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Abstract

Working memory (WM) is defined as the ability to maintain a representation online

to guide goal-directed behavior. Its capacity in early childhood predicts academic

achievements in late childhood and its deficits are found in various neu-

rodevelopmental disorders. We employed resting-state fMRI (rs-fMRI) of 468 partici-

pants aged from 4 to 55 years and connectome-based predictive modeling (CPM) to

explore the potential predictive power of intrinsic functional networks to WM in pre-

schoolers, early and late school-age children, adolescents, and adults. We defined

intrinsic functional networks among brain regions identified by activation likelihood

estimation (ALE) meta-analysis on existing WM functional studies (ALE-based intrin-

sic functional networks) and intrinsic functional networks generated based on the

whole brain (whole-brain intrinsic functional networks). We employed the CPM on

these networks to predict WM in each age group. The CPM using the ALE-based and

whole-brain intrinsic functional networks predicted WM of individual adults, while

the prediction power of the ALE-based intrinsic functional networks was superior to

that of the whole-brain intrinsic functional networks. Nevertheless, the CPM using

the whole-brain but not the ALE-based intrinsic functional networks predicted WM

in adolescents. And, the CPM using neither the ALE-based nor whole-brain networks

predicted WM in any of the children groups. Our findings showed the trend of the

prediction power of the intrinsic functional networks to cognition in individuals from

early childhood to adulthood.
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1 | INTRODUCTION

Working memory (WM) is defined as the ability to maintain a represen-

tation online to guide goal-directed behavior (Baddeley, 1992). WM

capacity is proven to increase significantly from early childhood to ado-

lescence (Gathercole, Pickering, Ambridge, & Wearing, 2004; Ullman,

Almeida, & Klingberg, 2014), and becomes relatively stable in adulthood

(Eriksson, Vogel, Lansner, Bergström, & Nyberg, 2015; Nyberg

et al., 2014). A substantial body of literature identifies the higher-order

association cortex (e.g., frontal and parietal networks) to be associated

with WM in late childhood (Crone & Steinbeis, 2017; Klingberg,

Forssberg, & Westerberg, 2002; Ullman et al., 2014), adolescence (Finn,

Sheridan, Kam, Hinshaw, & D'Esposito, 2010; Satterthwaite

et al., 2013; Simmonds, Hallquist, & Luna, 2017), and adulthood

(Constantinidis & Klingberg, 2016; Scherf, Sweeney, & Luna, 2006).

WM capacity in early childhood predicts academic achievements in late

childhood (Bull, Espy, & Wiebe, 2008; Cooper & Mackey, 2016) and

deficits in WM are associated with neurodevelopmental disorders, such

as attention-deficit/hyperactivity disorder (ADHD) and Autism Spec-

trum Disorders (Martinussen, Hayden, Hogg-johnson, &

Tannock, 2005; Wang et al., 2017). However, there is limited knowl-

edge of neural substrates of WM in early childhood.

Recently, connectome-based predictive modeling (CPM) has been

used to identify neural fingerprints from task-based and/or intrinsic

brain functional networks that can robustly predict individuals' cogni-

tive performance, such as general fluid intelligence (Finn et al., 2015),

sustained attention (Rosenberg et al., 2015), working memory (Avery

et al., 2019), and creative ability in adults (Beaty et al., 2018). The

CPM employs the functional networks derived from sustained atten-

tion task fMRI data and predicts attention ability at the correlation of

0.8 in adults, while the CPM predictive power based on intrinsic

resting-state functional networks is around 0.5 (Rosenberg

et al., 2015). Similarly, the CPM using task-based functional networks

predicts fluid intelligence at the correlation above 0.3, while the pre-

diction of CPM using intrinsic functional networks to fluid intelligence

is below 0.2 in adults (Greene, Siyuan, Scheinost, & Constable, 2018).

These findings suggest that, to a certain degree, both task-based and

intrinsic functional networks capture the significant variation of cogni-

tion observed in adults, with greater predictive power using task-

based fMRI data. This may be partly because task-based functional

networks encode specific cognitive processes and highlight the orga-

nization and coordination of brain regions involved in tasks. More-

over, Nostro et al. (2018) recently proposed to employ activation

likelihood estimation (ALE) meta-analysis on existing task-functional

studies to define brain regions that were consistently activated during

specific cognitive processes (i.e., task-based ROIs) (Eickhoff

et al., 2016; Rottschy et al., 2012). The intrinsic functional networks

of these task-based ROIs can well predict individuals' personality traits

(Nostro et al., 2018).

