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Abstract 23 

Sustaining attention is effortful but crucial for daily life. Despite this, attentional lapses 24 

are common and can have fatal consequences (e.g., when driving). The spontaneous 25 

nature of these lapses make studying their underlying phenomena elusive. As such, 26 

methods capable of determining when lapses have occurred may be fruitful research 27 

tools, with the potential to save lives if implemented within real world settings. Here, 28 

we capitalised on a recent hierarchical classification method, which uses multivariate 29 

decoding to index how well human observers sustain their attention within a dynamic 30 

visual environment. We asked whether this method could be used to anticipate 31 

behavioural errors based on neural activity measured with electroencephalography 32 

(EEG). We first decoded patterns of EEG activity that systematically correlated with 33 

critical aspects of a Multiple Object Monitoring (MOM) task. The extent to which we 34 

could decode this information depended on whether a stimulus was relevant for 35 

behaviour, which was lower before participants failed to detect (or ‘missed’) target 36 

stimuli, presumably due to attentional lapses. Here, we exploited this drop in neural 37 

decodability to predict whether errors were about to occur on each trial. The results 38 

form a foundation for sensitive and specific methods to objectively detect lapses in 39 

sustained attention based on patterns of brain activity. 40 

 41 

Keywords: sustained attention; multivariate pattern analysis; decoding; Multiple 42 

Object Monitoring (MOM) task; electroencephalography (EEG).  43 
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Introduction 44 

Sustaining our attention on one task for a prolonged period is effortful. Because of this, 45 

momentary lapses in sustained attention are common and often disrupt goal-directed 46 

behaviour. While the consequences of these could be negligible (e.g., losing your 47 

place whilst reading a paper), there are many scenarios where lapses can be 48 

extremely costly or dangerous (e.g., when operating a vehicle). Thus, it is important to 49 

understand both the behavioural and neural underpinnings of attentional lapses. 50 

By virtue of being spontaneous and internally driven, lapses in sustained 51 

attention are difficult to manipulate and study within experimental settings. Because of 52 

this, researchers often rely on participants self-reporting when lapses occur 53 

(Rasmussen et al., 2024; Smallwood et al., 2004; Unsworth & Robison, 2016), or 54 

indirectly infer this (post hoc) from poor task performance (deBettencourt et al., 2018; 55 

Karimi-Rouzbahani et al., 2021; Ladouce et al., 2024; O’Connell et al., 2009; 56 

Smallwood et al., 2004; Thomson, Smilek, et al., 2015). Ideally, we would have tools 57 

capable of objectively identifying when lapses occur in real time, allowing us to further 58 

study phenomena like lapse duration, termination, and recovery. 59 

Using electroencephalography (EEG), prior studies have shown that trial-wise 60 

univariate measures of brain activity (e.g., posterior alpha and steady-state visually 61 

evoked potentials) can track when attentional lapses and/or fluctuations occur (e.g., 62 

Chinchani et al., 2022; Mazaheri et al., 2009; O’Connell et al., 2009; Renton et al., 63 

2021). Because these measures are assumed to reflect the fidelity of stimulus 64 

encoding (Ergenoglu et al., 2004; Griffiths et al., 2019; Norcia et al., 2015), it is 65 

reasonable to assume that attentional lapses must attenuate the neural representation 66 

of task-critical information, which can be measured using multivariate decoding 67 

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted July 15, 2025. ; https://doi.org/10.1101/2025.07.10.663816doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.10.663816
http://creativecommons.org/licenses/by-nc/4.0/


techniques (Grootswagers et al., 2017; Robinson et al., 2023). In other words, the trial-68 

by-trial decodability of stimulus features should serve as a direct index of when 69 

participants are off-task or experiencing an attentional lapse. 70 

Recent magnetoencephalography (MEG) work by Karimi-Rouzbahani et al. 71 

(2021) has given credence to this idea. Briefly, the authors trained linear classifiers to 72 

decode critical aspects of a sustained attention task that employed dynamic and 73 

overlapping stimuli, and then used the resulting decodability as the basis of a second-74 

order classifier to predict which trials ended in behavioural errors. The amount of 75 

related information detectable within neural activity was correlated with both attention-76 

related experimental manipulations (higher for task-relevant than task-irrelevant 77 

information) and whether participants were about to make errors (higher on ‘hits’ than 78 

‘misses’). Crucially, these neural patterns were predictive of whether participants were 79 

about to miss targets with ~65% accuracy for nearly an entire second before 80 

behavioural responses were required. Under the assumption that missed targets were 81 

predominantly caused by spontaneous lapses in sustained attention, this work 82 

suggests that multivariate representations of task-critical stimulus features may serve 83 

as a fruitful approach for tracking whether participants are on task. 84 

This pre-registered study aimed to replicate and further extend Karimi-85 

Rouzbahani et al.’s (2021) findings—this time using EEG instead of MEG, due to the 86 

former being significantly more affordable to setup and use. To preview our findings, 87 

we were able to demonstrate clear effects of sustained attention from task-critical 88 

patterns of neural activity whilst participants completed a dynamic Multiple Object 89 

Monitoring (MOM) task (Figure 1A). Crucially, we could statistically predict whether 90 

participants were about to miss targets, albeit with weaker classification accuracy than 91 
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the initial MEG findings. This provides a proof-of-concept and foundation for future 92 

work developing sensitive and accessible methods for detecting attentional lapses in 93 

complex and dynamic environments from neural data. 94 

Methods 95 

Pre-registration Information and Data Availability 96 

We pre-registered this study on the Open Science Framework before any data were 97 

analysed (https://osf.io/cu87z). Minor deviations from our pre-registration are detailed 98 

and justified within the Supplementary Material. All written code and analysed data will 99 

be made publicly available upon publication. 100 

Participants 101 

Thirty healthy human participants were recruited through Macquarie University’s 102 

online participation pool (SONA) and the local community. Inclusion criteria required 103 

(corrected to) normal vision, normal hearing, fluency in speaking and reading English, 104 

and no significant history of neurological injury—all indicated via self-report. All 105 

participants gave informed written consent and were compensated with course credit 106 

or $40 (AUD). The study was approved by Macquarie University’s Human Research 107 

Ethics Committee (review reference: 520241317756262). In line with our pre-108 

registration, one participant was excluded due to poor EEG data (>4 excessively noisy 109 

electrodes throughout the recording), and four others were excluded because of 110 

excessively noisy eye tracking data. Our final sample (N = 25) consisted of 21 women 111 

and four men aged between 17 and 30 years (M = 20.56 years, SD = 3.87 years). 112 

Apparatus 113 

We ran the experiment in a dimmed and electronically shielded room. Stimuli were 114 

presented on a HP 27" X27q monitor (2560 ´ 1440 px resolution), set to a 60 Hz 115 
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refresh rate, using version 2022.2.5 of PsychoPy (Peirce et al., 2019). Participants 116 

used a chin rest at a viewing distance of ~83 cm and responded via an RB-830 Button 117 

Box (Cedrus). We recorded neural data using Curry 7 from 66 EEG channels (64 118 

scalp, two mastoid) connected to a SynAmps RT amplifier (Compumedics Neuroscan) 119 

at a sampling rate of 1000 Hz. Channels were laid out according to the 10-10 120 

International Standard montage using an EasyCap (Neuospec AG). AFz and M1 were 121 

set to ground and the online reference, respectively. We also recorded left eye 122 

movements using an EyeLink 1000 eye tracker (SR Research Ltd.) at a sampling rate 123 

of 1000 Hz. 124 

Multiple Object Monitoring Task 125 

We adapted the MOM task used previously by Karimi-Rouzbahani et al. (2021). In the 126 

present version (MOM 2.0, see Figure1A), there were 50 red and 50 blue dots 127 

randomly intermingled per block (~0.5° radius), which onset either from the top left or 128 

bottom right of a uniform grey background (~17.21° onset eccentricity, equal number 129 

of red and blue dots per onset location) and smoothly moved along a single visible 130 

trajectory on each side towards the centre (~11.63°/s), which contained a white 131 

circular obstacle (~0.75° radius). Dot onsets pseudorandomly jittered between 900 132 

and 1350 ms to ensure that more than one dot was always present, and only one dot 133 

reached the deflection point at a time. At the start of each block, one of the two colours 134 

(red or blue) was cued as the task relevant colour (see below) and participants were 135 

instructed to fixate on the central obstacle throughout the task. 136 
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 137 

