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INTRODUCTION



Temporal prediction, the ability to anticipate when something will happen, is central

to how we navigate the world. From catching a ball to waiting at a traffic light, or

social interactions and conversations, our experience of time is deeply entwined with our

ability to anticipate what comes next. We continuously extract temporal patterns from

the environment (Buhusi and Meck, 2005; Kösem and van Wassenhove, 2012; Schroeder

et al., 2008), whereby our perception of elapsed time is influenced by various factors,

such as bottom-up processes, like physiological arousal or emotional valence (Droit-Volet

and Gil, 2009), or top-down influences, like attention (Nobre and Ede, 2018).

0.1. Rhythmic & non-rhythmic temporal prediction

Our temporal prediction capacity is thought to be context-sensitive and may be sup-

ported by either rhythmic cues (e.g., music, speech) or memory-based cues (Breska and

Ivry, 2018). When events occur in a rhythmic pattern, the brain can entrain internal

neural oscillations to match the external beat. This alignment of low-frequency oscil-

latory phase with stimulus periodicity is believed to coincide high-excitability phases

with upcoming events (ten Oever et al., 2014; Henry and Obleser, 2012; Cravo et al.,

2013; Busch et al., 2009). In the auditory domain, this phase-locking is associated with

improved detection and faster responses for on-beat events compared to off-beat events

(Jones et al., 2006; Fujioka et al., 2015) and is consistent with oscillatory entrainment

models (Henry et al., 2014). Importantly, neural oscillations do not act in isolation.

Cross-frequency dynamics indicate an interaction between slow rhythmic tracking and

faster neural processes. Delta-beta coupling has been identified as a hallmark of rhythm-

based prediction (Arnal et al., 2015; Morillon et al., 2014). In an magnetencephalography

(MEG) study of auditory beat-timing, Arnal et al. (2015) found that slow delta-band os-

cillations became tightly coupled with beta-band oscillations in anticipation of a target-

tone, aligning neural excitability with the expected beat. The strength of this delta-beta

coupling predicted whether subjects correctly detected slight timing deviations. No-
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tably, the motor system was involved as well: beta oscillations, often originating from

motor cortex, were engaged even though the task was purely perceptual. These find-

ings support a framework in which sensorimotor circuits orchestrate oscillatory dynamics

to implement rhythmic predictions (Arnal, 2012; Ivry and Schlerf, 2008; Morillon and

Baillet, 2017). At the single-neuron level, animal studies reveal ramping and rhythmic

firing patterns that likely give rise to the oscillatory dynamics observed in electroen-

cephalography (EEG)/MEG and local field potential (LFP). In rodents, striatal neurons

can encode an internally generated beat-frequency. Notably, populations of striatal neu-

rons change their firing rate as a function of elapsed time between rhythmic cues. This

ramping or cyclic pattern speeds up or slows down depending on whether the animal

perceives an interval as shorter or longer (Gouvêa et al., 2015). Therefore, basal ganglia

circuits are intimately involved in rhythm-based temporal prediction. Recent findings

support this context-dependent specialization within subcortical circuits: the basal gan-

glia appear to support temporal prediction in rhythmic contexts, whereas the cerebellum

is more engaged in predictions based on single-interval associations (Breska and Ivry,

2018; Terranova et al., 2023). Rhythmic structures facilitate prediction by embedding

temporal cues within the sensory stream, thereby reducing memory load (Capizzi et al.,

2012; Schroeder et al., 2010). In contrast, interval-based timing requires maintaining and

retrieving specific internal representations, making it more susceptible to cognitive inter-

ference. Empirical evidence supports this dissociation, showing that concurrent working

memory tasks impair memory-based, but not rhythmic, temporal prediction (Capizzi

et al., 2012; de la Rosa et al., 2012). Importantly, in many situations, no continuous

rhythm is available. Although rhythms are ecologically relevant and often used to study

oscillatory contributions to temporal prediction, they present significant methodologi-

cal and conceptual challenges. Rhythmic stimulation generates a continuous stream of

regularly timed, bottom-up evoked responses, which can be hard to disentangle from

top-down, phase-aligned neural oscillations occurring at similar frequencies. As a result,
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phase alignment observed across trials may not necessarily reflect genuine resets of en-

dogenous oscillations (Doelling et al., 2019; Zoefel et al., 2018). Moreover, although many

studies on temporal prediction rely on some form of rhythmic stimulation, this approach

captures only a limited aspect of real-world scenarios, neglecting how we form temporal

predictions in response to irregular or non-rhythmic events. For this reason, I set out to

investigate non-ryhthmic temporal prediction.

0.2. Unimodal & crossmodal temporal prediction

Within a single modality, the neural mechanisms of temporal prediction largely resides

in that modality’s processing stream and associated timing networks. Unimodal visual

temporal prediction is associated with phase-resets of low-frequency delta oscillations in

occipital areas and domain-general timing areas like the parietal cortices and cerebellum

(Daume et al., 2021). Similarly, unimodal auditory temporal prediction employs audi-

tory cortical oscillations and auditory-striatal circuits (Kösem et al., 2018; Lakatos et al.,

2005; Bendixen et al., 2009). Thus, within one modality, temporal prediction manifests

as a modality-specific modulation: the sensory cortex for that modality enters a state

of heightened readiness, often through oscillatory phase alignment or sustained activity

(ramping or baseline shift) timed to the expected input. Top-down projections likely me-

diate this process as well (Engel et al., 2001; Samaha et al., 2015). In crossmodal contexts,

the brain must coordinate timing information across different sensory systems. A central

question is whether crossmodal temporal prediction recruits the same oscillatory mech-

anisms as unimodal temporal prediction and how signals in one modality might inform

other modalities. Neural synchronization appears to play a key role in crossmodal influ-

ences (Senkowski and Engel, 2024; Bauer et al., 2020), where low-frequency oscillations

can provide a common temporal frame that links modalities. For example, if a rhythmic

auditory cue is presented, it can phase-reset ongoing oscillations in the visual cortex, and

thus entrain the visual system to the timing dictated by the auditory rhythm. This was
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demonstrated in macaque monkeys by Lakatos et al. (2009): when monkeys attended to

a visual task, an irrelevant auditory stimulus could still reset the phase of oscillations

in the primary visual cortex, but only if the auditory stimulus was temporally aligned

with the expected visual rhythm. Therefore, crossmodal phase resetting is a compelling

mechanism of temporal prediction by which a cue aligns the target modality’s oscillation

into the optimal phase for stimulus processing. Notably, crossmodal influences can occur

even in early sensory cortices, indicating that temporal predictions are propagated to

very low-level processing stages when modalities are coupled (Bauer et al., 2020; Kayser

and Logothetis, 2007; Lakatos et al., 2007). The goal of this thesis is to uncover how the

brain supports non-rhythmic temporal prediction by investigating the neural dynamics

underlying this ability in both unimodal and crossmodal contexts.

0.3. Aims and scope of the thesis

There is a fundamental trade-off between ecological validity, i.e., capturing the richness

and complexity of real-world experiences and the need for tight experimental control to

ensure that findings are interpretable and comparable within the scientific community.

While temporal prediction is central to many everyday activities, such as conversation,

listening to music, or motor interactions, studying it in such dynamic settings intro-

duces numerous uncontrolled variables that complicate data interpretation. Therefore,

to isolate specific mechanisms and draw reliable conclusions about the neural basis of

temporal prediction, it is essential to design experiments that minimize confounding in-

fluences and allow for precise manipulation of temporal features, while still being true to

everyday experiences. Traditional approaches to studying temporal prediction, such as

duration estimation, temporal reproduction, or rhythm-based paradigms, provide struc-

tured frameworks that can be systematically varied and replicated. However, the envi-

ronment does not always entail rhythmic structures. To address this, the present work

focuses on non-rhythmic temporal prediction, where the brain must infer the timing of
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an event based on motion cues and internal estimates rather than rhythmic regularities.

By constraining the temporal structure of stimuli and minimizing external influences,

it becomes possible to probe the dynamics of neural activity with both precision and

interpretability. This thesis combines correlative and causal approaches to dissect these

mechanisms. I focused on an established temporal prediction task (Daume et al., 2021;

Roth et al., 2013), which was used with various modifications. In healthy subjects, MEG

was used to examine the spatiotemporal patterns of brain activity associated with tem-

poral prediction in a crossmodal context. Furthermore, transcranial alternating current

stimulation (tACS) was used to infer the causal relevance of the phase of cortical delta

oscillations associated with temporal prediction. So far, there have been few efforts to

modulate temporal prediction performance through phase-specific tACS within the delta

frequency range, making this study a noteworthy contribution to the field. Furthermore,

temporal prediction was studied in Parkinson’s disease (PD) patients. A hallmark of

neurophysiological alterations in PD is the excessive synchronization of beta oscillations

within the basal ganglia, which is linked to the severity of motor symptoms (Kühn et al.,

2009; Brown, 2003). Additionally, PD patients exhibit increased beta-band synchroniza-

tion between the basal ganglia and the frontal cortex, a pathological change that has

been suggested to contribute to cognitive impairments (Litvak et al., 2011; Oswal et al.,

2013). There is evidence indicating that the basal ganglia, particularly the dopaminer-

gic pathway, play a crucial role in temporal prediction (Tomassini et al., 2019; Breska

and Ivry, 2018; Rammsayer and Classen, 1997; Buhusi and Meck, 2005). PD patients

are known to experience deficits in various time-related tasks, including duration repro-

duction and time perception (Smith et al., 2007; Perbal et al., 2005). In addition to

conventional dopaminergic therapy, deep brain stimulation (DBS) of the subthalamic

nucleus (STN) is a well-established treatment for PD, primarily aimed at alleviating mo-

tor symptoms (Deuschl et al., 2006), by decreasing excessive beta synchronization within

the cortico-basal ganglia circuits (Oswal et al., 2016). Therefore, Parkinson’s disease and
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therapeutical DBS offer a rare opportunity to causally investigate the contribution of

subcortical structures, specifically the basal ganglia, in temporal prediction.

Together, this multimethod approach leverages the strengths of observational and mod-

ulatory techniques, allowing for a more comprehensive and mechanistic understanding of

how the brain generates temporal predictions in ecologically relevant, yet experimentally

tractable, conditions.

0.3.1. Outline

CHAPTER 1 (Burke et al., 2025a) establishes that the phase of low-frequency delta

oscillations tracks temporal prediction performance. Our study demonstrates that cross-

modal phase-resets occur even with combination of non-rhythmic and discrete stimula-

tion and thereby highlights the broad applicability of phase resets as a mechanism for

predicting time across various types of stimuli.

CHAPTER 2 (Burke et al., 2025b) demonstrates that delta-tACS resulted in phase-

dependent modulation of unimodal temporal prediction performance. The dynamic tar-

geting of delta oscillations through tACS is a compelling approach to infer a causal role

of the phase of delta oscillations in temporal prediction performance.

CHAPTER 3 (Burke et al., 2025c) uncovers the contribution of the basal ganglia to

temporal prediction. We found that pathological oscillatory dynamics of Parkinson’s dis-

ease disrupted both power and phase-based mechanisms underlying temporal prediction.

This chapter highlights that DBS can restore not only motor, but also cognitive functions

like temporal prediction.
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CHAPTER 1

DIFFERENTIAL CONTRIBUTIONS
OF LOW-FREQUENCY PHASE AND
POWER IN CROSSMODAL
TEMPORAL PREDICTION: A MEG
STUDY

Status: preprint

R. Burke, J. Daume, T.R. Schneider, A.K. Engel (2025). bioRxiv



1.1. ABSTRACT
BACKGROUND
Our representation of time is embedded within multisensory perception, based on sight,
sound, or touch. However, despite being a crucial aspect of daily life, the neural dynamics
of cross-modal temporal predictions remain elusive. The objective of this study was to
investigate neural correlates of tactile-to-visual influences on temporal prediction using
MEG. We hypothesized to observe increased inter-trial phase consistency (ITPC) in the
low-frequency delta range (0.5-4 Hz) due to their involvement in temporal prediction. In
addition, stronger ITPC values should correlate with a steeper slope of the psychomet-
ric function, indicating phase alignments as a likely cause of more consistent temporal
predictions.

METHODS
The study was conducted within one MEG session employing a modified version of the
time prediction task by Roth et al. (2013) and Daume et al. (2021). Participants (N=23)
observed a visual stimulus moving towards an occluder. Shortly before reaching the oc-
cluder, the visual stimulus faded in luminance to make the visual offset less informative.
Instead, participants received a brief tactile stimulus to the ipsilateral hand at the time
point of disappearance, generating a temporal expectation regarding its reappearance on
the opposite side of the occluder. After variable time intervals, a visual stimulus reap-
peared, and participants had to indicate whether this was too early or too late compared
to the movement before disappearance. A non-predictive control condition involved par-
ticipants judging the variable luminance of the reappearing visual stimulus compared to
its initial luminance at the beginning of the trial. Psychometric curves were fitted to
the behavioral data of each participant and condition, and MEG recordings were ana-
lyzed using time-frequency representations obtained by wavelet convolution. To compare
spectral power and ITPC estimates between conditions within frequency bands showing
significant differences to the pre-stimulus baseline, we used cluster-based permutation
statistics. Pearson’s correlations were used to examine the relationship between ITPC or
power estimates and the steepness of each participant’s psychometric function.

RESULTS
ITPC analysis revealed strong increases in the delta range around stimulus disappearance
and reappearance. Delta ITPC was significantly stronger during temporal prediction
compared to the control condition. Only delta ITPC, but not delta power, correlated
with the consistency of temporal prediction. Furthermore, temporal prediction led to
increased alpha power in the dorsolateral and medial prefrontal cortex, as well as the
right superior temporal sulcus and middle temporal gyrus, whereas beta power did not
show differences between conditions.

CONCLUSION
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Our findings suggest that increased delta ITPC is likely caused by phase resets driven
by the temporal prediction process rather than evoked neural activity. Furthermore, our
findings indicate that phase alignments occur during crossmodal visuo-tactile-to-visual
temporal predictions, even with a combination of non-rhythmic and discrete stimula-
tion. This highlights the broad applicability of phase resets of neural oscillations as a
mechanism for predicting timing across various types of stimuli.

KEYWORDS

MEG, crossmodal temporal prediction, Inter-trial phase consistency, low-

frequency oscillations, delta-band, alpha-band
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1.2. INTRODUCTION

The ability to predict the timing of future events is fundamental to adaptive behavior.

The brain continuously generates temporal predictions that allow for the alignment of

sensory processing with expected input (Schroeder and Lakatos, 2009; Stefanics et al.,

2010; Herbst et al., 2022). These predictions are thought to be particularly important

when sensory input is transiently occluded or ambiguous, enabling the perceptual sys-

tem to "fill in" missing information and prepare for upcoming stimuli (Summerfield and

Egner, 2009). A fundamental body of research suggests that neuronal oscillations, espe-

cially in the delta-(0.5-4 Hz), alpha-(8-12 Hz), and beta-(13-30 Hz) bands, play a central

role in temporal prediction (Arnal and Giraud, 2012; Arnal et al., 2015; Calderone et al.,

2014; Rohenkohl and Nobre, 2011). Low-frequency oscillations are ideally suited for en-

coding temporal regularities due to their alignment with behaviorally relevant timescales

(Schroeder and Lakatos, 2009). In particular, delta-band oscillations have been impli-

cated in phase alignment mechanisms that support sensory anticipation and attentional

entrainment (Daume et al., 2021; Burke et al., 2025b; Arnal et al., 2015; Cravo et al.,

2013). In the context of rhythmic or temporally structured input, increased inter-trial

phase consistency (ITPC) has been interpreted as evidence for phase resetting, whereby

the brain aligns ongoing oscillations with anticipated stimulus onsets (Stefanics et al.,

2010; Lakatos et al., 2008; Arnal et al., 2015). While many studies have focused on the

auditory modality, there is growing evidence that visual and cross-modal temporal pre-

diction also rely on phase-based neural dynamics (Samaha et al., 2015; van Ede et al.,

2011; Daume et al., 2021; Burke et al., 2025b). However, the frequency specificity and to-

pographical distribution of such effects remain debated. Beta-band activity is frequently

associated with sensorimotor predictions and has been shown to decrease in response to

temporal uncertainty (Daume et al., 2021; Fujioka et al., 2012). Some studies suggest

that visual temporal predictions preferentially modulate alpha-band activity, even when
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stimuli are presented at delta frequencies. Rohenkohl and Nobre (2011), for example,

presented visual stimuli rhythmically at 1.25 and 2.5 Hz, yet only alpha oscillations,

rather than delta, showed predictive modulation during stimulus occlusion. This raises

the possibility that alpha-band power may play a dominant role in visual prediction,

potentially reflecting higher-order cognitive control over sensory anticipation. The neu-

ral mechanisms of cross-modal temporal prediction, particularly involving visuo-tactile

interactions, remain less well understood. Moreover, few studies have directly compared

predictive versus non-predictive tasks using identical sensory stimulation, limiting our

understanding of how task-specific cognitive demands shape neural oscillations. Building

on the work of Daume et al. (2021), our study introduces a visuo-tactile-to-visual occlu-

sion paradigm that probes temporal prediction across sensory modalities. Further, we

employed a control condition, using the exact same sensory stimuli. This design allowed

us to isolate the neural effects specific to temporal prediction, independent of sensory

input. We focused on two main neural markers: spectral power and ITPC in the delta-,

alpha-, and beta-bands, during the critical window of stimulus disappearance. Based on

previous work (Daume et al., 2021; Burke et al., 2025b), we hypothesized that temporal

prediction would be associated with (1) increased delta ITPC reflecting enhanced phase

alignment, and (2) reduced beta power indicative of temporal uncertainty. We also ex-

plored alpha-band modulations as a potential signature of higher-order cognitive control

(Samaha et al., 2015; Rohenkohl and Nobre, 2011). Furthermore, we tested whether

individual differences in ITPC or power correlated with the steepness of the psychome-

tric function, as a measure of temporal prediction precision (Daume et al., 2021). Our

study aims to shed light on the distributed and frequency-specific oscillatory mechanisms

supporting temporal prediction in a crossmodal visuo-tactile context.
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1.3. MATERIALS AND METHODS

1.3.1. Participants

Twenty-three healthy adult volunteers participated in the study (9 females; mean age =

26.09 years, SD = 5.06; all right-handed). All participants reported normal or corrected-

to-normal vision, no reduced tactile sensitivity, and no history of neurological or psychi-

atric disorders. Written informed consent was obtained in accordance with the Declara-

tion of Helsinki and the study protocol was approved by the Ethics Committee of the

Hamburg Medical Association. Participants received monetary compensation for taking

part in the study.

