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a b s t r a c t 

Working memory is a fundamental cognitive ability that allows the maintenance and manipulation of information 

for a brief period of time. Previous studies found a set of brain regions activated during working memory tasks, 

such as the prefrontal and parietal cortex. However, little is known about the variability of neural activation 

in working memory. Here, we used functional magnetic resonance imaging to quantify individual, hemispheric, 

and sex differences of working memory activation in a large cohort of healthy adults ( N = 477). We delineated 

subject-specific activated regions in each individual, including the frontal pole, middle frontal gyrus, frontal eye 

field, superior parietal lobule, insular, precuneus, and anterior cingulate cortex. A functional probabilistic atlas 

was created to quantify individual variability in working memory regions. More than 90% of the participants 

activated all seven regions in both hemispheres, but the intersection of regions across participants was markedly 

less (50%), indicating significant individual differences in working memory activations. Moreover, we found 

hemispheric and sex differences in activation location, extent, and magnitude. Most activation regions were 

larger in the right than in the left hemisphere, but the magnitude of activation did not follow a similar pattern. 

Men showed more extensive and stronger activations than women. Taken together, our functional probabilistic 

atlas quantified variabilities of neural activation in working memory, providing a robust spatial reference for 

standardization of functional localization. 
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. Introduction 

Working memory is a fundamental cognitive function that allows

aintenance and manipulation of information for a brief period of

ime ( Baddeley and Hitch, 1974 ). Previous studies found that work-

ng memory underlies a wide range of complex high-level cognitions,

ncluding general intelligence ( Conway et al., 2003 ), problem solving

 Zheng et al., 2011 ), and reading comprehension ( Daneman and Car-

enter, 1980 ). Using functional magnetic resonance imaging (fMRI), nu-

erous studies have shown that brain regions in the frontal and parietal

ortex are activated during working memory tasks ( Chai et al., 2018 ;

mch et al., 2019 ; Glabus et al., 2003 ; Moore et al., 2013 ; Owen et al.,

005 ; Paulesu et al., 1993 ; Petrides et al., 1993 ; Thürling et al., 2012 ;

aple et al., 2019 ). More specifically, meta-analyses of working mem-

ry indicated consistent activation in the prefrontal cortex, frontal poles

FP), posterior parietal cortex, premotor cortex, and dorsal cingulate

ortex ( Emch et al., 2019 ; Owen et al., 2005 ; Wager and Smith, 2003 ;

aple et al., 2019 ). However, even when the same task was per-
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ormed, there were marked inter-individual differences in brain activity

 Tavor et al., 2016 ). Previous neuroimaging studies in working memory

ave focused on spatial and functional consistency of neural activation,

ut little is known about the individual variability of brain activation in

orking memory. 

Most interindividual differences captured by fMRI associated with

orking memory focuses on differences in capacity ( Conway et al.,

003 ; Daneman and Carpenter, 1980 ; Robison et al., 2018 ;

nsworth and Engle, 2007 ). In previous studies of this field, par-

icipants were required to read a set of sentences and later recall the

ast word of each sentence. The results showed that working memory

pan varied from 2 to 5 words across individuals ( Daneman and Carpen-

er, 1980 ). To reveal the underlying neural mechanism in brain activity,

MRI studies have compared the high- and low-memory span groups

nd found high span group had significantly stronger activation in the

refrontal regions, inferior frontal gyrus, and anterior cingulate cortex

ACC) ( Callicott et al., 1999 ; Jansma et al., 2004 ; Kharitonova et al.,

015 ; Mattay et al., 2006 ; Newman et al., 2013 ; M. Osaka et al.,

003 ; N. Osaka et al., 2004 ). More recently, a study reported that the
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igh-capacity group also showed greater activation in parietal areas

 Liu et al., 2018 ). Moreover, task-driven activation in the superior

arietal lobe (SPL) and precuneus (PCUN) was significantly correlated

ith working memory performance in another study ( Zou et al., 2013 ).

herefore, these studies suggest that interindividual differences in

orking memory ability may stem from several brain regions in the

rontal and parietal areas. However, most previous studies focused

n group-level comparison between high- and low-capacity groups or

ehavior-activation correlation; therefore, there is still no quantitative

escription of interindividual variability in brain activation during

orking memory tasks. 

In addition to interindividual differences, working memory activa-

ion also showed inter-hemispherical asymmetry ( McCarthy et al., 1994 ;

wen et al., 2005 ; Smith and Jonides, 1998 ; Thomason et al., 2008 ;

an Asselen et al., 2006 ; Wager and Smith, 2003 ). For instance, when

articipants were required to judge whether the current stimulus was

n the same location as the one previously presented, activation in the

ight hemisphere was greater and more consistent than that in the left

emisphere ( McCarthy et al., 1994 ). Furthermore, meta-analyses have

ndicated that hemispheric asymmetry in activation depends on the na-

ure of inputs, such as verbal, spatial, and object related information

 Owen et al., 2005 ; Smith and Jonides, 1998 ; Thomason et al., 2008 ;

ager and Smith, 2003 ). The left hemisphere, including the FP, inferior

arietal lobe, and premotor areas ( Thomason et al., 2008 ), was more en-

aged in verbal information, whereas regions in the right hemisphere,

ncluding the dorsolateral prefrontal cortex, posterior parietal lobe, and

ccipital gyrus, were more prominently involved in processing of spa-

ial information ( Jonides et al., 1993 ; McCarthy et al., 1994 ; van Asselen

t al., 2006 ). Thus, these studies showed consistency in asymmetry for

erbal or spatial working memory. However, unlike verbal or spatial

timuli, object information contains non-spatial visual features or ob-

ect identity, and it remains unknown whether hemispheric differences

xist in the neural activation of object working memory. 

