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a b s t r a c t 

Proactive cognition brain models are mainstream nowadays. Within these, preparation is understood as an en- 
dogenous, top-down function that takes place prior to the actual perception of a stimulus and improves subsequent 
behavior. Neuroimaging has shown the existence of such preparatory activity separately in different cognitive 
domains, however no research to date has sought to uncover their potential similarities and differences. Two of 
these, often confounded in the literature, are Selective Attention (information relevance) and Perceptual Expecta- 
tion (information probability). We used EEG to characterize the mechanisms that pre-activate specific contents in 
Attention and Expectation. In different blocks, participants were cued to the relevance or to the probability of target 
categories, faces vs. names, in a gender discrimination task. Multivariate Pattern (MVPA) and Representational 
Similarity Analyses (RSA) during the preparation window showed that both manipulations led to a significant, 
ramping-up prediction of the relevant or expected target category. However, classifiers trained with data from 

one condition did not generalize to the other, indicating the existence of unique anticipatory neural patterns. In 
addition, a Canonical Template Tracking procedure showed that there was stronger anticipatory perceptual rein- 
statement for relevance than for expectation blocks. Overall, the results indicate that preparation during attention 
and expectation acts through distinguishable neural mechanisms. These findings have important implications for 
current models of brain functioning, as they are a first step towards characterizing and dissociating the neural 
mechanisms involved in top-down anticipatory processing. 
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. Introduction 

For decades, research in Cognitive Psychology has studied behav-
or while manipulating external factors, which led to theoretical mod-
ls that framed cognition mostly from a reactive point of view. Recent
ears have witnessed a renaissance of proactive cognition, where en-
ogenous top-down mechanisms play a core role in brain functioning.
ithin this framework, preparation is conceptualized as an endoge-

ous function that takes place in anticipation of incoming inputs or
emands and improves subsequent behavior ( Battistoni et al., 2017 ;
onzález-García et al., 2016 ). Neural preparatory activity has been

hown for a plethora of processes, including attention ( Battistoni et al.,
017 ; Kastner et al., 1999 ; Nobre and Serences, 2018 ), expectation
 Aranda et al., 2010 ; Kok et al., 2017 ), working memory ( Koshino et al.,
015 ; van Driel et al., 2017 ), or cognitive control ( Baines et al., 2011 ;
onzález-García et al., 2016 ; Hebart and Baker, 2018 ). Similarly, influ-
ntial models have proposed different ways in which anticipatory pat-
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erns interact with stimulus inputs to guide perception. Examples of this
re the Predictive Coding ( Auksztulewicz and Friston, 2016a ) or the
iased Competition frameworks ( Desimone and Duncan, 1995 ). How-
ver, currently these models are silent as to how different preparatory
henomena relate to each other, and whether they reflect common or
iverging underlying top-down mechanisms. 

Selective Attention and Perceptual Expectation are complex func-
ions that involve top-down and bottom-up elements. Attention refers to
he selection of relevant information based on specific goals ( Nobre and
erences, 2018 ), while expectation involves predictions based on prior
robability ( Schröger et al., 2015 ). Studies of selective attention have ma-
ipulated the relevance of information using cues that indicate the stim-
lus or dimensions to respond while ignoring others ( Battistoni et al.,
017 ; Hong et al., 2017 ; Nobre and Serences, 2018 ; Stokes et al., 2009 ).
xpectation has primarily (but not only, see e.g. Summerfield and De
ange 2014 ) been manipulated with cues that inform about the most
robable stimulus ( de Lange et al., 2013 ; Kok et al., 2017 ; Wyart et al.,
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012 ). Previous research focusing on the effect of Attention and Ex-
ectations on target processing has shown diverging (brain activity)
nd overlapping (behavioral) results. Although both lead to behav-
oral improvements ( Ho et al., 2012 ; Stein and Peelen, 2015 ), sev-
ral studies reveal that they can be, at least partially differentiable
 Rungratsameetaweemana and Serences, 2019 ; Summerfield and Eg-
er, 2009 ). Neuroimaging studies so far have found differences in con-
exts of relevance and probability (see Summerfield and Egner 2009 ,
016 for a summary), including activity increases for selected target
timuli and decreases for expected ones. Another fruitful field of re-
earch has focused on how they interact, sowing in some cases how se-
ective attention can modulate the effect of expectations ( Alilovi ć et al.,
019 ; Auksztulewicz et al., 2017 ; Jiang et al., 2013 ; Kok et al., 2012 ) and
 lack of interactions in others (e.g. Ekman et al. 2017 ; Yon et al. 2018 ).

Studies that have tried to overcome frequent confounds between
ttention and expectation (e.g. Posner 1980 ; Schröger 1996 )) have
hown separate roles of relevance and probability during target pro-
essing ( Auksztulewicz et al., 2017 ; Gordon et al., 2019 ; Simon et al.,
019 ; Wyart et al., 2012 ; Zuanazzi and Noppeney, 2019 ). On the
ther hand, research focused on preparatory activity of either atten-
ion or expectation has provided seemingly overlapping results. Cues
ndicating relevance in selective attention ( Battistoni et al., 2017 ;
obre and Serences, 2018 ) preactivate relevant regions of space pro-
essing ( Giesbrecht et al., 2006 ), specific shape patterns in visual cortex
 Stokes et al., 2009 ), patterns in category ( Esterman and Yantis, 2010 ;
onzález-García et al., 2018 ) and object-selective perceptual regions
 Peelen and Kastner, 2011 ; Soon et al., 2013 ). Similarly, cues providing
robabilistic information lead to the preactivation of specific templates
f oriented gabors ( Kok et al., 2017 ), direction ( Ekman et al., 2017 ),
otor patterns ( de Lange et al., 2013 ) or abstract shapes ( Hindy et al.,
016 ). However, all these previous investigations are agnostic regard-
ng the potential similarities or differences in such top-down prepa-
ation across relevance and probability anticipation. Unraveling the
ifferences in how anticipatory activity in different contexts reflects
he upcoming information is a necessary step to understand the dif-
erences between Attention and Expectation, and is also essential for
heoretical models that explain the neural basis of these two phenom-
na ( Auksztulewicz et al., 2018 ; de Lange et al., 2018 ; Desimone and
uncan, 1995 ). 

In our study, we employed different multivariate pattern analyses
f EEG data to directly compare the representational structure of an-
icipated contents for top-down preparation in contexts capitalizing on
elective Attention (relevance) or Expectation (probability). That is,
e examined whether the coding of anticipated stimulus content dif-

ers on the basis of the type of anticipation. To do so, we embedded
 sex/gender discrimination in a cue-target paradigm. Here, depend-
ng on the block, cues provided information about the upcoming rel-
vance or probability ( Egner et al., 2010 ; Wyart et al., 2012 ) of face
r name stimulus categories. In addition, we ran an independent lo-
alizer to study similarities between preparation and perception across
ontexts. Our first goal was to study the anticipatory mechanisms dur-
ng preparation by means of time-resolved representational similarity
nalysis (RSA, Kriegeskorte 2008 ). Then, we used multivariate pattern
nalysis (MVPA, Grootswagers et al. 2017 ) to examine whether an-
icipated stimulus categories are represented with differential fidelity
uring selected compared to probable targets. Next, we used a cross-
lassification approach to directly contrast the patterns of activity un-
erlying the representation of relevant vs. probable stimuli. Taking into
onsideration the striking differences observed during target processing
n these contexts ( Jiang et al., 2013 ; Kok et al., 2012 ; Summerfield and
gner, 2009 ; Wyart et al., 2012 ), our hypothesis was that the neural
oding that leads to such different consequences should be dissocia-
le from an early processing stage. To further understand the proposed
ifferences, we leveraged a Canonical Template Tracking approach
 González-García et al., 2021a ; Palenciano et al., 2022 ; Wimber et al.,
015 ) to observe the extent to which preparation induces the reinstate-
2 
ent of overall perceptual information in each condition. Given the
issociations between attention and expectation observed during tar-
et processing ( Gordon et al., 2019 ; Wyart et al., 2012 ) and the appar-
nt commonalities reported during their top-down preparatory states
e.g. Battistoni et al. 2017 ), our overall hypothesis was that both ma-
ipulations would lead to the pre-activation of anticipated contents but
hrough at least partially different neural mechanisms. 

