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Abstract

This is the supplementary file containing instructions and various
examples to generate constrained covariance matrix using different al-
gorithms.
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1 Example: Obtaining constrained covariance ma-
trix by using different algorithms

The following code allows to generate samples from a multivariate normal
distribution using a constrained covariance matrix which is generated by
using HTF, IPF or KIM algorithm. The constrained covariance matrix is
generated by using an input network or an adjacency matrix of a network.

> HEHHHHHAAAAR Figure A #H##HARBHHHH#H

> library("mvgraphnorm")

> ## input network ##

> g <- barabasi.game (100, directed=FALSE)
> zz1 <- rmvggm(net.str=g, method="htf")

[1] "htf"

> zz2 <- rmvggm(net.str=g, method="ipf")
[1] "ipf"

> zz3 <- rmvggm(net.str=g, method="kim")
(1] "kim"

> names (zz1)

[1] "dat" "sigma"  "net.str"

> head(zz1[[2]][1:10,1:10])
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Example: Obtaining constrained covariance ma-
trix by defining a random correlation matrix us-
ing different algorithms

The following code allows to generate samples from a multivariate normal distribu-
tion using a user defined correlation matrix. If the matrix is not positive definite
matrix we use Higham (2002) algorithm to convert the matrix into the nearest pos-
itive definite matrix. This Input matrix is used to obtain a constrained covariance
matrix for HTF and IPF algorithms.
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HEH#HHAAAAAR Figure A #HAAHRRHHHHH#H
library("mvgraphnorm")
## input network ##

g <- barabasi.game (50, directed=F)

## Generate a random correlation matrix ##

diag(m) <- 1
zz <- rmvggm(20, net.str=g, method="htf"

s

(1]

cor=m)

Ilhtfll

m <- matrix(0,50,50)
m[upper.tri(m)] <- runif(min=-.8, max=.8, 25%49)
m <- m+t(m)

> head(zz[[2]][1:10,1:10])

1

1

1
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0.085448127
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6

0.531191422
0.048453326
-0.007155413
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Example: plots of edge and non-edge compo-
nents of constrained covariance matrix

The following example provides a of distribution of non edge and edge components of
inverse of constrained covariance matrix (X(r)) and the inverse of sample covariance
matrix(S).

###HHH RS Figure A #######HHH#T]
library("mvgraphnorm")

## input network ##

g <- barabasi.game (50, directed=F)

## Generate a random correlation matrix ##
m <- matrix(0,50,50)

m[upper.tri(m)] <- runif(min=-.8, max=.8, 25%49)
m <- m+t(m)

diag(m) <- 1

zz <- rmvggm(20, net.str=g, method="htf"

, cor=m)

+ VVVVVVVVVYV

[1] "hef"

> p <- NULL
> p <- viz.rmvggm(zz, net=FALSE)
> dev.off()

null device
1

> print (p$covp)

> print (p$covsmp)
>

>
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4 Example: Inferring a network structure using
conditional independence test

The following example provides a network inferred from samples generated from
multivariate normal distribution using covariance matrix (£(r)) generated by us-
ing HTF, IPF or KIM algorithm. For inferring the network we use conditional
independence test using Grow-Shrink (GS) method.

HEH#H#HAAAAR Figure A #HAHHARHHHHH#H#
library("mvgraphnorm")

## input network ##

g <- barabasi.game (50, directed=F)

## Generate a random correlation matrix ##

m <- matrix(0,50,50)

m[upper.tri(m)] <- runif(min=-.8, max=.8, 25%*49)
m <- m+t(m)

diag(m) <- 1

zz <- rmvggm(20, net.str=g, method="htf", cor=m)

VVVVVVVVYVYV

[1] "htf"



p <- NULL
p <- viz.rmvggm(zz, net=TRUE, test="cor", undirected = TRUE)
print (p$netp)
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> sessionInfo()

R version 3.3.3 (2017-03-06)

Platform: x86_64-apple-darwini3.4.0 (64-bit)
Running under: 0S X Yosemite 10.10.5

locale:
[1] C/en_GB.UTF-8/en_GB.UTF-8/C/en_GB.UTF-8/en_GB.UTF-8

attached base packages:

[1] tools

stats

[8] base

other attached packages:

[1] mvgraphnorm_1.81 gpgraph_2.8.3

graphics

grDevices utils

mvtnorm_1.0-6

loaded via a namespace (and not attached):

[1]

[3]

[5]

(7]

[9]
[11]
[13]
[15]
[17]
[19]
[21]
[23]
[25]
[271]
[29]
[31]
[33]
[35]
[37]
[39]
[41]

Rcpp_0.12.14
XVector_0.14.1
bitops_1.0-6
biomaRt_2.30.0
bit_1.1-14
RSQLite_2.1.1
lattice_0.20-35
Matrix_1.2-12
DBI_1.0.0
parallel_3.3.3
Biostrings_2.42.1
IRanges_2.8.2
bit64_0.9-7
Biobase_2.34.0
XML_3.98-1.9
BiocParallel_ 1.8.2
corpcor_1.6.9
magrittr_1.5
Rsamtools_1.26.2
GenomicRanges_1.26.4
xtable_1.8-3

GenomeInfoDb_1.10.3
GenomicFeatures_1.26.4
zlibbioc_1.20.0
digest_0.6.13
annotate_1.52.1
memoise_1.1.0
pkgconfig 2.0.2
graph_1.52.0
Rgraphviz_2.18.0
rtracklayer_1.34.2
S4Vectors_0.12.2
stats4_3.3.3
grid_3.3.3
AnnotationDbi_1.36.2
qtl_1.42-8

bnlearn_4.4

blob_1.1.1
GenomicAlignments_1.10.1
BiocGenerics_0.20.0
SummarizedExperiment_1.4.0
RCurl_1.95-4.10

datasets

igraph_1.1.2



