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Background: In task-state functional magnetic resonance imaging (fMRI), hemodynamic

response (HDR) shapes help identify cognitive process(es) supported by a brain network.

However, when distinguishable networks have similar time courses, the low temporal

resolution of the HDRs may result in spatial and temporal blurring of these networks. The

present study demonstrated how task-merging and multivariate analysis allows data-

driven separation of working memory (WM) processes. This was achieved by combining

a WM task with the Thought Generation Task (TGT), a task which also requires attention to

internal representations but no overt behavioral response.

Methods: 69 adults completed oneof two tasks: (1) a SternbergWMtask,wherebyparticipants

had to remember a string of letters over a 4-sec delay or no delay, and (2) the TGT task,

whereby participants internally generated or listened to a function of an object. WM data

were analyzed in isolation and thenwith the TGT data, usingmulti-experiment constrained

principal component analysis for fMRI (fMRI-CPCA). The function of each network was

interpreted by evaluating HDR shapes across conditions (within and between tasks).

Results: The multi-experiment analysis produced three WM networks involving fronto-

parietal connectivity; two of these were combined when the WM task was analyzed alone.

Notably, one network exhibited HDRs consistent with volitional attention to internal rep-

resentations in both tasks (i.e., strongest in WM trials with a maintenance phase and in

TGT trials involving silent thought). This network was separated from visual attention and

motor response networks in the multi-experiment analysis only.

Conclusions: Task-merging andmultivariate analysis allowed us to differentiateWMnetworks

possibly underlying internal attention (maintenance), visual attention (encoding), and

response processes. Further, it allowed postulation of the cognitive operations subserved by

each network by providing HDR shapes. This approach facilitates characterization of network

functions by allowing direct comparisons of activity across different cognitive domains.
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Abbreviations

ANOVA analysis of variance

BOLD blood oxygen level-dependent

(C)PCA (constrained) principal component analysis

dACC dorsal anterior cingulate cortex

(DL)PFC (dorsolateral) prefrontal cortex

DMN default mode network

FIR finite impulse response

(f)MRI (functional) magnetic resonance imaging

HDR hemodynamic response

HRF hemodynamic response function

(j)ICA (joint) independent component analysis

jSRA joint sparse representation analysis

(m)CCA (multimodal) canonical correlation analysis

PLS partial least squares

SIRP Sternberg Item Recognition Paradigm

SMA supplementary motor area

TGT Thought Generation Task

WM working memory
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1. Introduction

1.1. Background

The use of connectivity methods in functional magnetic

resonance imaging (fMRI) research has significantly increased

over the past decade or so, largely sparked by interest in

characterizing the functional connectome of the human brain

(Sporns, 2011). This endeavor has primarily been advanced by

resting-state research, as mapping networks of functionally

intercorrelated voxels is relatively straightforward when the

time course of neurocognitive processes is not a necessary

consideration. By contrast, in task-state research e where

relationships between brain activity and cognitive operations

are of particular intereste the timing of evoked hemodynamic

responses (HDRs), and how they differ between task condi-

tions, provides a basis for interpreting the function of a brain

network in relation to the task design (e.g., Braunlich, Gomez-

Lavin, & Seger, 2015; D'Esposito, Postle, Ballard, & Lease, 1999;

McIntosh & Lobaugh, 2004; Meda, Stevens, Folley, Calhoun, &

Pearlson, 2009; Metzak et al., 2011; Ploran et al., 2007). How-

ever, the nature of the blood oxygen level-dependent (BOLD)

signal and fMRI scanning procedures present significant

challenges in delineating task-related networks and their

evoked HDRs.

One limitation in task-state fMRI research is that task-

evoked brain activity accounts for only a fraction of BOLD

signal changes over and above ongoing fluctuations in brain

activity. A conventional solution to this problem entails

modelling the BOLD signal by convolving timing information

with either canonical hemodynamic response functions

(HRFs) or empirically-derived HRFs from simple motor re-

sponses (e.g., Aguirre, Zarahn, & D'Esposito, 1998). However,

relying exclusively on models introduces the risk of missing

valuable information provided by HDRs that do not match the

models, but are nevertheless elicited by the cognitive task.
Another limitation of BOLD data is that neural activity cannot

be measured in real time because the biological process on

which functional images rely (i.e., the oversupply of oxygen-

ated blood to the area(s) of increased activity) is maximized

several seconds after the actual change in neural activity, and

the resultant HDR can take 20 sec or longer to exhibit a full

response and return to baseline (Logothetis & Wandell, 2004).

Although jittered and partial trial designs can ameliorate

confounds arising from HDRs overlapping across task trials

(Burock, Buckner, Woldorff, Rosen, & Dale, 1998; Dale, 1999;

Serences, 2004), the coarse temporal resolution of within-

trial HDRs remains a limitation. A major implication of these

limitations is that coinciding cognitive processes and their

underlying brain activity may blur together, such that a given

network and its HDR may actually reflect a combination of

multiple processes. In the present study, we demonstrate a

simple multi-experiment approach that helps spatially and

temporally delineate cognitive processes occurring during a

modified version of the Sternberg Item Recognition Paradigm

(SIRP; Sternberg, 1966).

1.2. Working memory

Working memory (WM), defined as the ability to actively hold

information in mind in order to guide behavior (Baddeley &

Hitch, 1974), is a prevailing construct of interest in cognitive

neuroscience (D'Esposito & Postle, 2015). It has been proposed

that there is a “core” WM network, comprising dorsolateral

prefrontal cortex (DLPFC), premotor cortex, anterior insula,

supplementary motor area (SMA), and intraparietal sulcus

(Rottschy et al., 2012). However, it is also known that such

patterns of activity are ubiquitous across tasks involving

increased cognitive demand (Duncan, 2010; Duncan & Owen,

2000; Fedorenko, Duncan, & Kanwisher, 2013). The question

of whether WM is supported by a “multiple demands”

network, or whether there is a core WM network that appears

to be ubiquitous because WM itself is fundamental to many

cognitive tasks, is as yet unresolved. What is evident, how-

ever, is that WM is not a unitary cognitive construct; distinct

processes are expected to be involved in a WM task, including

e at minimum e encoding external stimuli, maintaining in-

ternal representations, and selecting/executing a response.

The emergence of multiple task-positive networks engaged

during WM tasks is exemplified in studies using component-

based methods, including independent component analysis

(ICA; e.g., Meda et al., 2009; Steffener, Habeck, & Stern, 2012;

Wong & Stevens, 2012), constrained principal component

analysis (CPCA; e.g., Braunlich et al., 2015; Metzak et al., 2011;

Metzak et al., 2012; Woodward et al., 2006; Woodward,

Feredoes, Metzak, Takane, & Manoach, 2013), and partial

least squares (PLS; e.g., Kim et al., 2010). However, network

decompositions derived from functionally correlated voxels

may be confounded by coinciding task demands such as in-

ternal maintenance of the memory set and preparation/

execution of motor responses. The caveat also remains that

the cognitive processes engaged during a WM task may un-

derlie a variety of different tasks, and demonstrating that a

network is active during a given task does not necessarily

reveal what function that network serves per se.

https://doi.org/10.1016/j.cortex.2019.12.014
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1.3. Multi-experiment fMRI analyses

Toward this goal of characterizing task-related brain activity,

it is beneficial to compare different experiments with mean-

ingful differences and similarities in elicited cognitive opera-

tions. In theory, this should aid in determining what

function(s) a network serves by identifying conditions under

which the network is engaged versus conditions when it is

not. This is the basic idea behind coordinate-based meta-an-

alyses such as activation likelihood estimation (ALE), which

allows investigators to create brain activation maps from

published experimental contrasts (Turkeltaub, Eden, Jones, &

Zeffiro, 2002). Coordinate-based meta-analyses are valuable

for creating activationmaps that reflect consensus across vast

collections of studies, though such maps may not reflect con-

nectivity among the voxels comprising the resulting brain

images. Additional examples of multi-experiment fMRI

methods include joint sparse representation analysis (jSRA;

Ramezani, Marble, Trang, Johnsrude, & Abolmaesumi, 2015),

joint independent component analysis (jICA; Calhoun et al.,

2006), multimodal canonical correlation analysis (mCCA; Sui

et al., 2010), combined CCA þ ICA (Sui et al., 2010), and

multi-task partial least squares (PLS; Grady, Springer,

Hongwanishkul, McIntosh, & Gordon Winocur, 2006). jSRA,

jICA, mCCA, and CCA þ ICA are all second-level analyses that

identify common anatomical sources from experimental

contrast images extracted from different tasks. PLS identifies

patterns of brain activity that covary with features of the

experimental design, but is used to extract common activa-

tion between tasks without identifying activations that may

not overlap between tasks. While all of these approaches

involve identifying sets of brain regions that overlap across

different tasks, they do not allow statistical evaluation of HDR

time courses.

We have previously put forward a connectivity-based

approach that allows comparisons of network-specific HDRs

between tasks/datasets (Lavigne, Metzak, & Woodward, 2015;

Lavigne & Woodward, 2018; Ribary et al., 2017). This approach

is referred to as multi-experiment constrained principal

component analysis for fMRI (fMRI-CPCA, described in detail

under Methods). The degree to which each brain network

replicates its engagement across tasks is determined by

comparing the magnitude and timing of the HDR shapes

(Lavigne, Metzak, et al., 2015; Lavigne & Woodward, 2018;

Ribary et al., 2017). Differences between tasks e and the

cognitive operations they putatively elicit e then help to

determine the cognitive function served by a given network.

For example, if a particular cognitive process is engaged in two

tasks, but its timing differs due to different task designs, HDRs

for the underlying network should be elicited in both tasks but

display different shapes. However, if a cognitive process is

elicited by one task but not the other, the task not eliciting this

process should show a flat HDR for that network. This raises

the possibility of a finer delineation of networks to emerge:

when two (or more) distinct processes consolidate into one

network in a single task, it is plausible that these processes

will delineate onto different networks when one process is

engaged in both tasks (resulting in an HDR for both tasks), but

the other is engaged in only one task (resulting in an HDR for
only one task). In the present study, we used multi-

experiment fMRI-CPCA to separate functional brain net-

works underlying temporally correlated WM processes, by

incorporating an additional task with relevant overlapping

and non-overlapping cognitive demands.