. Methods 

Methods are reported in accordance with the Committee on Best
ractices in Data Analysis and Sharing (COBIDAS) M/EEG ( Pernet et al.,
018 ). 

.1. Data and code availability 

Original code has been deposited at Github and is publicly available
s of the date of submission. Results have been deposited at OSF website.
aw data are available online at OpenNeuro . 

.1.1. Participants 

Forty-eight participants (mean age = 22.06, range = 18–31; 29
omen, 18 men, 1 non-binary) from the University of Granada were

ecruited and received from 20 to 25 euros, depending on their per-
ormance. Two additional participants were discarded due to low be-
avioral accuracy (less than 80%) or excessive noise in the EEG (more
han 20% discarded trials). They were all native Spanish speakers, right-
anded with normal or corrected vision, and signed informed consent
rior to participation. Besides, to comply with COVID-19 guidelines, the
emperature of participants was measured upon arrival (always < 37 °C),
hey confirmed to have had no illness symptoms in the days prior to
he experiment and wore a face mask during the whole session. Sample
ize was calculated to achieve a statistical power of 80% for an esti-
ated small effect size (Cohen’s d = 0.3) and three independent vari-

bles (block x category x cueing). Using PANGEA (Power aNalysis for
Eneral ANOVA designs ( Westfall, 2016 ) we obtained a minimum of 32
articipants to be able to detect the block x cueing interaction in reac-
ion times and behavioral accuracy, our main behavioral prediction. To
t the counterbalancing scheme, we tested 48 participants. This sample
ize provides an estimated power of 94% under the described parame-
ers. 

.2. Apparatus, stimuli, and procedure 

Stimulus presentation and behavioral data collection were done with
he Psychophysics Toolbox 3 ( Brainard, 1997 ) on MATLAB (v.2020a)

n a Microsoft PC. Stimuli were presented on an LCD screen (Benq,
920 × 1080 resolution, 60 Hz refresh rate) over a gray background.
e employed 160 male and female faces (50% each, with ∼6°x9° visual

ngle, extracted from The Chicago Face Database ( Ma et al., 2015 )) plus
60 unique Spanish male and female names (50% each, with ∼8°x2°
isual angle). Four different geometrical shapes (circle, square, rain-
rop and diamond with thin black outlines, unfilled, ∼2°x2° visual an-
le) were used as cues in the main task. The sound stimuli employed in
he localizer blocks consisted of four different tones (250, 300, 350 and
00 Hz). 

The main task was a cue-target paradigm where, depending on the
lock, cues carried information about either the relevance (Attention) or
he probability (Expectation) of upcoming face or word targets. Each trial
tarted with the presentation of this visual cue. For each participant, and
o avoid perceptual confounds, two cue shapes (counterbalanced across
articipants) were associated with faces and two with names. Impor-
antly, cue pairs (the cue associated with faces and names) changed
hrough the experiment. This way, the first cue for faces (e.g. a cir-
le) appeared in half of the blocks with the first cue for names (e.g. a
quare) and the other half with the second cue for names (e.g. diamond).

https://github.com/ChemaGP-UGR/AttExpLoc_EEG
https://osf.io/2rhjn/?view_only=1a729284b9d549b082ef725bc5081f3d
https://openneuro.org/datasets/ds004502


J.M.G. Peñalver, D. López-García, C. González-García et al. NeuroImage 271 (2023) 119960 

Fig. 1. Behavioral task and design (A) Behavioral task: example trial. 
Participants were cued about an incoming target stimulus (a face or 
a name) with which they performed a sex/gender classification task. 
(B) Block starting screen. In Attention blocks, the cue indicated the 
relevant stimulus. Participants performed the judgment on top of the 
screen only if the stimulus matched the cue. In non-relevant trials, par- 
ticipants responded with the “no ” key. In Attention blocks the cues 
were not predictive of the probability of the target (50% faces vs. 
names) or the response. In Expectation blocks the cue indicated the 
probability of the stimulus category, which appeared 75% of times. 
Participants had to perform the judgment regardless of the cue (thus 
predicted and unpredicted targets were equally task-relevant), which 
carried no response information either. That is, in both blocks partici- 
pants responded in all trials and perceptual details were fully equated. 
(C) MVPA classification rationale. In cue-locked within-block analy- 
ses, the classifier was trained to differentiate between anticipated (rel- 
evant or probable, depending on the block) faces vs. names with one 
pair of cues and then tested on the other, in either attention or expecta- 
tion conditions. Note that classifiers could not use block information 
to differentiate between faces and words, as these were matched in 
every contrast. Across-blocks, the classifier was trained with one pair 
of cues within one condition (e.g., attention) and then tested on the 
other pair of cues within the other condition (e.g., expectation). 
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he task was to indicate the sex/gender of this target (male or female).
articipants pressed one of two keys ( “a ”, “l ”, counterbalanced across
articipants) to respond whether or not the target belonged to the gen-
er stated at the beginning of each block. Half of the blocks belonged to
he Attention condition, and the other half to the Expectation condition.
articipants were verbally instructed to use the cues in the two blocks to
espond as fast as possible while avoiding mistakes. At the beginning of
ach block ( Fig. 1 B), they were informed about the block (Attention or
xpectation), the target sex/gender ( “Is the target male/female? ”), and
he two cues (one for faces and one for names). Importantly, and since
ttention and Expectation are involved in almost any act of visual per-
eption, we aimed at manipulating one process while keeping the other
onstant. In Attention blocks, the cue indicated the relevant stimulus cat-
gory to select (either faces or names). Only if the stimulus belonged to
he relevant category (50% trials, cued), the participant had to perform
he gender discrimination task on the target. Otherwise, participants
ad to answer ‘ no ’ regardless of the stimulus sex/gender (non-relevant
ategory, uncued). Note that this manipulation of relevance, where fur-
her processing has to be applied only to selected stimuli, is similar to
hat employed in previous literature (e.g. Baldauf and Desimone 2014b ;
aenz et al. 2002 ; Summerfield et al. 2006 ; Womelsdorf et al. 2006 ).
herefore, participants had to give an answer to all Attention trials, and
ad to be prepared to perform the gender judgment task. Importantly,
oth relevant and non-relevant targets were matched in expectation, as
y design they appeared with a 50% probability after each attention cue.
n the other hand, in Expectation blocks the cue indicated the probable
3 
ategory of the target, with a 75% likelihood (e.g. de Lange et al. 2013 ;
ok et al. 2017 ) for similar manipulations). Here, participants had to
erform the gender discrimination task in all trials, whether or not the
arget was cued. This way, both the expected and unexpected targets
ere equally relevant. 

In every trial of the main task, the sequence of events was as fol-
ows: a 50 ms cue was followed by a fixed Cue-Target Interval (CTI) of
500 ms and then the target appeared for 100 ms. Trials were separated
y 2500 ms intervals. Auditory (tone, 400 Hz, lasting for 300 ms) and
imultaneous visual feedback (words “Attention ” or “Expectation ”, de-
ending on the block presented for 500 ms) appeared in case of a wrong
nswer 1.3 s after target presentation, without altering the trials dura-
ion. Each trial lasted 4.15 s and each block 1.23 min. This main task
as composed by 32 blocks of 20 trials each, or 640 trials in total. 

