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Abstract	12	

Preparation	is	a	top-down	phenomenon	known	to	improve	performance	across	different	situations.	13	

In	light	of	recent	electrophysiological	findings	that	suggest	that	anticipatory	neural	preactivations	14	

linked	 to	preparation	 are	 context-specific	 and	do	not	 generalize	 across	domains,	 in	 the	 current	15	

study	we	used	 fMRI	 to	 investigate	 the	brain	 regions	 involved	 in	 these	differential	 patterns.	We	16	

applied	 multivariate	 decoding	 to	 data	 obtained	 in	 a	 paradigm	 where,	 in	 different	 blocks,	 cues	17	

provided	information	about	the	relevance	or	probability	of	incoming	target	stimuli.	Results	showed	18	

that	 the	 anticipated	 stimulus	 category	was	pre-activated	 in	both	 conditions,	mostly	 in	different	19	

brain	 regions	 within	 the	 ventral	 visual	 cortex	 and	 with	 differential	 overlap	 with	 actual	 target	20	

perception.	Crucially,	there	was	little	cross-classification	across	attention	and	expectation	contexts,	21	

indicating	 lack	 of	 common	 neural	 coding	 across	 relevance	 and	 probability	 contexts.	 Finally,	 a	22	

model-based	fMRI-EEG	fusion	showed	that	these	regions	differentially	code	for	specific	conditions	23	

during	 preparation,	 as	 well	 as	 specifically	 preparing	 for	 category	 anticipation	 in	 a	 ramping-up	24	

manner.	Overall,	our	results	stress	the	specificity	of	anticipatory	neural	processing	depending	on	25	

its	informative	role.	 	26	
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1. Introduction	27	

In	 recent	 times,	 cognitive	 neuroscience	 has	 experienced	 a	 resurgence	 of	 interest	 in	 proactive	28	

cognition,	 highlighting	 the	 central	 role	 of	 endogenous	 top-down	 brain	 processes.	 Within	 this	29	

framework,	preparation	can	be	conceptualized	as	an	endogenous	neural	function	that	takes	place	30	

prior	to	planned	action	and	that	improves	subsequent	behavior	(Battistoni	et	al.,	2017;	González-31	

Garcı́a	 et	 al.,	 2016).	 It	 has	 been	 shown	 in	 several	 contexts,	 with	 marked	 interest	 in	 selective	32	

attention,	or	the	ability	to	prioritize	information	relevant	for	behavior	(e.g.	Nobre	&	Serences,	2018)	33	

and	expectation,	or	the	generation	of	probabilistic	predictions	based	on	previous	experiences	(e.g.	34	

Schröger	et	al.,	2015).		35	

A	large	part	of	the	investigation	on	attention	and	expectation	has	focused	on	their	consequences	on	36	

target	processing	(reviewed	in	Summer_ield	&	Egner,	2009,	2016),	which	leads	to	contrasting	effects	37	

on	brain	activation	levels.	While	studies	in	human	and	non-human	primates	have	found	increased	38	

_iring	rates	in	neurons	tuned	to	attended	features	(Chelazzi	et	al.,	1998;	Cohen	&	Maunsell,	2011;	39	

Kastner	et	al.,	1999;	Peelen	&	Kastner,	2011;	Serences	et	al.,	2004),	studies	of	expectation	classically	40	

show	activation	decreases	(also	known	as	expectation	suppression,	e.g.	Kok	et	al.,	2012;	Walsh	&	41	

McGovern,	2018;	 see	Feuerriegel	 et	 al.,	 2021	 for	a	detailed	 review).	Overall,	 results	 suggest	 that	42	

relevance	and	probability	play	different	roles	during	target	processing	(Auksztulewicz	&	Friston,	43	

2016;	Gordon	et	al.,	2019;	Simon	et	al.,	2018;	Wyart	et	al.,	2012).		44	

However,	at	the	anticipatory	level	separate	studies	of	attention	and	expectation	have	shown	similar	45	

preactivation	 pro_iles	 across	 domains.	 Selective	 attention	 cues	 (Battistoni	 et	 al.,	 2017;	 Nobre	 &	46	

Serences,	2018)	preactivate	speci_ic	shape	patterns	in	visual	cortex	(Stokes	et	al.,	2009),	relevant	47	

regions	of	spatial	processing	(Giesbrecht	et	al.,	2006),	as	well	as	object-	 (M.	V.	Peelen	&	Kastner,	48	

2011;	Soon	et	al.,	2013)	and	category-selective	(Esterman	&	Yantis,	2010;	González-Garcı́a	et	al.,	49	

2018)	 perceptual	 regions.	 Relatedly,	 probabilistic	 cues	 lead	 to	 the	 preactivation	 of	 speci_ic	50	

perceptual	templates	of	oriented	gabors	(Kok	et	al.,	2017),	direction	(Ekman	et	al.,	2017),	motor	51	

patterns	(de	Lange	et	al.,	2013)	or	abstract	shapes	(Hindy	et	al.,	2016).	However,	whether	the	role	52	

of	 these	 regions	 and	 the	 speci_ic	 preactivated	patterns	differ	 between	 contexts	 of	 relevance	 and	53	

probability	is	currently	unknown.		54	

Altogether,	both	attention	and	expectation	seem	to	involve	the	preactivation	of	information,	which	55	

nevertheless	 leads	 to	 different	 effects	 on	 target	 processing.	 This,	 in	 turn,	 poses	 the	 question	 of	56	

whether	preparation	is	a	uni_ied	phenomenon	or,	conversely,	re_lects	different	mechanisms.	On	this	57	

regard,	 a	 recent	electroencephalography	 (EEG)	 study	applying	multivariate	analyses	 successfully	58	
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contrasted	selective	attention	and	perceptual	expectations,	crucially,	during	the	preparatory	interval	59	

(Peñalver	et	al.,	2023).	Anticipatory	coding	of	incoming	categories	was	found	in	both	contexts,	but	60	

the	underlying	neural	codes	did	not	generalize	across	them.	However,	electrophysiological	results	61	

are	agnostic	regarding	the	brain	regions	supporting	these	processes.	Differences	between	relevance	62	

and	probability	anticipation	could	be	due	to	separable	anticipatory	neural	codes	in	the	same	regions,	63	

or	activity	in	different	brain	areas.		64	

Here,	we	used	functional	Magnetic	Resonance	Imaging	(fMRI)	to	study	the	speci_icity	of	anticipatory	65	

representations	in	two	key	cognitive	domains:	relevance	vs.	probability.	We	adapted	the	task	used	66	

in	Peñalver	et	al.	(2023)	to	fMRI,	aiming	at	replicating	and	extending	the	_indings	that	indicate	that	67	

attention	and	expectation	elicit	different	pro_iles	of	preparation.	To	do	so,	we	performed	a	series	of	68	

multivariate	analyses	 tailored	to	study	the	representational	characteristics	of	preparation	and	to	69	

disentangle	 different	 patterns	 of	 activity	 that	 may	 be	 taking	 place	 in	 similar	 regions.	 We	 then	70	

leveraged	a	model-based	EEG-fMRI	fusion	approach	to	detail	the	temporal	pro_ile	of	preparation	in	71	

crucial	brain	areas.	72	

Based	on	the	differences	between	attention	and	expectation	observed	during	anticipatory	(Peñalver	73	

et	al.,	2023)	and	target	processing	(e.g.	Gordon	et	al.,	2019;	Zuanazzi	&	Noppeney,	2019),	our	overall	74	

hypothesis	 was	 that	 relevance	 and	 probabilistic	 preparation	 would	 lead	 to	 context-speci_ic	75	

preactivations,	 which	 would	 translate	 into	 speci_ic	 and	 non-generalizable	 anticipatory	 brain	76	

patterns	in	the	attention	and	expectation	conditions.		77	

2.	Methods	78	

Methods	are	reported	in	accordance	with	the	COBIDAS	protocol	(Nichols	et	al.,	2016).	The	code	used	79	

to	preprocess	and	analyze	the	data	is	available	at	https://github.com/CIMCYC/MRI.		80	

2.1.	Participants	81	

Forty-six	participants	(mean	age	=	21.98,	range	=	18-30;	23	women,	23	men)	from	the	University	of	82	

Granada	 were	 recruited	 and	 received	 20-25	 euros	 as	 compensation,	 depending	 on	 their	83	

performance.	They	were	all	native	Spanish	speakers,	right-handed	and	with	normal	or	corrected	84	

vision.	 The	 study	 was	 approved	 by	 the	 Ethics	 Committee	 for	 Research	 with	 Humans	 from	 the	85	

University	of	Granada,	and	all	participants	signed	informed	consent	prior	to	participation.	Besides,	86	

to	 comply	 with	 COVID-19	 safety	 guidelines,	 they	 wore	 a	 face	 mask	 during	 the	 whole	 session,	87	

including	the	behavioral	practice	outside	the	scanner.	Six	additional	participants	completed	the	task	88	
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but	were	discarded,	two	due	to	poor	behavioral	performance	(<80%	in	any	of	the	main	conditions,	89	

attention	or	expectation),	two	due	to	excessive	head	movement	(either	over	the	voxel	size	or	over	90	

