalp topographies between individuals even if the underlying cortical 

sources are identical. Additionally, volume conduction of signals between a cortical source and 

the measurements on the scalp results in blurring or mixing of source activity. EEG source 

imaging was used to account for some of this interindividual anatomical variability and to 

incorporate a priori information from subjects’ MRI data.  

Subject-specific MRI data were segmented into varying tissue types (white matter, gray matter, 

CSF, skull, and scalp) using FreeSurfer (Fischl, 2012). The segmented boundary meshes were 

then used to construct a boundary element method (BEM) model with Brainstorm and 

OpenMEEG (Gramfort et al., 2010; Kybic et al., 2005; Tadel et al., 2011). Electrode positions in 

the model were based on the digitized positions recorded at the end of each session. Source 

dipoles were constrained to be perpendicular to the cortical surface. Weighted minimum norm 
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estimation (wMNE) (Gramfort et al., 2014) was employed to estimate an inverse solution 

mapping scalp measurements back to the underlying gray matter surface.  

While source results for individual subjects could be viewed on individual anatomy, for group 

level analysis it was necessary to project activity to a common brain. Individual subject’s cortical 

source estimation data were mapped with Shepard’s interpolation using FreeSurfer’s spherical 

surface-based coregistration to an ICBM152 atlas surface for group averaging (Fischl et al., 1999; 

Fonov et al., 2009, 2011; Shepard, 1968; Tadel et al., 2011). 

3.3 Results 

Figure 3.2 shows the results of Gaussian component fitting of TMS-evoked potentials in a single 

subject receiving stimulation at 120% of RMT to left M1. As shown by the butterfly plots in 

Figure 3.2A, the fitted Gaussian components were able to represent most of the variance in the 

average signal, with the residual after fitting representing a relatively small portion of the 

original average signal energy. Figure 3.2B and Figure 3.2C show slightly different variants of 

scalp and inverse estimated cortical activity topographies. Figure 3.2B is a more conventional 

plot of topographies, in which the fitted peak latencies from the Gaussian components are used 

to extract raw per-channel (or per-source) signal amplitudes at that instant in time. In most 

cases, this representation can capture most of the apparent information in the average TEP. 

However, in cases where temporally adjacent components overlap significantly, the time-

specific topographies may show a superposition of activity from two or more components, 

without allowing easy disambiguation of spatial contributions of the mixed components. Some 

of this mixing is evident in the fitted component at 35 ms in Figure 3.2B, which has significant 

spatial similarity to the earlier component peaking at 23 ms. In contrast, Figure 3.2C shows per-
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channel Gaussian fitted component amplitudes. These fitted amplitudes can provide some 

unmixing of superimposed components, operating on the assumption that the different 

Gaussian temporal profiles map to components that are also spatially different. This can be seen 

in the N45 fitted component in Figure 3.2C, which shows a more focal and unique spatial 

topography, with less apparent interaction with the earlier fitted P30 component. 

Figure 3.3 shows the group-level TEPs evoked by stimulation to left M1 at 120% RMT, 

aggregated across all 56 rTMS sessions, each containing approximately 150-180 suprathreshold 

pulses (depending on the number of rejected epochs).  

Figure 3.4 shows the group-level TEPs evoked by rTMS pulses during 90% RMT 1 Hz stimulation 

to left M1, left PMda, left PMdp, and left SMG targets, for both real and sham stimulation. There 

is a consistent P180 component visible in all of the stimulation conditions, including sham, 

agreeing with previous reports that this component is largely caused by auditory and 

somatosensory evoked potentials rather than a direct central effect of stimulation. Shorter 

latency components have apparently greater degrees of target-specificity, with the N45 and P55 

components in particular showing localization tending to vary with changes in the site of 

stimulation.  
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Figure 3.2: Gaussian component fitting results for TMS-evoked potentials from a single stimulation 
condition.   This data is for a single subject receiving intermittent single pulse stimulation at 120% of 
RMT to left M1. (A) shows butterfly plots with one trace per channel in each stacked plot, with trace 
colors varying from dark to light corresponding to channels varying from anterior to posterior on the 
scalp, averaged over all epochs in the dataset. The top subplot shows the original processed TEP prior 
to component fitting; the subplot below show the total fit, approximating the original data as a sum of 
the individual Gaussian components, which are shown in middle subplots. The bottom subplot shows 
the average residual after fitting. (B) shows scalp and source estimates corresponding to the original 
amplitudes at the peak latencies identified during fitting, with the cortical activity shown on the 
individual subject’s gray matter surface, both in un-inflated (middle row) and inflated (bottom row) 
versions for improved visualization of activity extending into sulci. (C) shows similar plots to (B), but 
instead of showing the raw amplitudes at the identified latencies, these are plots of the individual 
fitted Gaussian component amplitudes. The red arrows indicate a particular region with a difference in 
profile of activity between (B) and (C). 
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Figure 3.3: Group-aggregated TMS-evoked potentials for stimulation to left M1 at 120% RMT.   
Results shown are aggregated from the excitability measurement blocks across all rTMS sessions. The 
top subplot shows a butterfly plot with one trace per channel, with trace colors varying from dark to 
light corresponding to channels ranging from anterior to posterior locations on the scalp. The boxplots 
show the distribution of latencies estimated by Gaussian component fitting within each session. Scalp 
and cortical source topographies were extracted at session-specific fitted TEP latencies and then 
averaged. 
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Figure 3.4: Group-aggregated rTMS-evoked potentials.   Results shown are for 1 Hz rTMS at 90% RMT 
to left M1 (A,B),  left PMda (C,D), left PMdp (E,F), and left SMG (G,H) for real (A,C,E,G) and sham 
(B,D,F,H) stimulation. The boxplots within each panel show the range of latencies estimated by 
Gaussian component fitting within each session. Scalp and cortical source topographies were extracted 
at session-specific fitted TEP latencies and then averaged. 
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3.4 Discussion 

The Gaussian component fitting procedure described here worked to distinguish evoked 

components in a variety of stimulation paradigms, including both intermittent suprathreshold 

stimulation to primary motor cortex, and in responses evoked by 1 Hz rTMS delivered at 90% 

RMT to four different sets of cortical targets. This fitting process requires minimal user 

intervention and no a priori assumptions on the spatial topography of evoked components, 

making it particularly useful for cases where topographies vary significantly either due to the 

targeting of a variety of stimulation sites, or due to large inter-individual variations in anatomy.  

In the current implementation of the particle swarm basis optimization procedure, only 

temporal constraints are specified. One consequence of this is that components typically 

demonstrated to be of a certain sign in average scalp topographies (e.g. the N45) may be fitted 

as inverted peaks in some cases. While the N100 and P180 components are centrally located 

and of particularly robust signs, the specific topographies of earlier components can vary 

significantly based on differences in individual cortical anatomy, making it difficult to justify 

absolute rules on signs of given components at specific EEG channels. However, future 

alterations could be made to the basis tuning cost function and gain projections to incorporate a 

priori constraints on component signs. 

The choice of Gaussian component profiles was empirical, based on well described typical TEP 

evolution profiles. For single trial component fitting and more complete modeling of average 

responses, it may be useful to consider other basis function shapes, such as skewed or 

exponentially modified Gaussian profiles with longer tails to model a sharp rise in amplitude 

soon after stimulation followed by a more gradual decay. However, the approach employed 
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here was sufficient for the current datasets and analysis techniques, given that the fitted models 

were able to explain most of the variance in the original signals with just six components. 

The focus of the fitting results described here was on fitting average TEPs within subjects and 

aggregating the results for group level analysis. However, one key benefit of having a temporal 

basis function used for fitting is that it can potentially provide higher quality single-trial ERP 

amplitude estimates by effectively match filtering to look for an expected temporal component 

profile. This could be useful for future studies examining single-trial variability in responses and 

for applications using TEP features for online EEG-informed stimulation. 

While the Gaussian component fitting procedure served to explain or model temporal variability 

in components across individuals, there is also considerable spatial variability in the 

topographies of evoked components. Here, we used source imaging methods to include a priori 

information on subject-specific anatomical features—i.e. building forward models from subject-

specific MRI data modeling detailed curvature of gyri and sulci, and using surface curvature 

based mapping approaches to map between corresponding cortical regions in the atlas and 

individual brains. Group averaging of data in the common atlas source domain then allowed 

some degree of compensation for the individual anatomical differences generating different 

scalp topographies. However, it is difficult to completely validate this approach here without 

more precise ground truth data on the underlying activations. This issue can be addressed in 

part with computational simulations, which provide evidence that this source imaging approach 

is functioning as intended to help account for inter-individual anatomical differences (e.g. see 

Figure 1.3).  
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4 State dependency of TMS: effects of pre-stimulation context on 
pulse response 

4.1 Introduction 

Given the large amount of intra- and inter-individual variability in responses to TMS, there is a 

need to better understand factors influencing stimulation outcome. It can be hypothesized that 

the state of the brain immediately before stimulation has a strong effect on the post-stimulation 

response, both at the time scales of single pulses and over longer trains of stimulation. 

