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Abstract 1 

A central challenge in the study of conscious perception lies in dissociating the neural 2 

correlates of perceptual awareness from those reflecting its precursors and consequences. 3 

No-report paradigms have been instrumental in this endeavour, demonstrating that the 4 

event-related potential P300, recorded from the human scalp, reflects reports rather than 5 

awareness. However, these paradigms cannot probe the degree to which stimuli are 6 

consciously processed from trial to trial and thus, leave open the possibility that the P300 is 7 

a genuine correlate of conscious access enabling reports. Here, instead of removing report 8 

requirements we took the opposite approach and equated post-perceptual task demands 9 

across conscious and unconscious trials by orthogonalising target detection and overt 10 

reports in a somatosensory detection task. We used Bayesian model selection to track the 11 

transformation from physical to perceptual processing stages in the EEG data of 24 male and 12 

female participants and show that the early P50 component scaled with physical stimulus 13 

intensity, whereas the N140 component was the first correlate of target detection. The late 14 

P300 component was elicited for both perceived and unperceived stimuli and was not 15 

substantially modulated by target detection. This was in stark contrast to a control 16 

experiment using a classical direct report task, which replicated the P50 and N140 effects 17 

but additionally showed a strong effect of target detection in the P300 time range. Our 18 

results demonstrate the task dependence of the P300 in the somatosensory modality and 19 

show that late cortical potentials dissociate from perceptual awareness even when stimuli 20 

are always reported.  21 
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Significance Statement 22 

The time it takes for sensory information to enter our conscious experience can be an 23 

indicator of the neural processing stages that lead to perceptual awareness. However, 24 

because many cognitive processes routinely correlate with perception, isolating those signals 25 

that uniquely reflect perceptual awareness is not a trivial task. Here, we show that late 26 

electroencephalography signals cease to correlate with somatosensory awareness when 27 

common task confounds are controlled. Importantly, by balancing report requirements 28 

instead of abolishing them, we show that the lack of late effects cannot be explained by a 29 

lack of conscious access. Instead, we propose that conscious access occurs earlier, at ~150 30 

ms, supporting the view that early activity in sensory cortices is a neural correlate of 31 

conscious perception.  32 
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Introduction 33 

Whether the neural processes giving rise to conscious perception originate in sensory 34 

cortices or higher order regions is a long-standing debate. In the somatosensory modality, 35 

the event-related potentials (ERPs) N140 over contralateral somatosensory electrodes and 36 

P300 over centroparietal electrodes show enhanced amplitudes for consciously perceived 37 

stimuli (Schubert et al., 2006; Auksztulewicz et al., 2012), whereas very early components, 38 

such as the P50, seem to reflect physical stimulus properties (Forschack et al., 2020). These 39 

findings are consistent with studies in the visual and auditory modalities that have similarly 40 

reported awareness-related negativities at ~200 ms over modality specific electrodes and 41 

late positivities at ~350 ms over centroparietal electrodes (Sergent et al., 2005; Eklund et al., 42 

2019).   43 

Despite this agreement, recent years have seen a rigorous debate centring on the question 44 

whether these potentials truly reflect awareness or are instead associated with precursors or 45 

consequences of conscious perception (Melloni et al., 2011; Aru et al., 2012; Pitts et al., 46 

2014; Rutiku et al., 2015; Naccache et al., 2016; Cohen et al., 2020; for a review see Förster 47 

et al., 2020). While early negativities have been suspected to reflect attentional processes 48 

rather than awareness (Pitts et al., 2014), the P300 has been found to be sensitive to 49 

expectations (Melloni et al., 2011), attention (Koivisto et al., 2005), and the timing of reports 50 

(Ye and Lyu, 2019). In a series of studies, Pitts and colleagues have demonstrated that the 51 

visual P300, in particular its later subcomponent P3b,  ceases to index awareness when 52 

stimuli are conscious but not reported, i.e. when they have no behavioural relevance to the 53 

task (Pitts et al., 2014; Cohen et al., 2020; Schlossmacher et al., 2020). These findings suggest 54 

that the P300 reflects post-perceptual processing rather than perceptual awareness per se. 55 
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However, two questions are still outstanding: First, because no-report paradigms do not 56 

directly inquire participants’ subjective experience it remains unclear to what extent the 57 

presented stimuli are consciously processed and if the neural processes that otherwise allow 58 

sensory information to become accessible for conscious report can accurately be captured. 59 

In this context, it has been criticised that failure to detect a P300 for conscious but task-60 

irrelevant stimuli may be due to increased temporal variability of the elicited components 61 

(Boncompte and Cosmelli, 2018), a lack of conscious access, or even a failure to correctly 62 

identify conscious stimuli (Mashour et al., 2020). In fact, studies using more active 63 

manipulations of reports have been inconclusive regarding the task dependence of the P300, 64 

showing a dependence on reports in vision (Koivisto et al., 2016) but not in audition (Eklund 65 

et al., 2019; but see Schlossmacher et al., 2021). This leads to the second question: do 66 

findings from visual studies generalise across sensory modalities? So far, studies testing the 67 

task dependence of the P300 are scarce in the auditory and completely lacking in the 68 

somatosensory modality, prohibiting final conclusions regarding the general relevance of 69 

early and late ERP markers of perceptual awareness. 70 

The goal of our study was to address these questions and scrutinise the task dependence of 71 

early and late ERP correlates of perceptual awareness in the somatosensory modality. To 72 

control for task demands while guaranteeing conscious access, we employed a 73 

somatosensory-visual matching task that orthogonalised target detection and perceptual 74 

reports, leading to equated behavioural relevance, working memory, and attentional 75 

capture of detected and undetected stimuli. To track the transformation from physical to 76 

perceptual processing stages, we constructed simple behavioural models capturing various 77 

task dimensions and evaluated them using time-resolved Bayesian model selection (Stephan 78 

et al., 2009).  Based on a previous fMRI study (Schröder et al., 2019) and insights from the 79 
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visual modality, we hypothesised that (i) very early potentials (P50) reflect physical stimulus 80 

properties, (ii) the somatosensory N140 correlates with target detection independent of task 81 

requirements, and (iii) the P300 reflects post-perceptual processes and only differentiates 82 

between hits and misses when reports correlate with detection but not when report 83 

requirements are controlled for. 84 

 85 

Materials and Methods 86 

Participants 87 

Participants were recruited from the student body of the Freie Universität Berlin and from 88 

the general public. All participants reported to be healthy with no history of neurological or 89 

psychiatric disorders, were right-handed, and had normal or corrected-to-normal vision. 90 

Twenty-eight participants completed the main experiment (matching task). Data of three 91 

participants were excluded because they did not show stable psychometric functions (see 92 