1.4. Aims and hypotheses

Here we utilized multi-experiment fMRI-CPCA to optimally

separate and characterize functional brain networks under-

lying a SIRPWM task involvingmemorizing letter strings. WM

data were combined with a different cognitive task, the

Thought Generation Task (TGT; Lavigne, Rapin, et al., 2015). A

number of considerations were made in our decision to use

the TGT task for comparison. Firstly, the TGT task does not

involve an overt response (button-press or otherwise), which

offers a clear distinction to help separate motor response

processes from cognitive processes involved inWM; that is, as

motor response processes will be engaged in the WM task

only, a response-based HDR should be elicited for theWM task

but not the TGT task. Although a basic perceptual or motor

taskwould provide a similarmanipulation (e.g., visual fixation

task without any motor response, or a motor response task

without WM cognitive demands), the TGT task also entails a

manipulation of higher-level cognitive demand which could

be relevant toWM. For example, the TGT task's two conditions

(silent thought generation and speech perception) provide a

contrast between an internally-oriented cognitive process and

externally-oriented perception, and this comparison could be

analogous to the contrast between internally rehearsing a

sequence of letters in the absence of their external represen-

tation versus encoding the letters presented on-screen. In

summary, the purpose of utilizing the TGT data was to

advance our understanding of networks engaged during the

WM task, as we expected separation of networks in the multi-

experiment analysis that were not separable in the WM

dataset on its own. Studies utilizing the TGT task as a

construct of interest on its own have been published and so

we refer the reader to existing literature for further interest

(Lavigne, Rapin, et al., 2015; Rapin et al., 2012).

Previously published fMRI-CPCA results on WM and TGT

tasks allowed for somegeneral predictions to bemade. First, in

the WM task, we expected frontoparietal connectivity coordi-

nated with primary and association visual cortices to emerge,

with the task-evoked increase in activity (“activation”) being

dependent on cognitive load, and initiating early in the post-

stimulus time series (Braunlich et al., 2015; Metzak et al.,

2011, 2012; Woodward et al., 2013). We also expected to

observe task-evokeddecrease in activity (“deactivation”) of the

default mode network (DMN, comprised of medial prefrontal

cortex, precuneus and posterior cingulate cortex, lateral pari-

etal cortex, and lateral temporal cortex; Raichle, 2015; Yeo

et al., 2011). The DMN is thought to be active during a relaxed

state relative to an active state, possibly reflecting self-

referential processing and spontaneous cognition (Raichle,

2015). While the DMN does exhibit increased activity in some

tasks (e.g., during autobiographical memory or imagining

future/past events; Addis, Pan, Vu, Laiser, & Schacter, 2009;

Schacter et al., 2012), DMN activity is typically reduced during

https://doi.org/10.1016/j.cortex.2019.12.014
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most goal-directed tasks not involving personally-relevant

stimuli or self-referential processes (Raichle, 2015). Based on

previous WM studies involving the encoding of visually-

presented stimuli, we expected DMN deactivation to be sus-

tained throughout the post-stimulus time series, with the

magnitude of deactivation also being dependent on cognitive

load (Braunlich et al., 2015;Metzaket al., 2011, 2012;Woodward

et al., 2013). We expected the respective activation and deac-

tivationof the frontoparietal/visualnetworkand theDMNtobe

similarly engaged in the TGT task, due to the involvement of

visual attention in that task (Lavigne, Rapin, et al., 2015).

Finally, we predicted that a third network would exhibit acti-

vation in regions involved in volitional control over motor re-

sponses, including the dorsal anterior cingulate cortex (dACC),

primary and premotor cortices contralateral to the response

hand, basal ganglia, andcerebellaractivations ipsilateral to the

response hand. This “response” network was predicted to

exhibit late, staggeredonsets, dependent on thedelayduration

in the WM task (Braunlich et al., 2015; Woodward et al., 2013),

but to produce a flat HDR in the TGT task. Previous data-driven

work has not reliably delineated maintenance processes from

encoding and/or responses, and we speculated that this was

due to the internally-oriented maintenance and/or recall pro-

cesses temporally coinciding with response anticipation and

execution.As internally-orientedcognitiveprocessesebutnot

response processese are expected to overlap between the two

tasks (viz., in the thought generation condition for the TGT

task), we predicted that a finer separation of cognitive and

motor processes would be observed in the multi-experiment

analysis.
2. Methods

We report how we determined our sample size, all data ex-

clusions, all inclusion/exclusion criteria, whether inclusion/

exclusion criteria were established prior to data analysis, all

manipulations, and all measures in the study. No part of the

study procedures or analyses was pre-registered in a time-

stamped, institutional registry prior to the research being

conducted.

2.1. Participants

69 participants from two datasets were included in the pre-

sent analysis. 37 participants completed the WM task and 32

non-overlapping participants completed the TGT task (27 TGT

participants were from previously published data; Lavigne,

Rapin, et al., 2015). The sample size required to detect a sig-

nificant main effect of task condition, with a medium effect

size of f ¼ .25 (Cohen, 1992), was estimated using G*Power 3

software (Faul, Erdfelder, Buchner, & Lang, 2009; Faul,

Erdfelder, Lang, & Buchner, 2007). The F tests power analysis

for repeatedmeasures ANOVAwith 2measurements yielded a

sample size of 34 (statistical power b ¼ .80; significance level

a ¼ .05; correlation among repeated measures ¼ .50; non-

sphericity correction ε ¼ 1), which is close to the sample

sizes achieved for the WM and TGT datasets.

Inclusion/exclusion criteria were established prior to

data analysis. A brief demographic questionnaire was
administered to all participants to obtain their age, highest

level of education, and any history of head injury, neurological

conditions, drug use, and medication. In addition, visual

acuity and color vision were assessed to ensure that partici-

pants were able to view the tasks on an fMRI presentation

screen. Handedness was measured with the Annett Hand

Preference Questionnaire (Annett, 1970). All participants were

between the ages of 19 and 60, with intact cognition (esti-

mated IQ > 70 based on the Quick IQ test; Mortimer & Bowen,

1999), fluent in English, and with normal or corrected eyesight

(20/40 or better). General exclusion criteria included: (1) a

history of neurological problems (e.g., stroke, Parkinson's,
epilepsy,multiple sclerosis, etc.), (2) having recently suffered a

serious concussion, (3) a history of brain injury resulting in

loss of consciousness for greater than 10 min, (4) currently

experiencing drug/alcohol dependence, (5) a personal history

of psychiatric illness, and (6) criteria related to MRI safety

contraindications. Participants were recruited via posters on

the University of British Columbia (UBC) campus and on

electronic bulletin boards. Participants provided informed

consent at the start of their testing sessions, and were

compensated $10 per hour for time spent participating in the

study plus $10 for travel expenses. The studies were approved

by both the UBC and UBC Hospital Clinical Research Ethics

Committees. Demographic information for each group of

participants is provided in Table 1.

2.2. Tasks

2.2.1. Working memory task (WM; Fig. 1A)
A SIRP task was administered in which a string of 4 or 6 upper

case consonants was displayed for 4 sec, and then a single

probe letter was displayed for 2 sec. Participantswere asked to

respond “yes” or “no” as to whether this probe letter was part

of the first string of letters, using an MRI-compatible response

device. Both the cognitive load (4 or 6 letters in the item set)

and delay period (0 or 4 sec between the letter string and

probe) were manipulated so as to facilitate identification of

the functional brain networks distinctly involved in encoding,

maintenance, and responding. With these manipulations,

functional brain networks underlying encoding and mainte-

nance should exhibit greater activity with greater cognitive

load, but those underlying motor responses should not. In

addition, functional brain networks underlying maintenance

and retrieval/response should exhibit later HDR peaks in the

4-sec delay condition, but those underlying encoding should

not. The 4-letter strings were flanked by a pound sign (“#”) on

each end to reduce differences in basic visual perception be-

tween the two cognitive load conditions. A fixation marker

was displayed throughout inter-trial intervals (ITIs) lasting 2,

4, 6, or 12 sec. The task took approximately 25min to complete

over two 12.5-min runs (including a 30-sec rest break in the

middle of each), with a total of 112 trials (28 trials per condi-

tion). Response accuracy across the participants was >69%
correct (mean ¼ 91.02%, SD ¼ 7.82).

2.2.2. Thought generation task (TGT; Fig. 1B)
Details of the TGT task have been previously described

(Lavigne, Rapin, et al., 2015). Briefly, participants were pre-

sented with an object noun and its corresponding image (e.g.,

https://doi.org/10.1016/j.cortex.2019.12.014
https://doi.org/10.1016/j.cortex.2019.12.014


Table 1 e Mean age, education, IQ, sex, and handedness
for each dataset.

WM TGT

Age 28.16 (8.70) 28.75 (8.58)

Years of education 15.86 (2.16) 15.58 (1.81)

Estimated IQ 99.59 (11.89) 97.09 (11.21)

Sex distribution 10 males;

27 females

19 males;

13 females

Handedness

(R/L/mixed)

32/3/2 29/3/0

Standard deviations in parentheses.

IQ¼ intelligence quotient; R¼ right-handed; L¼ left-handed;WM¼
working memory; TGT ¼ thought generation task.

1 PCA is one of several methods of dimension reduction, and an
alternative approach such as independent component analysis
(ICA) could be applied to the task-predicted variance as well. A
comparison of their advantages and disadvantages is beyond the
scope of this article, but we note that an important consideration
for the present analysis was its comparability with our previously
published results of WM and TGT tasks, which all employed fMRI-
CPCA as described.
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pillow) for five seconds, andwere instructed to eithermentally

generate or listen to a function of the noun (e.g., “Something

you rest your head on when sleeping”). The two experimental

conditions (i.e., generating and hearing) were presented in

alternating blocks of 15 trials (30 trials total for each condition

across two runs), with a 60-sec rest break in between the two

conditions. Trials were cued with the words “something you

…” or “listen…” presented under the images in the generating

and hearing conditions, respectively. Stimuli were randomly

assigned to each condition for each participant. Participants

were administered a post-scan questionnaire where they

were asked, for each trial, whether they generated a definition

and, if so, what that definition was. Hearing tests were carried

out using an audiometer (AMBCO 650AB, http://www.ambco.

com) to ensure absence of hearing impairment prior to

testing.

