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Abstract 

Space and time are two cornerstones of memory and navigation.  However, how spatial 

and temporal information contribute to spatial and mnemonic representations is still 

poorly understood in humans. One of the neural signatures in humans related to memory 

and navigation are neural oscillations in cortical and subcortical regions (such as the 

hippocampus).  The presence of cortical and hippocampal theta oscillations predicts 

better subsequent memory and more efficient spatial navigation, but the exact 

relationship between neural oscillations and the coding of spatial distances and temporal 

durations are unknown.  In this dissertation, I will provide empirical evidence to help fill 

this gap and to better the understanding of how cortical and hippocampal neural 

oscillations support the coding of spatiotemporal information.  In Chapter 1, I provide a 

brief summary of scalp electroencephalogram (EEG), intracranial EEG, mobile EEG, 

hippocampal theta oscillations, frontal midline theta oscillations, and behavioral models 

for spatial and temporal cognition. In Chapter 2, I report the feasibility of recording 

navigation-related frontal-midline theta oscillations using noninvasive scalp EEG in 

healthy humans using a mobile EEG approach.  In Chapter 3 and 4, I report two 

investigations of how neural oscillations code spatial distances and temporal durations in 

healthy humans using mobile scalp EEG (Chapter 3) and in patients with hippocampal 

implanted electrodes (Chapter 4).  In Chapter 5, I summarize how the understanding of 

oscillatory codes for space and time can inspire the behavioral and clinical applications 

for future research.  

Keywords: hippocampal theta, frontal midline theta, neural oscillations, 

navigation, memory, temporal cognition, virtual reality  
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Chapter 1 Introduction 

 Space and time are two foundational elements for memory and navigation 

(Tulving, 1983). Multiple types of spatial and temporal information can be sampled from 

the environment and external inputs; for example, spatial information can include 

directions, velocities, accelerations, and distances; temporal information can include 

temporal orders, durations or the temporal contexts that situates objects to be 

remembered.  For the current dissertation, I define space as spatial distances and time as 

suprasecond temporal durations involving memory.  Based on past work, which I will 

summarize throughout this dissertation, the hippocampus is an important structure for 

both memory and navigation, and therefore, it is presumably crucial for spatial and 

temporal coding as well.  One extensively studied neural phenomenon is neural 

oscillations, which have been identified both in cortex and hippocampus and found to be 

robustly modulated by spatial navigation and memory.  In the first section, I will 

summarize the existing findings for both hippocampal and cortical theta oscillations, how 

they are associated with various behavioral variables in human cognition, and the links 

between cortical and hippocampal theta.  

When humans are asked to track temporal durations, assessed either in the form of 

temporal discrimination or temporal reproduction, most healthy human participants can 

perform such tasks well above chance, although with some variability in their responses.  

In the next section, I will give a brief overview of existing behavioral models that 

investigate human’s ability to track temporal durations, and existing empirical evidence 

of the neural substrates of human temporal cognition.  In the last section in introduction, I 

give a brief introduction of the neuroimaging techniques used in this dissertation 

including scalp electroencephalogram (EEG), intracranial EEG recordings, and 

combining noninvasive scalp EEG with locomotion in healthy humans.  

The crucial pending question I focus on in this dissertation is how space and time 

are represented in the human brain.  Are they inherently identical concepts attached to a 

single neural scale, or do they possess differentiated neural mechanisms?  If neural 

oscillations are capable of coding both space and time in humans, are cortical and 

hippocampal neural oscillations cooperating or antagonizing each other?  To help bridge 

this knowledge gap, I first established the feasibility of recording navigation-related 
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neural oscillations using a mobile EEG setup (Chapter 2), reporting that frontal-midline 

theta oscillations increased during navigation, compared to standing-still.  In Chapter 3 

and Chapter 4, I investigated whether navigation-related cortical (Chapter 3) and 

hippocampal (Chapter 4) neural oscillations coded spatial distances and temporal 

durations, concluding that neural oscillations are informative carriers for spatial and 

temporal information in humans.   

 

1. Navigation-related theta oscillations in hippocampus: theta and spatial 

processing 

1.1 Hippocampus theta oscillations: dual roles in navigation and memory 

 A hallmark neural signature reported in electrophysiological recordings is the  2-

12 Hz semi-periodic oscillation in rodent hippocampus and human temporal medial lobes 

(Jacobs, 2013a).  Sustained low-frequency theta oscillations were first observed in 

rodents during free locomotion behaviors (Vanderwolf, 1969a).  Empirical evidence 

suggests that hippocampal theta oscillations are the summation of activities from multiple 

independent theta generators (Kramis et al., 1975). Two types of theta were identified in 

rats and rabbits, based on their frequency profiles and their resistance to anesthesia. Type 

1 theta oscillates in the range of 4-7Hz, is not abolished by anesthesia, and appears during 

behavioral immobility; Type 2 theta is modulated by movement, occurs from 7 to 12Hz, 

and is abolished by anesthesia (Kramis et al., 1975). Similar to the findings of two 

independent sources of theta in rodent hippocampus, human intracranial recordings also 

reveal at least two functionally distinct components of theta (Goyal et al., 2020). Goyal et 

al. described slow (~3Hz) theta oscillations correlated with nonspatial cognitive 

processes, while fast theta (~7Hz) correlated with spatial processes (such as speed 

coding).  A lateralization of hippocampal theta in humans is also reported (Miller et al., 

2018), where in humans left hippocampal (HPC) theta are correlated with memory 

performance, and right HPC theta are modulated by navigation. Similarly, while human 

hippocampal theta is modulated by navigation, theta oscillations persist even when 

navigation-related inputs are eliminated, suggesting the importance of theta in both 

sensorimotor and mnemonic processing in humans (Vass et al., 2016c).  
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1.2 Navigation-related hippocampal theta in humans: behavioral correlates 

Human hippocampal theta oscillations are associated with multiple spatial 

variables during spatial navigation.  Leveraging virtual reality and human intracranial 

recordings, researchers have identified correlational relationships to speed, target identity 

(passenger vs store), and spatial view (goal vs nongoal) (reviewed in Watrous et al., 

2011a). Similar to the information provided by grid cells and border cells, HPC theta 

oscillations provide an amplitude code for directionality and distances to borders in 

navigation. Such effects were also found in subiculum and entorhinal cortex (Lee et al., 

2018).  Interestingly, such border coding is also observed when passively viewing others’ 

navigation (Stangl et al., 2020), which suggest a role of HPC theta in representing the 

social aspects of spatial navigation. 

Distances could also be coded in human hippocampal 2-12Hz theta activity (Bush 

et al., 2017a; Vass et al., 2016c, but also see Chapter 4).  Vass et al. asked patients with 

hippocampal implanted electrodes to navigate a virtual reality environment with 

“wormholes” or “teleporters.” When patients stepped into a teleporter, they were 

displaced to a novel location in the virtual environment.  This technique of 

“teleportation” thus allowed the manipulation of distances and durations, and the 

isolation of spatial information from temporal information.  However, only two possible 

distances were examined, and it remains unknown whether the monotonic relationship 

between distances and hippocampal theta extrapolates to a wider range of distance values 

(Vass et al., 2016c). Further, it is also unknown whether longer duration or longer 

distances contributed to the increases of human hippocampal theta power(Bush et al., 

2017a), which prompts the research questions probed here related to space vs time codes 

in human hippocampal theta oscillations.   

One pending question is whether human hippocampal theta oscillations are 

capable of coding nonspatial domains.  Two studies in rodents suggest theta oscillations 

are recruited for interval timing in striatum (Gu et al., 2018) and in hippocampus in 

animals (Nakazono et al., 2015). Another study suggested that higher human 

hippocampal theta power are associated with words recalled with smaller semantic 

transition distances and smaller temporal transition distances in a free recall task 

(Solomon et al., 2019). These findings suggest the possibility of human hippocampal 
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theta contributing to temporal cognition, which I investigated with colleagues in Chapter 

4.   

1.3 Navigation-related theta oscillations observed in scalp EEG and MEG 

 Previous studies with magnetoencephalography (MEG) reported global cortical 

theta increases during movement initiation and navigation in virtual reality (de Araújo et 

al., 2002; Kaplan et al., 2012a).  However, the source of navigation-related theta 

increases was not determined.  Studies with scalp EEG in healthy humans have revealed 

frontal-midline theta oscillations involved during working memory and navigation tasks 

(Hsieh & Ranganath, 2014a; Lin et al., 2021). Frontal midline theta occupies a range of 

5-8 Hz, shows maximal amplitude over electrode Fz, and is involved in working memory, 

decision making, and reward processing (for a review, see Mitchell et al., 2008).  

However, with scalp EEG, we do not know the source(s) of the frontal midline theta and 

thus cannot connect hippocampal theta specifically to that recorded with MEG or scalp 

EEG. 

Previous research, however, has indicated coherent activity between hippocampal 

theta and frontal-midline theta.  For example, simultaneous scalp EEG and stereotactic 

EEG recordings revealed increased connectivity between scalp theta and hippocampal 

theta during a language working memory task (Dimakopoulos et al., 2021).  

Hippocampal activities can be reflected in the form of independent components extracted 

from scalp EEG recordings (Fahimi Hnazaee et al., 2020), although it is not clear whether 

such sources contain only hippocampal theta or additional volume conducted signals. 

Analyses of human intracranial recordings revealed that the coherence between prefrontal 

cortex and medial temporal lobe increased during free recall (Anderson et al., 2010). 

Similar coupling between midline cortical and hippocampal theta were also reported in 

rats (Young & McNaughton, 2009a). Noninvasive source localization using MEG also 

reveals increased coherence between frontal midline and putative medial temporal lobe 

theta during spatial memory retrieval (Kaplan et al., 2014) and during spatial mental 

imagery (Kaplan et al., 2017b). 

The consensus from the work cited above is that frontal midline theta observed in 

humans with noninvasive measures is locally generated, probably near anterior cingulate 
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cortex and/or medial prefrontal cortex, instead of being a simple volume conducted 

product from the hippocampal theta.  Using blind source separation, researchers have 

revealed multiple possible independent generators of frontal midline theta (Zuure et al., 

2020; Zuure & Cohen, 2021).  These components work in parallel and are statistically 

independent, suggesting the multi-dimensionality of information coded in frontal midline 

theta (Zuure et al., 2020; Zuure & Cohen, 2021).   

2. Behavioral models for temporal processing: the case of interval timing 

2.1 Pacemaker model (Treisman, 1963) 

The pacemaker model is also recognized as the internal clock model.  The 

pacemaker model consists of 4 components: a pacemaker, a counter, a storage, and a 

comparator.  The pacemaker emits regular pulses, which are accumulated and counted by 

the counter.  The measure of accumulated pulses is then passed along to storage for later 

retrieval and comparisons.  Two theoretical predictions stem from the model: one is that 

the emission rate of the pacemaker is modified by the arousal level.  Higher arousal may 

contract time perception, and lower arousal may dilate time perception.  The second 

prediction is that the measures from the accumulating pacemaker responses are stored in 

a logarithmic fashion, which coincides with some empirical observations (R. Cao et al., 

2021). 

What are the potential biological bases of a pacemaker, and what are the inherent 

pulsing frequency of the pacemaker(s)?  Treisman et al. probed the potential oscillatory 

correlates with scalp EEG (Treisman et al., 1994). They examined the 

electroencephalogram at two electrodes (one at the frontal, and one at the occipital area) 

while participants were presented with rhythmic auditory clicks.  The prediction was that 

when the rhythms of auditory clicks coincided with the pacemaker rhythm, the normal 

functioning of the pacemaker would be interfered with and therefore disrupted.  The 

results suggested an internal clock running at a frequency of 12.80Hz and its harmonics.  

They propose that instead of one single pacemaker, multiple harmonics (with a 

foundational frequency of 12.8Hz) are involved.  Given the poor spatial coverage of 

electrodes, it was not speculated where the pacemakers might be located and what 

cortical regions produced those pacemaking rhythms. 
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2.2 Scalar expectancy model (Gibbon, 1978) 

The scalar expectancy model was proposed by (Gibbon, 1978) to explain the 

scalable errors in animal’s timing behaviors in fixed interval reinforcement paradigms. 

Gibbon proposed that the “expectancy” for next reward was estimated by a unit timer, 

and the unit timer measured one mental unit of time instead of the physical units in the 

real world.  In other words, the mental timing of behavior had a scalar invariance 

property: the variance of timing responses scales by the absolute duration by a constant k, 

k = variance/duration.  The scalar expectancy model was incorporated into later models 

based on the properties of scalar invariance (Howard et al., 2014; Shankar & Howard, 

2012), and it has been extended to humans (Rakitin et al., 1998).  Although the scalar 

expectancy model did not directly speculate on the neural underpinnings of temporal 

cognition in humans, it predicts that the neural mechanisms supporting interval timing 

should also display properties of scalar invariance. 

3. Distributed cortical regions and hippocampus involved in temporal cognition 

 While the two behavioral models did not directly discuss what cortical/subcortical 

regions are critical for the coding of time in humans, lesion studies and neuroimaging 

studies suggest the neural mechanisms for time should also show the properties of scalar 

invariance.  Next, I will present a summary of empirical investigations on the brain 

regions/mechanisms crucial for temporal cognition. 

3.1 Lesion studies 

The frontal lobe, parietal lobe, temporal lobe, and corpus callosum have been 

implicated in supporting higher functioning of human temporal cognition.  Specifically, 

patients with lesions of right lateral frontal lobe showed higher variability in a tempo 

tapping task. (Picton et al., 2006).  The patient B.W., who had a lesion to her right 

parietal lobe,  significantly underestimated durations longer than 20s compared to 

controls (Williams et al., 1989). Similarly, the patient H.M., who had bilateral medial 

temporal lobe lesions, underestimated durations longer than 20s compared to healthy 

controls (Richards, 1973). Lesions of corpus callosum significantly changed one patient’s 

ability to ignore lateralized distractors during time reproduction, suggesting that human 

temporal cognition is not a lateralized process but instead it is based on the weighting and 
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integration of inputs from both hemispheres (Okajima et al., 2017).  Conclusions from 

lesion studies are that hippocampus is one (but not the only one) of the critical structures 

in human temporal cognition, and the capacity of hippocampus can be compensated by 

other cortical regions (Zuo et al., 2020) after lesions.  

3.2 Interval timing in clinical populations 

Impairments in temporal cognition are seen in clinical populations with 

Huntington’s diseases (HD), Parkinson diseases (PD), and Alzheimer’s diseases (AD).  

Huntington disease involves the dysfunction of the striatal circuit, and pre-HD/HD 

patients showed deficits in discriminating temporal intervals (compared to healthy 

controls), although no impairments were found in other temporal judgments tasks or 

spatial judgments tasks (Lemoine et al., 2021). Parkinson disease involves disruptions in 

the basal ganglia and the dopaminergic circuits.  Increased variability in timing responses 

were found in PD patients, and such impairments were reversible with the dopaminergic 

treatment (Merchant et al., 2007; Pastor et al., 1992). Patients with Alzheimer’s disease 

also involved distortions in time perceptions (El Haj & Kapogiannis, 2016).  

3.3 Neural substrates of temporal cognition: evidence from single-unit studies 

While lesion studies have indicated a role for hippocampus in temporal cognition, 

EEG and fMRI studies have further identified how the medial temporal lobe is involved 

in temporal cognition.  Thavabalasingam et al. presented healthy humans with 4 possible 

sequences of images while they underwent fMRI scanning.  The 4 sequences were 

produced by crossing scene identities (2) with (2) inter stimuli intervals (ISIs).  While 

parahippocampal place area showed sensitivity to the identities of scenes, only anterior 

hippocampus showed sensitivity to the inter-stimuli-intervals (Thavabalasingam et al., 

2018, 2019). In addition, left hippocampal multivoxel pattern drift is reported to be 

associated with longer temporal duration perception in humans (Sherman et al., 2021). 

Therefore, the hippocampus is assumed to be involved in a complex and holistic level of 

temporal computation.  

Given a relevant role of hippocampus in temporal processing, what are the single-

neuron substrates for temporal processing in hippocampus?  Both animals and human 

studies reveal neuron assemblies with firing rates tuned to moments in time (MacDonald 
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et al., 2011, 2013; Pastalkova et al., 2008; Salz et al., 2016); such cells with ramping 

activities have also been demonstrated in monkeys and humans (Bright et al., 2020; 

Reddy et al., 2021; Umbach et al., 2020).  During the delay periods of a delayed working 

memory task, researchers found neural assemblies with preferred firing fields tiling the 

entire delay periods, and such assemblies were later replicated and called “time cells” 

(MacDonald et al., 2011). Interestingly, the “time cell” assemblies remapped their firing 

fields when the signal duration during the waiting period was changed (either shortened 

or lengthened).  Thus, time cells aligned in manner consistent with the scalar invariance 

properties of the behavioral model of timing in humans and animals (MacDonald et al., 

2011). A recent study even extended the scale of such temporal tuned neural assemblies 

from the scale of seconds to the scale of 5 minutes (Shikano et al., 2021). 

Based on behavioral findings, temporal processing seems to be supported by 

distributed neural networks.  Where are cells tuned to temporal information localized?  

Temporally tuned cells has been identified in both rats’ hippocampus (MacDonald et al., 

2011; Pastalkova et al., 2008), and in mice medial and lateral entorhinal cortex, (Heys & 

Dombeck, 2018; Tsao et al., 2018), human mesial temporal lobe (Umbach et al., 2020) , 

monkey’s presupplementary/supplementary motor areas (Mita et al., 2009) and entorhinal 

cortex (temporal context cells, Bright et al., 2020) 

3.4 Neural substrates of temporal cognition: neural oscillations 

While time cells and temporal context cells are identified as potential substrates 

for tracking time in humans and animals, how these cellular response coordinate across 

brain regions, particularly when correlation is not the same as causation, remains unclear 

(Toso et al., 2021).  One potential solution to understanding the emergence of single 

neuron activity related to temporal coding involves neural oscillations.  In contrast to 

single neurons, the oscillatory correlates for temporal cognition are less clear and have 

received less attention. Both animal and human studies have pointed to low-frequency 

neural oscillations as a pertinent component of temporal processing, but how exactly time 

tracking is implemented through neural oscillations is not clear.  

In animals, studies have revealed low-frequency oscillations in the sensorimotor 

cortex and dorsal striatum when rats were trained to judge temporal durations (Gu et al., 
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2018). Similar 4Hz oscillations were observed in rodent medial frontal cortex (Parker et 

al., 2014). However, it is not clear whether hippocampal low-frequency oscillations are 

present during temporal processing, and whether hippocampal low-frequency oscillations 

are as sustained in humans as in animals.  Moreover, the two possibilities need 

adjudication: 1) the properties of theta oscillations code time passage, and/or 2) theta 

oscillations do not carry information for time per se, but simply support the temporal 

organization of time cells.   The former would predict that theta oscillations change, in 

some manner, based on different durations of time, while the latter would predict no 

overall change in theta for different temporal durations. 

While theta oscillations are prominent in intracranial recordings in both animals 

and humans, noninvasive recordings using magnetoencephalography (MEG) and scalp 

EEG have highlighted the relevant roles of alpha (8-12Hz) and beta (12-30Hz) 

oscillations in human interval timing behaviors.  The types of codes that can be found are 

an amplitude code (e.g., beta power are associated with time reproduction estimates, 

Ghaderi et al., 2018; Kononowicz & van Rijn, 2015; Kulashekhar et al., 2016), a rate 

code (e.g., number of bursts predicts respective time reproduction length, Azizi et al., 

2021), and multiplexed oscillatory code (i.e., alpha-beta coupling strength predict time 

reproduction precision/variability, Grabot et al., 2019). 

3.5 Striatal beat frequency (SBF) model: neural basis of interval timing 

 On the basis of the pacemaker-accumulation model, the striatal beat frequency 

model (Buhusi & Meck, 2005; Matell & Meck, 2004) was proposed to describe the 

neurobiological basis of the pacemaker-accumulation model . The striatal beat frequency 

model possesses core components similar to those in the pacemaker model: pacemakers, 

accumulator, storage, and a comparator. The SBF model emphasizes the prefrontal-

striatal-hippocampal circuit as critical for the interval timing in humans.  

The SBF model features coincidence detection and proposes that frontal cortex, 

striatum and hippocampal structures are involved in interval timing: multiple cortical 

oscillators in frontal cortex serve as the pacemakers. Multivariate patterns of multiple 

cortical oscillators are stored as snapshots in working memory and compared to past 

patterns retrieved from long term memory involving hippocampus. Comparison is 
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achieved by the medium spiny neurons in striatum via coincidence detection. The large 

number of dendrites in medium spiny neurons make them an appropriate solution for 

integrating inputs from multiple oscillators and detecting coincidence.  

SBF model is established first based on the pharmacological dissociation of 

dopaminergic and  acetylcholine inputs on interval timing in rats (Buhusi & Meck, 2005; 

Meck, 1986, 1996).  Acute doses of dopamine antagonists produce an effect of time 

overestimation, while repeated delivery of acetylcholine antagonists produce an effect of 

time underestimation.  One core prediction from the striatal beat frequency model is that 

cortical oscillators, or the “pacemakers” with multiple frequencies, reset their phase at the 

onset of interval timing (Buhusi & Meck, 2005; Oprisan et al., 2014). However, it is not 

specified whether the usage of word “oscillator” refers to an oscillating spike train, or the 

oscillating local field potential.  

While the striatum beat frequency model completely eliminates the needs for an 

accumulator, an accumulator can still come into play unifying both the pacemaker-

accumulator model and the SBF model, assuming only one or a few cortical oscillators 

are involved. Findings from single unit recordings and human scalp EEG recordings have 

identified multiple plausible neural correlates for the process of accumulation: contingent 

negative variation, an ERP component  (Pfeuty et al., 2003; Walter et al., 1964), and 

neurons with ramping up/ramping down activities during interval timing (MacDonald et 

al., 2013; Pastalkova et al., 2008).  One of the mysteries regarding temporal cognition is 

whether interval timing is supported by localized circuits, distributed neural circuits, 

and/or can be implemented in multiple local neural circuits distributed widely.  

4. Measuring neural oscillations: noninvasive electroencephalogram (EEG) and 

invasive intracranial recordings 

4.1 Scalp EEG and mobile EEG 

Mobile EEG is a means of recording scalp EEG that provides increased ecological 

validity because it allows for free, untethered movement.  Mobile scalp EEG developed 

with wireless technology, first coming into use around 2010 (Debener et al., 2012). 

Commercially available hardware is available from BrainVision, AntNeuro, and emotive 

that feature portable sizes and weights for amplifiers, and wireless transmission/storage 
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of neural time series data.  Mobile EEG has also been combined with eye tracking to 

study the dynamics of human cognition in a real-world setting, such as with the tobii 

eyetracker. 

Mobile EEG is generally referred to the practice of combining scalp EEG 

recordings and locomotion either in real world (i.e., on a treadmill, biking, walking on 

campus) or locomotion inside virtual reality (i.e., wearing a virtual reality headset, and/or 

walking on the omnidirectional treadmill).  Mobile EEG can also be combined with 

motion capture (Gehrke & Gramann, 2021), and with Android devices for portable signal 

preprocessing and analyses (Blum et al., 2017). 

One major concern with the mobile EEG approach is the artifacts caused by 

locomotion.  The combination of free and untethered locomotion and scalp EEG is the 

increased probability of channel noise, muscle noise, and sweat due to movement.  The 

artifacts can display in the form of large amplitude spikes and slow drifts in the raw 

signals.  Independent component analysis (ICA) is a useful tool to alleviate the artifacts 

during locomotive EEG recordings (Delorme & Makeig, 2004a). The critical issue of 

experimenter bias, however, arises in the process of labeling and rejecting independent 

components returned by ICA.  One way to reduce the experimenter bias is to use the 

semiautomatic IC selection algorithm, for example ICLabel (Pion-Tonachini et al., 2019). 

ICLabel determines the probability of a returned IC component being in the following 

categories: brain, muscle, eye, heart, line noise, and channel noise, and others.  Another 

useful tool is the artifact subspace reconstruction (ASR, Mullen et al., 2015). ASR aims 

at detecting and reconstructing (interpolating) bad segments of data based on estimates of 

clean segments of data.  ASR is useful in correcting segments of data with large spike 

amplitude (Blum et al., 2019; Mullen et al., 2015). Simulation studies have looked at 

potential factors contributing to artifacts during mobile EEG recordings.  One study 

simulated real world mobile EEG situations with a phantom head and a robot arm with 

cycling movements to mimic head bobbing during natural locomotion (Oliveira et al., 

2016a; Symeonidou et al., 2018).  

Mobile EEG has been applied to a variety of research questions in human 

cognition, such as the oscillatory mechanisms of limb movement (Packheiser et al., 
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2020), visual processing (Dowsett et al., 2020), navigation and affordances (Djebbara et 

al., 2019), replicating ERP findings such as P3 (Scanlon et al., 2017), dual tasking 

(Pizzamiglio et al., 2017), aesthetics (Cruz-Garza et al., 2017), and subsequent memory 

effects (Griffiths et al., 2016).  

