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SUMMARY 
 
Alpha oscillations are a defining feature of the brain’s rhythmic activity. Although they were 

initially dismissed as an idle rhythm, a growing body of evidence indicates that they play an 

essential role in perception and cognition. Given their functional relevance, the alpha rhythm is 

unlikely to be static; rather, both its strength and speed are dynamically adjusted. In this thesis, 

I aimed to elucidate the extent of their flexibility by actively modulating the amplitude of alpha 

oscillations using weak electrical stimulation in Study 1, and by characterising spontaneous 

variability in alpha dynamics in Study 2. 

In Study 1, we modulated oscillatory alpha activity in the right somatosensory cortex using 

short trains of transcranial alternating current stimulation (tACS). During simultaneous 

magnetoencephalography (MEG) recordings, participants received intermittent tACS or no 

stimulation, which served as a control. Stimulation was administered in 10 s and 30 s trains at 

an individually-adapted stimulation frequency (ISF), selected to approximate each participant’s 

alpha peak frequency (APF) at rest. We observed elevations in oscillatory power following 

tACS relative to control, most prominently around the ISF, with additional effects extending 

into the beta range. These effects were distributed bilaterally across somatosensory and frontal 

regions. Notably, 10 s trains produced a greater increase in power than 30 s trains, 

demonstrating that even very brief periods of tACS can robustly modulate alpha-band activity.  

Study 2 was motivated by a key limitation identified in Study 1, namely the difficulty of 

aligning ISF with each participant’s endogenous APF. Using resting-state MEG data from the 

control sessions of Study 1, we characterised spontaneous fluctuations in APF at a fine temporal 

scale across the cortex. We found that variability in APF increases systematically along the 

posterior-to-anterior cortical axis, from occipital to frontal regions. Comparisons with 

amplitude-matched simulated data confirmed that this gradient could not be explained by 

measurement noise alone. Across cortical regions, APFs exhibited poor temporal reliability, 

suggesting that APF reflects a transient state rather than a stable trait.  

In Study 1, we demonstrated that alpha power can be modulated through brief bouts of electrical 

stimulation, whereas in Study 2, we showed that alpha frequency fluctuates substantially even 

in the absence of external modulation. Overall, this work contributes to a broader understanding 

of alpha oscillations, highlighting that variability is a fundamental characteristic of their 

dynamics, rather than mere noise. 
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1 INTRODUCTION 
 
Alpha oscillations are inherently dynamic, exhibiting spontaneous fluctuations in power and 

frequency as well as sensitivity to external modulation. The malleable nature of alpha activity 

is thus as an intrinsic property of its ongoing neural dynamics. Such malleability is also thought 

to underlie the brain’s flexibility in information processing and cognition. In this thesis, I 

investigated the adaptable nature of alpha oscillations by applying weak electric currents to the 

brain to modify the amplitude of these oscillations and quantified the spontaneous changes in 

alpha frequency while at rest. In this introduction, I will outline the theoretical groundwork 

necessary to understand the appended studies. In section 1.1, I will introduce neural oscillations 

and its presumed role in cognition. Next, in section 1.2, I will detail how techniques such as 

Magnetoencephalography measure neural oscillations and elaborate on how the sources of 

neural activity are determined. In section 1.3, I will focus on alpha oscillations. I will briefly 

discuss its role in brain functioning and highlight its variable nature. Finally, in section 1.4, I 

will explain how neuromodulation techniques such as transcranial Alternating Current 

Stimulation can be used to vary oscillatory activity and in turn behaviour. 
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1.1  Neural Oscillations 

Nearly a century ago, Bishop (1932) demonstrated that the excitability of the rabbit optic 

pathway undergoes cyclic variations. Following an initial stimulus, he observed a transient 

reduction in responsiveness, which was then followed by a phase of heightened excitability. 

These early findings provided compelling evidence that neural excitability is subject to 

temporal modulation. Since then, a growing body of research has shown that neuronal 

oscillations play a central role in organizing local and long-range cortical dynamics, offering a 

temporal scaffold for perception, cognition, and behaviour.  Neuronal oscillations are pervasive 

across mammalian cortical networks. Their presence across species and behavioural states 

reflects their involvement in the basic dynamics of nerve cells and neural circuits (Buzsáki & 

Draguhn, 2004). As such, understanding the role of oscillatory activity has become essential to 

understanding brain function itself.  

1.1.1 Neuron, Spike Activity and Oscillations 

Neurons are the fundamental building blocks of the brain. Their dendrites enable them to 

receive inputs from numerous other neurons via synaptic connections. The soma, or cell body, 

houses the nucleus along with other essential organelles that support cell functions.  Extending 

from the soma is the axon, a crucial structure responsible for carrying information toward the 

synapse, where communication with other neurons occurs through synaptic transmission 

(Dayan & Abbott, 2005). In addition to their structural features, neurons also exhibit unique 

physiological properties. One of the most significant is the presence of diverse ion channels 

embedded in their membranes. These channels regulate the movement of key ions, such as 

sodium (Na⁺), potassium (K⁺), calcium (Ca²⁺), and chloride (Cl⁻), in-and-out of the neuron. 

They function by opening or closing in response to shifts in membrane voltage (Cotman & 

McGaugh, 1980a).  

In a resting state, the difference in voltage between the inside of a neuron and the surrounding 

extracellular fluid, known as the resting membrane potential, is typically around -70 millivolts, 

indicating that sodium ions (Na⁺) are more concentrated outside the neuron, whereas potassium 

ions (K⁺) are more abundant inside. These ionic imbalances drive ion movement across the 

membrane. When positively charged ions exit the neuron or negatively charged ions enter, the 

inside becomes more negative—a phenomenon known as hyperpolarization. Conversely, when 

positive ions enter the cell, reducing the negative charge or even making the inside positive, the 

process is called depolarization (Barnett & Larkman, 2007). When a neuron's membrane 
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potential becomes sufficiently depolarized and 

crosses a certain threshold, it triggers a positive 

feedback loop that leads to the generation of an 

action potential (Fig. 1). This event involves a 

rapid change of approximately 100 millivolts in 

the membrane potential and typically lasts around 

1 millisecond. The ability to generate a new 

action potential also depends on the neuron's 

recent activity. Immediately after an action 

potential, the neuron enters an absolute refractory 

period—a brief time during which initiating 

another spike is nearly impossible (Cotman & 

McGaugh, 1980a).  Axons end at synapses, where 

the arrival of an action potential triggers the opening of ion channels. This allows calcium ions 

(Ca²⁺) to enter the neuron, prompting the release of neurotransmitters. These neurotransmitters 

then bind to receptors on the postsynaptic neuron, leading to the opening of ion-conducting 

channels (Cotman & McGaugh, 1980b). This induces graded changes in the membrane 

potential, known as postsynaptic potentials (PSPs; Purves, 2008). Excitatory postsynaptic 

potentials (EPSP) make the postsynaptic neuron more likely to fire an action potential by 

depolarising the cell whereas inhibitory postsynaptic potentials (IPSP) decrease the likelihood 

of an action potential by hyperpolarising the cell. Membrane potential experiences just a slight 

depolarization of ~0.1 to 10 mV from a single EPSP, which is not sufficient to trigger an action 

potential. Instead, the postsynaptic neuron linearly integrates PSPs over time or space, and the 

cumulative effect of several EPSPs may cause an action potential (Purves, 2008).  

Neurons do not function in isolation; instead, they operate in synchrony as a part of cell 

assemblies (Hebb, 1949). The constituent neurons, namely pyramidal and interneurons, are 

interconnected by feedforward and feedback loops (Buzsáki et al., 1983; Whittington et al., 

2000). Inhibitory interneurons, by means of negative feedback loops, generate alternating 

windows of responsiveness to inputs: periods of increased excitability, during which action 

potentials are likely to occur, alternate with periods of low excitability (Fries et al., 2007). As 

such, excitatory neurons drive inhibitory neurons, which in turn inhibit the same excitatory cells 

by generating IPSPs (Bishop, 1932; Buzsáki et al., 2013; Lindsley, 1939). This reciprocal 

antagonism produces rhythmic activity in both cell populations (Buzsáki & Wang, 2012).  

Figure. 1 Action potential. EPSPs (yellow) depolarise the 

membrane; when the summed effect of multiple EPSPs reaches 

threshold (blue dashed line), an action potential (white) is triggered. 

The resting potential (Vrest) is indicated by the grey dashed line. 

Original work by Vaishali Balaji, 2025.  
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At the peak of increased excitability, incoming EPSPs are highly likely to summate and trigger 

action potentials, whereas in the subsequent phase of heightened inhibition, EPSPs do not 

combine effectively and the neuron’s membrane potential does not reach the firing threshold 

due to hyperpolarization (Purves, 2008).  Thus, oscillations periodically modulate the ability of 

cell populations to relay signals, whereby there are shorter windows of opportunity at higher 

oscillation frequencies. The oscillation’s frequency and regularity depend on several interacting 

factors, including synaptic kinetics (EPSPs, IPSPs), conduction delays of the feedback loops, 

and the excitatory drive of the circuits in the assembly (Amzica & Lopes da Silva, 2011). 

 

Neural oscillations, whether measured at micro-, meso-, or macro scales, are described by the 

following parameters (Fig. 2A). The period refers to the time taken to complete one oscillatory 

cycle, while the frequency indicates how many such cycles occur per second, expressed in hertz 

(Hz). The amplitude captures the magnitude of fluctuations between the minimum and 

maximum activity, and the power corresponds to the square of the amplitude, providing a 

measure of signal strength. Finally, the phase specifies the position within the oscillatory cycle 

at a given time, typically expressed in radians (0–2𝜋𝜋). The power of the signal shows a 

characteristic 1/f  distribution (Fig. 2B; Nunez & Srinivasan, 2006), reflecting that slow 

oscillations produce large, synchronous membrane-potential fluctuations across widespread 

networks, while fast oscillations involve smaller, localized changes within limited neural 

volumes (He et al., 2008).   

Figure 2. Oscillatory parameters. A) A 4 Hz oscillation is represented. One cycle takes 250 seconds, and four cycles are completed in one second. The phase 
varies from 0 to 2𝜋𝜋 along one cycle. The peak and the trough correspond to the maximum and minimum activity respectively, and the amplitude is the distance 
between minimum and maximum activity. Original work by Vaishali Balaji, 2025. B) Example neural power spectrum with a prominent alpha peak (8–12 Hz, 
blue-shaded region). Total power (green bars in the inset) reflects the total power in this range, and relative power (purple bars in the insets) reflects relative 
power of the peak above the 1/f component (dotted blue line). Adapted from Donoghue et al. (2020). 

 

 
Peak 
frequency 

Relative power 

1 𝑓𝑓⁄  

A B 
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1.1.2 Functions of Oscillations  

Neural oscillations serve fundamental computational needs for the effective processing of time 

and information (Buzsáki et al., 2013). They span several orders of magnitude in frequency i.e., 

from infra-slow (<0.01 Hz), delta (0.2–3.5 Hz), theta (4–7.5 Hz), alpha (8–13 Hz), beta (14–30 

Hz), gamma (30–90 Hz), to ultra-fast oscillations (>90 Hz). The frequency bands, along with 

their temporal dynamics, and their links to behaviour, are present even in other mammalian 

species (Buzsáki & Draguhn, 2004).   

When populations of neurons become entrained to an oscillation, their spikes tend to cluster in 

time, forming bursts that are phase-locked to the underlying rhythm (Fig. 3; Voloh & 

Womelsdorf, 2018). This temporal clustering enhances the saliency of neural signals (Gray & 

McCormick, 1996) by increasing the likelihood of postsynaptic activation, without necessarily 

raising the overall spike count (Larkum, 2013). Oscillatory synchronization thus provides a 

temporal scaffold for organizing neural discharges into coherent sequences. This dramatically 

expands the coding capacity of neural circuits (Masquelier et al., 2009). Neurons may fire in 

perfect synchrony (zero phase lag) or with systematic phase delays relative to one another, 

effectively encoding ordered information streams through phase coding—a mechanism that 

supports temporally structured processes such as speech (Assaneo & Orpella, 2024). 

Beyond local coordination, oscillations regulate the selective transmission of information 

between brain regions. The “communication through coherence” framework (Fries, 2005) 

posits that the alignment of oscillatory phases determines the efficiency of information 

exchange between neuronal populations: when their rhythms are aligned, synaptic inputs 

coincide with periods of high excitability, whereas misalignment suppresses communication 

(Fig. 4). In this way, the brain can dynamically route signals across fixed anatomical pathways 

Figure 3. Example of spike-phase synchronisation. The oscillatory traces on top depict two cycles of a hypothetical oscillatory signal of a narrow frequency 

band. The spiking activity of two example neurons is shown in red and blue, illustrating a synchronized state, in which spikes are aligned with the oscillatory 

troughs, and desynchronized state, in which spikes are distributed across different oscillatory phases. Adapted from Esghaei et al., (2018). 
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without altering synaptic strength. Khamechian et al., (2024), for example, showed that the 

coupling strength between the phase of beta oscillations and the power of high-gamma activity 

(reflecting local neuronal firing) predicts the speed of perceptual reports in rhesus monkeys. 

Such findings (also see Luczak et al., 2013) reveal that oscillatory dynamics gate the 

transmission of sensory information in accordance with behavioural demands. 

Oscillatory synchrony also provides a mechanism for rapid and flexible reconfiguration of 

functional networks. By transiently binding distributed cortical areas, oscillations allow the 

brain to assemble and dissolve task-relevant coalitions of neurons on demand (Von Der 

Malsburg et al., 2010). Evidence from multi-electrode recordings in monkeys shows that 

neurons in the prefrontal cortex exhibit synchronized oscillatory activity in the low-β range 

during the delay period preceding stimulus presentation (Liang et al., 2002), consistent with a 

role for oscillations in maintaining task-relevant information. Complementary findings from 

Zareian et al., (2020) indicate that phase coherence in the middle temporal area increases when 

attention is directed toward a neuron’s receptive field. This attentional enhancement of phase 

coherence correlated with both increased stimulus-evoked firing and faster behavioural 

responses, highlighting how synchronization serves as an anticipatory mechanism for 

optimizing neural processing. 

Despite extensive evidence linking oscillations to cognition, their causal role remains heavily 

debated. Critics argue that they may be epiphenomenal rather than mechanistically relevant (see 

Singer, 2018), citing three main concerns: (1) analytical tools such as Fourier- and wavelet-

based methods assume that oscillations are frequency-stable and persist over many cycles, 

while commonly used stimulus paradigms (e.g., drifting gratings) preferentially elicit sustained 

Figure 4. A schematic illustration of communication through 
coherence. The red and blue neuronal groups are phase-locked 
such that spiking in one set of cells will coincide with the 
excitatory phase in the other cells, enabling effective 
communication. In contrast, the phase relationship between the red 
and black groups is misaligned, causing incoming spikes to miss 
the excitatory phase and thereby preventing information transfer. 
Spikes that arrive during periods of peak excitability are shown 
with pointed arrowheads, whereas spikes that miss these peaks 
have blunt arrowheads. The red and green neuronal groups 
undergo coherent excitability fluctuations, and their 
communication is therefore effective. The red and green groups 
thus exhibit coherent excitability fluctuations that support 
communication, while the black group’s incoherent fluctuations 
inhibit it.  Reproduced from Fries (2005). 
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oscillations, together inflating their apparent prevalence (Ray & Maunsell, 2010, 2015); (2) 

oscillatory synchrony may be incompatible with the temporal constraints of natural vision and 

active behaviour, which unfold over a few hundred milliseconds (e.g., the ~250 ms between 

saccades; Maldonado et al., 2008). Moreover, oscillatory synchrony often weakens or 

disappears under more ecologically valid conditions, such as cluttered scenes or low-contrast 

images (Lima et al., 2010), and its frequency and power vary systematically with stimulus 

contrast, motion speed, eccentricity, and complexity. Such variability is viewed as 

fundamentally at odds with theories that posit oscillations as stable vehicles of neural coding, 

including binding-by-synchrony (Singer, 1993; Singer & Gray, 1995) and communication-

through-coherence (Fries, 2005); and (3) even if synchrony enhances sparse and noisy spiking 

(Singer, 1999; VanRullen et al., 2001, 2005), its volatility undermines its reliability as a neural 

code (Averbeck et al., 2006). Together, these critiques suggest oscillations may reflect emergent 

network dynamics rather than causal mechanisms of cognition, underscoring the need for 

methods that capture their transient, context-dependent nature. 
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1.2  Electrophysiology 

The structure of the brain can be studied in detail via autopsy specimens or in vivo with 

Magnetic Resonance Imaging (MRI) and Computerised Tomography (CT). But to understand 

how the brain functions i.e., how it coordinates activity in space, time, and across oscillatory 

frequencies, requires tools that go beyond anatomy (Supek & Aine, 2019). Electrophysiology 

uniquely enables the direct measurement of neural dynamics with the temporal precision 

required to study brain function (Fig 5).  

