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 30 

ABSTRACT  31 

The ability to make decisions based on external information, prior knowledge and evidence, is a 32 

crucial aspect of cognition and may determine the success and survival of an organism. Despite 33 

extensive work on decision-making mechanisms/models, understanding the effects of alertness on 34 

neural and cognitive processes remain limited. Here we use electroencephalography and 35 

behavioural modelling to characterise cognitive and neural dynamics of perceptual decision-making 36 

in awake/low alertness periods in humans (14 male, 18 female) and characterise the compensatory 37 

mechanisms as alertness decreases. Well-rested human participants, changing between full-38 

wakefulness and low alertness, performed an auditory tone-localisation task and its behavioural 39 

dynamics was quantified with psychophysics, signal detection theory and drift-diffusion modelling, 40 

revealing slower reaction times, inattention to the left side of space, and a lower rate of evidence 41 

accumulation in periods of low alertness. Unconstrained multivariate pattern analysis (decoding) 42 

showed a ~280ms delayed onset driven by low alertness of the neural signatures differentiating 43 

between left and right decision, with a spatial reconfiguration from centro-parietal to lateral frontal 44 

regions 150-360ms. To understand the neural compensatory mechanisms with decreasing 45 

alertness, we connected the evidence-accumulation behavioural parameter to the neural activity, 46 

showing in the early periods (125-325ms) a shift in the associated patterns from right parietal 47 

regions in awake, to right fronto-parietal during low alertness. This change in the neurobehavioural 48 

dynamics for central accumulation related cognitive processes define a clear reconfiguration of the 49 

brain networks’ regions and dynamics needed for the implementation of decision-making, revealing 50 

mechanisms of resilience of cognition when challenged by decreased alertness. 51 

 52 

 53 

 54 
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 55 

Significance statement 56 

Most living organisms make multiple daily decisions and these require a degree of evidence from 57 

both the environment and the internal milieu. Such decisions are usually studied under sequential 58 

sampling models and involve making a behavioural choice based on sensory encoding, central 59 

accumulation, and motor implementation processes. Since there is little research on how 60 

decreasing alertness affects such cognitive processes, this study has looked at the cognitive and 61 

neural dynamics of perceptual decision-making in people while fully awake and in drowsy periods. 62 

Using computational modelling of behaviour and neural dynamics on human participants 63 

performing an auditory tone-localisation task, we reveal how low alertness modulates evidence 64 

accumulation related processes and its corresponding compensatory neural signatures.  65 

 66 

Introduction 67 

The question of how decisions are made has shaped the world’s systems of government, justice 68 

and social order (Buchanan and O’Connell 2006). Studies on how the brain implements simple 69 

decisions have revealed several neurocognitive processes at the perceptual, central integration and 70 

motor implementation levels (Sigman and Dehaene 2005; O’Connell et al. 2018). However the 71 

modulatory effects of the internal milieu, homeostasis, alertness, and circadian influences on such 72 

processes have received less attention (Hull, Wright, and Czeisler 2003; Knowles 1993). 73 

Specifically, the effect of low alertness has only been tackled by sleep deprivation and brain injury 74 

studies but hardly by normal variations of wakefulness (Goupil and Bekinschtein 2012). 75 

 76 

Perceptual decision-making in cognitive sciences has been successfully studied (Link and Heath 77 

1975; Gold and Shadlen 2007) under sequential sampling models (SSMs), and consists of: a) 78 

Perceptual stage: a sensory system that transforms physical stimulus intensities to deliver decision-79 

information; b) Central integration stage: a decision system that integrates and accumulates such 80 

decision-information variables and makes an optimal choice based on relative evidence; and c) 81 

Motor stage: a motor system that implements the appropriate motor plan/action. According to 82 
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SSMs, accurate perceptual decisions separate the noise from the signal by repeatedly sampling 83 

and integrating evidence until there is enough in favour of one of the decision choices. The 84 

preferred concept to understand and develop a hypothesis is called the decision variable, and it is 85 

an accumulation of priors, evidence, internal milieu and value into a quantity that is interpreted by 86 

the decision rule to produce a choice (Gold and Shadlen 2007). This study aims to investigate how 87 

alertness modulates such decision mechanisms in spatial auditory perception. 88 

 89 

To understand how alertness modulates perceptual decision-making, we need to first define the 90 

specific aspect of wakefulness to be used as the experimental manipulation (T. Bekinschtein et al. 91 

2009). Changes in alertness can be classified into ‘tonic’ that span multiple trials/time-periods, and 92 

‘phasic’ moment to moment changes produced in response to an ongoing task. A few recent 93 

studies have shown that alertness, measured by brain-stem systems indirect markers (pupil 94 

response), modulates individual decision making in moment to moment fluctuations (phasic) 95 

(McGinley et al. 2015; de Gee et al. 2017). Further to this, van Kempen and collaborators (van 96 

Kempen et al. 2019) showed that lower tonic and higher phasic alertness via pupil measurements, 97 

predicted shorter reaction times and was associated with a centroparietal positivity in EEG space. 98 

However, these studies have used pupil responses which in neural terms is an indirect marker for 99 

alertness, and can also be influenced by stimulus features like visual contrast and several other 100 

parameters (Wang et al. 2018). 101 

 102 

Studies in stroke patients have also revealed the effect of alertness on cognitive processes like 103 

spatial attention (Robertson et al. 1998), in particular, lesions on one side of the brain create a 104 

difficulty in localising and paying attention to information on the side opposite to the lesion, a 105 

condition referred to as unilateral spatial neglect and usually more persistent after a stroke in the 106 

right hemisphere (Karnath and Zihl 2003). We have also shown a while back, mimicking the 107 

behaviour of hemispatial neglect patients (Langner and Eickhoff 2013), that during drowsy periods, 108 

even normal participants show more errors to the left side of the space in an auditory task 109 

(Bareham et al. 2015). However, these alertness related effects have not been studied in a 110 

perceptual decision-making framework which further motivated this study. Hence, we took the 111 
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opportunity to merge the questions on spatial attention and perceptual decision-making modulated 112 

by alertness by implementing an auditory spatial attention task that we developed previously. This 113 

paradigm is well defined for this alertness modulation design, and robust and systematic results 114 

have been replicated with it. Further, the auditory stimuli can be delivered with eyes closed, and 115 

finally it has a simple response option which is appropriate for drowsy participants. 116 

 117 

Thus, we designed a study to directly measure tonic alertness and understand its effect on 118 

decision-making. Here, we also utilised a recently developed computational method (Jagannathan 119 

et al. 2018) to measure alertness directly from EEG, and in combination with multi-level modelling 120 

and psychophysics, to understand its effect on behaviour. Next, we used a drift-diffusion model to 121 

parametrise the different elements of the decision-making process, neural decoding for data-driven 122 

characterization, and finally, connected the drift-diffusion model to the neural markers to reveal the 123 

compensatory mechanisms of decision-making and spatial attention. 124 

 125 

Materials and Methods  126 

Participants.  127 

Forty-one healthy human participants (no auditory, neurological or psychiatric abnormalities) were 128 

recruited. Data from 8 participants was discarded due to technical problems with headphone 129 

amplifiers (battery issue was only discovered post-hoc) and 1 participant for not following task 130 

instructions (switching response hand half way through the experiment). Thus only data from 32 131 

participants (14 males, age: 24.46 ± 3.72 years old) was considered for further analysis. All 132 

participants were self-reported to be right-handed. This was also established by using Edinburgh 133 

handedness scale (Oldfield 1971) and each participant had a score of above 0 (right-handed) with 134 

mean 80.26 ± 23.59. Only easy sleepers (as per self report) were recruited and further they were 135 

administered with the Epworth sleepiness scale (Johns 1991) on the day of the experiment. 29 136 

participants had a sleepiness score >= 7 (classified as easy sleepers) and 3 of them had a 137 

sleepiness score >=4. All participants were asked not to consume any stimulant like coffee/tea 138 

before the experiment that day. The study and the experimental protocol was approved by the 139 
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cambridge psychology research ethics committee and written informed consent was provided by 140 

all participants. A monetary compensation of £30 was provided for participation. 141 

 142 

 143 

 144 

 145 

 146 

Experimental task. 147 

Each participant underwent two experimental sessions a) Alert b) Drowsy. The alert session lasted 148 

approximately 8 minutes in duration, with the participants seated upright and lights on. Further they 149 

were instructed to stay awake throughout this session. Followed by which the drowsy session was 150 

done, which lasted approximately 1.5-2 hours in duration, with the participants reclined to 151 

maximum in a chair and lights off to promote drowsiness. Further they were provided with a pillow 152 

for neck support and were allowed to fall asleep. It is critical to note that the inter-trial interval in the 153 

alert session is 2-3 sec, whereas in the drowsy session it is 4-5 sec. This increase in intertrial 154 

interval, longer duration of session was intended to promote drowsiness in the drowsy session 155 

(Kosslyn and Andersen 1995; Bareham et al. 2014). Before the start of the experiment, the 156 

participants were allowed a practise session to become familiar with the task. The trial details for 157 

individual session are given below: 158 

 159 

Alert session.  160 

Participants were presented with 124 complex harmonic tones (guitar chords) that fell on the left or 161 

right side of their veridical midline (0°) ranging from -59.31° to +59.31°. These tones were recorded 162 

using in-ear microphones in free-field (Bareham et al. 2014). Six tones from -59.31° to -39.26° were 163 

presented two times each; twelve tones from -35.24° to - 1.86° were presented four times each. A 164 

similar pattern was repeated on the right side with twelve tones from 1.86° to 35.24° presented four 165 

times each, six tones from 39.26° to 59.31° presented two times each. The tones in the midline (0°) 166 

were presented four times, resulting in a total of 124 tones. The order of tones presented was 167 

randomized per participant. Further, participants were instructed to keep their eyes closed and 168 
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respond (as quickly and as accurately as possible) with a button press (using left/right thumb) 169 

indicating the location of the tone (left or right). Each trial began after a random interval of 2-3 170 

seconds and if the participant did not respond for 5 seconds, the next trial was started.  171 