Behavioural analysis and Figure 2) and data of another participant were excluded due to 93 

strong motion-related artefacts in the EEG recordings leading to the exclusion of >50% of 94 

trials. Thus, data of 24 participants entered the analyses (19 females, five males, age range: 95 

19-37). Another twenty-three participants completed a control experiment using a classical 96 

detection task (direct report task). From this dataset, data of one participant were excluded 97 

due to unstable psychometric functions, leaving data of 22 participants that entered the 98 

analyses (twelve females, ten males, age range: 21-42). All participants gave written 99 

informed consent prior to the experiment and received a monetary reimbursement or 100 

course credits for their participation. The study was approved by the local ethics committee 101 
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at the Freie Universität Berlin and complied with the Human Subjects Guidelines of the 102 

Declaration of Helsinki.  103 
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Experimental design  104 

Matching task  105 

In the main experiment, participants performed a two-alternative forced choice 106 

somatosensory detection task on electrical median-nerve stimuli while their EEG was 107 

recorded (Figure 1A). Each trial was preceded by a variable intertrial interval (ITI), during 108 

which participants had to fixate on a central grey fixation disk. Following the ITI, an electrical 109 

target stimulus was delivered at one of ten intensity levels. The intensity levels were 110 

individually calibrated to sample the full dynamic range of each participant’s psychometric 111 

function from 0-100% detectability (see Stimuli and apparatus). Accordingly, physical 112 

stimulus properties, detection probability, and perceptual uncertainty associated with target 113 

detection varied from trial to trial. Presentation of the electrical target pulse was 114 

accompanied by a simultaneous change in the fixation disk’s brightness to either white or 115 

dark grey. This change in brightness served as a visual matching cue, which signalled target 116 

presence (white) or absence (dark grey). Participants were instructed to compare their 117 

somatosensory percept (electrical pulse detected or not detected) to the visual matching 118 

cue (signalling target presence or absence) and decide whether the two modalities produced 119 

a match (e.g. electrical pulse detected and white matching cue presented) or a mismatch 120 

(e.g. electrical pulse detected and dark grey matching cue presented, Figure 1A left box). 121 

Electrical pulses were presented on every trial and only their intensity levels varied, 122 

rendering them sub- or supraliminal. Target detection for the highest and lowest intensity 123 

levels was expected to be relatively stable (~0% detection probability at intensity level 1 and 124 

~100% detection probability at intensity level 10), whereas detection at intermediate 125 

intensity levels was expected to fluctuate from trial to trial. In contrast, the two brightness 126 

levels of the matching cue were clearly discernible. This ensured that electrical target 127 
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detection could be directly inferred from the combination of the matching cues presented 128 

on each trial and the participant’s match or mismatch reports. After a brief delay, in which 129 

the fixation disk returned to its original brightness, two colour-coded response cues were 130 

presented to the left and right of the fixation disk. Participants reported their 131 

match/mismatch decisions by making a saccade to the corresponding response cue (the 132 

colour-codes were counterbalanced across participants). Their gaze was evaluated online, 133 

and a response was registered as soon as the gaze remained within the response area for 0.2 134 

s, which was signalled to the participant by a brief increase in the selected response cue’s 135 

size. The next ITI began as soon as a response was logged or once the allotted response time 136 

had elapsed. In this case, the fixation disk briefly turned red, signalling a missed trial. The 137 

presented matching cues and the specific sides on which the colour-coded response cues 138 

were presented were counterbalanced across intensity levels, and trials were presented in 139 

random order. All participants completed 6 blocks of 200 trials (~10 min per block), resulting 140 

in 1200 trials per participant. The number of trials per intensity level followed a normal 141 

distribution, such that the number of trials at intensity levels near the 50% detection 142 

threshold was maximised (with 192 trials each for the threshold intensity levels 5 and 6 and 143 

48 trials each for the lowest and highest intensity levels 1 and 10). Prior to the main 144 

experiment, participants completed a 30 min training, in which they were required to 145 

achieve at least 90% accuracy on a run with superthreshold stimuli to ensure full 146 

understanding of the task and a low error rate in the main experiment.  147 

Direct report task  148 

To assess the influence of task requirements on early and late ERP correlates of 149 

somatosensory target detection, we ran a control experiment, in which participants 150 

performed a direct report task, comparable to classical detection tasks. The stimulation 151 
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protocol, visual displays, and all other experimental parameters were identical to the main 152 

experiment and only the task instructions differed to produce hit/miss reports instead of 153 

match/mismatch reports. Participants were similarly presented with electrical target stimuli 154 

and concurrent matching cues, but they were informed that the fixation disk’s change in 155 

brightness merely indicated the timing of a potential target stimulus, with no relevance of 156 

the direction of change. Thus, instead of reporting match/mismatch decisions, they directly 157 

reported whether they had perceived the target stimulus or not by saccading to the 158 

corresponding color-coded response cue (Figure 1A right box).  159 

Task comparison  160 

Due to the different report requirements, the two tasks offered different levels of 161 

experimental control. In both experiments, the selected intensities ensured an overall 162 

detection rate of ~50%, such that detected stimuli were not expected to produce oddball 163 

effects. Likewise, due to the randomisation, participants could not predict which response 164 

cue would be presented on which side, so that they could not prepare a motor response 165 

early in the trial in either experiment. However, in the direct report task target detection 166 

directly correlated with overt reports, behavioural relevance, working memory, and 167 

attentional capture. In contrast, in the matching task, the use of counterbalanced matching 168 

cues resulted in a decorrelation of target detection and overt reports. Importantly, since 169 

detected and undetected targets could result in the same overt report, their behavioural 170 

relevance and ensuing working memory were equated. Finally, the multimodal nature of the 171 

task required participants to split their attentional resources between somatosensory and 172 

visual inputs and quickly combine the extracted information into corresponding reports. As a 173 

result, signal differences related to post-stimulus attentional capture were expected to be 174 

minimised. Thus, the contribution of post-perceptual processing to the hit vs. miss contrast 175 
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was expected to be considerably attenuated in the matching task compared to the direct 176 

report task.  177 



 

11 
 

Stimuli and apparatus 178 

Target pulses were generated as analogue voltage signals using a waveform generator (DT-179 

9812, Data Translation, Bietigheim-Bissingen, Germany), converted to direct current 180 

monophasic square wave pulses of 200 µs duration by a constant current stimulator (DS5, 181 

Digitimer, Hertfordshire, UK), and delivered via adhesive electrodes (GVB-geliMED GmbH, 182 

Bad Segeberg, Germany) attached to the left wrist to stimulate the median nerve. Stimuli 183 

were delivered at ten individually calibrated intensities that were determined from 184 

participants’ psychometric functions. The psychometric functions were estimated prior to 185 

the experiments using the threshold estimation procedure described in Schröder et al.  186 

(2019), which accommodates between-subject variation in detection thresholds and criteria 187 

