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ABSTRACT 43 
 44 
The ability to predict the timing of forthcoming events, known as temporal expectation, has a strong impact on 45 
human information processing. Although there is growing consensus that temporal expectations enhance the 46 
speed and accuracy of perceptual decisions, it remains unclear whether they affect the decision process itself, 47 
or non-decisional (sensory / motor) processes. Here, healthy human participants (N = 21; 18 female) used 48 
predictive auditory cues to anticipate the timing of low-contrast visual stimuli they were required to detect. 49 
Modelling of the behavioral data using a prominent sequential sampling model indicated that temporal 50 
expectations speeded up non-decisional processes but had no effect on decision formation. 51 
Electrophysiological recordings confirmed and extended this result: temporal expectations hastened the onset 52 
of a neural signature of decision formation, but had no effect on its build-up rate. Anticipatory alpha-band 53 
power was modulated by temporal expectation, and co-varied with intrinsic trial-by-trial variability in 54 
behavioral and neural signatures of the onset latency of the decision process. These findings highlight how 55 
temporal predictions optimize our interaction with unfolding sensory events. 56 
 57 
 58 
SIGNIFICANCE STATEMENT 59 
 60 
Temporal expectation enhances performance, but the locus of this effect remains debated. Here, we 61 
contrasted the two dominant accounts: enhancement through (1) expedited decision onset, or (2) an increase 62 
in the quality of sensory evidence. We manipulated expectations about the onset of a dim visual target using a 63 
temporal cueing paradigm, and probed the locus of the expectation effect with two complementary 64 
approaches: drift diffusion modeling of behavior, and estimation of the onset and progression of the decision 65 
process from a supramodal accumulation-to-bound signal in simultaneously measured EEG signals. Behavioral 66 
modeling and neural data provided strong, converging evidence for an account in which temporal expectations 67 
enhance perception by speeding up decision onset, without affecting evidence quality.       68 
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INTRODUCTION  69 
 70 
To efficiently process the large amount of sensory information that we constantly receive, the brain actively 71 
predicts upcoming sensory input rather than passively registering it. One way the brain achieves this is by 72 
exploiting temporal contingencies in the continuous stream of sensory input. These contingencies can be used 73 
to prepare for relevant events and optimize processing of those events. The temporal expectations shaped by 74 
these contingencies have a profound impact on perception and action, enhancing the speed and, in some 75 
cases, the accuracy of responding in a wide range of information-processing tasks (Denison, Heeger, & 76 
Carrasco, 2017; Hackley & Valle-Inclán, 2003; Niemi & Näätänen, 1981; Nobre, Correa, & Coull, 2007; Nobre & 77 
van Ede, 2018). Recent research has established that the brain expresses such temporal expectations by 78 
synchronizing oscillatory neural dynamics (power and phase) with the temporal structure of the environment 79 
(Busch, Dubois, & VanRullen, 2009; Cravo et al., 2013; Henry, Herrmann, & Obleser, 2014; Schroeder & Lakatos, 80 
2009; Stefanics et al., 2010; van den Brink, Wynn, & Nieuwenhuis, 2014). For example, fluctuations in the 81 
amplitude of ongoing neural oscillations in the α band (9-12 Hz) closely track the time course of temporal 82 
expectations (Heideman et al., 2018; Rohenkohl & Nobre, 2011; Zanto et al., 2011). In contrast, the 83 
mechanisms through which temporal expectations enhance task performance remain unclear. The goal of the 84 
current study was to identify how temporal expectations shape perception.  85 

Although there is a growing consensus that temporal expectations enhance the speed and/or accuracy 86 
of perceptual decisions (Correa,  Lupiáñez, Madrid, & Tudela, 2006; Correa, Lupiáñez, & Tudela, 2005; Jepma, 87 
Wagenmakers, & Nieuwenhuis, 2012; Rohenkohl et al., 2012a; Rolke & Hofmann, 2007; Vangkilde, Coull, & 88 
Bundesen, 2012), different studies have arrived at different conclusions as to whether this is achieved through 89 
(1) expedited decision onset (Bausenhart et al., 2010; Jepma et al., 2012; Seibold et al., 2011), or (2) an 90 
increase in the quality of the sensory evidence (Cravo et al. 2013; Rohenkohl et al., 2012a; Vangkilde et al., 91 
2012)—two accounts that are not mutually exclusive. Under most computational frameworks for decision-92 
making, decision onset is determined by the duration of non-decisional processes (i.e. sensory encoding), 93 
whereas evidence quality is equivalent to the mean rate at which evidence is accumulated (i.e., decision 94 
formation; Rohenkohl et al., 2012a; Vangkilde et al., 2012).  95 

One way to address this discrepancy around the locus of temporal expectation effects is by 96 
decomposing performance on cognitive tasks into latent information-processing parameters using sequential-97 
sampling models (Forstmann, Ratcliff, & Wagenmakers, 2016), and examining the effects of temporal 98 
expectations on those parameters. Previous attempts to discriminate between the decision onset account and 99 
evidence quality account employed such model-based analyses of behavioral data.  Rather than solely 100 
considering average RTs and error rates, model-based analyses generally consider the full distributions of RTs 101 
and their relationship with error rates, which are expected to be influenced differentially by various latent 102 
parameters, depending on task constraints such as stimulus masking or response deadlines. However, recent 103 
studies on perceptual decision-making have revealed that conclusions based on prominent sequential-sampling 104 
models can in some cases be contradicted by complementary analyses of neural signatures of decision 105 
formation (McGovern, Hayes, Kelly, & O'Connell, 2018; Spieser, Kohl, Forster, Bestmann, & Yarrow, 2018), 106 
suggesting that it is critical to corroborate insights from modelling with neural evidence. Specifically, non-107 
invasive human EEG recordings have identified a domain-general build-to-threshold signal, the centroparietal 108 
positivity (CPP), that has been suggested to reflect decision formation via the gradual accumulation of sensory 109 
evidence (O'Connell, Shadlen, Wong-Lin, & Kelly, 2018). Importantly, measures of CPP onset latency and slope 110 
can be used to dissociate decision onset from other influences on the decision process (evidence strength and 111 
the rate of accumulation; Loughnane et al., 2016). 112 
 To address the outstanding discrepancy in the literature, we combined these modelling and 113 
electrophysiological approaches to examine the effects of temporal expectations on perceptual decision-114 
making in a temporal cuing task, a powerful paradigm for manipulating temporal expectations (Coull & Nobre, 115 
1998). The two approaches provided strong, converging evidence for an account in which temporal 116 
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expectations enhance task performance specifically by shortening the time prior to the onset of the decision 117 
process, and not by affecting the decision process itself. In addition, time–frequency analysis of the EEG data 118 
identified peri-stimulus α-band power as a significant factor underlying the effect of temporal expectation on 119 
decision onset. 120 
 121 
MATERIALS AND METHODS 122 
 123 
Participants. A total of 30 participants took part in the study. After EEG artifact rejection and predetermined 124 
exclusion criteria (see below), a total of 21 participants remained (mean age 22.6 years old; SD 2.4; range 18-125 
28; 18 female). All participants had normal or corrected-to-normal vision, and were free from any neurological 126 
or psychiatric disorders. Participants gave written informed consent and were compensated with €7.50 or 127 
course credit. The experiment was approved by the Leiden University Institute of Psychology Ethics Committee. 128 

 129 
Task. The task consisted of the detection of the appearance of a small opening (decrease in luminance, 0.19ᵒ by 130 
0.23ᵒ visual angle) on either side of a white square box (side length = 2.34ᵒ visual angle) presented on a black 131 
background (Figure 1a). Participants reported the onset of the target stimulus (i.e., the small opening) by 132 
pressing the space bar of a computer keyboard with the index finger of their right hand, regardless of whether 133 
the target appeared on the left or the right. The target remained on the screen for a limited viewing time of 134 
one second, during which the participant was required to respond. If the participant responded after this time, 135 
the trial was counted as an error. Upon target offset, the surrounding box also disappeared briefly (50 ms) to 136 
signal the onset of a new trial. If the participant responded before target onset, the text “You responded too 137 
soon!” appeared in red and the trial was aborted. Task difficulty was manipulated by adjusting the luminance 138 
of the target stimulus. The decrease in luminance relative to the surrounding box on easy and difficult targets 139 
(28% and 20%) was determined in a pilot experiment (N = 6), and set such that its effect on RT was of 140 
approximately the same size as the effect of cue validity on RT for the short cue-target interval (CTI; see 141 
below). This allowed a fair dissociation between underlying model parameters and electrophysiological 142 
markers. We opted for a detection task rather than a discrimination task because temporal cuing effects on RT 143 
are consistently found for detection tasks but not discrimination tasks (Correa et al., 2004), and we intended to 144 
leverage such effects in modeling analyses and in probing the electrophysiological data for signatures of the 145 
underlying processes at play. 146 

