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Abstract 30 

Voluntary movements are usually preceded by a slow, negative-going brain signal over motor areas, 31 

the so-called readiness potential (RP). To date, the exact nature and causal role of the RP in 32 

movement preparation have remained heavily debated. Although the RP is influenced by several 33 

motorical and cognitive factors, it has remained unclear whether people can learn to exert mental 34 

control over their RP, for example by deliberately suppressing it. If people were able to initiate 35 

spontaneous movements without eliciting an RP, this would challenge the idea that the RP is a 36 

necessary stage of the causal chain leading up to a voluntary movement. We tested the ability of 37 

participants to control the magnitude of their RP in a neurofeedback experiment. Participants 38 

performed self-initiated movements and after every movement they were provided with immediate 39 

feedback about the magnitude of their RP. They were asked to find a strategy to perform voluntary 40 

movements such that the RPs were as small as possible. We found no evidence that participants 41 

were able to to willfully modulate or suppress their RPs while still eliciting voluntary movements. 42 

This suggests that the RP might be an involuntary component of voluntary action over which people 43 

cannot exert conscious control. 44 

Significance statement 45 

The readiness potential (RP), a brain signal that precedes spontaneous, voluntary movements, has 46 

been a matter of controversial research for several decades. There has been a long debate on the 47 

nature of this signal and the degree to which it undermines the control a person has over their 48 

behavior. Thus, assessing the degree to which people are able to exert control over this brain signal 49 

is of vital importance. We addressed this question in a neurofeedback experiment. Our results show 50 

that people are unable to willfully suppress their RPs, even when explicitly trying to do so. This 51 

suggests that the RP is an involuntary and irrevocable component of voluntary action over which 52 

people have no control. 53 
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1. Introduction 54 

The readiness potential (RP) is a slow scalp negativity observed over motor areas in the 55 

electroencephalogram (EEG) and can start more than one second before spontaneous, voluntary 56 

movements (Kornhuber & Deecke, 1965; Shibasaki & Hallett, 2006). One traditional account of the 57 

RP is that it is a causal precursor to voluntary action and that it reflects an unconscious decision to 58 

act (Libet et al., 1983; Libet 1985). While recent studies indeed suggest that the RP is involved in 59 

the formation of conscious intention (Pares-Pujolras et al., 2019; Schultze-Kraft et al., 2020) and 60 

that it is a signal specific to voluntary action (Travers et al., 2020), other studies have raised 61 

questions about its role in movement preparation (Schurger et al., 2012; Schmidt et al., 2016; 62 

Schurger, 2018) and its role in human volition has remained unclear (Frith & Haggard, 2018). 63 

The precise causal role of the RP in movement preparation notwithstanding, it is frequently 64 

assumed that it is a necessary part of the causal chain that allows for voluntary action (although this 65 

is debated, see e.g. Radder & Meynen 2012). A related and more specific possibility could be that 66 

the RP is an “involuntary component of voluntary action”. That is, that the RP occurs automatically 67 

and irreversibly (i.e. involuntarily) once a person has voluntarily decided to move. In contrast, an 68 

alternative possibility is that people can exert conscious control over their RP, for example by 69 

learning to suppress or abolish it completely, while still being able to elicit spontaneous movements.  70 

This possibility has not yet been tested directly. One way to test this would be to provide people 71 

with immediate and graded neural feedback about the size of the RP they just produced and ask 72 

them to reduce it. Such an approach could potentially enable people in a trial-and-error fashion to 73 

learn how to modulate and suppress their RPs, as with examples of neurofeedback for other 74 

cognitive processes (Papo, 2019). 75 

We distinguish two principles which could enable people to achieve control over their RP. First, the 76 

readiness potential has been shown to be modulated by various attributes of voluntary movement, 77 

such as its inertial load and force deployment (Becker & Kristeva 1980; Kristeva et al., 1990; 78 
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Slobounov et al., 2004), its complexity (Benecke et al., 1985; Simonetta et al., 1991; Kitamura et 79 

al., 1993), its purposiveness and selection mode (Masaki et al., 1998; Praamstra et al., 1995), and by 80 

explicit demands on timing (Bortoletto & Cunnington, 2010; Baker et al., 2012; Verleger et al., 81 

2016). Further, compared to RPs observed in classical Libet-style studies (Libet et al., 1983), RPs 82 

are considerably smaller when spontaneous movements are executed unconsciously (Keller & 83 

Heckhausen, 1990), and almost absent when movements are initiated by deliberate, value-based 84 

decisions (Maoz et al., 2019). In all these studies, the modulation of the RP resulted from an 85 

experimental manipulation, that is by instructing participants to change specific characteristics of 86 

voluntary movements. Yet, it seems plausible that, when provided with trial-by-trial feedback of 87 

their RP, people would be able to identify how changing specific movement features allows them to 88 

modulate their RPs. 89 

Second, studies have investigated the self-regulation of slow cortical potentials (SCP), which are 90 

polarizations of EEG that can last up to several seconds (Birbaumer 1999), and of which RPs are 91 

considered a specific type. Using a training based on visual feedback of SCP shifts and operant 92 

learning principles (Elbert et al., 1980; Rockstroh et al., 1984), people can learn to self-regulate 93 

their SCPs, which has been used in communication systems for paralyzed patients (Kübler et al., 94 