1.3.2. Experimental procedure

The experimental paradigm comprised two tasks: a temporal prediction (temporal pre-

diction (TP)) task involving visuo-tactile-to-visual temporal prediction, and a luminance

matching (luminance matching (LM)) task as a working memory control condition. Both

tasks were physically identical in terms of visual and tactile stimulation as well as timing

structure but differed in cognitive demands and response criteria. Stimuli were presented

on a matte back-projection screen (60 Hz refresh rate; resolution 1920 × 1080 pixels),

positioned 65 cm in front of the participant. The main visual stimulus was a small

oval (3.5° × 1.0° visual angle), which moved linearly across the screen towards a central

white-noise occluder (7.5° × 11.3°), smoothed using a Gaussian filter. The occluder was

centered on a gray background (44 cd/m²; RGB = 115), and a red fixation dot was

displayed in its center throughout each trial. Participants were instructed to maintain

fixation at all times. Each trial began with 1500 ms of fixation. Then, the visual stimu-

lus appeared in the periphery and moved toward the occluder at a speed of 6.9°/s. The

onset of stimulus movement was jittered (1000-1500 ms before disappearance) to prevent

temporal predictability and the initial side of stimulus onset (left or right) was coun-

terbalanced across participants but remained constant within individuals. Importantly,
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Figure 1.1: Experimental design and behavioral results. (A) Experimental paradigm.
Participants viewed a white ellipse moving toward and disappearing behind an occluder.
Just before disappearance, the ellipse faded in contrast to make the visual offset less in-
formative. Instead, participants received a brief tactile cue to the ipsilateral hand at the
time of disappearance. Therefore, the timing of the tactile stimulus provided an impor-
tant cue needed to judge the appropriateness of the reappearance of the visual stimulus.
After a variable delay, the ellipse reappeared with a slightly different luminance. In
the temporal prediction (TP) task, participants judged whether the reappearance was
too early or too late, based on the velocity of the stimulus but ignoring the luminance
change. In the luminance matching (LM) control task, visual and tactile stimulation
identical to the TP task was used, but participants judged the brightness of the reap-
pearing stimulus, ignoring its timing. (B) Accuracy and reaction times along timing
differences. The left panel shows participant accuracy across various timing differences,
with time 0 ms indicating the objectively correct reappearance after 1500 ms for the TP
(red) and LM (grey) condition. The right panel displays log-transformed and standard-
ized reaction times (RT) across timing differences. (C) Psychometric curves illustrate
response sensitivity and bias in the TP (red) and LM (grey) condition. Time 0 ms in
the TP condition (left) refers to the objectively correct reappearance, while a luminance
difference of 0 RGB values in the LM condition (right) indicates objective luminance
equality upon reappearance. P=proportion, RGB=red-green-blue.
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the visual stimulus decreased in luminance, thereby making the visual offset less infor-

mative. Instead, participants received a brief tactile cue (70 ms) at the time point of

full disappearance to the index finger of the side where the stimulus was moving toward

the occluder. The occluder size and stimulus speed were calibrated such that a constant

time of 1500 ms was required to move behind the occluder. After disappearance, the

stimulus reappeared at variable time points (jittered from ±17 ms to ±467 ms around

the expected reappearance at 1500 ms), resulting in 20 different reappearance latencies.

This temporal manipulation allowed assessment of subjective timing perception. The

initial luminance of the moving stimulus changed on a trial-by-trial level. Similarly, the

luminance changed after reappearance relative to the initial luminance (range: ±1 to

±40 cd/m²; in 20 steps). These values were matched across conditions to ensure the

same physical stimulus structure.

In the TP task, participants had to judge whether the reappearing stimulus appeared

either too early or too late, based on the previously perceived visual motion before occlu-

sion. The tactile stimulus was administered using a Braille piezostimulator (QuaeroSys,

Stuttgart, Germany; 24 pins, 1 mm diameter, 2.5 mm spacing), activating all pins simul-

taneously. At the time point of tactile stimulation, no concurrent visual event occurred

on the screen. Responses were given via button press using the hand contralateral to

the stimulus reappearance side. Response mapping (too early = left key / too late =

right key, or vice versa) was counterbalanced across participants. In the LM control task,

participants were instructed to judge whether the luminance of the reappearing stimulus

was brighter or darker than the pre-disappearance luminance. All other aspects of the

physical stimulation and timing were identical to the TP task. This task served as a

cognitive control to account for non-temporal processing demands and ensured identical

visual stimulation between tasks. The experiment was conducted in a single recording

session, including 12 blocks (6 per condition), resulting in 60 trials per block and a total
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of 720 trials per participant (360 per condition). Each participant completed a brief

initial practice of the task, including feedback after each trial. For the main experiment,

participants received feedback at the end of each block in which the overall accuracy was

displayed. Participants could rest as needed after each block. To mask the sound of

the Braille stimulator, participants wore in-ear MEG-compatible headphones delivering

continuous pink noise (85 dB, 48 kHz sampling rate) during all experimental blocks.

1.3.3. Data acquisition and preprocessing

The electrophysiological data was recorded with a 275-channel whole-head MEG system

(CTF MEG International Services LP, Coquitlam, Canada) at 1200 Hz in a dim, mag-

netically shielded room. Electrooculogram (EOG), electromyogram (EMG), and electro-

cardiogram (ECG) were recorded using Ag/AgCl electrodes for artifact rejection. Head

position was monitored online and realigned before each block if deviations exceeded 5

mm from the original position (Stolk et al., 2013). We used MATLAB (R2016b) (The

MathWorks Inc., 2019), FieldTrip (Oostenveld et al., 2011), and custom scripts to an-

alyze the data. Preprocessing included bandpass filtering (0.5-170 Hz), notch filters at

50, 100, and 150 Hz and downsampling the data to 400 Hz. Trials with artifacts (e.g.,

muscle, jumps) were excluded via a semi-automatic rejection procedure. On average,

666.6 ±37.4 (92.58% ±5.14%) trials remained after preprocessing. Finally, independent

component analysis (ICA) was used to remove ocular, cardiac, and muscle artifacts. Ap-

proximately 25 ±6.9 out of 275 components were removed per participant. Furthermore,

trials deviating by ≥1 frame (17 ms) from the intended stimulus timing were excluded.

Sensors were flipped to ensure comparability across participants who viewed stimuli from

different directions (see Time-frequency analysis).

Behavioral analysis

Reaction times (RT) and accuracy were analyzed using R (R Core Team, 2024) and

RStudio (RStudio Team 2020). Psychometric curves were calculated in MATLAB (The
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MathWorks Inc., 2019). Trials with reaction times >3 SDs from the mean were excluded.

RTs were logarithmically transformed and standardized prior to statistical modeling.

Psychometric curves were fitted using binomial logistic regression (MATLAB’s glmfit.m

and glmval.m) to determine each participant’s subjective point of right on time (ROT)

in the prediction task and point of subjective equality (PSE) in the working memory

control task. The steepness of the psychometric function was quantified using the in-

verse difference between 25% and 75% threshold points. One-sample t-tests (α = 0.025,

Bonferroni-corrected) were used for comparisons of the two tasks.

Time-frequency analysis

Time-frequency decomposition was performed via convolution with 40 complex Morlet

wavelets (0.5-100 Hz). Spectral power was computed for each trial and normalized to

a pre-stimulus baseline (-500 to -200 ms). Power estimates were binned into 100 ms

steps and averaged per condition. Trials were segmented into four overlapping time

windows: Baseline: -550 to -50 ms before stimulus motion onset; Movement: -50 to 950

ms from motion onset; Disappearance: -350 to 950 ms from full occlusion; Reappearance:

-350 to 450 ms from stimulus reappearance; For statistical comparisons between tasks,

we used cluster-based permutation tests (Maris and Oostenveld, 2007), correcting for

multiple comparisons across time, frequency, and space. Sensor data were flipped along

the sagittal axis for participants who viewed leftward motion. Our analyses focused

primarily on the Disappearance window, since this is thought to be the critical time

window for the temporal prediction process. Furthermore, for source localization we used

Dynamic Imaging of Coherent Sources (DICS) beamforming (Gross et al., 2001) based on

individual magnetic resonance images and a single-shell volume conductor model (Nolte,

2003) with a 5003 voxel grid aligned to the MNI152 template brain. Again, as for sensor-

level analysis, all voxels were flipped along the sagittal axis for participants who were

presented with the white ellipse moving from right to left prior to statistical calculations.
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Inter-trial phase consistency (ITPC)

ITPC was computed from complex time-frequency representations obtained via wavelet

convolution (see above). Phase angles were extracted at each time point and trial using

MATLAB’s angle.m function, and ITPC was calculated as:

ITPCtf =

∣∣∣∣∣ 1N
n∑

r=1

eiϕr,tf

∣∣∣∣∣
where n is the number of trials and ϕr,tf the phase angle in trial r at time frequency

point tf. ITPC values were averaged in 100 ms bins and pooled across channels and con-

ditions to provide an overview of phase alignment throughout the trials. Furthermore, to

focus on dynamics surrounding stimulus disappearance, we additionally computed ITPC

in a -1,900 to 1,900 ms window centered on full occlusion of the white ellipse. Values

were averaged within the 0.5-4 Hz delta-band and compared between conditions using

cluster-based permutation statistics over time bins and sensors. At the source level,

ITPC was estimated using the same beamformer filters as in the spectral power anal-

ysis. Finally, to assess neural-behavioral coupling, voxel-wise Pearson correlations were

performed between ITPC (averaged 0 to 800 ms post-disappearance) and the steepness

of each participant’s psychometric function. Multiple comparisons were corrected via

cluster-based permutation testing.

1.4. RESULTS

1.4.1. Comparable behavioral performance across conditions

To assess behavioral differences between the TP and LM conditions, we compared behav-

ioral accuracy, reaction times, as well as the slope and bias of the psychometric curve.

Accuracy was significantly lower in the TP condition (mean = 0.719, SEM = 0.060)

compared to LM (mean = 0.764, SEM = 0.034) (t(22) = -4.21, p < .001, Cohen’s d =

-0.88). Therefore, participants performed more accurately when judging luminance than
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when making temporal predictions. However, a more sensitive measure of performance,

the psychometric curve, showed no statistically significant difference in the slope of re-

sponses between the TP and LM conditions (t(22) = -1.89, p = .072, Cohen’s d = -0.39).

Similarly, the bias did not differ significantly between conditions (t(22) = -0.30, p = .764,

Cohen’s d = -0.06). These results show comparable response trends and discrimination

sensitivity between conditions. Analysis of log-transformed and standardized reaction

times showed no significant overall difference between conditions (t(22) = -0.59, p =

.559, Cohen’s d = -0.12).

1.4.2. Alpha power significantly increased during temporal prediction

We first examined time-resolved total power across frequencies, averaged over all condi-

tions, sensors, and participants. To characterize general oscillatory dynamics during the

trial, we applied cluster-based permutation statistics to compare the TP and LM task

against baseline (Figure 1.2). Relative to the pre-stimulus baseline, a significant increase

in delta-band power was observed during the disappearance window, time-locked to the

stimulus occlusion (all cluster-p<.001). In contrast, beta-band power showed a signifi-

cant decrease following stimulus disappearance, consistent with previous reports of beta

suppression during prediction processes. Similarly, we found significant alpha-band mod-

ulations during the occlusion window. To isolate condition-specific effects, cluster-based

permutation statistics were applied to compare the TP and LM tasks against each other

within the delta-, alpha-, and beta-band on sensor and source level (Figure 1.2B&C).

While no significant clusters were found for delta or beta power, we observed a signifi-

cant increase in alpha-band power during the TP task compared to the LM task in the

dorsolateral and medial prefrontal cortex. A second cluster was found in the area of

middle temporal gyrus and superior temporal sulcus (both cluster-p=.02).
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Figure 1.2: Spectral power modulations. (A) Spectral power was averaged across all
sensors, conditions, and participants, with each time window aligned to key events in the
taks and normalized using a pre-stimulus baseline. Time 0 s marks the onset of each event.
Significant power changes relative to baseline are indicated by areas enclosed in solid lines,
as determined by cluster-based permutation testing. (B, C) Comparison of alpha-band
activity (8–13 Hz) between the temporal prediction and luminance matching task during
time intervals surrounding stimulus occlusion. (B) On sensor level, black dots mark
sensors within clusters that showed statistically significant differences between conditions.
(C) At the source level, cluster-based permutation tests identified voxel clusters with
significant task-related differences, visualized as colored regions in the surface and slice
images averaged across the disappearance time window (0-0.7s).
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1.4.3. Delta inter-trial phase consistency was increased during and correlated with tem-

poral prediction

Similarly to our spectral power analysis, we examined time-resolved ITPC across frequen-

cies, averaged across all conditions, sensors, and participants (Figure 1.3A). Cluster-based

permutation statistics revealed a significant ITPC increase in all frequency bands at the

time point of disappearance compared to pre-stimulus baseline (all cluster-p=<.001). To

assess task-specific differences, we compared the TP and LM tasks using cluster-based

permutation statistics. This revealed significantly stronger ITPC in the delta-band dur-

ing the disappearance window for the TP task compared to the LM task (cluster-p=.02).

This effect was most pronounced within the time window from 0 to 800 ms following

stimulus disappearance, indicating enhanced phase alignment across trials when partici-

pants were engaged in predicting the reappearance of the visual stimulus (Figure 1.3B).

Source-level analysis of this contrast revealed increased delta-band ITPC in several vi-

sual and visual-association regions, including the left and right primary and secondary

visual cortices as well as the right inferotemporal cortex (cluster-p=.01). The pattern of

increased phase consistency in early visual areas, particularly contralateral to the antic-

ipated stimulus, supports the interpretation of a phase reset mechanism in response to

internally generated temporal predictions. Finally, correlational analyses revealed a sig-

nificant correlation between delta ITPC and the steepness of the individual psychometric

function, with clusters primarily located in the bilateral primary somatosensory cortex

and sensory association areas (Figure 1.4) (cluster-p=.03). No such correlation was ob-

served for delta power, nor did alpha power correlate significantly with psychometric

slope.
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Figure 1.3: ITPC. (A) ITPC values were averaged across all sensors, conditions, and
participants, with significant deviations from baseline highlighted by outlines derived
from cluster-based permutation testing. (B, C) Differences in delta-band ITPC (0.5–3
Hz) between the temporal prediction task and the luminance matching control. (B)
Black dots mark sensors that formed significant clusters in the group comparison on
sensor level. (C) On source level, colored regions indicate voxel clusters with statistically
significant differences between conditions.

1.5. DISCUSSION

The current study investigated neural oscillatory dynamics during a visuo-tactile-to-

visual temporal prediction task, with a luminance matching task as a cognitive control.
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Figure 1.4: Correlation of delta ITPC and behavior. (A) Voxel-wise correlations between
individual ITPC values and the steepness of participants’ psychometric functions are
shown for the temporal prediction task. ITPC was computed in the delta-band (0.5–4 Hz)
over a time window from 0 to 800 ms following stimulus disappearance (see Figure 1.3).
Colored regions highlight voxel clusters where correlations reached statistical significance
using cluster-based permutation statistics. (B) The scatter plot shows this correlation,
with each dot representing one participant; ITPC values were averaged across voxels
within the significant clusters. No significant correlations were found for the luminance
matching condition or between spectral power in the delta-, alpha-, and beta-band and
behavioral measures.
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Beta desynchronization during visual occlusion occurs across predictive and

non-predictive tasks

In line with previous studies, we observed a significant reduction in beta-band power

during the disappearance window, relative to pre-stimulus baseline. This suppression oc-

curred in both the TP and LM conditions, and while the effect was robust, no significant

task difference emerged. Beta power suppression could reflect processes engaged dur-

ing both predictive and non-predictive evaluation of dynamic sensory events. Beta-band

oscillations, particularly over sensorimotor and associative cortices, have been widely

implicated in top-down predictive control, timing, and maintenance of the current sen-

sorimotor set (Engel and Fries, 2010; Arnal, 2012; Fujioka et al., 2012; Kilavik et al.,

2013). The transient suppression of beta power in our task is consistent with the notion

that beta desynchronization facilitates adaptive updating of internal models in response

to sensory transitions. In our study, this would occur due to the sudden occlusion of

the visual stimulus. Importantly, beta suppression has also been linked to increased

temporal uncertainty, with reduced beta power observed when stimulus timing becomes

unpredictable or requires estimation (Arnal et al., 2015; Palmer et al., 2019; Todorovic

et al., 2015). However, the absence of a task-specific difference in beta power between

TP and LM conditions is notable. Given that both tasks involved identical sensory tran-

sitions and attentional demands, but only TP required active temporal estimation, it is

possible that beta-band dynamics encode uncertainty in a modality- or context-unspecific

manner. For example, beta suppression may signal increased reliance on internal mod-

els during periods of occlusion, regardless of whether a specific temporal prediction is

required, thus serving as a non-specific readiness or preparatory mechanism across tasks

(Palmer et al., 2019).

