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1 Introduction 
 

1.1 Electroencephalography and neuronal oscillations  
Effective neuronal activity occurs with oscillations, as groups of neurons are 

found to transfer information by synchronized activation. The synchronous 

activation of several neurons generates an electric field, which can be detected 

by electrodes placed in brain tissue (LFP), on the surface of the cortex (ECoG), 

or in a non-invasive method by placing the electrodes on the scalp 

(Electroencephalography - EEG). The physical characteristics of neuronal signals 

obtained by these measuring methods depend on the electrical mechanisms of 

neuronal activity. Identifying these mechanisms is essential for understanding 

neuronal signals’ origin and functionality. 

Electric fields generated by an active neuron can be modelled as the electric field 

of a dipole: A positive and a negative charge (poles) that are kept separate by a 

certain distance, thus generating an electric field in that space. This model can 

then be applied to an excited postsynaptic neuron. When a neuron displays a 

postsynaptic potential in its apical dendrites, the resulting intracellular influx of 

positive ions causes the local extracellular region to have an excess of negative 

charges (negative pole) in comparison to the extracellular space of the rest of the 

neuron (positive pole). Hence, postsynaptic potentials cause neurons to act as a 

dipole, thus inducing an electric field (Jackson & Bolger, 2014). Likewise, 

postsynaptic inhibitory potentials would cause an extracellular outflux of 

intracellular positive ions, resulting in a dipole with an opposite alignment of 

positive and negative charges (Jackson & Bolger, 2014).  

The summation of the electric fields generated by the synchronous activation of 

several cortical neurons can be measured by the potential difference on 

electrodes placed on one’s scalp, which is the principle of EEG. Essentially for 

EEG, an electrode is attached on the scalp surface to detect changes of the 

extracellular electric potential with reference to the electric potential of another 

predefined electrode (reference electrode). The detected electric potential by the 
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scalp electrode is also sensitive to the distance and orientation between the 

electrode and the neuronal dipole, as well as to the conductivity properties of the 

skull and scalp layers (Fig. 1).  

                                           

 

Figure 1. Examples to illustrate behavior of the electric voltage signal with regard to neuronal activity, picked 
up by electrodes placed on the scalp 

A: Dipole orientation of a neuron affects direction of the deflection in the measured signal. Left: This neuron 
is facing the electrode with its negatively charged part. A negative deflection of the signal can be observed. 
This dipole orientation can either result from an excitatory postsynaptic potential (EPSP) at the apical 
dendrites or an inhibitory postsynaptic potential (IPSP) near the soma. Right: This neuron is facing the 
electrode with its positively charged part. A positive deflection of the signal can be observed. This dipole 
orientation can either result from an IPSP at the apical dendrites or an EPSP near the soma. Based on 
Jackson and Bolger (2014). Created with BioRender.com. 

B: Relative position and orientation of the electrodes towards the neuron affect size and direction of the 
deflection in the measured signal. Left: Electrode closest to the electric source shows the greatest signal 
deflection. Deflection size decreases with increasing distance between electrode and electric source. Right: 
Electrodes pick up the sum of charges in their vicinity. An electrode that is equidistantly placed between a 
positive and negative charge shows no deflection in its signal. Based on Jackson and Bolger (2014). Created 
with BioRender.com. 

 

A 

B 
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Importantly, the potential differences measured by extracellular electrodes do not 

reflect the activity of a single neuron, but the sum of electric fields created by 

numerous neurons in its proximity. It follows that invasive local field potential 

(LFP) measurements detect the summarized activity of hundreds to thousands of 

neurons in their surroundings (Buzsaki et al., 2012), while electrocorticography 

(ECoG) records the activity of about half a million of neurons (Meshulam et al., 

2013; Ojemann et al., 2013). EEG, however, measures the electric current 

generated by 30-500 millions of neurons (Nunez, 1996). It follows that EEG 

signals have a considerably lower spatial resolution compared to invasive 

methods. Scalp recordings with EEG also have the constraint that the electric 

field is drastically weakened by skull and scalp tissues, further compromising the 

identification of the neuronal sources of the reported activity. On the other hand, 

EEG has the clear advantage of being a non-invasive procedure that can be 

safely performed in any individual. Moreover, despite the poor spatial resolution, 

EEG can detect changes in electric potentials in the order of milliseconds, an 

excellent time resolution which is imperative to identify neuronal oscillatory 

patterns (Gevins et al., 1999).  

Due to oscillating membrane potentials, rhythmic firing rates of action potentials 

and consequent postsynaptic potentials, neuronal circuits and even single 

neurons are endowed with oscillating and resonating features (Hutcheon & 

Yarom, 2000; Llinas, 1988). Intracellular recordings of single neurons show that 

they can oscillate at multiple frequencies, which suggests that the timing of their 

activity is relevant for information transfer within a neuronal network (Buzsaki & 

Draguhn, 2004). Larger neuronal populations and circuits also display oscillatory 

features and the sum of their synchronized activity gives rise to the electric signal 

that can be measured with EEG (Jackson & Bolger, 2014).   

EEG signals are rarely composed of one distinct oscillation band, most of them 

represent a superposition of various oscillatory patterns originating from neuronal 

populations across the brain. These oscillatory patterns are not simply a by-

product of the electric activity of neurons, but instead are functionally relevant for 

information processing within and among brain regions, as neuronal oscillations 

were found to modulate neuronal activity between brain networks (Buzsaki & 
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Draguhn, 2004). Neuronal oscillation patterns are classified in accordance to their 

frequency bands, which are found to be associated with different brain states (Fig. 

2).  

 

 
 

Figure 2. Classification of brain waves. 

Brain oscillations can be classified according to their frequency band. Created with BioRender.com. 

 

1.2 Communication through coherence  
Various stimuli inputs from presynaptic knobs arrive at a postsynaptic neuron, 

generating postsynaptic potentials. If the sum of these postsynaptic potentials 

exceeds a threshold, an action potential is triggered in the postsynaptic neuron, 

thereby causing a postsynaptic potential in the downstream connected neurons. 

Thus, the likelihood of a neuron to fire an action potential, its sensitivity and 

responsivity, is based on its constantly changing membrane potential. 

Accordingly, incoming timely convergent inputs from presynaptic neurons are 

more likely to result in an action potential than randomly timed postsynaptic 

potentials, which is the base of a more efficient integration and transfer of 

information (Buzsaki & Draguhn, 2004). This means that the arrival of timely 

Time [s] 
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convergent presynaptic inputs at postsynaptic neurons in a focused manner and 

in coordinated time windows is more likely to result in an action potential and 

sending downstream information, as is the case for neuronal activation in 

synchrony to an oscillatory pattern. On the other hand, inputs arriving at random 

or in uncoordinated manner will less likely result in an action potential, thus 

filtering out the information (Klausberger et al., 2004).  

The theory of communication through coherence (Fries, 2015) proposes that this 

temporal coordination underlies the synchronization of neuronal oscillations, 

which in turn modulates information transfer and processing in neuronal 

networks. For instance, when a stimulus input is selected by attention, therefore 

being assigned greater relevance, more pronounced oscillatory synchronization 

is observed in the cortical representations of the stimulus. Synchronized 

oscillations of activated neuronal groups entrain specific postsynaptic neurons 

and rhythmically link the timing of synaptic inputs to the timing of spike outputs. 

The changing neuronal responsivity based on the membrane potential creates 

repeating time windows of differing excitability between the pre- and postsynaptic 

neurons. While meaningful inputs arrive at states of high excitability (and are thus 

synchronized), noisy inputs arrive at states of low or random excitability and are 

thus filtered out. Therefore, only the neuronal circuitry transmitting the information 

of the relevant stimulus will successfully carry the information forward (Fries, 

2015).  

These time windows of the neuronal excitability cycle are related to the phases 

of synchronized neuronal oscillations in specific frequency bands, which are 

detectable in EEG (Fries, 2015). 

 

1.3 Working memory and the frontoparietal network 
Working memory (WM) is a cognitive function described as the capacity for 

temporary storage and manipulation of sensory information. Despite its 

seemingly basic function, it is considered to be fundamental for higher order 

executive functions, enabling comprehension, reasoning, learning and decision 

making. The concept of WM can be represented by the storage of information 



 6 

(items) in the consciousness, including letters, words, numbers and objects, 

which are held for a couple of seconds until utilization, before they fade. This 

appears to contrast with long-term memory (LTM), which involves the retention 

of information for long periods of time, which can be retrieved under specific 

contingencies. This means that WM has fundamentally different functions and 

neural underpinnings from LTM (Cowan, 2014). Moreover, WM is considered to 

include two functions: the temporal storage of internal representations of stimuli 

and further processing operations that are performed on these representations 

(Curtis & D'Esposito, 2003). The temporal storage of internal representations is 

thought to involve the placement of neuronal circuits containing information in a 

state of higher responsivity, allowing its immediate retrieval. The function of 

processing operations enables the manipulation of that stored information, and it 

is thought to involve interfaces with other cognitive functions (Curtis & D'Esposito, 

2003). 

The neuronal structure and function of the WM system is complex and so far, not 

fully understood. One of the most common models of WM is the multicomponent 

model introduced by Baddeley (1992). It proposes the idea that WM consists of 

two short-term memory (STM) buffers, namely the verbal (“phonological loop”) 

and the visuospatial (“visuospatial sketchpad”) STM buffer. Both buffers work 

independently from each other, and are directed by an attentional controlling 

system, named the “central executive”.  

Later, state-based models of WM have gained in importance. According to these, 

the functioning of STM is based on the allocation of attention to internal 

representations of items in WM. That is, WM items are maintained in one of 

several activation states by the allocation of attention, thus becoming accessible 

for cognitive processing (Cowan, 1995; D'Esposito & Postle, 2015). Similar to the 

phonological loop and the visuospatial sketchpad of the multicomponent model, 

state-based models also can be divided into activated LTM models and 

sensorimotor recruitment models. The activated LTM model is associated with 

semantic stimuli (digits, letters, words), whereas the sensorimotor recruitment 

model is associated with perceptual stimuli (visual colors and shapes, auditory 

pitches) (D'Esposito & Postle, 2015).  
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It is well known that cognitive tasks involving verbal stimuli primarily tend to 

activate left hemispheric brain areas, while visuospatial tasks are linked to the 

activation of the right hemisphere (Clark et al., 2001; Smith et al., 1996). 

In neuroimaging studies, prefrontal and parietal regions of human subjects 

exhibited a higher activity during their engagement in a WM task, suggesting their 

functional relevance for WM (Cabeza & Nyberg, 1997; Courtney et al., 1998; 

Manoach et al., 1997). The prefrontal cortex (PFC) is involved in higher cognitive 

functions of the brain and it is associated with cognitive control, which results in 

the capacity to direct thoughts and actions in accordance with internal goals. This 

is essential for reasoning, planning and ultimately WM (Goldman-Rakic, 1987; 

Jimura et al., 2018; Kim et al., 2015; Miller & Cohen, 2001). During the retention 

period of delayed WM response tasks, in which external stimuli are absent, the 

PFC exhibits persistent activity (Courtney et al., 1997; Fuster & Alexander, 1971). 

The neuronal activity in the PFC also serves as a predictor for the retrieval 

accuracy in WM tasks, further suggesting its functional importance for WM 

(Melrose et al., 2020).  

