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Introduction 
 Local canonical correlation analysis (CCA) is a multivariate method that simultaneously analyzes the timecourses of a group of neighboring voxels and has 
been demonstrated to be more sensitive than the conventional univariate GLM approach. However, unlike the general linear model (GLM), an arbitrary linear contrast 
of the temporal regressors has not been so far incorporated in the CCA formalism. To address the first problem, a multivariate regression model is presented which is a 
direct extension of univariate GLM. Mathematically, multivariate regression model is equivalent to CCA, but easier to interpret since the framework is similar to GLM. 
Arbitrary contrasts can be used in the multivariate regression model (MRM) approach including multivariate contrasts. With multivariate contrasts, it is also possible to 
test for significance of contrasts on regression coefficients as well as contrasts on voxels. The test for contrasts on voxels is not possible in the univariate framework. 
Furthermore, a constrained version of MRM is introduced which not only has more sensitivity than univariate GLM, but also corrects for the potential loss of specificity 
due to over-fitting in the multivariate model.  
 
Theory 

The multivariate General Linear Model can be expressed in the following form , where  observation matrix,  design matrix of rank p,  parameter matrix,  residual error matrix. The above representation is analogous to the GLM in the 
conventional model for fMRI data analysis in a univariate framework. The only difference in the multivariate framework is that the d columns of the matrix Y denote 
the timecourses of d neighboring voxels (typically a 3×3 neighborhood in a 2 dimensional slice or a 3×3×3 neighborhood in 3 dimension) instead of the timecourse of a 
single voxel. The ordinary least squares solution of the multivariate regression model can be expressed as ′ ′ . 
 As mentioned before, once the model is presented in the MRM framework, significance of arbitrary multivariate contrasts, as well as the overall model fit 
can be tested. As mentioned previously, more general forms of contrasts can be tested in the multivariate regression model compared to univariate GLM. Formally, we 
can test the following null hypothesis for multivariate contrasts in the most general form: : ′ , where, C’ = q×p hypothesis matrix of specified multivariate 
contrasts, A = d×f transformation matrix of rank f,  D = q×f matrix of hypothesized values for the multivariate contrasts. One can easily see that the matrix C’, which 
acts on the rows of the design matrix, is no different from the contrast matrix used in GLM for fMRI. However, the transformation matrix A is unique to multivariate 
regression in the sense that it acts on the columns of the design matrix and in univariate GLM, we do not have multiple columns. The transformation matrix A can be 
interpreted as contrasts on the neighboring voxels which provides us a powerful tool that is simply not available in the univariate framework. 
 We will now describe the test procedure for the null hypothesis specified above. It can be shown [ref] that the test can be performed by using functions of 
eigenvalues of the matrix , where ′ ′ ′ ′ ′  is the hypothesis sum of squares and cross-product (SSCP) matrix,  

′   is the error SSCP matrix and ′ .  The omnibus null hypothesis can then be tested using the Wilks’ Lambda statistic 

Λ d, q, n p ∏ , where k = min(f,q) and jλ -s are the eigenvalues of .  

 Constrained CCA: Both CCA and multivariate regression share a specificity problem that may lead to the bleeding artifact. In CCA, the problem can be 
solved by applying suitable constraints on the canonical variates for the dependent set of variables. For multivariate regression, we only have regression coefficients for 
the predictors and no such coefficient for the dependent variables. However, due to the equivalence of CCA and multivariate regression, we can first find solution to the 
constrained CCA problem and then consider the equivalent solution for the multivariate regression problem. Of course, the theoretical distribution of the test statistic for 
the constrained solution is intractable. Instead, we will use nonparametric methods for hypothesis testing (to be described in the next section). We will first describe the 
constraint that solves the specificity problem. We will force all spatial coefficients to be non-negative and the coefficient for the center voxel to be the maximum. Let 

),...,,( 21 dαααα =  and ),...,,( 21 pββββ =  respectively denote the coefficients of the dependent and independent sets of variables with 
1α  being the coefficient 

for the center voxel. The imposed constraint on the spatial coefficients, which we refer to as the specificity constraint, can then be written as 0,...,21 ≥≥ dααα . If 

desired, we can also impose nonnegativity constraint on the predictor coefficients, which can then be written as 0,...,, 21 ≥pβββ . 

 Constrained multivariate regression: If we are not interested in studying specific contrasts on the predictors, we will simply use the constrained CCA 
solution and do not need to explore the equivalent constrained solution for multivariate regression. However, if specific contrasts sre of interest, which is usually the 
case, we will use the equivalence between CCA and multivariate regression to obtain the constrained multivariate regression solution from the constrained CCA 
solution. However, as we have seen, the equivalence is founded upon all pairs of canonical variates, not just the first pair of canonical variates. But constrained CCA 
solution only imposes the constraints on the first pair of canonical variates. In principle, it is possible to impose the constraints on the higher order canonical variates by 
generalizing the branch-and-bound algorithm. However, such a solution will be difficult to interpret and the computation time will increase exponentially and hence 
will be impractical to implement. Instead we propose two alternate solutions both of which are simple and easy to implement. The first solution simply uses the higher 
order canonical variates from the unconstrained CCA solution. Then we can simply use the equivalence to obtain the corresponding solution for multivariate regression. 
However, since we are not imposing any constraint on the higher order canonical variates, on rare occasions, unconstrained higher order correlation(s) may be larger 
than the constrained first canonical correlation. This may be considered a potential weakness of the method, but we only expect to observe this artifact on rare 
occasions.  
 
Results 
 In Fig.1 below (from left to right), we show the activation pattern for a memory paradigm for the contrast encoding-distraction at a p-value of 10-5 for single 
voxel GLM, single voxel GLM with Gaussian smoothing (FWHM 2.3 pixels) and CCA with constraint as specified above.  
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