
Introduction Methods

EEG markers of visual Short-Term Memory (vSTM)
processes are well studied in conventional lab settings.

Virtual Reality (VR) technology offers new possibilities
to study these processes (e.g., in naturalistic settings),

but combining a VR
headset with EEG
measurements introduces
new challenges.

The weight of the headset
and its contact with the
electrodes can lead to

additional noise. The thereby lowered signal-to-noise
ratio (SNR) might render the components of interest
untraceable. Multivariate analysis approaches can help
to increase the sensitivity of these measures.
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Memory load:

F(1,20) = 17.62, 

ꞵ = 0.48, SE= 0.11, 

p < .001

Eccentricity: 

F(2,40) = 0.72, n.s.

Memory load : eccentricity: 

F(2,40) = 1.99, n.s.
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Furthermore, VR offers a
wide field of view, but vSTM-
components in the EEG have
mostly been studied at small
eccentricities (<5°).

??

Experimental setup:
HTC Vive Pro (rf: 90Hz) with 
Pupil Labs eye-tracker (200Hz)   
custom Unity 3D scripts utilizing UXF

(Brooks et al., 2020)
60 active EEG electrodes (10/20)  
BrainProducts LiveAmp (500Hz)

Preprocessing:
 ICA (EOG correlation) 
 automated epoch rejection 

(Jas et al., 2017) 
 rejecting trials with blinks or 

saccades > 2° (Engbert et al., 2015)  
exclude subjects with >33% rejected 

epochs (n = 3) 

Task:
Delayed
match-to-
sample 

Stimulus 
eccentricity

Memory
load

4°

9°

14°

low (2) 

high (4)

24 participants
age range: 20–38y
tested for color vision 

& stereopsis

720 trials in 10 blocks

Analyses:
CDA: 
 difference wave 

contralateral ERP − ipsilateral ERP
from posterior ROI 

Alpha oscillations: 
 induced power (wavelet) from posterior ROI
 difference: contralateral power − ipsilateral power
 extract frequency band 8–13Hz
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Research questions:
 Do we find EEG markers of vSTM when using a VR

headset instead of a desktop monitor?
 Do they change when presenting the stimuli at

larger eccentricities than previously studied?

decoding memory load (low vs. high)

 from voltage data (Adam et al., 2020)
 sliding classifier (20ms window)
 logistic regression
 „mini-blocks“: avg. across 10 trials
 5-fold repeated (50) cross-validation 
 per subject & average ROC AUCs

 from time-frequency decomposition of the data
 sliding classifier (500ms windows)
 Common Spatial Patterns (CSP ) transformation 

(Blankertz et al., 2008) + LDA on power of the 
6 most discriminative CSP components

 5-fold repeated (50) cross-validation
 per subject & average ROC AUCs

ipsi-
lateral 
power

contra-
lateral
power

contralateral − ipsilateral

CDA per memory load lateralized alpha power per memory load

lateralized alpha power per eccentricity

across all eccentricities

✓ We replicated the lateralization of induced alpha power
in response to the cue and during memory retention.

✓ This alpha lateralization was modulated neither by
memory load nor by stimulus eccentricity.

✓ Using spatial filters and a multivariate classifier, we
could decode memory load from (unlateralized) alpha
power for all eccentricities.

✓ We replicated the effects of memory load on CDA
amplitude. Therefore, using a VR headset does not
cause a detrimental decrease of the SNR.

✓ We show this for stimulus eccentricities of up to 14°.

✓ A more sensitive, multivariate decoding approach
confirmed these findings.

Lateralized alpha power varies neither with memory load nor with eccentricityCDA amplitude varies with memory load but not with stimulus eccentricity

Memory load can be decoded from alpha power for all eccentricitiesMemory load can be decoded from voltage data for all eccentricities

across all eccentricities per eccentricity

p < .01

4° 9° 14° 4° 9° 14°

per eccentricity
4° 9° 14°

Top: Avg. decoding performance (ROC AUC) of the sliding classifier (log. regression) over time. 

Bottom: Spatial pattern weights of the classifier (normalized & averaged across subjects).

Abs. spatial pattern weights of the 
most discriminative CSP component.
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