 172 

 173 

 174 
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 175 

Figure 1: A) auditory spatial attention task: participants had to localize the direction of auditory tones coming 176 

from left and right side of the midline. B) session details: each participant underwent an alert and drowsy 177 
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session. In the alert session of approximately 8 minutes in duration, participants are instructed to stay awake 178 

and seated upright with lights on. The shorter inter-trial interval of 2-3 seconds and shorter duration of the 179 

session ensured that none of the participants failed to respond in any of the trials. In the drowsy session of 180 

approximately 1.5 to 2 hours in duration, participants are allowed to fall asleep with the seat reclined to 181 

maximum with a pillow for head support. The longer inter-trial interval of 4-5 seconds and longer duration of 182 

the session ensured that most participants became drowsy. C,D) Alert and drowsy trial identification: All the 183 

trials in the alert session are considered to be alert (124), whereas among the 740 trials in the drowsy session, 184 

we employed the micro-measures algorithm (Jagannathan et al. 2018) and divided the pre-trial periods into 185 

different categories, among which we choose the mild drowsy trials. Here we can see that in the drowsy 186 

session this sample participant failed to respond several times (purple dots in RT plot) and the drowsy trial 187 

labels coincide in the nearby periods, whereas in the alert session the participant systematically responds. E) 188 

cross-validation of alert and drowsy trial labels per participant: for each participant we then performed a t-test 189 

comparing the distribution of reaction times of alert vs drowsy trials and found that for 28 of 32 participants, 190 

the distributions reliably differed, validating the approach (Jagannathan et al. 2018). 191 

 192 

 193 

Drowsy session.  194 

Participants were presented with 740 complex harmonic tones (as above) that fell on the left or right 195 

of their veridical midline (0°) again ranging from -59.31° to +59.31°. Six tones from -59.31° to -196 

39.26° were presented twenty times each; twelve tones from -35.24° to -1.86° were presented 197 

twenty times each. Similar pattern was repeated on the right side with twelve tones from 1.86° to 198 

35.24° being presented twenty times each, six tones from 39.26° to 59.31° presented twenty times 199 

each. The tone in the midline (0°) was presented twenty times, resulting in a total of 740 tones. The 200 

order of tones was again randomized per participant. Participants were again instructed to keep 201 

their eyes closed and respond (as quickly and as accurately as possible) with a button press (by 202 

left/right thumb) indicating the direction of the tone (left or right). Each trial began after a random 203 

interval of 4-5 seconds and if the participant did not respond for 5 seconds, the next trial was 204 

started. The participants were gently awoken if they didn’t respond to more than 3 trials 205 

consecutively. 206 

 207 

EEG recordings and preprocessing. 208 

EEG data was acquired with 128 Ag/AgCl electrodes (Electrical Geodesics Inc) using Cz as the 209 

reference electrode. The impedances of all electrodes were kept below 100 KΩ (to ensure higher 210 

signal to noise ratio) and data was acquired at a sampling rate of 500 Hz. EEG data was pre-211 
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processed with custom made scripts in MATLAB (MathWorks Inc. Natick, MA, USA) using EEGLAB 212 

toolbox (Delorme and Makeig 2004). The preprocessing steps are as follows: First, the peripheral 213 

electrodes that covered the regions of forehead, cheeks and neck were removed to reduce artifacts 214 

related to eye and muscle movements, thus retaining only 92 channels that covered the scalp. 215 

Second, the data was bandpass filtered with zero phase shift between 1 and 40 Hz using hamming 216 

windowed-sinc FIR filter and further resampled to 250 Hz. Third, pre-trial and post-trial epochs per 217 

trial were created. For the pre-trial epochs, the data was epoched from -4000ms to 0ms prior to the 218 

onset of the stimuli. The pre-trial epochs were created only in the drowsy session and not in the 219 

alert session (details below). For the post-trial epochs, the data was epoched from -200ms to 220 

800ms to the onset of the stimuli for both the alert and drowsy sessions. Fourth, the trials that 221 

exceeded the amplitude threshold of ±250 μV were removed in a semi-automatic fashion. Fifth, the 222 

bad channels were detected in a two-step fashion: a) channels are considered bad (zero activity) if 223 

channel variance is below 0.5. b) The normalized power spectrum of the remaining channels was 224 

computed and any channel that exceeded the mean power spectrum by ±3 standard deviations 225 

was marked bad. Sixth, to remove further artifacts related to eye-blink and muscle movement, 226 

independent component analysis (ICA) was performed on the channels not marked as bad in the 227 

previous step. ICA components that correspond to artifacts were rejected by manual inspection. 228 

Seventh, the bad channels were now interpolated using spherical interpolation. Eighth, the bad 229 

trials were detected again using an amplitude threshold of ±250 μV and bad electrodes (those 230 

exceeding the threshold) in such trials were interpolated in a trial-by-trial fashion. Ninth, the post-231 

trial epochs were re-referenced to the average of all channels (whereas the pre-trial epochs were 232 

maintained with the recorded reference - Cz). 233 

 234 

Alertness level classification. 235 

The preliminary step in both behavioural and neural analysis is to classify trials into ‘alert’ and 236 

‘drowsy’. The data from the pre-trial epochs were used to classify each trial into alert or drowsy. 237 

For the alert session, all pre-trial periods were considered to be ‘alert’ as participants were explicitly 238 

instructed to stay awake with short inter-trial intervals of 2 sec and overall shorter duration of 239 

session (both promote wakefulness) and lights switched on, with upright seating. Consequently, 240 
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none of the participants failed to respond to any of the trials in the alert session which supported 241 

our assumption. In the drowsy session, the participants were allowed to fall asleep with longer 242 

inter-trial intervals of 4-5 sec and lights switched off, with seating reclined to maximum with a pillow 243 

for the head support and hence several participants failed to respond to some trials in the drowsy 244 

session. For each trial in the drowsy session, pre-trial epochs were analysed using the micro-245 

measures algorithm (Jagannathan et al. 2018). Briefly, the micro-measures algorithm operates on 4-246 

sec epochs in a two-step fashion. In the first step, ‘alert(relaxed)’ trials are separated from the 247 

‘drowsy’ trials (sub-divided into ‘mild’ and ‘severe’) by using a combination of features like: variance 248 

explained by different frequency band predictors and coherence at different frequency bands (See 249 

(Jagannathan et al. 2018) for details). For predictor variance the different features were computed 250 

by first generating predictors based on spectral variation in different frequency bands A: 2–4 Hz; B: 251 

8–10 Hz, C: 10–12 Hz; D: 2–6 Hz in the occipital electrodes (E75, E70, E83) and then fitting them 252 

per electrode per epoch. For coherence, the frequency bins: Delta:[1–4 Hz], Theta:[4–7 Hz], 253 

Alpha:[7–12 Hz], Sigma:[12–16 Hz], Gamma:[16–30 Hz] were used at the occipital : E75 (Oz), E70 254 

(O1), E83 (O2), frontal : E33 (F7), E122 (F8), E11 (Fz), central: E36 (C3), E104 (C4), temporal: E45 255 

(T3-T7), E108 (T4-T8), E102 (TP8), E115, E100 (TP10) sites. These electrode numbers can be 256 

identified using the GSN hydrocel 128 channel map from EGI and corresponding locations in the 257 

standard 10-10 system are given in brackets wherever identified (Luu and Ferree 2005). In the 258 

second step, ‘drowsy(severe)’ trails were further computed using a combination of grapho-element 259 

identification like vertex waves, spindles etc. We only used the ‘drowsy(mild)’ trials for identifying 260 

‘drowsy’ trials, as the participants usually do not respond under ‘drowsy(severe)’ trials. We similarly 261 

excluded the ‘alert(relaxed)’ trials in the drowsy session to instead compare the drowsy trials of the 262 

drowsy session to all of the trials in the alert session. It should be noted that we could not use the 263 

micro-measure algorithm on the alert session as mainly the pre-trial duration was only 2-sec which 264 

precludes its application (as 4-sec is the recommended for the algorithm). However, none of the 265 

participants failed to respond in the alert session as mentioned before. Finally to cross-validate our 266 

assumptions, we performed a t-test on the distributions of reaction times of the ‘alert’ versus the 267 

‘drowsy’ trials per participant. 28 of the 32 participants significantly differed in reaction time 268 
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distributions which is a direct effect of alertness (Ogilvie 2001), as participants tend to be slower 269 

and produce more variable reaction times, when drowsy. 270 

The details of this analysis are present here: 271 

https://github.com/SridharJagannathan/decAlertnessDecisionmaking_JNeuroscience2021/blob/mai272 

n/Scripts/notebooks/Figure1supplement_RT_persubject.ipynb 273 

 274 

 275 

Behavioural analysis. 276 

 277 

Error proportion. 278 

In order to understand how the rate of errors differs across different stimuli (left or right tones) and 279 

how it is modulated by alertness levels (alert or drowsy) we performed the following analysis. First, 280 

we computed the proportion of errors made by each participant under each alertness level (alert, 281 

drowsy) and under each stimulus type (left or right tone). If the total number of trials for any 282 

participant under any condition is less than 5, then the corresponding error proportion (for that 283 

condition) is ignored in the analysis. We decided to use multilevel models for this analysis over 284 

traditional repeated measures of analysis of variance, because different participants had different 285 

levels of alertness (specifically differing number of alert, drowsy trials per condition). We defined 4 286 

different multilevel models to understand the modulation of error proportion by state of participant 287 

(alert, drowsy) and stimulus (left, right). In the null model, the error proportion depends only on the 288 

mean per participant (fixed effect) and the participant id (random effect). In the second model (state 289 

model), the error proportion depends only on the state of the participant (fixed effect) and the 290 

participant id (random effect). In the third model (stimulus model), the error proportion depends only 291 

on the stimulus (fixed effect) and the participant id (random effect). In the fourth model (state-292 

stimulus model), the error proportion depends on a combination of the state of the participant and 293 

the stimulus, both used as fixed effects and the participant id (random effect). These 4 models were 294 

fitted using the ‘lmer’ function (‘lmerTest’ package) in R (Kuznetsova, Brockhoff, and Christensen 295 

2017) and the winning model is identified as the one with the highest log-likelihood by comparing it 296 

with the null model and performing a likelihood ratio chi-square test (χ2). Finally the top two winning 297 
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models were compared against each other using ‘anova’ function in R (Fox and Weisberg 2018), to 298 

validate whether the winning model (if it is more complex) is actually better than the losing model (if 299 

it is simpler). The state-stimulus model emerged as the winning model.  300 

The details of this analysis are present here:  301 

https://github.com/SridharJagannathan/decAlertnessDecisionmaking_JNeuroscience2021/blob/mai302 

n/Scripts/notebooks/Figure2a_errorproportion.ipynb 303 

 304 

 305 

 306 

The different models along with their log-likelihood values are shown below: 307 

 308 

Table 1: Model comparison 309 

 310 

Model Parameters Log-likelihood Pr(>χ2) 

Null Fixed: mean, Random: subj id 57.55 - 

State Fixed: state, Random: subj id 63.33 <0.001 

Stimulus Fixed: stimulus, Random: subj id 65.39 <0.001 

State-Stimulus Fixed: state*stimulus, Random: subj id 76.39 <0.001 

 311 

Table 2: Type III analysis of variance with Satterthwaite's method of the winning model (State-312 