2.3. Image acquisition and processing

Both studies were carried out at the UBC MRI Research Centre

on a Philips Achieva 3.0 T scanner with quasar dual gradients

(maximum gradient amplitude, 80 mT/m; maximum slew

rate, 200 mT/m/sec). The participant's head was firmly

secured using a customized head holder. Functional image

volumes were collected using a T2*-weighted gradient-echo

spin pulse sequence with either 35 axial slices (WM data) or 36

axial slices (TGT data); thickness/gap, 3/1 mm; acquisition

matrix, either 96 � 95 (WM) or 80 � 80 (TGT); repetition time

(TR), either 2,000 msec (WM) or 2,500 msec (TGT); echo time

(TE), 30 msec; flip angle (FA), 90�; field of view (FOV), either

288 � 288 � 139 mm (WM) or 240 � 240 � 143 mm (TGT),

effectively covering the whole brain. Two runs of 374 images

were acquired for the WM task, and two runs of 176 images

were acquired for the TGT task. Four dummy scans were

collected prior to the onset of each run to allow the magneti-

zation to stabilize.

A T1-weighted structural image was also acquired from

each participant, for co-registration of functional images with

structural templates used in the fMRI normalization proced-

ure. The T1 imaging scan consisted of a whole brain T1-

weighted Fast Field Echo (FFE) sequence with either 190

sagittal slices (WM data) or 182 coronal slices (TGT data);

thickness, 1 mm with no gap; acquisition matrix, either

256 � 250 (WM) or 256 � 200 (TGT); TR, 8.1 msec; TE, 3.7 msec;
FA, 8�; FOV, either 256 � 256 mm (WM) or 256 � 200 (TGT);

1 mm3 voxels. Total scanning time was 7 min and 23 sec for

WM, and 6 min and 22 sec for TGT.

Functional images were reconstructed offline and pre-

processed using Statistical Parametric Mapping 8 (SPM8;

Wellcome Trust Centre for Neuroimaging, UK). For each

participant, the images from each scan series were slice-

timing corrected, realigned to the first image in the series,

co-registered to their structural (T1) image, normalized to the

MNI152 T1 brain template (voxel size ¼ 3 � 3 � 3 mm), and

spatially smoothed with an 8 � 8 � 8 mm full width at half

maximum Gaussian filter. Runs for which realignment

exceeded 3.5 mm or 3.5� for more than 1 scan were excluded

from the analysis, and realignment values were regressed out

of the preprocessed BOLD time series prior to statistical ana-

lyses. This led to exclusion of 2 runs across 2 participants in

the WM dataset. Linear and quadratic trends over the func-

tional runs were also regressed out of the BOLD signal to

correct for scanner drift. Participants were prepared for fMRI

scanning by a trained graduate student and/or research staff

and technologists.

2.4. Statistical analysis

fMRI data analysis was carried out using fMRI-CPCA with

orthogonal rotation (software code available at https://www.

nitrc.org/projects/fmricpca). The theory and proofs of CPCA

are detailed in previously published work (Hunter & Takane,

2002; Lavigne, Rapin, et al., 2015; Metzak et al., 2011; Metzak

et al., 2012; Takane & Hunter, 2001; Whitman, Metzak,

Lavigne, & Woodward, 2013; Woodward et al., 2013) and

comparisons with other multivariate methods are described

inMetzak et al. (2011). A general overview of themathematical

steps for fMRI data is provided in Fig. 2. In summary, fMRI-

CPCA combines multivariate multiple regression with prin-

cipal component analysis (PCA) to reveal temporally orthog-

onal sources of post-stimulus BOLD activity, by employing

PCA on the portion of variance in BOLD signal that is predicted

from the task timing.1 In the present study, the time series of

all voxels were regressed onto a finite impulse response (FIR)

model for the regression stage of CPCA. A FIR model produces

a parameter estimate for each post-stimulus scan for each

task condition and each participant, thus providing a data-

driven estimate of the task-evoked BOLD signal. Performing

PCA on predicted scores resulting from a multivariate multi-

ple regression with a FIR model allows investigators to (1)

identify the anatomical configurations of multiple functional

brain networks engaged in a cognitive task, (2) estimate the

post-stimulus HDR shapes of each network, and (3) statisti-

cally test the effects of experimental manipulations on

network activity. The time bins for which a FIR basis function

was specifiedwere scans 1e10 following trial onset (i.e., 20 sec

http://www.ambco.com
http://www.ambco.com
https://www.nitrc.org/projects/fmricpca
https://www.nitrc.org/projects/fmricpca
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Fig. 1 e Task paradigms. A (top): Working memory task; example of a trial presented in the 4-letter load condition with a 4-

sec delay. Participants were instructed to try to remember the string of letters displayed at the start of each trial. As the four

task conditions were randomly intermixed within each fMRI run, it was explained that there would be either four or six

letters to remember on any given trial, and that on some trials there would be a four-second delay before the probe letter

was displayed, while on other trials the probe letter would be displayed immediately after the initial string of letters

disappeared from the screen. Participants were instructed to use their right index finger to respond “yes” if the probe letter

had been included in the letter string displayed at the start of the trial, and use their right middle finger to respond “no” if

the probe letter had not been included in the letter string. B (bottom): Thought Generation Task (TGT); examples of trials

presented in a thought-generation block. Participants were instructed to either mentally generate (generating condition) or

to listen to (hearing condition) a simple definition of a word (e.g., “Something you rest your head on when sleeping” for the

word “pillow”). The conditions were cued with the words “something you …” or “listen …” presented under the images for

the generating and hearing conditions, respectively. ITI ¼ inter-trial interval. Presentation code for both tasks and stimuli

for the TGT task are available at https://dx.doi.org/10.17632/b26t6kg9tp.1.
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of post-stimulus time for the WM task with TR ¼ 2,000 msec,

and 25 sec of post-stimulus time for the TGT task with

TR ¼ 2,500 msec). The number of components to extract was

determined by examining the scree plot obtained from sin-

gular value decomposition (Cattell, 1966; Cattell&Vogelmann,

1977). To verify that the resulting components comprised

biologically plausible BOLD signal, we first performed a visual

examination of their HDR shapes and anatomical configura-

tions, and then performed repeated measures analysis of

variance (ANOVA) on the estimated HDRs to confirm the

presence of significant effects of post-stimulus time.

fMRI-CPCA produces predictor weights for each compo-

nent (i.e., network) for each combination of post-stimulus

time bin, task condition, and participant; these weights

reflect the engagement of the network at each time bin, and
present an estimate of the evoked HDR shape when plotted

over time. Therefore, activity in each of the extracted net-

works was statistically examined by applying repeated

measures ANOVAs to the predictor weights. For the WM

task, a 2 (cognitive load; 4 vs 6 letters)� 2 (delay duration; 0 vs

4 sec) � 10 (post-stimulus time bins) ANOVA was performed

for each network. For the TGT task, a 2 (condition; hearing vs

generating) � 10 (post-stimulus time bins) ANOVA was per-

formed for each network. The Greenhouse-Geisser correc-

tion was applied in cases where the assumption of sphericity

was violated, and corrected degrees of freedom are reported

where the correction changed statistical results. Post hoc

analyses of significant main effects and interactions were

performed for networks extracted from the multi-

experiment fMRI-CPCA. Inspection of the HDR shapes while

https://dx.doi.org/10.17632/b26t6kg9tp.1
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Fig. 2 e Schematic overview of fMRI-constrained principal component analysis (fMRI-CPCA). Step 1: Multivariate least-

squares regression of blood oxygen level-dependent (BOLD) intensity values, Z, onto finite impulse response (FIR) basis set,

G (performed for each participant). The value 1 is placed in cells of G for which BOLD signal is to be estimated, and the value

0 in all other cells. The C matrix, where C ¼ ðG'GÞ�1G'Z, comprises condition-specific regression weights. GC represents the

variability in Z that is predictable from G (i.e., the task-related variability in BOLD signal). Individual participant GC matrices

are concatenated to create the resulting GCmatrix in the following step. Step 2: Singular value decomposition (of which PCA

is a special case) is used to extract components in GC that represent temporally orthogonal functional brain networks in

which coordinated BOLD activity is directly related to the task timing. This also produces a matrix, U, containing the

component scores for each participant. Anatomical regions are visualized by overlaying thresholded component loadings

onto a brain template. Step 3: For each participant, component scores (U) are regressed onto G to produce predictor weights

(P) estimating the intensity of the component at each time bin coded in G. When successfully detecting the BOLD response,

predictor weights will take the shape of a hemodynamic response (HDR) when plotted over post-stimulus time, and may be

input to conventional statistical analyses such as repeated-measures ANOVA, since there is a separate HDR shape for each

subject, condition and component.
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considering the experimental designs facilitated interpreta-

tion of the task demand(s) subserved by each network.

Although comparisons with previously identified resting

state networks are not discussed, Table S1 is provided in

Supplementary Analyses to display where the cluster peaks

emerged on resting state connectivity atlases (Buckner,

Krienen, Castellanos, Diaz, & Yeo, 2011; Choi, Yeo, &

Buckner, 2012; Yeo et al., 2011).
3. Results

3.1. Single-experiment fMRI-CPCA (WM data only)

While not the primary interest of this study, results of the

single-experiment WM analysis are briefly summarized
here for comparison with the multi-experiment analysis

results. Three components were extracted from the WM

dataset, accounting for 36.46% of the task-related BOLD

signal. Results of the 2 (load) � 2 (delay) � 10 (time) repeated

measures ANOVA for each component are presented in

Table 2.

