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To optimize task sequences, the brain must differentiate between current and prospective

goals. We previously showed that currently and prospectively relevant object representa-

tions in working memory can be dissociated within object-selective cortex. Based on other

recent studies indicating that a range of brain areas may be involved in distinguishing

between currently relevant and prospectively relevant information in working memory,

here we conducted multivoxel pattern analyses of fMRI activity in additional posterior

areas (specifically early visual cortex and the intraparietal sulcus) as well as frontal areas

(specifically the frontal eye fields and lateral prefrontal cortex). We assessed whether these

areas represent the memory content, the current versus prospective status of the memory,

or both. On each trial, participants memorized an object drawn from three different cat-

egories. The object was the target for either a first task (currently relevant), a second task

(prospectively relevant), or for neither task (irrelevant). The results revealed a division of

labor across brain regions: While posterior areas preferentially coded for content (i.e., the

category), frontal areas carried information about the current versus prospective relevance

status of the memory, irrespective of the category. Intraparietal sulcus revealed both

strong category- and status-sensitivity, consistent with its hub function of combining

stimulus and priority signals. Furthermore, cross-decoding analyses revealed that while

current and prospective representations were similar prior to search, they became dis-

similar during search, in posterior as well as frontal areas. The findings provide further

evidence for a dissociation between content and control networks in working memory.

© 2020 Elsevier Ltd. All rights reserved.
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1. Introduction

Humans often perform sequences of tasks for which they

have to memorize multiple objects. A typical example is

having a mental list of what to buy in the supermarket.

Although all items in mind will become task-relevant at some

point, in each step of the sequence only one item should guide

our perceptions and actions, while all other items still need to

be remembered, but without interfering with the current task.

Visual working memory (VWM) is considered to be crucial for

themaintenance of task-relevant representations in service of

visual tasks and a vast body of evidence indicates that both

sensory (Emrich, Riggall, LaRocque, & Postle, 2013; Ester,

Serences, & Awh, 2009; Harrison & Tong, 2009; Riggall &

Postle, 2012; Sreenivasan, Vytlacil, & Dʼ;Esposito, 2014) and

fronto-parietal cortices (Christophel, Hebart, & Haynes, 2012;

D'Esposito & Postle, 2015; Postle et al., 2006; Rainer, Asaad, &

Miller, 1998; Ranganath, Cohen, Dam, & D'Esposito, 2004)

participate in the process of either storing or manipulating

relevant visual representations. However, much of the

knowledge has been gained from single task settings. In order

to optimize attentional deployment and ensure efficient

behavior during task sequences, the brain must differentiate

between information required for current versus prospective

goals. Little is known about how the brain distinguishes be-

tween memories relevant for now and memories relevant for

the near future.

Several hypotheses have been raised on how the brainmay

differentiate between currently relevant and prospectively

relevant representations. One possibility is that, in contrast to

memories that are currently relevant, prospectively relevant

memories are stored ‘silently’, through changes in respon-

sivity d rather than the activity d of the network that rep-

resents them (Olivers, Peters, Houtkamp, & Roelfsema, 2011;

Stokes, 2015). These changes in responsivity may happen

through short-term synaptic plasticity (Mongillo, Barak, &

Tsodyks, 2008; Sugase-Miyamoto, Liu, Wiener, Optican, &

Richmond, 2008) or changes in the membrane potentials of

the previously activated neurons (Conde-Sousa & Aguiar,

2013; Stokes, 2015). Consistent with this hypothesis, pro-

spectively relevant items are often not decodable even though

participants are still able to remember them (Larocque, Lewis-

Peacock, & Postle, 2014; Larocque, Riggall, Emrich, & Postle,

2017; Lewis-Peacock, Drysdale, Oberauer, & Postle, 2012), but

can be successfully recovered when unrelated activity is sent

through the network, either as a burst of transcranial brain

stimulation (TMS) (Rose et al., 2016) or by presenting other

visual input unrelated to the memorized item (Wolff, Jochim,

Akyürek, & Stokes, 2017). In addition, we recently found evi-

dence that such silent prospective memoriesmay be stored in

a transformed, ‘inverted’ format relative to current memories

(van Loon, Olmos-Solis, Fahrenfort, & Olivers, 2018; Yu, Teng,

& Postle, 2020).

A different hypothesis comes from Christophel,

Iamshchinina, Yan, Allefeld, and Haynes (2018), who have

argued that prospective memories are not so much silently

stored in sensory areas, but insteadmay resort to higher brain

areas that are more robust against interference. They found

that while currently relevant items could be decoded from
primary sensory cortices (i.e., V1eV3), evidence for prospec-

tive memories was at baseline levels in those visual areas.

Instead, prospective memories could be successfully decoded

from parietal and frontal cortices, specifically intraparietal

sulcus (IPS) and frontal eye fields (FEF). This suggests that the

brain distinguishes between current and prospective mem-

ories by recruiting different brain regions for their storage.

The transfer of prospective representations from sensory

cortices to the frontoparietal network may be a more general

functional mechanism put in place to prevent sensory-

memory interference. Indeed, Bettencourt and Xu (2016) re-

ported that under conditions of distraction during the delay

period between the memorandum and the test, VWM repre-

sentations appeared to be momentarily withdrawn from oc-

cipital cortex to parietal cortices [see however Rademaker,

Chunharas, and Serences (2019) and Lorenc, Sreenivasan,

Nee, Vandenbroucke, and D'Esposito (2018) for contrasting

results]. A similar transfer may also occur for prospective

memories during task sequences, given that they need to be

shielded from the potential interference of the current task.

How can the evidence in favor of these different hypothe-

ses be reconciled? One possibility is that multiple brain sys-

tems participate in the process of representing prospective

memories, but they do so differently, depending on how

susceptible to perceptual interference a given brain area is.

Specifically, while sensory areas may store prospective

memories in a silent, transformed (i.e., inverted) format to

prevent interference from upcoming sensory input, task-

related representations in the fronto-parietal network are

likely to be more robust against such sensory interference.

Fronto-parietal areas could thus store task-related memories

in a more active format regardless of their current or pro-

spective status. If so, an additional question then is whether

current and prospective representations are similar, or are

dissociated within this network, through respectively uncor-

related (Warden & Miller, 2007) or inverted (van Loon et al.,

2018; Yu et al., 2020) coding.

Another possibility is those different brain areas, rather

than all representing memory content, code for different as-

pects of the task at hand. While posterior (i.e., more sensory)

regions may preferentially code for the identity and features

of memory contents, frontal areas may be less involved in

representing the content itself, but rather reflect the goal,

function or associated action of the memory. In other words,

such areas may reflect the status (i.e., current versus pro-

spective) of thememory, rather than its content or identity (cf.