In addition, Attention and Expectation blocks were interspersed with
ocalizer ones, used to measure target perceptual processing without
vert motor activity (adapted from Egner et al. (2010) ). In these, the
ame stimuli as in the main task were presented. They were preceded
y auditory cues that predicted either faces or names with 75% valid-
ty. Similar to the main task, there were two tones predicting faces, and
wo tones predicting names. One of each type was used per block. This
anipulation was not used for the analyses reported in this work. Partic-

pants had to press a key only if the stimulus appeared upside down (ro-
ated 180°, 10% of trials equated in stimulus category and sex/gender),
egardless of cue validity. At the beginning of each block, a screen indi-
ated the type of block and the two tones for the block. There were 16 lo-
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alizer blocks of 40 trials each, 640 trials in total. The cue lasted 200 ms,
he visual stimuli appeared after an ISI of 1500 ms and stayed onscreen
or 100 ms. Trials were separated by 1500 ms intervals. Overall, each
ocalizer trial lasted 3.3 s and each localizer block lasted 2.12 min. 

The three types of blocks (Attention, Expectation and Localizer) ap-
eared in a fully counterbalanced order, so that they preceded and fol-
owed each other an equal number of times. Cues and target stimuli were
lso fully counterbalanced across participants. In total, the whole exper-
mental session lasted approximately 80 min, with additional practice
nd EEG preparation time. 

. EEG data acquisition and preprocessing 

.1. Acquisition 

High-density EEG was recorded with 64 channels mounted on an
lastic cap (actiCap Slim, BrainVision) at the Mind, Brain and Behavior
esearch Center (CIMCYC) of the University of Granada. Impedances
ere kept below 10 k Ω as recommended by the amplifiers’ manufactur-

rs. EEG activity was referenced online to FCz and recorded at a sam-
ling rate of 1000 Hz. 

.2. Preprocessing 

Data were preprocessed using EEGLAB ( Delorme and Makeig, 2004 )
nd custom MATLAB scripts ( López-García et al., 2022 ). EEG record-
ngs downsampled to 256 Hz, digitally low-pass filtered using FIR filter
t 120 Hz and high-pass filtered at 0.1 Hz. A notch bandpass was ap-
lied at 50 and 100 Hz to remove line noise and its harmonics. Channels
ith excessive noise were identified by visual inspection and removed

rom the data (1.85% of channels on average, range 0–5). We used dif-
erent epochs for cue and target stimuli and in each we split the data
nto 3 s epochs (-1 to 2 s after the onset of each stimulus). Then, In-
ependent Component Analysis (ICA) was carried out to remove eye
rtifacts (i.e. blinks and lateral eye movements) using the runica algo-
ithm from EEGLAB. Component rejection was guided by visual inspec-
ion of scalp maps, raw activity and power spectrum. ICLabel was used
or further confirmation. In average 1.85 components were removed per
articipant (range 2–4). Next, we performed automatic trial rejection to
rune the data from non-stereotypical artifacts. It was based on three
actors: 1) abnormal spectra: trials in which the spectrum deviated from
aseline by ± 50 dB in the 0–2 Hz frequency window (sensitive to re-
aining eye artifacts) or deviated by -100 dB or + 25 dB in 20–40 Hz

sensitive to muscle activity); 2) improbable data: the probability of oc-
urrence of each trial was computed by determining the probability dis-
ribution of values across trials, with a rejection threshold established
t ± 6 SD; (3) extreme values: all trials with amplitudes in any electrode
ut of a ± 150 𝜇V range were automatically rejected (see Keil et al. 2014 ;
ópez-García et al. 2020 , 2022 ) for similar preprocessing routines). The
hree methods in sum yielded an average of 8% of rejected trials per
articipant (range 1.8–19%). Afterwards, the removed channels were
epaired by spherical interpolation. We then applied common average
o re-reference the data, given its widespread use and its optimal adapta-
ion to high-density recordings ( Pernet et al., 2018 ). Finally, trials were
aseline corrected in the -200 to 0 ms prior to stimulus onset. 

. Analyses 

.1. Behavioral 

The main task design had three within-subject factors: Block type
Attention vs. Expectation), Cueing (Cued vs. Uncued) and Stimulus cat-
gory (Faces vs. Names). We calculated three-way repeated measures
NOVA separately for behavioral accuracy and reaction times (RTs) em-
loying JASP ( Love et al., 2019 ). For each participant, trials with longer
4 
r shorter RTs than the average ± 2 SDs were discarded (11.54% on av-
rage). Behavioral results in the localizer were not relevant and were
ust considered as exclusion criteria in case of poor performance. 

.2. Representational similarity analysis 

Representational Similarity Analysis (RSA) allows relating empir-
cal multivariate measures of brain activity to theoretical models
 Kriegeskorte et al., 2008 ). We performed RSA using voltage values on a
ubject-by-subject basis. Prior to the analyses data were normalized by z-
coring the values across all trials, regardless of the condition. We then
onstructed empirical Representational Dissimilarity Matrices (RDMs)
very three time points, which measure the geometrical distances be-
ween all experimental conditions (see MVPA section) and, finally, esti-
ated the relationship between empirical RDMs and theoretical models.

RDMs were built with data from eight conditions, yielding 8 × 8
ymmetrical matrices. These conditions were all the possible combina-
ions between the design variables: cue prediction (faces and names); cue

hape (shapes 1 and 2 for faces, shapes 3 and 4 for names) and block

attention and expectation). We employed a Linear Discriminant Con-
rast (LDC, also known as Crossvalidated Mahalanobis Distance, (see

alther et al. 2016 ) as measure of distance between conditions, for
he following reasons: it is a continuous measure, so it is highly reli-
ble, informative, and lacks a ceiling effect; it includes a crossvalidation
oop, which makes it less prone to biases; and it is centered around 0
hen the true distance is 0 and therefore it is easier to interpret and
ore generalizable ( Nili et al., 2014 ). We calculated LDC as described

n Bueno and Cravo (2021) . For every time point and each pair of condi-
ions, we calculated the mean of each channel. This was done in two dif-
erent datasets (train and test), to perform two-fold crossvalidation. We
sed two-fold crossvalidation to minimize computational costs, while
voiding biases due to random noise ( Walther et al., 2016 ). The dis-
ance between the two conditions in the two folds was multiplied by
he pseudo inverse covariance matrix between the residuals of the first
nd the second conditions in the training set, and the distance values
ere then averaged across the two folds. 

Theoretical RDMs ( Fig. 3 a) were built based on the expected dis-
ances (assigning values of 0 or 1) between conditions, according to dif-
erent hypotheses. We built three such model RDMs based on: (1) cue
hape (increased similarity between cues with same shape, regardless
f the block and predicted target); (2) category (increased similarity
etween cues that predict the same stimulus category); and (3) block
increased similarity between cues belonging to the same block). The
ext step was to estimate the share of variance that each of these three
odel RDMs explained. To do so, at each time point we fitted a linear

egression with the model RDMs as regressors and the empirical matrix
s dependent variable. As a result, we obtained a t-value for each model,
ime point and participant that explained a significant unique portion of
he variance, above that explained by the other regressors. 