1999; Kübler et al., 2001; Neumann et al., 2004). The mechanisms that allow such self-regulation 95 

are not well understood but are assumed to be based on a redistribution of attentional resources 96 

(Birbaumer 1999). This learning of self-regulation could in principle be employed by participants 97 

when provided with a trial-by-trial feedback of RP magnitude. 98 

Here, we tested the possibility of a voluntary suppression of readiness potentials in a neurofeedback 99 

experiment. Our core research question was whether people could suppress RPs by purely mental 100 

efforts, and not by changing physical movement characteristics that are known to modulate RPs. 101 

Participants performed self-paced pedal presses in single trials. After each pedal press we used a 102 

machine learning approach to derive a score that reflected the size of the RP that had just been 103 

produced and that was shown to participants as feedback. Participants were challenged to find a 104 
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mental strategy to perform movements such that the scores (and therefore their RPs) were as small 105 

as possible. 106 

 107 

2. Materials and Methods 108 

2.1. Participants 109 

Based on the average sample size of previous studies (Schurger et al., 2012; Schultze-Kraft et al., 110 

2020; Pares-Pujolras et al., 2019), we aimed for a minimum sample size of 15 participants. 111 

Considering that some would have to be excluded, we tested a total of 22 participants. Following 112 

our exclusion criteria (see below), 19 participants were included in the final sample. (11 female, 113 

mean age 26.9, SD 5.7 years). The experiment was approved by the local ethics board and was 114 

conducted in accordance with the Declaration of Helsinki. All participants gave their informed oral 115 

and written consent, and were paid €10 per hour. 116 

2.2. Experimental setup 117 

Participants were seated in a chair facing a computer screen at a distance of approximately 1 m. 118 

They were asked to place their hands in their lap and to position their right foot to the right of a 10 119 

cm x 20 cm floor-mounted switch pedal (Marquardt Mechatronik GmbH, Rietheim-Weilheim, 120 

Germany). Throughout the experiment, EEG was recorded at 1 kHz with a 64-electrode Ag/AgCl 121 

cap (EasyCap, Brain Products GmbH, Gilching, Germany) mounted according to the 10-20 system, 122 

referenced to FCz and re-referenced offline to a common average. EEG was recorded from the 123 

following 51 electrodes: AF7, AF3, Fpz, AF4, AF8, FT7, F5, F3, F1, Fz, F2, F4, F6, FT8, FC5, 124 

FC3, FC1, FC2, FC4, FC6, C5, C3, C1, Cz, C2, C4, C6, CP5, CP3, CP1, CPz, CP2, CP4, CP6, TP7, 125 

P5, P3, P1, Pz, P2, P4, P6, TP8, PO3, PO1, POz, PO2, PO2, O1, Oz, O2. In order to obtain the 126 

earliest measure of movement onset, 3D acceleration of the right leg was recorded with an 127 

accelerometer (Brain Products GmbH, Gilching, Germany) that was attached with an elastic band to 128 
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the right calf. The amplified signal (analog filters: 0.1, 250 Hz) was converted to digital (BrainAmp 129 

MR Plus and BrainAmp ExG, Brain Products GmbH, Gilching, Germany), saved for offline 130 

analysis, and simultaneously processed online by the Berlin Brain-Computer Interface toolbox 131 

(BBCI, github.com/bbci/bbci_public). The Pythonic Feedback Framework (Venthur et al., 2010) 132 

was used to generate visual feedback. 133 

2.3. Experimental design 134 

The experiment consisted of two stages (Fig. 1), a preparatory stage, and a feedback stage. The 135 

preparatory stage was performed to obtain data for training a classifier in preparation for the 136 

subsequent feedback stage. During the preparatory stage participants performed a simple self-paced 137 

movement task. The start of a trial was signaled by a white circle appearing on the screen. 138 

Participants were instructed to wait for roughly 2 seconds, after which they could press the pedal at 139 

any time. In accordance with standard definitions of the readiness potential they were asked to 140 

avoid pre-planning the movement, avoid any obvious rhythm, and to press when they felt the 141 

spontaneous urge to move (Kornhuber & Deecke, 1964; Libet et al., 1983). When the pedal was 142 

pressed the white circle turned red for 1 second, after which it disappeared and was replaced by a 143 

fixation cross. This constituted the end of a trial. The fixation cross remained onscreen for a 3 s 144 

intertrial period. Each participant performed a total of 100 trials in the preparatory stage, with the 145 

possibility of taking a break after each 25 trials. 146 

[Fig. 1 here] 147 

During the second part of the experiment, the feedback stage, participants again performed self-148 

paced pedal presses in single trials, as during the preparatory stage. However, after the participants 149 

had moved, an integer number was displayed on the screen for 1.5 s. Participants were informed 150 