Lee, Kravitz, & Baker, 2013). Certainly, VWM contents in gen-

eral and prospective representations in particular have been

decoded from frontal regions; especially when the studies

have a sufficiently large sample size and statistical power

(Christophel et al., 2018). However, previous studies have also

shown that less than half of the prefrontal neurons are

stimulus selective and even those neurons that are selective

show less than 50% modulation of their firing rate by infor-

mation in VWM (Miller, Erickson, & Desimone, 1996;

Parthasarathy et al., 2017). Neurons that are not stimulus-

selective could then serve to code for more general task

rules which need to dynamically change according to task

demands. Note that there is also the distinct possibility that

any content-related decoding from frontal areas reflects

https://doi.org/10.1016/j.cortex.2020.11.011
https://doi.org/10.1016/j.cortex.2020.11.011
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motor-related components. Especially orientation-related ac-

tivity in the FEFmay reflect stimulus-specific eye-movements,

rather than the content itself, as has been shown for example

for orientation information (Mostert et al., 2018).

To provide additional evidence on how currently and

prospectively relevant memories are represented across

different brain regions, we analyzed data acquired during a

previously reported fMRI experiment (van Loon et al., 2018,

Experiment 2), but here focused on four additional regions of

interest (ROIs). Fig. 1 shows the task design. In this experi-

ment, observers first committed to memory a visually pre-

sented object drawn from one of three possible categories.

The object was the target for one of two consecutive visual

search tasks which were presented after an initial memory

delay. Importantly, a cue indicated whether the item of in-

terest was relevant for the first search (current relevance),

relevant for the second search (prospective relevance), or if it

was not relevant for either search task (the irrelevant condi-

tion). Our previous analyses focused solely on the posterior

fusiform part of lateral occipital cortex (pFs), as these regions

are known to represent object categories. Multivoxel pattern

analyses (MVPA) of this area suggested that the memorized

items underwent a marked representational transformation

throughout the trial. Using a cross-relevance decoding
Fig. 1 e Trial design. On each trial, participants performed two c

tasks was presented at the start of the trial and could be a cow,

per category). These categories were the basis for the category cl

cue was “1” the memorized object was a current template, for S

template, for Search 2; finally, when the cue was “0” the memor

irrelevant in the trial. The remaining search task (either Search 2

Irrelevant conditions) was a so-called duplicate search task. In

and participants indicated whether or not any one of the exemp

template could or needed to be prepared. In the irrelevant condi

The main conditions (i.e., Current, Prospective or Irrelevant) for

search display, participants indicated whether the target object

each run participants received feedback about their performance

Solis, K., Fahrenfort, J. J., & Olivers, C. N. L. (2018). Current and f

selective cortex. eLife, 7, e38677.
scheme (i.e., training the classifier in current trials and

testing it on prospective trials and vice-versa), we could

directly compare the neural representation of the same

categories when they were the target for the first search (i.e.,

currently relevant) versus when they were the target for the

second search (i.e., prospectively relevant). The results

revealed that during the delay prior to search, the neural

representation of a category when prospective was similar to

the representation of the same category when current.

However, during the first search task, current and prospec-

tive representations of the same category became very dis-

similar, to the extent that the neural pattern of a category

when prospective was partially opposite to its pattern when

current. The standard activity pattern then re-emerged

when the prospective item became relevant again, for the

second search task. We interpreted this inversion of the

category-related activity patterns as a potential mechanism

to deal with sensory interference (caused by the categories

presented during the search display) and prevent the pro-

spective representation from interacting with the task at

hand.

Three main questions guided our analyses and choice of

ROI in the present study. First, we were interested in

whether brain regions other than pFs carry information
onsecutive visual search tasks. The target for one of those

a dresser or a skate (variable template search; 4 exemplars

assification analyses. Then a retro-cue appeared, when the

earch 1; cue “2” indicated that the object was a prospective

ized item was not a target in either search and thus it was

in the Current condition, or Search 1 in the Prospective and

this task, butterflies, motorcycles or trees were presented

lars was shown twice in the display. Thus, here no search

tion participants only performed the duplicate search task.

med the basis for the status decoding analysis. For each

was present or absent using a button press. At the end of

. The figure is the same as used in van Loon, A. M., Olmos-

uture goals are represented in opposite patterns in object-

https://doi.org/10.1016/j.cortex.2020.11.011
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about the content (i.e., category membership) of currently

relevant and prospectively relevant objects in memory and

whether such category representation differed depending on

the status. Second, if a brain region codes for object category,

does it do so in the same way for current and prospective

items? Specifically, we investigated if other areas would also

reveal the representational transformation of category rep-

resentations that we previously observed in pFs (van Loon

et al., 2018). Third, we evaluated whether the different ROIs

can differentiate between current, prospective and irrele-

vant items, regardless of their category. In other words,

whether those areas code for the level of relevance of the

memorized item. To this end, we performed MVPA on data

from visual cortex (V1e V3 combined), IPS, and FEF, and

lateral prefrontal cortex (lPFC) to investigate if current and

prospective object categories are represented within these

areas and to what extent they differ. These ROIs were chosen

on the basis of previous work showing that they are involved

in visual working memory tasks and show task-specific

modulations. Specifically, based on findings by Bettencourt

and Xu (2016) and Christophel et al. (2018), we might

expect prospective information to be withdrawn from visual

cortex and stored in higher areas instead, specifically IPS and

FEF. In contrast, Rademaker et al. (2019) and Lorenc et al.

(2018) showed that visual cortex still contained informa-

tion on the memorandum in the wake of interfering stimuli,

and we might expect the same to occur for prospective in-

formation while observers prepared for, and conducted, an

intermediate search task. Given the involvement of specif-

ically prefrontal cortex in the planning of behavior

(Mansouri, Koechlin, Rosa, & Buckley, 2017), as well as in

task-dependent modulations of visual working memory

content (Lee et al., 2013), we hypothesized that lPFC would be

sensitive to whether a memory served the current or the

prospective behavioral goal.
2. Materials and methods

We show previously unreported analyses of a data set re-

ported on in an earlier publication, which focused on object-

selective cortex (van Loon et al., 2018; Experiment 2). Here

we analyzed four additional ROIs: early Visual Cortex (VC),

Intra Parietal Sulcus (IPS), Frontal Eye Fields (FEF) and lateral

Prefrontal Cortex (lPFC). We report how we determined our

sample size, all data exclusions, all inclusion/exclusion

criteria, whether inclusion/exclusion criteria were estab-

lished prior to data analysis, all manipulations, and all

measures in the study. The site of the earlier publication

https://elifesciences.org/articles/38677/figures and in addi-

tion Open Science Framework page https://osf.io/hcp47/

contain the raw data, the first level GLM output data files

per ROI, preprocessing scripts, decoding analyses scripts, as

well as stimulus presentation scripts. All ROIs were chosen

on the basis of previous studies (see above, and below) and

all preprocessing steps, choice of dependent measures, and

analyses followed van Loon et al. (2018), with the exception

of applying a more rigorous classifier balancing procedure

here (see below). None of procedures and analyses were

preregistered.
2.1. Participants

Twenty-five observers participated in Experiment 2 of van

Loon et al. (2018; 14 males, M ¼ 25 years of age, SD ¼ 4.5

years). Pre-determined exclusion criteria were a lack of

normal or corrected-to-normal vision, plus the standard

exclusion criteria for fMRI research (no metal, no pregnancy,

etc.). We obtained written informed consent from each

participant before experimentation. Sample size was deter-

mined on the basis of Experiment 1 in van Loon et al., 2018),

where highly reliable category and relevance decoding was

found with N ¼ 24. We thus planned a sample size of 24. One

subject did not complete the experiment and was therefore a

priori excluded. An extra subject was tested in the remaining

sessions to ensure that we would have a complete sample in

case another participant had to be excluded. In the end, this

turned out unnecessary, resulting in N¼ 25. The experimental

procedure was approved by the Ethical Committee of the

Faculty of Social and Behavioral Sciences, University of

Amsterdam (where scanning took place) and conformed to

the Declaration of Helsinki.

