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Spatial group independent component analysis (GICA) methods decompose
multiple-subject functional magnetic resonance imaging (fMRI) data into a linear
mixture of spatially independent components (ICs), some of which are subsequently
characterized as brain functional networks. Group information guided independent
component analysis (GIG-ICA) as a variant of GICA has been proposed to improve
the accuracy of the subject-specific ICs estimation by optimizing their independence.
Independent vector analysis (IVA) is another method which optimizes the independence
among each subject’s components and the dependence among corresponding
components of different subjects. Both methods are promising in neuroimaging study
and showed a better performance than the traditional GICA. However, the difference
between IVA and GIG-ICA has not been well studied. A detailed comparison between
them is demanded to provide guidance for functional network analyses. In this work,
we employed multiple simulations to evaluate the performances of the two approaches
in estimating subject-specific components and time courses under conditions of
different data quality and quantity, varied number of sources generated and inaccurate
number of components used in computation, as well as the presence of spatially
subject-unique sources. We also compared the two methods using healthy subjects’
test-retest resting-state fMRI data in terms of spatial functional networks and functional
network connectivity (FNC). Results from simulations support that GIG-ICA showed
better recovery accuracy of both components and time courses than IVA for those
subject-common sources, and IVA outperformed GIG-ICA in component and time
course estimation for the subject-unique sources. Results from real fMRI data suggest
that GIG-ICA resulted in more reliable spatial functional networks and yielded higher and
more robust modularity property of FNC, compared to IVA. Taken together, GIG-ICA is
appropriate for estimating networks which are consistent across subjects, while IVA is
able to estimate networks with great inter-subject variability or subject-unique property.

Keywords: functional magnetic resonance imaging (fMRI), brain functional networks, independent component
analysis (ICA), group information guided ICA (GIG-ICA), independent vector analysis (IVA)
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Comparison of IVA and GIG-ICA

FIGURE 7 | One-sample t-test t-value maps (p < 0.01 with FDR correction) of the 12 matched networks, obtained by (A) IVA and (B) GIG-ICA under the
case of the model order as 30. The 12 matched networks shown are sorted according to the similarity (i.e., correlation) between networks from the two methods.

Our experiments using healthy participants’ test-retest
resting-state fMRI data revealed that regardless of low model
order and high model order, GIG-ICA in general obtained
functional networks with relatively greater short-term and long-
term reliability compared to IVA, although a few networks
showed slightly higher reliability in IVA than GIG-ICA. In terms
of the interaction among networks represented by FNC, we found

that the mean FNC matrix from the two methods showed a
similar pattern to some extent. However, both the mean FNC
and the individual-level FNC showed stronger modularity (i.e.,
Q-value) using GIG-ICA compared to IVA for most of the model
order settings examined. Measured by the AMI, the modular
structure was more reliable during short-term and long-term
rescanning using GIG-ICA for all tests, compared to using IVA.
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networks between the two methods were 9, 10, 12, 19, and 22, respectively.

FIGURE 8 | (A,B) Reliability measures of the 12 selected networks for VA and GIG-ICA under the case of the model order as 30. The x-axis denotes the network ID
which corresponds to that in Figure 7. (A) Mean ICC value in each network reflecting the short-term reliability of the network. The value was obtained by first
computing ICCs between the corresponding networks of scan 2 and that of scan 3, and then averaging ICCs in the significant voxels. (B) Mean ICC value in each
network reflecting the long-term reliability of the network. The value was obtained by first computing ICCs between the corresponding networks from scan 1 and the
mean networks of scan 2 and 3, and then averaging ICCs in the significant voxels. (C,D) The summarized network reliability measures for IVA and GIG-ICA under
different model orders (i.e., different numbers of components). (C) Short-term reliability of networks. (D) Long-term reliability of networks. Each boxplot shows the
reliability measures of different networks using IVA or GIG-ICA with one given model order. For the model order 20, 25, 30, 75, and 100, the number of matched
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Despite short-term and long-term, ICC measures demonstrate
that connectivity strengths were generally more robust using
GIG-ICA method, compared to IVA. Moreover, ENC obtained
from GIG-ICA showed relatively higher values in the averaged
node strength, clustering coeflicient, global efficiency, and local
efficiency, indicating stronger interaction among brain functional
networks.

