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Introduction: Among multivariate analysis methods of functional MRI (fMRI) data, independent component analysis (ICA) has frequently been
adopted because of its excellent ability to extract blood oxygenation level dependent (BOLD) signal components along with its spatial features [1].
Due to inherent restrictions on the spatial, temporal, and subject domains [2-4], however, group-inference based on the ICA approach may not fully
analyze the individual-specific activation patterns, especially those arising from small cortical/subcortical areas. In order to improve upon this
limitation, we propose a novel group fMRI analysis technique based on independent vector analysis (IVA) [5]. To demonstrate the efficacy of IVA for
detecting activation arising from small subcortical areas, we applied IVA to fMRI data during a hand motor task and compared the results to those
from general linear model (GLM) and from the ICA-based

concatenating scheme, GIFT [2]. ,
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components was employed as a cost function (i.e. the mutual
information M|l among vector compopents) [5]. By using a gradient decent scheme to the MI, an iterative learning rule was obtained (please see
detailed derivation in [S]): AW ™ e F—¢(é(’“)(v))(é<m) (v))TﬁM"”, Dl W)= ol ) - ol W), plemm)=emw/ {3 6w
where | is an NxN identity matrix, and

12 right-handed subjects (aged 24.7+4.5, 5 females) performed a right hand clenching (2Hz) task based on a trial design (65s; task period:
15~18s). A 3T scanner (Signa,GE) was used (EPI, TR/TE=1s/40ms; FA=80°; 64x64, 3.75%3.75mm’ in-plane; Smm thick; 13 axial slices). Prior to
group processing, individual EPI data was standardized to the Montreal Neurological Institute space. For GLM, a default canonical hemodynamic
response function (HRF) in SPM2 was employed as a regressor to detect task-related activations.
For GIFT, the number of independent components (ICs) was set at 50 (out of 65 total) and the
default parameters were adopted (Infomax, learning rate~0.0038, and iterations=512). For IVA,
after applying a PCA-based dimension reduction scheme [1], the 50 ICs (same as GIFT) were
estimated based on Eq. (1), for a learning rate of 10~ and with 500 iterations. From the results of
GIFT and IVA, two ICs showing activations within the thalamus and basal ganglia were manually AY/
chosen from all 50 ICs. The resulting individual maps (contrast images from GLM and z-scored "-z j N~
normalized IC maps from GIFT/IVA) were further processed using a random effect analysis ‘@) GLW "'\»
(RFX) model [6].
Results & Discussion: Fig. 2 shows the group inference results (two statistical values: p<10® &
p<107; thalamus in green and basal ganglia in blue). Overall, the localized group activation areas
identified by IVA showed substantial activation regions with higher z-scores and the distinct
activation loci within the anterior putamen and ventral posterolateral/mediodorsal thalamus. The
activation remained even for the very stringent threshold condition of p<10~°. We conjecture that
this is because the IVA approach can estimate maximally flexible individual- and region- specific \ 3
hemodynamic responses of the measured data compared to the GLM and GIFT approaches. The QGIEY \J
current IVA-based approach is achieved at the cost of extensive computational demands, (e.g. ~10  ([=75 SR iENIF#
hours processing using Intel Pentium IV 2.8GHz with 3GB RAM). Thus, alleviation of the
computational load along with optimization of model parameters would be necessary.
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