Electroencephalography (EEG; Berger, 1929) records electrical fields generated by neuronal 

activity, while magnetoencephalography (MEG; Cohen, 1972) registers corresponding 

magnetic fields. Both reflect the same underlying sources—postsynaptic currents in populations 

of neurons, and are unique among non-invasive techniques, as they offer direct measures of 

neuronal activity with a millisecond temporal resolution (Hämäläinen et al., 1993). Their 

temporal frequency spans from under 1 Hz to over 100 Hz, providing insight into rapid brain 

rhythms and frequency-dependent interactions underlying cognition (Baillet et al., 2001; Supek 

& Aine, 2019). 

Though EEG and MEG share temporal resolution, MEG offers several advantages. First, 

magnetic fields pass through skull and scalp with minimal distortion, unlike electrical 

potentials, which are smeared by intervening tissues (Baillet et al., 2001). This property means 

MEG requires less precise modelling of head-tissue conductivities to localize sources reliably. 

Second, MEG does not need a reference electrode (as EEG does), which reduces ambiguity in 

signal interpretation (Baillet, 2017). Together, these features enable more accurate spatial 

localization of neuronal generators. 

Used alone or in combination with MRI, MEG contributes uniquely to our understanding of 

both regional and large-scale neural dynamics. It enables investigation of spontaneous and 

event-related activity, the mechanisms of functional connectivity between regions, and modes 

of network communication in the brain. 

Figure 5. Electrophysiological signals. (A) 
EEG data recorded from six electrodes 
positioned on the scalp. (B) A plot of the power 
of specific oscillatory frequencies (δ, delta; θ, 
theta; α, alpha; β, beta; γ, gamma) in resting-
state EEG data. (C) Electrophysiological data 
band-pass filtered into the delta, theta, alpha, 
beta, and gamma bands. Reproduced from 
Clayton et al. (2015). 
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1.2.1 Magnetoencephalography 
 
In MEG, the electrochemical currents circulating within and between neurons generate 

magnetic induction. When presynaptic neurotransmitter release generates dendritic PSPs, 

transmembrane ionic currents flow along the soma–dendritic axis i.e., from the negative pole 

(sink) to the positive pole (source), generating a primary intracellular current (Fig. 6B) 

accompanied by an extracellular return current (Lopes da Silva, 2013). In populations of 

neurons with aligned dendritic trees, such as cortical pyramidal cells, these microscopic currents 

summate to form a macroscopic current dipole (Hari & Puce, 2023). Because pyramidal 

neurons are organized in parallel “palisades”, the longitudinal components of their intracellular 

currents add constructively, while transverse components cancel. The resulting laminar current 

generates both an electric field (recorded by EEG) and a magnetic field encircling the current 

axis (recorded by MEG; Amzica & Lopes da Silva, 2011; Hämäläinen et al., 1993).  

The magnetic fields detected by MEG primarily reflect the synchronous activity of thousands 

of such dipoles. These fields are strongest when the dipoles are oriented tangentially to the 

skull, typically within cortical sulci, making MEG particularly sensitive to sources in these 

regions (Fig. 6A). The corresponding magnetic field of the radial dipole remains within the 

cranial cavity and thus cannot be detected by sensors on the outside (Hari & Puce, 2023). 

However, magnetic field strength decays rapidly with distance, rendering MEG relatively 

insensitive to deep or subcortical generators (Hari et al., 2018). 

Figure 6. Radial and tangential cortical currents and their contribution to MEG signals. A) Schematic illustration of current orientations within the 

cortex. Neuronal populations on the surface of the gyri produce radial current dipoles, whereas those along the walls of the sulci generate tangential dipoles 

(yellow arrows show the orientation of the current). MEG is sensitive to tangential sources; therefore, activity within the fissural cortex contributes most 

strongly to the recoded magnetic fields. Reproduced from Hari & Puce (2023). B) Illustration of pyramidal neurons in the fissural cortex. When a population 

of pyramidal neurons are synchronously activated, their intracellular (primary) currents and associated extracellular return currents summate, producing a net 

magnetic field as per the right-hand thumb rule, which is detectable outside the head. Original work by Vaishali Balaji, 2025. 

A B 
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The magnetic fields generated by neuronal currents are 

in the nanoampere (10⁻⁹ A) range, producing 

extracranial signals on the order of femtoteslas (10⁻¹⁵ 

T), which is roughly 10⁷–10⁸ times weaker than the 

Earth’s magnetic field (Gross, 2019). Detecting such 

weak signals requires highly sensitive instrumentation 

based on superconducting quantum interference 

devices (SQUIDs; Fig.7). SQUIDs function as an 

ultra–low-noise magnetic flux–to–voltage converter, 

enabling detection of brain magnetic fields from DC up 

to and beyond 1 kHz, with a flat noise spectrum above 

~1 Hz and bandwidths exceeding 10 kHz (Hämäläinen 

et al., 1993).  

In state-of-the-art whole-head MEG systems, approximately 300 SQUID sensors are arranged 

in a helmet-shaped cryogenic vessel, or dewar, which is filled with 70–100 L of liquid helium 

and maintained near –269 °C to ensure superconductivity and minimize thermal noise. The 

entire setup operates within a magnetically and electrically shielded room to suppress 

environmental interference, allowing reliable measurement of cortical signals as small as 100 

fT—several orders of magnitude below even the heart’s magnetic field (Gross, 2019; Hari et 

al., 2018). 

1.2.2  Detection and Reconstruction 

A SQUID consists of a closed superconducting loop interrupted by two Josephson junctions—

ultrathin insulating barriers that separate superconducting regions (Hari & Puce, 2023). When 

cooled to cryogenic temperatures (using liquid helium), the material enters a superconducting 

state in which electrons form Cooper pairs that move coherently without resistance (Clarke, 

2010). When an external magnetic field, such as one produced by neuronal currents, slightly 

perturbs the flux through the loop, it alters the phase difference of the superconducting 

wavefunctions across the Josephson junctions. This phase shift changes the interference pattern 

of the supercurrents flowing through the two junctions, modulating the total current that can 

circulate in the loop. By applying a constant bias current, the SQUID operates at a point where 

these phase-dependent changes are translated into a voltage signal (Clarke, 2010; Hämäläinen 

et al., 1993). 

Figure 7. Schematics of MEG instrumentation. A single-
channel axial gradiometer and associated SQUID inside a 
dewar filled with liquid helium. Bottom depicts the sensor 
array of a 306-channel MEG helmet where each sensor unit 
contains two orthogonal planar gradiometers and one 
magnetometer. Modified from Hari & Puce (2023). 
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Each SQUID is coupled to a flux transformer (Fig. 8), or 

pickup coil, that links the neuromagnetic field to the SQUID 

(Hari et al., 2018). The simplest flux transformer is a 

magnetometer made from a single turn (or few turns) of 

superconducting wire. However, a magnetometer is 

sensitive to various artifacts and external noise, which 

decreases its specificity to brain signals. The most 

commonly used flux transformer is the first-order 

gradiometer, made by adding a second coil wound in the 

opposite direction (Hari & Salmelin, 2012). Depending on 

their relative displacement, the coils form either axial 

gradiometers (coils separated along the coil’s normal axis) 

or planar gradiometers (coils offset within the plane). These 

‘gradiometers’ are particularly sensitive to a gradient in 

magnetism from nearby (i.e., neuronal) sources, but subtract 

out signal from distant external (and thus artefactual) 

sources, as these appear similar to both coils (Hari & Puce, 2023). 

MEG data reconstruction is inherently complex due to the so-called inverse problem—the 

challenge of accurately localizing the neural sources that give rise to the recorded magnetic 

fields in three-dimensional (3D) space. Because multiple configurations of brain activity can 

produce indistinguishable sensor signals, the inverse problem is mathematically ill-posed; 

without additional constraints, it has no unique solution (Baillet et al., 2001; Hämäläinen et al., 

1993) 

To address this challenge, MEG source analysis relies on two fundamental concepts—the 

forward and inverse problems. The forward problem models how magnetic fields arise at known 

sensor locations from electrical currents of known position, orientation, and strength within the 

brain. Solving it requires an accurate head model that describes how electromagnetic fields 

propagate through tissues of different conductivities (Hari et al., 2018). Realistic head models 

are typically derived from individual anatomical MRIs and implemented as boundary element 

models (BEMs) which represent tissue boundaries, or finite element models (FEMs) which 

model tissue volumes throughout the head (Gross, 2019). Advanced FEMs can distinguish 

among skin, skull, cerebrospinal fluid (CSF), and grey and white matter, each with their own 

conductivity values (Vorwerk et al., 2014). 

Figure 8. Flux transformer and SQUID. A) The 
pickup coil detects the external neuromagnetic field 
(Bext) and induces a superconducting current that 
couples magnetically into the SQUID via the input 
coil (Bcoupled). B) Two common gradiometer 
geometries are shown: the axial gradiometer, 
sensitive to fields normal to the scalp, and the planar 
gradiometer, sensitive to tangential field gradients. 
Modified from Hari & Puce (2023). 

A 

B 



 14 
 

The forward model is often solved for an equivalent current dipole—a small, localized current 

element representing a neural source. The resulting lead field matrix describes how each 

possible source contributes to the magnetic field measured at each sensor (Hillebrand & Barnes, 

2005). Once this mapping is known, the inverse problem aims to estimate the spatial 

distribution, orientation, and time course of the underlying neural currents that best explain the 

measured magnetic fields. 

Because the inverse problem has infinitely many valid solutions, meaningful estimates depend 

on the application of anatomical, physiological, and mathematical constraints. Anatomical 

priors can restrict sources to the cortical grey matter and constrain their orientations to be 

tangential to the cortical surface, consistent with the alignment of pyramidal neurons (Baillet et 

al., 2001). Physiological or statistical regularization techniques further stabilize solutions by 

allowing small deviations between the measured and predicted data to reduce the influence of 

noise (Baillet et al., 2001). 

Several classes of inverse models exist, among these, scanning approaches evaluate statistical 

metrics (e.g., power or coherence) at candidate source locations to infer likely sources without 

directly reconstructing current distributions. The linearly constrained minimum variance 

(LCMV) beamformer (Van Veen et al., 1997) is a prominent example of this type. The LCMV 

beamformer constructs a spatial filter for each potential source location that linearly combines 

sensor signals to “pass” activity originating from that location while minimizing contributions 

from all others (Fig. 9). This is achieved by enforcing a unit-gain constraint on the target source; 

mathematically, this corresponds to minimizing the projected sensor covariance under the 

constraint that the filter has unit sensitivity to the lead field of the candidate source (Hillebrand 

& Barnes, 2005).  

In practice, the beamformer uses the sensor covariance matrix, estimated from the data, to 

adaptively weight the sensors according to the spatiotemporal characteristics of the ongoing 

brain activity and noise. This allows it to provide high spatial selectivity and robustness against 

correlated sensor noise. However, beamformers are less effective when sources are temporally 

correlated, such as during synchronized oscillatory activity, because mutual interference 

between correlated sources can lead to signal cancellation (Hillebrand & Barnes, 2005). 

Figure 9. Beamforming in MEG/EEG. m1 to m151 
are MEG sensors. The weights w1 to w151 is assigned 
to each sensor. A different set of weights is computed 
for each dipole location. The neuronal source at a 
location of interest is constructed as a weighted sum 
of the MEG sensors—denoted as virtual sensor (vs). 
The weights are chosen so as to enhance the neural 
signal from q0 and suppress or attenuate the signals 
from elsewhere. Modified from Hillebrand and 
Barnes (2005). vs = m1w1 + m2w2 + m3w3 + … + 
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1.3  Alpha Oscillations in Brain Functioning 

Features of oscillations are subtle and difficult to pinpoint in real time EEG or MEG recordings. 

Typically, they emerge after spectral decomposition and averaging across many trials, revealing 

brain activity patterns hidden within measurement noise. Yet there is one exception that stands 

out—when a person closes their eyes, a clear and sustained oscillation arises from the 

background signal (Fig. 10).  This rhythm, known as alpha oscillations, strongest over parieto-

occipital regions and ranging between 8 and 13 Hz, has been a topic of interest since its 

discovery in the early EEG recordings of Hans (Berger, 1929). Alpha oscillations were initially 

thought to reflect a state of rest or cortical idling, given their attenuation with eye opening, 

visual stimulation, and heightened attentiveness (Lundqvist et al., 2013; Pfurtscheller et al., 

1996).  

 

Early interpretations of alpha as a passive marker of disengagement gradually gave way to the 

idea that it might serve an active inhibitory function, shaping information flow across the cortex. 

According to this hypothesis, large-amplitude alpha rhythms reflect the functional suppression 

of task-irrelevant regions, whereas localized reductions in alpha power, termed event-related 

desynchronization (ERD), mark areas engaged in sensory or cognitive processing (Klimesch, 

2012; Pfurtscheller et al., 1996). More recent work has further transformed our understanding 

of alpha rhythms. Far from representing a passive state, alpha activity appears to play an active 

role in sculpting perception and cognition. Both the power and phase of alpha oscillations have 

been shown to modulate cortical excitability, influencing how sensory information is processed 

and integrated (Haegens, Händel, et al., 2011; Jensen & Mazaheri, 2010; Mathewson et al., 

2009). In this framework, alpha rhythms act as a dynamic control signal, rhythmically 

regulating neuronal communication within and between brain areas (Sadaghiani & 

Kleinschmidt, 2016; Van Ede et al., 2015). Studies investigating pre-stimulus amplitude, phase 

consistency at stimulus onset, and long-range phase coupling have demonstrated that ongoing 

alpha activity can bias perceptual outcomes and coordinate large-scale neural interactions 

(Busch et al., 2009; Hanslmayr et al., 2013; Palva & Palva, 2007).   

Figure 10. Scalp topographies of EEG alpha-
band activity during eyes-closed and eyes-open 
resting-state conditions. Alpha amplitudes are 
markedly higher in the eyes-closed condition, 
particularly over parieto-occipital regions, 
reflecting increased cortical synchronization when 
visual input is reduced. The right panel shows the 
difference in amplitude (eyes-closed minus eyes-
open). Adapted from Zhang, Wang, et al. (2019). 
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1.3.1 Frequency, Power and Phase 

The generation of alpha rhythms arises from multiple, interacting neural circuitries rather than 

a single anatomical source. Classical models attribute posterior alpha activity to recurrent 

interactions within thalamo-cortical loops, where rhythmic bursting in thalamic relay and 

reticular neurons entrains cortical populations (Lopes Da Silva et al., 1973, 1974). But Alpha 

oscillations can also emerge from local cortical microcircuits, particularly within the deep 

layers of the neocortex (Bollimunta et al., 2011; Haegens et al., 2015). These locally generated 

rhythms interact across distributed cortical territories, forming large-scale networks in which 

alpha synchrony supports inter-areal communication and top-down feedback signalling 

(Michalareas et al., 2016; Von Stein et al., 2000). Moreover, alpha traveling waves  appear to 

propagate across cortical surfaces, providing a spatiotemporal scaffold for coordinating 

information flow (Alamia & VanRullen, 2019). Collectively, alpha is not a unitary rhythm but 

rather a network-level phenomenon emerging from the integration of local and long-range 

oscillatory processes. 

The precise frequency of alpha oscillations is governed by biophysical parameters such as 

synaptic conduction delays, intrinsic membrane time constants, and the balance between 

excitatory and inhibitory neurotransmission (Schoffelen et al., 2024). Individual variability in 

these parameters gives rise to characteristic differences in alpha peak frequency (APF), 

rendering it a trait-like neural marker that evolves gradually across the lifespan (Tröndle et al., 

2023). Nevertheless, APF is also dynamically modulated by moment-to-moment fluctuations 

in physiological and cognitive state. Changes in arousal, emotional context, attention, or 

working memory load can induce rapid shifts in APF (Klimesch, 1999; Mierau et al., 2017). 

While researchers frequently define the alpha range using canonical boundaries, it is 

increasingly common to determine each individual’s APF, as it allows for flexible comparisons 

of intra- and inter- individual differences in behaviour and cognition (Baumgarten et al., 2023). 

In addition, resting-state MEG and EEG studies demonstrate a posterior-to-anterior gradient, 

with alpha oscillations slowing toward frontal regions (Mahjoory et al., 2020).  

Increases in alpha power are associated with reduced spiking activity and lower cortical 

excitability in the corresponding brain regions, an effect often described as pulsed inhibition 

(Jensen & Mazaheri, 2010; Mathewson et al., 2009). Rather than reflecting a sustained 

suppression, this inhibition is inherently rhythmic, fluctuating across the alpha cycle: neuronal 

excitability reaches its nadir at the alpha peak and its maximum near the trough.  
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Empirical evidence from intracranial 

recordings and MEG demonstrates that both 

high-frequency gamma power (>30 Hz) and 

neuronal firing rates are phase-locked to the 

troughs of alpha oscillations (Bahramisharif 

et al., 2013; Osipova et al., 2008). This 

interplay manifests as cross-frequency 

phase–amplitude coupling (PAC), whereby 

the phase of slower alpha oscillations 

modulates the amplitude of faster gamma 

activity (Fig. 11; Jensen & Colgin, 2007).  