In addition, sex differences in working memory have frequently been

nvestigated, but these findings are somewhat ambiguous ( Bell et al.,

006 ; Goldstein et al., 2005 ; Hill et al., 2014 ; Lejbak et al., 2011 ;

chmidt et al., 2009 ; Speck et al., 2000 ; Tüdös et al., 2018 ; Zilles et al.,

016 ). Some studies have found that males had significantly greater

ctivation than females in the parietal lobe, inferior occipital gyrus,

nd frontopolar cortex during working memory tasks ( Bell et al., 2006 ;

chweinsburg et al., 2005 ; Zilles et al., 2016 ). However, other stud-

es have found the opposite, i.e., women exhibited greater activation

han men in the prefrontal cortex and ACC ( Goldstein et al., 2005 ;

chweinsburg et al., 2005 ). Some studies even indicated that men and

omen performed equally at the behavioral and neural level, and that

here was no sex difference in brain activation ( Schmidt et al., 2009 ;

üdös et al., 2018 ). One limitation of these studies was their small

ample sizes, which may not provide sufficient statistical power and

onstrain the interpretation of results. An fMRI meta-analysis, which

pplied activation likelihood estimation (ALE), found that females ac-

ivated more prefrontal and limbic areas, while males activated more

arietal regions ( Hill et al., 2014 ). However, the search criteria of this

eta-analysis included studies using either only males or females, which

ay exclude a wide range of related fMRI studies. Therefore, as previ-

us studies on sex differences are highly inconsistent, it is important to

larify the presence of sex differences in a large sample. 

This study aimed to quantify the variability of neural activation

n working memory regarding individual, hemispheric, and sex differ-

nces. We recruited a large number of healthy adults and scanned them

ith fMRI during an n-back task. To capture variability in brain activity,

e first independently delineated all seven well-studied working mem-

ry regions in both hemispheres, including the FP, middle frontal gyrus

MFG), frontal eye field (FEF), SPL, insular (INS), PCUN, and ACC. Then,

 functional probabilistic atlas was constructed to quantify interindivid-

al variability in working memory regions. Finally, individual, hemi-

pheric, and sex differences in activation topography and magnitude
2 
ere examined in terms of three features: the peak location, extent, and

agnitude of activated regions. 

. Materials and methods 

.1. Participants 

In total, 477 healthy adults (212 males) were recruited from Bei-

ing Normal University, China. All participants met the following inclu-

ion criteria: (1) normal or corrected-to-normal vision; (2) no current or

ast psychiatric or neurologic disorders; (3) no discomfort in a confined

pace; (4) no metallic objects in the body. The mean age was 21.91 years

standard deviation [ SD ] = 1.04 years; ranging from 17 to 24 years)

nd the mean intelligence score measured by Raven’s Advanced Pro-

ressive Matrices ( Raven and Court, 1998 ) was 25.82 ( SD = 4.24). The

ritten informed consent in accordance with protocol approved by the

nstitutional review board of Beijing Normal University (human subject

ivision) was obtained from each participant. 

.2. Behavioral task 

The n-back task is one of the most common tasks in working mem-

ry studies, involving the storage and manipulation of information

 Wager and Smith, 2003 ; Yaple et al., 2019 ). In our experiment, par-

icipants were required to perform an n-back task while inside the MRI

canner ( Fig. 1 A). In the 2-back condition, they were required to press a

utton when the current stimulus matched the stimulus from two trials

ack; in the 1-back condition, participants pressed a button if the cur-

ent stimulus matched the immediately preceding stimulus. The n-back

ask consisted of two block-design functional runs, each of which lasted

36 s. As shown in Fig. 1 B, each run included four block sets, where the

-back and 2-back conditions were intermixed. Each block set consisted

f a 16-s fixation period, a 4-s instruction period, and three 20-s blocks

f faces, scenes, and objects. Each block presented 10 gray-scale images,

ach lasting 2 s, from the same category. All face images corresponded

o neutral adult Chinese face, showing only a roughly oval shape with-

ut hair. Scene images were common landscapes, such as mountains,

akes, and trees. Object images were images of cars in daily life, without

ny background. The order of blocks in each run was pseudorandomized

cross participants. 

.3. fMRI data acquisition 

Functional and anatomical MRI images were collected using a

iemens Trio 3T whole-body scanner with a 12-channel phased-array

ead coil at Imaging Center for Brain Research, Beijing Normal Univer-

ity, China. For functional imaging, T2 ∗ -weighted images were acquired

ith gradient-echo, echo-planar-imaging sequence with the following

arameters: repetition time (TR) = 2000 ms, echo time (TE) = 30 ms,

ip angle = 90°, in-plane resolution = 3.1 × 3.1 mm. Whole brain data

ere obtained using 30 contiguous interleaved 4.8 mm axial slices.

tructural images were acquired with a 3D T1-weighted magnetization-

repared rapid acquisition gradient echo sequence for spatial normal-

zation (TR = 2530 ms, TE = 3.39 ms, inversion time = 1100 ms, flip

ngle = 7°). Foam pillow and extendable padded head clamps were used

o restrain head motion, and earplugs were used to attenuate scanner

oise. 

.4. fMRI data processing 

Functional data were analyzed using the fMRI Expert Analysis Tool

FEAT), from the Oxford Center for Functional MRI of the Brain Software

ibrary (FSL) ( Jenkinson et al., 2012 ). Preprocessing consisted of motion

orrection, spatial smoothing with a Gaussian kernel (5 mm full-width

t half-maximum), and high-pass temporal filtering with a 100 s cutoff.

n the first-level analysis, functional data were regressed by time series
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Fig. 1. Experimental design of n-back work- 

ing memory task. (A) During n-back task, par- 

ticipants were required to press button when 

current stimulus matched the stimulus n tri- 

als back. There were two conditions: 1-back 

and 2-back condition. (B) Sequences of MRI 

scans and example stimuli in n-back task. 

Each block had ten 2-s gray-scale images from 

same category (face, scene, or object). Face 

images were neutral adult Chinese faces in a 

roughly oval shape without hair. Scene im- 

ages were common landscapes such as moun- 

tains, lakes and trees. Object images were cars 

in daily life without background. 
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f each condition in n-back task with a general linear model, including

ix parameters from the motion correction as covariates. The time series

f each condition was created by convolution of the boxcar kernel with

 gamma hemodynamic response function. In the second-level analysis,

wo runs from each participant were combined using a fixed-effect anal-

sis. The functional data from each participant were first aligned to the

ndividual’s structural images, and then to the Montreal Neurological

nstitute (MNI) standard template and resampled at 2 × 2 × 2 mm res-

lution. The 2-back > 1-back contrast was used to identify brain activ-

ty associated with working memory, and the resulting statistical map

 z -score) from each participant was used to delineate subject-specific

unctional brain activation associated with working memory. We also

nalyzed face working memory with 2-back face > 1-back face, scene

orking memory with 2-back scene > 1-back scene, and object working

emory with 2-back object > 1-back object. Given the consistent neutral

ctivations in face, scene, and object working memory (see supplemen-

ary material Figure S1), we combined all categories in the following

nalysis to investigate the neural activation of working memory. 