2.2. Task and stimuli

The task design is shown in Fig. 1. On each trial, participants

performed two consecutive visual search tasks of real-world

objects. The object of interest consisted of real-world grey-

scale photographs, selected out of four exemplars from three

categories (cows, dressers or skates). These categories were

selected to have maximal dissimilarity in representational

space (see Harel, Kravitz, & Baker, 2014). The memorized ob-

ject (cow, dresser or skate) was to be searched for first or

second e thus making it currently or prospectively relevant

(referred to as the variable template search). The remaining

search task was a duplicate search where participants had to

indicate if one of the objects appeared twice in the search

display. This duplicate search tasks changed the category

from trial to trial to be one out of three possible categories

(butterfly, motorcycles and trees). Note that the duplicate

search did not require a template, because all the information

needed to perform the task was in the search display itself. As

a result, observers only had to memorize a single item per

trial, which was either the target for the first search (Current;

with the second search being a duplicate search), the target for

the second search (Prospective; with the first search being the

duplicate search), or was deemed irrelevant after all (Irrele-

vant condition; with the first and only search then being a

duplicate search).

Each trial started with the presentation the memory item

(cow, dresser or skate) for 1500 msec (size: 2.4� visual angle),

followed by a fixation display that stayed on for 1500 msec.

Then, a cue indicated the relevance of this item. The cue could

be either a 1, 2 or 0 and remained on the screen for 1000 msec.

When the cue was ‘1’, participants performed the template

search first and the duplicate search second, making the

memorized object currently relevant (Current condition). The

order reversedwhen the cuewas ‘2’, rendering thememorized

object only prospectively relevant, as observers performed the

duplicate search first and the template search second (Pro-

spective condition). Finally, if the cue was ‘0’ the memorized

https://elifesciences.org/articles/38677/figures
https://osf.io/hcp47/
https://doi.org/10.1016/j.cortex.2020.11.011
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object was irrelevant because participants would only

perform the duplicate search (Irrelevant condition) and would

not be tested on the object. The cue was followed by an 8 sec

delay interval with a fixation cross in themiddle of the screen,

after which the first search display was presented. Depending

on the condition, the first search displaywas either a template

search (Current condition) or a duplicate search (Prospective

and Irrelevant conditions). In the template search, partici-

pants indicated with a button press whether the memorized

object of interest was present or absent among six exemplars

of the same object category. Similarly, in the duplicate search,

participants indicated whether a duplicate object (i.e., the

same exemplar appeared twice in the search display) was

present or absent, again set size for this display was six ob-

jects. The objects in the search displays were randomly placed

on the virtual rim of a circle with a radius of 7.4� of visual

angle. They were presented for 2 sec and observers had to

respond within these 2 sec. In all conditions, after the first

search display, another 8 sec blank period followed. Then, the

trial either ended (Irrelevant condition) or the second search

display was presented (Current and Prospective conditions).

This second search displaywas also followed by an 8 sec blank

period after which the trial ended.

The experiment consisted of 9 runs with 12 trials each (108

trials in total). Within each experimental run, we balanced the

amount of times that each relevance condition (Current,

Prospective and irrelevant) was presented (four trials per

condition), as well as the amount of times that participants

had to respond either ‘present’ or ‘absent’ in each search task.

However, the relevance condition by category combinations

[i.e., nine in total: three relevance conditions (current, pro-

spective, irrelevant) x three memory category (cow, dresser,

skate)] could not be completely balanced within runs (12 trials

per run); nonetheless, across the whole experiment there

were equal amount of trials for each combination. We also

balanced the category used in the duplicate search task (but-

terfly, motorcycles and trees) across conditions and in com-

bination with the category of the variable template (i.e., cow,

dresser, skate). Each experimental run lasted ~7min. The total

duration of a session was ~1.7 h (including, short brakes in

between runs, the structural scan and mapper run).

The stimuli were back-projected on a 61 � 36 cm LCD

screen (1920 � 1080 pixels) using Presentation (Neuro-

behavioral Systems, Albany, CA, USA) and viewed through a

mirror attached to the head coil. Eye tracking data (EyeLink

1000, SR Research, Canada) was monitored to ensure partici-

pants were awake and attending the stimuli.

2.3. Anatomical regions of interest (ROIs)

We created anatomically definedmasks for four brain regions

that have been previously found to participate in the main-

tenance or manipulation of VWM contents. We included the

three ROIs as used by Christophel et al. (2018), namely early

Visual Cortex (VC), the Intra Parietal Sulcus (IPS), Frontal Eye

Fields (FEF), plus an additional area, namely the lateral Pre-

frontal Cortex (lPFC) based on the studies by Lee et al. (2013)

and Harel et al. (2014). For the first three ROI masks we used

the probabilistic atlas of visual topographic areas in standard

space (i.e., MNI) developed by Wang, Mruczek, Arcaro, and
Kastner (2015). In our study, early visual cortex combined

the ventral and dorsal regions of V1, V2 and V3 while the Intra

Parietal Sulcus comprised IPS0, IPS1, IPS2, IPS3, IPS4 and IPS5.

The lateral Prefrontal Cortex (lPFC) was mapped from the T1

scans of each subject, using the automatic cortical parcella-

tion tool (i.e., recon-all) of Freesurfer (http://surfer.nmr.mgh.

harvard.edu/), specifically the label used was the rostral-

Middle-Frontal cortex (rMFC) from the Desikan atlas

(Desikan et al., 2006), as Lee et al. (2013) found similar results

for functionally and anatomically defined ROIs, with their

anatomical ROI being taken from the same atlas. Left and right

hemisphere ROIs were combined into single masks, but prior

to that we applied a threshold of 20% probability that the

voxels in the ROI belonged to that specific region. This was

done to reduce the size of the masks. Three main reasons led

us to use merged (i.e., left and right hemisphere) ROIs: First,

given that in our experiment the memorized object was not

presented lateralized, we did not expect to find differences

across hemispheres derived from retinotopic maps. Second,

even when using lateralized stimuli, previous VWM studies

found reliable effects in both hemispheres within VC, FEF

(Christophel et al., 2018; Ester et al., 2009), IPS (Lorenc et al.,

2018) and lPFC (Lee et al., 2013), with no reported substantial

hemisphere differences. Finally, for reasons of comparison,

we also report classification performance for pFs, which was

mapped individually for each subject on the basis of an in-

dependent functional mapper (see van Loon et al., 2018 for

details).