Figure 1. Multiple Object Monitoring (MOM) task and analysis pipeline. A) 138 
Schematic of the MOM task (video demonstration: https://osf.io/69ptm/). Each task 139 
block began with the participants being cued towards a task-relevant dot colour (here 140 
blue; task-irrelevant dot colour is red) followed by ~2 min of a continuous task period. 141 
During the task periods, 100 dots onset (50 from the top-left and 50 from the bottom-142 
right of the display, intermingled) and smoothly moved along visible trajectories 143 
towards the obstacle at fixation. Forty-eight percent of dots automatically deflected 144 
away from ‘colliding’ with the central obstacle once reaching the deflection point at the 145 
end of the trajectory (events). The remaining dots required manual deflection via a 146 
button press if they were the task-relevant colour (targets). Task-irrelevant dots that 147 
continued past the deflection points were to be ignored (distractors). B) The 148 
continuous EEG data were epoched relative to the onset of each dot. These epochs 149 
were further segmented into 77.8 ms time bins. C) Each dot-specific epoch was 150 
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converted into a representational dissimilarity matrix (RDM) that characterised how 151 
dissimilar the multivariate patterns of EEG were between time bins. D) Dot-specific 152 
RDMs were converted into pseudo time-series data by averaging across dissimilarity 153 
scores from pairwise comparisons that shared a common time bin (i.e., averaging 154 
across the rows within each column). Steps C) and D) were also conducted on three 155 
pre-onset time bins to provide a benchmark of dissimilarity scores that could be 156 
achieved by chance. 157 
 158 

After 1167 ms post-onset, the dots reached a visible deflection point (~3.64° 159 

eccentricity) where 48% of them were automatically deflected by 90° from their original 160 

trajectory, in a random direction, before smoothly offsetting over 833 ms (‘events’). 161 

The remaining dots continued their trajectory until either a response was made, or they 162 

reached the central obstacle 1500 ms post-onset. If a dot failing to deflect was the 163 

relevant colour (a ‘target’), participants had to press a button (333 ms response 164 

window). This caused the dots to manually deflect and then smoothly offset over 833 165 

ms. If the dot failing to deflect was the task-irrelevant colour (a ‘distractor’), they had 166 

to ignore it. There were an equal number of targets and distractors per block. Dots that 167 

reached the central obstacle (i.e., missed targets and correctly rejected distractors) 168 

continued along a straight trajectory and smoothly offset over 833 ms. 169 

Auditory feedback was provided following each button press. Correctly 170 

responding to target dots before they reached the central obstacle (hits) resulted in a 171 

440 Hz tone. Early responses (before the dot reached the deflection point), late 172 

responses (after the dot collided with the obstacle), and false alarms (to either task-173 

relevant or task-irrelevant events) all resulted in a 256 Hz tone. Each button press was 174 

attributed to the dot closest to the central obstacle, if it had not yet been responded to, 175 

and multiple responses could not be attributed to the same dot. 176 
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Procedure 177 

The experimental session was divided into runs. The first run served as a practice run, 178 

where no data were recorded. During each run (both practice and main), participants 179 

completed a task block that was not relevant for the present study, and then two MOM 180 

task blocks. The ordering of task-relevant colours (red or blue) was randomised such 181 

that both served as targets within a given run. Each session lasted two hours, including 182 

participant setup and practice. We recorded between seven and ten main runs per 183 

participant but only used data from the first seven runs to ensure each participant 184 

contributed an equal amount of data to our analyses. 185 

Identifying Behavioural Outliers 186 

Participants were to be excluded if their overall miss rate deviated from the group 187 

mean by more than three standard deviations. No participants met this criterion. 188 

Behavioural Analysis 189 

Our behavioural analyses first tested whether there were any linear trends in miss 190 

rates, false alarm rates to task-relevant dots, or reaction times to successfully 191 

deflected targets (hits) as a function of time-on-task. As our EEG-based analyses 192 

collapsed across data from all 14 blocks (see EEG Analyses), it was important to check 193 

if there were any changes in behaviour over time. Here, false alarms were coded as 194 

any response to a task-relevant dot before it reached the deflection point (i.e., early 195 

responses), as well as responses to task-relevant events (dots that automatically 196 

deflected and were therefore not targets). 197 

For each participant, the behavioural measures (miss rate, false alarm rate, and 198 

correct reaction times) were averaged within each block. We then separately modelled 199 

each measure’s linear relationship with time-on-task (i.e., block number) using 200 
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univariate linear regression at the participant level. This resulted in participant-level 201 

beta weights (slopes) that characterised how much each behavioural measure 202 

changed as a function of time-on-task. Group level inference was conducted on these 203 

beta weights. 204 

Preprocessing 205 

We preprocessed the EEG and eye tracking data offline using version 1.6 of MNE-206 

Python (Gramfort et al., 2013) within a Python 3.9.16 environment. First, we integrated 207 

the raw eye tracking and EEG data into one data structure, and then concatenated 208 

these across runs. Next, the EEG data were re-referenced to the difference between 209 

M1 and M2 using the add_reference_channel and set_bipolar_reference functions. 210 

We then removed EEG line noise using a 50 Hz finite impulse response filter and 211 

visually identified excessively noisy channels, which were removed and then 212 

interpolated using the spherical spline method (Perrin et al., 1989). The data were then 213 

epoched from -500 to 1500 ms relative to the onset of each dot. No baseline correction 214 

was applied due to the continuous nature of visual stimulation. The epoched data were 215 

then downsampled to 250 Hz. No further preprocessing steps were applied. 216 

EEG Decoding Analyses 217 

Decoding Task-Critical Information: Time-to-Deflection Point 218 

We aimed to decode aspects of the MOM task from EEG data that correlated with 219 

good performance. Following Karimi-Rouzbahani et al. (2021), we used the time until 220 

a given dot reached the deflection point (equivalent to its distance from the deflection 221 

point) because this covaried with when dots became increasingly relevant for 222 

behaviour. 223 

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted July 15, 2025. ; https://doi.org/10.1101/2025.07.10.663816doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.10.663816
http://creativecommons.org/licenses/by-nc/4.0/


To do this, we segmented our preprocessed EEG epochs into 15 equally 224 

spaced time bins spanning the duration a given dot travelled between onset and 225 

deflection point (77.8 ms of data per bin; Figure 1B). We then averaged channel 226 

amplitudes over time within each bin, resulting in 63 features per bin (one for each 227 

channel). To determine how much dissociable information there was within each time 228 

bin, we conducted a series of pairwise, multivariate comparisons between each bin 229 

combination (105 combinations total) using five-fold cross-validated linear discriminant 230 

analysis at the participant level. Importantly, this was constrained so that data 231 

belonging to the same dot across compared bins were kept within the same cross-232 

validation fold. Time bins were also collapsed across onset side (left vs. right), 233 

meaning classifiers could not be driven by retinotopic differences between time bins.  234 

Similarly to other studies (Dijkstra et al., 2020; Hetenyi et al., 2024), we 235 

quantified the performance of each classifier by the average decision value assigned 236 

to each test observation. These values quantified how far away from the decision 237 

boundary a given observation was within feature space. We then transformed the 238 

values such that they were positive for correctly classified observations and negative 239 

for incorrectly classified ones. This metric was chosen over classification accuracy 240 

because it allows values further from the decision boundary—where the classifier has 241 

more ‘confidence’—to be given more weight when quantifying decoding performance. 242 

This process produced a representational dissimilarity matrix (RDM) per epoch 243 

characterising the dissimilarity in neural activity between time bins as the associated 244 

dot approached the deflection point (Figure 1C). We then further averaged across 245 

pairwise comparisons containing a common time bin (e.g., for bin 1, average of: bin 1 246 

vs. 2, bin 1 vs. bin 3, …, bin 1 vs. 15), transforming each RDM into a pseudo-time 247 
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series from dot onset to when it reached the deflection point (see Figure 1D). The 248 

same method was separately applied to three pre-stimulus time bins, giving us a 249 

benchmark for effect sizes observed due to chance using this method.  250 

This procedure was applied separately for data evoked from dots that were 251 

task-relevant and task-irrelevant under the hypothesis that there would be more neural 252 

dissimilarity between time bins for task-relevant dots. Only correctly rejected task-253 

irrelevant dots were included while all task-relevant dots were included. Moreover, we 254 

only analysed data before the deflection point (before any responses were required) 255 

meaning there were no physical differences in dot stimuli between levels of task-256 

relevance. 257 

Error Generalisation Analysis 258 

Next, we tested whether the neural dissimilarity measure described above differed 259 

between EEG recorded before targets were either hit (i.e., successfully deflected) or 260 

missed, using an error generalisation analysis (Karimi-Rouzbahani et al., 2021; 261 

Robinson et al., 2022; Woolgar et al., 2019). This method requires very little data on 262 

error trials (misses) relative to the training set of correct trials (hits), making it ideal for 263 

tasks where errors are infrequent.  264 

Specifically, for each participant, the procedure described above was used to 265 

train classifiers to decode time-to-deflection-point using a large subset of the hit 266 

epochs. We then applied said classifiers to both the miss epochs and an equally-sized, 267 

left-out subset of hit epochs in a cross-validated manner. Importantly, there were no 268 

physical differences in stimuli before the deflection point, meaning any differences 269 

between hits and misses must have reflected internally-driven, state-dependent 270 

differences in EEG patterns. We predicted worse decodability for data preceding when 271 
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participants missed targets compared to (left-out) hit trials, primarily reflecting poorer 272 

stimulus encoding during attentional lapses, noting that part of the neural dissimilarity 273 

between hits and misses is likely to reflect motor preparation differences. 274 

As in Karimi-Rouzbahani et al. (2021), the number of folds used for cross-275 

validation varied per participant. Specifically, this equalled the number of hit epochs 276 

divided by the number of miss epochs. This ensured no differences in the number of 277 

test epochs between hits and misses per fold. On average, each participant had 19.76 278 

