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Abstract 

Connectivity of the resting brain can be empirically parsed into distinct networks which 

closely resemble patterns of evoked task-based brain activity, and have a biological and 

genetic basis. Recently, these intrinsic connectivity networks (ICNs) have become a 

popular method for investigating brain functioning and brain-behavior relationships with 

external variables such as personality or psychiatric symptoms. However, replication 

studies are needed to test the correspondence, neurometrics, and associations observed 

for these networks across independent samples. Using a meta-level independent 

component analysis (ICA), we produced ICNs from three datasets collected from two 

samples of healthy adults, and demonstrate robust and independent replication of twelve 

ICNs. In each dataset, the ICNs were found to reflect sixteen task-based networks. 

Networks involved in executive functions, speech and audition, default mode processing, 

vision, and interoception showed the greatest spatial reliability and reproducibility; 

whereas, only the networks associated with the right-lateralized executive functions and 

speech-audition demonstrated at least fair within-subject reliability over time. We also 

demonstrated regions with the highest connectivity were disjointed from regions with the 

highest reliability. Additionally, we tested the ability for connectivity to reliably predict 

cognitive performance, which showed a trend-level finding implicating the default-mode 

network in attention and concentration. Take as a whole, our findings agree with current 

hypotheses which postulate that intrinsic connectivity sustains, at rest, representations 

and modes of functioning from which task-evoked patterns of activation and connectivity 

are produced.
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Individual Differences in Intrinsic Connectivity Networks I: 

Retest and Validation in Resting State 

Intrinsic connectivity networks (ICNs), revealed through functional Magnetic Resonance 

Imaging (fMRI) are thought to represent the fundamental functional architecture of the brain 

(Biswal et al., 2010; Smith et al., 2009). Intrinsic connectivity, previously referred to as resting-

state connectivity, was first experimentally investigated by Biswal and colleagues (1995). By 

alternating a finger-tapping task with rest, they demonstrated significant temporal correlations of 

voxels within the sensorimotor cortex which were present at rest and largely overlapped with task 

activation. Subsequently, Biswal and colleagues (1997) showed evidence suggesting the 

mechanisms underlying resting-state connectivity were associated with blood oxygen level 

dependent activations. In the years following, task-independent deactivations were consistently 

observed across numerous fMRI tasks, which were suggested to represent the “default” mode of 

the brain and which could be measured at rest (as reviewed by Gusnard & Raichle, 2001). Indeed, 

the default mode network (characterized as medial prefrontal regions, posterior cingulate, 

precuneus, and posterior lateral cortices (Gusnard & Raichle, 2001) is observable during rest 

alongside more than six other resting-state networks (Beckmann, DeLuca, Devlin, & Smith, 

2005). Recently, these biologically relevant intrinsic networks have gained substantial traction as 

a meaningful way to measure brain functioning. In particular, ICNs have been shown to be 

present at birth (Doria et al., 2010; Smyser et al., 2010), represented in the non-human primate 

brain (Margulies et al., 2009), and associated with genetic variability and genetic risk (Glahn et 

al., 2010; Meda et al., 2012) 

Since the initial findings described above, ICNs have typically been identified in the 

resting brain, which requires far less forethought and preparation compared to task-based fMRI 

studies. Given this ease, resting fMRI acquisitions have become a popular form of data collection 
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with which to investigate group differences in brain connectivity (Biswal et al., 2010; Chai et al., 

2011; Jolles, van Buchem, Crone, & Rombouts, 2011; Ma et al., 2010; Veer et al., 2010; 

Woodward, Rogers, & Heckers, 2011; Zhang et al., 2011; Zielinski, Gennatas, Zhou, & Seeley, 

2010) as well as associations with individual differences in personality (Adelstein et al., 2011; 

Cox et al., 2010; Kunisato et al., 2011; Wolf et al., 2011), psychiatric symptoms (Jang et al., 

2011; Repovs, Csernansky, & Barch, 2011; Rotarska-Jagiela et al., 2010; Zhu et al., 2011), and 

cognition (Hampson, Driesen, Skudlarski, Gore, & Constable, 2006; Kelly, Uddin, Biswal, 

Castellanos, & Milham, 2008; Mennes et al., 2011). A simple search on PubMed for „resting 

connectivity fmri‟ revealed nearly 900 articles beginning with Biswal et al. (1995), and showed 

that over 820 of the entries were published since 2006, illustrating the amplification of the theme 

over the past ten years. 

As this data collection method caught on and the number of studies demonstrating 

relationships with external variables or positing theories about resting-state connectivity 

accumulated, so did concern regarding the unconstrained nature of the brain at rest (Morcom & 

Fletcher, 2007). Specifically, criticism was raised regarding the cognitive interpretations attached 

to findings derived from the resting state signal. As such, there were profound doubts that this 

signal could advance the understanding of brain functioning beyond a metabolic baseline given 

the physiological context (Morcom & Fletcher, 2007).   

However, findings from a recent and pioneering study of over 7000 functional maps 

propagated acceptance of ICNs in the brain imaging community by demonstrating a close 

correspondence between ICNs and the cortical activations associated with a wide range of 

cognitive tasks (Smith et al., 2009). Using a data-driven method on rest data and task-based 

activation data, they demonstrated ten networks derived from resting-state that closely mirrored 

ten networks derived from task data.  As such, these findings provided the field with an 
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interpretation tool, and showed that ICNs at least shared cortical regions with networks involved 

in evoked cognitive processing. Nevertheless, these exciting findings have not been directly 

replicated to test the degree to which ten ICNs are consistently revealed from resting-state data, 

and consistently show one to one correspondence with task-based networks, across independent 

samples. Additionally, the extent to which ICNs corresponding to BrainMap activation maps are 

reliable within the same individuals over time, has yet to be investigated despite the importance 

of this index to support their validity.  

Complementing the work by Smith et al. (2009) and addressing additional arguments put 

forth by Morcom & Fletcher (2007) regarding the theoretical basis by which resting state 

networks could be used to understand brain functioning is recent work by Deco and Corbetta 

(2011).  In a review of the literature and their own work, they summarize four biologically-based 

hypotheses regarding the functions of resting-state networks and suggest a model that explicitly 

links task activity with rest activity. Deco and Corbetta (2011) propose that intrinsic connectivity 

exists as large-scale oscillatory networks of spontaneous and synchronized activity that are 

modulated, rather than determined, by behavioral states and sensory information.  They suggest 

that the intrinsic networks present in the brain, including at rest, support all basic modes of 

functioning as well as active representations, and are ideally tuned to be in a state of superb 

sensitivity to even small fluctuations in internal or external signals. This state of optimal tuning 

allows for the brain to quickly respond to changes with efficient assembly and stabilization of 

evoked activity patterns from the networks and subnetworks sustained at rest. That is, this theory 

would suggest that the close correspondence between rest and task-based networks, as revealed 

by Smith et al (2009), was observed because the intrinsic networks, easily observed at rest, 

provide the underlying connections which are transformed into task-evoked networks when 

engaged in cognitive tasks.   
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The theoretical synthesis presented by Deco and Corbetta (2011), and its implications, are 

compelling; nonetheless, in order to successfully overcome the scrutiny and doubt regarding 

resting-state brain connectivity it must be joined with another cannon underlying interpretability 

potential, that is, the reliability of the resting-state signal. Not only must the signal be reliably 

detected across individuals, it must also be reliably measured within individuals over time for the 

metrics to be meaningful, given that reliability is a prerequisite of validity (Meehl, 1986). With 

this in mind, Kiviniemi et al. (2003) and Beckmann et al. (2005) among others, demonstrated 

consistent resting-state networks could be derived across subjects; additionally, Damoiseaux et al. 

(2006) showed nine out of ten resting-state networks were qualitatively spatially-consistent when 

derived from successive scanning sessions 5-14 days apart.  

Taking this assessment a step further, the short and long-term test-retest reliability of 

resting-state fMRI connections, networks, and metrics have been evaluated within the context of 

the three major approaches to studying connectivity: independent component derived network 

connectivity, seed-based connectivity, and graph theoretical connectivity (Braun et al., 2012; 

Shehzad et al., 2009; Zuo et al., 2010). Across the methodologies, reliability metrics range from 

low to high, and, in general, suggest modest overall within-subject reliability for resting-state 

connectivity.  That said, examinations of a wide range of individual reliability estimates indicate 

that some connections in the brain are more reliable than others (Shehzad et al., 2009). For 

example, Zuo et al (2010) demonstrated that ICNs reflecting regions involved in cognitive control 

and memory have a fair to good ( > 0.50) voxel-level intraclass-correlation coefficient (ICC; 

Cicchetti & Sparrow, 1981; Shrout & Fleiss, 1979), whereas ICNs reflecting regions involved in 

interoception and autonomic processes, or emotion, showed a poor voxel-level ICC (< 0.40) for 

both short (less than1hour) and long (5-16months) retest intervals. 
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The reliability evaluations presented above delivered a much needed neurometric 

foundation to the study of ICNs derived from resting-state data.  Nonetheless, additional work is 

necessary to determine the validity of using ICN connectivity to make predictions associated with 

individual differences. In the aforementioned study, Zuo et al (2010) evaluated test-retest 

reliability of ICNs for both intra- and inter-session data (< 1hour, and 5-16months between 

sessions, respectively), derived using an independent component analysis (ICA) technique. ICA is 

a blind source separation technique that extracts independent signals of fluctuations using a 

completely data-driven approach (Kiviniemi et al., 2003; McKeown & Sejnowski, 1998). As 

such, it produces a composition of independent brain networks that account for a majority of the 

variance in the data.  Probabilistic ICA is an adapted method that incorporates both source 

structure and observational noise to allow for significance testing of the source signal, and is 

employed by the Multivariate Exploratory Linear Optimized Decomposition into Independent 

Components (MELODIC; (Beckmann & Smith, 2004; Beckmann et al., 2005) package in FSL 

(http://www.fmrib.ox.ac.uk/fsl/melodic/index.html). Probabilistic ICA will be the focus of the 

present study, and hereafter referred to as ICA.  

 In order to test the reliability of ICNs across multiple scanning sessions, Zuo et al (2010) 

used MELODIC to generate group-level ICNs, and then employed dual regression to produce 

subject-  and scan- specific connectivity maps based on each of the group-level ICNs (Beckmann, 

Mackay, Filippini, & Smith, 2009; Filippini et al., 2009). They also investigated the reliability of 

ICNs using an alternative procedure, by which separate ICAs were completed for each individual 

and a template matching technique was used to complete a group-level analysis (Garrity et al., 

2007). Using these parallel analyses, Zuo et al. (2010) demonstrated fair (Cicchetti & Sparrow, 

1981) overall long (mean ICC = 0.46) and short term (mean ICC = 0.42) reliability of the modal 

voxel-wise ICC across a number of ICNs using the MELODIC + dual regression approach. They 

http://www.fmrib.ox.ac.uk/fsl/melodic/index.html
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also demonstrated substantial inaccuracy and inconsistency when using the ICN template 

matching technique.  