Through this mechanism, alpha oscillations temporally segment cortical processing into 

discrete excitatory windows, orchestrating when and where neural ensembles can engage in 

high-frequency information transmission (Jensen & Colgin, 2007). Conversely, reductions in 

alpha power correspond to a release from this rhythmic inhibition, allowing for more continuous 

and flexible neural processing. Alpha power thus dynamically gates the flow of sensory and 

cognitive information, functioning as a spatiotemporal filter that balances cortical inhibition 

and excitation. At the population level, high alpha power reflects increased phase synchrony 

across neuronal ensembles, leading to coherent bouts of inhibition and segmentation of 

incoming input into discrete temporal parcels (Pfurtscheller et al., 1996; Van Diepen et al., 

2019). On the other hand, alpha desynchronization i.e., ERD, corresponds to a breakdown of 

phase alignment, reducing global inhibition and permitting enhanced local processing. From 

this perspective, alpha power indexes not the mere presence of inhibition, but the degree of 

network synchronization, underlying cyclic gain control (Klimesch et al., 2007; Pfurtscheller 

et al., 1996). Baseline alpha levels, in turn, may represent the default allocation of processing 

resources within a sensory system, with task-induced changes signifying dynamic redistribution 

rather than simple suppression (Van Diepen et al., 2019). 

Conceptualizations of alpha have thus evolved substantially from early interpretations 

emphasizing passive inhibition toward a more nuanced view of rhythmic gating and resource 

allocation.  

Figure 11. Coupling between alpha and gamma activity. Cross-frequency 
interaction in ongoing human MEG signals during eyes closed. The 
highlighted area indicates increased coherence between alpha activity (along 
the x-axis) and the power of the gamma activity (along the y-axis). 
Reproduced from Osipova et al., (2008). 
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1.3.2 Attention and Perception 

As outlined earlier, alpha-band oscillations regulate cortical excitability, and this regulation is 

subject to top-down control. Increasing evidence now supports the view that these physiological 

mechanisms play an active role in cognitive regulation and control. 

During selective attention, reductions in alpha power occur in spatially specific cortical regions 

responsible for processing attended stimuli, as shown in both invasive (De Pesters et al., 2016; 

Haegens, Nácher, et al., 2011) and non-invasive recordings (Gould et al., 2011; Rohenkohl & 

Nobre, 2011). For instance, when participants anticipate a visual target at a cued location, alpha 

power decreases over occipitoparietal EEG sites contralateral to the attended hemifield (Gould 

et al., 2011). Similarly, when attention is directed toward left or right hand, alpha power is 

selectively reduced over the contralateral somatosensory cortex  (Fig. 12; Haegens, Händel, et 

al., 2011). Such local alpha suppression enhances cortical excitability, which in turn facilitates 

neural responsiveness and perceptual sensitivity to relevant stimuli (Haegens, Händel, et al., 

2011). Beyond its role in spatial attention, alpha power has also been associated with sustained 

attention and vigilance. In tasks requiring continuous monitoring, elevated alpha power often 

corresponds to lapses in attention or reduced task engagement. For example, during 

monotonous auditory detection, periods characterized by frequent missed targets coincide with 

broad increments in alpha power (Makeig & Inlow, 1993). Similarly, in sustained attention 

tasks such as breath-counting, moments of mind-wandering correspond to increased occipital 

alpha activity (Braboszcz & Delorme, 2011). 

 

Figure 12. Prestimulus somatosensory alpha lateralization increases with cue reliability. Topographic plots showing prestimulus 
(t = −1 to 0 s) alpha power (8–14 Hz) lateralization over sensorimotor regions, for each of cue reliability conditions (100%, 75%, 50%). 
Sensors showing significant modulation due to attention (p < 0.05) are marked with asterisks. All plots are showing power as a contrast 
between attention left and attention right. Reproduced from Haegens, Händel et al. (2011). 
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In addition to power, the phase of alpha oscillations has a marked influence on perceptual 

processing. Because neural excitability fluctuates rhythmically with the alpha cycle, the timing 

of stimulus presentation relative to this cycle modulates perceptual outcomes (Mathewson et 

al., 2009; M. T. Sherman et al., 2016). In meta-contrast masking paradigms, for instance, the 

probability that a visual stimulus reaches conscious awareness depends on its alignment with 

the ongoing alpha phase over posterior regions (Mathewson et al., 2009). Moreover, alpha 

phase dynamics are themselves modulated by cognitive control processes, reflecting top-down 

adjustments (Samaha et al., 2015; M. T. Sherman et al., 2016). The functional significance of 

alpha phase extends to its synchronization across distant cortical regions. Long-range phase-

locking in the alpha band has been shown to support integrative processing across perceptual 

and cognitive domains (Klimesch et al., 2007; Palva & Palva, 2011). Empirical evidence from 

EEG (Sauseng et al., 2005), MEG (Doesburg et al., 2016; Palva et al., 2010), and intracranial 

recordings (Saalmann et al., 2012) indicate that stronger inter-regional phase coherence 

accompanies effective performance in tasks ranging from perceptual discrimination to working 

memory, particularly when top-down control demands are high. For example, in delayed 

match-to-sample paradigms, alpha-band phase-locking increases during the retention interval 

as a function of working memory load (Palva et al., 2010). Together, these observations suggest 

that alpha-oscillations are an instrument of information processing and cognition instead of an 

epiphenomenon of passive idling.  

A growing body of research indicates that alpha-band oscillations play a fundamental role in 

segmenting continuous sensory input into discrete perceptual windows (Cecere et al., 2015; 

Samaha & Postle, 2015; VanRullen, 2016). In rhythmic perception, each alpha cycle defines 

a temporal integration window within which sensory information is combined into a single 

perceptual event. Stimuli occurring within the same alpha cycle are thus likely to be integrated, 

whereas those separated by different cycles are perceived as distinct. Consequently, APF 

determines the temporal precision of perception: faster oscillations (shorter cycles) are 

associated with narrower temporal binding windows and finer perceptual resolution. 

Empirical findings provide converging support for this hypothesis. Cecere et al., 

(2015) demonstrated that APF predicts the width of the audiovisual temporal binding window; 

participants with slower alpha rhythms integrated asynchronous auditory and visual inputs over 

longer intervals, whereas those with faster rhythms showed enhanced temporal discrimination. 
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Similarly, Samaha & Postle (2015) reported 

that higher APF correlated with superior 

performance in visual temporal order 

judgments, indicating that alpha frequency 

constrains the brain’s temporal sampling 

capacity (Fig. 13). Complementary evidence 

from VanRullen, (2016) suggests that 

perceptual experience is discretely sampled in 

synchrony with ongoing neural oscillations, 

with alpha activity functioning as a perceptual 

clock that structures the temporal flow of 

sensory processing. Moreover, when sensory 

inputs fail to reset ongoing oscillations, for 

instance, when stimuli are weak or ambiguous, 

the phase of the ongoing alpha rhythm can 

determine whether successive signals are 

integrated into a single percept or segregated into separate events.  

Together, these findings suggest that alpha oscillations are not merely correlates of perceptual 

or cognitive states, but constitute an active neural mechanism that governs the temporal 

organization of perception. Through their frequency and phase dynamics, alpha rhythms define 

the temporal resolution at which conscious experience unfolds. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 13.  Schematic illustration of the relationship between individual 
alpha frequency and the temporal resolution of visual perception, as 
indexed by the two-flash fusion paradigm. When alpha oscillations are 
faster (~11 Hz), their shorter cycles enable finer temporal parsing of 
sensory input, allowing two closely spaced flashes to be perceived as 
distinct events. Conversely, slower alpha rhythms (~9.5 Hz) correspond 
to longer perceptual cycles, increasing the likelihood that successive 
flashes are integrated into a single percept. Reproduced from Samaha & 
Postle (2015). 
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1.4  Neuromodulation 

Neuroimaging techniques such as M/EEG are predominantly correlational approaches. The 

observation of neural activity in a specific region or frequency band during the performance of 

a given cognitive task is not sufficient to establish causality, on the contrary, it could be a mere 

epiphenomenon. Since oscillatory activity could be an incidental byproduct of circuit dynamics, 

but not serve any computational role (see Section 1.1.2). To establish the causal relevance of 

neural oscillations for some cognitive process or behavioural outcome necessitates the external 

manipulation of relevant oscillatory frequencies (Vosskuhl et al., 2018). In animal models, 

external perturbation of brain activity is achieved by means of invasive methods such as 

pharmacological interventions, targeted micro-stimulation and optogenetics. These techniques 

enable spatially precise inferences regarding brain-function relationships at the cell, circuit and 

systems level. In healthy humans, non-invasive methods of brain stimulation (NIBS; Fig. 14) 

offer a feasible alternative to temporarily modulate cortical activity (Bergmann et al., 2016). As 

a result, the observed alterations in neural activity and in turn cognition can be directly 

attributed to the external manipulation.  

Among others, the most widely recognized 

NIBS methods are transcranial magnetic 

stimulation (TMS) and transcranial electrical 

stimulation (tES). TMS involves the 

application of a strong magnetic field (lasting 

less than 1 millisecond) which induces a 

current in cortical neurons aligned parallel to 

the magnetic coil (Hallett, 2000, 2007). In 

tES, a weak electric current is applied via 

electrodes mounted on the scalp (Paulus, 

2011). There are two variants of tES: in the 

first type, a direct current (transcranial direct 

current stimulation, tDCS; Nitsche & Paulus, 

2000) is applied whereas, in the second type, 

the electrodes alternate as the anode and 

cathode, creating alternating sinusoidal 

currents (transcranial alternating current 

stimulation, tACS; Antal et al., 2008).  

Figure 14. Standard types of non-invasive brain stimulation (NIBS) 

techniques. In the left panel, figures illustrate how transcranial electric 

stimulation (tES) methods, such as transcranial direct current stimulation 

(tDCS) and transcranial alternating current stimulation (tACS) are applied 

via electrodes to the scalp, whereas repetitive transcranial magnetic 

stimulation (rTMS) is applied to the scalp using a figure-eight coil. The right 

panel represents the stimulation signal (red) relative to MEG (black), and the 

rTMS pulses are depicted with red vertical bars. Adapted from Vosskuhl et 

al. (2018). 
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1.4.1 Mechanisms of Action 

Although TMS and tES mediate cognition by inducing an electric-field on brain tissue, they 

have different mechanisms of action, and the resulting effects differ drastically. The high-

amplitude electric field gradients generated by TMS (lasting less than 300 μs) are strong enough 

to fully depolarize the membrane potential of cortical neurons, leading to the immediate 

generation of action potentials (suprathreshold stimulation; Groppa et al., 2012). On the other 

hand, the weaker, oscillating electric fields produced by tACS are thought to only slightly adjust 

the membrane potential of neurons, thereby influencing the probability of generating 

spontaneous action potentials (subthreshold stimulation; Antal & Herrmann, 2016). As tACS 

changes polarity rhythmically, the targeted population of oscillations synchronise to the same 

phase and frequency as the externally applied current – this is referred to as entrainment 

(Lakatos et al., 2019). Entrainment is thought to be particularly effective when the stimulation 

frequency matches the endogenous frequency. However, at higher stimulation intensities, a 

wider range of frequencies can be entrained (Fig. 15). This triangular region, referred to as an 

Arnold tongue, denotes susceptibility to entrainment, and is determined by intensity and 

frequency of the external stimulation (Herrmann et al., 2016; Pikovsky et al., 2001). 

Entrainment can also happen at harmonic (e.g., 2 x endogenous frequency) and subharmonic 

(e.g., endogenous frequency / 2) frequencies. For example, in a large-scale model of a cortical 

network, Ali et al., (2013) showed that stimulating at 6 Hz was effective in entraining the 

network, same as stimulating at the endogenous frequency of 3 Hz (i.e., 1:2 synchronization).  
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Figure 15. The Arnold tongue 

The dark grey triangular regions represent the frequency range which is subject to entrainment at various stimulation intensities. The 

panels on the right illustrate the relationship between the endogenous oscillation and stimulation signal in the regions marked by the green 

and purples stars.  If external stimulation is administered at the endogenous frequency (indicated by “1:1”), the endogenous oscillation 

(in green) couples in phase and frequency to the stimulation signal (in red), even at low stimulation intensities. If the stimulation frequency 

falls outside the Arnold tongue, the endogenous oscillation (in purple) remains unaffected by stimulation signal (in red). At higher 

stimulation intensities, the external rhythm can entrain a wider frequency of oscillations, resulting in the characteristic triangular shape 

of the Arnold tongue. Entrainment can also occur at harmonics and subharmonics of the endogenous frequency (indicated by “2:1” and 

“1:2”, respectively). Original work by Vaishali Balaji, 2025 
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Entrainment persists only for a few cycles after the stimulation has ceased (Halbleib et al., 2012; 

Hanslmayr et al., 2014), but the behavioural and electrophysiological effects of stimulation can 

continue for several hours, due to spike-timing dependent plasticity (STDP). As per this 

mechanism, synaptic strength tends to increase when a pre-synaptic spike precedes post-

synaptic potential (i.e., long-term potentiation; LTP). In contrast, when a post-synaptic potential 

precedes a pre-synaptic spikes, synaptic strength decreases, (i.e., long-term depression; LTD;  

Bi & Poo, 1998). Zaehle et al. (2010) illustrate this principle using a simple neural network 

composed of one excitatory neuron receiving feedback through multiple recurrent circuits. 

When the neuron receives rhythmic input (e.g., tACS at 10 Hz), only the circuits with less than 

100 ms delays undergo synaptic strengthening. This occurs because feedback from the loop 

precedes the stimulation-driven spike. These changes in synaptic strength persist after 

stimulation, leading to heightened neural activity at the circuit's resonance frequency. 

tDCS modulates neuronal excitability in a tonic (sustained) manner by shifting the membrane 

voltage, whereas tACS may lead to frequency-specific modulation through entrainment and 

STDP (Vogeti et al., 2022). 

The distribution of the electric field within the brain is significantly influenced by the spatial 

arrangement and conductivity of tissue, such as grey matter, white matter, and cerebrospinal 

fluid (Windhoff et al., 2013). Unlike TMS, which bypasses the scalp and skull (Opitz et al., 

2011), in tES, the current passes through these structures thereby attenuating it with only a 

fraction of the current reaching the cortical surface (Opitz et al., 2015). The unavoidable 

shunting of current strongly supports a different mechanism altogether—transcutaneous 

stimulation (Asamoah et al., 2019). When tACS is administered in humans (with typical 

amplitudes of ~1 mA), the resultant electric field in the cortex is under 1 V/m—too weak to 

entrain neurons (Huang et al., 2017; Vöröslakos et al., 2018). Notably, the electric field at the 

skin surface can be 20-100 times stronger—sufficient to stimulate peripheral nerves (So et al., 

2004), potentially leading to indirect entrainment of brain activity, similar to sensory 

entrainment methods (e.g., tones or flickering lights). On the contrary, more recent findings 

have shown that blocking somatosensory input with a topical anaesthetic does not abolish the 

effects of tACS, supporting a more direct cortical mode of action (Brus et al., 2024; Burke et 

al., 2025; Fiene et al., 2022; Vieira et al., 2020).  
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1.4.2 Modulating Alpha Oscillations via tACS 

Both TMS and tES can be used in conjunction with neuroimaging and electrophysiological 

techniques to assess the changes in oscillatory activity and in turn cognition. In humans, while 

the stimulation is ongoing, it is difficult to measure changes in oscillatory features (i.e., online 

effects) due to stimulation-induced artefacts, which are stronger than the brain signals of interest 

(Noury et al., 2016). Therefore, the primary evidence of oscillatory modulation comes from 

observed changes in oscillatory power, phase or frequency, or measures of functional 

connectivity, between pre- and post- stimulation electrophysiological recordings (i.e., offline 

effects; Fig. 16).  

Frequencies in the alpha range are an easy target for modulation via tACS, given its dominant 

presence in the parieto-occipital region (see Section 1.2). Several studies have shown that 

applying alpha-frequency tACS over visual areas for a few minutes can lead to increased alpha 

power (Zaehle et al., 2010; Neuling et al., 2013; Helfrich et al., 2014; Kasten et al., 2016) and 

enhanced phase coherence between cortical regions (Helfrich et al., 2016; Schwab et al., 2019). 

Various findings support that modulation of endogenous alpha oscillations, as evidenced by 

M/EEG, have a corresponding effect on  perceptual tasks. Fiene and colleagues (2022) 

demonstrated that the effect of tACS on steady-state response (SSR) amplitudes varied 

depending on the phase-shift between the applied stimulation and flickering visual stimulus 

(see Gundlach et al., (2016) and Helfrich et al., (2014) for similar phase-dependent interactions 

with tACS). Cecere et al., (2015), on the other hand, manipulated the frequency of endogenous 

alpha oscillations. They reported that administering tACS at -2Hz or +2Hz, relative to APF, 

respectively enlarged and shrunk the temporal window for perceiving a sound-induced illusion 

Figure 16. Effects of tACS on electrophysiological signals 

 Figures illustrate changes in oscillatory parameters, as measured by M/EEG, on applying tACS. A) Power of the endogenous 

oscillations increases. B) There is a shift in peak frequency. C) Endogenous oscillations of two cortical areas (x and y) 

synchronise in phase. Original work by Vaishali Balaji, 2025 
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(see Zhang, Yanzu, et al., (2019) for a similar example of APF-dependent manipulation of 

perception). As for power modulations, two studies showed that tACS enhanced alpha power 

in the left-parietal cortex and induced an analogous leftward shift in attention (Kemmerer et al., 

2020; Schuhmann et al., 2019).  

