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Target Audience: Anyone interested in CBF quantification using ASL 
Introduction:  
Arterial spin labeling (ASL) [1] uses magnetically labeled arterial blood as an endogenous tracer to noninvasively estimate the mapping of the cerebral blood flow 
(CBF), but is limited by a low signal to noise ratio (SNR).  To improve SNR, ASL tag-control pairs are acquired multiple times and then averaged across time to 
improve SNR.  While signal averaging is generally effective, this procedure can be undermined by large artifacts present in only a small number of tag-control pairs. 
This is particularly the case for 2D ASL data acquired without background suppression.  Prior methods for outlier rejection [2,3] identified outlier pairs based on their 
deviation from mean CBF values, but these methods may fail when similar artifacts are present in multiple tag-control pairs driving mean CBF. Here we propose a 
novel method of removing outlier tag-control pairs based on structural similarity. The algorithm has been named as Structural Correlation based Outlier Rejection 
(SCOR) based on the principle it was derived from. To assess SCOR in relation to alternative options, we used repeated control subject scans from ADNI database [4], 
with the assumption that the optimal signal processing strategy will reduce control subject retest variability over 3 months. ADNI ASL data are acquired using a 2D 
PASL sequence, which suffers from both weak labeling and the lack of background suppression, hence is particularly noisy. 
Proposed Algorithm: 
Many of the previously proposed algorithms for removing outliers from CBF time 
series are based on averaging only those pairs, which are “similar” to the mean CBF 
map. However, in situations, when significant artifactual contamination is present in 
individual maps, they bias the mean CBF map and might result in the undesirable 
effect of removing “good” tag-control pairs. The proposed algorithm, SCOR, is based 
on the intensities of the individual CBF maps as well as their structure. The hypothesis 
underlying the algorithm is that for a mean CBF map with significant artifact caused 
by a few corrupted volumes, the individual map contributing most to the artifact of the 
mean CBF is the one that is most structurally correlated to the overall mean, and 
should be iteratively removed. A good individual pair, on the other hand, is 
characterized by random noise and no significant structure that correlates highly with 
the mean CBF map. As a criterion of stopping the iteration of removing the most 
correlated pair, the weighted variance within each tissue type between successive 
iteration is used, where the weights are proportional to the number of voxels in each 
tissue segment. An increase in the variance from the preceding iteration implies an 
effect of white noise rather than structural correlation and the iteration is stopped. In addition to this, 
any CBF pair with global mean grey matter CBF outside the range of [0,150] was also discarded for 
presumed non-physiological labeling effects. The pseudo-code of SCOR is shown in Table 1. An 
example of mean CBF map, most correlated pair and the output of SCOR for a single dataset is 
shown in the left, middle and right subplots of Fig 1. 
Materials and Methods: 
ASL data of 2 sessions of scans acquired at 3 months interval from 66 controls in the ADNI database 
was obtained. ADNI ASL data were acquired using the Siemens product PICORE pulsed ASL 
(PASL) sequence with the Q2TIPs technique for defining the spin bolus. The acquisition parameters 
are TR/TE=3400/12 ms, TI1/TI=700/1900 ms, FOV=256 mm, 4 sequential 4 mm thick slices with a 
25% gap between the adjacent slices, partial Fourier factor = 6/8, bandwidth=2368 Hz/pix, and imaging matrix = 64 × 64. The first volume of the 105 ASL acquisitions 
was used as the M0 image. Structural images in ADNI were acquired using a 3D MPRAGE T1-weighted sequence with TR/TE=2300/2.98 ms, 176 sagittal slices, 
within plane FOV=256x240mm2, voxel size=1.1x1.1x1.2 mm3, flip angle=90, bandwidth=240 Hz/pix. Each EPI time series was first motion corrected, and then the 
estimates of the motion parameters were regressed out. Subsequently, each volume was smoothed using an isotropic Gaussian kernel with FWHM=5mm and then the 
CBF maps were estimated using the model in [5]. The T1 volumes were segmented into grey matter (GM), white matter (WM) and cerebro-spinal fluid (CSF) 
probability maps using SPM8, co-registered to the native space and subsequently thresholded to 0.95 to obtain binary masks for use in SCOR.  
Results and Discussions: 
As a first step of validation, for all the 132 scanning sessions (66 subjects, 2 sessions), 
the mean GM CBF of SCOR was compared with that of simple averaging of all the 
pairs to check for agreement. The two sets of measurements were highly correlated 
(Pearson correlation coefficient=0.87, p < 10-40). Out of 52 pairs in each session, 5 and 
8 pairs (13 in total) on an average are deleted based on GM threshold and structural 
correlations, respectively. Next, SCOR was compared with the method of simple 
averaging and the methods proposed in [2] and [6]. The method in [2] detects outliers 
based on the mean and standard deviation within individual CBF maps whereas the 
method in [6] uses Huber’s M-estimator to estimate the representative CBF map. 
Coefficients of variation for retest in various regions of interest (ROI) and for each 
method are shown in Table 2. In each case, subjects with CV>100% are discarded 
from the computation of the combined CV, and the number of subjects discarded are 
shown within parenthesis corresponding to each CV. For every ROI, SCOR demonstrates superior performance by providing better agreement between the two 
sessions. In addition, it rejects fewer subjects for the computation of the combined CV implying that the agreement is better even on an individual subject level.  
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Table 1:  Pseudo code of SCOR

 

Table 2: CV% (N discarded) in N=66 ADNI control retest 
 Simple 

Average 
Method 
in [2] 

Method  
in [6] 

SCOR 

Global 28.70(1) 26.75(0) 26.09(0) 22.07(0) 
GM 27.23(1) 25.00(0) 24.63(0) 21.47(0) 
ACC 28.93(6) 29.71(5) 28.96(5) 27.27(2) 
PCC 36.08(8) 40.99(5) 40.62(5) 29.80(0) 
Thalamus 34.25(6) 37.21(4) 40.01(2) 28.98(0) 
Hippocampus 29.30(3) 28.96(2) 27.63(2) 24.70(0) 
Amygdala 41.17(6) 42.77(5) 40.50(5) 33.73(0)
 

 
Figure 1: (Left) Mean CBF of all the pairs, (Middle) The most 
structurally correlated to the mean CBF, (Right) Output of  SCOR 
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