0.1°	of	translation	and	rotation	in	2	runs	or	more)	and	other	two	due	to	technical	issues	during	data	91	

collection.	 Sample	 size	 was	 calculated	 in	 advance	 to	 achieve	 a	 statistical	 power	 of	 80%	 for	 an	92	

estimated	small	effect	size	(Cohen’s	d	=	0.3)	and	three	within-subject	independent	variables	(Block	93	

x	Category	x	Cueing),	and	to	match	the	one	used	in	a	previous	experiment	with	a	similar	paradigm	94	

(Peñalver	et	al.,	2023).	Using	PANGEA	we	estimated	a	minimum	of	32	participants	to	detect	the	Block	95	

x	Cueing	interaction	in	reaction	times	and	behavioral	accuracy,	our	main	behavioral	prediction.	Our	96	

_inal	 sample	 size	 (46	 participants)	 provided	 an	 estimated	 power	 of	 94%	 under	 the	 described	97	

parameters.	Due	to	an	incomplete	orthogonalization	of	the	cue-shape	pairing	in	cases	of	movement	98	

in	only	one	run,	2	participants	were	left	out	of	some	speci_ic	decoding	analyses	(n	=	44).	99	

2.2.	Apparatus,	stimuli,	and	procedure	100	

Stimulus	presentation	and	behavioral	data	collection	were	done	with	The	Psychophysics	Toolbox	3	101	

(Brainard,	1997)	on	MATLAB	(r2020)	in	a	Microsoft	PC.	Stimuli	were	presented	on	an	LCD	screen	102	

(Benq,	1920x1080	resolution,	60	Hz	refresh	rate)	over	a	grey	background.	The	 task,	 stimuli	and	103	

parameters	followed	those	used	in	our	previous	study	(Peñalver	et	al.,	2023)	except	that	to	adapt	104	

the	task	to	fMRI	we	employed	longer	and	jittered	inter-event	intervals,	which	reduced	the	total	trial	105	

count.	 We	 employed	 160	 male	 and	 female	 faces	 (50%	 each,	 extracted	 from	 The	 Chicago	 Face	106	

Database	 (Ma	 et	 al.,	 2015)	 plus	 160	 unique	 Spanish	male	 and	 female	 names	 (50%	 each).	 Four	107	

different	 geometrical	 shapes	 (circle,	 square,	 teardrop	 and	 diamond	 with	 thin	 black	 outlines,	108	

un_illed)	were	used	as	cues	in	the	main	task.		109	

The	task	involved	a	paradigm	in	which	cues	provided	information	about	the	relevance	(attention)	110	

or	probability	(expectation)	of	upcoming	face	or	word	targets	(Figure	1).	Half	of	the	blocks	belonged	111	

to	the	attention	condition	and	the	other	half	to	the	expectation	condition.	To	control	for	perceptual	112	

confounds,	two	cue	shapes	were	associated	with	faces	and	two	with	names	(counterbalanced	across	113	

participants).	 For	 each	 participant,	 cue	 pairs	 changed	 across	 the	 experiment	 although	 their	114	

predicted	category	remained;	the	_irst	cue	for	faces	(e.g.	a	circle)	appeared	in	half	of	the	blocks	with	115	

the	 _irst	 cue	 for	 names	 (e.g.	 a	 square)	 and	 the	 other	 half	 with	 the	 second	 cue	 for	 names	 (e.g.	116	

diamond).	 The	 task	 of	 participants	 was	 to	 indicate	 the	 sex/gender	 of	 the	 stimulus,	 responding	117	

whether	or	not	the	target	belonged	to	the	gender	stated	at	the	beginning	of	each	block.	Each	block	118	

started	with	a	screen	in	which	they	were	informed	about	the	block	(attention	or	expectation),	the	119	

target	sex/gender	(“Is	the	target	male/female?”),	and	the	two	cues	(one	for	faces	and	one	for	names).	120	

Given	that	attention	and	expectation	are	involved	in	almost	any	act	of	visual	perception,	we	aimed	121	
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at	manipulating	one	process	while	keeping	the	other	constant.	In	attention	blocks,	the	cue	indicated	122	

the	 relevant	 stimulus	 category	 to	 select	 (faces	 or	 names).	 Only	 if	 the	 stimulus	 belonged	 to	 the	123	

relevant	category	(50%	trials,	cued;	e.g.	is	the	target	a	female	face?),	the	participant	had	to	perform	124	

the	gender	discrimination	task	on	the	target.	Otherwise,	participants	had	to	answer	‘no’	regardless	125	

of	the	stimulus	sex/gender	(non-relevant	category,	uncued).	This	manipulation	of	relevance,	where	126	

further	processing	has	to	be	applied	only	to	selected	stimuli,	is	similar	to	that	employed	in	previous	127	

literature	(e.g.	Baldauf	&	Desimone,	2014;	Saenz	et	al.,	2002;	Summer_ield	et	al.,	2006;	Womelsdorf	128	

et	al.,	2006).	Both	relevant	and	non-relevant	targets	were	matched	in	expectation,	as	by	design	they	129	

appeared	with	a	50%	probability	after	each	attention	cue.	In	expectation	blocks,	the	cue	indicated	130	

the	probable	category	of	the	target	with	a	75%	likelihood	(e.g.	de	Lange	et	al.,	2013;	Kok	et	al.,	2017	131	

for	 similar	manipulations).	Here,	participants	had	 to	perform	 the	gender	discrimination	 task	 for	132	

both	categories	of	stimuli,	whether	or	not	the	target	was	cued	(e.g.	is	the	target	a	female	stimulus?).	133	

This	 way,	 both	 the	 expected	 and	 unexpected	 targets	 were	 equally	 relevant.	 Participants	 were	134	

verbally	instructed	to	use	the	cues	in	the	two	blocks	to	respond	as	fast	as	possible	while	avoiding	135	

errors.	136	

In	every	trial	of	the	main	task,	the	sequence	of	events	was	as	follows:	a	500	ms	cue	(~1.5º)	was	137	

followed	by	a	jittered	CTI	and	then	the	target	appeared	for	500	ms	(~7º).	Both	the	CTI	and	the	inter-138	

trial	duration	were	jittered	between	2500-6000	ms	intervals,	spaced	in	700	ms	steps	following	a	139	

uniform	distribution	(average	4250	ms).	Each	trial	lasted	on	average	9.5	seconds	and	each	run	7.6	140	

minutes.	The	experiment	was	composed	by	8	blocks	of	48	trials	each,	or	384	trials	in	total.	Attention	141	

Figure	1.	Behavioral	paradigm.	We	employed	a	gender	judgment	task	embedded	in	a	cue-

target	paradigm.	Participants	had	to	respond	with	an	index	<inger	to	indicate	whether	or	

not	the	target	belonged	to	the	gender	indicated	at	the	beginning	of	the	block.		
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and	expectation	blocks	appeared	in	separate	runs	in	a	fully	alternated	order,	and	the	condition	of	142	

the	 _irst	 block	was	 counterbalanced	 across	participants.	 Cues	 and	 target	 stimuli	were	 also	 fully	143	

counterbalanced	across	participants.	 In	 total,	 the	whole	experimental	session	 lasted	60	minutes	144	

approximately,	plus	additional	practice	outside	the	scanner.	145	

2.3.	Data	acquisition	and	preprocessing	146	

A	single	session	of	imaging	was	carried	out	with	a	3T	Siemens	Prisma	MRI	scanner,	equipped	with	a	147	

64-channel	 head	 coil.	 T1-weighted	 anatomical	 images	 were	 obtained	 using	 a	 rapid	 acquisition	148	

gradient	echo	(MPRAGE)	sequence	(TR	=	2250	ms,	TE	=	4.18	ms,	TI	=	900	ms,	_lip	angle=9°,	voxel	149	

size	=	1	×	1	×	1	mm).	In	addition,	two	_ield	map	images	(phase	and	magnitude)	were	collected	to	150	

correct	 for	 magnetic	 _ield	 inhomogeneities	 (TR	 =	 520	 ms,	 TE1	 =	 4.92	 ms,	 TE2	 =	 7.38	 ms,	 _lip	151	

angle=60°,	voxel	size	=	2.5	×	2.5	×	2.5	mm).	Whole-brain	functional	images	were	acquired	using	an	152	

echo	planar	imaging	(EPI)	sequence	(TR	=	1730	ms,	TE	=	30	ms,	image	matrix	=	84	×	84,	FOV	=	210	153	

mm	_lip	angle=66°,	slice	thickness	=	2.5	mm,	voxel	size	=	2.5	×	2.5	×	2.5	mm,	distance	factor=0%,	50	154	

slices	with	an	acceleration	factor	of	2	(Simultaneous	Multi-Slice	acquisition).	Slices	were	oriented	155	

along	the	AC-PC	line	for	each	participant.		156	

The	experiment	consisted	of	8	runs,	each	corresponding	to	a	block	of	the	behavioral	task.	For	each	157	

run,	275	volumes	were	acquired,	with	the	_irst	4	discarded	from	all	runs.	Anatomical	images	were	158	

defaced	 to	 ensure	 anonymization.	 MATLAB	 R2020	 was	 used	 for	 preprocessing,	 which	 involved	159	

converting	the	raw	DICOM	images	from	the	scanner	into	NIfTI	_iles	with	BIDS	format	(Gorgolewski	160	

et	al.,	2017).	For	functional	images,	preprocessing	(with	SPM12	v7771)	involved	the	following:	(1)	161	

realignment	and	unwarping	to	correct	for	movement	artifacts	(using	the	_irst	scan	as	the	reference	162	

slice)	and	magnetic	_ield	inhomogeneities	(using	previously	estimated	_ieldmaps);	(2)	slice	timing	163	

correction;	(3)	corregistration	with	T1	using	a	rigid-body	transformation	and	normalized	mutual	164	

information	cost	function	with	4th	degree	B-spline	interpolation;	(4)	registration	to	MNI	space	using	165	

forward	deformation	_ields	from	segmentation	with	4th	degree	B-spline	interpolation	and	MNI	2mm	166	

template	space;	(5)	smoothing	using	an	8mm	FWHM	kernel.	Multivariate	analyses	were	performed	167	

with	the	unsmoothed,	individual	participant’s	functional	data	space.	Resulting	images	were	later	re-168	

registered	to	the	MNI	space,	smoothed	and	masked	before	second-level	analyses.		169	