Although Zuo et al. (2010) demonstrated promising reliability estimates using the 

MELODIC + dual regression procedure, the results have not been replicated using the same 

technique in an independent sample.  Additionally, their analyses did not address important 

concerns that stem from the methods used to generate the ICNs, and the rigor with which the 

reliability was evaluated. The first concern is that the algorithm most commonly used in 

MELODIC includes an initial random value which can generate variability in the results from one 

run to the next (Beckmann & Smith, 2004). In addition, the unique order in which subjects are 

entered into the group-ICA, otherwise known as the subject concatenation order, has been shown 

to induce variability in resulting ICNs; however, the variability can be mitigated by using 

multiple subject orders (Zhang et al., 2010). To reduce the influence of subject order and initial 

random value on ICA results, a meta-ICA approach has been used (Biswal et al., 2010; Smith et 

al., 2009). However, this approach was not adopted by Zuo et al. (2010), and to date there are no 

studies testing the reliability of ICNs derived using a meta-ICA method. 

The second concern involves the number and nature of the metrics used to estimate 

reliability.  ICN‟s have several different features, including spatial extent and connectivity 

strength, which form the cores of different questions one might pursue. Additionally, given the 

number of brain voxels involved in ICN‟s, there are a number of ways to examine each of these 

different features. For example, the first most frequent ICC (mode) of the voxels included in an 

ICN is one index of the reliability of the measure to detect individual differences in connectivity 

strength. This statistic is informative because it describes the value that is most likely to be 

sampled from the distribution, and is one measure of the central tendency of the ICN reliability. 

However, it is protected from the potential reduction or inflation due to outliers or data skew; 
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whereas, the mean is vulnerable to these influences, and as such is a more comprehensive 

measure of both the central tendency and the distribution. Moreover, the modal ICC across 

voxels, as reported by Zuo et al. (2010), does not indicate the extent to which the connectivity 

across the ICN, as a whole, is reliable over time, nor does it indicate the extent to which the ICNs 

derived from different scanning sessions show spatial overlap, and thus reliably include the same 

voxels at different time points.  

In the present study, we propose to evaluate the reliability of ICNs generated using a 

meta-ICA approach in which the following measures are assessed: 1) the extent to which the 

same voxels are present in an ICN over time to index the spatial overlap of ICNs derived from 

different time points, 2) the extent to which the voxels across an ICN show similar degrees of 

strength and integration with the temporal dynamics of the whole ICN across time points. Not 

only do these two measures allow us to evaluate convergence of reliability metrics, they are also 

important to evaluate because studies of group differences often take both aspects of ICN 

connectivity into account in the statistical contrasts.  

The reliability of intrinsic connectivity alone is not enough to confidently infer 

relationships with external variables such as psychiatric symptoms. In the last six years many 

potential associations with resting-state connectivity have been reported and with notable 

inconsistency for some domains. By replicating associations with intrinsic connectivity over time 

in the same individuals, greater confidence is attributed to the finding. As described above, 

numerous studies have reported associations between measures of intrinsic connectivity and 

external behavioral measures, such as personality, psychiatric symptoms, or performance 

(Adelstein et al., 2011; Cox et al., 2010; Hampson et al., 2006; Jang et al., 2011; Kelly et al., 

2008; Kunisato et al., 2011; Mennes et al., 2011; Repovs et al., 2011; Rotarska-Jagiela et al., 

2010; Wolf et al., 2011; Zhu et al., 2011). Though the intrinsic connectivity measures derived 
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using whole-brain ICA, seed, or graph theory based methods may be modestly reliable in these 

analyses, to date, the reliability of associations of intrinsic connectivity with behavioral measures 

has not been demonstrated, aside from one study using a constrained region-of-interest analysis in 

a small sample (Cox et al., 2010). To this end, using two independent samples of healthy 

individuals, we investigated the reliability of such associations across time, as well as the cross-

sample reproducibility of such associations, after first evaluating the reliability of the intrinsic 

connectivity. 

In the present study, we addressed these topics and others in the context of three goals. 

Our first goal was to provide an independent replication of the finding reported by Smith et al. 

(2009) by testing the degree to which data-derived resting-state ICNs correspond to the updated 

meta-analytically derived and task-based „BrainMap‟ networks (Laird et al., 2011).  In doing so, 

we would validate an expanded meta-ICA approach to generating ICNs. Our second goal was to 

assess the extent to which ICNs derived from the expanded meta-ICA approach were reliable 

over time, as well as reproducible in independent sample, using multiple methods to test the 

neurometrics. We hypothesized the ICNs with higher reliability would show a stronger degree of 

replication in the cross-validation sample. Our third goal was to investigate the reliability of 

associations revealed between measures of connectivity and external variables in the same 

subjects over time, and to examine the reproducibility of such associations in an independent 

sample. To complete our third goal we examined the extent to which ICNs could predict 

cognitive performance on tests of attention and concentration, episodic memory, and measures of 

behavioral impulsivity. We hypothesized that ICNs with higher reliability would show more 

reliable associations with external variables compared to ICNs with lower test-retest reliability 

neurometrics. 
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METHODS 

PARTICIPANTS 

Reference-Retest Sample: 33 healthy individuals between the ages of 18 and 60 were 

scanned at multiple time points, approximately nine months apart (Camchong, MacDonald, Bell, 

Mueller, & Lim, 2011). Six participants were excluded due to changes in the scanner or 

incomplete data across time-points and none were removed due to excessive head movement 

(estimated motion < 1.0 mm) during one of the two fMRI scans used in the present study. The 

final data set for this study consisted of 54 scans from 27 participants (mean age 25 ± 6.7 at scan 

1; 70.4 % males). We will refer to time 1 data collection as the Reference Sample and time 2 data 

collection as the Retest Sample. On average, the scan at the second time point was completed 9.8 

± 1.01 months after the scan completed at the first time point. 

Cross-Validation Sample: A second sample of 36 healthy individuals between the ages of 

18 and 46 were also scanned (Camchong, MacDonald, Nelson, et al., 2011). Four participants 

were excluded due to excessive head movement. The final data set for this study consisted of 32 

scans, one from each participant (mean age 38 ± 7.7; 78.1% males).  

Participants from both samples reported no history of psychiatric or neurological illness. 

All participants provided written informed consent. The studies were approved by the 

institutional review board of the University of Minnesota. 

MATERIALS & IMAGING PROCEDURES 

Personality & Cognitive Assessments: 

All participants completed the Barratt Impulsiveness Scale from which three second-

order factors were calculated: Attentional, Motor, and Nonplanning (Patton, Stanford, & Barratt, 

1995; Stanford et al., 2009) (see Supplemental Table 1). The Reference and Retest Sample 

participants additionally completed a neuropsychological battery at each time-point to assess 
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domains of cognitive abilities; cognitive testing in the present study occurred on average 13.33 ± 

13.41 days before or after the scan. To reduce the number of dependent variables, specific 

subtests were chosen to measure two domains 1) attention and concentration, and 2) episodic 

memory, based on published factor analyses (Carroll, 1993; see Supplemental Table 2). 

Image Acquisition & Preprocessing:  

Resting-state scans (eyes closed but awake) were acquired in the same Siemens Trio 3T 

scanner (Erlangen, Germany) for both samples. Sequence parameters for both samples included: 

gradient-echo echo-planar imaging of 180 volumes, repetition time (TR) =2 s; echo time (TE) = 

30 mc; flip angle = 90⁰, 34 contiguous anterior commissure-posterior commissure aligned axial 

slices, voxel size = 3.4 x 3.4 x 4.0 mm, matrix = 64 x 64 x 34. Some Reference-Retest Sample 

participants completed longer resting-state scans; for these scans the first 180 volumes were used 

for the analyses. After the scan participants were asked if they fell asleep to confirm wakefulness.  

A field map acquisition was collected in the same registration to correct the fMRI data for 

geometric distortion caused by magnetic field inhomogeneities (TR = 300 ms, TE = 1.94 ms/4.40 

ms, flip angle = 55⁰). A high-resolution T1-weighted anatomical image was acquired using a 

magnetization prepared rapid gradient-echo sequence. 

Data preprocessing was completed using FMRIB Software Library (FSL v. 4.1.8; 

www.fmrbid.ox.ac.uk/fsl) as follows: slice-timing correction for interleaved slice acquisition; 

motion correction completed using MCFLIRT (Jenkinson, Bannister, Brady, & Smith, 2002); 

brain extraction completed using BET (Smith, 2002) for both functional and structural images; 

grand-mean intensity normalization of the 4D dataset (all volumes) by the same multiplicative 

factor; high-pass temporal filtering set at 100 s; B0 field unwarping was completed using 

PRELUDE and FUGUE; scans were smoothed using a 6 mm FWHM Gaussian kernel. Spatial 

normalization and registration of the functional images to respective high-resolution structural 

http://www.fmrbid.ox.ac.uk/fsl
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images was performed using FLIRT (Jenkinson et al., 2002) followed by registration to MNI152 

standard brain space using FLIRT+FNIRT (Andersson, Smith, & Jenkinson, 2008). 

Generation and Classification of ICNs:  

 For each of the three samples separately (Reference Sample, Retest Sample, and Cross-

Validation Sample), a meta-level approach was employed to generate the most consistent and 

naturally occurring ICNs.  This approach, illustrated in Figure 1, minimizes the variability 

introduced by subject concatenation order and initial random value in the ICA results (Zhang et 

al., 2010), while maximizing the consistency of group-level ICNs (Biswal et al., 2010; Smith et 

al., 2009)  and involved completing 50 ICA analyses, each implemented within MELODIC 

(Beckmann et al., 2005). Each MELODIC was set to extract the 20 ICNs derived from the fMRI 

data, and each employed a unique, randomly generated, subject order. The resulting 20 ICNs 

from each MELODIC were concatenated into a single file (50 MELODICs x 20 ICNs = 1000 

ICNs), which was then used in a meta-level MELODIC (meta-ICA) to generate the 20 most 

consistent ICNs. Subsequently, the 20 ICNs for each sample were separately correlated with 

BrainMap ICA-derived task-based connectivity maps (Laird et al., 2011) using Pearson‟s 

correlations masked to include only brain voxels, in order to obtain functional interpretation for 

each of the ICNs. ICNs were thresholded at z ≥ 6 for the correlations with BrainMap connectivity 

maps and for all subsequent analyses. Examination of ICN reliability was first completed with the 

Reference and Retest Samples, and followed by replication analyses using the Cross-Validation 

Sample. Subsequently, the associations between intrinsic connectivity and individual differences 

in cognitive ability or self-reported impulsivity were investigated (see Figure 2). 
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20 Resting Intrinsic Connectivity 
Networks (ICNs)

50 MELODICs (Group-ICAs) 
each using a unique  concatenation order

Dimensionality = 20

Meta-level MELODIC
Dimensionality = 20

Participant #s 
randomized 50x  = 50 unique 
subject concatenation orders

50 x 20 independent components 
concatenated together into single fileMETA-LEVEL APPROACH  for 

group-ICA to reduce influence 
of subject concatenation order

PARTICIPANT scans to be included in 
the analysis

DATA PREPROCESSING

EXCLUDED

due to movement

PARTICIPANTS SCANNED 1+ times

SUBSEQUENT ANALYSES
(see Figure 2)

Investigate associations between ICNs and 
BRAINMAP task-based networks

 

Figure 1.  Flowchart overview of procedures of meta-level MELODIC to generate the intrinsic connectivity networks 

(ICNs). Preprocessing and meta-MELODIC procedures completed for Reference Sample, Retest Sample, and Cross-

Validation Sample scans separately.  
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ICCs using Reference Sample and 
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Pearson’s correlation:
Reference Sample ICNs and 

Retest Sample ICNs 

Dice Similarity Index: 
Reference Sample ICNs Retest 

Sample ICNs

Reference-Retest Sample: 
Reliability from Time1 to Time2

Cross-Validation Sample –
Replication of Reference Sample 

Dual Regression:  Cross-Validation 
Sample - Reference Sample ICNs as 

templates

Pearson’s correlation:
Reference Sample ICNs  and Cross-
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Dice Similarity Index: 
Reference Sample ICNs 

Cross-Validation Sample ICNs

Regressions -- Cross-Validation 
Sample connectivity scores and 

individual differences

Regressions  -- Retest Sample 
connectivity scores and individual 

differences

PREPARATION & PREPROCESSING (see Figure 1)

Regressions  -- Reference Sample 
connectivity scores and individual 

differences

Dual Regression : Reference Sample 
with Retest Sample – Reference 

Sample ICNs as templates

A

B

A2

B2

A4

B1

A5.1
A5.2

B3

A6

B4

A1

A3

 

Figure 2. Flowchart overview of analytic procedures. All dual regression analyses employed reference sample ICNs 

(unthresholded) as the template in the procedure to make the individual level maps for both the Retest Sample and 

Cross-Validation Sample. 