In order to manipulate temporal expectation about target onset, we used the temporal cueing 147 
paradigm (Coull & Nobre, 1998). Following a 1.5 s fixation interval, target onset was probabilistically cued by a 148 
brief (150 ms) auditory signal. Cue 1 (440 Hz) signaled that the target would likely appear after 2700 ms (long 149 
CTI), and cue 2 (1320 Hz) signaled that the target would likely appear after 1350 ms (short CTI). The CTIs were 150 
chosen based on prior work (Stefanics et al., 2010). Both cues had a validity of 80%, such that on 20% of the 151 
trials the target would appear after the uncued interval (invalid trials). The cues and the target were presented 152 
in different sensory modalities so that participants could optimally distinguish them. The cue was presented in 153 
the auditory domain to ensure that participants perceived the cue even when briefly losing fixation.  154 

As is common in the temporal cueing literature, we included a small proportion (13%) of catch trials, on 155 
which no target appeared after the cue. This ensures that participants generally await target presentation at 156 
the long CTI and make few anticipatory responses (Correa et al., 2006). These trials, along with a small amount 157 
of trials (mean = 4.0 s, SD = 5.1) on which participants responded before target onset (i.e. false alarms), were 158 
excluded from all analyses, with the exception that false alarms were included to assess effects on error rate. 159 
Catch trials were excluded because they do not have an associated RT to fit (see below) and because they are 160 
unmatched to non-catch trials in terms of their hazard function for errors (i.e. compared to other trials, catch 161 
trials contain a longer time window during which a response could be made that would count as a false alarm).  162 

Participants were instructed to maintain fixation throughout the task, to use the cue to speed up target 163 
detection, and to “respond as quickly and accurately as possible”. In total, participants performed 8 blocks of 164 
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115 trials per block (920 in total). Participants briefly practiced the task beforehand (2 blocks of 24 trials). The 165 
total duration of the task was approximately 1 hour. 166 
   167 
Behavioral data analysis. Effects of cue validity, CTI, and difficulty on RT were tested with a repeated-measures 168 
ANOVA in JASP version 0.9.2 (JASP Team, 2018), with cue validity (valid or invalid), CTI (short or long), and 169 
difficulty (easy or difficult) as within-participant factors. Planned paired-samples t tests were conducted to 170 
examine the effect of cue validity on RT for the short CTI, the effect of difficulty on RT, and differences in the 171 
size of these two effects. Because we expected the effect of cue validity for the short CTI to be approximately 172 
the same size as the effect of difficulty, we calculated a Bayes factor (using default priors) for this statistical 173 
comparison in order to estimate the evidence for the null hypothesis of no difference. Bayes factors between 174 
zero and one indicate evidence for the null hypothesis, with 1/10 ≤ BF ≤ 1/3 indicating “substantial” evidence 175 
for the null hypothesis (Wetzels & Wagenmakers, 2012).  176 
 Accuracy was analyzed using generalized mixed regression modeling, separately for the two types of 177 
possible errors on the task (misses and false alarms). This method allowed analyzing accuracy data at the 178 
single-trial level, and was necessary given that the bounded nature of accuracy scores results in inherent 179 
violations of the assumptions made by ANOVA. We fitted random intercepts for each participant; error 180 
variance caused by between-subject differences was accounted for by adding random slopes to the model. The 181 
latter was done only when this significantly increased the model fit. We used logistic linear mixed models, for 182 
which χ² statistics are reported. Model fitting was done in R (R Development Core Team, 2008) using the lme4 183 
package (Bates et al., 2015). 184 
 185 

[insert Figure 1 about here] 186 
 187 
Hierarchical drift diffusion modeling. We decomposed behavioral data from the target-detection task into 188 
latent parameters of the decision process using the drift diffusion model (DDM), a popular instance of 189 
sequential-sampling models of RT tasks (Forstmann, Ratcliff, & Wagenmakers, 2016; Ratcliff & McKoon, 2008). 190 
The DDM assumes that for two-alternative forced choice decisions, noisy sensory evidence is accumulated 191 
from a starting point z, at drift rate v, toward one of two decision bounds (thresholds), labeled 0 and a. When 192 
the accumulated evidence reaches one of the two bounds, the corresponding decision is initiated. The distance 193 
between the bounds, referred to as boundary separation, is equal to a. The model ascribes all non-decisional 194 
processes, including sensory encoding and response execution, to a non-decision time parameter Ter. 195 

Most decision-making tasks require selecting between two overt responses. However, our task is 196 
similar to a go/no-go task, in that the participants have to arbitrate between a simple go decision when the 197 
target is presented and a no-go decision when the target is not presented. As a consequence, RTs for a no-go 198 
decision cannot be empirically measured. Therefore, in line with previous studies (e.g., Gomez, Ratcliff, & 199 
Perea, 2007; Zhang et al., 2016), we assumed an implicit absorbing lower decision bound for no-go decisions 200 
and an explicit absorbing upper boundary for go decisions. We then fitted the DDM to participants’ decisions 201 
(i.e., the proportion of go and no-go decisions) as well as the distributions of RTs (for regular trials with 202 
correctly timed responses). 203 

We fitted this DDM to behavioral data (choices and RTs), using the hierarchical Bayesian model fitting 204 
procedure implemented in the HDDM toolbox (version 0.6.1; Wiecki, Sofer, & Frank, 2013). The HDDM uses 205 
Markov-chain Monte Carlo sampling, which generates full posterior distributions over parameter estimates, 206 
quantifying not only the most likely parameter value but also uncertainty associated with each estimate. Due 207 
to the hierarchical nature of the HDDM, estimates for individual participants are constrained by group-level 208 
prior distributions. In practice, this results in more stable estimates for individual participants, especially when 209 
working with low trial numbers (Vandekerckhove, Tuerlinckx, & Lee, 2011; Wiecki et al., 2013).  210 

For each model fit, we drew 100,000 samples from the posterior distribution. The first 10% of these 211 
were discarded as burn-in and every second sample was discarded for thinning, reducing autocorrelation in the 212 
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chains. Group-level chains were visually inspected to ensure convergence, ruling out sudden jumps in the 213 
posterior and ruling out autocorrelation. Additionally, the model that is reported in the main text was run three 214 
times in order to compute Gelman-Rubin R statistics (comparing within-chain and between-chain variance). We 215 
checked and confirmed that all group-level parameters had an R value between 0.98-1.02, suggesting 216 
convergence between these three instantiations of the same model. Because individual parameter estimates 217 
are constrained by group-level priors, data are not independent and therefore frequentist statistics cannot be 218 
used. The probability that a condition differs from another can be computed by calculating the overlap in 219 
posterior distributions. The fits of models of different complexity were compared to each other by calculating 220 
the deviance information criterion (DIC; Spiegelhalter, Best, Carlin, & van der Linde, 2002). Lower DIC values 221 
indicate that a model explains the data better, while taking model complexity into account. DIC differences 222 
larger than 10 are generally taken as strong evidence for a difference in model goodness-of-fit. 223 

Cue validity was expected to reliably influence behavior for early, but not late targets (Correa et al., 224 
2006). The lack of an effect for the long CTI is caused by the fact that on invalidly cued long-CTI trials, the 225 
participant can reorient temporal attention from the expected short CTI to the actual long CTI, in time for the 226 
target to appear. For this reason, we only fitted the behavioral data from trials with a short CTI. Trials on which 227 
participants failed to respond (i.e., misses, mean = 24.4 trials, SD 18.1) were considered trials on which the no-228 
go bound was crossed. For these types of trials, RTs were set to NaN (i.e., not a number), so that the (missing) 229 
RT did not contribute to the parameter estimation (as implemented in HDDM version 0.6.1), whereas the 230 
(erroneous) decision itself did contribute, thus facilitating accurate and reliable estimates of model parameters. 231 
The trials included for fitting the DDM were thus hits (trials with an RT between target onset and the response 232 
deadline), and misses (with RT set to NaN), both in the short CTI condition only.  233 

