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Detection of Spatial Connectivity Using fMRI Data Analysis

Introduction


Correlating the spatial motion responses of the body to the neural activity of the brain is an exciting and interesting theme.  This field has grown from the usage of crude electro-stimulations to map human cortical function to more noninvasive and up-to-date techniques such as fMRI.  fMRI is an innovative technology that measures the changes in the local concentration of deoxyhemoglobin within the brain, which lead to alterations in the magnetic resonance signal.  It is neuronal activation within the cerebral cortex that increases blood flow without an equal extraction of oxygen.  Therefore, capillary and venous deoxyhemoglobin concentrations decrease and this is reflected as a local increase in T2* and T2, leading to an elevation in signal intensity in corresponding regions of T2* and T2 weighted MR images.


Typically, T2* weighted images are obtained by subjecting a subject between performing a task and relaxation.  Therefore, localized signal differences between the activation and resting periods are identified and used to pinpoint the localized neuronal activation associated with the task.  However, detection of this fMRI response is not especially easy because the response is usually extremely small.    The use of use of t-tests, F-tests, and ordinary correlation analysis are univariate methods that ignore spatial correlation in fMRI.  Hence, two methods are explored in two respective articles, namely canonical correlation analysis and self-organizing mapping.  These methods take into account complicated neuronal responses and situations in which the fMRI response is unknown and characterize the spatial connectivity of neuronal responses.

Discussion

Self-organizing mapping is an analysis technique modeled after cluster analysis, which groups image pixels together based on the similarity of their intensity over a time course.  This process creates a multidimensional Euclidean space in which each dimension in the space represents image intensity at a corresponding individual time point.  Then, based on the proximity of the input data, the space is partitioned into clusters.  


In the self-organizing mapping (SOM) implementation, a two-dimensional grid has nodes generated and distributed upon it based on how these node patterns correspond to their associated node patterns in the signal intensity space.  This is accomplished by the SOM by configuring a two-dimensional feature space consisting of discrete lattice nodes, in which the discrete lattice nodes represent the neuron map.  Each of the nodes in the lattice has a feature vector or pattern and is initialized with random patterns.  From there on, the SOM is trained iteratively by pixel time courses randomly selected from the measured data.  This training involves finding the node whose pattern best matches the time course of the training pixel and then moving the associated feature vectors of this node and its four nearest neighbors closer to the pixel time course.  This process continues and slows until convergence to a stable SOM.  Nodes with similar feature patterns then group together to form clusters.  This implementation has the advantages of identifying features in the data that are not so prominent and preserving the topology of the space.  

The authors extended this method by incorporating a modified SOM based on the spatial connectivity of activation sites.  This implementation follows the training process of the basic SOM carried out several times followed by an image segmentation technique called probabilistic relaxation.  This technique takes into account the probability that pixel i belongs to node k and the probability that pixel i belong to node k with the likelihood that the neighbors of pixel i belong to node k.  This implementation creates locations of activation corresponding to neuronal activities clusters with a finite spatial extent as opposed to the many isolated regions of activation in the standard SOM.  The authors noticed an improvement in performance with varied factors of contrast level and signal pattern of artificial activation.  However, the authors also acknowledged that the modified SOM is sub-optimal in detecting isolated activated pixels.  

The authors were thoughtful about program advancement and proposed three improvements for the modified SOM.  The first would optimize the computation speed.  Reducing the number of training steps involved could do this and the resulting neuron map should still converge to a stable SOM.  Another improvement is to use a batch SOM algorithm to address more than one pixel at a time.  In addition, using a network topology that could adapt flexibly to the characteristics of a given data set, instead of the fixed two-dimensional grid, would better approximate the shape of data distribution.  

Canonical correlation analysis is an extension of univariate correlation analysis that utilizes a multidimensional technique that combines subspace modeling of the hemodynamic response and the use of spatial dependencies to map homogenous brain activities.   This implementation assumes that a number of image slices are acquired at N subsequent time points.  Further, in each pixel in each image slice, a time series of length N is obstained.  The process then searches for pixels in which its time series has a component that has a small signal increase that corresponds to a certain task performed.  

In canonical correlation analysis (CCA), an x-variable is assigned to region of pixels with three by three area to use the spatial relationship between pixels (the timeseries) and a y-variable is assigned to a set of basis functions that represent the hemodynamic response in the signal subspace.  CCA then finds a linear combination coefficient, that is multiplied against the x and y-variable separately, which produces the largest correlation between x and y.  Therefore, the largest canonical correlation analysis coefficient is a measure of how well the time series (x-variable) in the three by three region corresponds to the optimal signal (y-variable).  A large correlation suggests a high degree of similarity, whereas a low correlation suggests that it is not possible to find a signal in the signal subspace that has similarity to the time course in the three by three region.   


The authors noticed that CCA will detect even a single pixel or highly localized activations due to the fact that a large linear combination coefficient associated with an activated pixel may stretch a bit to a neighboring pixel that is not activated and erroneously activate it.  Therefore, it was also noticed that activated regions are larger than in the true neurological sense.  However, the authors incorporated a post-processing step that rejects spurious activated pixels by eliminating any hemodynamic responses that fall outside of the signal subspace.  


The authors found two areas that had room for improvement.  One was developing a method for obtaining the statistical significance of the effect of the post-processing step.  Another method the authors felt necessary to include was one that reduced the enlargement of activated regions caused by MR encounter of a blood vessel, which produces strong and spatially compact blood oxygen level dependent signals.  

Conclusion

Analysis of both techniques for detection of spatial connectivity proposed by the two papers suggests that canonical correlation analysis is a better method than self-organizing mapping.  This decision arrived after comparison of SOM and CCA.  The authors of each paper demonstrated that their version of analysis was a more elaborate extension of a pre-existing analysis technique for less complex data.  However, both authors also managed to express how their updated analysis method is able to digest more involved neural activities.  Mainly, they did this by providing excellent experimental performance for both SOM and CCA, respectively.  This is, however, the end of the equivalency of the two data analysis techniques.

While SOM is potentially faster than CCA, CCA is a method that produces a more refined output.  Also, SOM uses the similarity of time courses of pixels to cluster groups of similar activation, whereas CCA combines the subspace modeling of the hemodynamic response and the time series of pixels; perhaps a bit more accurate, because of the post processing step, for the purpose of measuring neural activity and spatial connectivity.  In addition, while SOM uses thresholding for its modified version, detection of activation in CCA is not based only on thresholding.  Indeed, CCA detects activated regions on physiological parameters such as temporal shape and delay of hemodynamic response.  Therefore, while both methods do invariably correlate spatial connectivity, CCA does so better.  
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