 

 

STATISTICAL ANALYSES OF RELIABILITY AND REPORDUCIBILITY 

For reference regarding the relative steps in the analysis below, see Figure 2. 

Group-level Test-retest Reliability and Replication if ICNs:  

 Network-wise group reliability and reproducibility between each of the Reference 

Sample ICNs and the ICNs derived from the other samples were assessed using Pearson‟s 

correlations masked to include only brain voxels, and a spatial similarity index termed the Dice 
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coefficient (SID; Dice, 1945; Zijdenbos, Dawant, Margolin, & Palmer, 1994). The Pearson‟s 

correlation assesses spatial similarity and takes into account the connectivity values of individual 

within-brain voxels. Corresponding ICNs were then identified from these correlations and used to 

calculate SID. The SID, in turn, was used to determine the amount of group-level spatial overlap, 

such that the resulting value was akin to a spatial kappa and represented twice the value of the 

intersection over the sum of the cardinalities:  

SID = (2*|X ∩ Y|) / (|X| + |Y|) 

Pearson‟s correlations were first calculated for the ICNs from the Reference Sample and 

the ICNs from the Retest sample (completed using the R Statistical Package, www.r-project.org). 

Each Reference Sample ICN was paired with the Retest Sample ICN showing the highest 

correlation (Figure 2.A1). These pairs of ICNs were binarized and used in the Dice similarity 

index (SID) calculation (completed using mathematical operations in FSL) to examine spatial 

reliability of ICNs over nine months (Figure 2.A2). In order to investigate network-wise 

reproducibility and replication across independent samples, the analysis was repeated using the 

Cross-Validation sample ICNs. Each Reference Sample ICN was correlated and subsequently 

paired with a single Cross-Validation Sample ICN based on the highest pair-wise Pearson 

correlations (Figure 2.B1). These pairs of ICNs were binarized and used in the SID calculation to 

examine spatial similarity of ICNs across independent samples (Figure 2.B2). 

Individual Level Network Generation and Within-subject Test-retest Reliability:  

The reliability of ICNs within individuals from time 1 to time 2 was evaluated using the 

intraclass correlation coefficients (ICC; Shrout & Fleiss, 1979) on the Reference Sample and 

Retest Sample data to solve for ρu.  ρu was defined as  

ρu  =  σ
2

p  / (σ
2
p   +  σ

2
t   +  σ

2
e) 

and the ICCu was defined as  

www.r-project.org
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ICCu = σ  
2

p / (σ  
2

p  +  σ  
2

t +  σ  
2
e) 

where    
2
p  was the variance across subjects,    

2
t was the variance across sessions, and    

2
e was 

error variance. Two levels of analyses were completed with this equation: 1) within-subject 

voxel-wise reliability for each ICN, 2) within-subject mean connectivity reliability for each ICN.  

 Subject- and scan-specific connectivity maps based on the ICNs were required for the 

ICC calculation and subsequent analyses relevant to individual differences. A dual regression 

procedure was employed for this purpose (Beckmann et al., 2009; Filippini et al., 2009; Zuo et 

al., 2010), which produced subject- scan- and ICN-specific connectivity maps based on the 

group-level maps provided as templates. This procedure was completed for the Reference Sample 

and the Retest Sample data simultaneously using the respective individual-level data, and the 

Reference Sample ICNs as the templates for both datasets (Figure 2.A3).  The advantage of this 

procedure over one that completes the dual regression on the time 1 and time 2 data using 

separate ICNs as templates is that it remove the need for, and thus confounds associated with, a 

template matching procedure (which has been shown to be non-optimal due to demonstrated 

inconsistency and inaccuracy as previously described Zuo et al., 2010). Instead, this procedure 

establishes that the connectivity metrics across samples will be assessed using the same brain 

regions in the subsequent analyses. Results from this procedure were used to examine within-

subject reliability and, subsequently, the relationships between ICN connectivity strength and 

individual differences in self-reported impulsivity or cognitive performance in the Reference 

Sample (time 1) and the Retest Sample (time 2).   

To examine within-subject voxel-wise reliability for the ICNs from the Reference 

Sample, the 54 (two scans from 27 participants) subject- and session-specific 4D datasets based 

on the Reference Sample ICNs were used to calculate the ICCs for every voxel and produced a 

single image of the voxel-wise ICC scores for each ICN (Figure 2.A4). For the calculation of 



 

16 

 

summary statistics, the voxel-wise ICC maps were masked so that calculations only included 

regions where the Reference Sample ICN connectivity strength was z ≥ 6.  To examine within-

subject reliability of mean connectivity for each ICN, an alternative procedure was used to 

calculate network-level ICCs from the 54 4D images. First, for each participant, mean 

connectivity scores were calculated across all voxels within the individual subject- and session-

specific image datasets when connectivity was masked by the Reference Sample ICNs, 

thresholded at z ≥ 6. The resulting sets of mean connectivity scores were measurements of the 

mean connectivity strengths (as parameter estimates) for each ICN for each subject: larger mean 

connectivity scores indicated more integrated activation dynamics across all voxels included in 

the ICN, whereas lower mean connectivity scores reflected more disparate activation dynamics.  

Normality of the distributions of mean connectivity scores derived using the Reference 

Sample ICNs across individuals in the Reference and Retest Samples was tested using the 

Shapiro-Wilk test (Shapiro & Wilk, 1965). Mean connectivity scores from nearly all ICNs were 

positively skewed to a significant degree. Logarithmic transformations were applied to improve 

the distributions in order to comply with normality assumptions implicit in the subsequent 

analyses. The two sets of mean connectivity scores were then used to complete subsequent 

analyses, including the network-level ICC calculation to produce a single ICC score for each ICN 

and tests of association with individual differences in cognition and impulsivity.  

Next, the dual regression procedure was completed using the individual-level data from 

the Cross-Validation Sample while using the Reference Sample ICNs as the templates (Figure 

2.B3). This produced networks in the Cross-Validation sample (at the individual level) that were 

based on the Reference Sample ICNs and allowed for subsequent analyses of replication to test 

data derived from the same brain regions. The dual regression procedure produced 32 subject- 

and session-specific 4D files from the Cross-Validation Sample data that were based on the 
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Reference Sample templates. The calculation of mean connectivity scores and subsequent 

assessment for normality of the distributions of mean connectivity scores was assessed for the 

Cross-Validation Sample using the same techniques used on the Retest Sample data. The mean 

connectivity scores from nearly all ICNs were positively skewed to a significant degree; 

therefore, logarithmic transformations were applied to improve the distributions for the same 

purposes as those listed above.  

ICN Strength and Individual Differences in Cognition and Impulsivity: 

All subsequent analyses employed the mean connectivity scores derived from the results 

of the dual regression using the Reference Sample ICNs as templates for generating subject- and 

scan-specific connectivity maps for individuals in the Reference, Retest, and Cross-Validation 

Samples. As stated above this ensured that that all subject- and session-specific connectivity maps 

were derived from the same template for these analyses, and thus ensured that the same brain 

regions would be reflected across the samples.  

Multivariate regression analyses (implemented in the R Statistical Package) were used to 

assess the functional implications of the Reference Sample ICNs by investigating the associations 

between individual differences and intrinsic connectivity in the three samples.  For these 

analyses, the scan-specific mean connectivity scores derived for each subject and based on the 

Reference Sample ICNs were used as predictors of cognitive performance scores and impulsivity 

scores. Cognitive ability of the participants was tested at each scan time point used in the present 

analysis for which cognitive data was available (cognitive data not available for two subjects at 

second time point). In turn, the analysis of associations and individual differences at the first time 

point employed connectivity and cognitive data from all 27 subjects (Reference Sample), whereas 

the follow-up analyses using said data collected at the second time point employed data from 25 

participants (Retest Sample). Due to the collection methods of impulsivity scores in the Reference 
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and Retest Samples, impulsivity data were not available for each of the fMRI scan time points 

used in the present analysis. In order to have complete data for analysis, impulsivity scores 

collected closest to the date of the scan for the first time point were included in the analysis.  

The functional relationships of the Reference Sample ICNs with cognitive performance 

and personality variables were first assessed in the Reference Sample; subsequently, significant 

findings were investigated in the Retest and Cross-Validation samples. Beginning with data from 

the Reference Sample, for the two cognitive factors, connectivity scores for the non-artifact 

Reference Sample ICNs derived for each participant were entered into a multivariate analysis to 

explore the associations of ICNs with cognitive ability (Figure 2.A5.1). Significant predictors in 

the Reference Sample were then examined in the Retest Sample to test the reliability of the 

association across time (Figure 2.A6). Additionally, the stability of cognitive performance was 

tested by correlating the cognitive factor scores in the Reference Sample (time 1) with those in 

the Retest Sample (time 2), and also computing ICCs of these cognitive factor scores (see 

Supplemental Table 2). Similarly, for each of the three impulsivity factors, the non-artifact 

Reference Sample ICNs derived for each participant in the Reference Sample were entered into a 

multivariate analysis to explore the associations of ICNs with self-reported impulsivity (Figure 

2.A5.2). Significant predictors in the Reference Sample were examined in the Cross-Validation 

Sample to test the reproducibility of the association in an independent sample (Figure 2.B4). 

 

RESULTS 

FUNCTIONAL INTERPRETATION OF REFERENCE-RETEST SAMPLE ICNS 

 For each of the three samples separately (Reference Sample, Retest Sample, and Cross-

Validation Sample), the meta-level approach was employed to generate the most consistent ICNs.  

To examine how the ICNs were associated with networks activated during particular cognitive 
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tasks and obtain functional interpretation of the ICNs we calculated the Pearson‟s correlations (r) 

between each 3D ICN and 3D BrainMap ICA-derived task-based connectivity map (Laird et al. 

2011). Artifacts were identified based on visual discrimination, and included those due to cardiac 

or respiratory functions, and those which were located primarily in periphery regions rather than 

gray matter, and thus likely due to movement or other non-neural physiological fluctuations 

(Kelly et al., 2010; Smith et al., 2009). 