Mobile EEG relaxes the restriction of participants sitting still and paves the paths 

for novel research questions that are not possible with conventional setups. In the specific 

case of this dissertation, mobile EEG enables the integration and interrogation of free 

locomotion in humans. Movement and locomotion contribute to the vestibular and 

proprioceptive inputs which is one core components for navigation computation. While 

vision is weighed heavily in human (Ekstrom, 2015; Huffman & Ekstrom, 2019), and 

vision alone is sufficient to drive some cells to display localized firing activities such as 

place cells, locomotion is required for the manifestation of place-cell-like activities (Chen 

et al., 2013b). Lesions of the vestibular system greatly reduced movement-related theta 

oscillations, another hallmark signature of navigation process in animal hippocampus 

(Aitken et al., 2017). Behavioral studies also suggested a critical role of body locomotion 

in both path integration (Chrastil et al., 2019) and time perception (De Kock, Gladhill, et 

al., 2021; De Kock, Zhou, et al., 2021). Human intracranial recordings also indicate that 

the presence of locomotion can change the properties (such as peak frequencies) of 

movement-related theta oscillations in hippocampus (Bohbot et al., 2017c). Summing up, 

the findings suggest that desktop virtual reality and the recruited neural mechanisms may 

deviate from those during real-world navigation with free locomotion and movement. 

Therefore, one motivation in this dissertation is to combine free locomotion and scalp 

EEG recordings, and to examine the cortical oscillatory correlates during navigation with 

rich visual, vestibular, and proprioceptive inputs in humans.   

4.2 Intracranial EEG recordings 

Intracranial EEG recordings are collected from patient volunteers undergoing 

seizure diagnosis and monitoring in the hospital.  Intracranial EEG is superior to scalp 

EEG in the sense that 1) it provides superior spatial resolution for the inference of origins 

of oscillatory activities 2) it provides access to deep subcortical structures such as 

hippocampus and amygdala, structures that scalp EEG have difficulty localizing, and 3) it 
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provides the possibility of examining the causal relationship between neural oscillations 

and cognition, given that brain stimulation is feasible in the hospital.  Intracranial 

electrode coverage is based on clinical needs and participants recruitment is limited. 

5. Summary 

 Space and time are two fundamental ingredients for memory and navigation, but 

it remains unresolved how neural oscillations are involved in coding spatial distances and 

temporal durations in humans.  To help bridge this gap, in this dissertation I examined the 

association between neural oscillations and spatiotemporal codes on two levels: 

neocortical neural oscillations recorded with mobile EEG (Chapters 2 and 3), and 

hippocampal neural oscillations recorded in intracranial recordings (chapter 5).  In 

Chapter 2, to show that mobile EEG is feasible to record cortical oscillations under 

condition of natural locomotion, I combined immersive virtual reality and an 

omnidirectional treadmill, and collected the scalp EEG of healthy humans while they 

navigated with locomotion in virtual reality.  I demonstrated the emergence of 

movement-related frontal-midline theta can be recorded with a setup of mobile EEG.  

Following up in Chapter 3, I further asked how the movement-related cortical oscillations 

are related to spatial distance and temporal duration coding.  In the study presented in 

chapter 3, I utilized the concept of “teleportation” in virtual reality, and asked participants 

to judge whether they travelled a “short/long” distance and whether they spent a 

“short/long” duration inside virtual reality. I contrasted the cortical oscillatory profiles 

between short/long distance and duration judgments and concluded that space and time 

possess partially independent oscillatory codes in neocortex. In Chapter 4, I analyzed 

hippocampal recordings obtained from hospital patient volunteers and asked whether 

hippocampal neural oscillations are involved in distance and duration representations. 

Using a similar teleportation design as referred to in Chapter 3, patients experienced 6 

different distances and 6 different durations while being teleported inside virtual reality. 

Analyses of hippocampal oscillations suggest that space and time are represented by 

hippocampal oscillations, each occupying different canonical frequency bands.  While 

distances can be flexibly represented in hippocampal oscillations with individual and 

session differences (linear vs. nonlinear), temporal durations are uniquely aligned with a 

linear representation in the hippocampus.  
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Chapter 2 Dissociation of frontal-midline delta-theta and posterior alpha 

oscillations: A mobile EEG study 

Associated article: 

Liang, M., Starrett, M. J., & Ekstrom, A. D. (2018).  Dissociation of frontal-midline 

delta-theta and posterior alpha oscillations: A mobile EEG study.  

Psychophysiology, January, e13090.  https://doi.org/10.1111/psyp.13090 

Summary: 

Numerous reports have demonstrated low-frequency oscillations during navigation using 
invasive recordings in the hippocampus of both rats and human patients.  Given evidence, 
in some cases, of low-frequency synchronization between midline cortex and 
hippocampus, it is also possible that low-frequency movement-related oscillations 
manifest in healthy human neocortex.  However, this possibility remains largely 
unexplored, in part due to the difficulties of coupling free ambulation and effective scalp 
EEG recordings.  In the current study, participants freely ambulated on an 
omnidirectional treadmill and explored an immersive virtual reality city rendered on a 
head-mounted display while undergoing simultaneous wireless scalp EEG recordings.  
We found that frontal-midline (FM) delta-theta (2-7.21 Hz) oscillations increased during 
movement compared to standing still periods, consistent with a role in navigation.  In 
contrast, posterior alpha (8.32-12.76 Hz) oscillations were suppressed in the presence of 
visual input, independent of movement.  Our findings suggest that FM delta-theta and 
posterior alpha oscillations arise at independent frequencies, under complementary 
behavioral conditions, and, at least for FM delta-theta oscillations, at independent 
recordings sites.  Together, our findings support a double dissociation between 
movement-related FM delta-theta and resting-related posterior alpha oscillations.  Our 
study thus provides novel evidence that FM delta-theta oscillations arise, in part, from 
real-world ambulation, and are functionally independent from posterior alpha 
oscillations. 

Contributions: 

Mingli Liang contributed to the following aspects: conceived and designed the analysis, 

collected the data, performed the analysis, wrote the paper.  

 

 

  

https://doi.org/10.1111/psyp.13090
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Chapter 3 Common and Distinct Roles of Frontal Midline Theta and Occipital 

Alpha Oscillations in Coding Temporal Intervals and Spatial Distances 

Associated article: 

Liang, M., Zheng, J., Isham, E., & Ekstrom, A. (2021).  Common and Distinct Roles of 

Frontal Midline Theta and Occipital Alpha Oscillations in Coding Temporal 

Intervals and Spatial Distances.  Journal of Cognitive Neuroscience, 33(11), 

2311–2327.  https://doi.org/10.1162/jocn_a_01765 

Summary: 

Judging how far away something is and how long it takes to get there is critical to 
memory and navigation.  Yet, the neural codes for spatial and temporal information 
remain unclear, particularly the involvement of neural oscillations in maintaining such 
codes.  To address these issues, we designed an immersive virtual reality environment 
containing teleporters that displace participants to a different location after entry.  Upon 
exiting the teleporters, participants made judgments from two given options regarding 
either the distance they had traveled (spatial distance condition) or the duration they had 
spent inside the teleporters (temporal duration condition).  We wirelessly recorded scalp 
EEG while participants navigated in the virtual environment by physically walking on an 
omnidirectional treadmill and traveling through teleporters.  An exploratory analysis 
revealed significantly higher alpha and beta power for short-distance versus long-distance 
traversals, whereas the contrast also revealed significantly higher frontal midline delta–
theta–alpha power and global beta power increases for short versus long temporal 
duration teleportation.  Analyses of occipital alpha instantaneous frequencies revealed 
their sensitivity for both spatial distances and temporal durations, suggesting a novel and 
common mechanism for both spatial and temporal coding.  We further examined the 
resolution of distance and temporal coding by classifying discretized distance bins and 
250-msec time bins based on multivariate patterns of 2- to 30-Hz power spectra, finding 
evidence that oscillations code fine-scale time and distance information.  Together, these 
findings support partially independent coding schemes for spatial and temporal 
information, suggesting that low-frequency oscillations play important roles in coding 
both space and time. 

Contributions: 

Mingli Liang contributed to the following aspects: conceived and designed the analysis, 

collected the data, performed the analysis, wrote the paper.  

  

https://doi.org/10.1162/jocn_a_01765
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Chapter 4 Oscillatory Signatures of Spatial and Temporal Coding in the Human 

Hippocampus 

 

Associated article: 

Mingli Liang, Sevan Harootonian, Kia Shahlaie, Ignacio Saez, Gene Gurkoff, Kendra 

Drake, Wilard Kassof, Eve Isham, Arne Ekstrom (2021).  Oscillatory Signatures of 

Spatial and Temporal Coding in the Human Hippocampus.  In preparation for 

submission. 

Summary: 

Hippocampal neural oscillations are a prominent neural signature associated with both 
spatial navigation and episodic memory.  However, it remains poorly understood whether 
and how hippocampal oscillations track distances and temporal durations and the extent 
to which these might be related to a common magnitude coding scheme.  We obtained 
hippocampal recordings from patients undergoing seizure monitoring, who navigated a 
virtual T-maze on a laptop and experienced “teleportation” events (adapted from Vass et 
al., 2016).  Teleportation allowed us to control sensorimotor input while at the same time 
providing a range of different distances and durations.  Using both measures of amplitude 
and prevalence, we found evidence for hippocampal oscillations during teleportation that 
were indistinguishable from those during navigation.  During teleportation, despite the 
lack of sensorimotor input, hippocampal oscillatory signals contained sufficient 
information to decode spatial distance and temporal duration.  The underlying coding 
schemes for distance and duration, however, differed.  For distance, we found evidence 
for individual patient variability in the best fit function describing how distance related to 
oscillatory prevalence.  In contrast, for temporal duration, we provide novel evidence for 
linear coding via low-frequency oscillatory prevalence and gamma bursts.  Analysis of 
theta-gamma phase amplitude coupling suggested that teleportation significantly reduced 
their coupling, which increased with sensorimotor input during navigation.  Higher 
degrees of theta-gamma decoupling were correlated with more accurate distance and 
duration judgments.  Together, our results provide evidence for distinct roles for 
hippocampal theta and gamma oscillations in spatial and temporal representations, 
helping to better characterize their contributions to human spatial navigation and episodic 
memory.  

Contributions: 

Mingli Liang contributed to the following aspects: conceived and designed the analysis, 

collected the data, performed the analysis, wrote the paper.  
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Chapter 5 Conclusions 

 This dissertation aimed at determining whether and how neural oscillations are 

involved in coding spatial distances and temporal durations in the human brain.  Where 

and when are two fundamental aspects of successful memory and navigation, and this 

dissertation contributed to the better understanding of how neural oscillations, both in the 

cortex and in hippocampus, are relevant to spatial and temporal coding.  In studies 

discussed in Chapter 3 and Chapter 4, we utilized a teleportation paradigm in virtual 

reality to dissociate the spatial and temporal information available to participants, similar 

to what was used in a previous report (Vass et al., 2016c). One challenge of studying the 

neural correlates of spatial and time, however, is how to best dissociate them from each 

other.  In real life navigation scenarios, distances, time, and speed are inherently 

correlated with each other: a route that takes a longer time to travel probably incurs a 

longer distance; faster travelling speed is probably correlated with less travelling time.  

To address the issue of dissociating space and time, we employed the concept of 

“teleportation” in virtual reality.  The use of “wormholes/teleporters” in virtual reality 

effectively manipulates the travelled distance without changing the travelled duration.  

Researchers have used virtual reality to manipulate travelling speed (Qasim et al., 2019), 

and to create non-Euclidean spatial environments (Warren et al., 2017; Widdowson & 

Wang, 2022). One future application of VR in understanding the neural mechanisms for 

navigation is to incorporate the dyadic learning process (e.g., how do two humans learn a 

spatial environment together, and how do their spatial and temporal estimates interact 

with each other?)  Another advantage of desktop virtual reality is that it allows for testing 

with patients undergoing seizure monitoring, who are confined to their beds and 

therefore, in most instances, unable to freely ambulate. 

In Chapter 2, by using the novel combination of locomotion, virtual reality, and 

scalp EEG recordings, I demonstrate that frontal-midline theta oscillations are associated 

with spatial navigation in healthy humans.  In Chapter 3, by using a similar mobile EEG 

approach, I further demonstrate that the navigation-related frontal-midline theta 

oscillations were associated with tracking temporal durations, but not spatial distances.  

In contrast, alpha power at parietal electrode sites coded spatial distances.  The partially 
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independent coding for space and time parallels some findings in Chapter 4, in which 

hippocampal theta oscillations linearly or nonlinearly with spatial distances, while 

number of hippocampal gamma bursts stood out as a potential “pace-maker” for tracking 

time.  Note that because Chapter 3 involved scalp EEG and cortical recordings while 

Chapter 4 involved hippocampal recordings, it is also not surprising that there were some 

differences in findings. 

In Chapter 3, using mobile scalp EEG, I demonstrated that cortical oscillations 

show sensitivity towards magnitude changes in distance and time.  The relevant 

frequency bands were identified not in restricted frequency ranges, but instead I 

identified oscillatory power increases in theta, alpha and beta bands during spatial and 

temporal coding compared to task irrelevant baselines. This finding is aligned with the 

striatal beat frequency model (Buhusi & Meck, 2005) that multiple cortical oscillators are 

involved in interval timing. Future analyses should revisit the old/new data and examine 

whether the phase of different cortical oscillators reset on the starts of interval timing, as 

predicted by the SBF model.   

In Chapter 4, using intracranial EEG, I demonstrated that hippocampal theta and 

gamma oscillations display sensitivity towards spatial distance and temporal interval 

changes. One interpretation is that interval timing is utilizing a localized circuit involving 

hippocampal oscillations. Such a hippocampal circuit can implement both the pacemaker 

function and the comparator function. For example, hippocampus CA3 is conceptualized 

as fulfilling pattern completion (Yassa & Stark, 2011), restoring the full multivariate 

patterns based on fragments of inputs.  Thus, it is not surprising to conceptualize that the 

hippocampus possesses the capacity to discriminate or compare two multivariate patterns, 

fulfilling the responsibility of a “comparator.”  Support for the hippocampal 

“comparator” view is also found during successful memory retrieval, when the 

multivariate oscillatory patterns are reinstated (Manning et al., 2011). Chapter 4 did not 

answer the question of whether the pacemakers and the comparator functions are 

executed independently by different frequency bands within hippocampal oscillations.  

Future investigation should look at whether phase resetting is found at the onsets of 
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interval timing during hippocampal oscillations, which is a key prediction that indicates 

the presence of the pacemakers.  

The primary conclusion from this dissertation is that space and time can utilize 

independent coding schemes in human.  In terms of the oscillatory codes for space and 

time, they also vary on the level of neocortex and hippocampus, suggesting that different 

representations for space and time might coexist both in neocortex and hippocampus.  

The findings of partially independent oscillatory codes for space and time is not 

surprising, and they have been implicated in earlier research: the majority of time cells 

found hippocampus are not concurrently tuned as place cells (MacDonald et al., 2011, 

2013), suggesting a dissociation of spatial and temporal information in the rodent 

hippocampus. Spatial and temporal estimates are also asymmetrically biased by each 

other and by environmental size (Riemer et al., 2018). Additionally, in Chapter 4, I 

present evidence for nonlinear distance coding in hippocampal 2-12Hz oscillations.  This 

suggests another dimension for why space and time coding can, in some instances, be 

dissociated: spatial distances can be flexibly transformed or reset by external 

environmental cues, such as vision (Ekstrom, 2015; Harootonian et al., 2021). Temporal 

durations, on the other hand, rely primarily on mechanisms related to internal clocks and 

rely on a linear representation.  Future studies should test the flexibility of distance 

representations by limiting the types of navigation cues (i.e., using a path integration 

paradigm), and test the hypothesis of common representations for space and time in 

hippocampus under a low-flexibility navigational cue condition. 

One important issue to mention regarding all of the findings reported here is 

correlation does not equal causation (for a counterargument of time cells, see Ahissar, 

2021; Toso et al., 2021). The findings in this dissertation are strictly correlational, i.e., 

oscillatory changes in neocortex and hippocampus are correlated with the changes in 

spatial distances and temporal durations.  The critical follow up question is whether 

neocortical and hippocampal neural oscillations are causally linked to the perception of 

distances and durations.  Past work has speculated that hippocampal oscillations are 

indeed causally involved in the estimates of both space distances and temporal durations 

via accumulating the number of oscillatory cycles (Buzsáki & Tingley, 2018),. Future 



Page 26 

studies should test this causal link with the advancement in noninvasive and invasive 

brain stimulation and determine whether the perturbation of cortical/hippocampal 

oscillations can disrupt the distance and temporal estimates in humans.   

In summary, this dissertation investigated the relevant roles of neural oscillations 

in spatial and temporal coding in both healthy and clinical populations of humans.  The 

results from these studies provide strong evidence that neural oscillations code space and 

time partially independently, additionally suggesting both linear and nonlinear coding 

schemes.  Together, these findings argue strongly for partially independent coding 

schemes for space in time in both hippocampus and neocortex.  
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Abstract 

Numerous reports have demonstrated low-frequency oscillations during navigation using 

invasive recordings in the hippocampus of both rats and human patients.  Given evidence, 

in some cases, of low-frequency synchronization between midline cortex and 

hippocampus, it is also possible that low-frequency movement-related oscillations 

manifest in healthy human neocortex.  However, this possibility remains largely 

unexplored, in part due to the difficulties of coupling free ambulation and effective scalp 

EEG recordings.  In the current study, participants freely ambulated on an 

omnidirectional treadmill and explored an immersive virtual reality city rendered on a 

head-mounted display while undergoing simultaneous wireless scalp EEG recordings.  

We found that frontal-midline (FM) delta-theta (2-7.21Hz) oscillations increased during 

movement compared to standing-still periods, consistent with a role in navigation.  In 

contrast, posterior alpha (8.32-12.76Hz) oscillations were suppressed in the presence of 

visual input, independent of movement. Our findings suggest that FM delta-theta and 

posterior alpha oscillations arise at independent frequencies, under complementary 

behavioral conditions, and, at least for FM delta-theta oscillations, at independent 

recordings sites.  Together, our findings support a double dissociation between 

movement-related FM delta-theta and resting-related posterior alpha oscillations.  Our 

study thus provides novel evidence that FM delta-theta oscillations arise, in part, from 

real-world ambulation, and are functionally independent from posterior alpha 

oscillations. 

 Keywords: spatial navigation, theta, virtual reality, BOSC, EEG 
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Dissociation of Frontal-midline Delta-theta and Posterior Alpha Oscillations: A Mobile 

EEG Study 

 

Vanderwolf first reported increases in low-frequency oscillations in the 

electroencephalogram (EEG) of the rat hippocampus and cortex during ambulation 

(Vanderwolf, 1969b), suggesting a link between low-frequency oscillations and 

movement.  Later human studies confirmed such an association using invasive depth 

electrode recordings in human epilepsy patients.  These reports showed that hippocampal, 

and to a lesser extent, cortical low-frequency oscillations within the delta, theta, and 

alpha bands (1-12 Hz), increased during movement in both real world and virtual reality 

in human patients coded.  There are some important limitations with these studies, 

however.  One is that they involved epilepsy patients with implanted electrodes, and 

inter-ictal discharge (activity between seizures) may impact how these oscillations 

manifest (Blumenfeld et al., 2004). The second is that they focused primarily on the 

hippocampus or other deep cortical structures difficult to access with scalp EEG.  Third, 

these studies involved desktop virtual reality and thus limited ambulation.  One 

unexplored possibility is that low-frequency movement-related oscillations also manifest 

in healthy human neocortex; thus, one suggestion to help reconcile the above limitations 

is to investigate frontal-midline theta (FM theta) oscillations using scalp EEG in healthy 

participants freely ambulating.   

Although previous studies have used non-invasive neuroimaging to investigate 

the electrophysiological correlates of spatial navigation (Araújo et al., 2002; Kaplan et 

al., 2012b, 2017a; Snider et al., 2013; Weidemann et al., 2009), free ambulation was not 

incorporated in the experimental design because of the difficulties of coupling effective 

neuroimaging and unrestrained, body-based movement.  For example, in conventional 

scalp EEG recordings, data transmission cables connecting the sensors and amplifiers 

intrinsically limit the distance participants can travel while undergoing recordings, thus 

restricting free ambulation in a large-scale environment.  Previous studies using 

EEG/MEG and 2-dimensionally-rendered joystick-based virtual reality (2D VR) suggests 

that movement-related oscillations tend to manifest specifically within the 1-8 Hz (delta-

theta) frequency band (for a review, please see: Jacobs, 2014).  These delta-theta rhythms 
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are typically associated with active, but not passive navigation in 2D VR (Araújo et al., 

2002), such oscillations can distinguish the presence of landmarks (Sharma et al., 2017), 

and they can also dissociate whether landmarks are targets (Weidemann et al., 2009).  

However, these previous findings on the association between low-frequency oscillations 

and spatial navigation did not incorporate free ambulation, an important component for 

movement-related oscillations in the rodent (Chen et al., 2013a; Ravassard et al., 2013).  

Indeed, one major limitation of 2D desktop VR for better understanding spatial 

navigation is the absence of body-based locomotion and its accompanying activation of 

motor, vestibular, proprioceptive systems (Taube et al., 2013).   

One available solution to such a limitation is the combination of 3D immersive 

VR (rendered via a head-mounted display, HMD) and wireless EEG recordings.  With 

the help of an omnidirectional treadmill that maps physical displacement onto those in 

VR and confines such displacements within the treadmill, 3D immersive VR allows 

participants to travel infinitely far inside the VR, therefore making it possible to introduce 

free ambulation while not interrupting scalp EEG recordings.  Wireless mobile EEG 

recording is a novel methodology in which participants actively locomote while 

simultaneously undergoing EEG recordings.  Locomotion is generally unconstrained with 

this methodology, and it has been widely applied in kinematic and gait studies 

(Castermans et al., 2014; Snyder et al., 2015; Wagner et al., 2012). As suggested by one 

study recording scalp EEG of a vertically oscillating mannequin (Oliveira et al., 2016b), 

such noise introduced by this motion can be broadband and distributed over the scalp.   

Independent component analysis (ICA, (Delorme & Makeig, 2004b), however, is 

effective in improving the signal to noise ratio and recovering neural signals even 

following such artifact-related increases in low-frequency power (Oliveira et al., 2016b).  

In the current study, we are motivated to simulate a more naturalistic experience of 

spatial navigation using an HMD, omnidirectional treadmill, and a wireless scalp EEG 

recording system while utilizing ICA to reduce noise contamination.   

As a means of assaying our ability to detect bona fide biologically-based 

oscillations under testing conditions potentially involving significant degrees of machine-

generated noise, we directly compare our ability to detect the well-characterized 8-12 Hz 

alpha oscillation, which we expect to manifest under complementary conditions (eyes 
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closed, (Berger, 1934) and different recordings sites (Dondey & Klass, 1974).  Another 

value of investigating alpha oscillations is that they are sometimes associated with the 

upper frequency band (8-12Hz) of movement-related oscillations in humans (Bohbot et 

al., 2017a), and thus understanding their behavioral correlates, as possibly distinct from 

FM delta-theta oscillations, is helpful to advancing our knowledge of this important 

signal.   Thus, the aim of the current study is to demonstrate a dissociation between FM 

delta-theta and occipital alpha oscillations during ambulation and visual stimulation.  Our 

primary hypothesis, which we term the movement-related FM-delta-theta hypothesis,  

states that FM low-frequency rhythms are associated with locomotion and/or spatial 

navigation.  If FM delta-theta oscillations are movement-related, we expect that they will 

increase during ambulation compared to standing still, regardless of the presence of 

visual input during movement.   The opposite pattern should hold for alpha oscillations, 

i.e., they should increase when the eyes are closed, regardless of movement.  

Furthermore, we predict that FM movement-related delta-theta oscillations and occipital 

alpha suppression will be topographically selective, with movement-related delta-theta 

oscillations restricted to FM region and occipital alpha suppression to the occipital 

region.   

Methods 

Participants 

Eighteen (9 female) undergraduate students received credit for participating in the 

study.  All participants had normal or corrected-to-normal color vision and normal 

hearing, weighed 200lbs or less, and reported no history of cardiovascular problems or 

motion-sickness.  Written informed consent was obtained before the experiment, and the 

methods were approved by the ethical review board at University of California, Davis. 

 Back

(b)

Front

(c)

...30s 30s 30s 30s

...5s* 5s 5s 5s

(a)

the eyes-open, alternating movement task
and the eyes-closed, alternating movement task
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and the standing, alternating eyes open task
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Figure 1.  Behavioral tasks, testing material, and wireless EEG recording.  (a) 
Participants were asked to complete four tasks sequentially.  * For the moving and 
standing-still tasks, the interval between beeps were 30s for some participants.  (b) Front 
and back of wireless EEG recording system, coupled with an immersive virtual reality 
and an omnidirectional treadmill.  (c) A snapshot of the virtual environment used in the 
study.   

 

Apparatus 

EEG was recorded using wireless ActiCap 64-channel scalp EEG recording 

system (Brain Products GmbH, Germany), with impedances kept below 25 kΩ.  

Sampling rate was set to 500Hz, and the reference site was FCz.  Signals were then 

wirelessly transmitted via the MOVE module (Brain Products GmbH, Germany).  To 

simulate the immersive virtual environment, we used HTC Vive HMD and a Cyberith 

Virtualizer omnidirectional treadmill (Cyberith GmbH, Herzogenbur, AT).  HTC Vive 

delivered binocular visual information, and the Cyberith Virtualizer translated the 

movement in physical space into the locomotion of the avatar in the virtual environment 

(Figure 1b,c).  To program the virtual environment, we used the Unity game engine 

(version 5.5.0f3).   

Procedures 

All participants first underwent placement of scalp EEG recording electrodes and 

assays of recording quality by the experimenter.  Participants then stood still on the 

omnidirectional treadmill and watched as the experimenter provided a tutorial for 

movement on the treadmill, which was intended to minimize vertical movements.  Then 

they were outfitted with HTC Vive HMD and were immersed in a practice virtual city.  