2.4.	Analyses	170	

Behavioral	171	

The	 task	 design	 had	 three	within-subject	 factors:	 Block	 type	 (attention	 vs.	 expectation),	 Cueing	172	
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(cued	 vs.	 uncued)	 and	 Stimulus	 category	 (faces	 vs.	 names).	 We	 calculated	 three-way	 repeated	173	

measures	ANOVA	 for	 behavioral	 accuracy	 and	 reaction	 times	 (RTs)	 employing	 JASP	 (Love	 et	 al.,	174	

2019).	For	each	participant	and	condition,	trials	with	longer	or	shorter	RTs	than	the	average	±	2	SDs	175	

were	discarded	(11.5%	on	average).		176	

fMRI	General	Linear	Model	(GLM)	177	

A	 GLM	was	 implemented	 to	 estimate	 activity	 changes	 across	 conditions,	 and	 to	 obtain	 the	 beta	178	

coef_icients	 to	be	used	 in	subsequent	multivariate	analyses.	We	 included	condition-wise	cue	and	179	

target	regressors	in	the	model.	Cue	regressors	were	modeled	using	their	presentation	time	(500	ms)	180	

plus	the	subsequent	jitter	for	each	trial.	They	were	divided	by	Block	(attention	and	expectation),	181	

Category	prediction	(Faces	and	Names)	and	Cue	shape	(Shape	1	and	Shape	2).	Importantly,	although	182	

there	was	a	total	of	8	different	cue	regressors,	these	were	distributed	across	the	different	runs.	That	183	

is,	 in	one	run/block,	cues	could	only	be	of	a	particular	condition	(e.g.	Expectation),	and	the	cues	184	

predicting	a	certain	category	had	the	same	shape	during	the	run	(e.g.	Face-shape	1	and	Name-shape	185	

2).	Hence,	each	run	included	only	2	cue	regressors.	Target	events	were	modeled	as	the	presentation	186	

time	of	the	stimulus	on	screen	(500	ms),	and	consisted	on	regressors	for	the	conditions	of	Block	187	

(attention	 and	 expectation),	 Category	 (faces	 and	 names)	 and	 Cueing	 (cued	 vs.	 uncued).	 Again,	188	

although	there	were	8	different	regressors,	they	belonged	to	particular	runs,	which	resulted	in	runs	189	

having	4	target	regressors	each.	The	model	also	included	movement	information	of	each	participant,	190	

obtained	 during	 realignment.	 The	 regressors	were	 convolved	 using	 the	 canonical	 hemodynamic	191	

response	function	(HRF).	We	estimated	two	sets	of	GLMs,	one	for	univariate	(with	smoothed	data)	192	

and	another	one	for	multivariate	(without	normalization	and	smoothing).		193	

Mass	Univariate	Tests	194	

We	_irst	carried	out	a	univariate,	voxel-level	test	to	address	the	different	activations	in	attention	and	195	

expectation	during	the	preparatory	interval.	To	do	so,	we	locked	the	events	to	the	onset	of	cues,	and	196	

directly	contrasted	both	conditions	by	performing	a	paired	t-test,	collapsing	across	category	and	cue	197	

regressors.	We	performed	this	contrast	for	each	participant,	limited	to	grey-matter	voxels,	and	then	198	

obtained	 statistical	 values	 from	a	 second-level	 analysis,	where	 they	were	 compared	using	 a	 one	199	

sample	 t-test	 against	 zero.	 Signi_icance	 was	 established	 by	 _irst	 selecting	 voxels	 that	 passed	 a	200	

threshold	of	p<0.001,	and	the	cluster	size	to	a	number	of	voxels	corresponding	with	p<0.05,	FWE-201	

corrected	(Eklund	et	al.,	2016).	202	

Decoding	Analysis	203	
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Decoding	was	performed	with	The	Decoding	Toolbox	(v	3.999F),	using	the	beta	images	from	the	cue	204	

events	 obtained	 in	 the	 GLM.	 In	 all	 cases,	 we	 employed	 a	 two-class	 decoding	 approach	 with	205	

searchlight	(sphere	of	4	voxels	radii,	251	voxels).	A	Support	Vector	Machine	(SVM),	with	a	leave-one-206	

run-out	cross-validation,	was	trained	with	all	but	one	run,	and	then	tested	on	the	remaining	one.	207	

This	was	repeated	with	all	runs,	and	the	results	were	averaged.	To	ensure	unbiased	classi_ications,	208	

we	 report	 balanced	 accuracies,	which	 account	 for	 over-representation	 of	 one	 category	 over	 the	209	

other.	Group	statistics	applied	a	one-sample	t-test	against	zero.	To	correct	for	multiple	comparisons,	210	

we	identi_ied	individual	voxels	that	passed	a	threshold	of	p	<	0.001,	and	then	the	minimum	cluster	211	

size	was	set	to	the	number	of	voxels	corresponding	to	p	<	0.05,	FWE-corrected.		212	

With	this	approach,	we	performed	two	analyses.	First,	we	classi_ied	attention	vs.	expectation.	Since	213	

there	is	evidence	of	the	involvement	of	frontoparietal	regions	in	both	attention	(Dodds	et	al.,	2011;	214	

Greenberg	 et	 al.,	 2010)	 and	 expectation	 (González-Garcı́a	&	He,	 2021),	we	 intended	 to	 examine	215	

whether	 information	 in	 these	 regions	 is	 distinguishable	 between	 both	 conditions	 even	 if	 they	216	

generate	similar	activation	levels.	We	used	data	from	all	cues	(identical	in	shape	and	numbers	across	217	

blocks)	and	both	categories	(faces	and	names)	to	train	the	SVM	classi_ier.	Since	the	attention	and	218	

expectation	manipulations	appeared	in	different	runs,	for	this	analysis	we	grouped	them	in	pairs	of	219	

continuous	 blocks,	 obtaining	 four	 pseudo-runs	 that	 included	 one	 of	 each	 condition,	 and	 were	220	

suitable	to	leave-one-run-out	classi_ication.	Importantly,	this	analysis	is	informative	regarding	the	221	

regions	where	the	overall	process	of	anticipation	takes	place	differently	depending	on	the	relevance	222	

vs.	probability	manipulation.		223	

Next,	 we	 queried	 the	 regions	 that	 carried	 speci_ic	 anticipated	 content	 by	 performing	 the	224	

classi_ication	 of	 predicted	 categories	 (faces	 vs.	 names)	 separately	 for	 attention	 and	 expectation.	225	

Speci_ically,	for	each	condition,	we	classi_ied	all	the	cues	(two	shapes)	that	predicted	faces	versus	all	226	

the	cues	(two	shapes)	that	predicted	names.	As	in	the	previous	section,	the	analysis	was	locked	on	227	

cue	regressors,	modeled	to	include	the	entire	anticipation	jitter.	Note	that	we	did	not	compare	cued	228	

vs.	uncued	targets,	but	cues	that	predicted	(relevant	or	probable,	depending	on	the	block)	face	vs.	229	

word	stimuli	within	the	same	block.	Similarly	 to	univariate	analyses,	 to	compare	decoding	 levels	230	

across	 attention	 and	 expectation,	 for	 each	 participant	 we	 subtracted	 the	 results	 of	 the	 two	231	

conditions	and	applied	a	second-level	one	sample	t-test.		232	

Cross-decoding	Analysis	233	

Cross-decoding	was	performed	 to	 assess	 the	 extent	 to	which	different	 conditions	 shared	 coding	234	

patterns.	That	is,	we	trained	a	classi_ier	in	a	particular	condition,	and	then	tested	it	on	a	different	235	

one.	 Signi_icant	 above-chance	 classi_ication	 suggests	 the	 existence	 of	 similar	 patterns	 of	 brain	236	
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activity	in	the	two	conditions.	The	crossvalidation	approach	was	adapted	to	each	analysis	to	avoid	237	

confounds,	which	are	detailed	in	the	following	paragraphs.	Searchlight	and	second-level	analyses	238	

were	applied	identically	as	in	the	two-class	decoding,	described	above.		239	

Our	 primary	 goal	was	 to	 estimate	 the	 degree	 to	which	 patterns	 of	 brain	 activity	 are	 shared	 for	240	

preparation	 for	 relevant	 vs.	 probable	 contents.	 We	 reasoned	 that	 if	 anticipatory	 attention	 and	241	

expectation	recruit	differential	patterns	of	brain	activity,	 category	cross-classi_ication	should	not	242	

yield	any	signi_icant	results.	We	trained	the	classi_ier	with	cues	predicting	faces	vs.	names	in	one	243	

condition	(e.g.	attention),	and	then	tested	it	on	the	other	one	(e.g.	expectation).	This	analysis	was	244	

performed	without	applying	cross-validation	to	increase	the	number	of	observations	included	in	the	245	

analysis.	Note	that	this	approach,	although	not	identical	to	the	original	analysis,	does	not	entail	any	246	

statistical	limitation,	since	the	datasets	used	for	training	and	testing	are	independent.		247	