Such state dependence has been demonstrated with various TMS paradigms. In a relatively 

extreme example of brain state dependence, it has been shown that TMS applied during sleep 

can elicit slow waves while identical stimulation during wakefulness does not (Massimini et al., 

2007). In the visual system there is evidence that pre-stimulus occipital alpha power influences 

the likelihood of evoking visual phosphenes (Romei et al., 2008a, 2008b), and that TMS may act 

preferentially on different subpopulations in a stimulated region based on their baseline activity 

levels (Pasley et al., 2009; Perini et al., 2012; Silvanto and Pascual-Leone, 2008; Silvanto et al., 

2007). Additionally, phase-dependent responses to TMS have been demonstrated in the visual 

system (Dugué et al., 2011). Behavioral state-dependent variation in stimulation effects have 

been demonstrated when stimulating dorsal premotor cortex during a motor task (Bestmann et 

al., 2008), and when stimulating the visual cortex during an attention task (Herring et al., 2015). 

Attempts to explain some variability in MEPs elicited by stimulation of primary motor cortex 

have suggested that power, synchrony, and phase features may all be predictive of MEP 

amplitudes to some degree (Ferreri et al., 2014; Sauseng et al., 2009; Schulz et al., 2014; Zrenner 

et al., 2018). Recent work has begun to explore the merits of informing online parameters of 

trains of stimulation for more effective modulation of excitability, such as by stimulating during 
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time periods of high or low oscillatory power (Bonnard et al., 2016; Kraus et al., 2016), or 

specific oscillatory phases (Bergmann et al., 2012; Zrenner et al., 2018). 

In this work, we focus on two types of pre-stimulus state: behavioral task dependency, and 

oscillatory phase dependency, and specifically how these factors influence the TMS-evoked EEG 

response. 

4.2 Methods 

4.2.1 Experiments 

The data for these analyses were collected as part of the experiments described in Chapter 2. 

Specifically relevant are (1) data recorded during the excitability measurement blocks of the 

sequential rTMS-BCI experiments, in which intermittent single pulses of TMS were applied to 

left M1 at 120% RMT at rest in 20 subjects across 56 sessions, and (2) data recorded during the 

concurrent TMS-BCI experiments in which intermittent single pulses of TMS were applied during 

motor and rest tasks, at both 90% and 120% RMT to left M1, left PMd, and vertex in 8 subjects 

across 13 sessions. See Chapter 2 for details on the experimental methods. 

4.2.2 Preliminary signal processing 

The data presented in this chapter were processed with the signal processing pipeline described 

in Chapter 3 to attenuate TMS-induced artifacts and other non-neural signals. See Chapter 3 for 

a detailed description of these signal processing methods. 

4.2.3 Phase estimation 

A large focus of this chapter is on sensitivity of TMS responses to pre-stimulation phase. 

Estimation of phase of a particular EEG signal immediately before each TMS pulse is non-trivial; 
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the need for eventual real-time estimation of phase, and the large TMS-induced artifact and 

potential for immediate oscillatory changes in response to TMS mean that the phase estimation 

must be causal—the estimation algorithm cannot use “future” data after the pulse to aid in pre-

stimulation phase estimation.  

Various phase estimators have been developed and applied to analyze neural signals (see 

Lepage et al. (2013) for a review), particularly to infer connectivity or synchrony between 

disparate brain regions. Examples include the Hilbert transform and complex Morlet wavelets. 

However, the most common forms of these estimators are acausal, in that they estimate phase 

at a given time based on a short window of time spanning both before and after this time. While 

causal Morlet wavelets can be employed to circumvent this issue to some degree, there are 

benefits to being able to predict phase some time in advance of the available data, such as in a 

real-time online estimate-and-stimulate setup (Zrenner et al., 2016, 2018). Here, we used a 

phase estimation approach similar to that described in Zrenner et al. (2018), fitting an 

autoregressive model to the data to then extrapolate time courses into the future and apply 

conventional acausal phase estimation approaches on this forward-predicted time course.  

A simulated example illustration of this approach is shown in Figure 4.1. Here, an input signal 

was synthesized as a sum of three sinusoidal components at 3, 10, and 25 Hz with additive 

Gaussian noise. Assuming we want to estimate phase at time zero, but only have data 

before -100 ms, the chosen approach fits an autoregressive model using Burg’s method and 

applies the model to extrapolate or forward predict up to (in this case) time 300 ms. The 

combined original plus extrapolated signal are then bandpass filtered at the frequency of 

interest (e.g. 10 Hz), and phase is extracted from an FFT-based Hilbert transform of the data. 

Without extrapolation, the effects of implicit zero-padding with convolution of the bandpass 
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filter cause transient signal deviations that lead to large errors in phase estimation even with 

very short forward prediction intervals.  

For the phase estimation results here, analysis was performed on individual session data from 

the excitability measurement blocks of study 1 (see Chapter 2 for details). To reduce the impact 

of outlying data in which M1 may not have been targeted precisely, blocks within each session 

with median MEP amplitudes < 200 μV (representing < 10% of all data) were excluded.  

4.2.4 Statistical analyses 

To quantify the effects of task context on stimulation response, we used linear mixed effects 

models with fixed slopes, as implemented in the “lme4” library in R (Bates et al., 2014). The 

Figure 4.1: Simulated example of phase estimation approach.   (A) shows the synthesized input signal 
over the full timespan, reduced to just before -100 ms, and then the results of autoregressive model 
fitting and extrapolating to forward predict the signal. (B) shows the same signals after bandpass 
filtering around 10 Hz. (C) shows the results of extracting phase from the Hilbert transform of the 
signals in (B). Finally, (D) shows the phase estimate error as the deviation between the phases 
estimated with partial information versus those estimated with the full signal time course. 
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mixed effects modeling approach allowed specification of random effects to account for 

variability across individual subjects and sessions. While aggregated results are presented in 

plots for visualization here, the mixed effects models were based on the non-aggregated data, 

incorporating information on the spread of within-condition repeated measures. Model 

coefficient confidence intervals were estimated via likelihood profiling (Bates et al., 2014).  

To quantify relationships between pre-stimulation alpha phase and resulting MEP amplitudes, 

we used a combination of binning and per-session aggregation to find group-level sensitivity 

curves. Because the relevant phase scale (i.e. bin size) was not known a priori, several different 

bin sizes were evaluated. Determining whether these resulting binned sensitivity curves are 

statistically significant while accounting for differences in number of bins, number of aggregated 

groups, and the potential for biases in phase estimation resulting in nonuniform distributions of 

phase estimates is not straightforward.  To solve this issue, we used a randomization approach 

to estimate a distribution for the null hypothesis: for each of 1000 repetitions, pairings between 

estimated phases and MEP values were shuffled within sessions, processed with the same 

binning and group aggregation methods as used on the non-shuffled data, and used to find the 

intervals containing all but N of the median phase bin values for 95% of the shuffled repetitions. 

These intervals can be interpreted as follows: for N=1, we would expect 95% of null datasets 

with no relationship between phase and EMP amplitude to have no median phase bin values 

exceeding the interval, and therefore an observation with at least one median phase bin value 

exceeding the interval is unlikely to be a chance result. 
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4.3 Results 

4.3.1 Motor task dependency 

Figure 4.2 shows aggregated peak-to-peak MEP amplitudes evoked by stimulation to the three 

cortical targets at subthreshold and suprathreshold intensities. As expected, suprathreshold 

stimulation to left M1 was the condition that most robustly evoked large amplitude MEPs. The 

stimulation at 120% RMT targeted to left PMdp also elicited moderate amplitude MEPs, 

presumably due to direct activation of M1 given that the coil orientations for targeting M1 and 

PMdp were in close proximity. The results of linear mixed effects modeling of the MEP 

amplitudes as a function of condition and task are shown in Figure 4.3. The drastically larger 

non-normalized MEP amplitudes for the suprathreshold M1 and suprathreshold PMdp are 

apparent in Figure 4.3A, with this also showing that the slightly elevated MEP amplitudes for 

subthreshold stimulation are significant. The task-specific model coefficients shown in Figure 

4.3B indicate that the main significant task-specific effect was decreased MEP amplitudes for 

Figure 4.2: Task-dependent variations in MEP amplitudes.   The top row of plots shows un-normalized 
peak to peak amplitude values, while the bottom shows values after per-session normalization to 
median amplitude in the non-BCI blocks. 
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stimulation to left PMdp during BCI left tasks, with a 95% confidence interval of [-4.93, -1.50] dB. 

Stimulation to right M1 produced a marginally significant elevation in MEP amplitudes, with a 

95% confidence interval of [0.01, 3.43] dB. 

Aggregated TEPs are shown in Figure 4.4, and represent the average TEPs evoked by each 

specific stimulation target and intensity combination, with all task conditions pooled. Note that 

there is intrinsic variation in TEP amplitudes across stimulation targets, with (particularly for 

earlier components) very different spatial topographies associated with each peak latency. 