In the practice city, participants were asked to explore freely until they reported that they 

felt confident controlling the motion of the virtual avatar.  The practice session was ~ 5 

minutes. 

After the practice, participants were asked to complete four tasks sequentially.  In 

each task, participants heard multiple beep tones at a fixed interval to indicate what they 

were supposed to do (i.e., move or stand still, open or close eyes).  The duration of a beep 

was 715 milliseconds and the peak frequency was 1000 Hz.   The beeps served as task 

reminders to avoid extensive reading with the HMD, which could potentially influence 

oscillations and induce cybersickness.  The beep was played by two stereo speakers.  
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Every time a beep was played, a trigger was sent from the stimulus presentation computer 

to the EEG amplifier to provide timestamps for behavioral events on the EEG recording 

computer. 

Participants either switched between moving on the treadmill and standing still, or 

switched between eyes-open and eyes-shut, according to task demands given by the 

experimenter before the tasks began.  In the first task, they were asked to keep their eyes 

open throughout the task, and upon hearing beeps, alternated between moving on the 

treadmill and standing still; we refer to this as the “eyes open, alternating movement” 

task  In the second task, they were asked to keep their eyes closed, and upon hearing 

beeps, alternated between moving and standing still; we refer to this as the “eyes closed, 

alternating movement” task  In the third task, they opened and closed their eyes after each 

beep, while moving continuously; we refer to as the “ moving, alternating eyes open” 

task.  In the fourth task, the only difference was that participants stood still throughout; 

we refer to this as the “ standing still, alternating eyes open” task (see Figure 1a).  Each 

task lasted ~8 minutes and between tasks, they rested for 3 minutes.  

In “eyes open task” and “eyes closed task,” all participants heard beeps every 30s, 

and changed their behavior 8 times, constituting 8 trials for walking and standing still.  In 

the “ moving task” and “ standing still task,” for 5 participants, the interstimulus interval 

(ISI) of beeps was 30s, and they changed their behavior 4 times, constituting 4 trials for 

open and closed eyes.  For the rest of the participants, we changed the ISI to 5s for 

compliance purposes and to avoid fatigue, and participants in this case changed their 

behavior 24 times, constituting 24 trials for open and closed eyes. 

Although we could not directly observe whether participants were complying with 

opening or closing their eyes (the eyes were not visible to the experimenter because of 

the HMD, Figure 1b), we could infer their behavioral states by looking at the EEG raw 

data.  During the tasks, the experimenter paid attention to eye-blink artifacts at electrode 

sites Fp1 and Fp2, and/or strong and sustained alpha oscillations in occipital electrodes 

when the eyes of participants should be open, or such oscillations when their eyes should 

be closed.  If the experimenter was concerned, after the data collection for the current 

task, the experimenter asked participants whether they complied with the task demand.  If 

they did not comply, they were asked to complete the same task again. 
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Before each task began, participants were instructed on how to minimize 

movement-related noise in the recordings.  When they moved, they were reminded to 

keep their upper torso stable and to place their hands on the ring of the treadmill if they 

felt this improved their stability (see Figure 1b).  When they navigated in virtual reality, 

they were instructed to stay on the center of the road and walk at a steady pace.  When 

they opened or closed eyes, they were told to do so gently.  They were also asked to hold 

non-emergency questions and not to speak until the current task was finished. 

EEG Preprocessing 

 Signals were processed using EEGLAB (Goljahani et al., 2014), and were 

highpass filtered at 1Hz.  For one of the participants, their signals were re-referenced to 

Cz, due to the defective reference electrode FCz used for their recording.  The kurtosis of 

each channel was calculated.  Channels with kurtosis more than 5 standard deviations 

away were rejected and interpolated (4 and 5 channels were removed and interpolated for 

two different subjects, respectively).  ICA was then performed on the continuous EEG 

data.  A procedure for Semi-Automatic Selection of Independent Component (IC) for 

Artifact correction, SAISCA, was used to assist the process of artifact detection 

(Chaumon et al., 2015).  For SAISCA, we computed the autocorrelation of the raw signal 

(“Autocorrelation”), focality of IC’s topography (“Focal”), and focality of IC’s amplitude 

(“Focal Trial”).  Low autocorrelation of an independent component likely indicated 

muscle artifact, while high spatial or temporal focality likely indicated a bad electrode or 

rare events (Chaumon et al., 2015).  Based on a total of 64 ICs, we first rejected those 

marked as artifacts by SAISCA at the default threshold (2 standard deviations), and then 

made decisions for other ICs based on their topographies, power spectra, and temporal 

activity.  Averaged across participants and tasks, we rejected 22.02 independent 

components out of 64 (SD = 9.35; range = 6 to 40).  On average, we removed 15.39 

components for eyes open/alternating movement (SD = 5.54), 25.17 for eyes 

closed/alternating movement, (SD = 10.57), 24.39 for moving/alternating opening eyes 

(SD = 8.40), and 23.17 for standing still/alternating opening eyes (SD = 9.38). 

After artifact removal, signals were divided into epochs, with the start of epochs 

aligned to the start of beeps, and the end of epochs aligned to the start of next beeps.  In 

the few instances in which the wireless EEG signal was not properly transmitted by the 
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MOVE system and we received blank data, we cropped the trial to minimize the data 

dropout and maximize the length of continuous signals with satisfactory quality.  If the 

experimenter confirmed visually that no data loss occurred for 30s-long epochs, data in 

the first 3s and the last 1s were discarded to avoid edge artifacts; for 5s-long epochs, data 

in the first 1s and the last 1s were discarded.  The signals were then lowpass filtered at 

30Hz.   

Spectral Analysis and Oscillation Detection 

Power values of specific frequencies in the EEG signals were extracted by 

convolving the signals with six cycle Morlet wavelets (Grossmann et al., 1985).   

We then used the Better OSCillation method (Whitten et al., 2011a) to detect oscillatory 

activities in the signal.  BOSC is designed to detect bouts of oscillatory activity that 

would otherwise be difficult to detect with spectral decomposition techniques alone.  In 

addition to identifying oscillations in our tasks, BOSC allowed us to better address 

possible noise confounds that were unrelated to “true” oscillatory signals.  For example, 

because head motions induce spurious delta and theta power increases without the 

presence of “true” neural activities (Oliveira et al., 2016b), BOSC would provide 

evidence of sustained and oscillatory activities for frequencies of interest, pointing to 

neural origins for our signals.  To be detected by BOSC as an oscillation, the segment of 

the signal needed to exceed both a power threshold and a duration threshold.  Spiking 

transients and artifacts induced by whole-body movement would therefore not survive the 

BOSC procedure.  The first step was to estimate the background colored noise spectrum.  

In the current study, we used the data recorded when participants were standing still with 

eyes open as the baseline for individual background estimation.  The second step was to 

calculate the amplitude and duration thresholds.  We used a 95% confidence level for the 

power threshold and 3 cycles as the duration threshold.  BOSC then made binary 

decisions for each timestamp in signals as oscillatory (1) or not (0).  𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸, a measure 

for the prevalence of oscillations during an epoch, was defined as the proportion of 

oscillatory activities within that epoch.   

We confined the statistical comparisons to frontal and occipital clusters (see 

Figure 2), our regions of interest (ROIs), where we expected to see effects of delta-theta 

and alpha oscillations based on past work cited in the introduction.  For the frontal 
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cluster, we included AFz, AF3, AF4, F3, F1, F2, F4, FC3, FC4, FC1, and FC2.  For the 

occipital cluster, we included Pz, P3, P7, O1, Oz, O2, P4, P8, P1, P5, PO7, PO3, POz, 

PO4, PO8, P6, P2, and Iz.  Then, we collapsed the power estimates and 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸  across 

electrodes within regional clusters. 

 

Figure 2.  Regions of Interest.  (a) Frontal-midline cluster.  (b) Occipital cluster. 

 

We investigated frequencies from 2-30Hz using a log spacing, based on 

suggestions for better sampling frequencies within the 1/f spectrum (X. M. Cohen, 2014).  

Thus, delta included 2, 2.31, 2.66, 3.07, and 3.54Hz, theta included 4.08, 4.70, 5.42, 6.26, 

and 7.21Hz, alpha included 8.32, 9.59, 11.06, and 12.76Hz, and beta included 14.71, 

16.96, 19.56, 22.56, 26.01 and 30Hz, which were based on the widely used definitions of 

these frequency bands in humans (Niedermeyer Ernst & Lopes da Silva Fernando, 2011).  

In the current study, we used a functional definition of the theta band (2-8 Hz, (Buzsáki, 

2005; Jacobs, 2013b), grouping together the traditional delta and theta band for analyses.  

We based this decision on past theoretical proposals and empirical findings suggesting 

that humans show a broader band of movement-related oscillations than simply within 

the 4-8Hz “theta” band, covering a range from about 1-8Hz (Bohbot et al., 2017a; Jacobs, 

2013b).  We note, however, that restricting our analyses to the delta or theta band alone 

does not affect our overall finding (see Supplementary Figures S4, S5, S6 and Table S1.) 

We collapsed the power estimates and 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 across trials, participants, and 

frequencies within bands.  After collapsing, 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 values were logit-transformed to 

correct for non-normality of paired differences.  Logit 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 and power values were 
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compared using repeated-measures ANOVAs and Greenhouse-Geiser correction was 

applied when necessary.  For post-hoc comparisons of logit 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 , we used paired t-

tests, and for power values, we used Wilcoxon signed-rank tests because of the non-

normality of paired differences.  The p values reported are original p values, and we used 

BKY FDR correction to use more stringent control for multiple comparisons correction 

(Benjamini et al., 2006).  After correction, the p threshold for power analyses was .0432, 

and for 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸, .0199. 

Results 

We first ran a ROI (2) x frequency-band (2) x task (4) x alteration (2) 4-way 

analyses of variance on both power values and logit 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 to test whether the effects of 

task x alteration of changes varied in different combinations of the ROIs and frequency 

bands. The ROI variable was whether recordings were in the FM or occipital region (see 

Figure 2).  The frequency-band variable indicated the range of frequencies (i.e., delta-

theta or alpha) of both power and logit 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸.  The task variable was what participants 

did throughout the tasks: eyes open, eyes closed, moving, and standing still.  The 

alteration variable was what participants did in an alternative manner while maintaining 

the continuous behavior.  When the task variable was either eyes open or eyes closed, the 

alteration variable was either moving or standing still; when the task variable was either 

moving or standing still, the alteration variable was either eyes open or eyes closed.   

Both 4-way ANOVAs revealed a significant 4-way interaction effect (see Table 1 

ANOVA; power:  F(3, 51) = 17.12, corrected p < .0001, generalized 𝜂𝜂2 = .004, ε = .70;  

logit 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸: F(3, 51) = 7.90, corrected p =.001, generalized 𝜂𝜂2 = .003, ε = .71).  Both 

significant 4-way interaction effects indicated that task x alteration had differing effects 

on the power values and logit  𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸  depending on region x frequency-band.  We used 

Cohen’s d as the indicator of effect sizes (d). See Table 1 and 2 for a summary of 

ANOVAs and post-hoc comparisons.  For clarity of presentation, we focus on a specific 

subset of post-hoc tests, as they were designed to test our specific hypotheses.  Results 

from the ANOVAs are reported in Table 1. 

Table 1 
Summary of Analyses of Variances Results 

 Measures 
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ANOVA factors 

Power logit 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 
 

Sources 
 

F 
 
p 

 
Sources 

 
F 

 
p 

Frequency-region-task-
alteration 

Four-way 
Interaction 

 
17.12 < 

.0001 

Four-way 
Interaction 

 
7.90 .0002 

Notes.  We did not include in the table the main effects if a significant interaction existed. 
 

Table 2 
Summary of Post-hoc Comparisons P Values 
Hypothesis Frequency Region Task Comparison Power 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 
Hypothesis 1 
Delta-Theta 
Movement-

Related 

Delta-Theta FM Eyes-open move > still < .0001 .0008   
Eyes-closed move > still .0007 .0681 

Alpha Occipital Eyes-open move > still .0432 .0132   
Eyes-closed move > still .6705 .1335 

Hypothesis 2 
Occipital 

Alpha 
Suppression 

Alpha Occipital Moving eyes open > closed .0056 .0059 
  Standing still eyes open > closed .0032 .0056 

Delta-Theta FM Moving eyes open > closed .766 .5423 
  Standing still eyes open > closed .1187 .3079 

Hypothesis 3 
Frequency-
Specificity 

Alpha FM Eyes-open move > still .4683 .1607 
  Eyes-closed move > still .154 .3018 

Delta-Theta Occipital Moving eyes open > closed .3692 .3365 
  Standing still eyes open > closed .0159 .0073 

Hypothesis 4 
Topographic
al Specificity 

Delta-Theta Occipital Eyes-open move > still .0182 .2146 
  Eyes-closed move > still .0304 .2212 

Alpha FM Moving eyes open > closed .0139 .0199 
  Standing still eyes open > closed .0269 .0555 

Notes.  All p values are uncorrected.  Using BKY FDR correction, the corrected threshold 
for power analyses is .0432, and for 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸, is .0199.  In this table we bold the 
significant p values after correction.  FM = frontal-midline. 
 

FM delta-theta oscillations are related to movement 

Analyses of power values revealed that FM delta-theta oscillations significantly 

increased during movement regardless of visual input.  Post-hoc tests revealed that delta-

theta power was higher during movement: FM delta-theta band had greater power when 

participants alternated moving and standing still on the treadmill during the eyes open 

(See Figure 3b, Wilcoxon signed-rank test, V = 166, p < .0001, 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 5.10, 

𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 0.27; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 4.91, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 0.24) and eyes closed tasks (See Figure 3e, V 

= 158, p < .001, 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 5.00, 𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 0.31; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 4.87, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 0.30).  

These findings demonstrate that FM delta-theta increased during movement compared to 

standing still, regardless of whether eyes were open or shut.  These findings support the 
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movement-related FM-delta-theta hypothesis in that FM delta-theta oscillations increase 

with ambulation. 

Further consistent with a specific role for FM delta-theta oscillations in 

ambulation during navigation, occipital alpha oscillations did not change between 

movement and standing-still periods when participants kept their eyes closed.  Post-hoc 

tests revealed that occipital alpha power values did not differ between alternated 

movement and standing still periods, when eyes were closed (Figure 3f, V = 96, p = 

.67, 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 6.16, 𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 0.41; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 6.13, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 0.49).  Unexpectedly, 

we found higher occipital alpha power when participants alternated to standing still 

compared to movement (V = 39, p = .04, 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 5.56, 𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 0.35; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 

5.68, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 0.50, see Figure 3c) when their eyes were open.  These findings suggest 

that alpha oscillations were not modulated by movement when eyes were closed, but 

were modulated in the opposite direction as FM movement-related delta-theta oscillations 

(still > movement) when eyes were open.  We return to a more detailed consideration of 

this finding in the discussion. 

Analyses of 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 showed similar patterns to those of power values reported 

above (see Figure 4a), and further supported the idea that FM delta-theta, but not 

occipital alpha oscillations,were associated with movement.  Specifically, analyses of 

𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 values revealed that FM delta-theta oscillations were more prevalent and 

sustained when participants moved than when they stood still regardless of visual input.  

Post-hoc tests confirmed that FM low-frequency oscillations were more sustained when 

participants moved compared to when standing-still (t (17) = 4.05, p < .001, 95% CI 

[0.44, 1.41], d = 0.89, logit: 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = -2.54, 𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 1.21; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = -3.46, 

𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 1.07; raw: 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = .12, 𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 0.12 ; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = .05, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 0.05) 

with their eyes open (See Figure 3a,b, Figure 4a), and with their eyes closed (t (17) = 

1.95, p = 0.07, 95% CI [-0.04, 1.09], d = 0.34, logit: 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = -2.94, 𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 

1.27; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = -3.46, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 1.08; raw: 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = .09, 𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 0.13; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 

= .05, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 0.07, See Figure 3d,e, Figure 4a).   

Also, consistent with the results of power changes reported above, post-hoc 

comparisons (see Figure 3f, Figure 4b) showed that occipital alpha 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 did not differ 

between alternating movement and standing-still epochs when eyes were shut (t (17) = 
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1.58, p = .13, 95% CI [-0.06, 0.38], logit: 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = -0.26, 𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 1.49; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 

= -0.43, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 1.74; raw: 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = .47, 𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 0.28; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = .46, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 

0.30, see Figure 3f).  However, just like with power, we found alpha oscillations were 

less prevalent during alternating movement compared to standing-still epochs (t (17) = -

2.77, p = .01, 95% CI [-1.04, -0.14], d = -0.32, logit: 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = -2.73, 𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 

0.35; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = -2.13, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 0.50; raw: 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = .10, 𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 0.09 ; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 

.18, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 0.18, see Figure 3c) when the eyes were open.  Our separate analyses of 

𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 thus corroborate our findings with power, supporting the movement-related 

delta-theta hypothesis, but extending them by suggesting that these perturbations in the 

EEG signals are considered “oscillatory” by BOSC (surviving a minimum of three 

cycles) rather than simple transient events in the EEG pattern.   

Interestingly, beside confirming the movement-related delta-theta hypothesis, we 

noticed that FM delta-theta prevalence during the movement > still comparison increased 

when visual input was present (i.e., participants kept their eyes open).  We conducted a 

paired t-test to test whether the differences in  FM delta-theta logit 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 were larger 

during movement > still in the eyes open task compared to the eyes closed task.  Indeed, 

when participants kept their eyes open, the scale of movement-induced FM delta-theta 

oscillations was marginally higher compared to when participants kept their eyes closed 

(t (17) = 1.91, p = .07, 95% CI [-0.04, 0.84], d = 0.26, 𝑀𝑀diff.open = 0.93, 𝑆𝑆𝑆𝑆diff.open = 

0.97; 𝑀𝑀diff.closed = 0.52, 𝑆𝑆𝑆𝑆diff.closed = 1.14).  These findings suggest that visual input via 

optic flow, in addition to body-based cues, may serve as an additional driver of 

movement-related FM delta-theta oscillations (Warren et al., 2001). 
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Figure 3.  FM delta-theta oscillations are movement-related regardless of visual 
input, while occipital alpha oscillations are not movement-related.  (a) Spatial 
distribution of z-scored lower-frequency 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 during movement in the eyes open task.  
(b) Power spectral density and  𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 distribution by frequency in frontal-midline ROI 
in the eyes open task.  (c) Power spectral density and  𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸  distribution by frequency 
in occipital ROI in the eyes open task.   (d) Spatial distribution of z-scored lower-
frequency 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 during movement in the eyes closed task.  (e) Power spectral density 
and  𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸  distribution by frequency in frontal-midline ROI in the eyes closed task.  
(f) Power spectral density and  𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸  distribution by frequency in occipital ROI in the 
eyes closed task.   

 

Occipital alpha oscillations are suppressed by opening eyes 

To ensure that our movement-related oscillatory findings were not somehow an 

artifact of noise related to our recordings, despite our best efforts to mitigate these using 

ICA, we also investigated alpha oscillations, which should be modulated by primarily 

visual stimulation and not by movement when alternating eyes open and eyes shut.  

Indeed, post-hoc comparisons revealed that occipital alpha had higher power during the 
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movement task when alternating between eyes open and eyes shut (V = 24, p < .01, 

𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 5.78, 𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 0.41; 𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 6.19, 𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 0.49, see Figure 5b) and the 

standing still task (V = 25, p < .01, 𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 5.76, 𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 0.43; 𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 6.23, 

𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 0.56, see Figure 5e).  In contrast, FM delta-theta power, as predicted, did not 

differ significantly as a result of alternating opening and shutting eyes in the moving (V = 

78, p = .77, see Figure 5c) and standing still tasks (V = 49, p = .12, see Figure 5f). 

Analyses of 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 provided similar conclusions that occipital alpha suppression 

(see Figure 4b), i.e., a greater prevalence of alpha oscillations during eyes-closed than 

eyes-open alternation regardless of movement.  Specifically, alpha was higher during the 

moving task when the eyes were closed: t (17) = 3.14, p < .01, 95% CI [-2.55, -0.50], d = 

-0.68, logit: 𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = -1.91, 𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 1.21; 𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = -0.38, 𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 1.67; raw: 𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 

= .17, 𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 0.13; 𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = .45, 𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 0.28, see Figure 5a,b and standing still 

task: t (17) = 3.17, p < .01, 95% CI [-2.48, -0.50], d = -0.76, logit: 𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = -1.70, 𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 

= 1.16; 𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = -0.22, 𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 1.75; raw: 𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = .20, 𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 0.15; 𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = .50, 

𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 0.31, see Figure 5d,e).  In contrast, FM delta-theta prevalence did not differ 

between alternations of eyes open vs. closed either in the moving task (t (17) = -0.62, p = 

.54, 95% CI [-0.29, 0.16], logit: 𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = -2.06, 𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 1.43; 𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = -1.99, 𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 

= 1.15; raw: 𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = .18, 𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 0.18; 𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = .17, 𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 0.14, see Figure 5c) 

nor the standing still task (t (17) = -1.05, p = .31, 95% CI [-0.58, 0.20], logit: 𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = -

3.93, 𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 0.41; 𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = -3.74, 𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 0.79; raw: 𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = .02, 𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 0.01; 

𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = .03, 𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 0.02, see Figure 5f). Thus, we confirmed that visual stimulation 

suppressed alpha oscillations during alternation of eyes open and eyes shut, suggesting 

that our recordings did not significantly impair our ability to detect an otherwise 

prominent oscillatory signal like alpha. 

FM movement-related delta-theta increases and occipital alpha suppression are 

frequency-specific 

An important corollary of the movement-related FM delta-theta hypothesis is that 

such oscillations should increase specifically within the delta-theta but not alpha bands 

and that occipital alpha suppression by vision is specific to the alpha, but not delta-theta 

bands.  To address this issue, we first compared FM alpha power changes in the eyes-



Page 80 

open and eyes-closed tasks during alternation of movement.  If the FM movement-related 

delta-theta oscillations were frequency-specific, we would expect to see little “FM 

movement-related alpha” oscillations.  Post-hoc tests showed that FM alpha power did 

not change during movement compared to standing-still epochs in the eyes-open (V = 68, 

p = .47, 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 4.60, 𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 0.30; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 4.66, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 0.45, see Figure 

3b) and eyes-closed tasks (V = 52, p = .15, 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 4.72, 𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 0.37; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 

= 4.79, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 0.50, see Figure 3e). Analyses of  𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 further corroborated the 

frequency-specificity of FM movement-related delta-theta oscillations (see Figure 4c, 

movement compared to standing still during eyes open task: t (17) = -1.47, p = .16, 95% 

CI [-1.23, 0.22], logit: 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = -3.04, 𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 1.37; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = -2.54, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 

1.65; raw: 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = .09, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 0.10; 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = .13, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 0.12, see Figure 

3b) and eyes closed task (t (17) = -1.06, p = .30, 95% CI [-0.61, 0.20], logit: 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 

= -2.09, 𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 1.11; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = -1.89, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 1.66; raw: 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = .15, 

𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 0.12; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = .21, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 =0.18, see Figure 3e).  These findings again 

show that FM movement-related increases were specific to delta-theta but not alpha 

bands.  In contrast, post-hoc tests again showed that occipital delta-theta power did not 

differ during eyes-open epochs compared to eyes-closed epochs during the moving task 

(V = 64, p = .37, 𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 5.89, 𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 0.29; 𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 5.92, 𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 0.31, see 

Figure 5b), although occipital delta-theta had higher power during eyes-closed epochs 

compared to eyes-open epochs in the standing-still task (V = 31, p = .02, 𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 5.71, 

𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 0.26; 𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 5.85, 𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 0.33, see Figure 5e).   

𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 analyses of occipital delta-theta oscillations provided for similar results, 

showing that occipital delta-theta prevalence was not different during eyes-open epochs 

compared to eyes-closed epochs in the movement task (t (17) = -0.99, p = .34, 95% CI [-

0.68, 0.24], logit: 𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = -3.44, 𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 1.52; 𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = -3.22, 𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 1.68; raw: 

𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = .07, 𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 0.08; 𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = .08, 𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 0.08, see Figure 5b), although 

occipital delta-theta oscillations were again more prevalent when eyes were closed 

compared to when eyes were open in the standing-still task (t (17) = 3.05, p = .01, 95% 

CI [-1.47, -0.27], d = -0.59, logit: 𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = -4.15, 𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 0.60; 𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = -3.29, 

𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 1.18; raw: 𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = .02, 𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 0.01; 𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = .06, 𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 0.05, see 
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Figure 5e).  The findings, based on power and 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 taken together, support the 

frequency-specificity of occipital alpha suppression by vision: occipital delta-theta 

oscillations, unlike occipital alpha oscillations, were not affected, overall, by opening and 

closing eyes, although they did show a tendency toward greater prevalence during eyes-

closed compared to the eyes-open epochs when standing still.  In this way, we confirmed 

the frequency specificity of occipital alpha to eyes closed vs. eyes open more generally, 

with the caveat that occipital delta-theta showed decreases when the eyes were open 

during standing still. 

 
Figure 4.  Double dissociation of FM movement-related delta-theta and occipital 
visually suppressed alpha oscillations.  (a) FM delta-theta oscillations increased during 
movement, regardless of visual input, while occipital alpha was not responsive to 
movement.  (b) Occipital alpha oscillations were suppressed by opening eyes, while FM 
delta-theta oscillations did not change.  (c) When FM movement-related delta-theta 
oscillations were induced, FM alpha oscillations did not increase.  When the occipital 
alpha suppression was induced, occipital delta-theta oscillations did not change with 
movement.  These findings confirmed the frequency-specificity hypothesis.  (d) When 
FM movement-related delta-theta oscillations were induced, occipital delta-theta 
oscillations did not increase.  When the occipital alpha suppression was induced, FM 
alpha oscillations were also suppressed, but to a lesser magnitude (compared (b) and (d)).   
Notes: p < .10, *: p < .0199, **: p < .01, ***: p < .001, ****: p < .0001. 
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Figure 5.  Occipital alpha oscillations are suppressed by visual stimulation while FM 
delta-theta oscillations are not.  (a) Spatial distribution of z-scored alpha 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 
during eyes-closed epochs in the moving task.  (b) Power spectral density and  𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 
distribution by frequency in occipital ROI in the moving task.  (c) Power spectral density 
and  𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 distribution by frequency in frontal-midline ROI in the moving task.  (d) 
Spatial distribution of z-scored alpha 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 during eyes-closed epochs in the standing 
still task.  (e) Power spectral density and  𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 distribution by frequency in occipital 
ROI in the standing still task. (f) Power spectral density and  𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 distribution by 
frequency in frontal-midline ROI in the standing still task. 
 