We used a non-parametric cluster-based permutation method to in-
er statistical significance at the group level, against empirical chance
evels. First, at the single-subject level we randomly permuted the la-
els of the theoretical matrices. These permuted matrices were used as
ndependent variables on a linear regression, which was repeated 100
imes per participant. This gave 100 chance level t -values per participant
nd model. Then, one t-value for each model was randomly drawn per
ubject and the selected values were averaged. This was repeated 10 5 

imes to obtain 10 5 permuted group t-values. For each time point, the
mpirical chance distribution was estimated. As expected, this yielded
 t-value distribution centered around 0. The above and below thresh-
lds were estimated so that they included the 99% of the distribution.
roups of consecutive time points with values outside the previously
alculated thresholds were measured generating the null distribution of
luster sizes. Finally, to further ensure correction for multiple compar-
sons, we used a False Discovery Rate (FDR) approach to determine the
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mallest cluster size deemed significant for 𝛼 = 0.01 ( López-García et al.,
022 ; Stelzer et al., 2013 ). 

Besides, to estimate the topography of each model we repeated the
nalyses for each channel separately, estimating the empirical matrix us-
ng all time points. That is, at each channel we fitted a linear regression
ith the theoretical models as regressors. 

.3. Time resolved multivariate pattern analysis (MVPA) 

We used time-resolved MVPA ( Grootswagers et al., 2017 ) to study
timulus category-specific preparation by classifying faces vs. names.
ote that we did not intend to directly classify attention vs. expectation,
s this approach would be biased by existing block differences between
hese conditions. Instead, classifiers were trained and tested to differen-
iate between faces and names within blocks, and comparisons between
ttention and expectation were always performed with this base con-
rast. Also, classifications were done before stimulus presentation with
ue-locked EEG, where faces and names were anticipated as relevant or
robable by the cue (targets were not relevant for this work and thus
ot analysed). The steps of the classification were equal for all analy-
es unless otherwise specified and were performed with voltage values.
lassification was performed using MVPAlab ( López-García et al., 2022 )
unning on MATLAB. To maximize observations while reducing compu-
ational costs, we performed an MVPA classification every three time
oints. This way features used for classification were trials by channels
atrices of raw voltage in single time points t n . 

We applied two strategies to increase signal-to-noise ratio. First, the
rials used were the result of averaging sets of three trials (randomly
elected) in each condition ( Grootswagers et al., 2017 ). Then, we em-
loyed a smoothing method, based on a moving average filter with a
ength of 3 time points. For every t n the features of the previous and
he following data points were averaged, so that t n = (t n-1 + t n + t n + 1 )/3.
hen, classes were balanced by subsampling the class with more trials
o that the number of trials from the two conditions fed to the algorithm
tayed the same ( Grootswagers et al., 2017 ). A five-fold stratified cross-
alidation loop was implemented ( King et al., 2013 ), which ensures that
he proportion of each class stays balanced across folds, thus increasing
he classification applicability to unknown data. Data were divided into
ve parts, which are enough to obtain unbiased results with a relatively
mall computational cost ( Grootswagers et al., 2017 ; Varoquaux, 2018 ).
he classification algorithm was trained with the first four divisions
training set) and tested on the remaining one (test set). This was re-
eated five times with the different sets. To improve the performance of
he classifiers and the generalizability of multivariate analyses results
 Singh and Singh, 2020 ), we normalized the data. Normalization was
arried out within the cross-validation loop ( King and Dehaene, 2014 ).
ithin each fold, we calculated the mean and standard deviation of each

lectrode across the training trials. The train set (X train ) and testing set
X test ) were normalized as follows: 

 train = 

X train − μtrain 
𝜎train 

X test = 

X test − μtrain 
𝜎train 

here 𝜇train and 𝜎train are the mean and standard deviation of the train-
ng set. 

We used Linear Discriminant Analysis as classification algorithm,
iven its good fit to typical EEG variability and higher sensitivity than
imilar methods (e.g. Support Vector Machines, see ( Grootswagers et al.,
017 ; Kerrén et al., 2018a )). Time ranges were from -100 to 1550 ms.
lassification results were estimated with an empirical receiver oper-
tive curve (ROC) analysis and reported as the area under the curve
AUC). This method works as an estimate of the true positive rate as a
unction of the false positive rate. The AUC is a non-parametric criterion-
ree method, so it does not involve assumptions about the true distribu-
ion of the data ( King and Dehaene, 2014 ). Besides, it is less susceptible
o systematic biases and it is especially sensitive to two-class differences.
UC results can be interpreted similarly to classification accuracy, with
5 
.5 indicating equal probability of true positives and false positives and
 accounting for perfect discriminability between classes ( King et al.,
013 ). 

To estimate statistical significance, we again used cluster-based per-
utation analyses. In this case, the labels of each trial were randomly
ermuted. This was repeated 100 times per participant, generating
hance level results. After following the same process as in the RSA
ection (using AUC instead of t-values) we ended up with a distribution
entered around chance levels (0.5). 

.3.1. Temporal generalization analyses 

To characterize the changes of the signal throughout the temporal
indow, we employed a temporal generalization approach ( King and
ehaene, 2017 ). On each time point we trained a classifier following

he process described above. Then, we tested it on all time points of the
reparation time window. This rendered a Temporal Generalization Ma-
rix (TGM) representing the AUC values for each train-test pair. Statis-
ical significance was then calculated for each TGM following the same
ationale as with time-resolved analyses. The only difference was set-
ing the minimum statistically significant threshold for cluster sizes to
 < 0.001, to avoid small clusters. 

.3.2. Category-specific anticipation within attention and expectation 

ontexts 

The process described was applied to the cue-locked EEG separately
or Attention and Expectation blocks, training classifiers to tell apart
ata from trials in which the cue anticipated faces vs. names. In a first ap-
roximation, we used trials of all cue shapes in each category ( Fig. 1 C).
ext, to ensure that classification results were not biased by percep-

ual differences between the geometrical shapes used as cues, we im-
lemented a classification approach across cues. We first trained the
lassifier with data from only one pair of cues (e.g., classifying between
quares predicting faces and diamonds anticipating names) and then
ested it on the other pair (e.g., testing with circles that predicted faces
nd drops that predicted names). Because of the design, the selected
raining and testing pairs of cues only appeared together in half of the
locks. This cross-classification ensures that only the common differ-
nces between the two classified pairs will be decoded from the results
 Kaplan et al., 2015 ), thus removing perceptual confounds. We averaged
he results of both directions and their permutation maps to obtain a
reater signal-to-noise ratio and to reduce biases due to the classifica-
ion of specific perceptual features. The averaged results were then fed
o the same statistical algorithm used previously to obtain cluster-based
hresholds of statistical significance. 

Once the results of these classifications were obtained, we compared
he scores in Attention vs. Expectation blocks. To do so, we subtracted
he empirical results of the two conditions (Attention – Expectation).
imilarly, we subtracted the results of one of the 100 permutated chance
evel accuracy scores obtained during the cluster analysis in one condi-
ion from one from the other. We used the same cluster-based permuta-
ion described above to evaluate differences in the two directions (At-
ention > or < Expectation). In this analysis the permuted distribution is
entered around zero. Since we (arbitrarily) subtracted Attention - Ex-
ectation, positive values indicated greater results for Attention, while
egative values indicated greater results for Expectation. 