.5. Functional probabilistic atlas 

There were seven working memory regions in both hemispheres in

ach participant, including the FP, MFG, FEF, SPL, INS, PCUN, and ACC.

 semi-automated process was used to delineate subject-specific regions

 Fig. 2 ). First, the subject-specific activation map was thresholded at z

 2.3 ( p < 0.01, right-tailed, uncorrected) with the contrast of 2-back >

-back ( Fig. 2 A). Second, the watershed algorithm was employed to par-

ition the activation map into small parcels ( Meyer, 1994 ) to avoid sub-

ectivity in determining the boundary between regions-of-interest (ROIs)

 Fig. 2 B). Then, subject-specific ROIs were manually selected in these

arcels by two raters, based on group-level functional reference map and

acro-anatomical landmark ( Fig. 2 C). The group-level functional refer-

nce map was generated by averaging all participants’ binary activation

ap with a threshold of z > 2.3 ( p < 0.01, right-tailed, uncorrected). The

acro-anatomical landmark was the MNI152 template. Finally, to avoid
3 
iases from raters, after being independently delineated by two raters,

OIs were double-checked and refined by discussion across raters. If

he raters failed to reach an agreement, the map was evaluated by an-

ther rater and discussed until a consensus was reached. The FreeROI

ool was used to delineate ROIs in this procedure ( Zhen et al., 2015 ;

ttp://www.brainactivityatlas.org/ ). 

To quantify individual differences in working memory regions, a

unctional probabilistic atlas was created based on subject-specific ROIs.

pecifically, the activation probability in each region was calculated by

inarizing the z -score in subject-specific ROIs and then averaging this

cross participants. This index indicates the likelihood that an ROI is

ctivated at a given voxel across participants. It provided a voxel-level

escription of interindividual variability in neural activation during the

orking memory task. To create a functional probabilistic atlas, we then

ompared the activation probability of each ROI in every voxel and as-

igned the given voxel to the ROI with the maximal activation proba-

ility at that location. If a voxel had the maximal probability less than

0%, it was set to 0% as it may not belong to any ROI. Thus, the func-

ional probabilistic atlas of working memory was constructed, providing

 robust and non-overlapping brain map to characterize activation prob-

bility across participants. 

The probabilistic atlas that supports the findings of this study

s openly available ( http://www.brainactivityatlas.org/atlas/atlas-

ownload/ ). Raw data is available via a request to the corresponding

uthor with the need of a formal data sharing agreement. 

.6. Individual, hemispheric, and sex differences 

To evaluate individual variability in spatial location, the SD of peak

ctivation in each ROI was characterized. Specifically, the SD of the

oordinate on each axis was calculated, and the overall SD of the peak

as measured as the sum of the SD s on all three axes in each ROI. 

To delineate hemispheric differences in working memory regions,

hree parameters in each region were calculated: spatial location, mea-

ured by MNI stereotaxic coordinates; extent, evaluated by activation

http://www.brainactivityatlas.org/
http://www.brainactivityatlas.org/atlas/atlas-download/
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Fig. 2. Example of semi-automated produces when delineating subject-specific working memory regions. (A) The individual activation map was derived by the 

contrast of 2-back versus 1-back with z > 2.3 ( p < 0.01, right-tailed, uncorrected). (B) Watershed algorithm was used to divide individual activation map into small 

parcels with different colors. (C) Subject-specific ROIs were labeled, based on group-level functional reference map and anatomical landmarks. FP, frontal pole; MFG, 

middle frontal gyrus; FEF, frontal eye field; SPL, superior parietal lobule; INS, insular; PCUN, precuneus; ACC, anterior cingulate cortex. 

v  

t  

i

L

w  

i  

L  

h  

r  

l  

t  

H  

w  

d  

L  

p  

m  

a  

m  

c

 

s  

g  

c  

F

2

 

t  

m  

b  

d  

a

D

w  

t  

o  

o  

o  

p

 

p  

a  

2  

T  

s  

t  

i  

s  

d  

L  

t  

o  

b  

W  

–  

-  

p  

p  

S  

o  

t  

G  

d  

t  

l  

(  

p  

o

 

i  

c  

w  

a  

c  

1  

t  

u  

t  

m

 

t  

s  

l  

p  

l  

w

 

w  

m  

a  

a  

p  
olume of each ROI; activation magnitude, measured by z -score with

he contrast of 2-back versus 1-back. Specifically, hemispheric variabil-

ty in spatial location was measured using the laterality index ( LI ): 

I = 

(
L R − L L 

)
∕ 
(
L R + L L 

)

here L R and L L represent the absolute coordinates of peak activation

n each ROI in the right and left hemispheres, respectively. A positive

I value in the x-, y-, or z-axis meant that a certain ROI in the right

emisphere was located in a more lateral, anterior, or dorsal position,

espectively, than in the left hemisphere. To measure the extent of the

aterality effect, the same index LI was used, but 𝐿 𝑅 and 𝐿 𝐿 represented

he volume of the ROI in the right and left hemispheres, respectively.

ere, a positive LI indicated that the volume of right hemispheric ROI

as larger than in the left hemisphere. When comparing hemispheric

ifferences in activation magnitude, we also measured LI, but L R and

 L represented the averaged z -score of ROI in the two hemispheres. A

ositive LI indicated ROI in the right hemisphere had a higher activation

agnitude than in the left hemisphere. The one-sample t -test was used to

ssess the statistical significance of LI between the two hemispheres, and

ultiple comparisons were corrected with false discovery rate (FDR)

orrection (adjusted p < 0 . 05 ). 
Similarly, to characterize sex differences in all ROIs, we measured

patial location, extent, and activation magnitude in male and female

roups. The independent two-sample t -test was used to test the signifi-

ance of sex differences, and multiple comparisons were corrected with

DR correction (adjusted p < 0 . 05 ). 

.7. Evaluation of functional probabilistic atlas 

To evaluate our functional probabilistic atlas, we measured five fea-

ures of the atlas: inter-rater reliability, similarity between meta-analytic

aps, relationship with whole-brain activation, sample size effect, and

ehavioral correlation. First, to evaluate the inter-rater reliability of the

elineation procedure, Dice’s coefficient in each region was determined

s follows: 

ice = 2 ∗ ( V A ∩ V B )∕ 
(
V A + V B 

)

here V A ∩ V B represents the number of overlapping voxels between

he delineation of raters A and B, and V A + V B indicates the sum number

f voxels in these two delineations. A value close to 1 indicated marked

verlap between two delineations, and 0 indicated that there was no

verlap between two raters. In total, subject-specific ROIs were hand-

icked three times: rater A, rater B, and the final determined version. 