2.4. fMRI acquisition

Scanning was done on a 3T Philips Achieva TX MRI scanner

with a 32-elements head coil. In the middle of the testing

session (after four runs) a high-resolution 3D T1-weighted

anatomical image (TR, 8.35 msec; TE, 3.83 msec; FOV,

240 � 220 � 188, 1 mm3 voxel size) was recorded for every

participant (duration 6 min). Blood oxygenation level depen-

dent (BOLD)-MRI was recorded using Echo Planar Imaging (EPI)

(TR 2000msec, TE 27.62msec, FA 76.1, 36 slices with ascending

acquisition, voxel size 3 mm3, slice gap .3 mm, FOV

240 � 118.5 � 240).

2.5. fMRI data analysis

2.5.1. fMRI preprocessing
MRI data were registered to the subject-specific T1 scan using

boundary-based registration (Greve & Fischl, 2009). The

subject-specific T1 scan was registered to the MNI brain using

FMRIB's Nonlinear Image Registration Tool (FNIRT). For the

functional imaging data, we used FEAT version 5, part of FSL

[Oxford Centre for Functional MRI of the Brain (FMRIB) Soft-

ware Library; www.fmrib.ox.ac.uk/fsl; (Smith et al., 2004)].

Preprocessing steps consisted of motion correction, brain

extraction, slice-time correction, alignment, and high-pass

filtering (cutoff 100 sec). For each subject and each run, two

general linear models (GLM) were fitted to the data, whereby

every TR (2 sec each) was taken as a regression variable. In the

firstmodel, trials from all conditions (Current, Prospective and

Irrelevant) contributed the same amount of regressors. Thus,

this model contained 11 regressors as there were 11 TRs from

http://surfer.nmr.mgh.harvard.edu/
http://surfer.nmr.mgh.harvard.edu/
http://www.fmrib.ox.ac.uk/fsl
https://doi.org/10.1016/j.cortex.2020.11.011
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the presentation of the memory item to one TR prior to the

second search. The second model contained regressors from

trials of the Current and Prospective condition only; specif-

ically, from the onset of the second search display until the

end of the trial. Therefore, this second model contained five

regressors per trial per condition. We derived the t-value of

each voxel for each of the 16 TRs in the experiment. We used

FMRIB's Improved Linear Model (FILM) (Woolrich, Ripley,

Brady, & Smith, 2001) for the time-series statistical analysis.

The data were further analyzed in MATLAB (The MathWorks,

Natick, MA, USA). For each participant, run, experimental

condition (Current, Prospective and Irrelevant), category

exemplar (Cow, Dresser and Skate, 4 exemplars of each) and

TR, we created a vector containing the t-value per voxel in our

four regions of interest. T-values for each predictor were

computed by dividing the beta-weight by the standard error.

That vector comprised the spatial pattern of activity evoked at

that time point (TR) for that experimental condition in our

region of interest.

2.5.2. Category decoding (Within-relevance and cross-
relevance) and status decoding
We analyzed the multi-voxel patterns in two different ways:

First, we performed category decoding to determine which

ROIs carry information about the identity of the memorized

objects and whether the neural representations of these ob-

jects variedwith relevance (current, prospective or irrelevant).

Second, we decoded the status of the memorized object to

investigate which ROIs code for the relevance per se, regard-

less of object category. For this purpose we employed the

Princeton Multi-Voxel Pattern Analysis toolbox (available at

https://github.com/princetonuniversity/princeton-mvpa-

toolbox, see Detre et al., 2006). When performing category

decoding, for each condition and TR, a single class logistic

regression classifier was trained to distinguish each object

category (cow, dresser and skate). For status decoding, the

classifiers learned to differentiate between conditions (Cur-

rent versus. Prospective, Current versus. Irrelevant, and Pro-

spective versus. Irrelevant) irrespective of object category.

Logistic regression computes a weighted combination of voxel

activity values, and it adjusts the (per-voxel) regression

weights to minimize the discrepancy between the predicted

output value and the correct output value. The maximum

number of iterations used by the iteratively-reweighted least

squares (IRLS) algorithm was set to 5000.

We performed the standard leave one run out cross vali-

dation procedure, which involved training a single class lo-

gistic regression classifier to learn a mapping between the

neural patterns and the corresponding labels [i.e., either the

categories (in the Category decoding) or the conditions (in the

Status decoding)] for all but one run. Then, we used the

trained classifier to predict the correct label (either category or

condition) from the test patterns in the remaining run. For

each iteration, we trained the classifier on eight runs and

tested on the remaining run. This was done separately for

each ROI, and each time point (TR) in the trial. This standard

leave one out procedure was applied when doing relevance

decoding and overall classification accuracy was the average

accuracy of the nine iterations. Notice however that we

could not fully balance the condition by object category
combinations within runs (see Task and stimuli). Therefore,

when performing category classification with the cross-

validation procedure, each training set consisted of 8 runs

with 32 trials per relevance condition which is not a multiple

of 3 (i.e., the amount object categories of interest). Thus, for

each relevance condition (Current, Prospective Irrelevant)

when selecting all but one run for the training set, one of the

categories contained 10 exemplars while the other two cate-

gories had 11. Likewise, the testing set contained all three

categories (i.e., cow, dresser, skate), but two of the four ex-

emplars belonged to the category that was less frequent in the

training set. To make sure that this slight unbalance did not

bias the classifiers against the least frequent category, we

performed the leave one run out cross-validation procedure

twice: once using the slightly unbalanced training set and

another where we randomly picked one exemplar (for each of

the remaining two categories that had 11) and excluded them

from the training set, leaving a balanced training set with 30

exemplars per relevance condition (10 per category). For both

the balanced and unbalanced cross-validation procedures,

overall classification accuracy was the average of the nine it-

erations. Finally, we used a balanced accuracy calculation as

described in Fahrenfort, van Driel, van Gaal, and Olivers (2018)

where accuracy is calculated separated per class and then

averaged across classes. Because the results from both pro-

cedures were virtually the same, we chose to report analyses

from the unbalanced procedure, where all available trials

were included in the training sets.

We ran two types of category decoding: within the Current,

Prospective and Irrelevant conditions (within-relevance

decoding) and between relevance conditions (cross-relevance

decoding). In the within-relevance decoding, we trained and

tested classifiers within the same condition (Current, Pro-

spective or Irrelevant) to determine if a given brain region

contained any information about the category of the memo-

rized item and if the strength of the neural representation

varied across conditions. In the cross-relevance classification,

we trained when the category was a current item and tested

when the category was a prospective item and vice versa

(Current-Prospective), to assess if category information was

stored in the same format (predicting above-chance classifi-

cation), the opposite format (predicting below-chance classi-

fication), or uncorrelated formats (predicting no correlation

and thus classification at chance). We also included Current-

Irrelevant and Prospective-Irrelevant comparisons. This

resulted in six different testing and training combinations. To

reduce the amount of comparisons, we averaged the classifi-

cation performance of those combinations where the same

conditions were used either for testing or training. Note that

chance decoding for the category classifications was 33.33%

since we had three object categories (Cow, Dresser and Skate).