(estimated 1%, 50%, and 99% detection thresholds: matching task: T01 = 1.88 ± 0.79 mA, 188 

T50 = 2.53 ± 0.75 mA, T99 = 3.18 ± 0.91 mA; direct report task: T01 = 2.38 ± 0.78 mA, T50 = 189 

2.88 ± 0.82 mA, T99 = 3.38 ± 0.91 mA [mean ± standard deviation]). Stimulus presentation 190 

was implemented in Matlab (The MathWorks, Inc., Natick, MA, RRID:SCR_001622) using the 191 

Psychophysics toolbox (Brainard, 1997, RRID:SCR_002881). For response collection, 192 

participants’ gaze was measured using an SMI RED-m remote eye tracker (120 Hz, 193 

Sensomotoric Instruments GmbH, Teltow, Germany) and SMI’s iView X SDK. 194 

EEG recording and preprocessing 195 

EEG data were recorded from 64 electrodes placed according to the extended 10-20 system 196 

(ActiveTwo, BioSemi, Amsterdam, The Netherlands). Four additional electrodes recorded 197 

vertical (vEOG) and horizontal (hEOG) eye movements. Preprocessing steps included high-198 

pass filtering at 0.01 Hz (data of one participant in the control experiment were high-pass 199 

filtered at 0.5 Hz to remove excessive sweat artefacts), down-sampling from 2048 Hz to 512 200 
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Hz, and re-referencing to the common average. Eye blinks were removed from the data 201 

using adaptive spatial filtering based on individual blink templates computed from the vEOG 202 

(Ille et al., 2002). The continuous data were cut into epochs from -50 to 600 ms relative to 203 

stimulus onset. All epochs were visually inspected for artefacts and artefactual trials were 204 

removed (on average 5.20% in the main experiment and 6.48% in the control experiment). 205 

The artefact-free, epoched data were then low-pass filtered at 40 Hz and baseline corrected 206 

using a baseline from -50 to -5 ms. All preprocessing and data analyses were performed 207 

using SPM12 (www.fil.ion.ucl.ac.uk/spm, RRID:SCR_007037) and custom Matlab scripts. 208 

EEGLAB’s topoplot function was used to plot topographies (Delorme & Makeig, 2004, 209 

RRID:SCR_007292).  210 

Statistical analysis 211 

Behaviour 212 

Logistic functions were fitted to the behavioural data of each experimental block to obtain 213 

continuous models of the underlying psychometric functions (Wichmann and Hill, 2001). For 214 

each participant, the estimated slope and threshold parameters were then averaged across 215 

blocks to obtain one psychometric function per participant. Estimated detection 216 

probabilities <10% for intensity level 1 and >90% for intensity level 10 were defined as 217 

inclusion criteria. The rationale behind these criteria was that minimum and maximum 218 

detection probabilities outside these margins would indicate an incomplete sampling of the 219 

individual psychometric function (possibly due to changes in detection thresholds, response 220 

criteria, or erroneous reports). In the main experiment (matching task), data of three 221 

participants and in the control experiment (direct report task), data of one participant were 222 

excluded based on these criteria (Figure 2). Differences in mean psychometric functions 223 



 

13 
 

between tasks, which could be indicative of altered stimulus processing, were tested by 224 

running a Bayesian equivalent of the two-sample t-test on the estimated 50% threshold and 225 

slope parameters. Differences in reaction times between hits and misses were tested using a 226 

Bayesian equivalent of the paired-sample t-test (Krekelberg, 2019). For all t-tests, Bayes 227 

factors in favour of a difference are reported (BF10). To test whether the matching task 228 

successfully dissociated target detection from overt reports, Bayesian tests of association 229 

(Johnson and Albert, 1999) were performed on these variables for each participant in the 230 

matching task and Bayes factors for independence are reported (BF01, i.e. Bayes factors in 231 

favour of the null hypothesis). Following the recommendations by Kass and Raftery (1995), 232 

we consider 1 ≤ BF < 3 negligible, 3 ≤ BF < 20 positive, 20 ≤ BF < 150 strong, and 150 ≤ BF 233 

very strong evidence. All descriptive statistics are reported as mean ± standard deviation, 234 

except where otherwise noted. 235 

EEG  236 

Neuronal processing of the somatosensory stimulus was expected to undergo a 237 

transformation from physical to perceptual stages and on to the final reports. To track this 238 

transformation in the EEG signals and identify the latency at which awareness-related 239 

potentials occur, we constructed five general linear models (GLMs). Each contained an 240 

intercept regressor and a trial-wise experimental regressor capturing a variable of interest 241 

(Figure 1B): 1. intensity: the stimulus intensity level presented on each trial as a model of 242 

physical stimulus properties (linear regressor), 2. P(detection): the individual psychometric 243 

functions modelling trial-wise detection probability (sigmoidal regressor), 3. detection: 244 

target detection, which was inferred from match/mismatch reports and matching cues in the 245 

main experiment and explicitly reported in the control experiment, modelling a non-linear 246 

response expected to index awareness (binary regressor), 4. uncertainty: the slope of 247 
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individual psychometric functions modelling the expected uncertainty associated with target 248 

detection (inverse u-shaped regressor), and 5. match: matches and mismatches between 249 

target detection and visual matching cues, which were explicitly reported in the main 250 

experiment and inferred from hit/miss reports and matching cues in the control experiment 251 

(binary regressor). Note that even though participants did not engage with the matching cue 252 

in the direct report task and did not form match/mismatch reports, we still included the 253 

match model (as defined by the alignment of participants’ hit/miss reports with the 254 

matching cues presented on every trial) in the analysis of both experiments to ensure that 255 

any differences in results would be attributable to differences in the data and not to 256 

differences in the model spaces. In addition to the five models of interest, we included two 257 

further GLMs as control models to validate the approach: 6. cue: a visual control model that 258 

was defined by the white or dark grey matching cues to demonstrate specificity of the 259 

results to electrodes over somatosensory and visual cortices, respectively (binary regressor), 260 

and 7. null: a control model that contained only the intercept regressor to ensure that model 261 

selection would correctly dismiss experimental models when no effects were expected (i.e. 262 

no effects in the baseline period).  263 

Each of these models captures a unique aspect of the processing stages expected to occur 264 

during the tasks but not all of them are independent. Specifically, because target detection 265 

becomes more likely with increasing stimulus intensity, the intensity, detection probability, 266 

and detection models are positively correlated. This collinearity complicates classical GLM 267 

analysis since corresponding variance in the data cannot be uniquely assigned to any one of 268 

the regressors (e.g. the contrast between hits and misses would always be confounded by 269 

differences in stimulus intensity). Therefore, we employed an alternative approach, Bayesian 270 

model selection (BMS, Stephan et al., 2009), which can capitalise on variance that is 271 
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explained by each of the models beyond their shared variance. Importantly, the intensity, 272 

detection probability, and detection models each make unique predictions: while the 273 

intensity and detection probability models both assume a gradual increase of activity with 274 

increasing intensity, the intensity model does so in a linear fashion whereas the detection 275 

probability model predicts a sigmoidal response profile, with slow changes at low and high 276 

intensity levels and a sharp increase near the threshold intensities. Within one intensity 277 

level, the detection probability model predicts the same level of activation for all trials of 278 

that intensity level, regardless of whether they were detected or not, whereas the detection 279 

model predicts higher activity for detected than undetected stimuli, despite being presented 280 

at the same intensity level. Accordingly, the detection model assumes an all-or-none 281 

response for detected stimuli that is not captured by any of the other models. 282 

