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On the Relationship Between Seed-Based and ICA-Based
Measures of Functional Connectivity

Suresh E. Joel,1,2* Brian S. Caffo,3 Peter C. M. van Zijl,1,2 and James J. Pekar1,2

Brain functional connectivity (FC) refers to inter-regional syn-
chrony of low frequency fluctuations in blood oxygenation level
dependent functional magnetic resonance imaging. FC has
been evaluated both during task performance and in the ‘‘rest-
ing’’ state, yielding reports of FC differences correlated with
behavior and diagnosis. Two methodologies are widely used
for evaluating FC from blood oxygenation level dependent
functional magnetic resonance imaging data: Temporal corre-
lation with a specified seed voxel or small region of interest;
and spatial independent component analysis. While results
from seed-based and independent component analysis meth-
odologies are generally similar, they are conceptually different.
This study is intended to elucidate and illustrate, qualitatively
and quantitatively, the relationship between seed and inde-
pendent component analysis derived measures of FC. Seed-
based FC measures are shown to be the sum of independent
component analysis-derived within network connectivities and
between network connectivities. We present a simple simula-
tion and an experiment on visuomotor activity that highlight
this relationship between the two methods. Magn Reson Med
66:644–657, 2011.VC 2011 Wiley-Liss, Inc.
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INTRODUCTION

Functional connectivity (FC) refers to inter-regional syn-
chrony of low frequency (1) fluctuations in blood oxy-
genation level dependent functional magnetic resonance
imaging (BOLD fMRI). FC has been evaluated in the ab-
sence of an explicit task ‘‘resting state’’ (1–4) as intrinsic
FC (IFC). Reports of differences in IFC correlated with
behavior (2,5,6) and diagnosis (7–12) are abundant. The
utility of functional connectivity should not be surpris-
ing, given the biological basis of this description in terms
of the organization of the brain into functional networks.
A functional network may be broadly defined as a set of
brain regions that are consistently synchronous. Func-
tional connectivity between any two brain regions may
be due to connectivity within a network or between net-

works. In the context of functional neuroimaging, the
framework of functional connectivity provides research-
ers opportunities to formulate and to test hypotheses
about functional networks.

FC between brain regions has been estimated primarily
using one of two methods: (a) seed-based correlation
(1,2) or (b) spatial independent component analysis
(ICA) (13) typically implemented using group ICA by
temporal concatenation (14). Several measures of FC
have been estimated using the two methods. Typically,
FC has been used to visualize task activated ensembles
(15–17) and resting state functional networks (7,9,13,18–
20). Recently, FC has been computed between networks
(12). ICA derived network maps have been compared to
seed-based connectivity maps and shown to be similar,
though not identical (21). To our best knowledge, a
quantitative analysis of the similarities and differences
among these measures of FC has never been made. The
principal purpose of this paper is to elucidate the rela-
tionship between FC measures estimated using seed-
based correlation and spatial ICA. We derive the rela-
tionship and present a simple simulation and an experi-
mental example to illustrate the similarities and differen-
ces between the two approaches. We show that the
functional connectivity of the brain as measured using
seed-based methodology is expressible as the sum of
connectivities within and between ICA derived net-
works. While the seed based method provides a single
metric of connectivity for each pair of regions, ICA
method provides three measures of connectivity: total
connectivity, connectivity within networks and connec-
tivity between networks.

Direct comparison of ICA-derived and seed-based con-

nectivity measures is nontrivial. ICA for resting state

BOLD fMRI is typically implemented using group ICA

by temporal concatenation (14). Group ICA requires spe-

cific preprocessing steps such as prewhitening and

dimensionality reduction, that are typically not per-

formed while using seed-based methods. In addition, sta-

tistical tests for functional connectivity on the two meth-

ods are driven by different underlying theories, which

complicates quantitative comparisons. Here we derive

and then validate a novel theoretical relationship

between the two methods with simulation and experi-

ments using both typical and equivalent preprocessing

and testing methods.

THEORY

Seed-based functional connectivity between any voxel x1
and seed voxel x2 can be defined as
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where S(x,t) is the demeaned BOLD fMRI signal from
voxel x at time t and T is the number of time points in the
experiment. The denominator of Eq. 1 is a normalization
factor that can be ignored for the purpose of this theory.

Spatial ICA decomposes BOLD signal into components

(or functional networks), each comprising a spatial map
and a corresponding time course (22), which can be writ-

ten as

Sðx; tÞ ¼
XK

k¼1
MkðxÞAkðtÞ ½2�

where K is the number of spatially independent compo-
nents, Mk is the spatial map of component or ‘‘network’’
k, and Ak is the timecourse of component k.

Substituting Eq. 2 in Eq. 1 yields:
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where CICA is the ICA-derived correlation between voxel
x1 and x2.

Rearranging the terms for k ¼ l and k = l yields:
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where the first term is the representation of the sum over
within network connectivities (total WNC), and the sec-
ond term is the representation of the sum over between
network connectivities (total BNC). Hence, total connec-
tivity

CICAðx1; x2Þ ¼ TotalWNCþ TotalBNC ½5�

Within network connectivity (WNC) of network k
between voxel x1 and x2 is

WNCkðx1; x2Þ ¼
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and between network connectivity (BNC) between net-
works k and l is
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Application of ICA for multiple subjects (or sessions)
is typically done using group ICA (14). Group ICA may

be implemented using temporal concatenation (14) or
using a tensor approach (23). The temporal concatena-
tion ICA method assumes identical component spatial
distribution across subjects (and runs) but does not
impose any restriction on the time course from different
runs/participants, while the tensor ICA assumes that the
time courses of each run are identical. Since the spatial
distributions of networks are found to be robust
(18,19,24) across subjects (and tasks), the temporal con-
catenation method is preferred when resting state or dif-
fering tasks are combined in a group, and inter-task dif-
ferences of WNC and BNC are only impacted by
component time courses. Hence, inter-task difference in
WNC for network k reduces to inter-task difference in

WNC0
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and inter-task difference in BNC between network m and
n reduces to inter-task difference in

BNC0
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Generalizing Eqs. 8 and 9 for the whole brain, inter-
task differences in WNC can be approximated by the dif-
ference in the power of the network time courses, and
the inter-task difference in BNC can be approximated by
the difference in the correlation of the network time
courses.

