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Target audience: 
Researchers and clinicians interested in quantitative PET in hybrid PET/MR systems. 
Purpose: 
After the successful integration of MR and PET hardware, PET attenuation correction remains the main unsolved challenge facing 
PET-MR1. Several methods combined with machine learning such as pattern recognition2 and neural network 3 have been proposed to 
calculate attenuation map from MR scans for PET/MR systems. In this work, we proposed a support vector machine (SVM) regression 
method for generating pseudo-CT from MR information. The proposed method was compared to Gaussian mixture regression (GMR) 
model method4, which also generates continuous pseudo-CT images. 
Methods: 
Patient Data: Eight patient data sets were used in this study. 
Each data set includes 1 T2-TSE MR (TE: 87ms, TR: 4540ms, 
Flip angle: 150°, matrix size: 640×616×23), 2 Ultra-short TE 
(UTE) MR (TE: 0.07/2.46ms, matrix size: 192×192×192) and 
1 CT (120kVp, 100mAs, matrix size: 512×512×45) image 
volumes. The UTE sequences were used to distinguish bone 
and air in MR images in order to give better boundaries. For 
each patient, the following steps were performed. First, SPM 
was used to register CT, UTE1 and UTE2 to T2. Second, MR 
and CT image volumes were normalized to 0~1 range for 
SVM training. Third, a head mask was obtained from T2 using 
a region growing method. 
Six and the other two patient data sets were used for training 
and testing, respectively. LIBSVM5 software in Matlab was 
used for SVM regression. ε-SVR (epsilon support vector regression) was 
selected as the SVM formulation. Intensity of each voxel and its eight 
neighborhood voxels of the three MR images were used as input to SVM 
to obtain the CT value for the voxel (Fig. 1). Both the training and testing 
were performed slice by slice. GMR method is performed by aligning the 
voxel intensity, mean value and standard deviation of each neighborhood 
as input and training the model of 20 multivariate Gaussians. 
Results: 
Fig.2 (A) shows the pseudo-CT images together with the real CT image. 
Fig.2 (B) shows the bias images for the SVM and GMR methods using the 
real CT image as the gold standard. SVM yields 33.85% and 16.89% lower 
MSE values than GMR on average for test patient 1 and 2, respectively. 
Discussion and Conclusions: 
A SVM method to predict continuous attenuation map from T2 and UTE 
MR Images was presented. The SVM method appears to produce less bias 
than GMR and may have potential to improve PET quantitative accuracy 
for PET-MR imaging. Further research can be conducted by increasing the 
training data set volume and optimizing the feature design. 
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Fig 2 (A) Comparison of the SVM predicted 
attenuation map, GMR map and gold standard CT 
map for one of the test patients. (B) Bias images (in 
percentage). 

Fig 1 Regression input and output demonstration. 
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