To implement the BMS approach, the data from both experiments were analysed using the 283 

same analysis pipeline: the seven GLMs were fitted to participant’s trial-wise EEG data using 284 

the Bayesian estimation scheme as implemented in SPM’s spm_vb_glmar.m function. This 285 

function approximates the posterior distributions of regression coefficients using variational 286 

Bayes (Penny et al., 2003) and provides free energy approximations to the log model 287 

evidence (LME), which can be used for model comparison (Penny et al., 2007). To obtain 288 

time-resolved estimates of LMEs for each model, electrode, and participant we fit our GLMs 289 

to each time point of each electrode individually (with the autoregressive model order set to 290 

zero, effectively reducing the error term to independent and identically distributed (IID) 291 

Gaussian errors and Gaussian priors for the regression coefficients with mean w0 = 0 and 292 

variance α-1 = 0.005). All EEG data were z-scored across trials before model fitting to obtain 293 

data of comparable signal amplitudes.  294 
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To identify which model best explained the EEG data at every time point, the estimated 295 

LMEs were then used to perform time-resolved BMS (Stephan et al., 2009). BMS computes 296 

exceedance probabilities (EPs) for all models, quantifying the probability that a particular 297 

model explains the data better than any of the other models. In addition to enabling model 298 

comparison of non-nested models, this approach allows for comparison of models that share 299 

variance to different degrees. If models are correlated, their shared variance reduces the 300 

relative difference between their LMEs. Accordingly, if correlated and uncorrelated models 301 

were included in the comparison individually, the correlated models would be at a 302 

disadvantage because they would have to compete against very similar models. At the same 303 

time, by assigning equal prior probability to correlated and uncorrelated models, identical 304 

portions of variance would be assigned too much prior weight, again resulting in an unfair 305 

comparison. BMS offers a simple solution to this problem by presenting the possibility to 306 

combine similar models into model families and adjusting the models’ prior probabilities 307 

accordingly (Penny et al., 2010). The combined models are then assessed on the family-level, 308 

facilitating fair comparisons. In our case, we combined the intensity, detection probability, 309 

and detection models into a model family (which we termed +family due to their positive 310 

correlations) and performed BMS on the family level, comparing the +family with the 311 

uncertainty, match, cue, and null models. For time points that were best explained by the 312 

+family we further determined which of the individual +family models best explained the 313 

data by running the model comparison on the +family models only and weighting the 314 

resulting EPs by the +family EP. 315 

To identify time points of interest, we imposed two criteria: 1) the winning model family had 316 

to score an EP ≥ 99% demonstrating a very high probability that the respective model family 317 

explained the data better than any of the other model families. 2) across participants, the 318 
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beta estimates of the winning models’ experimental regressors had to systematically deviate 319 

from zero. Since BMS does not take the directionality of effects across participants into 320 

account (LMEs can be high regardless of whether an effect is positive or negative) we added 321 

this criterion to ensured that only signals that systematically varied with any of our 322 

experimental regressors would be identified. To test this, we extracted beta estimates of the 323 

winning models’ experimental regressors and tested these for systematic deviation from 324 

zero using a Bayesian equivalent of the one-sample t-test (Krekelberg, 2019). Thus, time 325 

points of interest were defined as those exceeding both the EP threshold and a beta 326 

evidence threshold of BF10 ≥ 3. The null model was exempt of this rule as it did not have an 327 

experimental regressor and thus was only required to exceed the EP threshold. Note that 328 

when using BMS, it is usually not required to explicitly correct for multiple comparisons, 329 

since estimating posterior probabilities does not constitute a statistical test with a binary 330 

outcome that would result in false positives (Friston and Penny, 2003). However, when 331 

threshold criteria are applied to identify data segments of interest as done here, false 332 

positives become a possibility. In this context, it has been noted that thresholding posterior 333 

probabilities and labelling the threshold-crossing data segments as “active” is analogous to 334 

controlling the false discovery rate in classical inference (Friston and Penny, 2003; Marchini 335 

and Presanis, 2004). In our case, by thresholding EPs at 99%, we ensure that among the data 336 

segments surpassing that threshold at most 1% may be false positives. Moreover, by 337 

employing the additional criterion of systematic beta estimates, unsystematic variation 338 

across participants is further prevented from resulting in false positives, such that the true 339 

false discovery rate is expected to be even lower. 340 

To visualise the influence of the different task requirements on ERPs elicited by detected and 341 

undetected stimuli independent of differences in physical stimulus properties, we extracted 342 
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subsamples of hit and miss trials that were matched for stimulus intensity. For each 343 

participant, we identified all intensity levels that resulted in both hits and misses and 344 

randomly sampled trials such that the number of hits and misses was identical within each 345 

intensity level (Figure 4A). The subsampled trials were then pooled across intensity levels 346 

(main experiment: 225.96 ± 43.32 trials per condition; control experiment: 211.23 ± 47.35 347 

trials per condition [mean ± standard deviation]) and grand-averaged hit and miss ERPs were 348 

plotted for electrodes of interest.  349 

Code and data accessibility 350 

Matlab scripts including all analysis code are publicly available on Github: 351 

https://github.com/PiaSchroeder/SomatosensoryTargetDetection_EEG. Preprocessed EEG 352 

data and log files holding all relevant trial information can be downloaded from: 353 

https://doi.org/10.6084/m9.figshare.13160381. 354 

 355 

Results 356 

Behaviour 357 

Participants detected 53.77 ± 9.49% of targets in the matching task and 55.84 ± 8.99% in the 358 

direct report task. Target detection was most variable on trials with intermediate stimulus 359 

intensity levels resulting in characteristic sigmoidal psychometric curves (Figure 2). The two 360 

tasks resulted in similar psychometric curves, as indicated by a lack of evidence for 361 

differences in their characteristics (50% thresholds: matching task T50 = 2.52 ± 0.79 mA, 362 

direct report task T50 = 2.82 ± 0.80 mA, BF10 = 0.58; slopes: matching task slope = 7.53 ± 363 

4.92, direct report task slope = 8.82 ± 3.82, BF10 = 0.43). Reaction times were slightly shorter 364 