(SD = 9.88) cross-validation folds. 279 

Predicting Trial-Wise Behaviour from Neural Data 280 

Our main analysis concerned predicting the behavioural outcome to targets on a trial-281 

by-trial basis (i.e., hits vs. misses) from EEG recorded before each dot reached the 282 

deflection point. To do this, we employed a hierarchical classification approach that 283 

built upon our error generalisation analysis. Specifically, we trained classifiers to 284 

decode time-to-deflection-point from all but two folds of the hit epoch data (as opposed 285 

to just one, like in the above analysis). We then applied these classifiers to the two 286 

left-out hit epoch folds (used as validation and test sets, respectively, see below) and 287 

the miss epochs. If decodability during this first step was low, the corresponding trial 288 

was classified as a miss (otherwise, a hit). 289 

To elaborate, we iteratively included data from each time bin as the dot 290 

approached the deflection point, and classified whether it belonged to the correct time 291 

bin using the 14 relevant pairwise classifiers (i.e., the true time bin vs. each other time 292 

bin). Again, we used distance from the decision boundary as our metric for decoding 293 

performance (instead of classification accuracy), which quantified how confidently 294 

data were classified per pairwise comparison. These ‘classification scores’ were 295 
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positive for correctly classified time bins and negative for incorrectly classified bins. 296 

This resulted in epoch-level matrices of classification scores, however, unlike in the 297 

above analyses, these were not necessarily symmetric because data were iteratively 298 

classified per time bin (rather than comparing two time bins from the same epoch). 299 

These matrices were then transformed into smoothed time series of classification 300 

scores via cumulative averaging over the matrix columns at the epoch level. 301 

We first applied these steps to one fold of the left-out hit epochs, the validation 302 

set, to form a benchmark of expected dissimilarity scores typical of EEG data on hit 303 

epochs. The steps were then applied to the other (independent) fold of left-out hit 304 

epochs, the test subset, as well as the miss epochs. When the epoch-level 305 

classification scores fell below the validation set benchmark, these timepoints were 306 

hierarchically classified as misses, otherwise they were classified as hits. This entire 307 

analysis was cross-validated such that each hit epoch fold served independently within 308 

the validation and test sets. The analysis was repeated ten times to obtain a reliable 309 

estimate of classification accuracy. The data reported here are the average across 310 

repeats. 311 

Optimising the Decision Boundary 312 

We then aimed to further optimise this form of hierarchical classification using the 313 

same approach as Karimi-Rouzbahani et al. (2021). Importantly, this was completed 314 

in a leave-one-participant-out manner to avoid circularity when assessing its efficacy. 315 

For all but the left-out participant, we completed the approach detailed above, 316 

however, this time, the cumulatively averaged validation set time series (i.e., the 317 

benchmark) was lowered by its standard deviation across trials, scaled between 0.1 318 

and 4 (steps of 0.1). Specifically, a scaler was chosen such that hits and misses were 319 
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best separated per participant. The scaler that performed best (on average) within the 320 

training participant data was then applied to the left-out participant. 321 

Pre-registration Deviation 322 

Please note, the hierarchical classification method described here slightly deviates 323 

from what we originally pre-registered. Specifically, the data from each time bin were 324 

only going to be compared against data from all future time bins when constructing the 325 

trial-level accumulated classification score time series (see Figure 6 in Karimi-326 

Rouzbahani et al., 2021). As can be seen within Supplementary Figure 1, this 327 

approach proved ineffective at dissociating hits and misses. We then iteratively 328 

compared the data from each time bin to all other time bins (i.e., the immediate past 329 

and future), increasing the number of comparisons made per epoch. Indeed, this 330 

change proved effective at dissociating hits and misses (see Results). 331 

Statistical Inference 332 

All hypotheses were tested in version R2024a of MATLAB (MathWorks) using paired 333 

samples Bayesian t-tests (Rouder et al., 2009). These quantified the amount of 334 

evidence in favour of the alternative hypothesis relative to the null hypothesis in the 335 

form of a Bayes factor (BF10). All tests employed a Cauchy prior (half-Cauchy for one-336 

tailed tests) with default width (r = 0.707). As per the recommendations of Teichmann 337 

et al. (2022), we included a null interval for tests involving neural data. For two-tailed 338 

tests, the null interval ranged between δ = -0.5 and δ = 0.5 (Moerel et al., 2022). For 339 

one-tailed tests, it ranged between δ = 0 and δ = 0.5 (Lowe et al., 2023). BF10 values 340 

falling between 1/3 and 3 were deemed to have inconclusive evidence for either the 341 

null or alternative hypotheses. 342 
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Eye Tracking Analyses 343 

Decoding results can be driven by systematic eye movements (Quax et al., 2019). 344 

While participants were instructed to fixate on the central obstacle, we nonetheless 345 

checked that our results could not be driven by eye movements. Specifically, we 346 

repeated the above three analyses using the gaze position and pupil size data instead 347 

of the EEG data. These found support for the null (Bayesian statistics) for all effects 348 

(see Supplementary Material). Thus, we are confident that our EEG-based decoding 349 

results were driven by neural activity related to the task and not eye movement-related 350 

artefacts. 351 

Exploratory Analysis: Modulations in Posterior Alpha Power 352 

Finally, we ran an exploratory, frequency spectra-based analysis. As highlighted in the  353 

Introduction, previous work, using static stimuli presented in isolation, has shown that 354 

trial-wise increases in posterior alpha power correlate with poor task performance in 355 

sustained attention tasks (Mazaheri et al., 2009; O’Connell et al., 2009). More 356 

generally, posterior alpha power has been shown to decrease within the hemisphere 357 

contralateral to the locus of spatial attention (Foxe & Snyder, 2011; Ikkai et al., 2016; 358 

Sauseng et al., 2005), which is largely thought to reflect the disinhibition of task-359 

relevant stimulus encoding. Thus, we tested whether this univariate measure also 360 

correlates with different aspects of our MOM task (i.e., whether a dot was task-relevant 361 

and whether targets would be detected).  362 

Each dot-specific EEG epoch was re-referenced to the average activity across 363 

all channels and then baseline corrected using the data evoked while dots travelled 364 

along the trajectory before reaching the deflection point (i.e., 0 to 1167 ms post 365 

stimulus onset). We then randomly subsampled the epochs such that trial numbers 366 
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were equal between levels of task-relevance (task-relevant vs. task-irrelevant dots) 367 

and outcome (hit vs. miss) within each side of the display (left and right onset, 368 

respectively). We ran a Fast Fourier Transform (SciPy, version 1.12) on the data 369 

recorded while each dot was within the second-half of its trajectory before reaching 370 

the deflection point (i.e., from 548 ms before the deflection point; 2 Hz resolution). We 371 

then modelled the isolated periodic activity between 3 and 55 Hz across individual 372 

channels per epoch using version 1.1 of the ‘fitting oscillations & one over f’ (FOOOF) 373 

algorithm (Donoghue et al., 2020). Here, the peak width limits were set between 4 and 374 

12 Hz, and the aperiodic mode was fixed. Because we expected to observe effects 375 

within parietal and occipital electrodes, we averaged the modelled alpha-band power 376 

(8 to 12 Hz) across epochs within a left (P1, P3, P5, P7, PO3, PO7, and O1) and right 377 

(P2, P4, P6, P8, PO4, PO8, and O2) region of interest (ROI), and entered these values 378 

into our statistical models. 379 

Analyses of Variance 380 

We ran two sets of 2x2 Bayesian repeated measures ANOVAs (Rouder et al., 2012) 381 

using version 0.18.3 of JASP (JASP Team). Briefly, these quantify whether including 382 

each factor, and the interaction term, increases the amount of variance explained 383 

within a general linear model in the form of a Bayes factor (BFinc). The first ANOVA 384 

included task-relevance (task-relevant vs. task-irrelevant) and ROI relative to dot onset 385 

(ipsilateral vs. contralateral) as factors. We only included data before dots were either 386 

hit or correctly rejected in this analysis. The second ANOVA was restricted to data 387 

evoked before target dots reached the deflection point. This included behavioural 388 

outcome (hit vs. miss) and hemisphere (ipsilateral vs. contralateral) as factors. 389 
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Interactions were followed up using two-tailed Bayesian paired samples t-tests with a 390 

Cauchy prior (r = 0.707). 391 

Results 392 

Across blocks, participants successfully deflected (hit) an average of 93.64% of targets 393 

(SD = 3%; missing 6.66% of targets), with a mean hit reaction time of 229.69 ms (SD 394 

= 29.77 ms) relative to when the dot passed the deflection point. They made false 395 

alarm responses to 22.28% (SD = 11.34%) of task-relevant events and 0.08% (SD = 396 

0.25%) of task-irrelevant events (when, in both cases, the dot deflected automatically). 397 