The	 second	 goal	 was	 to	 examine	 pattern	 similarity	 between	 preparation	 and	 actual	 target	248	

perception.	 Thus,	 we	 trained	 the	 classi_ier	 to	 discriminate	 between	 faces	 and	 names	 with	 cue	249	

information,	 and	 then	 tested	 it	 on	 target	 data.	We	 applied	 a	 leave-one-run-out	 cross-validation	250	

approach,	by	training	with	three	cue	runs,	and	then	testing	on	the	target	of	the	remaining	one.	We	251	

did	 this	 separately	 for	 the	 cues	 in	 attention	 and	 expectation.	We	 chose	 this	 direction	 of	 cross-252	

decoding	(train	in	the	cue,	test	in	the	target)	to	ensure	that	the	results	showed	similarity	based	on	253	

anticipatory	representations,	since	target	perception	elicits	a	much	larger	level	of	activation	engaged	254	

by	sole	stimulus	input	(targets	or	cues)	which	was	not	of	interest.	Again,	we	compared	attention	and	255	

expectation	cross-decoding	results	by	subtracting	participant-wise	results	and	performing	a	second	256	

level	analysis.		257	

Regions	of	Interest	(ROI)	extraction	258	

We	formulated	5	ROIs	in	total,	corresponding	to	the	regions	returning	signi_icant	decoding	results	259	

during	 the	 previous	 analyses.	 First,	 to	 study	 the	 consequences	 of	 better	 anticipated	 stimulus	260	

discriminability,	we	focused	on	the	regions	resulting	from	category	decoding	separately	for	attention	261	

and	 expectation	 during	 the	 preparatory	 window.	 Second,	 to	 study	 the	 source	 of	 the	 similarity	262	

between	cue	and	target	regressors,	we	employed	the	regions	resulting	from	the	cue-target	cross-263	

decoding	analysis.	Since	this	returned	two	distant	enough	clusters,	one	in	the	ventral	visual	cortex	264	

and	another	in	the	Frontal	Operculum	(FO),	we	split	this	result	into	two	ROIs.	Hence,	the	5	ROIs	were	265	

(1)	bilateral	Inferior	Temporal	Cortex	(ITG),	(2)	occipital	cortex,	(3)	left	FO,	(4)	left	anterior	ITG	and	266	

(5)	occipital	+	temporo-ventral	cortex.		267	

ROI	 parcellation	 proceeded	 as	 follows.	 To	 avoid	 double	 dipping	 (Kriegeskorte	 et	 al.,	 2009),	 we	268	

performed	a	leave-one-subject-out	procedure	(LOSO,	Esterman	et	al.,	2010).	For	each	participant,	269	
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we	repeated	the	second-level	analysis	while	leaving	that	participant	out	of	the	sample,	so	that	the	270	

particular	ROI	was	not	based	on	his/her	own	data.	Then,	the	resulting	clusters	went	through	the	271	

same	statistical	correction	described	above.	Finally,	we	registered	the	resulting	ROIs	back	to	each	272	

participant’s	native	space	using	the	inverse	deformation	_ields	obtained	during	segmentation.		273	

Voxel	selectivity	ranking	274	

We	applied	a	voxel	selectivity	ranking	analysis	to	study	whether	neural	tuning	to	different	stimuli	275	

(instead	of	multivariate	activity	patterns)	generalized	from	anticipation	to	stimulus	perception.	That	276	

is,	whether	the	neurons	that	are	most	responsive	to	certain	condition	during	anticipation	are	similar	277	

to	those	responsive	to	the	same	condition	during	target	processing	(see	González-Garcı́a	&	He,	2021;	278	

Richter	et	al.,	2018	for	similar	approaches).	279	

This	analysis	was	performed	on	the	5	ROIs	mentioned	above.	First,	for	each	block	type	(attention	or	280	

expectation)	we	obtained	8	different	conditions	to	rank	per	each	voxel.	These	were	obtained	from	281	

crossing	 category	 (faces	 and	 names)	 with	 runs	 (4	 runs	 per	 block	 type).	 Then,	 for	 each	 ROI,	282	

participant	and	voxel,	we	obtained	the	betas	associated	with	each	condition	as	a	measure	of	voxel	283	

activity	during	the	cue,	and	ordered	them	from	least	to	most	activity	induced.	Next,	for	each	voxel,	284	

we	applied	the	same	order	obtained	during	anticipation	to	target	perception.	We	reasoned	that	if	285	

voxel	selectivity	during	the	cue	generalizes	to	the	target	window,	the	order	of	the	eight	conditions	286	

for	each	voxel	when	applied	to	the	target	should	maintain	a	positive	slope.	Note	that	the	order	of	the	287	

eight	conditions	depends	on	each	voxel,	and	is	not	relevant	by	itself,	but	rather	a	means	to	sort	target	288	

betas	and	study	the	corresponding	slope.	Next,	we	averaged	all	voxels	of	the	ROI,	obtaining	a	vector	289	

of	the	eight	ranked	values,	and	evaluated	the	slope	of	this	vector	by	_itting	a	linear	regression	to	the	290	

ranked	parameter	estimates.	We	obtained	a	slope	value	per	participant,	ROI	and	condition.	Finally,	291	

we	determined	whether	the	slope	was	positive	(and	therefore	suggesting	generalization	from	cue	to	292	

target	perception)	by	performing	 a	 right-tailed	one-sample	 t-test	 against	0,	 and	 then	used	False	293	

Discovery	Rate	(FDR)	to	correct	for	multiple	comparisons.	Then,	if	there	was	a	positive	slope	in	at	294	

least	one	of	 the	 two	conditions	 (attention	or	expectation)	we	compared	 them	using	a	 two-tailed	295	

paired	 t-test,	 again	 corrected	 for	multiple	 comparisons	using	FDR	 (González-Garcı́a	&	He,	 2021;	296	

Richter	et	al.,	2018).	297	

Model-Based	EEG-fMRI	Fusion	298	

To	investigate	the	spatial	and	temporal	features	of	the	_indings,	we	employed	an	RSA-based	EEG-299	

fMRI	Fusion	(Cichy	&	Oliva,	2020;	López-Garcı́a	et	al.,	2022).	EEG	data	was	obtained	from	a	previous	300	

experiment	 (Peñalver	 et	 al.,	 2023)	 in	which	 48	 participants	 performed	 the	 same	 task.	 The	 only	301	
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differences	were	in	the	timing	of	stimulus	presentation,	since	cues	and	targets	were	onscreen	for	50	302	

ms	and	100	ms,	respectively,	and	trial	intervals	were	not	jittered.		303	

In	 both	 datasets,	 we	 employed	 cross-validated	 Mahalanobis	 distance	 (also	 known	 as	 Linear	304	

Discriminant	Contrast,	or	LDC,	see	Walther	et	al.,	2016)	to	estimate	the	dissimilarity	between	all	305	

combinations	of	condition	(attention	vs.	expectation)	,	category	(cues	predicting	names	vs.	faces)	306	

and	 cueing	 (two	 cue	 shapes	 per	 predicted	 stimulus),	 rendering	 8-by-8	 Representational	307	

Dissimilarity	Matrices	(RDMs).	LDC	was	chosen	because	it	provides	a	continuous	measure,	making	308	

it	highly	informative	and	avoiding	ceiling	effects.	Moreover,	since	it	includes	a	cross-validation	loop,	309	

we	 ensured	 that	 results	 were	 not	 affected	 by	 block-wise	 dependencies	 in	 either	 dataset.	 We	310	

calculated	LDC	 following	Bueno	&	Cravo,	 (2021).	For	every	ROI	 (or	 time	point)	and	each	pair	of	311	

conditions,	we	calculated	the	mean	of	each	voxel	(or	EEG	channel)	splitting	the	data	into	two	folds,	312	

a	training	and	testing	set.	The	distance	between	the	two	conditions	was	multiplied	by	the	pseudo-313	

inverse	covariance	matrix	between	the	residuals	of	the	_irst	and	the	second	conditions	in	the	training	314	

set,	and	the	distance	values	were	then	averaged	across	the	two	folds.		315	

To	perform	the	fusion,	since	participants	were	different	in	each	experiment,	we	employed	the	group	316	

average	of	all	RDMs	in	both	modalities,	obtaining	one	EEG-RDM	per	time-point,	and	5	fMRI-RDMs,	317	

one	for	each	of	the	ROIs	(adapting	the	procedures	in	Hebart	et	al.,	2018).	For	each	time-point	and	318	

region,	 we	 obtained	 the	 lower	 triangle	 of	 the	 symmetrical	 matrix,	 excluding	 the	 diagonal,	 and	319	

vectorized	 it	 for	 further	 calculations.	 The	 fusion	 value	 was	 the	 result	 of	 a	 squared	 Pearson	320	

correlation	between	 the	EEG-RDM	and	 the	 fMRI-RDM,	since	 this	R2	coef_icient	 is	mathematically	321	

equivalent	to	the	coef_icient	of	determination	of	fMRI	that	explains	the	variance	of	EEG	(Hebart	et	322	

al.,	 2018).	 For	 each	 region,	 the	 procedure	 was	 repeated	 in	 every	 time	 point,	 rendering	 a	 time-323	

resolved	vector	of	R2	values	for	each	ROI.		324	

Although	EEG-fMRI	fusion	re_lects	the	spatial	and	temporal	pro_ile	of	the	similarities	between	EEG	325	

and	 fMRI,	 it	 does	 not	 provide	 information	 regarding	 the	 cognitive	 information	 (in	 our	 case,	326	

condition,	category	or	cue	differences)	that	the	results	re_lect.	To	obtain	this,	we	employed	a	model-327	

based	approach	(Hebart	et	al.,	2018,	Cichy	&	Oliva,	2020).	First,	we	built	three	8	by	8	theoretical	328	