In the main text, we focus on a model in which both drift rate and non-decision time were free to vary 234 
as a function of cue validity, and drift rate was also free to vary as a function of difficulty. Apart from this 235 
model, we fitted and compared a variety of different models in which drift rate was always allowed to vary as a 236 
function of difficulty, and in which all possible combinations of drift rate, non-decision time and/or boundary 237 
separation were allowed to vary as a function of cue validity. Previous fits of the DDM to go/no-go tasks have 238 
allowed for the possibility of a biased starting point z (Gomez et al., 2007). This was possible because the tasks 239 
to which these fits were made produced a moderate number of errors (and associated RTs) on no-go trials, 240 
which were essential for appropriately constraining estimates of the a and z parameters when both were 241 
allowed to vary. In our case, there were very few such trials (i.e. behavioral responses within the temporal 242 
interval that targets could appear, but on trials when the target was not presented) and we therefore lacked 243 
the appropriate constraint to estimate a and z in the same model. For this reason, all models assumed an 244 
unbiased starting point (z = a/2; see also Ratcliff & van Dongen, 2011). We note that if the key effect of 245 
temporal expectation on behavior was in fact on starting point, in our fits this would load onto the boundary 246 
separation parameter (intuitively, if crossing of only one of the two available boundaries occurs regularly and 247 
yields measurable behavior, then a shift in starting point toward that boundary will generate identical behavior 248 
as a decrease in boundary separation of the same magnitude). However, the most complex model (in which all 249 
parameters depended on validity; Table 2) yielded no significant effect of cue validity on decision bound, 250 
making it unlikely that shifts in starting point account for our main results. 251 

An implicit assumption of the DDM is that evidence accumulation is triggered by the onset of the 252 
imperative stimulus, and that no integration takes place prior to this. While this assumption is reasonable for 253 
common perceptual discrimination tasks that employ supra-threshold stimuli with clearly discernible onsets 254 
(e.g. Roitman & Shadlen, 2002), it may be less valid for tasks such as ours in which detection of a low-intensity 255 
target stimulus reflects the culmination of the decision process. We acknowledge that a more appropriate 256 
conceptualization of the decision process in such contexts may be one of continuous, possibly leaky (Ossmy et 257 
al., 2013; Usher & McClelland, 2001) evidence accumulation that is triggered at trial (rather than target) onset, 258 
with temporal expectation effects arising through transient modulations of aspects of this continuous process. 259 
We propose that modelling of observed behavior on our task using the DDM nonetheless provides a highly 260 
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useful simplification of such a process, for the following reasons. First, the key behavioral measures for 261 
dissociating candidate characterizations of continuous, pre-stimulus accumulation – and effects of temporal 262 
expectation thereon – are the occurrence and timing of false alarms. Yet, false alarm rates were very low in our 263 
data (Table 1) and were not affected by temporal expectation (see Results). These findings suggest that pre-264 
stimulus accumulation was not a central determinant of decisions on our task (a point corroborated by our 265 
analysis of ERPs to expected but omitted targets; see below), was not clearly modulated by temporal 266 
expectation, and moreover that our data provided insufficient constraint for modelling this process. Second, 267 
whether one assumes target onset-triggered evidence accumulation, or continuous accumulation that is 268 
transiently modulated by temporal expectation without affecting pre-target behavior, in both cases effects of 269 
temporal expectation on non-decision time, drift rate or decision bound will have markedly different 270 
consequences for post-target detection behavior that are discernible through the DDM-based modelling 271 
scheme that we employed - specifically, a change in non-decision time primarily serves to offset the RT 272 
distribution by some constant, whereas changes in drift rate and/or bound will affect both RT and accuracy in 273 
dissociable ways. Thus, while our modelling likely provides a simplified account of how the decision process 274 
unfolds across entire trials of our task, it nonetheless permitted us to meaningfully test our key hypotheses.  275 

 276 
[Insert Table 1 about here] 277 

 278 
EEG recording and preprocessing. EEG data were recorded using a BioSemi ActiveTwo system from 64 channels 279 
placed according to the international 10/20 system. Additionally, a reference electrode was placed on each 280 
mastoid, and bipolar electro-oculogram (EOG) recordings were obtained from electrodes placed approximately 281 
1 cm lateral of the outer canthi (horizontal EOG) and from electrodes placed approximately 1 cm above and 282 
below the left eye (vertical EOG). During acquisition, impedances were kept below 30 kΩ. The EEG signal was 283 
pre-amplified at the electrode to improve the signal-to-noise ratio with a gain of 16×, and digitized at 24-bit 284 
resolution with a sampling rate of 1024 Hz. Each active electrode was measured online with respect to a 285 
common mode sense (CMS) active electrode producing a monopolar (non-differential) channel. All EEG data 286 
were analyzed in MATLAB 2012a, using the EEGLAB toolbox (Delorme & Makeig, 2004) and custom code. EEG 287 
data were re-referenced off-line to the average of the mastoid channels. Artifactual channels were 288 
interpolated with cubic spline interpolation. 289 

In order to preserve the temporal characteristics of the slowly evolving CPP, we adopted a two-stage 290 
cleaning procedure. First, to remove drifts, the continuous EEG data were high-pass filtered offline at 0.5 Hz, 291 
and segmented from -4.8 s until +1 s surrounding target onset and surrounding response onset. An automatic 292 
algorithm detected trials that contained artifacts based on the following criteria: channel joint probability (5.5); 293 
channel kurtosis (5.5), and absolute voltage deflections (2 mV). Next, we detected eye-movement and blink 294 
artifacts using joint approximation diagonalization of eigen matrices (JADE) independent component analysis 295 
(ICA). ICA weights were subsequently stored and projected onto the raw unsegmented data to which no high-296 
pass filter had been applied. The purpose of back projection was to prevent ICA from solely explaining variance 297 
due to large drifts in the unfiltered data and thus inaccurately identify eye-blink-related components, and to 298 
ensure that trials would not meet artifact rejection criteria due to eye blinks alone.  299 

After removing artifactual ICA components from the unfiltered data, the data were again high-pass 300 
filtered (using a two-way least squares FIR filter with a Hanning smoothed kernel), but with a lower frequency 301 
cut-off (0.1 Hz) to preserve slow-varying components in the data. The data were segmented, and the automatic 302 
artifact detection algorithm was applied, this time with a more stringent absolute voltage deflection criterion 303 
(300 μV). All data were then manually checked for residual artifacts and such trials were removed if necessary. 304 
Following artifact rejection, the data were low-pass filtered at 6Hz. Participants for whom <50 trials remained 305 
in a single condition were excluded from further analysis to ensure that enough trials remained for single-trial 306 
analyses. This applied to 8 participants. For one participant, inadvertently no EEG data were saved to disk, 307 
making the final sample 21 participants. This exclusion criterion was determined a priori, and data of the 308 
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excluded participants were not analyzed further. Finally, the data were re-referenced to the common average, 309 
and converted to current source density to prevent overlap between the CPP and the frontocentral negativity 310 
(Kelly & O’Connell, 2013). 311 
 312 
CPP identification and parameter estimation. Based on the response-locked scalp topography and following 313 
prior work (O’Connell et al., 2012; Twomey et al., 2015), all CPP-related analyses were conducted on the 314 
average of three centro-parietal EEG channels (P1, P2, and Pz). Significant deviation of the CPP from baseline 315 
was examined for each time point from 200 ms pre- to 800 ms post-target onset using permutation testing 316 
(10,000 iterations), correcting for multiple comparisons using the false discovery rate (FDR, q = 0.05). 317 

To estimate CPP slope and onset, we fitted a two-part line segment that was connected by a central 318 
inflection point (Figure 2) to the data in a window starting at -200 ms pre-stimulus and ending at the time of 319 
the response (single-trial analyses) or the peak latency of the CPP (trial-average analyses). The difference in the 320 
length of the fitting window between single-trial and trial average analyses was motivated by the facts that 321 
responses should clearly demark the termination of the decision (and thus provide a good upper time limit on 322 
any single-trial electrophysiological signature of the decision process), but trial average waveforms do not have 323 
an associated response, and the peak CPP thus provided an alternate approximation of the point at which the 324 
decision process was terminated. The fitted pre-inflection line segment was constrained to have zero slope and 325 
amplitude. The two free parameters of this piece-wise function (time of inflection point and slope of post-326 
inflection line) were fit via the Nelder-Mead Simplex optimization routine (via the fminsearchbnd MATLAB 327 
function), which minimized the sum of squared residuals between the fit and the observed CPP. The latency of 328 
the fitted inflection point was taken as the onset latency of the CPP, and the slope of the line segment 329 
following the inflection point was taken as the slope of the CPP. In single-trial analyses, trials with unrealistic 330 
onset latencies (prior to stimulus onset or >600 ms following stimulus onset) and trials with an unrealistic slope 331 
(zero or negative) were excluded from single-trial analysis. Although such trials were rare (average percentage 332 
of excluded trials: 0.21%; range: 0 – 0.62%), it was deemed necessary in order to avoid contamination by 333 
residual artifacts at the start of the trial and motor-related artifacts towards the end of the trial. One 334 
participant did not show a clear peak in the CPP, so for that participant we used the time of maximum first-335 
order derivative (i.e., the time point where CPP build-up rate started to decline) as a substitute for peak latency 336 
for fitting in trial-average analyses. In cases where we used slope in between-participant correlations, we 337 
normalized the CPP amplitude across participants to counteract arbitrary differences due to scalp conduction 338 
properties, electrode impedances, and other sources of spurious variance prior to computing slope. This 339 
method of estimating CPP parameters yielded accurate fits to the data: the correlation between estimated CPP 340 
and data was 0.98 (range: 0.95 – 0.99). 341 