 Using the Reference Sample ICNs, a total of 12 non-artifact ICNs were derived which 

reflected sixteen of the eighteen non-artifact BrainMap networks (r ≥ 0.30 with any ICN, see 

Figure 3a) as some ICNs loaded on multiple BrainMap networks. The greatest similarity between 

BrainMap and Reference Sample ICNs, as shown by the correlation, was observed for the 

following three ICNs: a network associated with vision (r= 0.74 with BM 12), networks 

associated with coordination (r=0.69 with BM 09), and the left-lateralized executive functions of 

language and memory network (r=0.67 with BM 18). The Reference Sample ICN that 

demonstrated the weakest relationship to associated BrainMap derived networks was the ICN 

associated with executive control of emotion (r=0.32 with BM 04). Additionally, the visuomotor 

network (BM 06) and the network associated with viewing complex images (BM10) were not well 

represented in this sample. Axial slices of the non-artifact ICNs from the Reference Sample 

(REF) are shown in Figure 4 alongside the matched BrainMap (BM) network, based on the 

correlations described above and shown in Figure 3a. Notably, the meta-level ICA revealed 

additional components that were present in all three samples of resting-state data, but were not 

associated with the BrainMap networks. One was a bilateral frontal-temporal lobe component 

which weakly loaded on the default mode and also left-executive functions (such as memory and 

language), the other was a component indicative of white matter; these are shown in Figure 4.  
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Figure 3.  Heat map matrices comparing BrainMap meta-analytic networks (Laird et al., 2011) with ICNs from the Reference-Retest 

dataset using a Pearson‟s correlation. A) Relationships between BrainMap and the Reference Sample (12 non-artifact ICNs). B) 

Relationships between BrainMap and the Retest Sample (15 non-artifact ICNs). 
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Figure 4.  Axial slices of ICNs derived from Reference Sample (REF), Retest Sample (RT), Cross-validation Sample 

(CV) separately, and the matched BrainMap Task-based network (BM; Laird et al. 2011). Connectivity intensity was 

thresholded at z ≥ 6. Note, some ICNs were associated with multiple BrainMap components; accordingly they appear 

in multiple instances in the figure. Additionally, BrainMap component number 6 and 10 are not shown, these were not 

replicated in the resting-state data with correlations ≥ 0.30 or shown at a lower correlation and represented in each 

independent sample. Two components were present in the three independent samples which were not present in the 

BrainMap data, one is a bilateral frontal-temporal ICN (REF 12) which weakly loaded on social cognition and left-

executive components from BrainMap; the other is a white matter component (not included in the analyses). 

 

 Using the Retest Sample ICNs, a total of 15 non-artifact ICNs were derived which 

reflected seventeen of the eighteen non-artifact BrainMap networks (r ≥ 0.30 with any ICN, see 

Figure 3b) as some ICNs loaded on multiple BrainMap networks. The greatest similarity between 

BrainMap and Retest Sample ICNs, as shown by the correlation, was observed for the following 

four ICNs: two networks associated with reward (r=0.78 with BM 02; r=0.77 with BM 03), as 

well as networks associated with vision (r=0.76 with BM 12) and a network associated with 

speech (r=0.76 with BM 17). The Retest Sample ICN that demonstrated the weakest relationship 

to associated BrainMap derived networks was the ICN associated with visuomotor tasks (r=0.34 

with BM 06), which was a network that was also not well represented in the Reference Sample. 

Additionally, the audition network (BM 16) was not well represented in this Sample. Although 

the magnitude of the relationships with BrainMap networks changed from time 1 (Reference 

Sample) to time 2 (Retest Sample), this change was generally within a narrow band, and the 

overall one to one, or one to two correspondence with BrainMap networks remained. Axial slices 

of the non-artifact ICNs for the Retest (RT) sample are shown in Figure 4 alongside the matched 

BrainMap (BM) network, based on the correlations described above.  

TEST-RETEST RELIABILITY OF REFERENCE-RETEST SAMPLE ICNS:  

Reliability of Reference-Retest ICNs was evaluated four ways: 1) group reliability was 

assessed with correlations of voxel-wise connectivity; 2) group reliability at the network-level 

was assessed for spatial overlap using the Dice Similarity Index; 3) within-subject reliability of 
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voxel-wise connectivity was calculated using intraclass correlation coefficients; 4) within-subject 

network-level average connectivity was calculated using intraclass correlation coefficients. 

Group-level Reliability of Connectivity Networks: Reference & Retest Samples 

Pearson‟s correlations (r) between ICNs from Reference Sample and Retest Sample were 

completed to examine reliability of voxel-wise connectivity strength in group-level ICNs over 

time. Overall, the ICNs from Reference Sample showed a high degree of correspondence with the 

Retest Sample ICNs, with most components showing a one to one relationship across the samples 

(see Figure 5). The greatest correspondence between Reference Sample and Retest Sample ICNs, 

as shown by the correlations, was observed for the following four ICNs:  networks associated 

with interoception and autonomic functions (r=0.87), social cognition and the default mode 

(r=0.86), right-lateralized executive functions of inhibition and attention (r=0.85), as well as left-

lateralized executive functions of language and memory (r=0.83). The Reference Sample ICN 

that demonstrated the weakest relationship to associated Retest Sample ICN was for networks 

associated with sensorimotor of the arm and hand (r=0.45). 



 

24 

 

Retest Sample ICNs
Matched to BrainMap

BrainMap

Association

Emotion -- Reward1 16

Reward2 -- Emo/Exec 0

Interoception 4

Visuospatial 10

Arm/Hand 11

Coordination 7

Vision1 1

SocCog/DMN 8

SocCog/DMN 12

Right-Exec 3

Audition -- Speech 6

Left-Exec 5

9 10 7 1 6 3 2 5 8 13 4 11 14 18 12

 Adult Time 1 
Dice SI

Adult Time 2 ICNs

R
e

fe
re

n
ce

 S
am

p
le

 IC
N

s
M

at
ch

e
s 

to
 B

ra
in

M
ap

Reliability

Reference vs. Retest

− 0.00

− -0.10

− -0.20

− 0.30

− 0.20

− 0.10

− 0.60

− 0.50

− 0.40

− 0.80

− 0.70

Emotion -- Reward1 16 0.63 0.52

Reward2 -- Emo/Exec 0 0.58 0.48 0.39

Interoception 4 0.87 0.78

Visuospatial 10 0.71 0.64

Arm/Hand 11 0.37 0.45 0.44

Coordination 7 0.71 0.64

Vision1 1 0.72 0.58 0.68

SocCog/DMN 8 0.86 0.73

SocCog/DMN 12 0.67 0.58

Right-Exec 3 0.85 0.73

Audition -- Speech 6 0.68 0.59

Left-Exec 5 0.83 0.73

9 10 7 1 6 3 2 5 8 13 4 11 14 18 12

 Adult Time 1 
Dice SI

Adult Time 2 ICNs

 

Figure 5.  Heat map matrices comparing networks from Reference Sample ICNs with Retest Sample ICNs to indicate 

reliability or reproducibility strength using a Pearson‟s correlation of brain voxels within an MNI mask. To the right is the 

Dice Similarity Index for matched volumes from the two samples.  
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Each Reference Sample ICN was paired with a single Retest Sample ICN based on the 

above correlations in order to calculate the Dice Similarity Index (SID) and examine the spatial 

reliability of group-level ICNs over time. For this analysis ICNs were thresholded at z ≥ 6 and 

binarized.  The four Reference Sample ICNs that demonstrated the highest degree of similarity to 

Retest Sample ICNs were the following (see Figure 5): networks associated with interoception 

and autonomic function (SID = 0.78), social cognition and the default mode (SID = 0.73), left-

lateralized executive functions of language and memory (SID = 0.73), as well as right-lateralized 

executive functions of attention and inhibition (SID = 0.73). Two of the twelve ICN pairs had 

lower spatial overlap, including a network associated with sensorimotor of the arm and hand (SID 

= 0.44) and a network associated with reward and executive control of emotion (SID = 0.39). 

Within-subject Reliability of Connectivity Networks – Reference & Retest Samples 

The same Reference Sample ICNs thresholded at z ≥ 6 and binarized were used as masks 

on the voxel-wise ICC maps derived using the individual level connectivity maps from the 

Reference Sample and Retest Sample. Across the twelve Reference Sample ICNs, mean voxel-

wise ICC (ICCavx) within the thresholded masks ranged from 0.24 to 0.53 (see Table 1). Six out 

of twelve Reference Sample ICNs showed an average voxel-wise ICC equal to or above 0.40; 

these included networks associated with right-lateralized executive functions of attention and 

inhibition (ICCavx = 0.53), left-lateralized executive functions of language and memory (ICCavx = 

0.46), visuospatial processing (ICCavx = 0.45), social cognition and the default mode (ICCavx = 

0.44), audition and speech (ICCavx = 0.40), and coordination (ICCavx = 0.40). This statistic was 

lower for networks associated with emotion and reward (ICCavx = 0.31) and reward and executive 

control of emotion (ICCavx = 0.24).   
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Table 1. Characteristics of ICC reliability maps of ICNs derived from the Reference & Retest Samples 

ICNS IN ANALYSIS

REF ICNs
xyz of maximum ICC 

voxel in ICN

maximum ICC value 

in ICN 

75th percentile ICC 

value in ICN 

# non-zero voxels in 

ICN 

# non-zero voxels 

above 75th 

connectivity 

percentile in ICN 

# non-zero voxels 

above 75th ICC 

percentile in ICN 

 Emotion-Reward 1 (16 ) 63  74  33 0.85 0.43 20155 5039 5024

 Reward 2-Emo/Exec (00) 47  89  41 0.78 0.38 23471 5868 5868

 Interoception/Autonomic (04) 49  56  15 0.82 0.45 13119 3280 3279

 Visuospatial (10) 66  62  52 0.94 0.60 23938 5985 5985

 Arm/Hand (11) 22  48  69 0.94 0.46 24188 6047 6046

 Coordination (07) 31  46  62 0.85 0.51 8399 2100 2100

 Vision 1 (01) 29  16  48 0.91 0.48 20996 5249 5240

 Social Cog/Default Mode (08) 42  34  40 0.89 0.55 11842 2961 2960

 SocialCog/Memory (12) 22  49  38 0.86 0.44 20432 5108 5106

 Right-Executive (03) 30  76  62 0.93 0.66 20509 5129 5118

 Audition-Speech (06) 11  57  50 0.91 0.56 20623 5156 5155

 Left-Executive (05) 56  79  62 0.93 0.59 18661 4666 4652

ICNS IN ANALYSIS

REF ICNs
mean ICC across 

voxels in ICN 

mean ICC across 

voxels above 75th 

percentile of 

connectivity

mean ICC across 

voxels above 75th 

ICC percentile 

ICC of mean 

connectivity in ICN

ICC of mean 

connectiviy across 

voxels above 75th 

connectivity 

percentile 

ICC of mean 

connectiviy across 

voxels above 75th 

ICC percentile

 Emotion-Reward 1 (16 ) 0.31 0.31 0.52 0.34 * 0.33 0.66 **

 Reward 2-Emo/Exec (00) 0.24 0.29 0.48 0.34 * 0.42 * 0.66 **

 Interoception/Autonomic (04) 0.31 0.27 0.54 0.29 0.29 0.67 **

 Visuospatial (10) 0.45 0.55 0.68 0.51 * 0.49 * 0.70 **

 Arm/Hand (11) 0.32 0.42 0.57 0.51 * 0.59 ** 0.71 **

 Coordination (07) 0.40 0.47 0.59 0.49 * 0.53 * 0.61 **

 Vision 1 (01) 0.37 0.37 0.57 0.31 0.30 0.46 *

 Social Cog/Default Mode (08) 0.44 0.41 0.63 0.30 0.23 0.53 *

 SocialCog/Memory (12) 0.30 0.31 0.54 0.31 0.31 0.63 **

 Right-Executive (03) 0.53 0.55 0.73 0.58 ** 0.53 * 0.74 **

 Audition-Speech (06) 0.40 0.52 0.65 0.69 ** 0.74 ** 0.85 **

 Left-Executive (05) 0.46 0.49 0.67 0.33 * 0.38 * 0.60 **

NETWORK-LEVEL MEANS - Three SubsetsVOXEL-LEVEL MEANS - Three Subsets

VOXEL-LEVEL STATISTICS - Overall VOXEL COUNT - Three Subsets
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Table 1.  ICN, Intrinsic Connectivity Network; ICC, intraclass correlation coefficient; REF, Reference Sample; xyz, 

voxel coordinates in standard space. ICCs were first calculated per voxel for all non- artifactual group ICN then the 

mean across the voxels was calculated within the connectivity map z ≥ 6. Second, then the mean connectivity across 

the voxels was calculated within the connectivity map z ≥ 6 and transformed into log scores, then the ICC of the mean 

connectivity values was calculated for the group ICN. ICCs of the mean connectivity scores (network-level) were 

implemented in R and completed with confidence intervals and F tests. These are the ICCs of the connectivity scores 

used in the analysis of individual differences. First subset includes voxels above the 75th connectivity percentile within 

map z ≥ 6 (“Connectivity Cores”). Second subset includes voxels above the 75th ICC percentile within map z ≥ 6 