Component 1 consisted of activation primarily in bilateral

SMA, paracingulate gyrus, dACC, and insula, as well as left

somatomotor areas and right cerebellum. The estimated HDR

onsets were staggered according to the delay duration (Fig. 3;

anatomical coordinates in Table 3). The results indicate

involvement of this network in retrieval/response, with the

staggered somatomotor activity suggesting motor-response

processes (i.e., the “yes”/”no” button-press); however, a main

effect of cognitive load suggested a role in cognition/attention

as well.
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Table 2e Statistical results of 2 (load)£ 2 (delay)£ 10 (time)
repeated measures ANOVA for each component extracted
from the single-experiment WM analysis.

Component 1

Source DF DFerror F p h2p

Load 1 36 21.037 <.001*** .369

Delay 1 36 36.443 <.001*** .503

Time 9 324 23.175 <.001*** .392

Load � delay 1 36 .161 .691 .004

Load � time 9 324 9.413 <.001*** .207

Delay � time 9 324 70.431 <.001*** .662

Load � delay � time 3.61 130.13 1.905 .120 .050

Component 2

Source DF DFerror F p h2p

Load 1 36 23.429 <.001*** .394

Delay 1 36 15.482 <.001*** .301

Time 9 324 121.748 <.001*** .772

Load � delay 1 36 .484 .491 .013

Load � time 9 324 15.971 <.001*** .307

Delay � time 9 324 23.738 <.001*** .397

Load � delay � time 4.30 154.69 1.107 .356 .030

Component 3

Source DF DFerror F p h2p

Load 1 36 17.296 <.001*** .325

Delay 1 36 19.960 <.001*** .357

Time 9 324 34.228 <.001*** .487

Load � delay 1 36 10.054 .003** .218

Load � time 3.45 124.30 4.888 .002** .120

Delay � time 9 324 14.526 <.001*** .287

Load � delay � time 4.45 160.29 1.674 .152 .044

**p < .005.

***p < .001.

DF ¼ degrees of freedom.
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Component 2 consisted primarily of bilateral activation in

occipital cortex (extending dorsally into parietal regions),

SMA, precentral gyrus, and thalamus, which peaked relatively

early following trial onsets (Fig. 4; anatomical coordinates in

Table 4). The activation of frontoparietal and primary/associ-

ation visual cortices, as well as a dependence of HDR magni-

tude on cognitive load, suggested involvement of this network

in visual attention e the absence of a second HDR peak in the

4-sec delay conditions suggests that this activity underlies a

cognitive process over and above basic visual perception,

particularly during the encoding phase of the task (Fig. 4B).

Component 3 consisted primarily of bilateral deactivation in

DMN regions, including precuneus, posterior cingulate gyrus,

anterior paracingulate gyrus, superior lateral occipital cortex,

and middle temporal gyrus (Fig. 5; anatomical coordinates in

Table 5). This deactivation was load-dependent, and was sus-

tained into late post-stimulus time points when a delay period

was present. This suggests that the processes subserved by the

DMN were suppressed throughout the task trial.

3.2. Multi-experiment fMRI-CPCA (WM and TGT data)

3.2.1. Descriptive summary
Seven components were extracted from the combined WM

and TGT data, accounting for 42.37% of the variance in task-
related BOLD signal. All components were interpretable and

accorded with the event timing of both tasks; however, com-

ponents 5e7 appeared to underlie basic sensory or vascular

processes that were not of interest. They also accounted for

small percentages of variance in task-related BOLD signal, and

so are not discussed in detail here, but are described in Sup-

plementary Analyses (see Figures S1-S3 and Table S2). Com-

ponents 1e3 all exhibited some configuration of frontoparietal

connectivity including activation in or adjacent to dACC, and

therefore merited further examination. Component 4

appeared to comprise DMN deactivation, which has been

proposed to be important for WM and other cognitive tasks

(e.g., Santangelo & Bordier, 2019; Vatansever, Menon,

Manktelow, Sahakian, & Stamatakis, 2015; Woodward,

Leong, Sanford, Tipper, & Lavigne, 2016). Components 1e4,

which accounted for 32.50% of variance in task-related BOLD

signal, are described below for clarity, followed by statistical

results. Fig. 6 presents a side-by-side comparison between

these four components and the three components extracted

in the single-experiment WM analysis, including surface

representations and estimated HDR plots for the WM task.

Correlations between task performance and HDR shapes for

each network are presented in Supplementary Analyses

(Table S3).

Component 1 overlapped considerably with component 1

in the single-experimentWM analysis, consisting primarily of

activation in bilateral SMA, dACC, and insula, as well as left

somatomotor areas and right cerebellum (Fig. 7; anatomical

coordinates in Table 6). However, the prefrontal cortex (PFC)

and insula activations were largely posterior to those of the

single-experiment results (Fig. 3A). In addition, unlike the

single-experiment analysis, no main effect of cognitive load

emerged. This network was suppressed in the TGT task, but

exhibited a pattern of activation in the WM task consistent

with the expected timing of response processes (i.e., late

initiation of the HDR, with peaks in the 4-sec delay conditions

occurring 4 sec after the peaks in the 0-sec delay conditions).

This pattern of results (late-trial onsets separated by 4 sec, and

no effect of cognitive load) suggest isolation ofmotor response

processes e specifically right-handed responses, given the

left-lateralization of somatomotor activity. The absence of

activation in the TGT task (having no motor response) is also

consistent with this interpretation. Therefore, for clarity and

discussion, we refer to component 1 as the “response”

network.

Component 2, which was essentially identical to compo-

nent 2 in the single-experiment WM analysis, consisted of

bilateral activation in visual cortex (extending dorsally into

parietal regions), SMA, precentral gyrus, and thalamus (Fig. 8;

anatomical coordinates in Table 7). This networkwas active in

both the TGT and WM task. As in the single-experiment

analysis, activation was load-dependent and peaked early in

the WM task, and did not show a second peak in the 4-sec

delay conditions. This suggests that the visual activity was

related to an attentional process over and above basic visual

perception, particularly during the encoding phase of the WM

task. Therefore, we refer to component 2 as the “visual

attention” network.

Unlike component 2, component 3 was not observed in the

single-experiment analysis, but emerged as a result of

https://doi.org/10.1016/j.cortex.2019.12.014
https://doi.org/10.1016/j.cortex.2019.12.014


Fig. 3 e Component 1 (response/attention) from WM single-experiment fMRI-CPCA. A (top): dominant 10% of loadings (red/

yellow ¼ positive loadings, threshold ¼ .21, max ¼ .37; no negative loadings above threshold). Images are displayed in

neurological orientation (left is left) with MNI z-axis coordinates. B (bottom): mean finite impulse response (FIR)-based

predictor weights plotted over post-stimulus time by task condition. Positive predictor weights reflect increased signal in

this network. 4 L ¼ 4-letter condition; 6 L ¼ 6-letter condition; HDR ¼ hemodynamic response.
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combining the WM data with the TGT data. This network

consisted of bilateral activation of paracingulate and superior

frontal gyri, DLPFC, frontal poles, anterior insula, and supra-

marginal gyrus (Fig. 9; anatomical coordinates in Table 8). In

the WM task, HDR peaks were robust for trials in which there

was a 4-sec delay before the probe was displayed, but modest

for trials in which therewas no delay (Fig. 9D). The peaks for 0-

sec delay and 4-sec delay conditions (10e12 sec and 14 sec

post-stimulus, respectively) occurred after those of the visual

attention network (10 sec and 8 sec post-stimulus, respec-

tively) but before the response network (12 sec and 16 sec

post-stimulus, respectively; see Fig. 6D). For the TGT task,

activity in this network was much greater in the generating

condition than in the hearing condition (Fig. 9B). These ob-

servations suggest that this network may support volitional

attention to internal stimuli representations, and so we refer

to component 3 as the “internal attention” network.

Component 4, similar to component 3 in the single-

experiment analysis, consisted of bilateral deactivation of

DMN regions including precuneus, posterior cingulate gyrus,

anterior paracingulate gyrus, superior lateral occipital cortex,

and middle temporal gyrus (Fig. 10; anatomical coordinates in

Table 9). As in the single-experiment analysis, the extension
of the HDR into late post-stimulus time points when a delay

period was present suggests that processes subserved by this

network were suppressed throughout the task trial. Consis-

tent with convention in fMRI literature (Raichle, 2015), we

refer to component 4 as the “default mode” network (DMN).

3.2.2. Statistical results
3.2.2.1. WM TASK. For the response network (component 1,

Fig. 7), the 2 (load) � 2 (delay) � 10 (time) repeated measures

ANOVA revealed a significant main effect of time, F(2.81,

101.04) ¼ 3.43, p ¼ .022, h2p ¼ .087. Significant interactions

emerged for load � time, F(3.58, 128.76) ¼ 3.49, p ¼ .013,

h2p ¼ .088; and delay� time, F(9, 324)¼ 54.02, p < .001, h2p ¼ .600.

No other main effects or interactions emerged for the

response network (all ps > .06 for load, delay, load� delay, and

load � delay � time). The load � time interaction appeared to

be driven by less post-peak deactivation in the 4-letter con-

dition (Fig. 7C), while the delay � time interaction appeared to

be driven by staggered onsets corresponding with the probe

timing (Fig. 7D).

For the visual attention network (component 2, Fig. 8),

significant main effects emerged for load, F(1, 36) ¼ 6.62,

p¼ .014, h2p ¼ .155; delay, F(1, 36)¼ 34.36, p < .001, h2p ¼ .488; and
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https://doi.org/10.1016/j.cortex.2019.12.014


Table 3 e Cluster volumes for the most extreme 10% of single-experiment component 1 (response/attention) loadings,
Montreal Neurological Institute (MNI) coordinates, and Brodmann area (BA) for the peak locations within each cluster.

