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Dynamic Human Brain PET data

Scanner: Siemens 951/31
Output Image Matrix{128 x 128 |x 31| x| 21

4-Dimensional: 3 in Space, 1 in Time.
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Time Activity Curves (T ACs)

Time Activity Curves (TACs) for Random Set of Pixels

Vector: [X,, X,,... 5,0, X, ] >
Defined for each Voxel |
Total for each slice: ) )

128+128=16384 |
For Entire brain £4
Volume: ’

128*128%31= 507904 |
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Time in Logm(Minutes)
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Integrals

Product of individual TACs with scanning time
durations. Biologically relevant — accumulation of tracer

1n tissue over time.

*
D{b X2>° . >XZO>X21] 8 *0.0333
2 *0.1667

* Single Scalar value 0.2000
0.5000

* Approximate Hstimate | 541 9900

e Reduces Dimension 2 *1.5000
of data 3.5000
2* 5.0000
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30.0000
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Clustering PET data- Why is it
important?

Output data is very noisy
Low Signal to Noise Ratio (SNR)

Important preprocessing step performed prior to
parametric estimation from dynamic PET data.

Form of Segmentation

Provide better information

Partially overcome the effect of noise in the data

Improve accuracy of voxel level quantification of parametric
data from PET images
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Clustering Algorithms
(Jain and Dubes, 1988)

Hierarchical
Average Linkage (HAL)
Centroid Linkage (HCL)
HAL & HCL with preclustering (HALL1/HCIL.1)

HAL & HCL with preclustering and assignment of
isolated voxels (HAL2/HCIL.2)

Partitional
K-Means
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Preclustering: Illustration

Frequency=5934 Precluster
Density~0.03 /
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Clustering Algorithms for PET:
Intangibles

Unsupervised

no predefined classes

no specific examples that would show what kind of important
relationships within the data are of biological significance.

Optimal Number of clusters

Not known a priori (very difficult to set up simulated data)
Ditficult to rely on visual perception due to high noise and dimensionality

How appropriate 1s the clustering method for the data
at hand?

Trade-off between computational cost and cluster
quality

How much tolerance is accepted?
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Validation Measures Used

Computed at the element, cluster and global level for
each algorithm.

Intra Cluster Measures Inter Cluster Measures

*Average Distance to Mean |*Separation
*Maximum Dist. to Mean | *Minimum Separation
*Maximum Diameter * Average Split

*Average Spread

*Total Energy
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Validation Measures Used
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Average Spread Comparison Plots for slices 4, 16 and 27 of subjects #3246 and #4248
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Conclusions

TAC vs Integral Data
Significant difference in intra and inter cluster
measures NOT observed

Inter and Intra cluster measures relatively higher

for TAC data

Difference in Intra-cluster measures > Difference in
Inter-cluster measures

If more well separated clusters desired — need to use
multidimensional TAC data
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Conclusions

Fast Hierarchical methods comparable to more
expensive standard forms

K-means

Greater average dissimilarity within clusters
Inter-Intra Cluster Measures

Integral data : more pronounced maxima
Setting number of clusters a-prior:

Not appropriate

Optimal number of clusters varies depending upon slice and
subject

Robust Clustering of PET data, Interface/CSNA 2005, Washington University,
St. Louis, MO, USA

16



Future Directions

Use results of clustering to find parametric
values

Assess cluster validity through parametric values

Use cluster ranges on parametric values as
constraints for voxel wide parameter estimations
by nonlinear optimization
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