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Introduction

UK Biobank data offers us great opportunities for discovering relationships between analysis (CCA), and explore relationships between modalities with and without dimension
different types or ‘'modalities’ of health data, especially between neuroimaging and non- reduction on the input data. We use a supervised dimension reduction method based on
imaging data. In this work, we consider three such modalities, functional and structural sub-domains of each modality. We present results on 9301 UK Biobank subjects, and
imaging, and behavioral variables. We apply a multivariate method, canonical correlation compare the merits of the two different ways of applying CCA.
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We assess the performance of CCA by looking at the Figure 2. Top SM canonical loadings from the non-reduced CCA of SM and FC for the significant canonical variables. Left to right are
canonical correlations, canonical loadings and the the first to the third canonical loadings.
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less variance. With SDR CCA, we sacrifice canonical Figure 3. Mean squares (MS) of SM canonical loadings in each sub-domain. Dark blue and red bars are amount of variance the
correlation to produce canonical variables which canonical variables explain in the observed SM dataset; light blue and orange bars show the amount of variance explained in the CCA
explain more variance and more interpretable. By | input(SDRreduced SM). Bars above zero are the MS for all variables with positive loadings in each sub-domain; Bars blow zero are MS
applying SDR, we are able to track contributions of for all variables with negative loadings. We present them on the negative axis to show contrast with the positive loadings. In general

each sub-domain. Moreover SDR allows us to the right sets of bars are larger than the left ones due to the lower dimensions of the CCA input compared with the observed dataset.

produce canonical loadings in two ways (as shown in

figure 3), which indicate the relationship between ACknOWIEdgement REferences

canonical variable with observed data and with CCA
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