Anatomical regions Cluster volume BAs MNI coordinates

voxels mm3 x y z

Positive loadings

Cluster 1: bilateral 3,989 107,703

Precentral gyrus 4 �39 �19 59

Postcentral gyrus 3 �51 �25 47

Central opercular cortex 48 �54 �19 20

Paracingulate gyrus 32 3 17 47

Supplementary motor area 6 �3 �4 53

Superior parietal lobule 40 �33 �52 41

Superior lateral occipital cortex 7 �12 �70 50

Parietal operculum cortex 48 �57 �40 23

Cluster 2: bilateral 1,371 37,017

Cerebellum V n/a 18 �52 �22

Cerebellum VIIIa n/a 18 �64 �49

Cerebellum VI n/a �30 �55 �31

Cerebellum crus II n/a 6 �73 �34

Lingual gyrus 17 �3 �79 �1

Cerebellum VIIb n/a 30 �67 �49

Cerebellum VI n/a �6 �73 �13

Cerebellum VI n/a �9 �70 �19

Cerebellum V n/a 12 �58 �28

Cluster 3: left hemisphere 988 26,676

Insula 48 �30 20 5

Precentral gyrus 44 �54 8 29

Precentral gyrus 48 �51 5 11

Insula 48 �39 �1 11

Middle frontal gyrus 46 �36 35 26

Frontal pole 46 �33 44 20

Temporal pole 48 �51 11 �4

Putamen 48 �30 �16 2

Cluster 4: right hemisphere 554 14,958

Postcentral gyrus 48 57 �16 29

Superior parietal lobule 40 39 �46 50

Postcentral gyrus 3 54 �19 38

Posterior supramarginal gyrus 40 36 �46 41

Posterior supramarginal gyrus 2 48 �37 50

Cluster 5: right hemisphere 424 11,448

Insula 47 33 23 2

Precentral gyrus 44 57 8 17

Frontal operculum cortex 48 48 11 5

Cluster 6: right hemisphere 226 6,102

Frontal pole 46 36 44 26

Middle frontal gyrus 46 39 35 29

Cluster 7: right hemisphere 179 4,833

Middle frontal gyrus 6 33 �1 59

Cluster 8: left hemisphere 66 1,782

Thalamus n/a �12 �19 8

Cluster 9: left hemisphere 57 1,539

Inferior lateral occipital cortex 37 �48 �64 5

Middle temporal gyrus, temporooccipital part 21 �48 �52 8

Cluster 10: right hemisphere 29 783

Thalamus n/a 12 �16 8

Anterior internal capsule n/a 15 �1 14

Cluster 11: left hemisphere 12 324

Cerebellum VIIb n/a �33 �58 �49

Cluster 12: right hemisphere 6 162

Precuneus cortex 7 9 �67 50
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Fig. 4 e Component 2 (visual attention) from WM single-experiment fMRI-CPCA. A (top): dominant 10% of loadings (red/

yellow ¼ positive loadings, threshold ¼ .13, max ¼ .62; blue/green ¼ negative loadings, threshold ¼ ¡.13, min ¼ ¡.16).

Images are displayed in neurological orientation (left is left) with MNI z-axis coordinates. B (bottom): mean finite impulse

response (FIR)-based predictor weights plotted over post-stimulus time by task condition. Positive predictor weights reflect

increased signal for red/yellow voxels and decreased signal for blue/green voxels. 4 L ¼ 4-letter condition; 6 L ¼ 6-letter

condition; HDR ¼ hemodynamic response.
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time, F(9, 324) ¼ 146.53, p < .001, h2p ¼ .803. Significant in-

teractions emerged for load � time, F(9, 324) ¼ 18.82, p < .001,

h2p ¼ .343; and delay� time, F(9, 324)¼ 24.46, p < .001, h2p ¼ .405;

but not load � delay or load � delay � time (both ps > .09). The

main effect of load was due to greater activity in the 6-letter

condition than in the 4-letter condition (mean predictor

weights¼ .057 and .073 for 4 letters and 6 letters, respectively).

The load � time interaction appeared to be due to a greater

HDR peak in the 6-letter than the 4-letter condition at 8e12 sec

following trial onsets, but also greater post-peak deactivation

below baseline in the 6-letter condition (Fig. 8C). Effects

related to delay appeared to be driven by a more sustained

HDR in the 0-sec delay condition, perhaps due to the appear-

ance of the probe stimulus immediately after the encoding

phase (Fig. 8D).

For the internal attention network (component 3, Fig. 9),

significant main effects emerged for load, F(1, 36) ¼ 69.64,

p < .001, h2p ¼ .659; delay, F(1, 36)¼ 48.48, p < .001, h2p ¼ .574; and

time, F(9, 324) ¼ 25.20, p < .001, h2p ¼ .412. Significant in-

teractions emerged for load � time, F(9, 324) ¼ 15.76, p < .001,

h2p ¼ .305; delay� time, F(9, 324)¼ 30.61, p < .001, h2p ¼ .459; and

load � delay � time, F(4.57, 164.48) ¼ 4.47, p ¼ .001, h2p ¼ .111.
The load � delay interaction was not significant (p > .07). The

main effect of load was due to greater mean activation in the

6-letter condition compared with the 4-letter condition (mean

predictor weights ¼ .030 and .115 for 4 letters and 6 letters,

respectively), and specifically from 8 to 20 sec following trial

onsets (Fig. 9C). Effects related to delay duration were driven

by not only amore sustained HDR in the 4-sec delay condition,

but also a greater HDR peak compared with that of the 0-sec

delay condition (Fig. 9D).

Finally, for DMN deactivation (component 4, Fig. 10), sig-

nificant main effects emerged for cognitive load, F(1,

36) ¼ 22.26, p < .001, h2p ¼ .382; delay, F(1, 36) ¼ 24.83, p < .001,

h2p ¼ .408; and time, F(9, 324) ¼ 38.57, p < .001, h2p ¼ .517. Sig-

nificant interactions emerged for load � delay, F(1, 36) ¼ 7.36,

p ¼ .010, h2p ¼ .170; load � time, F(9, 324) ¼ 6.29, p < .001,

h2p ¼ .149; and delay� time, F(9, 324)¼ 16.37, p < .001, h2p ¼ .313.

No significant load � delay � time interaction emerged

(p > .08). The main effect of load was due to greater mean

deactivation in the 6-letter condition compared with the 4-

letter condition (mean predictor weights ¼ .135 and .185 for

4 letters and 6 letters, respectively), and specifically from 10 to

14 sec following trial onsets (Fig. 10C). Delay effects appeared
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Table 4e Cluster volumes for themost extreme 10% of single-experiment component 2 (visual attention) loadings, Montreal
Neurological Institute (MNI) coordinates, and Brodmann area (BA) for the peak locations within each cluster.

Anatomical regions Cluster volumes BAs MNI coordinates

voxels mm3 x y z

Positive loadings

Cluster 1: left hemisphere 3,378 91,206

Occipital pole 18 �18 �91 �7

Superior lateral occipital cortex 7 �21 �61 50

Superior lateral occipital cortex 19 �24 �70 32

Temporal occipital fusiform cortex 37 �36 �49 �19

Cluster 2: right hemisphere 3,199 86,373

Occipital fusiform gyrus 18 21 �88 �4

Superior lateral occipital cortex 19 30 �70 29

Cerebellum vermis crus II n/a 0 �73 �28

Cerebellum VIIb n/a 24 �70 �49

Cerebellum crus II n/a 9 �76 �40

Cerebellum VIIb n/a 18 �73 �46

Cluster 3: left hemisphere 761 20,547

Precentral gyrus 6 �51 �1 47

Precentral gyrus 43 �60 2 23

Middle frontal gyrus 6 �27 �4 50

Cluster 4: left hemisphere 228 6,156

Supplementary motor area 6 �3 5 62

Cluster 5: right hemisphere 112 3,024

Precentral gyrus 6 54 �4 47

Cluster 6: right hemisphere 48 1,296

Precentral gyrus 44 42 5 26

Cluster 7: left hemisphere 36 972

Thalamus n/a �21 �28 �4

Cluster 8: right hemisphere 34 918

Middle frontal gyrus 6 33 �1 47

Cluster 9: right hemisphere 29 783

Thalamus n/a 21 �28 �4

Cluster 10: bilateral 24 648

Cerebellum vermis IX n/a 0 �58 �37

Cluster 11: left hemisphere 19 513

Superior parietal lobule 40 �42 �40 44

Cluster 12: right hemisphere 12 324

Precentral gyrus 6 36 �22 65

Cluster 13: right hemisphere 8 216

Anterior supramarginal gyrus 2 45 �34 47

Negative loadings

Cluster 1: left hemisphere 14 378

Lingual gyrus 17 �9 �76 �7
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to be driven by a more sustained HDR in the 4-sec delay

condition than in the 0-sec delay condition, but not a greater

magnitude of deactivation per se (Fig. 10D).

3.2.2.2. TGT TASK. A visual inspection of the estimated HDR

for the response network suggested that this network was not

engaged in the TGT task, supported by the fact that no motor

response was required for this task. Therefore, only the visual

attention network, internal attention network, and DMNwere

examined for the TGT task. The 2 (condition) � 10 (time)

repeated measures ANOVA for the visual attention network

(component 2, Fig. 8) revealed a significantmain effect of time,

F(9, 279) ¼ 90.57, p < .001, h2p ¼ .745, but no significant effect of

condition or condition � time interaction (both ps > .06;

Fig. 8B).

For the internal attention network (component 3, Fig. 9),

significant main effects emerged for condition, F(1, 31) ¼ 9.96,

p¼ .004, h2p ¼ .243; and time, F(9, 279)¼ 15.54, p< .001, h2p ¼ .334.

The condition � time interaction was also significant, F(9,
279)¼ 9.28, p < .001, h2p ¼ .230. Effects related to conditionwere

due to greater mean activity in the generating condition

compared with the hearing condition (mean predictor

weights ¼ .018 and .045 for hearing and generating, respec-

tively), and specifically from 7.5 to 12.5 sec following trial

onsets (Fig. 9B).