 

19 
 

for hits than misses (matching task: hits: 308.97 ± 32.25 ms, misses: 314.05 ± 36.52 ms, BF10 365 

= 9.27; direct report task: hits: 313.62 ± 34.17 ms, misses: 333.89 ± 42.28 ms, BF10 = 366 

568.68;). The matching task successfully dissociated target detection from overt reports as 367 

suggested by Bayesian tests of association (BF01 > 5 for all participants).  368 

EEG 369 

Task dependence of early and late somatosensory ERPs 370 

To test our hypotheses regarding the task dependence of the P50, N140, and P300, we 371 

inspected the BMS results in three electrodes of interest: CP4, C6, and CPz. These electrodes 372 

were selected based on previous research (Del Cul et al., 2007; Auksztulewicz et al., 2012; 373 

Pitts et al., 2014; Cohen et al., 2020) and we confirmed that they captured the components 374 

of interest by inspecting grand-averaged topographies of all hit trials across both 375 

experiments at relevant time points (P50: 50 ms, N140: 140 ms, P300: 350 ms; Figure 3). The 376 

grand-averaged EEG signals plotted for each intensity level showed the largest deflections 377 

for stimuli of high intensity levels and the smallest deflections for stimuli of low intensity 378 

levels, suggesting correlation with the +family. This observation was confirmed by BMS: in 379 

the matching task, the P50 in contralateral electrode CP4 was best explained by the intensity 380 

model, indicating processing of physical stimulus properties at this latency (Figure 3A, Table 381 

1). The P50 was followed by a centroparietal P100, which was similarly modulated by 382 

stimulus intensity but showed a transition to reflect detection probability at ~120 ms. The 383 

N140 in electrode C6 was the first to show an effect of target detection at ~150 ms but this 384 

effect was preceded by an effect of physical stimulus intensity, suggesting a transition from 385 

physical to perceptual processing stages at this latency. From ~250 ms onwards the P300 in 386 

electrode CPz was best explained by the detection probability model (note that this model 387 
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assumes no differences between detected and undetected stimuli of the same intensity) and 388 

showed little evidence for a late effect of target detection (maximum EP reached by the 389 

detection model in this component when compared against the intensity and detection 390 

probability models: EPdet = 16.54%, compare Table 1). To get an impression of the spatial 391 

extent of this effect, we inspected effect topographies across the scalp for relevant time 392 

points and found that the centroparietal electrode cluster constituting the P300 did not 393 

show a homogenous response across electrodes. Instead, it was dominated by the intensity 394 

model in contralateral electrodes and the detection probability model in midline and 395 

ipsilateral electrodes (Figure 5A). 396 

The control experiment using a direct report task showed similar effects in the early 397 

components but marked differences in the late components (Figure 3B, Table 1). Like in the 398 

matching task, the P50 and P100 were modulated by stimulus intensity and the N140 399 

showed an effect of target detection. Interestingly, in the direct report task, the detection 400 

effect in the N140 dominated the entire component, without a preceding effect of stimulus 401 

intensity. However, the most striking difference was seen in the P300 component. While the 402 

early phase of the P300, starting at ~200 ms, was best explained by the intensity model, its 403 

later phase, starting at ~350 ms, showed a sustained effect of target detection with an EP as 404 

high as EPdet = 99.96% (compare Table 1). Previous studies have shown that the P300 can be 405 

subdivided into an earlier, frontocentral P3a and a later, centroparietal P3b (Yamaguchi and 406 

Knight, 1991; Polich, 2007). In visual awareness, these subcomponents are assigned different 407 

roles: while the P3a is considered an automatic response that can occur non-consciously, the 408 

P3b is commonly discussed as a candidate marker of awareness (Muller-Gass et al., 2007; 409 

Dehaene and Changeux, 2011; Boncompte and Cosmelli, 2018). The transition from physical 410 

to perceptual processing stages observed here is in principle compatible with this distinction, 411 
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showing that detection effects occur in the later phase of the P300 (>350 ms, P3b). However, 412 

the corresponding effect topographies suggest that the transition from intensity to detection 413 

effects occurred similarly across the P300 electrode cluster, with no clear shift from 414 

frontocentral to centroparietal electrodes, leaving it somewhat unclear whether the 415 

observed effects truly reflect P3a and P3b respectively (Figure 5B). 416 

To further inspect the different detection effects in the two tasks, we plotted grand-417 

averaged subsamples of hit and miss trials that were matched for intensity levels (see Figure 418 

4A for details). The resulting ERPs and corresponding scalp topographies showed no 419 

difference between hits and misses in the P50 component, further confirming that early EEG 420 

signals reflect processing of physical stimulus properties (Figure 4B, C). The N140 on the 421 

other hand showed a clear amplitude enhancement for hits compared to misses and this 422 

effect was apparent in both experiments, even though in the matching task, the detection 423 

model only dominated the model comparison in a later time window. In contrast, the P300 424 

clearly reflected the different BMS results in late time windows. In the matching task, hits 425 

and misses elicited similar P300 amplitudes, whereas in the direct report task, hits elicited 426 

much larger P300 amplitudes than misses, resembling the commonly reported P300 427 

detection effect. Note that these results represent only a small subset of trials that was 428 

largely dominated by near-threshold stimuli (which are susceptible to near-threshold 429 

confounds, such as the focus of attention and general alertness). For this reason (and to 430 

avoid circular analysis) we did not perform any further statistical tests on these data. 431 

Nonetheless, this way of looking at the results helps to better understand the evolution of 432 

detection effects observed in the BMS results. For example, looking at the intensity-matched 433 

hit and miss ERPs in electrode CPz, the late detection effect in the direct report task appears 434 

to emerge as early as 200 ms (compare Figure 4C). However, the BMS results indicate that 435 
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the detection effect only started at ~350 ms whereas earlier time points were explained by 436 

stimulus intensity. This suggests that although target detection in near-threshold trials 437 

seems to have had some effect on the signal already at 200 ms, the intensity model still did a 438 

better job at explaining the data at this point and only later, at ~350 ms, did the detection 439 

model become the most dominant. Similar conclusions may be drawn for the early phase of 440 

the N140. 441 

Effects across time and space 442 

To obtain a more global impression of the spatiotemporal evolution of model probabilities, 443 

we determined the overall model performances across time as defined by the proportion of 444 

electrodes showing above-threshold effects for each model (Figure 5). As expected, activity 445 

in the baseline period was best explained by the null model, validating the specificity of our 446 

analysis approach. The intensity model showed similar effects in both tasks: the first clear 447 

evidence of somatosensory stimulus processing emerged at ~50 ms, consistent with the P50 448 

response. The BMS topographies at this time point showed a wide-spread intensity effect in 449 

contralateral somatosensory and frontal electrodes, which rotated slightly throughout the 450 

following ~100 ms to include more centroparietal electrodes. Then, starting at ~250 ms, a 451 

second strong intensity effect occurred, encompassing primarily centroparietal electrodes. 452 