25



Increased alpha power during temporal prediction suggests top-down engage-

ment

Alpha oscillations constitute a central component of the neural architecture underpinning

temporal prediction in multisensory contexts (Keil and Senkowski, 2018). Our results

are in line with this by showing that alpha-band power increased significantly during

the TP compared to LM condition in a cluster of voxels in the dosolateral prefrontal

cortex (DLPFC) and medial prefrontal cortex (mPFC) (BA 9), despite both tasks in-

volving identical sensory input. A second alpha cluster emerged in middle temporal

gyrus (MTG)/superior temporal sulcus (STS), regions typically implicated in timing and

multisensory integration (Beauchamp et al., 2008; Noesselt et al., 2012). These regions

appear to leverage dynamic modulations in alpha-band activity to implement top-down

expectations. Specifically, event-related alpha power increases, are believed to transiently

inhibit task-irrelevant sensory processing, in line with the gating-by-inhibition framework

(Jensen and Mazaheri, 2010; Klimesch et al., 2007). In this framework, enhanced alpha

power does not reflect a passive state, but an active process of internal attentional control,

aimed at suppressing potentially interfering sensory input during task phases that rely on

internal computation rather than external stimulation. The , specifically the DLPFC and

mPFC, are repeatedly implicated in orchestrating these forms of internal control. Dur-

ing the occlusion phase of our task, when no sensory input is present and participants

must internally maintain a dynamic temporal model to judge the timing of the stimulus

reappearance, increased alpha power in frontal regions likely reflect inhibition of prema-

ture or irrelevant processing (e.g., of sensory noise or competing expectations) (Klimesch

et al., 2007; Sauseng et al., 2005). Meanwhile, temporal regions including the STS and

MTG have been implicated in adjudicating the temporal alignment of incoming multi-

sensory stimuli, modulating alpha power in accordance with the temporal congruency or

asynchrony of visuo-tactile inputs (Noesselt et al., 2012). In an fMRI study, Noesselt

et al. (2012) examined how the brain encodes synchronous vs. asynchronous audiovisual
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stimuli. They identified subregions along the STS that preferentially responded when

stimuli were out of sync versus in sync. Notably, when participants perceived asyn-

chrony, there was stronger functional coupling between the STS complex and prefrontal

areas. Therefore, these regions may be inherently connected during temporal processing

tasks. Although our temporal prediction task is contrasted against a working memory

control condition, it is important to recognize that temporal prediction itself recruits ex-

ecutive processes analogous to those used in working memory, including the maintenance

and updating of internal representations over time. Specifically, during the occlusion pe-

riod, participants must hold in mind the velocity and trajectory of a moving stimulus and

project it forward to estimate the expected time of reappearance, a process that closely

parallels processes in visuospatial working memory tasks (Sauseng et al., 2005). While

both tasks rely on internal processing and top-down control, the working memory task

involves the maintenance of static visuospatial information, with comparatively less em-

phasis on internal modeling over time, which may enhance alpha synchronization due to

increased task demands (Klatt et al., 2022). In summary, the observed increase in alpha

power in the TP condition, relative to the LM condition, supports the view that alpha-

band oscillations play a central role in implementing top-down control during internally

guided temporal prediction processes. The engagement of both prefrontal and temporal

regions suggests a coordinated network in which increased alpha synchronization sup-

ports the maintenance of temporal expectations by actively suppressing premature or

distracting input. These findings may extend existing models of alpha-based inhibition

by demonstrating that such mechanisms are not only recruited during classical working

memory or attention tasks but also during anticipatory processes. Thus, alpha oscilla-

tions could reflect a dynamic control process that is flexibly deployed depending on the

temporal structure and cognitive demands of a task, reinforcing their role as a funda-

mental neural mechanism for predictive processing in multisensory contexts.
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Delta phase alignment may support crossmodal predictive timing

A central finding of our study is the enhanced delta-band ITPC during stimulus disap-

pearance in the TP condition compared to the LM control condition. This supports the

idea that delta oscillations subserve temporal prediction by providing a phase-based ref-

erence frame for aligning internal neural states with anticipated external events (Arnal

and Giraud, 2012; Schroeder and Lakatos, 2009; Cravo et al., 2013). The increase in

ITPC was most pronounced between 0 and 800 ms after disappearance of the stimulus,

corresponding to the time window in which participants internally simulated the con-

tinuation of the visual trajectory. Our results directly replicate the findings of Daume

et al. (2021), who reported increased delta-band ITPC during a unimodal visual and

crossmodal visuo-tactile temporal prediction task. While our findings conceptually align

with the work by Daume et al. (2021), the visuo-tactile-to-visual paradigm introduces a

novel and more demanding form of crossmodal temporal prediction. The previous design

assessed whether visual input could prime the somatosensory system to anticipate tactile

onset. In contrast, the novel task reverses this logic: we presented a moving visual stim-

ulus that gradually decreased in luminance prior to disappearing, thereby rendering the

visual offset temporally ambiguous. Crucially, just before disappearance, a brief, tactile

stimulus was delivered to the index finger. This tactile cue served as a precise temporal

anchor for participants to initiate an internal prediction about the timing of a subsequent

visual reappearance from behind the occluder. This subtle yet important change in task

structure entails a crossmodal shift in predictive responsibility: the tactile system now

supplies the timing cue, while the visual system becomes the target of temporal anticipa-

tion, necessitating participants to integrate temporally informative, non-redundant cues

across modalities. Our results thus extend the phase reset framework by demonstrating

that delta-band ITPC tracks crossmodal predictions in contexts where temporal struc-

ture is not visually salient, but is conveyed through a secondary modality. This supports

the interpretation that delta oscillations facilitate the binding of temporally disjoint,
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crossmodal cues into coherent predictive representations, even when sensory input is am-

biguous or degraded. Importantly, delta ITPC was positively correlated with individual

differences in temporal prediction performance, providing further evidence that phase

alignment is not only a marker of neural synchronization but also reflects behaviorally

meaningful anticipatory processes. Source localization revealed increased delta ITPC in

bilateral early visual cortices (V1/V2), consistent with research showing that primary and

secondary occipital areas exhibit phase alignment during visual anticipation (Cravo et al.,

2013). Additionally, robust delta-phase synchronization was observed in right-lateralized

inferotemporal cortex, a region implicated in high-level visual processing and predictive

coding of object identity and motion trajectories (Summerfield and Egner, 2009). Impor-

tantly, our findings also implicate regions beyond the sensory cortices. Enhanced delta

ITPC in the cerebellum aligns with extensive literature attributing to the cerebellum a

key role in subsecond timing and sensorimotor prediction (Ivry and Keele, 1989; Merchant

et al., 2013). This supports the view that cortico-cerebellar loops contribute to temporal

anticipation by modulating the timing of cortical excitability through slow oscillatory dy-

namics. Notably, we also found that delta ITPC in bilateral somatosensory and sensory

association cortices significantly correlated with the steepness of individual psychometric

functions, indicating a direct relationship between neural phase alignment and the preci-

sion of temporal predictions. These results support earlier findings showing delta-phase

consistency contributes to timing accuracy and crossmodal temporal integration (Breska

and Ivry, 2018; Cravo et al., 2013). The absence of corresponding correlations with delta

power underscores the specific functional relevance of phase-based measures in capturing

behaviorally relevant neural dynamics (Haegens and Golumbic, 2018). Together, these

results highlight delta ITPC as a robust index of temporal prediction across a distributed

network encompassing sensory, associative, and subcortical structures, with functionally

specific contributions to crossmodal timing precision and anticipatory behavior.
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1.6. CONCLUSION

These results contribute to a growing literature, suggesting delta oscillations as a scaffold

for predictive timing, especially under uncertainty. The lack of task-specific effects in

beta power, and the task-dependent modulation of alpha activity in frontal and temporal

regions further suggest that temporal prediction recruits a flexible hierarchy of oscillatory

mechanisms at multiple timescales (Senkowski and Engel, 2024). Importantly, this data

underscores the need for studies using causal manipulations, such as phase-specific tACS,

to determine whether phase alignment is not only correlated with, but causally drives,

enhanced temporal prediction.
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2.1. ABSTRACT
BACKGROUND
Previous research has shown that temporal prediction processes are associated with phase
resets of low-frequency delta oscillations in a network of parietal, sensory and frontal areas
during non-rhythmic sensory stimulation. Transcranial alternating current stimulation
(tACS) modulates perceptually relevant brain oscillations in a frequency and phase-
specific manner, allowing the assessment of their functional qualities in certain cognitive
functions like temporal prediction.

OBJECTIVE
We addressed the relation between oscillatory activity and temporal prediction by using
tACS to manipulate brain activity in a sinusoidal manner. This enables the investigation
of the relevance of low-frequency oscillations’ phase for temporal prediction.

METHODS
Delta tACS was applied over the left and right parietal cortex in two separate unimodal
and crossmodal temporal prediction experiments. Participants judged either the visual or
the tactile reappearance of a uniformly moving visual stimulus, which shortly disappeared
behind an occluder. tACS was applied with six different phase shifts relative to sensory
stimulation in both experiments. Additionally, a computational model was developed
and analysed to elucidate oscillation-based functional principles for the generation of
temporal predictions.

RESULTS
Only in the unimodal experiment, the application of delta tACS resulted in a phase-
dependent modulation of temporal prediction performance. By considering the effect of
sustained tACS in the computational model, we demonstrate that the entrained dynamics
can phase-specifically modulate temporal prediction accuracy.

CONCLUSION
Our results suggest that delta oscillatory phase contributes to unimodal temporal pre-
diction. Crossmodal prediction may involve a broader brain network or cross-frequency
interactions, extending beyond parietal delta phase and the scope of our current stimu-
lation design.

KEYWORDS

Non-invasive brain stimulation, Transcranial alternating current stimulation,

Temporal prediction, Phase-specificity
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2.2. INTRODUCTION

Temporal prediction involves the brain’s ability to anticipate the timing of future events.

This ability contributes to numerous aspects of human behaviour, from simple sensory

processing to complex decision-making. Neural underpinnings related to temporal pre-

diction emphasise the role of phase alignment or entrainment of neural oscillations, par-

ticularly in the low-frequency delta band, as a key mechanism (Lakatos et al., 2008;

Schroeder and Lakatos, 2009). Studies have shown that delta oscillations align with

the temporal structure of the incoming sensory information stream and that oscillatory

phase plays a crucial role in determining the accuracy of responses (Arnal et al., 2015;

Stefanics et al., 2010). When events are highly temporally predictable, such as rhythmic

patterns, the high-excitability phase of ongoing oscillations can be adjusted to align with

the predicted onset of incoming information, enhancing neural excitability and thereby

optimising behaviour. (Gulberti et al., 2015; Kayser et al., 2010; Lakatos et al., 2008).

This phase alignment is strengthened when top-down resources are engaged, e.g., when

expectation cues indicate the occurrence of relevant stimuli (Herbst et al., 2022; Stefan-

ics et al., 2010). Furthermore, oscillatory phase in one modality can be modified not

only by events within the same modality, but also by events from different modalities

(Bauer et al., 2018; Diederich and Colonius, 2012; Fiebelkorn et al., 2011; Lakatos et al.,

2008; Romei et al., 2012). Supporting this notion, Daume et al. (2021) highlight the im-

portance of delta phase alignment across trials in supporting temporal prediction tasks

within and across sensory modalities. This study investigated the role of low-frequency

neural oscillations, particularly in the delta band (0.5-4 Hz), in temporal prediction tasks.

The strength of delta ITPC in parietal areas was found to correlate with individual task

performance, suggesting a direct link between the degree of oscillatory phase alignment

and the accuracy of temporal predictions. This enhancement was observed in parietal

cortices, along with other regions like sensory and frontal areas, highlighting a distributed
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network for temporal prediction. This correlation was observed for both unimodal (i.e.,

visual) and crossmodal (i.e., visuo-tactile) task settings, indicating that this process is

not modality-specific. Despite these findings, the study does not provide causal evidence

for the functional role of delta phase in predicting the onset of relevant stimuli. As

the correlation between delta ITPC and temporal prediction performance was strong,

the direct manipulation of delta phase through transcranial stimulation could provide

causal evidence for this relation. Building on this previous work (Daume et al., 2021),

we set out to investigate the causal role of oscillatory phase in temporal prediction. To

achieve this, precise control over both oscillatory phase and sensory stimulation is re-

quired (de Graaf and Sack, 2014; Fiene et al., 2020, 2022; Sack, 2006). Extending our

previous work (Daume et al., 2021), we delivered sensory stimuli with precise timing

during transcranial alternating current stimulation (tACS) with systematic phase offset.

If temporal prediction performance is related to delta phase, we expect to observe a

fluctuation in performance depending on the tACS phase, leading to either enhancement

or deterioration of performance (Figure 2.1) in the unimodal as well as the crossmodal

experiment.

2.3. MATERIAL AND METHODS

2.3.1. Participants

In the unimodal experiment, 29 naïve, right-handed participants (mean age 26.5 ± 4.35

years, 16 female; 13 male) were recruited and in the crossmodal experiment, 30 naïve,

right-handed participants (mean age 25.7 ± 3.9 years, 15 female; 15 male) were recruited

based on previous effect size observations in studies that investigated phase-dependent

stimulation effects on sensory perception using tACS (Fiene et al., 2022, 2020). Par-

ticipants had normal vision and no psychiatric or neurological history. Handedness was

assessed using the short version of the Edinburgh Handedness Inventory. The experi-

ments, approved by the Hamburg Medical Association, adhered to the Declaration of
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Figure 2.1: Rationale of the study. We explored how the timing of oscillatory phase
affects temporal prediction by integrating sensory stimulation with transcranial alternat-
ing current stimulation (tACS). Building on Daume et al. (2021), our approach differed
by using a gradually disappearing visual stimulus to reduce prominent sensory induced
offset effects. Instead, the application of tACS was employed to induce phase alignment
by engaging neural oscillations to synchronise with the electrical rhythm applied to the
scalp. The notion of phase alignment assumes that the accuracy of predictions regarding
incoming relevant information depends on the magnitude of phase alignment and that the
phase encodes the expected time point of reappearance. The visual stimulus is designed
to coincide with or disrupt the oscillatory phase alignment induced by tACS, thereby
either maintaining the phase alignment or interfering with the ongoing oscillation. If
the phase of neural oscillations constitutes an integral element for temporal prediction,
we should either see an enhancement or a deterioration of performance depending on
the tACS phase lag relative to the visual stimulus. Furthermore, an optimal phase lag
of tACS would align the expected reappearance of the stimulus with a high-excitability
phase of the neural oscillations and thereby augment temporal prediction performance.
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Helsinki, with informed consent given by all participants and monetary compensation

provided.

2.3.2. Experimental procedure

The experimental design of the current studies was based on Roth et al. (2013) which

examined visual temporal predictions in cerebellar patients, and closely aligns with a

previous MEG study that we have carried out on the neural mechanisms of temporal

predictions (Daume et al., 2021). Participants sat in a dimly lit, electrically shielded

and sound-attenuated chamber. The visual stimuli were projected onto a matte LCD

screen at 120 Hz with a resolution of 1920 × 1080 px. A white noise occluder with a red

fixation dot (visual angle: 3.5° x 4.7° (h x w), corresponding to 150 x 200 px) processed

with a Gaussian filter (imgaussfilt.m in MATLAB) was presented centrally against a grey

background (Figure 2.2). Trials began with a fixation interval of 2000 ms accompanied

by the application of tACS or active control stimulation, followed by a white ellipse

stimulus (size: 1.7° x 0.5° visual angle) moving at 5.6°/s from the left periphery towards

the occluder, and fading out over 500 ms before disappearing. After a certain time t,

the visual stimulus (i.e. white ellipse) reappeared on the right side of the occluder and

continued moving for another 500 ms at the same constant velocity as before the occlusion

(Figure 2A). In each trial, the reappearance time of the stimulus varied randomly between

∆t = ±17 and ±467 ms (±2 to ±60 frames; refresh rate:120 Hz) in steps of 50 ms (3

frames) relative to the objectively correct reappearance time of 1500 ms. Participants

were instructed to judge whether the stimulus reappeared too early or too late via button

press with their right hand (BlackBoxToolKit USB Response Pad, Black Box ToolKit

Ltd) based on the stimulus’ movement before the occluder and the estimated movement

behind the occluder. Response mapping of the two buttons was counterbalanced across

all participants. The crossmodal experiment mirrored the unimodal setup, substituting

the visual reappearance with a tactile stimulus to the left index finger (Figure 2B). The

tactile stimulus indicated the time point t ±∆t (as described in the unimodal design) at
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which the disappearing visual stimulus would have reappeared on the other side of the

occluder. The tactile stimulus was presented using a Braille piezo-stimulator (QuaeroSys,

Stuttgart, Germany; 2 × 4 pins, each 1 mm in diameter with a spacing of 2.5 mm) by

pushing all eight pins up simultaneously for 200 ms. Participants were instructed to

respond as fast and as accurate as possible, once the visual or tactile stimulus reappeared

after the occluder. Immediate feedback was not provided, but participants received block-

wise performance summaries and could rest between blocks. Each participant took part

in two sessions on two days, maintaining consistent timing of the day and response

mapping. Each session comprised ten blocks of 60 trials, resulting in a total of 600

trials. Prior to the main experiment, participants carried out a training block of 30 trials

to get familiar with the task and stimulus material and received immediate feedback

about the correctness of their response. To mask the sound of the Braille stimulator

during tactile stimulation and other background noise, participants wore ear plugs for

the whole duration of the recording session in both experimental designs. At the end

of the second recording day, participants filled out a questionnaire asking for a specific

strategy they might have used for the temporal prediction task. We used MATLAB

R2016b (MathWorks, Natick, USA; RRID: SCR_001622) and Psychophysics Toolbox

(RRID: SCR_002881) (Brainard, 1997) on an MS-Windows 10 operating system for

stimulus presentation.

Transcranial alternating current stimulation

Participants attended two stimulation sessions in which two high-definition tACS (HD-

tACS) 2x2-montages (Figure 2.3B) were employed at a frequency of 2 Hz and a peak-to-

peak current of 2 mA to target the left and right parietal cortex. The electric field
−→
E was

estimated prior to the experiment by linear superposition of lead fields
−→
L , weighted by
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B

Figure 2.2: Experimental design. (A) Unimodal experiment: In the beginning of each
trial, a white ellipse appeared on the screen and moves towards the occluder before
disappearing. After 1500 ms ± 17 to ± 467 ms the stimulus reappears. The participants
then had to decide whether the stimulus reappeared "too early" or "too late". (B)
Crossmodal experiment: Like in the unimodal experiment, the participants saw a white
ellipse moving towards the occluder before disappearing behind it. After time intervals
of 1500 ms ± 17 to ± 467 ms, the participants received a tactile stimulus, signalling the
reappearance. Again, the participant’s task was to identify whether the tactile stimulus
reappeared "too early" or "too late".
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the injected currents αi at stimulation electrodes i = {1,2,3,4}:

−→
E (−→x ) =

∑
i

(
−→
Li (

−→x ) αi)

The lead field matrix
−→
L was computed by using boundary element three-shell head-

models (Nolte and Dassios, 2005). The estimated electrical field intensities were compa-

rable to those shown to effectively modulate neural activity in both non-human primates

and humans (Huang et al., 2018; Johnson et al., 2020; Kasten et al., 2019) (Figure

2.3C). Additionally, the tACS montage was slightly modified between the two experi-

ments to account for differences between unimodal and crossmodal stimulation (Daume

et al., 2021). Despite this adjustment, the electrical fields remained comparable across

both experiments (see supplementary material A, Figure 2.2). The stimulation was ad-

ministered using 12 mm Ag/AgCl electrodes and neuroConn stimulators (direct current

(DC)-Stimulator plus, neuroConn, Illmenau, Germany) with Signa electrolyte gel (Parker

Laboratories Inc.) to maintain electrode impedances below 25 kΩ and ensure uniform

electric fields. To minimize transcutaneous effects, EMLA cream (2.5% lidocaine, 2.5%

prilocaine) was applied for local anaesthesia one hour prior to the experiment. tACS

was delivered intermittently, with 4 s intervals and current ramps of 500 ms at six dif-

ferent phase lags (0°, 60°, 120°, 180°, 240°, 300°) relative to the visual events. A full

cycle (360°) of a 2 Hz sine wave lasts 500 ms, making 60° phase differences equivalent

to 83.333 ms. The phase lags were manipulated with respect to the disappearance of

the visual target (i.e., white ellipse), as the tACS stimulation stopped at specific phases

coinciding with the time point of disappearance of the white ellipse. By extension, the

phase lags were also aligned with the motion onset, given that visual events consistently

spanned 2 s within the 4 s tACS interval. In the unimodal experiment, the active control

condition involved delivering short tACS pulses (1 s) at two points: 2 s prior to the

appearance of the white ellipse and 1 second before its disappearance. In contrast, the
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crossmodal experiment featured a single 1 s ramped tACS applied only at the beginning

of the stimulation interval (Figure 2.3A). The rationale for introducing a second ramp in

the unimodal control condition was to render the control condition perceptually similar

to the tACS condition. In the crossmodal experiment that was designed later, we re-

frained from presenting the second ramp at the end of the stimulation, as it could induce

a phase reset akin to that observed with continuous tACS stimulation. To mitigate this

confounding factor, we revised the design of the crossmodal experiment by restricting

the ramp to the interval start. Post-session, a questionnaire assessed perceived inten-

sity and temporal evolvement of side effects like skin sensations, fatigue, and phosphene

perception (see supplementary material, Figure 2.9 & 2.10). To ensure participants did

not use potential rhythmic tactile sensations resulting from tACS for temporal predic-

tion, they completed a tapping test after the second session. Participants were exposed

to 4s intervals of tACS, matching the tACS rhythm used in the experiment, and were

instructed to tap in rhythm with the stimulation if possible. Afterwards, having been

shown the 2 Hz rhythm by the experimenter tapping on a table, they repeated the test.