 

Movement-related delta-theta increases are topographically specific 

To address whether FM delta-theta movement-related oscillations were 

topographically specific, we also wished to test whether movement-related delta-theta 

oscillations were specific to the frontal-midline region, and whether alpha suppression by 

vision was primarily limited to the occipital recording sites.  Overall, our analyses 
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supported the idea that FM movement-related delta-theta oscillations did not extend to 

the occipital region (see Figure 4d).  Although occipital delta-theta power was higher 

during movement compared to standing-still in the  eyes-open task (V = 139, p = .02, 

𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 5.83, 𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 0.24; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 5.76, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 0.25, see Figure 3c) and 

the eyes-closed task (V = 135, p = .03, 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 5.82, 𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 0.34; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 

5.76, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 0.36, see Figure 3f), this was not true for 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸.  Specifically, occipital 

delta-theta prevalence was not different during movement epochs compared to standing-

still epochs in the eyes-open task (t (17) = 1.29, p = .21, 95% CI [-0.19, 0.77], 

logit: 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = -3.67, 𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 1.36; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = -3.96, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 1.12; raw: 

𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = .05, 𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 0.06; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = .03, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 0.03, see Figure 3a,c) and 

eyes-closed task (t (17) = 1.27, p = .22, 95% CI [-0.19, 0.77], logit: 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = -3.61, 

𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 1.61; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = -3.90, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 1.73; raw: 𝑀𝑀𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = .05, 𝑆𝑆𝑆𝑆𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝐸𝐸𝑚𝑚𝑚𝑚 = 

0.05; 𝑀𝑀𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = 0.04, 𝑆𝑆𝑆𝑆𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠𝑠𝑠 = .04, see Figure 3d,f).  Given the oscillatory nature of the 

BOSC method we used to compute 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸, we believe that the movement-related 

occipital delta-theta power increases were likely caused by transients, but not oscillations, 

and therefore we conclude that FM movement-related delta-theta oscillations were 

topographically specific and restricted to the FM region (Figure 4c).   

Our next set of analyses looked at the topographical-specificity of occipital alpha 

suppression by vision.  The results, however, argued against the topographical specificity 

of occipital alpha suppression, and they showed that in the frontal-midline region, similar 

oscillatory changes manifested as in the occipital region.  Post-hoc comparisons revealed 

that FM alpha power was higher during eyes-closed epochs compared to eyes-open 

epochs in the moving task (V = 30, p = .01, 𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 4.71, 𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 0.29; 𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 4.84, 

𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 0.37, see Figure 5c) and the standing-still task (V = 35, p = .03, 𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 4.69, 

𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 0.48; 𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 4.82, 𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 0.53, see Figure 5f).  A closer look at the 

suppression induced by vision at FM recording sites showed that the FM alpha 

suppression was smaller in scale compared to the occipital alpha suppression.  In other 

words, the differences for alpha power between eyes-open and eyes-closed were smaller 

at the FM than at occipital regions, regardless of whether participants moved (t (17) = 

2.27, p = .04, 95% CI [0.02, 0.55], d = 0.54, 𝑀𝑀diff.FM = 0.12, 𝑆𝑆𝑆𝑆diff.FM = 0.21; 𝑀𝑀diff.occ = 
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0.41, 𝑆𝑆𝑆𝑆diff.occ = 0.50) or stood still (t (17) = 2.35, p = .03, 95% CI [0.04, 0.65], d = 0.55, 

𝑀𝑀diff.FM = 0.12, 𝑆𝑆𝑆𝑆diff.FM = 0.21; 𝑀𝑀diff.occ = 0.47, 𝑆𝑆𝑆𝑆diff.occ = 0.58).   

Analyses of  𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 also demonstrated the same pattern: FM alpha oscillations 

were more prevalent and sustained during eyes-closed epochs compared to eyes-open 

epochs in the moving (t (17) = 2.57, p = .02, 95% CI [0.12, 1.20], d = 0.41, logit: 𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 

-2.40, 𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 1.00; 𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = -1.75, 𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 1.14; raw: 𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = .11, 𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 0.09; 

𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = .19, 𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 0.13, see Figure 5c) and the standing-still task (t (17) = 2.06, p 

= .06, 95% CI [-0.01, 1.07], d = 0.29, logit: 𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = -2.31, 𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 1.28; 𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = -

1.79, 𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 1.56; raw: 𝑀𝑀𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = .13, 𝑆𝑆𝑆𝑆𝐸𝐸𝐸𝐸𝐸𝐸𝑚𝑚 = 0.14; 𝑀𝑀𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = .22, 𝑆𝑆𝑆𝑆𝑐𝑐𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 = 0.19, 

see Figure 5f and Figure 4d).  Such FM alpha prevalence changes were also smaller in 

scale compared to those of the occipital alpha prevalence, both when participants moved 

(t (17) = -2.70, p = .02, 95% CI [0.04, 0.34], d = 0.64, 𝑀𝑀diff.FM = 0.09, 𝑆𝑆𝑆𝑆diff.FM = 0.12; 

𝑀𝑀diff.occ = 0.28, 𝑆𝑆𝑆𝑆diff.occ = 0.31) and when they stood still (t (17) = -2.64, p = .02, 95% 

CI [0.04, 0.38], d = 0.62, 𝑀𝑀diff.FM = 0.09, 𝑆𝑆𝑆𝑆diff.FM = 0.12; 𝑀𝑀diff.occ = 0.29, 𝑆𝑆𝑆𝑆diff.occ = 

0.34).  These findings taken together suggested that alpha suppression induced by visual 

stimulation was present, to some extent, at FM recording sites, although to a lesser extent 

than occipital region.   

Discussion 

The principal finding of this study is that low-frequency (2 – 7.21 Hz) oscillations 

at the frontal-midline region have higher power and are more sustained during physical 

movement than when standing still on an omnidirectional treadmill coupled with 3D 

immersive virtual reality.  Such movement-related delta-theta oscillations are also more 

pronounced when visual input from the spatial environment is present.  Furthermore, we 

showed a double dissociation between FM delta-theta movement-related increases and 

occipital alpha suppression, suggesting their behavioral independence.  Our findings 

suggest that frontal-midline low-frequency oscillations can be induced by movement, via 

a combination of visual, vestibular, and proprioceptive information. 

We first compared the power and prevalence of FM delta-theta and occipital alpha 

during movement vs. standing still epochs.  We found that, during movement, FM delta-

theta oscillations had higher power, and were more sustained during free ambulation 

when compared to standing still, regardless of the presence of visual input.  Furthermore, 
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FM delta-theta oscillations were more prevalent when visual information was present 

compared to when absent.  In contrast, occipital alpha oscillations did not respond to 

movement when the eyes were closed, and were suppressed by movement when the eyes 

were open.  In contrast, FM delta-theta did not respond the suppression of visual input, 

regardless of whether participants were moving or standing still.  To rule out the 

possibility that what we observed as “FM delta-theta” movement-related increases were 

simply systematic recording noises caused by movement, we tested whether the increases 

of FM delta-theta oscillations were frequency-selective (i.e., extended to FM alpha), and 

whether the increases of FM delta-theta oscillations were topographically selective (i.e., 

extended to occipital delta-theta).  We confirmed that FM movement-related delta-theta 

did not extend to alpha band or occipital region. This was also confirmed by the strong 

presence of occipital alpha suppression, which occurred during both movement and 

standing still.  If oscillatory signals were merely a result of noise induced by movement 

on the treadmill, or noise from the headmounted display due to head movements, we 

would not expect to record selective increases in well-characterized alpha oscillations 

during visual suppression.  Thus, such findings also suggest that we overcome significant 

noise artifacts during ambulation with visual input to record biological oscillations with 

scalp EEG. 

Surprisingly, occipital alpha’s behavior deviated from our previous hypotheses of 

being uninfluenced by movement.  We found some evidence that occipital alpha 

oscillations were suppressed by movement with visual input, the opposite to the pattern 

we observed for FM delta-theta.  The size of the movement-induced occipital alpha 

suppression, though, was small compared to the suppression from eyes-opening.  

Furthermore, occipital alpha decreased during movement only in the very first task (see 

Figure 4a, 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 of alpha in the occipital recording sites in the “eyes-open” task).  One 

possible explanation is that occipital alpha, considered as the representation of cortical 

idling (Pfurtscheller et al., 1996), indexed the degree of  physical relaxation.  Movement 

on the treadmill in the very first task might be difficult for participants, and less 

cognitively demanding as other tasks rolled on.  Another plausible explanation is that 

such occipital alpha increases were volume conduction of somatomotor mu rhythms, an 

issue we consider in more detail shortly and explore in the supplementary material (see 
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Supplementary Figures S1& S2).  While future experiments would be needed to 

dissociate mu and alpha in more detail in our paradigm, the unexpected movement-

suppression of occipital alpha does not confound our interpretation of a double 

dissociation because it was in the opposite direction (still > movement) to FM delta-theta. 

We also found that alpha oscillations were suppressed by vision in the FM region, 

arguing somewhat against the topographical specificity of alpha in our tasks.  However, 

we do not think this rendered the occipital alpha suppression global or artifactual.    It is 

possible that alpha, as a particularly powerful and robust signal recorded with scalp EEG,  

may manifest more widely than at occipital cortex (Caplan et al., 2003a; Nunez et al., 

2001).  It could also be that FM alpha signals instead reflected resting-related mu 

oscillations (Pfurtscheller et al., 1996).  However, if the FM alpha oscillations were in 

fact mu oscillations, we might not have expected to see increases in such mu oscillations 

when participants closed vs. opened their eyes, given that mu rhythm over the 

sensorimotor cortex has been reported to manifest during resting vs. movement periods 

(Pfurtscheller et al., 1996).  Thus, in this way, while the FM alpha oscillations we 

reported have some similarities with mu oscillations, they also differed in other ways and 

as such cannot be considered bona fide mu oscillations. 

Taken together, the current study confirms that spatial navigation and ambulation 

are potential drivers of frontal-midline low-frequency oscillations in healthy human 

participants, with the salience of FM delta-theta during both visual input and ambulation 

compared to the other tasks in our study providing an indirect link to its role in 

navigation.  FM theta has been documented to be correlated with solving arithmetic tasks 

(Arellano & Schwab, 1950) , working memory maintenance and episodic encoding and 

retrieval (Hsieh & Ranganath, 2014b), and sensorimotor integration (Cruikshank et al., 

2012).  Active spatial navigation requires processing of incoming sensory stimuli and 

producing correct motor output, also known as sensorimotor integration (Bland & Oddie, 

2001a).  Although our past results argue against a sensorimotor explanation for 

hippocampal delta-theta oscillations (Vass et al., 2016), our findings cannot address this 

issue for FM delta-theta oscillations.  Active spatial navigation also requires the 

acquisition of landmarks and routes of the environment explored, which inevitably 

involves the cognitive processes of working memory maintenance, item encoding and 
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retrieval (Kahana, 2006).  Therefore, it is not surprising that FM theta oscillations are 

involved during movement.   

From the perspective of coherence between FM scalp theta and hippocampal theta 

oscillations, it is also not surprising that we found an association between FM delta-theta 

oscillations and movement.  Hippocampal low-frequency oscillations increase 

proportionately with running speed in rats (Czurkó et al., 1999), are modulated by 

locomotion and spatial navigation in humans (Bohbot et al., 2017a; Bush et al., 2017b; 

Ekstrom et al., 2005a; Watrous et al., 2011b, 2015), and locomotion-related theta 

increases are accompanied by increased cortico-hippocampal coherence (Young & 

McNaughton, 2009b).  This evidence suggests that FM delta- theta recorded with scalp 

EEG and hippocampal low-frequency oscillations recorded with invasive EEG may 

potentially share some functional similarities.  In this study, we did not localize the 

sources generating the movement-related delta-theta oscillations, but our results 

indirectly indicate that human midline cortex theta-band activities might also be driven 

by the same cognitive processes as those for hippocampal theta oscillations.  We believe 

that our study is the first to demonstrate FM movement-related delta-theta oscillations in 

a large-scale virtual environment with free ambulation and therefore greater ecological 

validity than desktop VR (Taube et al., 2013). 

Given that FM delta-theta oscillations are movement-related, an important 

question regarding the functional role of FM delta-theta oscillations arises.  Are they 

contributing to those cognitive processes unique to spatial navigation, for example, 

transformation between egocentric and allocentric representations (Gramann et al., 

2010)?  Further studies can investigate what behavioral and cognitive components in the 

context of treadmill movement coupled with VR modulate FM delta-theta increases, such 

as speed, task, or spatial view (Watrous et al., 2011b).  We also speculate that FM delta-

theta oscillations can be a potential carrier of spatial information during navigation, like 

distance from the start point or distance to goal (Bush et al., 2017b; Vass et al., 2016a).  

Additionally, it is intriguing that we observed increases in both delta and theta 

oscillations during free ambulation and spatial navigation, inconsistent with previous 

findings in  rats that midline cortical theta activities increase during locomotion coupled 

with decreases in delta band power in midline cortex (Green & Arduini, 1954).  Our 
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results of movement-related delta oscillations increases do not align with midline cortical 

delta decreases during locomotion in rats, and this will need to be addressed in future 

studies.    

Overall, our study provides novel evidence for a double dissociation between FM 

delta-theta and occipital alpha oscillations.  In our current study, we believe that this 

double dissociation shows the modularity and separability of movement-related low-

frequency activities, imposing stronger constraints on theoretical models   In contrast, we 

did not aim at demonstrating the exact number of cognitive processes underlying FM 

theta and occipital alpha, which is the most frequent purpose of double dissociations 

(Baddeley, 2003).  Rather, our study provides a strong rationale that the FM delta-theta 

oscillations we recorded arise from biological rather than noise-based signals and are 

evoked by distinct aspects of our tasks.  Our study thus provides a means of investigating 

recording quality during ambulation with an HMD on a treadmill, both of which produce 

significant electrical noise contamination, by employing occipital alpha oscillations as a 

potential control comparison.  Our findings also expand our understanding of the 

behavioral correlates of frontal-midline low-frequency oscillations, and the neural 

correlates of spatial navigation involving vestibular input.   
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Fig. S1 & S2 Alpha oscillations increased during standing still compared to moving when 
the eyes were open in both in the occipital alpha IC (left) and somatomotor mu IC (right). 
These findings support two possible explanations: that the unexpected increases of 
occipital alpha during standing-still might be volume conducted from somatomotor mu 
rhythms, or might arise itself from occipital alpha oscillations.  Please see Discussion for 
more details. 
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Fig. S3 Movement-related delta (2 - 3.54Hz) and theta (4.08 - 7.21Hz) power both 
increased in the eyes open/alternating movement task.  Analyzing delta and theta 
frequencies separately did not change the overall findings.  See Table S1 for statistics. 
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Fig. S4 Movement-related delta (2 - 3.54Hz) and theta (4.08 - 7.21Hz) 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 increases 
in the eyes open/alternating movement task.  Analyzing delta and theta frequencies 
separately did not change the overall findings.  See Table S1 for statistics. 
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Fig. S5 Scalp topography of z-scored 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 changes (movement > still) in the eyes 
open task.  Delta movement-related oscillations had visually similar topography as those 
in the theta band. 

 
 
 
 
 
 
Table S1 

Summary of Power and 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 comparisons 
 using delta and theta bands 
Frequency Measures Statistics p values 

Delta 
 

Power Z = 3.64 .0003 

𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 t (17) = 3.45 .0030 

Theta Power Z = 3.24 .0012 

𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 t (17) = 2.92 .0096 

Note: p values are uncorrected. Tests of power based on  
Wilcoxon signed-rank tests, and tests of 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 based on paired t-tests.  
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Abstract 

Judging how far something is and how long it takes to get there are critical to memory 

and navigation. Yet, the neural codes for spatial and temporal information remain 

unclear, particularly the involvement of neural oscillations in maintaining such codes. To 

address these issues, we designed an immersive virtual reality environment containing 

teleporters that displace participants to a different location after entry. Upon exiting the 

teleporters, participants made judgements from two given options regarding either the 

distance they had travelled (spatial distance condition) or the duration they had spent 

inside the teleporters (temporal duration condition). We wirelessly recorded scalp EEG 

while participants navigated in the virtual environment by physically walking on an 

omnidirectional treadmill and traveling through teleporters. An exploratory analysis 

revealed significantly higher alpha and beta power for short distance versus long distance 

traversals, while the contrast also revealed significantly higher frontal midline delta-

theta-alpha power, and global beta power increases for short versus long temporal 

duration teleportation.  Analyses of occipital alpha instantaneous frequencies revealed 

their sensitivity for both spatial distances and temporal durations, suggesting a novel and 

common mechanism for both spatial and temporal coding.  We further examined the 

resolution of distance and temporal coding by classifying discretized distance bins and 

250ms time bins based on multivariate patterns of 2-30 Hz power spectra, finding 

evidence that oscillations code fine-scale time and distance information.  Together, these 

findings support partially independent coding schemes for spatial and temporal 

information, suggesting that low-frequency oscillations play important roles in coding 

both space and time. 

Keywords: spatial cognition, temporal cognition, mobile EEG, virtual reality, theta 

oscillations, alpha frequency  
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Common and distinct roles of frontal midline theta and occipital alpha oscillations in 
coding temporal intervals and spatial distances 

 

Introduction 

Background 

 Tracking where we are in space and time is important for both navigation and 

episodic memory (Eichenbaum & Cohen, 2014a; Ekstrom & Isham, 2017; Robin & 

Moscovitch, 2014; Tulving, 2002). However, it is not clear what neural mechanisms are 

recruited for spatial and temporal coding in humans and whether they share similar 

coding principles (Ekstrom & Isham, 2017; Frassinetti et al., 2009; Walsh, 2003). 

Movement, either physical or imagined, is a core part of both our sense of space and 

time, and induces robust hippocampal low-frequency oscillations (3-12Hz) in both rats 

(Vanderwolf, 1969a) and humans (Bohbot et al., 2017b; Ekstrom et al., 2005b; Goyal et 

al., 2020; Jacobs, 2013a; Watrous et al., 2011a). Because movement typically involves 

changes in both space and time, one possibility is that low-frequency oscillations play a 

role in coding both variables.   

Past investigations have established an important role for hippocampal theta 

oscillations in coding spatial distance in humans but evidence is lacking for the role of 

neocortical theta oscillations in distance coding. For example, hippocampal theta power 

increases linearly with the amount of distance travelled in virtual reality (Bush et al., 

2017c; Vass et al., 2016b), cross-regional theta connectivity plays a critical role in 

judgments of relative spatial distance (Kim et al., 2018), and theta network connectivity 

differentiates distance from temporal contextual retrieval (Watrous et al., 2013). 

However, it is not clear whether neocortical theta oscillations can code spatial distance in 

a similar fashion, and if scalp EEG can reveal such a cortical theta distance code.   

In addition, while past studies have established a role for low-frequency oscillations 

in spatial distance coding, their role in representing temporal durations remains less clear. 
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The medial temporal lobes (MTL) of rodents are capable of internally generating 

representations that track time passage (Itskov et al., 2011; MacDonald et al., 2011; 

Pastalkova et al., 2008; Y. Wang et al., 2015). Given the strong presence of delta and 

theta oscillations in MTL, it is possible that low-frequency oscillations contribute to 

temporal duration coding and that such a time code can manifest in neocortical low-

frequency oscillations as well. Past studies have also revealed a role for cortical beta 

oscillations in supporting duration reproduction in humans, such as the finding that 

increased alpha-beta coupling strengths yield better time reproduction precision (Grabot 

et al., 2019), and higher beta power recorded with scalp EEG predicts longer reproduced 

durations (Kononowicz & van Rijn, 2015).  Therefore, both delta-theta and beta band 

oscillations are strong potential candidates specifically dedicated to temporal duration 

coding, or both spatiotemporal coding, an issue we seek to resolve here.  Beside low-

frequency power changes, another possible oscillatory timing mechanism is alpha 

frequency modulation. Alpha frequency variations manifest independently of changes in 

alpha power (Samuel et al., 2018), and alpha frequency modulation has been implicated 

in the temporal resolution of visual perception (Cecere et al., 2015; Samaha & Postle, 

2015). Nonetheless, how alpha frequency fluctuations relate to duration timing remains 

unclear and unresolved. 

Objectives 

In this current study, we aim at experimentally dissociating the spatial distance and 

temporal duration information available to participants.  Then, we examine whether and 

how low-frequency oscillations support spatial distance and temporal duration coding, 

and whether such spatiotemporal processing shares similar coding schemes. To address 

these research questions, we developed a teleportation task in an immersive and 

ecologically enriched virtual environment (Figure 1), largely similar to the experimental 

design in Vass et al. (2016) and capable of disentangling spatial and temporal 

information. In this task, participants entered a virtual teleporter, were presented with a 

black screen for a couple of seconds, and then exited at a different location in the virtual 
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environment. After exiting, participants were prompted to make a binary-choice 

judgment regarding the distance they were transported inside the teleporter (the spatial 

distance task) or how long the duration was they spent inside the teleporter. By 

manipulating the distance and duration information independently, we disentangled 

participants’ memory for spatial distance from that of temporal duration. This in turn 

allowed us to examine their neural correlates separately. In addition, participants 

navigated around the virtual reality by physically walking on an omnidirectional 

treadmill while wearing a head mounted display, allowing us to study the relationship 

between cortical oscillations and spatiotemporal processing under more ecologically 

enriched conditions. 

Hypotheses 

We tested two primary hypotheses. First, for the within-task difference 

hypothesis, we tested whether cortical oscillatory power (2-30Hz) and occipital alpha 

frequencies responded differently within tasks, i.e., judging short vs. long spatial 

distance, or short vs. long temporal durations. Second, for the between-task difference 

hypothesis, we tested whether such oscillatory codes differed between tasks, i.e. for 

spatial distance vs. temporal duration judgments, which might further support the ideas of 

independent codes (Watrous et al., 2013) vs. a common magnitude estimation mechanism 

(Walsh, 2003) for spatiotemporal coding. Together, these analyses allowed us to address 

to what extent the coding for spatial distance and temporal durations involves common 

vs. distinct neural mechanisms. 
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Figure 1. Spatial and temporal teleportation tasks, and virtual reality (VR) setup. (A) 
Layout of the VR and the possible entry locations of teleporters. (B) A view of the virtual 
environment, and the VR-scalp EEG setup. (C) Task flow in the spatial task. Participants 
were either teleported a short or long distance inside teleporters while standing still. (D) 
Task flow in the temporal task. Participants either experienced a short (4 seconds) or long 
(8 seconds) duration inside teleporters while standing still. 
 
 

Materials and Methods 
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This study was approved by the Institutional Review Board at the University of 

Arizona, and all participants provided informed consent.  The data analyzed in this study 

are available at https://osf.io/3vxkn/. 

Participants 

We tested 19 adults (seven women, twleve men) from the Tucson community. 

Because this is the first investigation of its type (scalp-recorded oscillatory correlates of 

spatiotemporal processing), it is difficult to estimate exact effects sizes needed to 

determine the sample size.  Therefore, we based our sample size on a previous study in 

which we observed movement-related changes in low-frequency oscillations during 

navigation (Liang et al., 2018).  Participants received monetary ($20/hour) and/or class 

credit for compensation. Prior to testing, participants received a virtual reality training 

session, which involved 30 minutes of walking on the omnidirectional treadmill with a 

head mounted display on. We implemented the training to screen out participants with 

potential susceptibility to cybersickness. 

 

Stimuli, Apparatus and Virtual Reality 

The virtual environment was constructed with the Unity Engine and rendered with 

an HTC Vive headset.  Immersive walking experiences were simulated with an 

omnidirectional treadmill (KAT VR Gaming Pro, KAT VR, Hangzhou China). Physical 

walking motions on the omnidirectional treadmill were translated into movements in the 

virtual reality. 

 The size of the virtual environment was 560 x 560 virtual square meters.  The 

layout of the virtual environment was a plus (+) sign (Figure 1A), with four arms 

extending from the center. Four target stores were placed at the end of each arm (Cookie 

Shop, Dream Laundry, Antique Store, and Travel Shop).  Identical filler buildings were 

placed along each arm.  

The entry point to the teleporters was rendered as a purple circle.  When 

participants “collided” with teleporters in the virtual reality, they initiated a teleportation 
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event.  During teleportation, they stood still for a few seconds while viewing a black 

screen on the head-mounted display, and eventually exited at the center of the plus maze.   

 

Behavioral Tasks 

Participants completed two tasks: a spatial distance task and a temporal duration 

task. In the spatial task, the teleporters displaced the participants with one of the two 

possible spatial distances while the teleportation duration was kept constant. In the 

temporal task, the teleportation process could last a short (4 seconds) or long (8 

seconds) duration, while the teleporters transported the participants a fixed distance.  

Each task involved 48 trials.  Both tasks involved a navigation phase, a teleportation 

phase, and a judgment phase. 