The detection probability model first explained the data in the matching task at ~120 ms and 453 

showed an additional late effect starting at ~250 ms that paralleled the late intensity effect. 454 

Both of these effects showed a centroparietal topography, but the intensity effect occurred 455 

primarily in contralateral electrodes, whereas the detection probability effect was mostly 456 

found in slightly more posterior midline and ipsilateral electrodes. In the direct report task, 457 

the detection probability model showed several smaller peaks with similar topographies as 458 

the early intensity effect, but across time and electrodes the detection probability model did 459 
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not explain the data well in this experiment. The detection model showed the most striking 460 

difference between the two experiments. In the matching task, the earliest effect of target 461 

detection was observed at the N140 latency and this effect was confined to only two 462 

electrodes (C6 and FC6) and a brief period of time. Likewise, detection effects in later time 463 

windows were sparse with only very brief effects in isolated electrodes. In contrast, in the 464 

direct report task, the earliest detection effect occurred at ~90 ms in ipsilateral temporal 465 

electrodes, followed by a more widespread detection effect in contralateral central and 466 

frontal electrodes at ~120 ms (including the N140) and yet another effect at ~250 ms in 467 

ipsilateral central electrodes. Finally, from ~350 ms onwards, a large centroparietal electrode 468 

cluster reflected target detection throughout the rest of the time window. These results 469 

suggest a striking difference between the two tasks, with a widespread centroparietal 470 

detection effect at ~350 ms in the direct report task that was virtually absent in the 471 

matching task. Surprisingly, neither the uncertainty nor the match model scored high EPs in 472 

either task and this lack of effects was unaltered by inspecting later time points or data 473 

segments that had not passed the threshold criteria. However, we found effects of the 474 

matching cue in both tasks, starting at ~90 ms in occipital electrodes. In the matching task, 475 

this effect lasted slightly longer (until ~300 ms) and encompassed frontal and parietal 476 

electrodes. This difference was unsurprising given that further processing of the matching 477 

cue was vital to the matching task but not to the direct report task.  478 

 479 

Discussion 480 

In this study, we scrutinised the relevance of early and late ERP components as markers of 481 

somatosensory awareness. Both in a revised detection task that used a matching procedure 482 
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to control for report requirements and a control experiment with direct reports, the 483 

somatosensory P50 component was modulated by physical stimulus intensity, confirming 484 

hypothesis (i). The N140 was modulated by target detection in both tasks, although in the 485 

matching task, this modulation occurred later and was preceded by an effect of stimulus 486 

intensity, such that hypothesis (ii) was only partly confirmed. The P300 was clearly task 487 

dependent, showing a widespread detection effect in the direct report task that was largely 488 

absent in the matching task, when report requirements were controlled for. These results 489 

confirmed hypothesis (iii) and suggest that the P300 is not a reliable marker of 490 

somatosensory awareness but reflects postperceptual processing. 491 

The intensity effect observed in the P50 component replicates a recent ERP study that has 492 

similarly shown scaling of the P50 amplitude with stimulus strength (Forschack et al., 2020). 493 

More generally, our finding concurs with research showing that early stimulus processing in 494 

primary somatosensory cortex does not differentiate between detected and undetected 495 

stimuli but reflects physical stimulus properties in both humans (Schröder et al., 2019) and 496 

macaques (de Lafuente and Romo, 2005, 2006). We thus add to the growing consensus that 497 

very early sensory potentials index preconscious processing (Railo et al., 2011; Wühle et al., 498 

2011; Rutiku et al., 2016; Forschack et al., 2020) and support the notion that initial 499 

feedforward processing in early sensory regions is not sufficient for conscious perception 500 

(Lamme, 2006). 501 

The degree to which early negativities are task-dependent is not well understood. Here, the 502 

somatosensory N140 component was modulated by target detection even when 503 

postperceptual requirements were controlled for, corroborating its relevance for 504 

somatosensory awareness (Schubert et al., 2006; Zhang and Ding, 2009; Auksztulewicz et al., 505 

2012; Auksztulewicz and Blankenburg, 2013; Al et al., 2020; Forschack et al., 2020). 506 



 

25 
 

However, the BMS analysis revealed that in the matching task the N140 was first modulated 507 

by stimulus intensity before transitioning to an effect of target detection. Conversely, the 508 

N140 in the direct report task was exclusively modulated by target detection, suggesting that 509 

the different task demands had a considerable influence on the component’s timing and 510 

distribution. In fact, the N140 has previously been reported to be modulated by exogenous 511 

attention (Mena et al., 2020). The matching task enforced a reduction of post-stimulus 512 

attentional engagement compared to the direct report task, which may have resulted in the 513 

reduced detection effect. This finding could have important implications for the 514 

interpretation of awareness-related negativities in general. Similar to the visual awareness 515 

negativity (Koivisto and Grassini, 2016) and auditory awareness negativity (Giani et al., 516 

2015), the N140 has been suggested to result from recurrent interactions between sensory 517 

cortices (Auksztulewicz et al., 2012). Accordingly, these potentials have been taken as 518 

evidence for the Recurrent Processing Theory (RPT) of conscious perception, which assumes 519 

that perceptual awareness emerges as soon as initial feedforward activity in sensory cortices 520 

is consolidated by re-entrant feedback (Lamme, 2006). In fact, a number of studies have 521 

demonstrated detection-related feedback signals from secondary to primary somatosensory 522 

cortex in humans (Jones et al., 2007; Auksztulewicz et al., 2012; Auksztulewicz and 523 

Blankenburg, 2013), mice (Kwon et al., 2016; Yang et al., 2016) and macaques (Cauller and 524 

Kulics, 1991), supporting the role of local recurrent processing for somatosensory 525 

awareness. Our results are in principle compatible with RPT, but they also suggest that at 526 

least part of the awareness effects routinely reported at the N140 latency may be due to 527 

uncontrolled attentional processes and more direct manipulations of attentional allocation 528 

are necessary to elucidate this issue.  529 
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The P300 has previously been demonstrated to depend on report requirements in visual 530 

tasks (Pitts et al., 2014; Cohen et al., 2020; Schlossmacher et al., 2020) and we show that the 531 

same is true in the somatosensory modality. In opposition to early negativities, the P300 has 532 

been taken as evidence in support of the Global Neuronal Workspace Theory (GNWT). 533 

GNWT assumes that any conscious percept presupposes a non-linear “ignition” of global 534 

workspace neurons that are distributed across a network of brain regions, primarily in 535 

frontal and parietal cortices (Dehaene and Naccache, 2001). Given that several studies have 536 

now shown that the P300 – often considered a hallmark of ignition (Dehaene and Changeux, 537 