Another important cortical region for WM is the posterior parietal cortex (PPC), 

located between the somatosensory and visual cortex, which is proposed to have 

an associative role by integrating inputs from different brain regions including the 

somatosensory, auditory, visual, motor and prefrontal cortical regions (Culham & 

Kanwisher, 2001; Whitlock, 2017). The PPC is shown to be relevant for 

visuomotor control, spatial perception and attention (Andersen, 1997; Jackson & 

Husain, 2006; Malhotra et al., 2009). The strong structural and functional 

connectivity between the PFC and the PPC seen in both rodents and humans 

suggested the conceptualization of the frontoparietal network (FPN), which is 

involved in executive functions, including working memory (Deserno et al., 2012; 

Friedman & Goldman-Rakic, 1994; Olesen et al., 2004; Sauseng et al., 2005).  

In the FPN, the interaction between attention allocation and sensory stimuli allows 

selection of relevant stimuli, which is controlled by knowledge, expectation and 

goals, meaning that it serves as an executive system (Osaka et al., 2004). The 

allocation of attention in decision-making is necessary due to the continuous 
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exposure to an abundance of stimuli, many of which are not particularly relevant 

to the goal behavior (Corbetta, 1998; Corbetta & Shulman, 2002). The interaction 

between the PFC and the PPC in the FPN is described as a top-down control 

mechanism (D'Esposito et al., 2000; Miller & Cohen, 2001). That is, for the 

maintenance of items in WM, the attention allocation performed by the PFC acts 

by selecting internal representations of relevant stimuli, which are stored in 

posterior regions of the brain (Buschman & Miller, 2007; Curtis & D'Esposito, 

2003).  

1.4 Frontal-midline theta oscillations  
The relevance of theta oscillations in cognitive performances has been 

thoroughly described in rodent hippocampus. Hippocampal theta activity and its 

rhythmicity are involved in cognitive functions including learning and memory. For 

instance, while exploring a maze, rats show an increased firing rate of 

hippocampal neurons and a coherence of the firing rate to the ongoing theta 

rhythm (Buzsáki & Moser, 2013; Jensen & Lisman, 2000). Apart from the 

hippocampal formation, theta oscillations are also observed in the activity of 

several other cortical structures, including the entorhinal cortex, cingulate cortex 

(Feenstra & Holsheimer, 1979), posterior (Colom et al., 1988) and prefrontal 

areas (Siapas et al., 2005) in rodents.  

In humans, theta oscillations are distributed across brain networks and can be 

detected in frontal cortical regions via EEG, i.e., theta oscillations from the frontal 

midline of the brain (Raghavachari et al., 2001). Frontal-midline theta (FM theta) 

oscillations exhibit bouts of oscillatory synchrony with the hippocampal 

rhythmicity, thus suggesting their functional significance in cognition, including 

memory retention and attentional processes (Gevins et al., 1998; Ishii et al., 1999; 

Mitchell et al., 2008; Young & McNaughton, 2009). FM theta oscillations are 

observed in different types of memory tasks, with higher memory load and task 

difficulty leading to increased amplitudes of the theta oscillation (Jensen & 

Tesche, 2002; Sauseng et al., 2007). Furthermore, frontal-theta can be observed 

especially during periods of encoding, retention and retrieval, further suggesting 

that FM theta is functionally relevant for WM (Mitchell et al., 2008).  
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As mentioned, theta oscillation is not locally limited to the frontal cortex. Coherent 

neuronal activity in the theta band can be detected between prefrontal and 

temporo-parietal areas during WM retention of verbal and visuospatial items. 

Interregional synchronization of theta oscillations is proposed to integrate cortical 

areas in the circuit of WM. During the retention of verbal items, the brain exhibits 

strong theta synchronization between prefrontal and left temporo-parietal areas, 

whereas strong frontoparietal synchronization in the right hemisphere can be 

observed during the retention of visuospatial items (Sarnthein et al., 1998).  

The strong synchronization of theta oscillations between cortical hubs of the FPN 

during WM task activity suggests that the oscillatory activity in this specific band 

frequency modulates WM processing. The theta rhythm might reflect a gating 

mechanism, which processes task-relevant information and suppresses task-

irrelevant information (Sauseng et al., 2010). In this framework, phases of the 

theta rhythm reflect different states of excitability, in which neurons encoding 

relevant information are firing precisely in synchrony to that oscillation during the 

high excitability phases, and are thus able to modulate information and transmit 

it downstream (Cavanagh & Frank, 2014).  

Besides FM-theta oscillations, gamma oscillations (30-100 Hz) in the temporo-

parietal cortex are also strongly associated with WM processing (Lutzenberger et 

al., 2002; Morgan et al., 2011). Gamma oscillations are commonly observed in 

neocortical, entorhinal, hippocampal and many other areas (Buzsaki & Wang, 

2012). Gamma oscillations can be described with several models. One of them 

is the E/I (excitation/inhibition) model, which is based on the functional connection 

between pools of excitatory pyramidal and inhibitory neurons, with the latter 

regulating the activity of the excitatory projection neurons, thus maintaining a 

balance between excitatory and inhibitory inputs. The spiking of pyramidal cells 

and the delayed spiking of interneurons alternate, giving rise to the fast oscillatory 

activity in the gamma band (Buzsaki & Wang, 2012; Mueller-Buehl et al., 2023).  

During cognitive tasks, theta and gamma oscillations frequently occur together 

(Bragin et al., 1995; Lasztoczi & Klausberger, 2014). Fast oscillations like gamma 

occur locally, whereas slow oscillations can entrain more neurons in a wider 
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range and are associated with larger membrane potentials, which is why their 

synchronized activity can be observed across neuronal networks (Buzsaki & 

Wang, 2012; von Stein & Sarnthein, 2000). In order to transfer information among 

cortical areas of larger distance, it has been shown that gamma oscillations can 

be modulated by prefrontal theta oscillations (Buzsaki & Wang, 2012). Gamma 

and theta oscillations are synchronized via cross-frequency coupling, which has 

been observed both in rodents and humans (Berger et al., 2019; Penttonen et al., 

1998). That is, posterior gamma oscillations are nested into specific phases of 

theta oscillations of the prefrontal cortex during processes of WM (Belluscio et 

al., 2012; Penttonen et al., 1998; Siegel et al., 2009). The strength of this phase-

coupling appears to be a predictive indicator for the accuracy of memory 

performance (Axmacher et al., 2010; Lisman & Jensen, 2013).  

Temporo-parietal gamma oscillations are noted to be nested in the trough of the 

prefrontal theta oscillation in cognitively demanding tasks, whereas they are 

nested in the peak during easier cognitive tasks (Fig. 3) (Berger et al., 2019).  

This suggests that the trough of FM theta might represent a state of high 

excitability, whereas the peak of FM theta might represent a state of low 

excitability in the WM circuit. Difficult tasks require more cognitive resources that 

can be more easily recruited during high excitability states.  

Neuronal spiking in the parietal cortex is then temporally aligned with neuronal 

spiking of the prefrontal cortex, thus allowing stronger coupling of the FPN. Tasks 

of low cognitive demand however do not require strong coupling of the FPN, thus 

leading to non-simultaneous firing.   

Therefore, it is assumed that the phase of FM theta oscillations can modulate 

gamma oscillations, thus enabling coupling and decoupling of the frontoparietal 

WM circuit in humans (Berger et al., 2019).  
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Figure 3. Power-phase coupling of theta and gamma oscillations during WM tasks of different cognitive 
demand. 

Amplitude of gamma oscillations in the parietal cortex (blue) is modulated by the phase of the ongoing theta 
oscillation in the prefrontal cortex (brown). Depending on the difficulty of the WM task, gamma oscillations 
are either preferably nested in the trough (phase of low excitability) or trough (phase of high excitability) of 
the theta oscillation. Based on Berger et al. (2019). Created with BioRender.com. 

 

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

stimulation which can safely depolarize neuronal populations located in 

superficial cortical areas (Hallett, 2007). 

For stimulation, the TMS coil is placed on a subject’s head. A pulse of electrical 

current passes through the wired coil and induces a short-term magnetic field 

perpendicular to the plane of the coil (Fig. 4A). This magnetic field can reach a 

strength of about 2T and can last for 100!" (Hallett, 2007). The change of the 

magnetic field induces an electric field in the cortex perpendicular to the magnetic 

field. While the strength of the magnetic field is proportional to the electric current 

through the coil, the strength of the electric field induced in the brain is 

proportional to the rate of change of the magnetic field. This electric field 

depolarizes neurons, causing physiological and behavioral effects depending on 

the targeted brain area.  

For instance, if TMS is applied on the motor cortex on one hemisphere with 

enough stimulation intensity, motor evoked potentials (MEPs) can be recorded 

from the contralateral extremity muscles. This stimulation intensity required to 

elicit MEPs has an inter- and intraindividual variability, suggesting that other 
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cortical areas also have a variable stimulation threshold. So, for comparing TMS 

data it is necessary to set a benchmark for the stimulation intensity, as different 

intensities trigger outcomes of differing size. The objective measurement of MEPs 

is frequently used for quantifying the TMS stimulation intensity. It can be used to 

indicate membrane excitability of corticospinal neurons and also other cortical 

neurons (Kobayashi & Pascual-Leone, 2003).  

With a figure of eight coil, TMS can depolarize neurons up to approximately 2cm 

below the scalp, sufficient to stimulate superficial areas in a very spatially focal 

manner (Fig. 4B) (Galhardoni et al., 2015).  

 

 

 

Figure 4. Physical functioning of TMS. 

A:  A coil is placed on a subject’s head. A brief current pulse is sent through the wired coil (blue). A flowing 
current induces a magnetic field (red). Changes of power or direction of the induced magnetic field induce a 
perpendicular electric field in the brain (blue). The electric field causes currents among neuronal groups. 
Created with BioRender.com. 

B: Extracted from Cohen et al. (1990).  Every coil shape results in a different morphology of the induced 
electric fields. If using a figure-of-eight coil, the strength of the electric field is focused in one particular point, 
thus allowing precise stimulation with a figure-of-eight coil.  

 

TMS pulses applied to cortical regions other than the primary motor cortex also 

result in clinically relevant effects. For instance, delivering TMS pulses to cortical 

regions associated with language lead to speech disruption (Tarapore et al., 

A B 
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2013). So, TMS can be used for testing the excitability of cortical regions and 

cortical functional mapping, as part of the planning for neurosurgical procedures 

(Hallett, 2007). This includes presurgical mapping of speech, language and motor 

skills with the attempt to minimize resulting postsurgical functional deficits 

(Narayana et al., 2021).  

Similar to the disruption of speech, TMS can be also used for the disruption of 

other cognitive systems. In 2019, Berger et al. investigated the effect of TMS on 

WM performance in humans. Their experiment showed that TMS triple pulses 

(50Hz, i.e., 2ms between consecutive pulses in the triplet) at the right posterior 

parietal cortex (PPC) can disrupt working memory retention. Importantly, this 

happened for trials, in which the pulses were delivered during the trough of the 

prefrontal theta oscillation. This observation was possible by analyzing the EEG 

recorded during the stimulation and estimating the phase of the theta oscillation 

during which each pulse was applied, in a post hoc manner (Berger et al., 2019).  

 

1.6 Brain state-dependent EEG-TMS 
As phases of an ongoing neuronal oscillation represent specific excitability states 

of the brain, the timing of delivering a TMS pulse becomes an important 

parameter, affecting behavioral and physiological outcomes differently.  

In fact, when applying TMS on cortical areas with the same paradigm on the same 

individual for instance, there is still a substantial variability in the responsive 

outcomes (Lopez-Alonso et al., 2014; Muller-Dahlhaus et al., 2008). This is 

because the brain rapidly undergoes changing brain states, which are entrained 

by neuronal oscillations and which modulate the outcome. With the attempt to 

deliver TMS pulses precisely to a predefined phase of a given oscillation, the 

method of brain state-dependent EEG-TMS has emerged recently and has 

increasingly gained traction in the TMS field of research. 

