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Abstract

Purpose: To obtain regional blood flow and tissue-blood partition coefficient with time-activity curves from
6] PET, fitting of some parameters in the Kety model is conventionally accomplished by nonlinear least
squares (NLS) analysis. However, NLS requires considerable compuation time then is impractical for
pixel-by-pixel analysis to generate parametric images of these parameters. In this study, we investigated
several fast parameter estimation methods for the parametric image generation and compared their statistical
reliability and computational efficiency. Materials and Methods: These methods included linear least squres
(LLS), linear weighted least squares (LWLS), linear generalized least squares (GLS), linear generalized
weighted least squares (GWLS), weighted integration (WI), and model-based clustering method (CAKS). Hz"°0O
dynamic brain PET with Poisson noise component was simulated using numerical Zubal brain phantom. Error
and bias in the estimation of rCBF and partition coefficient, and computation time in various noise
environments was estimated and compared. In addition, parametric images from H2"°0 dynamic brain PET
data performed on 16 healthy volunteers under various physiclogical conditions was compared o examine
the utility of these methods for real human data. Results: These fast algorithms produced parametric images
with similar image quality and statistical reliability. When CAKS and LLS methods were used combinedly,
computation time was significantly reduced and less than 30 seconds for 128x128x46 images on Pentium
Il processor. Conclusion: Parametric images of rCBF and partition coefficient with good statistical properties
can be generated with short computation time which is acceptable in clinical situation.
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Figure 2. Arterial input function used in simulation.
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Table 1. Cerebral Blood Flow (/) and Partition Coefficient (p) Values used in the Simulation for Each

Anatomical Region

Brain area f (ml /min /100g) p (ml/100g)
Skin 12 24
Cerebellum 58 78
White matter 46 71
Medulla oblongata 54 71
Fat1 15 20
Frontal lobes 55 69
Pons 54 71
Occipital lobes 60 74
Hippocampus 55 78
Fat2 15 ' 20
Uncus 52 70
Caudate nucleus 42 57
Insula cortex 61 75
Putamen 70 81
Optic nerve 46 71
Internal capsule 46 71
Thalamus 62 72
Corpus collosum 35 62
Special region in frontal lobes 55 69
Temporal lobes 53 72
Parietal lobes 54 71
Amygdala 54 78
Globus pallidus 54 79
Prefrontal lobes 55 69
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Figure 3. Parametric images of oerebral blood flow and partition coefficient
generated from simulation data with noise level a=32.
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