2011) – vanishes in no-report paradigms, some researchers have suggested that early 538 

activity may reflect general “information accessibility”, whereas late activity reflects proper 539 

“conscious access”, which might be lacking when perception is not reported (Mashour et al., 540 

2020). However, this explanation is not compatible with our results, since we show that a 541 

P300 can be elicited regardless of conscious access, further corroborating its postperceptual 542 

nature. Alternatively, one might argue that because attentional resources had to be divided 543 

between the somatosensory and visual inputs in the matching task, the attention allocated 544 

to the electrical stimuli was not sufficient for them to truly become conscious, such that they 545 

remained “preconscious” (Dehaene et al., 2006). However, both the somatosensory and 546 

visual stimuli were highly relevant to the task, making it unlikely that attention was 547 

withdrawn to the point that the electrical pulses were prevented from becoming conscious. 548 

Moreover, we did not find any differences in psychometric functions between the 549 

experiments, which one might expect if they differed in their levels of conscious processing. 550 

Thus, although we cannot entirely exclude the possibility that there were subtle differences 551 

in perceptual experience between the two tasks, the task requirements and behavioural 552 

data lead us to believe that the electrical targets were indeed consciously perceived in both 553 



 

27 
 

tasks, especially given that many of them were presented at superthreshold intensities. Our 554 

findings concur with results from fMRI studies showing that frontoparietal network activity 555 

does not correlate with conscious access when reports are controlled for (Frässle et al., 556 

2014; Farooqui and Manly, 2018; Schröder et al., 2019). The apparent absence of any sign of 557 

ignition in these studies seems to suggest that such widespread, nonlinear activity may not 558 

be as relevant for conscious perception as postulated by GNWT. However, we must note 559 

that such findings do not necessarily invalidate the role of frontal or parietal regions for 560 

conscious perception, since univariate EEG and fMRI analyses are limited to studying the 561 

collective activity of large populations of neurons. It may well be that smaller assemblies or 562 

patterns of neurons in these regions correlate with awareness even when task demands are 563 

controlled for (see e.g. Kapoor et al., 2020). Nonetheless, research such as ours certainly 564 

suggests, that the correlates of perceptual awareness are much more subtle than often 565 

claimed and that findings from studies showing large signal divergences for conscious stimuli 566 

without properly controlling for task demands cannot unreservedly be taken as evidence for 567 

any theory of conscious perception (Pitts et al., 2014; Tsuchiya et al., 2015). 568 

Given the ubiquity of the P300 in studies on perceptual awareness, it is worth considering 569 

which cognitive variables are its most likely generators and should therefore be most 570 

rigorously controlled. In a recent review, Verleger (2020) argues that stimulus-response-link 571 

reactivation, memory storage, and closure of cognitive epochs are the most relevant 572 

candidates. In both our tasks, timing cues indicated the exact moment of a potential 573 

stimulus delivery and thus, controlled for closure of cognitive epochs. However, the two 574 

tasks clearly differed in their control of stimulus-response-link reactivation and memory 575 

storage, which may have caused the different results. In the series of no-report experiments 576 

conducted by Pitts and colleagues (Pitts et al., 2014; Cohen et al., 2020; Schlossmacher et al., 577 
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2020), the stimuli of interest were not relevant to the task, such that none of the processes 578 

in question were initiated upon stimulus perception and no P300 was elicited. In contrast, 579 

Sanchez and colleagues used a go/no-go paradigm with response reversals and were able to 580 

decode target detection from late MEG activity (Sanchez et al., 2020). However, due to 581 

unpredictable stimulus timing and a response delay, their task was not controlled for closure 582 

or working memory effects, which may have caused the late effects. Koivisto et al. (2016) 583 

used a similar task but incorporated timing cues and speeded responses, leading to better 584 

control of closure and memory effects, and they found a modulation of the P300 by reports. 585 

However, the same task in the auditory modality did not reveal any effect of reports on the 586 

P300 (Eklund et al., 2019). Whether this discrepancy reflects genuine differences between 587 

modalities or results from residual task confounds remains to be tested.  588 

Although the P300 in our study was clearly affected by report requirements, it did not 589 

correlate with reports in the matching task. In fact, the match and uncertainty models did 590 

not explain any segments of the EEG data in either task. Possibly, the anatomical locations of 591 

regions previously found to show such effects (on the medial wall inside the longitudinal 592 

fissure or folded deeply into the cortex, Schröder et al., 2019) prevented strong influences 593 

on the overall EEG signal, leading the respective effects to go unnoticed or, alternatively, 594 

signals related to uncertainty and matching reports may not have been time-locked to the 595 

stimuli. Whatever the reason, since both perceptual uncertainty and overt reports were 596 

controlled for in the matching task, the observed detection effects were free of these 597 

confounds (see Schröder et al. (2019) for a more extensive discussion of this point). Instead 598 

of reflecting overt reports, the P300 in the matching task was best explained by the intensity 599 

and detection probability models, potentially suggesting that neither of these models 600 

perfectly accounted for the trial-to-trial response variations in this component. A potential 601 
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interpretation may be that these models captured variability related to the perceptual 602 

quality of the stimuli, which is expected to covary with stimulus intensity, at least for 603 

detected targets. The goal of our study prohibited subjective awareness ratings, but a 604 

previous study has indeed demonstrated that the N140 and P300 amplitudes correlate with 605 

graded awareness levels (Auksztulewicz and Blankenburg, 2013). Assuming a graded nature 606 

of awareness (Overgaard et al., 2006) might also explain why the effects of binary target 607 

detection were so limited in the matching task. Interestingly, in our fMRI study using the 608 

same task (Schröder et al., 2019), effects of stimulus intensity and detection probability were 609 

limited to areas in primary and secondary somatosensory cortex. Whether the late signals 610 

observed here also originate from these regions remains to be established. 611 

In conclusion, our study demonstrates that conscious access of somatosensory information 612 

is not reflected in widespread cortical activation as indexed by the P300 but instead seems 613 

to manifest in earlier, locally restricted activity over somatosensory regions. The generally 614 

sparse effects of dichotomous target detection in our study speak against global, non-linear 615 

effects of conscious somatosensory perception. In fact, focussing on large signal divergences 616 

for perceived versus unperceived stimuli may be misleading as they seem to emphasise 617 

postperceptual processing rather than perceptual awareness. Our study further stresses the 618 

need for carefully controlled experimental paradigms to be able to unequivocally attribute 619 

observed effects to stimulus awareness and effectively further our understanding of the 620 

neural processes supporting the emergence of conscious perception.  621 
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Tables  759 

Table 1. Peak exceedance probabilities (EPs) of +family models as displayed in Figure 3. The 760 

maximum model EPs within time points best explained by the +family in components of 761 

interest are presented for the matching task and the direct report task: P50 (40-60 ms, CP4), 762 