METHODS

Simulation

Simple BOLD fMRI-like data were simulated in 2 mm
isotropic voxels in an MNI-space normalized brain.
Noise throughout the brain was simulated by sampling
from a gaussian distribution. Intrinsic connectivity was
added within the visual and motor cortices by adding
samples from a filtered (0.01 to 0.1 Hz) random gaussian
distribution. Besides the rest paradigm, task modulation
was added in the visual and motor cortices to obtain two
260-second task paradigms: 1. Visual paradigm: A block
design (6 blocks of 20 sec off 20 sec on, 20 sec off at the
end) visual activation and 2. Visuo-motor paradigm: A
block design (6 blocks of 20 sec on 20 sec off, 20 sec off
at the end) concurrent visual and motor cortex activa-
tion. Each of the three tasks were simulated 15 times to
provide data similar to 15 runs for each task. Simulated
fMRI data at voxel x at time t

Sðx; tÞ ¼ MmðxÞ½btmTðtÞ þ bimimðtÞ�
þMvðxÞ½btvTðtÞ þ bivivðtÞ� þMbbng ½10�

where M is the spatial mask for visual cortex (Mv), motor
cortex (Mm) or whole brain (Mb)), T is the block design
task activation amplitude at time t calculated by con-
volving the canonical hemodynamic response function
with the boxcar stimulus timecourse, i is the simulated
intrinsic activity, g is the simulated noise and btm, bim,
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btv, biv, and bn are the weights of motor task, intrinsic
motor activity, visual task, intrinsic visual activity and
noise respectively.

The visual mask was created by including BA 17, 18
and 19 from an atlas and the motor mask was created by
including BA 3,4 and 6 from an atlas. The weights used
for the three tasks are listed in Table 1. Task weight for
the visual activation was chosen to be higher than the
task weight for motor activation based on observations
from experiment. The noise weight was chosen to obtain
an SNR of five.

Analysis of Simulated Data

Seed Based Connectivity

BOLD signal correlation of individual voxels from the
entire brain to the primary visual cortex (MNI coordi-
nates -2, -82, 4) and the primary motor cortex (MNI coor-
dinates -38, -22, 60) were computed during visual, visuo-
motor and rest conditions. Correlation scores were con-
verted to z-scores using the Fisher Z-transform (25) and
cluster-size thresholded to obtain effective P-value of
0.05 or better.

Simulated data was smoothed using a 6 mm guassian
kernel. Typical BOLD-fMRI preprocessing steps such as
slice-time correction, motion correction, normalization
were not performed since the data was simulated in nor-
malized MNI space without slice time delays or motion
artefacts.

ICA-Based Connectivity

Using GIFT (http://icatb.sourceforge.net) a group inde-
pendent component analysis (ICA) toolbox, group ICA
using temporal concatenation (14) with Infomax algo-
rithm implementation was performed on the entire data-
set (pooling all visual runs, all visuo-motor runs and all
rest runs). Automatic dimensionality estimation using
MDL yielded a mean of 3 components. Inspection of spa-
tial distribution of the components by weighting distri-
bution in gray matter to white matter, yielded a visual
component, a motor component and a spatially non-spe-
cific noise component.

Similarity between the connectivity maps obtained by
ICA and seed-based methods was computed using
weighted spatial correlation on unthresholded connectiv-
ity maps.

Differences in within-network connectivity (WNC)
between conditions were calculated as the difference in

power of the network time courses and tested using Stu-
dent’s t-test. Between-network connectivity (BNC) was
calculated, for each pair of networks, as the Pearson cor-
relation of the networks’ time courses (12). No temporal
lags in the timecourses were used to compute this corre-
lation. This Pearson correlation coefficient was con-
verted to a z-score using the Fisher transform (25), and
then contrasted between conditions using the Students t-
test. For WNC and BNC measures, significance was
determined (for effective P < 0.05) using Bonferroni cor-
rection for multiple comparisons. To quantitatively vali-
date Eq. 4, the sum of BNC and sum of within-network
connectivity (WNC) were calculated between the motor
seed and the visual seed, as per Eq. 4, using individual
run network time courses and the group ICA network
maps as per Eq. 2.

Experimental Paradigm and fMRI Data Acquistion

Twenty healthy volunteers (11 male) age 24-61 years
(mean ¼ 32) participated after giving informed consent
to this IRB-approved study. BOLD fMRI data were
acquired at 3.0 Tesla (Philips Medical Systems) using
SENSE-2D-EPI (TR/TE ¼ 2000/30 ms, Flip angle ¼ 75�,
SENSE factor ¼ 2, nominal voxel dimensions ¼ 3 mm �
3 mm � 3 mm with 1 mm slice gap with 80 � 80 matrix
and 37 slices; 130 dynamics for each run). Six four-mi-
nute task runs were acquired in five participants. The
task runs were simple block design paradigms (six blocks
with twenty-second off, twenty-second on; with an addi-
tional twenty second off block at the end of each run) of
visual fixation alternating with either (a) full-field visual
stimulation using an 8 Hz contrast-reversing black and
white checkerboard or (b) full-field contrast-reversing
black and white checkerboard visual stimulation with si-
multaneous sequential finger tapping (i.e., participants
were instructed to tap their fingers sequentially at a com-
fortable pace whenever the checkerboard was seen). Vis-
ual and visuo-motor runs alternated, with the order
counterbalanced among participants. Seven-minute rest-
ing state fMRI data using the same scanning parameters
were obtained from the other 15 subjects to compare FC
measures during rest with the above tasks.

fMRI Data Analysis

Preprocessing (slice timing correction, motion correction,
spatial normalization, intensity normalization, and
smoothing with 6 mm gaussian kernel) was performed
using FSL (26).