(“Reliability Cores”). An ICC lower than 0.40 is considered „poor‟, 0.40 – 0.58 is considered a „fair‟ level of 

agreement, 0.59 – 0.75 is considered „good‟ agreement, 0.76 and above is considered „excellent‟ agreement (Cicchetti 

& Sparrow, 1981). Bold values indicate statistic greater than or equal to 0.40.   

  *  p < 0.05 based on an F test  ;  * * p < .001 based on an F test 

 

 

The same Reference Sample ICNs thresholded at z > 6 and binarized were also used as 

masks on the network-wise mean connectivity scores derived from the Reference Sample and 

Retest Samples. Using these mean connectivity values we calculated a network-level ICC of the 

mean connectivity within the thresholded ICNs from Reference Sample, which ranged from 0.29 

to 0.69 (see Table 1). Five of twelve Reference Sample ICNs showed a network-level ICC of 

average connectivity (ICCn) equal to or above 0.40; these included networks associated with 

audition and speech (ICCn = 0.69), right-lateralized executive functions of attention and 

inhibition (ICCn = 0.58), visuospatial processing (ICCn = 0.51), sensorimotor of the arm and 

hand (ICCn = 0.51), and coordination (ICCn = 0.49). This statistic was lower for networks 

associated with social cognition and the default mode (ICCn = 0.30), and interoception and 

autonomic function (ICCn = 0.29).   

FUNCTIONAL INTERPRETATION OF CROSS-VALIDATION SAMPLE ICNS: 

Using the Cross-Validation ICNs, a total of 13 non-artifact ICNs were derived which 

reflected seventeen of the eighteen non-artifact BrainMap networks when Pearson‟s correlations 

(r) were completed (r ≥ 0.30 with any ICN, see Figure 6b).  The greatest similarity between 

BrainMap and Cross-Validation Sample ICNs, as shown by the correlation, was observed for the 

following four ICNs:  networks associated with vision (r=0.84 with BM 12), social cognition and 
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the default-mode (r=0.71with BM 13), left-lateralized executive functions of language and 

memory (r=0.62 with BM 18), and audition (r=0.61 with BM 16). The Cross-Validation Sample 

ICN demonstrated the weakest relationship to associated BrainMap derived networks was the 

ICN associated with a vision network involved in viewing complex images (r=0.32 with BM 10). 

Additionally, one reward network (BM 03) was not well represented in this sample. Although the 

magnitude of the relationships with BrainMap networks differed between the Reference Sample 

and the Cross-Validation Sample, this change was generally within a small, and again, the overall 

one to one, or one to two correspondence with BrainMap networks remained. Axial slices of the 

non-artifact ICNs for the Cross-Validation (CV) Sample are shown in Figure 4 alongside the 

matched BrainMap (BM) network, based on the correlations described above. 
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Figure 6.  Heat map matrices comparing BrainMap meta-analytic networks with the ICNs from the samples used in cross-

validation using Pearson‟s correlation. A) Relationships between BrainMap and the Reference Sample. B) Relationships between 

BrainMap and the Cross-validation Sample. 
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GROUP-LEVEL REPRODUCIBILITY OF ICNS ACROSS SAMPLES: 

Pearson‟s correlations (r) between ICNs from Reference Sample and Cross-Validation 

Sample were completed to examine reproducibility of voxel-wise connectivity strength in group-

level ICNs across independent samples. Overall, the ICNs from Cross-Validation Sample showed 

a high degree of correspondence with the Reference Sample, with most components showing a 

one to one relationship across the samples (see Figure 7). The greatest correspondence between 

Reference Sample and Cross-Validation Sample ICNs, as shown by the correlations, was 

observed for the following three ICNs:  networks associated with social cognition and the default 

mode (r=0.78), audition and speech (r=0.78), as well as interoception and autonomic functions 

(r=0.74). The Cross-Validation Sample ICN that demonstrated the weakest relationship to 

associated Reference Sample ICN was for a network associated with emotion and reward 

(r=0.46).  
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Figure 7.  Heat map matrices comparing networks from Reference Sample ICNs with Cross-Validation Sample ICNs 

to indicate reliability or reproducibility strength using a Pearson‟s correlation of brain voxels within an MNI mask. To 

the right is the Dice Similarity Index for matched volumes from the two samples. 
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Each Reference Sample ICN was paired with a single Cross-Validation Sample ICN 

based on the above correlations and those shown in Figure 7 in order to calculate the Dice 

Similarity Index (SID) to examine the spatial similarity of group-level ICNs across independent 

samples. For this analysis ICNs were thresholded at z ≥ 6 and binarized.  The four Cross-

Validation Sample ICN pairs that demonstrated the highest degree of similarity to Reference 

Sample ICNs were the following (see Figure 7): networks associated with audition and speech 

(SID = 0.68), interoception and autonomic function (SID = 0.66), and social cognition and the 

default mode (SID = 0.65). The network associated with emotion and reward (SID = 0.34) showed 

the least amount of overlap with the matched Reference Sample ICN.  

ICN STRENGTH AND MEASURES OF COGNITIVE FUNCTIONING AND IMPULSIVITY:  

The functional relationships of ICNs with behavioral factors of cognition and impulsivity 

were first assessed in the Reference Sample, and significant findings were subsequently 

investigated in the Retest or Cross-Validation Sample for the respective variables. The mean 

connectivity scores calculated from subject- and session-specific connectivity maps based on the 

Reference Sample ICNs, which were computed following the dual regression for each sample, 

were used in these analyses. For each of the factors, the mean connectivity scores for the twelve 

non-artifact ICNs identified in the Reference Sample were entered into a multivariate analysis as 

an omnibus test to explore the associations between network connectivity and cognitive ability 

first, and subsequently, using the impulsivity measures. 

The analyses initially used the average connectivity values derived from the full ICN as 

described above (thresholded at z ≥ 6; see Figure 3 for the axial slices). The twelve-ICN model 

showed significant prediction for the memory factor (F(12,14)=3.26 , p < 0.05, Adjusted R 

Square = 0.51) using the time 1 (Reference Sample) data (see Table 2). Six individual predictors 

had significant coefficients (p < 0.05) within the context of the multivariate model. These 
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variables were selected to test the association at time 2, and thus entered into a multivariate model 

to test prediction of the memory ability factors using the Retest Sample mean connectivity scores. 

Analysis using Retest connectivity scores demonstrated the time 1 predictors did not replicate at 

time 2 at the six-ICN model level. Furthermore, the two ICNs that showed significant individual 

predictor coefficients at time 2 (Retest Sample) were in the opposite direction compared to their 

respective coefficients at time 1 (Reference Sample).  Subsequently, the twelve-ICN omnibus 

models did not significantly predict the impulsivity factors in the Reference Sample; thus, the 

associations were not tested in the Cross-Validation Sample. 
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Table 2. Results of multivariate analyses to predict cognitive ability from mean connectivity across voxels in ICN z ≥ 6 (“full ICN”) 

 

Time 1 - Reference Sample β SE β t p β SE β t p

 Reward 2-Emo/Exec (00) -0.18 0.28 -0.63 0.5418 -0.65 0.27 -2.40 0.0308 *

 Vision 1 (01) 0.18 0.25 0.73 0.4763 0.85 0.24 3.60 0.0029 **

 Right-Executive (03) -0.20 0.18 -1.10 0.2902 0.31 0.18 1.77 0.0989

 Interoception/Autonomic (04) -0.22 0.20 -1.06 0.3093 0.29 0.20 1.45 0.1689

 Left-Executive (05) 0.07 0.20 0.33 0.7478 -0.05 0.19 -0.26 0.7958

 Audition-Speech (06) 0.38 0.19 1.93 0.0738 0.28 0.19 1.48 0.1622

 Coordination (07) -0.28 0.35 -0.79 0.4433 -0.13 0.34 -0.39 0.7009

 Social Cog/Default Mode (08) 0.51 0.17 2.91 0.0113 * 0.47 0.17 2.81 0.0140 *

 Visuospatial (10) 0.06 0.21 0.28 0.7822 -0.74 0.20 -3.71 0.0023 **

 Arm/Hand (11) -0.30 0.31 -0.96 0.3545 -0.99 0.30 -3.30 0.0053 **

 SocialCog/Memory (12) 0.37 0.26 1.44 0.1716 0.55 0.25 2.22 0.0431 *

 Emotion-Reward 1 (16 ) -0.17 0.20 -0.85 0.4112 -0.09 0.19 -0.46 0.6523

Overall 12-ICN Model Overall 12-ICN Model

Adjusted R-square: 0.25 Adjusted R-square: 0.51

F (12,14) = 1.728, p = 0.1637 F (12,14) = 3.255, p = 0.01927 *

Time 2 - Retest Sample β SE β t p β SE β t p

 Reward 2-Emo/Exec (00) − − − − -0.23 0.25 -0.92 0.3694

 Vision 1 (01) − − − − -0.04 0.30 -0.13 0.9023

 Audition-Speech (06) − − − − − − − −

 Social Cog/Default Mode (08) − − − − -0.03 0.18 -0.19 0.8524

 Visuospatial (10) − − − − -0.26 0.20 -1.29 0.2151

 Arm/Hand (11) − − − − 0.84 0.33 2.51 0.0219 *

 SocialCog/Memory (12) − − − − -0.44 0.19 -2.32 0.0321 *

Retest 6-ICN Model

Retest Sample not tested Adjusted R-square: 0.18

F (6,18) = 1.853, p = 0.1449

Attention and Concentraion Factor Episodic Memory Factor
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Table 2.  ICN, Intrinsic Connectivity Network. β, regression coefficient. SE, Standard Error. t, t-statistic for regression 

coefficient. p, p-value for t-statistic. R-square, variance accounted for by the model. F, F-statistic for multivariate 

model. Multivariate analyses were completed to examine whether the twelve ICNs could predict cognitive performance 

in the Reference Sample. t-tests used to test significance of individual predictors in the model. F-tests used to test the 

overall significance of the model. Significant and trend-level results using the 12-ICN models in the Reference Sample 

were further examined in the Retest Sample to assess replication potential. Multivariate analyses of the Barratt 

Impulsivity Factors were not significant at the 12-ICN model in the Reference Sample and thus are not shown.      