Navigation phase.  At the beginning of a trial, participants started at the center of 

the plus maze and navigated to a target store. The target store was either specified for the 

first trial, or it needed to be determined for the following trials. When arriving at the 

target store, participants entered a dummy teleporter in front of the target store.  This 

involved showing a black screen for 4 seconds and rotating participant’s camera angle by 

180 degrees.  This dummy teleporter was set up to timestamp participants’ arrival times 

on the EEG and was not used in any subsequent analyses.  If participants arrived at the 

wrong store, the dummy teleporters sent participants back to the center of the plus maze 

and they searched for the store again. During the navigation phase, no teleporters were 

visible except for four dummy teleporters in front of four target stores to detect arrivals at 

the correct store.  

Teleportation phase.  After navigating to the target store, participants then walked 

up to and entered a new teleporter spawned in front of the target store. In the spatial 

distance task, for long distance trials, the teleporters spawned 200 virtual meters away 

from the center of the plus maze, and for short distance trials, the teleporters spawned 

100 virtual meters away from the center. In the temporal duration task, the teleporters 

spawned 144 meters away from the center.  Upon entering the teleporter, participants 
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stood still, with the camera fading to a completely black screen in 200 milliseconds.  

They viewed the black screen for a specific duration (spatial task: 5.656 seconds, and 

temporal task: 4 or 8 seconds).  Then participants reemerged at the center of the plus 

maze, with their camera fading from pure black to the view standing at the center of plus 

maze, in 200 milliseconds. 

Judgment phase.  After exiting the teleporter, written instructions were provided 

to the participants by showing a billboard message overlaid on top of the virtual reality 

view.  The instructions were used to decide which target store to visit for the current trial. 

For the spatial task, instructions were: "If far distance, go find store A. If short distance, 

go find store B." For the temporal task, instructions were: "If long time, go find store A. If 

short time, go find store B."  The instructions in the virtual reality disappeared when 

participants walked further than 55 meters away from the center of the plus maze. By 

asking participants to judge spatial distance and temporal durations, we ensured that they 

maintained these two task-relevant variables. 

Parameters for the behavioral tasks.  For the spatial task, the duration of 

viewing the black screen was 5.656 seconds for both long distance and short distance 

trials.  Short distance was defined as teleporting 100 meters and long distance was 

defined as teleporting 200 meters and (Figure 1C). For the temporal task, the distance 

teleported was kept constant, at 141.4 meters. For short duration trials, participants 

viewed 4 seconds of a black screen during teleportation, while for long duration trials, 

they viewed 8 seconds of a black screen (Figure 1D). We selected these parameters for 

our spatial and temporal tasks to ensure the average teleportation speeds were the same 

between spatial and temporal tasks: the average teleportation speed for the spatial task 

was 1
2

 × (200 meters/5.656s + 100 meters /5.656s) ≈ 26.52 m/s while the average speed 

for the temporal task was 1
2

 × (141.4 meters/8s + 141.4 meters/4s) ≈ 26.51 m/s).  This 

is because movement speed has been shown to affect low-frequency oscillations 

(Caplan et al., 2003b) and thus we attempted to control for movement speed during 

teleportation. 
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The order of short/long trials were pseudorandomized across the 48 trials. Short 

and long teleportation each had 24 trials, with each target store visited 12 times. Two 

sets of short/long orders were generated so that spatial and temporal tasks did not use 

the same set of short/long sequences. The order of task types, and the short/long 

sequence sets, were counterbalanced across participants.  Before starting the main 

experiment, participants were shown three examples each: short distance teleportation, 

long distance teleportation, short temporal duration teleportation, and long temporal 

duration teleportation.  Some participants repeated this practice procedure until they 

reported understanding the differences between short/long trials. 

After each block of 12 trials, participants had the option to take a short break of 3 

minutes.  When participants took a break, we first asked participants to stand still and 

relax for 90 seconds on the omnidirectional treadmill while wearing the head-mounted 

display and viewing a black screen.  Then we recorded the 90 second EEG data as the 

baseline.  Pooling across the spatial and temporal tasks, we recorded, on average, 

364.74 seconds (SD: 183.64 seconds) of EEG baseline data. 

 

EEG Acquisition and Preprocessing  

The continuous EEG was recorded with a 64-channel BrainVision ActiCAP 

system, which included a wireless transmission MOVE module, and two BrainAmp 

amplifiers (BrainVision LLC, Morrisville, NC).  We recorded from 64 active electrodes, 

placed on the scalp according to the international 10-20 system.  The reference electrode 

was located at FCz, and no online filter was applied to the recordings.  Before the 

experimenter proceeded to start the recordings, impedances of all 64 electrodes were 

confirmed below 5kΩ.  

Preprocessing and analyses were performed with EEGLAB (Makeig et al., 2004), 

and customized codes in MATLAB. No offline re-referencing or interpolation of 

electrodes was performed on the continuous data.  A 1650th order Hamming windowed 

sinc finite impulse response (FIR) filter was performed for 1-50Hz bandpass filtering on 
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the continuous data using the EEGLAB pop_newfilt() function, with a transition 

bandwidth of 1 Hz, the passband edges of 1 and 50 Hz, and cut-off frequencies (-6dB) of 

0.5 and 50.5 Hz. Artifact subspace reconstruction (ASR) was then applied to the filtered 

continuous data, with the EEGLAB clean_asr() function, to repair large amplitude spikes 

that were 5 standard deviations away from the clean segments of the continuous data. 

 

EEG Epoching and Segmentation 

The continuous EEG data were segmented using a time window aligned with the 

start and ends of teleportation (not including the fade-to-black or fade-to-clear 200ms 

windows).   This segmentation procedure yielded 48 epochs with a length of 5.656 

seconds for the spatial task, and 48 epochs with a length of either 4 or 8 seconds for the 

temporal task.  No baseline correction was applied.  To keep the number of trials 

constant across participants, we did not reject trials based on incorrect behavioral 

responses.  We did not reject trials based a voltage threshold because we mainly used 

independent component analysis to correct artifacts, as described below.   

 

Artifact Correction with Independent Component Analysis (ICA) 

ICA with the infomax algorithm was performed in EEGLAB to correct artifacts.  

Note that we ran ICA on the artificial “continuous data structure” by concatenating all 

the data in the distance task, time task, and the resting baseline task.  Our motivation 

was data in those three tasks should receive identical ICA correction procedure.  We 

used an automatic component selection procedure, ICLabel (Pion-Tonachini et al., 

2019) to avoid experimenter bias in identifying noisy components.  Components were 

rejected automatically if they had labels of “Muscle”, “Eye”, “Heart”, “Line Noise”, or 

“Channel Noise” if their probability was higher than 90% for being one of those labels. 

On average, 8.84 (13.81% of all components, SD: 3.91) components were rejected. 

 

Time Frequency Analysis 
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Power measures for delta, theta, alpha, and beta bands.  We estimated the 

instantaneous power during the teleportation windows with 6-cycle Morlet Wavelets 

using code from Hughes, Whitten, Caplan, and Dickson (2012). We sampled frequencies 

from 2 to 30 Hz in 20 logarithmic frequency steps, i.e., 2 Hz, 2.31 Hz, 2.66 Hz, 3.07 Hz, 

and 3.54 Hz for delta band, 4.08 Hz, 4.70 Hz, 5.42 Hz, 6.25 Hz and 7.21 Hz for theta 

band, 8.32 Hz, 9.59 Hz, and 11.06 Hz for alpha band, 12.76 Hz, 14.71 Hz, 16.96 Hz, 

19.56 Hz, 22.56 Hz, 26.01 Hz, and 30 Hz for beta band.  Zero paddings were added to 

both ends of the signal.  No baseline correction was applied to the power estimates.  

Logarithmic transform with a base of 10 was applied to the obtain power values before 

averaging.  Mean power for each band was measured as log power averaged across 

timepoints within the teleportation window, across frequencies within a band, and across 

trials of interest.  

Cluster-based permutation tests for multiple comparison correction.  Cluster-

based permutation tests (Maris & Oostenveld, 2007) were used to determine the 

statistical significance between the mean power values for short vs. long trials. 

Correction for multiple comparisons was implemented in Fieldtrip. First, to identify 

uncorrected significant power contrasts, 64(electrodes)*4(frequency bands) = 256 

Wilcoxon signed rank two-tailed tests were performed, alpha = 0.05. Clusters were found 

by connecting significant sample pairs (electrode x frequency bands) with spatiospectral 

adjacency (minimum neighbor of channels was set to 0), and cluster-level statistics were 

computed using a weighted-sum (Hayasaka & Nichols, 2004) of all the z values returned 

by Wilcoxon signed rank tests within a cluster.  Second, a surrogate distribution of 

cluster-level statistics was generated by randomly shuffling condition labels 1000 times 

on the subject level and retrieving the maximum cluster-level test statistic for each 

permutation. Third, p values of the observed cluster statistics were obtained by 

benchmarking to the surrogate distribution. Empirical clusters with a p value smaller than 

0.025 (either left tail or right tail) were be reported.   
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We chose the nonparametric Wilcoxon signed rank tests over the parametric paired 

t tests because the normality assumption for t tests was violated. For all the power spectra 

contrast we conducted, all the power spectra differences showed a distribution different 

from normal distributions (one sample Kolmogorov-Smirnov test, alpha = 0.05, all p’s < 

0.01). In the results reported in which we employed the Wilcoxon signed rank tests, 

medians instead of means were reported. 

Effect sizes calculation. Cohen’s d was used as an estimate for effect sizes. For a 

within-participant paired comparisons between condition 1 and condition 2, we estimated 

the effect sizes using the following formula:  

 d =   
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(𝑐𝑐𝑐𝑐𝑚𝑚𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑚𝑚1) −𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(𝑐𝑐𝑐𝑐𝑚𝑚𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑚𝑚2)

𝑠𝑠𝑐𝑐𝑐𝑐(𝑐𝑐𝑐𝑐𝑚𝑚𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑚𝑚1 − 𝑐𝑐𝑐𝑐𝑚𝑚𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑚𝑚2)
 

 

Frequency measures for alpha (8-12 Hz) band.  To estimate alpha frequency, we 

used a frequency sliding technique (M. X. Cohen, 2014) to estimate the alpha frequency 

fluctuations. We first used a 125th order finite impulse response (FIR) 8-12 Hz bandpass 

filter (using MATLAB firls() function) on the segmented EEG data, with a transition 

bandwidth of 1.2 and 1.8 Hz, the passband edges of 8 and 12 Hz, and cut-off frequencies 

(-6dB) of 7.12 and 12.98 Hz. We then employed the Hilbert Transform on the filtered 

segmented EEG data to obtain the instantaneous phase estimates of alpha oscillations 

during teleportation windows. Instantaneous frequencies at timepoint t were estimated as 

  

 𝑓𝑓𝑚𝑚 =  𝜑𝜑𝑡𝑡− 𝜑𝜑𝑡𝑡−1
2π 

× 𝑠𝑠 (1) 
 
where f is the estimated instantaneous alpha frequency, φ is the estimated phase, and s is 

the EEG sampling rate. Here, we defined and estimated the instantaneous frequencies 

based on how many cycles the phase of alpha oscillations could go through in 1 second.  

Then, to smooth the frequency estimates, we applied a 10th order median filter. We 

dropped the frequency estimates for the first 100ms and last 100ms for every trial 

because of potential inaccurate estimates of frequencies at the edges of signal. 
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We selected the following occipital electrodes to analyze their alpha frequency 

based on two criteria: visible alpha prevalence in the raw traces and an identical cluster of 

occipital electrodes to what we used in our past study (Liang et al, 2018).  These 18 

electrodes corresponded to: Pz, P3, P7, O1, Oz, O2, P4, P8, P1, P5, PO7, PO3, POz, 

PO4, PO8, P6, P2, and Iz. 

Alpha frequency for each behavioral task is measured as alpha frequency 

estimates averaged across timepoints during the windows of interest, averaged across 

electrodes of interest, and averaged across trials of interest. To compare the alpha 

frequency variations between two conditions, we submitted the averaged alpha 

frequencies of 19 participants to two-tailed Wilcoxon signed rank tests (alpha = 0.05.) 

Six Wilcoxon signed rank tests were conducted, and the p values reported in the results 

section were FDR corrected (Benjamini & Yekutieli, 2001; Groppe, 2021), with the false 

discovery rate set to 0.05. 

 

Classification Analyses 

Binary classification of the duration/distance types.  To further confirm the role 

of frontal midline delta-theta oscillations in spatial and temporal judgments, a binary 

support vector machine (SVM) classifier was used to decode the types of teleportation 

using power of delta, theta, alpha and beta band, averaged at specific electrodes. For delta 

power, theta power, and alpha power, 4 electrodes around frontal midline region were 

selected (Fz, FC1, Cz, FC2.) For beta power, all available electrodes (64 electrodes) were 

chosen. Binary SVM classifiers were implemented in MATLAB, with the function 

fitcsvm(), with the kernel function set up as linear.  Three decoding tasks on a within-

subject level were implemented: 1) decoding whether the trial was from teleportation 

trials involving short or long distance, 2) decoding whether the trial was from short 

duration trials, or the 4-8second portions of long durations trials in the time task, and 3) 

decoding whether the trial was from short duration trials or the 0-4 second portions of 

long durations trials.  The ratio of train-test split for each iteration was 67%-33%. The 
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training-testing sampling procedure was reiterated 1000 times for each participant, and 

for each decoding task.  An accuracy percentage score was calculated using the predicted 

and actual labels of the testing data.  The final decoding accuracy scores for 19 

participants were submitted to two-tailed Wilcoxon signed rank tests, against the null 

hypothesis that the decoding accuracy was 50%.  In total, 12 tests were conducted in the 

binary classification analysis, and the p values were FDR corrected (Benjamini & 

Yekutieli, 2001; Groppe, 2021), with the false discovery rate set to 0.05. 

Additionally, we implemented a between-task classifier (space vs. time tasks) on an 

between-participant level. We combined trials from the space task and the time task 

across 19 participants, resulting in a dataset of 19x2x48 = 1824 trials. Then, we tested 

whether we could successfully decode the task labels using the 1824-trial dataset. By 

performing the classification on an between-participant level (with the task orders were 

counterbalanced), we avoided the possible confound of systematic drift over the course of 

experiment, which could have affected our decoding accuracy due to the blocked nature 

of the spatial vs. temporal judgments in our design (Benwell et al., 2019). For features 

used for training classifiers, we employed the 2-30 Hz power spectra from 64 electrodes 

averaged within each trial, resulting in 20*64 = 1280 features. The ratio of train-test split 

for each iteration was 67%-33%. The train-test split was repeated 100 times. To 

determine the statistical significance of decoding accuracy, we submitted the accuracies 

from 100 iterations to a two-tailed Wilcoxon signed-rank test against the null hypothesis 

of 50%.  

Fine-scale time decoding analyses.  To examine whether continuous time codes 

were present in the scalp EEG signal, SVM classifier was trained to decode times 

beginning at the onset of teleportation using the 2-30 Hz power spectra from 64 

electrodes.  The SVM algorithm was implemented in MATLAB using the fitcecoc() 

function, with coding style as ‘onevsall’, and other parameters as default. 

250-millisecond timebins were extracted by discretizing 2-30 Hz power estimates.  

The size of timebins was chosen as the same one used by Bright et al. (Bright et al., 
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2020).  Therefore, short/long distance teleportation trials (5.656 seconds) yielded 22 bins 

(22 * 250ms = 5.5 seconds, the last 156ms of data were dropped), short temporal duration 

trials (4 seconds) yielded 16 bins, and long temporal duration trials (8 seconds) yielded 

32 bins.  For the resting baseline data (90 seconds long for each resting session), we 

broke 90 seconds into continuous segments of 4 seconds, and from there, each 4s of 

baseline data were segmented into 16 bins. 

Power estimates within each time bin were averaged over time, and the resulting 

power spectra within each bin were used to train classifiers. The number of features were 

20 frequencies x 64 electrodes = 1280 features. For each classification iteration, train-test 

split ratio was 75%-25%.  To increase the independence between training sets and testing 

sets, a consecutive block of trials was reserved as the testing data, and the rest of data 

was used for training. Given our way of splitting the data, we were able to reiterate the 

classification procedure limited number of times: for the distance task, the procedure was 

repeated 37 times; for the short interval and long interval trials, 19 times; and for the 

baseline task, 16 times. 

We calculated the accuracy score by summing how many correct predictions were 

made in 100 iterations for each timebin label.  The accuracy scores were then averaged 

across all iterations yielding a final accuracy score for each participant.  Given that 

number of timebins were different across the distance task, time task and baseline task, 

comparisons between them would be difficult. We standardized the accuracy scores as 

the accuracy ratios by dividing them against the chance level performance (ratios = 
𝑐𝑐𝑠𝑠𝑐𝑐𝐸𝐸𝐸𝐸𝐸𝐸𝑐𝑐𝐸𝐸𝑐𝑐𝑐𝑐𝑚𝑚𝐸𝐸𝐸𝐸𝑚𝑚 𝑐𝑐𝑐𝑐𝑐𝑐𝑎𝑎𝑎𝑎𝑐𝑐𝑐𝑐𝑎𝑎

𝑐𝑐ℎ𝑐𝑐𝑚𝑚𝑐𝑐𝐸𝐸 𝑠𝑠𝐸𝐸𝑚𝑚𝐸𝐸𝑠𝑠
).  For the distance task time decoder, the chance level was 1/22 = 

~4.55%; for decoding time in short temporal duration trials, the chancel level was 1/16 = 

6.25%; for decoding time in long duration trials, the chance level was 1/32 = 3.125%, 

and for decoding time in the baseline data, the chance level was 1/16 = 6.25%.  

To test whether we successfully decoded fine-scale temporal information above 

chance, we submitted the standardized accuracy ratios for 19 participants to a two-tailed 

Wilcoxon signed rank tests against the null hypothesis that the accuracy ratios were 
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different from 1.  Ten signed rank tests were performed for this hypothesis, and the p 

values were FDR corrected (Benjamini & Yekutieli, 2001; Groppe, 2021), with the false 

discovery rate set to 0.05. 

To visualize the time decoder performance and the posterior probability 

distribution, we calculated a N x N (N = the number of time bins) matrix to summarize 

the time decoder prediction outputs.  For element (i,j) in the matrix, the value represented 

the probability of a time bin #i was predicted as time bin #j.   

Calculation of Absolute Decoding Errors in the Fine-scale Time Analysis. After 

retrieving the posterior probability distribution of decoding responses (the NxN matrix, 

where N is the number of bins), we calculated the absolute decoding errors for each time 

bin, using the following equation: 𝑚𝑚𝑒𝑒𝑒𝑒𝑐𝑐𝑒𝑒𝑠𝑠 =  ∑ 𝑝𝑝𝐸𝐸 ∗ |𝑐𝑐 − 𝑗𝑗| ∗ 𝑏𝑏𝑐𝑐𝑚𝑚𝑆𝑆𝑐𝑐𝑏𝑏𝑚𝑚𝑚𝑚
1 , where 𝑚𝑚 is the 

number of bins, 𝑐𝑐 are the possible decoder responses, 𝑝𝑝𝐸𝐸 is the posterior probability for 

response 𝑐𝑐,  the ground truth bin index is 𝑗𝑗, and 𝑏𝑏𝑐𝑐𝑚𝑚𝑆𝑆𝑐𝑐𝑏𝑏𝑚𝑚 is the size of time bin.  After 

obtaining the decoding error curve (as a function of the ground truth bin labels), we fitted 

the error curve with linear regression. The p values of the slope were reported in the 

results section. 

Fine-scale distance decoding analyses.  To examine whether continuous distance 

codes were also present in the scalp EEG power, we discretized data from spatial 

distance teleportation trials into multiple small “distance” bins and trained SVM 

classifiers with 2-30Hz power spectra averaged within each distance bin.  

To avoid the confounded decoding of fine-scale distance and time, we selected data 

with only maximal overlap in conceptual distance updating but with zero overlap in the 

temporal dimension. We selected the 0-2.828s portions of short distance trials, and 

2.828s- 4.242s portions of long distance trials. While they did not overlap in time ranges, 

they conceptually covered the same range of spatial distance (see Figure 6A). After the 

data selection, the 2-30Hz power series of both short and long distance trials were 

discretized into 11 distance bins, with each distance bin covering 4.42m of distance. For 

short distance trials, each distance bin occupied 248ms (with a sample rate of 500Hz, 
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248ms = 124 sampling points), and for long distance trials, each distance bin occupied 

248/2 = 124ms (124ms = 62 sampling points).  Power estimates within each time bin 

were averaged.  We trained multiclass SVM classifiers with 1280 power spectra features 

(64 electrodes x 20 frequency). For each classification iteration, 75% of the trials were 

selected as the training data and 25% of the trials were reserved as the testing data.  To 

increase the independence between training sets and testing sets, a consecutive block of 

trials was reserved as the testing data, and the rest of data was used for training. We were 

able to reiterate the classification procedure 37 times.   The resulting classification 

accuracy ratios were averaged across the 37 iterations for each participant, and the 19 

participant scores were submitted two-tailed Wilcoxon signed rank tests testing whether 

they were significantly different than 1.  

 

Results 

Participants correctly judged spatial and temporal teleportation durations with high 

accuracy 

  Participants performed well above chance in both the spatial and temporal 

teleportation tasks.  For the spatial task, out of 48 trials, participants on average made 

0.68 errors (SD = 0.89) in judging how far the distance they travelled at the first attempt.  

For the temporal task, out of 48 trials, participants on average made 1.79 errors (SD = 

2.51) in judging how long they spent inside teleporters. On average, participants finished 

the spatial task within 53.46 (SD = 12.73) minutes and the temporal teleportation task 

within 52.35 (SD = 9.24) minutes.     

 

Within-task comparisons: Longer distances traveled associated with decreases in 

alpha and beta power compared to shorter distance traversals 

  We first tested the within-task difference hypothesis in the spatial distance task. 

We compared delta, theta, alpha and beta power between short distance and long distance 
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teleportation trials, and used a cluster-based permutation test for multiple comparison 

correction. When comparing short distance vs. long distance trials, the permutation test 

returned a cluster with a p value of 0.015. For short distance trials, we found higher alpha 

power at central electrodes (Figure 2A, Pz, CP2, Cz, CPz, Cohen's d: 0.55, averaged 

log10 alpha power for short distance: [median±SD] = 4.99±0.34, long distance: 

4.91±0.32) and higher beta power over central-posterior electrodes (Cohen's d: 0.91, 

averaged beta power for short distance: [median±SD] = 4.51±0.26, long distance: 

4.50±0.26.)  These findings support a possible role for alpha and beta power changes in 

spatial distance coding. 

  

Within-task comparisons: Longer temporal durations were associated with frontal 

delta-theta-alpha power and global beta power decreases compared to shorter 

temporal durations 

We then tested the within-task difference hypothesis for temporal duration 

teleportation by comparing the power spectra between short duration and long duration 

trials (Figure 2B). The cluster-based permutation test returned a positive cluster (p < 

0.001). This effect was most pronounced over frontal midline electrodes for delta power 

(Cohen's d: 1.03, short duration: [median±SD] = 4.47±0.22, long duration: 4.42±0.23), 

over frontal electrodes for theta power (Cohen's d: 0.97, short duration: [median±SD] = 

4.86±0.19, long duration: 4.83±0.20), and over frontal electrodes for alpha power 

(Cohen's d: 0.98, short duration: [median±SD] = 4.35±0.24, long duration: 4.32±0.25).  

We also found global beta power changes (Cohen's d: 1.63, short duration: [median±SD] 

= 4.59±0.25, long duration: 4.55±0.26.)  

To further confirm the role of frontal midline theta oscillations in duration timing, 

we trained a binary classifier to decode types of temporal durations in the teleporter 
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(Figure 3). We successfully decoded whether a trial was a short duration trial or the 4-8 s 

portion of a long duration trial (Figure 3A, classifiers trained with frontal-midline delta 

power: [median±SD] = 64.40±9.89%, frontal-midline theta: 65.42±11.68%, frontal-

midline alpha: 69.34±10.89%, global beta: 88.76±7.51%, all pcorrected = 0.002). However, 

we could not decode the distance travelled in the teleporter significantly above chance 

(Figure 3B, classifiers trained with frontal-midline delta power: 52.93±5.09%, pcorrected = 

0.06, theta: 52.26±6.77%, pcorrected = 1, alpha: 50.88±4.47%, pcorrected = 1, beta: 

52.94±5.95%, pcorrected = 1), suggesting frontal midline delta-theta-alpha power, and 

global beta power alone contained sufficient information regarding the temporal duration 

being coded but not the distance traveled. 

As an additional control analysis, we trained the same classifier with frontal-

midline delta-theta-alpha power and global beta power to discriminate the 0-4s portion of 

the long duration trials from the short duration trials. This served as a control because 

participants could not have known what types of durations they experienced until they 

crossed the 4s threshold within the teleporter. Indeed, the classifier was not able to 

decode whether the trials were short duration trials (4s) or the 0-4s portion of long 

duration trials (Figure 3C, delta: 50.33±5.88%, theta: 49.16±5.33%, alpha: 50.34±7.25%, 

beta: 48.04±5.94%, all pcorrected > 0.05). Together, these findings support a general role 

for global beta power changes in spatiotemporal processing, and a unique role of frontal 

midline delta-theta-alpha oscillations, in coding temporal durations.   

 

Between task comparisons: Spatial and temporal teleportation did not induce focal 

differences in delta, theta, alpha, or beta power 

To test our between-task hypothesis regarding differences in oscillatory codes 

between spatial and temporal tasks, we compared the power spectra among spatial, 

temporal and baseline tasks (Figure 2C, 2D.)   