ICA Connectivity

Group ICA was performed using the same method used
for the simulated data. Using automatic dimensionality
estimation with minimum description length (MDL) cri-
teria (27), ICA decomposed the BOLD fMRI data into
fifty-five components (mean MDL ¼ 55). Using the spa-
tial distribution of the components in the grey matter,
white matter and the cerebro-spinal fluid (28), 14 compo-
nents were selected with anatomically plausible func-
tional networks, and time courses consistent with hemo-
dynamic modulation; remaining components were

Table 1
Weights Used for fMRI Simulation of the Three Paradigms

Parameter Visual task Visuomotor task Resting state

btm 0 1 0
bim 1 1 1

btv 2 2 0
biv 1 1 1
bn 0.2 0.2 0.2

btm is the weight for motor task activation; bim is the weight for

motor intrinsic fluctuations; btv is the weight for visual task activa-
tion; biv is the weight for visual intrinsic fluctuation; bn is the

weight for noise fluctuation.
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discarded as noise and nuisances (e.g., head motion &
CSF pulsation).

ICA derived FC measures (WNC and BNC) were com-
puted and contrasted with the same method used on the
simulated data.

Seed-Based Connectivity

Two pipelines for preprocessing were performed for seed
based connectivity. One preprocessing pipeline was
identical to ICA preprocessing which included PCA
dimensionality reduction and removal of noise compo-
nents (Fig. 1). The other preprocessing pipeline used for
computing seed-based connectivity was typical prepro-
cessing for seed based connectivity including regressing
out motion, global, white matter and CSF signal (29)
(Fig. 1) but without PCA dimensionality reduction or
ICA-based noise components removal. Map similarity
was calculated by spatial weighted correlation, the
method used on the simulated data. SBC connectivity
maps and FC metrics were obtained separately for each
preprocessing pipeline and compared with ICA-derived
connectivity maps and FC metrics.

RESULTS

Simulation: Seed Based Connectivity

Thresholded connectivity maps of the visual seed and
the motor seed for the three tasks are shown in Fig. 2
panel a. During the visual run, the visual seed is con-
nected to other regions in the visual cortex and the
motor seed is connected to bilateral regions in the motor
cortex. During the visuo-motor run, the visual seed
appears connected to both regions in the visual cortex
and regions in the motor cortex and similarly, the motor

seed appears to be connected to regions in the motor cor-
tex as well as the visual cortex.

Simulation: ICA Networks

The two component maps obtained using spatial ICA on
the simulated data are shown in Fig. 3 panel a. ICA per-
formed on the three tasks separately also showed similar
component maps (Fig. 4 panel a).

Quantitative comparisons performed by weighted spa-
tial correlation of the unthresholded spatial maps are
shown in Fig. 5 panel a. As expected, high spatial corre-
lation values are seen between pairs of visual networks
(upper triangle of the matrix enclosed by blue) and pairs
of motor networks (lower triangle of the matrix enclosed
in black) obtained from all tasks and both methods,
except while comparing maps obtained from seed-based
method during visuo-motor task (rows 5, 8 and columns
5, 8).

No WNC differences were found between the tasks.
BNC between the two networks was significantly higher
in visuo-motor run than in the visual run (P < 0.0001)
and in the resting run (P < 0.0001). Quantitative compar-
ison of SBC and ICA measures of FC between the motor
seed and the visual seed revealing the relationship in Eq.
5 is shown in Table 2.

Experiment: Seed-Based Connectivity

Thresholded connectivity maps of primary visual cortex
seed and primary motor cortex seed during the visual,
visuo-motor and rest conditions are shown in Fig. 2 pan-
els b and c. During the visual run, the primary visual
seed is significantly connected only to regions within
the visual cortex; the primary motor seed is significantly
connected only to bilateral motor cortices. During the
visuo-motor run, in addition to connectivity to the
higher-order visual cortices, the primary visual seed
appears to be connected to the supplementary motor
area and the primary motor cortex; a similar connectivity
map is observed for the primary motor cortex seed. Dur-
ing rest, connectivity is similar to the visual-only run:
the visual seed is significantly connected only to regions
within the visual cortex and the motor seed is signifi-
cantly connected only to regions within the motor cor-
tex. Apparent differences in SBC maps between the two
preprocessing methods, are due to differences in thresh-
old. Comparison by contrasting the two methods showed
no significant difference (not shown) though higher sen-
sitivity to connectivity is evident while using typical
SBC preprocessing.

Experiment: ICA Networks

Cross-sectional images of the 14 functional networks
from group ICA of all the runs (visual, visuo-motor and
rest) are shown in Fig. 3. Peak locations of the network
clusters and their anatomical labels are listed in Table 2.
Network A peaks were located in superior and middle
temporal gyrus in Brodmann area 42, 22 and 39 com-
monly associated with the ventral visual pathway. Net-
work B peaks were found in medial frontal gyrus, bilat-
eral insula including Brodmann area 9, 10 and 47.