Several features are evident from the butterfly plots in this figure: spatial profiles of stimulation 

common to each stimulation target but varying in amplitude as a function of stimulation 

intensity, and evoked components common across all stimulation conditions. These latter 

components are evident even in stimulation to vertex, which is generally targeted as a control 

Figure 4.3: Linear mixed effects model coefficients for MEP amplitudes as a function of task and 
stimulation condition. Bars indicate 95% confidence intervals. Values can be interpreted as modeled 
contributions to MEP amplitude relative to the suprathreshold vertex and non-BCI conditions. 
Coefficients in (A) and (B) are from the same model, but shown on different horizontal scales for clarity. 



62 
 

region with very little neural tissue; therefore these specific components likely reflect, at least in 

part, auditory or somatosensory evoked potentials rather than any more direct electromagnetic 

stimulation of the brain. However, particularly with the suprathreshold intensity, it is possible 

that the vertex stimulation condition is directly affecting some adjacent neural tissue. 

Figure 4.5 and Figure 4.6 show TEP amplitude components for electrode C3 aggregated within 

subject, task, and stimulation condition. These TEP amplitudes are based on session- and 

Figure 4.4: Mean TEPs for intermittent subthreshold and suprathreshold pulses to left M1, left PMdp, 
and vertex targets aggregated across all sessions and task conditions. 
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stimulation-specific Gaussian component fits, as described in Chapter 3. Figure 4.8 shows the 

results of linear mixed effects modeling of the contributions of task and stimulation conditions 

to C3 N100 amplitudes for the same data. The top several coefficients reflect target-specific but 

not task-specific effects, with it being expected to see very different N100 (and other TEP 

component) amplitudes depending on the stimulation site. The main task-specific effects were 

for BCI left, BCI right, and rest conditions during subthreshold M1 stimulation all having more 

positive (in most cases corresponding to a reduced negative amplitude) N100 amplitude relative 

to the N100s evoked during the non-BCI rest blocks.  

To further explore the differences in N100 amplitude indicated by the linear mixed effects 

model, Figure 4.7 shows aggregated difference TEPs contrasting several pairs of task conditions 

during subthreshold stimulation of left M1. In particular, the more positive (reduced negative 

amplitude) N100 at C3 is evident in Figure 4.7A and Figure 4.7B; source imaging estimates 

suggest that this change is localized primarily to the left precentral gyrus.  
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Figure 4.5: Task-dependent variation in TEP amplitudes.  Amplitudes shown are for electrode C3, 
obtained from Gaussian component fits, and aggregated within each task, stimulation condition, and 
session. 
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Figure 4.6: Task-dependent variation in normalized TEP amplitudes.  Amplitudes shown are for 
electrode C3, obtained from Gaussian component fits, normalized by subtracting the mean TEP 
amplitude in the rest condition within each stimulation condition and session. 
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Figure 4.7: TEP differences between tasks for subthreshold stimulation to left M1.   Epochs were 
aggregated and subtracted within each session and condition, then averaged at the group level. 

Figure 4.8: Linear mixed effects model coefficients for fitted N100 amplitudes at electrode C3 as a 
function of task and stimulation condition.  Bars indicate 95% confidence intervals. Values can be 
interpreted as modeled contributions to N100 amplitude relative to the suprathreshold vertex and non-
BCI conditions. 
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4.3.2 Alpha phase dependency 

Significant relationships between pre-stimulation phase and MEP amplitude were found, as 

shown in Figure 4.9. This figure shows phase sensitivity curves for 3 different phase estimation 

input features based on unweighted sensor values (conventional C3), spatially weighted sensor 

values (Laplacian C3), or source features (mean estimated source activity in a subject-specific 

ROI on the precentral gyrus for each subject). Several significant deviations outside of the null 

hypothesis bounds were observed for all bin sizes, indicating a significant relationship between 

pre-stimulation alpha phase and resulting MEP amplitudes for suprathreshold stimulation to left 

Figure 4.9: Phase sensitivity curves relating pre-stimulation phase to resulting MEP amplitude. Per-
trial estimates of phase at the time of stimulation were binned into 16 (left), 8 (middle), or 4 (right) 
bins and aggregated over sessions. Phase estimates were obtained based on 3 different signal 
features: an unweighted signal from electrode C3 (upper), a Laplacian spatial weighted signal centered 
at electrode C3 (middle), and a signal obtained by averaging estimated source activity within in a 
subject-specific ROI on the precentral gyrus for each subject (lower). Points indicate the median 
aggregated normalized MEP amplitudes within each phase bin, with red shaded areas around each 
point indicating an approximate 95% confidence interval on the median. Gray shaded regions indicate 
null hypothesis bounds that were not exceeded by 1,2,3, or 4 (for progressively smaller intervals) bin 
median values in 95% of the shuffled null data.  
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M1. Phase estimation with a control site not expected to be informative (electrode POz) did not 

produce any deviations outside of the null hypothesis bounds (not shown).  

In comparing possible phase estimation features, it is helpful to examine the spatial extent of a 

given measured oscillation. The upper plots in Figure 4.10 show mean alpha band power during 

the pre-stimulation baseline time period in sensor, Laplacian sensor, and source spaces for a 

single example subject. These band powers reflect total oscillatory activity, possibly the sum of 

Figure 4.10: Alpha power and phase-locking values in a single subject. Results shown are based on 
conventional sensor data, Laplacian-weighted data, and estimated source activity. Mean baseline 
alpha power is shown for each domain (upper), as well as phase-locking values across all channels / 
sources in the domain compared to seed phase estimates obtained from conventional C3, Laplacian 
weighted C3, and mean activity of a subject-specific source ROI located on the precentral gyrus. 
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multiple independent (i.e. incoherent) oscillators. To focus specifically on the coherent 

oscillation used for phase estimation here, we can quantify the coherence between a seed 

phase estimate and other phases using the phase-locking value (PLV) (Aydore et al., 2013; 

Lachaux et al., 1999), with a PLV of 0 indicating no phase coherence and a value of 1 indicating 

complete phase coherence (regardless of any constant phase offset). Using our primary phase 

estimates from electrode C3 and the left M1 ROI, the lower plots in Figure 4.10 show the spatial 

extent of the oscillatory components emphasized by each input feature, across domains. As 

expected, each seed shows the highest phase locking with the features in its own domain (e.g. 

conventional electrodes for C3 phase estimate, source dipoles for the source estimate). The 

Laplacian estimate shows lower PLVs for non-Laplacian features in the sensor and source 

domain, and a sharp drop-off in phase locking even for Laplacian channels with distance from 

C3, indicating either a highly localized oscillation measured with the Laplacian weights at C3, or 

that the estimate itself is noisy and not consistent when estimated at nearby similar points. 

Interestingly, the source ROI and conventional C3 seeds show a high phase locking value in the 

Laplacian sensor domain peaking in the region interpolated between electrodes C3 and CP3; this 

indicates a possible shift in “optimal” measurement location for this particular oscillation that is 

not completely captured by the single Laplacian weighted estimate centered at C3.  

To move beyond dependence on the MEP outcome measure, it can be relevant to examine the 

TMS-evoked EEG response for phase sensitivity as well. Since pre-stimulation phase can affect 

post-stimulation time-locked TEPs even in the absence of any stimulation effect, it is important 

to control for this possible confound. Figure 4.11 shows group-averaged TEPs binned by 

estimated pre-stimulation phase for electrode C3. Clear phase-specific separation of traces can 

be observed leading up to the time of stimulation, due to the binning of epochs by phase within 
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this time period. After subtracting the average TEP response across all phase bins, the phase-

specific effects can be seen in Figure 4.11B.  

These phase-specific TEP components can also be viewed as multichannel topographies, as 

shown in Figure 4.12 for four of the eight phase bins. Examining topographies at peak time 

points in each phase-specific oscillatory component, clear inversion of topographies can be 

observed with 180° phase offsets, with the primary oscillation localized near electrode C3.  

  

Figure 4.11: Group averaged C3 TEPs binned by pre-stimulation phase.  Epochs binned based on a left 
M1 source ROI in each session. TEPs are shown without (A) and with (B) the grand average subtracted 
within each session, such that (B) shows only phase-specific components of the signals not shared by 
all phase bins. 
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Figure 4.12: Subset of group averaged phase-specific TEPs after average phase-independent TEP 
subtraction.  Based on the same data as Figure 4.11, but shown for all electrodes and a subset of 
phases. (A,B,C,D) correspond to phase bins (-90°, 90°, 0°, 180°) respectively. 
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4.4 Discussion 

4.4.1 Motor task dependency 

Some task-dependent effects of stimulation on MEP amplitude and TEP components were 

observed. For MEPs, the strongest task-dependent effects was seen for stimulation to the left 

PMdp target, particularly a reduction in MEP amplitude when stimulating during left MI tasks 

compared to others. The presence of some MEPs for stimulation to this premotor cortex site 

likely reflects direct stimulation of the nearby primary motor cortex rather than some indirect 

activation via premotor activation; assuming this is the case, this condition actually provided 

data on pulses applied to M1 at an intermediate intensity near the RMT of each subject. It was 

at these near-RMT levels that the strongest task-dependent effects were observed, suggesting 

that the stronger pulses applied at 120% RMT were of sufficient intensity to mostly override any 

task-specific differences in excitability. Furthermore, the sign of the change, with a decrease in 

MEP amplitude during the BCI left task, indicates the presence of stronger inhibition of 

ipsilateral primary motor cortex (left hemisphere) during left motor imagery.  

