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Abstract 

Transcranial magnetic stimulation (TMS) is a non-invasive brain stimulation 

technique that can modulate brain activity through a time-varying magnetic field 

which induces an electric field in the brain. TMS has been used extensively in 

research and clinical applications because of its ability to non-surgically deliver 

suprathreshold stimulation to the brain in a safe manner. Despite the popularity of 

TMS, there are still major gaps in our understanding of how TMS modulates brain 

activity on a fundamental neuroscience level. Therefore, the TMS mechanism of 

action is still under investigation. Improved stimulation technology and 

computational tools have promise for bridging this gap in our understanding. In my 

dissertation, I developed new methodologies and computational models that 

advance the current state-of-the-art in TMS and can assist researchers in their 

future investigations. First, I describe a closed-loop TMS system that can deliver 

the stimulation based on the instantaneous brain state. This allows researchers to 

investigate the role of the intrinsic neural activity on the brain’s responsiveness to 

TMS. To further provide insights into how TMS modulates brain activity at a large 

brain-scale and the neuronal level, I developed a multi-scale modeling paradigm. 

Computational simulations have been used extensively to estimate electric fields 

induced in the brain by TMS, however, their results still need to be validated. To 

this end, in the second study here, I utilize analytical solutions to evaluate these 

numerical simulations. After confirming the accuracy of the electric field models, I 
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incorporated multi-scale modeling to further investigate how the externally induced 

electric fields alter the behavior of neurons and their subcellular activity. The 

subcellular modeling of neurons allows researchers to study the lasting effects of 

TMS in neurons in a sophisticated multi-scale model for the first time. In summary, 

the tools developed in my PhD can facilitate answering long-lasting questions 

about the TMS mechanism of action. This, in turn, will enable developing more 

effective TMS protocols/equipment which can lead to improved clinical outcomes 

in the treatment of psychiatric and neurological disorders with TMS. 
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Chapter 1:  Introduction 

 

 

1.1. Overview 

The brain is indeed a magnificent organ. Sensation, motor function, language, 

emotion, and cognition all come from the brain. The human brain is made up of a 

staggering number of neurons; estimated close to 100 billion (Azevedo et al., 

2009). Neurons are the basic processing units in the brain that receive, integrate, 

and transmit information electrically in the form of action potentials. When the 

membrane potential of the neuron reaches a certain threshold, due to the 

activation of voltage-gated ion channels, the rapid influx of ions generates a strong 

electrical signal that propagates throughout the cell. When the action potential 

reaches the axon terminals, the signal is transmitted to other neurons through 

chemical and electrical junctions called synapses. In humans, each cortical neuron 

interacts with other neurons by forming thousands of synapses on average 

(Pakkenberg et al., 2003). Scientists in multiple disciplines have long been 

fascinated by the brain and have been trying to make sense of this complex organ. 

To this end, researchers have applied a broad range of methods to study human 

and animal brains at different scales; from the molecular level, all the way to the 

system level. We are still at the beginning of the road in untangling this mystery of 

“I am a brain, Watson. The rest 
of me is a mere appendix.” 

- Arthur Conan Doyle 
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the universe—perhaps the most complex one. Nevertheless, we have learned that 

a remarkable degree of harmony is necessary across the brain for it to function 

properly. Any pathological deviation from this state can cause neurological or 

psychiatric disorders. 

To address such mental disorders, a spectrum of treatment methods has been 

utilized throughout history, e.g. medication, brain surgery, and even supernatural 

rituals. Electrical stimulation is a treatment method that dates back to the early CE 

when torpedo fish were used to relieve headaches in Rome. About a millennium 

later, it is reported that Avicenna used shock therapy for the treatment of 

depression (described as melancholia in original texts) (Zwanzger et al., 2016). 

Later on, from the 18th to early 20th century, multiple physicians and therapists 

administered various forms of transcranial electrical stimulation (TES) as a non-

conventional treatment method (Kadosh and Elliott, 2013). However, most of these 

attempts were either unsuccessful or there were serious side effects (e.g. in case 

of electroconvulsive therapy [ECT]). Later in this century, deep brain stimulation 

(DBS) was developed by surgically implanting the electrodes in the brain. 

However, despite its success in treating Parkinson’s disease, DBS had limited 

utilization due to its invasiveness. Therefore, in search of alternative brain 

stimulation techniques, scientists started experimenting with magnetic stimulation 

of the brain from the early 20th century. After some technological developments, 

Anthony Barker and colleagues introduced the first stable transcranial magnetic 
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stimulation (TMS) system in 1985 (Horvath et al., 2011). In this dissertation, we 

focus on TMS as a neuromodulation method. 

1.2. Transcranial Magnetic Stimulation (TMS) 

Non-invasive brain stimulation (NIBS) is a set of non-invasive neuromodulation 

techniques that have been gaining increasing attention both for research and for 

clinical applications (Peterchev et al., 2012). Transcranial magnetic stimulation 

(TMS) is one of the most commonly used NIBS methods that generates a strong, 

short magnetic field by passing currents through a magnetic coil (Barker et al., 

1985). When TMS is applied to the head, the magnetic field passes through the 

skull, and because the magnetic field is transient, an electric field is induced in the 

brain, as explained according to Faraday’s law. These TMS-induced electric fields 

in turn stimulate the neurons (Hallett, 2007). Figure 1.1 shows an example of the 

electric field distribution in the brain under the TMS stimulation of the motor cortex. 
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Figure 1.1 Transcranial Magnetic Stimulation. (A) TMS coil placed on top of the motor cortex. 
(B) Spatial distribution of the electric field magnitude induced on the grey matter. 

 

TMS to the motor cortex (M1) can elicit motor evoked potentials (MEP) in the 

muscles. Such muscle activations can be easily recorded using electromyography 

(EMG), and therefore used as a direct readout of brain excitability. Since TMS can 

safely induce suprathreshold activity in the brain with minimal discomfort, it is 

utilized as a probing tool. Delivering single-pulse TMS has been clinically 

incorporated to diagnose damage to the motor regions or corticospinal tract, e.g. 

due to cerebral stroke or motor neuron diseases (Groppa et al., 2012). 

Furthermore, TMS has been widely used in scientific research to perturb local brain 

activity as a means to study the causality and functional connectivity in healthy 

participants and patients (Valero-Cabré et al., 2017). Beyond that, repetitive TMS 

(rTMS) has been employed for the clinical treatment of psychiatric disorders 

(Ziemann, 2017). In rTMS protocols, a train of TMS pulses with specific temporal 

and frequency profiles are delivered to brain regions to induce long-term changes 

in the brain. Studies suggest rTMS does this by inducing synaptic plasticity 

involving long-term depression (LTD) and long-term potentiation (LTP) 

(Hoogendam et al., 2010). Therapeutic rTMS has been commonly used for the 

treatment of pharmacoresistant Major Depressive Disorder (MDD), (Perera et al., 

2016). But, rTMS has also been recently approved by the Food and Drug 

Administration (FDA) for obsessive-compulsive disorder (OCD), Attention-

deficit/hyperactivity disorder (ADHD), and smoking addiction (BrainsWay, 2020; 
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Commissioner, 2020a, 2020b). Further investigation for rTMS therapy of other 

psychiatric disorders is currently underway. 

Despite the prevalence and practical importance of such brain stimulation 

methods, there are still major gaps in our understanding of how TMS modulates 

brain activity at the neuronal level, subcellular level, and at the network level. We 

know that the external electric fields induced by TMS are responsible for 

de/hyperpolarizing neurons’ membrane potential and therefore affect the neuronal 

activity (Radman et al., 2009). However, due to the complexity of the brain, there 

are many open-ended questions such as: Which neurons are activated during TMS 

and under which conditions? What are the changes in local and large-scale brain 

networks? What are the long-term effects of (r)TMS? How does (r)TMS induce 

plasticity, modulate neuron ion channels, and change molecular characteristics of 

neurons? And how the intrinsic brain state influences the TMS response? Previous 

studies have tried to tackle these questions using a variety of methods and have 

greatly broadened our understanding of the TMS field. However, several 

experimental limitations hinder researchers to answer such fundamental scientific 

questions. Human experiments are typically limited to non-invasive recordings of 

the brain, which does not allow direct recording from neurons. Due to ethical 

reasons, occasional invasive recordings of humans occur only in limited scope 

among people with underlying neurological pathologies; e.g. 

Stereoelectroencephalography (SEEG), ECoG (Electrocorticography) or iEEG 

(intracranial Electroencephalography) for Intracranial Monitoring of seizure 
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patients. Therefore, invasive studies are mainly limited to animals. However, 

translating the animal findings to humans is not straightforward and needs careful 

assessment (Alekseichuk et al., 2019). Furthermore, because of the technological 

restrictions, current recording devices have a narrow spatio-temporal scope which 

slows the progress of understanding the TMS mechanism of action. On the other 

hand, in both animal and human studies, intrinsic brain dynamics are 

unpredictable. Since the brain state and the local brain connectivity have a major 

effect on the brain response to TMS (Castrillon et al., 2020; Ozdemir et al., 2020; 

Pasley et al., 2009; Silvanto and Muggleton, 2008), it complicates making 

inferences about the TMS mechanism of action. Therefore, despite the significant 

progress in the field of TMS, further technical developments are necessary to 

assist researchers in their investigations. 

1.3. Summary of Studies 

In this dissertation, I will discuss technical developments to address some of the 

challenges mentioned above. 

To address the physiological variability caused by ongoing brain dynamics, I will 

describe a closed-loop system in chapter 2 and propose a new algorithm that can 

deliver the TMS based on the state of the brain. This way, the closed-loop 

approach can potentially reduce the intra-individual variability of TMS responses. 

From the practical point of view, this method can be used to deliver the TMS at the 

right time, to induce the maximal response. Furthermore, it allows researchers to 



7 
 

investigate the role of the intrinsic neural activity on the brain’s responsiveness to 

TMS. 

Then, to further provide insights into how TMS modulates brain activity on the 

macro-scale and the neuronal level, I incorporate numerical modeling paradigms. 

Numerical simulations of electric fields induced by TMS have been extensively 

used in the field to study the TMS mechanism and for targeting of brain regions. 

However, despite their success, they still need to be properly validated. Motivated 

by this need, in chapter 3 of this dissertation, I discuss the derivation of analytical 

solutions to confirm the numerical simulations of electric fields induced by TMS. 

After confirming the accuracy of the models, I extend the electric field simulations 

to microscopic scales in chapter 4. For this, I incorporate multi-scale modeling to 

further investigate how the externally induced electric fields alter the behavior of 

neurons and their subcellular activity. Here, morphologically realistic neurons are 

solved numerically using the cable equations with proper biophysics to simulate 

the membrane voltage of the neuron across time under the TMS-induced electric 

fields. Then, based on these voltage traces, calcium diffusion equations are solved 

to calculate the calcium concentrations induced by voltage-dependent calcium 

channels. 

Finally, in chapter 5 of this dissertation, I make conclusions about the 

abovementioned studies and discuss the application of these technical 

developments for fundamental research and in the clinical domain.
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Chapter 2: Real-Time Closed-Loop 

EEG Phase-Specific Transcranial 

Magnetic Stimulation 

 

 

 

2.1. Introduction 

Large-scale brain activity undergoes ongoing cyclical changes resulting from 

neural activity interaction of cellular and circuit properties (Buzsáki and Draguhn, 

2004). These neural oscillations represent rhythmic alternations between high and 

low excitability brain states (Schroeder and Lakatos, 2009). 

Electroencephalography (EEG) enables us to noninvasively record these brain 

oscillations, which are capturing the synchronous activity of neural ensembles 

(Buzsáki et al., 2012). The instantaneous phase of brain oscillations is an important 

feature of neural processing (Alekseichuk et al., 2016; Jacobs et al., 2007; Maris 

et al., 2016; Sauseng and Klimesch, 2008; Thut et al., 2012). Thus, it can serve as 

an indicator of brain excitability to inform the timing of brain stimulation delivery 

such as Transcranial Magnetic Stimulation (TMS). 

“Things are going round and round 
in my head--or maybe my head is 
going round and round in things.” 

- Diana Wynne Jones 
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TMS is a non-invasive brain stimulation method that induces strong short-lasting 

electric fields in the brain (Barker et al., 1985). A TMS pulse is generated by 

passing a high-intensity electrical current through an inductive coil to create a 

magnetic field that penetrates the skull and induces a secondary electric field in 

the brain, which modulates neural activity (Hallett, 2007; Opitz et al., 2011). TMS 

is being increasingly explored as a tool to modulate brain activity for the treatment 

of neurological and psychiatric disorders (Lefaucheur et al., 2014). The 

combination of TMS with EEG can improve stimulation protocols by tailoring them 

to the individual’s ongoing brain state (Bergmann et al., 2016; Thut et al., 2017).  

Numerous studies have assessed the relationship between ongoing EEG 

oscillations and physiological responses to TMS. For instance, (Romei et al., 2008) 

reported that for the same TMS stimuli, phosphene induction is increased for lower 

prestimulus alpha power in posterior brain regions. (Dugué et al., 2011) found a 

higher probability of TMS-induced phosphenes during the peaks of occipital alpha 

oscillations. Reports on whether EEG power and/or phase are relevant markers of 

corticospinal excitability for TMS motor evoked potentials (MEPs) are mixed in the 

literature e.g. (Berger et al., 2014; Hussain et al., 2019; Keil et al., 2013; Schulz et 

al., 2014). However, the inferences to be drawn from these studies are limited, as 

they employed a post hoc analysis of EEG data, thus, not allowing a direct causal 

test of current EEG brain states on TMS responses. 

Real-time EEG-TMS methods that deliver stimulation based on the present brain 

state have the potential to overcome the limitations of previous EEG-TMS studies. 
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Further, they can potentially deliver more efficient brain stimulation and improve 

research and clinical outcomes (Karabanov et al., 2016; Polanía et al., 2018; 

Zrenner et al., 2016). Recent implementations of such real-time EEG-TMS 

systems delivered TMS based on the phase and power of the EEG mu-rhythm to 

study MEP corticomotor excitability (Madsen et al., 2019; Zrenner et al., 2018). 

Further, alpha-synchronized TMS over the dorsolateral prefrontal cortex (DLPFC) 

has been investigated for depression treatment (Zrenner et al., 2019).  

While real-time approaches are a promising technology, they come with a set of 

technical challenges. In particular, it is difficult to extract the instantaneous phase 

of the recorded EEG signals accurately in real-time. One main problem of any real-

time processing system compared to offline methods is the trade-off between 

speed and accuracy. Since the data needs to be processed within a limited time 

window, algorithms have to be computationally fast, even at the cost of accuracy. 

Another problem is that during real-time computations, we are limited by causality 

in signal processing, which means that future signal samples are not available for 

processing such as filtering. In signal processing, band-pass filters extract the 

frequency bands of interest (e.g. alpha, beta). These filters invariably introduce 

artifacts around the edges of the available time-series. Since only data recorded 

up until the current time point are available, filtering inevitably distorts the data and 

its phase at the current moment. Thus, it is necessary to predict the signal and 

phase based on the currently available undistorted data from the near past, which 

can also compensate for any hardware delays.  
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Multiple methods have been proposed for EEG forward prediction. Since 

continuous EEG signals to a certain degree are nonsinusoidal and nonstationary 

(Cole and Voytek, 2017; Mäkinen et al., 2005), this is a challenging problem. Two 

main methods have been suggested for real-time phase-dependent EEG-TMS: 1) 

Forward prediction in the time domain. Here, the algorithm uses temporal patterns 

in a short time window (e.g. the last 0.5 seconds of recorded data) in a frequency 

band of interest to predict the signal waveform for future time periods. One 

particular implementation is the autoregression model-based prediction (Chen et 

al., 2013).  2) Forward prediction in the frequency domain. Here, the signal is 

projected into the Fourier domain to capture the main sinusoidal (Mansouri et al., 

2017) or wavelet component (Madsen et al., 2019) to be used for phase 

extrapolation. 