that “this number reflects a brain signal recorded when you decided to press the pedal. Larger 151 

numbers mean large signals, small numbers mean small signals”. They were given the additional 152 

task to develop strategies to achieve preferably low numbers. Participants were (i) instructed to 153 
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move spontaneously and to not execute abnormal (e.g. very slow, interrupted) movements, but were 154 

otherwise free to find a strategy to achieve the goal, (ii) informed that, based on noisy 155 

measurements, scores might greatly vary from trial to trial and that they might thus need many trials 156 

to realize if a strategy works or not, and (iii) instructed to keep using a strategy to further lower the 157 

scores if they happen to find one that works. Participants performed 300 trials during the feedback 158 

stage, with the possibility of taking a break after each 25 trials. 159 

2.4. Training of classifiers from preparatory stage data 160 

Before the feedback stage, we performed three consecutive analyses on the data recorded during the 161 

preparatory stage: (1) We trained an accelerometer classifier that detected physical movement onset 162 

times in realtime from accelerometer data, (2) we selected the most informative EEG channels, and 163 

(3) we trained a real-time EEG classifier. Both the  accelerometer and EEG classifiers were then 164 

used during the feedback stage to assess the movement and the RP produced in each trial and to 165 

derive a score in real-time that was shown to participants as feedback at the end of the trial. 166 

2.4.1. Detection of movement onsets from accelerometer 167 

The accelerometer device attached to the right calf recorded acceleration in the direction of three 168 

orthogonal space axes. We determined the time of movement onset in each trial with a variance-169 

based approach. We trained a linear classifier on log-variance features extracted from two time 170 

windows: (1) a time window from -200 to 0 ms, time-locked to pedal press (“movement” class), and 171 

(2) a time window from 300 to 500 ms, time-locked to trial start (“idle” class). The former time 172 

window was expected to contain the acceleration of the foot during the movement, and thus have a 173 

large variance, while in the latter the acceleration was expected to be at baseline during the 174 

instructed self-paced waiting time of 2 s. In order to determine the movement onsets of each trial, a 175 

classifier was trained on the “movement” and “idle” time windows of 99 trials, and then applied 176 

with a sliding window on the remaining trial. The analysis worked backward from the physical 177 

completion of the pedal press, looking for the last time window preceding the pedal press where 178 
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there was no evidence for movement. For this, a first window was time-locked to the pedal press 179 

and then it was sample-wise shifted back in time until the classifier output indicated being in the 180 

“idle” class. The time of this last idle window before movement was registered as the time of 181 

movement onset. This procedure was applied to each of the 100 trials per participant in a leave-one-182 

out scheme. Trials with movement onsets times 3 standard deviations below or above the individual 183 

mean were excluded from further analysis. Finally, a classifier (hereafter referred to as 184 

“accelerometer classifier”) was trained on the accelerometer data from all remaining trials and 185 

subsequently used during the feedback stage for real-time detection of movement onset (see below). 186 

2.4.2. EEG channel selection 187 

We preselected a subset of channels that would be used for the assessment of RP magnitude during 188 

the feedback stage. This selection was done using the independent data recorded during the 189 

preparatory stage. By selecting channels near the vertex, we focused on channels where the RP is 190 

assumed to predominate, and further aimed to minimize the impact of movement or eye artifacts 191 

that predominantly occur at peripheral electrodes. For each of the selected trials of the preparatory 192 

stage, we defined two EEG segments: (1) a 1000 ms long segment time-locked to and preceding 193 

movement onset (“movement onset” class), and (2) a 1000 ms long segment time-locked to and 194 

preceding trial start (“trial start” class). The former were expected to contain an RP-typical 195 

negativation of EEG signals at certain channels, while the latter did not contain RPs. For each 196 

segment, we subtracted the average signal in the last 200 ms of the segment from the average signal 197 

in the first 200 ms of the segment. For each segment, this value thus represented how much the 198 

signal had changed in the 1000 ms preceding either movement onset, or trial start, respectively. For 199 

each EEG-channel individually, we then performed two one-sided t-tests in order to test (1) if the 200 

signal changes throughout the segment in the “movement onset” class were smaller than zero (to 201 

reflect the negative-going RP), and (2) if the signal in the “movement onset” class was smaller than 202 

that in the “trial start” class (to account for potential negative-going signal drifts prior to trial start 203 

cues). The criterion for selecting a channel was then that the null hypothesis of both these tests on 204 
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the preparatory data could be rejected at an alpha level of 0.05. The number of selected channels 205 

thus varied between participants. Channel Cz was selected for all 22 participants, reflecting the fact 206 

that readiness potentials preceding foot movements are typically most distinct over that channel 207 

(Brunia et al., 1985; Schultze-Kraft et al., 2016). Channels further away from Cz were selected with 208 

less frequency. On average, 10 (SEM=1) channels were selected per participant. 209 

2.4.3. Training of EEG classifier 210 

In order to extract RP-related spatio-temporal features from the EEG, we performed the following 211 

analysis, using data from the preparatory stage: For each trial and each selected channel, we defined 212 

two EEG segments: (1) a 1000 ms long segment time-locked to and preceding movement onset 213 