.3.3. Cross-classification between attention and expectation 

To estimate the degree to which patterns of brain activity are shared
or preparation across Attention and Expectation, we employed a cross-
lassification approach. We trained a classifier with data from one con-
ition and then tested it on the other. We first did this using data from
ll trials in each condition, incorporating all four types of cues. Again,
o rule out perceptual confounds we repeated the analyses following the
ame rationale described in the previous section (see Fig. 1 C for a sum-
ary of the condition selection strategies). In addition, we performed
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Fig. 2. Behavioral results. Participants responded with a yes/no key press to the question asked at the beginning of each block. Note that in attention blocks, uncued 
trials were always responded with a “no ” response. (A) Reaction times (in seconds) in Attention and Expectation blocks, for cued and uncued trials. (B) Accuracy in 
Attention and Expectation blocks, for cued and uncued trials. (C) RTs and accuracy for face and name targets, averaged across conditions. Dots represent individual 
subject ( n = 48) scores per experimental condition. Gray lines connect each participant’s score in the two conditions of each block. The horizontal black line inside 
boxes represents the median, the horizontal red line represents the mean, while the limits of the box indicate the first and third quartile. Note that due to the high 
SD, the mean and the median may differ slightly. Whiskers indicate the 1.5 inter quartile range for the upper and lower quartiles. 
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 control analysis to ascertain that cross-classification between Atten-
ion and Expectation blocks was feasible. Here we trained and tested
sing cues with the same physical form (e.g. train circle vs. square in
ttention, test circle vs. square in expectation) to observe whether the
lassifiers could extract the physical patterns of the cues even across
verall changes in block demands. 

.4. Canonical template tracking 

Finally, we compared the sustained patterns that arose during the
reparatory interval with the actual perception of face and name stim-
li. To do so, we obtained Canonical Template Patterns ( González-
arcía et al., 2021b ; Palenciano et al., 2022 ; Wimber et al., 2015 ) of
rain activity generated by faces and names in the independent local-
zer blocks. First, we performed an MVPA analysis in localizer trials fol-
owing the same process as in previous analysis. Then, we selected the
ime window where the classifiers locked to the localizer target stimuli
n the localizer had the highest AUC (i.e., when activity patterns were
ore dissimilar) across participants (Fig. S1), which was 100–300 ms

fter stimulus onset. Then, and separately for face and name localizer
rials, we averaged the raw information of every time-point and trial in
he selected window for each channel and category. This resulted in a
ector of 64 channel activity values for faces and another one for names
n each participant. Next, these CTP of faces and names were used as re-
ressors in a linear regression where the dependent variable was the raw
hannel activity for each channel and condition during every time-point
n the preparation or target window of the main experimental task. This
endered two t-values per time-point that accounted for the variance ex-
lained for each CTP (faces and names). We did this analysis separately
n Attention and Expectation, for cues predicting faces and names and
or face and name targets. To estimate statistical significance, we used
he same cluster-based permutation analysis described above. Briefly,
efore averaging localizer data to create the templates for faces and
ames, we randomly permuted the trials of both conditions. This was
epeated 100 times for each stimulus. Then, the randomly permuted
TPs were used as regressors, which gave 100 t -values for each partic-

pant and template. Then, the process was identical to the one we used
n the RSA analysis. To estimate significance in when comparing the re-
ults for Attention and Expectation, we employed the method described
n Section 5.3.2. 

Importantly, we used localizer data only from the targets, even
hough probabilistic cues were also included in these blocks. The lo-
alizer only included probabilistic (not relevance) cues, so it would not
6 
ive equal insight into both relevance and probability contexts in the
ain task. Also, we considered that overall task demands between the

ocalizer and the main experiment were too large to interpret unambigu-
usly a potential lack of generalization of anticipation between these
wo contexts. Furthermore, the localizer was not designed to elicit reli-
ble preparatory neural activity, which was hence not tested. 

. Results 

.1. Behavioral 

Forty-eight participants completed a cue-target paradigm where, de-
ending on the block, cues carried information about either the relevance

Attention) or the probability (Expectation) of upcoming face or word
argets ( Fig. 1 A). Analysis of participants’ behavioral results showed
hat preparation for the incoming target stimuli affected performance. A
hree-way repeated measures ANOVA on reaction times (RTs) showed
ain effects of Block (F 47,1 = 56.45, p < 0.001, 𝜂p2 = 0.54), Cueing

F 47,1 = 5.59, p = 0.022, 𝜂p2 = 0.11) and Category (F 47,1 = 50.52,
 < 0.001, 𝜂p2 = 0.52). Overall, responses were faster in Atten-
ion ( M = 569 ms, SD = 0.01) than Expectation ( M = 598 ms,
D = 0.01) blocks. Cueing affected RTs differently depending on the
lock (Block ∗ Cueing, F 47,1 = 9.07, p = 0.004, 𝜂p2 = 0.16; Fig. 2 A).
ost-hoc tests showed no effect of Cueing for Attention ( t < 1) whereas
here was an effect for Expectation (t 47,1 = 3.6, p < 0.001, Cohen’s
 = 0.52). Expected (cued) targets elicited faster responses on average
 M = 592 ms, SD = 0.06) than unexpected (uncued) targets ( M = 603 ms,
D = 0.07). Category also induced significant differences. Post-hoc tests
howed faster responses for faces ( M = 576 ms, SD = 0.7) than for names
 M = 591 ms, SD = 0.75), t 47,1 = 7.51, p < 0.001, Cohen’s d = 1.08;
ig. 2 C. 

The ANOVA on behavioral accuracy showed results in the same di-
ection albeit less prominent. Both Cueing (F 47,1 = 4.33, p = 0.043,
p2 = 0.01) and Category (F 47,1 = 7.04, p = 0.011, 𝜂p2 = 0.011) were
ignificant, and there was no main effect of Block ( p > 0.05), with
oth conditions presenting high accuracy overall (Attention: M = 0.92,
D = 0.07; Expectation: M = 0.93, SD = 0.07). Again, we found that
ueing affected each block differently (Block ∗ Validity, F 47,1 = 9.67,
 = 0.003, 𝜂p2 = 0.15; Fig. 2 B). Although there were no differences
n Attention ( t < 1), there was an effect of expectations (t 47,1 = 3.59,
 = 0.003, Cohen’s d = 0.52), with cued trials eliciting more accu-
ate responses ( M = 0.947, SD = 0.026) than uncued ones (0.929,
D = 0.035). Post-hoc tests showed less accurate responses to faces
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Fig. 3. (A) RSA theoretical matrices and (B) results. In (A), black squares represent high similarity between conditions and gray squares represent low similarity. 
In (B), each line depicts t-values from a linear multiple regression fit for the three theoretical dissimilarity models, showing the unique share of variance explained 
for each of the factors. The colored straight lines above indicate significance clusters after a cluster-based permutation analysis. Gray shading indicates cue presence 
onscreen. The cue model (red) indicates dissimilarity between cue shapes, regardless of the block or prediction; the category model (green) indicates similarity 
between cues predicting faces or names; the Block model (blue) shows overall preparatory differences between Attention and Expectation. (C) Topographies of each 
model after using time points as features and repeating the analysis on each EEG channel. 
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 M = 0.93, SD = 0.4) than to names ( M = 0.94, SD = 0.37; Fig. 2 C),
 47,1 = 2.65, p = 0.011, Cohen’s d = 0.38; Fig. 2 C. Overall, these results
ndicate that, as instructed, cues were used effectively and also differ-
ntly across blocks. 

.2. Time-resolved profile of preparation 

Our first aim was to assess the emergence of specific coding patterns
inked to different information content during preparation in Attention
s. Expectation contexts. The perceptual features of the cue should be
rocessed, and their contextual meaning extracted to anticipate general
arget-category information. This anticipated target category should be
ctivated and maintained in working memory to later provide an ef-
cient response. To assess the contribution of each of these sources
f information to preparatory activity we employed model-based RSA
 Kriegeskorte, 2008 ). 
7 
Results of the multiple regression for the three RSA models built (Cue
hape, Category and Block, see Methods section and Fig. 3 A) revealed
he unique variance explained by each of the factors entered in the anal-
sis. A peak of the Cue shape model appeared first, at 160 ms after cue
resentation, and decayed fast afterwards ( Fig. 3 B, red line). In contrast,
he coding of the specific incoming target category increased progres-
ively along the interval, reaching its peak right before the presenta-
ion of the actual target ( Fig. 3 B, green line). In addition, the variance
xplained by the blocks reached its peak around 500 ms after cue on-
et, slowly decayed along the interval, and fell below significance levels
00 ms before target onset ( Fig. 3 B., blue line). 