This test aimed to determine whether participants could perceive the stimulation while

actively attending to it, ruling out the possibility that positive tACS effects were solely

due to transcutaneous/somatosensory effects rather than direct neural effects (Asamoah

et al., 2019). Participants, who were able to tap in the presented rhythm, were therefore

excluded from further analyses. In the unimodal experiment, 2 out of 29 participants

tapped correctly to the 2 Hz rhythm and in the crossmodal experiment, 4 out of 30

participants did. Notably, detailed instructions about the 2 Hz rhythm did not improve

participantsábility to tap in sync.

Statistical analysis of behavioural data in relation to the tACS phase

Behavioural effects of tACS were evaluated by calculating accuracy values and signal

detection measures, such as sensitivity d’ and criterion c, for the six different phase

bins. In signal detection theory (SDT) (Green and Swets, 1966), sensitivity d’ measures

42



E-Field Strength (V/m)
0 0.3

A

B C

Disappearance Reappearance

V V

Time

Control
i

Control
n

tACS
n

tACS
i

E
le

c
tr

ic
a

l
S

ti
m

u
la

ti
o

n
V

is
u

a
l

S
ti
m

u
la

ti
o

n

ᵠ

ᵠ

ᵠ

ᵠ

Disappearance Reappearance

V T

Time

Control

Control

tACS

tACS

E
le

c
tr

ic
a

l
S

ti
m

u
la

ti
o

n
V

is
u

o
-t

a
c
ti
le

S
ti
m

u
la

ti
o

n

Unimodal experiment Crossmodal experiment

i

n

n

i

ᵠ

ᵠ

ᵠ

ᵠ

Figure 2.3: Experimental design and electrical field simulation. (A) tACS was applied
at 2 Hz in a verum condition and an active control condition. In the verum condition,
tACS was applied to the scalp intermittently for 4 s at six different phase lags (0°, 60°,
120°, 180°, 240°, 300°) relative to the visual stimulation. The active control condition
of the unimodal experiment consisted of short ramps of tACS (1 s) in the beginning
and in the end of the stimulation interval. In the crossmodal experiment, one second of
ramped tACS was applied only in the beginning of the stimulation interval. The figure
further depicts the amplitude of the sensory stimulation, i.e. the luminance of the white
ellipse and the strength of the tactile stimulation. In each trial of both experiments, a
white ellipse appeared on the screen two seconds after tACS onset. The white ellipse was
moving towards an occluder, decreasing its luminance 500 ms before disappearing behind
an occluder for various time intervals. The reappearing stimulus was either a visual or a
tactile stimulus for the unimodal and crossmodal experiment, respectively (see Figure 1).
(B) In-phase high-definition tACS montage targeting the left and right parietal cortices.
(C) Simulated electrical field generated by the 2x2-montage with a peak-to-peak current
of 2mA.
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the ability to distinguish between signal and noise, calculated as the difference between

z-transformed hit rates (HR) and false alarm rates (FAR):

d′ = z(HR)− z(FAR)

Higher d′ indicates better discrimination. Criterion c reflects response bias,

c = −1

2
(z(HR) + z(FAR))

with c = 0 indicating no bias, c > 0 a conservative bias (bias towards responding

too late), and c < 0 a liberal bias (bias towards responding too early). c is derived

from the decision threshold relative to the point where signal and noise distributions

intersect. Both measures assume equal variance in signal and noise responses. Sensitivity

indices and response bias were normalised prior to statistical testing by subtracting the

mean across the six phase bins. The tACS-phase-specific performance modulation was

quantified using three measures. Firstly, the Kullback-Leibler divergence (DKL) was

calculated, which quantifies the deviation of the observed distribution (P) from a uniform

distribution (Q) defined as

DKL(P,Q) =
N∑
i=1

P (i) log

[
P (i)

Q(i)

]

where N is the number of phase bins (Tort et al., 2010). DKL values can range from 0

(indicating a strictly uniform distribution) to 1 (indicating a nonuniform distribution).

Therefore, as the distance between P and Q increases, the DKL value also increases. The

input to this function were the accuracy values normalised by the sum of the performance

values across all six phase lags. Additionally, it was examined whether the performance

modulation induced by tACS over phase conditions follows a cyclic pattern, as expected

due to the sinusoidal nature of tACS. A one-cycle sine function was fit to the normalised
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sensitivity d’ values of each participant using a nonlinear least-squares algorithm,

yi ∼ Asin (2πφfmx+ Φi) + b

where yi is the observed performance. A, Φi, and b represent the amplitude, the phase

lag of the sine fit, and the intercept, respectively. For each participant, the best sine fit

function

gi(x) = Asin (2πfmx+ Φi) + b was obtained for each condition (tACS and active con-

trol) separately by applying the nonlinear least-squares algorithm, allowing amplitude,

phase lag and intercept to vary (three degrees of freedom). From this fit, the amplitude

value was extracted. The goodness of fit (R2) of the resulting best fitting function was

calculated for each participant. Lastly, we applied a parametric alignment-based sta-

tistical approach (Riecke et al., 2018; Zoefel et al., 2019), aligning the phase bin with

the highest normalised sensitivity index d’ to the central bin, with the remaining bins

phase-wrapped. To evaluate the contrast, we subtracted the response of the adjacent bins

opposite of the central bin (ADJ) from the average response of the two bins adjacent to

the central bin (MAX). This analysis was used to examine the overall effect of tACS on

temporal prediction both within and between conditions. Additionally, we computed the

same analysis on criterion c to investigate the modulation of participants’ response bias.

Therefore, while DKL provides a general measure of temporal prediction performance

modulation, the sine fit, and parametric alignment-based methods allow an assessment

of systematic modulation patterns that depend on the tACS phase. Statistical signif-

icance of DKL, sine fit amplitude, and MAX-ADJ value differences within conditions

and between the verum and active control condition were examined. Effect sizes for

one-sample and paired samples t-tests were calculated using Cohenś d and Cohen’s dz,

respectively. Since traditional paired-samples t-tests are not sufficient to interpret null

results, we used Bayesian hypothesis testing (de Graaf & Sack, 2018; Kass & Raftery,
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1995). This approach incorporates prior beliefs and the observed data to assess the evi-

dence for or against the null hypothesis. This analysis produces a single value known as

the Bayes Factor (BF 10/BF 01). In essence, it determines which hypothesis aligns better

with the data and to what degree, indicating which hypothesis provides a more accurate

prediction of the observed data. For this analysis the MATLAB package Bayes Factor

was used (Krekelberg, 2022).

2.3.3. Modelling temporal predictions

Oscillator ensemble model

To deepen understanding of neuronal mechanisms for temporal predictions, we developed

a computational model inspired by previous lab work (Maye et al., 2019) but with a new

mathematical approach focusing on temporal dynamics. The model uses Hopf oscillators,

modified by Hebbian learning for frequency tuning (Righetti et al., 2006), to adapt to

periodic inputs.

The Hopf oscillator is composed of an excitatory element x and an inhibitory element y :

ẋ =
(
µ− r2

)
x− ωy + εF ẏ =

(
µ− r2

)
y + ωx,

where r2 = x2 + y2, ω is the intrinsic oscillation frequency, and µ defines the radius of

the limit cycle, i.e., the oscillator’s amplitude. The parameter ε controls how strongly

an external input F affects the intrinsic dynamics of the oscillator. This oscillator can

adjust its frequency to a periodic input signal by means of the following learning rule

(Righetti et al., 2006):

ω̇ = −ε F
y√
r

An ensemble of these adaptive-frequency oscillators (N=100) with random initial condi-

tions learns to decompose a periodic input signal into its various components. Here, a

collective behaviour was expected in which oscillators tune to one of the input compo-
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nents if the frequencies are close but continue their intrinsic dynamics if they are not.

The model can be linked to neurophysiological processes by considering x and y as a

description of the various excitatory-inhibitory circuits that have been found in the vi-

sual cortex (Adini et al., 1997; Donner and Siegel, 2011; Xu et al., 2016). The input

F = sinωsens conceives a motion-induced oscillation that has been described in visual

cortices of cats (Gray and Viana Di Prisco, 1997) and humans (Orekhova et al., 2015).

Modelling tACS

Our model assumes that tACS might modulate the coupling strength of the sensory

input to the excitatory-inhibitory circuits. Formally this modulation can be modelled by

a sinusoidal tACS signal and an additional coupling parameter κ which can be used to

control the modulation depth:

ẋ =
(
− r2

)
x− ωy + (ε+ κ sinωtACS)F

The parameters were set as follows: = 1, ε = 0.1, κ = 0.1, ωtACS = 0.2π, and ωsens =

4π. The initial conditions were randomized in the intervals x, y ∈ [−1, 1] and ωϵ[2π, 6π].

The equations were numerically solved by a 4th order Runge-Kutta method in the interval

t ∈ [0, 100] with dt = 0.01 as the temporal resolution. The input F was switched off for 2

s at the end of the stimulation period to reflect the occlusion of the stimulus during the

prediction period. Over time, oscillators adjust their frequencies to match sensory inputs.

Research indicates stronger ITPC during the time window of occlusion (Daume et al.,

2021). In line with the idea that oscillatory phase encodes the time point of reappearance

through alignment of high excitability phases to the predicted onset of reappearance,

this phase consistency should persist at object reappearance. To test this hypothesis, the

model sampled phase distributions at the stimulus’ reappearance through multiple trials

with randomised initial conditions during a training phase of the model. The average of
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the phases φn across the oscillator ensemble was considered as the ensemble’s phase Φ:

Φ = arg

(
N∑

n=1

eiφn

)

This distribution corresponds to subjectively correct reappearance of the stimulus. In

the test phase, ensemble phases tied to the time windows corresponding to earlier or late

reappearances were sampled. These phases were then compared against the learned phase

distribution for right-on-time reappearances. If most phases exceeded the test phase, the

model indicated that the stimulus reappeared too late and vice versa.

2.4. Results

2.4.1. Phase-specific modulation of unimodal temporal prediction

Averaged across phase lags, participants executed the temporal prediction task better

than chance, but below ceiling X tACS = 70.81%, SEM tACS = 1.34%; XControl =

69.24% , SEMControl = 1.46%; t(26) = 1.89, p = .070, d = 0.363 X tACS =

70.81%, SEM tACS = 1.34%; XControl = 69.24% , SEMControl = 1.46%; t(26) =

1.89, p = .070, d = 0.363). Furthermore, participants showed high sensitivity (d′tACS =

2.038, SEM tACS = 0.252; d′Control = 1.651, SEMControl = 0.207) and a low bias

(ctACS = 0.031, SEM tACS = 0.025; cControl = 0.044, SEMControl = 0.022) in both

conditions. Importantly, mean sensitivity d′ was significantly increased under tACS ver-

sus active control (t(26) = 3.29, p = .003, dz = 0.63). Furthermore, sensitivity d′ was

significantly increased in the unimodal experiment, compared to the crossmodal experi-

ment (t(51) = 2.56, p = .007, d = 0.70). To assess the phasic modulation of temporal

prediction performance by tACS, we quantified the behavioural modulation strength by

three measures (DKL, One Cycle Sine Fit, and MAX-ADJ). The DKL measure shows

that the behavioural performance across phase lags is nonuniformly distributed. The

strength of this modulation was significantly greater during tACS compared to the ac-
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tive control condition (t(26) = 2.829, p = .008, dz = 0.54) (Figure 2.4A). To check

whether behavioural performance systematically fluctuated around the mean along the 2

Hz tACS phase, we fitted sinusoidal waves to the behavioural performance across tACS

phase lags relative to the offset of the visual events. Figure 5A shows the behavioural

data of all 27 participants for both, verum and active control tACS. Comparing the

amplitude values obtained from the most suitable sinusoidal curve for both conditions

revealed a significantly higher modulation strength of discrimination sensitivity in the

tACS condition compared to the active control condition (one-sided paired-samples t-test:

(t(26) = 2.127, p = .021, dz = 0.41) (Figure 2.4B). No significant difference of tACS-

modulation of response bias was evident in the data (t(26) = 0.19, p = .425, dz = 0.036).

Although the observed relation between tACS phase and behavioural performance was

robust, there was significant variability in the optimal phase among participants. Thus,

different participants reached their peak behavioural performance at different tACS phase

lags. In fact, when considering the entire sample (N=27), there was no evidence of a dis-

tinct concentration of behavioural entrainment at a specific phase (Rayleigh test for

nonuniform distribution: ztACS = 1.04, ptACS = 0.36; zControl = 0.44, pControl = 0.65, see

Figure 2.5B). Considering this, tACS phase-dependent modulation of temporal predic-

tion was quantified by a parametric alignment-based method (MAX−ADJ). Temporal

prediction modulation by tACS could be distinguished from zero within condition tACS :

t(26) = 2.011, p = .031, d = 0.13; Control : t(26) = −0.944, p = .822, d = −0.09 as

well as between conditions t(26) = 2.017, p = .027, dz = 0.39 (Figure 2.4B). Importantly,

we observed a phase-specific modulation of sensitivity d´ but not the response bias cri-

terion c tACS : t(26) = −2.028, p = .893, d = −0.65; Control : t(26) = −1.285, p =

.736, d = −0.41; t(26) = −0.70, p = .0757, dz = −0.14. To investigate whether phasic

modulation is mediated by differences in mean performance between conditions, we com-

puted the correlation between the differences in accuracy/sensitivity d’ values and the

differences in the three modulation measures across active control and tACS conditions
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Figure 2.4: Temporal prediction performance modulation quantified via two modulation
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(DKL : r = 0.29, p = 0.133; Sine F it : r = 0.26, p = 0.194;MAX − ADJ : r =

0.15, p = 0.46). The non-significant correlations suggest that the phasic modulation is

not merely driven by the mean differences in sensitivity d′ between conditions.

Together, we observed a significant impact of tACS phase on temporal prediction per-

formance in the unimodal temporal prediction task. These results suggest a substantial

influence of neural low-frequency oscillatory phase on unimodal temporal prediction.

2.4.2. tACS does not phase-specifically modulate crossmodal temporal prediction

For the crossmodal temporal prediction paradigm, we could not find a similar relation-

ship between the tACS and visuo-tactile stimulation. Participants showed no significant

behavioural difference of sensitivity (d′tACS = 1.229, SEM tACS = 0.162; d′Control =
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1.307, SEMControl = 0.148; t(25) = −0.402, p = 0.69, dz = 0.08), response bias

(ctACS = 0.029, SEM tACS = 0.023; cControl = 0.013, SEMControl = 0.026; t(25) =

0.524, p = 0.605, dz = 0.103) or accuracy (X tACS = 67, 28%, SEM tACS = 1.66%;

XControl = 66.88% , SEMControl = 1.65%; t(25) = 0.65, p = .74, d = 0.062) between

conditions. When statistically testing for differences between the two tACS conditions,

we could neither find a significant difference in the analysis of general phasic modulation

(DKL : t(25) = −0.807, p = .427, dz = −0.149), nor could we find a significant effect in

the analysis of sinusoidal modulation of discrimination sensitivity (t(25) = −1.342, p =

.191, dz = −0.26) (Figure 2.4D,E) or response bias (t(25) = 0.47, p = .642, dz = 0.09).

Furthermore, the parametric alignment-based method revealed no phase-specific effect

for sensitivity d′ within tACS : t(25) = −2.005, p = .97, d = −0.68; Control : t(25) =

−1.033, p = .84, d = −0.39 or between conditions t(25) = 0.47, p = .642, dz = 0.09

(Figure 2.4F). Similarly, no effect was found for response bias within tACS : t(25) =

0.532, p = .297, d = 0.171; Control : t(25) = −1.016, p = .84, d = −0.407 and be-

tween conditions t(25) = −1.08, p = .85, dz = −0.212. To assess the evidence for the

null hypothesis and, therefore, allowing an interpretation of the null results, the Bayes

Factor was calculated (DKL : BF 01(25) = 3.76;MAX−ADJ : BF 01(25) = 4.05). This

value indicates that the current data is 3.76 times more likely to be observed if the null

hypothesis was true (i.e., no phasic modulation through tACS compared to the active

control condition), than if the alternative hypothesis is true. According to recommended

guidelines, this provides “moderate” evidence in support of the null hypothesis (BF>3,

but <10). Furthermore, in the analysis of sinusoidal modulation of temporal predic-

tion performance (Sine F it : BF 01(25) = 2.16), the Bayes Factor can be descriptively

interpreted as providing merely anecdotal evidence for the null hypothesis to be true

(BF<3).
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2.4.3. tACS-entrainment in the computational model

Under the influence of the motion-induced oscillatory input to the model, the initially

random phase distribution of the ensemble developed towards a predominant phase of

approximately π at the time point of the actual reappearance of the moving object (Figure

2.6A, top). This shift towards a predominant phase corresponds to the subject-specific

optimal phase in the behavioral data of our experiment. In addition, oscillators with

initial frequencies close to the input frequency also adjusted their frequencies to the input

(Figure 2.6A, bottom). The parameter ε was adjusted to match the overall accuracy of the

model’s temporal prediction accuracy approximately to the results from the behavioral

study. The simulation of different tACS phase offsets relative to the motion-induced

input resulted in the same characteristic sinusoidal modulation of temporal prediction

accuracies like in the participants (Figure 2.6B).

2.5. DISCUSSION

The present studies aimed to investigate the causal role of oscillatory phase in tempo-

ral prediction. We employed an intermittent electrical stimulation design in which we

systematically combined rhythmic electrical with continuous visual or visuo-tactile stim-

ulation. We hypothesized that applying tACS at six different phase lags relative to the

disappearance of a continuously moving visual stimulus would result in a phase-dependent

modulation of temporal prediction performance of the visual stimulus’ reappearance. Our

results confirm that unimodal visual temporal prediction performance was modulated in

a tACS phase-dependent manner, leading to both enhancement and deterioration of

performance. Importantly, our results implicate that tACS phase-specifically influences

the ability to distinguish timing differences rather than introducing a response bias in

a unimodal context. Under the assumption that neural oscillations were entrained by

tACS, our data suggests a functional role of parietal low-frequency neural oscillations for

temporal prediction. The computational model showcases that neural oscillations influ-
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enced by visual motion causes the initially random phase distribution to converge toward

a predominant phase, thereby essentially increasing ITPC. Additionally, incorporating

phase-specific tACS parameters into the model allowed us to show that motion-induced

neural oscillations, in relation to the tACS phase, either preserves or disrupts the phase

alignment induced by tACS and thereby effectively enhances or deteriorates the temporal

prediction accuracy of the model. Our model suggests a stronger coupling between the

sensory input and the oscillator dynamics as a potential entrainment mechanism.