(“movement onset” class), and (2) a 1000 ms long segment time-locked to and preceding trial start 214 

(“trial start” class). These segments were first baseline corrected in the interval -1000 to -900 ms 215 

and then downsampled by averaging the data in consecutive 100 ms intervals, thus obtaining 10 216 

temporal features per segment and channel. Finally, these features were concatenated across all 217 

selected channels to obtain a spatio-temporal feature vector per segment. In order to derive an 218 

estimate of the distribution of classifier outputs for EEG segments containing RPs, we performed 219 

the following analysis: A regularized Linear Discriminant Analysis (LDA) classifier with automatic 220 

shrinkage (Blankertz et al., 2011) was trained on the “movement onset” and “trial start” segments of 221 

all but one trial in the preparatory data, and then applied to the “movement onset” segment of the 222 

left out trial. This procedure was applied to each trial in a leave-one-out scheme, resulting in one 223 

classifier output value per single-trial RP. The mean μ0 and standard deviation σ0 of the resulting 224 

distribution were calculated. These values were used during the feedback stage for transforming the 225 

EEG classifier outputs into a feedback score (see below). Finally, the same classifier (hereafter 226 

referred to as “EEG classifier”) was trained on all trials and subsequently used during the feedback 227 

stage (see below). 228 

2.5. Real-time feedback 229 
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During the feedback stage, every 20 ms both previously trained classifiers were applied to the real-230 

time data acquired at that moment. That is, the accelerometer data acquired in the last 200 ms was 231 

subjected to the accelerometer classifier, and the EEG data acquired in the last 1000 ms was 232 

subjected to the EEG classifier. This yielded one output value per classifier at each sample point. 233 

The logic was as follows. First, we wait until the button is pressed. Then we use the accelerometer 234 

classifier to look back in time from the button press and identify the time of movement onset, 235 

defined as the classifier switching from “idle” to “movement” class. Then the EEG classifier output 236 

value at the time of this movement onset was identified. Finally, to be easily interpreted by the 237 

participants, this value x was transformed to a score as 238 

𝑠𝑐𝑜𝑟𝑒 = ((𝑥 − 𝜇0) 𝜎0⁄ ) ⋅ 15 + 50. 239 

That is, after being normalized by the parameters obtained from the classifier outputs in the 240 

preparatory stage, the output was transformed such that an average value would result in a score of 241 

50, and a value being one standard deviation above or below the mean would result in a score of 65 242 

or 35, respectively. The resulting value was rounded to an integer and then showed to the 243 

participant as the feedback score after the pedal press. 244 

2.6. Questionnaire 245 

After finishing the feedback stage, participants were asked to fill out a questionnaire, which 246 

consisted of four questions: (1) “Overall, how much did you feel you could influence the scores 247 

shown on screen? (1 – not at all, 5 – a lot)”, (2) “How hard/easy was it to find a strategy that had an 248 

effect on the scores? (1 – very hard, 5 – very easy)”, (3) “Please use the table on the back of this 249 

sheet to write down your experience on the strategy/strategies that you used to achieve lower scores. 250 

On the left, please describe the strategy you used. On the right, please rate the success of the 251 

strategy and comment on anything that you find worth mentioning.”, and (4) “Did you have the 252 

feeling that one or more of the strategies work better over time, as if they were trainable? If so, 253 

which ones? (Please specify in the table)”. 254 
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2.7. Data selection 255 

Before analysis, we performed a data selection approach based on two criteria. 256 

2.7.1. Accuracy of real-time movement onsets 257 

We measured RPs in real-time by time-locking the EEG to the time of movement onset, not the 258 

time of the pedal press. As outlined above, our definition of movement onset uses the accelerometer 259 

classifier and looks backwards from the button press and identifies the latest time point before pedal 260 

press that is classified as idle. However, participants might not always perform smooth and 261 

continuous movements but instead perform multiphasic movements where they briefly pause or 262 

move slowly in between. In those cases, the accelerometer classifier at times failed to detect the true 263 

time of movement onset. Therefore, we had to ensure that movements onsets were not simply a later 264 

stage of a multiphasic movement with the participant having initiated the movement much earlier. 265 

Thus, we additionally required that there was no sign of movement in the phase before the detected 266 

movement onset. We excluded trials based on the following criterion: From trials in the preparatory 267 

stage, we defined the baseline variance of the accelerometer signals during rest. A feedback stage 268 

trial was then excluded if the accelerometer signal variance in the interval from -1000 to 0 ms 269 

before the real-time assigned movement onset was 3 SD above the baseline, thereby excluding on 270 

average 62 (SEM=15) trials per participant. 271 

2.7.2. Premature movement executions 272 

We also focused on those trials where participants adhered to the instruction to wait for roughly 2 273 

seconds after trial onset before deciding to press the pedal. This was to ensure that the time window 274 

used to extract RP features from the EEG (a 1000 ms window time-locked to and preceding 275 

movement onset) did not fall into the pre-trial start period. If participants did not follow this 276 

instruction, the extracted EEG features in that trial would be contaminated by the presentation of the 277 

trial start cue. Thus, we excluded trials where the delay between trial start and movement onset was 278 

less than 1000 ms, excluding on average 7 (SEM=5) trials per participant. 279 
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The total number of trials excluded by these two criteria varied considerably across participants. 280 