For the status decoding, again for each brain region, con-

dition and TR, a single class logistic regression classifier was

trained, but now to distinguish between two conditions (for

example current versus. prospective) rather than three cate-

gories. This resulted in three relevance decoding schemes:

Current versus. Prospective, Current versus. Irrelevant and

Prospective versus. Irrelevant. Because each classifier differ-

entiated between two conditions only, chance decoding here

was 50%.
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We focused our statistical analyses on the average classi-

fication performance for each of three intervals in the trial, as

predetermined on the basis of Lee et al. (2013) and our previ-

ous work (van Loon et al., 2018). Classification performance

was then the average performance within the second, third

and fourth TR after the offset of the cue (referred to as Delay

interval), after the first search display (referred to as Search 1

interval) or after the second search display (referred to as

Search 2 interval). The full time courses (classification perfor-

mance per TR) are available in the supplementary material.

The distribution of decoding scores revealed a significant

skewness of .241 from normality (p < .05), so we first square-

rooted the data (x’ ¼ √x) before running statistical tests.

This reduced the skewness to a non-significant .062. We point

out that the pattern of results also held for the non-

transformed data. We compared category decoding perfor-

mance and status decoding performance to their respective

chance levels (33.33% and 50%) using two-tailed one-sample t-

tests (following Christophel et al., 2018). We compared

decoding performance across ROIs and relevance conditions

using repeatedmeasures ANOVA. All statistical analyses were

performed using SPSS 26 (IBM, Armonk, USA), with a set at .05.

3. Results

We refer to van Loon et al. (2018) for detailed behavioural re-

sults. In short, performance in the template-based search task

and the duplicate search task was comparable in terms of

accuracy, though somewhat slower on the latter. Overall,

template-based search was faster in the first than in the sec-

ond search task, while the speed of duplicate search did not

differ between first and second search.

Our fMRI analyses targeted four ROIs: Visual Cortex (VC),

Intra Parietal Sulcus (IPS), Frontal Eye Fields (FEF) and lateral

Prefrontal Cortex (lPFC). To investigate how category repre-

sentation changed with relevance (i.e., the condition: Current,

Prospective, and Irrelevant) across these ROIs, we trained

classifiers on the multivoxel response patterns in each of

those areas, separately for each repetition time (TR). First, we

trained and tested the classifier with trials in which the

memorized category was currently relevant (for Search 1),

when it was prospectively relevant (for Search 2) and when it

was not a target in the trial (i.e., irrelevant condition). This

within-relevance decoding scheme evaluates if any given brain

area codes for the category or identity of thememorized items

when current, prospective or irrelevant, but it does not reveal

whether these category representations differ across the three

levels of relevance. Therefore, we additionally planned a cross-

relevance decoding scheme in which we trained the classifier

when the objects were currently relevant and tested when the

same objects were prospectively relevant and vice versa

(Current-Prospective cross-relevance scheme). We did the

same for the other two possible combinations: Current-

Irrelevant and Prospective-Irrelevant. Crucially, if the cate-

gory representations in two of the conditions (e.g., Current

and Prospective) are similar, above-chance classification ac-

curacy is expected again here. If representations are dissimi-

lar in an unrelated fashion, classification is expected to be at

chance levels, while below-chance classification is predicted
when representations are dissimilar, but in a systematic, anti-

correlated fashion.

Finally, we ran a status decoding analysis, to identify those

brain areas that preferentially code for the behavioral rele-

vance of the memorized item, irrespective of object category.

To this end, we trained and tested the classifier on the

distinction between Current and Prospective conditions,

Current and Irrelevant, and Prospective and Irrelevant. Here

we focus on three pre-determined intervals, referred to as

Delay, Search 1, and Search 2 (see Methods). Supplementary

Figures S1, S2 and S3 show the full time course of the

within-relevance category decoding, cross-relevance category

decoding and the status decoding respectively, for each TR.

The time courses for pFs were reported in van Loon et al.

(2018). Note that especially the Delay interval e that is prior

to the first search e is of interest here, since any status effects

during the searches likely reflect that participants were doing

a particular search task.

3.1. The delay prior to the first search: Posterior brain
areas preferentially code for the content, while frontal areas
preferentially code for the relevance of the memory item

Figure 2 shows the decoding accuracy for each type of classi-

fication analysis, ROI and condition during the Delay interval

prior to search. First, using the within-relevance classification

scheme, we evaluated which brain areas carry information

about the category of thememorized item (i.e., cow, dresser or

skate) and if the strength of the category representation varies

with its behavioral relevance. As can be seen in Fig. 2A, we

could reliably decode the category of the memorized item in

VC, pFs and IPS, but not in FEF or lPFC (See Supplementary

Table 1 for all one sample t-tests against chance, 33.33%). To

assess whether category information varies for different re-

gions of interest, we ran a two-way repeated measures

ANOVA on the same data, with factors ROI (VC, pFs, IPS, FEF,

lPFC) and Condition (Current, Prospective and Irrelevant).

There was a main effect of Condition on category decoding

(F(2,48) ¼ 3.48, p ¼ .039, h2p ¼ .13), as category decoding was

better for currently and prospectively relevant objects than for

irrelevant objects. There was also a main effect of ROI

(F(4,96) ¼ 24.82, p < .001, h2p ¼ .51), as category decoding

decreased further up the cortical hierarchy for parietal and

frontal control structures compared to sensory areas (VC and

pFS). The interaction between ROI and Condition failed to

reach significance (F ¼ 1.79, p ¼ .08). As previous studies

suggest that the strength of VWM representations may not be

equal for all IPS sub regions, supplementary Figure S4 shows

the classification analysis for each of the IPS sub region

separately from IPS0 to 5. Results revealed that the content

representation is stronger for the lower IPS areas (specifically

IPS0, IPS1 and IPS2), consistent with earlier findings

(Bettencourt & Xu, 2016; Xu & Chun, 2006).

Next, we used the cross-relevance decoding scheme to

assess whether current, prospective and irrelevant items of

the same category shared a similar neural representational

pattern. Fig. 2B shows that the posterior areas - VC, pFs and

IPS - exhibited above chance classification for all condition

combinations, whether Current-Prospective, Current-
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Fig. 2 e Delay interval: Object category decoding (Within-relevance and cross-relevance) and status decoding for VC, pFs,

IPS, FEF and lPFC. Previously reported data from pFs were also included for comparison purposes. (A) Category classification

performance within each relevance condition. More posterior brain areas (VC, pFs and IPS) contained information about the

identity (i.e., category specificity) of current, prospective and irrelevant items (the latter only in VC and pFs), whereas frontal

ROIs (FEF and lPFC) did not. (B) Category classification performance using cross-relevance decoding. The more posterior

brain areas (VC, pFs and IPS) showed above chance classification for all decoding combinations, suggesting similar

representations for current, prospective and irrelevant objects. In FEF category representations of current and irrelevant

items were similar, while all other decoding combination were at chance. In lPFC the category representation of current and

prospective items were similar, while Current-Irrelevant and Prospective-Irrelevant representations were uncorrelated. (C)
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Fig. 3 e Delay interval: Direct comparison of category

decoding versus relevance (status) decoding. Here

classification performance is shown collapsed across the

three sub conditions (current, prospective, irrelevant) and

with chance level subtracted (33.33% for category decoding,

50% for relevance decoding). Error bars indicate Standard

Error of the mean (SE).
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Irrelevant, or Prospective-Irrelevant, indicating that during

the delay interval prior to search, the neural representation of

the same category was very similar in those brain areas,

regardless of its current, prospective or irrelevant status (see

also Supplementary Table 1 for all comparisons against

chance, 33.33%, and see Supplementary Figure S4 for the in-

dividual IPS regions). The frontal areas again showed weaker

evidence for category information with some evidence for

common coding from the Current-Irrelevant decoding

scheme in FEF and Current-Prospective decoding scheme in

lPFC. A two-way repeated measures ANOVA with ROI and

relevance condition as factors revealed a main effect of ROI

(F(4,96) ¼ 18.81, p < .001, h2p ¼ .44) confirming that the similarity

in the category patterns across conditions decreased for

fronto-parietal brain regions. We also observed a main effect

of Decoding scheme (F(4,96) ¼ 5.01, p ¼ .011, h2p ¼ .17), as cross-

decoding was stronger for current and prospective represen-

tations than for either type of representations paired with

irrelevant representations. There was no interaction between

the two factors F ¼ .6, p ¼ .75). Thus overall, during the delay

period, the pattern across different relevance conditions was

very much the same as for within-relevance decoding.