Because the fitting window for parameter estimation at the single-trial level varied with RT, and RT in 342 
turn varied as a function of task condition, it was conceivable that estimated CPP onset would vary as a 343 
function of task condition by chance alone. Therefore, we computed a permuted null distribution by randomly 344 
sampling a time point within the fitting window for each trial 10,000 times. We then computed a trial-average 345 
value, separately for each condition and iteration of the permutation test, and subsequently averaged across 346 
participants. A p value for the true participant-average between-condition difference in estimated CPP onset 347 
was then computed by counting the number of observations in the permuted null distribution equal to or 348 
larger than the true value. Thus, the p value reflects the significance of the effect of condition on CPP onset 349 
latency, beyond the effect of between-condition differences in the fitting window alone. In addition to the p 350 
value, we report a 95% confidence interval (CI) around the mean difference between conditions, computed by 351 
summating the true mean difference between conditions and the 5th and 95th percentile of the permuted null 352 
distribution. 353 
 354 

[Insert Figure 2 about here] 355 
 356 
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Posterior α band power. We used Morlett wavelets to decompose the EEG data into its spectral representation. 357 
The wavelets were linearly spaced from 1 to 30 Hz with a cycle range from 3 to 12 (and were defined as in van 358 
den Brink, Wynn, & Nieuwenhuis, 2014). Power for each trial was expressed as a percentage change from the 359 
average of a -400 ms to -100 ms, frequency-specific, pre-stimulus baseline. Baseline power was calculated as 360 
the average across channels and conditions during the baseline period, in order to preserve potential between-361 
condition differences in power prior to stimulus onset as well as their topographical distribution. We then 362 
averaged power in the α band (9-12 Hz) across 14 parieto-occipital channels, selected based on prior work on 363 
the relationship between α power and temporal expectations (Rohenkohl & Nobre, 2011).  364 

We first examined if α power was modulated by expectations about stimulus onset by comparing valid 365 
to invalid trials with a short CTI, using nonparametric permutation testing (10,000 iterations) and expected 366 
larger α power around stimulus onset on invalid trials (i.e., when a target was presented but the participant did 367 
not expect it). We then sorted trials by α power in a -25-ms to 75-ms window surrounding target onset (i.e., the 368 
earliest window that showed an effect of expectation on α power), computed the average CPP and RT for three 369 
bins of trials of equal size, and estimated CPP slope and onset using the fitting procedure described above. We 370 
performed the binning procedure separately for each of the eight conditions of the task design to ensure that a 371 
potential relationship between α power and CPP parameters was not driven by between-condition differences 372 
in RT that covaried with α power (due to the task design), but instead reflected intrinsic trial-by-trial 373 
covariation within a given condition. Finally, for each participant we averaged across the eight conditions and 374 
then fitted a straight line to the values of RT, CPP slope and CPP onset across the three bins, and compared the 375 
distribution of slopes across participants to zero using permutation testing (10,000 iterations).  376 
 377 
Experimental Design and Statistical Analyses. The study followed a within-participants design with one session 378 
per participant. RT was analyzed with a repeated measures ANOVA. Error rates were analyzed with generalized 379 
mixed regression modeling (see section Behavioral data analysis). Effects of expectation on DDM parameters 380 
were assessed with a hierarchical fitting procedure (see section Hierarchical drift diffusion modeling). Effects of 381 
expectation on CCP parameters were examined using non-parametric permutation testing (see section CPP 382 
identification and parameter estimation). Effects of expectation on alpha power and the relationship between 383 
alpha power and CPP parameters and response time were examined using permutation testing (see section 384 
Posterior α band power). This study was not pre-registered.  385 
 386 
Data and code availability. The raw and processed data, as well as code to reproduce the results are publicly 387 
available without restriction [link inserted upon acceptance].  388 
 389 
 390 
RESULTS 391 
 392 
Twenty-one individuals each performed 920 trials of a speeded, visual target-detection task in which 393 
perceptual difficulty was manipulated by adjusting the luminance of the target stimulus (Figure 1a). Temporal 394 
expectations about the timing of the target were manipulated using auditory cues. On each trial, one of two 395 
cue tones probabilistically predicted the onset time of the subsequent target. One tone was followed by an 396 
early target (1350 ms after the cue) on 80% of the trials and a late target (2700 ms after the cue) on 20% of the 397 
trials. For the other tone, these contingencies were reversed. Participants were instructed to use the temporal 398 
information signaled by the cue to optimize their RTs.  399 
 400 
Temporal expectations influence task performance. The behavioral results were as expected, displaying clear 401 
effects of temporal expectation and task difficulty on RT (Figure 1b). Repeated-measures ANOVAs yielded 402 
significant main effects on RT of validity (F(1,20) = 9.70, p = 0.005; η  = 0.327),  CTI (F(1,20) = 68.33, p < 0.001; 403 η  = 0.774), and difficulty (F(1,20) = 75.40, p < 0.001; η  = 0.790). No interaction effects were significant, 404 
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except the interaction effect of validity and CTI (F(1,20) = 32.11 , p < 0.001; η  = 0.022). On short CTI trials, 405 
participants responded more quickly when they expected the target than when they did not expect it (t(20) = 406 
6.40, p < 0.001; BF = 6401.65)—the typical temporal cuing effect. On long CTI trials we did not find an effect of 407 
cue validity on RT: On invalidly cued long-CTI trials the target hazard rate increases over time, despite a 408 
proportion of catch trials, leading participants to reorient their attention toward the long CTI, thus mitigating a 409 
temporal cuing effect (Correa et al., 2006). Thus, in line with previous findings (Coull & Nobre, 1998; Nobre et 410 
al., 2007), RTs for the short CTI decreased with increasing target probability, indicating that participants used 411 
the temporal information conveyed by the cues.  412 

Results from a generalized mixed regression model predicting the proportion of misses (i.e. go trials 413 
without a response; Table 1) based on validity, difficulty and CTI and all interactions between these predictors 414 
showed significant main effects of validity (χ²(1) = 4.87, p = .027, odds-ratio = 1.18), of difficulty (χ²(1) = 64.94, p 415 
< .001, odds-ratio = 1.90), and CTI (χ²(1) = 31.05, p < .001, odds-ratio = 1.96). There were no significant 416 
interaction effects, (all p-values > .49). We subsequently tested whether there was an effect of validity for 417 
either of the CTIs considered separately. This was not the case, both when collapsing across difficulty levels 418 
(short CTI: χ²(1) = 1.60, p = 0.21, odds-ratio = 1.18; long CTI: χ²(1) = 3.75, p = 0.053, odds-ratio = 1.23), and for 419 
the individual difficulty levels alone (short CTI, easy: z = -0.57., p = 0.57, odds-ratio = 1.11; short CTI, difficult: z 420 
= -1.16, p = 0.25, odds-ratio = 1.18; long CTI, easy: z = -1.58., p = 0.12, odds-ratio = 1.41; long CTI, difficult: z = -421 
1.22, p = 0.22, odds-ratio = 1.23). We next examined the proportions of false alarms (i.e. trials with a response 422 
prior to target onset; Table 1). Because for this type of error participants responded prior to stimulus onset and 423 
thus never saw the stimulus, we collapsed across difficulty levels. Results showed a main effect of CTI (χ²(1) = 424 
16.07, p < .001, odds-ratio = 5.98), but not of validity (χ²(1) = 0.12, p = 0.73, odds-ratio = 1.26). Although the 425 
interaction between CTI and validity was significant (χ²(1) = 4.53, p = .033, odds-ratio = 0.46), the simple main 426 
effects of validity were not significant (short CTI: z = 1.70., p = 0.09; long CTI: z = -1.33., p = 0.18). 427 

Thus, the predominant effect of temporal expectation was manifested in RT, on the short CTI, where 428 
participants responded faster when they expected the stimulus compared to when they did not expect it. The 429 
effect of cue validity on RT at the short CTI (Δ 32 ms, SD 23 ms) and the effect of difficulty (Δ 31 ms, SD 16 ms) 430 
were statistically indistinguishable (t(20) = 0.20, p = 0.84), with a Bayes factor of 0.23, indicating ‘substantial’ 431 
evidence for the null hypothesis of no difference between these effect sizes (Wetzels & Wagenmakers, 2012). 432 
This null finding enabled a fair dissociation between the distinct computational parameters that we assumed to 433 
underlie these RT effects (see below). 434 