 

With the method of brain state-dependent EEG-TMS, it has been demonstrated 

that targeting the trough of the mu-rhythm (7-11Hz over the sensorimotor cortex), 
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when stimulating the primary motor cortex, evoked higher motor evoked 

potentials than TMS targeted at the peak of the mu-oscillation (Zrenner et al., 

2018).  

The same principle can be further extended onto other physiological brain 

oscillations, namely prefrontal theta oscillations.  

It has also been shown with the same method that targeting the prefrontal theta 

oscillation at its higher excitability state, namely the trough of the theta oscillation, 

led to an enhanced cortical responsivity in the theta oscillation band and shorter 

response times for correctly answered trials in WM tasks (Gordon et al., 2022; 

Gordon et al., 2021).  

 

1.7 Study objective and hypothesis  
This study aims to investigate the possibility of modulating WM of healthy human 

subjects in real-time, using brain state-dependent EEG-TMS with stimuli phase-

locked to theta oscillations of the prefrontal cortex.   

This study aims to reproduce these results by Berger et al., (2019), but also go 

further by making use of a brain state-dependent stimulation paradigm to 

specifically target the trough of prefrontal theta oscillations during the execution 

of a WM task in real-time. The specific targets of stimulation are the right posterior 

parietal cortex (PPC) and the left dorsomedial prefrontal cortex (DMPFC). In the 

case of the PPC, we expect an impairment of WM, since stimulation in a high 

excitability state, namely the trough of theta oscillations in the prefrontal cortex, 

would cause a strong interference in the parietal cortex, which holds 

representations of memory items.  

Other than impairing WM, it also would be desirable to be able to facilitate 

memory retrieval. We propose that, instead of disrupting the PPC with TMS, theta 

phase-locked TMS to the prefrontal cortex will facilitate top-down input from the 

prefrontal cortex to parietal cortex through the frontal-parietal WM network, thus 

increasing the likelihood of memory retention. 
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2 Materials and Methods  
 

2.1 Participants 
Inclusion criteria were age between 18 and 50 years, absence of current or former 

neurological and psychiatric disease and competence to consent to participate in 

the study. Exclusion criteria included current treatment with central nervous 

system active drugs, illicit drug abuse, head injury, MRI incompatibility (presence 

of metallic or electronic medical implants, e.g., cardiac pace-maker) and resting 

motor threshold (RMT) >70%.  

All subjects provided written consent prior to participation. The study was 

conducted in accordance with the Declaration of Helsinki and approved by the 

local ethics committee, Faculty of Medicine of the Eberhard-Karls-University, 

Tübingen (536/2020B). 

A total of 21 participants aged between 21 and 38 years were recruited for the 2-

sessions experiment. Of the 21 participants one was excluded due to too high 

RMT. The final sample included 20 participants (11 female) with a mean age of 

25 ± 5 years (SD). Twenty subjects participated in session A. In total, fourteen 

subjects participated in session B, as six subjects did not tolerate the stimulation 

session due to discomfort or pain.  

 

2.2 Main Experiment 

2.2.1 Experimental protocol    
During the experimental sessions subjects were sitting comfortably in a reclined 

chair in front of a monitor screen and were instructed to relax while executing the 

memory tasks of the experiment. 

The study comprised 2 sessions (session A and session B) performed on different 

days (at least 2 days apart). Each of the sessions followed the same protocol with 

the same methods, but had different cortical targets for the application of TMS 

(Fig. 6). The cortical targets were the right posterior parietal cortex (PPC) for 
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session A and the dorsomedial prefrontal cortex (DMPFC) for session B. The 

order in which the sessions were applied was randomized for each subject.  

Each session included the following steps: 1) 8 min of EEG recording during the 

execution of a WM task, 2) 20 min EEG recording during the execution of a WM 

task with the phase-detection algorithm on, marking the EEG when the TMS 

pulses would be applied, but without real stimulation, 3) 6 blocks of phase-specific 

TMS application during WM task execution. 

The first recording (Fig. 6, A) was used for the computation of the covariance 

matrix, which was required for the individualized spatial filter w. The spatial filter 

w was used for the estimation of the source activity of the prefrontal theta 

oscillation. The data acquired from the first recording was also used to estimate 

the SNR of theta oscillations and optimize the parameters for the spatial filter. 

EEG was recorded while the subject was engaged in memory tasks, aiming to 

increase the power of the theta band oscillation. The relevance and details of 

extracting the theta phase will be discussed below. 

For the phase specific TMS application, we used the algorithm for real-time phase 

estimation developed by Zrenner et al. (2020). The method involves band-pass 

filtering the raw real-time EEG signal with respect to the frequency of interest. 

The edges of the signal, which contain the filtering artifact, are then clipped out. 

In order to obtain an estimate of the signal at real-time, the signal is then 

reconstructed using a forward-predictive model. The phase of the signal at real-

time is then estimated using the Hilbert transform. If the estimated phase 

corresponds to the phase of interest, a trigger signal is then sent to the TMS 

device (Fig. 5). 
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Figure 5. Methodological principle of brain state-dependent EEG-TMS. 

The raw EEG-signal is band-pass filtered to extract the theta frequency band of interest. An EEG signal is 
then reconstructed and then predicted, based on the EEG signal in the preceding time window. A TMS pulse 
is triggered at the phase of interest (time = 0) of the predicted signal. Created with BioRender.com. 

 

The second recording (Fig. 6, B) was necessary to quantify the accuracy of the 

algorithm predicting the phases of theta oscillations. For this purpose, real-time 

markers were set during the EEG recording, whenever the conditions for 

triggering at the trough or uncoupled to the ongoing theta oscillation were met. 

The markers in the EEG data were evaluated post-hoc to estimate the phase 

accuracy. This post-hoc phase estimation uses pre- and unperturbed “post-

stimulus” EEG data signal to determine the theta phase during which the trigger 

was sent. This feature allows the use of longer epochs of data and a higher filter 

order, in addition to not needing to rely on a forward predicted signal, making it 

the gold standard for the actual theta phase, against which the estimated phase 

from the real-time algorithm is compared. This verification of the phase accuracy 

can only be done on EEG data without TMS. TMS pulses considerably distort the 

data after the stimulus, hindering the post-hoc phase estimation due to the 
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presence of TMS-triggering electrical artifacts, as well as subsequent muscle 

contractions and sensory evoked potentials, thus making any phase estimation 

in the presence of TMS delivery unreliable. 

Since the phase estimation uses the same procedure in recording sequences 

with and without TMS of each session, this method serves as a reliable indicator 

for the quality and accuracy of the phase estimation in the stimulation blocks.  

In the third part of the experiment (Fig. 6, C) all subjects underwent six blocks of 

WM tasks of two alternating types, namely a Sternberg task and a visuospatial 

memory task, with concomitant TMS application. A training block was carried out 

before the real experiment. The Sternberg memory task blocks included 140 

trials. The visuospatial WM task block included 260 trials, 130 trials each for the 

identical and mirrored visuospatial memory task type. Subjects could relax during 

short breaks of 5 minutes between the task blocks. Figures 7 and 8 display the 

course of the tasks.  

Each task block involved the delivery of phase specific TMS pulses, 1 TMS pulse 

per WM task trial. TMS pulses were applied in accordance to 4 different 

conditions, which were randomized among trials: 1) sham/trough, 2) 

active/through, 3) sham/random phase and 4) active/random phase.  

In active condition trials, a set of three biphasic TMS pulses (f = 100Hz) with an 

intensity of 120% RMT was applied to the cortical target during either the trough 

or at random phase of the prefrontal theta band. A direct contact between the coil 

and scalp was avoided due to resulting electric artefacts introduced by TMS. 

Instead, a gap of 6 mm was maintained by using a coil spacer made of plastic 

(Ruddy et al., 2018).  

In sham trials, no TMS was delivered to the subject’s head. In place of TMS, 

electrical stimulation was applied to the subject via electrodes placed on the 

scalp. The intensity used was individually adjusted to the sensation of the TMS 

pulse, so that it caused a significantly stronger somatosensory input as the TMS 

only. This was done to make the sensory input between the sham and real TMS 

application comparable, as explained in a further section. 
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In each trial, TMS and/or electrical pulses were delivered after the offset of the 

memory set during the retention period in the memory task in the active condition. 

 

 

 

Figure 6. Timeline and outline of the experimental session. 

Exemplary timeline of one experimental session: Blocks in color (A: yellow, B: green, C: purple) indicate 
measurements. Blocks in white indicate preparatory steps.                                                                                                                                   

A: EEG recording during a WM task for the computation of the individualized spatial filter w. 

B 

C 

A 
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B: EEG recording with marker setting during WM task by using the real-time paradigm for the post-hoc phase 
estimation.                                                                                                                                                                                                                                             

C: TMS and electric stimulation were applied either at the trough (a) or uncoupled (b) of the ongoing theta 
oscillation during the retention period of WM tasks by using the real-time paradigm. Created with 
BioRender.com.  

 

2.2.2 Working memory tasks  
We used the Sternberg memory task and the visuospatial WM task, which are 

two different types of WM tasks that involve different cortical regions for storing 

and processing WM items. The visuospatial task was adapted from Berger et al., 

(2019). Berger et al., (2019) observed high connectivity between prefrontal theta 

and right temporo-parietal gamma oscillations during visuospatial memory 

activity, thus highlighting the role of the right hemispheric regions for visuospatial 

tasks, as also previously shown by other PET and fMRI studies (D'Esposito et al., 

1998; Jonides et al., 1993). For verbal tasks, as is the case of the Sternberg task, 

the brain activity exhibits a lateralization to the left hemisphere (Wager & Smith, 

2003). In order to further investigate the impact of the same stimulation protocol 

on another functional memory circuit, the verbal Sternberg task was also included 

in the experiment in addition to the visuospatial task.  

 

2.2.2.1 Sternberg memory task 

Sternberg designed this task to investigate cognitive processing and short-term 

memory and could conclude a linear correlation between the number of items 

and reaction time (Sternberg, 1966, 1969). The Sternberg memory task has since 

become a very popular method in cognitive and experimental psychology 

(Roznowski & Smith, 1993).  

A sequence of eight randomized consonant letters is presented on the screen of 

the display toolbox (VIEWPixx, VPixx Technologies Inc., Canada) in front of the 

subject (Fig. 7). It is followed by a retention period, during which the screen turns 

blank. Subjects are instructed to retain the presented items in this period, until a 

random probe letter is presented. Subjects then have to decide whether the probe 

letter was part of the memory set or not by pressing the corresponding buttons 
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“Yes” or “No” on a handheld response box (RESPONSEPixx Handheld, VPixx 

Technologies Inc., Canada) as fast as possible. For each trial, the response 

accuracy and response time were logged by the display toolbox.  

 

 

Figure 7. Design of the Sternberg WM task.  

In the encoding period, a sequence of eight randomized consonants was presented on the screen. Subjects 
were instructed to retain the consonants for a period of time until a probe letter was presented. Subjects 
were instructed to press corresponding buttons on a response box, whether the probe letter was part of the 
memory set or not. Created with BioRender.com. 