They responded to very few distractors (dots that did not automatically deflect but were 398 

the task-irrelevant colour; M = 0.21%, SD = 0.39%). Finally, participants made very 399 

few ‘too early’ responses (before the dot reached the deflection point) to either task-400 

relevant (M = 0.85%, SD = 1.75%) or task-irrelevant dots (M = 0.6%, SD = 1.76%). All 401 

remaining dots were correct rejections of events and distractors (i.e., participants 402 

correctly did not press the button). 403 

Figure 2 shows how miss rates, false alarm rates to task-relevant dots, and 404 

reaction times to successfully deflected targets (i.e., hits) linearly changed over the 405 

course of the experiment. There was inconclusive evidence for whether or not miss 406 

rates (BF10 = 1.64) and reaction times (BF10 = 0.5, direction of the null) changed over 407 

time. There was no effect of time on task (null hypothesis support) on false alarm rates 408 

to task-relevant dots (BF10 = 0.32). 409 
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 410 

Figure 2. Behavioural trends across task blocks. A) The left subplot depicts group-411 
averaged miss rates over the course of the experiment. Error bars denote 95% 412 
confidence intervals (N = 25). The fitted line is made from the average participant-level 413 
parameter estimates derived using univariate linear regression. Within the line 414 
equation, x refers to ‘block #’ and y refers to ‘miss rate (%)’. The right subplot depicts 415 
the distribution of participant-level slopes (beta weights), characterising how miss 416 
rates linearly changed over the course of the experiment for each participant. Points 417 
represent individual participants, and the horizontal dotted line marks a slope of zero 418 
(i.e., no change over time). The average beta weight and 95% confidence interval is 419 
depicted by the white circle and vertical line, respectively. The Bayes factor (BF10) 420 
testing whether these slopes differed from zero is shown next to each distribution. B) 421 
and C) depict false alarm rates to task-relevant dots (%) and correct reaction time 422 
(ms), respectively, using the same layout as A. 423 
 424 
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Decoding Time-to-Deflection-Point by Task-Relevance 425 

First, we tested whether task-relevant dots evoked more time-to-deflection-point 426 

information (i.e., greater dissimilarity between time bins) compared to task-irrelevant 427 

dots—as should happen if the distinction between time bins reflects neural coding of 428 

an attended stimulus. This was evident across almost all time bins (Figure 3A-C). 429 

Surprisingly, we found the opposite effect during the first time bin post-onset, which 430 

we suspect reflects inhibition of task-irrelevant dots (see Discussion). 431 

For task-relevant dots, there was an increase in dissimilarity from ~311 ms 432 

before the deflection point that did not occur for task-irrelevant dots. This seems likely 433 

to reflect the increased importance of paying attention to the dot at this critical point 434 

along the trajectory as well as possible motor preparation (although note that 435 

participants did not yet know whether a response was required; see Discussion). As 436 

can be seen within the accompanying RDM (Figure 3B), this increase in dissimilarity 437 

was primarily driven by comparisons between the time bins ending 700 and 0 ms 438 

before dots reached the deflection point, respectively. It is possible that dissimilarity 439 

scores were greatest here because the interstimulus interval between dot onsets (900 440 

to 1350 ms) meant that these two time bins shared no visual overlap, thereby 441 

increasing their dissimilarity. However, as this only occurs for task-relevant dots, it 442 

cannot be solely driven by retinotopic differences between time bins (retinotopic 443 

information is equivalent between task-relevant and task-irrelevant dots). Thus, these 444 

data collectively show that during the MOM task, patterns of neural activity 445 

representing the critical information about the task (time until deflection) were clearly 446 

modulated by whether or not the dot was task-relevant, consistent with effects of 447 

attention. 448 
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 449 

Figure 3. Neural dissimilarity between time bins. A) The pseudo time-series 450 
quantifying the cross-validated average dissimilarity in EEG data between time bins 451 
evoked by task-relevant (blue line) and task-irrelevant (red line) dots as they 452 
approached the deflection point. Shading denotes 95% confidence intervals (N = 25). 453 
Dot onset is marked by a dashed vertical line. Time points before this line were made 454 
using three ~78 ms time bins of EEG data to provide a benchmark of effect sizes that 455 
can be observed due to chance using this method. Bayes factors (BF10) quantify 456 
whether task-relevant and task-irrelevant dots evoke different amounts of dissimilarity. 457 
The horizontal line marks a BF10 of 1, filled circles show BF10 with sufficient evidence 458 
for interpretation. B-C) Representational dissimilarity matrices (RDMs) that quantify 459 
the pairwise dissimilarity between multivariate patterns of EEG evoked whilst the dots 460 
were within each time bin. Warmer colours index greater dissimilarity. The diagonal is 461 
left empty as EEG data were not compared within time bins. These RDMs were used 462 
to construct the data presented in A. D-F) show the error data analysis results wherein 463 
classifiers were trained on hit data and tested on either miss data (red line) or an 464 

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted July 15, 2025. ; https://doi.org/10.1101/2025.07.10.663816doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.10.663816
http://creativecommons.org/licenses/by-nc/4.0/


equally sized portion of left-out hit data (blue line) with the same conventions as for A-465 
C. 466 
 467 

Error Generalisation Analysis 468 

Next, we tested whether the multivariate patterns of EEG data before misses 469 

systematically differed from the data recorded before hits. Because there were so few 470 

miss epochs per participant (see Behaviour), directly decoding these data using the 471 

typical cross-validation approach is not possible. Instead, we used our error 472 

generalisation analysis technique (Karimi-Rouzbahani et al., 2021; Robinson et al., 473 

2022; Woolgar et al., 2019), wherein we trained a series of pairwise classifiers to 474 

decode time-to-deflection-point during hit epochs and then generalised their decision 475 

rules to miss epochs. We expected to see a drop in distance dissimilarity for cross-476 

decoded miss epochs compared to cross-validated hit epochs under the hypothesis 477 

that EEG evoked before the deflection point systematically differed between hits and 478 

misses. 479 

When comparing the two time series, Bayes factors favoured evidence for the 480 

alternative hypothesis across almost all time bins, including the moments immediately 481 

following dot onset (Figure 3D). Like above, this difference was greatest immediately 482 

before dots reached the deflection point, which is when they were most behaviourally 483 

relevant. These data suggest that patterns of EEG preceding the deflection point 484 

systematically differed between hits and misses. 485 

Predicting Trial-Wise Behaviour from Neural Data 486 

As there was dissociable neural activity before hits and misses (Figure 3D), our final 487 

planned analysis tested whether we could use this difference to predict behaviour on 488 

a trial-by-trial basis before targets reached the deflection point. As a brief reminder, 489 
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classifiers were first trained on hit data to discriminate between EEG evoked during 490 

each time bin prior to when dots reached the deflection point. These classifiers were 491 

then tested on left-out subsets of EEG evoked before targets were either hit or missed, 492 

resulting in cumulative time series data (Figure 4A-B). As can be seen from Figure 4C, 493 

cumulative classification scores were qualitatively greater for hits compared to misses 494 

from ~700 ms before they reached the deflection point, which is well before the 495 

participant knew the dot was a target. 496 

On a fold-by-fold basis, we defined a benchmark of cumulative classification 497 

scores characteristic of when a target dot was about to be successfully detected from 498 

a portion of left out hit epochs (the validation set). Target dots evoking cumulative 499 

classification scores falling below this benchmark minus a specific threshold (based on 500 

the standard deviation within the validation set) were classified as misses, otherwise 501 

hits. A matrix of classification accuracy for hierarchically predicting whether a target 502 

dot was about to be hit or missed, as a function of threshold values and time bins, is 503 

shown in Figure 4D. Classification accuracy, averaged across time bins, was best 504 

when the scaler threshold was set to 0.92 (SD = 1.34). 505 

Next, we tested whether behavioural prediction classification accuracies were 506 

meaningfully above chance before dots reached the deflection points (i.e., whether we 507 

could predict when participants were about to make an error). As detailed within the 508 

Methods section (see Optimising the Decision Boundary), we used a leave-one-509 

participant-out method, where the best performing threshold across participants was 510 

applied to the left-out participant. Classification performance (hit vs. miss) was reliably 511 

above chance (BF10 > 3) from ~311 ms before the deflection point (Figure 4E). Our 512 

classification accuracy peaked as dots reached the deflection point. Thus, while not as 513 
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strong as with MEG (Karimi-Rouzbahani et al., 2021), these results demonstrate that 514 

the drop in task-based information reported above (see Error Generalisation Analysis; 515 

Figure 3D-F) is indeed predictive of when participants were about to make errors within 516 

the MOM task on a trial-by-trial basis. 517 

 518 

Figure 4. Predicting behaviour from neural patterns. A) Single-trial dot data are 519 
iteratively classified as being drawn from the correct time bin vs. each other time bin 520 
as the dot approaches the deflection point. Classifiers were trained on hit data. 521 
Warmer colours denote comparisons where time bins were correctly classified. The 522 
(empty) diagonal in each matrix corresponds to the dot’s true time bin. Values are 523 
cumulatively averaged across over columns forming the time series within B. C) 524 
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Grand-averaged time series using this method. The dashed vertical line denotes dot 525 
onset, and the solid horizontal line denotes chance scores. Values are increasingly 526 
higher for hits compared to misses from ~700ms before deflection. D) Classification 527 
accuracy for predicting behavioural outcome (hit vs. miss) as a function of time to 528 
deflection point using our hierarchical classifier when it is set to different threshold 529 
values (chance = 50%). E) Classification accuracy over time for predicting behaviour 530 
as a given dot approaches the deflection point derived using a leave-one-participant-531 
out approach. We iteratively identified an optimal threshold value using the left-in 532 
participants and applied it to the left-out participant. Vertical and horizontal lines 533 
denote dot onset and chance values, respectively. Shading shows 95% confidence 534 
intervals. Bayes factor convention is identical to Figure 2. 535 

