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Independent Component Analysis of Functional MRI Data: An Overview
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Abstract Functional magnetic resonance imaging is a non-invasive powerful tool for people to investigate the neuronal
activity in vivo. But the abundant information contained in the fMRI data could not be fully mined by the traditional
methods. As a new promising approach, independent component analysis revealed some components in fMRI data which
can not be detected by the conventional methods. Depending only on data set itself, this exploratory analysis technique
doesn’ t need the a priori model used by the conventional methods. The primary principle and the application on the fMRI
data were reviewed followed by the detailed discussion on the selection of the ICA algorithms. Compared to the traditional
methods, the advantages of ICA could be found through the application results from many papers. Some issues were
discussed and the trends of this method applied to the {MRI data were proposed by the author in the final part of this paper,
which support the standpoint that this new potential approach could be used to mining the {MRI data.
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Fig.1 Matrix representation of the basic ICA algorithm
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Fig.2 Frame model of ICA applied to process the fMRI data ( Calhoun et al. 2004)
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Bl i/ BAEH T, [ICAF BN B £ E LR RE R (3] AMcKeown er al.1998)

Fig.1 ICA indicated significant activations while corrclation failed to do under Word/Number task
(From McKewon ¢t al. 1998)

B2 KA ZEICAF ik &L p7 655 %% B4 (5] AMcKeown er al.1998)

Fig.2 Activations of the brain detected by the spatial ICA algorithm
(From McKewon et al. 1998)
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Fig.3 Results of resting fMRI data, analyzed by ICA (a) and conventional ROI approach (b)
(From McKewon et al. 2004)