 435 
Drift diffusion modelling supports decision onset account. We examined the impact of temporal expectations 436 
on latent aspects of decision-making by fitting the drift diffusion model (DDM) to participants’ behavioral data, 437 
using a hierarchical Bayesian model fitting procedure (see Materials and Methods; Wiecki et al. 2013). The 438 
DDM is a prominent mathematical model of simple decisions like those made in our target-detection task, and 439 
can parsimoniously account for RT distributions and choice data across a wide array of tasks (Forstmann et al., 440 
2016). The model assumes that noisy sensory evidence is accumulated over time until one of two opposing 441 
bounds is reached, at which point a decision is made in favor of the corresponding decision. In the application 442 
of the DDM that we used (Gomez et al., 2007; Zhang et al., 2016), the upper and lower bounds correspond to a 443 
‘go decision’ (a decision to execute a response, as expected when a target is presented) and an implicit ‘no-go 444 
decision’ (a decision to withhold an overt response, as expected when a target is not presented; Figure 3a). 445 
Previous work has found that drift diffusion models with an implicit boundary for no-go decisions provide a 446 
better fit of go/no-go task data than single-threshold variants of the model (Gomez et al., 2007). Core DDM 447 
parameters include the drift rate, v (which is determined by the quality of the sensory evidence and relates 448 
monotonically to the mean rate of evidence accumulation toward the correct decision bound); boundary 449 
separation, a (the distance between the two decision bounds, which captures response caution), and non-450 
decision time, Ter (capturing the time needed for sensory encoding and response execution).  451 
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 To directly contrast the predictions of the decision onset account of temporal expectations with an 452 
account wherein expectations affect evidence quality (and thus accumulation rate), we examined a model fit to 453 
data from short CTI trials in which non-decision time (Ter) and drift rate (v) were free to vary as a function of 454 
cue validity. Drift rate was also free to vary as a function of difficulty, in line with common findings that 455 
differences in stimulus strength are well captured by this parameter (Ratcliff, 2002). The model accurately 456 
reproduced observed RTs, with correlation coefficients between condition-specific mean RTs in data and model 457 
> 0.84, and the empirical data fell within the 95th percentile credibility interval of the model (Figure 3b). Model 458 
fits showed a significant difference in Ter between valid and invalid trials (p = 0.002, Figure 3c), indicating a 459 
temporal expectation effect on non-decisional processes. In contrast, v did not differ between valid and invalid 460 
trials (p = 0.30; Figure 3d), which is inconsistent with the evidence quality account. Instead, as expected, v 461 
differed between easy and difficult trials (p = 0.004; collapsed across validity conditions).  462 

Several features of our results showed that the effect of cue validity on RT was primarily driven by a 463 
change in Ter. First, the effect of cue validity on Ter (Δ 29 ms, SD 17 ms) and the effect of cue validity on RT (Δ 32 464 
ms, SD 23 ms) were statistically indistinguishable (BF = 0.30). Second, the participant-specific effect of cue 465 
validity on RT was positively correlated with the effect of cue validity on Ter (r = 0.64, p = 0.002; Figure 3e). 466 
Moreover, the slope of the least squares regression line that captured this relationship (0.87; 95% confidence 467 
interval determined via bootstrapping: 0.42 – 1.17) did not differ from the slope of the identity line (1.00, 468 
reflecting an idealized case where the cuing effect on RT is fully captured by Ter). While a cross-subject 469 
correlation between the effects of difficulty on RT and on v was also significant (r = -0.63, p = 0.002), by 470 
contrast, there was no significant correlation between the effects of cue validity on v and RT (r = 0.32, p = 0.17). 471 
Together, these findings show that Ter, not v, was the primary factor that drove the cue-validity effect on RT.         472 
 To further assess the effect of temporal expectations on the different model parameters we compared 473 
a range of models (including the model described above) that differed with regard to which parameter or 474 
combination of parameters was allowed to vary as a function of cue validity. In all models, v was free to vary as 475 
a function of difficulty. To compare the adequacy of the seven models in explaining the observed data we used 476 
the DIC metric, a statistical criterion for model selection that takes into account model complexity. As can be 477 
seen in Table 2, the model in which only Ter was free to vary between valid and invalid trials provided the best 478 
fit of the data—a significantly better fit than the model ranked second (Ter + a + v, ΔDIC = 10) and the v-only 479 
model (ΔDIC = 179). Notably, the four best fitting models were all of the models in which Ter was allowed to 480 
vary between valid and invalid trials. Thus, our DDM analyses strongly supported an account whereby temporal 481 
expectations selectively act to hasten non-decisional processes, but do not affect the process of evidence 482 
accumulation itself. 483 
 The v account predicts that a change in temporal expectations should result in a concomitant change in 484 
accuracy, which we did not reliably observe at the short CTI. However, accuracy on our task was high overall 485 
(by design), which may have absorbed a potential effect on accuracy. Alternatively, it is possible that a change 486 
in v due to expectation occurred simultaneously with a change in a, leaving accuracy levels unaffected while 487 
improving RT. To exclude this possibility, we fit an additional model in which v and a were free to vary as a 488 
function of cue validity, v was additionally free to vary as a function of difficulty, and Ter was not free to vary. 489 
The DIC score of this model (-7497) was significantly higher (indicating a poorer fit) than that of the best-490 
performing model (Table 2) in which the effects of temporal expectation were captured by Ter only (ΔDIC = 491 
125). Moreover, a model in which all three parameters were free to vary as a function of validity did not yield a 492 
significant effect of validity on v or on a (v: p = 0.74, a: p = 0.23). Thus, although changes in v and a could jointly 493 
produce reduced RTs without changes in accuracy, our results indicate that the effects of temporal 494 
expectations on performance were better captured by a change in Ter only. 495 
 496 

[Insert Figure 3 and Table 2 about here] 497 
 498 
 499 
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Target detection is associated with an electrophysiological signature of decision making. Previous work has 500 
identified an electrophysiological signature of evidence accumulation during decision making tasks: a 501 
supramodal, centroparietal positivity (CPP) in the event-related potential that exhibits the typical dynamics of a 502 
build-to-threshold decision signal (Kelly & O’Connell, 2013; O’Connell et al., 2012; Twomey et al., 2015). The 503 
CPP is motor-independent: it is robustly observed in cases where no motor response is required (O'Connell et 504 
al. 2012) and its dynamics are clearly dissociable from motor signals (Twomey et al., 2015), indicating that this 505 
signal reflects decision formation and not merely motor preparation or execution. The CPP thus provided us 506 
with a neural measure by which to examine the effect of temporal expectation on decision formation 507 
(Loughnane et al., 2016). 508 

In line with previous work, the CPP in our data showed a significant (p < 0.05, FDR-corrected), gradual 509 
build-up following target onset, peaked around the time of the response, and was maximal over centroparietal 510 
electrodes (Figure 4a). Moreover, the CPP was uncontaminated by visual-evoked potentials, as our task was 511 
designed to minimize sensory transients. The CPP also exhibited the typical relationship with RT that might be 512 
expected from a build-to-threshold decision variable signal. Specifically, we split each participant’s RT 513 
distribution into equal-sized fast, medium and slow bins (within CTI, difficulty, and validity conditions) and 514 
plotted the average waveforms aligned to target presentation and response execution for each bin (Figure 4b). 515 
Consistent with previous observations (Kelly & O’Connell, 2013; O’Connell et al., 2012) the onset and peak 516 
latencies of the stimulus-locked CPP directly scaled with RT, while its slope (i.e., build-up rate) was inversely 517 
proportional to RT (see Figure 5 for fits of individual participants, and cross-participant correlations with 518 
behavior and model parameters). Furthermore, the response-locked CPP reached a stereotyped amplitude at 519 
the time of response execution, consistent with fixed decision bounds. Combined, these findings are consistent 520 
with the notion that during a detection task with high accuracy, the CPP tracked the gradual accumulation of 521 
stationary sensory evidence towards a decision bound.  522 

 523 
[Insert Figures 4 and 5 about here] 524 

 525 
 526 

Temporal expectation and task difficulty have dissociable effects on CPP onset latency and slope. The 527 
decision onset account predicts that temporal expectation reduces the onset latency of the CPP. In contrast, an 528 
effect of temporal expectation on evidence quality predicts a steeper slope (i.e., build-up rate) of the CPP (Kelly 529 
& O’Connell, 2013). Trial-average analyses (Figure 6a, b) provided preliminary support for the decision onset 530 
account. Cue validity showed a trend-level effect on onset latency in the expected direction (p = 0.097, 95% CI: 531 
-56.71 6.23), but no effect on slope (p = 0.555, 95% CI: -0.01 0.01). In contrast, difficulty affected the CPP slope 532 
(p = 0.010, 95% CI: 0.002 0.013), reflecting the expected shallower CPP slope on difficult trials, but not the 533 
onset latency (p = 0.775, 95% CI: -0.23.65 7.18). This also indicated that the absence of an effect of cue validity 534 
on CPP slope was not due to a lack of sensitivity in accurately measuring CPP slope, because task difficulty and 535 
cue validity had a comparable effect on RT. Furthermore, the latency between the peak of the response-536 
aligned CPP and the motor response (a proxy for the time between decision and response execution) did not 537 
differ between valid and invalid trials (p = 0.31, BF = 0.38). This suggested that the effect of cue validity on Ter 538 
(see previous section) was unlikely to be due to between-condition differences in post-decisional processing, 539 
and instead likely reflected differences in decision onset.   540 