Notably, depending on the stimulation parameters (duration, intensity, frequency, site(s) of 

stimulation, electrode montage etc.), there is substantial variability in outcomes. Stimulation 

duration appears to determine the emergence of offline effects: short trains of stimulation (1-6 

s) are vastly unsuccessful at modulating power (Sliva et al., 2018; Strüber et al., 2015; Zarubin 

et al., 2020). Even when the duration is kept constant, the intensity of tACS determines the 

longevity of aftereffects (De Koninck et al., 2021). Stimulation at APF is regarded as the 

optimal frequency based on the principle of the Arnold Tongue; however, matching stimulation 

frequency to endogenous alpha frequency has proven to be challenging (Stecher & Herrmann, 

2018; Vossen et al., 2015). Moreover, the efficacy of fixed versus closed-loop stimulation 

protocols is under debate (Stecher et al., 2021). Given that electrode placement alters current 

flow and in turn electrophysiological activity, it is uncertain whether the above-mentioned 

effects (mainly replicated with occipital alpha) extend to somatosensory regions (Cabrera-

Álvarez et al., 2023; Mehta et al., 2015). For example, Krause et al., (2022) found that 

displacing the electrodes by approximately 3–4 cm was sufficient to completely abolish 

entrainment. Further, internal factors like brain states (Neuling et al., 2013; Kasten et al., 2016) 

together with external factors like ambient light during stimulation (Stecher et al., 2017) have 

an impact on the efficacy of tACS.  

The literature is rife with null effects stemming from inter-individual variability. Knowing 

where, when and how (or even, how long to stimulate) is not trivial. Therefore, it is imperative 

that critical assumptions (e.g., electric field strength at cortical surface) are modelled and 

confounds (e.g., peripheral stimulation) are experimentally controlled to harness the full-

potential of tACS to uncover cause–effect relationships. 
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2 OBJECTIVES 
 

The objectives of this thesis are twofold: first, to investigate whether short-period tACS 

modifies alpha power in the somatosensory cortex; and second, to quantify the spontaneous 

variability in alpha frequency along the posterior-to-anterior axis. 

Motivated by the paucity of evidence showing power modulation using short durations of 

stimulation, in Study 1 we, the authors of the following two studies, administered short trains 

of tACS to the right somatosensory cortex while simultaneously recording electrophysiological 

signals using the MEG. Participants received 10- and 30-second stimulation trains in two 

separate blocks. We contrasted tACS-induced power changes with a control condition in which 

no tACS was applied. We hypothesised that short-period tACS will enhance alpha power at the 

stimulation frequency within the somatosensory cortex relative to control. 

Study 2 stemmed from a key limitation of Study 1, where we were unable to align the 

stimulation frequency with each participant’s alpha peak frequency (APF) in roughly two-thirds 

of the sample. Here we used the same dataset from Study 1 but restricted our analysis to 

recordings obtained from the control session. We characterised the magnitude of fluctuations 

in APF from the caudal-end to rostral-end of the cortex. We hypothesised that APF varies 

spontaneously and that this variation is heterogenous across the cortex. We aimed to investigate 

whether APF more closely resembles a state rather than a trait.  
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Abstract 

Transcranial Alternating Current Stimulation (tACS) appears to modulate neuronal oscillations 

at the frequency of stimulation. Longer periods of stimulation with tACS (10-40 minutes) have 

shown to produce persistent changes, especially in alpha power (~ 8-12 Hz), whereas the 

efficacy of shorter periods of tACS (1-8 seconds) is less known. Thus, we investigated whether 

short periods of tACS applied to the somatosensory cortex elicits changes in alpha power 

following stimulation. With this aim, during simultaneous acquisition of MEG, we 

administered tACS and control (no-tACS) on separate days. We applied short trains of 

stimulation for durations of 10 s and 30 s at an individually adapted stimulation frequency (ISF). 

Each stimulation-train was followed by a 15 s interval. We calculated power changes in the 

post-stimulation intervals, relative to a baseline period, and the resulting Δpower was used to 

statistically test the difference between tACS and control conditions. We found significant 

elevations in power at ISF following tACS compared to control. The extent of this effect 

spanned bilaterally over the somatosensory and frontal regions. While the observed increase in 

power was most prominent around ISF (i.e., in the alpha band), power modulations were also 

observed in the beta-band. When comparing the two stimulation durations, 10 s of tACS 

produced greater increases in power (at ISF) than 30 s of tACS. This study validates that 10 s 

of tACS produces robust elevations of power in the somatosensory cortex at ISF, thereby 

establishing its potential for use in future studies.   

https://doi.org/10.1162/imag_a_00531
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Introduction 

The use of electrical stimulation to study the cerebral cortex has a long-standing history in 

neuroscience (Fritsch & Hitzig, 1870). A non-invasive electrical stimulation method that has 

gained traction in recent years is transcranial Alternating Current Stimulation (tACS). This 

method involves the application of sinusoidal currents to the scalp with the aim of modulating 

neuronal oscillations, and in turn, functionally relevant behaviour. Animal studies propose that 

tACS acts via entrainment; a mechanism by which oscillations synchronise to the phase and 

frequency of the externally applied current (Fröhlich & McCormick, 2010; Ozen et al., 2010). 

Whereas, effects of tACS that persist beyond the period of stimulation have been attributed to 

spike-timing dependent plasticity (Schwab et al., 2021; Vossen et al., 2015; Wischnewski et al., 

2019; Zaehle et al., 2010). An opposing view is that oscillations are indirectly entrained via 

stimulation of peripheral nerves on the scalp (Asamoah et al., 2019). The exact mechanisms 

underlying the interaction between tACS-induced electric fields and the targeted neuronal 

oscillations remains a matter of contention (Vogeti et al., 2022). 

tACS is often targeted at oscillations in the alpha range (~8-12  Hz) given its relevance in the 

parieto-occipital region (Buzsáki et al., 2013; Hari et al., 1997) for perception and cognition 

(Baumgarten et al., 2016; Jensen & Mazaheri, 2010; Klimesch et al., 2007; Samaha & Postle, 

2015; Van Dijk et al., 2008). Modulation of alpha oscillations affects perception (Battaglini et 

al., 2020; Cecere et al., 2015; Fiene et al., 2022; Harada et al., 2020; Kemmerer et al., 2020), 

motor learning and consolidation (Schubert et al., 2021), and functional connectivity between 

cortical regions (Gundlach et al., 2020; Randolph F. Helfrich et al., 2014; Schwab et al., 2019). 

Typically, these studies used long stimulation durations (of 10-40 minutes), yielding long-

lasting power enhancements that persist for several minutes post-stimulation (Randolph F. 

Helfrich et al., 2014; Kasten et al., 2016; Neuling et al., 2013; Zaehle et al., 2010). Stecher & 

Herrmann (2018) found no evidence of power modulation following blocks of 1 to 10 minutes 

of stimulation, which was attributed to low illumination and a mismatch between stimulation 

frequency and endogenous alpha frequency. Besides this study, there have been no systematic 

investigations of the duration-dependent effects of tACS. Therefore, it is unclear whether longer 

periods of stimulation are beneficial for eliciting electrophysiological after-effects. 

Short-intermittent tACS offers the potential to manipulate power immediately before stimulus 

presentation i.e., within task-relevant timescales. However, the reported effects of short 

stimulation periods (in the range of seconds) are not well established. Vossen et al., (2015) 
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found that stimulation at individual alpha frequency for trains of 8 seconds, but not 3 seconds, 

increased alpha power compared to sham (replicated by Stecher et al., 2021). One study 

demonstrated an increase in stimulus-evoked power using 1 to 1.8 second stimulation trains, 

with a fixed frequency of 7 Hz (Stonkus et al., 2016). Ruhnau and others (2016) showed that 2 

seconds of stimulation amplified steady-state responses, but only when frequency of the 

flickering stimulus and tACS matched. Overall, shorter train durations may not enhance power 

(Strüber et al., 2015; Zarubin et al., 2020). In addition to stimulation duration, frequency and 

intensity of applied current differ between the above-mentioned studies; therefore, it is difficult 

to pinpoint the reason for the reported differences in results. Furthermore, most studies targeted 

visual alpha with complementary electrode placements (typically Cz and Oz). While 

augmenting alpha oscillations should affect perception in visual and somatosensory modalities 

alike, only a few studies have shown concomitant alterations in tactile perception (Gundlach et 

al., 2016; Saito et al., 2021; Sliva et al., 2018), whereas others reported null findings (Manzo et 

al., 2020; Wittenberg et al., 2019). Notably, only one study tested for increments in power after 

stimulation (Sliva et al., 2018). Given the paucity of evidence for power modulation in the 

somatosensory domain, our goal was to assess the suitability of short-period tACS for 

prospective studies.  

In this study, we acquired magnetoencephalography (MEG) simultaneously during tACS. We 

applied tACS over the right primary somatosensory cortex (S1) at the individuals’ alpha 

frequency. In contrast to most tACS studies, we employed a ring electrode montage for more 

focal stimulation (Datta et al., 2008). Additionally, we anaesthetised the region on the scalp 

underneath the electrodes to control for indirect entrainment via transcutaneous stimulation. We 

administered tACS for periods of 10 and 30 seconds, followed by a post-stimulation interval. 

Since trains of 1 to 6 seconds are unsuitable, we chose 10 seconds as a starting point. We 

included an additional train-duration (30 seconds), as longer stimulation durations revealed 

promising results. To assess after-effects of tACS, we compared power in the post-stimulation 

intervals to resting-state baseline and a control condition.  

 

Methods 

Participants 

Twentysix volunteers participated in the study. A sample of 20 to 24 participants was deemed 

fit based on studies by Vossen et al., (2015) and Stecher et al. (2021). Two participants were 

excluded from the analysis; one due to poor performance on the vigilance task and the other 
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because of a broken Head Position Indicator (HPI) coil. 24 participants were included in the 

final analyses (11 female, age 25.33 ± 2.81 [mean ± SD] years). We excluded one block (in 

participant no. 15), as we failed to record the baseline period. Participants had normal or 

corrected-to-normal vision and met standard inclusion criteria for MEG experiments. No 

participant had a history of epilepsy or other neurological or psychiatric conditions.  

The study was approved by the ethics committee (ethics vote no. 4965) of Heinrich Heine 

University Düsseldorf, Germany. Participants gave written informed consent and received a 

monetary compensation of 10€/h.  

General procedure 

Participants attended two experimental sessions conducted on separate days. We administered 

tACS in one session and the other session served as a control. Prior to this, we acquired 

anatomical T1-weighted MRIs using a 3T Siemens scanner (Siemens Magnetom Tim Trio 3T, 

Siemens, Germany).  

The experimental procedure was identical in tACS and control sessions. First, we individually 

localised the right primary somatosensory cortex (S1) using the Visor2 neuro-navigation system 

(ANT Neuro, Netherlands) and participants’ MRI. Next, we applied a topical anaesthetic 

(Anesderm cream; Prilocaine 25 mg/g and Lidocaine 25 mg/g) corresponding to the site of S1 

on the scalp (Fig. 17A, left). About one hour after applying the cream, we attached the tACS 

electrodes to the anaesthetised region using Ten20 conductive paste (Weaver & Co., USA). At 
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Figure 17. Electrode montage and stimulation protocol 
A) Illustration of electrode placement and simulation results. A ring electrode montage was attached to the scalp corresponding to 
right S1 (left panel). Grand-mean of the normal field component (right panel) projected in FsAverage space. The maximum electric 
field strength was approximately 0.14 V/m. B) Stimulation protocol. All participants underwent 10 s tACS, 30 s tACS, and control 
sessions in separate blocks. Train duration was 10 s in one tACS block and 30 s in the other. Trains were followed by a 15 s interval 
of no stimulation. tACS was applied at 0.5 mA (zero-to-peak) amplitude. No stimulation was applied in the control condition. C) 
Schematic representation of a single 15 s-post-stimulation interval. A fixation cross was present through the entire duration of the 
experiment. In any 9/20 inter-stimulation intervals, the fixation cross rotated for 500 ms. Participants were instructed to press a 
button to indicate seeing the rotation. After 4.5 s, the next stimulation train started. 
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the end of each session, participants reported feelings of ‘alertness’, ‘contentedness’ and 

‘calmness’ on Bond and Lader’s Visual Analogue Scale (BL-VAS; Bond & Lader, 1974). 

Participants also indicated if they felt any sensations on the scalp during the experiment (with 

yes/no) and rated their level of confidence (on a scale of 1 to 10) for having received tACS 

stimulation.  

Stimulation protocol 

Participants were seated upright in a dimly lit magnetically shielded room while we acquired 

MEG simultaneously during tACS or no-tACS (control session). We administered tACS via a 

ring electrode montage (Fig. 17A, left), with a small circular electrode (Ø: 2 cm) and a larger 

concentric electrode (outer Ø: 11 cm; inner Ø: 9 cm; NeuroConn, Germany). The stimulation 

currents were generated by a battery-operated stimulator (DC Stimulator, NeuroConn, 

Germany), whereas the timing of stimulation was controlled by Presentation (Neurobehavioral 

Systems, USA). We maintained electrode impedance below 15 kΩ. Simulations of electric 

fields were set-up using SimNIBS 4 MATLAB functions (Thielscher et al., 2015). We used 

Gmsh to visualise the position of the electrode (Geuzaine & Remacle, 2009). We averaged the 

normal (or strength) of the electric field across participants (Saturnino et al., 2018), and 

projected the results in FreeSurfer’s FsAverage brain template (Fig. 17A, right).  

We administered two stimulation blocks per session. In each block, following a two-minute 

resting-state baseline measurement, we applied 20 trains of stimulation in an intermittent 

fashion (Fig. 17B; adapted from Vossen et al., 2015). The duration of each stimulation-train 

was 10 s in one block and 30 s in the other, and we counterbalanced the order of blocks between 

participants. Each stimulation-train was followed by a 15 s inter-stimulation interval. In the 

tACS session, amplitude of the current was kept constant at 1 mA (peak-to-peak), whereas the 

frequency of stimulation was individually adapted (see below section). No stimulation was 

applied in the control session. 

To maintain attention, participants performed a vigilance task (Fig. 17C). We projected a white 

fixation-cross on a black background (PT-DW700E, Panasonic, Japan) at a distance of ~57 cm 

from the participant. The fixation-cross (of 2° visual angle) rotated 10 s after stimulation offset 

by 45° for a short period of 500 ms. The rotation was triggered during any 9 out of 20 inter-

stimulation intervals per block. We instructed participants to press a button using their right 

index finger within 2 s of the rotation.  
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Individual Stimulation Frequency (ISF) 

To determine the frequency of stimulation, we estimated alpha peak frequency for each 

participant from a two-minute resting-state measurement. We tapered the data with a single 

Hanning window and applied a Fast Fourier Transformation for frequencies from 4-40 Hz in 

steps of 1 Hz. We averaged spectral power across a fixed set of right parietal channels 

(‘MEG2412+2413’, ‘MEG2422+2423’, ‘MEG2432+2433’, ‘MEG2442+2443’, 

‘MEG2612+2613’, ‘MEG2622+2623’, ‘MEG2632+2633’, ‘MEG2642+2643’). From this 

averaged spectrum, we determined the peak frequency, i.e., the frequency with maximal power, 

within a broad alpha range (7-14 Hz; Table S1).  

MEG data acquisition and preprocessing 

We recorded neural activity using a 306-channel MEG system (MEGIN Oy, Finland) at a 

sampling frequency of 1000 Hz. We used the Polhemus Fastrak system (Polhemus, USA) to 

digitise HPI coils, fiducial markers, and ~50-100 additional points. We recorded 

electrooculogram (EOG) to monitor blinks and eye movements.  

We performed preprocessing and analysis of MEG data offline using the Fieldtrip toolbox 

(v20210825) (Oostenveld et al., 2011) and custom-made MATLAB scripts (R2019b; The 

MathWorks, Inc., USA). We first segmented the continuous MEG recording into trials. We 

segmented the 20 inter-stimulation intervals, succeeding tACS or control, into 6.2 s-epochs; 3.8 

s to 10 s relative to stimulation offset (henceforth referred to as post-stimulation trials).  

The stimulation device systematically produced two artefacts around 10 ms and 3.8 s after every 

train of stimulation. We observed a power decrease (relative to baseline), resembling a DC 

offset, in the period between the two artefacts. Therefore, the first 3.8 s of data were unusable. 