While these methods have been successfully implemented for real-time phase 

prediction, they have certain drawbacks. Commonly used autoregressive (AR) 

predictions in the temporal domain need careful parameter optimizations, have 

high computational demand, and need high signal power in the frequency band of 

interest which can lead to the exclusion of participants (Zrenner et al., 2018). 

Frequency-domain algorithms, like in (Mansouri et al., 2017) are computationally 

effective and relatively parameter-free, but their accuracy relies on the periodicity 

and harmonicity of the brain signal.  

To overcome existing accuracy-complexity trade-offs, we propose a third, 

conceptually independent method that is parameter-free, fast, and provides a 
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similar or higher accuracy compared to the existing methods. This algorithm, 

named Educated Temporal Prediction (ETP), leverages a short training session 

before the real-time application to learn each individual’s statistical features of the 

target brain oscillation. Unlike the first two methods that only use data in the current 

time window for forward prediction, ETP utilizes pre-learned features for faster or 

more accurate predictions. Since this algorithm is trained on more data (~minutes) 

than it has access to during real-time processing (~1 second), it can be more 

robust to compensate for occasional reductions in signal quality. In our current 

implementation, the ETP algorithm relies on a basic statistical characteristic of 

phasic data – the central moment of the inter-peak intervals in the time domain. 

The goal of this study is to compare all algorithms using in silico and in vivo real-

time implementations. 

2.2. Material and Methods 

2.2.1. Phase Prediction Algorithms 

Several different classes of algorithms to detect and predict the EEG phase for 

TMS closed-loop stimulation have been proposed in the literature. Below we 

summarize the key principles for (a) Fast Fourier Transform (FFT) based 

prediction, (b) Autoregressive (AR) forecasting, and (c) newly suggested Educated 

Temporal Prediction (ETP). 

Fast Fourier Transform (FFT) Prediction. The key feature of this algorithm is to 

use the frequency domain of the EEG signal for forward prediction e.g. (Mansouri 
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et al., 2017). The specific implementation in our experiment (Figure 2.1A) is as 

follows: 1) The Laplacian montage for the desired brain region is applied to the 

signal (Hjorth, 1980)  (Figure 2.1E). 2) The signal is zero-phase FIR (Finite Impulse 

Response) filtered in the frequency band of interest (Alpha: 8-13 Hz, Beta: 14-30 

Hz) using the Fieldtrip toolbox (Oostenveld et al., 2010). 3) The FFT of the signal 

is calculated. 4) The dominant oscillation (maximum amplitude in the frequency 

spectrum) is detected. 5) The phase of the signal at the dominant frequency is 

calculated from the angular component of the complex FFT signal. 6) A sine wave 

of the dominant oscillation with given frequency and phase as calculated in the 

previous steps is used for forward prediction. 

AutoRegressive (AR) Prediction. In this method, the signal is predicted in the 

time domain. A detailed description can be found in (Zrenner et al., 2018; Chen et 

al., 2013). In our implementation we perform the following steps (Figure 2.1B): 1) 

The Laplacian of the electrodes corresponding to the region of interest is 

calculated. 2) The signal is zero-phase band-pass filtered in the frequency band of 

interest using an FIR filter. 3) The edges of the signal are trimmed to remove edge 

artifacts due to filtering. 4) The remaining signal is used to calculate the coefficients 

for the autoregressive model. 5) Using the AR coefficients, the signal is iteratively 

forward predicted. 6) The instantaneous phase of the predicted signal is calculated 

using the Hilbert transform. 

Educated Temporal Prediction (ETP). In this method, we propose to include a 

short training phase to learn the individual statistical properties of the oscillation of 
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interest. We use a simple and robust method to extract inter-peak intervals and 

their central moment. Assuming that brain oscillations are quasi-stable over the 

short measurement periods, one can determine the typical interval between 

subsequent signal peaks (corresponding to 360° in phase). To predict the time 

point at which the next target phase, i.e. the peak, will occur, one can add the 

period between signal peaks to the time of the last peak in the current recorded 

signal window. Here, we have implemented this algorithm as shown in Figure 

2.1C-D: 1) Three minutes of resting-state data is recorded. 2) The Laplacian 

montage for the region of interest is applied. 3) The data is filtered with a zero-

phase FIR filter in the band of interest. This signal is used as the ground truth for 

later steps. 4) Signal peaks in the first 90 seconds of the training data (learning 

phase) are identified (Tn). To ensure that found peaks are meaningful and not a 

result of noise, a criterion of minimum peak distance (i.e. 62.5 ms for alpha 

oscillations) was introduced. 5) The median of the periods between those peaks 

was chosen as the interpeak interval (T) to be used for peak prediction. 6) The 

second 90 seconds of raw resting EEG data are used for the estimation of the 

accuracy of the phase prediction (validation phase). For this, 250 overlapping 

windows with a length of 500 ms are selected. 7) The Laplacian montage of the 

region of interest is applied and the windows are individually filtered in the band of 

interest using a non-causal sinc filter (brick-wall filter in the Fieldtrip toolbox). 8) 

The edge (40 ms for alpha) from the end of the window is removed to avoid the 

edge artifact caused by the filter. 9) The peaks in this window with the criteria 
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explained in step 4 are detected. 10) The timing of the next peak is predicted by 

adding T to the last detected peak. 11) The actual phases of the signal at the 

predicted peaks are measured from the Hilbert transform of the ground truth. 12) 

In an ideal case, the actual phase of all the predicted peaks should have no 

deviation from the target phase. However, due to the presence of noise, the 

achieved phase values may differ. To minimize the potential error in the phase 

detection, the value of T is increased or decreased incrementally to achieve a zero-

mean deviation from the target phase. The adjusted value (Tadj) is used for real-

time phase estimation. In other words, the bias in phase detection is removed 

without a change in variance. The calculated phases in this section can also be 

used as an estimation of the algorithm accuracy in real-time performance. In the 

real-time segment of the experiment, using Tadj, steps 7-10 described above are 

applied to the current window to predict the next peak (Figure 2.1D). If stimulation 

at any other phase is desired, we can progress the phase of the signal linearly and 

calculate the time projection needed from the last peak according to equation (2.1): 

 𝑻𝒂𝒅𝒋∗ =
𝜽

𝟐𝝅
𝑻𝒂𝒅𝒋 (2.1) 

Where Tadj* is the new value of T to be added to the last detected peak in the time 

window, θ is the target phase for the stimulation. 
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Figure 2.1 Closed-loop algorithm implementation. (A) FFT algorithm. Left panel: The raw data 
(black) is band-pass filtered (purple). Right panel: the filtered data is Fourier transformed (purple), 
the frequency and phase of the dominant frequency are calculated (red). A sine wave with the 
calculated frequency and phase is used for forward prediction (red, left panel).  (B) AR algorithm. 
The raw data (black) is band-pass filtered (blue). Signal edges on both sides are removed (gray). 
The autoregressive model is estimated, and the signal is predicted (dotted red). The phase of the 
predicted signal is calculated using the Hilbert transform (Solid red). (C) ETP training. During the 
learning phase, the first half of the resting state data is band-pass filtered and the distances 
between peaks are calculated. The median of the peak periods is calculated as the initial interpeak 
interval T. The second half of the resting-state data is used for the validation phase, the data is 
segmented into smaller epochs and the peaks are forward projected using T. The predicted peaks 
are compared with the ground truth. Then, T is fine-tuned for optimal performance (Tadj) (D) ETP 
Real-time application. The raw data (black) is band-pass filtered (green). The edge at the end of 
the data is removed (gray). The last peak in the time window is projected in the future using Tadj. 
(E) Laplacian montages used for the regions of interest. The red electrode is the central electrode. 
The mean of the surrounding electrodes (black) is removed from the central electrode. 
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2.2.2. In Silico Validation Based on Prerecorded Resting-State EEG 

Algorithm Development and Parameter Optimization. We used a separate 

prerecorded resting-state EEG dataset for the development and initial optimization 

of the algorithms. For this, data from 25 individuals (13 female) with an average 

age of 19 years were taken from the Child Mind Institute healthy brain network 

dataset (Alexander et al., 2017). Phase detection was simulated on segments of 

resting EEG data which acted as surrogates of the real-time data. In the 

development process, we optimized parameters such as filter type, filter order, 

number of samples for edge removal, peak detection. Priority was given to 

algorithm performance (i.e. phase accuracy) as long as the process was fast 

enough to run in real-time. In case the performance of two procedures was 

equivalent, the faster one was chosen. 

Algorithm validation. After development, we used another dataset to estimate 

the accuracy and speed of each algorithm to ensure the generalizability of the 

results. This dataset included resting-state EEG from 13 healthy adults sampled 

at 1 kHz with a high number of electrodes (Sockeel et al., 2016). Each individual’s 

data was epoched with a 500 ms window length and a 50% overlap. We used the 

three algorithms, FFT, AR, and ETP, to predict the phase over three brain regions: 

left prefrontal cortex (PFC), left motor cortex (M1), and left occipital cortex (OC). 

These predicted values were compared to the ground truth (continuous EEG data 

with a two-pass high-order FIR filter and Hilbert transformed to extract phase) to 
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measure the performance. The computation time needed for each algorithm to 

process the data was also recorded for each epoch. 

2.2.3. In Vivo Real-Time Experiments 

System Validation. In order to technically validate the closed-loop system, 

including hardware and software, we created a test scenario using a dummy head 

model made of a plastic frame and soft fabric soaked with the saline solution and 

a known electrical input signal (alternating current at 10 Hz) generated with the 

XCSITE 100 amplifier (Pulvinar Neuro, Chapel Hill, North Carolina, US). Since the 

signals recorded by all EEG electrodes are perfect oscillations (within technical 

limits) with a high signal-to-noise ratio (SNR), we expected to detect the phase 

correctly using all algorithms and confirmed this in the technical test (refer to Figure 

A.1 for results). 

Human Participants Testing. The study protocol was approved by the 

Institutional Review Board of the University of Minnesota. All volunteers gave 

written informed consent prior to participation. Eight healthy participants (three 

female, average age = 27) without a history of neurological disorders took part in 

the main experiment, where we targeted the alpha oscillations. In one participant, 

due to a high level of noise during the measurement, the recordings of the motor 

region for all the methods were removed. In the main experiment, we targeted the 

alpha band (8 - 13 Hz). To test whether the algorithms can perform well in a 

different frequency band, four participants (two females) were called back to test 
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the beta band condition. For this test, we changed the band-pass filter frequency 

to (14-30 Hz), while keeping all the other parameters the same. 

Experimental Protocol. The volunteers were asked to sit in a comfortable chair 

in a relaxed position throughout the experiment. The participants were instructed 

to maintain a resting state with eyes open during the recordings. The experimental 

paradigm is illustrated in Figure 2.2. Five minutes of resting-state were recorded 

at the beginning and the end of the session. We tested the three algorithms to 

predict the EEG alpha phase over three brain regions (left PFC, left M1, left OC) 

in a total of nine blocks, of five minutes each. The order of regions and the order 

of algorithms within each region was randomized. For the ETP method, there was 

a separate training block in which three minutes of resting-state data were 

recorded immediately prior to the real-time block. 

 

Figure 2.2 Experimental Protocol. Resting-state EEG is recorded at the beginning and end of the 
experiments. For each three brain regions that are randomized in order, three algorithms are tested 
in real-time. Before the real-time ETP block, the resting state is recorded, and the algorithm is 
trained. 

Electrophysiological Recordings. Scalp EEG was recorded using a 64-channel 

EEG amplifier (actiCHamp, Brain Products GmbH, Germany) with active Ag/AgCl 

electrodes (actiCAP slim, Brain Products GmbH, Germany). The data were 
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recorded at a sampling rate of 10 kHz with 24 bits resolution. The impedance 

between the scalp and each electrode was kept below 20 kΩ. 

Since we are interested in recording the signal coming from a local brain region, 

we used the Laplacian montage that subtracts the mean values of the surrounding 

electrodes from the electrode of interest. This allows for common-mode rejection 

of signals coming from sources outside of the region of interest. Figure 2.1E 

illustrates the exact montages that were used for this study. 

Real-time Digital Signal Processing. EEG data from the amplifier was streamed 

to the processing computer (Microsoft Windows 10, 4 cores 3.60 GHz CPU, 16 GB 

RAM) using the Lab Streaming Layer (LSL, 

https://github.com/sccn/labstreaminglayer) software in real-time. Custom scripts 

(https://github.umn.edu/OpitzLab/CL-phase) were used in MATLAB R2017b to 

receive and process the EEG data and send the triggers to the TMS machine 

(Magstim Rapid2, UK). The last 500 ms of the streamed data was selected and fed 

to the algorithms to perform the phase estimation and prediction. The 500 ms 

window was updated upon receiving each new sample. In order to perform 

accurate real-time analysis, it is essential to process the current window of data 

before the next sample is received. This ensures that the system runs smoothly 

and sustains real-time performance during the whole session. Thus, the streaming 

data were downsampled before performing the analysis on each window. Since 

the ETP and FFT methods are computationally fast, we downsampled the EEG 

data to 1 kHz. For the AR algorithm, due to high computational demand and 
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consistency with previous work (Zrenner et al., 2018), the data were downsampled 

to 500 Hz. 

Real-Time Stimulation Triggers. During the real-time phase estimation, a TTL 

(Transistor-transistor logic) pulse was sent from the parallel port of the computer 

to trigger the TMS machine. Due to an overall processing delay (~1-2 ms) and a 

lag of the TMS machine to deliver the magnetic pulse from the time it receives the 

trigger, there is a total trigger delay one needs to account for. Since this delay is 

stable over time, it was experimentally measured during the system validation and 

adjusted in the code. Note that the total delay is system-specific and should be 

measured for each system separately. In our experiments, triggers were sent when 

the estimated phase approached the proximity of the desired phase adjusted with 

the technical delay. Since TMS pulses are very strong compared to the EEG 

signals, they cause large artifacts that would distort the phase estimation to 

determine the ground truth in offline processing (Ilmoniemi and Kičić, 2009; Herring 

et al., 2015). Therefore, in this study, since we are mainly interested in comparing 

the accuracy of different methods, we did not apply a TMS pulse and only recorded 

the time at which the triggers were sent. This way, the EEG signal was not 

distorted, allowing us to estimate the ground truth phase for algorithm comparison. 

2.2.4. Data Analysis and Statistics 

Algorithm Performance. We quantified the performance of each algorithm 

calculating its bias, variance, and accuracy. Bias shows the typical difference in 

the outcome from the target. Here, we used the average difference between the 
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estimated phase and the target phase. Variance quantifies how spread the 

outcome distribution is. We used the standard deviation to report to quantify the 

spread. We defined the accuracy in equation (2.2): 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  1 −
1

𝑁×180
∑ |𝜃𝑖 − 𝜃0|

𝑁
𝑖=1  (2.2) 

Where N is the number of trials for which the phase is estimated, θi is the estimated 

phase (°) for the trial i, and θ0 (°) is the desired phase. Accuracy of 1 means that 

the phase has been estimated precisely all the time. Accuracy of 0.5 is a uniformly 

random phase estimation. Accuracy of 0 means that all phases have been 

detected as the opposite of the target phase (e.g. troughs instead of peaks). 