FIG. 1. Data analysis processing pipeline. Functional connectivity

measures were obtained separately on simulated and experimen-
tal data from three methods: ICA, seed-based connectivity using

the same preprocessing as ICA and seed-based connectivity
using typical preprocessing performed for seed-based connectiv-
ity approaches.
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Network B has spatial pattern consistent with the sali-
ence network (6). Network C peaks were found in bilat-
eral inferior frontal gyrus, bilateral angular gyrus and
bilateral middle temporal gyrus. Network D has a spatial
pattern matching the ‘‘default-mode network’’ (30) with
peaks in the precuneus, inferior parietal lobules, and the
ventromedial prefrontal cortex. Network E peaks were
primarily in bilateral cuneus in Brodmann area 17 and

related primary visual cortices, consistent with primary
visual cortex (V1). Network F peak locations were
around bilateral cuneus, lingual gyrus and cerebellum
consistent with secondary visual cortex (V2). Network G
peaks were in Brodmann area 19, in the cuneus and the
occipital gyrus, consistent with visual association cortex
(V3). Network H peaks were found in Broca’s area, left
dorsolateral prefrontal cortex, left ACC and left PCC

FIG. 2. Seed based connectivity maps of primary visual cortex and primary motor cortex seeds (in green) from simulated data (panel a)
and from experimental data using SBC on ICA-preprocessed data (panel b) and using SBC on SBC-preprocessed data (panel c). The
three columns represent visual, visuo-motor and rest tasks, respectively. During visual task and rest, visual seed was connected only to
regions in the visual cortex and the motor seed was connected only to regions in the motor cortex. During visuo-motor task, the visual

seed was connected both to regions in the visual cortex and the motor cortex; the motor seed was connected both to regions in the
motor cortex and the visual cortex. In the experimental data, the difference in the motor seed connectivity thresholded maps between
different preprocessing methods was due to thresholding. Contrasting the two methods did not show significant difference (results not

shown). [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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suggesting a role in language processing. Network I has
peaks corresponding to Network H in the right side of
the brain including Wernicke’s area and the mirror neu-
ron system. Network J peaks were found in the anterior
cingulate cortex, dorsal cingulate cortex (BA 24), anterior
middle frontal gyrus and angular gyrus forming a cingu-
late network. Network K included Brodmann areas 6 and
42 suggesting a role in sensori-motor processing along
with network E. Network L has peaks in the dorsolateral
prefrontal cortex (Brodmann area 9) and premotor areas

(Precentral gyrus, supplementary motor area). Network
M has peaks in the supplementary motor area and motor
cortex (Brodmann area 6) and is consistent with motor
planning and execution. Peaks of Network N lie in
cuneus, PCC and angular gyrus.

ICA performed on the three conditions separately
yielded similar neuro-physiologically relevant functional
networks in all three conditions. Figure 4 panel b shows
the motor and the visual network derived by using ICA
on the three conditions separately.

FIG. 3. Thresholded maps of neuro-physiologically relevant components obtained from group ICA on simulated (panel a) and experi-

mental (panel b) data. The two components obtained from group ICA of simulated data are the v and m networks. The components la-
beled (a)–(n) are the 14 components obtained from the experimental data whose peak locations are shown in Table 2.

FIG. 4. Group ICA thresholded component maps of the visual and motor network obtained by performing group ICA separately on vis-

ual task, visuo-motor task and rest. Figures are shown for simulated (panel a) and experimental data (panel b). In all three tasks ICA
robustly separated the visual network from the motor network.

Relationship Between Seed-Based and ICA Connectivity 649



Quantitative Comparison of Spatial Maps

Weighted spatial correlation on the spatial maps is
shown in Fig. 5 for the visual networks (upper triangle
of the matrix) and the motor network (lower triangle of
the matrix). Similar to results from simulation but with
higher variability, the networks show similarity across
methods except for networks derived by seed-based
methods during visuo-motor runs (rows 5,8 and columns
5,8). Spatial distribution of visual networks appear to be
more robust across tasks and methods than motor net-
works. ICA performed on visual task, visuo-motor task,
rest separately and on all tasks combined, consistently
separated visual and motor networks (rows 1-4, columns
1-4). Seed-based methods using typical seed based pre-
processing produced maps that more consistent with
ICA-derived maps when compared to seed-based meth-
ods using ICA-like preprocessing.

Experiment: Within Network Connectivity

Connectivity within the visual network was higher dur-
ing visual (P < 0.0108) and visuo-motor (P < 0.0138)
task when compared to rest. Inter-task differences in
WNC of the other networks did not reach significance af-
ter Bonferroni correction.

Experiment: Between-Network Connectivity

Connectivity between Network E and Network M (P <
1e-8) and connectivity between Network E and Network
L (P < 0.0136) was significantly higher for the visuo-
motor compared to the visual task (Fig. 6 panel a). Con-
nectivities between Network E and Network M (P < 1e-
5) and between Network E and Network L (P < 0.027)
were significantly higher for the visuo-motor task com-
pared to rest, while connectivity between Network E and
Network A was significantly lower (P < 0.0178) for the

visuo-motor task compared to rest (Fig. 6 panel b). No
other BNC differences reached significance.

Experiment: Quantitative Comparison of SBC and ICA
Measures of FC

Connectivity between the motor seed and the visual
seed, as computed using seed-based method and using
ICA based measures (total WNC and total BNC) as
described in Eq. 4, are shown in Table 3. No significant
difference between the two methods of preprocessing for
the seed-based connectivity (SBC) was found (P <
0.1781). As shown in Eq. 4, the total WNC and total BNC
added up to the total connectivity.