The trial-average analyses may have underestimated the true effect of validity on CPP onset latency if 541 
invalid short-CTI trials (in which the early target was not expected) were associated with larger trial-by-trial 542 
variability in onset latency. In that case, the onset latency distribution for invalid trials might have a wider left 543 
tail, which would have led to an earlier onset of the trial-averaged CPP, diminishing the difference in CPP onset 544 
latency between valid and invalid trials. To examine this possibility, we computed single-trial measures of CPP 545 
onset latency and slope (see Materials and Methods). Although the mean single-trial estimated CPP onset 546 
latencies were significantly correlated with trial average estimates across participants (r = 0.73, p < 0.001), 547 
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these data confirmed that invalidly cued short-CTI trials were indeed associated with increased variability in 548 
onset latency compared to validly cued short-CTI trials (p = 0.003, 95% CI: -17.91 -4.07, Figure 6c). This was not 549 
simply a consequence of variation in the quality of CPP model fits, as the correlation between estimated CPP 550 
and data at the single-trial level did not differ between valid and invalid conditions (valid: 0.82; invalid: 0.83; 551 
t(20) = 0.63, p = 0.53, BF = 0.27). Our key predictions might therefore be addressed more reliably using single-552 
trial analyses.  553 

To avoid spurious effects of trial-to-trial variability on the shape of the trial-average CPP waveform, we 554 
examined the effects of temporal expectation and task difficulty on single-trial measures of CPP onset latency 555 
and CPP slope (Figure 6c). These analyses revealed that the CPP onset latency was significantly shorter on 556 
validly cued trials than on invalidly cued trials (p = 0.008, 95% CI: -16.30 -2.93), while the CPP slope did not 557 
differ (p = 0.480, 95% CI: -0.003 0.003, BF = 0.23). As expected, and in line with the trial-average analyses, CPP 558 
slope was shallower for difficult trials than for easy trials (p = 0.021, 95% CI: 0.0005 0.0054). 559 

Our finding of a cue-validity effect on CPP onset latency is consistent with the notion that temporal 560 
expectation hastens decision onset. However, an alternative possibility is that on validly cued (versus invalidly 561 
cued) short-CTI trials, when the target was expected to appear after the short CTI, participants engaged in 562 
premature sampling (of noise) on a proportion of the trials (Jepma, Wagenmakers, & Nieuwenhuis, 2012; 563 
Laming, 1979; Devine et al., 2019). That is, participants may anticipate the arrival of a target stimulus and 564 
speed up responses by starting to sample information from the display at the moment when they think the 565 
stimulus will be presented. On a proportion of the trials they may start sampling too early, and if these 566 
premature sampling trials are included in the analysis, the average single-trial CPP onset latency may give the 567 
impression of speeded decision onset. 568 
 569 

[Insert Figure 6 about here] 570 
 571 

Premature sampling should lead to faster but less accurate responses, because participants will start 572 
with sampling noise. Accordingly, we discouraged premature sampling by instructing participants to avoid 573 
response errors and aborting trials on which responses were made before target onset. Anticipations were not 574 
more common on short-CTI trials when a target was expected, compared to when a target was not expected 575 
(t(20) = 1.39, p = 0.18, BF = 0.52) suggesting that any premature sampling that participants may have engaged 576 
in was not modulated by temporal expectation. To further rule out a role for premature sampling, we carried 577 
out a control analysis, focusing on the ERP waveform associated with invalidly cued long-CTI trials. On these 578 
trials participants expected the target to occur after the short CTI, but it was not presented. Given that the CPP 579 
appears to reflect accumulated evidence regardless of sign (O’Connell et al., 2012), premature sampling 580 
(relative to the true target onset latency) should result in a positive “pre-target” CPP deflection that cannot 581 
possibly reflect evoked activity, because the target is not yet presented at that time. However, our control 582 
analysis did not yield any support for this prediction (Figure 7).  583 

 584 
[Insert Figure 7 about here] 585 

 586 
 587 

CPP onset latency covaries with behaviorally relevant fluctuations in peri-stimulus α power.  In search of a 588 
mechanism underlying the effect of temporal expectations on decision onset, we examined a potential 589 
endogenous determinant of CPP onset latency that might account for trial-to-trial variability in CPP onset 590 
latency and corresponding fluctuations in task performance. In particular, we used EEG time-frequency analysis 591 
to examine the power of ongoing neural oscillations in the α band (9-12 Hz) over posterior cortical areas, 592 
reflecting rhythmic fluctuations in cortical excitability (Jensen & Mazaheri, 2010; Pfurtscheller, 2001). A large 593 
number of studies have found that the amplitude of α-band oscillations around the onset time of a target 594 
stimulus predicts subsequent task performance (Ergenoglu et al., 2004; Mathewson, Gratton, Fabiani, Beck, & 595 
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Ro, 2009; Thut et al., 2006; van Dijk, Schoffelen, Oostenveld, & Jensen, 2008), in line with the well-accepted 596 
notion that the neural and behavioral responses to a stimulus depend on the cortical state at the time of 597 
stimulus presentation. Importantly, the power and phase of α-band oscillations around the time of a stimulus 598 
can be modulated by top-down attention to optimize the processing of that stimulus (Samaha, Bauer, Cimaroli, 599 
& Postle, 2015; van Diepen, Cohen, Denys, & Mazaheri, 2015). 600 

The top-down modulation of the power of oscillatory α-band activity has been proposed to play a 601 
pivotal role in performance on temporal expectation tasks. Previous EEG research has found that α power is 602 
reduced just prior to, or at, the expected onset time of a target event (Breska & Deouell, 2017; Praamstra, 603 
Kourtis, Kwok, & Oostenveld, 2006; Rohenkohl & Nobre, 2011), yielding enhanced cortical excitability over the 604 
time interval in which the target event is expected. This signature of temporally focused attention, often 605 
referred to as α desynchronization, was also present in our data. Power in the α band was maximal over 606 
posterior scalp regions (Figure 8a) and specifically posterior α was modulated by expectations about stimulus 607 
onset (Figure 8b), with lower α power preceding the onset of an expected stimulus compared to an unexpected 608 
stimulus, possibly reflecting stronger anticipatory α desynchronization. This led us to ask whether fluctuations 609 
in this signal were associated with fluctuations in CPP onset latency, our neural marker of decision onset. To 610 
address this question, we binned trials based on single-trial, peri-stimulus posterior α power within each cell of 611 
the task design, and then averaged across cells to make sure that any difference between bins in α power was 612 
unrelated to task manipulations, including the cue validity manipulation, but instead reflected endogenous 613 
trial-by-trial variability.  614 

A statistical comparison between bins indicated that the differences in peri-stimulus posterior α power 615 
were behaviorally relevant, as decreases in α power were associated with faster RTs (Figure 8c; p < 0.001, 95% 616 
CI: -12.62 -4.02). Importantly, decreased α power was also associated with a reduced CPP onset latency (p = 617 
0.039, 95% CI: -35.03 -0.56), but not with differences in CPP slope (p = 0.855, 95% CI: -0.004 0.0008) (Figure 8c). 618 
Identical results in terms of direction and significance were found using an alternate frequency band (9-14 Hz). 619 
As expected, long CTI trials, which showed no significant effect of cue validity on RT, also showed no significant 620 
effect of cue validity on α power. Combined, our results indicate that top-down modulation of α-band activity 621 
putatively modulates cortical excitability in a way that expedites the onset of evidence accumulation of 622 
expected stimuli. 623 
 624 