Second, to evaluate the correspondence between the functional

robabilistic atlas and previous functional activation maps, two meta-

nalytic reference maps were created by Neurosynth ( Yarkoni et al.,

011 ) and ALE analysis ( Eickhoff et al., 2009 ; Laird et al., 2005 ;

urkeltaub et al., 2002 ). When a particular voxel was activated, the as-
4 
ociation test map in Neurosynth, measuring the consistency of activa-

ion in working memory studies, showed whether studies whose abstract

ncluded working memory were more likely to report activation than

tudies whose abstract did not. In ALE analysis, we used the BrainMap

atabase with a searching tool, Sleuth version 3.0.4 ( Fox et al., 2005 ;

aird et al., 2009 ), to compute the convergence of activation probabili-

ies on the sets of activated coordinates during previous working mem-

ry experiments. Inclusion criteria included: (1) using working memory

ehavioral paradigms (Experiments - Behavioral Domain - Cognition -

orking Memory in Sleuth), (2) reporting activations only (Experiments

Activation only in Sleuth), (3) using healthy participants (Experiment

 Context – Normal Mapping in Sleuth). Based on these criteria, 259

apers with 7239 Foci from 284 experiments (including 4929 partici-

ants) were identified as eligible for inclusion in the meta-analysis (see

upplementary Table S1 for a detailed list of included experiments). Co-

rdinates not reported in MNI space in their original publication were

ransformed into MNI space. Then, we applied permutation test with

ingerALE version 3.0.2 ( Eickhoff et al., 2009 ) to compare with a null

istribution by randomly assigning the same number of foci throughout

he brain. The resulting ALE map was thresholded at p < 0.05 at voxel-

evel, and p < 0.001 at cluster-level for multiple comparison correction

 Eickhoff et al., 2017 ). To visualize the similarity between our functional

robabilistic atlas and two meta-analytic maps, we integrated each into

ne MNI template, respectively. 

Moreover, to examine the overall activation associated with work-

ng memory and its relationship with our probabilistic map, we also

onducted the whole-brain analysis. Single subject data were analyzed

ith a fixed-effects model as mentioned above, then group data were

nalyzed using a random-effects model. The higher-level analysis was

arried out using FLAME (FMRIB’s Local Analysis of Mixed Effects) stage

 ( Woolrich et al., 2004 ) in FEAT. The z -score statistical map was de-

ermined by voxel-wise threshold of z > 3.1 ( p < 0.001, right-tailed,

ncorrected) and cluster-defining threshold of p < 0.05. To visualize

he relationship between whole-brain activation and our probabilistic

ap, we integrated them into one MNI template. 

Then, to estimate the stability of our probabilistic atlas, several func-

ional probabilistic atlases with reduced sample sizes were created. The

ample size ranged from 1 to 477. Then, all functional probabilistic at-

ases were binarized with a threshold of 30%, and voxels with a maximal

robability less than 30% were set to zero. Dice’s coefficient was calcu-

ated to measure the overlap between the functional probabilistic atlas

ith reduced sample size and the atlas with all participants. 

Finally, to demonstrate the usability of the WM probabilistic atlas,

e measured the correlation between activation and behavioral perfor-

ance. Behavior performance was evaluated based on 2-back accuracy

nd reaction time, and activation magnitude was measured by the aver-

ged z -score for the contrast of 2-back versus 1-back in each region. Five

articipants were excluded from correlation calculations because behav-
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Fig. 3. Functional probabilistic atlas in work- 

ing memory. The value in each voxel indi- 

cated activation probability, which measured 

the likelihood that a ROI activated at a given 

voxel across participants. The value less than 

0.2 was set to zero. Red nodes denoted the 

peak activations reported in previous studies 

( Toepper et al., 2010 ; Volle et al., 2008 ). L, left 

hemisphere; R, right hemisphere; FP, frontal 

pole; MFG, middle frontal gyrus; FEF, frontal 

eye field; SPL, superior parietal lobule; INS, in- 

sular; PCUN, precuneus; ACC, anterior cingu- 

late cortex. 
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oral data were missing. Working memory ROIs were extracted using a

robabilistic map with a threshold of 30%. Multiple comparisons were

orrected using the FDR correction (adjusted p < 0 . 05 ). 

. Results 

.1. Functional probabilistic atlas 

Seven functional regions were consistently activated across individu-

ls in each hemisphere during the working memory task: these included

P, MFG, FEF, SPL, INS, PCUN, and ACC. As shown in Fig. 3 , a functional

robabilistic atlas of working memory was created. For comparison with

xisting findings, some peaks of activation in previous studies were

arked in the map ( Toepper et al., 2010 ; Volle et al., 2008 ). We found

hat all peaks were located in or near our probabilistic atlas, suggesting

he atlas was consistent with previous studies ( Baddeley, 2003 ; Blokland

t al., 2008 ; Duggirala et al., 2016 ; Pessoa et al., 2002 ; Rottschy et al.,

012 ; Zou et al., 2013 ). 

To characterize the functional probabilistic atlas, several measures

re summarized in Table 1 , including percent subjects and maximum

robability. Percent subjects represented the percentage of participants

n whom the given ROI was delineated. It varied from 0.90 (L PCUN) to

.97 (bilateral SPL). That is, more than 90% of the participants showed

ctivation of all seven regions in both hemispheres during the n-back

ask. However, the intersection of each region among participants in-

exed by the maximal activation probability was markedly reduced, to

0%, indicating significant individual differences in working memory

ctivations. Compared to other regions, the bilateral INS (0.76) and ACC

ad the highest probability, while FP in both hemispheres (0.51 and

.53) had the lowest probability. These results indicated that individ-

al variability of neural activation in working memory varied markedly

etween regions. 