.3. Time-resolved classification shows increasing AUC throughout the 

reparation interval 

We then studied the coding of the anticipated specific information
uring the preparation interval, separately for Attention and Expecta-



J.M.G. Peñalver, D. López-García, C. González-García et al. NeuroImage 271 (2023) 119960 

Fig. 4. Raw voltage time-resolved cue decoding results. Result of the time- 
resolved classification of the category (faces vs. names) to be selected (blue) 
vs. expected (orange). Horizontal colored lines indicate statistical significance 
against chance within each block. Gray shading indicates cue presence onscreen. 
Figure shows the result of training and testing as described in Fig. 1 C (dotted 
line). For the results using all the cues together for training and testing see Fig. 
S2. 
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ion. Importantly, we did not compare cued vs. uncued targets, but cues
hat predicted (relevant or probable, depending on the block) face vs.
ord stimuli within the same block. Using the two cues of each category

ogether for training and testing returned a classification weighted on
he perceptual features of the cues (see Fig. S2 for a detailed description
f the result), similar to the Cue model in Fig. 3 (red line). Afterwards,
e employed a cross-classification analysis between different cues to
void cue perceptual confounds in the classification ( Fig. 4 ). Since two
ifferently shaped cues coded for each type of category, we trained the
lassifier in one pair and tested it on the other, repeated the process in
he opposite direction and averaged both. Similar to the Category model
n Fig. 3 , time resolved cross-classification showed that the accuracy in
he decoding of the anticipated category increased as the target onset
pproached. We employed the subtraction approach described in the
ethods section, but we found no differences in classification between
ttention and Expectation (all ps > 0.05). We repeated a regression anal-
sis to predict the cross-classification result of each participant based
n the average time-resolved result (t-values) of each RSA model. As
xpected, the category model ( Fig. 3 , M = 0.35, SD = 2.37) explained
he results better than any other. T-values were nominally higher than
he cue model ( M = 1.04, SD = 1.42) and significantly higher than the
lock model ( p < 0.01). 

.4. Relevance- and probability-driven preactivations are stable 

While the previous results provide an initial characterization of neu-
al coding of specific category information during the preparation in-
erval, they do not allow to explore the extent to which relevant repre-
entations are stable during this time window, since significant decoding
n different time points could be driven in principle by different mecha-
isms. To investigate this, we employed a cross-time decoding approach
 King and Dehaene, 2014 ) to compare different patterns of brain activity
cross the preparation interval. For this, we trained a classifier in one
ime point and then tested it on all the points of the interval ( Fig. 5 A and
8 
). Results showed clear signs of generalization during the preparation
nterval in both Attention and Expectation conditions (black outlines).
he clusters of activity grew increasingly larger up until the target’s
nset, indicating that the underlying patterns remain relatively stable
uring the preparation period. We then compared the results of both
nalyses following the same rationale as above: we subtracted the result
atrices for both conditions and performed a one-side T-test against 0.
his analysis did not yield any significant results, indicating that the
ccuracy of anticipatory category decoding was not different between
onditions. Altogether, these results suggest that preparation in both
ttention and Expectation leads to a similar level of discriminability of

he anticipated (relevant or probable) category. However, this analysis
s agnostic regarding potential similarities in how anticipated relevant
s. probable information is coded, as different underlying mechanisms
ould lead to similar accuracy results. 

.5. Attention and expectation induce distinct patterns of preparatory 

ctivity 

To examine the mechanisms supporting the classification results, we
sed multivariate cross-classification by training the classifier in one
ondition and then testing it on the other. Similar patterns of brain activ-
ty should generalize between conditions, while differences should pro-
ide chance-level classification. The number of observations employed
or this, as well as the inter-block temporal distance, were also matched.
he averaged results (training in attention and training in expectation)
or raw voltage cross-classification are shown in Fig. 5 C, D (see Fig. S3
or the results split by train and test direction). Common coding be-
ween anticipating relevance vs. probability of stimulus categories was
carce. Small significant clusters appear scattered through the temporal
eneralization interval. This result complements the previous analysis
y suggesting that different neural mechanisms support the classifica-
ion results. In addition, the control analyses performed using the same
hysical cues to cross-classify between attention and expectation (see
ig. 5 E) show that generalization across blocks is feasible, given that
he classifier shows significant above-chance performance to predict the
erceptual shape of cues across attention and expectation conditions. 

.6. Tracking perceptual patterns of brain activity 

We have shown that although Attention and Expectation lead to sim-
lar degrees of anticipatory classification, their underlying neural pat-
erns are partially different. We hypothesized that such differences could
rise due to the extent to which anticipatory representations function
s perceptual reinstatements of the prepared target categories. In this
ase, the preparatory patterns that allow to classify anticipated faces and
ames should be similar to those triggered during actual stimulus per-
eption. To assess such reinstatement of target representations during
reparation, we obtained canonical template patterns (CTP; Palenciano
t al. 2023) of brain activity associated with faces and names (as de-
cribed in the Methods section). We then fit a linear regression with the
wo CTPs as regressors to measure the extent to which these explained
ariance in preparatory activity across conditions, in each time point
see Fig. 6 ). 

First, to complement the behavioral results regarding face and name
rocessing, we applied the CTP to EEG activity locked to target onset in
ttention and Expectation (Fig. S4). The face CTP explained better the
erception of target faces, while same was true for the name pattern on
ame perception. Moreover, face processing was more pronounced, but
ecreased more rapidly. Name processing, on the other hand, reached a
ower peak but it decreased more slowly over time. As expected, these
esults further suggest that faces and names are processed differently. 

Then, we compared how these canonical templates overlapped with
reparatory activity in Attention vs. Expectation contexts. Since both
TPs similarly explained face and name predicting cues, here we show
he average result of the two types of cues separately in Attention and
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Fig. 5. Raw voltage temporal generalization results. (A-B) Temporal generalization results using the cross-cue decoding scheme, within (A) Attention and (B) 
Expectation conditions. Black outlines indicate statistical significance against chance. Black boxes indicate cue presence on screen. (C-D) Cross-condition classification 
results. Classification using the scheme described in Fig 1 C, depicting the average of the two train and test directions. (C) Time-resolved classification of anticipatory 
information coding after training and testing the classifier in different conditions yielded no significant decoding. (D) Temporal generalization matrix. For visualization 
purposes, we averaged training and testing in the two directions (train attention and train expectation). The horizontal axis shows the times for training and testing 
in Expectation, and the vertical axis that of training and testing in Attention. That is, we inverted the axis of one of the directions before averaging. We chose this 
rationale because activity that is better represented in only one of the conditions should appear only on one side of the diagonal (e.g., above) when training and the 
opposite when testing (e.g., below). Averaging this way, we can show information that would not be visible doing a standard average. The non-averaged results for 
both directions can be found in the Supplementary Section (Figure S1). (E) A control cross-classification between Attention and Expectation (Orange: Train Attention 
– Test Expectation. Purple: Train Expectation – Test Attention) employing the same pairs of cues to train and test the classifier (e.g. train with circles in Attention, 
test with circles in Expectation) shows that classification across blocks is feasible. However, whereas the perceptual features of the cues generalize across Attention 
and Expectation (significance is marked with colored bars), the specific preactivation of contents before target onset does not. 
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xpectation blocks. Note that whereas such averaging prevents draw-
ng any conclusion regarding selective preparation, it allows contrast-
ng the extent of overall perceptual reinstatement across relevance vs.
robability anticipation. Crucially, both perceptual templates were bet-
er predictors of category anticipation in the Attention compared to the
xpectation condition (see Fig. 6 ). Overall, these results indicate that re-
ardless of the intrinsic differences in face and name processing, there
s an overall stronger perceptual reinstatement for Attention than for
xpectation. Note, importantly, that this stronger coding cannot be ex-
lained by overall increased difficulty, as responses were faster in atten-
ion compared to expectation blocks (see Behavioral Results section). 