There are some limitations in our work. (1) The simulations
are quite simple. Only eight sources and ten subjects were
simulated, while the proportion in fMRI data is certainly
greater. In practical applications, there exist more complex
situations that could involve many subject-unique sources, high
diversity in source number, and great bias in model order
estimation. Therefore, it's possible that conclusions we draw
from simulations are over-simplified and of limited applicability.
However, we also evaluated the two methods using data with

more subject-common and subject-unique sources. The results
are included in the Supplementary Materials (Figures S2, S4).
Our results suggest that the performances of both methods were
affected by greater spatial overlapping among sources, and the
presence of more subject-unique sources may slightly influence
the estimations of the subject-common sources in GIG-ICA to
some extent. (2) The number of sources in real data is difficult
to estimate accurately. Therefore, we don’t know the appropriate
model orders at which to compare these two methods in real
data. We compared the two methods using different numbers
of components and found similar results, but these methods
may yield different performances with other model orders.
(3) Since IVA involves a more complicated optimization task,
performance might improve if a best run selection mechanism
as in previous work (Ma et al., 2011) is used to select the most
reliable run across multiple runs. However, we did not perform
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FIGURE 9 | The mean FNC matrix and its modularity result with the model order as 100. (A,B) The mean FNC matrix across subjects derived from IVA and
GIG-ICA. There were 22 matched networks between the two methods. (C,D) Modular organization of the mean FNC matrix from IVA and GIG-ICA. (E,F) The
connectogram representation of the modularity of the mean FNC obtained from IVA and GIG-ICA. In (E,F), the intrinsic networks (INs) belonging to the same modular
are shown using the same color, and only top 20% of the connectivities with higher absolute connectivity strengths among networks are shown using lines.
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FIGURE 10 | The summarized modularity and reliability measures of FNC for IVA and GIG-ICA under different model orders (i.e., different numbers of
components). (A) The modularity Q-value of the mean FNC. (B) Individual FNC’s modularity Q-value. The Q-values of FNC matrices from all datasets are shown
using one boxplot, each point of which corresponds to a Q-value of one individual FNC matrix. (C) The short-term modularity reliability. (D) The long-term modularity
reliability. (E) The short-term reliability of connectivity strengths in FNC. (F) The long-term reliability of connectivity strengths in FNC. In (E,F), each boxplot includes ICC
values of all connectivities.

estimation of multiple runs due to the computation load that  in Boukouvalas et al. (2015) might improve the estimation
would significantly increase the computation time. Similarly use ~ performance at the expense of computation cost. (4) Using
of a more powerful IVA algorithm such as the one proposed  healthy participants’ test-retest resting-state fMRI data, GIG-ICA
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FIGURE 11 | Comparison of graph theory based metrics of FNC under different model orders. In the left-top subfigure, the averaged node strength values
computed based on all 75 datasets’ FNC matrices from IVA/GIG-ICA with one specific model order are shown in one boxplot. Other boxplots are formatted similarly.

obtained higher network reliability as well as stronger and more
reliable modularity than IVA. Network reliability is regarded as
a desirable property since the fMRI data in our experiments
were from healthy subjects’ test-retest scans (Shehzad et al., 2009;
Zuo and Xing, 2014). Previous researches (Wang et al., 2010;
Bullmore and Bassett, 2011) have supported that healthy brain’s
intrinsic activity is organized as a small-world, highly efficient
network with highly connected brain regions. Nevertheless, the
truths regarding both network reliability and integration are
unknown for real data. In the future, we will employ fMRI data
from both healthy controls and patients with mental disorders to
examine the ability of the two methods in identifying potential
biomarkers.
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