.2. Interindividual differences 

To analyze the interindividual differences in spatial location of acti-

ation, the mean and SD of the coordinates in each region were measured

n the x, y, and z axes ( Table 1 ). In most regions, the SD was around 10

m across participants. To visualize individual differences in location,
5 
oordinates in peak activation with their SD are plotted in Fig. 4 A and

 B. In order to calculate inter-individual variations in all axes, the SD of

hree axes were summed ( Fig. 4 C). It showed that the bilateral INS and

CC had the smallest variations, indicating that these regions had stable

patial locations across participants. Frontal areas, such as the FP, FEF,

nd MEG, showed intermediate levels of variation. In contrast, the PCUN

nd SPL in both hemispheres demonstrated the largest variations, indi-

ating the ROIs in the parietal cortex had inconsistent positions across

ndividuals. Thus, our results found that interindividual differences in

patial location commonly existed in working memory regions. 

.3. Hemispheric differences 

Three parameters were used to assess hemispheric differences in

orking memory activation: peak coordinates, extent, and magnitude.

o characterize hemispheric differences in spatial locations, the lateral

ndex ( LI ) of coordinates were measured in each region ( Fig. 4 D), calcu-

ated as difference between coordinates divided by sum of coordinates

n two hemispheres. The results of the one-sample t -tests are shown in

able 2 ; asymmetries of location were observed in all regions and more

arkedly in the SPL, FEF, and ACC. Compared to the z-axis, most asym-

etries involved the x and y axes. For the x-axis, PCUN, FEF, and ACC

ad significantly negative LI values, revealing that these regions in the

eft hemisphere had more lateral locations, whereas SPL, INS, and FP

howed positive LI values, indicating that they were located in more lat-

ral areas on the right than on the left side. For the y -axis, all regions (ex-

ept PCUN) had positive 𝐿𝐼 values, indicating that these regions were

ctivated more anteriorly in the right than in the left hemisphere. To-

ards the z-axis, only three regions showed hemispheric differences.

ompared to the left side, the right SPL and FEF were located in more

orsal areas, while the right ACC was located in a more ventral posi-

ion. Taken together, our results showed variability of spatial location

etween the two hemispheres in all regions, but this varied among the

xes. 

Furthermore, hemispheric differences in activation volume and mag-

itude were observed in these regions. As shown in Fig. 5 A, LIs in

ll regions (except the MFG) was statistically significant in the one-

ample t -test; the volumes in these regions were larger in the right hemi-

phere than in the left hemisphere (SPL: t (459) = 2.24, p = 0.036;
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Table 1 

Characterizations of working memory regions: percent subjects (number of subjects), maximum 

probability, MNI peak coordinates, activation volume in cm 

3 , and activation magnitude in z - 
score. 

ROI 

Percent 

Subjects 

Maximum 

Probability 

MNI Peak Coordinates Mean (SD) Volume 

Mean (SD) 
z− score 

Mean (SD) x y z 

L SPL 0.97 (465) 0.68 - 34 (9) -56 (9) 45 (8) 11.16 (8.64) 3.3 (0.45) 

R SPL 0.97 (464) 0.58 40 (10) -50 (11) 46 (8) 12.24 (9.80) 3.25 (0.46) 

L PCUN 0.90 (430) 0.52 - 8 (5) -65 (7) 50 (7) 4.36 (3.83) 3.24 (0.47) 

R PCUN 0.92 (437) 0.56 8 (6) -65 (6) 50 (6) 5.53 (5.05) 3.26 (0.49) 

L FEF 0.96 (458) 0.66 -32 (7) 4 (7) 56 (8) 8.77 (6.36) 3.34 (0.48) 

R FEF 0.97 (464) 0.65 30 (7) 8 (8) 58 (7) 9.63 (7.31) 3.33 (0.50) 

L MFG 0.97 (465) 0.58 - 42 (8) 21 (10) 31 (7) 10.15 (7.37) 3.34 (0.47) 

R MFG 0.96 (459) 0.57 42 (7) 29 (12) 31 (7) 10.93 (8.64) 3.3 (0.46) 

L ACC 0.96 (458) 0.68 - 4 (3) 20 (9) 46 (9) 4.71 (4.21) 3.32 (0.47) 

R ACC 0.95 (454) 0.66 4 (4) 23 (9) 43 (9) 7.00 (5.65) 3.38 (0.51) 

L INS 0.94 (447) 0.76 - 32 (4) 22 (4) 0 (6) 3.85 (3.29) 3.32 (0.46) 

R INS 0.94 (449) 0.76 34 (4) 23 (4) 1 (6) 4.12 (3.47) 3.35 (0.50) 

L FP 0.94 (449) 0.51 - 33 (7) 52 (7) 9 (7) 6.02 (5.16) 3.26 (0.45) 

R FP 0.95 (454) 0.53 34 (6) 54 (7) 10 (8) 6.49 (5.47) 3.28 (0.45) 

FP, frontal pole; MFG, middle frontal gyrus; FEF, frontal eye field; SPL, superior parietal lobule; 

INS, insular; PCUN, precuneus; ACC, anterior cingulate cortex; L, left hemisphere; R, right 

hemisphere. 

Fig. 4. The distributions and variability of spatial location in working memory regions. (A-B) The mean coordinates and standard deviations ( SD ) of peak activations 

across individuals in two planes. The solid and hollow points indicated regions in right and left hemisphere. (C) The summed 𝑆𝐷 of coordinate in all axes. Left, left 

hemisphere; Right, right hemisphere. (D) The asymmetry of coordinates in each region. The laterality index ( LI ) was used to characterize the hemisphere difference, 

and positive LI in x, y, or z-axis indicated ROI in right hemisphere located in more lateral, anterior, or dorsal position than left hemisphere. Multiple comparisons 

were corrected with FDR correction ( p < 0 . 05 ). Error bars indicated standard error of mean, ∗ p < 0.05, ∗ ∗ p < 0.01, ∗ ∗ ∗ p < 0.001. 

P  

A  

t  

f  

i  

t  

t  

s  

(

3

 

CUN: t (419) = 5.03, p < 0.001; FEF: t (466) = 2.08, p = 0.045;

CC: t (449) = 14.27, p < 0.001; INS: t (439) = 3.33, p = 0.002; FP:

 (441) = 2.44, p = 0.026; after FDR correction). Activation magnitudes

or most regions also showed significant hemispheric asymmetries, yet,

n different directions ( Fig. 5 B). The ACC and INS showed stronger ac-

ivation in the right hemisphere (ACC: t (448) = 4.07, p < 0.001; INS:

 (438) = 2.51, p = 0.022; after FDR correction), while MFG and SPL

t  

6 
howed leftward asymmetry (SPL: t (459) = -3.97, p < 0.001; MFG: t

456) = -3.67, p = 0.001; after FDR correction). 