It is likely that the artefacts are a result of the impedance measurement performed by the 

stimulator in preparation for the next train of stimulation. We also rejected the last five seconds 

of every inter-stimulation period to avoid movement-related artefacts due to the vigilance task. 

We restricted further preprocessing to 204 gradiometer channels. We applied a band-pass filter 

of 4-150 Hz and removed the linear trends and mean of every trial.  Segments of trials 

containing artefacts (e.g., SQUID jumps, head and muscle movements) were removed via a 

semi-automatic artefact detection approach implemented in Fieldtrip. Additionally, we 

removed noisy channels and trials containing artefacts after visual inspection. We used 

Independent Component Analysis (ICA) to remove remnant electro-cardio and electro-ocular 

artefacts.  
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Finally, we cut the post-stimulation trials into 5.5 s-epochs, from 4.2-9.7 s, to remove edge 

effects introduced during preprocessing. Further, we removed the last 10 s of the baseline period 

to avoid device-related artefacts and obtain a uniform number of baseline trials. The remaining 

110 s were then segmented into 20 trials, each 5.5 s long. 

MEG source projection 

To project sensor-level data into source space, we employed the Linearly Constrained 

Minimum Variance (LCMV; Van Veen et al., 1997) beamformer technique.  

To construct individual grids, participants’ anatomical MRIs were co-registered with their 

MEG data through fiducial markers and the brain was segmented. From the segmented MRI, 

we generated a single-shell volume conduction model (Nolte, 2003). Then we applied a regular 

3D-grid (5 mm resolution) to the MNI template brain (Montreal Neurological Institute, 

Canada). We computed individual grids by nonlinearly warping participants’ MRI on the MNI 

template brain, and then applied the inverse of this warp to the MNI template grid. We restricted 

the individual grid to cortical grid points defined by the AAL atlas (Tzourio-Mazoyer et al., 

2002), resulting in 8793 grid points. 

We computed the covariance matrix from concatenated baseline and post-stimulation trials. 

Then, the covariance matrix, the individual grid, and the volume conduction model were used 

to build LCMV filters. To obtain time-series for each grid point, we multiplied these filters with 

sensor time-series data.  

MEG time-frequency analysis 

We performed time-frequency analysis for all cortical grid points for frequencies from 5-40 Hz 

(1 Hz resolution) by applying a Hanning taper to sliding time windows (with seven cycles per 

time window; 100 ms step-size), followed by a Fast Fourier Transformation.  

Subsequently, we adjusted the Time Frequency Representations (TFRs) of both sessions so that 

stimulation frequencies were aligned across participants. For each participant, the frequencies 

ranged from ‘ISF−2’ to ‘ISF+26’ Hz. 

Statistical analyses of tACS 

For each grid point of a participant, we calculated change in power relative to baseline, (i.e., 

Δpower) using independent t-tests. Prior to this calculation, we averaged power across all 20 

trials for baseline and post-stimulation periods respectively, and we averaged power across 
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timepoints for the baseline period to obtain a single power value for each frequency. The 

resulting Δpower provided a measure of power change following tACS or control: 

∆𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡/𝑡𝑡𝑐𝑐𝑐𝑐𝑡𝑡𝑐𝑐𝑐𝑐𝑐𝑐 =
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑐𝑐𝑡𝑡𝑡𝑡  −  𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑏𝑏𝑡𝑡𝑡𝑡𝑏𝑏𝑐𝑐𝑏𝑏𝑐𝑐𝑏𝑏
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑝𝑝𝑠𝑠𝑝𝑝𝑝𝑝 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

 

To investigate Δpower on group-level, we performed a non-parametric cluster-based 

permutation test (Maris & Oostenveld, 2007). In single participants, we first averaged 

ΔpowertACS and Δpowercontrol over time. Then, ΔpowertACS for the 10 s-block and ΔpowertACS 

for the 30 s-block were pooled together and likewise for Δpowercontrol. On group-level, we 

performed paired t-tests for each of the 8793 grid points between pooled Δpower of tACS and 

control conditions. If the statistical comparison met an a priori defined-threshold (p<0.05), t-

values of spatially adjacent grid points were combined to a cluster (minimum of two 

neighbouring channels). We permuted the data by randomizing the condition assignment (tACS 

or control), and on each permutation, the cluster with the maximum sum of t-values was 

retained. This procedure was repeated 1000 times, yielding 1000 summed cluster t-values, from 

which the probability of the observed cluster statistic was determined.  

Post hoc, we investigated whether the observed increase in power was specific to ISF in the 

cluster. To this end, ΔpowertACS and Δpowercontrol for the respective blocks were pooled 

together. We averaged pooled Δpower across grid points in the significant cluster (see previous 

analysis). We performed a cluster-based permutation test as described above; here clusters were 

based on temporal and/or spectral adjacency. In a control analysis, we replicated this analysis, 

but we adjusted TFRs based on harmonic multiples of the ISF prior to calculating Δpower (see 

Fig. S1).    

Further, we qualitatively separated the significant cluster into its frontal and somatosensory 

counterparts to test for region-specific effects. This separation was based on the spatial location 

of the grid points, as specified by the AAL atlas. The 10 s- and 30 s-blocks were first pooled 

together. Then we averaged pooled Δpower across grid points in the frontal and somatosensory 

clusters respectively. We used non-parametric permutation testing to statistically compare 

tACS and control conditions in the two distinct regions (see above).  

Lastly, we tested the effects of train duration (10 s and 30 s) on power at ISF. In single 

participants, we first averaged Δpower across grid points in the entire significant spatial cluster. 

On group-level, we performed paired t-tests to contrast ΔpowertACS with Δpowercontrol. We then 
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statistically compared the resulting t-values between the 10 s-block and 30 s-block using the 

Wilcoxon Rank Sum test.  

Binning analysis of stimulation trains 

We aimed to evaluate whether short tACS-trains were sufficient for enhancing power. We 

averaged power over trials and across time for the baseline period (denoted below as ‘avg 

powerbaseline’). We then calculated power-difference for each trial (n denotes the trial number): 

𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝-𝑝𝑝𝑑𝑑𝑓𝑓𝑓𝑓𝑝𝑝𝑝𝑝𝑝𝑝𝑠𝑠𝑑𝑑𝑝𝑝𝑡𝑡𝑐𝑐𝑏𝑏𝑡𝑡𝑐𝑐(𝑐𝑐) =
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑡𝑡𝑐𝑐𝑏𝑏𝑡𝑡𝑐𝑐(𝑐𝑐) − 𝑠𝑠𝑎𝑎𝑎𝑎 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑏𝑏𝑡𝑡𝑡𝑡𝑏𝑏𝑐𝑐𝑏𝑏𝑐𝑐𝑏𝑏

𝑠𝑠𝑎𝑎𝑎𝑎 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑏𝑏𝑡𝑡𝑡𝑡𝑏𝑏𝑐𝑐𝑏𝑏𝑐𝑐𝑏𝑏
 

Subsequently, we averaged power-difference (at ISF) across grid points in the significant 

cluster and over time in each participant, resulting in a single power-difference value per trial. 

All trials, in a given stimulation block, were divided into 5 equal-sized bins based on trial order 

(i.e., power-difference values of four consecutive post-stimulation trials were grouped into one 

bin). We used Friedman’s tests to assess the effect of ‘Bins’ on power enhancement. 

Exploratory analysis of rhythmic power modulations 

Many participants exhibited rhythmic fluctuations in alpha power across time. Thus, we 

investigated whether this putative underlying rhythm, termed modulatory power, changed with 

the application of tACS. tACS may influence fluctuations of power in two ways. On one hand, 

the magnitude of the fluctuation i.e., how strongly power fluctuates at a given frequency, may 

be amplified by tACS. In this case, tACS merely amplifies the amplitude of alpha activity, 

without any changes in the modulation frequency.  On the other hand, the regularity of these 

fluctuations i.e., the occurrence of burst-like activity, may be facilitated by tACS.  For this 

analysis, TFRs of power were computed for a sliding window of 400 ms (in steps of 100 ms). 

All other steps were as described in Section 2.7. We computed power-difference for each trial 

by subtracting power of the preceding trial (averaged over time) from power of the current trial 

(n denotes trial number): 

𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝-𝑝𝑝𝑑𝑑𝑓𝑓𝑓𝑓𝑝𝑝𝑝𝑝𝑝𝑝𝑠𝑠𝑑𝑑𝑝𝑝𝑡𝑡𝑐𝑐𝑏𝑏𝑡𝑡𝑐𝑐(𝑐𝑐) = 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑡𝑡𝑐𝑐𝑏𝑏𝑡𝑡𝑐𝑐(𝑐𝑐) − 𝑠𝑠𝑎𝑎𝑎𝑎 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑡𝑡𝑐𝑐𝑏𝑏𝑡𝑡𝑐𝑐(𝑐𝑐−1) 

The first trial was excluded from this analysis since there is no preceding trial. In single-

participants, we averaged power-difference over grid points in the significant cluster. We 

calculated the modulatory power in each trial for frequencies from ‘ISF−2’ to ‘ISF+26’ Hz (in 

steps on 1 Hz). We first filtered the power-difference values (filters between 0.1 and 2 Hz in 

steps of [0.1, 0.1, 0.1, 0.1, 0.25, 0.25, 0.25, 0.25, 0.25, 0.25] Hz). The filter frequencies were 
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non-uniform to reduce computational load while maintaining good spectral resolution at lower 

frequencies. We then applied a Hilbert transformation on the filtered data, extracted the 

modulatory power by computing the absolute value of the Hilbert transformation, and averaged 

the values across time. On group-level, modulatory power in each tACS block was contrasted 

with the corresponding control block via cluster-based permutation tests (see foregoing 

section).  

Results 

tACS and control session questionnaires 

Five participants reported sensations on the scalp during the tACS session (confidence rating 

3.80±2.49 [mean ± SD]), indicating that they were unsure whether tACS was administered. 

Three participants reported sensations during the control session (confidence rating 5.67±1.53).  

Across all participants, the mean confidence rating in the tACS session was 4.96±3.34, and 

4.56±3.18 in the control session. Confidence ratings across sessions were not significantly 

different (Wilcoxon Rank Sum test; p>0.05). Overall, the topical anaesthetic was effective in 

eliminating peripheral stimulation and blinding the stimulation condition.  

On the BL-VAS, participants scored 40.58±16.95 for alertness, 14.25±6.27 for contentedness, 

and 3.92±2.16 for calmness in the tACS session. In the control session, they scored 37.83±17.76 

for alertness, 14.63±6.84 for contentedness, and 4.29±2.41 for calmness. Overall, BL-VAS 

scores did not significantly differ between the tACS and control sessions (Wilcoxon Rank Sum 

test; p>0.05). Further, all participants fulfilled at least a 70% detection rate on the vigilance task 

in both sessions.  

tACS effects on alpha power 

An increase in power was observed at individual stimulation frequency (ISF) after tACS 

compared to control (p=0.007; Fig. 18A). The power change in the tACS session was 31.68 ± 

26.72% [mean ± SD], and 16.43 ± 22.46% in the control session. The cluster extended 

bilaterally in the somatosensory and frontal regions.  

Next, we investigated whether the power increase was specific to the alpha-band. We found 

four significant time-frequency clusters (p<0.030; Fig. 18B). The clusters extended broadly 

across all frequencies, but the power increase was most prominent between ISF and ‘ISF–2’ 

Hz. In the control analysis, we aligned ISF to its first harmonic frequency to circumvent broad-
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spectral effects. We found one significant positive cluster (p<0.031; Fig. S1), with a similar 

pattern of increase in power ~ISF, and analogous broadband effects at later timepoints.  

Subsequently, the cluster was qualitatively separated into a somatosensory and a frontal cluster. 

We found one significant cluster in the frontal region (p=0.003, Fig. 18D), and three significant 

clusters in the somatosensory region (p<0.040, Fig. 18C). The time-frequency profile of the 

clusters in both regions matched closely; but in the frontal cluster, early effects at higher 

frequencies were not significant.  

To investigate the effect of train duration 

on power, we compared Δpower at ISF 

between 10 s- and 30 s-blocks (Fig. S2 

shows ∆power of individual participants). 

We found that the 10 s-block produced 

greater increases in power than the 30 s-

block (p=0.020; Fig. 19).  

 

Figure 18. Analysis of power contrast between tACS and control conditions 
A) t-values of Δpower contrast (see Section 2.8) projected on an MNI template brain. t-values were averaged across the post-stimulation period at individuals’ 
stimulation frequency (ISF). A higher t-value signifies greater Δpower in tACS compared to control. We found one significant positive cluster (p < .05; 
outlined in black). B) Time-frequency representation (TFR) of t-values averaged across channels in the significant cluster shown in A). TFRs were aligned 
to ISF before averaging. We found four significant positive clusters (outlined in black). C) TFR of t-values averaged across channels in the somatosensory 
part of the cluster shown in A), as highlighted in the left panel. We found three significant positive clusters (black outlines in right panel). D) TFR of t-values 
averaged across channels in the frontal part of the cluster shown in A), as highlighted in the left panel. We found one significant positive cluster (black 
outlines in right panel). 
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Figure 19. Modulation of power in 10s- & 30s-blocks. Boxplot shows t-values 
signifying the difference in Δpower between tACS and control conditions for the 
respective stimulation blocks. t-values were averaged within the significant 
cluster shown in Fig. 18A. *p < 0.05. 
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Binning analysis of stimulation trains 

In the 10 s-block, there was no main effect of ‘Bin’ in tACS (Χ2=7.50, p=0.112) or control 

conditions (Χ2=7.93, p=0.094; Fig. 20A). Similarly, in the 30 s-block, there was no main effect 

of ‘Bin’ in the tACS condition (Χ2=6.83, p=0.145); but a significant main effect of ‘Bin’ 

(Χ2=15.00, p=0.005; Fig. 20B) in the control condition. A pairwise post hoc Conover test with 

Bonferroni correction showed a significant difference between the first and fourth bin (p=0.016) 

and the third and fourth bin (p=0.036).  

* 
* 

Figure 20. Modulation of power through the duration of the experiment 
A) Bars represent the percentage of power-difference at ISF (relative to baseline) for the 10 s-block. Dark blue bars indicate power-
difference in tACS, whereas light blue bars indicate power-difference in control. Error bars indicate standard deviation. Bin number 
increases with time on task. B) Same as A), but for the 30 s-block. *p < 0.05. 
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Figure 21. Exploratory analysis: Rhythmic fluctuation of power  
A) Exemplary demonstration of slow fluctuation of power in a single participant. The left panel shows sensor-level topography of power change (relative to 
previous trial) at ISF±1. Dotted black outline indicates the somatosensory region of stimulation. The right panel shows TFR of power averaged over channels 
within the dotted outline. B) TFR of t-values on source-level. t-values signify the difference in modulatory power between tACS and control conditions for 
the 10 s-block. X-axis represents the modulatory frequencies. Y-axis represents the canonical frequencies and ranges from ‘ISF-2’ to ‘ISF+26’ Hz. We found 
one significant positive cluster (outlined in black). C) Same as in B), but for the 30 s-block. We found two significant clusters (outlined in black). TFRs (in B 
& C) were averaged across channels in the significant cluster (in Fig. 18A) for the respective stimulation blocks. 
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Exploratory analysis of rhythmic power modulations 

We observed systematic fluctuations of alpha power with time in several participants (Fig. 

21A); hence, we statistically evaluated whether the magnitude and/or regularity of these 

fluctuations is modulated by tACS. We found one significant positive cluster in the 10 s-block 

(p=0.031, Fig. 21B), which spanned from 0.1-0.75 Hz for the modulation frequency and 

between ‘ISF±2’ Hz for the power. For the 30 s-block, we found two significant clusters 

(p=0.006 and p=0.011, Fig. 21C). One cluster ranged from 0.1-1.75 Hz for the modulation 

frequency and from ‘ISF+16’ to ‘ISF+26’ Hz for the power. The other cluster ranged from 0.1-

1.5 Hz for the modulation frequency and from ISF+5’ to ‘ISF+14’ Hz for the power. In general, 

the modulatory power appears to be enhanced with tACS compared to the control condition. 

Discussion 

The heterogeneous effects of tACS are an ongoing challenge in the field of non-invasive brain 

stimulation. Our study was motivated by the lack of uniformity in stimulation parameters, 

which may in turn explain the heterogeneity in reported effects. To study the influence of 

stimulation duration, we intermittently applied tACS for short periods of 10 s and 30 s during 

simultaneous MEG. Our results demonstrate that short-period tACS enhanced alpha power at 

Individual Stimulation Frequency (ISF) in the somatosensory and frontal regions. Blocking 

transcutaneous stimulation via a topical anaesthetic did not hinder the modulation of power. 

Notably, short stimulation trains (10 s) produced a greater increase in alpha power than long 

stimulation trains (30 s).   