As shown by the linear mixed effect modeling results shown Figure 4.8, this is also corroborated 

by changes in the N100 component amplitudes. The N100 has been implicated in inhibitory 

processes and attention (Bender et al., 2005; Bonnard et al., 2009; Bruckmann et al., 2012; 

Chung et al., 2015; Kaarre et al., 2018; Kičić et al., 2008; Nikulin et al., 2003; Van Doren et al., 

2015). Here, task-specific effects on N100 were observed particularly for subthreshold 

stimulation to left M1, with all pulses applied during the BCI task blocks generating more 

positive (generally weaker negative amplitude) N100 responses compared to those applied 

during longer non-BCI rest blocks. This could be attributed to differences in attentive state, with 
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even the “rest” trials during the BCI blocks involving a higher level of arousal than the extended 

period of several minutes of rest during the non-BCI blocks. The greatest task-specific effect on 

the N100 was seen during BCI right trials, supporting greatest decrease in inhibition at the 

stimulation site during tasks involving the same region. 

4.4.2 Alpha phase dependency 

The observation of significant relationships between pre-stimulation phase and resulting MEP 

amplitudes corroborates other recently reported work (Zrenner et al., 2018). 

The presence of sharp changes in median MEP amplitudes between adjacent bins even for the 

narrowest bin size (22.5°) here indicate the possibility of relatively strong sensitivity to phase 

change, with differences in outcomes for only small difference in phase; this suggests that the 

accuracy of phase estimates may be important for maximizing the utility of phase-informed 

stimulation approaches. However, the largest bin size (90°) also showed significant deviations 

outside of the null hypothesis bounds, indicating that even crude phase estimates can be 

sufficiently informative to predict stimulation outcome. 

Phase estimates based on features in each of three domains (conventional sensor, Laplacian 

sensor, and source space) were able to show significant phase-specific effects on MEP 

amplitude. At the coarsest binning level (90° bin width), the source imaging based features 

showed the most significant deviations outside of the null hypothesis bounds, suggesting the 

these source imaging features could more reliably estimate a phase predictive of stimulation 

outcome. However, further work is needed to confirm whether this finding holds across subjects 

and binning parameters.  
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4.4.3 Conclusion 

The work presented here supports the claim that pre-stimulation state can affect stimulation 

outcome. This has implications for development of future EEG-informed stimulation 

approaches. One particular type of EEG-informed stimulation involves phase-dependent timing 

of administration of single pulses (or bursts of pulses) based on real-time estimation and 

prediction of phase (Zrenner et al., 2018). Our results provide evidence for the promise of this 

approach, and demonstrate several variants of input features for phase estimation and the scale 

of phase-specific effects with different binning parameters.  

Future work will be needed to extend these findings for stimulation outside of the primary 

motor cortex. Although the main effects here were observed for phase sensitivity on MEP 

amplitude, other effects on TEP amplitudes or other features could be used to identify phase 

dependencies in stimulation of other brain regions. This could be critical for improving efficacy 

and reliability of stimulation for various clinical targets, including stimulation of prefrontal 

cortex sites. 

Phase is just one possible relevant metric of brain state that could influence or predict response 

to stimulation. While acquisition of information matching the full complexity of the underlying 

true brain state is not feasible with EEG alone, various other possibly relevant features are 

available, such as fluctuations in band power and connectivity between brain regions. Unlike 

phase, which changes on the order of milliseconds for the frequencies of interest here, these 

other features may fluctuate over longer time scales, allowing more reliable estimation of subtle 

or noisy state variables by averaging over longer time periods.  
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The current state of approaches for neuromodulation clearly demand improved understanding 

of stimulation effects and tailoring of stimulation parameters to individuals for more effective 

interventions. EEG-informed TMS offers a variety of possible methods for addressing these 

needs, providing information to tailor when, where, and how stimulation is applied. From 

approaches looking at TMS-evoked potentials to quantify stimulation effect over longer time 

scales, to adjusting pulse-to-pulse stimulation parameters based on real-time state estimation, 

these EEG-informed TMS methods hold great promise for future improvements in clinical 

therapies and research interventions. 
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6 Appendix 1: Subject-specific optimization of channel currents for 
multichannel transcranial magnetic stimulation 

© 2015 IEEE. Reprinted, with permission, from: Cline, C.C., Johnson, N.N., and He, B. (2015). Subject-
specific optimization of channel currents for multichannel transcranial magnetic stimulation. In 2015 
37th Annual International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), 
pp. 2083–2086.  

Abstract 

The goal of this work is to develop a focal transcranial magnetic stimulation (TMS) system using 

a multichannel coil array for high-resolution neuromodulation. We proposed a novel spatially-

distributed stimulation strategy to significantly improve the focality of TMS. Computer 

simulations were conducted to evaluate the proposed approach and test the merits of 

multichannel TMS. Three different multichannel coil arrays were modeled in addition to a 

conventional figure-8 coil for comparison. Simulations were performed on finite element head 

models of six subjects constructed from anatomical MR images via an automated pipeline. 

Multichannel TMS arrays exhibited significantly more focal induced electric field magnitudes 

compared to the figure-8 coil. Additionally, electrical steering of stimulation sites without 

physical movement of the coil array was demonstrated. 

6.1 Introduction 

Transcranial magnetic stimulation (TMS) is a form of neuromodulation that can noninvasively 

stimulate regions of the brain. Large transient currents driven through one or more loops of 

wire induce transient magnetic fields; these magnetic fields penetrate through the skull and 

other tissue relatively unimpeded, and induce transient currents in the brain. Initial TMS 

development began in the 1980s using a single circular coil to induce large loops of current in 

the brain (Barker et al., 1985). Within several years the field progressed to using a figure-8 coil, 
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in which counter-rotating currents in a pair of coils induce more focal electric fields (Ueno et al., 

1988). Since the development of this figure-8 coil, many alternative coil designs have been 

proposed, but few demonstrate significant improvements over the figure-8 (Deng et al., 2013), 

and have thus not yet reached widespread use. The majority of these designs propose complex 

coil geometries, but still rely on a single channel stimulator to supply current. However, there is 

great potential for improvement in the form of multichannel TMS (mTMS), in which multiple 

coils are driven by independent stimulator channels. 

With a multichannel stimulator, currents in individual stimulation coils can be selected to 

control each coil's influence on the induced electric field produced by an entire coil array. This 

weighting of channels enables two primary benefits of mTMS: stimulation focality can be 

improved by partial cancellation of opposing fields, and the site of stimulation can be electrically 

steered without physical movement of the coil array (Ruohonen and Ilmoniemi, 1998). This 

approach requires calculation of channel currents, or “weights”, to achieve a desired induced 

electric field. This optimization is typically accomplished through minimization of a cost function 

involving coil currents and desired field profiles (e.g. (Han et al., 2004; Ruohonen and Ilmoniemi, 

1998; Ruohonen et al., 1999). 

Due to the significant influence of individuals' cortical geometry and cerebrospinal fluid (CSF) 

distribution on the fields induced by TMS (Thielscher et al., 2011), calculation of optimal channel 

weights for mTMS is highly dependent on individual head geometry. This work demonstrates 

automated subject-specific optimization of coil currents for mTMS using a variety of possible coil 

configurations. 
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6.2 Methods 

Anatomical T1 MRI scans (1 mm isotropic) were acquired from six human subjects (three male). 

Each subject provided written consent prior to participating in an imaging protocol approved by 

the University of Minnesota Institutional Review Board. Subject-specific finite element meshes 

were constructed from this MRI data using the SimNIBS pipeline (Windhoff et al., 2013), which 

integrates several of the tools described below. Surface meshes at the boundaries between 

white matter (WM), gray matter (GM), CSF, skull, scalp, and air were segmented with FreeSurfer 

(Dale et al., 1999; Fischl, 2012; Fischl et al., 1999) and the FSL Brain Extraction Tool (BET) 

(Jenkinson et al., 2005; Smith, 2002). Meshes were manipulated with MeshFix (Attene, 2010) 

and other tools within SimNIBS. Finite element method (FEM) modeling was performed with 

GetFEM++ in MATLAB, as described in (Windhoff et al., 2013). Postprocessing, data analysis, and 

visualization were accomplished with Iso2Mesh (Fang and Boas, 2009) and custom scripts in 

MATLAB. 