Statistical Comparison Between the Algorithms. To test whether there is a 

statistical difference between the algorithm performance, we used a general linear 

mixed-effects model (GLME) with accuracy as the dependent variable, algorithm 

type as the fixed effect, and brain region as the random effect variables. In case 

the result of GLME was significant, we used the Wilcoxon signed-rank test to 

compare each pair of algorithms. 

Signal-to-Noise Ratio (SNR) Measurements and Accuracy Regression. One 

key factor for closed-loop performance is the signal-to-noise ratio in EEG 

recordings. Especially the presence or absence of a prominent alpha rhythm has 

been used as participant selection criteria in previous studies (Zrenner et al., 

2018). We hypothesized that phase estimation accuracy will depend on data 

quality and alpha power. To test this, we calculated the SNR for each experimental 
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EEG block during post-processing. SNR was measured by calculating the Power 

Spectral Density (PSD) using Welch’s method with 2s epochs and Hamming 

windows and then dividing the total power in the alpha band by the total power 

over all frequencies (1-45 Hz). To quantify this relationship, we calculated the 

linear regression model between the SNR and phase accuracy of each 

experimental block for the three algorithms separately. 

Resting-State Analysis. The ETP algorithm expects that EEG oscillations in the 

band of interest are quasi-stable over the experiment (in our case, approx. 1 h). 

To test this, we compared the resting-state data recorded pre-experiment with 

post-experiment data. Resting-state data were preprocessed to remove noise and 

artifacts (Delorme and Makeig, 2004; Oostenveld et al., 2010). We calculated the 

PSD and identified the frequency of maximum PSD for each volunteer in pre and 

post data. We used the Wilcoxon signed-rank test to evaluate any possible 

systematic shifts in the alpha peak frequency for all the three brain sites throughout 

the experiment. 

2.3. Results 

2.3.1. In Silico Validation Based on Prerecorded Resting-State EEG 

First, we evaluated the performance of each algorithm in silico. Figure 2.3A and 

Figure A.2 show the polar histograms of the difference between the detected 

phase and the desired phase in the alpha band for FFT, AR, and ETP methods. 

Qualitatively, all algorithms target zero degrees correctly; however, ETP shows the 
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least spread, thus, higher in accuracy, while FFT shows the most spread around 

the target phase. Additionally, a difference in performance accuracy can be seen 

between brain regions with the occipital cortex showing the highest accuracy 

followed by M1 and finally PFC (Figure 2.3B). Table 2.1 summarizes the 

performance metrics (mean, standard deviation, and accuracy) for all algorithms 

and brain regions. As can be seen, all methods have a negligible bias in phase 

estimation; however, AR (mean accuracy = 68%) and ETP (71.8%) algorithms 

manifest lower spreads and therefore higher accuracies compared to the FFT 

(57.2%) algorithm (by 10.8% and 14.6% higher accuracy, respectively). ETP 

performs slightly better than AR by 3.8% in terms of accuracy. The general linear 

mixed-effect model confirms significant differences between the algorithms 

accuracy (F(2,114) = 235, p < 1e-40). Non-parametric pairwise tests indicate a 

statistically significant difference between the accuracy of each algorithm pairs (AR 

vs. ETP: p < 1.e-6, AR vs. FFT: p < 1e-7, ETP vs. FFT: p < 1e-7). 

Since computation speed is essential for real-time performance, we also report the 

median computation times for each method in Table 2.1. ETP works significantly 

faster than the two other methods. FFT and AR perform at a similar speed, 

although the AR method runs at a lower sampling rate which means it is inherently 

slower. Note that the computation times are hardware-specific and, in order to 

ensure that the system can run in real-time, the processing time should be kept 

below the sampling frequency.  
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To test how well the algorithms generalize, we additionally performed phase 

estimation in the beta band. Since beta oscillations are faster, less stationary, and 

cover a broader frequency band, all algorithms perform worse compared to the 

alpha band results (Figure 2.4, Figure A.3, and Table A.1). However, the same 

pattern between the algorithms still holds. ETP (mean accuracy = 64.7%) shows 

3.5% higher accuracy than AR (61.2%), and AR is 5.7% more accurate than FFT 

(55.5%). The results for computation speeds are comparable to that of the alpha 

band. 

 

Figure 2.3 Phase estimation results for the in silico dataset in the alpha band. (A) Polar 
histograms of the difference between the estimated phase and ground truth for each algorithm. The 
phase values are binned into 36 bins. A zero degrees phase would be the ideal outcome since the 
detected phase matches the desired phase.  (B) Box plot of the accuracy measurements with the 
individual datapoints over the three brain sites for each algorithm. 
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Table 2.1 Alpha band performance and computation times in silico 

Algorithm Region Mean (°) SD (°) Accuracy Median Time (ms) 

AR (500 Hz) 

All 5.44 73.59 0.68 0.78 

PFC 5.46 79.30 0.65 0.79 

M1 6.37 75.88 0.67 0.81 

OC 4.49 65.59 0.73 0.74 

ETP (1000 Hz) 

All 0.37 67.35 0.72 0.06 

PFC 0.16 73.54 0.69 0.06 

M1 0.38 69.49 0.71 0.06 

OC 0.56 59.01 0.76 0.06 

FFT (1000 Hz) 

All 5.55 92.36 0.57 0.82 

PFC 4.91 98.20 0.54 0.82 

M1 5.92 94.33 0.56 0.82 

OC 5.83 84.57 0.62 0.81 

 

 

 

Figure 2.4 Phase estimation results for the in silico dataset in the beta band. 

 

2.3.2. In Vivo Real-Time Experiments 

After comparing the algorithms in silico using prerecorded EEG data, we 

implemented them in the laboratory for true real-time validation. Figure 2.5 shows 

the laboratory setup we used for this experiment. 
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Figure 2.5 Laboratory setup for real-time closed-loop experiment. 1) TMS machine 2) TMS 
coil tracker 3) TMS coil 4) Participant tracker 5) Processing computer 6) Trigger box 7) EEG 
amplifier 8) Neuronavigation camera 

 

Similar to the in silico validation, for the in vivo tests, we targeted the peak (zero 

phase) of the alpha rhythm. The polar histograms are illustrated in Figure 2.6A and 

Figure A.4. Figure 2.6B breaks down the accuracy of each algorithm over different 

regions with box plots. The real-time results further validate the findings reported 

in the in silico results, with ETP (mean accuracy = 70.2%) performing marginally 

better than AR (66.6%), while ETP and AR perform considerably better than FFT 

(61.1%). Table 2.2 summarizes the performance metrics of each method in terms 

of bias, standard deviation, and accuracy for each brain region. As can be seen, 

ETP shows 3.6% and 9.1% higher accuracy relative to AR and FFT, respectively. 

Also, AR accuracy is 5.5% higher than FFT. General linear mixed effect model 
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shows significant differences between the algorithms accuracy (F(2,66) = 31, p < 

1e-9). Non-parametric pairwise tests confirm that there is a statistically significant 

difference between the accuracy of each algorithm pairs data (AR vs. ETP: p < 1.e-

3, AR vs. FFT: p < 1e-4, ETP vs. FFT: p < 1e-04). 

We also evaluated a real-time phase estimation in the beta band. The polar 

histograms for beta phase estimations can be found in Figure 2.7, Figure A.5, and 

Table A.2. ETP (mean accuracy = 65.4%) performs considerably better in the beta 

band as opposed to the other methods with 6.7% and 10% higher accuracy than 

AR (58.7%) and FFT (55.4%), respectively. These results are expected because 

the FFT method relies on finding the dominant oscillation to predict the signal and 

the beta band doesn’t have such stable narrowband oscillations as the alpha 

rhythm. For the AR method, optimal parameters such as filter order, edge removal, 

and autoregressive order are highly dependent on the frequency band of interest. 

The parameters used here were based on previous research (Zrenner et al., 2018) 

for the µ-rhythm in the motor cortex and tuned for the frequencies similar to the 

alpha band. Thus, it is likely that AR will need to be adapted for different 

frequencies for optimal performance. Our results indicate that ETP, which is a 

parameter-free method, is readily extendable to different EEG rhythms. 
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Figure 2.6 Phase estimation results in vivo for the alpha band. (A) Polar histograms of the 
difference between the estimated phase and ground truth for each algorithm. (B) Box plot of the 
accuracy measurements with the individual datapoints over the three brain sites for each algorithm. 
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Table 2.2 Alpha band performance metrics in the real-time experiment 

Algorithm Region 
Mean 

(°) SD (°) Accuracy 

AR 

All 8.39 76.00 0.67 

PFC 10.66 77.20 0.66 

M1 9.43 75.26 0.67 

OC 5.07 75.54 0.67 

ETP 

All 0.02 69.87 0.70 

PFC 1.34 73.82 0.68 

M1 -1.10 66.87 0.72 

OC -0.18 68.91 0.71 

FFT 

All 1.31 85.63 0.61 

PFC 1.16 87.90 0.60 

M1 -0.47 84.01 0.62 

OC 3.23 84.99 0.61 

 

 

Figure 2.7 Phase estimation results in vivo for the beta band. 

 

Signal-to-Noise Ratio (SNR) Measurements and Accuracy Regression.  To 

evaluate the importance of SNR for the phase prediction performance, we applied 

a linear regression model between the algorithm accuracies and SNR during the 
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measurement. We defined SNR as the ratio of the alpha power to the total power 

of the signal. Figure 2.8 illustrates the regression results for each algorithm. In 

summary, all methods show a statistically significant increase in phase estimation 

accuracy for higher SNRs (FFT: R2
adj = 0.54, F(21) = 26.3, p < 0.01; AR: R2

adj = 

0.41, F(21) = 16.3, p < 0.01; ETP: R2
adj = 0.44, F(21) = 18.4, p < 0.01). The 

regression slopes are comparable between the methods (0.31 for FFT, 0.28 for 

AR, and 0.32 for ETP). 

 

Figure 2.8 Dependence of phase-detection accuracy on the SNR. The linear regression lines 
are shown in red and the confidence intervals in grey. 

 

Resting-state EEG Analysis. To test whether EEG oscillations are stable 

throughout the experiment, we compared the frequency of maximum PSD in the 

alpha band between the pre- and post-experiment resting-state recordings across 

participants for all three sites using a non-parametric paired test. Figure 2.9 shows 

the maximum alpha frequency of individuals pre- and post-experiment. We found 

no systematic differences (Prefrontal region: p-value = 0.53, Motor: p-value = 0.99, 

Occipital: p-value = 0.58; all degrees of freedom = 22). 
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Figure 2.9 Individual’s maximum alpha frequency between pre- and post-experiment 
resting-state EEG over different regions. 

2.4. Discussion 

Real-time EEG based TMS applications have high potential to develop more 

precise stimulation protocols tailored to the individual’s ongoing brain state. 

However, optimal technical solutions are still being developed and evaluated. We 

introduced a new education-based method in which the algorithm learns important 

features from a short, prerecorded EEG session. We further compared the 

accuracy of three conceptually distinct algorithms (temporal prediction, frequency 

domain prediction, and education-based prediction) to target the peaks of the 

alpha rhythm over three different brain regions. We compared the performance of 

these algorithms first in silico using prerecorded EEG data and second in vivo real-

time experiments in human participants. We found the FFT method to perform the 
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least accurately among the three studied algorithms, likely due to reducing the 

signal to a single-frequency sine wave in the observed time window. Since EEG 

signals are non-stationary and composed of several frequency components, such 

simplification can impair forward prediction. Our proposed education-based 

algorithm (ETP) outperformed the two other methods but was otherwise close in 

accuracy to the AR method. The performance of the ETP method might be due to 

the robustness of the algorithm since it learns EEG signal patterns beforehand and 

doesn’t rely only on a short and possibly noisy segment of data that it has access 

to at the moment of online processing. In addition, we did not exclude any volunteer 

or data epoch to evaluate performance across a more representative sample. 

However, as indicated by the found correlation between algorithm accuracy and 

SNR, higher accuracies could be achieved by excluding participants or time 

windows with low SNR or oscillatory power. 

For real-time applications, computation speed is essential. Hence, we compared 

the run-time speed of all three algorithms. For a given sampling rate, the AR 

algorithm is the most computationally demanding. This is due to the heavy 

calculations needed to compute autoregressive coefficients. On the other hand, 

because of the simplicity of the ETP method, its computation time is significantly 

lower than the other two methods. Thus, ETP can run on lower-end hardware and 

is more accessible to use. Another upside to fast computation time is that it 

provides more room for future developments in real-time processing. One 

drawback of using the ETP method is that it needs to be trained on prerecorded 
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data. However, in our case, three minutes of resting-EEG data were fully sufficient 

for training, which can be easily integrated into a real-time experiment. Further, the 

ETP algorithm is computationally robust and does not need to tune several 

parameters such as the AR method. For example, the order of the autoregressive 

model used in the AR algorithm is highly dependent on the sampling rate and 

frequency of interest on each application, and no trivial method for this optimization 

is available (Krusienski et al., 2006; McFarland and Wolpaw, 2008). For all three 

algorithms used, filter type and order can strongly affect the performance and 

careful consideration is essential for their proper optimization along with any 

algorithm-specific parameters. 

Widespread implementation of real-time TMS-EEG has several potential 

advantages for future research. For example, brain-state dependent EEG-TMS 

studies can remove the need for post hoc analysis since the brain state of interest 

can be controlled during the experiments. Furthermore, closed-loop systems using 

neural biomarkers can be investigated in clinical applications to improve brain 

stimulation treatments. For instance, repetitive TMS (rTMS) to the left DLPFC is 

widely used for treating medication-resistant major depression (Avery et al., 2006; 

O’Reardon et al., 2007). Currently, the treatment protocol does not consider the 

current brain state. However, it is known that EEG oscillations play an important 

role in major depression which can be utilized for treatment plans (Fingelkurts and 

Fingelkurts, 2015; Leuchter et al., 2015). Timing TMS to a high-excitability state 



35 
 

might mean that the brain will be more responsive (Zrenner et al., 2019), possibly 

leading to better treatment outcomes or shorter treatment duration. 

Beyond the algorithms evaluated in this study other less common methods to 

estimate the signal phase exist. (Madsen et al., 2019) used wavelet transforms, 

which are conceptually similar to the FFT method. Recently, machine learning 

algorithms have been suggested to estimate the instantaneous phase from 

unfiltered EEG data (McIntosh and Sajda, 2019). This is similar to the ETP method 

since it uses prerecorded data to extract features that can inform the real-time 

application. However, all existing algorithms have room for improvement in 

accuracy. Due to challenges in implementing real-time phase estimation (such as 

causality, filtering edge artifact, and system delay), further efforts are needed to 

improve the performance of such online phase estimation and prediction 

algorithms. Here, we propose a simple and parameter-free education-based 

method that only uses easy to access temporal features in the signal (i.e. inter-

peak intervals). In the future, more sophisticated algorithms combining temporal, 

frequency, and spatial features present in resting-state EEG can be developed for 

more accurate phase prediction in real-time applications. Due to the increasing 

adoption of brain state-dependent neuromodulation approaches in research and 

clinical applications, further technical developments can help reach the full 

potential of this emerging field. 
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The materials in this chapter are based on the preprint on bioRxiv (Shirinpour et 

al., 2019). The final version of this work is published in the Journal of Neural 

Engineering (Shirinpour et al., 2020a). 
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Chapter 3: Analytical Validation of 

TMS-Induced Electric Field Models 

 

 

 

3.1. Introduction 

Non-invasive brain stimulation (NIBS) is a promising method to study the causality 

of brain-behavior relationships in humans as well as for clinical research in 

neurological and psychiatric disorders (Polanía et al., 2018). Transcranial 

Magnetic Stimulation (TMS) is one of the most commonly used NIBS methods. 