 

2.2.2.2 Visuospatial memory task  

In the visuospatial memory task, a 6x6 grid display is presented on the monitor 

screen in front of the subject (Fig. 8). Four squares in randomized grid positions 

are all colored uniformly either in green or red. The square color indicates the 

memory task type: If the squares are colored green, their identical positions in the 

grid are supposed to be retained. If the squares are red, their respective positions 

have to be vertically mirrored on the highlighted midline of the grid and then 

retained during the retention period. After the retention period, a probe grid is 

presented. Depending on the square color in the encoding period, subjects have 

to decide whether the grid shows the correct identical or mirrored positions of the 

colored squares by pressing the corresponding buttons “Yes” or “No” on a 

handheld response box (RESPONSEPixx Handheld, VPixx Technologies Inc., 

Canada). For each trial, the response accuracy and response time were logged 

by the display toolbox. 
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Figure 8. Design of the visuospatial WM task. 

In the encoding period, a grid with four colored squares of randomized position was presented on the screen. 
The colors of the squares indicated the type of WM task: Green indicated the identical WM task and red 
indicated the mirroring WM task. Depending on the color, subjects were instructed to retain the identical or 
mirrored positions of the colored squares for a period of time until a probe grid was presented. Subjects were 
instructed to press corresponding buttons on a response box, whether or not the probe grid showed the 
correct positions of the colored squares according to the task type. Created with BioRender.com. 

 

2.2.3 Electrical stimulation  
The delivery of a TMS pulse is accompanied by a clicking sound of the electric 

discharge and a local sensation on the subject’s scalp. To rule out any effects of 

the sensory stimuli on the behavioral response (Abler et al., 2005), electrical 

stimulation was used in this study to create an additional sham TMS condition to 

the active TMS condition. The aim was to make the saliency of the sensation 

caused by electrical stimulation overwhelm that of the TMS pulse, thus masking 

the sensation of the TMS pulse for the subject 

Bipolar electrodes were attached on the skin with a conductive gel (Signa 

gel®, Parker Laboratories, Inc., USA). To reduce artefacts, the electrodes for 

electrical stimulation were placed outside the EEG cap, so that the contact to the 

electrodes on the EEG cap was minimized as much as possible. For mimicking 

the sensation of the TMS pulse on the DMPFC and the PPC, the electrical 

electrodes were placed on locations close to the cortical target areas. In the 
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DMPFC session electrical electrodes were attached pairwise to the subject’s 

forehead, below the EEG cap. In the PPC session the electrical electrodes were 

attached to the subject’s right acromion.   

During the experiment in the active TMS condition, electric double pulses (50Hz) 

were applied simultaneously to the triple TMS pulses in each triggered trial. In the 

sham condition, electric double pulses (50Hz) were applied without TMS.    

The amperage of the bipolar electrical stimulation delivered by the stimulator 

(DS8R biphasic constant current stimulator, Digitimer Ltd. UK) was adjusted 

individually according to the subject’s perception (pulse width t=100µs). 

 

2.2.4 Masking noise 
In order to prevent possible behavioral effects caused by auditory stimuli, the 

clicking sound of the TMS coil was masked. During the experiment subjects wore 

in-ear headphones (Sony, MDR-EX15LP), through which a masking noise was 

played. The masking noise was generated with the toolbox TAAC (Russo et al., 

2021). This toolbox generates a masking noise as combination of white noise and 

the clicking noise of the coil. It allows the customization of the masking noise 

according to the subject’s auditory perception to the TMS in order to further 

disrupt the subject’s perception to the TMS clicking sound.    

Prior to the experiment, the volume of the masking noise was adjusted manually 

for each subject while test pulses of the required intensity were applied. The 

volume was continuously increased until the subject reported not to hear the TMS 

clicking sound or until the masking noise volume became intolerable.  

 

2.3 Detection and prediction of the prefrontal theta phase  
Firstly, for targeting specific phases of prefrontal theta, the oscillation band needs 

to be extracted among other oscillations from the brain. Theta oscillations have a 

lower signal-to-noise ratio (SNR) than sensorimotor mu-oscillations, which have 

successfully been targeted in previous experiments by Zrenner et al. (2018). 
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Lower SNR is associated with a higher sensitivity to interference with other 

oscillatory sources, which consequently decreases the accuracy of phase 

detection (Zrenner et al., 2020).  

Secondly, the functioning of phase estimation algorithms relies on clean input 

data over an extended time window. However, it has been shown that cortical 

theta oscillations occur in limited time windows, so-called bursts, consisting of a 

few cycles, thus making them more vulnerable to phase resets and amplitude 

shifts. The presence of phase-amplitude resets, amplitude variations and signal 

disturbances from other unrelated sources compromise the algorithm’s accuracy 

in predicting the proper phase of the prefrontal theta oscillation (Gordon et al., 

2021; Kahana et al., 1999; Rizzuto et al., 2003; Zrenner et al., 2020).   

Therefore, a method to reliably extract theta oscillations from the cortical region 

of interest needs to be established. This will be discussed in the following sections 

2.4, 2.5 and 2.6. Further, it needs to be ensured that the input signal to the real-

time system is clean, free of any phase resets and amplitude shifts. This will be 

addressed in section 2.7.  

 

2.4 Spatial filters and MR-imaging  
The EEG signal of one single channel on the scalp surface can be traced back 

to multiple oscillatory sources in the brain with their signals overlapping with 

each other (Fig. 9), depending on the various spatial and conduction properties 

of head structures, including the scalp, skull, CSF (cerebrospinal fluid) and brain 

cortex. This so-called volume conduction renders scalp EEG signals difficult to 

attribute to specific sources in the brain.  

Attempts to properly localize EEG sources are divided in the forward and the 

inverse problem. The inverse problem refers to the efforts to find the source 

activity responsible for the recorded EEG signal (Grech et al., 2008). However, 

since the number of solutions for the inverse problem is infinite, sensible 

constraints need to be introduced in order to find a unique solution. These 

constraints are given by the forward problem. A forward model assumes 
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hypothetical source distributions inside the head and computes the scalp 

potentials that would result from them (Hallez et al., 2007). For the forward 

problem of any given source configuration, spatial filters are used. Spatial filters 

(partially) address volume conduction and can be applied on EEG data for the 

estimation of the source activity to solve the inverse problem.  

 

 

Figure 9. Illustration of volume conduction of a signal within the brain. 

A single electrical source contributes to the measured signal of all neighboring electrodes. Vice versa, an 
electrode picks up the signal of multiple electric sources all at once. Created with BioRender.com. 

 

A spatial filter is a weighting of signals from the individual EEG sensors. One 

family of commonly used spatial filters is the Surface Laplacian. The Surface 

Laplacian minimizes distant and deep sources in the EEG signal to attenuate 

volume conduction and thereby reinforces electrical activity close to the 

electrode. That is, as distant noise is picked up by electrodes almost equally, the 

average signal of the surrounding electrodes can be subtracted from the signal 

of the central electrode for noise reduction (Carvalhaes & de Barros, 2015). 

Surface Laplacians have been used successfully for the motor system (Stefanou 

et al., 2018; Zrenner et al., 2018). However, it is not clear a priori, which surface 

Laplacian filter should be used to target frontal theta oscillations. 

An alternative proposed by Gordon, Dörre et al. 2021 involves the use of 

individualized filters and was shown to be more sensitive than the Surface 

Laplacian. For this study, an individualized source-based spatial filter was 

constructed and used for each subject, as already demonstrated and identically 

used by Gordon, Dörre et al. 2021. This proposed individualized filter for source 
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reconstruction requires 1) a head model, 2) a source model and 3) a sensor 

description.  

1) The head model is supposed to set a theoretical framework for describing the 

behavior of electrical and magnetic fields in the head. Here, a head model with 

three layers, comprising the intracranial space (0.33S/m), skull (0.0041S/m), and 

scalp (0.33 S), was computed for each subject (Fig. 10). For the construction of 

the head model, we acquired anatomical T1- and T2-weighted MR images from 

all subjects with a Siemens Magnetom Prisma 3 T. The individual MRIs were then 

segmented and meshed using the Fieldtrip toolbox (Oostenveld et al., 2011), 

which relies on the software packages FreeSurfer and HCP workbench (Fischl, 

2012). Meshes were imported into MATLAB 2018b (Mathworks Ltd., United 

States) and by using a customized pipeline (Nummenmaa et al., 2013; Stenroos 

& Sarvas, 2012) a forward model for EEG was built (Gordon et al., 2021).  

2) A source model describes the position of the electric sources, which contribute 

to the EEG signal. For this study we used a model with approximately 16,000 

cortical source dipoles, each arranged perpendicular to the cortical surface.  

3) The sensor description includes the positions of the EEG electrodes on the 

subject’s scalp, which pick up the signal from the sources. The EEG electrodes 

were manually registered with an MRI-guided neuronavigation system (Localite 

GmbH, Sankt Augustin, Germany) and then projected onto the mesh head model. 

 

 

 

 

 

 

 

  

Figure 10. Three-layer head model with aligned electrodes of one subject from the side (left) and above 
(right). 
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Based on 1) the head model, 2) the source model and 3) electrode positions, 

signal topographies for all 16,000 sources were computed yielding a 126 x 16,000 

lead field matrix %. The lead field matrix % describes how the source activity at 

each cortex location contributes to the electric field on the sensor array (Gordon 

et al., 2021). 

 

2.5 EEG source activity estimation  
Once the head model, source model and the electrode positions are available, 

an algorithm that is capable of projecting the EEG data from the scalp surface 

back to the active sources inside the brain becomes necessary.  

The algorithm used in this study was the Linear Constrained Minimum Variance 

(LCMV) filter, which is an adapted beamforming method (Gordon et al., 2021; 

Van Veen et al., 1997). 

Beamforming is a popular filtering method for source reconstruction of EEG data. 

For a source location of interest, this method computes weights for each of the 

numerically predefined EEG sensor locations on the scalp, which make up the 

spatial filter (Fig. 11). The weights are chosen in such a way that signals from 

other locations are attenuated while the signal from the region of interest is 

amplified. The final signal at the region of interest is then computed by applying 

the spatial filter to all the signals of the electrodes. The region of interest for the 

extraction of brain activity was defined as the cortical dipoles within 1 cm diameter 

centered in the left DMPFC (Gordon et al., 2021).  
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For the location of interest (e.g., DMPFC), a computed weight w is assigned to each electrode of the EEG cap 
with the resulting vector making up the spatial filter. The signal of the region of interest is then computed by 
multiplication of the spatial filter and the signal s of all the scalp electrodes. Created with BioRender.com. 

 

Figure 11. Illustration of a spatial filter. 

 

 

For the construction of this individual filter for prefrontal theta oscillations, each 

subject had to perform an 8 min WM task, while EEG was recorded. A signal 

covariance matrix & was computed from the EEG data. This procedure takes all 

electrodes into account, excluding the electrodes in the two outer rims, as they 

are often subject to interference and contribute very little to the reconstruction of 

the signal from the DMPFC (electrodes with labels 9 and 10 in the International 

10-5 EEG system). 

A covariance matrix shows how an EEG signal of one electrode position is 

spatially associated with the EEG signal of another electrode position (Gopan et 

al., 2020). It is an '('  square matrix ('  being the number of channels) 

containing the correlation factors of the signal between each electrode pair of the 

EEG configuration.  

For the computation of the final individual filter w, let )(+)	be the topography of an 

elementary source dipole at location +. l(r) is the rth column of the lead field matrix 

%. Let & be the covariance matrix, then the spatial filter vector .(+)	to extract the 

activity of the source at location + is (Gordon et al., 2021; Van Veen et al., 1997):  
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.(+) = 	 )!(+)&"#
)!(+)&"#)(+)	 

                                                                                                                                                                                                            (1) 

For the estimation of the signal in the source, let 0(1) be the vector of measured 

EEG signals at time 1 and .(+) the spatial filter in location + , then the source 

amplitude "(+, 1) in location + at time 1 is obtained by: 

 

"(+, 1) = .(+)$0(1) 

                                                                                                                                                                                                            (2) 

We computed the individual spatial filter . with equation (1) by only using the 

columns of the lead field matrix % corresponding to the dipoles in the region of 

interest + (left DMPFC) and used it to extract the source activity "(1) in the region 

of interest +	(left DMPFC), as described in (2) (Gordon et al., 2021).  