For both contrasts (distance task > baseline; time task > baseline), the cluster-

based permutation tests returned significant positive clusters with p values < 0.001. The 
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effect was most pronounced over frontal midline electrodes for delta power (Cohen's d 

for distance vs baseline: 0.60, distance-baseline: [median±SD] = 0.12±0.27, Cohen's d for 

time vs baseline: 0.77, time-baseline: [median±SD] = 0.12±0.15), over frontal electrodes 

for theta power (Cohen's d for distance vs baseline: 1.04, distance-baseline: [median±SD] 

= 0.07±0.07, Cohen's d for time vs baseline: 1.01, time-baseline: [median±SD] = 

0.05±0.08), and over frontal and occipital electrodes for alpha power (Cohen's d for 

distance vs baseline: 0.82, distance-baseline: [median±SD] = 0.20±0.18, Cohen's d for 

time vs baseline: 0.76, time-baseline: [median±SD] = 0.10±0.21).  We also found 

widespread increases in beta power (Cohen's d for distance vs baseline: 1.81, distance-

baseline: [median±SD] = 0.16±0.08, Cohen's d for time vs baseline: 1.80, time-baseline: 

[median±SD] = 0.14±0.07).  The findings suggest that compared to a passive baseline, 

participants showed distinct oscillatory profiles while maintaining spatiotemporal 

information during the teleportation tasks, which was consistent with their high 

performance in the behavioral tasks. 

Next, we asked whether the power spectra profiles differed between the spatial 

distance and temporal duration task (Figure 2E). The cluster-based permutation test did 

not reveal any clusters with a p-value lower than threshold. This suggests that the spatial 

and temporal teleportation tasks did not differ in overall power when compared within 

each of the canonical frequency bands (delta, theta, alpha and beta bands). 
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Figure 2. Oscillatory fluctuations present during spatial distance and temporal duration 
teleportation. (A) Short distance teleportation trials resulted in increased alpha and beta 
power compared to long distance trials. (B) Short duration teleportation trials resulted in 
increased frontal midline delta-theta-alpha power increases, and global beta power 
increases compared to long duration trials.  (C,D) Spatiotemporal coding was associated 
with frontal delta-theta, frontal and posterior alpha, and global beta power increases 
compared to resting baseline. (E) No power differences were observed within the 
canonical frequency bands between the distance task and the time task.  Notes: Black 
dots are electrodes considered significant after multiple comparison correction. Colors 
represent the Wilcoxon signed rank tests z statistics. 

 

Between task comparison: Successful decoding of spatial and temporal trials based 

on single-trial multivariate patterns of power  

It could be possible that spatial and temporal coding did not differ in terms of 

power changes in focal frequency bands; instead, spatiotemporal coding might differ in 

the multivariate patterns across electrodes and frequencies in a manner that generalizes 

across participants.  To test this possibility, we used multivariate power features to 

classify whether trials were from the spatial or temporal task. The classifier revealed 

above chance classification of task labels (Figure 3D, median = 61.46%, SD over 100 

iterations = 1.97%, Wilcoxon signed-rank test, z = 8.68, p < 0.001.)  These findings 



Page 153 

suggest the single-trial multivariate patterns significantly differed between spatial and 

temporal tasks in a manner that generalized across participants. The findings together 

support a notion of a partially independent space-time code. 

 

 

Figure 3.  Within-task (A-C) and between-task (D) decoding using power as features. 
(A) Different durations (short vs. long) could be decoded from frontal delta, theta, alpha 
and global beta power separately. (B) Different distances (short vs. long) could not be 
decoded from frontal midline delta-theta, alpha or global beta power.  (C) As a control 
analysis, decoders were not able to differentiate whether a trial was from short duration 
trials, or from the 0-4s segments of long duration trials. (D) When aggregating trials 
across participants, we were able to decode whether a trial was in the space or time 
condition based on the single-trial multivariate patterns of power. The histogram of 
classification accuracies based on 100 iterations is shown. Notes: **, all  𝑝𝑝𝐹𝐹𝐹𝐹𝐹𝐹 = 0.002. 
Each circle represents a participant in A-C.  
 

Alpha frequency modulation: A common mechanism for spatial and temporal 

judgments 
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We hypothesized that occipital alpha frequency modulation could be an additional 

form of distance and duration coding in our teleportation task, as suggested by (L. Cao & 

Händel, 2019; Samaha & Postle, 2015). To test this idea, we first assayed whether there 

were differences in occipital alpha frequencies during the teleportation tasks compared to 

the task-irrelevant resting baseline.  Both spatial and temporal teleportation tasks showed 

faster occipital alpha frequencies than the baseline (Figure 4A, spatial task: [median±SD] 

= 10.23±0.30Hz, temporal task: 10.13±0.25Hz, baseline: 10.00±0.26Hz; spatial task vs. 

baseline: Wilcoxon signed rank test, z = 3.74, pcorrected = 0.001; temporal task vs. baseline: 

z = 3.78, pcorrected = 0.001.)  These findings suggest that occipital alpha frequencies were 

significantly altered during spatiotemporal coding compared to a resting baseline. 

Second, we asked whether occipital alpha frequency differed between the spatial 

and temporal tasks. Comparing across all participants, the spatial distance task showed 

significantly faster occipital alpha compared to the temporal teleportation task (Figure 

4A, z = 2.62, pcorrected = 0.026) The findings of differences in alpha frequencies between 

spatial and temporal teleportation tasks might reflect another distinction in oscillatory 

codes for spatiotemporal information. 

Therefore, we asked whether the observed occipital alpha frequencies were 

sensitive to distance and duration information. We first compared the averaged alpha 

frequency at occipital electrode sites for short vs. long distance trials. When comparing 

across participants, results revealed that occipital alpha oscillations were of higher 

frequency for short distance trials compared to long distance trials (Figure 4B, short 

distance: [median±SD] = 10.26±0.29Hz, long distance: 10.20±0.30Hz, z = 3.38, pcorrected 

= 0.003). Occipital alpha frequency also varied between short and long temporal duration 

trials. Occipital alpha frequency was faster for short duration trials than the 4-8s portion 

of long duration trials (Figure 4C, short temporal duration: [median±SD] = 

10.28±0.24Hz, long temporal duration(4-8s): 10.00±0.31Hz, z = 3.58, pcorrected = 0.002.)   

As a control analysis, we tested whether there were differences in occipital alpha 

frequencies for short duration trials vs. the 0-4s portion of long duration trials. The alpha 
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frequencies did not differ (Figure 4D, short temporal duration: [median±SD] = 

10.28±0.24Hz, long temporal duration (0-4s): 10.24±0.23Hz, z = 0.76, pcorrected = 1.) 

Together, these findings support alpha frequency modulation as a shared mechanism for 

coding spatial distance and temporal durations. 

 

 

 
Figure 4. Occipital alpha frequency modulation as a shared mechanism for both spatial 
and temporal coding. Medians across participants are shown under the box plots.  (A) 
The spatial and temporal tasks showed faster alpha frequency than baseline, and the 
distance task showed faster alpha frequency than the time task. (B) In the distance task, 
traveling a short distance resulted in faster alpha than traveling a long distance. (C) In the 
time task, short duration trials resulted in faster alpha than long duration trials. (D) No 
differences were found between short duration trials and the 0-4s portion of long duration 
trials. (E) Histograms of alpha frequencies at 18 occipital electrodes during the distance 
task. Data from three example participants were shown.  Notes: **: 𝑝𝑝𝐹𝐹𝐹𝐹𝐹𝐹 < 0.01. *: 𝑝𝑝𝐹𝐹𝐹𝐹𝐹𝐹 
< 0.05. NS: not significant. 
 
 
Fine-scale temporal information was decoded from multivariate patterns of 2-30Hz 

power spectra  
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We next tested whether temporal duration codes might be present in the EEG data 

at a finer scale, inspired by Bright et al. (2020), for example, at the level of 250 

milliseconds. Therefore, we trained classifiers on 2-30Hz power to decode times since 

onset of teleportation.  We were able to decode fine-scale temporal information from 

distance teleportation trials significantly above chance (Figure 5A, accuracy: 

[median±SD] = 10.34±1.32%, accuracy ratios: [median±SD] = 2.27±0.29, Wilcoxon 

signed rank test, z = 3.82, pcorrected < 0.001), from short duration trials (Figure 5B, 

accuracy: [median±SD] = 13.87±1.67%, accuracy ratios: [median±SD] = 2.22±0.27, z = 

3.82, pcorrected < 0.001), and from the long duration trials as well (Figure5C, accuracy: 

[median±SD] = 6.99±0.95%, accuracy ratios: [median±SD] = 2.24±0.30, z = 3.82, 

pcorrected < 0.001).   As a control analysis, we applied the fine-scale time decoder for data 

obtained in the baseline task. The decoder was able to decode time from the baseline data 

marginally better than chance after multiple comparison correction (accuracy: 

[median±SD] = 7.50±1.87%, accuracy ratios: [median±SD] = 1.20±0.30, z = 2.37, 

pcorrected = 0.052). However, time decoding performance for the baseline task was 

significantly worse than those in the temporal and distance tasks (baseline < distance 

task, baseline < short duration trials, baseline < long duration trials: all z = -3.82, p < 

0.001.) These findings suggest the intriguing possibility that fine-scale temporal codes 

are embedded in low-frequency oscillations. 

We note that following entry into the teleporter, participants exhibited a P300-like 

ERP response (Polich, 2007) at Cz electrode. Therefore, we repeated the fine-scale time 

classification analyses, with the grand averaged EEG traces subtracted from every trial. 

After removing the grand ERP responses, we were still able to successfully decode fine-

scale temporal information from the distance teleportation trials (accuracy: [median±SD] 

= 11.08±1.29%, accuracy ratios: [median±SD] = 2.44±0.28, Wilcoxon signed rank test, z 

= 3.82, pcorrected < 0.001), from the short duration trials (accuracy: [median±SD] = 

15.52±1.93%, accuracy ratios: [median±SD] = 2.48±0.31, z = 3.82, pcorrected < 0.001), and 

from the long duration trials (accuracy: [median±SD] = 8.22±1.08%, accuracy ratios: 

[median±SD] = 2.63±0.35, z = 3.82, pcorrected < 0.001.)  
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Further, to exclude the possible contribution of movement-related artifact in early 

onsets of a trial, we removed the first second of teleportation epochs and repeated the 

fine-scale time decoding analyses. We were again able to successfully decode fine-scale 

time information from distance teleportation trials above chance (accuracy: [median±SD] 

= 8.80±1.05%, accuracy ratios: [median±SD] = 1.58±0.19, z = 3.82, pcorrected < 0.001), 

from short duration trials (accuracy: [median±SD] = 12.65±1.97%, accuracy ratios: 

[median±SD] = 1.52±0.24, z = 3.82, pcorrected < 0.001), and from long duration trials 

above chance as well (accuracy: [median±SD] = 5.67±0.89%, accuracy ratios: 

[median±SD] = 1.59±0.25, z = 3.82, pcorrected < 0.001.) 

 

Decoding errors linearly increased as time progressed forward 

 We noticed a qualitative pattern that the decoding responses were less precise as 

time progressed forward in the posterior probability distribution of time decoding 

responses. To quantitatively test this, we calculated the absolute decoding errors for each 

time bin and fitted the error curves with a linear regression model (Figure 5F). Results of 

the linear regression fitting indicated that the decoding errors were significantly larger for 

later time bins; this effect was found in the distance trials, short duration trials, long 

duration trials, but not in the baseline task (for distance trials: slope [estimate, standard 

error (SE)] = [0.06, 0.02], t = 3.03, p = 0.007; for short duration trials: slope [estimate, 

SE] = [0.05, 0.02], t = 2.70, p = 0.017; for long duration trials: slope [estimate, SE] = 

[0.05, 0.02], t = 2.56, p = 0.016; for the baseline task: slope [estimate, SE] = [-0.003, 

0.07], t = -0.04, p = 0.97.)  The results suggest that the fine-scale temporal information 

revealed by the decoders are aligned with the human behavioral findings of increased 

variability for longer reproduced durations (Ivry & Hazeltine, 1995; Rakitin et al., 1998).  

We discuss the implications in discussion. 
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Figure 5.  Fine-scale temporal information during the teleportation can be decoded from 
scalp EEG 2-30 Hz power spectra. Heat maps visualize the posterior probability 
distributions of the decoder responses. High classification accuracy is indicated by dark 
colors on the diagonal. (A-D) Fine-scale timing information can be decoded from 2-30 
Hz power in the distance task and time task, with accuracies significantly higher than 
chance level and higher than the baseline task. Medians of accuracy ratios across 19 
participants were reported.  Units of the color bar are accuracy ratios. Red dots mark the 
highest posterior probability in decoder responses.  (E) Decoder response probability 
distributions from 19 participants. Each sub square displays the time decoding heatmap 
from one participant. (F) Decoding errors linearly increased as time progressed in the 
spatial and temporal tasks, but not in the baseline task.  Dashed lines indicate the linear 
regression fitting models of the decoding errors.  
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Fine-scale distance information was also present in multivariate patterns of 2-30Hz 

power 

Given our findings with fine-scale temporal information, we also tested whether 

fine-scale distances could be decoded using the same approach. Indeed, we found that the 

classifiers were able to decode fine-scale distance information from the spatial task 

(Figure 6A, accuracy: [median±SD] = 11.45±1.60%, accuracy ratios: [median±SD] = 

1.26±0.18, Wilcoxon signed rank test, z = 3.70, p < 0.001).  The findings of the fine-scale 

distance code support the possibility that participants linearly updated their spatial 

position inside teleporters. The demonstrations of both fine-scale distance and temporal 

codes in the multivariate power spectra patterns reveal another common aspect that exists 

in spatiotemporal coding.  

 
 
Figure 6. Fine-scale distance information during teleportation can be decoded from 
multivariate power patterns.  (A) Decoding fine-scale distance information while taking 
care of the temporal confound. To minimize the dependence between temporal and 
distance information, we selected data (the shaded portions) from both short distance 
trials and long distance trials that had zero overlaps in the temporal dimension.  Red dots 
mark the highest posterior probability in decoder responses.  (B) Fine-scale distance 
information could be decoded in the distance task.  Heat maps visualize the posterior 
probability distribution of the decoder responses. Red dots mark the highest posterior 
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probability in decoder responses.  (C) Posterior probability distributions plotted for each 
participant.  Each sub square displays the distance decoding heatmap from a participant.  
 

Discussion 

In the current study, we tested whether neural oscillations recorded at the scalp 

supported maintenance of spatial distance and temporal duration information. Decades of 

research support a role for low-frequency oscillations, both in cortex and hippocampus, in 

coding spatial information during navigation (McFarland et al., 1975; Vanderwolf, 

1969a; Kropff et al., 2021; for reviews, see Jacobs, 2013a; Watrous et al., 2011a). To 

attempt to disentangle space and time, whose changes are strongly intertwined in 

movement speed, participants experienced teleportation of different spatial distance and 

temporal durations in the absence of any optic flow or other sensory input to provide cues 

about speed, similar to the design in Vass et al. (2016). Results from power spectra 

analyses suggested the sensitivity of central-posterior alpha power and global beta power 

for spatial distances, and a role of frontal theta and global beta power changes for 

temporal duration.  Furthermore, the analysis of instantaneous alpha frequencies revealed 

a robust association between alpha frequency and magnitudes of distances and durations, 

suggesting alpha frequency modulation as a potential common mechanism for spatial and 

temporal coding. Classifiers trained on power spectra further support the hypothesis that 

both distance and temporal information could be decoded from scalp EEG signals at a 

fine-scale resolution. 

Given that hippocampal delta-theta power display a distance code (Bush et al., 

2017c; Vass et al., 2016b), and a connectivity between rodent’s prefrontal and 

hippocampal theta during mobility (Siapas et al., 2005; Young & McNaughton, 2009a), 

we were surprised to find that the cortical delta-theta power did not exhibit significant 

differences between short distance and long distance trials. This null finding cannot be 

explained by the failure of task design, or the absence of spatial coding during the 

teleportation period. This is because participants demonstrated high accuracy in 

identifying distances travelled upon exiting the teleporters, and power spectra analyses 
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revealed significantly different oscillatory profiles for the distance task compared to 

baseline (Figure 2C).  What could lead to such a disconnect?  Here, we offer three 

speculations on the null findings linking cortical theta and spatial distance coding. One 

possibility is that prefrontal theta oscillations are phase locked but not amplitude locked 

to hippocampal theta (Young & McNaughton, 2009), and therefore phase information in 

frontal theta but not power changes code spatial distance duration (see Watrous et al., 

2013, for an example of this). This is an issue we cannot address in the current study 

because scalp EEG does not give reliable access to hippocampal signals. A second 

possibility is that frontal midline theta may be locked to the temporal-processing or 

memory-related components, but not the movement-related components, of hippocampal 

(HPC) theta oscillations (Goyal et al., 2020; Watrous et al., 2013). A third possibility is 

that hippocampal movement-related theta oscillations manifest in the cortex within the 

traditional alpha band (8-12Hz) consistent with the alpha frequency modulation we 

observed for both spatial and temporal judgments. The third interpretation is consistent 

with recent reports (Aghajan et al., 2017; Bohbot et al., 2017b; Goyal et al., 2020) that 

hippocampal movement-related theta oscillations, particularly during real-world 

movements, manifest most prominently above 8Hz, which would align with the 

frequency range of traditional alpha band (8-12 Hz) rather than theta band (4-8 Hz). 

Our results supporting a role for frontal delta-theta power but not distance coding 

have important implications. In the power spectra analysis, we found frontal midline 

delta-theta and frontal alpha power sensitive to the temporal durations, while central-

posterior alpha power was sensitive to the distance information. The results provide 

further evidence for partially independent codes for space and time in the human brain. 

Our findings demonstrating cortical beta oscillations sensitive to temporal duration align 

with previous reports of timing-related beta power in time production domain (Grabot et 

al., 2019; Kononowicz & van Rijn, 2015), and movement-related frontal midline delta-

theta increases (Liang et al., 2018). On the other hand, our findings regarding central-

occipital alpha oscillations related to distance are consistent with notions that human 
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navigation is enriched with regarding to visual input (Ekstrom, 2015), with occipital 

alpha oscillations particularly sensitive to visual-related changes (such as optic flow, Cao 

& Händel, 2019). As proposed by Goyal et al. (2020), a theoretical link might therefore 

exist between HPC movement-related theta and occipital alpha oscillations. For example, 

eye closure induces alpha power increases both at occipital sites and in hippocampus 

(Geller et al., 2014). Our current results would suggest differing roles in navigation for 

frontal midline theta (4-8 Hz) and occipital alpha (8-12 Hz), which were both found 

relevant to movement (Liang et al., 2018), and frontal midline theta and occipital alpha 

oscillations could possibly cooperate to support task-dependent spatial or temporal 

processing. Therefore, a helpful next step would be to determine how these signals 

coordinate between hippocampus and cortex in our task using human intracranial 

recordings. 

We note that when we compared the power spectra of the spatial and temporal 

teleportation task, we did not find significant differences. Yet, we were able to classify 

whether a trial was from the spatial or temporal task with an accuracy better than chance 

in a manner that was generalizable across participants. This suggests the classifiers 

captured higher-order differences (perhaps the underlying connectivity patterns) between 

the oscillatory coding of space and time, other than the mean of power fluctuations. One 

future direction is to examine the affinity of connectivity patterns for spatial coding and 

temporal coding, using a similar behavioral task used in this study.  We predict that the 

networks for spatiotemporal coding should diverge, both measured using scalp EEG data, 

and using intracranial EEG data (as suggested by Watrous et al., 2013).   

In addition to our findings that spatial distance and temporal duration involve 

differences in oscillatory codes, both for short vs. long teleportation durations and in their 

multivariate patterns, we also found a common role for alpha frequency modulation in 

supporting spatiotemporal coding. Specifically, we found faster occipital alpha for 

smaller magnitudes of durations/distances. What roles could endogenous alpha frequency 

modulation possibly play here? One explanation is the processing-speed theory, whereby 
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occipital alpha frequency indexes the processing speed of incoming sensory information 

(Klimesch et al., 1996). We speculate that the sensory processing speed differed between 

short and long duration trials because of their different cognitive demands. To complete 

the temporal task, participants only needed to track time passage in the teleporter up to 

4s, and not beyond 4s, and therefore the cognitive demands differed between 0-4s and 4-

8s portions of the temporal task.   

In contrast to the processing-speed account, another possibility however, relates to 

a perceptual resolution account.  For example, it could be that occipital alpha frequency is 

linked to the perceptual resolution of duration timing.  For example, individuals with 10 

Hz resting occipital alpha oscillations might discriminate two temporal durations with a 

minimum of 100ms (1/10) differences, and those with 12 Hz resting alpha could 

discriminate two durations with 83.33ms minimal differences (1/12). This perceptual 

resolution account is also supported by Samaha and Postle (2015) showing that occipital 

alpha frequency reflects the "refresh rate” of visual perception and occipital alpha 

represents the perceptual unit of temporal processing (Cecere et al., 2015). Future studies 

should investigate the potential causal links between occipital alpha frequency and 

spatiotemporal processing, given recent findings that tACS-induced alpha frequency 

shifts led to shifts in subjective time experiences (Mioni et al., 2020) and that clinical 

Alzheimer populations show irregularities in parietal alpha oscillations (Montez et al., 

2009). 

Given that we found alpha frequency modulation and beta power fluctuations 

related to both spatial and temporal judgments, our results also provide evidence for a 

common mechanism for spatial and temporal coding involving magnitude estimation. 

Although distance-related beta power has rarely been studied in a scalp EEG setting, the 

timing-related beta power we observed has been noted in predicting the accuracy and 

precision of time production (Grabot et al., 2019; Kononowicz & van Rijn, 2015). Our 

findings suggest that beta oscillations may reflect a common magnitude representation 

underlying both spatial and temporal processing, and that such distance and fine-scale 
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temporal information could be widely accessible in neocortical regions, including early 

sensory and motor cortices. Future studies can bridge the gap of research between spatial 

and temporal processing, and further elaborate the roles of beta oscillations in spatial 

coding vs. temporal coding, with a variety of tasks such as estimating and reproducing 

spatial distance with a path integration task (Harootonian et al., 2020). 

Another important finding from our study is the ability to decode fine-scale 

distance and temporal information from cortical low-frequency power spectra. 

Interestingly, when attempting to decode temporal information, we showed that the 

decoding error linearly increased as the time bins progressed forward. These findings are 

closely aligned with the behavioral findings in which humans show larger variability in 

time reproduction responses for longer intervals (Ivry & Hazeltine, 1995; Rakitin et al., 

1998).  One intriguing possibility is that the cortical low-frequency oscillations support a 

fine-scale representation of temporal intervals. Future studies can test this possibility by 

linking the decodability of fine-scale time information and the accuracy/precision of time 

reproduction in human participants.  

Notably, our findings of decodable fine-scale temporal information are qualitatively 

similar to the findings based on recordings from entorhinal temporal context cells (Bright 

et al., 2020). The tenet of a unified math model of space and time (Howard et al., 2014) is 

that the neural representations are the Laplace transform of space and time, coded 

through the exponentially decayed firing rates of neurons. However, the theory does not 

directly predict or rule out the involvement of neural oscillations in coding space and 

time. Here we demonstrated that neural oscillations could yield a similar time 

representation possibly with scale invariance, and we suggest that neural oscillations 

could be a synergistic component on top of single neuron firing rates for spatiotemporal 

coding.  Another question that should be clarified through future studies is whether the 

neural representations of spatial distance also possess scale invariance like the 

representations of time (i.e., reproducing longer distances are associated with greater 

variability in responses.) Behavioral findings suggest path integration errors 
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systematically scaled with path lengths (Harootonian et al., 2020), which will predict 

linearly increases in decoding errors as distances increase. Future studies should further 

test the links between oscillatory representations of fine-scale space and time, and the 

behavioral phenomena of spatiotemporal reproduction, using a reproduction paradigm, 

such as reproducing space and time in virtual reality (E. M. Robinson & Wiener, 2020). 

 

Limitations 

It is worth considering some potential limitations with our paradigm which we 

nonetheless believe do not undermine or challenge our findings.  One concern could be 

that because participants knew how far they would travel before entering the teleporter, 

distance coding was therefore transient and completed before entering the teleporters, 

thus nullifying the existence of distance coding during the teleportation. We note, 

however, that maintenance of distance information during the teleportation was still 

necessary for accurate performance in the spatial teleportation task.  When participants 

entered the teleporter, while they knew beforehand whether it was a short or long 

distance, they had to maintain this information during teleportation to make the correct 

decision upon exiting the teleporter. Our interpretation of perceiving spatial distance prior 

to decisions about movement is consistent with a rich literature in human spatial 

navigation, suggesting that humans first estimate distance based on perceptual cues and 

then attempt to maintain this in working memory as they actively navigate to different 

goals (Knapp & Loomis, 2004; Philbeck et al., 1997; Philbeck & Loomis, 1997).  Using a 

similar spatial distance teleportation design, Vass et al. (2016) showed that the spatial 

distance teleportation task resulted in different oscillatory profiles from those during the 

resting state (viewing a black screen outside the experimental context). We similarly 

found a clear difference between teleportation and a resting baseline task.  These findings 

suggest that the spatial teleportation task triggered distance information processing absent 

in a resting state condition.  
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Another concern could be that movement-related noise from the navigation phase 

permeated into the EEG data during the teleportation, thus confounding the findings we 

presented here.  Note that the amount of noise, if any, should be identical between short 

and long trials, and between the spatial and temporal tasks, given that participants stood 

still after they entered the teleporter.  Therefore, noise should not confound the findings 

regarding the contrasts of EEG responses between short and long trials, or between the 

spatial and temporal tasks. 