Studies using short trains (8 s) of tACS to the parieto-occipital region have reported an increase 

in power (Stecher et al., 2021; Vossen et al., 2015). Whereas, the only study to administer 

intermittent tACS (6 s-trains) to the somatosensory cortex did not find any changes in alpha 

power (Sliva et al., 2018). On the contrary, Gundlach et al., (2017) showed a decrease in alpha 

amplitude following 5 minutes of tACS to the somatosensory cortex. Our results stand in 

contrast to both accounts, demonstrating the ability of tACS to enhance somatosensory alpha 

power. Discrepancies between our results and the others’ may stem from variations in 

stimulation site and electrode placement, as the referenced studies used different setups: 

attaching electrodes to left S1 or bilaterally above left and right S1. 

The power enhancement observed in our study spanned bilaterally over the somatosensory 

cortex, and surprisingly, it extended up to the frontal cortex. Similarly, Kasten et al., (2019) 

applied tACS over the parieto-occipital cortex and reported a widespread increase in alpha 
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power across parieto-occipital, temporal and frontal regions. Most studies only assess data from 

a selected region of interest; thus, little is known about dispersion of effects. New evidence 

suggests that tACS improves posterior-to-frontal alpha connectivity, implying that the 

widespread power increase might be due to altered network dynamics (Ahn et al., 2019; Clancy 

et al., 2022; Fuscà et al., 2018). Adding further credibility to this interpretation, we did not 

observe a congruent dispersion of electric fields in the current simulations. In general, our 

finding provides new insights into the spatial extent of tACS-induced after-effects.  

Further, we found that the power increase induced by tACS extended beyond the alpha-band to 

the beta-band. This finding diverges from studies showing power modulation specifically at 

ISF (Randolph F. Helfrich et al., 2014; Zaehle et al., 2010). However, entrainment is a non-

linear process and is not restricted to the frequency of stimulation. The frequency and intensity 

at which an entrainment is successful is characterised by a triangular region of synchronization, 

known as the “Arnold Tongue” (Pikovsky et al., 2002).  For example, a neural oscillator with 

a peak in the beta frequency (~20 Hz) can be entrained by a 10 Hz rhythm (1:2 Arnold Tongue) 

and vice versa. Also, an increase in beta power can be explained by cross-frequency phase 

synchronization. A similar 1:2 relationship for 10 Hz Alpha and 20 Hz beta has been 

demonstrated extensively (Carlqvist et al., 2005; Nikulin & Brismar, 2006; Palva et al., 2005; 

Palva & Palva, 2018).  

Power enhancement in beta frequencies persisted even after correcting individuals’ TFRs by 

aligning ISF with its first harmonic frequency. This shows that the effect was not simply a result 

of spectral smearing. On the other hand, the power increase observed at higher frequencies 

might be driven by non-sinusoidal features of the somatosensory alpha rhythm (Cole & Voytek, 

2017; Donoghue et al., 2022). We found power increase for harmonic frequencies in the 

somatosensory region, but less so in the frontal region. Stronger alpha band power, and greater 

deviation from sinusoidality coincides with stronger harmonics in the beta band (Donoghue et 

al., 2022; Schaworonkow, 2023). This might suggest that there is greater contamination of 

genuine beta-band activity in the somatosensory region due to its arc-shaped waveform.  

However, the concomitant changes in beta power and higher frequencies must be interpreted 

with caution, as the impact of alpha-tACS on other frequency bands and waveforms is grossly 

understudied. 

Notably, we found 10 s-trains showed a larger increase of alpha power than 30 s-trains. 

Research employing transcranial Direct Current Stimulation (tDCS) has revealed similar non-

linear effects (Ho et al., 2016; Mosayebi Samani et al., 2019). For example, 13 minutes of tDCS 
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increased cortical excitability; whereas applying it for 26 minutes attenuated excitability 

(Monte-Silva et al., 2013). Likewise, lower current intensities  induced larger increases in alpha 

power than higher current intensities (4-6 mA; De Koninck et al., 2021). Longer stimulation 

times and higher current intensities might be counteracted by metaplasticity, which prevents 

over-excitation and over-inhibition of neural populations (Abraham, 2008). Thus, further 

research is required to understand the dose-dependent effects of tACS, especially in the 

somatosensory cortex.  

Additionally, we split post-stimulation trials into equal-sized time bins to evaluate power 

modulation as a function of the number of tACS trains administered. We did not find 

statistically significant power-difference across all bins for both 10 s- and 30 s-tACS blocks. 

This finding reiterates that short trains of stimulation produce concurrent and consistent changes 

in alpha power. We found some variability in power modulation in the 30 s-control block, 

which may reflect a natural variation in alpha power due to increased mental fatigue (Boksem 

et al., 2005; Oken et al., 2006).  

Additional exploratory analyses showed slow fluctuations in alpha power (~0.4 Hz), which are 

enhanced with tACS compared to control. It appears that tACS either facilitates rhythmicity in 

power (i.e., improves the occurrence of burst-like activity), or merely enhances the amplitude 

of the oscillation relative to control. In either case, we would observe a facilitation of 

modulatory power at the frequency of stimulation. While our analysis is not sufficient to 

delineate the nature of the observed changes, it presents an exciting opportunity for further 

study. The slow fluctuations of power might be driven by bodily rhythms (e.g., heartbeat and 

respiration; Kluger et al., 2021; Yuan et al., 2013). However, this interpretation warrants 

caution, as we did not measure ECG or respiration.  

ISF (estimated at the beginning of each session) and alpha peak frequency (during the 

experiment) did not match for two thirds of our participants (Kasten et al., 2019; Stecher & 

Herrmann, 2018). Our target was somatosensory alpha oscillations, but since we estimated ISF 

from sensor-level data, it is possible that our estimates were contaminated by the dominant 

occipital alpha rhythm (Schaworonkow & Nikulin, 2022). Additionally, peak frequency has 

been shown to shift over time, further complicating its estimation (Benwell et al., 2019; 

Haegens et al., 2014). Eight participants had a matching peak frequency in the 10 s block, 

whereas ten participants had a matching peak frequency in the 30 s block. Therefore, the larger 

effect on power seen in the 10 s block is not attributable to disproportionate shifts in peak 

frequencies between the two stimulation blocks. Another limitation is loss of the first ~4 s post-
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stimulation due to artefacts from the stimulation device. As entrainment echoes vanish a few 

milliseconds after stimulation offset, we could not assess the evidence for or against the 

entrainment hypothesis. Therefore, the role of plasticity and entrainment in producing the 

observed effects remains unclear. Future studies should consider employing the remote input 

available in DC-Stimulator PLUS (NeuroConn, Germany) to control the stimulation signal on 

a trial-by-trial basis. 

In this study, we reiterate the potential of intermittent short-period tACS to induce oscillatory 

power changes. Importantly, we established that 10 s of tACS is sufficient for our intended use 

in a prospective study, and that longer stimulation periods are not a prerequisite for modulating 

power. Taken together, our findings strongly advocate the application of tACS to further our 

understanding of brain and behaviour. 
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Abstract 

Alpha peak frequency (APF) is defined as a prominent spectral peak within the 8-12 Hz 

frequency range. Typically, an individual’s alpha frequency is regarded as a stable 

neurophysiological marker. A wealth of recent evidence, however, indicates that APF shifts 

within short timescales in relation to task demands and even spontaneously so. Further, brain 

stimulation studies often report shifts in APF both within and between experimental sessions, 

directly contradicting the idea of a stable APF. To characterise the non-stationarities in spectral 

parameters, we estimated APFs from one-second epochs of resting-state 

magnetoencephalography (MEG) recordings from healthy adults of either sex. To enhance 

signal-to-noise ratio, without compromising on temporal resolution, we averaged power spectra 

within parcelled regions. Our findings indicate that variation in APFs exacerbates along the 

posterior-to-anterior cortical plane i.e., from the occipital to the frontal cortices. Further, by 

comparisons with amplitude-matched simulated signals, we demonstrated that the observed 

gradient is not attributable to measurement noise. Across the cortex, APFs showed poor 

temporal reliability, raising the question of whether APFs are more like a transient state than a 

trait. In general, our study elucidates the dynamic characteristics of alpha oscillations and 

reveals systematic regional differences which are, in part, shaped by underlying signal-to-noise 

ratio inherent to MEG recordings. 

https://doi.org/10.1523/ENEURO.0118-25.2025
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Introduction 

Alpha oscillations, within the 8-12 Hz frequency range, are a prominent feature of electro - and 

magneto – encephalography (E/MEG) recordings (Berger, 1929). Parameters of the alpha 

oscillations, such as power and phase, have been studied extensively in the context of neural 

inhibition and excitation (Jensen et al., 2012; Jensen & Mazaheri, 2010; Klimesch et al., 2007; 

Lange et al., 2013; VanRullen, 2016). Typically, these studies examined power and phase in 

fixed or predefined frequencies or frequency bands. However, the practice of employing strict, 

a priori defined, frequency bands might overlook potentially meaningful variation within the 

alpha band (Donoghue et al., 2022; Jones et al., 2009; M. A. Sherman et al., 2016; Tallon-

Baudry, 1999). Alpha peak frequency (APF), defined as the frequency having the maximum 

power, is a distinct measure of oscillatory activity. As APF is estimated per individual from the 

empirical data, it allows for flexible comparisons of intra- and inter- individual differences in 

behaviour and cognition (Baumgarten et al., 2023). Especially within the context of perception, 

APF has been widely implicated in the speed of processing information. APF is said to 

determine the temporal resolution of the visual system whereby fluctuations in APF dictate 

whether one perceives discrete visual stimuli as simultaneous or separate (Drewes et al., 2022; 

Samaha & Postle, 2015; Sharp et al., 2022). Similarly, top-down modulation of APF was 

demonstrated in the context of a working memory paradigm with an increase in APF in 

conjunction with increased memory load (Babu Henry Samuel et al., 2018; Haegens et al., 

2014). Even in the absence of experimental manipulation, Benwell et al., (2019) found a 

difference in APF between two halves of an experimental session, whereas Cohen (2014) 

reported shifts in APFs within resting-state networks. Further, Mahjoory and colleagues (2020) 

showed a systematic decrease of APF across the cortex in the posterior to anterior direction, 

suggesting that APF varies spatially.  

Contradictorily, it is assumed that APF is a stable ‘trait’ marker (Grandy et al., 2013; Haegens 

et al., 2014). This view is mainly driven by the longitudinal changes in APF across the lifespan 

in congruence with brain volume (Lindsley, 1939), and relative stability over test-retest 

intervals (Kondacs & Szabó, 1999) despite cognitive interventions (Grandy et al., 2013). APF 

is considered a neurophysiological fingerprint, especially due to its presumed heritability (Smit 

et al., 2006) and marked inter-individual differences (Klimesch, 1999; Posthuma et al., 2001). 

However, APF may resemble a state factor depending on the timescale of the investigation. 

Conventional analyses, which estimate APF from 2-5 minutes of resting-state M/EEG, capture 

the mean peak frequency over this time-period; however, the APF may spontaneously fluctuate 



 45 
 

around the mean frequency in response to changes in physical stimuli or cognitive-state. In fact, 

numerous non-invasive brain stimulation studies report the notoriety of matching stimulation 

frequency to APF (Stecher & Herrmann, 2018; Vossen et al., 2015), highlighting the practical 

pitfalls of assuming that APF remains stationary over time. 

Findings from computational studies collectively suggest that frequency transitions within the 

alpha band are likely a natural consequence of variation in synaptic input and concurrent firing 

rates of neural populations (Hutt et al., 2016; Lefebvre et al., 2015). When firing rates increase 

relative to baseline, cortical networks recruit non-linear feedback loops, in turn changing the 

system’s response function and the features of its emergent dynamics (Mierau et al., 2017). 

Therefore, APF is a proxy for the activation-state of a population of neurons. As such, the 

fluctuations of frequency are a dynamic signature of low-frequency neural oscillations, but they 

are rarely accounted for in the analysis of experimental data. 

Building on previous work by Smith et al., (2024), we aimed to analyse the stability of APF at 

short timescales. To this end, we estimated individual APFs from source-reconstructed power 

spectra derived from brief time-series (1s epochs) of resting-state magnetoencephalography 

(MEG). We decomposed the power spectrum into periodic and aperiodic components, ensuring 

that estimates of APF are unaffected by aperiodic activity. Since frequency of the intrinsic 

oscillator may vary spontaneously in conjunction with synaptic input, we hypothesised that 

APFs would show considerable variability within individuals. Further, brain areas vary in terms 

of spectral profiles (Keitel & Gross, 2016; Mahjoory et al., 2020; Mellem et al., 2017), 

developmental trajectories (Charvet & Finlay, 2014) and structural connections (Huntenburg et 

al., 2017); hence, we hypothesised that the variability of APFs would also be spatially 

heterogeneous.  

Methods 

Experimental design 

In this study, we analysed a previously acquired dataset (manuscript has been submitted for 

publication), containing around four minutes of resting- state MEG recordings from 24 healthy 

participants (11 female, age 25.33 ± 2.81 [mean ± SD] years). The participants were seated 

upright in a dimly lit magnetically shielded room while we recorded neural activity using a 306-

channel MEG system, with a sampling frequency of 1000 Hz (MEGIN Oy, Finland).  
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The MEG recordings are from a study where transcranial alternating current stimulation (tACS) 

was applied to the participants’ somatosensory cortex. Each recording started with a baseline 

period of 2 min, followed by periods of either 10s or 30s of tACS, or no stimulation (control). 

The data used in the present study were collected during the control session. That is, tACS 

electrodes were placed at the participants’ scalp, but no electrical stimulation was administered. 

The participants were unaware of the stimulation condition (10s, 30s, or control). Hence, we 

classify this dataset as resting-state MEG. 

In addition, we instructed participants to focus on a white fixation-cross through the duration 

of the experiment. The cross was projected (PT-DW700E, Panasonic, Japan) on translucent 

screen placed ~57 cm in front of the participants. The fixation-cross rotated by 45° for 500 ms 

at random time points. Participants had to press a button within two seconds of the rotation. 

This task served merely as a vigilance task paradigm and was included to ensure sustained 

attention (Zaehle et al., 2010). 

We acquired anatomical T1-weighted MRIs with a 3T Siemens scanner (Siemens Magnetom 

Tim Trio 3T, Siemens, Germany). We used the Polhemus Fastrak system (Polhemus, USA) to 

digitise HPI coils, fiducial markers, and ~50-100 additional points. We recorded 

electrooculogram (EOG) to monitor blinks and eye movements. 

MEG data preprocessing 

Entire preprocessing and analysis of the datasets were performed using the Fieldtrip toolbox 

(version 20240614) and custom-made scripts on MATLAB (R2023b; The MathWorks, Inc., 

USA).  

We segmented the continuous MEG recording into trials, consisting of a single baseline trial 

(110 s) and 20 resting-state trials (of ~5.5 s).  We restricted further preprocessing to 204 

gradiometer channels. We applied a band-pass filter of 4-150 Hz and removed the linear trends 

and mean of every trial. We applied Fieldtrip’s semi-automatic artefact detection approach to 

remove segments of trials containing artefacts (e.g., SQUID jumps, head and muscle 

movements). After visual inspection, we additionally removed noisy channels and trials 

containing artefacts. We used Independent Component Analysis (ICA) to remove any 

remaining electro-cardio and electro-ocular artefacts.  
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Source reconstruction 

We reconstructed the sources of the time-series data measured by MEG sensors using Linearly 

Constrained Minimum Variance (LCMV) beamformers (Van Veen et al., 1997).  

We generated a single-shell volume conduction model by performing co-registration of the 

sensors to participants’ anatomical MRIs using fiducial markers, followed by segmentation of 

the brain surface (Nolte, 2003). Then we divided the brain volume into a regular 3D-grid with 

a 5 mm resolution, based on the MNI template brain (Montreal Neurological Institute, Canada).  

We restricted the analysis to cortical regions resulting in 8384 grid points. We estimated spatial 

filters for each of the cortical grid points along the dipole direction with maximal power, with 

a regularisation parameter of 10%. By multiplying these filters with sensor-level data, we 

reconstructed time-series data at the source. Subsequently, source-level time-series were 

parcellated into 210 cortical regions of interest based on the Brainetome atlas (Fan et al., 2016).  

Data analysis  

We concatenated baseline and resting-state trials to create a continuous segment of the time 

series (~ 220 s) and then segmented parcel time-series into 1-s epochs. We computed power 

spectra for each epoch using a multi-tapered (3 tapers) Fast Fourier transform, based on discrete 

prolate spheroidal sequences (dpss), with 2 Hz spectral smoothing. We averaged power spectra 

over grid points within each parcel, resulting in ~220 power spectra per parcel and participant. 

We estimated the aperiodic 1/f component using the ‘Fitting Oscillations One Over F’ (FOOOF; 

Donoghue et al., 2020) algorithm in Python 3.7.2. Then we subtracted the 1/f component from 

the corresponding spectra and determined the spectral peaks in the alpha band (7-14 Hz), for 

each corrected spectrum of a parcel, using the ‘findpeaks’ function on MATLAB. The 

frequency of the peak with the strongest power was regarded as the alpha peak frequency (APF) 

of a given spectrum. Epochs without a definitive spectral peak i.e., a flat peak with two 

neighbouring frequencies of the same power, were given the value of a ‘NaN’. 