Implications for understanding the neural mechanisms of temporal prediction

tACS offers a distinctive approach to explore and confirm hypotheses on targeted brain

regions, frequency bands and oscillatory phase. Although the sources of oscillatory ac-

tivity may vary by temporal prediction task, the parietal cortex has been implicated in

regulating temporal prediction across various tasks (Adini et al., 1997; Bueti et al., 2010;

Bueti and Walsh, 2009; Cotti et al., 2011; Daume et al., 2021; Davranche et al., 2011;

Gontier et al., 2013; Lewis and Miall, 2006; Mioni et al., 2020; Rao et al., 2001). Hence,

the parietal cortex has been a popular target for non-invasive brain stimulation when in-

vestigating temporal processing (Alexander et al., 2005; Javadi et al., 2014; Mioni et al.,

2020; Rao et al., 2001). In Alexander et al. (2005), the application of low frequency (1 Hz)

repetitive transcranial magnetic stimulation (rTMS) to the parietal cortex led to a deteri-

oration of performance in a temporal judgement task. Studies have revealed a hemispheric

lateralisation for temporal versus spatial orienting in left and right parietal cortices, re-

spectively (Coull and Nobre, 1998). Consistent with these findings, Javadi et al. (2014)

observed that left cathodal transcranial direct current stimulation (tDCS) of the parietal

cortex improved performance in duration judgment, aligning with findings by Rao et al.

(2001) that the parietal cortex is crucial for encoding or maintaining temporal intervals.

Here, we were able to demonstrate the significance of parietal low-frequency oscillatory

phase for visual temporal prediction. Previous research has highlighted the significance
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of neural oscillations in the delta range (0.5-3 Hz) for temporal prediction (Arnal and

Giraud, 2012; Ng et al., 2013). Entrainment through alignment of low-frequency delta

oscillations with external cues is acknowledged as an important and flexible mechanism

for improving sensory processing (Besle et al., 2011; Cravo et al., 2013; Lakatos et al.,

2008, 2009). Moreover, it has been suggested that the functional role of low-frequency

delta oscillations in human anticipatory mechanisms involves the modulation of synchro-

nized rhythmic fluctuations in the excitability of neuronal populations. When additional

top-down resources are employed, this synchronisation through phase reset is enhanced

(Herbst et al., 2022; Stefanics et al., 2010). The phase of low-frequency delta oscillations

has further been linked to accuracy in temporal judgment tasks (Arnal et al., 2015) and

to precise behavioural adjustments made subsequent to temporal errors (Barne et al.,

2017). Here, we extend the findings of Daume et al. (2021) by causally inferring with

tACS that the phase of aligned low frequency delta oscillations to the external stimulus

encodes the onset of upcoming information through alignment of high-excitability phases

of the oscillation with the time window of expected reappearance. This alignment allows

optimal sampling of incoming information, considering top-down expectations regarding

the occurrence and timing of stimuli (Oever et al., 2015). Notably, the temporal struc-

ture (i.e., the velocity of the moving stimulus and the time window of disappearance) in

our experiments has been restricted to the delta frequency range. This aligns with the

frequency range of endogenous brain oscillations expected to be functionally relevant for

temporal prediction (Lakatos et al., 2008). It remains to be explored whether the ob-

served sinusoidal modulations of behavioural performance in the unimodal task can occur

outside of this frequency range. This could be investigated with different velocities of the

fading visual stimulus and different temporal scales of the disappearance window to gain a

comprehensive understanding of how oscillatory frequency and phase influences temporal

prediction. Temporal prediction is not solely reliant on delta phase but involves the inter-

play of other frequency bands, such as the beta band (Daume et al., 2021; de Lange et al.,
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2013; Fujioka et al., 2012; Gulberti et al., 2015). Delta oscillations are thought to provide

a framework for aligning neural excitability with anticipated sensory events, while beta

oscillations refine these predictions and modulate responses to expected stimuli. This

interaction facilitates synchronization with external rhythms, enhancing perceptual and

motor accuracy in tasks like speech parsing and rhythmic activities (Arnal et al., 2015).

Delta phase appears to influence beta bursts, aligning neural excitability with expected

events to ensure precise timing in auditory attention tasks (Morillon and Baillet, 2017).

Overall, delta-beta coupling across sensory and motor systems reflects the coordination

between low-frequency temporal expectations and high-frequency attentional modula-

tion. Specifically, the functional roles of delta phase have been linked to oscillatory

temporal expectations, beta power to temporal attention (Chang et al., 2018). Each

participant reached their peak performance at different phase lags, suggesting individual

differences in the effects of tACS. The heterogeneity could be attributed to varying levels

of neuronal entrainment to the 2 Hz tACS rhythm due to interindividual differences in

intrinsic delta rhythms as well as to variability in anatomical connectivity and cortical

morphology, leading to different neural phase lags (Bauer et al., 2018; Besle et al., 2011;

Henry and Obleser, 2012; Kösem et al., 2014). Furthermore, the variable effects of tACS

may be due to different field orientation and variability in electrical current intensity

concerning the target area. A prospective approach could involve not only considering

individual stimulation location but also optimising individual current intensities to op-

timise tACS efficacy (Radecke et al., 2020). Finally, the application of tACS at a fixed

frequency suggests that entrainment effects might be comparatively weaker and tailoring

the stimulation to the individual frequency may enhance tACS effects (Lorenz et al.,

2019).

Comparison of unimodal visual and crossmodal visuo-tactile temporal pre-

diction
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The crossmodal experiment revealed no significant impact of tACS on temporal pre-

diction. Our Bayesian analysis provided weak to moderate support for this null effect,

suggesting that our non-significant findings, in fact, might be merely coincidental (Ron-

coni et al., 2022). Crossmodal sensory integration for shaping temporal predictions may

have increased task difficulty, resulting in a greater variability in performance and thereby

potentially diminishing small tACS effects, as indicated by significantly higher sensitivity

indices d′ in the unimodal experiment. It was shown that assessing the duration of empty

time intervals between different sensory modalities is harder than within the same modal-

ity, leading to decreased performance. This diminished performance was attributed to a

suggested attentional bias induced by the cognitive load and the requirement to switch

between modalities (Gontier et al., 2013). Moreover, the electrical field of the tACS mon-

tage, although slightly adjusted, did not differ significantly between the crossmodal and

unimodal experiment. However, the crossmodal experiment is likely to involve at least

partially different cortical areas and, thus, more specific optimization might be required

to achieve phase-specific effects in the crossmodal experiment. For example, in addition

to the parietal cortex, frontal cortices have been shown to play a functional role in manag-

ing fixed versus evolving temporal probabilities, emphasizing the dynamic contributions

of frontal areas in updating predictions (Coull et al., 2016). Another study supports the

notion that crossmodal temporal prediction engages a distributed network with bilateral

fronto-parietal activation (Binder, 2015). Furthermore, crossmodal temporal prediction

might also involve frequency bands beyond the scope of our study. Several studies noted

that building temporal predictions of upcoming events can be attributed to alpha-band

desynchronisation and/or beta-band modulation (Arnal and Giraud, 2012; Daume et al.,

2021; van Ede et al., 2011). Desynchronisation of the respective frequency-band activity

in these studies was suggested to serve as an active inhibitory mechanism that gates

sensory information processing as a function of cognitive relevance. Furthermore, cross-

modal integration, particularly in the context of temporal prediction of moving visual
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objects, has been shown to depend on theta oscillations (Ronconi et al., 2023). This

shows that the task demands, and multisensory integration scenarios might determine

the involvement of certain frequency bands. Therefore, the current study design cannot

discern whether the noted disparities between the results of the unimodal and crossmodal

experiment originate from variations in how oscillatory activity affects temporal predic-

tion across different sensory modalities or are a result of discrepancies inherent in the

two experimental designs. Future research on crossmodal entrainments may shed light

on the underlying mechanisms by incorporating both unimodal and crossmodal tempo-

ral prediction tasks within a single study and by recording neurophysiological data to

address the issue of neural efficacy (de Graaf and Sack, 2018).

2.6. CONCLUSION

In the present experiments, we used tACS over bilateral parietal cortex to examine the

causal relevance of delta oscillations for temporal prediction. In the unimodal task, we

found a significant behavioural modulation of prediction accuracy in line with a phasic

modulation of prediction-related neural activity. These behavioural results were repli-

cated in a computational model which suggests that phase alignment sinusoidally fluctu-

ates under the influence of phase-specific tACS. Accordingly, predictions about relevant

future events can be implemented by phase adjustments to enhance sensory processing

at the predicted time, leading to effective ‘gating’ of sensory inputs. The notion of a

simple, generic mechanism of parietal delta phase for temporal prediction is challenged

by our results from the crossmodal study in which phasic behavioural modulation by

tACS was absent. We propose that future experiments should address this disparity

in findings by exploring possible effects of task difficulty and oscillatory frequency on

temporal prediction.
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2.7. SUPPLEMENTARY MATERIAL

Supplementary Figure 2.7.1. Stimulation electrode montages of unimodal and cross-
modal experiments. (A, left) In the unimodal experiment, stimulation electrodes (de-
picted as grey and blue circles) were arranged using a 64-channel equidistant layout, with
additional electrodes placed equidistantly between existing ones. The electrode montage
is presented here in relation to the 10-10 system. (A, right) Stimulation electrode ar-
rangement for the crossmodal experiment referenced to the standard 10-10 system. (B)
MNI coordinates of stimulation electrodes for the unimodal and crossmodal experiment.
E1-E4 correspond to the left hemisphere and E5-E8 correspond to the right hemisphere.
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Supplementary Figure 2.7.2. Electrical field simulations of unimodal and crossmodal
experiment as well as their difference. The electrical field was generated by two in-phase
2x2-montages with a peak-to-peak current of 2mA. Note the difference in the scales of
the e-field strengths of 0.3V/m for the uni- and crossmodal experiments and 0.05V/m
for their condition difference.

Supplementary Figure 2.7.3. Unimodal experiment (red: tACS, grey: Control). (A)
Somatosensory artefacts of active tACS and active control condition, with no significant
difference observed between conditions. Around 90% or more of the participant reported
no cutaneous sensations. (B) Low correlation between cutaneous sensations and perfor-
mance, further supporting the notion that tactile sensations did not significantly impact
performance.
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Supplementary Figure 2.7.4. Crossmodal experiment (green: tACS, grey: Control).
(A) Somatosensory artefacts of active stimulation and active control condition. No sig-
nificant difference between conditions. Around 90% or more of the participant reported
no cutaneous sensations. (B) Low correlation of cutaneous sensations and performance
suggest no influence of tactile sensations on performance.
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3.1. ABSTRACT
BACKGROUND
Accurate temporal prediction is essential for adaptive behavior and relies on coordinated
neural activity within cortico-basal ganglia circuits. PD, with the main hallmark of
dopaminergic depletion and abnormal neural synchrony, impairs this ability. Deep brain
stimulation DBS of the STN is a widely used treatment for reducing motor symptoms in
PD, but its effects on temporal prediction remain not fully understood.

OBJECTIVES
This study aimed to investigate how STN-DBS influences temporal prediction perfor-
mance and its underlying oscillatory dynamics in PD patients, with a particular focus
on beta-band power and delta-band ITPC.

METHODS
13 PD patients (5 female, age: 64 ± 5.7 years; disease duration: 11.8 ± 1.8 years) with
STN-DBS performed a temporal prediction task with (DBS ON) and without (DBS OFF)
stimulation, while 64-channel-EEG was recorded. 20 age-matched healthy controls com-
pleted the same task. Behavioral performance was assessed using psychometric function
slopes. Time-frequency analyses and source-level EEG measures examined beta power
and delta ITPC.

RESULTS
PD patients showed impaired temporal prediction performance compared to controls,
reflected in shallower psychometric slopes. DBS significantly improved performance to
a level comparable to those of controls. EEG revealed reduced beta suppression in PD
patients during DBS OFF, while beta suppression in DBS ON was comparable to controls.
Both DBS OFF and ON exhibited reduced delta ITPC compared to controls. In DBS
ON, source-level delta ITPC was positively correlated with temporal prediction accuracy.

CONCLUSION
STN-DBS improves temporal prediction performance in PD, likely through modulation
of beta and delta oscillatory activity. While beta power suppression is partially restored,
deficits in delta phase alignment persist, suggesting frequency-specific DBS effects on
temporal prediction processes.

KEYWORDS

Parkinson’s disease, Deep brain stimulation, Cognitive symptoms, Temporal

prediction
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3.2. INTRODUCTION

Accurate perception and prediction of time are fundamental for adaptive behavior, en-

abling humans to anticipate and respond to events in their environment. This ability

involves estimating durations in the seconds-to-minutes (Coull and Nobre, 1998; Meck,

1996) and sub-seconds range (Smith et al., 2007) and is central to cognitive and mo-

tor processes. A key neural substrate underlying interval timing is the basal ganglia,

a complex network of structures involved in motor, cognitive, and associative func-

tions. Parkinson’s disease (PD), a neurodegenerative disorder characterized primarily

by the progressive loss of dopaminergic neurons in the substantia nigra pars compacta,

frequently disrupts these functions (Brown, 2003; Oswal et al., 2013). The resulting

dopamine deficiency slows the pace of the internal clock, leading to impairments in time

perception and interval timing tasks (Meck, 1996; Rammsayer and Classen, 1997; Perbal

et al., 2005). Dopaminergic medication has been shown to ameliorate these deficits by

modulating the internal clock and enhancing attentional control of temporal information

(Jones et al., 2008). However, despite medication, timing performance in PD remains

heterogeneous, suggesting the involvement of additional neural mechanisms (Merchant

et al., 2008). Next to standard dopaminergic medication, deep brain stimulation (DBS)

of the subthalamic nucleus (STN) is an established treatment for PD, primarily used to

alleviate motor symptoms by reducing excessive beta synchronization within the cortico-

basal ganglia loops (Oswal et al., 2013). Beyond motor improvements, DBS has been

shown to have heterogeneous effects on non-motor functions, including executive pro-

cesses, working memory, and cognitive flexibility (Jahanshahi et al., 2000; Witt et al.,

2004; Gülke et al., 2022; Yamanaka et al., 2012). Specifically, DBS appears to mitigate

PD-associated impairments in time interval memory retrieval (Wojtecki et al., 2011). By

modulating STN activity, DBS provides a unique opportunity to investigate the contri-

bution of the basal ganglia in temporal prediction. In this study, we sought to examine
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how anticipatory neural dynamics associated with temporal prediction are influenced by

DBS in PD. Using electroencephalography (EEG) and a well-established temporal pre-

diction task (Burke et al., 2025b; Daume et al., 2021), we compared oscillatory markers

of anticipation in PD patients in one session with bilateral therapeutic STN-DBS turned

on (DBS ON), and in another session with the device switched off (DBS OFF) to those in

healthy age-matched controls. Our findings aim to bridge gaps in understanding the role

of the basal ganglia in temporal processing and extend previous work on the cognitive

effects of DBS (Jahanshahi et al., 2000; Pillon et al., 2000). We expected that individ-

uals with PD would show impairments in temporal prediction relative to age-matched

healthy controls, reflected in greater variability in their timing judgments. This deficit

was expected to appear as a shallower slope in psychometric function. Additionally, we

hypothesized that these behavioral differences between patients and healthy controls can

be linked to altered beta-band modulation, in line with previous findings (Gulberti et al.,

2015, 2024), as well as reduced phase consistency of delta oscillations in the parietal and

frontal cortices following stimulus offset. We further presumed that DBS might influence

temporal judgments in PD patients, resulting in systematic changes in the psychometric

function, either by shifting the perceived timing or by modifying the slope.

3.3. MATERIALS AND METHODS

3.3.1. Participants

13 patients (5 female, mean age: 64 ± 5.7 years) with a diagnosis of advanced idiopathic

PD (mean disease duration: 11.8 ± 1.8 years) and 20 healthy age-matched controls (13 fe-

male, mean age: 60.3 ± 3.9 years) took part in the study. The experiment was conducted

in accordance with the Declaration of Helsinki and approved by the ethics committee of

the Hamburg Medical Association. All participants gave written informed consent and

received monetary compensation. Handedness was assessed using the short version of

the Edinburgh Handedness Inventory (Oldfield, 1971). All participants reported normal
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or corrected-to-normal vision and no history of psychiatric diseases. Participants were

excluded if they showed indications of dementia based on a global dementia screening

battery (Mini-Mental State Exam score <25) or psychiatric diseases (per DSM-IV) or

neurological conditions other than PD or were receiving medication for depression. PD

patients underwent therapeutical bilateral implantation of DBS electrodes in the STN

prior to the experiment (months since surgery: 23.1 ± 15.4) and their levodopa-equivalent

daily dose (LEDD, conversion factors as described by Jost et al. (2023)) was 786.6 ± 547.4

mg at the time of participation (see Table 3.1). To demonstrate patients’ disease progres-

sion and severity, we derived the motor-subscore (III) of the -Unified Parkinson’s Disease

Rating Scale (UPDRS) (Goetz et al., 2008) and the Hoehn & Yahr scale (H&Y) (Hoehn

and Yahr, 1967) from patients’ medical history. Controls reported no history of neurolog-

ical or psychiatric disorders. Both patients (for both sessions in DBS OFF and ON) and

controls completed the Trail Making Test A and B (Reitan, 1956), as well as the digital

version of Berg’s Card Sorting Test (Grant and Berg, 1948), to assess their executive

functions, specifically cognitive flexibility and logical reasoning. Patients and controls

were excluded if they could not perform these tests. Since our focus in the present study

was on effects of STN-DBS on temporal prediction, all patients were on their regular

medication for all recordings. This also ensured patients’ physical comfort during the

measurement. While the present manuscript focuses on the comparison between PD

patients and age-matched healthy controls, the control data will also be included in a

separate publication examining age-related differences between younger and older adults.
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Pre-op UPDRS Post-op UPDRS
Case

Gender

Age

Disease

duration

(years)

Pre-

op

H&Y

Pre-op

medication

(LEDD)

DOPA-

OFF

DOPA-

ON

DBS

device

DBS parameters for:

Left electrode (1. row)

Right electrode (2. row)

Post-

op

H&Y

Post-op

medication

(LEDD)