In this study, we adopted the above approaches and rs-fMRI data

to investigate whether intrinsic functional networks of the whole brain

or task-based ROIs derived from ALE can predict WM in preschoolers,

early and late school-age children, adolescents, and adults based on

cross-sectional samples of 468 participants aged from 4 to 55 years. As

the brain functional organization and WM capability undergo massive

development in childhood and adolescence (Galván, 2017; Kaufmann

et al., 2017; Ullman et al., 2014), we expected that brain functional net-

works involved in the prediction of the WM performance may differ

among children, adolescents, and adults. This study constructed two

types of intrinsic functional networks obtained from rs-fMRI: one

among ROIs defined via ALE meta-analysis on existing WM-task func-

tional studies and the other among 268 regions covering the whole

brain. In detail, we applied ALE meta-analysis on existing WM-task

functional studies (Eickhoff et al., 2016; Rottschy et al., 2012) to iden-

tify regions of activation relevant to WM. From rs-fMRI data, we

defined intrinsic functional networks among these regions of activation

(i.e., ALE-based intrinsic functional network). We then adopted the

CPM prediction approach proposed in (Finn et al., 2015; Rosenberg

et al., 2015) to predict the WM scores in preschoolers, early and late

school-age children, adolescents, and adults, separately. Moreover, we

conducted an exploratory analysis using intrinsic functional networks

among the whole brain (i.e., whole-brain intrinsic functional networks)

and examined their potential predictability to the WM score in these

five age groups using the CPM. To evaluate the CPM prediction power,

we employed another machine learning approach, relevance vector

regression (RVR). Unlike the CPM, the RVR is a multivariate approach

that is derived based on support vector regression and formulated in a

Bayesian framework with sparseness constraint (Tipping, 2001). We

chose the RVR in comparison with the CPM because it was previously

applied to neuroimage image data and showed its prediction power for

language processing, spatial orientation-related skills, and personality

(Cui & Gong, 2018; Nostro et al., 2018). We expected that this study

could provide neural fingerprints based on the intrinsic functional net-

works for working memory development across the course from early

childhood to adulthood.

2 | MATERIALS AND METHODS

2.1 | Participants

The institutional review boards at the institutions contributing to the

four datasets approved all experimental and consenting procedures.

The written consent was obtained from caregivers who came to the

visit, and oral consent was obtained from children.

This study included four datasets obtained from the Growing Up

in Singapore Towards healthy Outcomes (GUSTO) longitudinal birth

cohort (Qiu et al., 2017; Wee et al., 2018), the Cognition and Brain

Development in Children (CBDC) study (Zhong et al., 2014), the Pedi-

atric Imaging, Neurocognition, and Genetics (PING) database (Jernigan

et al., 2016, http://ping.chd.ucsd.edu/), and the Brain and Cognition

Aging Study (BCAS) (Lee, Archer, Wong, Chen, & Qiu, 2013; Lee, Rat-

narajah, Tuan, Chen, & Qiu, 2015). Figure S1 displays a flow chart of

the subject selection. In short, participants without WM assessment

or with nonusable WM scores caused by experimental program errors,

etc., were excluded from this study. We also excluded participants
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with (a) major illnesses/surgery (heart, brain, kidney, and lung surgery);

(b) neurological or psychiatric disorders; (c) learning disability or atten-

tion deficit; (d) history of diabetes or obesity; (e) head injury with loss

of consciousness; and/or (6) nonremovable metal objects on/in the

body such as a cardiac pacemaker. Finally, we included 468 partici-

pants who had usable WM assessment and satisfactory functional

imaging data (i.e., rs-fMRI scans with maximal framewise displacement

less than 0.5 mm and with more than 100 volumes scanning). As

results, this study included 204 participants from the GUSTO study

(4–6 years old), 110 from the CBDC study (6–10 years old), 95 from

the PING study (10–21 years old), and 59 from the BCAS study (22–-

55 years old) according to all the criteria mentioned above. The age

range was from 4 to 55 years. We assigned the participants into five

age groups: preschoolers (4.5 � 4.69 years), early school-age children

(5.84 � 6 years), late school-age children (6 � 10 years), adolescents

(10.25 � 21 years), and adults (22 � 55 years). Table 1 lists the details

of the data source, sample size, and age range of each age group.

2.2 | Working memory

In this study, we used the Spatial Working Memory (SWM) Task and the

List Sorting Working Memory (LS) Test. Despite differences in protocol,

both of these tasks are sequencing tasks (Baddeley, 2003) and have been

proven to be effective for assessing working memory from childhood to

adulthood (Akshoomoff et al., 2014; Faridi et al., 2015; Tulsky, Carlozzi,

Chevalier, Beaumont, & Mugas, 2013; Waber et al., 2007).

2.2.1 | Spatial working memory task (SWM)

The Spatial Working Memory task from the Cambridge Neuropsycho-

logical Test Automated Battery (CANTAB) was used in the GUSTO,

CBDC, and BCAS studies. The SWM is a computer-administered serial

order pointing task in which participants search through an increasing

number of boxes (from 4 to 8) to locate hidden blue tokens (Vance,

Ferrin, Winther, & Gomez, 2013). Children were administered a maxi-

mum of 6 boxes to avoid frustration and fatigue, while adults were

given a maximum of 8 boxes (Faridi et al., 2015; Luciana &

Nelson, 1998). Between-search errors are measured as the number of

times participants revisit a box where a blue token has already been

found. A higher score indicates poorer WM performance.

