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Purpose Tract-wise statics are widely used in neuroscience research. In smaller studies both tractography and voxel 
wise methods are regularly applied. However, as study sizes increase the use of tractography becomes less wide spread, 
likely owing to the high degree of user interaction required for tractography in comparison to the simpler “turn key” 
voxel-wise approaches. Voxel-wise methods, however, are not without disadvantages; it is difficult, for example, to 
guarantee that measurements are drawn from the specific tract of interest and, additionally, by selecting only a single 
measurement at each point along the tract, significant statistical power might be lost when compared to the glut of 
samples acquired along a set of streamlines.  Here we propose modifications to method described by [1], allowing fully 
automated rapid segmentation of tractography datasets with minimal user interaction and, as a demonstration, show that 
this method can be used to reproduce the results of a recently published study [2]. 
Methods  
Feature space creation: Creation of a primary feature space proceeds as in [1]. Streamlines originating from 30 
individual datasets were transformed into a standard image space, reparametrised to 45 equidistant knot points, 
translated to the origin (centre of mass subtraction) and concatenated (x, y and z coordinates) to form a 90 element 
feature descriptor. Principal component analysis (PCA) was then performed on the feature descriptors to construct a 
model of 'bulk' streamline shape variation. Streamlines were then projected onto the resultant eigenvectors and their 
coordinates clustered using the k-means algorithms to generate 800 clusters, each representing a general shape class. 
The feature descriptors belonging to each cluster were then subjected to an additional PCA and clustering step (k=30 
clusters) to create a two stage process in which streamlines are first classified into general shape, then one of 30 sub 
variants. Each cluster/sub-cluster was then labelled by anatomical content. 
Segmentation: Novel streamlines are first subjected to the previous feature descriptor creation routine and then 
projected (C = ET*(f-m), C = coordinates, E = eigenvectors of feature space, f = feature descriptor, m = mean feature 
descriptor of training data) into both the primary and then matching sub-cluster spaces, acquiring a set of plausible 
anatomical labels (based upon the closest pre-defined cluster centroids in each space) which, when cross-referenced 
with a crude positional mask (in image space), provides a definitive streamline classification. 
Data acquisition/Processing To demonstrate the wider applicability of this method two datasets were used in this 
work. Training was conducted using the results of 30 damped Richardson-Lucy [3] whole volume tractographies 
performed on data acquired through a 60 direction, 6 b0, b=1200 s/mm2 protocol with 2mm isotropic seeding, 45o 
angular threshold, 0.05 fODF magnitude threshold and 0.5mm step size. Segmentation was then applied to 27 CSD [4] 
results acquired for a recent study [2] through a 30 direction, 3 b0, b=1200 s/mm2 protocol with 2mm seed point 
resolution, 30o angular threshold, 0.1 fODF threshold and 1mm step size. 

 
Results Figure 1 displays correlation between manually and automatically segmented mean FA and MD across the 
Fornix and examples of both Fornix and left Inferior Longitudinal Fasciculus segmentations (C-D) with correlation 
coefficients/significances provided in Table 1.  Given the high degree of correlation we were able to replicate the 
majority of findings from [2], specifically: significantly, correlating Fornix FA and MD with performance in scene (but 
not face) recognition in Postans [2] Task A, and Fornix MD with scene (but not face) recognition in Task B, but finding 
no significant correlations arising between any behavioural task and the ILF.   

Discussion/Conclusion: We have provided an enhancement to the method proposed by [1] which improves shape 
discrimination while minimizing the number of additional 
operations required during segmentation (one additional 
projection plus 30 Euclidean distance measurements per 
streamline). Using the modified method we were then able to 
demonstrate that (a) since underlying fibre geometry remain the 
same, results are largely insensitive to differences in 
acquisition/processing and (b) those results are sufficiently accurate (with respect to the manual segmentations) to 
permit fast (~10min/dataset), automated replication of significant findings [2] with a minimum of user interaction.   
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Value Correlation Significance 95% CI

Fornix FA 0.977 p < 0.001 [0.948 0.991]

Fornix MD 0.969 p < 0.001 [0.954 0.986]

ILF FA 0.959 p < 0.001 [0.924 0.980]

ILF MD 0.980 p < 0.001 [0.952 0.991]
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