.4. Sex differences 

In addition, we measured sex differences in activation location, ex-

ent, and magnitude. We estimated sex differences by using the two-
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Fig. 5. Hemisphere differences in extent (A) and activation magnitude (B). The laterality index ( LI ) was used to characterize the inter-hemisphere difference in 

each region. Positive LI meant that region had larger volume or stronger activation in right hemisphere. Multiple comparisons were corrected with FDR correction 

( p < 0.05). Error bars indicate standard error of mean, ∗ p < 0.05, ∗ ∗ p < 0.01, ∗ ∗ ∗ p < 0.001. 

Fig. 6. Sex differences in extent (A) and activation magnitude (B) in working memory regions. Independent two-sample t -test was used to assess the main effect of 

sex. Multiple comparisons were corrected with FDR correction ( p < 0.05). Error bars indicate standard error of mean, ∗ p < 0.05, ∗ ∗ p < 0.01, ∗ ∗ ∗ p < 0.001. 

Table 2 

Hemisphere differences in spatial locations on x, y, and z axis (after 

FDR correction). 

ROI 

x axis y axis z axis 

t p t p t p 

SPL 11.76 < 0.001 10.36 < 0.001 2.27 < 0.05 

PCUN -3.90 < 0.001 -0.89 0.41 1.65 0.14 

FEF -2.66 < 0.05 7.99 < 0.001 3.05 < 0.01 

MFG -1.28 0.26 9.45 < 0.001 1.00 0.37 

ACC -8.96 < 0.001 5.00 < 0.001 -5.19 < 0.001 

INS 8.83 < 0.001 5.36 < 0.001 -0.70 0.51 

FP 3.41 < 0.01 4.04 < 0.001 1.14 0.31 
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Fig. 7. Reliability of subject-specific delineation, measured by Dice’s coeffi- 

cient. Each region’s reliability was combined for its right and left components. 

A-B denoted reliabilities between rater A and rater B, A-final indicated reliabil- 

ities between rater A and final version, and B-final meant reliabilities between 

rater B and final version. Error bars indicate standard error of the mean. 

a  

c  

s  

w  
ample t -test. For spatial location, several regions showed differences

etween males and females but did not survive FDR correction. For acti-

ation extent, as shown in Fig. 6 A, males showed a larger activation vol-

me than females in the SPL, PCUN, FEF (SPL, t (467) = 2.77, p = 0.020;

CUN, t (445) = 3.47, p = 0.004; FEF, t (465) = 2.43, p = 0.036; after FDR

orrection). In terms of sex differences in activation magnitude ( Fig. 6 B),

ales showed stronger activation than females in the SPL, PCUN, FEF,

nd FP (SPL, t (467) = 3.08, p = 0.015; PCUN, t (418) = 3.07, p = 0.008;

P, t (440) = 2.67, p = 0.018; after FDR correction). Therefore, these

esults suggested that men had more extensive and stronger working

emory activation than women, but there was no difference in spatial

ocation. 

.5. Evaluation of functional probabilistic atlas 

A series of analyses were performed to evaluate the reliability of

ur functional probabilistic atlas. First, we created the functional prob-
7 
bilistic atlas based on subject-specific ROIs defined by two raters. To

alculate inter-rater reliability, the Dice coefficient in each ROI was mea-

ured ( Fig. 7 ). The results showed that the Dice coefficients in all regions

ere close to or exceeded 0.80, particularly in the ACC and INS. This
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Fig. 8. Comparison with meta-analytic functional maps. (A) The meta-analytic map was generated by Neurosynth. Values less than 2.3 were set to zero. (B) The 

meta-analytic map was created by activation likelihood estimation (ALE) analysis. The z -score map was thresholded at p < 0.05 at voxel-level and p < 0.001 at 

cluster-level for multiple comparison correction. To better visualize region location, the boundary of our functional probabilistic atlas is shown with a black contour. 

L, left hemisphere; R, right hemisphere. 

Fig. 9. Whole brain analysis of working memory activations. The value in each 

voxel indicates the z -score in the contrast 2-back vs. 1-back. Voxel-wise thresh- 

old set at z > 3.1 ( p < 0.001, right-tailed, uncorrected) and cluster-level threshold 

set at p < 0.05. The boundary of our probabilistic atlas is in a black contour. L, 

left hemisphere; R, right hemisphere. 
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Fig. 10. Stability of functional probabilistic atlas. Dice’s coefficient was cal- 

culated to measure the overlap between functional probabilistic atlas with all 

participants ( N = 477 ) and atlas with reduced sample sizes (ranged from 1 to 

477). 
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ndicated that all ROIs had good inter-rater reliability and that the two

aters showed stable performance while delineating ROIs. 

Then, we compared the correspondence between the meta-analytic

unctional maps generated from Neurosynth ( Fig. 8 A) and ALE analy-

is ( Fig. 8 B) and our probabilistic atlas. All regions acquired by meta-

nalyses overlapped with our functional probabilistic atlas, suggesting

ts reliability. We found that the boundary of the meta-analytic map

rom Neurosynth was less smooth than that of our atlas and the ALE

ap, indicating that both our functional probabilistic atlas as well ALE

eta-analytic map were more stable in determining the boundary of

orking memory regions. 

Furthermore, the whole-brain analysis showed working memory re-

ated activations in the frontal and parietal regions, as well as the in-

erior and middle temporal gyrus bilaterally ( Fig. 9 ). The activations in

he frontal and parietal areas were highly consistent with the probabilis-

ic map we created, indicating the validity of our probabilistic map as

ell. 
8 
Moreover, we estimated the sample size effect to evaluate the stabil-

ty of the probabilistic atlas. Dice’s coefficients between the functional

robabilistic atlas with all participants and the atlas with a reduced sam-

le size are shown in Fig. 10 . The results showed that Dice’s coefficient

as close to 70% with 20 participants, but increased to 90% when 75

articipants were included. Thus, previous fMRI studies with few par-

icipants may not have precisely defined working memory activation

egions, and it is better to delineate ROIs with larger sample sizes. 