DOPA-

OFF

DBS-ON

DOPA-

ON

DBS-ON

1, M,

72

5 2 300mg 21 12 ME 130Hz, 1-, 2.0V, 60µs

130Hz, 9-, 2.0V,60 µs

2 100mg 26 20

2, M,

65

12 2 1646mg 42 11 ME 130Hz, 1-, 2-, 6.0V, 60µs

130Hz, 9-, 5.5V, 60µs

2 713mg 19 13

3, F, 59 12 3 1413mg 29 13 BS 130Hz, 2-, 1.5V, 60µs

130Hz, 2-, 1.7V, 60µs

1 963mg 6 5

4, F, 63 11 2 1449mg 21 13 ME 140Hz, 1-, 7.5V, 60µs

140Hz, 9-, 6.6V, 60µs

2 255mg 15 10

5, M,

60

10 2 1875mg 23 17 BS 130Hz, 2-, 1.1V, 60µs

130Hz, 2-, 2.0V, 60µs

2 630mg 12 11

6, M,

72

15 2 1150mg 41 17 BS 130Hz, 1-, 4.3V, 60µs

130Hz, 1-, 5.7V, 60µs

2 1253mg 33 12

7, M,

58

11 2 924mg 18 9 BS 130Hz, 2-, 1.8V, 60µs

130Hz, 2-, 1.4V, 60µs

1 1862mg 15 7

8, F, 58 10 2.5 1121mg 24 9 BS 128Hz, 1-,2-, 6.7V, 60µs

128Hz, 2-, 1.4V, 60µs

2 350mg 16 12

9, M,

66

11 1 1442mg 24 14 BS 130Hz, 2-, 4.8V, 80µs

135Hz, 2-, 4.5V, 80µs

2 1692mg 17 9

10, F,

71

13 2 1325mg 35 11 BS 130Hz, 3-, 2.5V, 60µs

130Hz, 2-, 2.3V, 60µs

0 507mg 25 9

11, M,

70

15 2.5 1181mg 22 17 BS 130Hz, 3-, 2.0V, 60µs

130Hz, 3-, 2.3V, 60µs

2 971mg 20 11

12, F,

63

10 3 1000mg 46 12 BS 130Hz, 3-, 4.0V, 60µs

130Hz, 2-,4-, 1.7V, 60µs

2 405mg 34 19

13, M,

59

12 3 1782mg 31 11 ME 125Hz, 1-, 5.4V, 60µs

125Hz, 9-, 3.9V, 60µs

2 525mg 9 5
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Pre-op UPDRS Post-op UPDRS
Case

Gender

Age

Disease

duration

(years)

Pre-

op

H&Y

Pre-op

medication

(LEDD)

DOPA-

OFF

DOPA-

ON

DBS

device

DBS parameters for:

Left electrode (1. row)

Right electrode (2. row)

Post-

op

H&Y

Post-op

medication

(LEDD)

DOPA-

OFF

DBS-ON

DOPA-

ON

DBS-ON

Table 3.1: Clinical and demographic characteristics of PD patients. In column “DBS parameters” values reported
are: stimulation frequency in Hz, active contacts, impulse amplitude in volts and impulse width in µs for the left and
right electrode, respectively. For the left Medtronic (ME) electrode, contact 0 was the most ventral and contact 3
was the most dorsal. For the right ME electrode, contact 8 was the most ventral and contact 11 was the most dorsal.
For the left Boston Scientific (BS) electrode, contact 1 was the most ventral and contact 8 was the most dorsal.
For the right BS electrode, contact 9 was the most ventral and contact 16 was the most dorsal. Abbreviations:
H&Y = Hoehn & Yahr scale. Op = operation for DBS electrodes implantation. UPDRS-III = Unified Parkinson’s
Disease Rating Scale of the Movement Disorder Society, motor-subscore (part III). LEDD = levodopa equivalent
daily doses.
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3.3.2. Experimental Paradigm

The study was conducted in two sessions (two different recording days within one week),

maintaining consistent timing of the day and response mapping. In each session, partic-

ipants performed the neuropsychological tests followed by the temporal prediction task

(see Figure 1A; for details on experimental parameters see Daume et al. (2021) and Burke

et al. (2025b). Participants were seated in a dimly lit chamber that was both electrically

shielded, and sound attenuated. Visual stimuli were presented on a matte LCD screen

(1920 × 1080 px, 120 Hz refresh rate). Throughout the experiment, participants were

asked to fixate a red fixation dot surrounded by a white noise occluder. Each trial be-

gan with a fixation period lasting 1500 ms. Following this, a white ellipse appeared in

the left periphery of the screen and moved towards the occluder at a constant velocity.

The starting position of the ellipse varied, resulting in movement intervals lasting be-

tween 1000 and 1500 ms. After a delay t, it reemerged on the right side and continued

moving for 500 ms. Reappearance times varied randomly by ∆t (±34 to ±934 ms, in

100 ms steps), relative to the objectively correct 1500 ms interval. Participants judged

whether the reappearance was too early or too late via right-hand button press, based on

motion perception. Response-button mapping was counterbalanced across participants

and recorded using a BlackBoxToolKit USB Response Pad (Black Box ToolKit Ltd).

Controls performed the task in two sessions, interleaved with a more difficult condition

(data from both conditions will be reported in a separate publication). Each condition

was conducted in blocks of 60 trials, with 8 blocks (4 per condition) presented per ses-

sion. This setup resulted in 480 trials per session per condition, totaling 960 trials across

both sessions. The order of conditions was pseudo-randomized across participants and

sessions, ensuring that both conditions were equally presented within each session. PD

patients performed the task as described above in one session with bilateral therapeutic

stimulation switched off (DBS OFF) or with their stimulation turned on (DBS ON). EEG

recordings commenced no earlier than 60 minutes after the DBS device was turned off.
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Figure 3.1: (A) Experimental design of the temporal prediction task is shown. In the
beginning of each trial, a white ellipse appeared on the screen and moved towards the
occluder before disappearing. After 1500 ms ± 34 to ± 934 ms the stimulus reappeared.
Participants had to decide whether the stimulus reappeared too early or too late by
responding with a keypress. (B) Reaction times, as well as accuracy values for all timing
differences are presented as mean and shaded regions represent the standard error of the
mean (SEM).

Each session contained 480 trials. At the end of each block, all participants received feed-

back on their performance using an average accuracy score. The start of each block was

self-paced, allowing participants to decide when to proceed. Additionally, each session

began with 30 practice trials to help participants familiarize themselves with the task. To

further minimize the impact of background noise, participants wore earplugs. Stimulus

presentation was carried out using MATLAB R2016b (MathWorks, Natick, USA; RRID:

SCR_001622) in combination with the Psychophysics Toolbox (RRID: SCR_002881)

(Brainard, 1997), running on a Windows 10 operating system.
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3.3.3. Data acquisition and pre-processing

EEG activity was recorded using a 64-channel actiCAP snap electrode system (Brain

Products GmbH, Gilching, Germany) with active Ag/AgCl electrodes embedded in an

elastic cap. Each electrode was equipped with an integrated impedance converter to

minimize noise from the environment and movement artifacts, which was particularly

crucial for recordings in PD patients experiencing resting tremor. The data was digi-

tized at a sampling rate of 1000 Hz using BrainAmp amplifiers (Brain Products GmbH,

Gilching, Germany). Analysis was performed using MATLAB R2019b (The MathWorks

Inc., 2019) and two open-source toolboxes: EEGLAB (Delorme and Makeig, 2004)

(RRID:SCR_007292) and FieldTrip (Oostenveld et al., 2011) (RRID:SCR_004849), as

well as the MEG and EEG Toolbox Hamburg (METH, Guido Nolte; RRID:SCR_016104)

or custom-made scripts.

3.3.4. EEG preprocessing/artefact removal

Initially, EEGLAB was used to extract data from the experimental blocks. Each of these

blocks was filtered with a high-pass filter at 0.5 Hz to reduce slow drifts, a low-pass filter

at 95 Hz to eliminate high-frequency DBS artefacts and a band-stop filter at 49.5-50.5

Hz for line noise removal. Additionally, the DBSFilt toolbox was employed to remove

artefacts in the harmonics and subharmonics of the stimulation frequency. All blocks

from each session were subsequently merged. The merged data were segmented into

epochs of variable lengths using FieldTrip. Each trial was cut from 1240 ms before the

stimulus movement onset to 1240 ms after the offset of the reappeared stimulus, resulting

in trial durations ranging between 4546 ms and 6914 ms. To remove artifacts from eye

movements, muscle activity, and cardiac signals, an ICA was performed using the infomax

algorithm. Components were identified and rejected based on their time course, variance,

power spectrum, and topography through visual inspection. On average, 19 ± 3 out of

64 components were removed per participant per session. After ICA, all trials were
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visually inspected, and those containing residual artifacts not detected in earlier steps

were excluded. On average, 470 ± 5 trials per session remained after preprocessing, out

of a total of 480 trials.

3.3.5. Quantification and statistical analysis

Our primary focus for statistical analyses was to compare data from patients across DBS

OFF and DBS ON conditions, as well as to contrast patient data with control group

data. To examine differences between DBS OFF and DBS ON conditions within patients,

we conducted paired-samples t-tests. For comparisons between the patient and control

group, we utilized independent-samples t-tests. We accounted for multiple comparisons

by adjusting the alpha level (α=0.025).

3.3.6. Behavioral data analysis

Participants were not provided with feedback regarding the correctness of their responses.

As a result, they made judgments based on their subjective interpretation of what consti-

tuted a "correct" reappearance timing. To determine these individual points of subjective

equality (PSE), we fitted a psychometric curve to the behavioral data of each participant

across all trials in each condition. For each timing difference, we first calculated the

proportion of too late responses for each participant. A binomial logistic regression (psy-

chometric curve) was then fitted to the data using the glmfit.m and glmval.m functions in

MATLAB. The timing difference corresponding to a 50% too late response rate was iden-

tified as the PSE for each participant. To evaluate whether there was a significant bias

in the PSE values, we compared them to zero using one-sample t-tests. The steepness of

the psychometric function was quantified as the reciprocal of the difference between the

timing differences at 75% and 25% too late response rates, providing a measure of the

slope of the curve.
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3.3.7. EEG analysis

We decomposed EEG recordings into time-frequency representations using complex Mor-

let wavelets (Cohen, 2014). Each trial and channel were convolved with 40 wavelets log-

arithmically spaced between 0.5-100 Hz, with cycles increasing logarithmically from 2 to

10. Only trials labeled as correct based on individual PSEs (see 2.6) were analyzed. Af-

ter the wavelet convolution, we estimated spectral power modulations by dividing trials

into four overlapping windows: baseline (-550 to -50 ms), movement (-50 to 950 ms),

disappearance (-350 to 950 ms), and reappearance (-350 to 450 ms), all aligned relative

to their respective events. Spectral power estimates were averaged across trials, binned

into 100 ms intervals, and normalized using a pre-stimulus baseline (-500 to -200 ms prior

to movement onset). Grand averages across channels were tested against baseline using

paired-sample t-tests with cluster-based permutation statistics for multiple comparison

correction (cluster-α=0.05, 1000 randomizations). For source-space analysis, leadfields

were computed using a single-shell volume conductor model (Nolte, 2003) aligned to a

Montreal Neurological Institute (MNI) template with a 5003-voxel grid. Cross-spectral

density (CSD) matrices were derived from wavelet-convolved data in 100 ms steps and

used to compute common adaptive linear spatial filters (DICS beamformer; (Gross et al.,

2001). Normalized source power was analyzed using cluster-based permutation tests to

identify significant power differences between groups (two-sample t-tests: DBS OFF vs.

Controls and DBS ON vs. Controls) and within conditions (paired-sample t-tests: DBS

OFF vs. DBS ON). To quantify phase alignment, we computed ITPC from wavelet-

convolved complex time-frequency data by extracting phase angles per trial and time

point (using MATLAB-function angle.m). ITPC values (ranging from 0 to 1) were cal-

culated for all subjectively correct trials and averaged in 100 ms bins across the four time

windows (see above). Statistical comparisons between the movement, disappearance, and

reappearance windows and a pre-stimulus baseline were conducted using cluster-based

permutation tests for each condition and group. For source level analyses, we used the
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same procedure applied to spectral power (see above) and extracted ITPC estimates for

each voxel. Our analyses focused on group and condition differences in the disappearance

window, specifically in the delta-band (0.5-4 Hz). In all statistical comparisions, we used

cluster-based permutation tests to identify significant ITPC differences between groups

(independent-sample t-tests: DBS OFF vs. Controls and DBS ON vs. Controls) and

within conditions (paired-sample t-tests: DBS OFF vs. DBS ON). Finally, Pearson cor-

relations between delta ITPC and the slope of the psychometric function were computed,

again, correcting for multiple comparisons through cluster-based permutation statistics.

3.4. RESULTS

3.4.1. DBS improved temporal prediction performance

To assess the effects of DBS on temporal prediction performance, we compared the slopes

of the psychometric functions between and within groups. Significant differences were

observed between conditions of DBS OFF and DBS ON (t(12)=-1.68, p=.007, Cohen’s

d=-1.7 ), as well as between DBS OFF and Controls (t(32)=-5.04, p<.001, Cohen’s d=-

1.79 ), but not between DBS ON and Controls (t(32)=-1.68, p=.10, Cohen’s d=-0.60 )

(Figure 2). This suggests that DBS ON improved performance in the temporal prediction

task compared to DBS OFF, while performance in DBS ON was comparable to controls.

3.4.2. DBS restored cortical beta suppression during temporal prediction

The effects of DBS on task performance were associated with specific cortical activity

modulation as measured by EEG. Based on previous findings (Daume et al., 2021; Gul-

berti et al., 2015), indicating the relevance of beta-band activity in temporal prediction,

we were mostly interested in the beta frequency range after stimulus disappearance, i.e.,

the onset of the temporal prediction process. In controls, we observed suppression of

cortical beta activity during temporal prediction compared to baseline (Figure 3.3A).

In PD patients, this beta-band suppression was generally less pronounced in both DBS
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Figure 3.2: Behavioral results of the temporal prediction task. (A) Fitted psychometric
curves of patients in the DBS OFF (red) and DBS ON (green) condition and healthy
controls (grey). The timing difference of 0 refers to the objectively correct reappearance of
the stimulus after 1500 ms. Colored areas depict standard errors of the mean (SEM) (B)
Distribution of slope differences of psychometric functions between conditions and groups
are shown as individual data points, boxplots and distributions. *p < .05, **p<.01,
***p<.001; n.s., non-significant.
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OFF and DBS ON conditions compared to controls. When observing oscillatory activity

changes across DBS conditions in patients, beta power appeared to be stronger dur-

ing DBS OFF than during DBS ON. This observation was supported by the results of

cluster-based permutation statistics, which revealed significant clusters of voxels across

bilateral medial prefrontal areas and the left temporal cortex (cluster-p=.019; Figure

3.3B). Notably, the present analysis reveals a significant decrease in beta power within

the medial frontal and left temporal regions in patients with PD during the DBS OFF

condition when compared to controls. However, no significant differences in beta power

were observed between the DBS ON condition and the controls.

3.4.3. Delta ITPC was stronger in controls compared to DBS OFF or ON

For the ITPC analysis, a similar approach to the one above was used. First, we examined

ITPC differences relative to baseline within three different time windows by averaging

across all sensors, using cluster-based permutation statistics. The results showed a sig-

nificant increase in ITPC across various frequency ranges in time bins corresponding to

movement onset, occlusion, and stimulus reappearance, respectively (all cluster-p <0.001;

Figure 3.4A). The most pronounced ITPC increases for the time window centered around

stimulus disappearance, i.e., the time window relevant for the temporal prediction pro-

cess, were found in the delta range in patients as well as controls. Therefore, our group

comparisons were focused on frequencies between 0.5 and 4 Hz in a time window of -200

to 900 ms around stimulus disappearance. When comparing delta ITPC of patients with

DBS OFF or DBS ON to controls, we identified negative clusters of sensors located in

frontal and occipital regions showing significant differences (all cluster-p<.001; Figure

3.4B). At source level, analysis of the -200 to 900ms time window revealed the strongest

ITPC differences between patients (either DBS OFF or DBS ON condition) and controls

in voxels spanning across the occipital, temporal, parietal and right frontal lobes (all

cluster-p<0.01; Figure 3.4C). No significant difference of delta ITPC was found for the

comparison of patients with DBS OFF vs. DBS ON condition.
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Figure 3.3: Spectral power modulations across conditions and groups. (A) Spectral power
estimates compared to baseline. The panels show time-frequency plots of spectral power,
averaged across sensors and participants. Each window is centered on their respective
event within the paradigm and normalized to the pre-stimulus baseline. Time 0 s marks
the onset of each event. Cluster-based permutation statistics revealed significant power
modulations relative to baseline (indicated by regions enclosed with continuous lines).
(B) Source-level comparison of beta power between DBS ON and DBS OFF conditions
during the disappearance window (-0.2 to 0.6 s). Left: Surface plots of spectral beta
power differences. Clusters of voxels with significant differences are highlighted in color.
Right: Distribution of z-scored beta power averaged across voxels showing significant
differences between conditions for the time window of disappearance. (C) Left: Source
level data of beta power differences between Control and DBS OFF for the time win-
dow of disappearance (-0.2s to 0.6 s). Clusters of voxels with significant differences are
highlighted in color. Right: Distribution of z-scored beta power averaged across voxels
showing significant differences between groups for the time window of disappearance.
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Figure 3.4: ITPC during temporal prediction in patients and controls. (A) The panels
show time-frequency plots of ITPC, averaged across sensors, and participants. Each
window is centered on different events within the experiment. Time 0 s marks the onset of
each event. Cluster-based permutation statistics revealed significant ITPC modulations
relative to baseline (indicated by regions enclosed with continuous lines). (B) Source level
data of differences between Control and DBS OFF within the delta-band (0.5-4 Hz) for
the time window of disappearance (-0.2 s to 0.9 s). Left: Surface plots of ITPC differences.
Clusters of voxels showing significant differences between groups are highlighted in color.
Right: Distribution of z-scored delta ITPC averaged across voxels showing significant
differences between groups for the time window of disappearance. (C) Left: Source level
comparison of ITPC data of Control and DBS ON within the delta-band (0.5-4 Hz) for
the time window of disappearance (-0.2 s to 0.9 s). Clusters of voxels showing significant
differences between groups are highlighted in color. Right: Distribution of z-scored delta
ITPC averaged across voxels showing significant differences between groups for the time
window of disappearance.
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Figure 3.5: Relationship of delta ITPC and behavior. (A) Correlation of individual delta
ITPC and the slope of the psychometric function within all voxels. ITPC was averaged
across the delta-band (0.5-4 Hz) and time windows of -0.2 to 0.9 s around the disappear-
ance of the stimulus. Only the clusters of voxels with significant correlations are colored.
(B) Significant correlation of individual delta ITPC and steepness of the psychometric
function (r=0.75, p=.003). Each dot of the scatter plot represents one participant. ITPC
was averaged across all voxels within the clusters of significant correlations.

3.4.4. Delta ITPC in patients with DBS ON was correlated with performance

To investigate whether the phase alignment of neural oscillations was associated with

temporal predictions in patients and controls, we computed Pearson correlations of source

level delta ITPC with the steepness of the psychometric function. We found a significantly

positive correlation only in patients in the DBS ON condition (cluster-p=.012; Figure

3.5B). Strongest correlations were found in the cerebellum and occipital as well as parietal

areas (Figure 3.5A). No significant correlation was found for either patients in the DBS

OFF condition or controls.