Statistical analysis 

First, we sought to replicate the results of Mahjoory et al., (2020). To this end, we performed a 

linear regression between time-averaged APF of 210 parcels and their corresponding Y-

coordinate position, along the posterior-to-anterior direction. Second, to quantify the degree of 

variation in APFs within participants, we calculated the Coefficient of Variation (CV), for a 

given parcel, by dividing the standard deviation by the mean APF across 220 epochs.  
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For a given parcel, k: 

𝐶𝐶𝐶𝐶𝑝𝑝𝑡𝑡𝑐𝑐𝑡𝑡𝑏𝑏𝑐𝑐 𝑘𝑘  
= 𝜎𝜎𝑏𝑏𝑝𝑝𝑐𝑐𝑡𝑡ℎ𝑡𝑡 𝑘𝑘 ÷ 𝜇𝜇𝑏𝑏𝑝𝑝𝑐𝑐𝑡𝑡ℎ𝑡𝑡 𝑘𝑘 

To test the regional differences in CV along the posterior-anterior axis, we performed a linear 

regression between CV values of all parcels and their corresponding Y-coordinate position.  

To check whether the spatial profile of alpha power confounded the estimation of APF, we 

calculated signal-to-noise ratio (SNR) and CV for each of the 8384 cortical grid points. We 

defined SNR as the ratio between the power of the APF and the average power of spectral peaks 

in all other frequencies. We averaged SNR and CV values within a spatial sliding window of 

2.5 cm in increments of 0.25 cm (along the posterior to anterior direction), resulting in 61 SNR 

and CV values per participant. We concatenated the CV and SNR values across participants 

and performed a Pearson correlation.  

To contrast the variation in APF with noise, we subjected 20 empty-room datasets to the same 

preprocessing and data analysis steps as detailed in the foregoing sections. Additionally, we 

added a 10 Hz alpha and a 20 Hz beta rhythm to the empty-room time series. The simulated 

alpha peaks decreased in amplitude along the posterior to anterior direction, thereby mimicking 

the physiological data (Fig. S4). The beta rhythm was added as a proxy to neuronal noise. We 

obtained CV values for the 210 parcels of physiological data, CV values for 204 MEG sensor 

channels of non-neuronal noise data and CV values for 204 MEG sensor channels of simulated 

noise data. We averaged CV values along the Y-axis gradient using a spatially sliding window 

as detailed above. Then we performed independent t-tests for each of the 61 Y-coordinate 

positions between signal and noise data. To circumvent the multiple comparison problem, we 

performed a non-parametric cluster-based permutation test. We permuted the data by shuffling 

the condition assignment (signal vs noise). Spatially adjacent Y-coordinate positions, which 

met a priori defined threshold (𝛼𝛼 = 0.05), were combined to a cluster. On each permutation, we 

retained the cluster with the maximum sum of t-values. Given 1000 summed cluster t-values, 

obtained from 1000 permutations, we determined the probability of the empirical data.  

To ensure that peaks identified from the physiological data reflected genuine neural activity 

rather than ambient noise, we estimated the distribution of spectral peak powers across the 

empty-room recordings (per MEG sensor), and we discarded epochs from physiological data, 

if the identified APF did not exceed the 99th percentile of this noise distribution (see Fig. S5). 

We then calculated CV values for all remaining APFs per parcel. To test whether the regional 
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differences in CV persisted after excluding APFs with low amplitudes, we performed a linear 

regression between the recalculated CV values and their corresponding Y-coordinate position. 

Finally, we examined whether APF is a stable “trait-like” construct which is distinguishable 

between subjects. We used intra-class correlation (ICC) to measure the reliability of APF which 

akin to intra-rater reliability, quantifies the variation of data measured by 1 rater across 2 or 

more trials. In our study, it is the extent to which a single individual consistently produces the 

same APFs across epochs. Specifically, we implemented a single-rater two-way mixed-effects 

model and absolute agreement definition, or ICC(A,1) (McGraw & Wong, 1996; Shrout & 

Fleiss, 1979). Generally, ICC is calculated as a ratio, 

𝑀𝑀𝑀𝑀𝐵𝐵  −  𝑀𝑀𝑀𝑀𝐸𝐸

𝑀𝑀𝑀𝑀𝐵𝐵 + (𝑘𝑘 − 1)𝑀𝑀𝑀𝑀𝐸𝐸 + 𝑘𝑘
𝑠𝑠 (𝑀𝑀𝑀𝑀𝑊𝑊 −𝑀𝑀𝑀𝑀𝐸𝐸)

 

where, MSB is mean square between participants, representing the variance attributable to true 

differences between individuals, MSE is mean square for error, representing the residual error 

variance (i.e., the variance not accounted for by participant or measurement), MSW is the mean 

square within participants, representing the variance between measurements, k is the number 

of measurements (or epochs), and n is the number of participants. If the MSE is equal to or 

larger than the variance of interest (MSB), the reliability of APFs is evidently poor.  

ICC estimates and their 95% confidence intervals were calculated using the Matlab Central file-

exchange ICC.m function (Salarian, 2016). This ICC calculation was applied at every parcel to 

obtain spatially specific reliability estimates. In addition, we estimated APFs from epochs of 2 

s and 5 s to chart out how ICC increases with longer periods of averaging (Fig. S7 and Fig. S8, 

respectively). ICC estimates range from 0 – 1, with values closer to 1 indicating higher 

reliability. 
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Results 

We successfully replicated the key results of Mahjoory et al., (2020) showing that APF 

decreased significantly along the posterior-to-anterior axis (R2 = 0.646, p < 0.001; Fig. S3). The 

left lateral occipital cortex had the highest APF of 10.57 ± 1.61 Hz [mean ± SD], whereas the 

left middle frontal gyrus had the lowest APF of 7.5 ± 0.74 Hz [mean ± SD]. 

To quantify changes in APF within participants, we calculated the CV for all cortical parcels. 

CV values linearly increased along the posterior-to-anterior axis (R2 = 0.841, p < 0.001; Fig. 

22B). The lateral occipital cortices showed the least amount of variation in APF, with an 

average CV of 0.13 ± 0.03 [mean ± SD], whereas the superior and middle frontal gyri, showed 

the most variation, with an average CV of 0.18 ± 0.01. Among individuals, 70% showed a 

moderate positive correlation between Y-coordinate position and CV (r > 0.6).  

We found a significant negative correlation between SNR and CV (r = -0.87, p < 0.001; Fig. 

23). This suggests that low alpha power in the anterior regions may preclude the estimation of 

APF, resulting in seemingly high CV. Alternatively, it could also be driven by the presence of 

multiple alpha-band oscillations of comparable magnitude occurring simultaneously in 

anterior regions, with APF switching between peaks as their relative prominence fluctuates. 

Figure 22. Variation in alpha peak frequency  
A) Exemplary demonstration of shifts in alpha peak frequency (APF) in three consecutive epochs. The left panel shows shifts in APF in the left lateral Occipital 
cortex from 9 Hz to 10 Hz, and then back to 9 Hz, all within three seconds. The right panel shows shifts in APF in the right superior Parietal Lobule from 9 Hz 
to 11 Hz, and then to 10 Hz, again within three seconds. B)  In the left panel, the degree of variation in APF, measured by Coefficient of Variation (CV), is 
projected on an MNI template brain. In the right panel, CV values were averaged along a spatially sliding window in the posterior-to-anterior direction. Y-
coordinate position of the parcel significantly predicted CV (R2 = 0.841, p < 0.001). 
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To elucidate whether the temporal fluctuations in APF from second-to-second are simply a by-

product of noise, we contrasted APFs estimated from physiological data with APFs estimated 

from empty-room measurements. CV of physiological signal was significantly lower than CV 

of empty-room noise between -10.5 cm and 0 cm on the y-axis plane (i.e., from the occipital 

cortex to pre-central gyri; Fig. 24A). In this significant spatial range, APF deviated by as much 

as -2.2 to +1.7 Hz from the median in the physiological signal (Fig. 24B). To evaluate the 

integrity of anterior APF estimates, we performed a control analysis in which we excluded 

epochs if the identified APF did not exceed the threshold derived from empty-room 

recordings. We found a substantial reduction in both the number of retained epochs and the CV 

Figure 23. Correlation between CV and Signal-to-Noise ratio (SNR) 
SNR of a parcel spectrum is the relative difference between the power of the APF and the average power of all other peak frequencies. 
The colour bar indicates the Y-coordinate position of each data point. Lighter colours lie caudally, whereas darker shades lie rostrally 
along the Y-coordinate axis. We found a significant negative correlation between SNR and CV, such that a lower SNR was associated 
with a higher degree of variation (CV) in APF (r = -0.87, p < 0.001). 

Figure 24. Analysis of CV in relation to simulated signal and noise 
A) The CV of physiological signal (in teal), non-neuronal noise (in grey) and simulated noise+signal (in blue) is plotted along the Y-coordinate plane. The 
shaded region indicates the standard deviation across datasets. On comparing physiological signal with empty-room noise, we found a statistically significant 
cluster between -10.5 cm and 0 cm (i.e., from the occipital cortex to the pre-central gyri). On contrasting physiological signal with simulated noise (i.e., Noise 
+ 10 Hz + 20Hz), we found a statistically significant cluster across the entire cortex. B) Probability density of APF, illustrating the distribution of APF shifts 
from the median APF of a parcel within the significant spatial cluster (between -10.5 cm and 0 cm).   

 

Signal 
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values of the anteriorly located parcels (Fig. S5). Such that only ~7% of epochs were retained 

in the frontal cortices, whereas ~34% of epochs were retained in the occipital cortices. Notably, 

the linear increase in CV values along the posterior-to-anterior axis was still evident (R2 = 

0.359, p<0.001; Fig. S5).  

ICC estimates at each of the parcels showed the highest reliability in right precentral 

(ICC = .121, 95% CI: .075-.216) and postcentral (ICC = .122, 95% CI: .075-.289) gyri, and 

the left lateral occipital cortex (ICC = .123, 95% CI: .076-.219). The right superior frontal gyrus 

(ICC = .018, 95% CI: .009-.040), and left middle frontal gyrus (ICC = .019, 95% CI: .010-.042; 

Fig. 25) had the lowest reliability. Overall, ICC values across the cortex were indicative of poor 

reliability of APF over epochs. The distribution of APFs in the left lateral occipital cortex of 

individual participants (Fig. S6) indicate that low ICC values may reflect both limited 

consistency within individuals and a lack of systematic differences between individuals. 

Despite averaging power over longer segments of time (2 s and 5 s), even regions with the 

highest ICC estimates (right lateral occipital cortex; ICC = 0.358, 95% CI: 0.244–0.531) fell 

short of having adequate reliability (i.e., ICC > 0.5) (Fig. S7; Fig. S8). Consistently across all 

epoch lengths, ICC estimates were highest in occipital regions and lowest in frontal regions. 

 Discussion 

In recent years, alpha peak frequency (APF) has gained considerable attention as a potential 

marker of human cognition. On the one hand, APF is highly heritable and resistant to change 

over test-retest intervals, but on the other, it is extremely volatile and susceptible to changes in 

task demands and shifts in intrinsic states (Mierau et al., 2017). In the present study, we showed 

that such peak frequency transitions of APF occur at small timescales (i.e., within one second) 

Figure 25. Estimates of Intra-Class Correlation (ICC) 
ICC values of each parcel are projected on an MNI template brain. Lower estimates of ICC indicate poor reliability, whereas higher 
estimates are indicative of better reliability. Overall, APF shows poor reliability across the cortex reflecting substantial shifts in 
APF throughout. Distribution of APFs in the left lateral occipital cortex across participants (Fig. S6), show that low ICC values 
may reflect limited consistency within individuals and a lack of systematic differences between individuals. ICC estimates for 2-s 
(Fig. S7) and 5-s (Fig. S8) epochs reveal highest reliability in occipital regions and lowest in frontal regions.  
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and the degree of variation in APF systematically increased from the caudal to rostral regions. 

We established that the observed fluctuations and the spatial gradient were not just an anomaly 

related to underlying noise. Further, we found that APFs show poor reliability across time over 

the entire cortex.   

First and foremost, we confirmed that APF decreases along the posterior-to-anterior axis in a 

systematic fashion (in line with Mahjoory et al., 2020). The spatial gradient is governed by 

differences in the geometry of the cortex, in terms of cytoarchitecture and connectivity 

(Huntenburg et al., 2018), which in turn constrain the emergent dynamics (Demirtaş et al., 2019; 

Shafiei et al., 2023). The temporal dynamics of APF, however, has been largely overlooked. 

Therefore, we characterised the transient variations in APF to assess whether it more closely 

resembles a state- than a trait-marker. Our results illustrate that, not only APF, but also the 

degree of variation in APFs follows the posterior-to-anterior gradient, such that fluctuations in 

APFs exacerbates along this direction. This is in line with the findings of Salinsky et al., (1991) 

who provided evidence of variability on a similar timescale, but to a much smaller degree. 

Recent findings reveal that the APF shows temporal variations on a sub-second scale, evidently 

in the anterior regions (Smith et al., 2024), congruent with our findings. The temporal features 

of regional signals are likely governed by the anatomical and functional connectivity patterns 

with other cortical and subcortical regions. The caudal end of the gradient houses the lower 

sensorimotor functions, whereas the rostral end oversees higher cognitive functions. In effect, 

along the posterior-to-anterior direction, there is an increase in strength of synaptic excitation 

(Wang, 2020) and density of neurotransmitter receptors (Luppi et al., 2022), lengthening of 

timescales of information processing (Gao et al., 2020; Honey et al., 2012), and weakening of 

the coupling between structure and function (Larivière et al., 2020). By virtue of its 

neurobiological substrate, the rostral regions exhibit prolonged and flexible patterns of activity 

which complements its function, requiring the synergistic integration of diverse inputs (Suzuki 

et al., 2023). The results of our study are congruent in that respect. APF, reflecting intrinsic 

neural timescales, is higher in the caudal pole, whereas variations in APF, indexing input 

stochastics (Lefebvre et al., 2015) and neural malleability (Garrett et al., 2013), is higher in the 

rostral pole.  

We found the signal-to-noise ratio (SNR) systematically decreased along the posterior-to-

anterior axis, in relation to variations in APF. The alpha rhythm dominates the parieto-occipital 

region, whereas beta (13-30 Hz) and theta (4-8 Hz) oscillations are prominent in the 

sensorimotor and frontal regions, respectively (Groppe et al., 2013; Keitel & Gross, 2016). Due 
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to the variation in dominant peak frequency across the cortex, SNR varies on par. Given that 

low power precludes the true estimation of APF, the variation in APFs along the posterior-to-

anterior axis may simply reflect an increment in noise/or a reduction in alpha power. However, 

if that were to be the case, we would not expect to see a gradient in the parieto-occipital region.  

We substantiated the variation in APFs along the gradient in comparison to noise, which was 

recorded from an empty magnetically shielded room. These findings reaffirm that there is a 

notable amount of variation in APFs from the occipital to the peri-central regions, following 

the gradient, which is not seen in empty-room noise. On adding a 10 Hz rhythm to empty-room 

noise, we found that the variation in empty room “APFs” was much lesser than APFs observed 

in the physiological data, despite matching the amplitude of the simulated alpha and beta 

rhythms. This leads us to believe that the variation in APFs did not arise from random 

fluctuations in measurement noise. In the frontal regions, however, the amount of variation was 

indistinguishable from non-neuronal noise, with the power of identified peaks being 

comparable to the spurious peaks observed in the empty-room data. Therefore, we cannot 

ascertain whether the degree of variation in the frontal regions is a manifestation of the intrinsic 

neural dynamics. Due to the highly variable dynamics of the frontal regions, it is advisable to 

exercise caution in conventional analyses, as estimates of alpha phase and coupling indices may 

also be distorted by poor SNR (Aru et al., 2015; Donoghue et al., 2022).  

Further, we found that estimates of reliability, as indexed by intra-class correlations (ICC), were 

poor across the entire cortex in contrast to previous studies. A low ICC could be indicative of 

low degree of agreement between measurements (i.e., substantial variability in APFs over 

epochs) or a lack of difference in APFs between individuals (Koo & Li, 2016). Kondacs & 

Szabó (1999) showed that APF has excellent reliability on comparing odd and even epochs of 

the same EEG session. Another study found good reliability across two measurements, repeated 

over the span of 10 months (Gasser et al., 1985). However, this study included a sample of 

children, and as APFs and variability in neural signals changes over the course of development 

(Mišić et al., 2010), it does not offer a direct comparison. In addition, these studies used scalp 

recordings, which is inadequate to identify the sources of Alpha activity due to spatial mixing 

of signals (Schaworonkow & Nikulin, 2022). Notably, in our dataset, averaging power spectra 

over longer epochs drastically improved ICC estimates, but the observed values did not meet 

the threshold for adequate reliability (Koo & Li, 2016). Therefore, our findings challenge the 

reliability of APFs and suggest that it may not be a stable neurophysiological marker that 

qualifies as a trait. 
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Our results challenge the common assumption that APF represents a stable, trait-like 

characteristic—a premise that underlies many fixed-frequency stimulation protocols. 