 

Conclusions 

Our study addressed an important issue regarding whether spatial and temporal 

processing share common or distinct mechanisms (Eichenbaum & Cohen, 2014a; 

Ekstrom et al., 2011; Frassinetti et al., 2009; Gauthier et al., 2019, 2020; Watrous et al., 

2013). Our findings suggest that spatial and temporal judgments during navigation differ 

as a function of power changes within specific frequency bands: while spatial judgments 

resulted in changes in cortical alpha and beta power, while different temporal durations 

were linked to changes in frontal midline delta-theta, frontal and posterior alpha, and 

global beta power.  Consistent with the idea of separable representations for space and 

time, spatial and temporal discounting are behaviorally distinctive from each other (E. 

Robinson et al., 2019), estimating spatial distance are subject to large errors (Zhao, 2018) 

while estimating suprasecond durations can be performed with high accuracy (Grabot et 

al., 2019), and spatial and temporal estimation errors distort in opposing manners (Brunec 

et al., 2017). Previous reports have also hinted at a dissociation between space and time at 

the neural level although using different paradigms in which temporal information, in 

particular, involved order and not duration (Ekstrom et al., 2011; Watrous et al., 2013). 

More generally, evidence exists for and against the notion that space and time processing 

are of the same nature, and we also found evidence for alpha frequency modulation as a 

common mechanism for spatial and temporal coding. Thus, one implication of our study 
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is that there are both distinct and common mechanisms related to how we process spatial 

distance and temporal durations. 
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Abstract  
Hippocampal neural oscillations are a prominent neural signature associated with both 

spatial navigation and episodic memory.  However, it remains poorly understood whether 

and how hippocampal oscillations track distances and temporal durations and the extent 

to which these might be related to a common magnitude coding scheme.  We obtained 

hippocampal recordings from patients undergoing seizure monitoring, who navigated a 

virtual T-maze on a laptop and experienced “teleportation” events (adapted from Vass et 

al., 2016).  Teleportation allowed us to control sensorimotor input while at the same time 

providing a range of different distances and durations.  Using both measures of amplitude 

and prevalence, we found evidence for hippocampal oscillations during teleportation that 

were indistinguishable from those during navigation.  During teleportation, despite the 

lack of sensorimotor input, hippocampal oscillatory signals contained sufficient 

information to decode spatial distance and temporal duration.  The underlying coding 

schemes for distance and duration, however, differed.  For distance, we found evidence 

for individual patient variability in the best fit function describing how distance related to 

oscillatory prevalence.  In contrast, for temporal duration, we provide novel evidence for 

linear coding via low-frequency oscillatory prevalence and gamma bursts.  Analysis of 

theta-gamma phase amplitude coupling suggested that teleportation significantly reduced 

their coupling, which increased with sensorimotor input during navigation.  Higher 

degrees of theta-gamma decoupling were correlated with more accurate distance and 

duration judgments.  Together, our results provide evidence for distinct roles for 

hippocampal theta and gamma oscillations in spatial and temporal representations, 

helping to better characterize their contributions to human spatial navigation and episodic 

memory.  

Keywords: intracranial EEG, theta oscillations, spatial navigation, temporal processing, 
phase-amplitude coupling 
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Significance Statement  
The hippocampus has been extensively studied in the context of spatial navigation and 

episodic memory, and it is critical for spatial and temporal processing.  However, it 

remains unclear how neural oscillations, a prevalent signature in hippocampus, are 

relevant to distance and duration coding.  We demonstrate that in human hippocampus, 2-

12 Hz oscillations are recruited for both distance and duration coding, and that the 

number of gamma bursts specifically track durations but not distance.  Distances were 

represented in both linear and nonlinear formats in hippocampus, while time our findings 

suggest time was represented in a linear fashion.  We conclude that hippocampal theta 

and gamma are two crucial mesoscopic mechanisms for representing two fundamental 

elements of memory and navigation.    
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Oscillatory Signatures of Spatial and Temporal Coding in the Human Hippocampus 

 

Introduction 
Hippocampal theta oscillations are a hallmark neural signature related to 

locomotion, navigation, and memory, first observed in rodents (Vanderwolf, 1969a) and 

also present in humans (Aghajan et al., 2017; Bush et al., 2017a; Ekstrom et al., 2005c; 

Jacobs, 2013a; Watrous et al., 2011a).  Increases in movement speed are strongly 

correlated with increases in the hippocampal theta power and prevalence (Czurko, 1999; 

Ekstrom et al., 2005c; McFarland et al., 1975; Watrous et al., 2011a).  Changes in 

hippocampal oscillatory power (including both low-frequency theta and higher frequency 

gamma oscillations), however, are also related to whether a word will be remembered or 

not (Lega et al., 2012) and other aspects of navigation, such as viewing landmarks 

(Watrous et al., 2011a).  Although in most cases sensorimotor input is the main driving 

source of hippocampal theta oscillations, a recent paper suggested that hippocampal 

oscillations persist in during teleportation in the absence of sensorimotor input (Vass et 

al., 2016c).  In addition to theta oscillations, hippocampal beta and gamma are also 

implicated as playing an important role in memory and navigation (Ahmed & Mehta, 

2012; Colgin et al., 2009; Grossberg, 2009; Iwasaki et al., 2021; Vugt et al., 2010).  

Therefore, it is important to better understand the behavioral correlates of human 

hippocampal oscillations and in particular how they are related to different aspects of 

memory and navigation, which vary in their internally vs. externally driven aspects. 

Space and time are two fundamental components of episodic memory (Tulving, 

1983) and navigation (Eichenbaum & Cohen, 2014b; Ranganath, 2018). The 

hippocampus is involved in both memory and navigation, with single neuron studies 

identifying collections of spatially and temporally tuned neurons (Ekstrom et al., 2003; 

Hafting et al., 2005; MacDonald et al., 2011; O’Keefe, 1976; Pastalkova et al., 2008; 

Umbach et al., 2020).  Such neural codes for time and space are often considered the 

substrates of spatial and temporal processing in hippocampus (Eichenbaum, 2014; 

Ekstrom & Ranganath, 2017).  Yet, despite the importance of the hippocampus to 

spatiotemporal processing, how hippocampal oscillations relate to space and time 

remains unclear.  Theta-gamma phase amplitude coupling (PAC) have been reported in 
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the hippocampus and correlate with better memory performance (Eichenbaum et al., 

2009; Vivekananda et al., 2021), but it is unclear whether theta-gamma PAC is also 

involved in space and/or time processing. Therefore, one key research question we ask in 

the current study is whether hippocampal oscillations and hippocampal theta-gamma 

PAC are involved in spatial and temporal processing. 

 A previous study reported that hippocampal theta oscillations persist during 

teleportation, a situation in which sensorimotor input was lacking (Vass et al., 2016c).  

However, Vass et al. did not test whether hippocampal theta were related to tracking 

time, and whether hippocampal beta/gamma oscillations were related to spatial and 

temporal processing.  Here, we again studied patients undergoing seizure monitoring with 

implanted electrodes in the hippocampus, but we explicitly manipulated the distances and 

durations they experienced during teleportation, requiring patients to make binary 

judgments about teleportation distances or durations.  This allowed us to test whether 

hippocampal oscillations related to spatial distances and/or temporal durations, and if so, 

in what manner.  To gain a more detailed mechanistic understanding of spatiotemporal 

codes, we additionally tested competing (linear vs. non-linear) models for durations and 

distances across the 2-128 Hz frequency range.  This included testing whether distances 

and durations showed linear or non-linear relationships to changes in hippocampal 

oscillations.  For example, the pacemaker hypothesis suggests that tracking of time might 

relate to accumulating oscillatory bursts, an idea we tested here (Buzsáki & Tingley, 

2018; Treisman, 1963; Treisman et al., 1994). Finally, we compared hippocampal theta-

gamma PAC during teleportation and navigation to determine how sensorimotor input 

might alter such neural codes for space and time processing. Our analyses provide novel 

insights into a partially independent space and time oscillatory code in human 

hippocampus. 

 

Materials and Methods 
Code/Data Accessibility 

Deidentified sEEG data and data analyses codes are available upon reasonable 

request. 
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Participants 

Seven hospital volunteers (4 females, 2 males, 1 unknown, age range: [38,51]) 

undergoing seizure monitoring participated in this study and were recruited from UC 

Davis Medical Center and Tucson Banner Health.  Electrode placements were determined 

based on the clinical needs.  All participants provided informed consent and the 

experiment protocol was approved by University of Arizona Institutional Review Board.  

No a priori power analyses were done to determine the sample sizes, although we 

observed significant theta oscillations that coded for spatial distance in 3 patients in a 

previous study (Vass et al., 2016c) 

Table 1.  

Demographic information of datasets. 
Patients Gender MTL electrodes site 

1 F L/R anterior HPC, 

2 F RHH, RHB 

3 F LAHC, LPHC, LPHG 

4 Unknown L/R HPC 

5 M LHH, LHB, LTT 

6 F LHH, LHB 

7 M L/R HPC 

Note: HPC = hippocampus, HH = hippocampal head, HB = hippocampal body, PHG = 
parahippocampal gyrus, TT = temporal lobe, L = left, R = right. 

 

Teleportation Tasks 

Patients performed a spatial navigation game on a laptop.  In the game, patients 

were told that they would be estimating time and distance and making a decision of 

which way to turn based on whether their estimation suggested a short or long 

distance/duration.  Each trial consisted of the navigation phase, teleportation phase, and 

response phase.  During the navigation phase, patients used an xBox controller to 

navigate a T-maze shaped virtual environment.  Patients walked down the hallway of the 

TMaze and stepped onto a glowing sphere, or a “teleporter” which initiated teleportation.  

When stepped on, the teleportation phase began with the game scene fading to complete 
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black for a few seconds (see task parameters).  Patients were teleported to the end of 

TMaze.  Then, the response phase was introduced: patients judged categorically whether 

the distance teleported (or time spent during teleportation) was short or long, and then 

turned to the left/right of the TMaze correspondingly.  Once they made the correct 

decision, the next trial began.  If they made the incorrect response, nothing happened, and 

patients therefore received the feedback that they were “wrong.” 

We adopted a 2(distance vs time) x2 (short vs long) within-subject design, which 

aimed at manipulating and dissociating the distance and duration information during 

teleportation.  Patients completed two different types of blocks in the experiment, with 

each block specifically dedicated to the detection of either distance or time information.  

The patients received instructions before each block began (“Focus on the distance you 

travelled inside teleporter” / “Focus on the time you spent inside teleporter”).  Each block 

contained 24 repetitions of distance/time judgments.  The number of repetitions (24) were 

determined based on a past study that demonstrated low-frequency oscillations persisting 

during teleportation (Vass et al., 2016c) and time restrictions of bedside testing in the 

hospital. 

In the distance judgment block, patients travelled six different distances (15,18 

and 21 virtual meters were short distances, and 29,32 and 35 virtual meters were long 

distances).  In the temporal judgment block, patients waited six different time durations 

after teleportation initiation (2,3 and 4 seconds were short durations, while 6, 7 and 8 

seconds were long durations).  See table S1 for the exact number of trials per condition 

for each patient and each dataset. 
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Figure 1.  Virtual environment layout and task flow.  (A) Overview of virtual 
environment layout.  Patients navigated a T-maze on a laptop in VR which contained 
multiple possible teleporter entrances.  Stepping into a teleporter translated the patients to 
a fixed-location exit.  (B) The teleportation task flow.  Before the start of each task, 
patients received instructions to focus on either spatial distances or temporal durations 
inside the teleporter.  (1)  Navigation phase – patients navigated down the arm of the T-
maze until they reached the teleporter.  (2) Teleportation phase – patients entered the 
teleporter by stepping on a glowing sphere and immediately viewed a black screen for a 
specific temporal duration.  Then they exited at a fixed location.  (3) Decision phase – 
after patients exited the teleporter, they recalled and judged the spatiotemporal 
parameters of the recent teleportation.  Next, they turned left or right based on their 
short/long judgment.  (4) Response phase – after patients made a decision, they turned 
left or right and their responses were registered. Feedback was given regarding the 
accuracies of their responses. 

 

Table 2.  

Number of trials per condition for each dataset. 
Types 

Datasets 

Short Distance Long Distance Short Time Long Time 

15m 18m 21m 29m 32m 35m 2s 3s 4s 6s 7s 8s 

P1S1 6 6   6 6 4 3 5 4 5 3 

P1S2 4 3 5 3 5 4 4 3 5 4 5 3 

P2  6 6   6 6 4 3 5 4 5 3 

P3S1 4 4 4 4 4 4 4 4 4 4 4 4 

P3S2 4 4 4 4 4 4 4 4 4 4 4 4 

Teleport
exit

Possible
teleport
entries

(A)
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P4  6 6   6 6 4 3 5 4 5 3 

P5 6 6   6 6 4 3 5 4 5 3 

P6 6 6   6 6 4 3 5 4 5 3 

P7 6 6   6 6 4 3 5 4 5 3 

Note: P1S1 = patient 1 session 1, same with P1S2 and P3S1 and so on. 

 

Virtual reality programming and event synchronization 

The experiment was programmed using Unity 2018.3.4.f1. Behavioral events 

were synchronized with iEEG either with a separate channel of TTL pulses, or a 

photodiode device that measures luminance changes on a laptop screen. 

iEEG data acquisition and preprocessing 

sEEG data were sampled at different frequencies (512,2048,3000 and 4096Hz).  

Importing and preprocessing was accomplished using the python MNE package.  sEEG 

were downsampled to 512Hz unless already sampled at that rate.  A 0.1Hz highpass and a 

200Hz lowpass filter, and a 60Hz notch filter were then applied to the downsampled data.  

Raw traces of each electrode were then examined (by L.M.L) to exclude ictal electrodes 

from entering further preprocessing and analyses.  A bipolar re-referencing scheme was 

then applied, using the adjacent electrode as the reference.  After preprocessing, 

continuous data were epoched to align with the starts and ends of teleportation events.  

Matched navigation epochs were produced by extracting the beginning 4 seconds of 

navigation on each trial, corresponding to the times at which patients navigated down the 

TMaze.  Therefore, for each session, we had 24 repetitions for spatial teleportation task, 

24 repetitions for the temporal teleportation task, and 48 repetitions for the navigation 

task. 

Electrode localization 

Electrode placements were determined solely based on clinical needs, and depth 

electrodes were placed in amygdala, frontal poles, insula, and MTL.  Only depth 

electrodes in hippocampus were included in analyses.  Localization of electrodes were 
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verified by A.D.E after coregistering the pre-operative MRI and post-operative CT scans 

in fieldtrip. 

iEEG data analysis 

We extracted power estimates of epoched data using 6-cycle Morlet wavelets 

(tfr_morlet function in MNE), sampling 49 frequency steps logarithmically from 2 to 

128Hz.  Two seconds of zero paddings were attached to alleviate the edge artifacts.  

Oscillatory detection 

We used Pepisode to detect the presence of oscillations (Whitten et al., 2012).  

Duration thresholds were 2-cycles (same as Stangl et al., 2020). Amplitude thresholds 

were set to the 95% value of chi-square distributions based on the background power 

spectra.  The background power spectra were the approximated aperiodic spectra 

obtained from the FOOOF toolbox (Donoghue et al., 2020). To obtain the 1/f spectra, we 

first calculated the averaged power spectra for each task condition (i.e., space 

teleportation, time teleportation, and navigation); then we used FOOOF to estimate the 

1/f spectra, with default parameters.  

Burst properties approximation  

Based on Pepisode algorithm for oscillatory detection (Whitten et al., 2011b), we 

estimated the number of oscillatory bursts for 2-128 Hz and for every trial.  After 

oscillatory detection was performed for every trial, the number of bursts was defined as 

the number of clustered timepoints that were detected with oscillatory presence. 

Phase amplitude coupling analyses 

The degree of phase amplitude coupling was calculated using the tensorpac 

package (Combrisson et al., 2020). We chose the modulation index method (Tort et al., 

2010). For phase, we sampled the frequencies from 2 to 12Hz, with a bandwidth of 2Hz 

and 0.5Hz frequency step.  For amplitude, we sampled the frequencies from 40 to 128Hz, 

with a frequency width of 5Hz and 2Hz frequency step.  Preprocessed continuous sEEG 

data were re-epoched in a way that they included 2 seconds prior to entering a teleporter 

(labeled as “PRE-TELE”), the teleportation time windows (labeled as “TELE”), and 2 

seconds after exiting a teleporter (labeled as “POST-TELE”). To normalize the trends of 
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changes of theta-gamma phase-amplitude coupling, we averaged the modulation index 

(MI) of PAC for 3-4Hz theta and 60.5Hz-98.5Hz gamma.  Then we used the percentage 

normalization: percentage of theta-gamma PAC changes = avg MI for “TELE” *2 /(avg 

MI for “PRE-TELE” + avg MI for “POST-TELE”)  - 1.   

Classification analyses 

We constructed linear discriminant classifiers to test whether hippocampal neural 

oscillations contained sufficient information to inform the semantic categories 

(“short/long”) of distance and time information during teleportation.  The features for 

classification included Pepisode values for frequencies <6Hz (slow theta), 6<= 

Frequencies<12Hz (fast theta), 12<= Frequencies<30Hz (beta), 30<= 

Frequencies<64Hz(slow gamma), and Frequencies >= 64(fast gamma).  Classifiers were 

constructed for each individual electrode using LinearDiscriminantAnalysis API from 

scikit-learn package (solver = ‘lsqr’, and shrinkage = ‘auto’).  Stratified shuffle split was 

applied 100 times to segment the data for each electrode into the training  (50%) and 

testing set (50%).  To test whether the classification accuracy was significantly above 

chance, we submitted the accuracies vector from 100 iterations to a Wilcoxon signed rank 

test (zero_method = “zsplit”).  After obtaining the 58 uncorrected p values from 58 

electrodes, we corrected those p values with FDR correction (q = 0.05, method = 

‘indep’). 

Mutual information estimates 

To quantify the nonlinear association between distances travelled and hippocampal theta, 

we calculated the mutual information (MI) between those two measures.  When 

calculating the MI for each dataset, the 2-12Hz theta pepisode values were z-scored and 

standardized for each electrode.  The mutual information was calculated using the ennemi 

package (Laarne et al., 2021), and negative MI values were corrected as 0. The MI values 

were submitted to one tailed Wilcoxon signed rank tests. If the MI values were 

significantly greater than 0, we reported that nonlinear associations were found. 

Linear mixed effect model analyses for distance and time coding 

To test whether hippocampal neural oscillations linearly code the magnitude of 

distances and durations, we constructed and evaluated linear mixed models for each 
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participant.  The response variable was pepisode values during teleportation averaged 

across timepoints and averaged within each frequency band.  The predictor variable was 

the distance travelled or time spent inside teleporter (see next section of “fitting the best 

coding models” for more details).  The data for each frequency band and each electrode 

was therefore organized into a 24x2 matrix with the predictor and response variable for 

each of the 24 different trials.  

We first tested whether the oscillatory power for each electrode showed a linear 

relationship as a function of distance/time.  Therefore, we employed a fixed-slope for 

electrode number but with random intercepts to account for between-electrode variations 

in baseline pepisode values.  We used Statsmodels mixedlm API to evaluate goodness of 

fit for each linear mixed models (formula: averaged_pepisode ~ distance/time, groups = 

electrode_id, reml = False).  The resulting AIC values were recorded for later model 

selection.  We then relaxed the assumption of fixed slopes to test for different slope 

values.  Here, we used ordinary least square (OLS) linear regressions and allowed each 

electrode to display a different slope as a function of distances travelled/time travelled.  

The goodness of fit indices were the r squared values returned from OLS models. 

Fitting the best coding models for distances travelled and time spent inside 
teleporter 

To test whether there was a relationship between the presence of oscillations in 

the hippocampus and distances/time, we fitted generalized linear models and coded the 

predictors (distances/time) in a nonlinear fashion.  Model selection was performed by 

selecting the models with the smallest AIC values.  We tested five distance/time coding 

models: linear metric model, categorical model (i.e., short vs. long), the logarithmic 

model, the prediction-error model, and the bidirectional (quadratic) coding model.  This 

involved the following distances [15m,18m,21m,29m,32m,35m] and temporal durations 

[2s,3s,4s,6s,7s,8s].  Here, the linear metric model coded the predictor variable identical 

with their physical “ground truth” values.  The categorical model assumes patients coded 

distances/time in a binary categorical manner, and we therefore coded the predictor 

variable as [0,0,0,1,1,1] for both distances and time, where 0 means “short” category and 

1 means “long” category.  The logarithmic model coded the predictor variable in a log10 

manner, as log10([15,18,21,29,32,35]) for distances, and log10([2,3,4,6,7,8]) for time.  
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The prediction-error model assumes the patients coded how the distances and time 

deviated from the categorical template (e.g., how the distances travelled were different 

from the “short” typical distance), and we coded the predictor variable as [0,3,6,0,3,6] for 

distances, and [0,1,2,0,1,2] for time.  For the bidirectional (quadratic) model, we tested 

whether patients coded and maintained simultaneously both the distances towards the exit 

and the distances from the start point of navigation (which were both two salient visual 

cues in the virtual reality task).  Therefore, we added a quadratic term to the predictors 

entering linear mixed and OLS models.  

Statistical Analyses 

In separate analyses from those described above, we used ANOVAs to test: 1) whether 

the oscillatory prevalence differed between navigation and teleportation and, 2) whether 

the oscillatory prevalence differed among teleportation epochs with different distances 

travelled.  ANOVAs were evaluated using statsmodels (Seabold & Perktold, 2010) 

anova_lm (type 2 variance).  

Results 

Low-frequency hippocampal oscillations persist in the absence of sensorimotor 
input during teleportation 

To ensure that patients were judging spatial distance and temporal intervals 

correctly, we analyzed behavioral performance.  On average, participants identified short 

vs. long distances with an accuracy of 81.78% (SD:15.58%).  For temporal durations, 

they identified the short vs. long durations with an accuracy of 83.85% (SD:20.98%).  

Therefore, during the teleportation periods, the relevant distance/duration information 

was coded and maintained by participants to support high behavioral performance.  

Teleportation involves no visual or motor input and therefore we asked whether 

oscillations in the hippocampus would persist or show alterations.  Consistent with a 

previous report (Vass et al., 2016c), visual examination of raw traces suggested the 

presence of 2-12Hz oscillations during teleportation (Figure 2A).  Further statistical 

analyses supported the persistence of low-frequency oscillations even in the absence of 

sensorimotor input (Vass et al., 2016c). We calculated the hippocampal oscillatory 

prevalence for 2-128 Hz during 1) distance teleportation, 2) time teleportation, and 3) 
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navigation along the arm of the TMaze (see Figure 2D).  To test whether hippocampal 

oscillatory prevalence differed between teleportation and navigation, we conducted a 5x3 

ANOVA (5: frequency bands, 3: task conditions) on pepisode values.  We found no 

significant main effects for task conditions (F(2,855) = 0.25, p = 0.78), no main effects 

for frequency band (F(4,855) = 74.92, p < 0.001, and no significant interaction (F(8,855) 

= 0.16, p = 1.00). The null main effects of task conditions and null interaction suggests 

that hippocampal neural oscillations display similar spectral profiles across teleportation 

and navigation.  Further, these findings suggested that neural oscillations persist in the 

absence of sensorimotor input during teleportation involving making active judgments 

about spatial distance and temporal durations (for distance teleportation, 2-12Hz 

prevalence: M±SD = 6.71±3.63%; for time teleportation 7.14%±3.64%; for navigation 

6.24%±3.35%).   

 

Figure 2.  Removal of sensorimotor input does not abolish low-frequency oscillations 
in the human hippocampus.  (A) Three example raw traces taken from Patient 6, 
electrode LHH3-LHH4, respectively for distance teleportation, time teleportation, and a 
matched navigation trial. (B) Power spectra did not differ among the different tasks (C) 
The prevalence of oscillations (indexed by Pepisode) was not different for the three tasks 
(time&spatial teleportation and navigation).  (D) ANOVA revealed a null effect for task 
type across frequency bands, suggesting that low-frequency oscillations do not differ 
during the teleportation periods compared to the navigation epochs.   
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Hippocampal oscillatory prevalence did not linearly increase as a function of 
distances travelled  

Given that hippocampal 2-12Hz oscillations persist from navigation through 

teleportation, we next asked how the 2-12Hz oscillations are relevant to coding the 

precise distances and temporal durations patients experienced during teleportation.  

Previous reports suggested longer distances travelled are linked to increases in 2-12Hz 

low-frequency oscillations in the hippocampus (Bush et al., 2017a; Vass et al., 2016c). 