2.2.2 | List sorting working memory test (LS)

The List Sorting Working Memory Test from the NIH Toolbox Cogni-

tion Battery (NIHTB-CB) was used in the PING study. It requires par-

ticipants to sort and sequence items illustrated by sequential pictures

on the computer screen along with a recording of the name of the

item (Tulsky et al., 2014). The score consists of the combined total of

correct items on the 1- and 2-list conditions of the task (maximum

28 points). A higher score indicates better WM performance.

We standardized the SWM between-search errors and LS mem-

ory scores to make them comparable. In line with the LS memory

score, we first inverted the SWM scores by subtracting them from the

maximum score (i.e., 55) of the four age groups (preschoolers, early

and late school-age children, and adults). Subsequently, we scaled

each score into the range from 0 to 1 via (xi − min(x))/(max(x) − min

(x)), where xi was the WM score of each individual and x represented

the WM scores of each age group. To be noted, the maximum and

minimum scores for SWM and LS were defined respectively based on

all age groups participating in SWM and LS. The standardized score

was used in the below prediction model.

2.3 | MRI acquisition

The GUSTO, CBDC, and BCAS studies were conducted by the same

group and their MRI acquisition protocols were comparable, while the

PING study was conducted in multiple sites in the United States. We

detailed the MRI acquisition for each study below.

TABLE 1 Data information of five age groups

Preschoolers
Early school-age
children Late school-age children Adolescents Adults

Data source GUSTO GUSTO CBDC PING BCAS

MRI Scanner 3T Siemens Skyra scanner 3T Siemens Magnetom

Trio Tim scanner

Multi-scanners 3T Siemens Magnetom Trio

Tim scanner

T1 MRI TR = 2000 ms, TE = 2.08 ms — TR = 2,300 ms, TE = 1.90 ms

rs-fMRI TR = 2,660 ms, TE = 27 ms TR = 2,400 ms, TE = 27 ms — TR = 2,300 ms, TE = 25 ms

Sample size 87 117 110 95 59

Age range (years) 4.50–4.69 5.84–6.00 6.00–10.00 10.25–21.00 22.00–55.00

Age (mean ± SD) 4.58 ± 0.05 5.94 ± 0.05 6.97 ± 1.04 16.79 ± 3.20 33.37 ± 10.84

Mean FWD (mean ± SD) 0.03 ± 0.02 0.04 ± 0.02 0.04 ± 0.02 0.06 ± 0.02 0.04 ± 0.02

Abbreviations: BCAS, the Brain and Cognition Aging Study; CBDC, the Cognition and Brain Development in Children project; FWD, frame-wise displace-

ment; GUSTO, the Growing Up in Singapore Towards healthy Outcomes longitudinal birth cohort; PING, the Pediatric Imaging, Neurocognition, and Genet-

ics database.
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2.3.1 | GUSTO

Children underwent MRI scans using a 3 T Siemens Skyra scanner with

a 32-channel head coil at KK Women's and Children's Hospital. The

imaging protocols were: (a) high-resolution isotropic T1-weighted Mag-

netization Prepared Rapid Gradient Recalled Echo (MPRAGE; 192 slices,

1 mm thickness, in-plane resolution 1 mm, sagittal acquisition, field-of-

view 192×192 mm, matrix = 192×192, repetition time = 2000 ms, echo

time = 2.08 ms, inversion time = 877 ms, flip angle = 9�); (b) isotropic

axial rs-fMRI protocol (single-shot echo-planar imaging; 48 slices with

3 mm slice thickness, no inter-slice gaps, matrix = 64 ×64, field-of-

view = 192×192 mm, repetition time = 2,660 ms, echo time = 27 ms,

flip angle = 90�, scan time = 5.27 min). The children were asked to close

their eyes during the rs-fMRI scan.

To ensure image quality, children underwent MRI familiarity at

home and on-site training programs prior to the MRI visit (Wen

et al., 2017). Additionally, the image quality was verified immediately

after the acquisition through visual inspection while children were still

in the scanner. If there were motion artifacts (i.e., rings on the image,

or blurring of structures) in MPRAGE, a repeated MPRAGE scan was

conducted. The image was removed from the study if no acceptable

image was acquired after three repetitions.

2.3.2 | CBDC

Children underwent MRI scans using a 3T Siemens Magnetom Trio

Tim scanner with a 32-channel head coil at Clinical Imaging Research

Centre of the National University of Singapore. The imaging protocols

were: (a) high-resolution isotropic T1-weighted Magnetization Pre-

pared Rapid Gradient Recalled Echo (MPRAGE; 190 slices, 1 mm

thickness, in-plane resolution 1 mm, sagittal acquisition, field-of-view

190×190 mm, matrix = 190×190, repetition time = 2000 ms, echo

time = 2.08 ms, inversion time = 850 ms, flip angle = 9�); (b) isotropic

axial rs-fMRI protocol (single-shot echo-planar imaging; 42 slices with

3 mm slice thickness, no inter-slice gaps, matrix = 64×64, field-of-

view = 190×190 mm, repetition time = 2,400 ms, echo time = 27 ms,

flip angle = 90�, scan time = 6 min). The children were asked to close

their eyes during the rs-fMRI scan.