Head models were segmented into five tissue types, with a constant isotropic conductivity value 

from (Wagner et al., 2004) assigned to each: 𝜎𝜎WM = 0.126 S/m, 𝜎𝜎GM = 0.276 S/m, 𝜎𝜎CSF =

1.654 S/m, 𝜎𝜎skull = 0.010 S/m, 𝜎𝜎scalp = 0.465 S/m. 

Figure 6.1: Coil arrays used in simulations.  From left to right: figure-8 coil, 64-channel whole head 
array, 16-channel local array, and 32-channel local array. Representative subject’s scalp and gray 
matter surfaces shown for reference. 
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Individual coils were modeled as point clouds of magnetic dipoles, as described in (Thielscher 

and Kammer, 2002, 2004). Fields were modeled at a single peak value of 𝑑𝑑𝑑𝑑/𝑑𝑑𝑑𝑑, without 

simulating the full temporal characteristics of the TMS pulse and assuming that all stimulation 

channels were in phase. Field strengths presented here are scaled by the maximum field 

strength in each solution.  

6.2.1 Multichannel Optimization 

For a given coil array orientation, the induced electric field in the tissue was solved 

independently for each channel. Total induced electric field for the whole array was then 

calculated by weighted superposition of separate 𝐸𝐸𝑥𝑥, 𝐸𝐸𝑦𝑦, and 𝐸𝐸𝑧𝑧 components of electric field of 

all channels at every point in the mesh. Mutual coupling between coils was assumed to be 

negligible for these simulations. 

Coil weights were determined by minimizing the cost function given in Equation (17), where at 

each node 𝑛𝑛, 𝐸𝐸𝑑𝑑 is the desired electric field magnitude, 𝐸𝐸�⃗ 𝑐𝑐  is the unweighted electric field 

contribution from each coil 𝑐𝑐, and 𝑤𝑤𝑐𝑐 is the weight for each coil. 

argmin
𝑤𝑤𝑐𝑐

 � �𝐸𝐸𝑑𝑑(𝑛𝑛) − ��𝑤𝑤𝑐𝑐𝐸𝐸�⃗ 𝑐𝑐(𝑛𝑛)
𝑐𝑐

��
2

𝑛𝑛∈GM

(17) 

Figure 6.2: Stimulation targets in one subject.  
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For the multichannel array simulations, the desired electric field 𝐸𝐸𝑑𝑑 was set to 1 at all nodes 

within a fixed radius (5 mm) of a target on the GM surface, and 0 everywhere else. Coil weight 

optimization was performed only on the GM surface for efficiency, though it is also feasible to 

minimize a cost function over the full head volume. 

6.2.2 Simulation experiments 

Four coil types were compared across eight stimulation targets in each of six subjects. The coil 

types are depicted in Figure 6.1. 

The figure-8 coil model was based on a standard Magstim 70 mm diameter coil, as described in  

(Windhoff et al., 2013). The coil was oriented perpendicular to a line passing through a target on 

the GM surface and the approximate center of the brain, centered over the target, with distance 

calculated such that the coil windings were positioned 5 mm from the outer scalp surface. The 

figure-8 coil was rotated approximately 45° from the midline, per common practice for motor 

cortex stimulation.  

The 64-channel whole-head array consisted of 64 circular coils 50 mm in diameter. The coils 

were oriented over selected positions on the 10-10 electrode coordinate system of a reference 

brain, and overlapped in two layers without any intersections. This overlapping arrangement 

was chosen to allow relatively large diameter coils, which are preferable for reducing 

mechanical strain from Lorenz forces and improving heat capacity, to be assembled into a dense 

array. Coils were not adjusted to match the 10-10 positions of individual subjects. 

The 16-channel local array consisted of a curved 4 × 4 grid of non-overlapping circular coils 30 

mm in diameter. It was positioned such that the array center was approximately over the hand 

knob of the left motor cortex, and remained in the same fixed position for simulations of all 
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targets. The 36-channel local array consisted of a curved 6 × 6 grid of non-overlapping circular 

coils 20 mm in diameter. It was positioned in the same way as the 16-channel array. 

For each subject dataset, eight targets were selected along what was approximated as the left 

primary motor cortex based on anatomical features. See Figure 6.2 for an example. The targets 

were selected on one brain, and then mapped to the other datasets via FreeSurfer's normalized 

pial surfaces. Minor manual adjustments to these targets were made in each subject to keep the 

targets along outermost gyral contours, as this study did not aim to examine deeper brain 

stimulation. 

Electric field distributions on the GM surface were compared for each simulation. Array 

performance was quantified by examining the GM surface area where induced electric field 

exceeded a threshold of 50% of the maximum value. 

6.3 Results 

Simulations indicate that the multichannel arrays produce more focal induced electric field 

magnitudes on the GM surface than the figure-8 coil. Figure 6.3 shows the electric fields induced 

by the four coil types for one target on one subject. The field produced by the figure-8 coil is 

visibly more diffuse, while the 36-channel array produces the most focal of field distributions.  

These results generalize across multiple subjects. Figure 6.4 displays examples of optimized 

stimulation with the 16-channel array at one target across all six subjects. The large variation in 

induced electric field across subjects illustrates the significant role of subject-specific cortical 

geometry in shaping the induced fields, but the consistent focality of stimulation demonstrates 

that the multichannel arrays can account for this variation. Overall results are summarized in 

Figure 6.5, which shows in the top row that the surface area of supra-threshold electric field 
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magnitude on the cortex outside of the target region is notably higher for the figure-8 coil than 

for the multichannel arrays. These figures demonstrate that this improvement in focality holds 

across subjects and across the selected target locations. 

As shown in the parasagittal slices in the bottom row of Figure 6.3, the electric field induced by 

the figure-8 penetrates deeper into the brain than the fields of the multichannel arrays. It 

should be noted with regard to this penetration depth that the multichannel weights were only 

optimized for stimulation on the cortex, and that deeper multichannel stimulation could 

potentially be achieved by modifying the channel weighting cost function in (17). 

The choice of threshold at 50% of the maximum electric field magnitude is arbitrary. Figure 6.6 

shows surface areas above threshold outside the target region for a broad range of thresholds, 

for which the multichannel arrays are consistently more focal.  

Figure 6.3: Simulation results for the four coil types in one subject.  Top row shows plots of electric 
field magnitude on GM surface. Bottom row shows plots of electric field magnitude in a parasagittal 
slice of GM and WM through the target. Radius of arrows is proportional to channel weight, color of 
arrows indicates clockwise (dark purple) or counterclockwise (light purple) current flow. White circle 
indicates target location on cortex 
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6.4 Discussion and conclusion 

We present the first direct comparison between a conventional figure-8 coil and mTMS coil 

arrays. The high level of pipeline automation implemented here allowed for analysis of a larger 

number of subjects than presented in past mTMS work, and may make it feasible to apply this 

subject-specific modeling approach to guide actual stimulation experiments in the future. 

Our simulation results indicate that the multichannel arrays can exhibit superior focality over 

the figure-8. This improved focality has the potential to improve the specificity of TMS for brain 

mapping and therapeutic applications. Additionally, the simulations presented here have 

demonstrated the ability of mTMS to “steer” the site of stimulation while keeping the array 

fixed with respect to the head. This steering of current could be useful for rapid sequential-pulse 

paradigms such as paired-pulse TMS, where stimulation is delivered to multiple cortical sites in 

rapid succession. Conventional TMS hardware is limited to one or at most two stimulation sites 

Figure 6.4: 16-channel array simulation results. Electric field magnitude induced for all six subjects at 
one target.  
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per hemisphere, but a multichannel array would reasonably be able to target a much larger 

number of sites.  

Despite these benefits, there are several key factors that limit mTMS. As the number of channels 

increase, so too do hardware complexity and power requirements (Ruohonen and Ilmoniemi, 

1998). The cost of stimulator units will likely need to decrease before high-channel count 

stimulators will be accessible to a large audience. As an intermediate solution, a small multi-

channel stimulator could drive a subset of a larger coil array to still benefit from improved 

focality and stimulation steering without extreme hardware complexity.  

The last issue is constraints on coil size. Although the 36-channel array of 20 mm coils was 

shown to have superior focality, this size of coil may not be feasible in practice. The increased 

current needed to stimulate with a smaller coil, increased mechanical strain from Lorenz forces, 

and reduced heat capacity from reduced overall mass combine to make smaller coils 

Figure 6.5: Quantification of focality across subjects.  Mean surface area of GM above threshold 
outside (top) and inside (bottom) of target stimulation region, averaged across targets (left) and across 
subjects (right). Error bars indicate standard deviation. 
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impractical. This was the motivation for simulating the 64-channel whole-head array with 

slightly overlapping 50 mm coils; this coil diameter is already commonly used in figure-8 designs, 

and would have fewer issues with heating and mechanical strain compared to smaller coils. 

There are many future directions for research related to mTMS. The simulations presented here 

could be extended with more advanced optimization cost functions to target deeper brain 

regions or to minimize stimulation in specific regions. Currently this optimization is based on 

induced electric field magnitude; however, this field strength does not necessarily directly 

correlate to modulation of neuronal activity. Individual neuron models could be incorporated 

into the optimization procedure to more accurately predict the effects of stimulation. The 

present optimization procedure relies heavily on subject-specific finite-element models to 

predict induced electric fields in the brain. These models could be improved by incorporation of 

more accurate anatomical information, such as anisotropic tissue conductivities. Modeling of 

the coupling between coils and full temporal characteristics of the stimulator circuits would also 

improve relevance.  

