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Q Background @ Discussion

Temporal dynamics of tactile perception

« All participants performed substantially above chance level, but sensitivity and specificity

Signal detection theory meets perceptual electrophysiology

* Ongoing local a— and B—power used to be candidate signatures for vis. [1] and tact. [2] sensitivity
« When catch-trials are included: pre-stimulus a— and B—power both positively associated with ditfered (descriptively) from person to person - apparent between-subject variability in ROCs

perceptual criterion: Increased probability for correct rejections and misses [3,4,5] in both domains. * Spill-over eftect from previous trials: After a relatively slow reaction, participants are:
- 19-35% likelier to make an incorrect intensity judgement

- 9-22% likelier to perceive a weak stimulus
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distributions. Figure * Information about perceived intensity could only be linearly decoded using surrogate
adapted from [3] channel power in the upper alpha band for a minority of participants

Internal Response Internal Response

* Limitations: No trial-wise prediction of SDT parameters possible; true intensity and

previous-trial RT are confound variables > likely reason for small discriminability!
Methodological issues

« Power binning approach (top vs. bottom 20% narrow-band power): Outlook
channel-wise univariate testing for differences of behavioral measures per bin (e.g. HR, d’, k...) - Dose-response curve for nuisance factors + cv-confound regression of previous trial RT [10]
- Inference based on a minority of trials and single channels  Or: Multi-class classification for each combination of 7/ and P/ using a neural network

- Disegant orf potentially relevant spetel peitems and eymaimics * Fit CSP filters using whole-trial information to increase their reliability

Research question * Multi-band spatial filtering: use weighted channel power for multiple narrow-bands
Which multivariable pre-stimulus neural system states (in particular pre-stimulus neural oscillations) * Tensor decomposition instead of CSP & LDA - increase performance and include

can systematically predict perceived stimulus intensity? interactions between spatial, temporal and spectral features (at the cost of interpretability)

@ Methods

EEG protocol

*  Recording: 10-10 system EEG + EOG + 2 bipolar electrodes at inner left arm, 5 kHz sampling rate, no online filters

Paradigm
32 young, right-handed males, 1000 trials of tactile stimulation with jittered ISI (1563 £ 50 ms) [6]:
« Clearly detectable electrical stimulation of left median nerve, two true intensities (TI- vs. TI+)

*  Preprocessing: Interpolation of stimulation artifacts, 4" order Butterworth IIR (1- 200 Hz), visual artifact inspection,
infomax ICA with manual removal of ocular and cardiac IC’s before inverse ICA, epoching to [-200; -10] ms, trials without reaction discarded

* Immediate motor response with right hand digits, indicating perceived intensity (Pl- vs. Pl+) Behavioral analysis
*  Error analysis, SAT analysis, Generalized Linear Mixed Modeling (GLMM) of Pl and response accuracy with RT of previous trial as a predictor
Tactile discrimination task and behavioral results (random intercept and slope, L1: trials, L2: participants, group z-standardization, MLE fitting, Wald t-tests and Likelihood Ratio Tests for fixed effects).
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of individual RT distributions. Clear information presence in CSP components proves viability of the pipeline. Error bars denote SEM, asterisks denote the usual significance levels.
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