In addition, we measured behavioral correlation and found that ac-

ivations in four regions were positively correlated with 2-back accu-

acy, including the SPL, PCUN, MFG, and FEF (left hemisphere: PCUN:

 = 0.13, p = 0.02; MFG: r = 0.11, p = 0.03; SPL: r = 0.12, p = 0.03;

ight hemisphere: PCUN: r = 0.14, p = 0.01; MFG: r = 0.12, p = 0.03;

EF: r = 0.17, p < 0.01; FDR corrected; Fig. 11 A-F). To avoid the pos-

ible ceiling effect bias in accuracy, we also analyzed the reaction time

n the 2-back task and found PCUN and FEF activations correlated with

eaction time (left hemisphere: PCUN: r = -0.14, p = 0.04; right hemi-

phere: PCUN: r = -0.13, p = 0.04; FEF: r = -0.12, p = 0.04; FDR cor-

ected; Fig. 11 G-I). These results showed associations between activa-

ion and behavioral ability, indicating that our functional probabilistic
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Fig. 11. Behavioral correlation in PCUN, MFG, SPL, and FEF (FDR corrected). The activations were calculated as averaged z- score with the contrast of 2-back versus 

1-back. N-back performance was measured by 2-back accuracy (A-F) and reaction time (G-I). Extreme outliers in behavior above 3 interquartile ranges were excluded 

( N = 464 ). The gray shade area represents the 95% confidence interval. 
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tlas could provide a robust functional and spatial reference for stan-

ardization of functional localization for further analysis. 

. Discussion 

The present study sought to quantify the variability of neural acti-

ation in working memory and to create a functional probabilistic at-

as. Using a large fMRI dataset, we delineated subject-specific ROIs and

ound individual, hemispheric, and sex differences in spatial location,

xtent, and activation magnitude. The functional probabilistic atlas we

onstructed was consistent with previous meta-analytical maps, and the

ssociation between activation and behavioral performance in the FEF,

FG, SPL, and PCUN also indicated the usability of the probabilistic

tlas. Thus, the functional probabilistic atlas can provide a robust func-

ional and spatial reference for standardization of functional localiza-

ion. 

We demonstrated neural activation in frontal and parietal areas in

oth hemispheres during working memory tasks, consistent with pre-

ious findings ( Blokland et al., 2008 ; Chai et al., 2018 ; Emch et al.,

019; Rottschy et al., 2012 ; Yaple et al., 2019 ). Although several stud-
9 
es have explored neural activation in working memory, two limitations

hould be considered. First, previous neuroimaging studies used group-

veraged or spherical-defined ROIs, rather than subject-specific ROIs

 Karlsgodt et al., 2007 ; Prabhakaran et al., 2000 ; Ravizza et al., 2011 ;

odd and Marois, 2004 ), which means that individual variability may

e obscured. Instead, our subject-specific delineations avoided this is-

ue. The subject-specific ROIs in a large sample allowed us to system-

tically quantify individual differences in working memory activations.

econd, many fMRI studies only had ≤ 20 participants, while our results

ndicate that a small sample size cannot provide a precisely defined ROI.

lthough previous fMRI meta-analyses overcame the sample size limita-

ion ( Daniel et al., 2016 ; Emch et al., 2019; Hill et al., 2014 ; Nee et al.,

013 ; Owen et al., 2005 ; Rottschy et al., 2012 ; Wager and Smith, 2003 ;

aple et al., 2019 ; Yaple & Arsalidou, 2018 ), a possible issue in meta-

nalyses was focusing on the consistent activation across experiments,

hus cannot explore the interindividual difference in working memory

ctivation. Hence, our probabilistic atlas described interindividual vari-

tions in activation with well-defined working memory regions. 

Furthermore, our results revealed individual differences in spatial

ocation across regions. Standard deviations of coordinates varied by
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pproximately 10 mm on average. To our knowledge, previous stud-

es only reported average coordinates of regions ( Gruber et al., 2010 ;

ottschy et al., 2012 ), and few of them provided quantitative measures

f location variability. Specifically, the bilateral INS and ACC regions

ad the most stable location across participants, whereas the PCUN and

PL regions were markedly variable. It is interesting that different re-

ions showed distinct variabilities in spatial location; this may be re-

ated to the organization of functional networks in the human brain.

everal studies have found that the human brain is organized into func-

ional networks and that the working memory system involves distinct

etworks, including the salience, cingulo-operculum, and frontopari-

tal networks ( Cole et al., 2014 ; Power et al., 2011 ; Dosenbach et al.,

007 ; Seeley et al, 2007 ). Regions in the salience network are coac-

ivated in response to varied forms of salience ( Seeley et al., 2007 ;

ridharan et al., 2008 ), while the cingulo-operculum network is thought

o maintain task sets to control goal-directed behavior ( Dosenbach et al.,

007 ). Both include the INS and ACC in the working memory system.

he frontoparietal network involves visual attention, attention shifting,

nd working memory capacity, and includes the posterior parietal cor-

ex (e.g., the SPL and PCUN) ( Corbetta and Shulman, 2002 ; Todd and

arois, 2004 ; Yantis and Serences, 2003 ). In contrast to the salience or

ingulo-operculum networks, the frontoparietal network has a closer re-

ationship with executive control, which is strongly predictive of a wide

ariety of high-level cognitive measures and shows marked variations

cross individuals. Thus, it was not surprising that regions in the fron-

oparietal network showed more variations than those in regions in the

alience or cingulo-operculum networks, and that individual variability

ay be associated with distinct functions in different brain networks. 

To reveal the underlying mechanism in working memory, the most

nfluential working memory framework is the multicomponent model

 Baddeley and Hitch, 1974 ), including a central executive and three stor-

ge systems (phonological loop, visuospatial sketchpad, and episodic

uffer) ( Baddeley, 2000 ). Rather than different storage systems for dif-

erent memory components, the state-based model postulates that the

apacity-limited attention results in different information states (e.g.

ong-term memory and perceptual representations) in working memory

 Cowan, 1995 ; D’Esposito and Postle, 2015 ). These two models differ in

erms of storage components or working memory states, but generally

escribe focused attention or executive control components. Regarding

nterindividual differences, previous studies found substantial interindi-

idual differences in working memory ability. It is important to under-

tand whether individual differences in working memory are due to ex-

cutive control or storage systems (or states). In our data, we found a

ide range of interindividual differences across all working memory re-

ions, but only activation magnitude in the frontoparietal network (in-

luding SPL, PCUN, MFG, and FEF) predicted n-back performance. This

esult was consistent with those of several fMRI studies ( Liu et al., 2018 ;

saka et al., 2004 ; Zou et al., 2013 ), where SPL and PCUN activation

ositively correlated with behavioral performance ( Zou et al., 2013 ).

herefore, our data are consistent with individual differences in working

emory ability being primarily determined by variability in executive

r attentional control ( Eriksson et al., 2015 ; Kane and Engle, 2002 ). 