RDMs,	each	one	for	a	model,	stating	the	predicted	distances	among	conditions	(see	Supplementary	329	

Figure	1).	These	matrices	were	composed	of	1s	and	0s,	with	1s	re_lecting	 large	distances	and	0s	330	

re_lecting	more	similarity.	The	condition	model	predicts	large	between	attention	and	expectation.	331	

The	 category	 model	 predicts	 large	 distances	 between	 cues	 predicting	 different	 categories,	332	

regardless	of	block	or	cue.	Finally,	the	cue	model	predicts	that	conditions	would	be	different	when	333	

the	physical	shape	of	the	cue	differed.	Then,	we	applied	a	commonality	analysis	(Seibold	&	McPhee,	334	
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1979)	 to	study	 the	variance	shared	by	 the	different	variables	 (in	our	case,	EEG,	 fMRI	and	model	335	

RDMs,	again	following	Hebart	et	al.,	2018).	We	compared	the	two	squared	semi-partial	correlation	336	

coef_icients.	One	coef_icient	represents	the	shared	variance	between	MEG	and	fMRI	after	controlling	337	

for	all	model	variables	except	one	variable	 (the	model	of	 interest)	 in	 fMRI.	The	other	coef_icient	338	

represents	 the	 shared	 variance	when	 controlling	 for	 all	model	 variables,	 including	 the	model	 of	339	

interest,	in	fMRI.	The	variance	shared	between	EEG	and	fMRI,	explained	by	the	variable	of	interest,	340	

is	 extracted	 by	 calculating	 the	 difference	 between	 these	 coef_icients	 of	 determination	 (R2).	 We	341	

repeated	this	for	every	model,	time-point	and	ROI.	Importantly,	to	increase	signal-to-noise	ratio	we	342	

smoothed	EEG	information	by	applying	a	5-time	point	moving	average.	For	every	time	point,	 the	343	

value	was	the	average	of	that	point,	the	two	previous	and	the	two	posterior	ones	(see	Peñalver	et	al.	344	

2023	 for	 a	 similar	 approach).	 Importantly,	 although	 correlation	 values	 can	 be	 either	 positive	 or	345	

negative,	R2	is	always	positive,	describing	the	overall	relationship,	but	not	the	direction.	However,	346	

commonality	results	respond	to	correlation,	making	 it	possible	 to	 _ind	some	negative	values	and	347	

results	higher	than	the	theoretical	limit	that	is	R2	(see	Hebart	and	Baker,	2018	and	Flounders	et	al.	348	

2019	for	similar	cases).	To	make	the	interpretation	of	the	results	easier,	in	Figure	8	we	represent	the	349	

absolute	value	of	the	commonality	analyses.	Supplementary	Figure	2	shows	the	original	result.		350	

In	 a	 _irst	 approach,	 we	 employed	 all	 the	 three	 models	 described	 above.	 Commonality	 (C)	 was	351	

calculated	as	follows:	352	

𝑪(𝑬𝑬𝑮.𝑴𝑹𝑰,𝑨) = 𝑹(𝑬𝑬𝑮.𝑴𝑹𝑰.𝑩,𝑪)𝟐 − 𝑹(𝑬𝑬𝑮.𝑴𝑹𝑰.𝑨,𝑩,𝑪)𝟐 	353	

where	 A	 re_lects	 the	 _irst	 model,	 B	 the	 second	 and	 C	 the	 third	 one.	 However,	 the	 block	 model	354	

explained	a	large	proportion	of	the	fusion	results,	possibly	masking	effects	that	could	be	accounted	355	

for	by	the	other	two	models.	Since	regions	were	chosen	because	they	revealed	signi_icant	category	356	

decoding,	we	reasoned	that	condition	(attention	or	expectation)	differences	could	explain	enough	357	

variance	 to	 mask	 any	 other	 interesting	 effects.	 Therefore,	 we	 repeated	 the	 analysis	 only	 with	358	

category	and	cue	RDMs,	to	obtain	a	clearer	representation	of	the	possible	underlying	effects	(see	359	

Flounders	et	al.	2019	for	a	similar	approach).	Note	that	data	were	still	composed	of	two	conditions,	360	

and	hence	we	kept	8	by	8	RDMs.	Two-model	commonality	is	described	as:	361	

𝑪(𝑬𝑬𝑮.𝑴𝑹𝑰,𝑨) = 𝑹(𝑬𝑬𝑮.𝑴𝑹𝑰.𝑩)𝟐 − 𝑹(𝑬𝑬𝑮.𝑴𝑹𝑰.𝑨,𝑩)𝟐 	362	

Statistical	 signi_icance	was	 calculated	using	a	 cluster-based	permutation	analysis.	 For	 each	EEG-363	

RDM,	we	permuted	 the	data	5000	different	 times,	obtaining	as	many	permuted	RDMs.	Then,	we	364	

repeated	 the	analyses	and	obtained	an	empirical	distribution	of	 commonality	values	and	cluster	365	

sizes.	A	window	was	 considered	 signi_icant	 if	 all	 the	values	 lied	over	 the	95%	 largest	permuted	366	
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results,	and	these	were	continued	in	more	data	points	than	the	95%	of	the	cluster	sizes.	For	similar	367	

approaches	see	Hebart	et	al.	(2018),	Flounders	et	al.	(2019)	and	Peñalver	et	al.	(2023).		368	

3.	Results	369	

3.1.	Behavioral		370	

Participants’	overall	performance	showed	high	accuracies	(M	=	0.93,	SD	=	0.05).	To	assess	behavioral	371	

effects,	we	used	 a	 three-way	 repeated	measures	ANOVA	 (Figure	2)	 on	 accuracy	 (Supplementary	372	

Table	1)	and	reaction	times	(Supplementary	Table	2).		373	

Figure	2.	Behavioral	results.	Reaction	times	(top	row,	in	seconds)	and	accuracy	(bottom	row)	in	

attention	 and	 expectation	 blocks,	 for	 cued	 (green)	 and	 uncued	 (orange)	 trials.	 Dots	 represent	

individual	participant’s	scores	per	experimental	condition.	Grey	lines	connect	each	participant’s	

score	in	the	two	conditions	of	each	block.	The	horizontal	black	line	inside	boxes	represents	the	

median,	while	the	limits	of	the	box	indicate	the	<irst	and	third	quartiles.	Whiskers	mark	the	1.5	

inter	quartile	range	for	the	upper	and	lower	quartiles.	Lateral	plots	show	the	kernel	distribution	of	

each	data	value.		
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Behavioral	accuracy	only	showed	a	main	effect	of	Category	(F45,1	=	13.02,	p	<	0.001,	𝜂p2	=	0.22),	with	374	

less	accurate	responses	to	faces	than	to	names	(M	=	0.92,	SD	=	0.06	vs.	M=	0.94,	SD	=	0.07).	Crucially,	375	

there	was	no	main	effect	of	Condition	(F45,1	=0.31),	indicating	that	attention	and	expectation	did	not	376	

differ	in	difficulty.	Although	the	interaction	between	Block	and	Cueing	was	not	significant	(F45,1	=	377	

1.98,	p=0.16,	see	Supplementary	Table	1	for	the	complete	result),	given	our	hypothesis	of	better	378	

performance	 in	 cued	 that	uncued	 trials	 in	 the	expectation	condition,	we	performed	 the	planned	379	

comparisons	and	observed	better	 accuracies	 for	 expected	vs.	 unexpected	 targets	 (t45,1=2.75,	 p	=	380	

0.004,	Cohen’s	d	=	0.41,	M	=	0.94	vs.	0.91),	which	was	not	found	in	the	attention	condition	(t45,1=0.08,	381	

p	=	0.93).	382	

Only	the	main	effect	of	Cueing	showed	a	significant	main	effect	in	reaction	times	(RT;	F45,1	=	9.45,	p	383	

=	0.004,	𝜂p2	=	0.17),	as	responses	were	generally	faster	in	cued	trials	compared	to	uncued	trials	(M	384	

=	0.701	ms,	SD	=	0.17	vs.	M	=	0.732,	SD	=0.18).	Again,	although	there	was	no	Condition	by	Cueing	385	

interaction	 (F45,1	=	 1.29,	 p=0.26),	 we	 studied	 the	 effect	 of	 expectations	 guided	 by	 our	 a	 priori	386	

hypotheses.	Expectation	trials	showed	faster	responses	for	cued	than	for	uncued	trials	(t45,1=3.14,	p	387	

=	0.014,	Cohen’s	d	=	0.14,	M	=	703	vs.	728	ms),	which	was	not	significant	for	attention	(t45,1=1.78,	p	388	