2.3.3 | PING

The PING applied a standardized high-resolution MRI protocol involv-

ing 3D T1-weighted scans and gradient echo EPI scans for rs-fMRI.

The PING MRI protocol for each scanner manufacturer is detailed at

the website (https://nda.nih.gov/edit_collection.html?id=2607). The

current analysis employed 95 subjects from the PING study whose

MRI data were collected from two scanners (3T Siemens Magnetom

Trio and 3T Philips Achieva). Repetition time for the Siemens scanner

was 2,000 ms (scan time = 10 min) or 3,000 ms (scan time = 6.4 min),

and repetition time for the Philips scanner was 2,500 ms (scan

time = 6.5 min).

2.3.4 | BCAS

All adults were scanned using a 3T Siemens Magnetom Trio Tim scan-

ner with a 32-channel head coil at the Clinical Imaging Research Cen-

tre of the National University of Singapore. The image protocols

were: (a) high-resolution isotropic T1-weighted Magnetization Pre-

pared Rapid Gradient Recalled Echo (MPRAGE; 192 slices, 1 mm

thickness, sagittal acquisition, field of view 256×256 mm, matrix

256×256, repetition time 2,300 ms, echo time 1.90 ms, inversion time

900 ms, flip angle 9�); isotropic axial rs-fMRI imaging protocol (single-

shot echo-planar imaging; 48 slices with 3 mm slice thickness, no

inter-slice gaps, matrix 64 ×64, field of view 192×192 mm, repetition

time 2,300 ms, echo time 25 ms, flip angle 90�, scanning time 8 min).

During the rs-fMRI scan, the subjects were asked to close their eyes.

2.4 | MRI data analysis

MRI data from all datasets were processed in the same way as

described below.

2.4.1 | Structural MRI

Anatomical segmentation into three tissue types, gray matter (GM),

white matter (WM), and cerebrospinal fluid was performed using

FreeSurfer 5.3.0 (Fischl et al., 2002). Postprocessing quality check was

conducted according to the instruction on https://surfer.nmr.mgh.

harvard.edu/fswiki/FsTutorial/TroubleshootingData. Nonlinear image

normalization was achieved by aligning individual T1-weighted MRI

images to the JHU atlas via large deformation diffeomorphic metric

mapping (LDDMM) (Du, Younes, & Qiu, 2011; Tan & Qiu, 2016). The

mapping accuracy of this method is superior to that in FreeSurfer and

CARET (Du et al., 2011; Zhong, Phua, & Qiu, 2010).

2.4.2 | Rs-fMRI

The rs-fMRI data were preprocessed using FSL with slice time correc-

tion, motion correction, skull stripping, and intensity normalization.

The rs-fMRI scans with maximal framewise displacement (FD) of head

motion greater than 0.5 mm or with less than 100 volumes were

removed from this study at this stage (Power, Barnes, Snyder,

Schlaggar, & Petersen, 2012). Six motion parameters, white matter,

cerebrospinal fluid, and global signals were further regressed out from

rs-fMRI signals. Global signal regression (GSR) was performed to

reduce artifactual variance due to head motion in pediatric, clinical,

and elderly populations (Power et al., 2014). Band-pass filtering

(0.01–0.08 Hz) was then applied. To align rs-fMRI data to the atlas, its

mean functional volume was first aligned to the corresponding ana-

tomical image via rigid-body alignment. The functional data were then

transformed to the atlas space via LDDMM obtained based on the T1-

weighted MRI.
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2.5 | Intrinsic functional networks

2.5.1 | ALE-based intrinsic functional networks

ALE meta-analysis was used to identify brain regions that were consis-

tently activated during WM tasks. Functional MRI or PET experiments

related to WM in healthy participants were selected using BrainMap

Sleuth 3.0 (Laird, 2009). Each experiment had a sample size greater

than 5, participants with age less than 55 years old, and only positive

activation. Based on these criteria, this study included 128 WM-task

studies, 1972 subjects (93% of subjects were 21–55 years old),

144 experiments, and 3,528 brain foci (see Table S1). ALE meta-

analysis in GingerALE 3.0 identified brain regions that were activated

during WM processing (Eickhoff, Bzdok, Laird, Kurth, & Fox, 2012;

Eickhoff, Laird, Fox, Lancaster, & Fox, 2017). The ALE map was

thresholded at a cluster-forming threshold of p < .001 and a cluster-

level threshold of p < .05 based on 1,000 permutations (Eickhoff

et al., 2016; Eickhoff et al., 2017; Zhang et al., 2019), which formed the

ALE-defined brain clusters (Figure 1). Finally, the ALE-defined brain

clusters were parcellated into brain regions based on Shen's Atlas (Finn

et al., 2015). Shen's atlas was created based on the functional connec-

tivity and its brain parcellation is more suitable for studying rs-fMRI

data (Finn et al., 2015). The regions that were very small or at the

boundary of Shen's atlas parcels (i.e., <500 mm3) were excluded,

resulting in 54 brain regions from the ALE-defined clusters. The ALE-

based intrinsic functional networks among these 54 regions were con-

structed by calculating Pearson's correlation between the mean fMRI

signals of any two seeds and Fisher's r-to-z transformation.