Finally, analysis of the DMN deactivation (component 4,

Fig. 10) revealed a significant main effect of time, F(9,

279) ¼ 15.62, p < .001, h2p ¼ .335, but no effect of condition or

condition � time interaction (ps > .35; Fig. 10B).
4. Discussion

4.1. Summary

In task-state fMRI research, the evaluation of HDR shapes over

the course of a task trial aids with interpreting the function

supported by the network. However, the coarse temporal
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Fig. 5 e Component 3 (default mode network) from WM single-experiment fMRI-CPCA. A (top): dominant 10% of loadings

(red/yellow ¼ positive loadings, threshold ¼ .15, max ¼ .19; blue/green ¼ negative loadings representing deactivation,

threshold ¼ ¡.15, min ¼ ¡.27). Images are displayed in neurological orientation (left is left) with MNI z-axis coordinates. B

(middle): mean finite impulse response (FIR)-based predictor weights plotted over post-stimulus time by task condition.

Positive predictor weights reflect increased signal for red/yellow voxels and decreased signal for blue/green voxels. 4 L ¼ 4-

letter condition; 6 L ¼ 6-letter condition; HDR ¼ hemodynamic response.
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resolution of fMRI data presents significant challenges in

delineating task-related networks and their evoked HDRs,

such that a given network may actually reflect a composite of

temporally correlated cognitive processes. In the present

study, we demonstrated a multi-experiment approach that

helped address this problem in the context of delineating

networks underlying a WM task. In addition to separation of

task-related networks, themulti-experiment results extended

previous analyses of brain networks involved in WM by

demonstrating the degree of replication of these networks

across different types of task demands. A particularly notable

finding from the multi-experiment analysis was the emer-

gence of a network exhibiting a plausible mechanism for

volitional attention to internal stimuli representations, which

we refer to as the “internal attention” network.

The results of the single-experiment WM analysis repli-

cated previous findings using fMRI-CPCA and other methods,

with somatomotor activity seemingly underlying the

retrieval/response phase (based on its late, staggered peaks),

visual, frontal, and thalamic activity initiating during encod-

ing (having an early onset and return to baseline), and the

DMN exhibiting sustained, load-dependent deactivation

(Braunlich et al., 2015; Metzak et al., 2011, 2012; Woodward
et al., 2006, 2013). In our previous studies, we proposed that

deactivation of the DMN supports WM maintenance, as this

load-dependent deactivation tends to peak intermediately

between networks seeming to underlie encoding and

retrieval/response. However, the current set of multi-

experiment results suggests that the internal attention

network (Fig. 9) is a better candidate for this. First, the onset of

DMN deactivation occurred quite early in the post-stimulus

time series. Second, neither the present results nor a com-

parable previous study (Woodward et al., 2013) showed a

meaningful decrease in magnitude of DMN deactivation on

trials with nomaintenance period. A functional brain network

supportingmaintenance-related processes would be expected

to initiate activation several seconds into the post-stimulus

time series e following networks activated from the trial

onset e and exhibit a greater HDR peak when the mainte-

nance period is longer; both of these characteristics were

observed in the internal attention network, but not in the

DMN (see estimated HDR plots for the internal attention

network and DMN in Fig. 6D).

The response network that was isolated in the multi-

experiment analysis (component 1) was similar to compo-

nent 1 in the single-experiment WM analysis with respect to
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Table 5 e Cluster volumes for the most extreme 10% of single-experiment component 3 (default mode network) loadings,
Montreal Neurological Institute (MNI) coordinates, and Brodmann area (BA) for the peak locations within each cluster.

Anatomical regions Cluster volumes BAs MNI coordinates

voxels mm3 x y z

Positive loadings

Cluster 1: left hemisphere 31 837

Supplementary motor area 6 �3 8 56

Cluster 2: left hemisphere 21 567

Precentral gyrus 6 �54 2 44

Negative loadings

Cluster 1: bilateral 2,775 74,925

Frontal pole 10 3 56 11

Superior frontal gyrus 9 �21 35 44

Middle frontal gyrus 9 27 29 44

Frontal pole 9 15 47 38

Cluster 2: left hemisphere 2,542 68,634

Precuneus cortex 18 0 �70 29

Posterior cingulate gyrus 23 �3 �46 35

Posterior cingulate gyrus 23 0 �16 38

Cluster 3: right hemisphere 856 23,112

Superior lateral occipital cortex 39 51 �64 23

Middle temporal gyrus, temporooccipital part 21 63 �40 �4

Cluster 4: left hemisphere 826 22,302

Superior lateral occipital cortex 39 �48 �70 29

Cluster 5: right hemisphere 376 10,152

Anterior middle temporal gyrus 21 54 �4 �19

Posterior middle temporal gyrus 21 60 �10 �13

Frontal orbital cortex 47 42 32 �10

Inferior frontal gyrus, pars triangularis 45 51 29 2

Temporal pole 38 42 20 �28

Temporal pole 20 45 11 �31

Planum polare 48 39 �4 �16

Anterior parahippocampal gyrus 34 30 2 �19

Cluster 6: left hemisphere 227 6,129

Anterior middle temporal gyrus 21 �54 �4 �19

Temporal pole 21 �48 11 �28

Anterior inferior temporal gyrus 20 �51 �4 �34

Cluster 7: left hemisphere 94 2,538

Cerebellum crus II n/a �24 �79 �37

Cluster 8: right hemisphere 79 2,133

Cerebellum crus II n/a 30 �76 �37

Cerebellum crus II n/a 42 �67 �43

Cluster 9: right hemisphere 24 648

Temporal occipital fusiform cortex 37 27 �40 �13

Cluster 10: left hemisphere 17 459

Lingual gyrus 37 �27 �43 �10

Cluster 11: right hemisphere 12 324

Planum temporal 42 60 �28 17

Cluster 12: right hemisphere 7 189

Planum temporal 22 60 �10 5

Cluster 13: left hemisphere 6 162

Temporal pole 34 �30 2 �19

Cluster 14: left hemisphere 5 135

Frontal orbital cortex 38 �42 23 �16

Cluster 15: right hemisphere 3 81

Amygdala n/a 21 �4 �19
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its spatial configuration and staggered activation patterns

(Figs. 7 and 3, respectively). However, in the single-experiment

analysis, component 1 exhibited greater engagement with

greater cognitive load, suggesting that the network also sup-

ported cognitive/attentional processes. By contrast, the

response network in the multi-experiment analysis appeared

to be more specifically related to the motor response,
supported by the observations that (1) this network was sup-

pressed during the TGT task, and (2) it did not exhibit a main

effect of cognitive load during theWM task, but did display the

required 4-sec-staggered peaks. Interestingly, insula and PFC

activations in component 1 comprised more anterior regions

in the single-experiment analysis as compared to the

response network extracted from the multi-experiment
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Fig. 6 e Side-by-side comparisons of network decompositions from the single-versus multi-experiment analysis. A (top

left): surface representations of components 1e3, extracted from the single-experiment working memory (WM) analysis. B

(bottom left): mean finite impulse response (FIR)-based predictor weights plotted over post-stimulus time for each of the

components extracted in the WM single-experiment analysis (load conditions averaged). C (top right): surface

representations of components 1e4 from the multi-experiment analysis. D (bottom right): mean FIR-based predictor

weights plotted over post-stimulus time for response (component 1), visual attention (component 2), internal attention

(component 3), and default mode (component 4) networks from the multi-experiment analysis (WM task only, load

conditions averaged). Comp ¼ component; 0s ¼ 0-sec delay; 4s ¼ 4-sec delay; HDR ¼ hemodynamic response; Response ¼
response network (component 1); Visual ¼ visual attention network (component 2); Internal ¼ internal attention network

(component 3); DMN ¼ default mode network (component 4).
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analysis, which may reflect meaningful anatomical differ-

ences with respect to more anterior higher-level cognition

versus more posterior motor responding (Fuster, 2004). These

findings suggest that the anatomical and functional charac-

teristics of component 1 from the single-experiment analysis

may comprise aspects of both the response network and in-

ternal attention network, as will be discussed in more detail

below.

A particularly striking result in the multi-experiment

analysis was the emergence of the internal attention

network (component 3, Fig. 9), which was considerably more

engaged in the WM 4-sec delay conditions than in the 0-sec

delay conditions, and more engaged in the TGT thought gen-

eration condition than in the hearing condition. Although

previous research has identified networks underlying WM

which anatomically resemble this network (e.g., Emch, von

Bastian, & Koch, 2019; Meda et al., 2009; Rottschy et al., 2012;

Vasic, Walter, Sambataro, & Wolf, 2009; Wolf et al., 2008),

the present study expands on this in providing the task-

related time series. The estimated HDR shapes indicate

engagement of the internal attention network not only during

WM, but also during internal thought that is not required to be

maintained in memory (in the TGT task). Moreover, the pre-

sent results help clarify which WM sub-process this network
may underlie in a SIRP task. Comparing the series of WM task

HDRs across networks (as displayed in Fig. 6D), we postulate

that activation of the visual attention network supports

attention to the letter string at the trial onset, and its dimin-

ishing intensity reflects a coordinated shift from external to

internal attention as the internal attention network becomes

engaged in order to maintain a mental representation of the

stimuli. As to why this network is somewhat active in the 0-

sec delay conditions despite the absence of the requirement

tomaintain items inmemory, it could be the case that internal

attention either (1) initiates during the late encoding phase of

the task in anticipation of the possible maintenance phase, (2)

overlaps with response anticipation and execution, or (3)

some combination of both, as participants do not know until

completion of the encoding phase whether or not there will be

a delay period. Therefore, it is plausible that both internal

(maintenance) processes and response anticipation processes

become engaged before the end of the encoding phase and

exhibit similar HDR shapes when no delay actually occurs.

This similarity in timing could explain why component 1 in

the single-experiment analysis appeared to be comprised of

both cognitive andmotor response processes.We suggest that

the presence of an overlapping cognitive process betweenWM

and TGT (i.e., internal representations of stimuli) and a non-
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Fig. 7 e Component 1 (response network) from multi-experiment CPCA. A (top): dominant 10% of loadings (red/yellow ¼
positive loadings, threshold ¼ .15, max ¼ .30). Images are displayed in neurological orientation (left is left) with MNI z-axis

coordinates. B (middle): mean finite impulse response (FIR)-based predictor weights plotted over post-stimulus time by task

condition. C (bottom left): mean FIR-based predictor weights for WM task, averaged over delay conditions. D (bottom right):

mean FIR-based predictor weights for WM task, averaged over load conditions. Positive predictor weights reflect increased

signal in this network. 4 L¼ 4-letter condition; 6 L ¼ 6-letter condition; HDR¼ hemodynamic response. a4 letters > 6 letters;
b0-sec delay > 4-sec delay; c4-sec delay > 0-sec delay. *p < .01; ***p < .001. The significance threshold for paired t-tests of

individual time bins was set at p ≤ .01.
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overlapping process (i.e., motor response) allowed these

temporally correlated processes to separate onto different

networks when the two datasets were analyzed simulta-

neously using multi-experiment fMRI-CPCA.