Three participants with more than 50% excluded trials were excluded from all further analysis. The 281 

final sample thus included 19 participants, with an average of 255 (SEM=9) trials. 282 

2.8. Statistical analysis 283 

Four explanatory variables were defined in order to examine the ability of participants to alter their 284 

RPs. One variable was trial number (TN), which was the key focus in this study: If participants 285 

were successful in gradually finding and training a strategy to lower their RP feedback scores 286 

during the feedback stage, this would be reflected in a decrease of RP feedback scores as a function 287 

of trial number. In addition, three additional measurements that characterize how participants 288 

generated the movement in each trial were defined as explanatory variables, despite not being the 289 

key focus here: Waiting time (WT, time from trial start to movement onset), movement duration 290 

(MD, time from movement onset to pedal press), and peak acceleration (PA, maximum acceleration 291 

measured between movement onset and pedal press). All four variables were z-transformed for each 292 

participant individually. 293 

To test for an effect of the four variables on the RP, for each participant individually a linear 294 

regression was fitted on the trial-wise feedback scores (i.e. the linearly transformed EEG classifier 295 

outputs), using TN, WT, MD, PA and a constant regressor as predictors. This yielded one estimated 296 

regression coefficient for each participant and each variable, on which we then performed one-297 

sample t-tests as a second-level analysis. Our main variable of interest was trial number: A gradual 298 

decrease of feedback scores in the course of the feedback stage would be reflected in a negative 299 

coefficient for the variable TN. Thus, a one-sided t-test was used to test whether the estimates were 300 

smaller than zero. For the movement characteristic variables WT, MD and PA, we had no specific 301 

assumption about the direction of the effect. Thus, for each of these variables, a two-sided t-test was 302 

performed. Finally, given the absence of an effect for all four variables (see Results), we validated 303 

the evidence for this absence using Bayesian t-tests, implemented in the open-source project JASP 304 
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(Love et al., 2019). The prior used for the t-tests is described by a Cauchy distribution centred 305 

around zero and with a scale parameter of 𝑟 = √2 2⁄ ≈ 0.707, as suggested in Morey & Rouder 306 

(2011). Bayesian hypothesis testing aims to quantify the relative plausibility of the null and 307 

alternative hypotheses, and the Bayes Factor (BF) obtained by a Bayesian t-test is a continuous 308 

measure of evidence for either hypothesis (Keysers et al., 2020). 309 

2.8. Code accessibility 310 

Analyses for this study were implemented in Matlab, version R2016b (The Mathworks Inc., Natick, 311 

Massachusetts, USA), and run on a computer using Intel core-i7 CPUs running the Ubuntu Linux 312 

operating system version 16.04. Analysis code is available by request from the authors. 313 

 314 

3. Results 315 

3.1. Validity of feedback scores 316 

We first verified that the feedback scores presented to participants indeed reflected the size of the 317 

RP (as would be expected by our method for defining feedback). Fig. 2 shows average RPs for the 5 318 

different quintiles of feedback scores (low to high). RPs with high scores had early onsets and high 319 

amplitudes, whereas RPs with low scores had late onsets and small amplitudes. While RPs at all 320 

score levels had their largest amplitudes at the vertex (channel Cz), they were spatially less 321 

pronounced in more distant electrodes at lower scores. The correlation between feedback score and 322 

RP amplitude was confirmed with a mixed-effects regression (β=-1.434, p<.001). Thus, on average, 323 

a decrease in 1.4 units of feedback score was equivalent to a 1 μV decrease in RP amplitude. 324 

[Fig. 2 here] 325 

3.2. Manipulation of scores by participants 326 

We examined whether participants were successful in finding a strategy to execute movements with 327 



 

14 

lower scores. If they were, this should be reflected in a gradual decrease of scores over the course of 328 

the 300 trials. A visual inspection of scores as a function of trial number showed no indication of 329 

such decrease, and the shape RP waveform did not change over time (Fig. 3). A one-sided t-test on 330 

the regression coefficient estimates obtained for each participant showed that they were not smaller 331 

than zero (t(18)=0.103, p=0.541), and the Bayes Factor BF0-=4.539 indicates that the data are 4.5 332 

times more likely under the null hypothesis which provides moderate evidence for absence 333 

(Jeffreys, 1961) of an effect of trial number. The lack of a negative (linear) trend of feedback scores 334 

during the 300 trials of the feedback stage suggests that participants were not successful in finding a 335 

strategy to willfully reduce their RPs. 336 

[Fig. 3 here] 337 

Next, we examined whether the RP was modulated by either of the three movement characteristics 338 

waiting time (WT), movement duration (MD) and peak acceleration (PA). A visual comparison of 339 