3.5. DISCUSSION

The present study provides novel insights for the modulatory effects of DBS on temporal

prediction in PD, offering a new perspective on how basal ganglia dysfunction impacts

anticipatory cognitive processes. Consistent with our hypothesis and previous studies,
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PD patients showed impairments in temporal prediction relative to controls, as indicated

by a shallower psychometric slope. Importantly, DBS improved performance to levels

comparable to controls in the DBS ON condition. Beta suppression was less pronounced

in PD patients in the DBS OFF compared to DBS ON condition and comparable between

DBS ON condition and controls. In contrast, delta ITPC, was reduced in both DBS ON

and OFF conditions compared to controls. For the DBS ON condition, source-level

delta ITPC was positively correlated with temporal prediction accuracy. Our findings

underscore that the basal ganglia play a significant role in interval timing and highlight

that DBS is able to modulate higher-order cognitive functions.

DBS and temporal prediction performance

Our behavioral results align with earlier studies showing that PD patients exhibit in-

creased variability in timing judgments due to a slowing or disruption of the internal

clock mechanism (Jones et al., 2008; Meck, 1996; Merchant et al., 2008). These im-

pairments have been linked to dopamine depletion in the basal ganglia, particularly the

nigrostriatal pathway, which plays a central role in interval timing and temporal process-

ing (Buhusi and Meck, 2005; Coull et al., 2011). Within this framework, the basal ganglia

are thought to modulate temporal prediction by integrating sensory and motor informa-

tion across time, a process that becomes dysfunctional in PD. The restoration of temporal

prediction performance in the DBS ON condition of our study suggests that STN stimu-

lation may partially compensate for disrupted timing mechanisms. This effect may arise

through the modulation of pathological oscillatory activity and partial normalization of

dopaminergic transmission within the cortex-basal ganglia loop (Paulo et al., 2023). The

observed behavioral improvement of temporal prediction in our study is consistent with

prior findings from studies showing that STN-DBS can enhance time perception and

time reproduction tasks (Koch et al., 2004; Wojtecki et al., 2011). Notably, our results

extend these findings by demonstrating that DBS improves not only retrospective time
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estimation but also predictive timing, which is crucial for anticipating and responding

to future events. Predictive timing is essential for a wide range of adaptive behaviors,

including speech processing, motor coordination, and action planning (Arnal and Gi-

raud, 2012; Coull et al., 2008). Its disruption in PD may contribute not only to motor

symptoms like bradykinesia but also to non-motor deficits in attention, working memory,

and executive control (Allman and Meck, 2012; Buhusi and Meck, 2009). By showing

that DBS improves predictive timing, our findings suggest that the therapeutic effects

of STN-DBS extend into the cognitive domain, potentially by enhancing the temporal

structure of cortical processing. This has important implications for understanding the

full spectrum of DBS benefits and for refining stimulation protocols aimed at cognitive

enhancement in PD (Herz et al., 2018; Witt et al., 2004).

Beta oscillations and the role of the basal ganglia

Beta oscillations have been widely associated with sensorimotor processing, typically

emerging during postural stability and diminishing during active states such as movement

preparation and execution (Barone and Rossiter, 2021; Kilavik et al., 2013; Pfurtscheller

et al., 2003). Furthermore, previous research has linked beta suppression to cognitive

flexibility and motor readiness (Engel and Fries, 2010). Consistent with this notion and

in line with prior work (Daume et al., 2021), we observed pronounced beta power suppres-

sion in both healthy controls and patients during the temporal prediction task. However,

this suppression was significantly less pronounced in patients during the DBS OFF con-

dition, particularly in medial prefrontal and left temporal regions, compared to both

patients during the DBS ON condition and healthy control participants. The reduced

beta suppression in the DBS OFF condition in our study may reflect the characteristic

change in cortical dynamics in PD, where excessive beta activity is associated with im-

paired movement initiation and reduced cognitive adaptability (Brown, 2003). This is

in line with research by Paulo et al. (2023) which highlights that cognitive impairments
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in PD are associated with altered beta oscillatory activity in cortex-basal ganglia cir-

cuits, specifically involving the dorsolateral prefrontal cortex and caudate nucleus. In

their study, reduced beta suppression during a working memory task was associated

with poorer cognitive performance in PD, suggesting a mechanistic link between beta

desynchronization and cognitive function. These findings underscore the role of beta

oscillations not only in motor control but also in cognitive processes, including temporal

prediction. In the DBS ON condition, patients exhibited levels of beta power suppression

comparable to those of healthy controls. This recovery supports the notion that STN-

DBS disrupts pathological beta synchronization, thereby restoring a more flexible and

responsive network state (Kühn et al., 2008; Little and Brown, 2014). The relationship

between subcortical and cortical beta is central to this dynamic. Beta activity in the STN

is tightly coupled to cortical regions via the cortex-basal ganglia loop and in PD, this

loop exhibits pathological synchronization and elevated beta cortico-subthalamic coher-

ence (Brown, 2003; Lalo et al., 2008; Litvak et al., 2011; Oswal et al., 2016; Sharott et al.,

2005). Subthalamic DBS as well as administration of therapeutic doses of dopaminergic

medication have been shown to attenuate beta power within the STN of PD patients

(Barone and Rossiter, 2021; Kühn et al., 2009; Ray et al., 2008; Weinberger et al., 2006;

Whitmer et al., 2012). Thus, when STN-DBS reduces subcortical beta activity, it may

also decouple pathological cortico-subcortical coherence (Oswal et al., 2016), enabling

cortical regions, particularly motor and prefrontal areas, to re-engage in task-relevant

beta desynchronization (Hemptinne et al., 2015; Whitmer et al., 2012). The restoration

of cortical beta suppression in patients during DBS ON observed in our study is consis-

tent with this notion. Although stimulation is delivered locally to the STN, its broader

therapeutic impact likely stems from the normalization of aberrant beta synchronization

across interconnected cortico-subcortical pathways, thereby enabling greater functional

flexibility across the system. This restoration of neural flexibility is essential for dy-

namic cognitive functions such as temporal anticipation, and may underlie the observed
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enhancements in predictive processing under DBS in individuals with PD.

3.5.1. Delta-band ITPC and temporal prediction

Beyond power changes, we also examined ITPC in the delta-band, which is associated

with the phase alignment of neural oscillations to expected stimuli (Arnal et al., 2015;

Schroeder and Lakatos, 2009; Daume et al., 2021). Both PD patients and healthy controls

exhibited increases in delta ITPC during stimulus occlusion and reappearance, consistent

with the notion that low-frequency phase alignment supports the temporal prediction of

sensory input. However, both DBS OFF and DBS ON conditions in patients showed

reduced delta ITPC compared to healthy controls. This might indicate that DBS did not

fully restore phase alignment mechanisms. At sensor level, significant differences in delta

ITPC were found in frontal and occipital regions. Source-level analyses revealed that

the largest discrepancies in delta phase consistency were located in occipital, temporal,

parietal, and right frontal cortices, areas involved in attentional and predictive timing

(Arnal et al., 2015; Coull et al., 2008). These findings suggest that while DBS may help

recover power dynamics, it may not sufficiently restore the phase consistency necessary

for optimal temporal prediction. Interestingly, the correlation between delta ITPC and

psychometric function slope was only significant in the DBS ON condition, particularly

in the cerebellum, occipital, and parietal regions. These are structures known to support

sensorimotor timing and predictive processing (Ivry and Spencer, 2004). This indicates

that despite reduced ITPC in absolute terms, individual differences in residual phase

alignment under DBS ON may still support more accurate temporal judgments. The

absence of a similar relationship in DBS OFF and control groups might underscore a

potentially unique, compensatory role of DBS in facilitating phase-behavior coupling.

Overall, our findings contribute to a growing literature emphasizing the role of oscil-

latory dynamics in cognitive processes such as temporal prediction. Specifically, our

results support the view that beta and delta oscillations are key signatures of temporal
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prediction, and that PD disrupts both power and phase-based mechanisms. While DBS

appears effective in modulating beta power and improving behavioral performance, its

impact on phase-based delta coherence seems limited, warranting further investigation.

Future studies could assess whether different DBS parameters (e.g., frequency, pulse

width, or stimulation pattern) differentially affect beta and delta-band dynamics, respec-

tively. For instance, applying low-frequency stimulation protocols may more effectively

engage slower rhythms like delta, and could be used to causally investigate the role of

low frequency phase alignment in temporal prediction.

3.6. CONCLUSION

In summary, our study demonstrates that DBS enhances temporal prediction perfor-

mance in PD by modulating key oscillatory mechanisms, particularly through beta power

suppression. This is consistent with a broader body of work suggesting that beta desyn-

chronization facilitates adaptive cognitive processes, including attention and anticipation

(Engel and Fries, 2010). However, both DBS ON and OFF conditions showed diminished

delta phase alignment compared to controls, indicating that DBS may only partially re-

store predictive processing mechanisms. Our findings underscore the importance of inte-

grating both power and phase-based measures when evaluating DBS effects and highlight

the potential of oscillatory biomarkers to refine therapeutic strategies for cognitive dys-

function in PD. Future work combining DBS with targeted cognitive or neuromodulatory

interventions may offer new avenues for restoring both the timing and precision of neural

dynamics supporting temporal prediction.
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3.7. SUPPLEMENTARY MATERIAL

Supplementary Figure 3.7.1. Beta power differences between conditions (DBS ON
& DBS OFF) and groups (Control & DBS OFF). (A) Sensor level data of beta power
differences between DBS ON and DBS OFF (top) and Control and DBS OFF (bottom)
for the time window of disappearance (-0.2s to 0.6 s). Clusters of sensors with significant
differences indicated by black dots. (B) MRI slices of beta power differences between
DBS ON and DBS OFF for the time window of disappearance (-0.2 s to 0.6 s). Clusters
of voxels with significant differences are highlighted in color. (C) Time course of beta
power (± SEM) averaged across voxels of significant clusters for the difference between
conditions and groups. Time 0 s marks the onset of disappearance.
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Supplementary Figure 3.7.2. Delta ITPC differences between groups. (A) Sensor
level data of ITPC differences between Control and DBS OFF (top) and Control and
DBS ON (bottom) for the time window of disappearance (-0.2s to 0.9 s). Clusters of
sensors with significant differences indicated by black dots. (B) MRI slices of delta ITPC
differences between DBS ON and DBS OFF for the time window of disappearance (-0.2 s
to 0.9 s). Clusters of voxels with significant differences are highlighted in color. (C) Time
course of ITPC (± SEM) averaged across voxels of significant clusters for the difference
between groups. Time 0s marks the onset of disappearance.
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DISCUSSION



While there may be no dedicated sensory organ for time, temporal information is nonethe-

less a pervasive and essential dimension of perception. Rather than being isolated from

the senses, time is embedded within and arises through our sensory experiences, whether

vision, audition or touch. This is not confined to individual modalities: it often spans

them. Crossmodal temporal prediction, for instance, involves using cues in one sensory

modality to anticipate the timing of an event in another. This process likely recruits

integrative neural mechanisms beyond those engaged during unimodal temporal predic-

tion, where expectations are formed within a single sensory modality. Understanding

how the brain predicts when events will occur thus offers a window into how time itself is

constructed from and shared across perceptual systems. Therefore, the lack of a sensory

organ for time is an opportunity, not a limitation, to understand perception more broadly

(Singhal, 2021). A large body of work suggests that neural oscillations, specifically, phase

alignment of neural oscillations, play a crucial role in supporting temporal prediction

(Daume et al., 2021; Arnal et al., 2015; Arabkheradmand et al., 2020; Burke et al., 2025b;

Herbst and Obleser, 2019; Wilsch et al., 2015). However, the mechanism by which these

oscillations contribute to unimodal and crossmodal non-rhythmic temporal prediction,

and how the mechanisms are distributed across cortical and subcortical structures, re-

main to be fully understood. By combining correlational, causal, and clinical approaches

targeting distinct neural substrates, I aimed to build a layered account of how temporal

prediction operates across sensory contexts. In this thesis, I presented three studies that

investigate temporal prediction across distinct methodological and mechanistic levels.

First, I presented magnetencephalographic evidence showing that enhanced delta-band

phase alignment over trials during a crossmodal (visuo-tactile-to-visual) temporal predic-

tion task correlates with behavioral performance, pointing towards a contributing role for

oscillatory phase alignment in temporal prediction. Second, I introduced a tACS study

that causally probes the role of delta phase alignment in temporal prediction. Using a

2-Hz stimulation aligned to the prediction window, we found phase-specific modulation
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of unimodal visual prediction performance, but not crossmodal prediction. This suggests

that cortical delta oscillations do not merely reflect but can shape anticipatory processes

in a unimodal context. The lack of an effect in the crossmodal condition, however, hints

at the involvement of more distributed or hierarchically higher systems. Third, I pre-

sented a study with PD patients with therapeutical STN-DBS. This study deepened the

perspective that a distributed network underlies temporal prediction by revealing the

critical role of basal ganglia in temporal prediction. Given that STN stimulation affects

spike output directly, this study implicates subcortical loops as effectors or modulators

of predictive timing, likely interacting with cortical phase-based processes. This corti-

cal–subcortical interplay may be particularly important in the precision and adaptability

of temporal mechanisms, with basal ganglia circuits orchestrating sensorimotor and at-

tentional resources in line with temporal expectations. A striking theme across these

studies is the differential vulnerability of unimodal and crossmodal prediction to per-

turbation. While unimodal prediction appears to be tightly governed by local cortical

oscillatory phase, crossmodal prediction may rely on broader network coordination or

higher-order associative systems that are more robust to localized cortical perturbation

(e.g., tACS) but sensitive to subcortical dysfunction and stimulation. These findings

support a multi-level framework in which oscillatory phase consistency, cortical modula-

tion, and subcortical spike output each contribute to temporal prediction in distinct but

interactive ways. Understanding these contributions offers a pathway toward both more

refined models of perception and potential clinical interventions for disorders of timing.

Delta oscillations as a core mechanism of temporal prediction

A unifying theme across all studies presented in this thesis is the central role of delta-

band phase alignment in facilitating temporal prediction. In the MEG study, increased

delta ITPC was associated with higher temporal prediction accuracy, more specifically,

in a crossmodal task where a combination of a visuo-tactile cue predicted visual stimulus
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reappearance. This underscores delta oscillations as a supramodal reference frame for

aligning internal neural states with anticipated events. Crucially, delta ITPC was source-

localized not only to sensory areas (V1/V2, somatosensory cortex) but also to the cere-

bellum, consistent with theories positing distributed cortical-subcortical involvement in

temporal prediction processes (Breska and Ivry, 2018). These findings support a model in

which delta phase acts as a unifying clock signal, aligning separate sensory higher-order

regions around shared temporal expectations. It adds weight to frameworks positing

that delta rhythms are foundational for active sensing and crossmodal binding (Keil and

Senkowski, 2018; Bauer et al., 2020). In the tACS study, causal evidence was added to

this correlation. Applying 2 Hz tACS over the parietal cortex modulated unimodal visual

prediction performance in a phase-dependent manner, establishing a functional role for

delta phase in unimodal temporal prediction (Burke et al., 2025b). Notably, performance

effects followed a sinusoidal pattern, supporting the idea that delta oscillations modulate

perceptual sensitivity by aligning high-excitability phases with expected stimuli. Al-

though temporal prediction was not modulated by tACS in the crossmodal condition,

we argued that this may reflect increased cognitive demands, the recruitment of addi-

tional frequency bands, and/or cortical and subcortical areas not targeted by our distinct

stimulation protocol. In the DBS study, delta ITPC was disrupted in PD patients, with

only partial restoration under STN stimulation. While DBS normalized beta power and

improved behavioral performance, delta phase alignment remained impaired. Therefore,

delta phase dysregulation persisted in cortical regions even when motor symptoms were

alleviated. However, in the DBS ON condition, individual differences in delta ITPC

correlated with behavioral precision, suggesting that even partial preservation or restora-

tion of phase alignment may support temporal prediction under therapeutic stimulation.

Extensive research has highlighted the role of delta-band oscillations as a potential in-

trinsic mechanism for temporal prediction (Herbst and Obleser, 2019; Wilsch et al., 2015;

van Wassenhove, 2016; Daume et al., 2021; Arnal et al., 2015). The slow periodicity of
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delta oscillations aligns well with the temporal structure of various behavioral rhythms,

including speech syllables rates (Arnal and Giraud, 2012; Giraud and Poeppel, 2012)

or musical beats (Schroeder and Lakatos, 2009). Delta oscillations can entrain to the

temporal structure of sensory input, by aligning the phase of a slow wave to anticipated

stimuli. Therefore, the brain effectively modulates neuronal excitability in sensory areas

at the expected moment to input. In other words, neural firing is optimized when an in-

coming event arrives at a high-excitability phase of an ongoing delta cycle (Lakatos et al.,

2005, 2008; Schroeder and Lakatos, 2009). This principle, known as neural entrainment,

has been demonstrated in non-human primates (Lakatos et al., 2013) and in humans

as a mechanism for temporal attention (Besle et al., 2011; Obleser and Kayser, 2019).

This forms the neural basis of the dynamic attending theory, a notion that our atten-

tion rhythmically oscillates in sync with environmental rhythms to enhance processing

at expected moments (Jones, 1976; Jones and Boltz, 1989). Therefore, in line with pre-

vious research, the evidence from the three studies presented in this thesis suggest delta

phase alignment as a potential unifying mechanism underlying non-rhythmic unimodal

and crossmodal temporal prediction. However, temporal prediction does not solely rely

on cortical delta oscillations in isolation. Computational models like the striatal beat-

frequency model (Matell and Meck, 2000; Miall, 1989) propose that interval timing arises

from the coincidence detection of oscillatory processes in thalamo-cortico-striatal loops

(Buhusi and Meck, 2005). In addition to delta-band phase alignment, beta-band activity

has emerged as a key substrate of temporal prediction (Arnal et al., 2015; Morillon and

Baillet, 2017).

Beta oscillations: generalized predictive modulation and network

flexibility

Overall, beta-band dynamics in our studies were less task-specific than delta band oscil-

lations but nonetheless crucial. In both, MEG and DBS studies, beta power suppression
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was consistently observed during periods of temporal uncertainty and sensory occlusion.