The difference between the visuo-motor task and the
visual task in the total BNC was significantly higher (P <
7.4e-4) than the difference between the two tasks in the
total WNC. Also, the difference between visuo-motor
task and rest in the total BNC was significantly higher (P
< 5e-5) than the difference between the two tasks in the
total WNC. The total WNC was not significantly different
between visuo-motor and visual task (P < 0.1548), or
between visuo-motor task and rest (P ¼ 0.2813). The
total BNC was significantly higher in visuo-motor task

FIG. 5. Similarity among connectivity maps shown for simulation (panel a) and experiment (panel b). Weighted spatial correlations between

unthresholded visual (motor) connectivity maps obtained by different methods and tasks is shown in the upper (lower) triangle of the matrix.
ICA connectivity maps obtained on each tasks (rows 1–4 and columns 1–4) were highly consistent in both the simulated data and the actual
experiment. Consistency between SBC and ICA maps were higher during simulation than during the experiment. Visual network showed

higher consistency than the motor network. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Table 2

FC Between the Visual Seed Region and the Motor Seed Region
During the Three Tasks Derived Using SBC and ICA on the Simu-
lated Data

Task SBC Sum (WNC) Sum (BNC)

Visual �0.09 6 0.12 �0.14 6 0.02 0.04 6 0.12
Visuo-motor 0.89 6 0.03 �0.07 6 0.00 0.96 6 0.03

Rest �0.10 6 0.13 �0.07 6 0.00 �0.03 6 0.14

SBC, seed based connectivity; WNC, ICA-derived within network

connectivity; BNC, ICA-derived between network connectivity;
Values are shown as Mean 6 Standard deviation.
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when compared to visual task (P ¼ 0.0031) and when
compared to rest (P ¼ 4.7e-5).

During visuo-motor task, contribution of BNC to total
connectivity was significantly higher (P < 0.001) between
the visual seed and the motor seed. (Table 2 and Fig. 7).
However, for the same task when computing FC between
two voxels in the visual cortex, or between two voxels in
the motor cortex, total WNC was found to be the bigger
contributor (P < 0.001) to total connectivity (Fig. 4).

DISCUSSION

Functional connectivity in BOLD fMRI was first intro-
duced by Biswal et al. (1) in 1995. Since, FC has been
primarily investigated by using either seed-based con-
nectivity (1) or ICA derived connectivity (13). Besides
connectivity maps (7,11,31,32) and FC between specific
region pairs (33–35), connectivity between functional
networks have also been reported to be associated with
disease (12). FC is thought to be comprised of two sub-
types: Intrinsic functional connectivity (IFC), which is
task-independent (1,36) and task-modulated functional
connectivity (17,37). Task modulated FC can include
both connectivity induced in the brain due to task (e.g.,
connectivity between the visual and language network
while reading) and externally induced coactivation due
to different but simultaneous external stimuli (e.g., appa-
rent connectivity between auditory network and visual
face-processing network when listening to a song and
simultaneously looking at pictures of faces). Dissecting
FC in to intrinsic and task-modulated subtypes is nontri-
vial. Although FC measured during task-free resting state

is considered to be representative of IFC, the measured
FC is not purely IFC since the brain is never truly task-
free. In this study we used externally induced coactiva-
tion to study task modulation of measures of FC. The
relationship between FC measures that is derived and
experimentally validated in this study should hold for
all FC modulations.

Practical Considerations

In this study, estimates of functional connectivity were
obtained from simulated data and experimental data
using two methods: seed-based temporal correlation, and
spatial ICA. While comparing the two methods, several
practical considerations have to be made.

Preprocessing

The typical preprocessing for the two methods are differ-
ent, which may contribute to differences in FC measures.
While performing group ICA using temporal concatena-
tion, it is typically necessary to reduce the dimensional-
ity of the data using PCA. In seed-based methods, typical
preprocessing includes removal of nuisances from white
matter, cerebro-spinal fluid, global signal and motion. To
address this issue, we obtain FC metrics from SBC with
typical SBC preprocessing, ICA with typical ICA prepro-
cessing, and SBC with typical ICA preprocessing.

Thresholding

The statistical tests performed to threshold SBC spatial
maps and ICA component maps arise from different
queries on the underlying distribution. In seed based

FIG. 6. BNC differences between visuo-motor and visual tasks (panel a) show that connectivity between networks E and M and

between networks E and L were significantly higher during the visuo-motor task than during the visual task. BNC differences between
visuo-motor task and Rest (panel b) showed connectivity between networks E and M and between networks E and L were significantly
higher during the visuo-motor task than during rest. Connectivity between networks A and E was significantly lower during visuo-motor

task than during rest. Thickness of lines are proportional to strength of connectivity difference. [Color figure can be viewed in the online
issue, which is available at wileyonlinelibrary.com.]
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Table 3
Peak Locations and Anatomical Labels in Standard Space for the Networks A Through N Obtained From Group ICA on the Experimental

Data

MNI coordinates Anatomical label

Network A �67, �33, �3 L middle temporal gyrus (BA 21)
þ61, �27, �7 R middle temporal gyrus

þ63, �25, þ9 R superior temporal gyrus (BA 42)
�67, �13, þ1 L superior temporal gyrus
�55, �47, þ1 L middle temporal gyrus (BA 22)

�31, �17, �23 L parahippocampa gyrus (BA)
�63,�63, þ9 L middle temporal gyrus (BA 39)

Network B �3, þ47, �7 L medial frontal gyrus (BA 10)
�1, þ31, þ25 L anterior cingulate
�3, þ47, þ29 L medial frontal gyrus (BA 9)

þ41, þ15, �7 R inferior frontal gyrus (BA 47)
þ31, þ17,�11 R extra-nuclear (BA 13)

Network C þ49, þ21, �7 R inferior frontal gyrus
þ57,�49, þ29 R supramarginal gyrus
�63,�35, �7 L middle temporal gyrus