RPs averaged according to a median split of the three measures of movement characteristics showed 340 

only minor differences (Fig. 4), as compared to the inherent variability of RP waveforms (Fig. 2). 341 

There is an apparent small difference in early time periods between short and long waiting times 342 

(Fig. 4A) that is not detected as significant in our regression analysis. Our data do not allow us to 343 

tell whether this is a spurious effect because any testing of this time period would be post-hoc. Two-344 

sided t-tests on the regression coefficient estimates obtained for each participant showed that they 345 

were not significantly different from zero (WT: t(18)=-1.121, p=0.277; MD: t(18)=-0.373, p=0.713; 346 

PA: t(18)=1.114, p=0.279). Bayes factors for all three variables (WT: BF01=2.432; MD: BF01=3.955; 347 

PA: BF01=2.448) furthermore show that the data are more likely under the null hypothesis and 348 

indicate a moderate evidence for absence of an effect. Thus, these results suggest the absence of a 349 

relationship between RPs and the range of movement parameter variation observed in this study. 350 

Please note that the effects of these variables are not of interest for our core research question 351 

because they are (i) not used by the participants to improve their scores and (ii) reflect physical 352 

changes in the movements. 353 
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[Fig. 4 here] 354 

3.3. Self-assessment of task 355 

We used a questionnaire after the feedback stage to assess participants’ experiences and strategies 356 

(Fig. 5). When asked to rate how much they felt they could influence scores, the most frequent 357 

rating was 3 (“average”). When asked to rate how difficult it was to find a strategy that had an 358 

effect on the scores, the most frequent ratings were 1 and 2 (“very hard” and “rather hard”). 359 

Participants were also asked to describe in written form the used strategies and whether they were 360 

successful. Among the strategies reported as “successful” or “partly successful”, participants named 361 

strategies unvolving attention/relaxation (11), changing the physical attributes of the movement 362 

such as speed or force (5), changing waiting time (4), and involving emotion (3). For detailed 363 

reports of participants’ answers, please see the Extended Data Figure 1-1. 364 

[Fig. 5 here] 365 

 366 

4. Discussion 367 

Can people learn to suppress their readiness potential? We tested this possibility in a neurofeedback 368 

experiment. Participants performed self-paced pedal presses in single trials and after each pedal 369 

press they were provided with a feedback score that reflected the magnitude of the RP preceding 370 

that movement. 371 

To extract the scores from RPs, we employed a machine learning approach: We used data acquired 372 

during a preparatory stage to train a classifier to distinguish EEG segments preceding movements 373 

from the idle period before onset of the trial. By extracting spatio-temporal features from the EEG, 374 

the classifier learned both the spatial distribution of the RP across channels, and the characteristics 375 

of its waveform. Thus, when the classifier was applied to an EEG segment preceding a movement 376 

onset during the feedback stage, the resulting classifier output - and thereby the feedback score - 377 
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was a continuous indicator of the degree to which an RP was present in that segment (Fig. 2). 378 

Participants were challenged to find a way to perform self-paced movements with small RPs, and 379 

were instructed to keep using and extending any potentially effective strategies. If they were 380 

successful, this would be reflected in a gradual decrease of feedback scores in the course of the 300 381 

trials of the feedback stage. However, we found no evidence for such a decrease (Fig. 3), suggesting 382 

that participants were not able to find or train a successful strategy. 383 

This finding does not rule out the possibility that participants were able to occasionally modulate 384 

their RPs. Possibly some weaker potential effects of their strategies went unnoticed and were thus 385 

not further explored. One way to test this is to examine the relationship between feedback scores 386 

and the movement characteristics that participants were able to modulate and that we could measure 387 

in every trial: How long participants waited from trial start until initiating the movement (waiting 388 

time), how fast they executed the movement (movement duration), and how much force they 389 

applied to the movement, as reflected by the peak acceleration during movement execution. 390 

Although waiting time slightly modulated the shape of the RP (Fig. 4A), we found no evidence for 391 

an effect of either of the three movement parameters on the feedback score. 392 

The failure to deliberately suppress the RP does not reflect a fundamental impossibility that small 393 

RPs occur. Our data clearly show that many RPs recorded during the feedback stage were 394 

remarkably small in size: One out of five movements were preceded by RPs with very late onsets of 395 

only a few 100 ms, had amplitudes more than 50% smaller as compared to the average, and a 396 

substantially more confined spatial distribution (Fig. 2, light color code). These small RPs occurred 397 

with a fairly constant rate throughout the feedback stage (Fig. 3). We cannot fully exclude the 398 

possibility that the small amplitude of these RPs were somewhat influenced by mental strategies, 399 

however if so then participants failed to notice or systematically exploit the effects of these 400 

strategies. 401 

When asked how difficult it was to find a successful strategy, most participants (14 out of 19) 402 



 