Finally, we used the status decoding scheme to assess

which brain areas code for the behavioral relevance of the

memorized item regardless of its category. We ran status

decoding separately for each pair of conditions (Current-Pro-

spective, Current-Irrelevant, Prospective-Irrelevant). As can

be seen in Fig. 2C, we could decode the status of the memo-

rized item in all ROIs (see also Supplementary Table 1 for all

comparisons against chance, 50%, and see Supplementary

Figure S4 for the individual IPS regions). A two-way repeated

measures ANOVA on the status decoding accuracy with ROI

and specific status decoding scheme as factors revealed a

main effect of ROI (F(4,96) ¼ 22.13, p < .001, h2p ¼ .48) with a

significant linear relationship (F(1,24) ¼ 39.04, p < .001, h2p ¼ .61).

In contrast to category decoding, here status decoding

increased for brain regions higher in the cortical hierarchy,

specifically IPS, FEF, and lPFC. The main effect of the specific

status decoding schemewas also significant (F(4,96) ¼ 17.36, p <

.001, h2p ¼ .42). Across most ROIs, the strongest distinction was

between currently relevant and irrelevant, followed by be-

tween prospectively relevant and irrelevant. Importantly

though, currently relevant and prospectively relevant could

also be clearly distinguished, especially in IPS and lPFC. The

exception was VC, which could not discriminate between

current and prospective status. These differences resulted in a

significant ROI by Decoding scheme interaction (F(8,192) ¼ 2.47,

p ¼ .015, h2p ¼ .09).

These results indicate that during the delay prior to search,

the posterior sensory related brain areas such VC and pFs

carry mainly information about the category of the memo-

rized item, while the frontal areas FEF and lPFC are more
Status decoding. Status decoding increased for regions higher in

all areas differentiating between currently relevant and comple

better than between currently relevant and prospectively releva

prospectively relevant and irrelevant representations (Prospecti

mean, N ¼ 25. *p < .05, **p < .01, ***p < .001.
strongly involved representing the status of the item, while

IPS revealed both category decoding and strong status

decoding. Fig. 3 summarizes this finding as it directly juxta-

poses category and relevance decoding performances. An

ANOVA with decoding scheme (category decoding versus

relevance decoding) and ROI as factors statistically confirmed

the interaction that is evident from the graph (F(4,96) ¼ 36.35, p

< .001, h2p ¼ .60) and supports the opposite trends.

3.2. Search 1: dissimilar representations for current and
prospective items

Figure 4 shows the decoding accuracy for the Search 1 inter-

val. As can be seen in Fig. 4A, in most ROIs only the current

category was decodable, while the other two conditions were

at chance, the exception being pFs where we could also

decode the category of the prospectively relevant item (See

Supplementary Table 2 for comparisons against chance:

33.33% in the Search 1 interval). This greater classification

accuracy for current representations was to be expected since

during the first search, they were not only more relevant, but

also presented on the screen. A two-way ANOVA on the

within-relevance decoding accuracy showed a significant

main effect of Condition (F(2,48) ¼ 32.83, p < .001, h2p ¼ .58),

confirming the stronger decoding for the current condition.

There was also a significant main effect of ROI (F(4,96) ¼ 17.84

p < .001, h2p ¼ .43). As was the case for the delay period, overall

category decoding was stronger for posterior than for frontal

brain regions. Finally, we observed a significant interaction

(F(8,192) ¼ 2.87, p ¼ .001, h2p ¼ .11), as the differences in category
the cortical hierarchy (IPS, FEF and lPFC). Except for VC, for

tely irrelevant representations (Current-Irrelevant) was

nt representations (Current-Prospective) or between

ve-Irrelevant). Error bars indicate Standard Error (SE) of the
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Fig. 4 e Search 1 interval: Object category decoding (Within-relevance and cross-relevance) for VC, pFs, IPS, FEF and lPFC.

Data from pFs were also included for comparison purposes. (A) Category classification performance for each relevance

condition. In all areas, category decoding was higher for the Current than for the Prospective and Irrelevant conditions. We

could reliably decode the category of prospectively relevant items in pFs and to a lesser extent VC. (B) Category classification

performance across relevance conditions. Only in pFs we observed below chance decoding for the Current-Prospective

decoding scheme, indicating that the category representation of prospective items is inverted relative to current

representation of the same category. VC did not reliably show this effect, although the overall pattern was in the same

direction, as was the case for most other areas. (C) Status decoding. For completion, we show status decoding. Notice

however that here decoding accuracy is likely to be driven by the differences between the two types of search task

(Template search versus Duplicate search) rather than the relevance of the memorized object (Current versus Prospective or
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decoding between conditions were larger in pFs than in other

ROIs.

Next, we used the cross-relevance decoding scheme to

assess whether current, prospective and irrelevant items

shared the same neural pattern. As shown in Fig. 4B, a number

of areas showed significant below chance decoding during the

Search 1 interval (see Supplementary Table 2 for comparisons

against chance: 33.33%). Most notably pFS (as already reported

in van Loon et al., 2018), but also areas FEF and lPFC showed

reliable below chance decoding performance (with IPS and VC

showing numerical effects in the same direction). A two-way

repeated measures ANOVA revealed no effect of ROI (F ¼ 1.6,

p ¼ .175). We found a main effect of Decoding scheme (F(2,

48) ¼ 8.39, p ¼ .001, h2p ¼ .26). On average across ROIs, current

and prospective representations of the same category were

more dissimilar to each other thanwhen comparing current to

irrelevant or prospective to irrelevant representations. There

was also an interaction effect (F(8,192)¼ 2.03, p¼ .044, h2p ¼ .078),

which reflected the fact that these (dis)similarity effects were

strongest in pFs. We did not perform any additional statistical

analyses on the status decoding for this interval, as any status

differences would only reflect the fact that observers actively

performed a search task for one stimulus category (in the

Current condition). For the same reason we did not directly

juxtapose category versus relevance status decoding here.

However, for completion, we included the average classifica-

tion performance for each status classification scheme and

ROI in Fig. 4C.

In conclusion, the results confirm an overall decrease in

category sensitivity towards more frontal areas. In addition,

current and prospective items were represented in anti-

correlated patterns (as indicated by the below-chance decod-

ing) in multiple areas, most notably pFs, but also in frontal

cortex.