Figure 6.6: Surface area of GM above threshold outside of target stimulation as a function of 
threshold.  Averaged across all subjects and targets. Extents of shaded curves indicate standard 
deviation. 
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The described approach can model any array geometry, and future work is warranted to 

determine what configurations might improve upon the rectangular grid and arbitrary 64-

channel arrays presented here. Finally, these modeling predictions need to be validated using 

actual multichannel stimulator hardware in an experimental setting. TMS hardware that 

supports a small number of independent channels is just starting to become available (Roth et 

al., 2014), and increased channel counts in the future should open up a broader range of mTMS 

applications. 
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7 Appendix 2: EEG electrode digitization with commercial virtual 
reality hardware 

This is adapted from a manuscript currently in review as: Cline, C.C., Coogan, C., and He, B. EEG 
electrode digitization with commercial virtual reality hardware. PLOS ONE. In review. 

Abstract 

Accurate spatial co-registration of EEG electrode positions with individual head models is an 

important component for EEG source localization and imaging. Due to variations in head shape 

between individuals, this requires measurements of electrode locations in each individual. 

Existing hardware for digitization can be accurate, but also relatively expensive. With the goal of 

making digitization more accessible for a range of research laboratories, we have developed an 

open-source software tool that can make use of less expensive consumer virtual reality 

hardware for EEG electrode digitization. Here we describe our developed VRDigitizer system and 

compare it to existing digitization solutions. Experimental evaluations were performed in a 

phantom head model and in 12 human subjects. In our comparison experiments, VRDigitizer 

was able to measure electrode positions with a mean error of 3.74 mm, compared to 1.73 mm 

and 2.98 mm for the commercial systems tested. 

7.1 Introduction 

Electroencephalography (EEG) uses electrodes on the scalp to noninvasively record electrical 

signals generated by the brain and conducted through the cerebrospinal fluid, skull, and scalp 

(He et al., 2011). This process of volume conduction effectively blurs the EEG signals measured 

on the scalp, limiting the spatial resolution of these signals. Patterns of EEG activity observed on 

the scalp can be highly dependent on the cortical geometry of the underlying sources, and 

therefore analysis of EEG sensor activity is challenging with regard to its origins within the brain. 
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In order to improve the spatial resolution of EEG, source imaging and localization approaches 

have been developed for estimating the underlying cortical source activity responsible for 

signals observed on the scalp, essentially projecting these signals back onto the brain (Edelman 

et al., 2016; He et al., 1987; Mahjoory et al., 2017; Michel et al., 2004; Pascual-Marqui et al., 

1994; Sohrabpour et al., 2016). A critical component of these approaches is the construction of a 

volume conduction model, which relates signals produced on the cortical surface to those 

measured by specific EEG electrodes on the scalp. Especially when using subject-specific head 

models for source imaging, it is critical to have an accurate estimate of where each EEG 

electrode was located on the subject’s head (Dalal et al., 2014). While standard EEG montages 

are widely used and allow approximate estimates of electrode locations, there can be large 

variability in head shape and cap placement across individuals and sessions. Therefore, it is 

preferable to actually measure the physical locations of the EEG electrode on individual subjects 

in order to build more accurate models for source imaging. 

Various methods are available for digitizing, or measuring the 3D locations, of EEG electrodes on 

the head (De Munck et al., 1991; He and Estepp, 2013; Koessler et al., 2007, 2011; Le et al., 

1998; Reis and Lochmann, 2015; Russell et al., 2005; Towle et al., 1993). Hardware digitization 

solutions involve some method of 3D spatial measurements, such as pointing a tracked stylus at 

each electrode or photogrammetry-based methods that use images taken from multiple angles 

to reconstruct electrode location (Russell et al., 2005). However, the cost of such digitization 

hardware has typically been on the order of $10,000, making these methods expensive for EEG 

research and broader applications.  

In recent years, several consumer-oriented room-scale virtual reality (VR) systems have been 

introduced to the market. These systems, such as the HTC Vive, use 6 degree-of-freedom (DOF) 
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tracking of a head-mounted display (HMD) and associated peripherals to provide immersive 

virtual reality experiences. Marketed for individual consumers, these systems currently cost less 

than $1000. Conveniently, the 6DOF tracking of VR controllers can be used for the same purpose 

as more specialized hardware digitization solutions for EEG electrode localization, at a 

significantly lower price. 

The primary goal of this work was to develop an open-source software package to facilitate 

digitization of EEG electrodes with cost-effective consumer VR hardware. We also aimed to 

characterize the typical digitization performance of such a system, and to compare it to other 

existing digitization systems. 

7.2 Methods 

7.2.1 Hardware 

The HTC Vive system includes a head mounted display (HMD), two tracked controllers, and two 

beacon devices called Lighthouses. These Lighthouses emit alternating horizontal and vertical 

sweeps of infrared light using a laser diode, in addition to interleaved synchronization flashes 

from an array of infrared LEDs. Multiple photodiodes on each tracked device (e.g. a controller) 

measure the relative perceived times of these infrared sweeps, allowing for 6DOF pose 

estimation. Multiple Lighthouses can be used in tandem to enhance localization accuracy and 

provide redundancy in case of optical occlusion. The lighthouses can communicate via optical or 

cabled synchronization depending on the required room setting. Each tracked device also has a 

6DOF inertial measurement unit (IMU) to sense acceleration and rotational velocity, allowing for 

higher-temporal resolution relative pose tracking. Sensor fusion algorithms integrated into the 

Vive system merge the optical Lighthouse and IMU data together to calculate pose estimates 
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that are passed on to the client software. In addition to the controllers, other tracked devices 

called “Vive Trackers” are available which include essentially the same tracking hardware 

without controls in a more compact form factor. The HMD is typically tethered to a computer, 

and up to two tracked devices can be paired to communicate wirelessly through the HMD, with 

additional devices using a wireless adapter that pairs the device to the computer (Figure 7.1A). 

Although the Vive system is primarily designed to be used with the HMD, individual controllers 

and trackers can be used without an HMD by pairing solely through wireless adapters and 

configuring the OpenVR software to use a simulated “null” HMD (Figure 7.1B). 

Figure 7.1: Diagrams of connections between hardware and software components of the VR digitizer 
system. (A) Complete Vive hardware setup, with two controllers each communicating with the 
computer through the HMD, two trackers connected via independent wireless adapters, and all tracked 
devices receiving signals from two Lighthouses. (B) Reduced Vive hardware setup, with a single tracker 
and controller communicating through wireless adapters without an HMD. (C) Connections between 
software components.   
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7.2.2 Software 

A custom helper program written in Python leverages PyOpenVR (Bruns, 2017) to obtain 

tracking data from the VR hardware. PyOpenVR consists of bindings to the open-source OpenVR 

API (2018), which provides a standardized interface for communicating with various VR systems 

from multiple vendors. The Python helper acquires tracking data for each device, in the form of 

a rigid spatial transformation matrix that encodes position and orientation in a common 

coordinate system. These spatial transforms are transmitted along with additional information 

(e.g. controller button states) via TCP to MATLAB. 

The primary functions for the VR digitizer software are implemented in MATLAB, with the 

Python component described above mainly serving to relay raw device state data. The key 

components of the MATLAB GUI are described here. The custom software and system 

implemented are referred to as “VRDigitizer” below.  

Each measurement consists of the 3D position of a reference endpoint on the controller. With 

the Python component constantly streaming live tracking data to MATLAB, pressing a button on 

the controller triggers a sample. In the simplest case, a sample position could be obtained from 

the single most recent tracking state. However, the raw Vive tracking data is optimized for 

gaming performance, not for accurate digitization; specifically, there is some high frequency 

jitter in the tracking data, and some low frequency drift that persists for up to several seconds 

after the end of controller movement. To reduce the effect of high frequency jitter, the tracking 

data over a window of time (e.g. 0.5 sec) are averaged. To deal with the low frequency drift, 

measurements are required to be stable (defined as being within an empirical threshold, such as 

1 mm) over a window of time (e.g. 0.5 sec). With each triggered sample, optional audio and 
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haptic cues indicate to the user whether or not a measurement was deemed valid. The exact 

filter settings (window lengths, stability threshold) are user-configurable to allow selecting for a 

tradeoff between accuracy and speed of digitization.  

The Vive Lighthouses emit reference signals used by all tracked devices for estimating pose in a 

common 3D space. While some tracking can be achieved with just one Lighthouse, accuracy is 

improved if each tracked device can “see” both Lighthouses at the time of measurement. This 

can be ensured by proper room setup and tracker positioning. Since pose estimates with only 

one Lighthouse tend to be less stable over time, the stability threshold described above helps to 

prevent low-precision measurements from being recorded while a tracked device’s view of one 

Lighthouse is occluded. 

Electrode positions are typically defined relative to anatomical landmarks on the head, such as 

the nasion and preauricular points. These landmarks facilitate coregistration of electrode 

positions with MRI data and anatomical head models. VRDigitizer allows specification of 

arbitrary fiducial points. Fiducials can be measured repeatedly to improve accuracy by averaging 

and to verify consistency across repeated measurements. 