TMS affects neural tissue by inducing a short-lasting electric field at sub- or 

suprathreshold intensities via electromagnetic induction (Valero-Cabré et al., 

2017). The induced electric field in the brain is the main actor for TMS effects. 

However, the electric field is also the most difficult feature to predict as it depends 

not only on controllable factors, such as current intensity and coil location but also 

on the individual head anatomy and tissue biophysics (Opitz et al., 2011; 

Peterchev et al., 2012; Thielscher et al., 2011). 

Stimulation-induced electric fields are difficult to directly assess in humans except 

in cases of intracranial measurements in surgical epilepsy patients. Thus, 

“No human investigation can be 
called real science if it cannot be 
demonstrated mathematically.” 

- Leonardo da Vinci 



38 
 

modeling approaches are most often used to study NIBS electric field distributions 

(Miranda et al., 2018). While computational models are clearly useful to guide 

stimulation protocols and to ensure target engagement (Huang et al., 2017; Opitz 

et al., 2018, 2016), they still cannot predict the physiological outcome of NIBS 

studies. This is due to the missing link between the biophysics of stimulation, i.e. 

electric fields, and the resulting physiological effects. Animal models are crucial to 

close this knowledge gap because they allow simultaneous measurement of both 

the biophysics and physiology of NIBS using invasive recordings. 

Invasive studies in animal models offer a larger neuroscientific toolset with higher 

spatial precision than noninvasive evaluations in humans. Thus, animal work is 

increasingly used to dissect NIBS mechanisms (Kar et al., 2017; Krause et al., 

2017; Vöröslakos et al., 2018). However, the translation of results from the animal 

literature to humans is challenging because it is unclear how to transfer stimulation 

parameters and dose regimes to achieve comparable conditions. For TMS, the 

stimulation intensities used are in the same range for the animal (Hoppenrath and 

Funke, 2013; Mueller et al., 2014; Pasley et al., 2009) and human studies (Rossi 

et al., 2009). Further, many animal studies use smaller TMS coils, which result in 

more focal induced electric fields to compensate for the smaller head size (Deng 

et al., 2013). There is an implicit assumption that the NIBS dose regimens across 

species are comparable, yet there are limited evidence and a lack of systematic 

evaluations. 
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To address some of these issues regarding TMS, we conduct a comparison of 

electric fields in the brain during TMS with both a 70 or 25 mm figure-8 coil across 

a range of head sizes. Furthermore, we adopt an analytical approach to confirm 

the accuracy of the numerical models. This study, therefore, provides a paradigm 

for translating the invasive animal findings to humans. 

3.2. Materials and Methods 

3.2.1. General Framework 

Since there is no closed-form analytical solution for complex anatomical head 

models of humans and animals, we incorporated a simplified spherical model to 

represent the head. Because of the symmetry of the spherical model, it is possible 

to analytically solve for the electric fields present in the model. First, we derive the 

equations governing the electric field in the spherical head model. Then, we outline 

solving the same model using a numerical method. Finally, we compare the 

analytical and numerical solutions. 

3.2.2. Analytical Formulation of TMS-Induced Electric Field 

The analytical solution of the TMS-induced electric field follows the method by 

Eaton derived for a homogeneous spherical volume conductor for an arbitrary TMS 

coil geometry (Eaton, 1992). Below we summarize the essential equations and 

their derivation for a single loop figure-8 coil. To simplify the equations, the origin 

of the spherical coordinate system is set as the center of the model. Time-varying 

signals have the form 𝑒𝑗𝜔𝑡, where 𝑗 = √−1 and ω is the angular frequency. The 
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electric field 𝑬 first depends on the complex vector constant 𝐶𝑙𝑚 that relates to a 

given coil geometry and placement: 

𝐶𝑙𝑚 = ∮
𝑌𝑙𝑚

∗ (𝜃′, 𝜙′)

(2𝑙 + 1)𝑟′𝑙+1
𝒅𝑰′

𝐶𝑜𝑖𝑙

= 𝐶𝑙𝑚
𝑥 î̇ + 𝐶𝑙𝑚

𝑦
j̇̂ + 𝐶𝑙𝑚

𝑧 𝑘̂   (1) 

Where * is the complex conjugate; 𝑟′, 𝜃′, 𝜙′ are radial distance, polar angle, and 

azimuthal angle of the differential segment of the coil, 𝑌𝑙𝑚(𝜃′, 𝜙′) are spherical 

harmonic functions; 𝐼 is the current in the coil; 𝒅𝑰′ is the orientation of the current 

in the coil along the current path. Further, we define 𝐷𝑙𝑚, 𝐸𝑙𝑚, and 𝐹𝑙𝑚 to simplify 

the equations: 

𝐷𝑙𝑚 =
𝐶𝑙𝑚

𝑥 − 𝑗𝐶𝑙𝑚
𝑦

2
   (2) 

𝐸𝑙𝑚 =
𝐶𝑙𝑚

𝑥 + 𝑗𝐶𝑙𝑚
𝑦

2
   (3) 

𝐹𝑙𝑚 =
−𝑗𝜔𝜇0𝐼[𝜎𝑠 + 𝑗𝜔(𝜀𝑠 − 𝜀0)]

𝑙(𝜎𝑠 + 𝑗𝜔𝜀𝑠) + 𝑗𝜔𝜀0(𝑙 + 1)

× {−𝐷𝑙−1,𝑚−1√
(𝑙 + 𝑚 − 1)(𝑙 + 𝑚)

(2𝑙 + 1)(2𝑙 − 1)
+ 𝐸𝑙−1,𝑚+1√

(𝑙 − 𝑚 − 1)(𝑙 − 𝑚)

(2𝑙 + 1)(2𝑙 − 1)

+ 𝐶𝑙−1,𝑚
𝑧 √

(𝑙 − 𝑚)(𝑙 + 𝑚)

(2𝑙 + 1)(2𝑙 − 1)
}   (4) 

𝐹𝑜𝑟 𝑙 > 0, 𝐹00 = 0 

We assume that the sphere has the permeability of free space 𝜇0, where 𝜀𝑠 and 𝜎𝑠 

are the permittivity and conductivity of the homogenous isotropic sphere, 

respectively. We used 𝜀𝑠 ≈ 13000𝜀0 and 𝜎𝑠 = 0.14 𝑆𝑚−1. Using the equations 
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above, the electric field at any given point in space (𝑟, 𝜃, 𝜙) along three spherical 

axes is: 

𝑬 ∙ 𝒓̂ = −𝜇0𝐼 ∑ ∑
(𝑗𝜔)2𝜀0(2𝑙 + 1)

𝑗𝜔(𝜀𝑠𝑙 + 𝜀0𝑙 + 𝜀0)

𝑙

𝑚=−𝑙

𝑟𝑙−1𝑌𝑙𝑚(𝜃, 𝜙)

𝑁+1

𝑙=1

× {−𝐷𝑙−1,𝑚−1√
(𝑙 + 𝑚 − 1)(𝑙 + 𝑚)

(2𝑙 + 1)(2𝑙 − 1)
+ 𝐸𝑙−1,𝑚+1√

(𝑙 − 𝑚 − 1)(𝑙 − 𝑚)

(2𝑙 + 1)(2𝑙 − 1)

+ 𝐶𝑙−1,𝑚
𝑧 √

(𝑙 − 𝑚)(𝑙 + 𝑚)

(2𝑙 + 1)(2𝑙 − 1)
}   (5) 

𝑬 ∙ 𝛟̂ = −𝑗𝜔𝜇0𝐼 ∑ ∑ 𝑗 × (𝐷𝑙𝑚𝑒𝑗𝜙 − 𝐸𝑙𝑚𝑒−𝑗𝜙)𝑟𝑙𝑌𝑙𝑚(𝜃, 𝜙)

𝑙

𝑚=−𝑙

− ∑ ∑ 𝐹𝑙𝑚

𝑗𝑚

sin 𝜃

𝑙

𝑚=−𝑙

𝑁+1

𝑙=1

𝑁

𝑙=0

𝑟𝑙−1𝑌𝑙𝑚(𝜃, 𝜙)   (6) 

𝑬 ∙ 𝛉̂ = −𝑗𝜔𝜇0𝐼 ∑ ∑ {−𝐶𝑙+1,𝑚−1
𝑧 × 𝑒−𝑗𝜙√

(𝑙 − 𝑚 + 2)(𝑙 − 𝑚 + 1)

(2𝑙 + 1)(2𝑙 + 3)

𝑙

𝑚=−𝑙

𝑁−1

𝑙=0

+ √
(𝑙 − 𝑚 + 1)(𝑙 + 𝑚 + 1)

(2𝑙 + 1)(2𝑙 + 3)
× [𝐷𝑙+1,𝑚𝑒𝑗𝜙 + 𝐸𝑙+1,𝑚𝑒−𝑗𝜙]} 𝑟𝑙+1𝑌𝑙𝑚(𝜃, 𝜙)

− ∑ ∑ {𝑗𝜔𝜇0𝐼 [𝐶𝑙−1,𝑚−1
𝑧 𝑒−𝑗𝜙√

(𝑙 + 𝑚 − 1)(𝑙 + 𝑚)

(2𝑙 − 1)(2𝑙 + 1)

𝑙

𝑚=−𝑙

𝑁+1

𝑙=1

+ √
(𝑙 − 𝑚)(𝑙 + 𝑚)

(2𝑙 − 1)(2𝑙 + 1)
(𝐷𝑙−1,𝑚𝑒𝑗𝜙 + 𝐸𝑙−1,𝑚𝑒−𝑗𝜙)] +

1

2
𝐹𝑙,𝑚−1𝑒

−𝑗𝜙√(𝑙 − 𝑚 − 1)(𝑙 + 𝑚)

−
1

2
𝐹𝑙,𝑚+1𝑒

𝑗𝜙√(𝑙 + 𝑚 + 1)(𝑙 − 𝑚)} 𝑟𝑙−1𝑌𝑙𝑚(𝜃, 𝜙)   (7) 

Equations 5-7 are the Nth order approximations of the analytical solution. The result 

converges to the exact solution with 𝑁 → ∞. In our calculations, we used N = 20 
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which gives sufficient accuracy based on the convergence rate. In what follows, 

we define 𝐶𝑙𝑚 for a one-wire loop figure-8 coil (Figure 3.1). 

 

 

Figure 3.1 One wire loop figure-8 coil in a spherical coordinate system. 

The one wire figure-8 coil consists of two loops, each with radius 𝑅 that are parallel 

to the x-y plane, with the loops along the x-axis, and the center of the coil being a 

distance 𝐻 (in our case, 7 mm) above the head. Both loops have a distance D from 

the z-axis. 𝐶𝑙𝑚 is calculated for each loop separately. For the loop on the positive 

side of the x-axis, to simplify the calculations, we translated the coordinate system 

in such a way that the center of the loop is directly above the new center of the 

coordinate system. The old coordinate system relates to the new coordinate 

system as follows. 

Since the sum of the angles in a triangle is 𝜋 radians, 

𝜙′′′ = 𝜙′′ − 𝜙′   (8) 

Using the law of sines in triangles, we have: 
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sin 𝜙′

𝑅
=

sin𝜙′′′

𝐷 + 𝑅
=

sin(𝜙′′ − 𝜙′)

𝐷 + 𝑅
= 

sin 𝜙′′ cos𝜙′ − cos𝜙′′ sin𝜙′

𝐷 + 𝑅
   (9) 

And by simplification we get: 

𝜙′ = tan−1 (
𝑅 sin𝜙′′

𝐷 + 𝑅 + 𝑅 cos𝜙′′
)   (10) 

According to the law of cosines in triangles, we have: 

 𝐴 =  √(𝐷 + 𝑅)2 + 𝑅2 − 2(𝐷 + 𝑅)𝑅𝑐𝑜𝑠(𝜋 − 𝜙′′) (11) 

𝜃′ = tan−1 (
𝐴

𝐻
) = 𝑡𝑎𝑛−1 (

√(𝐷 + 𝑅)2 + 𝑅2 − 2(𝐷 + 𝑅)𝑅𝑐𝑜𝑠(𝜋 − 𝜙′′) 

𝐻
)  (12) 

𝑟′ = √𝐻2 + 𝐴2 = √𝐻2 + (𝐷 + 𝑅)2 + 𝑅2 − 2(𝐷 + 𝑅)𝑅𝑐𝑜𝑠(𝜋 − 𝜙′′)   (13) 

Given such coordinate translation and assuming a counterclockwise direction for 

the loop current, the integral can be written as: 

𝐶𝑙𝑚 = ∮
𝑌𝑙𝑚

∗ (𝜃′, 𝜙′)

(2𝑙 + 1)𝑟′𝑙+1 𝒅𝑰′

𝐶𝑜𝑖𝑙

= ∫ 𝐺𝑙𝑚(𝜙′′)𝒅𝑰′
𝜋

𝜙"=−𝜋

   (14) 

where 

𝐺𝑙𝑚(𝜙′′)

=

𝑌𝑙𝑚
∗ (𝑡𝑎𝑛−1 (

√(𝐷 + 𝑅)2 + 𝑅2 − 2(𝐷 + 𝑅)𝑅𝑐𝑜𝑠(𝜋 − 𝜙′′)  
𝐻

) , tan−1 (
𝑅 sin𝜙′′

𝐷 + 𝑅 + 𝑅 cos𝜙′′
))

(2𝑙 + 1)(√𝐻2 + (𝐷 + 𝑅)2 + 𝑅2 − 2(𝐷 + 𝑅)𝑅𝑐𝑜𝑠(𝜋 − 𝜙′′))
𝑙+1    (15) 

Therefore, by expanding the integral over x, y, and z orientations, we arrive at: 

𝐶𝑙𝑚 = 𝐶𝑙𝑚
𝑥 î̇ + 𝐶𝑙𝑚

𝑦
j̇̂ + 𝐶𝑙𝑚

𝑧 𝑘̂ 

Additionally, we know that in the new coordinate system 
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𝑥 = 𝐷 + 𝑅𝑐𝑜𝑠(𝜙′′) , 𝑦 = 𝑅𝑠𝑖𝑛(𝜙′′), 𝑧 = 𝐻 

Then, 

𝐶𝑙𝑚
𝑥 = ∫ 𝐺𝑙𝑚(𝜙′′)𝑑𝑥

𝜋

𝜙"=−𝜋

= ∫ −𝐺𝑙𝑚(𝜙′′)𝑅𝑠𝑖𝑛(𝜙′′)𝑑𝜙′′
𝜋

𝜙"=−𝜋

   (16) 

𝐶𝑙𝑚
𝑦

= ∫ 𝐺𝑙𝑚(𝜙′′)𝑑𝑦
𝜋

𝜙"=−𝜋

= ∫ 𝐺𝑙𝑚(𝜙′′)𝑅𝑐𝑜𝑠(𝜙′′)𝑑𝜙′′
𝜋

𝜙"=−𝜋

   (17) 

𝐶𝑙𝑚
𝑧 = ∫ 𝐺𝑙𝑚(𝜙′′)𝑑𝑧′′

𝜋

𝜙"=−𝜋

= 0   (18) 

All the above steps can be repeated for the other loop with the opposite current 

direction. The only change will be: 

𝐺𝑙𝑚(𝜙′′)

=

𝑌𝑙𝑚
∗ (𝑡𝑎𝑛−1 (

√(𝐷 + 𝑅)2 + 𝑅2 − 2(𝐷 + 𝑅)𝑅𝑐𝑜𝑠(𝜋 − 𝜙′′) 
𝐻

) , 𝜋 + tan−1 (
𝑅 sin𝜙′′

𝐷 + 𝑅 + 𝑅 cos𝜙′′
))

(2𝑙 + 1)(√𝐻2 + (𝐷 + 𝑅)2 + 𝑅2 − 2(𝐷 + 𝑅)𝑅𝑐𝑜𝑠(𝜋 − 𝜙′′))
𝑙+1    (19) 

Finally, both integral results are added together to calculate 𝐶𝑙𝑚 for the whole one 

wire figure-8 coil. However, the real coils often have multiple wire bindings. We 

implemented 9 nested concentric loops according to the specifications explained 

in the ‘3.2.4. Transcranial Magnetic Stimulation (TMS)’ section. We solved these 

equations in MATLAB (Mathworks, Inc., Natick, MA, USA) to obtain the electric 

fields induced in the spherical models. 