P100 (60-140 ms, CPz), N140 (100-160 ms, C6), and P300 (200-600 ms, CPz). Peak EPs are 763 

displayed along with the latency at which they occurred [% (ms)]. Where a maximum EP 764 

occurred repeatedly within a component, the earliest corresponding latency is noted. 765 

 Matching task Direct report task 

 intensity P(detection) detection intensity P(detection) detection 

P50 100.00 (43) 0.00 -- 0.00 -- 100.00 (56) 1.26 (41) 0.00 -- 

P100  99.92 (102) 96.95 (135) 17.53 (119) 100.00 (66) 50.91 (76) 30.75 (111) 

N140 99.97  (123) 34.12 (152) 71.96 (156) 34.61 (133) 78.73 (111) 99.87 (145) 

P300 85.64  (482) 99.99  (393) 16.54 (262) 98.74 (307) 57.48 (453) 99.96 (578) 

   766 
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Figure legends 767 

Figure 1. Experimental Design. (A) Trial design. Following a variable intertrial interval, 768 

participants received an electrical target pulse at one of ten intensity levels, which they 769 

either detected or missed. At the same time, the fixation disk changed its brightness to serve 770 

as the visual matching cue, which signalled target presence (white) or target absence (dark 771 

grey). In the matching task, participants compared their somatosensory percept to the 772 

matching cue and decided whether the two modalities matched or not (left box). In the 773 

direct report task, participants ignored the identity of the matching cue and merely decided 774 

whether they had detected a target pulse or not (right box). After a brief delay, they 775 

reported their decision by making a saccade to one of two peripherally presented, colour-776 

coded response cues. The selected cue briefly increased in size, signalling that the response 777 

was logged, and the next trial began. (B) Experimental Regressors. EEG responses were 778 

modelled with seven different GLMs that were compared using BMS. Each experimental 779 

GLM contained an intercept regressor and one of six experimental regressors modelling 780 

stimulus intensity, detection probability, target detection (hit vs. miss), expected 781 

uncertainty, matching reports (match vs. mismatch), and matching cues (white vs. dark 782 

grey). An additional null model contained the intercept regressor only. Small black circles 783 

denote individual trials of one participant. Note that although the detection probability 784 

regressor is computed from the detection regressor, the two models differ in their behaviour 785 

within intensity levels: e.g. looking at the predictions for trials at intensity level 5, the 786 

detection probability model predicts the same activation level for all targets of that intensity 787 

level, regardless of whether they were detected or missed, whereas the detection model 788 

predicts categorically higher activity for detected than missed trials. Thus, the detection 789 

model assumes a non-linear, all-or-none response for detected stimuli, whereas the 790 
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detection probability model assumes a graded response. Further note the intensity-biased 791 

distribution of trials in the detection regressor, which leads to correlations between models 792 

and prohibits classical GLM analysis. 793 

Figure 2. Psychometric functions in the matching task (A) and the direct report task (B). 794 

Black lines correspond to the individual block-averaged psychometric functions of 795 

participants included in the final samples (matching task: n = 24; direct report task: n = 22). 796 

Note that the psychometric curves are plotted as a function of intensity level, not intensity in 797 

mA, to normalise across participants. Red dashed lines correspond to participants whose 798 

detection probabilities at minimum and maximum intensity levels fell outside the required 799 

margin of <10% and >90% (white background) and were thus excluded from the analyses. 800 

The red dotted line corresponds to one participant in the matching task that was excluded 801 

due to poor EEG data quality. 802 

Figure 3. ERPs and BMS results for three electrodes of interest (CP4, C6, CPz, marked in 803 

grand-averaged Hit topographies on the right) in the matching task (A) and in the direct 804 

report task (B). For each electrode, the top panel shows stimulus-locked, grand-averaged 805 

ERPs (mean ± standard error) for each intensity level (1-10). Below, BMS results are plotted 806 

for time points of interest (EP ≥ 99% and BF10beta ≥ 3). The colour bands indicate the winning 807 

model families. For time points best modelled by the +family (intensity, P(detection), 808 

detection), the colour corresponds to an RGB value that is composed of the EPs of the three 809 

+family models (compare the RGB triangle: corners correspond to EP = 100%, signifying a 810 

clear winner of the model comparison within the +family, whereas intermixed colours signify 811 

similar EPs for the respective models. Corresponding peak +family model EPs are presented 812 

in Table 1). The middle panel shows unthresholded EP time courses for each model. The 813 

bottom panel shows time courses of group-averaged beta estimates of each model’s 814 
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experimental regressor (warm colours denote positive beta estimates, cold colours denote 815 

negative beta estimates). White rectangles mark data segments that exceed the respective 816 

thresholds. The results suggest that the P50 was modulated by stimulus intensity in both 817 

tasks. The N140 showed a transition from stimulus intensity to target detection in the 818 

matching task and a pure effect of target detection in the direct report task. The P300 was 819 

strongly task dependent, showing an effect of detection probability in the matching task and 820 

a transition from stimulus intensity to target detection in the direct report task.  821 

Figure 4. Intensity-matched hit and miss ERPs. (A) Trial distributions are shown for one 822 

exemplary participant. Lower intensity levels resulted in more miss trials (yellow) whereas 823 

higher intensity levels resulted in more hit trials (blue). To obtain intensity-matched 824 

subsamples of hit and miss trials, for each intensity level, we determined the number of 825 

trials obtained per condition and sampled as many trials from the condition with more trials 826 

as available for the condition with fewer trials. The subsampled trials (overlap) were then 827 

pooled across intensity levels to obtain a hit and a miss pool with identical intensity 828 

distributions.  (B) Hit and miss ERPs (mean ± standard error) in the matching task and (C) in 829 

the direct report task. Topographies for hits (H), misses (M) and their difference (D) are 830 

displayed for time points of interest (indicated by black arrows). Grey shaded areas mark 831 

time points that were best explained by the detection model. The P50 was not modulated by 832 

target detection in either task, whereas the N140 exhibits larger amplitudes for hits 833 

compared to misses in both tasks. The P300 shows a large difference between hits and 834 

misses in the direct report task but not in the matching task.  835 

Figure 5. BMS results across electrodes in the matching task (A) and the direct report task 836 

(B). For each task, scalp topographies for time points of interest (top) and model time 837 

courses across electrodes (bottom) are displayed. The scalp topographies indicate winning 838 
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models in electrodes surpassing the threshold criteria using colours as in Figure 3. The 839 

circled electrodes at 0 ms mark electrodes CP4, C6, and CPz. Model time courses are plotted 840 

as the proportion of electrodes showing above-threshold effects over time. The results 841 

suggest a striking reduction of target detection effects (red) in the matching task compared 842 

to the direct report task, especially in late time windows >350 ms. 843 