When digitizing electrode positions, it is useful to have a predefined electrode montage 

specifying the electrode names and channel numbers for a given experimental setup. These 

montages can vary depending on the EEG cap vendor or other custom experimental 

requirements.  VRDigitizer allows importing of many standard montage file formats, including 

optional specification of template electrode positions for visualization of “expected” electrode 

locations. During digitization, VRDigitizer provides optional audio cues through text-to-speech to 

indicate the next measurement to be made, e.g. speaking the name of the current electrode, 
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and most functions can be carried out by pressing buttons on the controller; these features 

facilitate more efficient interaction with the GUI, allowing the operator to stay near the subject 

and reducing overall time for digitization. 

Electrode positions can be visualized relative to arbitrary surface meshes, such as scalp or 

cortical surfaces segmented from MRI data. If a subject-specific head model is available, this can 

aid with visualization of electrode locations during measurement. VRDigitizer supports import of 

several common mesh formats (.stl, .fsmesh, .off, etc.). In the absence of a subject-specific head 

surface, an atlas head surface can be used by default. 

During digitization, the controller is moved in 3D space to the location of a point to measure. For 

precise measurements, a single “endpoint” on the controller needs to be defined; this facilitates 

proper compensation for controller rotation around the endpoint. VRDigitizer allows 

specification of an arbitrary endpoint relative to the controller; to define this endpoint, a simple 

calibration routine is used. The user enters a calibration mode in the software, and records 

several measurements across a range of controller rotations, keeping the intended endpoint 

fixed in space.  

The calibration measurements are processed as follows. The 𝑖𝑖𝑡𝑡ℎ sample from the PyOpenVR is 

structured as a 4 × 4 rigid spatial transform 𝑻𝑻𝑖𝑖  that converts from controller-relative space to a 

global space. Defining a point 𝑥𝑥0 = [0 0 0 1] as the origin of the controller, 𝑻𝑻𝑖𝑖�⃑�𝑥0 gives the 

location of the center of the controller in global space. The goal of calibration is to find �⃑�𝑥𝑐𝑐 in the 

device-relative space that defines the offset of the intended endpoint relative to the 𝑥𝑥0. The 

global position �⃑�𝑥𝑔𝑔 of the endpoint for the 𝑖𝑖𝑡𝑡ℎ measurement can then be calculated from 

𝑻𝑻𝑖𝑖(�⃑�𝑥0 +  �⃑�𝑥𝑐𝑐). Given a set of 𝑁𝑁 spatial transforms {𝑇𝑇𝑖𝑖}, each from a measurement with a 
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different controller orientation around the shared fixed endpoint, �⃑�𝑥𝑐𝑐 can be obtained through 

numerical optimization. Specifically, the optimization problem can be expressed as: 

argmin
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    (18) 

The solution to this expression is the �⃑�𝑥𝑐𝑐 that minimizes the spread of ��⃑�𝑥𝑔𝑔� derived from the 

calibration measurements. Metrics of calibration quality can be obtained from terms of this cost 

function, such as the maximum deviation from the mean: 

max
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 (19) 

VRDigitizer solves Equation (18) using constrained nonlinear optimization as implemented by 

‘fmincon’ in MATLAB. The results of calibration are shown by VRDigitizer with a depiction of the 

estimated endpoint position relative to the controller and a visualization of individual calibration 

measurements; an example of this is shown in Figure 7.2. 

Figure 7.2: Example of endpoint calibration. (A) Visualization of calibration process, showing five 
samples measured with varied rotations about the selected endpoint. Black spheres indicate the 
estimated endpoint location for each sample, and blue lines connect the estimated endpoint to the 
controller origin. (B) Final endpoint location relative to controller. The endpoint (red sphere) is offset 
from controller since it was defined as a point at the end of a micro USB cable stub not included in the 
controller 3D model. 
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During electrode digitization, the subject’s head may move over time. If there is no 

compensation for this change in position, error is introduced between the measurements before 

and after a given movement. One solution to this is to attempt to fix the subject’s head during 

digitization measurements, thus minimizing movement. However, this may not be feasible for 

many experimental setups based on subject comfort and other factors. The solution more 

commonly used by EEG digitization systems is to simultaneously track head position in addition 

to the measurement stylus. VRDigitizer can perform this head tracking using standalone tracked 

devices fixed to the subject’s head. While the HMD is designed for head tracking and is bundled 

with the core Vive hardware, its straps are likely to block many electrodes and the faceplate 

itself blocks the nasion, an anatomical landmark typically measured during digitization. Instead, 

VRDigitizer can use standalone Vive Trackers, smaller devices with tracking hardware similar to 

the controller but without buttons, to measure head movement. When enabled, VRDigitizer 

measures the controller endpoint relative to one or more trackers, allowing compensation for 

head movement in real-time.  

Many EEG digitization systems use a single additional tracking device for head movement 

compensation. However, if this head tracker moves relative to the head during measurement, 

additional error can be introduced. With only a single tracker on the head, this problem may go 

undetected during measurement. VRDigitizer allows the use of multiple head trackers; if one 

tracker moves on the head, the mismatch in trackers can be detected and a warning can notify 

the user to realign the trackers or remeasure fiducials with the new tracker positions. 

In addition to digitization of anatomical fiducials and electrodes, arbitrary points on the head 

surface can also be sampled. These points may be used to assist with MRI coregistration or atlas 

warping during post-processing 
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VRDigitizer can provide real-time visualization of various components, including the head 

surface, template montage, measured fiducials, measured electrodes, and endpoint, controller, 

and tracker positions. This is illustrated in Figure 7.3, which shows an example screenshot from 

the main VRDigitizer GUI window. 

7.2.3 Experimental evaluation 

To characterize the expected accuracy of the VRDigitizer setup and compare it to other 

digitization methods, two sets of experiments were performed. The first set involved a 

“phantom” styrofoam head, while the second involved 12 human subjects who provided written 

informed consent under a protocol approved by the University of Minnesota Institutional 

Review Board. In both series of experiments, BioSemi 128 channel caps with a radial montage 

were used.  

Figure 7.3: Screenshot of main VRDigitizer GUI window.  
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In addition to VRDigitizer, two other systems were utilized for calibration accuracy comparison. 

The first was a Brainsight neuronavigation system (Rogue Research), which uses a Polaris Vicra 

stereo infrared camera to track infrared reflective spheres fixed on rigid frames for monitoring 

the pose of a stylus relative to glasses on the subject’s head. The second system was a Polhemus 

FASTRAK utilizing the open-source Brainstorm software (Tadel et al., 2011); this system uses 

electromagnetic tracking with a fixed wired RF transmitter and two wired 6DOF tracked 

receivers, one in a stylus and another on the subject’s head. 

Two different variations of VRDigitizer setups were used: digitization with no trackers (i.e. no 

compensation for head movement), and with two head trackers. In the no tracker condition, the 

phantom head was secured to a rigid support, and human subjects used a chinrest and forehead 

support attached to a table to minimize head movement; no HMD was connected, instead a 

single wireless adapter was used to connect to the controller. In the two-tracker condition, Vive 

trackers were secured with a Velcro strap to either side of the forehead (as illustrated in Figure 

7.3); the controller and both trackers were connected via the HMD and a single wireless 

adapter.  

Vive Lighthouses were attached to the wall in diagonally opposite corners of the room (4.25 m 

apart, 2.6 m above the floor), and were synchronized optically. A stub of a microUSB cable was 

inserted into the base of the controller to provide a precise digitization endpoint; this location of 

the endpoint at the base of the controller (as shown in Figure 7.2) also helped to ensure the 

photodiode sensors at the top of the controller maintained a view of both Lighthouses during 

digitization.  
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The VRDigitizer calibration interface was used to calibrate the endpoint position relative to the 

center of the controller. Approximately 10 measurements were sampled with the controller 

rotated into different orientations around the selected endpoint, which was held at a fixed point 

in space throughout calibration. 

With each subject or phantom iteration, 5 whole-head digitizations were performed, consisting 

of VRDigitizer without trackers (“NoTrackers”), VRdigitizer with two trackers (“TwoTrackers”), 

Polhemus with Brainstorm (“Brainstorm”), and two Brainsight repetitions. The VRDigitizer 

NoTrackers condition included head restraint, while the other conditions did not. Subjects 

donned the cap once and kept the cap in place throughout the 5 digitizations, for a total 

duration of about 50-60 minutes. 

For each digitization dataset collected with each system, several steps were performed. Head 

trackers (as applicable) were fixed to the head. Anatomical fiducials were digitized first; with the 

same nasion and left and right preauricular points measured with each system. Next, electrodes 

were digitized, always proceeding in order from BioSemi electrodes A1,A2,... to D32. Finally, 

each fiducial was re-measured twice as a head shape point. 

7.2.4 Analysis 

To quantify localization accuracy, digitization errors were calculated using one Brainsight 

dataset in each subject (or phantom repetition) as the reference or “ground truth”. Each dataset 

was aligned to the reference by estimating and applying a single rigid spatial transformation that 

best aligned paired sets of points across the datasets (Besl and McKay, 1992). These alignment 

points were either the anatomical fiducials only (i.e. aligning by fiducials) or the measured 

electrode locations (i.e. aligning by electrodes). The former case is representative of common 
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use of EEG digitization data in practice, in which as a first stage of co-registration with MRI the 

digitized points are aligned by the corresponding anatomical fiducial locations in the MRI. 

