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Abstract WGCNA (weighted gene co-expression network analysis) is a typical algorithm which is used in gene
co-expression network identification. This algorithm is based on high-throughout mMRNA gene expression pro-
files and being widely used in the international biomedical field. In this article, we will introduce the basic the-
ory and it's implementation in R software. Firstly, the scale-free of gene network condition should be satisfied
before conducting WGCNA, what's more, it was necessary to define the correlation matrix of gene co-expres-
sion and adjacency function. Secondly, the dissimilarity measurements of different nodes were calculated, and
then hierarchical clustering tree was built based on these data. Different dendrogram branches represented vari-
ous modules. There is much higher co-expression strength among genes in the same module than that in differ-
ent modules. At last, it is critical to connect the modules with interesting phenotypes or disease and identity the
target genes for disease treatment.
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setwd("E:/WGCNA/simulate™) #

library("WGCNA") #
options(stringsAsFactors=FALSE) #
#

no.obs<-30 #

ESturquoise<-0; EShrown<--.6; ESgreen<-.6; ESye
[low<-0 #
ESvector<-c (ESturquoise, ESbrown, ESgreen, ES

ye llow)
nGenes1<-3000 # 3000
simulateProportionsl <-c (0.2, 0.15, 0.08, 0.06,
0.04) #
set.seed (1)
#

MEgreen<-rnorm (no.obs)

scaledy<-MEgreen*ESgreen+sqrt (1-ESgreen”2)*r
norm (no.obs)

y<-ifelse(scaledy>median (scaledy), 1, 0)

#

MEturquoise <-ESturquoise*scaledy +sqrt (1-EStur
quoise”2)*rnorm (no.obs)

MEDblue<-6*MEturquoise+sqrt (1-6”2)*rnorm (no.
obs)

MEbrown<-ESbrown*scaledy+sqrt (L-ESbrown”2)
*rnorm(noobs)

MEyellow <-ESyellow*scaledy+sqrt (1-ESyellow”
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2)*rnorm (no.obs)
MEN1<-data.frame (y, MEturquoise, MEblue, ME
brown, MEgreen, MEyellow)
datl <-simulateDatExpr5Modules (MEturquoise =
MEN1$MEturquoise,
MEblue=MEN1$MEblue, MEbrown=MEN1$ME-
brown, MEyellow=MEN1$MEyellow,
MEgreen=MEN1$MEgreen, nGenes=nGenesl,
simulateProportions=simulateProportions1)
datExpr<-dat1$datExpr;
truemodule<-dat1$truemodule;
datME<-dat1$datME;
attach (MEN1)
datExpr<-data.frame (datExpr)

#

ArrayName<-paste ("Sample",1:dim (datExpr)[[1]],
sep="")

GeneName <-paste ("Gene",1:dim (datExpr) [[2]],
sep="")

Dimnames (datExpr)[[1]]=ArrayName
Dimnames (datExpr)[[2]]=GeneName

plotClusterTreeSamples (datExpr=datExpr, y=Yy)
# o
(1

2.2
22.1

R B
#

powers=c (c (1:10), seq (from=12, t0=20, by=2))
sft=pickSoftThreshold (datExpr, powerVector=po wers,
verbose=5) #

parb(mfrow=c(1,2));

cex1=0.9;

plotb (sft $fitindices[,1], -signb (sft $fitIndices [,3])
*sft$fitIndices[,2],

xlab="Soft Threshold (power)", ylab=" Scale Free
Topology Model Fit, signed R"2", type="n",

main=paste ("Scale independence"), ylim=c(0,1));

text (sft$fitIndices [,1], -sign (sft$fitindices[,3])*sft
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Figure 1 The phylogenetic tree and the information of the sample

$fitindices [,2],

labels=powers,cex=cex1, col="black");

abline (h=0.90, col="black")

plot (sft $fitindices [,1], sft $fitindices [,5], type =
"n", main=paste ("Mean connectivity"),

ylab =" MeanConnectivity", xlab ="SoftThreshold
(power)”)

text (sft$fitindices[,1], sft$fitindices[,5], labels=
powers, cex=cex1, col="black™)

B 1~18
( 2
B log (k) log (p(k))
e} (
0.8) .B
° log(k)  log(p(k)



WGCNA R

Gene Co-expression Network Analysis Based on WGCNA Algorithm-Theory and Implementation in R Software

139

o 10 2343678910 12
&
B 08}
&
E 06
T E 14 16 18
Eﬂ 20
go2r
8
E 00 L 1 L I I
[
3 5 10 15 20
Soft threshold (powoer)
A
500 k1
> 400 |
=
2 300 |
=]
5
£ 200
[}
= 2
100
3
0F 45678910 12 14 16 18 20
5 10 15 20
Soft threshold (powoer)
B
2p
A :B:

Figure 2 Figures for select
Note: A: Scale independence; B: Mean connectivity
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softPower<-2; # 2

adjacency = adjacency (datExpr, power=softPower);
TOM=TOMsimilarity (adjacency);
dissTOM=1-TOM

#

geneTree=flashClust (as.dist (dissTOM), method =
"average");

minModuleSize=30;

# 30

dynamicMods=cutreeDynamic (dendro=geneTree,

Height

Merged
dynamic

Cluster dendrogram
3 /
Figure 3 Cluster dendrogram based on dynamic tree cut

distM=dissTOM,

deepSplit=2, pamRespectsDendro=FALSE,

minClusterSize=minModuleSize);

dynamicColors=labels2colors (dynamicMods)

table (dynamicColors)

#

MEList=moduleEigengenes (datExpr, colors=dy-
namicColors)

MEs=MEL.ist$eigengenes

MEDiss=1-cor (MES);

METree=flashClust(as.dist (MEDiss), method="av
erage");

# 0.2

MEDissThres=0.2

merge =mergeCloseModules (datExpr,dynamicCol-
ors,cutHeight=MEDissThres,verbose=3)

mergedColors=merge$colors;

mergedMEs=merge$newMEs;

H#it

moduleColors=mergedColors

colorOrder=c ("grey", standardColors (50));

moduleLabels=match (moduleColors,colorOrder)-1;

MEs=mergedMEs;

it

plotDendroAndColors (geneTree, mergedColors,
"Merged dynamic",

dendroLabels=FALSE, hang=0.03,

addGuide=TRUE, guideHang=0.05)

2.3
231

Signif (cor(y, datME, use="p"), 2)
p.values=corPvalue Student (cor (y, datME, use="p"),
nSamples=length (y))
1
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1
Table 1 Correlation coefficient between model eigengenes and trait

MEturquoise MEblue MEbrown MEyellow MEgreen

Model
0.44 0.19 -0.57 -0.12 0.41
Coefficient
p 0.01 031 <0.01 0.518 0.03
p value
brown
(R=-0.57, p<0.01)o
brown
2.3.2
GS
#

GS1=as.numeric (cor (y, datExpr, use="p"))

GeneSignificance=abs (GS1)

#

ModuleSignificance=tapply (GeneSignificance, mo
duleColors, mean, na.rm=T)

#

plot ModuleSignificance (GeneSignificance, mod-
uleColors, ylim=c (0,0.5), main="Module Significance")
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