2.5.2 | Whole-Brain intrinsic functional networks

We constructed whole-brain intrinsic functional networks based on

the atlas that parcellated the whole brain into 268 regions (see Finn

et al., 2015). Pearson's correlation coefficients between the mean

fMRI signals of any two seeds were calculated and transformed to z-

scores via Fisher's r-to-z transformation.

2.6 | Prediction models

2.6.1 | Connectome-Based predictive modeling

We performed the CPM (MATLAB syntax: https://www.nitrc.org/

projects/bioimagesuite/) to predict WM performance based on the

intrinsic functional networks in each age group (Shen et al., 2017).

Given the sample size of this study, we employed five-fold cross-

validation to evaluate the performance of the CPM (Scheinost

et al., 2019; Varoquaux et al., 2017). We randomly divided all data

into five folds in which four-folds served as a training dataset, and

one fold served as a test dataset. In training, we calculated Spe-

arman's rank correlation between WM score and each functional

connectivity. Then, based on the absolute correlation coefficients,

the top 100 WM-associated functional connectivities were

selected as features. These features were further classified into

connections positively and negatively associated with WM

(i.e., WM correlated and anti-correlated networks). We then

defined two total network strength scores: one as the sum of

selected features in the WM positive correlated network; the

other as the sum of the WM anticorrelated networks. We

employed linear regression to fit the WM score as a function of

the two total network strength scores (i.e., WM correlated and

anticorrelated network strength) in the training dataset. In testing,

we used this regression model to predict the WM score of the

left-out fold. We evaluated the predictive power using Spearman's

correlation between the observed and predicted WM scores. We

repeated the fivefold cross-validation for 20 times to calculate the

predictive power (rs) as the average correlation coefficient across

20 iterations. The p-value of Spearman's correlation was deter-

mined via the permutation test by randomly shuffling the WM

score 1,000 times and by rerunning the above pipeline to create a

null distribution of Spearman's correlation values in each age

group. Empirical p-values were computed as (1 + the number of

permutated rs values greater than or equal to the empirical

rs)/1,001. This was carried out for both the ALE-based and whole-

brain intrinsic functional networks.

The previous study indicated that the rs-fMRI functional net-

work can well predict age (r-value ranges from 0.720 to 0.746) and

gender (accuracy is 62%) (Casanova, Whitlow, Wagner, Espeland, &

Maldjian, 2012; Dosenbach et al., 2010). As age and gender predic-

tion is well studied (Casanova et al., 2012; Dosenbach et al., 2010),

we conducted the additional analysis to predict age and gender

using the same prediction model based on the whole-brain intrinsic

functional networks across all the subjects in this study. This allows

us to ensure that our prediction approach was not influenced due

to the rs-fMRI processing, multi-sites, multi-scanners, and

scanning time.

Also, we varied the number of functional connectivities used in

the CPM, including (a) the top 50 functional connectivities that were

most correlated with WM; (b) the functional connectivities that were

significantly correlated with WM at p < .01. We repeated the CPM to

predict the WM performance in each group.
F IGURE 1 The activation likelihood estimation (ALE) meta-
analytic map for working memory. L, left; R, right
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2.6.2 | Relevance vector regression

We further employed relevance vector regression (RVR) to compare

its prediction power with that of the CPM (Nostro et al., 2018;

Tipping, 2001). Briefly, the RVR is a multivariate approach that was

developed from the Support Vector Regression (SVR) to induce

sparseness in the model parameters (Tipping, 2001). The feature

selection for the RVR was the same as that in the CPM. Unlike the

CPM, the RVR model directly took the selected features (e.g., the top

100 functional connectivities) as input features and estimated the

probability of each of these features to predict the outcome measure

in a probabilistic Bayesian framework (Tipping, 2001). Mathematically,

the RVR model is more complex than the linear regression used in the

CPM where only the two total network strength scores were used as

independent variables. The RVR analysis followed the same cross-

validation and evaluation approaches as those in the CPM analysis. In

training, the RVR fitted the WM score as a function of the selected

features (i.e., top 100 WM-associated connectivities). In testing, the

estimated RVR model was used to predict the WM score of the left-

out fold.

To ensure that the CPM and RVR predictions were not

influenced by the head motion during rs-fMRI acquisition, we

repeated the CPM and RVR (a) when the functional connectivity

was computed via partial correlation with time-series FD as a

covariate (Kaufmann et al., 2017); (b) when the mean FD across all

time points was regressed out from the functional connectivity

before the feature selection (Hsu, Rosenberg, Scheinost, Consta-

ble, & Chun, 2018).

3 | RESULTS

3.1 | Working memory

We first examined the group difference in WM across the five groups.