Stimulus) 313 

 314 

Model elements Sum Sq Mean Sq NumDF DenDF F value Pr(>F)  

State 0.23832  0.23832  1 95.08 15.6560 <0.001 

Stimulus 0.33053 0.33053 1 93.70 21.7136 <0.001 
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State:Stimulus 0.13489 0.13489 1 93.70  8.8612 <0.01 

 315 

The state-stimulus (winning model) was further analysed with the ‘anova’ function and it was found 316 

that there was a reliable main effect of both state (p<0.001) and stimulus (p<0.001) on error 317 

proportion and also the interaction between state and stimulus also had a reliable effect (p<0.01) on 318 

error proportion. Further, we performed post-hoc tests using tukey adjustment (for multiple 319 

comparisons) to identify differences between pairs that are significant. 320 

 321 

 322 

Reaction times. 323 

In order to understand how the reaction times differ across different stimuli (left or right tones) and 324 

how it is modulated by alertness levels (alert or drowsy) we performed a multilevel modelling 325 

analysis similar to the analysis on error proportion as above. First, we computed the reaction times 326 

of each participant under each alertness level (alert, drowsy) and under each stimulus type (left or 327 

right tone). We defined 4 different multilevel models to understand the modulation of reaction times 328 

by state of participant (alert, drowsy) and stimulus (left, right). In the null model, the reaction time 329 

depends only on the mean per participant (fixed effect) and the participant id (random effect). In the 330 

second model (state model), the reaction time depends only on the state of the participant (fixed 331 

effect) and the participant id (random effect). In the third model (stimulus model), the reaction time 332 

depends only on the stimulus (fixed effect) and the participant id (random effect). In the fourth 333 

model (state-stimulus model), the reaction time depends on a combination of the state of the 334 

participant and the stimulus, both used as fixed effects and the participant id (random effect). The 335 

state-stimulus model emerged as the winning model.  336 

The details of this analysis are present here:  337 

https://github.com/SridharJagannathan/decAlertnessDecisionmaking_JNeuroscience2021/blob/mai338 

n/Scripts/notebooks/Figure2supplement_RT.ipynb 339 

The different models along with their log-likelihood values are shown below: 340 

Table 3: Model comparison 341 

 342 
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Model Parameters Log-likelihood Pr(>χ2) 

Null Fixed: mean, Random: subj id -79.95 - 

State Fixed: state, Random: subj id -33.00 <0.001 

Stimulus Fixed: stimulus, Random: subj id -79.78 >0.05 

State-Stimulus Fixed: state*stimulus, Random: subj id -32.06 <0.001 

 343 

 344 

Table 4: Type III analysis of variance with Satterthwaite's method of the winning model (State-345 

Stimulus) 346 

 347 

Model elements Sum Sq Mean Sq NumDF DenDF F value Pr(>F)  

State 9.1412  9.1412  1 96 162.463 <0.001 

Stimulus 0.0514 0.0514 1 96 0.9138 >0.05 

State:Stimulus 0.0557 0.0557 1 96  0.9899 >0.05 

 348 

The state-stimulus (winning model) was further analysed with the ‘anova’ function and it was found 349 

that there was a reliable main effect of only state (p<0.001) on reaction time. 350 

 351 

Subjective midline shifts. 352 

The change in subjective midline was quantified by fitting psychometric functions to the responses 353 

produced by each participant under alert and drowsy conditions. The proportion of rightward 354 

responses for each participant under each stimulus condition from -60° to +60° was fitted with a 355 

cumulative normal function using the ‘quickpsy’ (Linares and López-Moliner 2016) package in R. In 356 

order to evaluate the different parameters involved in the modulation of psychometric functions, we 357 
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evaluated two different models. The first model was where only the mean of the function shifted for 358 

individual participants across alert and drowsy conditions. The second model was where both the 359 

mean and the slope shifted across conditions. Model selection was performed using the Akaike 360 

Information Criterion, model fits from 9 subjects favoured the first model and 23 subjects favoured 361 

the second model. Thus we used the model where both the mean and the slope varied across alert 362 

and drowsy conditions. The mean of the cumulative normal function (the point where the curve 363 

crosses 0.5 in the y-axis) is also referred to as the subjective midline (‘bias’). The subjective midline 364 

is the stimulus (angle) at which the participant performs at chance (0.5), which in an ideal world 365 

would be closer to the veridical midline (0°). The slope of the cumulative function represents the 366 

‘sensitivity’ of the system. In general, large variations in the bias point tend to reduce the sensitivity 367 

of the system. Further for performing a paired t-test on the change in the parameters across alert 368 

and drowsy conditions we also ignored 13 participants that had a bias point outside ±60° (as the 369 

overall stimulus angle can vary only between -60° to +60°) and standard deviation of more than 30°.  370 

The details of this analysis are present here:  371 

https://github.com/SridharJagannathan/decAlertnessDecisionmaking_JNeuroscience2021/blob/mai372 

n/Scripts/notebooks/Figure2c_d_e_psychophysics_biasshift.ipynb 373 

 374 

Drift-diffusion modelling. 375 

The different elements of the decision-making process can be teased apart by using the drift-376 

diffusion model. The parameters of this model include: drift-rate (v) -- rate of evidence 377 

accumulation, boundary separation distance (a) -- distance between the two decision boundaries, 378 

non-decision time (t) -- for accounting other processes like stimulus encoding (before the start of 379 

evidence accumulation process), response execution (after the end of evidence accumulation). 380 

Further the different sources of bias that can be modelled are: bias point (z) -- bias in the starting 381 

point or drift criterion (dc) - a constant factor (slope) added to the drift rate. We implemented the 382 

drift diffusion process using a hierarchical drift diffusion model (HDDM) (Wiecki, Sofer, and Frank 383 

2013) that allows for a hierarchical Bayesian procedure to estimate the model parameters. The 384 

principal reason for using such hierarchical procedures is because different participants fall asleep 385 

in different ways (differing number of alert and drowsy trials), hence usage of hierarchical bayesian 386 
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procedure allows for robust estimation of model parameters under such limited conditions of trials 387 

(Zhang et al. 2016). We used the response of each participant (‘left’ or ‘right’ button press) instead 388 

of accuracy (‘correct’ or ‘incorrect’) to fit the HDDM. Such a procedure is referred to as stimulus-389 

coding and allows for robust estimation of sources of bias without being affected by accuracy. In 390 

the first step, we decided to identify the sources of bias (with z or dc). Several studies across 391 

auditory and visual modalities (Stelmach and Herdman 1991; Benwell, Harvey, and Thut 2014) have 392 

shown existence of an initial spatial bias which is modulated by different factors like time-on-task 393 

and alertness levels. Hence it is important to identify and parametrise the source of this bias to 394 

either response driven (changes in z) or stimulus driven (changes in dc) by using model comparison 395 

techniques (such as χ2 or based on information criterion) as done in previous studies (White and 396 

Poldrack 2014; Leite and Ratcliff 2011). For this we implemented 8 different models that allowed 397 

the parameters (z,v) to vary depending on state (alert or drowsy) or stimulus (left or right). Similarly 398 

we implemented 8 different models that allowed the parameters (dc,v) to vary depending on state 399 

or stimulus. In each model, 15000 samples from the posterior distribution were estimated using 400 

Markov chain Monte Carlo methods. 5000 samples were further discarded as burn-in to discard the 401 

effect of initial values on the posterior distribution estimation. We then choose the best model 402 

among the bias models using the one with the lowest deviance information criterion (DIC). DIC 403 

allows for computing model accuracy while penalising for model complexity (Spiegelhalter et al. 404 

2002). The best model among the bias models was where the v varied with state, stimulus and z 405 

varied with stimulus alone. In the next step, we used this best model and developed a set of 406 

combined models that allows variation in the parameters (a, t) with state or stimulus. We then 407 

choose the best model among the 4 different combined models. The final best model was one 408 

where ‘v’ varied with state, stimulus and ‘z’ varied with stimulus and ‘a’ varied with state and ‘t’ 409 

varied with stimulus alone. This final best model checked for model convergence using the Gelman-410 

Rubin statistic. The convergence statistic was computed for 5 different runs and was found to be 411 

closer to 0.99 (values closer to 1 but less than 1.2 indicate convergence) (Gelman et al. 2013; 412 

Spiegelhalter et al. 2002). 413 
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The details of this analysis are present here:  414 

https://github.com/SridharJagannathan/decAlertnessDecisionmaking_JNeuroscience2021/blob/mai415 

n/Scripts/notebooks/Figure3d_k_suppl_hddm.ipynb 416 

 417 

Neural analysis. 418 

 419 

Decoding. 420 

We used multivariate pattern analysis (MVPA) techniques to analyse the divergent patterns in EEG 421 

data. Specifically we used decoding in which patterns of brain activity are analysed in order to 422 

predict the experimental condition under which it was generated. Traditional ERP (event related 423 

potentials) analyses rely on using a-priori identified spatial locations or temporal segments in the 424 

data to measure the differences across conditions. However decoding techniques do not rely on a-425 

priori definitions and perform much better in detecting differences across experimental conditions 426 

(Fahrenfort et al. 2018). Temporal decoding involves using EEG data (X) composed of size: 427 

[electrodes x time points x trials] to predict the stimuli presented (Y). The first step consists of fitting 428 

an estimator (w) to a subset of the data (Xtrain) to predict a subset of the experimental condition 429 

(Ytrain). The second step involves using this trained estimator on another subset of the data (Xtest) to 430 

predict a subset of the experimental condition (Ytest). The third step involves evaluating the 431 

performance of this estimator using a validation measure by comparing the prediction (Ŷtest) with the 432 

actual label (Ytest). 433 

 434 

Estimator construction. 435 

First, the EEG data is subjected to a standard scaler (using StandardScaler() from scikit-learn) that 436 

removes the mean of the data and scales it by its variance. Second, we used logistic regression to 437 

estimate the model parameters for maximally separating the different experimental conditions. 438 

Third, we implemented temporal decoding by using the sliding estimator (using SlidingEstimator() 439 

from scikit-learn) to fit the logistic regression model per time-point. 440 

 441 

Cross validation. 442 



 

19 

The EEG data was first downsampled to 100 Hz and further binary classification was performed 443 

between two conditions (left and right stimuli) separately across alert and drowsy conditions per 444 

individual participant. As the target of the classification was stimuli being presented we only 445 

considered the trials where the participant made the correct decision. Each participant was 446 

considered for classification only if they had at least 25 trials under each condition. Further 5-fold 447 

cross validation was performed such that 4 folds were used for training and the last fold was used 448 

as a testing set. The classifier performance was evaluated using Area Under the Curve (AUC) of the 449 

receiver-operating characteristic (ROC). It is implemented using ‘roc_auc’ in the sliding estimator 450 

function in scikit-learn. When AUC is about 0.5 the classifier performs at chance, while the AUC 451 

score of 1 has a very good separability across classes. We computed the AUC-ROC score per 452 

participant as the average of the score across all the cross-validation folds. Further, we smoothed 453 

the scores using a 3 point moving average to smooth out spurious fluctuations. In order to identify 454 

the reliability of the AUC score at the group level, we performed a cluster permutation test 455 