 536 

Exploratory Frequency Spectra Analyses 537 

Our final, exploratory, analysis tested whether posterior alpha power, recorded before 538 

dots reached the deflection point, covaried with the important aspects of the MOM task 539 

used in the decoding analyses (Figure 5). 540 

Alpha Power by Task-Relevance 541 

We found evidence for a main effect of both task-relevance (BFinc = 4.8) and ROI 542 

laterality (BFinc = 54.49) on alpha power, modulated by an interaction (BFinc = 15.43). 543 

Specifically, task-relevant dots evoked more alpha power than task-irrelevant dots 544 

within the ipsilateral ROI (BF10 = 3.4), but there was no effect of task-relevance within 545 

the contralateral hemisphere (BF10 = 0.26). Both task-relevant and task-irrelevant dots 546 

evoked more alpha power within the ipsilateral ROI compared to the contralateral ROI 547 

(BF10 = 11.56 and BF10 = 17.07, respectively). 548 

Alpha Power by Behavioural Outcome 549 

Regardless of the response, dots that subsequently became targets evoked more 550 

alpha within the ipsilateral hemisphere compared to the contralateral hemisphere 551 

(BFinc = 6.13). In contrast, we found no difference between hits and misses in the alpha 552 

band (BFinc = 0.38), nor was there an interaction (BFinc = 0.39). This suggests that 553 

posterior alpha power did not reliably change before targets were hit or missed. 554 
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 555 

Figure 5. Task-evoked posterior alpha power. A) Whole-scalp topographies of 556 
periodic alpha power (8 to 12 Hz) evoked as dots approached the deflection point 557 
(collapsed across levels of task-relevance). Individual circles represent EEG channel 558 
locations. The dashed-lined clusters correspond to the ipsilateral region of interest 559 
(ROI). The solid-line clusters correspond to the contralateral ROI. B) The left subplot 560 
shows posterior periodic spectra split by dot task-relevance and ROI. All four 561 
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conditions exhibit a clear peak within the alpha frequency band (indicated by vertical 562 
dashed lines). Shading shows 95% confidence intervals. Ips. = ipsilateral ROI; Cont. 563 
= contralateral ROI. The right subplot shows group-level distributions of posterior 564 
periodic power averaged across the alpha band per condition. C) Periodic power data 565 
evoked before target dots were either hit or missed using the same convention as B. 566 
 567 

Discussion 568 

The present study aimed to used neural decoding techniques to objectively identify 569 

spontaneous lapses in attention from EEG activity. Specifically, we further developed 570 

a recent hierarchical classification method (Karimi-Rouzbahani et al., 2021) to predict 571 

when participants would fail to detect (miss) moving target stimuli within a dynamic 572 

sustained attention task. Importantly, we only used data from before the stimuli 573 

required a behavioural response (i.e., before the stimuli reached the deflection point; 574 

Figure 1), meaning the information that differentiated between when participants were 575 

about to miss a target must have been internally driven. We use this change in neural 576 

signal as an index of lapses in sustained attention. 577 

Participants missed only a small proportion of the targets, and there were no 578 

striking time-on-task effects. This contrasts with situations where targets are rare, 579 

whereby performance tends to drop dramatically over time (i.e., ‘vigilance 580 

decrements’; see Thomson, Besner et al. 2015). False alarm rates to task-relevant 581 

events (responses to cued dots that already deflected) remained stable throughout the 582 

experiment. Consistent with previous research, these behavioural data suggest that 583 

when targets are frequent, performance can be sustained relatively effectively, with 584 

error rates (particularly misses) being low and relatively unaffected by time on task 585 

(Karimi-Rouzbahani et al., 2021; Rich et al., 2008; Wolfe et al., 2007). Importantly, 586 

because misses were made throughout the experiment (albeit at a low rate), our ability 587 

to predict when they were about to occur cannot have been driven by state-based 588 
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changes correlated with time on task. Instead, the predictions rely on trial-by-trial 589 

changes in neural patterns between hits and misses, which we suggest reflects the 590 

consequences of a lapse in sustained attention. 591 

Turning now to the neural results, the information we decoded to index 592 

sustained attention reflected how long until a given moving dot reached the deflection 593 

point, where it might require a response. This ‘time until deflection’ therefore reflects 594 

the increasing relevance of the dot for behaviour (as well as its decreasing distance to 595 

the deflection point). As a first pass, we showed that there was more time-to-596 

deflection-point information for dots cued as task-relevant compared to dots that were 597 

task-irrelevant, particularly just before they reached the deflection point. This pattern 598 

of results converges well with previous literature showing that (static) stimuli that are 599 

attended to or behaviourally relevant are better decoded than those that are not 600 

relevant (Goddard et al., 2022; Jehee et al., 2011; Jiang et al., 2013; Moerel et al., 601 

2022; Smout et al., 2019; Woolgar et al., 2015). 602 

Surprisingly, there was more time-to-deflection-point information for task-603 

irrelevant dots than task-relevant dots during the earliest time bins (Figure 3A). 604 

Because dot onset is highly salient (Van Pelt et al., 2025), and some initial processing 605 

is required before a dot can be deemed irrelevant and then ignored, it seems likely this 606 

effect reflects distractor suppression processes (Gaspelin & Luck, 2018). As our 607 

analysis depended on the average dissimilarity of a given time bin compared with all 608 

the other time bins (see Figure 1B-D), it seems likely that there would be a difference 609 

for task-irrelevant dots between the initial time bins, during which attention would have 610 

been drawn to the dot, from subsequent time bins, where there is little reason to 611 

continue tracking it. By contrast, participants were required to sustain their attentional 612 
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resources on task-relevant dots throughout, effectively making the earlier and later 613 

time bins less dissimilar than for irrelevant coloured dots.  614 

Most important for our research question, the decoding decreased when 615 

classifiers trained on data from when targets were about to be detected (i.e., hit) were 616 

tested on data preceding when targets were missed (Figure 3D-F). This result can 617 

only occur if the neural patterns evoked before participants detected targets were 618 

reliably weaker or absent when targets were missed. While our error generalisation 619 

analysis cannot directly test whether missed dots are represented more poorly than 620 

hit ones or just represented differently, previous studies have shown that visual cortex 621 

is less responsive, or increasingly inhibited, when (static) target stimuli are not 622 

detected (Cohen & Maunsell, 2010; Ergenoglu et al., 2004; Mazaheri et al., 2009; 623 

O’Connell et al., 2009; Thut et al., 2006; van Dijk et al., 2008; Weissman et al., 2006). 624 

Our findings demonstrate that less of the critical task-information is decodable when 625 

participants go on to miss a target, compared to when they successfully respond, 626 

consistent with a decrease in neural encoding. 627 

Based on the difference between hits and misses in neural patterns, we then 628 

tested whether we could predict misses before they occurred from the time-to-629 

deflection-point information. Our second level classifier could reliably (above chance) 630 

determine whether a miss was about to occur from ~311 ms before dots reached the 631 

deflection point (Figure 4E). Crucially, this was at the single-trial level, which is a 632 

necessary level of specificity if we are to develop objective measures of sustained 633 

attention and be able to detect transitory lapses. Our classification accuracy was lower 634 

than that achieved with MEG data (Karimi-Rouzbahani et al., 2021), but this is 635 

unsurprising given the difference in sensitivity between EEG and MEG (see Fred et 636 
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al., 2022). Regardless, these data provide proof-of-concept that an objective measure 637 

of sustained attention can be extracted from ongoing EEG activity, serving as a 638 

foundation for future development. 639 

When participants were successfully tracking a task-relevant dot, it seems likely 640 

that they would be engaging in anticipatory motor preparation, in case it was a target. 641 

Within the MOM task, target detection requires not only perceptual processing but also 642 

the readiness to execute a response, due to the tight timeframe to prevent a collision 643 

(333 ms). Such motor preparation would increasingly influence neural activity as the 644 

dot approached the deflection point. On trials when participants failed to track a task-645 

relevant dot, defined by missing the target, this motor preparation was presumably 646 

less or absent. Thus, it seems likely that differential motor preparation contributes to 647 

the difference in dissimilarity in neural data between time bins for hits versus misses. 648 

Such differential motor preparation contributing to the prediction of hits and misses is 649 

not a confound because our goal was to identify neural signatures that correlate with 650 

misses, so that they can serve as an objective index of attentional lapse on a trial-by-651 

trial basis. A change in readiness to respond is a logical consequence of a lapse in 652 

attention as the dot approached the deflection point. 653 

In addition to our main pre-registered analyses, we explored whether posterior 654 

alpha power covaried with aspects of the task and subsequent behaviour (Figure 5). 655 

