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2.1 Generating streamtubes

The algorithm to generate streamtubes works as following (for de-
tails please see [3]):

First, we define linear anisotropy region in the DTI data set us-
ing Westin’s metrics [1]. And then we integrate streamtubes in the
major eigenvector field of the DTI data. The integration starts from
a seed point in the data volume, and stops when the streamtube hits
the data boundary, enters a low linear anisotropy region, or makes
a high curvature change of direction.

There are several parameters used by the streamtube generat-
ing algorithm. For example, the placement of the seed points, the
threshold for linear anisotropy region, the threshold for the length
of the streamtube, etc. Most of them affect the number of stream-
tubes generated.

2.2 Clustering streamtubes

We use agglomerative hierarchical clustering methods [2] to cluster
c d the streamtubes. The general algorithm starts miimgleton clus-
) ) ) ters and form the sequence by successively merging clusters. The
Figure 1: Results from applying clustering methods to the stream- a|gorithm works as follows:
tubes. The streamtubes within one cluster share a single color. (a,b) 1. Given a set o singleton clusters.
show the clustering results from the minimum algorithm. (b) has 2 \Merge the two nearest clusters
fewer clusters than (a). (c,d) show the clustering results from the 3 Repeat 2. until the specified number of clusters are generated.
maximum algorithm. (d) has fewer clusters than (c). If we set the specified number of clusters to 1, we produce a den-
drogram. The interesting part of the algorithm lies within the word
“nearest”. We have to define the distance between two streamtubes,
1 Introduction and the distance between two clusters of streamtubes. _
The distance between streamtubes are defined as following:

We apply hierarchical clustering methods on streamtubes for visu-

alization and analysis. f:; max(disté) — T;, 0)ds
Streamtubes are integrated in the major eigenvector field of the 1= [ max(E0-T o)’
DTl data set. In a 25& 256 x 50 data set, our algorithm can gen- S [dist®—Ti["

erate tens of thousands of streamtubes. It is hard to find features
in a dense set of undistinguished tubes. Thus it is important to im-
pose some structural information on the streamtubes for visualiza-
tion and interpretation purposes. Hierarchical clustering produces
a dendrogram that groups objects into different number of clusters
in a continuous way. We apply some clustering methods on a setthe arc Ien_gf[h. .

of streamtubes and found that the streamtubes correlating to major__ f the minimum distance between any two streamtubes from two
neural structures tend to cluster together because of their shape sim@!USters is used for the distance between these clusters, the method
ilarities. Also, different distance criteria produce different types of IS called the nearest-neighbor cluster algorithm, or minimum algo-
clusters. The dendrogram produced by the hierarchical clustering Ithm- This algorithm tends to generate long chains of clusters if
methods has the potential to be utilized by visualization applica- there are bridges between two otherwise separated clusters. This is

tions to interactively display the streamtubes at different level-of- ©ften called “chaining effect”.
When the maximum distance between any two streamtubes from

where s parameterizes the arc length of the shorter trajectory,
and distg) is the shortest distance from locatisrof the shorter
trajectory to the longer trajectoryl; ensures that we label two tra-
jectories as different if they differ significantly over any portion of

details. X -
two clusters is used for the distance between these clusters, the
algorithm is called the farthest-neighbor clustering algorithm, or
maximum algorithm. This algorithm tends to minimize the diame-
2 Method ter of a cluster.

We first generate a set of streamtubes, and then cluster them With3 Results

two different hierarchical clustering methods.

The DTl and T2-weighted MRI data set is collected from a nor-
*Box 1910, Brown University, Providence, RI 02912; mal volunteer. We generate a set of streamtubes from the DTI data

{sz,dhk@cs.brown.edu set. The seed points are picked from every third data point in each




dimension, the average linear anisotropy on the streamtubes are
higher than 0.3. We have generated a set of 1,403 streamtubes.
We then applied the minimum algorithm and the maximum algo-
rithm on this set of streamtubes. Figure 1 shows the results. The
color is used only to distinguish between different clusters. Fig-
ure 1 (a,b) shows the two clusters generated from the minimum
algorithm. They are from the same dendrogram but at the different
level, Figure 1 (a) is lower in the dendrogram and has more clus-
ters. From Figure 1 (a,b) we found that streamtubes in the vicinity
of major neural structures tend to cluster together by the minimum
algorithm. For example, in Figure 1 (a), the yellow, pink, and light
blue tubes occupy the internal capsule area, and the streamtubes in
the middle section of the corpus callosum are all within the green
cluster. It is even more obvious in Figure 1 (b), where the internal
capsule area is almost totally occupied by the green cluster. This
phenomena is partly due to the “chaining effect”. Although the
streamtubes around corpus callosum are distributed over a long dis-
tance, they are still connected by locally similar streamtubes, thus
forming few clusters.

On the other hand, Figure 1 (c,d) show the clusters generated by
the maximum algorithm. The streamtubes around internal capsule
and corpus callosum are broken into a number of clusters, since
remote streamtubes will not be clustered into one group by the
“bridges”. Similar streamtubes form local clusters that has small
intra-cluster distance. If we choose a representative single stream-
tube for each cluster, the abstractive set of streamtubes from these
clusters have the potential to catch the overall structure while get-
ting rid of the visual clutters.
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