17 

reported it was hard or very hard (Fig. 5). This self-assessment is in agreement with our finding that 403 

scores did not decrease over the course of the feedback stage. Interestingly, there appears to be 404 

some kind of “illusion of control”: When asked to rate their general ability to influence scores, 405 

participants’ ratings peaked at the midpoint of the scale, reflecting a “moderate” perceived ability to 406 

influence scores. In the absence of true control over RP scores this could suggest alternative 407 

interpretations. Possibly participants were biased to remember more of those trials in which an 408 

intended strategy happened to coincide with a purely random low score, and less those in which the 409 

effect was contrary (Thomson et al., 1998). Alternatively, people often tend to choose scores in the 410 

middle of Likert scales (which is known as the central tendency bias), particularly when they are 411 

unsure about their answer (Nadler et al., 2015). Thus, the predominance of central ratings in this 412 

question could be interpreted as participants meaning “I don’t know”, rather than as reporting a 413 

perceived ability to influence scores. 414 

Finally, it is worth noting that we cannot exclude the possibility that participants were effectively 415 

able to slightly modulate their RPs, for instance by employing strategies based on attention which 416 

we did not measure and therefore could not test. It has been shown that RPs are smaller when 417 

spontaneous movements that are initiated unconsciously, that is without attention (Keller & 418 

Heckhausen, 1990; Takashima et al., 2018; Houdayer, Lee & Hallett, 2020). Furthermore, 419 

Birbaumer (1999) suggested that learning the self-regulation of SCPs is based on a “redistribution 420 

of attentional resources”. Interestingly, when we asked our participants to describe strategies that 421 

(partly) worked, the most frequently reported strategy involved attention (Extended Data Figure 1-422 

1). However, even if participants were effectively able to slightly modulate their RPs by employing 423 

strategies based on attention, this modulation effect was too small for participants to train it or to 424 

sustain it over longer periods. This is possibly due to the inherent contradictoriness of the intent to 425 

attentively (and constantly) shift attention away from a task. 426 

At first sight, our data seem to differ from previous findings that paralyzed patients can learn to 427 

self-regulate their slow cortical potentials by means of real-time visual feedback (Kübler et al., 428 
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1999; Kübler et al., 2001; Neumann et al., 2004). This raises the question why participants in our 429 

study weren’t able to use comparable mechanisms to suppress their RPs. We consider two potential 430 

reasons: First and foremost, in those studies paralyzed patients learn and train the task of SCP self-431 

regulation in multiple sessions over the course of several weeks or months. While such an approach 432 

would be prohibitively expensive for the purposes of this study, it is conceivable that learning our 433 

task might be possible if participants were to be provided with much more time. Thus, future 434 

research is required in order to assess whether people can learn to exert control over their RPs using 435 

longer training protocols. Second, SCPs investigated in those studies reflect changes in cortical 436 

polarization that occur spontaneously in the ongoing EEG. In contrast, RPs are defined as time-437 

locked to the onset of a voluntary movement, and it has been recently debated whether they occur in 438 

the absence of voluntary action (Travers et al., 2020). Thus, it is possible that the event-related 439 

nature of RPs impedes their conscious self-regulation by the mechanisms through which other slow 440 

cortical potentials are influenced. Finally, it is worth noting that we deliberately did not provide 441 

participants with any specific instructions as to how they could achieve the task of suppressing their 442 

RPs. We abstained from doing so because we did not make specific assumptions about whether or 443 

how this task was possible. Thus, we aimed to test whether a trial-and-error approach was sufficient 444 

for participants to find a successful strategy, without introducing a bias on potential strategies. It is 445 

however possible that providing specific instructions for mental strategies might have facilitated 446 

participants to identify and train a successful strategy. 447 

Our data confirm and expand findings from a recent study, where stop signals were elicited in real-448 

time upon detection of RPs while participants were performing self-initiated movements (Schultze-449 

Kraft et al., 2016). In one condition, participants were instructed to “move unpredictably” so as to 450 

not cause stop signals. However, the shape of the RP remained unchanged and stop signals thus 451 

continued to be elicited, suggesting that participants were unsuccessful in reducing or suppressing 452 

their RPs. In that study, in order to avoid stop signals being triggered by noise in the EEG, they 453 

were only elicited if the magnitude of an RP was above a certain threshold. Thus, those stop signals 454 
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can be considered a binary feedback of the RP, since they were triggered by large but not by small 455 

RPs. In contrast, in the current study the feedback of the RP was continuous: in every trial, a 456 

feedback score was shown that directly reflected RP magnitude on a continuous scale. The trial-by-457 

trial feedback in this study thus provided considerably more information about the RP to the 458 

participant, compared to the binary stop signals used in our previous study (Schultze-Kraft et al., 459 

2016). However, the data of both studies suggest that the inability of participants to exert control 460 

over their RPs does not depend on the type or scale of the provided feedback. 461 

Our main finding that participants were not able to consciously suppress or modulate their RPs 462 

suggests that the RP is a signal over which people cannot exert conscious control, and thus that it is 463 

an “involuntary precursor signal of voluntary action”. Please note, however, that our data remain 464 

silent as to whether the RP is a causal precursor signal of voluntary action, as has been the 465 

traditional account of the RP (Libet et al., 1983; Libet 1985). Alternative accounts suggest that the 466 