(participants x timepoints) using MNE (spatio_temporal_cluster_1samp_test) (Gramfort et al. 2013). 456 

Thus producing p-values per time point at the group level, from which time points where we can 457 

infer those regions where AUC is reliably different from chance (0.5) at the group level. 458 

 459 

 460 

 461 

Coefficients of patterns. 462 

The parameters of the decoding (performed above) are not neurophysiologically interpretable in a 463 

straightforward way (Haufe et al. 2014). Hence the parameters of the backward model (decoding) 464 

need to be transformed to produce the forward model. This is done by obtaining the coefficients of 465 

the estimator model per participant using the ‘get_coef’ function from MNE (‘_patterns’). For 466 

performing group statistics in electrode space, we used the same cluster permutation based 467 

approach as described earlier. 468 

 469 

Decoding of responses. 470 
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To tease apart the process related to evidence accumulation from motor implementation, we 471 

decided to decode the response hand of the participant. The EEG data for the response decoding 472 

was created by epoching the data from -800ms to 200ms prior to the onset of the response from 473 

the participant. The response-locked trials were preprocessed in a similar fashion to the stimulus-474 

locked trials. The alertness level for the corresponding response-locked trial was obtained from the 475 

labels of the stimulus-locked trial. The decoding and other methods used are similar to the 476 

stimulus-locked trials, except that the target of decoding is the response hand being pressed (left 477 

or right thumb).  478 

 479 

 480 

The details of the stimulus decoding are present here:  481 

https://github.com/SridharJagannathan/decAlertnessDecisionmaking_JNeuroscience2021/blob/mai482 

n/Scripts/notebooks/Figure4_5_temporaldecodingstimuli.ipynb 483 

The details of the response decoding are present here:  484 

https://github.com/SridharJagannathan/decAlertnessDecisionmaking_JNeuroscience2021/blob/mai485 

n/Scripts/notebooks/Figure6_temporaldecodingresponses.ipynb 486 

 487 

 488 

 489 

 490 

 491 

Neuro-behavioural analysis. 492 

 493 

Regression with drift-diffusion model. 494 

To identify the correlates of the evidence accumulation process, we used the model parameters 495 

generated by the drift diffusion model (combined best model). First, the ERP data (post trial epochs) 496 

were z-scored per electrode per trial. Second, the ERP data was baseline corrected with pre-trial 497 

data from -200ms to 0ms. Third, the ERP data was averaged every 50ms per electrode per trial to 498 

create 20 time points (-200ms to 800ms) per electrode per trial. Fourth, the ERP data were entered 499 
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into a trial-by-trial regression with the drift rate using the HDDMRegressor from the HDDM toolbox 500 

(Wiecki, Sofer, and Frank 2013). The model parameters are allowed to vary as per the combined 501 

best model. We estimated the influence of ERP data on the drift-rate, as it was the only parameter 502 

shown to vary with respect to both the direction of stimulus and the alertness of the participants. 503 

Thus, we use drift parameter  as a dependent variable and regressed the same against ERP data 504 

as shown below 505 

 506 

 507 

The above equation can be written in patsy form as below. 508 

 509 

 510 

Here, the drift-rate covaries with the ERP value and depends on a combination of state with a 511 

reference value at ‘Alert’ and of stimulus with a reference value at ‘Right’.  512 

The other model parameters are same as in the best model: 513 

     514 

 515 

 516 

Here,  represents drift-rate, ERP represents z-scored ERP data per trial per time point per 517 

electrode, state represents alertness levels (‘alert’ or ‘drowsy’), stim represents stimulus types (‘left’ 518 

or ‘right’).  519 

 520 

 521 

Fifth, the traces were computed per condition (state and stimuli combination). All the regressor 522 

models (1840 = 20*92 = timepoints*electrodes) for each participant were checked for convergence 523 

using the Gelman-Rubin statistic. The convergence statistic was computed for 3 different runs and 524 

was found to be closer to 0.99 (indicating convergence). Sixth, the differences in drift rate (between 525 

left and right stimuli) per time point per electrode were computed in both alert and drowsy 526 

condition. This difference represents the discriminability of the electrode in identifying the left and 527 

right stimuli at that time point. Thus this analysis yielded differences in drift rate per electrode, per 528 
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time point, per condition, per participant. The differences can then be considered similar to the 529 

classifier patterns and can be analysed both in electrode and source spaces. Further we also 530 

computed group level differences using the cluster permutation techniques described earlier. 531 

 532 

The details of this analysis are present here:  533 

https://github.com/SridharJagannathan/decAlertnessDecisionmaking_JNeuroscience2021/blob/mai534 

n/Scripts/notebooks/Figure7_hddmregression.ipynb 535 

and comparison of patterns analysis is present here: 536 

https://github.com/SridharJagannathan/decAlertnessDecisionmaking_JNeuroscience2021/blob/mai537 

n/Scripts/notebooks/Figure7_8_hddmregressionpatterns_comparison.ipynb 538 

 539 

 540 

 541 

Source reconstruction of the regression patterns. 542 

The coefficients created above can be projected into the source space to infer the brain regions 543 

involved in the pattern activity. Source reconstruction was achieved using a combination of 544 

Freesurfer (Fischl 2012) and MNE. First, the surface was reconstructed using ‘recon-all’ (Freesurfer) 545 

using the default ICBM152 template for the structural magnetic resonance image (MRIs). Next, the 546 

Boundary element model (BEM) was created using ‘make_watershed_bem’ (MNE). Further, scalp 547 

surfaces for the different element boundaries were created using ‘make_scalp_surface’ (MNE). 548 

Second, we performed the registration of the scalp surface with the default EEG channel locations 549 

(with fiducials as markers) manually using ‘coregistration’ (MNE). Third, the forward solution was 550 

computed using ‘make_bem_model’ (MNE). Fourth, to test if the source reconstruction of the 551 

electrode data is accurate we projected the ERP data of a sample participant into source space 552 

and analysed data from different regions of interest to confirm its validity. The patterns of each 553 

participant were then projected into source space in the following manner. First, we computed the 554 

noise covariance using the baseline data from -0.2 to 0 ms. Second, we used the forward solution 555 

and the noise covariance to create an inverse operator using 556 

‘minimum_norm.make_inverse_operator’ from MNE. Third, used the individual pattern per 557 
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participant and applied the inverse operator on it to produce the source reconstruction of the 558 

patterns per participant. For performing group statistics in the source space we used the same 559 

cluster permutation based approach (after moving them to the ‘fsaverage’ space) as described 560 

earlier. 561 

The details of this analysis are present here:  562 

https://github.com/SridharJagannathan/decAlertnessDecisionmaking_JNeuroscience2021/blob/mai563 

n/Scripts/notebooks/Figure9_hddmregressionpatterns_sources.ipynb 564 

 565 

 566 

 567 

 568 

 569 

 570 

 571 

 572 

 573 

 574 

 575 

 576 

 577 

Results  578 

We organized the results from direct and model-free, to theoretically constrained. Error proportion, 579 

reaction times and subjective midline shifts are described as direct measures to evaluate the effects 580 
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of alertness, while signal detection and drift-diffusion models theoretically constrain the 581 

interpretation of its parameters to perceptual, central and motor processes sequentially occurring 582 

during perceptual decision-making. We further organized the brain analyses similarly, using 583 

multivariate decoding to widely characterise the spatiotemporal neural signatures of the decision 584 

and, constrained by the modelled behavioural results, we map the neural dynamics of evidence 585 

accumulation in full wakefulness and low alertness. This approach allowed for both, open and 586 

exploratory neurobehavioural characterization and hypotheses-driven evaluation of the effects of 587 

low alertness on perceptual decision-making in spatial attention. 588 

 589 

Error-proportion modulated by alertness 590 

First, we used multilevel modelling to understand how the errors made by each participant in the 591 

auditory tone-localization task was influenced by the stimulus presented (left or right tone) and the 592 

state of the participant (alert or drowsy). We defined 4 different multilevel (linear mixed) models 593 

where errors were modulated by various combinations of stimulus and alertness states (see 594 

methods section). The analysis of the variance table of the winning model shows that both alertness 595 

(F(1, 95.08) = 15.65, p<0.001) and stimulus type (F(1,93.70) = 21.71, p<0.001) have an effect on 596 

error-proportion. Further, there was a reliable interaction between alertness levels and stimulus type 597 

(F(1,93.70) = 8.86, p<0.01). Next, post-hoc analysis revealed a reliable difference between alert and 598 

drowsy conditions for left stimuli (p<0.001), and not for right stimuli (p = 0.899). These behavioural 599 

results (Figure 2A) replicate the findings of (Bareham et al. 2014) in an independent study, task 600 

design, alertness measure (and lab), reporting an increase in location assignment errors on tones 601 

from the left side of the midline when people became drowsy. 602 

 603 

 604 

 605 

 606 

 607 

 608 

 609 
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 610 

Figure 2: Behavioural analysis: A) proportion of errors committed in alert and drowsy periods across left and 611 

right stimuli. Multilevel modelling reveals that error rates depend on stimulus and state of the participant. 612 

Post-hoc tests indicate that error proportion is reliably modulated by alertness but only for left stimuli. *** 613 

indicates p<0.001, ns indicates not significant (or not reliable), error bars indicate standard error of the mean. 614 
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B) Mean reaction times for individual participants. Reaction times are variable and slower under drowsy 615 

conditions and further a paired samples t-test indicates reliable difference (p<0.001) in reaction times across 616 

alert and drowsy periods. C) Example fits of two different participants are shown. For each participant under 617 

each condition (alert, drowsy), the proportion of rightward responses were fitted to the stimulus angle varying 618 

from -60° to +60°. The size of the dots represent the normalised (per condition) number of trials under each 619 

angle. Here, we notice that the bias point (dotted line) shifts towards the left side as the participant becomes 620 

drowsy. In other words, as the participant becomes drowsy they overestimate the right side of space. For 621 

another participant we notice the opposite effect. D) Spatial bias, Slope parameter per participant (from 622 

psychometric fits). Bias level shifts towards the left side (indicating more left errors) for most participants. 623 