3.3. Search 2: inverse representations of the previous
target in VC, pFs and IPS

Figure 5 shows the decoding accuracy for each type of classi-

fication analysis, ROI and condition in the Search 2 interval.

Note that there is no data for the Irrelevant condition here as

in that condition there was no second search. As can be seen

in Fig. 5A, during the Search 2 interval, only prospectively

relevant items were decodable in VC, pFs, and IPS (See

Supplementary Table 3 for comparisons against chance:

33.33%). This greater decoding accuracy for prospective than

current items was to be expected since during the second

search of the Prospective condition, the prospective category

was actually to be searched and thus on the screen. A two-way

repeated measures ANOVA on the within-relevance decoding

accuracy revealed a significant main effect of relevance con-

dition (F(2,48) ¼ 25.49, p < .001, h2p ¼ .52). There was also a main
Current versus Irrelevant). The only meaningful classification sc

in these two conditions participants performed the same type o

classifier could discriminate between trials where the item in m

condition) from trials where the item was completely irrelevant.

*p < .05, **p < .01, ***p < .001.
effect of ROI (F(4,96) ¼ 16.09 p < .001, h2p ¼ .40), as well as a sig-

nificant interaction between the two factors (F(8,192) ¼ 13.76,

p< .001, h2p ¼ .36). Similar towhatwe observed in theDelay and

Search 1 intervals, during the Search 2 interval, category

decoding decreased for brain regions higher in the cortical

hierarchy, here for the prospective category. While the more

posterior brain areas (i.e., VC, pFs and IPS) were sensitive to

the prospective category information, the frontal ROIs (FEF

and lPFC) were not. In contrast, for the now abandoned (cur-

rent) search target, there was little evidence in any ROI.

Next, we used the cross-relevance decoding scheme to

assesswhether the prospective target and the now abandoned

target shared the same or different representational patterns.

As can be seen in Fig. 5B, here VC, pFs and IPS showed below-

chance decoding during the Search 2 interval (see

Supplementary Table 3 for comparisons against chance:

33.33%), while frontal areas did not. Accordingly, a one-way

repeated measures ANOVA on the Current-Prospective

cross-relevance scheme revealed a significant main effect of

ROI (F(4,96) ¼ 11.8, p < .001, h2p ¼ .33). Again, we did not perform

any additional statistical analyses on the status decoding for

this interval, as this would only reflect the ongoing task.

However, for completion, we included the average classifica-

tion performance for each status classification scheme and

ROI is Fig. 5C. As can be seen, the activation of the prospective

task can be picked up across all ROIs.

In summary, during the Search 2 interval, we observed

stronger category decoding for prospective than for the now

abandoned “current” items. Moreover, posterior brain areas

such as VC and pFs but also IPS showed below-chance cross-

relevance decoding, indicating a dissimilarity between aban-

doned target representations and reactivated target

representations.
4. Discussion

Previous studies have shown that multiple brain regions

participate in the process of representing and manipulating

working memory content (Christophel, Klink, Spitzer,

Roelfsema, & Haynes, 2017; D'Esposito & Postle, 2015; Postle,

2006; Ranganath et al., 2004). Moreover, working memory

representations seem to flexibly adapt according to task de-

mands, in terms of strength (Larocque et al., 2014; LaRocque,

Postle, Riggall, & Emrich, 2016; Lewis-Peacock et al., 2012),

representational content (Lee et al., 2013; Lewis-Peacock,

Drysdale, & Postle, 2015; Yu & Shim, 2017) or neural pattern

(van Loon et al., 2018) of thememorized objects. In the current

studywe assessed the role of posterior (i.e., VC, pFs and IPS) as

well as frontal (FEF and lPFC) cortices in the representation of

working memory items as they are required in a sequence of

multiple tasks. The goal was to investigate how the
heme here is Prospective versus. Irrelevant (light grey bars):

f task as first search (i.e., the duplicate search), and still, the

emory was only temporarily irrelevant (prospective

Error bars indicate Standard Error of the mean (SE), N ¼ 25.
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Fig. 5 e Search 2 interval: Object category decoding (Within-relevance and cross-relevance) for VC, pFs, IPS, FEF and lPFC.

Data from pFs were also included for comparison purposes. (A) Category classification performance within-relevance. In VC,

pFs and IPS we could decode the category of the prospective items, with higher accuracy in the Prospective than in the

Current condition, while FEF and lPFC did not contained category information. (B) Category classification performance cross-

relevance. The most posterior areas VC, pFs and IPS show below chance decoding for the Current-Prospective decoding

scheme, indicating that the category representation of prospective items was inverted relative to current representations.

Note that there was no irrelevant condition for the second search. (C) Status decoding. For completion, we show status

decoding. Notice however that here the decoding accuracy is likely to be driven by the differences between the two types of
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representation of both the category and the relevance of the

VWMcontent varies along the cortical hierarchy. In particular,

we were interested in which brain areas are sensitive to VWM

content, and which areas are sensitive to the status of the

memory e that is whether the memory is relevant for current

versus prospective task goals.

Our results revealed a clear division of work across brain

regions: Posterior brain areas preferentially coded for the

content (i.e., category) of the memorized items, while frontal

areasmostly carried information about the relevance status of

items in working memory. During the delay period prior to

search, we could recover the category of the memorized item

from VC and IPS, with stronger category representation when

the object was behaviorally relevant (either current or pro-

spective) than when completely irrelevant. As shown earlier

(van Loon et al., 2018), pFS also contains category information,

as would be expected. Areas FEF and lPFC on the other hand

showed little to no category specificity during the delay, and

therefore also no clear status-related modulation of such

category-specific activity. The opposite trend emerged when

evaluating which brain regions are involved in the represen-

tation of the status of the memory, irrespective of object cate-

gory e that is whether an item was currently relevant,

prospectively relevant, or not relevant at all. Although we

could decode the memory status from virtually all areas,

including VC and pFs, relevance discrimination became

considerably stronger for more anterior regions, notably IPS,

FEF and lPFC. Note that the opposite trends preclude an

explanation in terms of mere differences in signal to noise

levels across regions, and must thus represent different

functionalities.

Dominant views propose that working memory emerges

from the flexible contribution of multiple brain regions with

sensory areas representing sensory-based content informa-

tion while prefrontal regions encode more abstract, semantic,

and response-related aspects of memorized stimuli. While so

far we have rather loosely and intuitively referred to the

posterior-anterior cortical hierarchy, the crucial question re-

mains what the exact functional roles are of the areas

involved. In our view a reasonably clear picture of prefrontal

functioning is emerging, as it provides the goal- or task

context-related signals that prioritize relevant over irrelevant

representations in working memory (e.g., Christophel et al.,

2017; Fuster, Bauer, & Jervey, 1985; Lee & D'Esposito, 2012;

Miller, Vytlacil, Fegen, Pradhan, & D'Esposito, 2010; Serences,
2016; Zanto, Rubens, Thangavel, & Gazzaley, 2011). Consis-

tent with this, we found PFC and FEF regions to predominantly

code for task relevance, a more abstract property than stim-

ulus content (although the latter was not completely absent).