�3, þ23, þ57 L superior frontal gyrus (BA 8)
þ19,�91,�35 R Uvula

Network D �3,�57, þ17 L posterior cingulate (BA 23)

�3,�65, þ33 L precuneus
þ47,�69, þ21 R middle temporal gyrus

�3, þ61,�11 L medial frontal gyrus (BA 11)
�3, þ57, þ21 L medial frontal gyrus (BA 10)

Network E þ3,�91, þ5 L cuneus

�7,�95, �7 L lingual gyrus
þ3,�97, þ17 R cuneus (BA 18)

þ5,�87, þ5 L cuneus (BA 17)
Network F �3,�85, þ25 L cuneus

�17,�61, þ1 L lingual gyrus

þ1,�53, �3 Culmen
�13,�61, þ1 L lingual gyrus

�59, þ9, �7 L superior temporal gyrus (BA 22)
�37,�67,�23 L declive

Network G þ33,�69,�23 R declive

�39,�61,�19 L fusiform gyrus (BA 37)
�31,�97, þ13 L middle occipital gyrus (BA 19)
þ25,�93, þ25 R cuneus

þ13,�89, þ41 R cuneus
�33,�93, þ1 L middle occipital gyrus

Network H �51, þ31, þ25 L middle frontal gyrus
�11,�49, þ37 L precuneus (BA 31)
�7, þ31, þ37 L medial frontal gyrus

�9, þ21, þ41 L cingulate gyrus (BA 32)
�51, þ37, þ5 L inferior frontal gyrus (BA 45)

�59, þ11, þ33 L inferior frontal gyrus (BA 9)
Network I þ53,�59, þ41 R inferior parietal lobule (BA 40)

þ41, þ21, þ45 R middle frontal gyrus

�3, þ31, þ41 L medial frontal gyrus (BA 6)
þ1,�45, þ41 L cingulate cortex

þ29, þ25, þ53 R superior frontal gyrus
þ33,�77, þ53 R superior parietal lobule
þ61,�31,�11 R middle temporal gyrus

Network J �3, þ9, þ33 L cingulate gyrus (BA 24)
�5,�35, þ49 L paracentral lobule (BA 5)
�39, þ37, þ29 L middle frontal gyrus

�59, þ11, �7 L superior temporal gyrus (BA 22)
þ49, þ13, �7 R superior temporal gyrus

�23,�29,�19 L parahippocampa gyrus (BA 35)
þ49,�49, þ53 R inferior parietal lobule (BA 40)

Network K þ61,�17, þ9 R transverse temporal gyrus

�65,�19, þ9 L transverse temporal gyrus
�61, þ3, �3 L superior temporal gyrus

þ57, �1, þ1 R superior temporal gyrus
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correlation, thresholding is performed by preventing

false positives similar to the General Linear Model,

whereas in ICA thresholding is performed to detect sig-

nal over the noise level. To avoid a problem in threshold

mismatch, weighted spatial correlation values on unthre-

sholded maps (higher values were given more weight)

were computed to show degree of similarity in connec-

tivity maps obtained from the two methods.

Number of Components

While using the ICA method, the number of components
estimated must be specified. Previous work has shown 8
to 10 functionally relevant networks (20) by estimating a
total of 20 or 30 components. More recent works have
shown 20 functionally relevant networks or greater (18).
There exists the potential of deriving hundreds of sub-
networks or regions using ICA. As the number of

Table 3 (Continued)

MNI coordinates Anatomical label

þ57, �1, þ33 R precentral gyrus (BA 6)
þ47, �5, �3 R insula

Network L �1, þ7, þ53 L superior frontal gyrus

�51, �1, þ53 L precentral gyrus
þ9, þ5, þ73 R superior frontal gyrus (BA 6)

�59, þ5, þ37 L precentral gyrus
�43, þ23, �3 L inferior frontal gyrus
þþ33, þ5, þ5 R claustrum

�27, þ7, þ1 L extra-nuclear
�19,�37,�47 L cerebellum

Network M �3,�13, þ57 L medial frontal gyrus (BA 6)
þ33,�37, þ69 R postcentral gyrus (BA 1)
þ29,�21, þ69 R precentral gyrus

�15,�15, þ77 L precentral gyrus
þ17,�61,�23 R declive

�27,�57,�23 L declive
þ27,�21, þ69 R precentral gyrus
þ41,�25, þ57 R postcentral gyrus (BA 3)

�43,�25, þ61 L postcentral gyrus (BA 3)
Network N �1,�85, þ33 L cuneus (BA 19)

�3,�33, þ29 L cingulate gyrus
þ41,�69, þ49 R angular gyrus
�51, þ5, þ41 L middle frontal gyrus (BA 8)

�43,�63, þ37 L inferior parietal lobule
�3,�33, þ29 L cingulate gyrus
�67,�33, �7 L middle temporal gyrus (BA 21)

�55, þ23,�11 L inferior frontal gyrus (BA 47)
þ45, þ19,�11 R inferior frontal gyrus

þ25, þ59, �7 R superior frontal gyrus (BA 10)
�39, þ57,�11 L middle frontal gyrus (BA 11)
�15, �3,�23 L parahippocampa gyrus (BA 34)

FIG. 7. Comparison of contribution of
WNC and BNC to total connectivity during
visuo-motor task. Connectivity between

seeds that belong to different networks
such as the visual and motor seed (left

pair of bars) was primarily due to BNC,
whereas connectivity between seeds
within the same network, either visual

(middle pair of bars) or motor (right pair of
bars), was primarily due to WNC.
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components increases for IC estimation, the networks
break down to subnetworks and small regions. It is
believed that the total number of networks or components
is not determined by neurobiology but by experiment
(such as magnet strength, acquisition methods, fMRI tem-
poral and spatial resolution, estimation methods). It is
possible to estimate networks at high dimensions and pro-
duce connectivity within and between components; how-
ever, the terminology of networks will have to be adjusted
to account for sub-networks or regions. To obtain an opti-
mal number of components in group ICA, we used the
mean of the minimum description length (MDL) to esti-
mate the number of components; this has proven suffi-
cient to address our hypotheses of testing connectivity
between the motor and visual networks.