In terms of hemispheric differences, a number of neuroimaging stud-

es have indicated that verbal information is mainly processed in the left

emisphere ( Braver et al., 2001 ; Haut and Barch, 2006 ), whereas spa-

ial stimuli are preferentially processed on the right side ( Hill et al.,

014 ; van Asselen et al., 2006 ). In our experiment, we used images

f faces, scenes, and objects as visual stimuli, different from verbal

r spatial information. We found that most regions in the right hemi-

phere were larger than those on the left side, but the activation mag-

itude did not have a similar pattern: only the ACC and INS regions

howed rightward asymmetry, while the MFG and SPL regions had left-

ard asymmetry. These findings were consistent with those of pre-

ious studies, which showed that object, spatial, and verbal informa-

ion demonstrated anatomical and functional segregation ( Braver et al.,

001 ; Courtney et al., 1996 ; Haut and Barch, 2006 ). Hence, our results
10 
learly indicated that object working memory showed hemispheric dif-

erences in location, extent, and activation magnitude and differed from

erbal or spatial working memory. 

In terms of the main effect of sex in working memory, there were sig-

ificant differences in the extent and activation magnitude, but not in

patial location. Specifically, males showed larger volumes and stronger

ctivations than females in most regions. However, previous studies ob-

erved inconsistent results in sex differences: some studies found that

ales showed greater activation than females ( Bell et al., 2006 ), while

ther studies observed the opposite ( Goldstein et al., 2005 ), or even null

ffects ( Schmidt et al., 2009 ). One potential explanation for this incon-

istency is that the main effect of sex may interact with stimulus types

n working memory ( Lejbak et al., 2011 ; Lewin et al., 2001 ; Speck et al.,

000 ). In verbal working memory, women showed stronger activations

n the midbrain, cerebellum, and right inferior frontal gyrus; however,

or spatial working memory, men had stronger activations in the bi-

ateral intraparietal ( Zilles et al., 2016 ). When objects are involved as

timuli in a working memory task, it is possible that males may have

dvantages in object-related working memory processing over females.

f note, as males had larger head sizes than females, an alternative ex-

lanation of the main effect of sex is the difference in signal-to-noise

atios. It is possible that men had a greater signal-to-noise ratio leading

o a wider range of activation volume and stronger activation magni-

ude during working memory tasks. In addition, working memory per-

ormances in women were modulated by circulating estrogens and the

ctivations in the prefrontal cortex were influenced by estradiol levels

n women ( Dumas et al., 2012 ; Epperson et al., 2012 ; Hampson, 2018 ;

haywitz et al., 1999 ). Thus, the results of sex differences we reported

an be influenced by the estrogen status, such as the menstrual cycle or

he use of oral contraceptives. 

Furthermore, we performed whole-brain analysis in the contrast 2-

ack versus 1-back and found similar activation in the frontal and pari-

tal cortex. We also found activation in the inferior and middle tempo-

al gyrus, suggesting that the active maintenance of visual information

n working memory is supported by the activation of object represen-

ations in the inferior temporal cortex. This finding is consistent with

revious object working memory studies. The activity within category-

elective subregions of the inferior temporal cortex (e.g. the fusiform

ace area and parahippocampal place area) reflects the type of infor-

ation (e.g. face, building) actively maintained during working mem-

ry tasks ( Ranganath et al., 2004 ). Moreover, high-frequency gamma-

and activity in the inferior temporal gyrus increases with memory load

uring visuospatial (but not verbal) working memory ( Hamamé et al.,

012 ). Thus, inferior and middle temporal gyrus activation can be spe-

ific to object working memory and can contribute to category-specific

aintenance. 

Our study attempted to reveal the variability of neural activations

n working memory, but several limitations should be noted. First, the

ctivated WM regions in our probabilistic map were defined by the com-

arison of 2-back versus 1-back, rather than 2-back versus 0-back. Pre-

ious studies applied 0-back, 1-back, and 2-back tasks and found that

ctivated regions with 2-back versus 0-back were highly consistent with

-back versus 1-back ( Carlson, 1998 ; Ragland et al., 2002 ). Our prob-

bilistic map also contains the same activated regions as with 1-back

ersus 0-back contrast, such as the dorsal prefrontal cortex and inferior

arietal sulcus ( Carlson, 1998 ; Ragland et al., 2002 ), indicating that

ur results did not omit brain regions implicated in short-term main-

enance and retrieval. Second, the variability we found was based on

omogeneous healthy adults ranging in age from 17 to 24 years; hence,

ur findings may not be perfectly applicable in children and in the el-

erly. Future studies can include participants from different ages to in-

estigate the development of brain activity in working memory. Third,

iven that spatial smoothing can shift activation peaks and alter activa-

ion patterns ( Mikl et al., 2008 ), the smoothing kernel size may impact

he intersection among participants: with a larger kernel, the percent-

ge of intersection may increase. Then, our stimuli contain face, scene,



C. Chen, Y. Zhang, Z. Zhen et al. NeuroImage 239 (2021) 118301 

a  

a  

d  

t

5

 

n  

b  

s  

a  

o  

t  

a

A

 

t  

S

D

 

i  

d  

a  

a

D

A

 

o  

R

S

 

t

R

B  

B  

B  

B  

 

B  

 

 

 

B  

 

 

C  

 

 

C  

 

C  

 

C  

 

C  

 

C  

C  

 

C  

D  

D  

D  

 

D  

 

 

D  

 

D  

 

 

E  

 

E  

 

 

E  

E  

 

E  

 

 

F  

 

G  

 

 

G  

 

 

G  

 

 

H  

 

 

H  

H  

 

H  

 

H  

 

 

 

J  

 

nd object images, which may involve distinct underlying neural mech-

nisms ( Hutchison et al., 2014 ). Future experiments should also explore

ifferences in neural activation between stimulus inputs, so as to reveal

he underlying mechanism of working memory. 

. Conclusion 

Our study quantified individual, hemispheric, and sex differences in

eural activation of working memory and created a functional proba-

ilistic atlas based on a large cohort of participants. Comprehensive de-

criptions of spatial location, extent, and activation magnitude in vari-

bility can help us understand the neural mechanisms of working mem-

ry ability. Moreover, the probabilistic atlas can provide a robust func-

ional and spatial reference for standardization of functional localization

nd cross-technique data integration . 
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