Negative bias values indicate shifts in the subjective midline towards the left and positive values indicate shift 624 

towards the right. Further, a paired sample t-test indicates reliable difference (p<0.01). Slope values of the 625 

psychometric fits also increased as participants became drowsy, indicating shallower slopes. Further, a 626 

paired sample t-test indicates reliable difference (p<0.001). E) Group level psychometric fits indicate the shift 627 

in subjective midline (dotted lines), shaded regions are confidence interval bounds. Arrows indicate a gap in 628 

the asymptotes at -60° compared to +60° between alert and drowsy state, further evidence of inattention to 629 

the left side. F) Signal detection analysis shows that d′  (sensitivity) is strongly modulated by alertness in 630 

comparison to the c (criterion) using bayes factor. 631 

 632 

 633 

Reaction times are modulated by alertness 634 

Second, we aimed to quantify the modulation in the response profiles (reaction times) of individual 635 

participants by alertness levels. A paired sample t-test with t(31) = -7.79, p<0.001 revealed a 636 

reliable effect of alertness on reaction time distributions. Further to this we also employed the 637 

framework of the multilevel modelling to understand how the reaction times of participants was 638 

influenced by the stimulus presented (left or right tone) and the state of the participant (alert or 639 

drowsy). We defined 4 different multilevel (linear mixed) models where errors were modulated by 640 

various combinations of stimulus and alertness states (see methods section). The analysis of the 641 

variance table of the winning model shows that only alertness (F(1, 96) = 162.46, p<0.001) has an 642 

effect on reaction times (convergent with the t-test before). These behavioural results (Figure 2B) 643 

converge with the original findings from Hori (Hori, Hayashi, and Morikawa 1994) indicating slower 644 

reaction times under lower levels of alertness, and in agreement to all our previous work (Noreika et 645 

al. 2020; Comsa, Bekinschtein, and Chennu 2019; Canales-Johnson et al. 2020; Goupil and 646 

Bekinschtein 2012).  647 

 648 

 649 
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 650 

 651 

Subjective midline modulated by alertness 652 

Third, we used psychophysics to quantify the modulation of the subjective midline per participant 653 

by alertness levels. For this we fit a cumulative normal function (see methods section) to the 654 

proportion of rightward responses (per participant) under each stimulus condition from -60° to 60° 655 

from the midline under both, alert and drowsy periods. The mean of the function referred to as 656 

‘bias’ is the subjective midline or spatial bias (where participants have 0.5 chance of pressing left or 657 

right responses) and the slope represents the sensitivity. Example fits of individual participants are 658 

shown in Figure 2C. Most participants (Figure 2D) had their bias point shifted to the left (as they 659 

became drowsy), indicating more left errors (overestimating the right side of space). A small 660 

proportion of participants had bias points shifted to the right. Overall, a paired sample t-test t(18) = 661 

3.53, p<0.01, revealed a reliable difference in bias points between alert and drowsy periods. Next, 662 

we performed a paired sample t-test t(18) = -5.52, p<0.001 which revealed a reliable difference in 663 

slope between alert and drowsy periods. Further, we also plotted (Figure 2E) the mean of the 664 

psychometric fits of individual participants to show that the overall subjective midline has shifted to 665 

the left at the group level. 666 

 667 

Signal detection parameters modulated by alertness 668 

Fourth, we used signal detection theory to understand the factors that modulate decision making 669 

under varying levels of alertness (Figure 2F). d′ (sensitivity) showed extreme evidence in favour of 670 

the alternative hypothesis (being modulated by alertness) with a Bayes factor (BF) = 101100 while  671 

criterion (response bias) only showed anecdotal evidence in favour of the null hypothesis (being not 672 

modulated by alertness) with BF = 1.17. This suggests that internal representations in the brain in 673 

terms of sensory/perceptual and noise distributions are modulated by alertness levels. Further, no 674 

evidence for response bias also suggests that participants were not arbitrarily pressing right 675 

responses for uncertain stimuli with drowsiness.  676 

 677 



 

28 

To summarise, the behavioural results hint that the first two stages of perceptual and evidence 678 

accumulation processes are affected by decreasing alertness and that the final stage of motor 679 

implementation (response bias/criterion) may be less affected. 680 

 681 

 682 

Alertness modulates sequential sampling model parameters of evidence accumulation 683 

Next, we aimed to quantify the different elements of the decision-making process using drift-684 

diffusion modelling. The drift-diffusion model captures the optimal procedure involved in performing 685 

a 2-alternative forced choice (2AFC) task under sequential sampling framework. It assumes that the 686 

observer accumulates evidence for one or other alternative in every time step (Ratcliff et al. 2016), 687 

until integrated evidence reaches a threshold to decision (Figure 3A). The localization of tones to the 688 

left and right side of space is essentially a 2-choice task with the participant always forced to make 689 

a decision on the location of the tone. The model was implemented with a hierarchical Bayesian 690 

procedure using hierarchical drift diffusion model (HDDM) (See methods section). For the HDDMs, 691 

we fit the response of each participant instead of accuracy. This procedure is referred to as 692 

stimulus-coding, allows for the testing of several decision making parameters, and is critical to 693 

uncover different sources of bias (de Gee et al. 2017). 694 

 695 

We examined models with different sources of bias: starting point - z (Figure 3B) or constant slope - 696 

dc (Figure 3C) and identified the best model as one with the lowest DIC (see methods section). The 697 

best model showed that drift-rate (v) varied according to state (alert or drowsy) and stimulus (left or 698 

right), bias-point (z) varied according to stimulus (left or right) but not state, non-decision time (t) 699 

varied according to state (alert or drowsy), and decision threshold (a) varied according to state (alert 700 

or drowsy). This furthers the claim that the changes in alertness place a higher burden in the 701 

evidence accumulation process (drift rate), and less on the motor implementation or stimulus 702 

encoding of the task (non-decision time). The best model was then analysed for differences in 703 

posterior densities of parameters. For this purpose, we used a Bayesian estimate which is more 704 

informative and avoids the arbitrary choices of significance level implemented for specific statistical 705 

tests used by the frequentist based methods (Kruschke 2012).  706 
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 707 

Figure 3: Evidence accumulation models: A) drift-diffusion model accounts for the reaction time distributions 708 

of responses across left and right stimuli (stimulus coding). ‘v(drift)’ indicates evidence accumulation rate, ‘a’ 709 

indicates the boundary separation, ‘z’ indicates the bias point, usually z = 0.5 for unbiased responses, ‘t’ 710 

indicates non-decision time composed of stimulus encoding and response execution. B,C) changes in 711 

response distributions can be explained by different sources of bias. Shift in starting point (z) or constant 712 

offset added to drift rate (drift criterion). grey lines indicate unbiased condition. D) In the first step, the 713 

appropriate source of bias (either z or dc) was identified. In our case, the source of bias was identified as ‘z’ 714 

based on the lowest DIC. Further, this bias (‘z’) was combined with different variations in ‘t’, ‘a’, ‘v’ and the 715 

best model with the lowest DIC was identified (refer to the methods section). E,F) posterior densities of ‘t’ in 716 
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the best model and their differences indicate there is no reliable change (based on proportion of posterior 717 

overlap, here 20.0%) across alert and drowsy periods. G,H) posterior densities of ‘z’ in the best model and 718 

their differences indicate there is a reliable change (based on proportion of posterior overlap, here 0.8%) 719 

across left and right stimuli. I,J) posterior densities of ‘a’ in the best model and their differences indicate there 720 

is a reliable change (based on proportion of posterior overlap, here 0%) across alert and drowsy periods. K,L) 721 

posterior densities of ‘v’ for left and right stimuli across alert and drowsy periods in the best model. M) 722 

differences in the posterior densities of changes in drift rate indicate strong evidence (overlap reduces to 723 

0.1% from 29.4%) in favour of change in drift rate across stimuli in the drowsy period compared to alert 724 

periods. 725 

 726 

 727 

In the best model, the proportion of posterior overlap in the non-decision time (between alert and 728 

drowsy states) was 20.0% (Figure 3F). This indicates that the non-decision time was not reliably 729 

different between the different states. Next, the proportion of posterior overlap in the bias point 730 

(between left and right stimuli) was 0.8% (Figure 3H). This indicates that the bias-point was reliably 731 

different between the different stimuli. Next, the proportion of posterior overlap in the boundary 732 

(between alert and drowsy states) was 0% (Figure 3J). This indicates that the boundary was reliably 733 

different between the different states. Importantly, only the drift rate varied with respect to both the 734 

stimuli and the state, suggesting that the difference in evidence accumulation (indicated by the drift 735 

rate) is responsible for the difference in error rates between left and right stimuli in the low alertness 736 

state, as shown in the previous analyses. Here, the proportion of posterior overlap (between left and 737 

right stimuli) in the drift rate for alert trials was 29.4% and reduced to 0.1% for drowsy trials (Figure 738 

3M). Thus the drift-rate (evidence accumulation rate) was reliably different between left and right 739 

stimuli on drowsy trials in comparison to the alert trials. 740 

 741 

To summarise, the behaviour modeling results hint that only the central evidence accumulation 742 

process (indicated by drift rate) are affected by decreasing alertness, whereas processes 743 

responsible for perceptual encoding and response execution may not be modulated. 744 

 745 

 746 

 747 

 748 
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 749 

Spatial and temporal signatures involved in spatial localization across alert and drowsy 750 

periods 751 

 752 

Here, we were interested in identifying the neural signatures involved in the performance of this 753 

task. For this purpose, decoding involves identifying the stimulus (Y - left or right tone) presented 754 

from the EEG data (X). This process involves the identification of the W (classifier weights) that can 755 

produce the transformation, Yt = WtXt where ‘t’ represents time (Figure 4A,B). The performance of 756 

the classifier (W) is evaluated by training and testing the data at each time-point (t) using area under 757 

the curve (AUC) as measure. In Figure 4C, the shaded region represents those periods reliably 758 

decoded (p<0.05) (see methods for more details). 759 

 760 

We found that when participants were alert the reliable decoding of stimuli (Figure 4D) started at 761 

160 ms after the stimulus and lasted until 730 ms (cluster permutation, p<0.05) with mean AUC of 762 

0.57. The peak discriminatory power was at 280 ms (AUC = 0.60). The average AUC between 200-763 

300 ms was 0.58 ± 0.007, p<0.05, between 300-400 ms was 0.57 ± 0.002, p<0.05. However when 764 

the participants became ‘drowsy’ the decoding of stimuli (Figure 4E) shifted to 440 ms after the 765 

stimulus was presented and lasted until 740 ms (reliable with cluster permutation, p<0.05) with 766 

mean AUC of 0.53. The peak discriminatory power was at 590 ms (AUC = 0.55). The average AUC 767 

between 440-500 ms was M = 0.53 ± 0.001, p<0.05, between 500-590 ms was M = 0.54 ± 0.003, 768 

p<0.05. This suggest that the processes related to the discrimination between left and right stimuli 769 

under drowsy conditions may cease to be directly informative to the decision in the early processes 770 

of sensory encoding and would only start later, around ~400ms, to show neural differentiation.  771 