   †  p < 0.1 ; *  p < 0.05 ;  **  p < 0.01  

 

With aim to constrain the analysis to the voxels that may be more relevant to cognition 

and behavior, the masks from the full ICNs were rethresholded to only include those voxels 

above the 75
th
 percentile in the connectivity distributions for each ICN individually. A second 

iteration of the mean connectivity scores for all ICNs was generated for participants using the 

constrained masks, and the ICC summary statistics for the new maps were calculated (see Table 

1). The omnibus twelve-ICN multivariate analyses were repeated in the Reference Sample using 

the new connectivity scores. Significant prediction by the twelve-ICN model was not found for 

the two cognitive, or the three impulsivity, factors; thus, these associations were not tested in the 

Retest Sample or the Cross-Validation Sample, respectively. 

 Next, to constrain the analysis to voxels that showed highly reliable estimates of 

connectivity across time, the masks from the full ICNs were rethresholded to only include those 

voxels above the 75
th
 percentile in the ICC distributions for each ICN individually. A third 

iteration of the mean connectivity scores for all ICNs was generated for participants using this 

second set of constrained masks, and the ICC summary statistics were calculated (see Table 1). 

The omnibus twelve-ICN multivariate analyses were repeated using the third iteration of the 

connectivity scores for the Reference Sample. The twelve-ICN model showed trend-level 

prediction for the attention factor (F(12,14)=2.339 , p = 0.066, Adjusted R Square = 0.38) using 

the time 1 (Reference Sample) data (see Table 3). For the model, a single predictor (mean 

connectivity in ICN 08, default mode network) showed a significant coefficient (p < 0.01) within 

the context of the multivariate model. Despite the supra-significant findings for the overall model, 
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mean connectivity in ICN08 was used to test the association at time 2 (Retest Sample) given the 

exploratory nature of the analysis and that the trend-level results of the omnibus test using a small 

sample size. In the follow-up analysis completed using the Retest Sample (time 2), mean 

connectivity in ICN 08 significantly predicted scores on the attention factor (F(1,23)=4.923, p < 

0.05, Adjusted R Square = 0.14). Post-hoc correlations between the attention factor and mean 

connectivity in ICN 08 were significant for both samples (at time 1 (Reference Sample) r = 0.54, 

p < 0.005 and at time 2 (Retest Sample) r = 0.42, p < 0.05). Figure 8 shows these relationships, as 

well as the associations between connectivity and the other cognitive factor at both time points 

for descriptive purposes. Lastly, significant prediction by the twelve-ICN model was not found 

for the three impulsivity factors using the connectivity scores from the Reference Sample; thus, 

these associations were not tested in the Cross-Validation Sample. 
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Table 3. Results of multivariate analyses to predict cognitive ability from mean connectivity across voxels above the 75th ICC percentile in 

ICN ≥ 6 (“reliability cores”) 

 

Time 1 - Reference Sample β SE β t p β SE β t p

 Reward 2-Emo/Exec (00) -0.14 0.30 -0.45 0.6602 -0.57 0.38 -1.53 0.1492

 Vision 1 (01) 0.06 0.23 0.28 0.7826 0.47 0.28 1.68 0.1161

 Right-Executive (03) -0.16 0.19 -0.86 0.4056 0.17 0.24 0.73 0.4749

 Interoception/Autonomic (04) -0.34 0.21 -1.58 0.1366 -0.03 0.27 -0.13 0.9017

 Left-Executive (05) 0.12 0.19 0.62 0.5471 -0.18 0.24 -0.75 0.4670

 Audition-Speech (06) 0.23 0.20 1.19 0.2527 0.05 0.24 0.21 0.8372

 Coordination (07) -0.39 0.34 -1.14 0.2733 0.07 0.42 0.16 0.8726

 Social Cog/Default Mode (08) 0.52 0.17 3.15 0.0071 ** 0.69 0.21 3.33 0.0049 **

 Visuospatial (10) 0.13 0.21 0.63 0.5416 -0.65 0.26 -2.47 0.0270 *

 Arm/Hand (11) 0.02 0.30 0.05 0.9577 -0.53 0.38 -1.40 0.1827

 SocialCog/Memory (12) 0.24 0.27 0.90 0.3845 0.38 0.33 1.13 0.2795

 Emotion-Reward 1 (16 ) -0.14 0.24 -0.57 0.5768 0.19 0.30 0.63 0.5371

Overall 12-ICN Model Overall 12-ICN Model

Adjusted R-square: 0.38 Adjusted R-square: 0.32

F (12,14) = 2.339, p = 0.0659 † F (12,14) = 2.016, p = 0.1058

Time 2 - Retest Sample β SE β t p β SE β t p

 Social Cog/Default Mode (08) 0.29 0.13 2.22 0.0366 * − − − −

 Visuospatial (10) − − − − − − − −

Retest 1-ICN Model

Multiple R-square: 0.18 Retest Sample not tested

F (1,23) = 4.923, p = 0.0367 *

Attention and Concentraion Factor Episodic Memory Factor
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Table 3.  ICN, Intrinsic Connectivity Network. ICC, intraclass correlation coefficient. β, regression coefficient. SE, 

Standard Error. t, t-statistic for regression coefficient. p, p-value for t-statistic. R-square, variance accounted for by the 

model. F, F-statistic for multivariate model. Multivariate analyses were completed to examine whether the twelve ICNs 

could predict cognitive performance in the Reference Sample. t-tests used to test significance of individual predictors in 

the model. F-tests used to test the overall significance of the model. Significant and trend-level results using the 12-ICN 

models in the Reference Sample were further examined in the Retest Sample to assess replication potential. 

Multivariate analyses of the Barratt Impulsivity Factors were not significant at the 12-ICN model in the Reference 

Sample and thus are not shown.      

 †  p < 0.1 ; *  p < 0.05 ;  **  p < 0.01  

 

 

r = 0.54
p = 0.004

r = 0.42
p = 0.037 

r = -0.02
p = 0.913

r = 0.32
p = 0.106

 

 

Figure 8.  Relationships between intrinsic connectivity and cognitive factors using connectivity regions constrained to 

only the voxels above the 75th percentile of the ICC distribution for each ICN individually (“Reliability Cores”). At 

time1 cognitive data was available on all 27 participants (Reference Sample), at time2 cognitive data was available on 

25 participants (Retest Sample).
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RELIABLE REGIONS IN RESTING-STATE CONNECTIVITY 

The analyses of individual differences reported above used three sets of mean 

connectivity scores that differed with regard to the brain regions and voxels used to generate 

them. As stated above, the ICC summary statistics were calculated for each set, as shown in Table 

1. As the threshold for connectivity increased, and the mask became more representative of the 

“cores” of the connectivity. The overall means for the voxel- and network-level ICC statistics 

increased by + 0.04 and + 0.01, respectively, across the twelve ICNs. The overall mean of voxel-

level ICC means increased from 0.38 to 0.41; the overall mean of network-level ICC increased 

from 0.42 to 0.43. Subsequently, as the threshold for reliability was raised based on voxel ICC, 

the mask became more representative of the “cores” of reliability, and the overall means for the  

voxel- and network-level ICC statistics increased by + 0.22 and + 0.24 respectively, across the 

twelve ICNs. The overall mean of voxel-level ICC means increased from 0.38 to 0.60; the overall 

mean of network-level ICC increased from 0.42 to 0.65. Additionally, relative to the similar 

reduction in the number of voxels for the two thresholding techniques, the increases in the ICCs 

as a result of the thresholding were substantially different. 

To quantify the degree to which the “connectivity cores” and “reliability cores” 

overlaped, for each Reference Sample ICN, we calculated a Dice Similarity Index (SID) for the 

constrained masks described above: a mask of the voxels above the 75
th
 percentile in the 

connectivity distribution and a mask of the voxels above the 75
th
 percentile in the ICC 

distribution. Overlay images of these masks and the resulting SID are shown in Figure 9. Overall 

the SID statistics across the twelve ICNs were low with an overall mean SID of 0.29. The highest 

correspondence between the connectivity cores and reliability cores was observed for the ICN 

associated with speech and audition (SID = 0.46), whereas the lowest correspondence was 

observed for the ICN associated with autonomic processes and interoception (SID = 0.15). 
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Figure 9. Comparison of  ICN maps including voxels of varying degrees of reliable resting-state connectivity 

for the Reference Sample meta-ICNs. Also shown is the extent of spatial overlap of the varying degrees of 

reliability maps, accompanied by the Dice Similarity Index. Maroon indicates the meta-ICN with connectivity 

thresholded at z ≥ 6; blue indicates the “connectivity cores” that are regions where connectivity values include 

only those above the 75th percentile within the z ≥ 6 mask; yellow indicates the “reliability cores” that are 

regions where the intraclass correlation coefficient are above the 75th percentile within the z ≥ 6 mask; green 

indicates the overlap or intersection of the connectivity cores with the reliability cores.  
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DISCUSSION 

 One goal of the present study was to assess the degree to which data-derived intrinsic 

connectivity networks (ICNs) observed at rest corresponded with meta-analytically-derived, task-

based networks (BrainMap; Laird et al., 2011). A second goal was to determine whether such 

ICNs were reliable over time and reproducible in an independent sample. A third goal was to 

examine whether relationships with external variables, such as cognition or impulsivity, were 

consistent over time and across samples.  Our three datasets allowed us to demonstrate robust and 

independent replication of twelve ICNs. In each dataset, the ICNs were found to reflect sixteen of 

the eighteen BrainMap task-based networks (Laird et al., 2011).  

Although a number of studies have reported resting-state networks that are similar to 

task-based functional networks, this is the first study to directly replicate the findings by Smith et 

al. (2009), who showed a high correspondence between ten BrainMap task-based networks and 

ten resting-state networks. Using an expanded set of BrainMap task-based networks (Laird et al., 

2011) we show a high correspondence between sixteen BrainMap networks and twelve to fifteen 

ICNs across three samples of resting-state data using a meta-level ICA approach. This approach 

was similar to methods employed by Smith et al. (2009), although it combined over five times the 

number of MELODICs in the meta-level ICA. Given the close correspondence of our findings 

with Smith et al. (2009), the present study validates the expanded meta-level ICA procedure 

employed here to produce ICNs that are highly representative of networks derived during a wide 

range of cognitive tasks.   

Notably, our method derived multiple ICNs reflecting several networks associated with 

emotion and reward which did not appear to be reflected in the resting-state networks reported by 

Smith and colleagues.  In addition, we derived a bilateral temporal-frontal lobe network in all 

three samples that showed only weak relation to the BrainMap networks representing left 
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executive functions (language and memory) and social cognition. This network was not observed 

in the BrainMap or resting-state networks derived by Smith and colleagues (Smith et al., 2009). 

This ICN was observed, however, by Biswal et al. (2010) in a meta-ICA of resting-state data 

from over 1,000 subjects, in which 25 MELODICs were combined in the meta-level ICA. It is 

possible that expanded meta-ICA approaches can converge on more components such that group-

ICNs are generated for connections that have, for example, higher variability across individuals, 

and which may otherwise not be revealed in the sample using few or a single ICA decomposition. 