The median WM scores were 0.49 in preschoolers, 0.61 in early

school-age children, 0.71 in late school-age children, 0.77 in adoles-

cents, and 0.82 in adults. Nonparametric Kruskal–Wallis ANOVA test

revealed significant differences in WM among the five groups

(p < .001). The post-hoc analysis further revealed a significant increase

in the WM performance from preschoolers, early and late school-age

children, to adolescents (p < .001). There was a marginally significant

difference in WM between adolescents and adults (p = .079). There

were no significant correlations between the WM score and mean FD

(head motion of rs-fMRI) in any age group (|r| < .125, p > .19) or across

all the age groups (r = −.006, p = .887).

3.2 | Prediction of working memory from
ALE-based intrinsic functional networks

Figure 1 shows the brain regions identified via ALE meta-analysis that

were consistently activated during the WM processing. These brain

regions were mainly part of the frontoparietal, medial frontal, visual

association cortex, and subcortical-cerebellar networks (see Figures 1

and 2a), which is consistent with that revealed by the meta-analysis

on WM studies in Rottschy et al. (2012).

Figure 2b–f (orange lines) illustrate the top 100 functional con-

nectivities selected during the feature selection stage for each age

group. Figure 3a summarizes the number of these functional connec-

tions falling into one of 8 macroscale regions based on the atlas given

in Finn et al. (2015). Visually, the functional connections of the medial

frontal and frontoparietal networks with the subcortical-cerebellar,

visual association, and motor networks were frequently selected as

features in preschoolers. As age increased, these connections were

still involved, however, the functional connections of the

frontoparietal networks with the subcortical-cerebellar, visual associa-

tion, and motor networks were increasingly selected (orange boxes in

Figure 3a).

Based on the features shown in Figures 2 and 3, the CPM rev-

ealed that the ALE-based intrinsic functional networks did not signifi-

cantly predict the WM score in preschoolers (rs = .116, p = .141), early

school-age children (rs = −.082, p = .706), late school-age children

(rs = −.048, p = .575), and adolescents (rs = −.016, p = .487) but

predicted the WM performance in adults (rs = .472, p = .001).

Figure 4a illustrates the trend of the CPM predictive power to the

WM score based on the ALE-based intrinsic functional networks from

early childhood to adulthood.

3.3 | Prediction of working memory from Whole-
Brain intrinsic functional networks

Figure 2b–f (cyan lines) illustrate the top 100 functional connec-

tivities from the whole-brain intrinsic functional networks

selected during the feature selection stage for each age group.

In contrast to the ALE-based intrinsic functional networks, the

functional connections selected from the whole-brain intrinsic

functional networks as features involved more the subcortical-

cerebellar connections but fewer the frontoparietal connections

(Figure 3b,c) in children and adolescents. Nevertheless, most of

these selected functional connections had one node belonging to

the ALE-defined ROIs (50–70%), suggesting that the ALE-defined

regions still play an important role in WM of children and ado-

lescents. The features selected from both the ALE-based and

whole-brain intrinsic functional networks are similar in adults

(Figure 3b,c).

The CPM predictive power based on the whole-brain intrinsic

functional networks was similar to that based on the ALE-based

intrinsic functional networks (Figure 4b). The whole-brain intrinsic

functional networks did not predict the WM score in preschoolers

(rs = .118, p = .123), early school-age children (rs = .039, p = .310),

and late school-age children (rs = −.009, p = .457) but significantly

predicted the WM score in adolescents (rs = .228, p = .034) and

adults (rs = .312, p = .008). Nevertheless, the ALE-based intrinsic

functional networks outperformed the whole-brain intrinsic
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functional networks for the WM prediction in adults (z = 34.589,

p < .001; see Figure S2).

3.4 | The CPM and RVR comparison of the
prediction Power

Analogous to the CPM, the RVR showed similar prediction

patterns for each age group (see Table 2). Regardless of

whether the ALE-based or whole-brain intrinsic functional net-

works were used, the RVR did not predict the WM score in

children but in adults. Similar to the CPM, the RVR can pre-

dict the WM score based on the whole-brain intrinsic func-

tional networks but not based on the ALE-based intrinsic

functional networks in adolescents. These results suggested

that the predictive power from the ALE-based and whole-

brain intrinsic functional networks did not vary with the clas-

sification approaches.

F IGURE 2 The functional connectivities selected as features. Panel (a) indicates the ALE map for WM. From the outer to inner rings, the ALE
values range from 0.01 to 0.13. A larger ALE value indicates that the region is more consistently activated in WM tasks across the existing fMRI-
task studies. The ALE value is indicated by black line. The longer the line, the larger the ALE value. Panels (b–f) show the top 100 functional
connections selected within each age group. Orange and cyan lines respectively show the top selected functional connections from the ALE-
based and whole-brain intrinsic functional networks. Panel (g) illustrates the 8 macroscale functional networks defined corresponding to the atlas
given in Finn et al. (2015). DM, default mode; FP, frontoparietal; MF, medial frontal; MT, motor; SubC, subcortical-cerebellum; VI, visual I; VII,
visual II; VA, visual association
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F IGURE 3 The summary of the selected functional connectivities among the macroscale functional networks suggested in Finn et al. (2015).
Columns (a) and (b) respectively illustrate the percentage of the functional connectivities selected from the ALE-based and whole-brain intrinsic
functional networks as features. The color bar indicates the percentage of the selected connections over the total connections, where the
selected connections have been consistently chosen across 20 iterations. Column (c) shows the difference between the corresponding panels in
Columns (a) and (b). The orange blocks show the selected functional connections more from the ALE-based intrinsic functional networks, while
cyan blocks show the selected functional connections more from the whole-brain intrinsic functional networks. DM, default mode; FP,
frontoparietal; MF, medial frontal; MT, motor; SubC, subcortical-cerebellum; VI, visual I; VII, visual II; VA, visual association
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3.5 | Potential effects of head motion and
scanners