Selection of Components

Another practical issue in ICA is the segregation of compo-
nents that have neuro-physiological origin from nuisance
components (respiration, cardiac and motion induced arte-
facts). Several methods with some success have been pro-
posed (13,28,38–40). We used a combination of CORSICA
(28), power distribution in frequency domain and visual
inspection to extract functionally relevant components.

Seed-Based Connectivity

While using seed-based methods, connectivity between
two coactivating brain regions would be computed to be
high irrespective of whether the two regions belonged to
different intrinsically connected networks, i.e., seed-
based correlation reports connectivity between any two
synchronous voxels independent of their allegiance to
intrinsically connected networks. Hence seed-based cor-
relation has the same limitation as general linear model
usage in task activation studies, in that activation of one
functional network cannot be distinguished from coacti-
vation of distinct networks (41).

The appearance of the motor cortices’ connectivity to
the primary visual seed region during the visuo-motor
task shows that the two regions are synchronous during
the particular task, but does not mean that the motor cor-
tex and the visual cortex are connected as an intrinsic
functional network. These connected regions are ele-
ments of a task activated ensemble (6) rather than an
intrinsic functional network.

ICA Connectivity

ICA uses spatial independence to decompose data into
components each with a spatial map and an associated
time course. ICA component spatial maps have been
used to study tasks and rest in BOLD fMRI for several
years (12,13,15–17). The ICA component spatial maps
remain very similar for a wide variety of tasks in a large
spectrum of the population (18,19,24); which has been
exploited by using group ICA for varying tasks and rest.

WNC

The spatial maps of the networks are assumed to be ro-
bust between tasks and hence inter-task differences in

WNC are driven by the component time courses. As
shown in Eq. 7, the inter-task WNC difference can be
compared using the power of the network time course.
In the present experiment, we found increased connec-
tivity within the visual cortex during tasks that engaged
the entire visual network (full field visual stimulation).
Likely due to low statistical power and non-involvement
of the entire motor network in finger tapping, similar
increase in motor network during motor task was not
observed. We predict that increasing the sample size and
performing a task that involves all regions of the motor
network would reveal increased motor network WNC
during motor tasks.

BNC

Since the components are derived using spatial inde-
pendence, no assumption about temporal coherence of
voxels in different components is made. To estimate con-
nectivity between ICA derived networks, correlation
between the time courses of network pairs was computed
by Jafri et al. (12). Hence, ICA provides two measures of
connectivity: Within network connectivity as seen in
spatial maps and time course power, and connectivity
between networks (BNC) estimated as correlation of time
courses of network pairs.

In the present experiment, comparing BNC between
tasks, and between task and rest, yielded significant dif-
ferences only in networks of clear relevance to the task.
Specifically, the increase in connectivity between Net-
works E (visual network) and M and L (motor networks)
was reasonable, reflecting synchrony between visual and
motor cortices during a visuo-motor task. The connectiv-
ity between visual ventral stream network and visual
network is lost during the visuo-motor task compared to
rest. This is likely due to specific stimulation of only the
visual system during the task.

Changes in total connectivity between a motor seed
and a visual seed from visual task to visuo-motor task is
mainly due to changes in BNC rather than WNC as seen
in Table 2 and Table 4. During visuo-motor task, contri-
bution of WNC and BNC to total connectivity changed
depending on the network allegiance of the seeds. While
BNC was the greater contributor to total connectivity
between seeds from distinct networks, WNC was the
greater contributor to total connectivity between seeds
within the same network.

Hence, similar to comparing BNC of specific networks
(Fig. 6), WNC within each network can be compared. In
addition, the contribution of WNC and BNC to total con-
nectivity can also be computed. We propose that each of
these additional FC measures may vary with task, or dis-
ease, and may serve as an additional biomarker to study
brain function.

It is to be noted that the correction for multiple net-
works comparison used for WNC and BNC (not the spa-
tial maps) was very stringent and probably masked
subtle changes in WNC and BNC. A more appropriate
correction such as permutation testing may be necessary
while investigating WNC and BNC differences between
tasks. However, that is beyond the scope of this paper.
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Relationship Between ICA and Seed-Based Connectivity

Connectivity maps obtained using a seed voxel in the
primary visual cortex showed connectivity of the seed to
other regions in the primary visual cortex, the secondary
visual cortex and some regions of the higher order visual
processing during all three conditions. During the visuo-
motor task, in addition to this connectivity, the seed was
correlated with the premotor and motor cortices. Connec-
tivity maps obtained using a seed voxel in the primary
motor cortex showed connectivity of the seed to other
regions in the primary motor cortex and to premotor
areas during all three conditions. During the visuo-motor
task, in addition to this connectivity, the seed was corre-
lated to the visual cortices. Group ICA consistently sepa-
rated the visual network and the motor network in all
three tasks. Connectivity between the visual and the
motor networks was significantly stronger during the
visuo-motor run than during the visual run or rest. The
above results were observed in both simulated and ex-
perimental data.