3.2.3. Computational Modeling 

We created tetrahedral models for 13 six-layer spherical models with an outer 

radius of 0.5 cm and 1–12 cm with 1 cm steps. Each model was linearly scaled 
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from the standard spherical model as included in SimNIBS 2.1 (Saturnino et al., 

2019b) and originally created in Gmsh (Geuzaine and Remacle, 2009) with the 

following layers: “ventricles with CSF” (r = 25 mm, σ = 1.654 S/m), “white matter” 

(r = 75 mm, σ = 0.126 S/m), “grey matter” (r = 80 mm, σ = 0.275 S/m), “CSF” (r = 

83 mm, σ = 1.654 S/m), “skull” (r = 89 mm, σ = 0.01 S/m), and “skin” (r = 95 mm, 

σ = 0.465 S/m). Each model has ~480 thousand tetrahedral elements. To ensure 

that found results for differing radii were not due to differences in tetrahedral 

element size, we also confirmed the results in high resolution spherical models (~8 

million elements) for r = 8–12 cm. Then, these models were solved using Finite 

Element Method (FEM) in SimNIBS 2.1 to numerically calculate the electric field. 

3.2.4. Transcranial Magnetic Stimulation (TMS) 

We simulated the electric field for realistic 70 mm and 25 mm figure-8 coils. Both 

coils have 9 wire loops and were modeled in the FEM model using the magnetic 

dipole method as described and validated before (Thielscher and Kammer, 2004, 

2002). The coil center was placed 4 mm above the sphere surface in all models. 

The input intensity dI/dt was 100 A/μs in every simulation as commonly used in 

human experiments (Rossi et al., 2009).  

3.3. Results 

3.3.1. Analytical Calculation of Electric Fields 

The electric fields in the spherical model of different sizes stimulated by two TMS 

coil types were calculated using the analytical method. Figure 3.2 shows the 
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electric fields on the grey matter surface over a 2500-point grid for a spherical 

model with a 12 cm outer radius. The electric fields are strongest under the center 

of the coil and become weaker at farther locations. Overall, the electric fields follow 

the current flows in the TMS coil but in the opposite direction (as expected from 

the Lenz law). Furthermore, we observe that the electric field is more focal and 

lower in magnitude for the 25 mm TMS coil compared to the 70 mm TMS coil. 

 

Figure 3.2  Analytical solutions for TMS-induced electric fields. Electric fields are shown on 
the grey matter surface in the spherical model with the outer radius of 12 cm stimulated by 25 mm 
(left) or 70 mm (right) figure-8 coil. 

 

3.3.2. Numerical Solution of Electric Fields 

Similarly, using FEM, we numerically calculated the electric fields induced for the 

spherical models of different sizes and two TMS coil types. Figure 3.3 depicts the 

electric fields on the grey matter surface of the model with the outer radius of 12 
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cm. The same pattern for the electric field distribution is observed as in the 

analytical solutions in Figure 3.2. 

 

 

Figure 3.3 Numerical solutions for TMS-induced electric fields. Electric fields are shown on 
the grey matter surface in the spherical model with the outer radius of 12 cm stimulated by 25 mm 
(left) or 70 mm (right) figure-8 coil. 

 

3.3.3. Comparison of Analytical and Numerical Methods 

To systematically assess the electric field results for the analytical and numerical 

methods, we compared the maximum electric fields induced by TMS across 

different head sizes. We calculated the robust maximum (99.9th percentile) of the 

electric fields in each condition and plotted them in Figure 3.4 for comparison.  The 

robust maximum of the electric fields in the FEM models closely matches the 

analytical solutions across head sizes and for both TMS coil types. This validates 
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the accuracy of the FEM models we used. Furthermore, our results indicate a two-

term exponential relationship between the electric field and brain size. With 

increasing head volume, the TMS-induced electric field in the brain first gets 

stronger and then weaker following an exponential function. The inflection point 

occurs earlier for a smaller, 25 mm figure-8 coil than for the bigger 70 mm figure-8 

coil. For the latter, both monkey and human head sizes are near the peak of the 

function. 

 

Figure 3.4 TMS-induced electric field strength as a function of head size. Results are shown 
in the grey matter for the FEM simulation approach (depicted with circles, left-side scale) and an 
analytical solution (depicted with triangles, right-side scale) in 6-layers spherical models. 

 

3.4. Discussion 

In this chapter, we derived the analytical equations governing the electric fields 

induced by TMS in a spherical model. Using these equations, we analytically 
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calculated the exact electric fields for spherical models of varying sizes stimulated 

by two figure-8 coils (25 mm and 70 mm). Moreover, we numerically computed the 

electric fields using the finite element method in SimNIBS and confirmed that the 

FEM results are highly comparable with the exact analytical solutions across all 

sphere sizes and coil types. 

Furthermore, we found two key findings regarding TMS in spherical head models: 

(i) the electric field strength first increases with increasing head size and then 

decreases; (ii) the inflection point of this function depends on the coil size with the 

smaller coil showing a decrease in electric field strength starting at a smaller head 

size. 

A possible mechanism for this effect is that the head underneath the TMS coil 

captures a fraction of the total magnetic flux. This fraction increases with increasing 

head size; thus, the induced electric field gets stronger (Weissman et al., 1992). 

However, once the head reaches a certain dimension relative to the coil size, the 

captured energy is maximized, but the induced electric current is spread through 

a larger conductive volume and thus creates a weaker electric field. For a smaller 

TMS coil, the maximum magnetic flux captured occurs at a smaller head volume, 

which results in an earlier decrease. The function of the induced electric field with 

increasing head size should reach an asymptote for much larger head sizes 

relative to the TMS coil (e.g. for micro coils) where the exact head size will not 

matter anymore, and coil characteristics will dominate the behavior. Our results 

also indicate that specific properties of the induced electric fields in the human 
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brain are better captured in monkeys than in mice due to a more comparable 

electric field strength in the brain and affected brain volume. 

In summary, our findings validate and expand on previous modeling efforts and 

offer insight for translating the results of animal studies to humans. 

 

The FEM models in this chapter were simulated by Kathleen Mantell, University of 

Minnesota, USA. 

The materials in this chapter are published in NeuroImage (Alekseichuk et al., 

2019). 
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Chapter 4: Multi-scale Modeling 

Toolbox for Single Neuron and 

Subcellular Activity under 

(repetitive) Transcranial Magnetic 

Stimulation 

 

 

 

4.1. Introduction 

Transcranial Magnetic Stimulation (TMS) is a popular noninvasive brain 

stimulation method to safely modulate brain activity in the human brain. TMS 

generates a strong magnetic field by passing a transient current through a 

magnetic coil (Barker et al., 1985). This time-varying magnetic field crosses the 

skull and induces an electric field which can depolarize neurons in underlying brain 

areas (Hallett, 2007). TMS is used both in research and clinical applications for 

neuropsychiatric and neurological disorders (Lefaucheur et al., 2014). Despite the 

growing use of TMS, there is still a lack of understanding of its mechanism of 

action. There are several gaps in our understanding of how TMS influences the 

“Conscious and unconscious experiences 
do not belong to different compartments of 
the mind; they form a continuous scale of 
gradations, of degrees of awareness.” 

- Arthur Koestler 
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brain at the network level, neuronal level, and subcellular scale. Such knowledge 

is essential to design more effective stimulation protocols and tailor its application 

to specific brain states. However, experimental difficulties and technology 

limitations for human recordings slow this progress. Non-invasive measurements 

of human brain activity such as electroencephalography (EEG) and functional 

magnetic resonance imaging (fMRI) cannot record TMS evoked activity at the 

single-neuron level. Thus, in vivo measurements of neuronal activity are typically 

limited to invasive animal studies. Direct recordings of neural activity in rodents 

and non-human primates have led to key insights into TMS mechanisms (Allen et 

al., 2007; Mueller et al., 2014; Romero et al., 2019). However, due to differences 

in brain structure and functional neuroanatomy compared to humans, great care 

has to be taken when translating findings across species (Alekseichuk et al., 2019). 

Besides in vivo animal studies, in vitro experiments in hippocampal slice cultures 

have been instrumental for our understanding of cellular and molecular 

mechanisms of TMS (Lenz et al., 2015; Tang et al., 2015; Tokay et al., 2009; 

Vlachos et al., 2012). In vitro preparations allow studying the effects of TMS on a 

single neuron basis in detail, however, as for animal studies, great care has to be 

taken for translating findings to humans. 

Computational modeling is a key tool to complement experimental studies to 

investigate TMS mechanisms. Computational models can provide a framework to 

understand experimental results as well as allow efficient screening of a large 

range of stimulation parameters. Most TMS modeling studies have focused on the 
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spatial distribution of TMS-induced electric fields in the brain (Laakso et al., 2013; 

Opitz et al., 2013, 2011). These studies have been successful in predicting TMS 

stimulation regions and to guide TMS targeting for human experiments. However, 

they are limited in expanding our understanding of the TMS physiological 

response, since the relationship between the TMS electric field and the neural 

response depends on a variety of factors such as neuron type, electric field 

orientation, and ongoing activity (Di Lazzaro et al., 2018; Hannah and Rothwell, 

2017). Moreover, physiological responses can vary nonlinearly with TMS intensity 

(Hanakawa et al., 2009; Komssi et al., 2004). Consequently, there has been a 

growing interest in developing neuron models to predict the physiological outcome 

of TMS. In such multi-scale modeling paradigms, initially, the TMS-induced electric 

field in the brain is computed at the macroscopic and mesoscopic scale. Then, the 

electric field is coupled with neuron models at the microscopic scale to estimate 

the neuronal response due to TMS. 

Most modeling studies have used the cable equation (Rall, 1989) to model the 

neuronal responses. In earlier work, (Basser and Roth, 1991; Nagarajan and 

Durand, 1996; Salvador et al., 2011) studied the effects of magnetic stimulation on 

elongated cables that represent the axonal tracts of pyramidal neurons. More 

recent work (Goodwin and Butson, 2015; Kamitani et al., 2001; Pashut et al., 2011; 

Seo and Jun, 2019) have used sophisticated neuronal geometries. (Aberra et al., 

2020) highlighted the need to include realistic axonal reconstructions and 

myelination to more accurately predict TMS thresholds and action potential 
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initiation. There are two fundamental limitations of hitherto existing TMS models. 

First, common to all these modeling studies has been their focus on single-pulse 

TMS. However, for clinical applications, TMS is applied repeatedly in specific 

temporal patterns (repetitive TMS [rTMS]). Second, these rTMS protocols are 

designed to induce neural plasticity that is guided by several subcellular processes 

including somatic and dendritic calcium accumulation (Eilers et al., 1995; Limbäck-

Stokin et al., 2004; Shoop et al., 2001). However, although experimental data 

indicates that the rTMS-induced plasticity of excitatory and inhibitory synapses is 

strongly dependent on intracellular calcium signaling pathways (Lenz et al., 2016, 

2015; Vlachos et al., 2012), subcellular calcium-dependent processes have been 

so far neglected in current computational models of TMS. 

Calcium signals have been shown to be involved in a multitude of cellular 

processes that are involved in learning, development, and cell survival 

(Bezprozvanny, 2009; Bezprozvanny and Hayden, 2004). Furthermore, disruption 

of the calcium code is implicated in various neurodegenerative diseases, such as 

Alzheimer’s or Parkinson’s disease (Chan et al., 2009; Cheung et al., 2008; Green 

and LaFerla, 2008; Mattson et al., 1992; Stutzmann et al., 2006). In the context of 

rTMS, experimental data indicates that the rTMS-induced reduction in dendritic 

inhibition, as well as plasticity of excitatory synapses, are strongly dependent on 

intracellular Ca2+ signaling pathways (Lenz et al., 2016, 2015; Vlachos et al., 

2012). Changes at the synapse level could potentially integrate into changes in 

synapse-to-nucleus calcium signaling pathways, which are responsible for long-
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term learning, memory formation, and survival (Bezprozvanny, 2009; 

Bezprozvanny and Hayden, 2004). The effect of morphological reorganization in 

spines has previously been shown to affect spine-to-dendrite calcium signaling 

(Breit et al., 2018; Breit and Queisser, 2018). Moreover, spatio-temporal changes 

in synaptic activity can alter the robustness of calcium waves in dendrites towards 

the nucleus (Breit and Queisser, 2018).  

Therefore, biophysical realistic models of calcium signaling processes in response 

to rTMS have the promise to predict plasticity processes for TMS and further our 

understanding of TMS-evoked subcellular responses. 

To address these two limitations of available TMS models, here, we develop a 

multi-scale modeling toolbox coupling TMS electric fields with anatomically and 

biophysically realistic neuron models, and their intracellular calcium signaling. 

TMS multi-scale modeling requires the detailed knowledge of a broad range of 

computational tools, and so far, no easy-to-use toolboxes exist. This has impeded 

both experimental and computational researchers from using these methods. 

Below we describe a newly developed Neuron Modeling for TMS (NeMo-TMS) 

pipeline that allows developing realistic multi-scale models from neuronal 

reconstructions (https://github.com/OpitzLab/NeMo-TMS). Users can simulate 

TMS multi-scale models with minimal technical expertise. Additionally, we provide 

functionality for visualization and post-processing of results. Our modeling toolbox 

will allow researchers to computationally explore TMS mechanisms and embed 
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experimental findings in a theoretical framework that can facilitate our 

understanding of TMS mechanisms across scales. 

4.2. Results 

4.2.1. Overview of Multi-Scale Modeling Paradigm 

We give an overview of the concept of multi-scale modeling to study the effects of 

TMS on neurons at the cellular and subcellular levels as shown in Figure 4.1. First, 

we use the Finite Element Method (FEM) to numerically calculate the electric fields 

induced in the geometry of interest (e.g. in vitro model or head model, Figure 4.1A). 