[Insert Figure 8 about here] 625 
 626 

 627 
DISCUSSION 628 

Temporal contingencies in sensory input, such as music, speech and other temporal sequences, provide a 629 
critical source for temporal predictions formed in the brain, considerably improving the speed and accuracy of 630 
responding to unfolding events. Here, we used mathematical modelling of behavior and neural signal 631 
measurements to identify how temporal expectations enhance perception. 632 
 All model-based analyses suggested that the cue-validity effect, our behavioral measure of temporal 633 
expectations, was specifically driven by changes in non-decisional processes (Ter), and not by possible effects on 634 
the decision process (including an effect on evidence quality and, accordingly, the mean rate of accumulation, 635 
v). Specifically, model fits as well as model-selection procedures supported the Ter account. Furthermore, the 636 
cue-validity effects on Ter and RT were highly correlated and almost identical in size. No such support was 637 
obtained for an account whereby temporal expectations enhance the quality of the sensory evidence 638 
(Rohenkohl et al., 2012a). Although non-decision time includes the time needed for both sensory encoding and  639 
response execution, previous studies have found that temporal expectation has negligible effects on response 640 
execution time, as indicated by the interval between the onset of the lateralized readiness potential and the 641 
overt response (Hackley, Schankin, Wohlschlaeger, & Wascher, 2007; Müller-Gethmann, Ulrich, & Rinkenauer, 642 
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2003; but see Tandonnet, Burle, Vidal, & Hasbroucq, 2006). Likewise, we found that the time difference 643 
between the peak latency of the CPP and the motor response, a proxy for the duration of response execution, 644 
did not differ between valid and invalid trials. Although this metric is not without limitations because the CPP 645 
may in some cases continue to accumulate post-decision (Steinemann et al., 2018), these results indicate that 646 
our temporal expectation effect on Ter primarily reflects pre-decisional rather than post-decisional processing 647 
time. 648 

Our study is the first to complement mathematical modelling with detailed EEG analyses regarding the 649 
effects of temporal expectation on decisional and non-decisional process. Such neural evidence is critical, given 650 
reported discrepancies between results from sequential-sampling models and neural signatures of decision 651 
formation (McGovern et al., 2018; Spieser et al., 2018). These additional analyses of the CPP allowed us to 652 
examine the effect of temporal expectation on the onset and rate of decision formation in the brain 653 
(Loughnane et al., 2016), and yielded further support for the decision onset account. Single-trial analyses, 654 
necessary to avoid a measurement artifact in the trial-average CPP, revealed a shortened CPP onset latency on 655 
validly cued trials, consistent with the notion that temporal expectation hastens decision onset. In contrast, 656 
valid and invalid trials did not differ in CPP slope, suggesting that temporal expectation did not affect the 657 
quality of the sensory evidence or other processes influencing the rate of decision formation. Control analyses 658 
excluded premature sampling of the stimulus array prior to target onset (Jepma et al., 2012; Laming, 1979; 659 
Devine et al., 2019) as an alternative explanation of these results.  660 

EEG α-band power is thought to reflect local cortical excitability (Jensen & Mazaheri, 2010; 661 
Pfurtscheller, 2001) and has previously been shown to track temporal expectations, enhancing perception of 662 
events occurring at expected moments (Heideman et al., 2018; Rohenkohl & Nobre, 2011; Zanto et al., 2011). 663 
In our study, peri-stimulus posterior α power was also behaviorally relevant, showing a strong positive 664 
relationship with RTs. The novel insight provided by our data was that peri-stimulus α power also covaried with 665 
CPP onset latency (and not with CPP slope), suggesting that peri-stimulus posterior α power is a key 666 
determinant of decision onset, presumably contributing to the perceptual facilitation associated with temporal 667 
expectation. This facilitation may be brought about by top-down signals that modulate visual cortex activity in 668 
order to expedite target processing, and result in an earlier start of the decision process (and therefore a 669 
shorter CPP onset latency). Notably, α is the dominant frequency band for feedback signaling from higher-670 
order cortical regions to lower-level visual cortex (Michalareas et al., 2016; van Kerkoerle et al., 2014). Thus, it 671 
is possible that α power is a signature of a top-down modulatory process: co-variation between posterior α 672 
power and CPP onset latency may reflect fluctuations in top-down signaling in accordance with expectations 673 
about the appearance of a target. 674 

An important open question is how temporal expectation hastens decision onset. An implicit 675 
assumption of many sequential sampling models is that evidence accumulation begins automatically, 676 
immediately when sensory encoding is completed. Under this assumption, an expectation-induced reduction of 677 
decision onset latency necessarily stems from faster sensory encoding. However, recent literature suggests 678 
that decision onset may be de-coupled from sensory encoding, and possibly under strategic control (Teichert, 679 
Grinband, & Ferrera, 2016). Hence, it is possible that our findings reflect a strategic reduction in decision onset 680 
that is unrelated to sensory encoding time. While the CPP allowed us to directly estimate the onset of decision 681 
formation, it did not allow us to directly measure the process of sensory encoding. Thus, future efforts to 682 
combine measures of both decision onset and sensory encoding may prove fruitful in answering the question 683 
of whether temporal expectation hastens decision onset through faster sensory encoding, or through strategic 684 
control of the onset of the accumulation process. 685 

There are prominent discrepancies between the current results and previously published model-based 686 
analyses of behavioral temporal expectation effects (Cravo et al. 2013; Rohenkohl et al., 2012a; Vangkilde et 687 
al., 2012). Vangkilde and colleagues (2012; Vangkilde, Petersen, & Bundesen, 2013) found that temporal 688 
expectations enhanced (unspeeded) visual letter discrimination and analyzed these behavioral data using the 689 
theory of visual attention (TVA). These analyses suggested that the improvement in perceptual discrimination 690 
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was caused by an increased rate of evidence accumulation (TVA parameter: perceptual processing speed), and 691 
not by faster sensory encoding (TVA parameter: temporal threshold for conscious perception). Likewise, Nobre 692 
and colleagues found that temporal expectations enhanced visual contrast sensitivity, and reported fits of a 693 
sequential-sampling model suggesting that this enhancement in perceptual discrimination was caused by an 694 
increased quality of the sensory evidence (Cravo et al. 2013; Rohenkohl et al., 2012a).  695 
 Nobre and colleagues (Cravo et al. 2013; Rohenkohl et al., 2012a) modeled their behavioral data using 696 
a diffusion model that was developed to simultaneously fit psychometric (accuracy) and chronometric (RT) 697 
functions (Palmer, Huk, & Shadlen, 2005). However, we argue that this diffusion model was not entirely 698 
appropriate with regard to the task performed by the participants. Specifically, in both studies participants 699 
were asked to discriminate the orientation of visual gratings (Gabor patches) at seven contrast levels, resulting 700 
in accuracy levels spanning from near chance to near perfect. Each trial consisted of a stream of noise patches 701 
and infrequent visual gratings (targets) presented either with a fixed, rhythmic (high temporal expectation) or 702 
jittered, arrhythmic (low temporal expectation) stimulus onset asynchrony. Critically, each target was 703 
presented for only 50 ms and then followed by a noise patch after 350 ms. This means that the task potentially 704 
violated an assumption underlying the diffusion model of Palmer and colleagues, namely that the evidence on 705 
the screen does not change during the decision process. The consequences of the violation of this stationarity 706 
assumption are unclear. The brief target duration and the short time until the next noise patch meant that on 707 
that task, there was very limited time for participants to secure a robust visual short-term memory trace of the 708 
decision-relevant stimulus feature, which in turn provides input to the decision process once the stimulus is no 709 
longer visible (cf. Ratcliff, Smith, Brown, & McKoon, 2016; Rohenkohl et al., 2012b; Smith & Ratcliff, 2009). In 710 
such conditions, expedited non-decision time could well be beneficial for discrimination accuracy in that it 711 
would allow more time for the creation of a high-quality memory trace before the perturbance of the 712 
subsequent noise patch (cf. Nieuwenhuis, Jepma, & Wagenmakers, 2012; Rolke & Hofmann, 2007). 713 
Importantly, such a change in accuracy is often diagnostic of a change in drift rate, while generally inconsistent 714 
with a change in non-decision time. Thus, a potentially violated assumption may have led the model to 715 
misattribute an effect on non-decision time to a change in drift rate. Taken together, these arguments invite 716 
caution when interpreting previous modelling results (Cravo et al. 2013; Rohenkohl et al., 2012a) in terms that 717 
are explicit about the locus of the effect of temporal expectation on performance.  718 
 The discrepancy between our results and those of Vangkilde and colleagues (2012) also deserves 719 
further theoretical consideration. To our knowledge, the formal relationship between diffusion models and the 720 
TVA, including the mapping between their model parameters, has not been studied yet. Given the model 721 
assumption and mimicry issues discussed here, it is critical that we obtained solid neural evidence for the 722 
decision onset account. 723 

