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I 1@ Glioblastoma multiforme (GBM)
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> One axial slice of an MR

image of a GBM patient.

» Z&(dark blue),
» I&5E(green),
» enhancing active tumor (red)

» non-enhancing active tumor
(light blue)
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Supervised multiblock sparse multivariable @J.ji ﬁj\ ( Z . 77 )

analysis with application to multimodal
brain imaging genetics

Atsushi Kawaguchi 2, Fumio Yamashita

Biostatistics, Volume 18, Issue 4, 1 October 2017, Pages 651- @#& Efﬁ 1T-I- %

665, https://doi.org/10.1093/biostatistics/kxx011
Published: 19 March 2017 Article history v
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October 2017
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Several functions can be used to analyze multiblock multivariable data. If the input is a single matrix, then principal
components analysis (PCA) is implemented. If the input is a list of matrices, then multiblock PCA is implemented. If the input is
two matrices, for exploratory and objective variables, then partial least squares (PLS) analysis is implemented. If the input is
two lists of matrices, for exploratory and objective variables, then multiblock PLS analysis is implemented. Additionally, if an
extra outcome variable is specified, then a supervised version of the methods above is implemented. For each method, sparse
modeling is also incorporated. Functions for selecting the number of components and regularized parameters are also

msma: Multiblock Sparse Multivariable Analysis

provided.

Version: 1.0

Depends: mvtnorm

Published: 2018-03-01

Author: Atsushi Kawaguchi

Maintainer: Atsushi Kawaguchi <kawa_a24 at yahoo.co.jp>
License: GPL-2 | GPL-3 [expanded from: GPL (= 2)]

NeedsCompilation: no

Citation: msma_citation info

CRAN checks: msma results
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0 < u < 1 s the proportion of the supervision,
P, (x) = 24|x]|

A > 0 Is the regularized parameter that is used to control the sparsity.
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> Initialize t with ||t]|, = 1.
> Repeat until convergence:
» Set Wy, = hy (b X {(1 — @t + uz}),
where h,(y) = sign(y) (ly| > 1),, and
normalize as w,,, = W,,,/||lW, I, (m = 1,2, ..., M).
» Sett,, = X,,Ww,, and b,,, = 7 {(1 — pt + uZz};
then set B = (by, by, ..., by) ' and normalize as b = b/||b|,.
»Sett=YM_ b X, W,,.
> (Deflation step)
Setp,, = X} t,,/tht,, and X,, = t,,p},and X,, « X,, — X,,,.
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S US-ADNIT—%
I E% ‘WIJ [E[{% (structural MRI and FDG PET)

Dementia Normal p

n 52 54
AGE (mean (sd)) 75.41 (7.18) 74.93 (4.89) 0.684
PTGENDER = Male (%) 31 (59.6) 36 (66.7) 0.582
APOE4 (%) <0.001

0 17 (32.7) 39 (72.2)

1 29 (55.8) 13 (24.1)

2 6 (11.5) 2 (3.7)
PTEDUCAT (mean (sd)) 14.19 (3.04) 15.89 (2.99) 0.005
CDRSB (mean (sd)) 4.54 (1.73) 0.03 (0.12) <0.001
ADAS11 (mean (sd)) 18.70 (5.63) 6.56 (3.28) <0.001
ADAS13 (mean (sd)) 28.94 (6.30) 10.08 (4.30) <0.001
MMSE (mean (sd)) 23.38 (2.07) 28.87 (1.24) <0.001

Z =317 XCDR + 0.11 X ADAS13 — 0.57 X MMSE

where CDR is the clinical dementia rating score,
ADAS13 is the Alzheimer's disease assessment scale-cognitive subscale, and
MMSE is the mini-mental state examination score.
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| Model fit summary
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2EACR Ty AR

M =0.00 M=0.5 p=1.0

Estimate Pr(>|z|) Estimate Pr(>|z|) Estimate Pr(>|z|)
compl -0.0210 0.0615 0.0832 <0.0001 <0.0001 4.287 0.9982 0.0001
comp2 0.0882 <0.0001 <0.0001 0.0458  0.0031 0.0026 2.555 0.9989 0.0013
comp3 -0.0621 0.0001 0.0001 0.0180 0.0920 4.633 0.9995 0.0027
comp4 -0.0072 0.6126 0.0044 0.7583 1.827 0.9987
comp5 -0.0424 0.0228  0.0446 0.0430  0.0203 0.0261 3.905 0.9988
comp6 -0.0364 0.0900 0.0439 0.0403 0.0715 0.0750 4.994 0.9984
comp7 0.0446  0.0891 0.0510 0.0619 0.0543
comp8 0.0336 0.2517 -0.0226  0.3816
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ROC ZEO X Ty AR with stepwise selection
10-fold cross-validation
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