We show that ten of the twelve ICNs represented in our Reference Sample were highly 

reliable at the group-level across approximately nine months (r ≥ 0.60). Additionally, eight of the 

twelve ICNs in the Reference Sample were reproduced at the group-level with a high degree of 

correspondence in Cross-Validation Sample (r ≥ 0.60). The networks which showed high spatial 

reliability and reproducibility include those associated with right lateralized executive functions, 

left-lateralized executive functions, speech and audition, default mode, vision, and autonomic 

processes and interoception. These networks are also consistently reported in studies of resting-

state connectivity using a model-free approach (Beckmann et al., 2005; Biswal et al., 2010; 

Damoiseaux et al., 2006; Smith et al., 2009; Zuo et al., 2010). However, only two of the ICNs in 

the present study, the speech and audition network as well as the right-lateralized executive 

network, additionally showed at least „fair‟ within-subject reliability at both the voxel- and 

network-level when considering the full component (Cicchetti & Sparrow, 1981). In turn, 

although reproducibility of ICNs across time and across samples is robust in the spatial 

dimension, it cannot be taken to suggest that the connectivity dynamics within and across subjects 

will necessarily be reproducible and reliable at a significant level (unless a procedure to obtain 

the most reliable regions is employed, as in the present study). 
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With regard to the with-in subject reliability results, calculations of the ICCs on data 

collected from subjects at two points over approximately nine months revealed modest reliability 

metrics for the twelve ICNs, overall, when considering the full component: overall mean of 0.38 

at the voxel-level (range: 0.24 – 0.53), and an overall mean of 0.42 at the network level (range: 

0.29 – 0.69). These are consistent with to the overall reliability findings reported for ICNs at rest 

in previous investigations (Braun et al., 2012; Shehzad et al., 2009; Zuo et al., 2010). In our 

study, the two ICNs with the highest mean ICC at the voxel level for the full component included 

the right and left lateralized executive networks. This agrees with the work by Zuo et al. (2010) 

who used similar, but not meta-ICA, methods. Both studies show that executive networks have 

high ICCs relative to other ICNs, and networks associated with interoception and autonomic 

processes, reward, or emotion are among those with lower ICCs. In the present study the 

reliability statistics for the full components are, to some extent, lower than those reported by Zuo 

and colleagues for some ICNs (Zuo et al., 2010); however, this may be due to methodological 

differences, primarily that three scanning sessions were subsumed in the statistics by Zuo et al. 

(2010), compared to two scanning sessions in the present study.  

A recent review of the within-subject reliability across task-based activation studies 

suggested that there is no current consensus in the imaging field regarding the degree of 

reliability one should expect from fMRI data. Some studies have used thresholds of ICC > 0.4 

(Eaton et al., 2008) or ICC > 0.5 (Aron, Gluck, & Poldrack, 2006) to create masks for imaging 

contrasts; however, most researchers do not examine the test-retest reliability for their task or 

method (Bennett & Miller, 2010). Across studies reporting reliability statistics in the task-based 

fMRI domain, the average ICC was 0.50 and the average cluster overlap using the Dice Similarity 

Index was 0.45. The methods using resting-state connectivity presented in the current paper 

generated ICNs with relatively comparable ICC statistics, and relatively superior Dice statistics, 



 

44 

 

such that the majority of ICN Dice values were ≥ 0.60. This speaks to the robustness of the 

intrinsic connectivity of the brain, particularly given the high Dice statistics in the presence of 

predominantly modest ICCs. In turn, fMRI data collected from subjects who are relatively 

unconstrained with regard to cognitive state, and analyzed using a model-free analysis is 

implemented, can reveal patterns of brain connectivity that are comparable in reliability to fMRI 

data collected while imposing specific cognitive states and analyzed using a priori theory-driven 

contrasts. 

Nonetheless, the ICC statistics of resting-state connectivity in the present study (when 

considering the full component) as well as in previous studies of test-retest reliability of intrinsic 

connectivity  (Braun et al., 2012; Shehzad et al., 2009; Zuo et al., 2010) were low relative to those 

expected in the psychometrics field. For a new behavioral assessment measure to be considered 

reliable it is typically required to have an ICC above 0.8.  That is, in order to make any 

meaningful interpretations using the assessment, this measure must first be reliable, given the 

validity of a metric is limited by its reliability (Meehl, 1986).  

With this cannon in mind, we employed two methods to try and obtain reliable voxels 

within the ICNs using a principled approach. First we constrained the ICNs to only the voxels 

above the 75
th
 percentile in the connectivity distributions, referred to as “connectivity cores.” 

Second we constrained the ICNs to only the voxels above the 75
th
 percentile in the reliability 

distributions, referred to as “reliability cores.” We observed that while the reliability cores 

substantially increased the ICCs for the network-level connectivity means derived from the 

masks; the connectivity cores did not provide dramatic improvement for these values.  

We also tested the connectivity cores and reliability cores in the multivariate analysis 

initially completed using predictors based on the full component. The initial analyses using full 

component predictors revealed six ICNs with individually significant coefficients, in the context 
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of a significant overall model, to predict cognitive ability in the Reference Sample. However, 

when investigated in the Retest Sample using a model based on the findings in the Reference 

Sample, the significant prediction did not replicate. Next, when predictors based on the 

connectivity cores were entered into the multivariate analysis to test associations with cognitive 

ability significance was not obtained, even though positive findings were previously 

demonstrated in the context of the full component using the Reference Sample.  

On the other hand, when predictors based on the reliability cores were entered in the 

multivariate analysis, fewer ICN predictors were significant compared to the findings from the 

full component predictors employed in the Reference Sample. This analysis demonstrated a 

trend-level overall model to predict cognitive ability in the Reference Sample, within which a 

single ICN showed individually significant coefficient for the prediction. Furthermore, when 

investigated in the Retest Sample, the single predictor demonstrated potential to replicate the 

association originally observed in the Reference Sample. This can be taken to suggest the 

multiple associations revealed by the full component predictors may have included spurious 

results due to the increased number of voxels setting up the potential for increased false-positives. 

Alternatively, permitting more voxels in the mean connectivity calculation may have provided a 

better estimate of the central tendency of the brain connectivity. If this were the case, the full 

component analysis may have provided more power to reveal a greater number of associations in 

the Reference Sample, and for other reasons, such as missing data for two subjects, replication 

was not obtained in the Retest Sample.  

To summarize the discussion regarding network reliability and application to individual 

differences, the multivariate results using the full component showed the potential to be over-

inclusive, and the connectivity cores, which showed no significant findings and no improvement 

in reliability, may have been less relevant to individual differences.  Similar to the observations in 
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the present study that the connectivity cores were not as reliable, or robust, as the reliability cores, 

task-based fMRI investigations also demonstrate that the most significant voxels are not 

necessarily the voxels with high retest reliability (Bennett & Miller, 2010; Caceres, Hall, Zelaya, 

Williams, & Mehta, 2009). In turn, although contrast activations from task-fMRI and resting-state 

connectivity are two different ways to measure the brain, they share the characteristic that supra-

threshold voxels do not guarantee sufficient within-subject reliability across time, and other 

methods for identifying the reliable voxels are needed. 

Using the reliability core predictors in the Reference Sample, the twelve-ICN model was 

associated with the factor measuring attention and concentration ability, albeit at a trend-level. 

For this finding, only the default mode ICN showed a significant individual coefficient in the 

model, and thus the potential to predict cognitive performance. Given the default mode network 

was the only significant predictor in the twelve-ICN model demonstrating an overall trend, we 

tested the individual association in the Retest Sample, and found replication between connectivity 

in the default mode network and performance on tests of attention and concentration. However, 

since the initial twelve-model ICN was not significant below 0.05, the finding needs to be 

interpreted with caution and replicated in an independent and larger sample. If this finding were 

replicated in an independent and larger sample, it would suggest that the extent to which 

individuals demonstrated stronger and more integrated connectivity across the regions of the 

default mode network, predicted better performance on tests of attention and concentration, and 

that this relationship was reliable over time. 

As described above, the default mode network demonstrated only modest reliability 

relative to other ICNs in the present study, but was the only potentially significant finding across 

the reliability samples. This is contrary to our hypotheses. We expected ICNs with higher within-

subject reliability, such as those associated with right-lateralized executive functions or 
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visuospatial reasoning, to show predictive relationships with cognitive performance. It is possible 

that our sample size impaired our ability to find a wider range of associations. Additionally, we 

only examined two factor domain scores of cognition: 1) attention and concentration, 2) episodic 

memory.  It is possible that other cognitive processes, such as emotional responsivity, context-

processing, higher-level reasoning, or language ability may show additional interesting 

relationships with intrinsic connectivity. On the other hand, attention and concentration is a broad 

domain of cognitive functioning which interacts with other domains, in that sufficient attention is 

typically a perquisite for successful completion of any type of cognitive challenge. It has been 

suggested that the default mode network responds to task-demands by modulating its connectivity 

(including anticorrelations) with other, potentially behaviorally relevant networks, and thus may 

have play a “tuning” role on the large-scale connectivity in the brain, and in turn, behavior 

(Leech, Kamourieh, Beckmann, & Sharp, 2011). If this is the case, it is reasonable that a broad 

cognitive process which influences many cognitive functions is associated with a broad 

connectivity network which influences the dynamics of cortical regions responsible for those 

cognitive functions. We provide some evidence for this below.  

Although the default mode network is typically classified as a “task negative” network 

because it is often observed to deactivate during many task-based fMRI experiments (as reviewed 

by Gusnard & Raichle, 2001), our potential finding is supported by evidence of functional 

implications of the default mode network both during rest and during task.  Hampson et al (2006) 

was one of the first to show that connectivity in regions of the default mode network 

demonstrated positive correlation with working memory performance. Additionally, Kelly et al 

(2008) demonstrated the degree to which individuals showed anticorrelation between the default 

mode network and task-positive network was associated with variability of performance on a 
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cognitive control task (Eriksen Flanker); that is, a greater negative correlation predicted less 

variable performance, and this relationship was found using connectivity from both task and rest.  

Recent findings from Leech et al. (2011) help to bring coherence to these findings and the 

results presented in the current paper. They revealed a fractioning of the posterior cingulate 

cortex (PCC), a major hub within the default mode network, into functionally disparate dorsal and 

ventral regions when engaged in tasks. Efficient behavior may be modulated by the coupling and 

anticorrelation of the dorsal PCC with other networks. That is, with increasing task demands the 

dorsal PCC showed increased connectivity and integration with the rest of default mode network, 

as well as increased anticorrelation with cognitive control networks (Leech et al., 2011). In 

contrast, the ventral PCC became less integrated with the rest of the default mode network, and 

thus may primarily be involved in the supporting self-directed thought (Svoboda, McKinnon, & 

Levine, 2006). This being the case, under high task demands, deactivation of the ventral PCC 

might be interpreted as a suppression of internally directed thought, so as to focus attention on the 

task goal (Leech et al., 2011).  

Another study by Mennes et al (2011) demonstrated that measures obtained from a 

number of regions, including the default mode network, predicted the degree of task-evoked 

activity during a cognitive control task (Eriksen Flanker), as well as the behavioral performance 

on the task.  Taking all of the findings together, there is support for the promising, although non-

significant, positive relationship between default mode connectivity and attention and 

concentration ability described in the present study. A synthesis of this literature, with the present 

observation, may be the degree to which the default mode network shows strong connectivity and 

integration at rest, is potentially an index for the degree of connectivity and integration of the 

dorsal PCC when a subject is under cognitive demand. However, due to the supra-threshold 

characteristic of the initial finding in the Reference sample, the finding needs to be replicated in 
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independent samples and further examined. In the present study we used a conservative approach 

to selecting connectivity predictor variables by including all twelve possible predictors in the 

initial models. Alternative methods of predictor selection may be advantageous in this situation, 

particularly given the limited sample size. 