It is also important to note the valuable information gained

from evaluating the HDR shapes of the TGT task. For example,

the TGT task results suggest that the greater magnitude of
activity in the internal attention network for the 4-sec delay

WM conditions relative to the 0-sec delay conditions (Fig. 9D)

cannot be explained by their longer trial durations (an effect

possibly exhibited by the DMN, Fig. 10D); namely, trial dura-

tions do not differ between TGT task conditions, and yetmuch

less activity was demonstrated in the hearing condition

compared with the thought generation condition for the

https://doi.org/10.1016/j.cortex.2019.12.014
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Table 6 e Cluster volumes for the most extreme 10% of multi-experiment component 1 (response network) loadings,
Montreal Neurological Institute (MNI) coordinates, and Brodmann area (BA) for the peak locations within each cluster.

Anatomical regions Cluster volumes BAs MNI coordinates

voxels mm3 x y z

Positive loadings

Cluster 1: bilateral 4,731 127,737

Postcentral gyrus 4 �42 �28 59

Postcentral gyrus 3 �54 �22 44

Central opercular cortex 48 �51 �22 20

Supplementary motor area 6 �3 �7 53

Insula 48 �39 �4 11

Superior frontal gyrus 6 27 �4 62

Cluster 2: right hemisphere 2,010 54,270

Postcentral gyrus 43 60 �16 32

Superior parietal lobule 2 36 �43 56

Precentral gyrus 6 57 5 29

Insula 48 39 �1 11

Precentral gyrus 6 57 8 17

Superior parietal lobule 5 15 �55 62

Insula 48 36 �13 �1

Cluster 3: bilateral 430 11,610

Cerebellum V n/a 18 e52 e22

Cerebellum VI n/a �30 �49 �31

Cerebellum VI n/a �18 �64 �25

Cluster 4: right hemisphere 193 5,211

Inferior lateral occipital cortex 37 45 �61 2

Cluster 5: left hemisphere 170 4,590

Inferior lateral occipital cortex 37 �48 �67 5

Cluster 6: right hemisphere 120 3,240

Cerebellum VIIIa n/a 18 �61 �49

Cerebellum vermis VIIIa n/a 3 �70 �37

Cluster 7: left hemisphere 37 999

Thalamus n/a �12 �19 5

Cluster 8: left hemisphere 30 810

Cerebellum VIIIa n/a �30 �52 �49

Cerebellum VIIIa n/a �15 �67 �49

Cerebellum VIIIa n/a �21 �67 �52

Cluster 9: right hemisphere 19 513

Frontal pole 46 30 38 26

Cluster 10: left hemisphere 18 486

Frontal pole 46 �30 38 26

Cluster 11: left hemisphere 15 405

Precentral gyrus 6 �57 5 32

Cluster 12: right hemisphere 13 351

Thalamus n/a 12 �19 8

Cluster 13: right hemisphere 8 216

Posterior cingulate gyrus 23 12 �25 41
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internal attention network. While it could be argued that ac-

tivity in the internal attention network is dependent on

cognitive demand in general rather than attention to internal

representations per se, it should be noted that neither the

visual attention network nor the DMN exhibited differences

between conditions in the TGT task, despite being dependent

on cognitive load in the WM task. Given the specificity of the

TGT condition effects to one network (i.e., internal attention),

we postulate that the requirement of attending to an internal

stimulus representation may be an important factor over and

above task difficulty.

4.2. Implications

The present findings have important implications for cogni-

tive neuroscience research aiming to characterize the role of
frontoparietal connectivity in WM tasks. Three of the net-

works that emerged exhibited frontoparietal connectivity

with activation in or adjacent to the dACC, yet clearly reflected

different processes (described as “response”, “visual atten-

tion”, and “internal attention”). Given the lack of consensus in

the literature regarding the role of the dACC and frontopar-

ietal connectivity (often broadly referred to as “task-positive”

activity), this demarcation ofmultiple frontoparietal networks

simultaneously engaged in one task greatly advances our

ability to characterize such networks. The estimation of time

courses of these networks is a particular advantage in this

regard, as spatial maps alone do not provide a direct way of

linking activity to cognitive function.

The series of network activations reported here may

provide a useful biological framework for cognitive models of

WM and attention. For example, Chun and colleagues’

https://doi.org/10.1016/j.cortex.2019.12.014
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Fig. 8 e Component 2 (visual attention) from multi-experiment CPCA. A (top): dominant 10% of loadings (red/yellow ¼
positive loadings, threshold ¼ .11, max ¼ .54; no negative loadings above threshold). Images are displayed in neurological

orientation (left is left) with MNI z-axis coordinates. B (middle): mean finite impulse response (FIR)-based predictor weights

plotted over post-stimulus time by task condition. C (bottom left): Mean FIR-based predictor weights for the WM task, delay

conditions averaged. D (bottom right): Mean FIR-based predictor weights for theWM task, load conditions averaged. Positive

predictor weights reflect increased signal in this network. 4 L ¼ 4-letter condition; 6 L ¼ 6-letter condition; HDR ¼
hemodynamic response. a6 letters > 4 letters; b4 letters > 6 letters; c4-sec delay > 0-sec delay; d0-sec delay > 4-sec delay. *p <
.01; ***p < .001. The significance threshold for paired t-tests of individual time bins was set at p ≤ .01.
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conceptualization of WM as an interplay between external

attention and internal attention (Chun, Golomb, & Turk-

Browne, 2011) could be exemplified in the dynamics of the

visual attention and internal attention networks, respectively.

An interesting avenue of research could be to explore this idea

further by relating patterns of network activity to behavioral
measures. In our brief examination of correlations between

HDR pre- or post-peak indices and response accuracy in the

WM task (presented in supplementarymaterial only), the only

statistically significant relationship observed was that a

greater degree of DMNdeactivation during the pre-peak phase

of the HDR was correlated with greater response accuracy in
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Table 7 e Cluster volumes for the most extreme 10% of multi-experiment component 2 (visual attention network) loadings,
Montreal Neurological Institute (MNI) coordinates, and Brodmann area (BA) for the peak locations within each cluster.

Anatomical regions Cluster volumes BAs MNI coordinates

voxels mm3 x y z

Positive loadings

Cluster 1: bilateral 6,408 173,016

Occipital pole 18 �18 �91 �7

Occipital fusiform gyrus 18 21 e88 e4

Temporal occipital fusiform cortex 37 �36 �49 �19

Superior lateral occipital cortex 19 �27 �76 23

Superior lateral occipital cortex 7 �21 �61 47

Superior lateral occipital cortex 19 30 �70 29

Temporal occipital fusiform cortex 37 36 �46 �19

Superior lateral occipital cortex 7 24 �61 53

Cerebellum vermis crus II n/a 0 �73 �28

Intracalcarine cortex 17 e12 e76 11

Cluster 2: left hemisphere 746 20,142

Precentral gyrus 6 �51 �1 47

Precentral gyrus 44 �42 5 29

Precentral gyrus 6 �57 2 23

Middle frontal gyrus 6 �27 �4 47

Cluster 3: right hemisphere 282 7,614

Precentral gyrus 6 54 �4 47

Middle frontal gyrus 6 33 �1 47

Precentral gyrus 4 39 �22 65

Cluster 4: left hemisphere 217 5,859

Supplementary motor area 6 �3 5 62

Cluster 5: right hemisphere 55 1,485

Precentral gyrus 44 42 5 26

Cluster 6: left hemisphere 35 945

Thalamus n/a �21 �28 �4

Cluster 7: right hemisphere 28 756

Thalamus n/a 21 �28 �4

Cluster 8: bilateral 12 324

Cerebellum vermis IX n/a 0 �58 �37

Cluster 9: left hemisphere 4 108

Superior parietal lobule 40 �42 �40 44

Cluster 10: right hemisphere 3 81

Cerebellum VIIb n/a 24 �70 �49
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the 4-sec delay condition. This could suggest that general

suppression of resting-state DMN activity (e.g., spontaneous

thought, mentalizing) is more predictive of task performance

in this particular case than any one sub-process in particular.

However, it could also be the case that non-linear relation-

ships between task performance and activity exist in other

networks that emerged in this analysis, which would not be

detected in a standard Pearson correlation, and would require

a more focused investigation.

Methodology that allows merging of data from different

tasks, different samples, and even different scanners is highly

desirable for the advancement of cognitive neuroscience,

given the growth of publicly available fMRI data on a wide

range of tasks (e.g., the Functional Biomedical Informatics

Research Network, https://www.nitrc.org/projects/fbirn/; the

UCLA Consortium for Neuropsychiatric Phenomics, http://

www.phenomics.ucla.edu/index.asp; and many other sour-

ces). As it is important for fMRI sessions to be concise and

tolerable for participants e especially in certain clinical pop-

ulations and children e the application of multi-experiment

fMRI-CPCA to existing datasets provides a practical alterna-

tive to running studies that utilize complex tasks with

numerous experimental manipulations. Future directions
could include combining different types of WM tasks (e.g.,

verbal and spatial WM) in order to determine whether the

internal attention network observed in the present study is

specific to verbal processes, or whether it has a broader role in

tasks requiring the generation of internal representations.

This approach could also be used to investigate overlap

among more specialized subdomains of cognitive neurosci-

ence, as a means of elucidating generalized task-evoked ac-

tivity (e.g., executive control) from potentially more domain-

specific activity (e.g., facial emotion perception).