=	0.3).		389	

3.2.	Global	differences	between	attention	and	expectation		390	

Our	 _irst	 goal	was	 to	 outline	 the	 regions	 that	 are	 involved	 in	 general	 anticipatory	 states	 during	391	

attention	and	expectation,	either	in	global	activations	or	in	different	patterns	of	activity.	To	do	so,	we	392	

_irst	performed	a	univariate	contrast	for	attention	>	expectation	and	vice	versa,	which	revealed	only	393	

small	univariate	differences	during	the	preparatory	window	(Supplementary	Table	3,	Figure	3A).		394	

Since	previous	 literature	has	 linked	 frontoparietal	 regions	 to	anticipation	 in	both	conditions,	we	395	

reasoned	that	even	with	similar	univariate	activation	values,	the	patterns	of	voxel-wise	activations	396	

should	 be	 different	 if	 attention	 and	 expectation	 lead	 to	 different	 effects.	 We	 studied	 this	 by	397	

performing	 a	 searchlight	 decoding	 of	 expectation	 and	 attention	 during	 the	 cue	 and	 preparation	398	

interval.	Our	results	showed	signi_icant	classi_ication	in	two	different	clusters	(Supplementary	Table	399	

4,	 Figure	3B).	 The	 _irst	 one	 included	 several	 frontoparietal	 regions	 associated	with	 the	multiple	400	

demand	network	(MD),	such	as	the	intraparietal	sulcus	(IS),	Supramarginal	gyrus	(SMG),	Superior	401	

Parietal	Cortex	(SPC),	left	anterior	Insula	and	the	Dorsolateral	Prefrontal	Cortex	(DLPFC),	with	the	402	

peak	voxel	in	the	Supplementary	Motor	Area	(SMA).	The	second	one	included	broad	visual	regions,	403	

including	the	occipital	gyri	(OcG),	with	the	peak	voxel	being	at	the	left	lingual	gyrus	(LiG).	Note	that	404	

both	blocks	were	perceptually	identical	and	were	also	equated	in	behavioral	performance	measures.		405	
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3.3.	Differences	in	anticipatory	category	representations	in	attention	and	expectation	406	

When	looking	at	anticipatory	activity	separately	for	attention	and	expectation	(Figure	4A	[yellow	–	407	

attention;	blue	–	expectation]	and	Supplementary	Table	4),	we	_irst	observed	signi_icant	coding	of	408	

the	anticipated	relevant	 (attended)	 target	category	 in	 two	bilateral	clusters	 in	 the	Visual	Ventral	409	

stream,	 with	 peaks	 at	 the	 left	 and	 right	 Inferior	 Temporal	 Gyri	 (ITG).	 In	 contrast,	 probable	410	

(expectation)	category	anticipations	showed	decoding	mostly	restricted	to	the	early	ventral	visual	411	

cortex	and	Fusiform	gyrus,	with	a	peak	at	the	Lingual	gyrus.	The	comparison	of	these	two	results,	412	

by	subtracting	the	maps	of	attention	and	expectation	and	performing	a	one-sample	t-test	against	413	

zero	revealed	that,	although	each	condition	peaked	in	different	regions,	decoding	levels	were	overall	414	

not	signi_icantly	different.	This	could	be	due	 to	overall	accuracies	being	 low	(as	expected	during	415	

Figure	3.	Global	attention	vs.	expectation	results.	(A)	Contrast	GLM	results	for	

cue-locked	attention	vs.	 expectation	 trials.	 Scales	 re<lect	 t-values.	Yellow	areas	

highlight	 signi<icant	clusters	 for	 attention>expectation	 trials,	while	blue	 shows	

results	for	expectation>attention.	(B)	Attention	and	expectation	decoding	during	

the	anticipatory	interval.		
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anticipation)	or	 to	both	conditions	recruiting	broad	regions	of	 the	occipital	and	ventral	 cortices,	416	

although	peaking	in	different	areas.		As	mentioned	before,	these	results	are	not	driven	by	perceptual	417	

confounds,	given	that	decoding	was	performed	including	two	different	cues	for	each	category,	which	418	

were	differentially	paired	with	the	two	cues	of	the	other	condition	across	blocks.	419	

3.4.	Category	anticipation	shows	restricted	generalization	between	attention	and	expectation	420	

The	previous	results	raise	the	possibility	that	preparatory	neural	codes	are	to	certain	extent	shared	421	

between	contexts	of	attention	and	expectation.	To	test	for	this,	we	performed	a	cross-classi_ication	422	

analysis	between	relevance	vs.	probability	anticipation.	This	analysis	revealed	a	single	cluster	in	the	423	

left	FG	(k	=	756,	Figure	4B	and	Supplementary	Table	5).		424	

3.5.	Regions	involved	in	anticipation	partially	overlap	with	those	related	to	target	perception	425	

Results	in	the	previous	two	sections	show	that	category	anticipation	in	attention	and	expectation	426	

engages	 similar	 but	 not	 completely	 overlapping	 regions,	 which	 employ	 mostly	 different	 coding	427	

patterns	 across	 contexts.	 This	 could	 be	 due	 to	 anticipatory	 representations	 in	 both	 conditions	428	

differing	in	their	level	of	similarity	with	target	perception.	Therefore,	we	investigated	the	potential	429	

pattern	overlap	between	preparation	and	the	actual	perception	of	face	and	name	stimuli,	separately	430	

for	attention	and	expectation.	To	do	so,	we	trained	the	classi_ier	during	cue	processing	and	tested	it	431	

during	target	processing	(Figure	5	and	Supplementary	Table	5).	In	attention	blocks	(Fig.	5A,	yellow),	432	

the	left	anterior	ITG	and	left	Frontal	Operculum	(FO)	showed	common	patterns	for	both	processing	433	

stages.	 For	 expectation	 (Fig.	 5A,	 blue),	 results	were	 limited	 to	 the	 bilateral	Occipital	 Gyri	 (OcG),	434	

Figure	4.	Cue-locked	face	vs.	name	MVPA.	(A)	Results	in	different	blocks.	Attention	

results	are	shown	in	orange,	and	expectation	in	blue.	(B)	Cross-classi<ication	results	

between	attention	and	expectation.		
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peaking	at	the	left	Inferior	Occipital	Gyrus	(IOG).	A	conjunction	analysis	only	returned	a	cluster	in	435	

the	left	FG,	matching	the	coordinates	of	the	signi_icant	regions	of	the	previous	cross-classi_ication	436	

analysis	 (Section	3.4;	 Figures	4B	 and	5B).	We	 compared	both	 conditions	by	performing	 a	 t-test,	437	

which	 returned	 an	 occipital	 bilateral	 cluster	 where	 cue-target	 cross-decoding	 was	 largest	 for	438	

expectation	(Figure	5C	and	Supplementary	Table	5).	This	suggest	a	larger	involvement	of	early	visual	439	

areas	in	the	coding	of	probable	stimuli	that	is	speci_ic	to	the	cognitive	context	of	expectation.		440	

A	mechanistic	explanation	for	the	similarities	found	between	preparatory	and	perceptual	coding	441	

might	be	accounted	for	by	neurons	in	both	epochs	of	the	trial	being	tuned	to	similar	stimuli.	We	442	

studied	the	stability	of	neural	tunning	from	cue	to	target	stimuli	in	a	univariate	manner,	which	also	443	

allowed	direct	comparisons	between	attention	and	expectation.	We	established	a	voxel	selectivity	444	

ranking	 during	 anticipation,	 and	 regressed	 it	 onto	 image	 preference	 during	 the	 target.	 We	445	

performed	this	analysis	in	the	five	ROIs	obtained	from	category	decoding	during	the	cue,	and	cue-446	

target	cross-decoding.	We	separately	analyzed	the	slope	of	each	condition	(see	Figure	6	for	results).	447	

The	slope	was	only	significantly	positive	for	expectation,	in	the	ventral	visual	ROI	associated	with	448	

cue-target	 cross-decoding	 for	 expectation	 (t43,1=3.27,	 p	=	 0.001).	 Moreover,	 the	 result	 was	 also	449	

Figure	 5.	 Cue-Target	 Cross-decoding	 results.	 (A)	 Attention	 results	 are	 shown	 in	

orange,	 and	 expectation	 in	 blue.	 (B)	 Common	 signi<icant	 voxels	 across	 conditions	

(binarized	 conjunction).	 	 (C)	 Areas	 where	 expectation	 is	 signi<icantly	 better	 cross-

decoded	than	attention.		
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significantly	more	positive	than	in	the	attention	condition	(t43,1=2.86,	p	=	0.004).	This	result	suggests	450	

that	voxels	within	early	occipital	and	temporo-ventral	regions	are	tuned	in	a	similar	way	during	cue	451	

and	target	epochs,	but	in	expectation	trials,	in	line	with	the	previous	cross-decoding	results.		452	

3.6.	EEG-fMRI	fusion	shows	category	and	block	coding	in	ventral	regions	453	

Model-based	EEG-fMRI	fusion	results	(Figure	7,	grey	shaded	area)	showed	similarity	between	EEG	454	

and	fMRI	data	that	in	most	regions	increased	with	time,	with	the	exception	of	the	most	occipital	area	455	

(ROI	2).	This	 result	 stands	out	 in	 the	 left	FO	 (ROI	3),	where	similarity	 is	 large	during	 the	whole	456	

interval.	Crucially,	the	most	ventral	regions	showed	evidence	of	similarity	that	was	less	present	in	457	