Since in both methods functional connectivity was
inferred from thresholded spatial maps, and the thresh-
old used in the two methods are different due to under-
lying statistical tests, weighted spatial correlation on
unthresholded connectivity maps was computed
between visual (or motor) maps obtained for each task in
both methods (Fig. 5). The figure shows that the primary
visual (and motor) maps are robustly estimated in pooled

group ICA and in individual task group ICA (rows 1-4

and columns 1-4) in both simulated and experimental

data. As expected, lower values are observed in row 5,

row 8, column 5 and 8 where SBC maps during visuo-

motor task is compared with others. SBC maps appear to

be more consistent with ICA networks in simulated data,

compared to experimental data. This is potentially due

to lack of specificity of the atlas-based seed across sub-

jects in the experimental data. Differences between the

two preprocessing pathways in SBC derived maps are

evident. The typical preprocessing used for SBC which

includes nuisance removal (white matter, CSF, global

signal), appears to be more consistent with ICA derived

maps than SBC maps derived from ICA preprocessed

data (which includes dimensionality reduction and

denoising by removing nuisance components). In all

comparisons, the primary visual network appears to be

more consistent than the motor network. This may be

due to higher SNR or higher synchrony within the entire

primary visual cortex compared to the entire motor

cortex.
For a quantitative comparison of FC measures, as

shown in Table 4, connectivity computed using seed-
based method and ICA-derived total connectivity com-
puted as the sum of WNCs and BNCs are identical. How-
ever, differences between the two preprocessing methods
for SBC measure are evident, exposing the significance
of preprocessing methods. Typical SBC preprocessing

Table 4
FC between visual seed region and the motor seed region derived from seed based and ICA based methods during the three task

states from the experimental data

Task Run SBC SBCICA Sum (WNC) Sum (BNC)

Visual 1 �0.11 0.45 0.34 0.10

2 �0.06 0.26 0.26 0.00
3 �0.12 0.45 0.39 0.06
4 �0.25 0.08 0.8 �0.72

5 �0.04 0.24 0.33 �0.09
Mean 6 Std �0.12 6 0.08 0.29 6 0.16 0.42 6 0.22 �0.12 6 0.08

Visuo-motor 1 0.63 0.85 0.21 0.64
2 0.82 0.86 0.19 0.67
3 0.68 0.87 0.17 0.70

4 0.81 0.93 0.2 0.74
5 0.71 0.86 0.22 0.64

Mean 6 Std 0.73 6 0.08 0.87 6 0.03 0.20 6 0.02 0.68 6 0.04
Rest 6 0.02 �0.36 0.17 �0.53

7 �0.07 0.42 0.25 0.17

8 �0.19 �0.03 0.2 �0.23
9 0.23 �0.02 0.31 �0.34

10 0.14 �0.02 0.2 �0.21

11 �0.25 0.33 0.23 0.10
12 �0.01 0.38 0.24 0.14

13 �0.03 �0.15 0.23 �0.38
14 0.31 0.52 0.17 0.35
15 0.21 0.4 0.35 0.05

16 �0.15 0.09 0.23 �0.13
17 0.21 �0.11 0.17 �0.29

18 �0.14 0.49 0.22 0.27
19 0.27 0.71 0.21 0.50
20 �0.02 �0.03 0.23 �0.26

Mean 6 Std 0.04 6 0.18 0.17 6 0.31 0.23 6 0.05 �0.05 6 0.30

SBC: Seed-based connectivity; SBCICA: Seed-based connectivity from ICA preprocessed data; WNC: ICA-derived within-network con-
nectivity; BNC: ICA-derived between-network connectivity.
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(including regression of global, white matter and CSF
signals) produced connectivity maps that are more con-
sistent with ICA derived intrinsic connectivity maps.
However, the total connectivity derived using typical
SBC preprocessing is considerably (though not signifi-
cantly) different. This difference is primarily due to ICA
specific preprocessing (dimensionality reduction and
ICA-based denoising) and not SBC specific preprocessing
such as global, white matter and CSF signal regression
(results not shown). While denoising using ICA is neuro-
biologically justified, the PCA dimensionality reduction
is not. Hence, methods to perform group ICA without
dimensionality reduction may improve consistency
between the two preprocessing pipelines.

CONCLUSIONS

The purpose of this study was to elucidate the relation-
ship between seed correlation and ICA, the two predomi-
nant methods used for calculating FC from fMRI data.
Spatial distribution of the network maps obtained using
seed-based methods and ICA-based methods have been
shown to yield similar but not identical results (21). The
differences in the measures of functional connectivity
have not been compared between the two methods.

When using seed-based correlation during a task (or
state) that coactivates two brain networks, voxels from
both networks will appear to be connected. Seed-based
correlation thus does not reveal information about
intrinsically connected networks and their interactions,
but reveals functional connectivity of a brain region for
the specific experimental brain state. On the other hand,
ICA identifies each network distinctly and consistently,
and provides metrics of connectivity between networks.
A brain region may be part of several ICA derived net-
works, and a query on a specific brain region will
involve investigating all those networks and their inter-
actions with other functional brain networks. Hence this
relationship shows that ICA methods are able to distin-
guish intrinsic connectivity from task modulated connec-
tivity, whereas seed-based methods cannot.

In summary, while seed based connectivity provides a
single metric of FC, ICA, in addition to providing total FC,
decomposes total FC into connectivity within each net-
work and connectivity between pairs of networks. Thus,
the relationship between the seed & ICA approaches to FC
is similar to the relationship between the general linear
model (GLM) and ICA approaches for computing activa-
tion, summarized by Friston et al. (41) as the distinction
between ‘‘modes’’ and ‘‘models’’: The GLM detects voxels
respecting a user-specified temporal model, while ICA
yields networks of brain regions displaying synchronous
signals or ‘‘modes.’’ As seed-based correlation is essen-
tially a GLM using the time course of the seed voxel, seed-
based FC is essentially a map of the ‘‘model’’ specified by
the seed voxel, while ICA based FC distinguishes brain
‘‘modes’’ and the temporal relationships between them.
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