4.3. Limitations

Although a method that allows for combining different data-

sets has numerous benefits as noted above, multi-experiment

analyses such as the present study would ideally be carried

out within the same sample of participants. However, the

present analysis combined two separate groups of partici-

pants originating from different fMRI studies. While we did

not perform statistical comparisons between the two tasks,

substantial differences between datasets could be problem-

atic with respect to the components that emerge from the

total task-related variance, as the component solution could

https://www.nitrc.org/projects/fbirn/
http://www.phenomics.ucla.edu/index.asp
http://www.phenomics.ucla.edu/index.asp
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Fig. 9 e Component 3 (internal attention) from multi-experiment CPCA. A (top): dominant 10% of loadings (red/yellow ¼
positive loadings, threshold ¼ .14, max ¼ .31). Images are displayed in neurological orientation (left is left) with MNI z-axis

coordinates. B (middle): mean finite impulse response (FIR)-based predictor weights plotted over post-stimulus time by task

condition. C (bottom left): mean FIR-based predictor weights for WM task, averaged over delay conditions. D (bottom right):

mean FIR-based predictor weights for WM task, averaged over load conditions. Positive predictor weights reflect increased

signal in this network. 4 L ¼ 4-letter condition; 6 L ¼ 6-letter condition; HDR ¼ hemodynamic response; agenerating >
hearing; b6 letters > 4 letters; c0-sec delay > 4-sec delay; d4-sec delay > 0-sec delay. *p ¼ .01; **p < .005; ***p < .001. The

significance threshold for paired t-tests of individual time bins was set at p ≤ .01.
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be biased by the larger dataset (in this case, the WM task).

However, the mean predictor weights presented in the esti-

mated HDR plots indicate the degree to which the network is

engaged in the task, and although some components show

more extreme predictor weights in the WM task than in the

TGT task, this is not always the case. For example, in the

response network (component 1, Fig. 7B), the most extreme
mean predictor weights in each task had approximately the

same absolute values (.290 in the TGT generating condition at

10 sec; .279 in the WM 4-letters, 4-sec delay condition at

16 sec). Moreover, non-overlapping, TGT-specific activity that

accounted for little of the total task-related variance was

observable; namely, the auditory network (component 7,

presented in supplementary material) appeared to be
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Table 8 e Cluster volumes for the most extreme 10% of multi-experiment component 3 (internal attention) loadings,
Montreal Neurological Institute (MNI) coordinates, and Brodmann area (BA) for the peak locations within each cluster.

Anatomical regions Cluster volumes BAs MNI coordinates

voxels mm3 x y z

Positive loadings

Cluster 1: left hemisphere 4,062 109,674

Paracingulate gyrus 6 0 17 53

Insula 47 �30 23 2

Middle frontal gyrus 6 �36 �1 59

Inferior frontal gyrus, pars opercularis 44 �48 14 29

Precentral gyrus 6 �48 5 44

Middle frontal gyrus 45 �45 29 29

Frontal pole 46 �33 50 17

Anterior internal capsule n/a �15 8 5

Thalamus n/a �12 �16 8

Cluster 2: right hemisphere 1,634 44,118

Insula 47 33 23 2

Middle frontal gyrus 45 42 35 29

Frontal pole 46 36 50 14

Middle frontal gyrus 6 42 5 56

Inferior frontal gyrus 44 54 14 17

Cluster 3: left hemisphere 933 25,191

Superior parietal lobule 40 �33 �52 41

Superior lateral occipital cortex 7 �12 �73 50

Cluster 4: bilateral 478 12,906

Cerebellum crus I n/a 30 e61 e31

Cerebellum crus I n/a 9 e73 e25

Lingual gyrus 17 �3 �82 �4

Occipital pole 17 �6 �97 5

Cluster 5: right hemisphere 329 8,883

Superior lateral occipital cortex 7 36 �58 47

Cluster 6: left hemisphere 123 3,321

Cerebellum VI n/a �30 �58 �31

Cluster 7: right hemisphere 69 1,863

Cerebellum VIIb n/a 24 �70 �49

Cerebellum VIIb n/a 36 �64 �49

Cluster 8: left hemisphere 66 1,782

Inferior temporal gyrus, temporooccipital part 37 �51 �55 �13

Cluster 9: right hemisphere 35 945

Anterior internal capsule n/a 12 8 5

Anterior internal capsule n/a 15 2 11

Cluster 10: left hemisphere 25 675

Posterior supramarginal gyrus 42 �60 �43 20

Cluster 11: right hemisphere 20 540

Occipital pole 17 12 �94 8

Cluster 12: left hemisphere 9 243

Cerebellum crus I n/a �9 �76 �25

Cluster 13: left hemisphere 6 162

Posterior superior temporal gyrus 21 �57 �28 �4

Cluster 14: left hemisphere 5 135

Precentral gyrus 4 �33 �25 56
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exclusively engaged in the TGT hearing condition, and ex-

hibits near-0 predictor weights throughout the post-stimulus

time series in the WM task (Figure S3 in supplementary

material). Finally, the apparent separation of the response/

attention network observed in theWM task alone (component

1) into the constituent motor response and internal attention

networks observed in the multi-experiment analysis (com-

ponents 1 and 3, respectively) suggest that the TGT data had a

meaningful influence on the analysis despite the smaller

sample size; that is, greater similarity between the single-

experiment and multi-experiment components would be ex-

pected if the TGT task had little influence on the results.
Although we have used descriptive labels for the purposes

of discussion (“response”, “visual attention”, etc.), we do not

claim that the postulated function assigned to each network is

the only function it may serve across the vast range of con-

structs examined in the cognitive neuroscience literature e

the complexities of structureefunction mapping are well-

summarized by Poldrack (2010). For example, we cannot

determine from the present findings whether the internal

attention network has a domain-general function of gener-

ating internal representations of task-relevant stimuli, or

whether it specifically underlies inner speech (Alderson-Day

& Fernyhough, 2015). A larger set of tasks that, together,
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Fig. 10 e Component 4 (default mode network) from multi-experiment CPCA. A (top): dominant 10% of loadings (blue ¼
negative loadings representing deactivation, threshold ¼ ¡.13, min ¼ ¡.24; no positive loadings above threshold). Images

are displayed in neurological orientation (left is left) with MNI z-axis coordinates. B (middle): mean finite impulse response

(FIR)-based predictor weights plotted over post-stimulus time by task condition. C (bottom left): mean FIR-based predictor

weights for the WM task, delay conditions averaged. D (bottom right): mean FIR-based predictor weights for the WM task,

load conditions averaged. Positive predictor weights reflect decreased signal in this network. 4 L¼ 4-letter condition; 6 L¼ 6-

letter condition; HDR¼ hemodynamic response. a6 letters > 4 letters; b4-sec delay > 0-sec delay. ***p < .001. The significance

threshold for paired t-tests of individual time bins was set at p ≤ .01.
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independentlymanipulate internal representations of various

modalities, inner speech, cognitive control, memory demand,

and a range of other constructs would ideally be combined in

order to better infer the functional specificity of the internal

attention network and other patterns of connectivity observed
in the present study. However, the limited experimental

design was appropriate for this proof-of-concept study, which

aimed to demonstrate how the addition of even one carefully

chosen task can provide valuable information that could be

missed in the analysis of a single cognitive construct.
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Table 9 e Cluster volumes for the most extreme 10% of multi-experiment component 4 (default mode network) loadings,
Montreal Neurological Institute (MNI) coordinates, and Brodmann area (BA) for the peak locations within each cluster.

Anatomical regions Cluster volumes BAs MNI coordinates

voxels mm3 x y z

Negative loadings

Cluster 1: bilateral 3,778 102,006

Paracingulate gyrus 32 3 53 14

Superior frontal gyrus 9 e21 35 47

Superior frontal gyrus 9 24 32 44

Frontal pole 9 15 47 38

Cluster 2:bilateral 1,658 44,766

Posterior cingulate gyrus 23 0 �49 35

Precuneus cortex 23 0 �64 32

Superior lateral occipital cortex 19 18 �85 41

Cluster 3: left hemisphere 892 24,084

Superior lateral occipital cortex 39 �48 �70 29

Cluster 4: right hemisphere 828 22,356

Superior lateral occipital cortex 39 51 �61 23

Cluster 5: right hemisphere 266 7,182

Anterior middle temporal gyrus 21 54 �4 �19

Temporal pole 38 42 17 �28

Cluster 6: left hemisphere 217 5,859

Anterior middle temporal gyrus 21 �54 �4 �19

Temporal pole 21 �48 8 �28

Anterior inferior temporal gyrus 20 �48 �4 �34

Cluster 7: right hemisphere 105 2,835

Frontal orbital cortex 47 42 32 �10

Inferior frontal gyrus, pars triangularis 45 51 29 2

Frontal orbital cortex 11 27 32 �13

Cluster 8: left hemisphere 25 675

Cerebellum crus II n/a �27 �79 �37

Cluster 9: right hemisphere 19 513

Cerebellum crus II n/a 30 �76 �37

Cluster 10: right hemisphere 4 108

Frontal orbital cortex 48 27 20 �16

c o r t e x 1 2 5 ( 2 0 2 0 ) 2 4 6e2 7 1268
5. Conclusions

As detectedwith fMRI, at least three frontoparietal networks are

engaged during the Sternberg verbal WM task and TGT task,

which demonstrate plausible mechanisms for motor response

processes (WM task only), visual attention, and internal atten-

tion. The latter, whichwas separable from response processes in

the multi-experiment analysis only, is supported by more

anterior insula and PFC activation than the other network con-

figurations, including paracingulate and superior frontal gyrus,

DLPFC, and frontal poles. One advantage of the multi-

experiment approach is that distinct cognitive/behavioral pro-

cesses that load onto a single network due to being temporally

correlated may separate onto different networks when data are

analyzed with a task involving relevant overlapping and non-

overlapping processes. In addition, the functional characteriza-

tions of individual networks are greatly facilitatedwith a unified

multi-experiment analysis, as it provides the ability to directly

compare the HDRs (or lack thereof) of a particular network in

two different tasks. Further study using creative methods to

isolate cognitive sub-processes would be a constructive avenue

of research in WM and other cognitive domains.
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