The Barratt Impulsivity Scale showed no significant relationships with the connectivity 

scores from the Reference Sample, ensuing that the cross-validation analysis was not appropriate 

for the study. This null finding may be partly related to the lack of variance in the healthy 

controls in the Reference Sample (see Supplemental Table 1), as compared to recent normative 

data collected using these factors (Stanford et al., 2009). A total sum of the factor scores above 74 

is considered indicative of high impulsivity (Stanford et al., 2009), and the max total in the 

Reference Sample was only 71, with a mean of 59. Another effect that might be involved in the 

null finding is the proximity with which the Barratt Impulsivity Scale was administered relative to 

the fMRI scan in the Reference Sample. In the present study, impulsivity ratings were not 

collected for every scan used for the Reference Sample; for the analysis, the scores that were 

most proximal to the time 1 scan were used, resulting in an average of 124.63 ± 174.30 days 

separating the collection of the impulsivity ratings and the fMRI scan. To further test the potential 

for personality variables to show reliable relationships with connectivity, and reproducibility 

across samples, assessments which measure normative personality with greater sensitivity to the 

variance across individuals should be employed in test-retest studies of resting-state connectivity. 

Previous studies have demonstrated relationships between intrinsic connectivity and 

personality variables such as extraversion, neuroticism, risk aversion, and impulsivity in 

substance users.  Xie et al. (2011) used the Barratt Impulsivity Scale and correlated impulsivity 

scores with resting-state connectivity indices in controls and abstinent heroin dependent subjects. 

They found greater impulsivity scores were associated with increased connectivity in the insula, 
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inferior frontal gyrus, and thalamus. Additionally, Cox et al, (2010) investigated how risk-seeking 

and risk-aversion personality might be associated with intrinsic connectivity, and revealed strong 

positive connectivity between inferior frontal gyrus and the right insula was related to increased 

risk aversion. Furthermore, popular personality dimensions such as extraversion and neuroticism 

have also been associated with brain connectivity at rest, and implicate the dorsomedial prefrontal 

cortex, paralimbic regions, cingulate, and precunus in these relationships (Adelstein et al., 2011).  

Notably, each of these studies employed a seed-based approach to intrinsic connectivity analysis. 

It may be that a data-driven whole brain approach, as employed in the current study, requires a 

larger sample to reveal the relationships derived using constrained a priori approaches.  

LIMITATIONS  

There are a number of limitations in the current study which should be considered with 

regard to the findings and implications. First, our potential finding that the association between 

cognitive performance and mean connectivity may be reliable across time was only significant at 

the trend level based on the omnibus test. This limits the interpretability and confidence in the 

finding. Our small sample size may have limited our power to reveal this association at a 

significant level. As stated above, we need to test this association in larger independent samples 

to understand if a reliable association exists between attention and default mode connectivity 

strength. Alternative multivariate methods may also be useful for data-driven selection of 

variables to be included in an initial multivariate model, rather than including all non-artifact 

ICNs derived from the data. Additionally, we did not find an association between self-reported 

impulsivity and connectivity in the Reference Sample in order to test the reproducibility of the 

finding in the independent sample; in turn, this important question remains unanswered. As 

indicated above, the lack of an association appears to be due to limited variance with regard to 

self-reported impulsivity in the Reference Sample. Other measures, such as extraversion, 
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neuroticism, or behavioral inhibition and behavioral activation, could be investigated in a 

reliability sample and replication sample, to again ask the important question regarding the 

reproducibility of behavior-connectivity associations across independent samples. 

Another limitation in this study is that the analyses are currently biased toward the 

Reference Sample, given that all ICNs used in the individual differences analyses were derived 

from this sample. Canonical resting-state ICNs using hundreds of subjects are needed to negate 

this issue. Canonical task-based ICNs currently exist and were employed in the present study for 

functional interpretation; but they have limitations as well. First, the method and type of data used 

to derive them is categorically different than resting-state data. Second, as hypothesized by Deco 

& Corbetta (2011), task-evoked networks are modulated forms of ICNs; as such, task-based 

canonical networks could be inappropriate for study of ICNs collected at rest in their most natural 

form.  The utility of generating “canonical” ICN templates from resting-state data, with aim to 

employ said ICNs in independent samples, could be tested using the data from the present study. 

We could use the current Reference Sample ICNs constrained to the reliability cores as 

“canonical-ICNs” to generate individual level maps for two independent samples for which a 

wider variety of personality variables were collected, then test the reproducibility of behavior-

connectivity relationships across samples. Although we would not know the reliability of the 

relationships between the personality characteristics and connectivity, we could still investigate 

the reproducibility of relationships across independent samples while testing the functionality of 

employing resting-state derived canonical ICNs for this purpose. 

CONCLUSIONS 

In the current study, we present key replications and convergent findings which provide 

further evidence of the utility of ICNs for understanding the functioning of the brain. We showed 

ICNs derived from resting-state data were consistently reproduced across samples, were at least 
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fairly reliable within individuals over time, and shared a number of characteristics with task-

based brain networks. Not only did ICNs show close spatial correspondence to networks 

underlying task-evoked activations, they also showed within-subject reliability that was on 

average similar to the reliability of activation studies, and ICNs mirrored the phenomena 

observed in activation studies of a disunion between the most significant voxels and the most 

reliable voxels. These findings provide new evidence in support of the hypothesis regarding 

intrinsic connectivity proposed by Deco & Corbetta (2011). That is, the shared characteristics 

stated above are observed because ICNs are synchronized oscillations that support and sustain 

representations and modes of functioning from which task-evoked patterns of activation and 

connectivity are produced. In turn, this convergence may ultimately be observed because the 

intrinsic connectivity is not only the foundation for, but may also constrain, the task-based 

activity observed in activation studies. 

In addition, we reveal a potential relationship between the intrinsic connectivity of the 

default mode network and an individual‟s capacity to successfully attend to and concentrate on a 

task which may be a reliable association for the purposes of prediction. As described above, 

replication of this finding is imperative, given the low power of the present study. Nonetheless, 

evidence is provided that supports the default mode as a mechanism by which other networks in 

the brain are “tuned” to effectively respond to stimuli and task demand (Leech et al., 2011) in a 

manner which agrees with the proposed theory proposed by Deco & Corbetta (2011).   

Although there are interesting findings and exciting implications discussed in the present 

study, there was still overall modest within-subject reliability observed for the ICNs, despite high 

spatial similarity across time and samples as shown by the Dice Similarity Index. Given this level 

of reliability, the question is raised regarding how the within-subject reliability of ICNs could be 

improved to and thus predictive power increased. This is a particularly relevant when considering 
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the potential for intrinsic connectivity to be used as a diagnostic measure. A number of studies 

have tested the discriminating power of brain connectivity, particularly as applied to Alzheimer‟s 

disease and schizophrenia, during both task (Arribas, Calhoun, & Adali, 2010; Demirci, Clark, & 

Calhoun, 2008; Greicius, Srivastava, Reiss, & Menon, 2004; Sui, Adali, Pearlson, & Calhoun, 

2009) and during rest (Chen et al., 2011; Greicius, 2008; Shen, Wang, Liu, & Hu, 2010; Sorg et 

al., 2007; Sorg, Riedl, Perneczky, Kurz, & Wohlschläger, 2009; Xie et al., 2011; Zhu et al., 2008) 

using methods similar to those described above.  

One possible solution may be to increase the duration of the scan. The results of the 

studies by Zuo et. al (2010) and Shehzad et. al (2009), indicate that two resting-state scans 

completed within the same hour (intrasession) produced ICNs that were more reliable than two 

scans completed months apart (intersession); however, the difference was nominal. In light of 

this, longer resting-state scans at each time point could potentially lead to higher within-subject 

reliability of connectivity dynamics over the nine month interval, but other methods should be 

considered.  As an alternative, the present study demonstrated one way to improve the reliability 

of intrinsic connectivity values across time was to include only reliable voxels in the calculation. 

Typically, such an approach would require that at least two time points of data were collected in 

order to assess the reliability, which is costly and usually subject to higher rates of attrition. To 

circumvent this burden, a method is needed to derive the reliable regions from data collected at a 

single time point. As a future direction in our work we propose to test a method to do just this 

using an iterative split-half procedure to estimate the voxel-wise ICC for ICNs. By developing 

and implementing the procedure using the data described in the present study, we can then 

compare the new split-half ICC estimates with the traditionally derived ICC estimates reported in 

the present study. By testing the degree of correspondence between the estimates for each ICN we 



 

54 

 

can determine whether this procedure is a pragmatic solution to identify the reliable voxels to be 

included in analyses of individual differences using a single sample of data.   
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Appendix 

Supplemental Table 1. Demographic information and summary statistics for the three Barratt Impulsivity Scale factors for the Reference 

Sample and the Cross-Validation Sample 

Reference Cross-Validation df statistic p-value

Demographic Information

  male : female 19:8 25:7 X
2
(0.15) ns

  mean age (sd) 25 (6.7) 38 (7.7) 56.9 t(-6.72) p < .001

Barratt Impulsivity ‡

  Attention 15.41 (2.45) 15.16 (4.73) W(466) ns

  Motor 19.70 (3.14) 23.50 (4.31) 55.9 t(-3.92) p < .001

  Nonplanning 23.67 (3.58) 21.47 (5.05) W(544) p = 0.089

N=27 for the Reference Sample; N=32 for the Cross-Validation Sample

‡  2nd order factor derived from the Barratt Impulsivity Scale (Patton et al. 1995) 

‡  Factors shown in table calculated as raw scores. Zscores used in all analyses for each sample  
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Supplemental Table 2. Subtests included in the cognitive factors and summary statistics for the two cognitive factors for the Reference 

Sample and the Retest Sample   

Reference Retest ICC Correlation

Attention Factor   † 12.07 (1.62) 12.49 (1.61) 0.77 0.79

WAIS-III digit symbol 
1 

WAIS-III letter number sequencing 
1

WAIS-III digit span 
1

DKEFS number letter trails total 
2

WAIS-III symbol search 
1

DKEFS tower test total 
2

Reference Retest ICC Correlation

Memory Factor   †  12.31 (1.99) 12.97 (1.79) 0.82 0.82

     CVLT list a 1-5 recall 
3

     WMS logical memory recall 1
 4

     CVLT list b recall 
3

     WMS logical memory recall 2 
4

     CVLT short free recall 
3

     WMS logical memory thematic recall 1 
4

     CVLT long free recall 
3

     WMS logical memory thematic recall 2 
4

  N=54 subjects across the two time points (27 x 2)

  Data for 27 subjects available at time 1 = Reference Sample, data for 25 subjects available at time 2 = Retest Sample

  †   Factor score computed as an average of the subtests listed below: 6 subtests for attention factor, 8 subtests for the memory factor

  †   Factor score means and standard deviations computed using raw scores for table

  †   All other factor score statistics computed using zscores from each sample 

  1. 
Weschler Adult Intelligence Scale-III  (Weschler, 1997a)

  2. 
Delis-Kaplan Executive Function System  (Delis et al., 2001)

  3. 
California Verbal Learning Test II  (Delis et al., 2000) 

  4. 
Weschler Memory Scales-III  (Weschler, 1997b)  


