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Abstract

Heterogeneity assessment of tumor in oncology is important for diagnosis of cancer and therapy.

The aim of this study was performed assess heterogeneity tumor region in PET image using texture

analysis. For assessment of heterogeneity tumor in PET image, we inserted sphere phantom in torso
phantom. Cu-64 labeled radioisotope was administrated by 156.84 MBq in torso phantom. PET/CT
image was acquired by PET/CT scanner (Discovery 710, GE Healthcare, Milwaukee, WI). The texture

analysis of PET images was calculated using occurrence probability of gray level co-occurrence

matrix. Energy and entropy is one of results of texture analysis. We performed the texture analysis

in tumor, liver, and background. Assessment textural features of region-of-interest (ROI) in torso

phantom used in—house software. We calculated the textural features of torso phantom in PET image

using texture analysis. Calculated entropy in tumor, liver, and background were 5.322, 7.639, and

7.818. The further study will perform assessment of heterogeneity using clinical tumor PET image.
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[I. Materials and Methods
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. Tumor Model Mimicking
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Imaging of tumor model in torso phantom (a) The
torso phantom was composed of body—shaped cylinder

Fig. 1.

liver, and mimic the tumor. (b) PET image of torso
phantom was acquired using PET/CT scanner.
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2. Imaging of Tumor Model
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3. Texture Analysis Method
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4. Texture Analysis of Tumor Model
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[1l. Result

1. PET/CT Imaging of Tumor Model
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Fig. 2. Cu—-64 PET/CT torso phantom imaging with tumor
region. Torso phantom was consisted by lung, liver and
tumor.

2. Segmentation of ROI
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Fig. 3. ROI definition of tumor, liver, and background in

PET image (a) CGITA program, (b) in—house program

3. Texture Analysis using CGITA
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Fig. 4. CGITA texture analysis graph in liver, tumor and
background. Calculated entropy of torso phantom with the
variation of time distribution

4. Texture Analysis using In-house Program
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Table 1. GLCM based texture analysis parameters in torso
phantom using in—house program

T];g:tttrrzl Tumor Liver Background

Entropy 5.322 7.639 7.818

Energy 0.025 0.006 0.005
Homogeneity 0.078 0.249 0.196

V. Conclusion
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