However, the resulting electric fields at the macroscopic and mesoscopic scale 

cannot directly predict the physiological outcome. Therefore, we model the neuron 

membrane response to these external electric fields. To this end, we reconstruct 

CA1 pyramidal neurons based on microscopic images of enthorhino-hippocampal 

tissue cultures prepared from mice (Figure 4.1B). Based on the neuron 

morphology, we then generate a discretized numerical model of the neuron. Then, 

to couple the electric fields from the FEM model to the neuron model, we calculate 

quasipotentials (Figure 4.1C) across all the neuron compartments (Wang et al., 

2018). Afterward, the neuron model is numerically solved to estimate the 

membrane potential across the whole neuron over time (Figure 4.1D). Based on 

the calculated voltage traces, we solve the equations governing the calcium 

dynamics to calculate the calcium concentrations in the neuron over time at the 

subcellular level (Figure 4.1E). 
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Figure 4.1 Overview of the multiscale modeling paradigm. (A) Electric field calculation in the 
FEM model of interest. (B) Neuron reconstruction of CA1 pyramidal cells from microscopic images. 

(C) Coupling the electric fields (𝑬⃗⃗ ) to the morphologically accurate neuron model by calculating 
quasipotentials (ψ). (D) Simulating the membrane voltage (Vm) using the quasipotentials and 
computing the voltage traces of the neuron compartments over time. (E) Simulating the release of 
calcium ions from the voltage-dependent calcium channels (VDCC) over time by solving the 
calcium diffusion equations. 

 

4.2.2. Neuron Modeling for TMS (NeMo-TMS) Toolbox 

To facilitate the process of multi-scale modeling, we have developed a new toolbox 

(NeMo-TMS) and share it as an open-source resource with instructions 

(https://github.com/OpitzLab/NeMo-TMS) accessible to the research community. 

We tested the toolbox on Microsoft Windows and Ubuntu. Here, we outline the 

toolbox functionality and the steps to perform multi-scale simulations. Furthermore, 

we provide examples to show how it can be used to investigate TMS-related 

research questions. 
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As shown in Figure 4.2, the pipeline is comprised of multiple steps that allow the 

user to run multi-scale models. We have shared all the necessary codes and 

instructions to run multiscale models with minimal prerequisites from the user. 

Below we summarize typical steps in the modeling process: 

1. Neuron models are generated from realistic neuron reconstructions and the 

biophysics of CA1 pyramidal cells are automatically added to these models. 

2. Coordinates of the neuron model compartments are exported to be used in 

later steps. 

3. The macroscopic electric fields are numerically calculated in the geometry 

of interest (e.g. in vitro model, head model). This accounts for the spatial 

distribution of the electric fields. 

4. The electric fields computed in step 3 are coupled to the neuron model by 

calculating the quasipotentials at the coordinates exported in step 2. 

5. Desired rTMS waveforms are generated in this step. This accounts for the 

temporal pattern of the electric fields. 

6. The membrane voltage of the neuron is simulated based on the spatial and 

temporal distribution of the TMS electric fields calculated in the previous 

steps. Alternatively, the user can also run this step under the assumption of 

a spatially uniform electric field (in this case, steps 2 to 4 can be skipped). 

7. The membrane voltage data are exported in formats compatible with 

calcium modeling. 
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8. The calcium concentration is simulated based on solving the calcium 

diffusion-reaction equations with voltage-dependent calcium channels. 

9. The results from the simulations are visualized. 

 

Figure 4.2 Pipeline overview. Each step of the procedure is represented in a box. The software 
used for each step are shown in red. The file formats of the input and output files are shown in blue. 

 

This toolbox is developed by utilizing multiple software packages, methods, and 

algorithms. Because of this and to make the toolbox accessible to a broad range 

of researchers with varying computational skills, we have simplified and automated 

the process to a great degree. For all the steps described above, the user can run 

the simulations using either graphical interfaces or through scripting. This feature 

is useful as it makes the computational workflow reproducible and gives advanced 

users the ability to run multiple simulations programmatically. With the NeMo-TMS, 
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we provide a set of ten morphologically accurate neuron reconstructions from 

young Wistar rats with detailed dendritic and axonal branches to run example 

simulations. The morphology of these neurons is shown in Figure 4.3. For further 

technical details on the pipeline procedure, refer to the ‘methods’ section. 

 



61 
 

Figure 4.3 Morphological reconstruction of the ten rat CA1 pyramidal cells. Red, orange, 
yellow, green, blue, and purple branches respectively represent soma, basal dendrites, proximal 
apical, distal apical, apical tufts, and axon. 

 

4.2.3. Example 1: Effects of TMS on the membrane potential and calcium 

concentration for an in vitro neuron model 

In this example, we run a full multi-scale simulation on an in vitro model and show 

the membrane potential and calcium activity of the neuron when a TMS pulse is 

delivered. As shown in Figure 4.4A, the in vitro model consists of a tissue culture 

placed inside a Petri dish surrounded by artificial cerebrospinal fluid (aCSF). The 

Petri dish is modeled as a cylinder with 30 mm in diameter and 10 mm in height. 

The tissue culture is 2 x 1.5 x 0.3 mm in size and is placed at the center of the Petri 

dish 8 mm above the bottom surface. The mesh file for this model is available for 

download (Alekseichuk et al., 2020). The electrical conductivity of the aCSF and 

the tissue culture are set to those of CSF (1.654 S/m) and grey matter (0.275 S/m) 

respectively (Wagner et al., 2004). A dipole-equivalent model of a Magstim 70 mm 

figure-8 coil (Magstim Co., UK) was placed 4 mm above the center of the Petri 

dish. We ran the FEM electric field simulation with a stimulator output of dI/dt = 

220 A/µs. The resulting electric fields are strongest at the top center of the model 

since these regions are closest to the center of the TMS coil (Figure 4.4B). Electric 

fields are aligned unidirectionally in the probe (Figure 4.4C). Due to a conductivity 

difference between grey matter and CSF, an increase in the electric field occurs at 

these border walls (Opitz et al., 2015). The morphology of the reconstructed 

neuron is shown in Figure 4.4D. We placed the neuron model inside the tissue 
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culture at the edge of the wall and oriented it in a way that the electric fields are in 

the direction of the neuron somatodendritic axis (Figure 4.4E). Then, we coupled 

the electric fields to the neuron by calculating the quasipotentials across the 

neuron (Figure 4.4F). A gradient of quasipotentials occurs in the direction of the 

electric field. 

 

Figure 4.4 In vitro model of tissue culture in a Petri dish. (A) Geometry of the in vitro model. 
Top: TMS coil is represented through green magnetic dipoles. The Petri dish, shown in blue, is 30 
mm in diameter with a height of 10 mm and is filled with aCSF. The figure-8 coil is placed 4 mm 
above the center of the Petri dish. Bottom: A cut-through image of the TMS coil and Petri dish is 
shown. The tissue culture with a size of 2 x 1.5 x 0.3 mm is placed at the center of the Petri dish 8 
mm above the bottom surface. The tissue culture is modeled with grey matter conductivity. (B) 
Electric field magnitude induced in the in vitro model for a TMS stimulator output of dI/dt = 220 
A/µs. (C) Electric field vector induced in the tissue culture. Electric fields are aligned unidirectionally 
along the handle of the figure-8 coil. Due to the conductivity mismatch between the culture and 
aCSF in the Petri dish, the electric field is enhanced at the borders along the electric field direction. 
(D) Reconstructed neuron morphology. Red, orange, yellow, green, blue, and purple respectively 
denote soma, basal dendrites, proximal apical, distal apical, apical tufts, and axon. (E) Neuron 
(green) placement inside the tissue culture (grey mesh). (F) The quasipotential distribution across 
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the neuron compartments. In this model, the electric field is applied along the somatodendritic axis, 
thus a gradient can be seen from the apical dendrites to the axon. 

 

Subsequently, we simulated the membrane dynamics of the neuron 

compartmental model using the CA1 pyramidal cell biophysics (Jarsky et al., 2005) 

in response to the applied electric field with the quasipotential mechanism. The 

resulting membrane voltage traces are then used as input to the simulation of the 

calcium dynamics for this neuron. While action potential initiation occurs on a 

millisecond timescale, calcium accumulation in the soma occurs with a delay which 

can be in the range of seconds in the case of rTMS. Figure 4.5 shows the 

membrane potential of the neuron and its corresponding calcium concentrations 

over time during a single biphasic TMS pulse. Before the TMS pulse delivery, the 

neuron is at resting membrane voltage all across the cell (-70 mV). At time 0, the 

TMS pulse is delivered. Immediately after the TMS pulse, the axon terminal at the 

bottom of the cell is depolarized enough to induce an action potential. Since the 

axon is myelinated, the action potential quickly travels across all axonal branches 

and reaches the soma around 1 ms later. Afterward, the dendrites slowly 

depolarize as a result of ionic diffusion. Since basal dendrites are shorter, they 

depolarize faster than the apical dendrites. Over time (approximately 4 ms), the 

neuron gradually recovers back to the resting potential. Apical and tuft dendrites 

are the last neurites to depolarize and therefore the last ones to return to rest. The 

bottom panel shows the calcium densities across the neuron for the same neuron 

spike. Once the action potential reaches the soma at around 1 ms after the TMS 
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pulse, with a short delay of about 0.5 ms, calcium accumulation is initiated in the 

soma. Then, the calcium levels start to rise slowly at the basal and apical dendrites. 

For these simulations, calcium exchange and release mechanisms are not 

considered in the axon region of the neuron; therefore, the calcium concentration 

remains constant in the axon of the cell. Afterward, the calcium densities in the 

rest of the neuron decrease and approach the resting values again (~5 ms). 

However, it takes longer for the calcium in the soma to fully restore to the baseline. 

 

Figure 4.5 Action potential and calcium density propagation over time for the in vitro model. 
Note that time scales of membrane potentials and calcium dynamics differ between the upper and 
lower panel. Top: Spatial distribution of membrane potentials over time. The action potential starts 
at the axon terminal immediately after the TMS pulse (t = 0) and quickly propagates to the rest of 
the neuron. In the following ~4 ms, the neuron recovers back to its resting potential. Bottom: 
Distribution of the calcium concentrations displayed for the same TMS action potential. After the 
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action potential reaches the soma ~1 ms after the TMS pulse, shortly after (~0.5 ms), the calcium 
concentration increases in the soma and then propagates to the dendrites. After several ms calcium 
levels resort to baseline. The range of the color bar for the calcium concentrations was adjusted for 
improved visualization and does not represent the maximum values. 

 

4.2.4. Example 2: Effect of rTMS pulse parameters on calcium dynamics 

In this example, we examine the effect of rTMS pulse parameters on calcium 

accumulation. For this, we keep all single-pulse parameters as in example 1 and 

only change the rTMS protocol. We compare a 10 Hz rTMS protocol with a Theta 

Burst Stimulation (TBS) protocol (Huang et al., 2005). In the TBS protocol, a burst 

of three TMS pulses is delivered at 50 Hz repeated at 5 Hz (200 ms delay between 

bursts). In Figure 4.6, the membrane potential and the calcium concentration in the 

soma are shown over several TMS pulses for both protocols. After each TMS 

pulse, the neuron spikes, and therefore calcium accumulation in the soma follows. 

For the 10 Hz rTMS protocol, after each neuron spike, there is a rapid increase 

and then a decrease in the calcium level in the soma. However, after this initial 

activity, the decay rate slows dramatically. Since the calcium concentration does 

not completely recover to baseline before the subsequent pulse, there is a gradual 

increase in the overall calcium level. On the other hand, for the TBS protocol, since 

TMS pulses are very close together in each burst, calcium reaches higher 

concentrations after each burst but also decays quicker than the 10 Hz protocol. 

Although, because the bursts are fairly close together, the calcium level stays 

higher than the baseline. (Figure 4.6D). Overall, a buildup of calcium occurs in the 

soma over time in both rTMS protocols, but the temporal patterns are different. 
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Figure 4.6 Time course of the membrane potential and calcium concentration at the soma 
in the in vitro model for two rTMS protocols. The grey lines indicate the TMS pulses. (A) 
Membrane potential at the soma for the 10 Hz biphasic rTMS protocol. The neuron spikes 
immediately after each TMS pulse. (B) Membrane potential at the soma for the TBS protocol with 
a biphasic TMS pulse.  (C) Calcium concentration at the soma for the 10 Hz rTMS protocol 
corresponding to (A). Calcium levels rise after each spike and then slowly recover. Over time, there 
is a buildup of calcium. (D) Calcium concentration at the soma for the TBS protocol corresponding 
to (B). The calcium levels rise after each burst of pulses and then subside. The calcium levels stay 
higher than the baseline. 

 

4.2.5. Example 3: Effect of the electric field orientation on neural activation 

In this example, we show how the orientation of the TMS electric field can change 

how it affects the neural activation site and subsequently calcium dynamics. Since 

the spatial distribution of the electric field plays a key role in TMS effects (Opitz et 

al., 2013), we compared two different electric field directions and their effects on 
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the neuron TMS response. For this, we used one of the features of the pipeline to 

apply a spatially uniform electric field rather than from FEM modeling. We applied 

a monophasic TMS pulse in two different orientations: i) along the somatodendritic 

axis from the apical dendrite to the longest axon branch, ii) At 45° relative to the 

somatodendritic axis, along the second-longest axon branch. The neuron 

activation pattern is shown for these scenarios respectively in Figure 4.7. In the 

first case, since the electric field is aligned with the long axon branch, the action 

potential is initiated in the terminal of the long axon branch. However, in the second 

scenario, the action potential is initiated in the terminal of the second-longest axon 

since it is more suitably aligned to the electric field. Additionally, the threshold of 

the electric field strength for generating the action potential differs in both cases. 

In the first scenario the neuron fires at an electric field strength of 170 V/m, while 

in the second case, a 30% higher field strength is needed for the neuron to fire. 

Also, there is a time shift (~0.2 ms) between the action potential initiation and 

propagation between these electric field orientations. This time shift causes a delay 

in calcium accumulation between these conditions. This example shows that the 

electric field orientation plays a role not only in the activation thresholds but also in 

the neuron firing pattern, and calcium dynamics timing. 



68 
 

 

Figure 4.7 Effect of the TMS electric field orientation on membrane dynamics and spiking 
threshold. Top: Spiking activity in the neuron for a 170 V/m intensity uniform electric field with a 
monophasic TMS pulse oriented along the somatodendritic axis. The action potential initiates at 
the bottom-most axon terminal indicated with a grey dashed circle. Bottom: Spiking activity for a 
220 V/m intensity uniform electric field with a monophasic TMS pulse oriented at 45° relative to the 
somatodendritic axis. The action potential starts at the axon terminal on the right. 

 

4.3. Materials and Methods 

4.3.1. Neuron Model Generation 

We integrated a series of software tools into an automated pipeline for generating 

NEURON compartmental models (Hines and Carnevale, 1997) for modeling the 

effect of TMS on single brain cells. This pipeline is capable of generating models 

from commonly used file formats, i.e., SWC and Neurolucida ASCII files. Note that 

it is up to the user to ensure the input morphologies are correct, high-quality and 
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without artifacts, otherwise the model generation may fail in the process or the 

simulation results would not be reliable. We tested the pipeline on the ten 

reconstructions of rat CA1 pyramidal cells provided here, as well as other 

morphology files. 

Since the axonal reconstructions do not include myelination, this pipeline allows 

the user to myelinate the axon automatically, or to leave the neuron unmyelinated. 