 772 

Further to this, the lower discriminatory power points to a potentially less efficient (lower 773 

decodability, longer time duration, higher variability) process of central evidence accumulation, or to 774 

a different neural implementation of the processes during low alertness. 775 
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Figure 4: Temporal decoding (stimuli): A) decoding consists of identifying Y (stimuli) from X (EEG). The 777 

model thus consists of Yt = WtXt , where ‘t’ represents time and Wt represents transformation (classifier 778 

weights). Here, the predicted output Y consists of categorical labels (left/right tone) predicted from brain 779 

activity (X) B) classifier weights Wt are determined by the optimal separation of different classes (here left, 780 

right stimuli). C) decoding performance is assessed using the area under curve (AUC) where shaded regions 781 

represent reliably different time periods (p<0.05). D,E) AUC under alert and drowsy periods, where the 782 

classifier was trained to discriminate between targets of left and right stimuli. Shaded regions show time 783 

periods with reliable (p<0.05) discriminatory power, computed with a cluster based permutation test. The 784 

mean reaction times (RT) of participants are plotted below. F) Comparison of coefficients of classifier patterns 785 

in the early time periods. The early time periods highlight topographical differences in the frontal, posterior 786 

parietal and central electrodes. G) Comparison of coefficients of classifier patterns in the later time periods. 787 

The later time periods highlight topographical differences in the frontal and central electrodes. ** indicates 788 

reliable discriminatory in the corresponding period in temporal decoding. 789 

 790 

 791 

 792 

Next, we plotted the coefficients of the classifier patterns (derived from classifier weights W) in the 793 

scalp electrode space for further neurophysiological interpretation. We decided to compare the 794 

classifier patterns across early (<300ms), and later (>400ms) time periods. To compare patterns in 795 

the early time periods across alert and drowsy periods, we plotted the same for every 40 ms 796 

between 180 ms to 420 ms in Figure 4F. For the alert periods, the pattern between 180-220 ms 797 

indicates a strong involvement of signal in the fronto-central electrodes, whereas in the 798 

corresponding time periods under drowsy, the pattern seems to have shifted to more frontal 799 

electrodes although its contribution may be minimal as it was not reliably decodable. Under alert 800 

periods, the pattern shifts to more posterior regions (centro-parietal electrodes in the right side of 801 

the scalp) between 220 ms to 260 ms whereas under drowsy the pattern stays in the frontal 802 

electrodes itself, still not reliably decodable in the unconstrained voltage decoding. Further from 803 

260-300 ms the pattern shifts to more parietal and occipital sites under alert periods and is only 804 

weakly parietal in the drowsy periods.  805 

 806 

 807 

 808 

 809 
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 810 

 811 

Figure 5: Classifier pattern differences: To identify differences between the classifier patterns in Figure 4 812 

(F,G) we performed spatio-temporal clustering using a permutation test. A) Cluster#1 indicates early periods 813 

(150 - 330 ms after stimulus) where alert activity is higher than drowsy periods. B) Cluster#2 indicates later 814 
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periods (430 - 650 ms after stimulus) where alert activity is higher than drowsy periods. In terms of spatial 815 

locations, the early and later clusters differ in right parietal sites, central, middle electrode sites. C) Cluster#3 816 

indicates early periods (170 - 360 ms after stimulus) where drowsy activity is higher than alert periods. D) 817 

Cluster#4 indicates later periods (380 - 650 ms after stimulus) where drowsy activity is higher than alert 818 

periods. In terms of spatial locations, the early and later clusters differ in left frontal sites, middle electrode 819 

sites. 820 

 821 

The comparison of the classifier patterns across alert and drowsy periods (in early time periods), 822 

reveals different topographies that point to a clear differential processing of information that would 823 

further map onto shifted perceptual and central evidence accumulation stages of cognitive 824 

processing (Sigman and Dehaene 2005) possible affecting the central accumulation. To compare 825 

patterns in the later time periods across ‘alert’ and ‘drowsy’ periods, we plotted the same for every 826 

40 ms between 420 ms to 660 ms in Figure 4G. Particularly, the patterns in the alert periods have a 827 

lower frontal activity and higher posterior activity, whereas in the drowsy periods, the activity in 828 

both the frontal and posterior sites is much more localised although decodability is overall lower. 829 

Although only suggestive, this change in the decodability intensity and distribution suggest a 830 

delayed processing dynamics and or a change in the way of processing as alertness decreases. 831 

 832 

The descriptive analysis of the classifier patterns indicate differences between alert and drowsy 833 

periods. To establish the spatial and temporal signatures of such differences we performed a 834 

cluster permutation test and identified regions where activity patterns in alert periods are different 835 

from drowsy periods. This analysis resulted in the identification for four clusters (Figure 5).  836 

 837 

a) Cluster #1 (alert activity > drowsy activity): indicates early periods (150 ms to 330 ms), where 838 

activity is concentrated in parietal, central, posterior electrode sites. These spatial patterns 839 

are likely to be involved in early perceptual/evidence accumulation processes during the 840 

alert periods, as the majority of responses only start occurring from 400 ms onwards. 841 

b) Cluster #2 (alert activity > drowsy activity): indicates later periods (430 ms to 650 ms), where 842 

activity is concentrated in occipital, parietal, central, posterior electrode sites. These spatial 843 

patterns are difficult to interpret as the reaction times overlap with the corresponding time 844 

periods. Hence this decoding pattern could be an amalgamation between central evidence 845 

accumulation and motor implementation processes. 846 
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c) Cluster #3 (drowsy activity > alert activity): indicates early periods (170 ms to 360 ms), where 847 

activity is concentrated in frontal electrode sites. These spatial patterns are likely to be 848 

involved in early perceptual/sensory encoding processes during the drowsy periods, as the 849 

majority of responses only start occurring from 900 ms onwards. The temporal 850 

neurodynamics show delayed patterns in drowsy compared to awake. 851 

d) Cluster #4 (drowsy activity > alert activity): indicates later periods (380 ms to 650 ms), where 852 

activity is concentrated in left frontal electrode sites. These spatial patterns are likely to be 853 

involved in central evidence accumulation related processes. However it is difficult to 854 

interpret as the corresponding time periods during alert mildly overlap with response related 855 

activity. 856 

 857 

To summarise, these results indicate differences in spatial patterns related to early 858 

sensory/evidence accumulation related process (cluster #1,3) across alert and drowsy periods. The 859 

next step is to identify and tease apart motor preparation related processes occurring during later 860 

time periods. 861 

 862 

Spatial and temporal signatures of motor implementation across alert and drowsy periods 863 

 864 

In classic cognitive processing model frameworks, motor implementation occurs after the central 865 

evidence processes, when information of the decision is routed to the premotor network, this is 866 

assumed to be mostly a serial process. We preprocessed the EEG data now locked to responses 867 

(see methods section) and decoded the response hand itself (irrespective of the stimulus 868 

presented). These response related patterns thus would depict information related to the motor 869 

implementation process irrespective of the decision related processes. 870 

 871 

 872 

 873 



 

37 

 874 

Figure 6: Temporal decoding (responses): To identify differences in motor preparation (response related), 875 

we decoded the left and right button press events irrespective of stimuli presented. A,B) AUC under alert and 876 

drowsy periods, where the classifier was trained to discriminate between targets of left and right button 877 
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presses. Shaded regions show time periods with reliable (p<0.05) discriminatory power. The time point of 0 878 

corresponds to the actual button press event. The ramp up of the AUC under both conditions starting from 879 

210ms (alert), 150ms (drowsy) before the actual response indicates the ability of the decoder to detect neural 880 

signatures related to responses. Spatio-temporal clustering of differences in classifier patterns produces two 881 

clusters with similar time periods in contrast to the clusters (with early and later time periods) produced by 882 

stimuli related classifier patterns. C) Cluster#1 indicates periods (-220 to 190 ms) where alert activity is higher 883 

than drowsy periods. D) Cluster#2 indicates periods (-350 to 190 ms) where drowsy activity is higher than 884 

alert periods. In terms of spatial locations, the clusters differ in frontal, central, middle, parietal electrode sites. 885 

The presence of a single cluster with similar time periods across alert and drowsy periods indicate that motor 886 

related processes start appearing at similar time periods and hence do not change with modulations in 887 

alertness levels. 888 

 889 

The decoding performance: AUC (Figure 6A,B) starts ramping up from -210ms (alert), -150ms 890 

(drowsy) from the response time, and increases when the button is actually pressed at 0 sec, 891 

reaching the peak soon after. In both cases, awake and drowsy, the neural decoding results last till 892 

190ms. These results are in line with motor implementation related processes commonly reported 893 

around 200 ms before the actual motor response, gradually ramping up to produce the response 894 

itself. It is also interesting to note that the AUC for alert is always higher than drowsy, indicating less 895 

variability in neural concerted activity, leading to better classifier performance without time span 896 

differences, this may indicate a more efficient motor implementation in the awake state.  897 

 898 

To establish the spatial and temporal signatures of differences in motor related processes we 899 

performed a cluster permutation test of classifier patterns and identified regions where activity 900 

patterns in alert periods are different from drowsy periods. This analysis resulted in the 901 

identification of two clusters (Figure 6C,D).  902 

a) Cluster #1 (alert activity > drowsy activity): indicates periods (-220 ms to 190 ms), where 903 

activity is concentrated in premotor, parietal, posterior electrode sites.  904 

b) Cluster #2 (drowsy activity > alert activity): indicates periods (-350 ms to 190 ms), where 905 

activity is concentrated in premotor, frontal electrode sites.  906 

The existence of a single cluster (in time) across both alert and drowsy periods further indicates that 907 

motor related processes do not necessarily vary in time with modulations in alertness levels. 908 

Furthermore for both alert and drowsy periods the start of the decoding happens during similar time 909 

periods around -200ms and lasts till similar time periods ~190ms.  910 



 

39 

 911 

In summary, these results indicate that motor preparation related processes are similar during both 912 

alert and drowsy trials, suggesting this process may not be critical to the changes in decision 913 

making in low alertness when compared to evidence accumulation related processes. Although the 914 

efficiency of the implementation may be lower in drowsy this could be due to differences in signal 915 

to noise with alertness or to changes in the neural implementation of the action itself. 916 