We first examined the possibility of a linear relationship between distances travelled in 

the teleporter and hippocampal theta prevalence, as measured with percentage of time 

detected using Pepisode (Whitten et al., 2011b).  We calculated the band-specific 

oscillatory prevalence averaged across repetitions and electrodes for each possible 

distance travelled (Figure 3A).  We conducted a 5x4 ANOVA (5: frequency bands, 4: 

possible distances travelled).  The ANOVA revealed no significant main effect for 

distance travelled (F(3,1140) = 0.59, p =0.62), and a null interaction between frequency 

band and distance travelled (F(12,1140) = 0.14, p = 1). The null main effects for distance 

travelled on oscillatory prevalence suggest that the broadband oscillatory prevalence did 

not change linearly as a function of distances travelled, and that our data did not support 

the linear distance coding hypothesis.  Therefore, we next asked whether hippocampal 

oscillations might code distance via other mechanisms. 
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Figure 3.  Nonlinear forms of distance coding are present in the human 
hippocampus.  (A) ANOVA reveals a null linear relationship between distances 
travelled and 2-12Hz HPC theta oscillations.  (B) Mutual information between distances 
and 2-12Hz HPC prevalence were significantly above 0, suggests nonlinear association.  
(C) Five plausible forms of distance coding models are proposed in the current study: 
linear metric, logarithmic, categorical, deviation from templates, and bidirectional 
(quadratic) coding.  (D)  Generalized linear mixed modelling reveals preferred nonlinear 
distance coding for each patient.  Models were selected based on smallest Akaike 
information criteria.  (E) 22 out of 58 electrodes matched the individual dataset’s 
preferred distance coding model (binominal test, p < 0.001).  Each dot is one electrode, 
colors indicate best fit models (see panel G), and shapes indicate the patient where the 
electrode was taken.  (F) Distribution of individual patient models coding distance.  Our 
findings suggest multiple nonlinear forms of distance coding might coexist in human 
HPC. 

 

Hippocampal oscillatory patterns during teleportation nonetheless demonstrated 
significant classification of short/long distances  

To determine whether there was sufficient information within hippocampal 

oscillations to code short or long distances, we first trained classifiers based on 

hippocampal 2-12Hz oscillatory prevalence.  23 out of 58 electrodes showed successful 

classification of the semantic categories (“short/long”) of distances travelled, at a 
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the null findings of linear relationships between distances and hippocampal theta 

oscillations, the successful classification suggests the possibility of individual 

heterogeneity for distance coding in hippocampus and the possibility of nonlinearity for 

neural codes of distance, which we explored in the next section. 

Individual variability and nonlinearity in putative neural codes for spatial distance 
teleportation 

To test the possibility of nonlinearity in the distance codes, we first calculated the 

mutual information gains between distances travelled and hippocampal 2-12Hz theta 

prevalence.  Mutual information was significantly greater than zero on the level of 

electrodes (Figure 3B, M+SD = 0.08±0.10, range = [0.00, 0.40], p < 0.001), and on the 

level of individual patients (M+SD = 0.06±0.08, range = [0.00, 0.23], p = 0.01).  The 

nonzero mutual information suggests the presence of nonlinear distance coding in 

hippocampal theta oscillations. As a follow up, we assessed for the presence of different 

forms of distance coding, exploring five possibilities for how distances travelled might be 

coded (Figure 3C).  This included a linear distance code, a logarithmic distance code, a 

categorical code (coding the “short/long” labels of distances), a prediction error code 

(i.e., the differences between actual distances travelled and the templates of categorical 

distances), and a bidirectional distance code (i.e., distances travelled are dual represented 

by the distances towards both ends of the T-Maze arm) tested separately for each patient.  

Assuming each electrode within each patient showed homogeneous preferences of 

distance coding style, we evaluated each dataset’s 2-12Hz oscillatory prevalence with 

linear mixed modelling and used the Akaike information criterion as the model selection 

criteria.  We found that each individual patient dataset was often not best fit by the linear 

metric model, and instead other nonlinear models showed smaller/better AIC values.  Out 

of 9 datasets, 1 was fit best with a linear distance model, 1 was fit best with a categorical 

model, 4 were fit best with a bidirectional distance coding model, and 3 were fit best by 

the deviation-from-template model (Figure 3D).  Therefore, distances travelled were 

coded in different manners in different patients in hippocampal low-frequency 

oscillations, involving both linear and nonlinear forms of distance coding. 
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Table 3.  

Linear mixed models and AIC values for distance coding model selection. 
Δ AIC 

Dataset 

Linear  Log Categorical Prediction 

errors 

Bidirectional Electrodes 

matching 

P1S1 2.24 2.22 2.36 0 4.24 4/4 

P1S2 0 0.17 0.24 1.51 1.64 0/4 

P2 11.69 12.50 13.36 6.44 0 3/9 

P3S1 14.93 14.48 14.36 13.73 0 0/8 

P3S2 39.40 30.68 53.12 64.20 0 3/8 

P4 0.05 0.11 0 0.21 0.64 2/4 

P5 10.15 12.09 14.33 6.76 0 4/11 

P6 1.04 1.00 0.58 0 0.90 3/6 

P7 6.81 6.59 9.93 0 8.81 3/4 

Note: AIC values were centralized by the minimal AIC values from the 5 fitted models, 
i.e. for the best fit models, the Δ AIC values were always 0. 

 

Further relaxing the assumption that each electrode showed identical preference 

of distance coding, we also evaluated the preferred distance coding model for each 

electrode separately.  22 out of 58 electrodes matched the individual dataset’s preferred 

distance coding model (binominal test, 20% hit rate, p = 0.0008, see Figure 3E and Table 

S2).  Note that we compared 5 different models simultaneously and thus performance 

was well above a 20% chance rate across electrodes.  Therefore, convergence was found 

overall in the results of both the electrode-wise and dataset-wise distance coding model 

selection.  Together, these findings support that distance coding showed individual 

patient variability in terms of the preferred models employed. 

Low-frequency hippocampal prevalence increased linearly as a function of temporal 
duration  

Given that hippocampal oscillations also persisted during time teleportation, we 

next determine whether there was sufficient information within hippocampal oscillations 

to code short or long durations.  Similar to the setup of distance classifiers, we first 
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trained classifiers based on hippocampal 2-12Hz oscillatory prevalence.  39 out of 58 

electrodes showed significant binary classification of the temporal judgments, (i.e., short 

vs long durations), with a mean accuracy of 55.28%, suggesting that low-frequency 

oscillations carried information about temporal duration.  To better understand what 

might be driving the effect, we calculated 2-128Hz prevalence in hippocampus and sorted 

the prevalence values based the actual temporal duration during teleportation (Figure 

4A).  We conducted a 5x6 (5: frequency bands, 6: possible durations perceived) 

ANOVA, which revealed a significant main effect for temporal duration (F(5,1710) = 

4.41, p = 0.0005), but a null interaction effect (F(20,1710) = 0.52, p = 0.92). Given the 

significant main effects for duration, we conducted post-hoc linear regressions fitting 

duration and Pepisode values for each frequency band.  We found that 2-8Hz theta 

prevalence linearly increased as a function of the temporal durations spent in the 

teleporter (t = 5.61, p < 0.001, 95% CI = [0.28,0.59]).  Despite the null interaction effect, 

the prevalence of other frequency bands was not predicted by duration (fast theta, 6-

12Hz, t  = 1.78, p = 0.08; beta, t = 0.42, p = 0.67; slow gamma, t = 0.69, p = 0.49; and 

fast gamma, t = 0.89, p = 0.37).  The results together suggest slower theta (2-6Hz) 

oscillations in hippocampus increased their prevalence as a function of the temporal 

duration.   
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Figure 4.  Hippocampal oscillations code temporal durations.  (A) Prevalence of 2-6Hz 
theta oscillations increases as a linear function of durations perceived during teleportation 
(p < .001).  (B)  The number of gamma bursts showed a significant linear trend as a 
function of durations. (C) Using Rsquared as the goodness of fit, the number of 40.5Hz 
gamma bursts showed best fit as a “pacemaker” and was used for following analyses.  
(D) Examples 90Hz gamma bursts taken from an example time teleportation trial (patient 
4, electrode LHB4-LHB5).  (E) Number of 32-64Hz gamma bursts linearly increase as a 
function of duration spent during teleportation.  This suggests a possible oscillatory pace-
making mechanism for fast gamma in the human hippocampus.  (F) Model fitting on the 
electrode level suggests the gamma bursts in the majority of electrodes can be best fitted 
by a linear (blue color) or a semantic categorical (green) model.  Each dot is one 
electrode, colors indicate best fit models (see panel G), and shapes indicate the patient 
where the electrode was taken.  (G) Distribution of best fit models on the level of 59 
individual electrodes coding temporal durations.  Our findings suggest gamma (32-64Hz) 
bursts can be linear trackers for time in hippocampus.  (H) During navigation, the number 
of gamma bursts were better aligned with a linear model than those during teleportation, 
suggesting a relevant role of sensorimotor inputs in recalibrating the internally generated 
gamma bursts.  (I) The number of gamma bursts did not code distances travelled during 
teleportation (p = 0.11). 
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Number of gamma bursts during time teleportation linearly increased as a function 
of duration 

According to the pacemaker model of time perception (Treisman et al., 1994), it is 

hypothesized that the number of oscillatory cycles are the physiological underpinnings 

for time perception. We further pursued the question of whether and how hippocampal 

oscillations serve as a potential “pacemaker” for tracking time.  Therefore, we examined 

the number of oscillatory bursts detected by Pepisode for each trial, each frequency, and 

each electrode (Figure 4B for results averaged across 58 electrodes).  If oscillations code 

temporal duration, then the number of bursts should track time relatively linearly.  Note 

that while oscillations might be expected to be more prevalent for longer durations of 

time (based on the 1/f spectrum), this would not necessarily be true for bursts of 

oscillations, particularly when accounting for the 1/f spectrum with Pepisode.  We first 

evaluated using mixed linear model goodness of fit between the actual temporal durations 

and the number of bursts, for 49 frequencies from 2 to 128Hz.  Maximum goodness of fit 

was found at frequency 41.50Hz (Figure 4C), corresponding to the slow gamma range (t 

= 21.86, p < 0.001, slope = 0.875, 95% CI = [0.80,0.95]). 

Therefore, for the next set of analyses, wo focused on further elucidating the 

possible roles of slow gamma (32-64Hz) and how it contributed to tracking time as a 

“pacemaker”.  We first assessed the linear goodness of fit for each dataset’s number of 

gamma bursts, and determined whether the actual durations predicted the total number of 

gamma bursts.  In 9 out of 9 datasets, we were able to successfully predict the amount of 

gamma bursts based on the  duration teleported (Figure 4E, all p values < 0.05,  mean 

Rsquared = 0.25±0.11, range of Rsquared = [0.09,0.41].)  To examine whether the 

gamma bursts were better fit as a linear or nonlinear function of temporal durations, we 

used linear mixed modelling to fit the 9 datasets. We found that for the gamma bursts, out 

of 9 datasets, the majority (4) were best fit with a linear model, 2 with a semantic 

categorical model, 1 with a log model, and 2 with a quadratic model. Fitting the gamma 

burst on an electrode level also revealed the majority of electrodes were best fit with 

either a linear model or a semantic model (Figure 4G, out of 58 electrodes, linear: 15, 

semantic: 24, log: 5, prediction error: 2, and quadratic: 12). These results suggest a linear 
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relationship between gamma bursts and coding suprasecond intervals, supporting their 

role in temporal coding.  

As a control, we tested whether the same gamma burst mechanism coded the 

distances travelled in teleporter.  We did not find evidence that the number of 32-64Hz 

gamma bursts differing among trials with different distances (Figure 4I, one way 

ANOVA, F(3,28) = 0.30, p = 0.82).  These findings suggest that the gamma burst codes 

we identified were specific to temporal duration tracking but not distance coding. 

Sensorimotor input present during navigation improved the linearity of gamma 
burst codes with time 

The significant association between temporal duration and number of gamma 

bursts suggests the possibility that neural codes for temporal duration can be partially 

internally generated, independent of external sensorimotor inputs.  To determine the 

fidelity of this code, we compared the gamma burst code when sensorimotor input was 

present during navigation, helps to calibrate the accuracy of such internally generated 

gamma representation of time.  This analysis helped to determine the extent to which the 

gamma-burst code might depend on external input to recalibrate. 

For each electrode, we calculated the goodness of fit between time passage and 

the number of gamma bursts for navigation epochs and time teleportation epochs.  We 

found that goodness of fit (assessed by Rsquared) was significantly better during 

navigation than teleportation (Figure 4H, Wilcoxon signed rank test, z = 564.0, p = 0.04, 

averaged across 58 electrodes, mean Rsquared for navigation = 0.57±0.24, range = 

[0.06,0.94]; for time teleportation, mean Rsquared = 0.50±0.24, range = [0.03,0.94].)  

The results suggest that even though the gamma burst code can be internally generated 

and maintained, external sensorimotor inputs during navigation may reduce error related 

to the alignment with time tracking.   

Theta-gamma phase-amplitude coupling decreases related to teleportation 

Given that we observed both theta and gamma oscillations relevant to our task, we 

next investigated the effects of teleportation on hippocampal theta-gamma phase 

amplitude coupling. Given that we observed both theta and gamma oscillations relevant 

to spatiotemporal coding, it could be that theta-gamma PAC was also relevant to such 
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codes.  We calculated the phase-amplitude coupling for theta (2-12Hz) and gamma (40-

128Hz), for three distinct time periods: 2sec before initiating the teleportation, during the 

teleportation, and 2sec after exiting the teleportation.  

Regardless of the type of teleporter, we found significantly reduced degrees of 

theta-gamma phase amplitude coupling in hippocampus (Figure 5).  For distance-related 

teleportation, averaged across 58 electrodes, maximum decreases in theta-gamma 

coupling were found for 3Hz theta and 92.5Hz gamma (Figure 5A).  For distance 

teleportation, the 3-4Hz theta and 60-100Hz gamma coupling for teleportation was 

reduced 53.20% ± 19.92% compared to the mean of pre-teleportation and post-

teleportation navigation periods (pre-Tele: 0.0114±0.0067, post-Tele: 0.0127 ± 0.0093, 

during teleportation: 0.0068 ±0.0079).  For time teleportation, maximum decreases in 

theta-gamma coupling were found for 3Hz theta and 64.5Hz gamma (Figure 5C).  

Averaged across 58 electrodes, the 3-4Hz theta and 60-100Hz gamma coupling for 

teleportation was reduced 41.01% ± 21.02% compared to the mean of pre-Tele and post-

Tele periods (pre-Tele: 0.0114±0.0066, post-Tele: 0.0117 ± 0.0072, during teleportation: 

0.0079 ±0.0081).  Together, the results indicate that the removal of sensorimotor inputs 

(during teleportation) significantly reduced the theta-gamma phase amplitude coupling in 

hippocampal electrodes; such decreases in theta-gamma coupling were reversible after 

exiting the teleporters and restoring sensorimotor inputs. 
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Figure 5.  Hippocampal theta-gamma phase amplitude coupling (PAC) decreases 
during absence of sensorimotor input (teleportation).  (A) During teleportation, when 
instructed to focus on the distance, hippocampal electrodes showed decreased theta-
gamma PAC compared to the pre-teleportation or post-teleportation periods.  (B) Such 
teleportation-related theta-gamma PAC decreases were evident in individual datasets.  
(C) During teleportation, when instructed to focus on the time, theta-gamma PAC 
decreased when compared to the pre-teleportation or post-teleportation periods.  (D) same 
as (B) except that the data from the time teleportation task is shown here.   

 

Higher theta-gamma PAC decreases were linked to better time-aligned gamma 

burst codes and better spatial and temporal judgment performance  

Given the reduction in theta-gamma coupling during teleportation, we asked 

whether such changes were linked to the efficacy of internally generated gamma 

representation of time, and further whether such changes were related behavioral 

performance in both spatial and temporal judgment tasks.  First, we found a significant 

positive correlation between the stability of endogenous gamma-burst time codes and the 

amount of theta-gamma coupling reduction during the time teleportation task: t(58) = 

3.351, p < 0.001, 95%CI = [0.002, 0.007]. The significant positive correlation suggests 

that for higher amount of theta-gamma decoupling, the better fit the number of gamma 

bursts were by a linear model (higher Rsquared).  This suggests that theta-gamma PAC 

and gamma-burst linearity were related, potentially via mechanisms involving decoupling 

of theta with gamma to allow for greater internal modulation within the hippocampus via 

gamma coding. 

Next, given the links between gamma-burst time codes, and theta-gamma 

decoupling, we asked whether the amount of theta-gamma decoupling was linked to the 

behavioral performance (number of errors made in temporal/spatial judgments).  We 

found a significant negative association between HPC theta-gamma decoupling and the 

number of errors for temporal judgments: t(8) = -6.724, p = 0.001, 95% CI = [-0.35,-

0.17], although our sample size is small and only preliminary conclusions can be drawn 

from such correlations.  Providing additional support for a link between HPC theta-

gamma decoupling performance at the task, we found that the number of errors made in 

the spatial judgment task and theta-gamma decoupling were again negatively correlated: 

t(8) = -3.31, p = 0.016, 95% CI = [0.043,0.287]. These significant, although modest 
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correlations, suggest the more theta and gamma decoupled in hippocampus, the fewer the 

errors made for judging the “short/long” categories for distances and time.  Together, the 

correlations reported here support the behavioral relevance of the internally generated 

gamma bursts during teleportation, and the teleportation-induced theta-gamma 

decoupling in hippocampus. 

 

Discussion 

While hippocampal movement-related oscillations have been demonstrated in 

rats, monkeys, and humans (Czurko, 1999; Ekstrom et al., 2005c; Mao et al., 2021; 

McFarland et al., 1975; Watrous et al., 2011a), their functional role in cognition remains 

unclear.  Here, we employed virtual reality and teleportation to limit sensorimotor cues, 

which contribute to oscillatory entrainment (Bland & Oddie, 2001b; Lakatos et al., 2008), 

allowing us to determine how spatial distance and time duration might contribute to 

hippocampal oscillatory codes.  We replicated a past finding (Vass et al., 2016c) showing 

that hippocampal oscillations persist during teleportation in the absence of sensorimotor 

cues, suggesting that they are internally driven and do not depend on sensorimotor input.  

Pepisode (Whitten et al., 2011b), in particular, allowed us to detect for the prevalence of 

oscillations rather than simply their amplitude, again suggesting that such oscillations 

persisted in the absence of sensorimotor input.  Note that oscillatory prevalence during 

teleportation was indistinguishable from that during navigation, suggesting that 

oscillations were not significantly altered by the absence of sensorimotor cue.  Instead, 

theta-gamma phase-amplitude coupling was significantly reduced during teleportation 

compared to navigation, an issue we return to shortly. 

As part of the experimental design that differed from previous studies using 

teleportation, patients were teleported different distances and for different durations and 

then had to make a judgment about whether they were teleported a short/long spatial 

distance (on spatial blocks) or a short/long temporal duration (on temporal blocks).  Past 

reports have shown that human hippocampal oscillations contain distance codes (Bush et 

al., 2017a; Vass et al., 2016c), although their nature remains unclear.  Consistent with 

past work, we were again able to decode spatial distance, but only based on short or long 



Page 230 

intervals, which were the judgments patients were required to make.  Hippocampal theta 

prevalence also did not fit a linear model in which they varied directly with different 

distances teleported (15m, 18m, 21m, 29m, 32m and 35m).  Employing additional 

models, however, that included a binary model based on their required decision post-

teleportation (short vs. long) and non-linear models for all distances, revealed individual 

patient variability.  In particular, we found that individual patients showed different fits 

between oscillatory prevalence and spatial distance, with no one consistent model 

emerging across patients.  These findings suggested that the neural codes underlying 

spatial distance representation during teleportation were driven, in part, by individual 

variability and non-linearities in how oscillatory prevalence related to distance.      

Similar to spatial distance, we also found that there was sufficient information in 

hippocampal 2-12Hz oscillations to decode temporal duration judgments.  Temporal 

duration codes, although previously reported in signals recorded using scalp EEG (Liang 

et al., 2021), have not previously been demonstrated with hippocampal oscillations.  In 

this way, our findings suggest that hippocampal oscillations also contain information 

about temporal durations when such information is utilized in a context relevant to 

subsequent navigational decisions.  In contrast to spatial distance codes, which showed 

individual patient variability in model fits, our findings showed that, for the majority of 

electrodes and patients, temporal durations were correlated linearly with hippocampal 

oscillations.  Additional analyses suggested that this linear code was particularly strong 

when we considering the number of gamma oscillatory bouts recorded during temporal 

teleportation blocks.  Importantly, this relationship was observed significantly during 

matched navigational tasks, suggesting that sensorimotor input, in this case, strengthened 

the relationship between gamma bursts and accurate recapitulation of time.  Such linear 

codes for temporal duration would be compatible with pace-maker models of temporal 

coding (Treisman et al., 1994). 

Similar to the gamma burst codes for duration representation in hippocampus that 

we identified, recent studies with MEG also highlights the role of alpha bursts in 

retrospective duration estimate (Azizi et al., 2021). Although the potential “pacemaker” 

we identified is in the gamma range, our findings together point to a possibility that a 
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potential mechanism for timing can be achieved across frequency bands.  Another 

possibility is that temporal processing can take place at multiple cortical and subcortical 

regions independently, as suggested in a split-brain study (Okajima et al., 2017), and in 

this way, represent a potentially distributed code for temporal duration. For example, the 

timing information in the hippocampus may be relevant to binding of temporal sequences 

or play a role in spatiotemporal binding, as distinct from how it might be integrated in 

other brain regions. Further studies should investigate how cortical-HPC oscillatory 

coherence is involved in duration and distance representations.  

One important issue that our results can help to address is whether space and time 

rely on largely overlapping or independent codes within the hippocampus.  Some theories 

propose that numerosity, distances, and time, share a common magnitude representation 

(Walsh, 2003). Similarly, one proposal is that the hippocampus is blind to the modalities 

of inputs, representing distances travelled / time passed as a sequence of events (Buzsáki 

& Tingley, 2018). Additionally, some theoretical models suggest that the neural 

phenomena of place cells and time cells can be unified under a leaky integration 

algorithm (Howard et al., 2014).  Our findings are somewhat at odds with these 

predictions, at least for oscillations.  Our findings, along with other behavioral (Brunec et 

al., 2017; Lemoine et al., 2021; Riemer et al., 2018; E. Robinson et al., 2019) and neural 

studies (Liang et al., 2021; Watrous et al., 2013), suggest that spatial and temporal coding 

instead rely on partially distinct mechanisms.  While there are almost certainly common 

magnitude mechanisms also available in the brain, some of this may be task and region 

dependent, with the hippocampus one region where such codes may be partially 

independent (Kyle et al., 2015). 

While hippocampal oscillations persisted in the absence of sensorimotor input, we 

found that theta-gamma phase amplitude coupling was significantly reduced during 

teleportation.  Interestingly, we found that the degree of decoupling between theta phase 

and gamma amplitude also related to patient performance at judgments about distance 

and duration.  Previously, some reports have suggested that theta-gamma phase-

amplitude coupling coordinates neural assemblies within the phases of a theta cycle 

(Canolty et al., 2006; J. Lisman, 2005; J. E. Lisman & Jensen, 2013).  One possibility is 
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that theta-gamma phase-amplitude coupling facilitates the organization of navigation-

related sensorimotor inputs, and therefore the removal of external sensorimotor cues 

effectively reduce theta-gamma coupling, similar to theta-gamma coupling decreases 

during REM sleep in humans HPC (Cantero et al., 2003).  Another possibility is that 

memory-related theta and hippocampal gamma oscillations operate as independent units 

for spatial and temporal processing.  Therefore, in our task paradigm, decoupling 

between theta and gamma allowed independent coding of those two types of information 

(space vs time) and reduction of interference between the two.  Note, however, that our 

findings contrast somewhat with previous reports of better memory performance 

associated with higher hippocampal theta-gamma PAC in rats during a contextual 

memory task (Eichenbaum et al., 2009), in humans during a spatial memory task 

(Vivekananda et al., 2021) and associated with higher cross-regional theta-gamma PAC 

in human free-recall tasks (D. X. Wang et al., 2021). It is possible, however, that PAC 

related mechanisms may differ somewhat on the presence or absence of sensorimotor 

input, a finding also supported by our results. 

 There are also some potential limitations to our findings.  While we recorded from 

a large number of hippocampal electrodes in patients undergoing seizure monitoring 

(N=58), we recorded from a relatively small cohort of patients (N=7).  This could be 

relevant in particular to the variation in individualized codes present in hippocampal 

oscillations, although when we performed the same analysis at the electrode level, we 

found similar results.  Still, it is likely that we only captured a subset of the variability 

present in hippocampal oscillatory codes for distance.  Another potential limitation 

relates to patient recordings.  While we removed electrodes with inter-ictal discharge that 

we identified from the recordings, it is possible that such activity could still contaminate 

our findings.  We note, however, that patients performed well-above chance and that the 

task-related activity identified here is unlikely to be ictal as it was functionally related to 

performing the task.  Finally, we note that spatial and temporal teleportation differed in 

that patients might be able to estimate the spatial distance they would be teleported before 

teleportation based on the location of the teleporter but would not know the temporal 

duration before teleportation.  We note, however, that spatial distance teleportation still 

required maintenance of the different distances during teleportation, and thus similar 
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working memory demands to maintaining temporal duration, both of which involved 

comparing with past teleportation events to determine short vs. long categories.  

Furthermore, our findings for different coding models for distances suggest that at least 

some of this information was actively coded during teleportation. 

Conclusion 

 Our findings suggest that hippocampal oscillations code for spatial distances and 

temporal durations even in the absence of sensorimotor input.  Our findings also 

revealed, however, important differences in the basis for spatial vs. temporal codes.  

Specifically, we found that oscillatory prevalence varied in different manners as a 

function of distance across patients, with no consistent evidence for linear codes for 

distance based on oscillatory prevalence.  In contrast, we found evidence for linear codes 

for temporal duration both in the low-frequency and gamma oscillations.  Gamma burst 

codes of temporal duration improved with sensorimotor input during navigation, 

suggesting these codes partially depended on such entrainment.  Finally, we found that 

theta-gamma phase amplitude coupling decreased during coupling, possibly related the 

different spatiotemporal codes displayed within gamma and theta frequencies.  Together, 

our findings provide support for the idea that hippocampal oscillatory codes for space and 

time are partially independent. 
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