Oscillatory alpha rhythms have been postulated to have a functional role in 656 

suppressing unattended regions within the visual field (Foxe & Snyder, 2011; Ikkai et 657 

al., 2016; Sauseng et al., 2005; however, see Foster & Awh, 2019). Moreover, there 658 

is reason to suspect that poor stimulus encoding and target detection (i.e., 659 

consequences of attentional lapses) might correlate with spontaneous increases in 660 
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posterior alpha power (Griffiths et al., 2019; Mazaheri et al., 2009; O’Connell et al., 661 

2009; Thut et al., 2006; van Dijk et al., 2008). 662 

In alignment with previous work, we found more alpha power within the 663 

hemifield ipsilateral to a given dot’s location on the screen, which, according to 664 

dominant theory (Foxe & Snyder, 2011; Ikkai et al., 2016; Jensen, 2024; Jensen & 665 

Mazaheri, 2010; Sauseng et al., 2005), reflects suppressed neural activity within the 666 

visual field that is less relevant for behaviour (here the side without a dot of the relevant 667 

colour approaching the deflection point). Moreover, this hemispheric difference was 668 

greater for task-relevant dots, suggesting participants were more spatially selective for 669 

these compared to task-irrelevant dots. This aligns with our decoding analysis showing 670 

that task-relevant dots evoked more time-to-deflection-point information than task-671 

irrelevant dots (Figure 3A-C). Despite this, we found no differences in alpha power 672 

between task-relevant and task-irrelevant dots within hemispheres contralateral to the 673 

dot onset. If we accept that the increases in alpha found here did indeed reflect 674 

distractor suppression, this suggests that participants always selected the dot closest 675 

to the deflection point, regardless of whether it was task-relevant or not, but the degree 676 

to which the opposite side of the display was suppressed depended upon whether the 677 

dot colour was currently relevant. 678 

Finally, despite finding clear effects of task-relevance, we found no differences 679 

in posterior alpha power during the moments before a dot was either hit or missed 680 

(Figure 5C). This contrasts with our decoding approach, which found differences in 681 

time-to-deflection-point information between outcomes (Figure 3D-F). As such, our 682 

error generalisation and hierarchical classification analyses could provide more 683 
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effective tools for identifying misses over than the more classical approach of 684 

analysing frequency spectra.  685 

Conclusion 686 

The overall goal of this study was to objectively index lapses in sustained attention 687 

from EEG data whilst participants monitored a moving visual display. To this end, we 688 

further developed a hierarchical classification algorithm that exploits decreases in 689 

task-critical information to predict when participants are about to miss targets on a 690 

trial-by-trial basis. This approach provided small but reliable predictions of behaviour 691 

based on the neural pattern of activity. We did not find any meaningful differences for 692 

classical indices of attention lapses (here, increases in posterior alpha power). 693 

Understanding what changes when attention is successfully maintained versus 694 

lapsing is a crucial area of research and may inform real-world applications to reduce 695 

fatal errors. These results serve as a foundation for the further development of 696 

sensitive and specific methods to objectively detect lapses in sustained attention 697 

based on patterns of brain activity.  698 

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted July 15, 2025. ; https://doi.org/10.1101/2025.07.10.663816doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.10.663816
http://creativecommons.org/licenses/by-nc/4.0/


Supplementary Material 699 

Pre-registration Deviations 700 

As mentioned within the main text, this study was pre-registered on the Open Science 701 

Framework (https://osf.io/cu87z). We made some minor deviations from our pre-702 

registered analyses. The rationale for each change is detailed here. 703 

Task Changes 704 

Due to a coding error, 52% of task-relevant dots and 52% of task-irrelevant dots were 705 

targets and distractors, respectively, instead of 50%. However, as these were still 706 

matched between relevant and irrelevant dot colours, this did not affect the integrity of 707 

the study or the results. 708 

Behavioural Analyses 709 

We planned to use perceptual sensitivity (d’) as our measure for task performance. 710 

However, this metric was difficult to calculate due to there being multiple sources of 711 

false alarms: responding to event dots after they had automatically deflected 712 

(regardless of task-relevance), responding to any dot before it reached the deflection 713 

point, and responding to distractors (see Figure 1). Thus, sensitivity slightly varied 714 

depending on which false alarm type(s) were included or omitted during its calculation. 715 

Because we did not pre-register exactly how sensitivity would be derived, and this 716 

degree of experimenter freedom could have potentially changed our results, we opted 717 

for the more simplistic measure of miss rates and false alarms to be reported 718 

separately. 719 

Stopping Rule 720 

We initially planned to check the results after 20 participants to see if we had sufficient 721 

data. However, as this experiment forms a control group for another experiment 722 
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examining the effects of low target frequency (https://osf.io/wxfkd), we ended up 723 

collecting 30 participants before analysing the data. Of these, 5 had to be excluded 724 

based on our pre-registered exclusion criterion, leaving us with 25 participants.  725 

Dissimilarity as a Metric for Decoding Performance 726 

We pre-registered that decoding time-to-deflection-point information would be 727 

quantified using classification accuracy. A more recent approach, however, suggested 728 

that using the average decision value assigned to each observation is a more fine-729 

grained estimate of decoding performance (Hetenyi et al., 2024), so we used this slight 730 

modification instead.  731 
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Results from Pre-registered Behavioural Prediction Approach 732 

As explicitly detailed within the main text (see Methods), we slightly deviated from our 733 

pre-registration when predicting trial-wise behaviour. As a brief reminder, the results 734 

within Figure 4 of the main text were acquired by iteratively comparing data from each 735 

time bin to all other time bins. Within our pre-registration, we stated that data would 736 

only be compared to future time bins, however, we were unable to predict behaviour 737 

using this approach (see Supplementary Figure 1). 738 

 739 

Supplementary Figure 1. Null results for our pre-registered behavioural 740 
prediction approach. Classification accuracy over time for predicting behaviour as a 741 
given dot approaches the deflection point using our originally pre-registered approach. 742 
This was derived using a leave-one-participant-out approach, where we iteratively 743 
identified an optimal threshold value using the left-in participants and applied it to the 744 
left-out participant, as we did for the EEG data. The dashed vertical and solid 745 
horizontal lines denote dot onset and chance values, respectively. Shading shows 746 
95% confidence intervals (N = 25). Bayes factors (BF10) quantify the evidence for 747 
classification accuracy above chance. The horizontal line marks a BF10 of 1, filled 748 
circles show BF10 with sufficient evidence for interpretation (in this case showing 749 
evidence for the null).  750 
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 751 

Supplementary Figure 2. Eye tracker dissimilarity between time bins. A) The 752 
pseudo time-series quantifying the cross-validated, average dissimilarity in eye 753 
tracking data (gaze position and pupil size) between time bins evoked by task-relevant 754 
(blue line) and task-irrelevant (red line) dots as they approached the deflection point. 755 
Shading denotes 95% confidence intervals (N = 25). Dot onset is marked by a dashed 756 
vertical line. Time points before this line were made using three ~78 ms time bins of 757 
data to provide a benchmark of effect sizes that can be observed due to chance using 758 
this method. Bayes factors (BF10) quantify whether task-relevant and task-irrelevant 759 
dots evoke different amounts of dissimilarity. The horizontal line marks a BF10 of 1, 760 
filled circles show BF10 with sufficient evidence for interpretation. B) and C) show the 761 
representational dissimilarity matrices (RDMs) that quantify the pairwise dissimilarity 762 
between multivariate patterns of eye tracking data whilst the dots were within each 763 
time bin. Warmer colours index greater dissimilarity. The diagonal is left empty as data 764 
were not compared within time bins. These RDMs were used to construct the data 765 
presented in A. D), E), and F) show the error data analysis results wherein classifiers 766 
were trained on hit data and tested on either miss data (red line) or an equally sized 767 
portion of left-out hit data (blue line) with the same conventions as for A. Note that, 768 
unlike EEG, Bayes factors found no differences between conditions from eye tracking 769 
data. 770 
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 771 
Supplementary Figure 3. Behavioural prediction results from eye tracking data. A) 772 
Classification accuracy for predicting behavioural outcome (hit vs. miss) as a function 773 
of time to deflection point using our hierarchical classifier when it is set to different 774 
threshold values (chance = 50%). B) Classification accuracy over time for predicting 775 
behaviour as a given dot approaches the deflection point. This was derived using a 776 
leave-one-participant-out approach, where we iteratively identified an optimal 777 
threshold value using the left-in participants and applied it to the left-out participant, 778 
as we did for the EEG data. The dashed vertical and solid horizontal lines denote dot 779 
onset and chance values, respectively. Shading shows 95% confidence intervals. 780 
Bayes factors (BF10) quantify the evidence for classification accuracy above chance 781 
(N = 25). The horizontal line marks a BF10 of 1, filled circles show BF10 with sufficient 782 
evidence for interpretation (in this case showing evidence for the null). See Figure 4 783 
within the main text to compare these results to that yielded from EEG.  784 