. Discussion 

In the present work we studied and contrasted, for the first time, the
op-down neural mechanisms engaged during category-specific prepa-
ation in two major information-processing contexts: Selective Atten-
9 
ion and Perceptual Expectations. Our results reveal that the anticipated
timulus category is active during preparation, regardless of the specific
emands. Crucially, we demonstrate that relevance and probability in-
uence the preparatory patterns of brain activity in a unique manner,
otentially via differences in the perceptual reinstatement of anticipated
nformation. Overall, these results have important implications for the-
retical models that explain how the brain anticipates relevant vs. prob-
ble forthcoming information. 

Our behavioral results show that the paradigm manipulated Atten-
ion (relevance) and Expectation (probability) in an effective manner
nd as expected ( Baldauf and Desimone, 2014b ; Kok et al., 2017 ).
ued trials in Attention required further processing than those un-
ued, as participants were required to evaluate the sex/gender of
he cued stimulus category and skip this judgment in uncued ones
 Baldauf and Desimone, 2014a ; Saenz et al., 2002 ; Summerfield et al.,
006 ; Womelsdorf et al., 2006 ). Importantly, for Attention the proba-
ility of either category was equal (50%), keeping expectation constant
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Fig. 6. Canonical Template Tracking results. Gray shading represents cue on screen. (A-B) CTP results for separate cues for Attention and Expectation. Average of 
face and name cues (A) Name CTP model for cues. (B) Face CTP for cues. Horizontal lines depict significance. Black horizontal lines indicate points where the results 
for Attention were significantly higher than for Expectation. There were no clusters were Expectation showed higher reinstatement. 
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or relevant and irrelevant trials. The high accuracy in Attention blocks
ndicates that the cues were used effectively to select when needed and
o respond. On the other hand, both expected and unexpected trials
equired selecting the forthcoming target, and thus equated relevance
hile leading to predicted and unpredicted stimulus categories. In line
ith validity effects repeatedly reported in the literature in expectation

ontexts, the efficiency of behavior increased in cued trials ( de Lange
t al., 2018 ; Sy et al., 2014 ). It may be important to note that our
esults are at odds with the notion that expected stimuli gain higher
ask-relevance and thus receive more attention that unexpected ones
see Rungratsameetaweemana and Serences 2019 ), as this interpreta-
ion would lead to expect similar underlying anticipatory patterns for
ur attention and expectation manipulations. 

We employed RSA ( Carlson et al., 2019 ; Kriegeskorte, 2008 ) com-
ined with multiple regression to study the temporal profile of infor-
ation coding throughout the preparatory interval. This showed that

nticipatory cues triggered several time-overlapping, yet distinguish-
ble, effects in time ( Fig. 3 B) and spatial arrangement ( Fig. 3 C). The
erceptual characteristics of the cue were coded early in the time inter-
al. Immediately after, and during the majority of the interval and until
round 100 ms before target onset, mechanisms pertaining to contexts
apitalizing on either selective attention or expectations were deployed,
s revealed by the Block model temporal profile. Evidence of antici-
atory coding of different task sets has been found before ( González-
arcía et al., 2021a ; Hebart et al., 2018 ; Palenciano et al., 2018 ). Inter-
stingly, this result cannot be explained by motor preparation, since cues
id not predict motor responses; instead, it is most likely due to the con-
rol context in each scenario. Finally, the variance explained uniquely
y the Category model on anticipatory activity increased steadily and
eaked before target onset. This pattern of emerging, ramping-up cate-
ory representations could reflect two non-exclusive anticipatory mech-
nisms. Once the meaning of the cue is extracted and stored in working
emory, the actual anticipation of a stimulus could be facilitated by

op-down preactivation of perceptual regions ( Auksztulewicz and Fris-
on, 2016b ; Trapp et al., 2016 ). Simultaneously, the effect of temporal
xpectations (as the preparatory interval was fixed) could induce an
ncreasing preactivation of perceptual regions as the stimulus onset ap-
roaches ( Jin et al., 2020 ; Rohenkohl et al., 2012 ). In either case, these
esults suggest that preparation engages a series of mechanisms that act
oth sequentially and in parallel, including the processing of bottom-up
ignals that are transformed into top-down category anticipation in a
ontext of relevance or probability. 
10 
The block model in the RSA suggested that Attention and Expecta-
ion led to distinguishable coding patterns. One mechanistic explana-
ion for this result is that the patterns for the anticipated category are
ore robustly coded in one condition over the other. Hence, we em-
loyed an MVPA approach ( Grootswagers et al., 2017 ; Haxby et al.,
014 ) to classify the prepared category. Crucially, classifiers did not di-
ectly compare Attention vs. Expectation blocks (a discrimination that
ould be biased by differential block characteristics) nor cued vs. un-

ued targets (which would mix reactions to matched vs. mismatched
redictions). Instead, classifiers were trained and tested to differenti-
te between cues that predicted (relevant or probable) faces vs. names,
ithin each block. Results matched the RSA model, pointing to a robust

ffect of category anticipation. Furthermore, this prediction increased
owards the end of the interval. Again, this resonates with literature on
emporal anticipation ( Barbosa et al., 2020 ; Jin et al., 2020 ; Ruz and No-
re, 2008 ). Moreover, prominent theories of attention ( Mongillo et al.,
008 ; Trübutschek et al., 2017 ) pose that information can be held in
M by strengthening the synaptic weights between neurons, allowing

or shifts (in this case, steady increases) in decoding results during the
elay period without losing information about the maintained stimulus.
he results revealed no significant differences in AUC between the con-
itions in either time-resolved or temporal generalization matrices, and
uggest that anticipated targets are coded with similar fidelity during Ex-
ectation and Attention. Importantly, these results were obtained cross-
lassifying different pairs of cues, thus avoiding perceptual confounds.
owever, a similar degree of accuracy classification does not warrant

dentical underlying mechanisms. To test this, we performed multivari-
te cross-classification between Attention and Expectation. Surprisingly,
espite well above-chance decoding within each type of block, there was
ittle cross-classification between conditions. Importantly, classification
cores were similar when training and testing in different blocks of the
ame condition (see Fig. S5). In addition, a control analysis using the
ame cues showed that generalization across blocks was possible and
ot prevented by the differential block context. Classifiers trained and
ested in different blocks were able to discriminate the perceptual nature
f the cues, whereas the anticipated category cross-classification was ab-
ent (see Fig. 5 ). Overall, this set of results suggests that whereas Atten-
ion and Expectation both lead to anticipatory category representations,
heir top-down mechanisms are partially different, providing further
upport to the dissociation of relevance and probability, reported by pre-
ious studies, during target processing ( Summerfield and Egner, 2009 ;
yart et al., 2012 ). 
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One possible explanation for the differences found is the degree of
reparatory perceptual reinstatement ( Kerrén et al., 2018b ; Kilner et al.,
007 ; Muckli et al., 2015 ; Rose et al., 2016 ; Smith and Muckli, 2010 ;
etter et al., 2014 ) in Attention and Expectation. We employed a
anonical Template Tracking procedure ( González-García et al., 2021a ;
imber et al., 2015 ; Palenciano et al., 2022 ) to compare perceptual rein-