Stimulation paradigms targeting anterior alpha oscillations may be particularly vulnerable to 

temporal variability, potentially failing to entrain neural oscillations. Furthermore, the dynamic 

nature of alpha activity raises critical concerns for closed-loop stimulation approaches. If the 

temporal resolution of such systems fails to capture the rapid shifts in endogenous oscillatory 

parameters, stimulation may be mismatched with the targeted neural dynamics, thereby 

compromising efficacy. In our study, participants were instructed to be seated such that the 

back of their head is leaning against the fixed helmet of the MEG; therefore, the occipital cortex 

lies closest to the SQUID sensor array, whereas the proximity of the frontal regions to the sensor 

array varies between individuals. As a result, the magnitude of the signal, in relation to 

background noise originating from non-neuronal sources, is much higher in the posterior 

regions. However, the low reliability of APFs cannot simply be attributed to measurement 

inaccuracies because despite good SNR, and a relatively low degree of variability in the 

occipital region, the ICC estimates were not adequate (Boutros et al., 1991). Moreover, since 

we only analysed datasets from a single measurement session, we cannot comment on the trait-

likeliness of APF. Future studies would benefit from characterising the spatio-temporal 

variations in APF over multiple sessions.  

In general, the spectral parameters of alpha oscillations appear to be non-stationary over time. 

Specifically, we showed that the degree of variation in APF increases along the posterior-to-

anterior direction. From the occipital to the pericentral regions, the variation in APFs was 

evident in a substantial number of epochs, but still to a lesser extent than what is observed in 

empty-room measurements, suggesting that the observed gradient is not a feature of 

measurement noise. In the frontal regions, however, the degree of variation was 

indistinguishable from noise, which highlights the necessity to consider temporal variability 

and overall signal-to-noise ratio in the study of alpha oscillations. Further, the poor ICC 

estimates obtained in our data suggest that, depending on the timescale of the investigation, 

APF could transition rapidly, and to a similar extent across individuals, behaving more like a 

state than a trait.  
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5 GENERAL DISCUSSION 

In the first study, we sought to alter oscillatory alpha activity in the right somatosensory cortex 

using short-period tACS. This was achieved by administering 10 s- and 30 s-trains of tACS and 

control (no-tACS) stimulation during simultaneous MEG recordings. We found that the 

increase in alpha power from pre-stimulation baseline levels was greater after tACS compared 

to the control condition. This increase was prominent in the bilateral somatosensory and frontal 

regions. Moreover, we found that 10 s-trains of tACS produced greater elevations in alpha 

power than 30 s-trains of tACS, suggesting that shorter stimulation durations are sufficient for 

modulating power at the stimulation frequency. Additionally, we split trials into equal-sized 

time bins to evaluate the evolution of power modulation with the number of tACS trains 

administered. We confirmed that short trains of stimulation produce concurrent and consistent 

changes in alpha power. We therefore established a valid stimulation protocol by which to 

modulate power within task-relevant timelines, for example, before stimulus presentation.  

In the second study, we aimed to characterise spontaneous fluctuations in alpha peak frequency 

(APF) along the posterior-to-anterior cortical axis. This study was motivated by the limitations 

of Study 1, in which we failed to match stimulation frequency to individuals’ APF for two-

thirds of the participants. Guided by a recent publication showing a systematic reduction in APF 

from the caudal to rostral regions of the cortex, we hypothesised that the magnitude of 

fluctuations in APF would also vary along this cortical axis. To this end, we analysed resting-

state data from the control condition of Study 1, in which no tACS was applied. Our results 

showed that APFs could vary from one second to the next to a great degree. Moreover, the 

magnitude of variation systematically exacerbated from the caudal to rostral regions such that, 

it was least in posterior-most occipital regions and greatest in the anterior-most frontal regions. 

We also confirmed that these fluctuations were not simply on account of measurement noise, 

by comparing it with pseudo-fluctuations of APFs in simulated data. Overall, the reliability 

estimates obtained from 1s epochs fell below the ideal threshold, suggesting that APFs more 

closely resemble a transient state rather than a stable trait. 

Taken together, both studies demonstrate that alpha oscillations are highly volatile. In Study 1, 

we validated that they are susceptible to modulation of power via external perturbations, 

whereas in Study 2, we revealed that they exhibit fluctuations in frequency, even in the absence 

of stimulation. As such, both avenues of study indicate that the malleability of alpha oscillations 

is an inherent feature of its ongoing dynamics; in other words, alpha oscillations are invariably 
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variable. Yet the expression of this variability is not spatially uniform; instead, it could be 

shaped by cortical hierarchy and distribution of networks, as discussed below. 

The power enhancement observed in Study 1 was not confined to the right-somatosensory 

cortex, which was the intended stimulation target. Instead, it extended bilaterally across 

somatosensory regions and, unexpectedly, into the frontal cortex, despite estimates of minimal 

electric field magnitudes in this region.  Since any external perturbation, even with highly focal 

stimulation, inevitably propagates along anatomical and functional connections (Bergmann & 

Hartwigsen, 2021), such dispersion is not simply a methodological failure, but a consequence 

of the brain’s integral architecture. Within this framework, the spatial profile of the tACS effects 

observed in Study 1 reflects not only the anatomical site of stimulation, but also that region’s 

position within the cortical hierarchy and its connectivity to the broader network. 

This points to the possibility that all cortical regions may not be equally susceptible to periodic 

perturbations. Propensity for malleability may be determined by the stimulation site’s 

anatomical configuration such as folding, depth, and orientation (Huang et al., 2017; Opitz et 

al., 2015), which is in part shaped by its position along the cortical hierarchy. Modulation of 

the somatosensory cortex produces robust frequency-specific effects on tactile perception, as it 

is favourably positioned (Craddock et al., 2017; Fabbrini et al., 2022), and occipital alpha 

stimulation enhances visual learning when delivered over early visual areas with strong 10-Hz 

generators (He et al., 2022). In contrast, stimulation of less optimally oriented regions often 

yields attenuated or null effects due to limited laminar access and reduced local electric fields 

(Johnson et al., 2020; Manzo et al., 2020). Notably, primate electrophysiology shows that even 

modest shifts in electrode placement (of ~3–4 cm) abolishes single-neuron entrainment, 

underscoring the spatial specificity of tACS (Krause et al., 2019). These contrasts underscore 

that the propensity for perturbation and the activation of non-target areas may not be uniform 

across the cortex, but vary systematically with regional cytoarchitecture, resonance properties, 

and hierarchical network position. 

Thus, one important dimension of Study 1 is that oscillatory perturbation extends beyond the 

stimulation site, reaching non-target regions in ways that appear to depend on the spatial 

organisation and connectivity of the cortical networks through which activity propagates. This 

spatial perspective sets the stage for understanding how location shapes not only the dispersion 

of induced activity, but also the intrinsic temporal dynamics of oscillatory signals themselves, 

which was observed in Study 2.  
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Although alpha activity is often conceptualised as an idle rhythm with stable oscillatory 

dynamics, computational work provides a mechanistic explanation for the existence of 

variability in frequency, as shown in Study 2. Lefebvre et al., (2015) demonstrated that a simple 

neural mass model generating stable alpha oscillations becomes spectrally nonstationary when 

it receives fluctuating synaptic input. Hutt et al., (2016) later extended this principle to a spiking 

network, showing that both stochastic noise and periodic external stimulation systematically 

accelerate alpha oscillations. Crucially, in both models, alpha frequency is not fixed to 

biophysical constants such as conduction delays; rather it is a dynamic variable that emerges 

from the interaction between the network’s intrinsic architecture and the structure of its inputs. 

Moreover, intrinsic variability carries functional significance (Cohen, 2014). Fluctuations in 

oscillatory frequency modulate neural excitability, with slower alpha rhythms lowering spike 

thresholds, thereby improving the detection of weak synaptic inputs. Slower frequencies also 

yield more spikes per burst, expanding the analogue coding space and facilitating rapid 

reconfiguration of network dynamics. These models strengthen the plausibility of our results 

from Study 2 and support the claim that the temporal instability of alpha rhythms reflects 

genuine physiological processes rather than spurious fluctuations introduced by noise. 

Recent work by Fehring et al., (2024) shows that intrinsic rhythms follow cortical hierarchy, 

contextualizing the effects observed in Study 2. Their results highlight that higher-order trans-

modal regions display more variable and less periodic autocorrelation functions, reflecting 

inherently flexible, non-stationary temporal dynamics. Notably, they found that alpha-

dependent periodicity, as reflected by autocorrelation at ~7–8 Hz, was strongest in occipital 

regions and systematically diminished with increasing hierarchical level. These findings 

reinforce that the posterior-to-anterior gradient found in Study 2 is not arbitrary, but might 

instead reflect the structural and functional organization of the cortical hierarchy.  

Taken together, the two studies converge on a unifying insight: alpha rhythms propagate 

through, and are constrained by, the cortical hierarchy, with their susceptibility to tACS and 

their temporal variability governed by the same underlying hierarchical principles. 

Limitations 

A key limitation of Study 1 is the absence of a control stimulation frequency. We refrained 

from stimulating at a control frequency, as neural oscillators can be entrained not only at their 

intrinsic frequency, but also by harmonics or subharmonics. For example, Ali et al., (2013) 

demonstrated this mechanistically in a large-scale cortical model, showing that stimulation at a 
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harmonic frequency (6 Hz) entrained a network oscillating at 3 Hz, just as effectively as 

stimulation at its intrinsic frequency. Whereas, Helfrich et al., (2016) observed reduced alpha 

amplitude during 40 Hz tACS, showing cross-frequency interactions between alpha and gamma 

oscillations. Consequently, we cannot make definitive claims about the frequency specificity of 

the observed tACS effects. 

In Study 2, we examined within-subject variability in APF, only in a single experimental 

session. This limited our ability to investigate the apparent trait-like stability of APF or lack 

thereof. It is possible that the administration of tACS enhanced the stability of power at the 

stimulation frequency; accordingly, it was necessary to restrict the analysis to data obtained 

during the control session. However, when considering the time-averaged APF estimates from 

Study 1 (Table S1), it is evident that APFs varied across stimulation blocks and between the 

tACS and control sessions. 

Another limitation of Study 2 is that the empty-room data did not correspond to the exact dates 

on which the respective MEG recordings were acquired, which limits our ability to accurately 

capture the measurement noise conditions present during each recording session. Consequently, 

we compared shifts in APF between the physiological data and the empty-room data by treating 

them as independent groups rather than as paired (dependent) measures, which may have 

inflated or attenuated the apparent variability in the APF arising from session-specific non-

neuronal noise fluctuations. 

Outlook 

The present findings raise the intriguing possibility that the magnitude of tACS-induced alpha 

modulation could be fundamentally constrained by the hierarchical position of the targeted 

cortical region. As demonstrated in Study 2, stimulation applied over somatosensory cortex 

interacts with a robust and periodic intrinsic alpha rhythm, whereas stimulation of higher-order 

associative regions would involve more broadband or variable rhythms. Future work should 

therefore systematically map how tACS influences oscillatory dynamics across the cortical 

hierarchy, probing whether regions differ in susceptibility to external modulations.  

In Study 1, we found that the burst-like activity in the alpha band was enhanced by tACS, 

suggesting that externally applied rhythms may modulate not only the amplitude but also 

the stability and temporal regularity of intrinsic alpha events. This raises the possibility that 

tACS also alters the dynamics of spontaneous activity, potentially reducing variability in burst 
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timing, duration, or APF. Future studies will benefit from characterizing how rhythmic 

stimulation influences the spontaneous variability of oscillatory dynamics. Such work could 

reveal whether tACS primarily acts by entraining endogenous rhythms. 

Beyond characterizing the neural effects, the validated stimulation protocol developed here 

provides a powerful tool for causal investigations into the role of alpha oscillations in 

perception and cognition. Future experiments could combine tACS with paradigms probing 

temporal integration, somatosensory discrimination, attentional gating, or multisensory 

integration to determine whether altering alpha dynamics predictably shifts behavioural 

thresholds or decision strategies.  

Conclusions 

In this thesis, I show that alpha oscillations are intrinsically dynamic rather than static rhythms. 

Study 1 demonstrates that somatosensory alpha activity is highly malleable even with 

stimulation trains as brief as 10 seconds. These effects extend further in space and frequency 

than what is commonly reported, and our findings point toward a multifaceted influence of 

tACS on alpha burst dynamics that warrants deeper investigation. Study 2, in turn, reveals that 

temporal variability, particularly fluctuations in peak frequency, is a fundamental property of 

alpha rhythms. Alpha frequency systematically shifts along the posterior–anterior axis in 

conjunction with changes in signal-to-noise ratio. This variability challenges assumptions built 

into many standard analytical approaches. In conclusion, the rhythms that shape our attention 

and perception are not fixed constraints, but flexible processes open to modulation. 
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Supplementary Material 
 
Table S1: Individual Stimulation Frequency (ISF) and Alpha Peak Frequency (APF) per block   

Subject ISF (Hz) 10s-tACS (Hz) 30s-tACS (Hz) 10s-control (Hz) 30s-control (Hz) 
1 8  9/10 9 11 10 
2 10 10 10 10 9 
3 12 8/10 9 11 9 
4 9 9 9 9 9 
5 14 10 8 11 9 
6 9 10 9 10 10 
7 10 13 10 12 8 
8 10 10 10 9 8 
9 9  9/10 10 11 10 

10 7 9 9 9 9 
11 11 12 11 11 11 
12 13 8 12 9 13 
13 10 11 12 12 11 
14 11 11 8/11 9 12 
15 11 12 not available 12 12 
16 8 9 9 8 10 
17 9 10 10 9 10 
18 12 12 12 12 12 
19 10 9 9 10 8 
20 10 11 11 11 11 
21 10 10/11 10 9 10 
22 10 9 9 9 10 
23 9 10 9 10 8 
24 11 11 11 11 11 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 91 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 

Figure S1. Control Analysis  
On uniformly shifting the TFR to align ISFs to 10 Hz, the harmonic frequencies are 
misaligned. To circumvent broadband-spectral increase in power and thereby delineate 
harmonic effects, we recomputed the analysis in Fig. 2B. In the control analysis, we 
restricted the frequency range between ISF and its first harmonic frequency. Hence, 
for an ISF of 10 Hz, the frequencies ranged from 10 to 20 Hz, and for an ISF of 7 Hz, 
from 7 to 14 Hz. Five intermediate frequencies were selected between ISF and the first 
harmonic of ISF. Y-axis ranges from ‘ISF’ to ‘ISFx2’ Hz (first harmonic frequency). 
t-values were averaged over channels in the significant cluster shown in Fig 17A. We 
found one significant positive cluster (outlined in black).   
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Figure S2. Inter-individual variation in response to tACS  
A) Bar graph illustrates Δpower for the 10 s-tACS block. Δpower (at ISF) was averaged over channels in the significant cluster shown in Fig. 17A, and over 
time. Each bar represents a single subject. B) Same as in A), but for 30 s-tACS block.  
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B 30s-block 
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Figure S3. Distribution of time-averaged APF 
In the left panel, time-averaged APF for each parcel is projected on an MNI template brain. In the right panel, APF values were averaged along a spatially sliding 
window in the posterior-to-anterior direction. We found that the Y-coordinate position of the parcel significantly predicted APF (R2 = 0.646, p < 0.001). 

Figure S4. Amplitude of simulated peaks 
Log power of APF of physiological signal (in teal) and simulated signal (in blue) is plotted along the y-coordinate plane.  
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Figure S5. Control analysis: SNR-based thresholding of APFs 
The CV of physiological signal (in teal) and SNR-filtered signal (in green) is plotted 
along the Y-coordinate plane. The shaded region indicates the standard deviation 
across datasets. We found that the Y-coordinate position of the parcel significantly 
predicted the CV of the SNR-filtered APFs (R2 = 0.359, p<0.001). 

Figure S6. Distribution of APFs in the left lateral occipital cortex  
Histogram of individual alpha peak frequencies (APFs) across all participants (n = 24). The x-axis shows APF values in Hz, and the y-axis indicates the number of 
epochs in which each frequency was identified as the APF in the left lateral occipital cortex.  
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Figure S7. Estimates of Intra-Class Correlation (ICC) from 2 s epochs 
Parcel-wise ICC values are projected onto an MNI template brain. The lowest reliability was observed in the right middle frontal gyrus 
(ICC = 0.024, 95% CI: 0.011–0.056), while the highest was found in the left ventromedial occipital cortex (ICC = 0.207, 95% CI: 0.133–
0.345). The colour bar is scaled to the maximum ICC value observed across parcels. 

Figure S8. Estimates of Intra-Class Correlation (ICC) from 5 s epochs 
Parcel-wise ICC values are projected onto an MNI template brain. The lowest reliability was observed in the right middle frontal 
gyrus (ICC = 0.056, 95% CI: 0.019–0.134), while the highest occurred in the right lateral occipital cortex (ICC = 0.358, 95% CI: 
0.244–0.531).  The colour bar is scaled to the maximum ICC value observed across parcels. 
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