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted July 15, 2025. ; https://doi.org/10.1101/2025.07.10.663816doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.10.663816
http://creativecommons.org/licenses/by-nc/4.0/


References 785 

Chinchani, A. M., Paliwal, S., Ganesh, S., Chandrasekhar, V., Yu, B. M., & 786 

Sridharan, D. (2022). Tracking momentary fluctuations in human attention 787 

with a cognitive brain-machine interface. Communications Biology, 5(1), 1346. 788 

https://doi.org/10.1038/s42003-022-04231-w 789 

Cohen, M. R., & Maunsell, J. H. R. (2010). A Neuronal Population Measure of 790 

Attention Predicts Behavioral Performance on Individual Trials. Journal of 791 

Neuroscience, 30(45), 15241–15253. 792 

https://doi.org/10.1523/JNEUROSCI.2171-10.2010 793 

deBettencourt, M. T., Norman, K. A., & Turk-Browne, N. B. (2018). Forgetting from 794 

lapses of sustained attention. Psychonomic Bulletin & Review, 25(2), 605–795 

611. https://doi.org/10.3758/s13423-017-1309-5 796 

Dijkstra, N., Ambrogioni, L., Vidaurre, D., & Gerven, M. van. (2020). Neural dynamics 797 

of perceptual inference and its reversal during imagery. eLife, 9, e53588. 798 

https://doi.org/10.7554/eLife.53588 799 

Donoghue, T., Haller, M., Peterson, E. J., Varma, P., Sebastian, P., Gao, R., Noto, 800 

T., Lara, A. H., Wallis, J. D., Knight, R. T., Shestyuk, A., & Voytek, B. (2020). 801 

Parameterizing neural power spectra into periodic and aperiodic components. 802 

Nature Neuroscience, 23(12), 1655–1665. https://doi.org/10.1038/s41593-803 

020-00744-x 804 

Ergenoglu, T., Demiralp, T., Bayraktaroglu, Z., Ergen, M., Beydagi, H., & Uresin, Y. 805 

(2004). Alpha rhythm of the EEG modulates visual detection performance in 806 

humans. Cognitive Brain Research, 20(3), 376–383. 807 

https://doi.org/10.1016/j.cogbrainres.2004.03.009 808 

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted July 15, 2025. ; https://doi.org/10.1101/2025.07.10.663816doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.10.663816
http://creativecommons.org/licenses/by-nc/4.0/


Foster, J. J., & Awh, E. (2019). The role of alpha oscillations in spatial attention: 809 

Limited evidence for a suppression account. Current Opinion in Psychology, 810 

29, 34–40. https://doi.org/10.1016/j.copsyc.2018.11.001 811 

Foxe, J. J., & Snyder, A. C. (2011). The Role of Alpha-Band Brain Oscillations as a 812 

Sensory Suppression Mechanism during Selective Attention. Frontiers in 813 

Psychology, 2. https://doi.org/10.3389/fpsyg.2011.00154 814 

Fred, A. L., Kumar, S. N., Kumar Haridhas, A., Ghosh, S., Purushothaman Bhuvana, 815 

H., Sim, W. K. J., Vimalan, V., Givo, F. A. S., Jousmäki, V., Padmanabhan, 816 

P., & Gulyás, B. (2022). A Brief Introduction to Magnetoencephalography 817 

(MEG) and Its Clinical Applications. Brain Sciences, 12(6), 788. 818 

https://doi.org/10.3390/brainsci12060788 819 

Gaspelin, N., & Luck, S. J. (2018). The Role of Inhibition in Avoiding Distraction by 820 

Salient Stimuli. Trends in Cognitive Sciences, 22(1), 79–92. 821 

https://doi.org/10.1016/j.tics.2017.11.001 822 

Goddard, E., Carlson, T. A., & Woolgar, A. (2022). Spatial and Feature-selective 823 

Attention Have Distinct, Interacting Effects on Population-level Tuning. 824 

Journal of Cognitive Neuroscience, 34(2), 290–312. 825 

https://doi.org/10.1162/jocn_a_01796 826 

Gramfort, A., Luessi, M., Larson, E., Engemann, D. A., Strohmeier, D., Brodbeck, C., 827 

Goj, R., Jas, M., Brooks, T., Parkkonen, L., & Hämäläinen, M. (2013). MEG 828 

and EEG data analysis with MNE-Python. Frontiers in Neuroscience, 7. 829 

https://doi.org/10.3389/fnins.2013.00267 830 

Griffiths, B. J., Mayhew, S. D., Mullinger, K. J., Jorge, J., Charest, I., Wimber, M., & 831 

Hanslmayr, S. (2019). Alpha/beta power decreases track the fidelity of 832 

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted July 15, 2025. ; https://doi.org/10.1101/2025.07.10.663816doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.10.663816
http://creativecommons.org/licenses/by-nc/4.0/


stimulus-specific information. eLife, 8, e49562. 833 

https://doi.org/10.7554/eLife.49562 834 

Grootswagers, T., Wardle, S. G., & Carlson, T. A. (2017). Decoding Dynamic Brain 835 

Patterns from Evoked Responses: A Tutorial on Multivariate Pattern Analysis 836 

Applied to Time Series Neuroimaging Data. Journal of Cognitive 837 

Neuroscience, 29(4), 677–697. https://doi.org/10.1162/jocn_a_01068 838 

Hetenyi, D., Haarsma, J., & Kok, P. (2024). Pre-stimulus alpha oscillations encode 839 

stimulus-specific visual predictions. bioRxiv. 840 

https://doi.org/10.1101/2024.03.13.584593 841 

Ikkai, A., Dandekar, S., & Curtis, C. E. (2016). Lateralization in Alpha-Band 842 

Oscillations Predicts the Locus and Spatial Distribution of Attention. PLOS 843 

ONE, 11(5), e0154796. https://doi.org/10.1371/journal.pone.0154796 844 

Jehee, J. F. M., Brady, D. K., & Tong, F. (2011). Attention Improves Encoding of 845 

Task-Relevant Features in the Human Visual Cortex. Journal of 846 

Neuroscience, 31(22), 8210–8219. https://doi.org/10.1523/JNEUROSCI.6153-847 

09.2011 848 

Jensen, O. (2024). Distractor inhibition by alpha oscillations is controlled by an 849 

indirect mechanism governed by goal-relevant information. Communications 850 

Psychology, 2(1), 36. https://doi.org/10.1038/s44271-024-00081-w 851 

Jensen, O., & Mazaheri, A. (2010). Shaping Functional Architecture by Oscillatory 852 

Alpha Activity: Gating by Inhibition. Frontiers in Human Neuroscience, 4. 853 

https://doi.org/10.3389/fnhum.2010.00186 854 

Jiang, J., Summerfield, C., & Egner, T. (2013). Attention Sharpens the Distinction 855 

between Expected and Unexpected Percepts in the Visual Brain. Journal of 856 

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted July 15, 2025. ; https://doi.org/10.1101/2025.07.10.663816doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.10.663816
http://creativecommons.org/licenses/by-nc/4.0/


Neuroscience, 33(47), 18438–18447. 857 

https://doi.org/10.1523/JNEUROSCI.3308-13.2013 858 

Karimi-Rouzbahani, H., Woolgar, A., & Rich, A. N. (2021). Neural signatures of 859 

vigilance decrements predict behavioural errors before they occur. eLife, 10, 860 

e60563. https://doi.org/10.7554/eLife.60563 861 

Ladouce, S., Tresols, J. J. T., Goff, K. L., & Dehais, F. (2024). EEG-based 862 

Assessment of Long-Term Vigilance and Lapses of Attention using a User- 863 

Centered Frequency-Tagging Approach (p. 2024.12.12.628208). bioRxiv. 864 

https://doi.org/10.1101/2024.12.12.628208 865 

Lowe, B. G., Robinson, J. E., Yamamoto, N., Hogendoorn, H., & Johnston, P. 866 

(2023). Same but different: The latency of a shared expectation signal 867 

interacts with stimulus attributes. Cortex, 168, 143–156. 868 

https://doi.org/10.1016/j.cortex.2023.08.004 869 

Mazaheri, A., Nieuwenhuis, I. L. C., van Dijk, H., & Jensen, O. (2009). Prestimulus 870 

alpha and mu activity predicts failure to inhibit motor responses. Human Brain 871 

Mapping, 30(6), 1791–1800. https://doi.org/10.1002/hbm.20763 872 

Moerel, D., Grootswagers, T., Robinson, A. K., Shatek, S. M., Woolgar, A., Carlson, 873 

T. A., & Rich, A. N. (2022). The time-course of feature-based attention effects 874 

dissociated from temporal expectation and target-related processes. Scientific 875 

Reports, 12(1), 6968. https://doi.org/10.1038/s41598-022-10687-x 876 

Norcia, A. M., Appelbaum, L. G., Ales, J. M., Cottereau, B. R., & Rossion, B. (2015). 877 