tatement in attention and expectation. We obtained canonical represen-
ations of the two target categories (faces and names) from an indepen-
ent localizer, and then estimated the variance explained by these per-
eptual patterns during the anticipatory window. First, we applied the
xtracted canonical templates to the actual target processing, with re-
ults supporting that faces are processed differently from words. Impor-
antly, when applied to anticipatory activity, we found that the canoni-
al templates explained preparatory variance equally well for both pre-
icted categories, but the reinstatement was significantly higher in At-
ention than in Expectation. Note that this cannot be due to a higher dif-
culty of the attention blocks, as RT showed the opposite pattern (faster
esponses in Attention). Instead, this higher reinstatement may be due
o Attention directing more resources to activate perceptual codes in
nticipation. It is unclear, however, why this analysis did not provide
vidence of category-specific reinstatement, although it could be related
o the mixture of perceptual activity caused by the cues themselves. It is
ossible that the physical shape of faces and words has differential over-
ap with the overall shape of the cues employed in the main task, which
ould have added additional variance to the overall analysis. This could
ave mixed with the anticipated category information and generated the
ack of specificity. Relatedly, the patterns captured by our CTP may be
ifferent from those involved in categorical specific anticipation, which
ay have happened at a different abstraction level. Note that the large

verall task differences between the localizer and the main task prevent
he use of localizer cues to predict preparation during the main task. Fur-
her research employing different approaches to measure reinstatement
hould be conducted to clarify this matter. 

How Attention and Expectation affect perception is an ongoing de-
ate. Several studies have used paradigms that combine both processes
o study how they interact. Attention has been suggested to sharpen
he differences between expected and unexpected stimuli ( Jiang et al.,
013 ), possibly changing the oscillatory profile of relevant categories
 Auksztulewicz et al., 2017 ) while reversing repetition suppression
 Kok et al., 2012 ). Although it has been suggested that attention acts
rom early processing stages, results so far are not conclusive ( Alilovi ć
t al., 2019 ). Relatedly, Attention boosts signal-to-noise processing by
uppressing noise, while Expectation increases baseline activity in per-
eptual regions ( Wyart et al. (2012) ; see also Gordon et al. 2019 ;
ungratsameetaweemana and Serences 2019 ). Predictive coding ac-
ounts propose that Attention increases prediction error of selected stim-
li by suppressing noise of unattended categories, while expectation in-
reases global sensitivity through prediction signals. Crucially, our re-
ults extend this literature by showing anticipatory differences between
onditions, which cannot be accounted for by prediction error differ-
nces as targets have not been processed yet. Speculatively, attention
ould bias anticipatory neuronal sensitivity by increasing perceptual
ifferences between relevant categories, coding these changes at least
artially in the gamma band perhaps through anticipatory biasing of er-
or processing units. Expectation could increase sensitivity to probable
ategories by increasing excitability of, perhaps, perceptual units. 

Although overall our results are a crucial first step to characterize
echanisms across relevance and probability anticipation, they should

e complemented by further studies. Although the results are statis-
ically significant after robust cluster-based correction, accuracy val-
es are lower than those obtained, for example, using target-locked
ata (e.g., Fig. S1). Importantly, decoding accuracies do not equal
ffect sizes ( Hebart and Baker, 2018 ). The values we obtained are
ithin typical classification ranges when studying subtle neural pat-

erns ( Christophel et al., 2015 ; Hebart and Baker, 2018 ; also see
ose et al. 2016 ) employing non-invasive human neuroimaging. Future
11 
tudies may obtain higher accuracies by increasing stimulus repetition
nd thus reinforcing specific neural traces of the information antici-
ated. 

Moreover, it could be argued that the diverging results between the
wo conditions shown here are not due to differences in stimulus rep-
esentation for relevance vs. probability, but to different task demands
f the two blocks. However, as the goal of the study was not to fully
ifferentiate the neural mechanisms of attention and expectation but to
nderstand how anticipatory information is coded differently in con-
exts of relevance vs. probability, we did not merely contrast the two
locks directly. Instead, the analyses contrasted anticipated faces vs.
ords in conditions matched within blocks. In the same line, the ar-
uably potential higher relevance of probable contents could not drive
esults, as such increased relevance would be equal for predicted prob-
ble faces vs. names, and thus the classifier cannot rely on this infor-
ation. Moreover, and to further show how processes that are similar
o generalize across both blocks, we trained the classifier in a pair of
ues in one block, and tested it in the same pair for the opposite block
see Fig. 5 E). As expected, significant classification appeared for the cue
dentity, showing that cross-classification across blocks is feasible. If dif-
erential task demands had an overall effect changing the format of cod-
ng during anticipation, this should have arguably also altered cue pat-
erns, preventing cross-classification. The fact that classifiers were able
o extrapolate, though, adds to the idea that block differences do not ac-
ount for lack of cross-classification of anticipated relevant vs. probable
nformation content. Admittedly, classifiers can be conceived as black
oxes where disentangling which factors are driving the results can be
ard. However, the results obtained when employing RSA provide con-
urring evidence. Here, theoretical matrices (Cue, Category and Block)
ere used to study how these factors explain unique variance during

he preparation window. Results (see Fig. 3 ) suggest that Block (task
emands) explains most of the variance during an earlier time window
han Category, which in turn incrementally explains variance (and with
 different topography from that of Block) as target onset approaches.
f note, the timing of this effect is quite similar to the window where
lassifiers show specific preparation for relevance and probability that
oes not cross-classify across these contexts. In any case, studies em-
loying improved paradigms should be tested to replicate and validate
hese results. 

Our scope was limited to the temporal domain, and questions arise
egarding potential differences between brain regions. Internal predic-
ions have been generally associated with the hippocampus ( Aitken and
ok, 2022 ; de Lange et al., 2018 ; Hindy et al., 2016 ; Stachenfeld et al.,
017 ), which has a location that challenges EEG sensitivity. Further
tudies should employ more spatially sensitive techniques. Additionally,
e focused on category-based preparation of faces and words, to facil-

tate having the same task across categories (sex/gender judgments).
hese two types of stimuli, although frequently combined in the liter-
ture ( Alm et al., 2016 ; Amado et al., 2018 ; Dumas, 2015 ; Rose et al.,
016 ; Sperling et al., 2003 ) have a different spatial layout, which may
ave generated the anticipation of different spatial templates. Although
his is not a confound in our task, as such difference is constant, it may
ave added a spatial component to the preparation. Finally, we focused
ur design on visual perception. Studies that have compared the effects
f attention and expectation have used auditory and visual stimuli show-
ng promising results (e.g. Jiang et al. 2013 ). It is likely that the mecha-
isms found here can be extended to other sensory modalities, but more
esearch is needed to assess this idea. 

Altogether, our results show that anticipatory representations are
ategory-specific and also task dependent, and highlight the role of
roactive processes that precede stimulus perception. These findings
ave important implications for current models of brain functioning.
e show that instead of single, unitary top-down phenomena, the brain

mplements distinct modes of content-specific anticipation, which are
ailored to task context and involve different levels of overall percep-
ual reinstatement. Predictive coding and attention models that differ-
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ntiate these processes during target processing should be extended to
he preparatory interval, acknowledging the specificity and complexity
f these top-down anticipatory phenomena. 
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