For this, we implemented a modified variant of the myelination algorithm used in 

(Aberra et al., 2018). Nodes of Ranvier were placed at all bifurcation points in the 

axon arbor, as well as regularly at 100μm intervals. All internodal segments except 

terminal segments shorter than 20μm were myelinated. As most publicly available 

reconstructions of CA1 pyramidal neurons do not have an axon, the pipeline also 

features a provision for potential automatic addition of a straight artificial axon; in 

this case, the axon is a straight line emanating from the basal region of the soma 

with the first 10um a hillock segment, the next 15μm the axon initial segment, 

followed by six 100μm long myelinated internodal segments with regularly spaced 

1μm long nodes of Ranvier. 

Biophysics 

The NEURON compartmental models were generated using the T2N extension of 

the TREES Toolbox (Beining et al., 2017), which translates the TREES Toolbox 

morphological data into NEURON’s HOC format and endows the model with 

biophysics in the MATLAB environment (Mathworks, Inc., Natick, MA, USA). Our 

models implement a generalized version of the Jarsky model of the CA1 pyramidal 
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cell (Jarsky et al., 2005). This includes the passive properties: Cm = 0.75 μF/cm2, 

Ra = 200 Ω-cm, Rm = 40000 Ω/cm2. Additionally, axon myelinated segments had 

a significantly reduced Cm of 0.01 μF/cm^2, while axon nodes had Rm of 50 Ω/cm2. 

The models included three voltage-gated conductances: a Na+ conductance, a 

delayed rectifier K+ conductance, and two A-type K+ conductances. The values of 

these conductances are assigned according to distance from the soma as 

described in (Jarsky et al., 2005). While the Na+ and 𝐾𝐷𝑅
+  conductances are fixed 

at 0.04 S/cm2, the value of the 𝐾𝐴
+ conductances steadily increases from 0.05 

S/cm2 at the soma to 0.3 S/cm2 at 500μm from the soma. There is a crossover 

point between the two different 𝐾𝐴
+ conductances at 100μm from the soma. 

Furthermore, the extracellular mechanism (Hines and Carnevale, 1997), which 

allows for injection of extracellular electric potentials was inserted into the models 

by T2N simultaneously with the other biophysics. Following the generation of the 

model files by T2N, other necessary files for the next steps are also generated and 

automatically placed in the correct location. 

4.3.2. FEM Modeling of the TMS induced Electric field 

To study the behavior of neurons under non-invasive brain stimulation, the first 

step is to calculate the electric field generated at the macro- and mesoscopic scale. 

This includes computing the spatial distribution and time course of the TMS electric 

field. Since the stimulation frequency is relatively low, we can use the quasi-static 

approximation to separate the spatial and temporal components of the electric field 

(Plonsey, 1969, p. 203; Plonsey and Heppner, 1967; Windhoff et al., 2013). For 
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the spatial component, Maxwell’s equations need to be solved for the model of 

interest. Exact analytical solutions can be determined for simple geometries such 

as concentric spheres with homogenous electromagnetic properties (Eaton, 1992). 

However, for more complex geometries such as the human brain, numerical 

simulations are used to calculate the electric field distribution. Several methods 

exist to perform these simulations such as the boundary element method 

(Nummenmaa et al., 2013; Salinas et al., 2009) and the finite element method 

(Miranda et al., 2003; Wagner et al., 2004; Weiping Wang and Eisenberg, 1994). 

Here we calculate TMS-induced electric fields using FEM models implemented in 

the open-source software SimNIBS v3.1 (Saturnino et al., 2019a). SimNIBS is a 

versatile simulation platform that can simulate TMS electric fields for various 

geometries and a variety of TMS coils. 

Under the quasi-static assumption, the time course of the TMS electric field is the 

same as that of the TMS stimulation output (rate of change (dI/dt) of the coil 

current). Therefore, after determining the spatial distribution of the electric field, we 

can find the electric field at any time point by scaling the spatial distribution to the 

TMS waveform. For further details about the TMS waveform, refer to the 

‘Stimulation Waveform Generation’ section below. 

4.3.3. Electric field Coupling to Neuron Models 

After calculating the macroscopic TMS electric fields induced in the FEM model of 

interest, these external fields need to be coupled with the neuron models. In this 

pipeline, this is performed following: 1) Coordinates of the neuron compartments 
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from the neuron model in the NEURON environment are exported to a text file. 2) 

The FEM model including the electric fields and the neuron coordinate files are 

imported to MATLAB. 3) The user enters the desired location and depth (relative 

to the grey matter surface) of the neuron. 4) Based on the values provided in step 

3, the neuron is translated to the desired location. Additionally, the neuron is 

automatically orientated normal to the grey matter surface as this orientation 

represents the columnar cytostructure of major neurons (Amunts and Zilles, 2015; 

DeFelipe et al., 1990; Mountcastle, 1997). However, different preferred 

orientations can be set if desired. The new neuron compartmental coordinates are 

calculated based on this coordinate transformation.  5) The electric field at the 

location of neuronal compartments is interpolated from the macroscopic TMS 

electric fields calculated in the FEM model. 6) In this step, the user can scale the 

electric field strength if needed. Since the electric field strength scales linearly with 

the stimulation intensity, one can easily scale the electric fields instead of rerunning 

the FEM simulations at different intensities. This allows expediting the simulations 

e.g. for simulating multiple TMS intensities. Note that this is only true for the 

stimulus intensity and not applicable if the coil location/orientation, or the FEM 

model is changed. 7) The quasipotentials are computed over all compartments as 

described in (Wang et al., 2018). This allows us to convert all necessary 

information needed to incorporate the external TMS-induced electric fields into a 

single scalar input at each coordinate of the neuron model. 8) The quasipotentials 

are written in a file that will be used later in the pipeline for the NEURON 
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simulations. Additionally, the neuron (transformed to the desired location) and the 

FEM model are exported as mesh files for visualization. 

To simplify the multi-scale modeling process, we have also enabled an alternative 

method to skip the FEM electric field modeling and the corresponding coupling 

step. In this case, the electric field is assumed to be spatially uniform over the 

extent of the neuron. This allows us to specify the TMS-induced electric field 

everywhere using a single scalar for the amplitude and a vector for orientation. 

Typically, since neurons are considerably smaller than the TMS coil and the head 

model, the electric field distribution confined to a single neuron region is mostly 

uniform. Therefore, the uniform electric field approximation provides sufficiently 

accurate results in the majority of cases. However, note that the uniform electric 

field approximation does not always hold. This occurs mainly in the following 

cases: 1) The neuron crosses a tissue boundary e.g. between Grey matter and 

white matter (Opitz et al., 2011). Due to the difference in electrical conductivities 

between tissues, a difference in the electric fields can arise between tissues. 2) 

The neuron is spatially extended (e.g. neurons with long axonal projections) that 

the homogeneity of the electric field over small scales does not apply anymore. 3) 

The tissue surrounding the neuron is highly inhomogeneous. Although this is a 

rare scenario since usually the tissues are assumed to be homogenous in FEM 

models for the purpose of estimating electric fields under non-invasive brain 

stimulation. 



74 
 

In the case of a uniform electric field, the quasipotentials equation can be simplified 

to the following expression: 

ψ = −∫𝑬⃗⃗⃗ . 𝑑𝒔⃗⃗ = −𝑬⃗⃗⃗ . 𝒔⃗⃗ = −(𝐸𝑥𝑥 +𝐸𝑦𝑦+𝐸𝑧𝑧) (1) 

Where 𝑬⃗⃗  is the electric field, 𝒔⃗  is the displacement vector, Ex, Ey, and Ez stand for 

the Cartesian components of the electric field, and x, y, and z denote the Cartesian 

coordinates of each compartment. Due to the simplicity of this equation, this step 

is computed in the NEURON environment. 

Regardless of whether the electric field is uniform or based on the FEM model, the 

quasipotentials are calculated at each neuron segments (as exported from the 

NEURON model) and applied to the neuron simulations by using the extracellular 

mechanism available in the NEURON environment (Aberra et al., 2018; Hines and 

Carnevale, 1997). This process accounts for the exogenous fields induced by 

TMS. 

4.3.4. Stimulation Waveform Generation 

As mentioned above, the time course of the TMS electric field follows the first 

temporal derivative of the stimulation waveform. It is thus very important to 

accurately represent the TMS waveform to investigate the temporal interaction of 

the external electric fields with neurons. For repetitive TMS (rTMS) a TMS pulse 

train is generated based on the parameters of the rTMS protocol.  The user has 

the option to choose the TMS pulse type, inter-pulse interval, and the number of 

pulses. We included TMS pulse types commonly used in commercial TMS 
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machines i.e. monophasic, and biphasic pulses (Kammer et al., 2001). For the 

monophasic pulse, we created the waveform based on the equations outlined in 

(Roth and Basser, 1990). The biphasic pulse was created by using the 

electrophysiological recording of the TMS pulse induced by MagPro X100 TMS 

machine (MagVenture, Lucernemarken, Denmark). Based on the specified 

parameters, the pulses are concatenated to generate a pulse train and then written 

in a file that is used later in the neuron simulation. Note that advanced users can 

create custom- waveforms e.g. TBS and cTMS (Peterchev et al., 2010) as long as 

they follow the same format for existing waveforms. 

4.3.5. Neuron Model Simulations 

In this step, the simulation is run based on the generated NEURON model and the 

files corresponding to the TMS waveform. During this stage, the user is prompted 

to choose to use the quasipotentials file calculated previously or to proceed with a 

uniform electric field. In the latter case, the user should enter the intensity of the 

electric field and its orientation, either in spherical or Cartesian coordinates. Then, 

after running the simulation, the output files are automatically created. This 

includes voltage traces of all neuron segments over time and the coordinates of 

the segments and their connections. If the user intends to continue the pipeline 

with modeling calcium dynamics, a MATLAB script converts the NEURON results 

into file formats that are compatible with the next step. 
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4.3.6. Calcium Simulations 

All necessary components were implemented in the simulation toolbox NeuroBox 

(Breit et al., 2016). NeuroBox is a simulation toolbox that combines models of 

electrical and biochemical signaling on one- to three-dimensional computational 

domains. NeuroBox allows the definition of model equations, typically formulated 

as ordinary and partial differential equations, of the cellular computational domain 

and specification of the mathematical discretization methods and solvers (Reiter 

et al., 2013; Vogel et al., 2013). Built with VRL-Studio (Stepniewski et al., 2019), 

NeuroBox offers user interface workflow canvases to control the simulation 

workflow and all biological and numerical parameters. The user can specify 

simulation parameters for the end time, refinement level, and load the geometry 

and specify an output location. 

Calcium Model Equations 

Calcium mobility in the cytosol is described by the diffusion equation 

𝜕𝒖

𝝏𝒕
= 𝜵 ⋅ (𝑫𝜵𝒖), (2) 

where 𝑢(𝑥, 𝑡) is the vector quantity of calcium concentration in the cytosol [Ca2+] 

and calbindin-D28k. The diffusion constants D are defined using data from (4). The 

interaction between cytosolic calcium and calbindin-D28k are described by  

𝐶𝑎2+ + 𝐶𝑎𝑙𝐵
𝑘𝑏

+

⇋
𝑘𝑏

−
 [𝐶𝑎𝑙𝐵𝐶𝑎2+] (3) 
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The rate constants 𝑘𝑏
+ and 𝑘𝑏

− are defined in (Breit et al., 2018). The calcium 

dynamics are modeled by a system of diffusion-reaction equations on a one-

dimensional tree geometry with three spatial coordinates, the equations are as 

follows: 

𝜕[𝐶𝑎2+]

𝜕𝑡
 = 𝛻 ⋅ (𝐷𝛻[𝐶𝑎2+]) + 𝑘𝑏

− (𝑏𝑡𝑜𝑡 − 𝑏) − 𝑘𝑏
+𝑏[𝐶𝑎2+] (4) 

𝜕[𝐶𝑎𝑙𝐵]

𝜕𝑡
 = 𝛻 ⋅ (𝐷𝛻[𝐶𝑎𝑙𝐵]) + 𝑘𝑏

−(𝑏𝑡𝑜𝑡 − 𝑏) − 𝑘𝑏
+𝑏[𝐶𝑎𝑙𝐵] (5) 

where the concentration of the CalB-Ca2+ compound is expressed by the 

difference of the total concentration of CalB present in the cytosol (𝑏𝑡𝑜𝑡) and free 

CalB, the former of which is assumed to be constant in space and time (this 

amounts to the assumption that free calcium and CalB have the same diffusive 

properties). The parameters used in this study are taken from (Breit et al., 2018). 

In order to study the influence of the intracellular organization on Ca2+ signals, we 

include Ca2+ exchange mechanisms on the plasma membrane (PM). For the 

plasma membrane, we consider plasma membrane Ca2+ -ATPase pumps (PMCA), 

Na+/Ca2+ exchangers (NCX), calcium release due to voltage-dependent calcium 

channels (VDCC), and a leakage term. This amounts to the flux equations (number 

of ions per membrane area and time) 

𝑗𝑝𝑚 = −𝑗𝑃𝑀𝐶𝐴 − 𝑗𝑁𝐶𝑋 + 𝑗𝑙 + 𝑗𝑣𝑑𝑐𝑐 (6) 

With the Hill equations 
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𝑗𝑃𝑀𝐶𝐴 = 𝜌𝑃𝑀𝐶𝐴 ⋅
𝐼𝑃𝑀𝐶𝐴𝑐𝑐𝑦𝑡

2

𝐾𝑃𝑀𝐶𝐴
2+𝑐𝑐𝑦𝑡

2 (7) 

𝑗𝑁𝐶𝑋 = 𝜌𝑁𝐶𝑋 ⋅
𝐼𝑁𝐶𝑋𝑐𝑐𝑦𝑡

𝐾𝑁𝐶𝑋+𝑐𝑐𝑦𝑡
 (8) 

The flux equations for the voltage-dependent calcium channels are given by 

𝑗𝑣𝑑𝑐𝑐 = 𝐺(𝑉, 𝑡)𝐹(𝑉, 𝛥[𝐶𝑎2+]) (9) 

where G is the gating function and F is the flux function (Borg-Graham, 1999). Both 

depend on the voltage at the channel at a particular time t. For F, 𝛥[𝐶𝑎2+]is the 

difference in the internal and external ion concentration 

𝛥[𝐶𝑎2+]  =  [𝐶𝑎2+]𝑖 − [𝐶𝑎2+]𝑜 (10) 

And 

𝑓(𝑉, 𝛥[𝐶𝑎2+]) = 𝑝̄[𝐶𝑎2+]
𝑉𝑧

2𝐹2

𝑅𝑇
⋅
[𝐶𝑎2+]𝑖−[𝐶𝑎2+]𝑜𝑒𝑥𝑝(−𝑧𝐹𝑉/𝑅𝑇)

1−𝑒𝑥𝑝(−𝑧𝐹𝑉/𝑅𝑇)
 (11) 

Where R is the gas constant, F is Faraday’s constant, T is in Kelvin, 𝑝̄[𝐶𝑎2+]is the 

permeability of the calcium channel, and z is the valence of the ion (Borg-Graham, 

1999). 