 

2.6 Extraction of the SNR of prefrontal theta oscillations 
EEG signals can come from either internal cortical or external sources. In order 

to distinguish the data from external noise (e.g., facial and eye muscle activity, 

power line noise) or to look at specific intrinsic frequency bands, such as theta 

oscillations, brain signals need to be decomposed into their separate frequency 

components (spectral analysis).  

To extract the SNR of a frequency band, the fast Fourier transformation (FFT) is 

a common algorithm for the spectral analysis (Fig. 12). It decomposes an 

oscillatory signal into its specific frequency bands and their corresponding 

oscillatory power, yielding the power spectral density (PSD).  
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Figure 12. Illustration of the principle of Fourier Transformation. 

Oscillations in EEG data are composed of different oscillations of different frequency bands. Fourier 
Transformation decomposes the EEG signal in its oscillatory frequency components and displays the power-
frequency relation in a power density spectrum. Created with BioRender.com. 

 

In order to increase the SNR of the theta band and consequently the sensitivity 

of the individualized filter w, we did not directly apply the Fourier transform to the 

spatially filtered data, but instead followed a multi-taper approach: The multi-taper 

method is used for non-time-locked oscillatory activities and tapers raw EEG data 

with a predefined number of tapers orthogonal to each other, so that different 

features of data are highlighted (Fig. 13). FFT is applied after tapering the data. 

The power spectra are then averaged and yield the multi-taper estimate.  
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Figure 13. Illustration of the principle of multi-taper spectral analysis. 

A predefined number of tapers is applied on the EEG data sequence, thus highlighting different features of 
the EEG signal. The power spectra of the tapered EED data are then averaged. Direct FT leads to a 
smoothing of EEG data, while first tapering before applying FT leads to more pronounced features of the 
EEG data sequence. Created with BioRender.com. 

 

For the multi-taper analysis, 5 tapers were used on contiguous 5s data segments 

and a time half-bandwidth parameter of 3, which yielded a PSD of the full 

spectrum (Gordon et al., 2021). To further improve the SNR, aperiodic or non-

oscillatory background noise was extracted from the recorded EEG data with the 

irregular resampling auto-spectral analysis (IRASA) method with factors 1.1-2.9 

in steps of 0.1 and excluding 2.0 (Wen & Liu, 2016). The SNR was then computed 

by subtracting the aperiodic component from the full power spectrum (Donoghue 

et al., 2020). SNR was given on the log scale, in units of dB. By choosing the 

number of dipoles and a regularization parameter 3 (how strong the filter should 

be applied to the data) we manually optimized the spatial filter to increase the 

SNR of the desired brain activity, namely prefrontal theta oscillations (Fig. 14).  
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Figure 14. Computation of SNR and spatial filter w. 

A: SNR [dB] of the entire power spectrum was computed for the selected dipole position. SNR of theta band 
for the spatial filter was optimized by setting the dipole number and a regularization parameter ! manually.  

B: The positions of dipoles on the subjects MRI-reconstructed brain were selected manually for every subject 
with the aim to locate them in the frontal-midline area on the brain surface.  

 

2.7 Real-time phase estimation of prefrontal theta oscillations 
We obtained an estimate of the activity in the region of interest by the manually 

optimized spatial filter with the methods described above. We then needed to 

estimate the phase of the theta-oscillation in real time. To that end, we used the 

exact same algorithm described in the publication by Gordon et al. (2021):  

The source activity signal was downsampled to 250Hz and sliding windows of 

data with length of 250 samples (1000ms) were analyzed by applying the 

following steps every 4ms to yield an instantaneous phase estimate: 1) zero-

phase forward and backward filtering with an FIR (5-8Hz) band-pass filter of order 

A B 
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80, 2) removal of 40 samples from the epoch’s window closest to the marker in 

order to reduce filtering edge effects, 3) autoregressive forward prediction with 

the Yule-Walker method (order: 20) and the total predicted interval of 500ms, 4) 

Hilbert transform (Gordon et al., 2021; Zrenner et al., 2020).   

TMS was triggered when the estimated phase was in a predetermined range 

(trough: 180°±6°; random: 180°±180°) and two other conditions were met: at least 

1s had passed since the previous stimulus and no signal artefacts were detected.  

Those signal artefacts are defined by including four adjustable constraints:  1) 

eye blinks, 2) general EEG noise, 3) theta phase stability, 4) theta amplitude 

(Gordon et al., 2021).  

1) Eye blinks were detected by computing the maximal difference of voltage 

potential within a 50ms sliding window between two EEG electrode pairs (Fp1-

Pz, Fp2-Pz), and adding the resulting two values (one for each electrode pair). 

If this sum exceeded the user-defined threshold, triggering of TMS was 

blocked for the following 700ms (Gordon et al., 2021).  

2) General EEG noise resulting from muscle artefacts, environmental noise, and 

movement artefacts was identified by the maximal range of signal of any of 

the EEG channels. If this range exceeded the user-defined threshold within a 

sliding window of 100ms the signal was considered too noisy (Gordon et al., 

2021). 

3) Theta oscillations are unstable due to phase resets and amplitude resets. 

Phase resets were detected by analyzing the phase progression within the 

sliding window of 1s with the following steps: down sampling to 250 Hz, 

forward and backward FIR band-pass filtering (5-8 Hz) with order 80, Hilbert 

transform. From the phase progression, instantaneous frequencies were 

determined over discrete 16ms steps. The averaged squared difference 

between the instantaneous frequencies across 16ms steps was computed, 

yielding the “oscillation stability”. TMS triggers were blocked if the oscillation 

stability parameter went below a user-defined threshold in the previous 500ms 

before the trigger (Gordon et al., 2021).  
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4) TMS triggers were blocked if the amplitude of the ongoing theta oscillation 

went below the user-defined threshold, because low theta power might cause 

unreliable phase accuracy (Gordon et al., 2021).  

The threshold for eye blinks, general EEG noise, theta phase stability and theta 

amplitude were set during the recording of the second part of the experiment. 

During the main experiment however, parameters were also adjusted manually 

to ensure a consistent TMS pulse application, as noise usually varied over time, 

mostly due to the subject’s muscle contraction and blinking patterns throughout 

the experiment.  

 

2.8 Real-time brain state-dependent stimulation data processing setup 
A custom-built real-time system, which was executed on a xPC Target PC 

running the Simulink Real-Time operating system (DFI-ACP CL630-CRM 

mainboard) was used for real-time processing of the EEG data and triggering 

TMS pulses to specific phases of the ongoing oscillatory activity. The EEG data 

was sent to the real-time system through a real-time UDP interface at a packet 

rate of 5000Hz.   

 

2.9 EEG and EMG recording  
MEP in relaxed right-hand muscles were elicited by TMS applied on the hand 

representation of the M1 and were recorded through bipolar EMG adhesive 

hydrogel electrodes (Kendall, Covidien, Ireland) over the APB and FDI muscle in 

a bipolar belly-tendon montage (5kHz sampling rate, 0.16Hz-1.25kHz bandpass 

filter).  

Scalp EEG was recorded with a 126-channel TMS compatible Ag/AgCl sintered 

ring electrode cap (EasyCap GmbH, Germany) in the International 10-20 system 

arrangement. The reference electrode was placed at position Cpz and the ground 

electrode on Afz. The skin beneath the electrodes was cleaned with an abrasive 

gel (Nuprep Skin Prep Gel, Weaver and Company, USA). After cleaning, the 

electrodes were filled with a conductive gel (Electrode Cream, Vyaire Medical Oy, 
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Finland). The impedances of all electrodes were kept below 10kW. Four 24bit 40-

channel biosignal amplifiers were used for EEG and EMG recordings (NeurOne 

Tesla with Digital Out Option, Bittium Biosignals Ltd. Finland) at a sampling rate 

of 5kHz.  

 

2.10 TMS setup 
TMS was delivered with a MagPro XP Stimulator (MagVenture A/S, Denmark) 

connected to a figure-of-eight-coil with an inner coil winding diameter of 35mm 

(Cool-B65, MagVenture A/S, Denmark). 

The resting motor threshold (RMT) was defined as the minimal stimulation 

intensity that is necessary to elicit MEPs with a 50μV peak-to-peak amplitude of 

the resting muscles APB and FDI in at least 5 out of 10 consecutive trials.  

The neuronavigation system (Localite GmbH, Sankt Augustin, Germany) was 

used to locate the relative position of the coil to the subject’s head in space and 

thus enabled stable placement of the coil on the scalp for each TMS pulse and 

precise targeting of the predefined cortical areas. The positions of the individual 

cortical target areas were predefined by MNI coordinates [left DMPFC: (-4, 52, 

36) (Baetens et al., 2017; Piva et al., 2019) and right PPC: (36, -64, 38) 

(D'Esposito et al., 1998; Ragland et al., 2002; Wager & Smith, 2003)].  

 

2.11 Data analysis  
EEG data was analyzed with the FieldTrip open-source toolbox and customized 

analysis scripts on MATLAB® (Mathworks Ltd, USA, 2022a). Analyses of 

behavioral data and statistics were performed on MATLAB® (Mathworks Ltd, 

USA, 2022a). 

The threshold for statistical significance was set as p<0.05.  
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2.11.1 Phase accuracy and SNR 
SNR was computed as described in 2.6. 

The phase accuracy was computed from the “clean” EEG data recorded in the 

second experimental block. The EEG matrix (channel x signal) was multiplied 

with the individualized spatial filter matrix and then epoched into sequences of 

1000ms pre- and 1000ms post the real-time marker. For each marked trial, theta 

phases at the marked timepoint were extracted via Hilbert transform. Phase 

accuracy is reported as circular standard deviation. 

 

2.11.2 Analysis of real-time results 
Datasets of 20 subjects for session A and datasets of 14 subjects for session B 

were included into the analysis. 

Mean response accuracies and response times for every single subject were 

computed for 4 conditions: 1) active TMS at theta trough, 2) sham TMS at theta 

trough, 3) active TMS at theta random and 4) sham TMS at theta random. 

Response times of subject 1 were not recorded due to technical issues. P-values 

were computed with the Mann-Whitney-U-test due to non-normally distributed 

data and were rounded to two decimal places. 

 

2.11.3 Post-hoc analysis 
In order to investigate possible effects of delivering stimuli during other phases 

and oscillatory patterns (theta and alpha), we used the “random phase” trials and 

estimated the phases at times of stimulation in a post-hoc manner. For each 

subject, theta phase bins were computed and summarized into 4 phase-intervals: 

“trough”, “peak”, “falling”, “rising” in each trial of both experimental sessions. 

Mean response accuracies were computed for each subject for each of those 

phase-intervals. Further, alpha phase bins were also computed for each subject 

and each trial. 
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In the post-hoc analysis, EEG-TMS datasets of 19 out of 20 subjects for session 

A could be included. The dataset of subject 15 was corrupted, hence it could not 

be included in the analysis. For session B, 13 out of 14 datasets were included in 

the post-hoc analysis. The dataset of subject 12 could not be included in the 

analysis due to corrupted data.  

