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Detecting perfusion abnormalities in Arterial Spin Labelling

Blood supply to the brain

Brain perfusion is the biological process that ensures the delivery of oxygen and nutrients to the cerebral tissues by means of microcirculation.

Study of typical brain perfusion.

Provide a better understanding of brain dysfunction associated with a pathology. Individual analyses ↔ . . .

Study of brain perfusion in a particular subject.

Outline deviation from normality (or from a reference group). 
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Independent and identically distributed errors, i.e. given e ∼ N (0, σ 2 I), we can use Ordinary Least Squares: βOLS

= (X T X) -1 X T Y, Var( βOLS ) = σ2 (X T X) -1 . (1)
Otherwise, given e ∼ N (0, V), Weigthed Least Squares:

βWLS = (X T V -1 X) -1 X T V -1 Y, Var( βWLS ) = (X T V -1 X) -1 .
(2) 

Conclusions

Hypothesis testing

Under the null hypothesis:

H 0 : cβ (v) = 0.
Assuming the normality of the error, the t-statistic at voxel v is defined by: . . . Modelling and estimation using the GLM.

c β(v) Var(c β(v) ) ∼ T N-p . (3 
Difference between random-effects and mixed-effects analyses.

Note: For ease of calculation, the models will be presented in the following without covariates. Modelling and estimation using the GLM.

Difference between random-effects and mixed-effects analyses.

Note: For ease of calculation, the models will be presented in the following without covariates. Given a voxel, for each subject s we have:

Y s = X s β s + s , (4) 
where Y s vector of observations;

X s subject-level design matrix; Given a voxel, for each subject s we have:

β
Y s =    1 . . . 1    β s + s . ( 5 
)
where Y s vector of observations;

X s subject-level design matrix;

β s parameters to be estimated; The subject parameters (β s ) 1≤s≤n 1 +1 can be combined using:

s residual error, s ∼ N (0, σ 2 
   β 1 . . . β n 1 +n 2    = X G β G + γ G , (6) 
where The subject parameters (β s ) 1≤s≤n 1 +1 can be combined using:

X
          β 1 . . . β n 1 β n 1 +1 . . . β n 1 +n 2           =           1 0 . . . . . . 1 0 0 1 . . . . . . 0 1           β controls β patients + γ G . (7) 
where The subject parameters (β s ) 1≤s≤n 1 +1 can be combined using:

γ G the residual error term, γ s G ∼ N (0, σ 2 G,i
          β1 . . . βn 1 βn 1 +1 . . . βn 1 +n 2           =           1 0 . . . . . . 1 0 0 1 . . . . . . 0 1           β controls β patients + γ G C . (8) 
where We are interested in the null hypothesis: We are interested in the null hypothesis: Assuming γ s G C ,i ∼ N (0, σ 2 G C ,i ), by weighted least squares we have:

γ G C the residual error term, γ s G C ∼ N 0, σ 2 G,i + σ 2 s r .
H0 : β controls = β patients . (9 
H0 : β controls = β patients . (9 
βRFX controls = 1 n 1 n 1 s=1 βs , βRFX patients = 1 n 2 n 1 +n 2 s=n 1 +1 βs , (12) 
The associated sampling variances are: 

Var( βRFX controls ) = σ2 G C ,1 n 1 , Var( βRFX patients ) = σ2 G C ,
Assuming γ s G C ,i ∼ N (0, σ 2 G,i + σ 2 s r
), by weighted least squares we have:

βMFX controls = 1 n 1 j=1 w j,1 n 1 s=1 w s,1 βs , where w s,i = 1 σ2 G,i + σ2 s r βMFX patients = 1 n 1 +n 2 j=n 1 +1 w j,2 n 1 +n 2 s=n 1 +1
w s,2 βs .

(14) The associated sampling variances are: Assuming γ s G C ∼ N (0, σ 2 G C ), by ordinary least squares we have:

Var( βMFX controls ) = 1 n 1 s=1 w s,1 , Var( βMFX patients ) = 1 n 1 +n 2 s=n 1 +1 w s,2 (15) 
βRFX controls = 1 n 1 n 1 s=1 βs , βRFX patient = βn 1 +1 , (16) 
The associated sampling variances are: 

Var( βRFX controls ) = σ2 G C n 1 , Var( βRFX patient ) = σ2 G C ( 
Assuming γ s G C ∼ N (0, σ 2 G + σ 2 s r
), by weighted least squares we get:

βMFX controls = 1 n 1 j=1 w j,1 n 1 s=1 w s,1 βs , βMFX patient = βn 1 +1
where

w s = 1 σ2 G + σ2 s r . ( 18 
)
The associated sampling variances are: -→ 

Var( βMFX controls ) = 1 n 1 s=1 w s , Var( βMFX patients ) = σ2 G + σ2 n 1 +1 r ( 
RFX 1 n 1 n 1 s=1 βs βn 1 +1 σ2 G C n 1 σ2 G C MFX 1 n 1 j=1 1 σ2 G + σ2 j r n 1 s=1 1 σ2 G + σ2 s r βs βn 1 +1 1 n 1 s=1 1 σ2 G + σ2 s r σ2 G + σ2 n 1 +1
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the assumptions of RFX analyses were violated.

using an MFX analysis was essential in the detection of perfusion abnormalities at the patient level.

According to the literature, the difference between RFX and MFX is less pronounced when comparing 2 groups.

Further investigation using other ASL sequences are needed. 
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  More details on RFX and MFX [Beckmann 2003, Mumford 2006, Mumford 2009]. . Maumet, P. Maurel, J-C. Ferr é, B. Carsin, C. Barillot. Patient-specific detection of perfusion abnormalities combining within-subject and between-subject variances in Arterial Spin Labeling. NeuroImage, 2013, 81C, pp. 121-130. Freely available online.
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