The gating function g is described by a finite product 

𝑔(𝑉, 𝑡) = ∑𝑥𝑖
𝑛(𝑉, 𝑡) (12) 

Where 𝑥𝑖 is the open probability of the gating particle, in this case, it is only calcium, 

and 𝑛 is the number of particles. The open probability is described by the ODE 
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𝑑𝑥

𝑑𝑡
=

𝑥∞(𝑉)−𝑥

𝜏𝑥(𝑉)
 (13) 

Where 𝑥∞is the steady-state value of x, and 𝜏𝑥 is the time constant for the particular 

particle x, formulas are given in (Borg-Graham, 1999).  

Numerical Methods for Calcium Simulations 

For numerical simulations, the equations are discretized in space using a finite 

volumes method. Current densities, across the plasma membranes, can be 

incorporated into the reaction-diffusion process very naturally and easily this way. 

Time discretization is realized using a backward Euler scheme, i.e., for each point 

in time t, the term 
𝜕𝒖

𝝏𝒕
 is approximated by 

𝜕𝒖

𝝏𝒕
≈

𝒖(𝒕)−𝒖(𝒕−𝝉)

𝝉
 (14) 

Where 𝜏 is the time step size. For the results we present here, the emerging 

linearized problems were solved using a Bi-CGSTAB (Breit et al., 2018) linear 

solver preconditioned by an incomplete LU decomposition.  

4.3.7. Visualization 

Additionally, we have provided a sample script that can generate a video 

visualizing the 3D distribution of the membrane potentials and the calcium 

concentrations based on the simulated data from the previous steps. In this 

procedure, the snapshot of voltage/calcium spatial distribution at each time step is 

displayed in Gmsh (Geuzaine and Remacle, 2009) and then captured as a video 

frame. In the end, by concatenating these frames together, a video is created. This 
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script is capable of visualizing the voltage traces and calcium concentrations 

separately or next to each other in a single video file for easier comparison. 

Alternatively, users can visualize the data with Paraview (Ahrens et al., 2005). 

4.4. Discussion 

We developed an open-source multi-scale modeling toolbox to enable researchers 

to model the effects of (r)TMS on single neurons and study their cellular and 

subcellular behavior. NeMo-TMS toolbox allows users to simulate the TMS-

induced electric fields in geometries of interest (such as an in vitro model or a head 

model), to couple the TMS electric fields to morphologically accurate neuron 

models, and to simulate the membrane voltage and calcium concentration in the 

neurons. Our pipeline provides a graphical user interface, as well as an interface 

to run the process through scripts that will allow researchers with different 

computational skill sets to efficiently use our software.  

To our knowledge, NeMo-TMS is the first modeling toolbox that enables studying 

single neuron behavior under TMS at macro-/mesoscopic, microscopic, and 

subcellular levels at the same time. Additionally, our toolbox can incorporate 

sophisticated neuron geometries and morphologies. Complementing modeling 

results with experimental studies can help to improve our understanding of the 

basic mechanisms of TMS.  

Besides the technical implementation of the pipeline, we discuss several examples 

to showcase some of its capabilities. In the first example, we simulated the effect 
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of single-pulse TMS on a morphologically reconstructed neuron embedded inside 

a tissue culture as an in vitro model. We show how the action potential is initiated 

at the axon terminal from which it propagates to the rest of the neuron. The voltage-

dependent calcium concentrations increase after the action potential reaches the 

soma from which they spread into the dendrites. Both processes occur at different 

timescales with the calcium propagation following the action potential. In the 

second example, we compare the neuron response to two classical plasticity-

inducing rTMS protocols: a 10 Hz rTMS protocol and a TBS protocol. We show 

that calcium induction varies between the protocols and that TBS results in a build-

up of calcium levels. In the final example, we examine how the neuron response 

to TMS depends on the orientation of the electric field. For this, we applied a 

spatially uniform electric field at two orientations and show that the initiation site of 

the action potential changes as a result as well as the activation threshold. The 

site of the action potential initiation and the overall field intensity to initiate action 

potentials are in line with a recent study using morphologically accurate neuron 

models (Aberra et al., 2020). The differences in action potential initiation also 

resulted in slight delays in calcium accumulation in the soma. The exact timing 

between pre- and postsynaptic activity has a major impact on synaptic plasticity 

(Brzosko et al., 2019; Feldman, 2012; Lenz et al., 2015). It is thus conceivable that 

in the context of rTMS these effects may add up over the course of several hundred 

pulses. However, further work is required to test this prediction. Although these 

examples demonstrate some of the capabilities of this toolbox, its use is not limited 
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to the examples discussed and researchers have the freedom to apply it to 

questions of their interest. 

While our toolbox significantly advances the field of TMS multi-scale modeling, 

several further developments can be envisioned. Currently, our pipeline simulates 

the neuron at rest without spontaneous network-driven or intrinsic activity. 

Additionally, neurons vary drastically in terms of their biophysics depending on 

their type. Here, we focused on implementing the biophysics for CA1 pyramidal 

neurons. Currently, the calcium simulations do not take into account internal 

calcium stores from the endoplasmic reticulum (ER) and only simulate the calcium 

release from voltage-dependent calcium channels (VDCCs), sodium-calcium 

exchangers (NCX), and plasma membrane Ca2+ ATPase (PMCA). Future versions 

of our pipeline can incorporate intrinsic synaptic activity, provide biophysics for 

more diverse neurons such as cortical neurons, and allow users to define their own 

biophysics. Further developments can also be implemented to incorporate 

modeling of the calcium in the ER. Additionally, our toolbox can be expanded to 

include other non-invasive or invasive brain stimulation techniques such as 

transcranial Alternating Current Stimulation (tACS), transcranial Direct Current 

Stimulation (tDCS), or Deep Brain Stimulation (DBS) in the future. Another 

promising avenue for future developments is modeling the effects of brain 

stimulation on a network of neurons. One way to achieve this is by combining 

NeMo-TMS with other neuron network modeling frameworks such as the human 

neocortical neurosolver (Neymotin et al., 2020). 
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In conclusion, NeMo-TMS is a unique tool that provides an easy-to-use platform 

for multi-scale TMS modeling and enables researchers to incorporate 

sophisticated modeling approaches into their research. 

 

The neuron model generation codes were implemented by Nicholas Hananeia, 

Justus-Liebig-University, Germany. The calcium simulation codes were developed 

by James Rosado, Temple University, USA. The neuron reconstructions were 

performed by Christos Galanis, University of Freiburg, Freiburg, Germany. 

The materials in this chapter are published in the bioRxiv preprint (Shirinpour et 

al., 2020b). 
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Chapter 5: Conclusions and 

Perspectives 

 

 

5.1. Conclusions 

In chapter 1 of this dissertation, I introduced transcranial magnetic stimulation 

(TMS) and its significance in the research community and as an alternative 

therapeutic method for treating psychiatric disorders. Furthermore, I mentioned 

some of the uncertainties regarding the TMS mechanism of action and why it is 

difficult to resolve them. Specifically, I focused on the following fundamental 

questions: 

• How does the ongoing neural activity affect the brain’s response to TMS? 

• What is the influence of TMS on single neurons? 

• Which neurons respond to TMS? Under what circumstances and 

parameters? 

• What is the long-term effect of TMS on neurons? 

• What is the role of neuronal subcellular activity on this long-term effect? 

In the subsequent chapters, I covered my technical advancements and studies in 

detail aiming to address these questions. 

“People do not like to think. If one 
thinks, one must reach conclusions.” 

- Helen Keller 
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In chapter 2, a closed-loop TMS-EEG system was developed that is able to record 

and process the participant’s brain activity in real-time and deliver TMS pulses at 

the desired phase. Since previous studies have suggested that the phase of the 

alpha oscillation, is a biomarker of local excitability in the brain, we introduced 

educated temporal prediction (ETP) algorithm that can detect the instantaneous 

phase of the alpha band from the EEG signal in real-time. We benchmarked the 

accuracy and computational speed of ETP with the important algorithms proposed 

previously; autoregressive (AR) and fast Fourier transform (FFT). Results of both 

in silico assessments based on prerecorded EEG datasets and real-time In vivo 

experiments showed that ETP in superior in terms of its accuracy and robustness 

compared to AR and FFT. Additionally, we reported that ETP is about an order of 

magnitude faster than the other two methods. Overall, our findings suggest that 

ETP can be used as a reliable technique to account for the intrinsic neural activity 

(at least in terms of phase). This allows researchers to study the effects of ongoing 

brain states on TMS response in the brain. After identifying these dynamics in 

further detail, closed-loop paradigms can then be incorporated in clinical domains 

to deliver TMS at the correct brain state in order to maximize the TMS outcome. 

Because of the difficulties and limitations inherent to experimental work, In the next 

studies, I pursued a computational modeling approach. Recent advancements in 

hardware and software have allowed computational modeling to become a 

promising tool complementing experimental work. However, it is essential to 

validate the models and results to ensure reliable findings. Therefore, in chapter 
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3, I discussed the analytical validation of numerical solutions for TMS-induced 

electric fields. In the past two decades, great effort has been made to numerically 

solve the electric fields induced in the geometry of interest by non-invasive brain 

stimulation. These methods are capable of generating and simulating 

sophisticated head models based on accurate anatomical images. There have 

been a few empirical attempts to validate such models, e.g. (Nieminen et al., 2015; 

Opitz et al., 2014; Petrov et al., 2017), but due to the experimental difficulties, 

alternative methods of validation are necessary. Due to this motivation, I derived 

the equations governing the electric fields induced by TMS inside a spherical 

model. Due to the symmetry of spherical models, the equations can be solved 

analytically and therefore yield the exact solution. In this study, we compared the 

analytical solutions to the numerical results of the spherical model solved using the 

finite element method (FEM). We found similar electric field distributions in both 

cases. Furthermore, we reported the same pattern for the electric field intensity 

across spherical models of multiple sizes. In summary, using analytical methods, 

we validated the accuracy of FEM numerical results for the electric field. 

After confirming the accuracy of electric field modeling, in chapter 4 of this 

dissertation, we extended the modeling framework to investigate the behavior of 

single neurons and their subcellular activity under TMS. In this study, we combined 

the state-of-the-art modeling paradigms and developed a novel multi-scale 

modeling toolbox called Neuron Modeling for TMS (NeMo-TMS). This toolbox, 

allows users to compute the macroscopic/mesoscopic TMS-induced electric fields 
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in a head model or an in vitro model, generate realistic models from morphological 

reconstructions of neurons, couple the electric fields to the neurons, simulate the 

membrane voltage of the neurons with the accurate biophysics across time and to 

calculate the calcium concentrations induced in the neuron induced by voltage-

dependent calcium channels. To our knowledge, this study is the first to use a 

realistic multi-scale modeling pipeline to simulate neuron’s behavior at the 

subcellular scale. Since calcium plays a vital role in synaptic plasticity and long-

lasting adaptation of the neuron, our framework facilitates studying the long-term 

behavior of neurons under TMS fields. Moreover, NeMo-TMS is the first publicly 

available toolbox capable of multi-scale modeling. Furthermore, our new toolbox 

provides graphical user interfaces as well as scripting abilities. Therefore, NeMo-

TMS can have a major impact on the TMS research due to the novelty, 

accessibility, and ease of use. Researchers with various expertise can now use 

our pipeline to explore how neurons react to different parameters, to facilitate their 

experimental design, and to find explanations for their hypotheses. 

Overall, in this dissertation, aiming to address some of the fundamental challenges 

in the TMS field, I introduced multiple technical developments, mentioned the 

motivations behind them, provided details of their implementation, and discussed 

their significance. 
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5.2. Perspectives 

In this section, we discuss some of the limitations of the studies in this dissertation 

and how future work can improve the findings here. 

In the closed-loop TMS-EEG project, we focused on detecting the instantaneous 

phase of the EEG band of interest as the neural biomarker in real-time. It is 

expected that novel algorithms and better hardware technologies can enhance the 

performance of real-time phase detection setups. In addition, many other EEG 

metrics can be utilized to inform the brain state, such as EEG band powers, TMS 

evoked potential (TEP) amplitudes, connectivity between brain regions, etc.; or a 

combination of them. These metrics can be used as biomarkers in a range of 

neurological disorders including but not limited to epilepsy, depression, 

Alzheimer’s disease (AD), and stroke (de Aguiar Neto and Rosa, 2019; Pitkänen 

et al., 2016; Stinear, 2017; Tremblay et al., 2019). Furthermore, it is expected that 

after sufficient advances in our knowledge and technology, brain state-dependent 

TMS-EEG will become a common treatment method for psychiatric conditions 

which will improve the performance and the success rate and shorten the 

treatment duration in patients. 

In the multi-scale modeling project, we provided a realistic neuron modeling 

platform for TMS and extended the modeling paradigm to the subcellular scale for 

the first time. Yet, many simplifications were made in the first version of NeMo-

TMS toolbox. We mainly focused on the activity of single neurons with pyramidal 
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cell biophysics. Currently, the neurons are silent, since they do not receive synaptic 

inputs. Furthermore, here we only included calcium concentration as a result of 

voltage-dependent calcium channels. However, in reality, the biophysics of 

neurons vary depending on their type, neurons receive input from other neurons, 

and calcium signaling is mediated by multiple calcium sources, e.g. ionotropic 

glutamate receptors, nicotinic acetylcholine receptors (nAChR), and internal stores 

(mostly in the endoplasmic reticulum [ER]) (Grienberger and Konnerth, 2012). 

Moreover, NeMo-TMS does not account for neural behavior on the network level. 

Future versions of this toolbox, in combination with upcoming developments in the 

modeling field, will resolve these shortcomings. It is anticipated that prospective 

studies will model the detailed physiological behavior of neurons under accurate 

intrinsic conditions on the single-cell, and the network/system levels. Additionally, 

future research will model the subcellular activity of the neurons under TMS more 

accurately and expand our understanding of the long-term changes in the neuronal 

behavior under the electric fields induced by TMS. 
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Appendix 

Table A.1 Beta band performance and computation times in silico 

Algorithm Region Mean (°) SD (°) Accuracy Median Time (ms) 

AR 

All 0.04 85.75 0.61 0.69 

PFC 0.78 85.29 0.62 0.69 

M1 0.57 84.65 0.62 0.69 

OC -1.23 87.30 0.60 0.69 

ETP 

All 0.81 79.84 0.65 0.08 

PFC 1.26 79.98 0.65 0.09 

M1 0.27 79.31 0.65 0.08 

OC 0.92 80.24 0.64 0.08 

FFT 

All 2.17 95.06 0.56 0.83 

PFC 3.51 95.64 0.55 0.83 

M1 2.82 94.02 0.56 0.83 

OC 0.16 95.53 0.55 0.83 

 

 

Table A.2 Beta band performance metrics in vivo 

Algorithm Region 
Mean 

(°) 
SD 
(°) Accuracy 

AR 

All -0.17 89.36 0.59 

PFC -4.18 87.82 0.60 

M1 -3.93 90.34 0.58 

OC 7.59 89.92 0.59 

ETP 

All -2.17 78.51 0.65 

PFC -6.03 77.22 0.67 

M1 -2.80 80.25 0.64 

OC 2.33 78.05 0.66 

FFT 

All -5.09 93.70 0.55 

PFC -3.22 91.47 0.58 

M1 -9.46 95.17 0.54 

OC -2.58 94.46 0.55 
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Figure A.1 System validation in the dummy head experiment. 

 

Figure A.2 Phase estimation results in silico for the alpha band across brain regions. 
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Figure A.3 Phase estimation results in silico for the beta band across brain regions. 
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Figure A.4 Phase estimation results in vivo for the alpha band across brain regions. 
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Figure A.5 Phase estimation results in vivo for the beta band across brain regions. 

  


