Exploratory Data Analysis Methods Applied to fMRI
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ABSTRACT

Exploratory data—driven methods such as unsupervised clustering and independent component analysis (ICA)
are considered to be hypothesis—generating procedures, and are complementary to the hypothesis—led statistical
inferential methods in functional magnetic resonance imaging (fMRI). In this paper, we present a comparison
between unsupervised clustering and ICA in a systematic fMRI study. The comparative results were evaluated
by a very detailed ROC analysis. For the fMRI data, a comparative quantitative evaluation between the three
clustering techniques, SOM, "neural gas” network, and fuzzy clustering based on deterministic annealing, and
the three ICA methods, FastICA, Infomax and topographic ICA was performed. The ICA methods proved
to extract features relatively well for a small number of independent components but are limited to the linear
mixture assumption. The unsupervised clustering outperforms ICA in terms of classification results but requires
a longer processing time than the ICA methods.
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1. INTRODUCTION

Functional magnetic resonance imaging with high temporal and spatial resolution represents a powerful tech-
nique for visualizing rapid and fine activation patterns of the human brain.! As is known from both theoretical
estimations and experimental results,”? 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. We distinguish two groups of model-free methods: transformation-based and clustering-based.

The first method, principal component analysis (PCA)>* or independent component analysis (ICA)>®
transforms original data into high-dimensional vector space to separate functional response and various noise
sources from each other.

Among the data—driven techniques, ICA has been shown to provide a powerful method for the exploratory
analysis of fMRI data.®®8 ICA is an information theoretic approach which enables recovery of underlying
signals, or independent components (ICs) from linear data mixtures. Therefore, it is an excellent method to be
applied for the spatial localization and temporal characterization of sources of BOLD activation. ICA can be
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applied to fMRI both temporal? or spatial.® Spatial ICA has dominated so far in fMRI applications because the
spatial dimension is much larger than the temporal dimension in fMRI. However, recent literature results have
suggested that temporal and spatial ICA yield similar results for experiments where two predictable task-related
components are present.
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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 perform a detailed comparative study among unsupervised clustering methods (”neural gas”
network,'6 fuzzy clustering based on deterministic annealing,'® and Kohonen’s self-organizing map (SOM)) and
spatial ICA techniques (FastICA,'” topographic ICA,'® Infomax,'® PCA) for fMRI. In a systematic manner,
we will compare and evaluate the results obtained based on each technique and present the benefits associated
with each paradigm.

2. EXPLORATORY DATA ANALYSIS METHODS

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 that in neurobiology the term ”connectionism” is used in a
different sense that that used in the neural network terminology.

The following sections are dedicated to presenting the algorithms and evaluate the discriminatory power of
the two main groups of exploratory data analysis methods.

2.1. The ICA Algorithms

According to the principle of functional organization of the brain, it was suggested for the first time in® that
the multifocal brain areas activated by performance of a visual task should be unrelated to the brain areas
whose signals are affected by artifacts of physiological nature, head movements, or scanner noise related to fMRI
experiments. Every single above mentioned process can be described by one or more spatially-independent
components, each associated with a single time course of a voxel and a component map. It is assumed that the
component maps, each described by a spatial distribution of fixed values, represent overlapping, multifocal brain
area of statistically dependent fMRI signals. This aspect is visualized in Figure 1. In addition, it is considered
that the distributions of the component maps are spatially independent, and in this sense uniquely specified.
Mathematically, this means that if pi(Cy) specifies the probability distribution of the voxel values Cy in the kth
component map, then the joint probability distribution of all n components yields:

p(C,-++,Cn) = [] pr(Cr) (1)
k=1
where each of the component maps Cy, is a vector (Cki,i = 1,2,---, M), where M gives the number of voxels.

Independency is a stronger condition than uncorrelatedness. It was shown in® that these maps are independent
if the active voxels in the maps are sparse and mostly nonoverlapping. Additionally it is assumed that the
observed fMRI signals are the superposition of the individual component processes at each voxel. Based on
these assumptions, ICA can be applied to fMRI time-series to spatially localize and temporally characterize the
sources of BOLD activation.

Different methods for performing ICA decompositions have been proposed which employ different objective
functions together with different criteria of optimization of these functions, and it is assumed that they can
produce different results.
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Figure 1. Visualization of ICA applied to fMRI data. (a) Scheme of fMRI data decomposed into independent components,
and (b) fMRI data as a mixture of independent components where the mixing matrix M specifies the relative contribution
of each component at each time point.°

2.2. Models of Spatial ICA in fMRI

In the following we will assume that X is a 7' x M observed fMRI signal data matrix, C is the N x M random
matrix of component map values, and A is a T x N mixing matrix containing in its columns the associated
time—courses of the N components. Furthermore, T corresponds to the number of scans, and M is the number
of voxels included in the analysis. Matrix X is the so—called matrix of observed voxel time courses (VTC).

The spatial ICA (sICA) problem is given by the following linear combination model for the data:

X =AC (2)
where no assumptions are made about the mixing matrix A and the rows C; being mutually statistically inde-
pendent.

Then the ICA decomposition of X can be defined as an invertible transformation:

C=WX (3)

where W is an unmixing matrix providing a linear decomposition of data. A is the pseudoinverse of W.

The algorithmic description of the Infomax and FastICA can be found in.?°

2.3. The Topographic ICA Approach

Topographic ICA represents a generative model which combines topographic mapping with ICA. As in all
topographic mappings, the distance in the representation space given by the topographic grid is related to the
distance of the represented components. This distance is defined for topographic ICA by the mutual information
implied by higher—order correlations.!® Thus, a natural distance measure is given in the context of ICA.
Traditional topographic mapping methods define distance either based on the Euclidean distance or correlation.
The ICA distance measure enables the definition of a topography even if the Euclidean distances are all equal
as it is the case with an orthogonal vector space.
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