Figure 5 shows the CPM and RVR predictive power for WM scores

for each age group after taking head motion into account in the calcu-

lation of the intrinsic functional connectivity (top row) and the feature

selection of the functional connectivity (bottom row). Both strategies

for controlling the head motion in CPM and RVR showed a similar

predictive trend in each age group as shown in Figure 4. These find-

ings suggested that the rs-fMRI head motion had limited effects on

the CPM and RVR findings reported in the previous sections.

In our study, only the MRI data of adolescents were acquired

using two scanners and the MRI acquisition of the rest of the age

groups was done using the same scanner. We additionally rerun the

CPM predictive modeling based on the whole-brain intrinsic func-

tional networks in the adolescent group by accounting for the scanner

effect. The result still showed the significance to predict WM in ado-

lescents (rs = .198, p = .049).

3.6 | Potential effects of feature selection in
the CPM

Figure S3 shows the trend of the predictive power similar to that in

Figure 4 when the top 50 functional connectivities or the functional

connectivities that were significantly associated with the WM perfor-

mance at p < .01 were used in CPM. This result suggested that the

predictive power of CPM was not varied as a function of the number

of functional connectivities used as features.

4 | DISCUSSION

This study demonstrates the possibility of the intrinsic brain functional

networks in predicting the WM scores of individuals from early child-

hood to adulthood. Consistent with the previous findings (Greene

et al., 2018; Rosenberg et al., 2015), both the intrinsic functional net-

works of the brain regions identified via ALE and whole-brain net-

works predicted adults' WM scores. In adolescents, the whole-brain

but not ALE-based intrinsic functional networks predicted the WM

scores. The ALE-based and whole-brain intrinsic functional networks

did not predict children's WM scores. These findings may suggest that

age-appropriate WM-activation maps are needed to improve the pre-

dictive power of the intrinsic functional networks for WM

performance.

In this study, the prediction of the ALE-based and whole-brain

intrinsic functional networks to WM in adults was mainly contributed

by the functional connections of the frontoparietal network, specifi-

cally with the subcortical-cerebellar network. This is in line with the

WM functional activation map in the prefrontal and parietal cortex,

F IGURE 4 The predictive power
of the ALE-based (panel (a)) and
whole-brain (panel (b)) intrinsic
functional networks to working
memory. The x-axis is the mean age
of each age group, while the y-axis is
the average Spearman's correlation
coefficient rs between the observed
and predicted WM scores across

iterations. The error bar shows the SD
of the prediction power for each age
group across 20 iterations. The null
distributions of rs from 1,000
permutation tests are shown in gray
on each panel

TABLE 2 Prediction power of the
intrinsic functional networks to working
memory

rs value (p value)

Preschoolers
Early school-
age children

Late school-
age children Adolescents Adults

ALE-based intrinsic functional networks

CPM .116 (.141) −.082 (.706) −.048 (.575) −.016 (.487) .472 (.001)a

RVR .076 (.209) −.143 (.892) −.117 (.841) −.065 (.641) .510 (.001)a

Whole-brain intrinsic functional networks

CPM .118 (.123) .040 (.310) −.009 (.457) .228 (.034)a .312 (.008)a

RVR .142 (.076) .071 (.209) −.021 (.488) .210 (.027)a .221 (.045)a

Abbreviations: CPM, connectome-based predictive modeling; RVR, relevance vector regression.
aSignificant predictive result according to 1,000 permutations.
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and subcortical structures in adults (Christophel, Hebart, &

Haynes, 2012; Curtis & D'Esposito, 2003; Eriksson et al., 2015). Simi-

lar to recent studies (Avery et al., 2019; Greene et al., 2018; Rosen-

berg et al., 2015), the ALE-based and whole-brain intrinsic functional

networks can well predict the WM performance of individual adults.

The prediction power of the ALE-based intrinsic functional networks

was superior to that of the whole-brain intrinsic functional networks (-

Figure S2). These findings suggest that the prior knowledge of the

brain regions involved in a specific cognition could be valuable for

improving the prediction of individual cognitive ability in adults.