 917 

The above analysis related to decoding of stimuli and responses indicate that most likely only 918 

central evidence accumulation related processes are modulated by alertness. However the 919 

decoding analysis in the late clusters could be confounded by response related processes 920 

occurring during alert periods. Hence we devised the next step of the analysis where we use 921 

parameters derived from the drift diffusion modelling to understand how different elements of the 922 

evidence accumulation are represented in the neural domain. This analysis is determined by the 923 

drift diffusion model as a mathematical implementation of decision making theory, and it guides 924 

neural exploration to capture the brain dynamics echoes of the evidence accumulation process.  925 

 926 

Neural signatures of evidence accumulation of decision making modulated by alertness 927 

 928 

To take advantage of the information gained by the drift diffusion modelling we decided to capture 929 

the neural implementation of the evidence accumulation parameters in the decision making 930 

process, and how it might differ in wakefulness and low alertness periods. We specifically aimed at 931 

capturing the change in the neurobehavioural dynamics of the evidence accumulation process in 932 

the awake and drowsy periods. To establish this we developed a novel method based on the drift-933 

diffusion analysis shown earlier. We used the best model (from the drift diffusion analysis earlier) 934 

and computed trial-by-trial influence of a brain covariate (ERP) on the drift diffusion model 935 

parameters (see methods section). Further we compute the proportion of the overlap of the 936 

posterior distributions of the trace obtained for both left and right stimuli separately under alert and 937 

drowsy conditions (Figure 7A). This analysis is repeated for each participant and we obtain 938 

regression patterns, similar to the classifier patterns but guided by the drift rate, per participant.  939 
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 940 

 941 

 942 

 943 

Figure 7: Regression patterns: A,B) EEG data (z-scored and averaged per 50 ms) was regressed against 944 

drift rate (v), the difference in the posterior of regression rate was quantified per electrode per time-point per 945 

participant. C,D) mean regression patterns in alert and drowsy periods projected in electrode space show a 946 
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classic centro frontal to parietal progression from 150ms to 750ms. The early time periods highlight 947 

topographical differences in the frontal, middle, central parietal electrodes. 948 

 949 

Next, we plot the regression patterns in alert and drowsy periods. The patterns in the alert periods 950 

(Figure 7C,D) indicate that the topography focuses initially in the fronto-central electrodes (150 ms 951 

to 250 ms), which then shifts to centro-parietal electrodes (250 ms to 350 ms), similar to the 952 

classifier analysis (decoding patterns from figures 4F and 4G). The patterns in the drowsy periods 953 

(Figure 7C,D) indicate that the topography initially focuses on the frontal electrodes (though weaker 954 

compared to alert periods) in the interval from 150 ms to 250 ms. Further the patterns shift to more 955 

central electrodes (again weaker when compared to alert periods) in the interval from 250 ms to 350 956 

ms. 957 

 958 

 959 

 960 

Figure 8: Regression pattern differences: spatio-temporal clustering of differences in regression patterns 961 

shown in Figure 7 (C,D) between alert and drowsy periods. A) Cluster#1 indicates early periods (125 - 275 ms 962 

after stimulus) where alert activity is higher than drowsy periods. In terms of spatial locations, the cluster#1 963 

identifies electrodes in right parietal sites, central, middle electrode sites. B) Cluster#2 indicates early periods 964 
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(175 - 325 ms after stimulus) where drowsy activity is higher than alert periods. In terms of spatial locations, 965 

the cluster #2 identifies electrodes in left/right frontal sites, right middle electrode sites. 966 

 967 

The descriptive analysis of the regression patterns indicate differences between alert and drowsy 968 

periods. To establish the spatial and temporal signatures of such differences we performed a 969 

cluster permutation test and identified regions where activity patterns in alert periods are different 970 

from drowsy periods. This analysis resulted in the identification of two clusters (Figure 8).  971 

a) Cluster #1 (alert activity > drowsy activity): indicates early periods (125 ms to 275 ms), where 972 

activity is concentrated in parietal and central electrode sites. These spatial patterns are 973 

likely to be involved in early perceptual and evidence accumulation processes. 974 

b) Cluster #2 (drowsy activity > alert activity): indicates early periods (175 ms to 325 ms), where 975 

activity is concentrated in frontal/central electrode sites. These spatial patterns are likely to 976 

be involved in early perceptual/sensory encoding processes during the drowsy periods. 977 

 978 

These analyses indicate spatial/temporal regions where the alert and drowsy periods differ in terms 979 

of sensory encoding and central evidence accumulation related processes. Furthermore, we have 980 

also teased apart these differences from motor related processes by directly using a parameter 981 

(drift-rate) from the hierarchical drift diffusion modelling. 982 

 983 

Alertness modulates frontoparietal cortical neural patterns in perceptual decision-making 984 

 985 

Next we performed an exploratory analysis to identify the putative neural sources of these 986 

differences (Figure 9) using a source reconstruction procedure to project the classifier patterns of 987 

the different clusters back to their neural sources separately. In the source space, we performed 988 

cluster permutation tests to identify where in the cortex the activity in alert periods is higher than in 989 

drowsy periods. We used the actual value of the source activity (instead of absolute values), as we 990 

are interested in the distance between the two different patterns and not in overall activity levels. 991 

a) Cluster #1: This cluster corresponds to regions where activity in alert periods is higher than 992 

drowsy periods. These regions are putative locations for early sensory, evidence 993 

accumulation related processes in alert periods. The analysis reveals regions (inferior 994 
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parietal lobule) previously associated with the VAN - ventral attention network (Yeo et al. 995 

2011; Corbetta and Shulman 2011) in the right hemisphere. Further reveals regions (superior 996 

parietal) that are part of the DAN - dorsal attention network (Yeo et al. 2011; Corbetta and 997 

Shulman 2011) and central processing of flexible information (Fedorenko, Duncan, and 998 

Kanwisher 2013). 999 

b) Cluster #2: This cluster corresponds to regions where activity in drowsy periods is higher 1000 

than alert periods. These regions are putative locations for early sensory related processes 1001 

in drowsy periods. The analysis reveals regions (superior temporal gyrus, inferior frontal 1002 

gyrus, supramarginal gyrus, transverse temporal, temporoparietal, fronto-parietal - middle 1003 

frontal gyrus) regions in the right hemisphere also associated with the ventral attention 1004 

network (Yeo et al. 2011; Corbetta and Shulman 2011). 1005 

 1006 

 1007 

Figure 9: Regression patterns projected into source space: To identify the putative regions/networks in 1008 

the brain related to perceptual decision-making and its modulation by alertness we projected the regression 1009 

patterns in Fig 8 to source space. A) average regression patterns in the alert periods (125 - 325 ms) projected 1010 

into source space. B) average regression patterns in the drowsy periods (125 - 325 ms) projected into source 1011 

space. C) cluster#1 (alert > drowsy) identifies differences in regions related to the dorsal and ventral attention 1012 

network in the right superior and inferior parietal regions respectively. cluster#2 (drowsy > alert) reveals 1013 

differences in regions related to the ventral attention network in the superior-temporal, fronto-parietal regions. 1014 

 1015 

To summarise, these results indicate that during alert periods: the early sensory/central 1016 

accumulation related process (until 300ms from stimulus presentation) are located in the regions 1017 

corresponding to the dorsal attention network (which is specialised for spatial attention). For the 1018 

drowsy periods: the early sensory encoding related process (until 300ms from stimulus 1019 

presentation) are located in the regions corresponding to the fronto-parietal, ventral attention 1020 
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network, further during later periods (after 300ms) evidence accumulation related process are 1021 

located in the regions corresponding to fronto-parietal network. This indicates that fronto-parietal 1022 

regions of the brain are further recruited for the late decision-making processes implemented in the 1023 

drowsy periods, pointing to a cortical network reconfiguration in the evidence accumulation 1024 

between normal and low alertness periods. 1025 

 1026 

 1027 

Discussion 1028 

In this study we characterize cognitive and neural dynamics of perceptual decision making while 1029 

participants are falling asleep. First we established, using multi-level modelling, that errors for left-1030 

sided stimuli (compared to right) increased as participants become drowsy, in convergence with 1031 

(Bareham et al. 2014)  but with a different study design, analysis methods and participants sample. 1032 

Further, we fitted the proportion of rightward responses of individuals and identified the subjective 1033 

midline, showing that shifts to the left (more rightward responses) as people become drowsy. These 1034 

echoes line-bisection studies (Jewell and McCourt 2000) showing that healthy individuals bisect 1035 

lines to the left of the veridical midline, and further supports meta-analysis studies suggesting 1036 

rightward shift in attention with lower levels of alertness (Chandrakumar et al. 2019). Additional 1037 

studies (Benwell, Harvey, and Thut 2014) have also identified possible neural origins of such bias as 1038 

task independent activity in the ventral attention network, however, they did not examine whether 1039 

trial to trial alertness of individuals was modulated and how the different aspects of the decision 1040 

making process were affected. Several studies (Corbetta and Shulman 2011) have shown that 1041 

activity in the ventral attention network interacts with the alertness system, and that low alertness, 1042 

as shown directly here, could be the root cause. 1043 

Next, using signal detection theory we found that sensitivity (d′ ) had strong evidence of modulation 1044 

by low alertness whereas criterion showed anecdotal evidence in favour of no modulation, 1045 

complementing early deprivation studies in vigilance tasks (Deaton, Tobias, and Wilkinson 1971). 1046 

This suggests that the sensory/perceptual representations have indeed been modulated by 1047 

alertness, and that participants were not arbitrarily pressing more rightward responses (in the face 1048 
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of uncertain stimuli) as alertness decreases. Further, using the sequential sampling model 1049 

framework, we showed that in the best model, only the drift-rate was reliably modulated by both 1050 

alertness and stimuli, whereas  starting-point was only affected by stimuli (reliable), and boundary 1051 

(reliable) and non-decision time (not-reliable) were affected by alertness. This shows that alertness 1052 

indeed differentially modulates evidence coming from the left side of space compared to the right. 1053 

Decision-making studies in the visual modality (Smith and Ratcliff 2009) have shown that drift rates 1054 

are closely related to the strength of stimulus encoding, partially affected by attentional strength 1055 

and evidence accumulation to a decision threshold. Further studies have also shown neural 1056 

correlates of such parameters in the EEG (Nunez, Vandekerckhove, and Srinivasan 2017; 1057 

O’Connell, Dockree, and Kelly 2012) and its relationship with stimuli strength. Hence we interpret 1058 

the effect of alertness modulation on drift rate as acting specifically on spatial attention affecting the 1059 

stimulus encoding, as well as in central processes of evidence accumulation. Finally, it is important 1060 

to compare the parameters of the signal detection theory (SDT) with the drift diffusion model (DDM) 1061 