Figure	6.	Voxel	selectivity	results.	Each	plot	depicts	the	results	for	one	ROI.	The	Y	axes	show	average	beta	values	

across	all	voxels	and	participants.	The	X	axes	show	selectivity	preference	from	least	(one)	to	most	(eight)	of	the	eight	

conditions	during	anticipation,	which	was	then	applied	to	target	activity	(see	methods).	Dots	represent	mean	voxel	and	

participant	beta	values,	and	vertical	 lines	the	SD.	Continuous	 lines	indicate	the	slope	obtained	after	<itting	a	 linear	

regression	to	each	condition.	Asterisks	indicate	statistical	signi<icance.	ITG	=	Inferior	Temporal	Gyrus;	FO	=	Frontal	

Operculum.	
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occipital	areas.	This	might	suggest	that	this	area	represents	anticipated	contexts	with	high	detail	but	458	

Figure	7.	Model-based	EEG-fMRI	fusion	results.	Fusion	(grey	area	and	black	outline)	results.	Y	axes	show	R2	
values,	and	X	depicts	time.	Vertical	dashed	line	indicates	cue	onset,	while	the	1550	ms	limit	is	the	target	onset	in	
the	EEG	experiment.	The	left	column	shows	commonality	results	for	three	models:	block	(blue),	category	(red)	and	
cue	 (green).	The	 right	 column	 shows	 commonality	 for	 two	models,	 category	and	 cue.	 Signi<icance	 appears	 in	
horizontal	lines	below	the	axis,	colored	as	the	corresponding	signi<icant	model.	Note	that	fusion	values	are	identical	
in	 both	 columns.	The	 two	 <irst	 ROIs	 are	 extracted	 from	 signi<icant	 clusters	 of	 the	 decoding	 of	 face	 and	 name	
anticipated	 targets,	 yellow	 in	attention	and	blue	 in	expectation.	The	 second	pair	comes	from	cue-target	 cross-
decoding,	 following	the	same	color	pattern.	Note	that	the	scale	of	 the	Y	axis	on	ROI	3	 is	 larger.	 	 ITG	=	 Inferior	
Temporal	Gyrus;	FO	=	Frontal	Operculum.	
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with	a	relatively	late	latency.	459	

To	 investigate	 the	 cognitive	 functions	 subserving	 the	 fusion	 results	 we	 applied	 commonality	460	

analyses	(Figure	7	–	left	column).	We	designed	three	RDMs	based	on	three	models	accounting	for	461	

condition	(attention	vs	expectation),	category	(face	vs	name)	and	cue	(the	actual	shapes	of	the	cues),	462	

depicted	in	Supplementary	Figure	2.	The	analysis	revealed	that	most	of	the	similarity	between	EEG	463	

and	fMRI	patterns	was	explained	by	the	condition	model,	especially	in	the	FO	from	200	ms	to	the	464	

end	of	the	preparatory	 interval.	This	suggests	a	sustained	pattern	of	differences	 in	attention	and	465	

expectation,	that	was	common	across	both	experiments	and	that	is	maintained	while	anticipating	466	

incoming	information.	However,	these	regions	were	selected	because	they	showed	a	signi_icant	level	467	

of	category	decoding	 in	previous	analyses,	which	 is	also	 the	main	 focus	of	 this	 investigation.	We	468	

reasoned	 that	 the	 variance	 explained	 by	 the	 condition	 model	 might	 have	 masked	 relevant	469	

information	pertaining	to	the	category	model.	Hence,	we	performed	a	second	commonality	analysis,	470	

this	time	only	including	category	and	cue	models.	Results	are	shown	in	Figure	7	–	right	column.		471	

In	this	latter	analysis	the	category	model	explained	a	signi_icant	part	of	the	variance	in	three	out	of	472	

the	_ive	regions.		Moreover,	the	pattern	of	commonality	in	all	of	them,	except	in	the	occipital	cortex,	473	

described	a	ramping-up	tendency,	akin	to	the	one	found	for	similar	analyses	in	Peñalver	et	al.,	2023.	474	

Interestingly,	the	FO	also	showed	evidence	of	cue	shape	representation,	which	was	not	present	in	475	

more	 visual	 areas,	 suggesting	 the	 involvement	 of	 this	 region	 in	 the	whole	 anticipatory	 process,	476	

including	shape	interpretation.	Overall,	ventral	regions	showed	persistent	coding	of	the	contextual	477	

condition,	which	was	largest	in	more	anterior	the	region	was.	However,	category	anticipation	was	478	

also	present	 in	more	occipital	areas.	Overall,	 fusion	analyses	showed	that	block	differences	were	479	

sustained	 in	 visual	 regions,	 while	 the	 anticipated	 category	was	 represented	 during	most	 of	 the	480	

interval,	peaking	before	target	onset.		481	

4.	Discussion	482	

The	current	study	characterizes	the	speci_icity	of	the	anticipation	of	relevant	(selective	attention)	483	

vs.	 probable	 (perceptual	 expectations)	 information	 content.	 Our	 _indings	 show	 that	 top-down	484	

preparation	 is	 highly	 speci_ic,	 evidenced	 by	 relevance	 and	 probability	 contexts	 leading	 to	485	

distinguishable	 brain	 states	 that	 extend	 from	 cue	 to	 target	 processing.	 Moreover,	 although	486	

anticipated	 stimulus	 categories	 are	 coded	 in	 the	 brain	 before	 their	 actual	 presentation	 in	 both	487	

contexts,	 the	 underlying	 preparatory	 patterns	 are	mostly	 unique	 for	 attention	 and	 expectation.	488	

Overall,	 these	 results	 challenge	 the	 notion	 that	 preparatory	 templates	 in	 selective	 attention	 and	489	

perceptual	 expectation	 are	 equivalent,	 favoring	 a	 view	 instead	 where	 the	 informational	 role	 of	490	

mental	contents	shapes	their	underlying	neural	patterns.		491	
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Our	_irst	goal	was	to	study	whether	attention	and	expectation	contexts	lead	to	different	anticipatory	492	

states.	We	found	small	univariate	differences	in	preparatory	coding	of	different	task	sets	(González-493	

Garcı́a	et	al.,	2018;	Hebart	et	al.,	2018;	Peñalver	et	al.,	2023).	Multivariate	results	extended	these	494	

_indings,	 showing	 that	 although	 activation	 levels	 were	 similar	 in	 attention	 and	 expectation	 in	495	

frontoparietal	regions	(Greenberg	et	al.,	2010;	Summer_ield	et	al.,	2006),	their	subserving	patterns	496	

differed.	Note	 that	 these	results	cannot	be	explained	by	differences	 in	perceptual	 factors	or	 task	497	

dif_iculty,	since	behavioral	results	in	attention	and	expectation	were	equated.	We	found	two	clusters,	498	

one	comprising	a	wide	range	of	left	occipital	areas,	extending	from	early	visual	regions	to	the	left	499	

posterior	 ventral	 cortex,	 and	 another	 one	 in	 frontoparietal	 sites	 typically	 associated	 with	 the	500	

Multiple	Demand	network	(MD),	including	the	anterior	insula,	FO,	SPC	and	MFC	(Dosenbach	et	al.,	501	

2007;	Wen	et	al.,	2018).	This	network	has	been	related	to	attention	and	cognitive	control,	memory	502	

load	(Manoach	et	al.,	1997)	or	task	switching	(Wager	et	al.,	2004).	Overall	differences	in	our	task	are	503	

likely	related	to	the	mechanisms	recruited	to	anticipate	demands	and	their	relevance	vs.	probability	504	

informational	function	in	the	selection	of	the	appropriate	response	(e.g.	Woolgar	et	al.,	2015).		505	

Crucial	 to	 our	 research	 was	 to	 investigate	 whether	 the	 representational	 nature	 of	 relevant	 or	506	

probable	category	information	about	incoming	stimuli	was	also	different.	Results	showed	that	it	was	507	

possible	 to	decode	 the	 anticipated	 stimulus	 category	 (faces	vs.	 names)	 in	both	 contexts,	 but	 the	508	

regions	 associated	 with	 this	 effect	 differed	 for	 the	 most	 part.	 The	 bilateral	 ITG,	 represented	509	

anticipated	 information	 in	 relevance	 contexts.	 This	 region	 has	 been	 associated	 with	 object	510	

recognition,	 including	 faces	 (Verhoef	 et	 al.,	 2015)	 and	 words	 (Willems	 et	 al.,	 2016),	 also	 in	511	

anticipatory	 settings	 (Willems	 et	 al.,	 2016).	 The	 expectation	 manipulation,	 in	 contrast,	 led	 to	512	

category	decoding	in	earlier	visual	regions	including	the	lingual	gyrus,	associated	with	initial	visual	513	

processing	(Mechelli	et	al.,	2000).	Interestingly,	attention	and	expectation	differed	in	the	anterior-514	

to-posterior	location	of	the	anticipatory	representations,	with	the	former	being	in	higher	regions	of	515	

the	hierarchy,	while	the	latter	engaging	earlier	perceptual	sites.	This	is	similar	to	what	was	found	by	516	