Unexpectedly, the whole-brain intrinsic functional networks were

able to predict the WM score of individual adolescents but not the

ALE-based intrinsic functional networks. This could be due to the dif-

ference in the features selected from the whole-brain and ALE-based

networks (Figures 2 and 3). The features selected from the ALE-based

networks were mainly anchored in the frontal cortex, while those

from the whole-brain intrinsic functional networks were mainly in the

subcortical-cerebellar connections. The involvement of the subcortical

and cerebellar regions in the WM activation in adolescents has been

previously reported (Darki & Klingberg, 2015; Eriksson et al., 2015),

while the frontoparietal regions have been emphasized in the WM

task in adults (Eriksson et al., 2015; Scherf et al., 2006). Furthermore,

the CPM model trained using the ALE-based and whole-brain intrinsic

functional networks of adults was not able to predict the WM score

of the other age groups (see Table S2), indicating a potential differ-

ence of the neural circuits involved in the WM processing between

adults and the rest of the age groups. Nevertheless, the functional

organization of the brain is still ongoing during adolescence and has

not reached maturation (Simmonds et al., 2017). Given that our ALE

meta-analysis was based predominantly on WM functional studies in

adults, this may be a limiting factor in employing the ALE-based intrin-

sic functional networks to predict WM scores in adolescents. Hence,

using age-appropriate WM-activation maps as a prior could improve

the predictive power of individual cognitive performance.

Based on rs-fMRI, the brain intrinsic functional organization is dif-

fuse in early childhood and becomes focal in adulthood (Casey, Tot-

tenham, Liston, & Durston, 2005; Durston et al., 2006; Fair

et al., 2008). Task-based WM studies also suggest that WM activa-

tions become more and more localized in the frontoparietal regions

from childhood to adulthood (Crone & Steinbeis, 2017; Klingberg

et al., 2002; Ullman et al., 2014). Hence, we expect that individual

functional connectivities of the intrinsic functional networks might

explain only a small variation of cognitive performance in children.

This does not imply that providing WM-related brain regions as a prior

in the CPM would not improve the prediction of WM in children. Fur-

ther studies are needed to build a WM activation map tailored to chil-

dren and determine the predictability of its intrinsic functional

networks to WM.

This study incorporated the neuroimaging datasets of participants

aged from early childhood to adulthood. Even though the sample size

of adults in this study was the smallest, the predictive power of the

intrinsic functional networks to WM was the strongest in adults. The

children's neuroimaging cohorts in this study were relatively large,

however, it is unclear whether increasing the sample size of children

image data may improve the ability to predict WM. Also, similar to

that in existing pediatric imaging studies (Barkovich, Xu, Desikan,

F IGURE 5 Head motion effects.
Panels (a, b) respectively show the
predictive power of the ALE-based and
whole-brain intrinsic functional
networks to working memory when
the functional connectivity was
computed via partial correlation with
framewise displacement as a covariate.
Panels (c, d) show the results when

framewise displacement was regressed
out from the functional connectivity
before the feature selection
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Williams, & Barkovich, 2018), the rs-fMRI scanning time of children in

this study was relatively short (5–6 min) due to subjects' compliance

in the scanner. Although short rs-fMRI scans well-predicted age

(Dosenbach et al., 2010), further investigation may need to predict

children's cognition using longer rs-fMRI scans. Moreover, the rs-fMRI

datasets used in this study were acquired at several sites using differ-

ent MRI scanners (Table 1). Previous studies showed that the study

site, MRI scanner and the imaging protocol have limited effects on the

predictive power of CPM (Horien et al., 2018; Noble et al., 2017).

Split-half noise ceiling (SHnc) of rs-fMRI that quantifies the amount of

fMRI noise did not differ in five groups (Lage-Castellanos, Valente,

Formisano, & Demartino, 2019) (Figure S4). Hence, we would expect

that these factors have only limited effects on our results. Our analy-

sis did not show rs-fMRI head motion to have significant effects on

the predictive power of CPM or RVR (Figure 5). This is most likely

because we restricted our analysis to include only rs-fMRI data pass-

ing quality control. Furthermore, the whole-brain intrinsic functional

networks can well predict subjects' age (rs = .708, p < .001) as well as

gender (accuracy = 62.33%, p < .001) based on our current data (age

range: 4 � 55 years), which is consistent with the literature (Casanova

et al., 2012; Dosenbach et al., 2010). This suggests that our rs-fMRI

processing and prediction approaches were reasonable and the afore-

mentioned limitations, such as multi-sites, multi-scanners, scanning

time, rs-fMRI preprocessing, and so on, were not major factors to

influence the predictive power of the intrinsic functional networks.

Last but not least, challenges in studying development lie in making

comparable cognitive measures across all age groups, which may need

large samples to overcome their variabilities across all age groups.

Hence, our study would be considered as an initial investigation on

the prediction of intrinsic brain functional networks in working mem-

ory from childhood to adulthood.

In summary, this study investigated the predictive power of

intrinsic functional networks to WM from early childhood to adult-

hood. Our findings provide evidence on the possibility of intrinsic

functional networks for the prediction of individual cognitive perfor-

mance from childhood to adulthood. Age-appropriate functional acti-

vation maps may be needed to improve the ability of intrinsic

functional networks to predict cognitive function, particularly in chil-

dren and adolescents.
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