The phase estimation algorithm used in this post-hoc analysis was similar to the 

one from the real-time estimation. The EEG data was multiplied with a spatial 

filter of interest and then epoched into sequences of 1000ms to 10ms pre-

stimulus to exclude the TMS artefact. After the data was down sampled to 250Hz, 

a FIR band-pass filter of order 80 (alpha 8-12Hz or theta 5-8Hz) was applied. 40 

samples from the epoch’s window closest to the marker were removed, followed 

by an autoregressive forward prediction of order 20 (Yule Walker method), and 

then followed by the Hilbert transform. 

The EEG data was spatially filtered in two ways to obtain the phase of the theta 

oscillation: with 1) individualized spatial filter w and with 2) channel Afz (Berger 

et al., 2019). The signal which the alpha phase was extracted from was obtained 

with a Laplacian filter from the channel cluster CP6, CP4, TP8, P6 and C6, 

representing the right PPC area of the cortex. P-values were computed with the 

Kruskal-Wallis-test and were rounded to two decimal places. 

 

3 Results 

3.1 Phase accuracy and SNR 
We tested the accuracy of the phase detection method. This is of considerable 

importance, as it informs on how consistently the TMS pulses were delivered 

during the desired phase of the theta oscillation. The average phase accuracy of 

the TMS application, which targeted the trough of theta in the experiments, across 

all subjects had a mean of 190° and a standard deviation of 59° (Fig. 15). Around 

40% of the pulses were delivered at the theta trough 180° ± 30°.  
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As described by a previous study by Zrenner et al., 2020, one of the major 

predictors of the phase detection method’s accuracy is the SNR of the targeted 

oscillation. In our study, the SNR of the theta band varied largely among subjects, 

but remained robust within experimental sessions of single subjects (Fig. 16). The 

mean SNR across all subjects was 5.4dB. As predicted, the theta SNR of a 

subject was a strong indicator of the phase-detection method’s accuracy. Figure 

17A demonstrates the phase accuracy of 2 subjects with different theta SNR.  

Higher theta SNR correlated with lower standard deviation, thus making the 

phase detection and triggering of the real-time algorithm more precise (Fig. 17B).   

Polar histograms showing the sum of all phase bins of all random trials (red) and trough trials (blue) across 
all subjects and sessions. Trough is defined as 180°. Radius of the polar histogram shows the number of 

stimulated trials.                                           

 

Figure 16.  SNR distribution of all subjects in both experimental sessions A (blue) and B (green). 
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X-axis shows the subject number of all subjects in both experimental sessions. Y-axis shows the 
corresponding theta band SNR [dB].      
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Figure 17. Correlation between theta band 
SNR and standard deviation 

A: Exemplary display of 2 subjects with 
different theta band SNR and their resulting 
phase accuracy (random-red, trough-blue). 
Phase accuracy for subject with SNR of 10 
was more precise than for subject with 
SNR of 4. 

B: Scatter plot with marginal histograms of 
theta band SNR [dB] and phase standard 
deviation [°]. 
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comparison to random phase stimulation. Moreover, for the sham conditions, we 

expected response accuracy and response time to be similar between the theta 

trough and random phase conditions. 

We observed that delivering active TMS applied to the PPC, irrespective of 

whether the pulses occurred during the trough of the ongoing prefrontal theta 

oscillation or at random phase, had no significant impact in response accuracy or 

response time of the Sternberg WM task (Mann-Whitney/rank-sum, p>0.05, 

df=19).  Likewise, there was no significant effect when the applied stimulus was 

provided by the sham TMS (p>0.05) (Fig. 18). 

 

Figure 18. Response accuracy and response time with regard to the experimental conditions of the 
Sternberg WM task in session A. 

Left: Y-axis shows response accuracy. Right: Y-axis shows response time [s]. X-axis shows all four 
experimental conditions. Black lines display the mean response accuracy and mean response time of one 
subject for the trough and random phase condition. Blue dots and lines represent the mean response 
accuracy and response time among all subjects. Mann-Whitney-U-test does not yield significant results of 
response accuracy and time with regard to the phase for both active and sham conditions.  
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response accuracy and response time to be similar between the trough and 

random phase condition for the sham conditions.  

Moreover, we expected a stronger phase related effect of active TMS on WM for 

the “mirrored” visuospatial task type, as this task required mental manipulation of 

information, and thus more frontal executive processing compared to the 

“identical” task type.  

 

3.2.2.1 Identical  

We observed that delivering active TMS applied to the PPC, irrespective of 

whether the pulses occurred during the trough of the ongoing prefrontal theta 

oscillation or at random phase, had no significant impact in response accuracy or 

response time of the identical visuospatial WM task (Mann-Whitney/rank-sum, 

p>0.05, df=19). Likewise, there was no significant effect when the applied 

stimulus was provided by the sham TMS (p>0.05) (Fig. 19). 

 

 

Figure 19. Response accuracy and response time with regard to the experimental conditions of the identical 
visuospatial WM task in session A. 

Left: Y-axis shows response accuracy. Right: Y-axis shows response time [s]. X-axis shows all four 
experimental conditions. Black lines display the mean response accuracy and mean response time of one 
subject for the trough and random phase condition. Blue dots and lines represent the mean response 
accuracy and response time among all subjects. Mann-Whitney-U-test does not yield significant results of 
response accuracy and time with regard to the phase for both active and sham conditions. 

ac
tive

, 
 tro

ug
h

ac
tive

, ra
nd

om

sh
am

, 
 tro

ug
h

sh
am

, ra
nd

om
0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

1

re
sp

on
se

 a
cc

ur
ac

y

ac
tive

, 
 tro

ug
h

ac
tive

, ra
nd

om

sh
am

, 
 tro

ug
h

sh
am

, ra
nd

om
0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

1

1.05

re
sp

on
se

 ti
m

e 
(s

)

p=0.98 

 

p=0.06 p=0.86 p=0.95 



 42 

3.2.2.2 Mirrored  

We observed that delivering active TMS applied to the PPC, irrespective of 

whether the pulses occurred during the trough of the ongoing prefrontal theta 

oscillation or at random phase, had no significant impact in response accuracy or 

response time of the mirrored visuospatial WM task (Mann-Whitney/rank-sum, 

p>0.05, df=19). Likewise, there was no significant effect when the applied 

stimulus was provided by the sham TMS (p>0.05) (Fig. 20). 

 

 

Figure 20. Response accuracy and response time with regard to the experimental conditions of the mirrored 
visuospatial WM task in session A. 

Left: Y-axis shows response accuracy. Right: Y-axis shows response time [s]. X-axis shows all four 
experimental conditions. Black lines display the mean response accuracy and mean response time of one 
subject for the trough and random phase condition. Blue dots and lines represent the mean response 
accuracy and response time among all subjects. Mann-Whitney-U-test does not yield significant results of 
response accuracy and time with regard to the phase for both active and sham conditions. 
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expected an improvement of response accuracy and a decrease of response time 

after active TMS applied to the trough of prefrontal theta in comparison to the 

random phase condition. We expected response accuracy and response time to 

be similar between the trough and random condition for the sham conditions. 

We observed that delivering active TMS applied to the DMPFC, irrespective of 

whether the pulses occurred during the trough of the ongoing prefrontal theta 

oscillation or at random phase, had no significant impact in response accuracy or 

response time of the Sternberg WM task (Mann-Whitney/rank-sum, p>0.05, 

df=13). Likewise, there was no significant effect when the applied stimulus was 

provided by the sham TMS (p>0.05) (Fig. 21). 

 

 

Figure 21. Response accuracy and response time with regard to the experimental conditions of the 
Sternberg WM task in session B.  

Left: Y-axis shows response accuracy. Right: Y-axis shows response time [s]. X-axis shows all four 
experimental conditions. Black lines display the mean response accuracy and mean response time of one 
subject for the trough and random phase condition. Blue dots and lines represent the mean response 
accuracy and response time among all subjects. Mann-Whitney-U-test does not yield significant results of 
response accuracy and time with regard to the phase for both active and sham conditions. 
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of prefrontal theta in comparison to the random phase condition. We expected 

response accuracy and response time to be similar between the trough and 

random phase condition for the sham stimulation. 

We expected a stronger phase related effect of active TMS on WM for the 

mirrored compared to the identical visuospatial task type.  

 

3.3.2.1 Identical  

We observed that delivering active TMS applied to the DMPFC, irrespective of 

whether the pulses occurred during the trough of the ongoing prefrontal theta 

oscillation or at random phase, had no significant impact in response accuracy or 

response time of the identical visuospatial WM task (Mann-Whitney/rank-sum, 

p>0.05, df=13). Likewise, there was no significant effect when the applied 

stimulus was provided by the sham TMS (p>0.05) (Fig. 22). 

 

 

Figure 22. Response accuracy and response time with regard to the experimental conditions of the identical 
visuospatial WM task in session B. 

Left: Y-axis shows response accuracy. Right: Y-axis shows response time [s]. X-axis shows all four 
experimental conditions. Black lines display the mean response accuracy and mean response time of one 
subject for the trough and random phase condition. Blue dots and lines represent the mean response 
accuracy and response time among all subjects. Mann-Whitney-U-test does not yield significant results of 
response accuracy and time with regard to the phase for both active and sham conditions.   
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3.3.2.2 Mirrored 

We observed that delivering active TMS applied to the DMPFC, irrespective of 

whether the pulses occurred during the trough of the ongoing prefrontal theta 

oscillation or at random phase, had no significant impact in response accuracy or 

response time of the mirrored visuospatial WM task (Mann-Whitney/rank-sum, 

p>0.05, df=13). Likewise, there was no significant effect when the applied 

stimulus was provided by the sham TMS (p>0.05) (Fig. 23). 

 

 

Figure 23. Response accuracy and response time with regard to the experimental conditions of the mirrored 
visuospatial WM task in session B. 

Left: Y-axis shows response accuracy. Right: Y-axis shows response time [s]. X-axis shows all four 
experimental conditions.  Black lines display the mean response accuracy and mean response time of one 
subject for the trough and random phase condition. Blue dots represent the mean response accuracy and 
response time among all subjects. Mann-Whitney-U-test does not yield significant results of response 
accuracy and time with regard to the phase for both active and sham conditions. 
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this analysis was yielded by the individual w-filter. In order to confirm the results, 

we also repeated the analyses using the signal from a single electrode placed 

over the DMPFC, namely the Afz channel. 

The post-hoc analysis did not yield significant differences (Kruskal-Wallis/rank-

sum, p>0.05) between the four chosen phase-intervals (peak, rising, trough, 

falling) of prefrontal theta oscillations, neither extracted from the spatial filter w 

nor extracted from the channel Afz and the response accuracy in the Sternberg 

and visuospatial WM tasks for both sessions A and B (Fig. 24, 25).  

Lastly, we tested for the possibility of the behavioral performances being more 

sensitive to phase-dependent effects of TMS of another oscillatory activity. 

Specifically, posterior-parietal alpha oscillations are believed to play an important 

role in WM maintenance. Therefore, we repeated the analyses with post-hoc 

phase estimation of the alpha oscillation from the left PPC, extracted with a 

Laplacian filter from the electrodes CP6, CP4, TP8, P6 and C6. For the alpha- 

band phase, no significant differences (Kruskal-Wallis/rank-sum, p>0.05) of the 

four phase-intervals could be found in regard to response accuracy of both WM 

task types for both sessions A and B (Fig. 24, 25).  
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Figure 24. Response accuracy with regard to post-hoc estimated phases in session A. 

Display of the mean response accuracy for every subject for the Sternberg and visuospatial WM tasks with 
regard to the post-hoc estimated phase of theta (Afz), theta (filter w) and alpha (posterior-parietal) oscillation. 