However, in this case of aligning by fiducials, inconsistency in a single fiducial location can 

propagate and appear as error in localization across all electrodes on the head. Therefore, the 

second case of aligning by electrodes was used to provide an estimate of electrode localization 

accuracy independent of anatomical fiducial measurements. After alignment, localization error 

was quantified as the Euclidean distance between each electrode and its corresponding 

reference location. Statistical comparisons were calculated using Student’s t-test with 

Bonferroni correction for multiple comparisons. 

7.3 Results 

Example digitization results using VRDigitizer with two trackers for a single subject are shown in 

Figure 7.4. Aligned to the reference Brainsight digitization dataset by electrodes, the RMS 

localization error here was 3.95 mm, and the maximum error was 8.41 mm. For comparison, 

Figure 7.4: VRDigitizer localization results for a single subject (S06). In (A) and (B), the green and gray 
circles indicate fiducials and electrodes measured for the VRDigitizer TwoTrackers condition, while the 
blue and black circles indicate fiducials and electrodes measured for the Brainsight reference condition; 
the colors of the lines connecting corresponding electrodes across the two datasets are indicative of 
the magnitude of localization error. Interpolated localization error is plotted with the same color scale 
on a projected 2D scalp topography in (C). Here, the two datasets were aligned by electrodes, and the 
subject’s scalp surface was aligned by the reference dataset anatomical fiducials. Electrodes appear 
offset from the scalp surface due to the selected digitization point for each electrode being on the top 
surface of the 3-mm thick electrode mount. 
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most neighboring electrodes in the BioSemi 128 radial montage used here had interelectrode 

distances of between 18-25 mm for this subject. 

Figure 7.5 shows localization errors for multiple digitizations of the phantom head. Aggregating 

errors within each dataset by the root mean square error (RMSE), mean ± standard deviation 

RMSE values when aligning by electrodes were 1.12 ± 0.15 mm for Brainsight, 1.60 ± 0.15 mm 

for Brainstorm, and 2.30 ± 0.16 mm for VRDigitizer with two trackers. Brainsight demonstrated 

significantly lower errors than the other systems (𝑝𝑝𝑐𝑐  <  5 ⋅ 10−4 ). Brainstorm demonstrated 

significantly lower errors than both VRDigitizer conditions when aligning by electrodes but not 

when aligning by fiducials. 

Similar trends were observed for localization errors with human subjects, with results shown in 

Figure 7.6. Aligning by electrodes, mean ± standard deviation RMSE values were 1.73 ± 0.37 mm 

for Brainsight, 2.98 ± 0.89 mm for Brainstorm, and 3.74 ± 0.71 mm for VRDigitizer with two 

trackers. The differences in mean RMSEs between Brainstorm and the VRDigitizer conditions 

were not significant except for a marginally significant difference with the no tracker aligned by 

electrodes condition (𝑝𝑝𝑐𝑐  =  0.028). 
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Figure 7.5: Localization errors for phantom measurements. Aligned by electrodes (A,B) or by fiducials 
(C,D). (A) and (C) show individual results, with each box-and-whisker corresponding to a single dataset 
and each point corresponding to localization error for a single electrode. (B) and (D) show grouped 
results, with each point corresponding to a scalar RMSE error aggregated from a single dataset. 
Asterisks indicate statistically significant differences according to Student’s t tests with correction for 
multiple comparisons (**** 𝑝𝑝𝑐𝑐 < 0.0001, *** 𝑝𝑝𝑐𝑐 < 0.001, ** 𝑝𝑝𝑐𝑐 < 0.01, * 𝑝𝑝𝑐𝑐  <  0.05, ns not 
significant). 
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Figure 7.6: Localization errors for subject measurements. Aligned by electrodes (A,B) or by fiducials 
(C,D). (A) and (C) show individual results, with each box-and-whisker corresponding to a single dataset 
and each point corresponding to localization error for a single electrode. (B) and (D) show grouped 
results, with each point corresponding to a scalar RMSE error aggregated from a single dataset. 
Asterisks indicate statistically significant differences according to Student’s t tests with correction for 
multiple comparisons (**** 𝑝𝑝𝑐𝑐 < 0.0001, *** 𝑝𝑝𝑐𝑐 < 0.001, ** 𝑝𝑝𝑐𝑐 < 0.01, * 𝑝𝑝𝑐𝑐  <  0.05, ns not 
significant). 
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7.4 Discussion 

We have developed a new digitizer system, allowing digitization of EEG electrode positions in 3D 

space using widely-available consumer virtual reality hardware. The accuracy of VRDigitizer is 

comparable to existing digitization systems, with a typical RMS localization error of less than 5 

mm.   

Critically, the digitization system described here uses commercial virtual reality hardware 

available for $500-$800 at current prices; the software is free and open-source. Other systems 

for digitization of EEG electrodes can cost 10-20 times this amount, limiting the number of EEG 

research projects able to include digitization of electrode positions.  

Despite cost benefits, the described VRDigitizer system did not match the accuracy of the 

Brainsight/Polaris and Brainstorm/Polhemus systems tested here. Each of the three systems use 

different tracking methods. Brainsight uses an infrared stereo camera with fixed geometry 

passive reflective trackers; this can be very precise but prone to problems with optical occlusion 

between the single mounted camera and the reflective trackers. Brainstorm uses an 

electromagnetic transmitter and receivers which do not require line of sight; however, this 

system can be subject to geometric distortion in the presence of nearby metal objects (see 

supplementary Figure 7.7). VRDigitizer with the Vive estimates tracked device pose by 

measuring the relative timing of signals emitted from the shared Lighthouse beacons, combined 

with IMU data; the Vive also can have issues with optical occlusion and reduced precision.  

For the results presented here, the electrode positions measured by the Brainsight system were 

used as the “ground truth” or reference for comparing localization accuracies. The relatively low 

RMS errors observed between repeated Brainsight measurements support the assumption that 
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this system provides a suitable reference with which to compare the various digitization 

systems. However, it is possible that some consistent bias or geometric distortion was present in 

these repeated measurements; effects of such consistent error, if any, were minimized during 

phantom measurements by moving the head relative to the Brainsight/Polaris camera and 

repositioning the head tracking glasses between repeated sets of measurements. Nevertheless, 

more absolute measurements of digitization accuracy could be obtained in the future by using a 

phantom with precise, rigidly defined points (e.g. as used in (Russell et al., 2005)).  

Each system tested here still requires the operator to “point” a stylus at each electrode during 

digitization; the amount of time required for this process can discourage the use of digitization 

in some cases. Other recently introduced systems using photogrammetry (Russell et al., 2005) or 

3D scanners (Koessler et al., 2011) hold promise for faster and more automatic electrode 

digitization with comparable accuracy. These approaches, while promising, also require 

hardware that is currently more expensive than the VRDigitizer approach described here. 

Another possible method for reducing time needed for digitization with stylus-based systems is 

to only digitize a representative subset of electrodes (He and Estepp, 2013). While not yet 

implemented here, the open-source VRDigitizer software can be freely modified, and such 

improvements can therefore be integrated into the software in the future. 

Overall, the availability of cost-effective hardware and open source software for digitization of 

EEG electrode positions should benefit the EEG community, facilitating analysis of EEG signals in 

source space using inverse source imaging methods, with more relevant subject-specific head 

models and electrode positions. Such approaches are necessary to move beyond single channel 

analyses and scalp topographies for more robust individual and group-level EEG source imaging. 
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7.5 Supporting information 

 

Figure 7.7: Example of distortion in Brainstorm/Polhemus measurements caused by nearby metal. A 
40 mm x 40 mm x 300 mm piece of extruded aluminum was placed oriented vertically near the 
phantom head to demonstrate the effects of the presence of metal on Polhemus digitizer 
measurements. The RF transmitter was approximately 22 cm from the center of the head along the 
horizontal plane, and approximately 10 cm below the lowest electrode. (A) shows the results of 
digitizing with the aluminum piece placed between the RF transmitter and the of the head, about 7 cm 
from the center of the head. (B) and (C) show the results of digitizing after moving the aluminum piece 
10 cm and 20 cm to the right (perpendicular to the line between the RF transmitter and the center of 
the head), respectively. (D) shows the results of digitizing without any metal nearby with the Polhemus 
system. (E) shows example results of digitizing with the VRDigitizer two tracker setup. In the upper and 
middle plots, the green and gray circles indicate fiducials and electrodes measured by the Polhemus 
digitizer (A-D) or VRDigitizer (E), while the blue and black circles indicate fiducials and electrodes 
measured for the Brainsight reference condition; the colors of the lines connecting corresponding 
electrodes across the two datasets are indicative of the magnitude of localization error. Interpolated 
localization error is plotted with the same color scale on a projected 2D scalp topography in the lower 
plots. 
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