RP reflects the leaky integration of spontaneous fluctuations in a drift-diffusion process (Schurger 467 

et al., 2012; Schurger, 2018), and that spontaneous movements occur when the accumulation of 468 

autocorrelated noise reaches a threshold, with either the output (Schurger et al., 2012) or the input 469 

(Schurger, 2018) of this accumulation giving rise to the shape of the RP. 470 

The accumulation-to-bound model makes several predictions relevant for the interpretation of our 471 

data. First, the RP-as-input model (Schurger, 2018) predicts that the shape of the RP is influenced 472 

by the delay between trial start and movement onset, i.e. the waiting time. Indeed, visual inspection 473 

of our data show a slight modulation of RP waveform in channel Cz by waiting time (Fig. 4A), 474 

compatible with the report by Schurger (2018, Fig. 6). Note, however, that this modulation is not 475 

detected as significant in our regression analysis on the feedback scores, where the Bayes Factor 476 

supports the absence of an effect. This is possibly because our EEG classifier was trained in a more 477 

robust fashion on changes in RP across all channels selected in the training data. Thus, it is unclear 478 

if this effect is spurious. Second, in the accumulator model framework people could potentially 479 

exert influence over their RPs, e.g. by modulating parameters such as drift rate or threshold, as long 480 
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as these were in turn to change the shape of the RP. Nonetheless, if this accumulation is necessary 481 

for voluntary movements then such movements would necessarily be preceded by an RP. Our data 482 

show that participants seem unable to affect the amplitude of the RP, even when explicitly trying to 483 

do so. 484 

In sum, we performed a neurofeedback experiment to test whether people are able to suppress their 485 

readiness potential. We found no evidence for the ability of participants to consciously suppress 486 

their RPs. Our findings thus suggest that the readiness potential is an involuntary precursor signal of 487 

voluntary action over which people cannot exert conscious control. 488 

 489 
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Figures 610 

 611 

 

Fig. 1. Experiment paradigm. In both the preparatory and the feedback stage, trial start was 

signaled by a white circle appearing on the screen. When a pedal press was executed, the circle 

turned red for 1 s. In the preparatory stage, the trial ended and a fixation cross was shown for an 

intertrial period of 3 s. In the feedback stage, before the trial ended a number was shown on the 

screen for 1.5 s, after which the fixation cross was shown. 

 612 

 

Fig. 2. Waveforms and topographies of readiness potentials for different feedback levels. 

For each participant, trials were grouped into five quantiles depending on the feedback score that 

was calculated in real-time, color coded in all panels from low (light) to high (dark). The left 

shows the grand average waveforms of RPs at channel Cz for the five quintiles, baseline 

corrected in the interval [-1000 -900] ms. Standard error is shown as a shaded area. The right 

shows the corresponding scalp topographies of the average voltage in the interval [-100 0] ms for 

the five quantiles. 
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Fig. 3. Change of feedback scores and RP waveform in the course of the feedback stage. (A) 

Gray dots show single-trial feedback scores, pooled across all participants, as a function of trial 

number. Black circles and vertical lines show averages of individual participants and population 

medians, respecively, both calculated over consecutive, non-overlapping bins of 25 trials. (B) 

Grand average RPs in channel Cz, computed for the first (blue) and the second (red) half of trials, 

respectively. Standard error is shown as a shaded area. Baseline correction was in the interval -

1000 to -900.  
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Fig. 4. Modulation of RPs by movement characteristics (channel Cz). We checked whether 

basic spontaneous movement characteristics included in the model as effects of no interest 

modulated the RP waveforms (as reported in previous literature). Top: Boxplots show, for each 

participant individually, the distribution of waiting time (A), movement duration (B) and peak 

acceleration (C) of movements executed. Bottom: For each participant individually, two average 

RPs were generated each using half of the trials (according to a median split of the corresponding 

measure, indicated in the color coded regions of the boxplots). The curves show grand averages 
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across participants. Blue and red traces show the average RP for the shorter and longer half of 

waiting time (A), for the faster and slower half of movements (B), and for the smaller and larger 

half of peak accelerations (C), respectively. Standard error is shown as a shaded area. Baseline 

correction was in the interval -1000 to -900. Gray bars indicate in which consecutive, non-

overlapping 100 ms windows a paired t-test showed a significant (p<0.05) difference of RP 

averages. The small differences in the waveform in A did not affect the EEG classifier (and 

therefore the feedback scores), which takes into account the RP waveform across all selected 

channels. 
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Fig. 5. Likert scale rating in questionnaire of subjective experience. Histograms show the 

number of participants rating question 1 (“Overall, how much did you feel you could influence 

the scores shown on screen?”) on a Likert scale from 1 (not at all) to 5 (a lot), and question 2 

(“How hard/easy was it to find a strategy that had an effect on the scores?”) on a Likert scale 

from 1 (very hard) to 5 (very easy). 
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