Another plausible explanation for the discrepancy between the current results and previous work 724 
concerns differences between studies in the structure of temporal information provided to participants. Nobre 725 
and van Ede (2017) distinguish four types of informative temporal structures that are commonly found in the 726 
environment and manipulated in experimental tasks: (i) temporal associations—that is, predictive temporal 727 
relations between successive stimuli, such as the auditory cue and the visual target in our study; (ii) hazard 728 
rates (Vangkilde et al., 2013); (iii) rhythms; and (iv) sequences—recurring temporal structures that are more 729 
complex than simple rhythms. Although there is some evidence that temporal expectations based on these 730 
structures rely on similar brain mechanisms (Correa & Nobre, 2008), the differences and similarities between 731 
the types of temporal structures and associated brain mechanisms are only beginning to be investigated 732 
(Bouwer, Honing, & Slagter, in press; Breska & Deouell, 2017; Nobre & van Ede, 2017; Shalev, Nobre, & van 733 
Ede, 2019). Interestingly, the manipulations of temporal expectation of Vangkilde and colleagues (2012, 2013) 734 
and Nobre and colleagues (Cravo et al. 2013; Rohenkohl et al., 2012a) were based on hazard rates and 735 
rhythms, respectively. In contrast, behavioral studies that used temporal associations (i.e., temporal cuing or a 736 
foreperiod manipulation) have reported evidence that temporal expectations specifically affect decision onset 737 
and not the decision process itself (Bausenhart et al., 2010; Seibold et al., 2011; Jepma et al., 2012). Future 738 
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research should examine the possibility that different types of temporal structures call upon dissociable 739 
temporal expectation mechanisms. Additionally, it remains to be investigated to what extent our findings 740 
generalize to perception in other sensory modalities (Ball et al., 2017; Lee et al., 2018; Herbst & Obleser, 2019). 741 

Our findings contribute to a growing literature documenting the usefulness of the CPP as a neural 742 
marker of perceptual decision formation (O’Connell et al., 2018), but there are also important outstanding 743 
questions regarding the methodological limitations and functional significance of the CPP (Urai & Pfeffer, 744 
2014). Furthermore, recent work has put forward the peak latency of the N200 component as an alternative 745 
EEG marker of the onset of the evidence accumulation process (Nunez, Gosai, Vandekerckhove, & Srinivasan, 746 
2019). Additionally, although our study focused on perception, there is marked evidence that temporal 747 
expectation can also affect aspects of motor processing (e.g., Fecteau & Munoz, 2007; Hackley & Valle-Inclán, 748 
2003; Nobre et al., 2007), albeit perhaps not the duration of these processes. Lastly, future research may shed 749 
more light on the precise mechanistic origin of trial-by-trial co-fluctuations in posterior α power around the 750 
time of stimulus presentation and the onset of decision formation.  751 

 752 
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FIGURE CAPTIONS 921 
 922 
Figure 1. a) Task design, and b) behavioral results. The error rate includes both types of errors (false alarms and 923 
misses). CTI: cue-target interval RT: response time. Horizontal markers on the box plots indicate the median, 924 
the bottom and top edges indicate the 25th and 75th percentile, and the whiskers extend to the most extreme 925 
non-outlier data points. Outliers are shown as circles.  926 
 927 
Figure 2. Method for estimating CPP slope and onset. Two straight lines that share an inflection point were 928 
fitted to the data with the constraint that the pre-onset part must have a slope and amplitude of zero, and the 929 
post-onset part must have a positive slope. The window for fitting was from 200 ms before stimulus onset until 930 
the time of response (for single-trial analyses) or until the peak latency of the CPP (for trial-average analyses).  931 
 932 
Figure 3. Hierarchical drift diffusion modeling results. a) Schematic and example traces of the go/no-go drift 933 
diffusion model. Following a period of non-decision time (Ter), noisy evidence accumulates over time at mean 934 
drift rate (v) until a threshold (0 or a) is reached. In our implementation, starting point (z) was unbiased. b) 935 
Empirical (data) and simulated (model) defective cumulative quantile probability (left) and mean response 936 
times (right). In the right panel, small dots show individual participants. Large dots show the group means. 937 
Error bars show the within-participant SEM. c) Non-decision time (Ter) differed between valid and invalid trials. 938 
d) Drift rate (v) did not differ between valid and invalid trials, but did differ between easy and difficult trials. 939 
Vertical dotted lines in c) and d) show the average of the participant-specific maximum a-posteriori parameter 940 
estimates. Distributions show the group posterior. Statistical significance is reflected in the overlap between 941 
distributions. e) Across-participant correlation between the effects of cue validity on RT and Ter. The dotted line 942 
shows the identity line. The solid gray line shows a least-squares regression line. 943 
 944 
Figure 4. Condition-average CPP. a) Stimulus- and response-locked CPP waveforms and scalp topography. Error 945 
bars show the within-participant SEM. The highlighted electrodes, P1, P2 and Pz, were used for all analyses. b) 946 
CPP characteristics scale with response time (RT). Single trials were sorted as a function of RT and divided into 947 
equal-sized fast, medium and slow bins, separately for each participant and task condition, then averaged. 948 
Colored vertical dotted lines show the average RT per bin. Dots below the traces show the CPP onset latency. 949 
Error bars show the within-participant SEM. Gray lines show data of individual participants. CI: Permutation-950 
derived 95% confidence interval around the mean difference between conditions. 951 
 952 
Figure 5. CPP fits per participant, and relationship with other measures. a) Condition-averaged CPP for each 953 
participant. Solid red lines show the fitted CPP traces. Red dashed lines show the estimated CPP onset latency. 954 
b) Cross-participant correlations between model parameters, response time (RT), and three CPP measures: CPP 955 
onset latency, CPP slope, and CPP peak latency. Prior to estimating slope, the individual CPP curves were scaled 956 
to fixed height to correct for arbitrary amplitude differences between participants. 957 
 958 
Figure 6. Effects of cue validity and difficulty on the CPP. a) Effect of cue validity, and b) difficulty on the trial-959 
averaged CPP. Dots and lines below the ERP waveforms show the average estimated CPP onset latency and 960 
within-participant SEM. c) Comparison between CPP measures extracted at the single-trial level. Error bars 961 
reflect the within-participant SEM. Gray lines show data of individual participants, centered with respect to the 962 
condition and participant average. CI: Permutation-derived 95% confidence interval around the mean 963 
difference between conditions. 964 
 965 
Figure 7. Control analysis to rule out premature sampling. The figure shows the ERP for invalid long-CTI trials, 966 
at the time points surrounding the short CTI (i.e., when a target was expected, but not presented), relative to a 967 
200 ms pre-cue baseline. If participants were starting to accumulate evidence prior to stimulus onset, we 968 
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would expect to see a positive deflection around stimulus onset, but no time points were significantly different 969 
from zero (all FDR p > 0.05). Color and axis limits are as in Figure 4a. The error bar shows the within-participant 970 
SEM. 971 
 972 
Figure 8. Relationship between posterior α (9-12 Hz) power, temporal expectations and CPP parameters. a) 973 
Power spectrum and topography of α power. b) Comparison of power across time and frequency for valid 974 
versus invalid trials. Blue colors indicate lower power for valid trials. The topographical plot shows the 975 
comparison of power in the α (9-12 Hz) band between valid trials and invalid trials on the short CTI, collapsed 976 
across difficulty levels; highlighted channels are those averaged over to create remaining panels, chosen 977 
independently, based on Rohenkohl and Nobre (2011). Shaded areas in the lower panel indicate a significant (p 978 
< 0.05, uncorrected) difference between valid and invalid trials). c) Trial- and condition-averaged CPP binned by 979 
peri-stimulus α power (left), and effect of α bins on RT, CPP onset latency and CPP slope (right). Error bars 980 
show the within-subject SEM. Gray lines show data of individual participants, centered with respect to the 981 
condition and participant average. CI: Permutation-derived 95% confidence interval around the mean 982 
difference between conditions.  983 
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TABLES 984 

 985 

Table 1. Trial type frequency per condition in percent 986 
 SVE SVD SIE SID LVE LVD LIE LID C 

Hit 94.55 91.37 94.17 90.95 95.33 93.13 93.81 91.97 - 
Miss 4.40 7.47 4.88 8.96 2.65 4.76 3.57 5.71 - 

False alarm 1.04 1.16 0.95 0.36 2.02 2.11 2.62 2.50 4.17 
Correct rejection - - - - - - - - 95.83 

Abbreviations: SVE: short valid easy; SVD: short valid difficult; SIE: short invalid easy; SID: short invalid difficult; LVE: long 987 
valid easy; LVD: long valid difficult: LIE: long invalid easy; LID: long invalid difficult; C: catch.  988 
 989 
 990 

 991 
 992 
Table 2. Models ranked in terms of deviance information criterion 993 

v ~ difficulty v ~ validity a ~ validity Ter ~ validity DIC 
X   X -7622 
X X X X -7612 
X X  X  -7605* 
X  X X -7595 
X  X  -7523 
X X   -7443 
X    -7405 

Abbreviations: v: drift rate, a: boundary separation, Ter: non-decision time, DIC: deviance information criterion (more 994 
negative = better fit), ~: free to vary as a function of, *: primary model used to contrast the two competing accounts. 995 
 996 


