The steady-state visual evoked potential in vision research: A review. Journal 878 

of Vision, 15(6), 4. https://doi.org/10.1167/15.6.4 879 

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted July 15, 2025. ; https://doi.org/10.1101/2025.07.10.663816doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.10.663816
http://creativecommons.org/licenses/by-nc/4.0/


O’Connell, R. G., Dockree, P. M., Robertson, I. H., Bellgrove, M. A., Foxe, J. J., & 880 

Kelly, S. P. (2009). Uncovering the Neural Signature of Lapsing Attention: 881 

Electrophysiological Signals Predict Errors up to 20 s before They Occur. 882 

Journal of Neuroscience, 29(26), 8604–8611. 883 

https://doi.org/10.1523/JNEUROSCI.5967-08.2009 884 

Peirce, J., Gray, J. R., Simpson, S., MacAskill, M., Höchenberger, R., Sogo, H., 885 

Kastman, E., & Lindeløv, J. K. (2019). PsychoPy2: Experiments in behavior 886 

made easy. Behavior Research Methods, 51(1), 195–203. 887 

https://doi.org/10.3758/s13428-018-01193-y 888 

Perrin, F., Pernier, J., Bertrand, O., & Echallier, J. F. (1989). Spherical splines for 889 

scalp potential and current density mapping. Electroencephalography and 890 

Clinical Neurophysiology, 72(2), 184–187. https://doi.org/10.1016/0013-891 

4694(89)90180-6 892 

Quax, S. C., Dijkstra, N., Staveren, M. J. van, Bosch, S. E., & Gerven, M. A. J. van. 893 

(2019). Eye movements explain decodability during perception and cued 894 

attention in MEG. NeuroImage, 195, 444–453. 895 

https://doi.org/10.1016/j.neuroimage.2019.03.069 896 

Rasmussen, T., Filmer, H. L., & Dux, P. E. (2024). On the role of prefrontal and 897 

parietal cortices in mind wandering and dynamic thought. Cortex, 178, 249–898 

268. https://doi.org/10.1016/j.cortex.2024.06.017 899 

Renton, A. I., Painter, D. R., & Mattingley, J. B. (2021). Implicit Neurofeedback 900 

Training of Feature-Based Attention Promotes Biased Sensory Processing 901 

during Integrative Decision-Making. The Journal of Neuroscience, 41(39), 902 

8233–8248. https://doi.org/10.1523/JNEUROSCI.0243-21.2021 903 

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted July 15, 2025. ; https://doi.org/10.1101/2025.07.10.663816doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.10.663816
http://creativecommons.org/licenses/by-nc/4.0/


Rich, A. N., Kunar, M. A., Wert, M. J. V., Hidalgo-Sotelo, B., Horowitz, T. S., & Wolfe, 904 

J. M. (2008). Why do we miss rare targets? Exploring the boundaries of the 905 

low prevalence effect. Journal of Vision, 8(15), 15. 906 

https://doi.org/10.1167/8.15.15 907 

Robinson, A. K., Quek, G. L., & Carlson, T. A. (2023). Visual Representations: 908 

Insights from Neural Decoding. Annual Review of Vision Science, 9(Volume 9, 909 

2023), 313–335. https://doi.org/10.1146/annurev-vision-100120-025301 910 

Robinson, A. K., Rich, A. N., & Woolgar, A. (2022). Linking the Brain with Behavior: 911 

The Neural Dynamics of Success and Failure in Goal-directed Behavior. 912 

Journal of Cognitive Neuroscience, 34(4), 639–654. 913 

https://doi.org/10.1162/jocn_a_01818 914 

Rouder, J. N., Morey, R. D., Speckman, P. L., & Province, J. M. (2012). Default 915 

Bayes factors for ANOVA designs. Journal of Mathematical Psychology, 916 

56(5), 356–374. https://doi.org/10.1016/j.jmp.2012.08.001 917 

Rouder, J. N., Speckman, P. L., Sun, D., Morey, R. D., & Iverson, G. (2009). 918 

Bayesian t tests for accepting and rejecting the null hypothesis. Psychonomic 919 

Bulletin & Review, 16(2), 225–237. https://doi.org/10.3758/PBR.16.2.225 920 

Sauseng, P., Klimesch, W., Stadler, W., Schabus, M., Doppelmayr, M., Hanslmayr, 921 

S., Gruber, W. R., & Birbaumer, N. (2005). A shift of visual spatial attention is 922 

selectively associated with human EEG alpha activity. European Journal of 923 

Neuroscience, 22(11), 2917–2926. https://doi.org/10.1111/j.1460-924 

9568.2005.04482.x 925 

Smallwood, J., Davies, J. B., Heim, D., Finnigan, F., Sudberry, M., O’Connor, R., & 926 

Obonsawin, M. (2004). Subjective experience and the attentional lapse: Task 927 

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted July 15, 2025. ; https://doi.org/10.1101/2025.07.10.663816doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.10.663816
http://creativecommons.org/licenses/by-nc/4.0/


engagement and disengagement during sustained attention. Consciousness 928 

and Cognition, 13(4), 657–690. https://doi.org/10.1016/j.concog.2004.06.003 929 

Smout, C. A., Tang, M. F., Garrido, M. I., & Mattingley, J. B. (2019). Attention 930 

promotes the neural encoding of prediction errors. PLOS Biology, 17(2), 931 

e2006812-. 932 

Teichmann, L., Moerel, D., Baker, C., & Grootswagers, T. (2022). An Empirically 933 

Driven Guide on Using Bayes Factors for M/EEG Decoding. Aperture Neuro, 934 

2, 1–10. https://doi.org/10.52294/ApertureNeuro.2022.2.MAOC6465 935 

Thomson, D. R., Besner, D., & Smilek, D. (2015). A Resource-Control Account of 936 

Sustained Attention: Evidence From Mind-Wandering and Vigilance 937 

Paradigms. Perspectives on Psychological Science, 10(1), 82–96. 938 

https://doi.org/10.1177/1745691614556681 939 

Thomson, D. R., Smilek, D., & Besner, D. (2015). Reducing the vigilance decrement: 940 

The effects of perceptual variability. Consciousness and Cognition, 33, 386–941 

397. https://doi.org/10.1016/j.concog.2015.02.010 942 

Thut, G., Nietzel, A., Brandt, S. A., & Pascual-Leone, A. (2006). α-Band 943 

Electroencephalographic Activity over Occipital Cortex Indexes Visuospatial 944 

Attention Bias and Predicts Visual Target Detection. Journal of Neuroscience, 945 

26(37), 9494–9502. https://doi.org/10.1523/JNEUROSCI.0875-06.2006 946 

Unsworth, N., & Robison, M. K. (2016). Pupillary correlates of lapses of sustained 947 

attention. Cognitive, Affective, & Behavioral Neuroscience, 16(4), 601–615. 948 

https://doi.org/10.3758/s13415-016-0417-4 949 

van Dijk, H., Schoffelen, J.-M., Oostenveld, R., & Jensen, O. (2008). Prestimulus 950 

oscillatory activity in the alpha band predicts visual discrimination ability. The 951 

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted July 15, 2025. ; https://doi.org/10.1101/2025.07.10.663816doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.10.663816
http://creativecommons.org/licenses/by-nc/4.0/


Journal of Neuroscience: The Official Journal of the Society for Neuroscience, 952 

28(8), 1816–1823. https://doi.org/10.1523/JNEUROSCI.1853-07.2008 953 

Van Pelt, J., Lowe, B. G., Robinson, J. E., Donaldson, M. J., Johnston, P., & 954 

Yamamoto, N. (2025). An event-related potential study of onset primacy in 955 

visual change detection. Attention, Perception, & Psychophysics. 956 

https://doi.org/10.3758/s13414-025-03027-4 957 

Weissman, D. H., Roberts, K. C., Visscher, K. M., & Woldorff, M. G. (2006). The 958 

neural bases of momentary lapses in attention. Nature Neuroscience, 9(7), 959 

971–978. https://doi.org/10.1038/nn1727 960 

Wolfe, J. M., Horowitz, T. S., Van Wert, M. J., Kenner, N. M., Place, S. S., & Kibbi, 961 

N. (2007). Low target prevalence is a stubborn source of errors in visual 962 

search tasks. Journal of Experimental Psychology. General, 136(4), 623–638. 963 

https://doi.org/10.1037/0096-3445.136.4.623 964 

Woolgar, A., Dermody, N., Afshar, S., Williams, M. A., & Rich, A. N. (2019). 965 

Meaningful patterns of information in the brain revealed through analysis of 966 

errors (p. 673681). bioRxiv. https://doi.org/10.1101/673681 967 

Woolgar, A., Williams, M. A., & Rich, A. N. (2015). Attention enhances multi-voxel 968 

representation of novel objects in frontal, parietal and visual cortices. 969 

NeuroImage, 109, 429–437. https://doi.org/10.1016/j.neuroimage.2014.12.083 970 

 971 

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted July 15, 2025. ; https://doi.org/10.1101/2025.07.10.663816doi: bioRxiv preprint 

https://doi.org/10.1101/2025.07.10.663816
http://creativecommons.org/licenses/by-nc/4.0/

