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ABSTRACT

Conventional model-based or statistical analysis methods for functional MRI (fMRI) are easy to implement, and
are effective in analyzing data with simple paradigms. However, they are not applicable in situations in which
patterns of neural response are complicated and when fMRI response is unknown. In this paper the Gath-Geva
algorithm is adapted and rigorously studied for analyzing fMRI data. The algorithm supports spatial connectivity
aiding in the identification of activation sites in functional brain imaging. A comparison of this new method
with the fuzzy n—means algorithm, Kohonen’s self-organizing map, fuzzy n—means algorithm with unsupervised
initialization, minimal free energy vector quantizer and the ”neural gas” network is done in a systematic fMRI
study showing comparative quantitative evaluations. The most important findings in this paper are: (1) the
Gath-Geva algorithms outperforms for a large number of codebook vectors all other clustering methods in
terms of detecting small activation areas, and (2) for a smaller number of codebook vectors the fuzzy n—-means
with unsupervised initialization outperforms all other techniques. The applicability of the new algorithm is
demonstrated on experimental data.
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1. INTRODUCTION

Functional magnetic resonance imaging with high temporal and spatial resolution represents a powerful technique
for visualizing rapid and fine activation patterns of the human brain.! As is known from both theoretical
estimations and experimental results,* %7 an activated signal variation appears very low on a clinical scanner.
This motivates the application of analysis methods to determine the response waveforms and associated acti-
vated regions. Generally, these techniques can be divided into two groups: Model-based techniques require prior
knowledge about activation patterns, whereas model-free techniques do not. However, model-based analysis
methods impose some limitations on data analysis under complicated experimental conditions. Therefore, anal-
ysis methods that do not rely on any assumed model of functional response are considered more powerful and
relevant. There are two kinds of model-free methods. The first method, principal component analysis (PCA)%?
or independent component analysis (ICA),'% 1 transforms original data into high-dimensional vector space to
separate functional response and various noise sources from each other.
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The second method, fuzzy clustering analysis or self-organizing map, attempts to classify time
signals of the brain into several patterns according to temporal similarity among these signals.

In this paper, we propose to employ the Gath—Geva algorithm to increase the analysis power without sacrifying
efficiency. In a systematic manner, we will compare and evaluate the results obtained based on this new approach
with the traditional Kohonen’s self-organizing map (SOM), the fuzzy n—means algorithms, the ”neural gas”
network, the fuzzy n—means algorithm with unsupervised initialization, and with the minimal free energy vector
quantization (VQ).?

2. THE CLUSTERING ALGORITHMS

Functional organization of the brain is based on two complementary principles, localization and connectionism.
Localization means that each visual function is performed mainly by a small set of the cortex. Connectionism, on
the other hand, expresses that the brain regions involved in a certain visual cortex function are widely distributed,
and thus the brain activity necessary to perform a given task may be the functional integration of activity in
distinct brain systems. It is important to stress out that in neurobiology the term ”connectionism” is used in a
different sense that that used in the neural network terminology.

Cluster analysis groups image pixels together based on the similarity of their intensity profile in time. In the
clustering process, a time course with n points is represented by one point in an n—dimensional Euclidean space
which is subsequently partitioned into clusters based on the proximity of the input data.

2.1. FUZZY CLUSTERING ALGORITHMS

Traditional statistical classifiers assume that the pdf for each class is known or must somehow be estimated.
Another problem is posed by the fact that sometimes clusters are not compact but shell-shaped. A solution to
this problem is given by fuzzy clustering algorithms, a new classification paradigm intensively studied during
the past three decades. The main difference between traditional statistical classification techniques and fuzzy
clustering techniques is that in the fuzzy approaches an input vector belongs simultaneously to more than one
cluster, while in statistical approaches it belongs exclusively to only one cluster.

Usually, clustering techniques are based on the optimization of a cost or objective function J. This predefined
measure J is a function of the input data and of an unknown parameter vector set L. Throughout this chapter,
we will assume that the number of clusters n is predefined and fixed.

A successful classification is based on estimating the parameter L such that the cluster structure of the input
data is as good as possible determined. It is evident that this parameter depends on the cluster’s geometry.
Compact clusters are pretty well described by a set of n points L; € L where each point describes such a cluster.
Spherical clusters have two distinct parameters describing the center and the radius of the cluster. Thus the
parameter vector set L is replaced by two new parameter vector sets, V describing the centers of the clusters,
and R describing the radii of the clusters.

In the following, we will review the most important fuzzy clustering techniques, and show their relationship
to nonfuzzy approaches.

2.1.1. FUZZY n—~-MEANS ALGORITHM
We consider here compact clusters completely described by a point representative L;.
Let X = {x1,...,X,} define the data set.

The following assumptions are made:

e X has a cluster substructure described by the fuzzy partition P = {A;,..., A, }.

e 1 is the number of known subclusters in X.
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