Our DBS study showed that beta suppression in DBS OFF compared to DBS ON and

controls was diminished during temporal prediction, which is consistent with evidence of

reduced abnormal beta synchronization in the cortico-basal ganglia loops through STN

stimulation (Oswal et al., 2016). While beta-band activity is classically associated with

the sensorimotor system, showing characteristic suppression during movement and re-

bounds at movement cessation (Fujioka et al., 2012; Arnal, 2012), it is also linked to

higher-order timing functions: They synchronize across cortical and subcortical networks

during tasks that require anticipating upcoming stimuli in time (Biau and Kotz, 2018;

Chang et al., 2018; de Lange et al., 2013; van Ede et al., 2011; Gulberti et al., 2015; Lewis

et al., 2016). Beta power in auditory and motor areas aligns with the tempo of rhythmic

sounds and increase just before expected beats. When a beat is unexpectedly omitted,

beta activity remains elevated instead of rebounding, suggesting that beta rhythms help

encode temporal predictions (Fujioka et al., 2009, 2012). Clinical observations reinforce

beta’s importance in timing. Parkinson’s disease, a movement disorder primarily marked

by excessive beta synchrony in cortico-basal ganglia circuits (Brown, 2003), often fea-

tures impaired timing and rhythm processing (Beudel et al., 2019). PD patients have

particular difficulty with internally timed or rhythmic tasks, despite relatively preserved

perception of single intervals (Breska and Ivry, 2018; Beudel et al., 2008). This aligns

with the idea that beta oscillations serve a predictive function: beta modulation prepares

upcoming actions or sensory events, whereas in PD this prospective control is deficient,

leading to more reactive, stimulus-driven timing (te Woerd et al., 2014). Notably, treat-

ments that suppress pathological beta in PD (dopaminergic medication or DBS) tend to

improve motor timing performance and restores pathological beta dynamics (Gulberti

et al., 2015). In the MEG study, the beta suppression occurred irrespective of whether

the task involved explicit temporal prediction or a working memory task, suggesting a

broader role for beta desynchronization in modulating internal models during sensory
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transition periods. Rather than encoding prediction per se, beta suppression may sig-

nal increased reliance on internal representations or readiness for sensory change. This

preparatory mechanism is consistent with the status quo framework of beta oscillations

(Engel and Fries, 2010). When the status quo should be maintained, beta stays elevated;

when a shift or new event is imminent, beta transiently dips, allowing new information

to be processed or new actions to commence (Lewis et al., 2016). This principle may

explain why excessive beta (as in PD patients) has adverse effects: the brain is locked in

maintenance mode and has difficulty shifting at the appropriate time, leading to delayed

or frozen reactions. These findings support a dual role of beta: facilitating sensori-

motor flexibility and supporting internal representation during prediction tasks. Despite

allowing for more sensorimotor and cognitive flexibility, the adaptability to temporal con-

tingencies could be further improved by using closed-loop or adaptive DBS. The severity

of Parkinsonian symptoms fluctuates due to dopaminergic medication (Nutt, 2001) or

fatigue (Storch et al., 2013; Santos-García et al., 2022). Therefore, DBS may be most ef-

fective in PD when delivered contingent upon the presence of pathological neural activity

and overt symptom expression (Brittain et al., 2014). Conventional stimulation strategies

that globally suppress beta activity may offer only a partial solution, since they lack the

necessary volatility of beta modulation to process essential temporal information (Beudel

et al., 2019). A more physiologically grounded therapeutic goal would be to preserve the

dynamic, event-related nature of beta oscillations that allows them to occur transiently

and adaptively in response to behavioral demands, rather than being chronically atten-

uated as a form of nonspecific background noise (Tinkhauser et al., 2017). Therefore,

in order to establish a direct, causal link between pathological neural activity in PD

and temporal prediction, adaptive DBS may allow to target distinct pathophysiological

parameters and its behavioral effects (Beudel et al., 2019).
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Alpha Oscillations and top-down control

The MEG study of this thesis identified increased alpha power in prefrontal and temporal

regions during temporal prediction. This aligns with theories that alpha synchronization

reflects active inhibition of irrelevant input to protect ongoing internal computations

(Jensen and Mazaheri, 2010), particularly in the absence of external sensory information.

The involvement of dorsolateral and medial prefrontal cortex suggests executive modula-

tion (Sauseng et al., 2005), while superior temporal sulcus and medial temporal gyrus en-

gagement highlights alpha’s role in multisensory temporal alignment (Beauchamp et al.,

2008; Noesselt et al., 2012; Nath and Beauchamp, 2011). These findings complement

the broader literature by extending gating-by-inhibition models to anticipatory timing.

The gating-by-inhibition framework posits that alpha-band oscillations serve to rhyth-

mically inhibit task-irrelevant regions, thereby controlling the flow of information and

enhancing signal-to-noise ratios in behaviorally relevant circuits (Jensen and Mazaheri,

2010). In the context of temporal prediction, this suggests that alpha activity may help

suppress competing sensory or cognitive input while internal timing mechanisms operate,

especially under conditions of uncertainty or sensory sparsity. Although alpha dynamics

were not targeted in the tACS and DBS studies, the findings from our MEG study suggest

they play a complementary role, likely interacting with delta and beta rhythms to or-

chestrate temporal prediction via hierarchical and context-dependent oscillatory control.

In the context of PD, alpha-band abnormalities are associated with cognitive dysfunc-

tion (Oswal et al., 2013; Zhao et al., 2025). A globally reduced peak alpha frequency

has been shown to indicate dopaminergic deficits (Morita et al., 2011), while parieto-

occipital alpha power reductions are particularly evident in PD patients with cognitive

impairment (Jaramillo-Jimenez et al., 2021). Furthermore, reduced parietal alpha power

predicts executive deficits, and posterior temporal alpha power decreases are associated

with memory impairment (Rea et al., 2021; Polverino et al., 2022). Therefore, in order
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to investigate alpha’s distinct role in temporal prediction, future studies could contrast

predictive and non-predictive timing tasks with matched sensory input in clinical studies

with patients with PD, isolating anticipatory alpha dynamics from general attentional

demands.

Limitations

While the three studies presented here offer a multi-method perspective on the neural

mechanisms underlying temporal prediction, several limitations should be acknowledged.

The MEG study provides important correlational evidence linking ITPC to crossmodal

temporal prediction performance. However, the nature of MEG inherently limits causal

interpretation. Although enhanced ITPC in the delta-band was associated with improved

performance, this relationship does not establish whether oscillatory phase alignment

plays a driving role in temporal prediction, or merely reflects a downstream correlate

of attentional or integrative processes. Furthermore, the crossmodal nature of the task

may have engaged broader attentional or associative networks, complicating attribution

to specific frequency bands or neural generators.

While tACS allows for causally probing the role of low-frequency oscillatory phase in

temporal prediction, it is paradoxically constrained by its vast parameter space. Fixed-

frequency protocols, trade-offs between electric field strength and focality, and standard

electrode montages impose limitations on the specificity and interpretability of results.

For instance, conventional montages may not optimally target functionally relevant net-

works, since they are not tailored to individual differences in brain structure or func-

tional organization. However, personalization based on individual anatomy or endoge-

nous rhythms typically require time-consuming neuroimaging, modeling, and calibration

procedures, making them less feasible. Moreover, while the phase-specific modulation of

unimodal prediction supported the role of delta phase in temporal prediction, the absence
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of an effect in the crossmodal condition raised interpretational ambiguities: it remains

unclear whether this reflects a true mechanistic dissociation or a limitation of tACS sen-

sitivity in more distributed, integrative circuits. The fixed-frequency stimulation may

also have failed to align optimally with each participant’s endogenous delta rhythm.

The STN-DBS study provided valuable causal evidence implicating basal ganglia output

in visual temporal prediction. However, the reliance on clinical populations also may have

introduced several confounds. Motor and cognitive deficits (and its fluctuations) intrinsic

to the disease, and potential medication effects, could have influenced performance inde-

pendently of stimulation state. While the within-subjects DBS ON/OFF design partially

controls for this, the stimulation effects are not restricted to temporal prediction. Addi-

tionally, we did not change the stimulation parameters of DBS, thus neural firing patterns

were modulated broadly and did not permit frequency- or phase-specific inferences.

Although the three studies differed in sensory modality (unimodal vs. crossmodal), they

all shared a common temporal prediction task structure, which offers a valuable op-

portunity to explore how prediction mechanisms may vary across perceptual domains.

However, this shared experimental design also introduced a further limitation: the ve-

locity of the white ellipse was held constant in all three studies. Consequently, future

research is required to determine whether the role delta phase alignment for temporal pre-

diction generalizes beyond this specific temporal parameter. Furthermore, the differential

sensitivity of unimodal and crossmodal temporal prediction to experimental cortical and

subcortical stimulation raised important but unresolved questions about whether these

forms of temporal prediction are governed by fundamentally distinct neural mechanisms

or differ in their susceptibility to experimental perturbation. Nevertheless, the integration

of correlational, causal, and clinical perspectives across studies provides a complementary

perspective, enabling a richer understanding of how oscillatory phase alignment, corti-

cal excitability, and subcortical output might interact to support temporal prediction.
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Although each method captures different facets of the underlying mechanisms, their con-

vergence lays the groundwork for more comprehensive, multi-level models of temporal

prediction.
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CONCLUSION



Integration and broader implications

Taken together, the results from the three studies converge on a dynamic and multiscale

model of temporal prediction that operates through distinct but possibly interacting neu-

ral oscillations. Within this framework, delta oscillations serve as a core mechanism for

encoding when an event is expected to occur. These slow rhythms provide a temporal

reference frame that aligns neural excitability with anticipated sensory input, especially

under conditions of temporal uncertainty or in the absence of rhythmic cues. Beta os-

cillations, on the other hand, reflect the dynamic modulation of internal models, with

beta suppression marking periods of heightened flexibility and adaptive control. This

desynchronization may signal a release from the maintenance of the status quo, allowing

for the updating of temporal expectations in response to changing sensory contingencies.

Alpha rhythms appear to subserve a complementary role, supporting the maintenance

of attentional focus and the suppression of irrelevant or distracting input during periods

that rely on internally guided prediction rather than external stimulation. Crucially,

these frequency bands are not isolated in their function. Rather, they interact across

a distributed network of cortical and subcortical structures, including sensory cortices,

prefrontal and parietal areas, the cerebellum, and basal ganglia, whose engagement is

shaped by task demands and modality. This aligns closely with hierarchical predictive

coding theories (?Friston, 2010), in which different oscillatory timescales implement spe-

cific computational roles (Senkowski and Engel, 2024). Slower rhythms such as delta

might carry temporal priors, while faster rhythms like beta and alpha coordinate the

timing of information flow, prediction error signaling, and sensory gating. Moreover,

emerging evidence suggests that cross-frequency coupling, particularly between delta and

beta bands, orchestrate the fine-tuning of anticipatory processing (Arnal et al., 2015),

linking phase-based expectations with power-based attentional mechanisms.
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Future directions

Moving forward, several avenues of research are warranted to refine and extend our under-

standing of neural mechanisms underlying non-rhythmic unimodal and crossmodal tem-

poral prediction. First, future studies should investigate whether the observed delta phase

alignment generalizes across different temporal parameters. In the present studies, the

velocity of the white ellipse was held constant across all experiments, representing a limi-

tation that constrains conclusions about the flexibility of delta phase mechanisms. Vary-

ing stimulus velocity or temporal intervals systematically would help determine whether

oscillatory delta phase alignment reflects a more general mechanism of timing or is spe-

cific to our particular setup. Second, neuromodulation approaches, varying non-invasive

brain stimulation protocols targeting delta, beta, and alpha frequencies, could help de-

lineate the specific contributions and interactions of these oscillatory systems in shaping

temporal prediction. Such approaches would allow researchers to test the hypothesis that

low-frequency phase alignment provides a reference frame for higher-frequency modula-

tion, and that performance is optimized when excitability and attention are aligned in

time. Third, individualized stimulation paradigms represent a promising step toward ef-

fective neuromodulation. Tailoring stimulation frequency, phase, and intensity based on

each individual’s intrinsic oscillatory dynamics and cortical architecture could enhance

entrainment efficacy and explain some of the variability observed in stimulation outcomes

(Bauer et al., 2018; Radecke et al., 2020). Personalized stimulation strategies may be

particularly important in crossmodal tasks, where the timing of sensory integration is

more variable and may depend on the specific neuroanatomical configuration of mul-

timodal networks. Fourth, further work is needed to optimize crossmodal stimulation

protocols, potentially by targeting not only parietal regions but also the fronto-temporo-

parietal networks known to support audiovisual and sensorimotor prediction (Binder,

2015; Coull et al., 2016). Given that crossmodal prediction may involve multiple oscilla-
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tory frequencies, including alpha and beta ranges depending on the modalities involved,

future tACS and MEG studies should systematically investigate how different rhythms

interact across sensory systems during temporally guided behavior. Fourth, DBS and

LFP recordings could provide a direct, causal link to how distinct modulation of subcor-

tical structures like the STN (i.e., by varying stimulation parameters) influences not only

motor outcomes but also cognitive functions such as temporal anticipation. Finally, fur-

ther research should move beyond tightly constrained laboratory tasks and toward more

naturalistic paradigms that capture the temporal complexities of everyday life. Tasks

involving conversational turn-taking, audiovisual speech comprehension, or dynamic sen-

sorimotor interactions can reveal how oscillatory dynamics support temporal prediction

in ecologically valid settings. Such designs will be critical for bridging the gap between

basic research and real-world application, especially in clinical populations where deficits

in timing and anticipation are widespread.

In conclusion, the findings of this thesis extend our understanding of how the brain gener-

ates and maintains temporal expectations. Overall, the three studies unifyingly revealed

that low-frequency delta phase alignment is a core mechanism of temporal prediction,

with complementary roles of alpha- and beta-power. These findings support a multiscale

oscillatory model in which delta rhythms encode temporal expectations, beta oscillations

contribute to dynamic updating, and alpha activity regulates internal attention and sen-

sory gating. Importantly, the results show that this oscillatory architecture is not fixed

but sensitive to sensory modality and task demands, and can be selectively modulated by

non-invasive and invasive brain stimulation. This potentially opens translational path-

ways for using neuromodulation to treat disorders characterized by impaired timing and

anticipatory control, such as Parkinson’s disease, ADHD, or schizophrenia.
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APPENDIX A

• ABSTRACTS •

A.1. English abstract

The human ability to estimate time plays a central role in cognitive and motor processes.

However, the underlying neural mechanisms and their modifiability through external

influences are not yet fully understood. This dissertation investigated temporal predic-

tion from three different methodological perspectives: (1) using magnetoencephalography

(MEG) to examine oscillatory mechanisms specific to crossmodal temporal prediction, (2)

through non-invasive brain stimulation to modulate temporal prediction, and (3) via inva-

sive brain stimulation to directly influence neural networks. In the first study, previously

established neural correlates of time estimation were examined using MEG to ensure the

reproducibility of earlier findings and to further characterize the underlying oscillatory

mechanisms of crossmodal time estimation. The results showed that delta-band phase

alignment increased during temporal prediction and correlated with behavioral perfor-

mance. Building on these insights, the second study investigated whether non-invasive

brain stimulation, such as transcranial alternating current stimulation (tACS), can influ-

ence subjective temporal prediction. This approach showed that behavioral performance

was modulated in a phase-dependent, sinusoidal manner, supporting the functional role

of low-frequency delta phase in temporal prediction. However, the tACS-induced effects

did not extend to a crossmodal task, suggesting increased cognitive demands and differ-
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ent network requirements for multimodal integration. Finally, the third study employed

invasive brain stimulation in patients with PD to determine whether a direct modulation

of the basal ganglia induces even more targeted effects on temporal prediction. We found

that subthalamic DBS enhances temporal prediction performance in PD patients by mod-

ulating oscillatory mechanisms, particularly through beta power suppression. Together,

these studies underscore the importance of oscillatory phase dynamics, particularly delta

phase alignment, in temporal prediction. They also demonstrate that these mechanisms

can be modulated through external stimulation, offering both theoretical advances and

translational potential. The integration of MEG, tACS, and DBS within a single re-

search program provides a comprehensive framework for probing the neural, oscillatory

structure of non-rhythmic unimodal and crossmodal temporal prediction.
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A.2. Deutsche Zusammenfassung

Die menschliche Fähigkeit zur Zeitschätzung spielt eine zentrale Rolle in kognitiven und

motorischen Prozessen. Dennoch sind die zugrunde liegenden neuronalen Mechanismen

und ihre Modulierbarkeit durch externe Einflüsse noch nicht vollständig erforscht. In

dieser Dissertation wurde die zeitliche Wahrnehmung aus drei unterschiedlichen method-

ischen Perspektiven untersucht: (1) mittels Magnetoenzephalographie (MEG), um os-

zillatorische Mechanismen von crossmodalen zeitlichen Vorhersageprozessen zu unter-

suchen, (2) durch nicht-invasive Hirnstimulation, zur gezielten Modulation der Zeit-

schätzung und (3) durch invasive Hirnstimulation bei Patient:innen mit Parkinson zur di-

rekten Beeinflussung neuronaler Netzwerke. In der ersten Studie wurden bereits etablierte

neuronale Korrelate der Zeitschätzung mit MEG überprüft, um die Reproduzierbarkeit

früherer Ergebnisse zu gewährleisten und die zugrunde liegenden oszillatorischen Mech-

anismen der crossmodalen Zeitschätzung weiter zu charakterisieren. Die Ergebnisse

bestätigten, dass Delta-Band-Phasensynchronisation während der Zeitschätzung zunimmt

und mit der Verhaltensleistung korreliert. Aufbauend auf diesen Erkenntnissen wurde

in der zweiten Studie untersucht, ob nicht-invasive Hirnstimulation, wie transkranielle

Wechselstromstimulation (tACS), die subjektive Zeitschätzung beeinflussen kann. Dieser

Ansatz zeigte, dass die Verhaltensleistung in einer phasenabhängigen, sinusförmigen

Weise moduliert wurde, was die funktionelle Rolle der niederfrequenten Delta-Phase bei

der zeitlichen Vorhersage unterstützt. Die tACS-induzierten Effekte ließen sich jedoch

nicht auf die crossmodale Aufgabe erweitern, was auf erhöhte kognitive Anforderun-

gen und unterschiedliche Netzwerkanforderungen für die multimodale Integration hin-

deuten könnte. Schließlich wurde in der dritten Studie mit invasiver Hirnstimulation

bei Patient:innen mit Parkinson getestet, ob eine direkte Beeinflussung der Basalgan-

glien noch gezieltere Modulationseffekte auf die Zeitschätzung hervorruft. Wir fanden

heraus, dass subthalamische Tiefenhirnstimulation die zeitliche Vorhersageleistung bei
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Patient:innen mit Parkinson-Krankheit durch die Modulation oszillatorischer Mechanis-

men, insbesondere durch Unterdrückung der Beta-Power, verbessert. Insgesamt unter-

streichen diese Studien die Bedeutung der oszillatorischen Phasendynamik, insbesondere

der Delta- Phasensynchronisation, für Zeitschätzung. Sie zeigen auch, dass diese neu-

ronalen Mechanismen durch externe Stimulation moduliert werden können, was sowohl

theoretische Fortschritte als auch translationales Potenzial bietet. Durch die kombinierte

Anwendung von MEG, tACS und DBS entsteht ein integrativer Forschungsansatz, der

tiefere Einblicke in die neuronalen, oszillatorischen Grundlagen crossmodaler und uni-

modaler Zeitschätzung ermöglicht.
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