Kok	et	al.	(2016),	where	a	spatial	attention	manipulation	had	larger	effects	on	higher	order	visual	517	

areas	 (V2,	V3)	while	expectation	was	detected	 in	V1.	The	reasons	 for	 this	potential	gradient	are	518	

unknown	 and	 could	 be	 partially	 due	 to	 the	 characteristics	 of	 the	 paradigm	 used,	 although	 it	 is	519	

suggestive	of	attention	codes	relying	in	category-based	representations,	while	expectation	affecting	520	

more	basic	perceptual	coding	of	anticipated	stimuli.		521	

In	addition,	to	query	the	similarity	of	neural	patterns	across	conditions,	we	implemented	a	cross-522	

classi_ication	 analysis	 between	 attention	 and	 expectation	 blocks.	 There	 was	 scarce	 evidence	 of	523	

cross-decoding,	being	limited	to	a	cluster	in	the	left	Fusiform	Gyrus.	This	adds	support	to	the	idea	524	

that	the	anticipation	of	speci_ic	relevant	vs.	probable	stimulus	categories	is	mostly	based	on	different	525	
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mechanisms,	replicating	and	extending	previous	results	(Peñalver	et	al.,	2023).	This	_inding	provides	526	

further	 evidence	 in	 favor	 of	 anticipation	 sharing	 characteristics	 in	 attention	 and	 expectation	527	

contexts,	while,	at	the	same	time,	being	subserved	by	distinct	patterns	of	brain	activity.		528	

A	 potential	 source	 for	 differences	 between	 attention	 and	 expectation	 could	 be	 that	 they	 engage	529	

different	levels	of	overlap	with	actual	target	perception,	similarly	to	what	has	been	suggested	for	530	

visual	imagery	(e.g.	Cichy	et	al.,	2012).	Cross-classi_ication	between	cues	and	targets	was	evident	in	531	

both	conditions,	however	these	effects	appeared	in	mostly	different	areas.	Attention	showed	cross-532	

decoding	on	the	left	ITG,	plus	in	the	IFG.	On	the	other	hand,	this	analysis	revealed	more	anterior	533	

occipital	and	temporal	ventral	regions	for	expectation.	Surprisingly,	signi_icant	regions	did	not	fully	534	

match	the	ones	found	during	anticipated	category	decoding,	which	suggests	that	anticipatory	coding	535	

was	taking	place	also	in	these	areas	but	did	not	reach	statistical	signi_icance	levels.	 Interestingly,	536	

there	was	a	small	region	in	the	FG	that	appeared	in	both	attention	and	expectation	(see	Figure	5B).	537	

Altogether,	 this	 suggest	 the	 left	 FG	might	 be	 a	 key	 hub	 to	 code	 relevant	 and	 probable	 incoming	538	

information	similarly	in	otherwise	different	preparation	contexts.		539	

A	voxel	selectivity	ranking	analysis	provided	further	evidence	regarding	the	degree	of	generalization	540	

of	 neural	 patterns	 from	 cue	 to	 target	 stimuli.	 We	 did	 this	 in	 the	 regions	 related	 to	 category	541	

anticipation	 in	 previous	 analyses:	 cue	 decoding	 and	 cue-target	 cross-decoding	 for	 attention	 and	542	

expectation.	 Out	 of	 the	 four	 regions,	we	 only	 found	 evidence	 of	 generalization	 in	 the	 cue-target	543	

region	for	expectation,	in	broad	ventral	stream	sites.	There,	only	expectation	showed	evidence	of	544	

generalization,	 and	 it	 was	 also	 signi_icantly	 larger	 than	 for	 attention.	 Hence,	 this	 set	 of	 results	545	

highlights	that	probabilistic	preparation	for	different	categories,	compared	to	context	of	relevance,	546	

is	more	akin	to	stimulus	perception.		547	

As	a	last	step,	we	detailed	the	temporal	pro_ile	of	the	fMRI	results	through	a	RSA-based	fusion	(Cichy	548	

&	Oliva,	2020;	Flounders	et	al.,	2019;	Hebart	et	al.,	2018)	in	the	ROIs	obtained	in	previous	analysis.	549	

This	 approach	 is	 also	 relevant	 to	 provide	 further	 support	 to	 the	 true	 anticipatory	 nature	 of	 the	550	

_indings	obtained	with	 the	 fMRI	methodology.	Although	 the	paradigm	 jittered	 the	 time	 intervals	551	

between	cue	and	targets	to	minimize	overlap	in	the	signal,	the	sluggish	nature	of	the	BOLD	response	552	

hinders	a	clean	separability	of	both	task	epochs.	However,	this	is	not	an	issue	with	the	EEG	data,	553	

which	has	excellent	temporal	resolution.	Results	of	the	fMRI-EEG	fusion	provide	the	temporal	pro_ile	554	

of	the	activation	patterns	in	the	selected	ROIs.	These	indicated	that	while	the	ITG	showed	sustained	555	

similarity	with	EEG	activity,	more	occipital	regions	were	associated	with	speci_ic	peaks	at	the	middle	556	

and	the	end	of	the	preparatory	window,	which	might	indicate	speci_ic	transient	reinstatement	of	the	557	

anticipated	information.	A	further	model-based	commonality	analysis	revealed	that	the	majority	of	558	

these	results	were	accounted	for	differences	between	attention	and	expectation.	Furthermore,	when	559	
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studying	only	the	category	and	cue	models	of	anticipation,	we	found	that	the	anticipated	category	560	

explained	the	similarity	between	EEG	and	fMRI	patterns	during	most	of	the	preparation	interval,	561	

and	in	a	similar	ramping-up	fashion	as	the	one	found	in	Peñalver	et	al.	(2023).	Our	results	further	562	

reveal	that	this	ramping-up	pattern	takes	place	 in	visual	regions,	but	also	engages	regions	of	the	563	

Frontal	Operculum,	which	could	be	acting	as	a	source	of	bias	of	more	perceptual	regions	(e.g.	Baldauf	564	

&	Desimone,	2014).	Ramping-up	mechanisms	have	been	suggested	 to	 serve	working	memory	 in	565	

reinstating	useful	information	in	contexts	of	temporal	anticipation	(Barbosa	et	al.,	2020;	Jin	et	al.,	566	

2020;	Ruz	&	Nobre,	2008),	an	explanation	that	_its	with	our	_indings.	However,	further	research	is	567	

needed	to	clarify	the	computational	role	of	these	patterns,	and	their	differential	role	across	contexts.	568	

Overall,	our	results	add	to	the	evidence	that	attention	and	expectation	engage	neural	preparation,	569	

aligning	 with	 predictive	 processing	 accounts	 of	 the	 anticipatory	 effects	 in	 both	 contexts	570	

(Auksztulewicz	&	Friston,	2016;	Feldman	&	Friston,	2010;	Kok	et	al.,	2017).	Attention	consistently	571	

showed	anticipatory	coding	 in	regions	of	 the	ventral	visual	cortex	 that	are	related	 to	 categorical	572	

stimulus	perception,	while	expectation	was	often	related	 to	earlier	visual	areas.	 In	 this	scenario,	573	

selection	could	be	operating	on	representations	of	the	relevant	stimulus	categories,	perhaps	more	574	

closely	related	to	brain	imagery	(Christophel	et	al.,	2015;	Lawrence	et	al.,	2019).	This	could	happen	575	

by	 preparatory	 increases	 of	 gain	 in	 neurons	 tuned	 to	 relevant	 categories,	 which	 could	 enhance	576	

information	sensory	weights	during	target	processing	(Feldman	&	Friston,	2010).	On	the	other	hand,	577	

expectation	could	induce	an	excitability	increases	in	earlier	regions	tuned	to	more	basic	stimulus	578	

features,	allowing	for	a	more	_lexible	representation	and	induction	of	prediction	errors	to	reduce	579	

noise	during	visual	processing.	Importantly,	this	is	further	supported	by	the	voxel	selectivity	ranking	580	

results	 showing	how	voxel	 tunning	 remained	 stable	only	 in	 expectation,	 adding	 to	 the	notion	of	581	

neural	excitability	and	responsiveness	to	probable	stimuli.		582	

Altogether,	with	a	paradigm	that	manipulated	the	anticipation	of	relevant	or	probable	contents	in	583	

tasks	 equated	 perceptually	 and	 in	 difficulty	 levels,	 our	 neuroimaging	 results	 show	 that	 the	584	

preactivation	of	specific	patterns	in	anticipation	of	task	demands	is	mostly	different	for	attention	585	

and	expectation.	In	both	conditions	cues	pre-activated	patterns	similar	to	those	reinstated	during	586	

subsequent	target	perception.	However,	this	overlap	happened	in	mostly	different	regions,	and	only	587	

in	expectation	it	was	possibly	due	to	specific	neural	tuning	to	probable	stimuli.	Our	findings	suggest	588	

that	 selection	 acts	 through	 complex	 stimulus	 representations,	 while	 expectation	 increases	589	

excitability	in	earlier,	more	basic	perceptual	regions.	Crucially,	results	show	that	preparation	is	a	590	

complex	 phenomenon,	 where	 different	 cognitive	 processes	 share	 representational	 structures,	591	

although	 implementing	 advantageous	 effects	 via	 mechanisms	 that	 are	 mostly	 specific	 to	 their	592	

contexts,	complemented	by	activity	constant	through	different	forms	of	preparation.	Overall,	our	593	
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results	 replicate	 and	 extend	 previous	 findings,	 thus	 stressing	 the	 specificity	 of	 anticipatory	594	

processing	depending	on	the	informative	role	it	plays	for	further	target	processing.		595	
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