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Introduction

Functional sub-division of important anatomic regions in the human brain is normally based on anomaly in structural connectivity
patterns [1] or functional connectivity maps, after subdividing the region of interest on trial basis [2]. Quantification of functional
heterogeneity, and determining number of sub-regions on the basis of that, has rarely been a focus of study. This work is centered
around implementation of self organized maps (SOM) to classify the functionally different regions in the hippocampus as it exhibits
functional and anatomical differences in patients with disorders such as schizophrenia, bipolar disorder, and depression [3]-[5]. We
rigorously tested the performance of SOM with conventional k-mean clustering techniques to optimize how many heterogeneous
compartments the left hippocampus possesses on the basis of connectivity maps associated with each voxel in the ROI. We designed
and used an in house software with SPMS5 to parcellate functionally heterogeneous ROIs using SOM.
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Results

All the subjects exhibited distinct clusters along the long axis of the hippocampal structure; Figure 2 shows the group voxel
assignments, indicating a clear anterior/posterior functional division of the hippocampus. Anterior and posterior portions of the
hippocampus in case of common ROI exhibited distinct patterns of functional connectivity with anterior and posterior cingulate cortex
(p<0.005). However, the parcellation of anterior and posterior part of left hippocampus in the individual space is more consistent and
robust as the correlation based SD is more than Eulidean distance based SD except for one subject, which shown clearly an opposite
trend in the other group (Fig. 3). Figure 5 shows variation of absolute distance between the current and preceding neuron weights
associated with a particular cluster. Figure 6 shows the variation of SD as the SOM progresses. A comparison of performance with k-
mean clustering in terms of the SD clearly favors the use of SOM in this analysis (Fig. 4a).

Conclusions

We were able to delineate sub-regions of hippocampus distinguishable by their different patterns of functional connectivity with the
neocortex. The self-organized mapping procedure offers a data-driven and automated method, which requires numbers of sub-regions
to be determined either based on SD value or prior knowledge. However, optimization of functional subdivision based on clustering
efficiency measure such as SD is essential to accurately determine the functional heterogeneity.
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