(Jun et al. 2021). The changes in sensitivity (d′ ) in SDT could be directly related to the changes in 1062 

the boundary parameter (a) and drift rate (v) in the DDM. Here the changes in d′  are in agreement 1063 

with both ‘v’ and ‘a’ as both are shown to be modulated by alertness levels. The changes in 1064 

criterion (c) in the SDT correspond to sources of bias and they could be originating from the 1065 

stimulus: corresponding to drift criterion (dc) in the DDM or originating from the response: 1066 

corresponding to starting point (z) in the DDM. With the evaluation of competing models we show 1067 

that models with ‘z’ outperforms the models with ‘dc’, further ‘z’ varies only stimulus direction (left 1068 

or right) and is not modulated by alertness. This agrees with previous studies showing an initial 1069 

spatial bias (Benwell et al. 2013; Learmonth et al. 2015) even before any experimental modulation 1070 

(like ‘time on task’ or ‘alertness’). Here the evidence for the modulation of ‘z’ in the DDM across 1071 

stimuli direction and not alertness levels agrees with the non-modulation of criterion in the SDT 1072 

across alertness levels.      1073 

Next using time-multivariate decoding, we showed that under alert conditions the decoding started 1074 

early, at 160 ms and lasted until 730 ms, however, under drowsy conditions this was delayed to 440 1075 

ms and lasted until 740 ms. This ~280 ms delay may indicate that, under lower alertness, the brain 1076 

requires a longer time to decipher -or process- the direction of stimuli as suggested by slower 1077 
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reaction times and a change in the drift rate, or alternatively, that the neural code in this window is 1078 

too noisy to be captured by this neural decoding. Furthermore, the overall strength of decoding was 1079 

systematically higher in alert than drowsy, suggesting that the brain processes responsible for 1080 

decision making are less variable under the alert compared to the drowsy condition, or that there is 1081 

less efficient decision processing during low alertness (see (Killgore 2010) for an account on sleep 1082 

deprivation on cognition). 1083 

The different neural time clusters potentially point to a first stage of information encoding and 1084 

second of central evidence accumulation (Kelly and O’Connell 2015) that others have mapped to 1085 

perceptual/central decision processes (Sigman and Dehaene 2008). If that is the case, the first 1086 

neural signal cluster in drowsy (cluster#3 in Figure 5C), showing changes in the spatial pattern and 1087 

a lack of reliable decoding may be interpreted as less efficient encoding and transfer of information 1088 

in low alertness or may be using different network dynamics that are not captured by the direct 1089 

time-voltage decoding. The second cluster (cluster#4 in Figure 5D), more similar between states, 1090 

may signal a lower efficiency of central evidence accumulation, as it happens around the time the 1091 

central decision process occurs in cognitive control (Ho, Brown, and Serences 2009). Furthermore, 1092 

the second window of processing may also show part of the motor implementation processes at 1093 

least for the awake condition (cluster#2 in Figure 5B), where the responses overlap for several 1094 

participants (Figure 4D). The overlapping processes from ~400ms in awake, a mixture of central 1095 

evidence accumulation and motor implementation of the decision, depending on the participant, 1096 

are easily dissociated when drowsy, when the motor plan is implemented ~500ms later (around 1097 

900ms). This is complemented by the response-locked analyses that seem to confirm a common 1098 

motor implementation, and it further guides the subsequent analysis. 1099 

Further analyses of the classifier patterns suggested specific signatures of early perceptual and late 1100 

central cognitive processes. In the alert condition, the early pattern (180-220 ms) indicates activity 1101 

over frontocentral electrodes, further shifting to more central and parietal sites later on. In the 1102 

drowsy condition, the pattern initially starts at frontal sites (though not strong enough to be 1103 

decoded) and shifts to central and parietal sites, later on from 380 ms onwards. Thus the formation 1104 

of central, parietal patterns (possibly related to the first stage of encoding, evidence accumulation) 1105 
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takes longer or starts later in drowsy periods compared to alert. The spatial and temporal 1106 

distribution of this centro-parietal decoding pattern resembles both a classic P2 and early P3, 1107 

which has been dubbed as the build-to-threshold signal (Twomey et al. 2015), and the centro-1108 

parietal positivity (CPP), a more specific signal of evidence accumulation (Loughnane et al. 2016) 1109 

respectively. To disambiguate the neural implementation of the evidence accumulation, we 1110 

developed a novel method using regression patterns that identified differences in drift rate across 1111 

alert and drowsy periods and further tested neural differences between alertness conditions. 1112 

Cluster#1 (alert>drowsy) showed activity in inferior parietal source regions that resemble the 1113 

patterns of the ventral attention network. Although we cannot directly differentiate between early 1114 

perceptual encoding and central accumulation processes, this cluster most likely corresponds to 1115 

both in the alert periods. This part of the process of the spatial decision shows the early 1116 

involvement of regions that have been linked, in several studies (Dietz et al. 2014; Shulman et al. 1117 

2010), to lesions in the inferior parietal lobule resulting in egocentric neglect. Furthermore, lower 1118 

activity in the ventral attention network was also reported for neglect patients suffering from deficits 1119 

in arousal (Corbetta and Shulman 2011). This agrees with the higher activity observed in the 1120 

regression patterns for the alert periods compared to the drowsy periods of lower alertness. 1121 

Further, it also revealed regions in superior parietal that have been associated with the dorsal 1122 

attention network (Dietz et al. 2014; Shulman et al. 2010). Again these regions most likely 1123 

correspond to the central evidence accumulation that is directly involved in evaluation of the spatial 1124 

attention information. 1125 

 1126 

Cluster#2 (drowsy>alert) showed activity in the transverse temporal, superior temporal gyrus, 1127 

temporoparietal junction, fronto-parietal regions (inferior frontal, middle frontal gyrus) in the right 1128 

hemisphere that can also be considered part of the ventral attention network. Several studies 1129 

(Heilman et al. 1987; Corbetta et al. 2005) have reported lesions in the right ventral frontal cortex in 1130 

patients suffering from both arousal related deficits and neglect to the right side of space. The 1131 

highlighting of these regions in our study indicates that they are different from the alert periods and 1132 

their higher activity in the regression patterns points to a potential source of spatial neglect caused 1133 
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by alertness deficits, which is similar to that observed in patient and studies in healthy volunteers 1134 

with causal manipulation (Paladini et al. 2017). This could be dissociated in further studies, either 1135 

with lesion metaanalysis or with virtual lesions in normal volunteers as we recently suggested 1136 

(Bareham et al. 2018). We think this cluster corresponds to a combination of sensory encoding and 1137 

evidence accumulation in the drowsy periods, highlighting an early cortical reconfiguration of the 1138 

evidence accumulation process.  1139 

When participants are fully alert we think the information is processed initially by the ventral 1140 

attention network, followed by the dorsal (specialised in spatial attention). Whereas when 1141 

participants are drowsy the ventral attention network, although disproportionately affected in the 1142 

right hemisphere (Corbetta et al. 2005; Corbetta and Shulman 2011; Heilman et al. 1987), is still 1143 

involved in sensory encoding and early evidence accumulation processes. This reconfiguration in 1144 

the ventral attention network is further propagated in the next stage, the dorsal attention network. 1145 

This second part of the decision closely tallies with the proposal by Corbetta and colleagues to 1146 

account for spatial neglect found in stroke patients suffering from lesions in right-hemispheric 1147 

regions. But further, this network shows temporal and spatially extended recruitment of the parietal 1148 

and frontopolar cortices to compensate for the direct effects of lower alertness, and that 1149 

reconfiguration of the brain networks to relatively maintain performance may be a common and 1150 

expected mechanism (Canales-Johnson et al. 2020). 1151 

As we lose consciousness, the neural system responsible for decision making adapts to the internal 1152 

challenge of decreasing arousal and shows its resilience, exerting homeostatic regulations at the 1153 

cognitive level to maintain performance. The attention and wakefulness fluctuations experienced in 1154 

humans (and characterised in other animals) are common during the day and they are not only 1155 

dependent on the circadian and sleep-wake regulation pressure (Borbély et al. 2016), but also on 1156 

genetic, epigenetic, environmental, and life history factors that shape the alertness aspects of 1157 

attention as well as the alertness aspect of arousal (Mitchell 2020; T. A. Bekinschtein et al. 2009).  1158 

From a decision-making perspective, we have added a missing level of description by 1159 

characterising possible mechanisms of resilience of the neurocognitive processes elicited by 1160 

decreases in tonic alertness. When moving from fully alert to a lower alertness state the brain tries 1161 



 

49 

to recruit and expand evidence accumulation related processes to fronto-parietal regions instead of 1162 

temporoparietal regions, consistent with an increase in cognitive demand proposed by the Multiple 1163 

Demand system (Duncan 2010). We interpret that the neural reconfiguration occurring in the 1164 

transition from fully awake to decreased alertness brings different neural dynamics and changes the 1165 

nature of the noise in the brain, forcing the cognitive system to exchange information differently. We 1166 

put forward that low alertness negatively impacts the efficiency of the evidence accumulation 1167 

processes, and differentially impacts performance, and the response of the system is to 1168 

compensate by extending its neural processes in time and space to attempt to maintain 1169 

performance. These findings highlight the neural dynamics of decision making when the external 1170 

world remains unaltered, physical evidence held constant, but the internal milieu fluctuates exerting 1171 

a modulatory influence on the cognitive decision making systems that caused them to reconfigure 1172 

to solve the task at hand. 1173 

Transition of consciousness in the near-awake to light-decrease of alertness is emerging as a 1174 

model for internally caused interactions (Comsa, Bekinschtein, and Chennu 2019; Tagliazucchi and 1175 

Laufs 2014; Song and Tagliazucchi 2020; Canales-Johnson et al. 2020; Noreika et al. 2020). With 1176 

lesion and pharmacological challenges, neuropsychology and cognitive neuroscience have tried to 1177 

define the necessary and sufficient brain networks, areas and dynamics of the brain to implement 1178 

cognition, revealing compensation, reconfiguration and plasticity (Adolphs 2016; Valero-Cabré et al. 1179 

2017; Yeung, Tzvetkov, and Atanasov 2018). Semi-causal effect of the internal interference exerted 1180 

by the relative independence of the arousal system on the cognitive process, paves the way for the 1181 

use of wakefulness, alertness and arousal challenges in a principled manner, adding new tools for 1182 

cognitive brain research. Cognitive neuroscience uses models, correlational and causal methods to 1183 

reach consensus about the underlying mechanism of thought (Krakauer et al. 2017). Here, we have 1184 

followed a theoretically motivated question about perceptual decision-making systems, using 1185 

behavioural modelling to understand the system, but at the same time causally modulating the 1186 

neural networks with alertness decreases to uncover the mechanisms of brain function. 1187 
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