Y-axis shows response accuracy. X-axis shows all 4 phase-intervals: 1-falling, 2-trough, 3-rising, 4-peak. 
Red dots represent the mean response accuracy of individual subjects. Blue dots show the mean of 
response accuracy of all subjects. Kruskal-Wallis-test does not yield significant differences for response 
accuracies for the four phase-intervals.  

p=0.88 p=0.99 

p=0.43 p=0.74 

p=0.69 p=0.82 
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Figure 25. Response accuracy with regard to post-hoc estimated phases in session B. 

Display of the mean response accuracy for every subject for the Sternberg and visuospatial WM tasks with 
regard to the post-hoc estimated phase of theta (Afz), theta (filter w) and alpha (posterior-parietal) oscillation. 

Y-axis shows response accuracy. X-axis shows all 4 phase-intervals: 1-falling, 2-trough, 3-rising, 4-peak. 
Red dots represent the mean response accuracy of individual subjects. Blue dots show the mean of 
response accuracy of all subjects. Kruskal-Wallis-test does not yield significant differences for response 
accuracies among subjects for the four phase-intervals.  

p=0.67 p=0.39 

p=0.17 p=0.98 

p=0.22 p=0.41 
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3.5 Post-hoc analysis of sensory effects on behavioral outcome 
It is worth mentioning that a few subjects dropped out of session B because of 

the unpleasant sensation by TMS and the electrical stimulation at the stimulated 

area (stimulation at the PFC was generally perceived as more painful than 

stimulation at the PPC). Sensory inputs can be distractors while performing 

cognitive tasks. Hakim et al. (2021) for example reported that visual distractors 

presented in the retention period of a visual WM task led to WM impairment of 

subjects. We therefore computed phase accuracies and response times for all 

stimulated trials (regardless of TMS and electrical stimulation) and all non-

stimulated trials in both experimental sessions for all subjects (Fig. 26). Since the 

stimulation in session B was in general reported to be more intense and more 

painful than the stimulation in session A, we expected stronger effects in session 

B. Indeed, we found a trend towards significant impact (Mann-Whitney/rank-sum, 

p=0.05) of stimulation on the response time for subjects performing the 

visuospatial task in session B. Interestingly, subjects seemed to perform faster in 

stimulated trials with no notable increase of response accuracy. For the Sternberg 

task in session B though, the effect was non-significant. Since subjects had to 

memorize and respond faster in the visuospatial tasks than in the Sternberg tasks 

due to shorter time frames, one could argue that this condition was more sensitive 

to external effects. 
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Figure 26. Response accuracy and response time for all stimulated trials (both TMS and electrical stimulation) 
and non-stimulated trials for all subjects in both sessions A (PPC stimulation) and B (DMPFC stimulation).  

Y-axis shows the response accuracy. X-axis shows two conditions, either all stimulated trials or all non-
stimulated trials. In session A, response accuracy and response time remained robust with and without 
stimulation. In session B, subjects responded faster in stimulated trials than in non-stimulated trials, only in 
visuospatial tasks. A similar trend can be observed in the Sternberg task. P-values were computed with the 
Mann-Whitney-U-test.  

 

3.6 Post-hoc analysis of time delays of delivered TMS pulses  
The marker for triggering the TMS triple pulse was set 700ms after the memory 

set offset within the retention period. If the detected prefrontal theta oscillation 

showed a sufficient amplitude and phase stability, and overall EEG signal 

contained low interference, a TMS pulse was delivered. If the conditions were not 

met, the pulse delivery was delayed. The time delay of applied pulses in all 

experimental trials is presented in Fig 27. Most pulses (>50%) were delivered 

within the first 1800ms after memory set offset in the Sternberg task and 1200ms 

in the visuospatial task.  
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4 Discussion 
The objective of this study was to influence the behavioral output during a 

cognitive task performance by delivering brain stimulation at specific cortical 

regions and time points. Specifically, it meant targeting the trough of ongoing 

prefrontal theta oscillations during a WM task to modulate behavioral outcomes 

on WM performance.  

The trough phase of neuronal oscillations in the theta band has been 

hypothesized to represent a state of high neuronal excitability. Theta band 

oscillations show an increased activity during cognitive tasks. Cortical regions 

associated with the FPN (right PPC, left DMPFC) show increased functional 

connectivity in the theta band during cognitive task performances. By stimulating 

the right PPC and the left DMPFC with TMS at the trough phase of prefrontal 

theta we attempted to modulate neuronal communication within the FPN.  

Previously, Berger et al., (2019) carried out a similar experiment, but using 

random TMS pulses and post-hoc offline phase estimation. They observed a 

decrease in WM phase accuracy when TMS occurred in the theta trough during 

the retention period. In our study we attempted to go one step further by 

implementing that concept in an online brain state-dependent stimulation design, 

which meant being able to control behavioral output in real-time. 

 

Figure 27. Time delay of delivered TMS 
pulses of all trials in the Sternberg task 
(above) and the visuospatial task (below). 

Y-axis shows the cumulative ratio of trials. 
X-axis shows the time delay [s] of the 

delivered pulses. 
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Given the meaningfulness of properly delivering stimuli in specific phases of 

ongoing cortical oscillations as explained by the communication through 

coherence theory (Fries, 2015), the present study involved methods that allowed 

precise stimulation during specific theta phases originating from the prefrontal 

cortex. This was achieved by creating an individualized spatial filter w for each 

subject based on their anatomy and their brain activity, aiming to maximize the 

SNR of the prefrontal theta band.  

In our study, we did not observe a significant impact on WM performance by the 

real-time delivery of TMS triple pulses during the trough of the prefrontal theta-

rhythm at either the right PPC nor the left DMPFC. This goes against our 

hypotheses and the results observed by Berger et al., (2019). Possible reasons 

for these negative results will be discussed below.  

One possibility is that the variability in the phase accuracy for stimulation was 

inappropriate for the present purposes. However, it is unlikely that the phase 

accuracy accounts for these negative results, as the overall phase accuracy of 

the real-time TMS application in this study was comparable to a previous brain 

state-dependent EEG-TMS study targeting prefrontal theta with the same 

paradigm at resting state, suggesting that it is possible to observe 

electrophysiological and behavioral effects from applying TMS pulses to different 

phases of ongoing cortical oscillations at these phase accuracy ranges (Gordon 

et al., 2022; Gordon et al., 2021; Zrenner et al., 2018).  

Nevertheless, single subjects with a low SNR might have received TMS 

stimulation at an improper time point more frequently, leading to no effect on their 

behavioral outcome. There is a high variability of results on the subject level as a 

lower SNR resulted in less accurate phase detection and TMS triggering as 

already shown in other studies (Gordon et al., 2021; Zrenner et al., 2020). This is 

plausible, as a weak SNR implies a less pronounced signal compared to other 

noisy signals, thus being less precisely detectable by the real-time algorithm. 

Since we did not include a prior subject selection according to the SNR, the theta 

band SNR and the correlating phase accuracy in experimental sessions varied 

greatly among subjects. On the other hand, the average SNR among subjects 
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was comparable to the study by Gordon et al., (2021). Further, even after the 

post-hoc extraction of the theta phases of all active trials and reassigning the 

trials to the corresponding behavioral results, results still remained negative.  

Moreover, it is also possible that the number of stimulated trials was not sufficient. 

As the number of stimulated trials correlated with the size of the theta band SNR 

and the resulting phase accuracy, it varied greatly among subjects. The real-time 

algorithm only allowed TMS triggering if the phase of the signal input could be 

detected and if all constraints (eye blinks, general EEG noise, theta phase 

stability and theta amplitude) were fulfilled. A pronounced and more stable theta 

signal naturally could be detected easier among other noisy signals. This meant 

that higher SNR in the experiment led to more trials with active stimulation. 

Experiments with subjects of very low SNR therefore included a low number of 

triggered trials, thus lacking in statistical power. Therefore, we analyzed the 

results of only the subjects with high SNR, but the results were still negative. 

It should also be noted that, as the experiment proceeded over time, the signal 

quality of the electrodes declined, which is most likely due to the drying of the 

electrodes gel and consequent increase in impedance (Liu et al., 2019). Subjects 

also became increasingly tired and muscle activity increased, which also 

compromised the signal quality. Despite breaks and impedance quality check-

ups of the electrodes, a steady decline of signal quality could not be prevented. 

The declining signal quality led to more imprecise triggering and fewer triggered 

trials, thus imposing a limit to the total number of stimulated trials per session. 

However, in the analysis the number of stimulated trials was adequate among 

subjects in the experiment. Additionally, in order to increase statistical power, the 

post-hoc analysis was also performed to include trials of the random condition, in 

which the trough was randomly targeted, into the theta trough analysis. Still, the 

post-hoc analysis yielded negative results.  

In summary, it is unlikely that these technical issues can explain the negative 

results. 

Apart from technical issues, other aspects might explain the negative findings. 

The present focus on the trough phase stimulation might have led us to neglect 
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the importance of other oscillatory phases, which if interfered with could then lead 

to real-time behavioral changes. However, post-hoc results show that tested WM 

performances were not affected by stimulation during any specific phase (falling, 

trough, rising, peak) of the prefrontal theta rhythm. Moreover, this was not 

supported by the findings from Berger et al., (2019), who observed an impairment 

of varying size on visuospatial working memory by TMS, depending on the phase 

of stimulation. In their study, it has been shown post-hoc that the impairment of 

the visuospatial WM performance is the strongest if TMS is applied to the right 

hemispheric PPC at the trough of the prefrontal theta rhythm. For their theta 

phase analysis, Berger et al., (2019) used the signal of the channel Afz, thus 

differing from our approach with the individualized spatial filter w. So as another 

attempt, we also extracted the theta phases of our study post-hoc from the Afz 

channel, but our results still were negative.  

Moreover, since Berger et al., (2019) only used a single channel Afz for theta 

signal extraction instead of an individualized spatial filter, it could be possible that 

they measured volume-conducted alpha from posterior regions instead of theta 

oscillations, given the often considerably higher SNR of posterior alpha. Previous 

studies have also provided evidence that it is not only the frontoparietal 

coherence of the theta band but also the alpha band that plays an important role 

in attention focusing and memory processing (Klimesch et al., 2011; Klimesch et 

al., 1994; Roux & Uhlhaas, 2014; Sauseng et al., 2005). Both frequencies are 

proposed to encode different information classes. This is the reason, why we also 

analyzed the phase of posterior alpha oscillations of the right PPC in a post-hoc 

manner, but the results did not reveal any significant information about the impact 

of the alpha band on WM. 

To better explain why we could not impact WM function with this study paradigm, 

it is important to revisit the scientific status quo about the mechanisms of WM in 

other EEG-TMS and behavioral studies.  

Berger et al., (2019) proposed that frontoparietal interaction relevant for WM 

particularly takes place within short periodic time windows. Those time windows 

are proposed to be determined by the FM-theta and temporo-parietal gamma 
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synchronization, which modulate the strength of communication between frontal 

and parietal regions. According to this theory, if a TMS pulse is delivered at a 

phase of high excitability, namely theta trough, the coupling of FPN network is 

disturbed and thus the maintenance of WM item representations is impaired. 

Further, the oscillations of FM-theta clock a gating mechanism for enabling the 

DMPFC to access the PPC and vice versa, a prerequisite for maintaining WM 

items in memory and thus WM function (Berger et al., 2019).  