In contrast, the exact functional role(s) of the posterior pari-

etal cortex in working memory remains largely a puzzle

(Postle & Yu, 2020; Xu, 2018, 2020).

One hypothesis has been that IPS representations serve

as a more robust backup copy of sensory content than the

sensory representations themselves, protecting memories

against interference (Bettencourt & Xu, 2016; Christophel
search task (Template search versus Duplicate search) rather th

Prospective). Error bars indicate Standard Error (SE), N ¼ 25. *p
et al., 2018; Lorenc et al., 2018). This parietal representation

may then in addition allow for a template matching process

at the memory test, the outcome of which is then relayed to

frontal regions to presumably interact with task and

response settings (Xu, 2020). However, as Postle and Yu

(2020) have recently warned, the fact that one can discrimi-

nate memory content in certain brain regions does not

necessarily mean that these regions really represent mem-

ory content. Rather, the posterior parietal cortex could be

serving only control operations, with the specific parameters

of these operations depending on the stimulus. Here in our

study we found that IPS codes for relevance as well as for

stimulus category. At a general level of description it is

therefore tempting to see posterior parietal cortex (here

sepecifically IPS) as a highly flexible hub that multiplexes

task rules with stimulus content, to create a coherent rep-

resentation or priority map of which stimulus or memory

should currently guide behavior (Cole et al., 2013; Majerus

et al., 2007; Mitchell & Cusack, 2007; Silver, Ress, & Heeger,

2005; Sprague, Itthipuripat, Vo, & Serences, 2018; Sprague &

Serences, 2013; Xu, 2007). Xu (2018) for example has raised

the hypothesis that while the temporal lobe serves to pro-

vide as rich as possible knowledge of the world, parietal

cortex serves the opposite, namely to make a selection in

order to guide behavior (which is inherently limited). Parietal

cortex thus extracts the parameters to support the execution

of appropriate actions (cf. Cisek, 2007). In line with such a

multiplexing role between sensory and frontal cortex, there

is recent evidence for the binding of stimulus information to

order and context within working memory (e.g., Gosseries

et al., 2018; Yu & Shim, 2019).

We found little evidence supporting the idea that in

anticipation of, and during, the first task, content-specific in-

formation for the prospective task was transformed from

early visual representations towards higher cortical repre-

sentations instead (most notably IPS or FEF representations;

Bettencourt & Xu, 2016; Christophel et al., 2018). We found no

evidence for prospective representations being actively rep-

resented in IPS and FEF during the first search task, while

category information on the search target itself could be

decoded from these areas, indicating that these areas could in

principle hold category information. Together, these findings

are in contrast to those by Christophel et al. (2018), who could

classify specific orientations of both currently and prospec-

tively relevant representations from FEF. Of course, the

absence of prospective item-related activity in FEF in our

study does not preclude the possibility that FEF contains

stimuli-specific information, nor does it exclude the possibil-

ity of a partial transfer in representation from lower sensory

areas to frontal areas. Our study may have been underpow-

ered to detect a real but relatively small effect. Indeed, our

sample size was less than a third of that of Christophel and

colleagues, who tested an exceptionally large and laudable

number of participants (89 subjects, vs. 25 here). In addition,

our selection of ROIs may not have been optimal for detecting

potentially more subtle multivariate patterns in subregions.
an the relevance of the memorized object (Current versus

< .05, **p < .01, ***p < .001.
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However, a distinct alternative possibility is that earlier-found

decoding of orientation in FEF does not reflect orientation

representations per se, but instead is caused by participants’

systematic eyemovements. Consistent with this idea, Mostert

et al. (2018) showed that the decoding analyses of stimulus

orientation in a VWM taskwere heavily confounded by the eye

movements that participants made during the delay period,

which were systematically related to the identity of the

memorized stimulus. Note that this concern is especially valid

for FEF, which is directly involved in eye movement planning

(Paus, 1996; Schall & Hanes, 1993; Schiller, True, & Conway,

1980; Vernet, Quentin, Chanes, Mitsumasu, & Valero-Cabr�e,

2014).

It is worth pointing out another aspect of the results with

respect to the questions whether frontal areas contain cate-

gory information. Note that while the target category could be

reliably decoded from frontal areas during the first search, this

was not the case for the second search. At the second search,

the up to then prospective target becomes the new “current”

search target (although in our graphs it retains the label pro-

spective). Yet while relevant for the task, the second search

target could not be reconstructed from FEF and lPFC activity

patterns. This was not due to second targets being repre-

sented more weakly overall, as in posterior areas it could be

recovered at similar levels as for the first search. One possi-

bility is that these frontal areas becomemore heavily involved

in biasing category information if there is still the potential for

competition between multiple tasks, as is the case during the

first search. During the second search only one task remains,

and there may thus be less need to protect or bias its target

representation.

Finally, we assessed whether those areas that repre-

sented memory content did so similarly for currently and

prospectively relevant items. Using a cross-relevance

decoding scheme (where the classifier was trained to

discriminate between categories for one status but tested for

the other status), we observed above-chance classification

performance during the delay in VC, pFS, and IPS, indicating

that in those areas the neural representation of the object

categories was very similar regardless of its current or pro-

spective status. In our previous report (van Loon et al., 2018),

when using the same cross-relevance decoding scheme, we

observed a transformation from above-chance decoding

during the delay to below-chance decoding during the first

search interval within the pFs area. We hypothesized that

this may reflect a mechanism to shield representations from

interference with the ongoing task, through suppression of

the associated neuronal population. Here we assessed if

such inversion also occurred in other brain regions

throughout the cortical hierarchy. Although numerically

such inversions were present in all ROIs, they were reliable

only in FEF and lPFC. Thus, it appears that FEF and lPFC

represented the content of prospective memory at some

level, but in a pattern opposite to when the target object is

active. We speculate that observers may temporarily sup-

press the prospective representation in order to prevent

interference with the ongoing task, and that this suppres-

sion may originate in frontal areas. Such pattern inversion or

suppression was rather weak in early visual cortex. We also

speculate that pattern inversion will mainly occur in regions
that specialize in representing the memory content, as to

optimally prevent interference. Consistent with this idea, Yu

et al. (2020) have recently reported evidence for rotated

representational patterns in VC for a different class of

stimulus, for which VC is highly specialized, namely ori-

ented gratings. Notice that we did find more robust below-

chance decoding during the second search interval, for the

by then no longer relevant first search target, in both VC and

IPS e again similar to what we previously observed in pFs

(van Loon et al., 2018). This may reflect the active purging of

a no-longer relevant search target, or more passive rem-

nants of no longer relevant representations. More research is

required to elucidate under which circumstances the pattern

inversion occurs as well as its underlying mechanism. What

can be concluded though is that during the search tasks,

current and prospective items were dissimilar from each

other across a wide range of brain areas.

In sum, we provide further evidence for the distributed

nature of visual working memory processes by showing a di-

vision of work across brain regions. While posterior sensory

cortices mainly represent stimulus content, frontal cortex

codes for the current or prospective status of the memory. IPS

is then the hub that connects content and task relevance,

setting current stimulus priorities. Furthermore, current and

prospective representations may be kept apart by anti-

correlating their representations.
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