This phase-related effect however could have been masked or disrupted by the 

strong sensory distraction by the TMS pulses and electrical stimulation in our 

experiment, as shown in the post-hoc analysis of sensory effects on behavioral 

outcome. Indeed, we found that short-term and strong sensations by stimulation 

of any type might have increased alertness and focus for a while, thereby 

explaining the improved reaction time, but not improved WM retention for the 

visuospatial task. These results indicate that alertness (pressing the response 

box button as soon as possible after the signal) and WM processing (memorizing 

WM items and maintaining them correctly) can be affected independently from 

each other. Further, they highlight the relevance of alertness for the execution of 

WM tasks.  

Besides WM processing, FM-theta is also associated with alertness or attention. 

For instance, Duprez et al. (2020) suggested that FM-theta oscillations clock a 

variety of cortical processing mechanisms, including attention modulation and 

inhibitory control. Similar to the oscillation-based gating mechanism of WM in the 

FPN, an oscillation-based mechanism has been observed for visual perception. 

The visual perception system seems to involve time windows in which perception 

is periodically enhanced (VanRullen, 2016). This sampling of perception is 

proposed to underlie the periodic allocation of attention that directs attention to 

visual information, thus enhancing the perception periodically. This cycle is 

aligned with the rhythm of slow brain oscillations, such as FM-theta (Busch & 

VanRullen, 2010). Hence, FM-theta oscillations and attention are strongly linked 

with each other, as shown in many studies (Benchenane et al., 2011; Fiebelkorn 

& Kastner, 2019; Fiebelkorn et al., 2018; Gregoriou et al., 2009).  
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Further, there is a time window called the attentional blink, which is frequently 

referred to an impairment in post-perceptional processing (Luck et al., 1996). The 

attentional blink is a 200 millisecond time window 400-600ms after the detection 

of a target stimulus in a rapid stream of visual stimuli, in which further newly 

presented stimuli are less likely registered by subjects and are thus missed. 

Hence, attentional processes underlying the selection of perceptual information 

are different from attentional processes responsible for the selection of more 

highly processed conceptual information, as perceptual and post-perceptual 

processing occur in different time windows after the presentation of a stimulus 

(Luck et al., 1996).  

So, it might be that WM processing could only be sensitive to theta oscillation-

related effects in the first hundreds of milliseconds in the retention period before 

the attentional blink. This means that TMS pulses might have been delivered in 

an insensitive time window of the retention period and thus could not affect 

relevant attentional processes. In our experiment, triple pulses were delivered 

700ms after memory set offset within the retention period time window. Also, 

since the timing of the triggered TMS pulses by the real-time algorithm varied 

greatly due to delay by noisy signals for example, TMS might have led to an 

inconsistent effect on WM performance. Nevertheless, the latency and variability 

are also consistent with the experiment of Berger et al., (2019), as the onset of 

triple pulses was jittered between 500-1500ms after memory set offset and, 

therefore, do not explain the discrepancy in the results between the two studies.  

Here, the inevitable question arises of how attention and WM actually relate to 

each other. There are several cognitive models of WM that describe the 

interaction between memory and attention. A common idea of these models is 

that the items of WM are internal representations from long-term memory (LTM) 

that are contemporarily activated by the focus of attention (Cowan, 1995; 

D'Esposito & Postle, 2015). During the encoding period, internal representation 

of items of LTM are accessed through perceptional recognition. During the 

retention period, those representations are then maintained in an elevated state 

of activation by the focus of attention until the information is no longer available 

(Cowan, 1995; D'Esposito & Postle, 2015). Thus, the focus of attention on internal 
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representations (semantic, sensory, motoric) reflects a necessary process which 

enables the short-term retention in WM (D'Esposito & Postle, 2015). 

It also could be the case that phase-related effects can only be observed in even 

earlier stages, such as the encoding period, during which the oscillatory activity 

guides attention and encoding of stimuli, whereas in the retention period the 

information might be embedded differently:  

It has been proposed that persistent neuronal activity in the PFC serves as a 

requirement for WM (D'Esposito & Postle, 2015). Instead of serving as the 

gatekeeper for allowing access to internal representations, theta oscillations in 

the retention period are also thought to encode WM content (Axmacher et al., 

2010). Thus, a disrupted chain of the oscillatory activity in the retention period 

caused by TMS then would consequently result in a loss of WM content. Recently 

however, some studies have suggested the contrary: that persistent neuronal 

activity in the delay period in the prefrontal region might not be necessary for WM 

maintenance (Lorenc et al., 2021; Stokes, 2015). Indeed, it has been shown that 

not all WM content is reflected in the neuronal oscillations, even when it is still 

clearly maintained. Neural signatures in the retention period could only be 

observed for attended WM contents, but not for unattended WM content 

(LaRocque et al., 2013; Lewis-Peacock et al., 2012). Thus, neuronal activity of 

the prefrontal area observed in the retention period might not reflect WM 

mechanisms, but rather the focus of attention. 

Moreover, WM mechanisms might underlie certain neural states that cannot be 

traced with EEG methods (Sreenivasan et al., 2014; Stokes, 2015; Wolff et al., 

2017). In other words, memory content might not be an explicit representation in 

a persistent activity state as hitherto assumed, but a more general neuronal 

response (Wolff et al., 2017). This may be the case of changes of functional 

connectivity within already established neuronal networks (Stokes, 2015). This 

framework highlights WM as a flexible and task-adaptable cognitive system, 

which can be dynamically reestablished (Wolff et al., 2017).   

Instead of neuronal firing and measurable oscillations, those changes of 

functional connectivity for WM might also underlie short-term changes in synaptic 
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plasticity. Here, WM content is thought to be embedded in synaptic weights, an 

activity-silent model that is energetically far more efficient than persistent firing 

(Mongillo et al., 2008; Sreenivasan et al., 2014). Other ideas for hidden states 

include changes in extracellular transmitter concentrations or neuronal 

membrane potentials (Wolff et al., 2017).   

Eventually, the exact mechanisms of WM and the functional relevance of 

neuronal oscillations for this cognitive system specifically are not fully understood 

and still need to be explored in future studies before intervening in WM 

processing and thus successfully enabling modulation of cognitive output.  
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5 Summary  
 

In this study, we used brain state-dependent EEG-triggered transcranial 

magnetic stimulation (TMS) to target predefined phases of prefrontal theta 

oscillation with the attempt to modulate working memory performance of healthy 

human subjects in real time. For the real-time phase detection and estimation, 

we used an individualized spatial filter based on the MRI and EEG recording of 

each subject in order to source-project theta oscillations in the prefrontal cortical 

area.  

Subjects were enrolled in two sessions of randomized order with different cortical 

stimulation targets (right posterior-parietal cortex/left dorsomedial prefrontal 

cortex). Throughout the session, EEG was recorded with a 126-channel EEG 

cap. Subjects were instructed to perform two different types of working memory 

tasks on a monitor with a handheld response box (Sternberg, visuospatial). TMS 

triple pulses (100Hz, 120% RMT, active condition) and electrical pulses (sham 

condition) were applied to the respective cortical targets during the retention 

period of the working memory tasks, either at the timepoint of prefrontal theta 

trough or of any random phase. Responses and response times of the working 

memory tasks were recorded. 

In our study, the phase accuracy of TMS pulses was comparable to other brain 

state-dependent real-time EEG-TMS studies. TMS in the trough of the prefrontal 

theta oscillation did not affect working memory performance in comparison to the 

random phase. No significant difference regarding response accuracies and 

response times between TMS application in the trough and in the random phase 

of theta oscillations could be achieved in the real-time results. Significant 

differences were neither found by stimulating the right posterior-parietal cortex, 

nor the left dorsomedial prefrontal cortex. Post-hoc results did not yield significant 

phase correlations between response accuracy and different phases of prefrontal 

theta oscillation and posterior-parietal alpha oscillation. 

These negative results inevitably lead to the revisit of current understandings of 

working memory function. Neuronal oscillations in the theta band might reflect 
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attentional processes in the WM processing system. Thus, working memory 

processing might only be sensitive to oscillatory effects in earlier stages, e.g. the 

encoding period, whereas in the retention period, dynamic changes in hidden 

brain states might portray a more efficient and robust method for maintaining 

working memory content. 

6 German summary 
 

In dieser Studie nutzten wir die durch EEG-Echtzeitanalyse ermöglichte 

hirnzustandsabhängige transkranielle Magnetstimulation (TMS), um vordefinierte 

Phasen der präfrontalen Theta-Oszillation gezielt anzusteuern mit dem Ziel, die 

Leistung des Arbeitsgedächtnisses von gesunden ProbandInnen zu modulieren. 

Für die Erkennung und Schätzung der Phasen in Echtzeit verwendeten wir einen 

individualisierten räumlichen Filter, der auf den MRT- und EEG-Aufzeichnungen 

der einzelnen ProbandInnen basierte, um auf die Quellaktivität der Theta-

Oszillationen im präfrontalen Kortikalbereich zu schließen.   

Die ProbandInnen nahmen an zwei Sitzungen in randomisierter Reihenfolge mit 

unterschiedlichen kortikalen Stimulationszielen teil (rechter posterior-parietaler 

Kortex/linker dorsomedialer präfrontaler Kortex). Während einer Sitzung erfolgte 

die kontinuierliche EEG-Aufzeichnung mit einer 126-Kanal EEG-Kappe. Die 

ProbandInnen wurden angewiesen, zwei Typen von Arbeitsgedächtnisaufgaben 

(Sternberg, räumlich) auf einem Monitor mit einer Hand-Antwortbox 

durchzuführen. TMS-Pulstriplets (100Hz, 120% RMT, aktive Bedingung) und 

elektrische Pulse (Scheinbedingung) wurden auf die entsprechenden kortikalen 

Ziele während der Retentionszeit der Arbeitsgedächtnisaufgaben entweder zum 

Zeitpunkt des präfrontalen Thetaminimums oder zufälliger Phase ausgelöst. 

Antworten und Antwortzeiten der Arbeitsgedächtnisaufgaben wurden 

aufgezeichnet.  

In unserer Studie zeigte sich die Phasengenauigkeit der TMS-Pulse vergleichbar 

zu anderen hirnzustandsabhängigen EEG-TMS Studien. TMS im Minimum der 

präfrontalen Theta-Oszillation hatte keinen Einfluss auf die Leistung des 



 61 

Arbeitsgedächtnisses im Vergleich zur zufälligen Phase. In den Echtzeit-

Ergebnissen konnte kein signifikanter Unterschied hinsichtlich der 

Antwortgenauigkeit und der Antwortzeiten zwischen der TMS-Anwendung im 

Minimum und in der zufälligen Phase der Theta-Oszillationen festgestellt werden. 

Signifikante Unterschiede konnten weder für den rechten posterior-parietalen 

Kortex, noch für den linken dorsomedialen präfrontalen Kortex gefunden werden. 

Post-hoc-Ergebnisse deuten auf keine signifikanten Phasenkorrelationen 

zwischen Antwortgenauigkeit und verschiedenen Phasen der präfrontalen Theta-

Oszillation und der posterior-parietalen Alpha-Oszillation hin. 

Diese negativen Ergebnisse führen zu einem Überdenken des derzeitigen 

Verständnisses über die Funktionsweise des Arbeitsgedächtnisses. Neuronale 

Oszillationen im Theta-Band könnten Aufmerksamkeitsprozesse im WM-

Verarbeitungssystem widerspiegeln. So könnte die Verarbeitung des 

Arbeitsgedächtnisses nur in früheren Phasen, z. B. in der Enkodierungsphase, 

für oszillatorische Effekte empfindlich sein, während in der Retentionsphase 

dynamische Veränderungen in dem EEG verborgenen Hirnzuständen eine 

effizientere und robustere Methode zur Aufrechterhaltung von 

Arbeitsgedächtnisinhalten darstellen könnten.  
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