Clustering using WGCNA

Overview: The WGCNA package (in R) uses functions that perform a correlation network analysis of large, high-dimensional data sets (RNAseq datasets).
This unbiased approach clusters similarly expressed genes into groups (termed 'modules') which are then correlated with quantitative or categorical traits
measured in the experiment. Modules can be further analyzed using GO, KEGG or KOG, VisANT and Cytoscape. This approach goes beyond a simple
'list of genes' and helps tease apart large, complicated RNAseq datasets into functional clusters that are more easy to interpret.

Figure 1: Overview of WGCNA package
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Lecture: WGCNA Concepts
R script: WGCNAshortTutorial.R

Get set up for the exercise:

@ When following along here, please switch to your idev session for running these example commands.

If you have not requested an idev session, do so now:

set up idev session in another tab

ssh <user name>@t anpede2. t acc. ut exas. edu

idev -m 120 -q nornal -A UT-2015-05-18 -r RNASeq- Thu

Get set up for the exercise

#We will be doing all this in the idev session
cds
cd ny_rnaseq_course/ day_4_part A/ wgcna


https://wikis.utexas.edu/download/attachments/104465671/WGCNA2017.pdf?version=3&modificationDate=1527166403000&api=v2
https://wikis.utexas.edu/download/attachments/104465671/WGCNAshortTutorial.R?version=1&modificationDate=1523955525000&api=v2

Explanation of sample dataset: Time series of coral larval development from 4 hours post fertilization (Day 0) to 245 hours post fertilization (Day 12).

Multiple other quantitative traits were measured through the time series. Only green and red fluorescence are added as quantitative traits in the sample
dataset. Dataset has 48 samples total, four replicates (A-D) over 12 days. The goal is to find genes that correlate with developmental traits through time
and differences in gene expression between early larval development and late larval development.

The complete R script has been provided for you, so you run it using R CMD BATCH. Or you can open up an R prompt and run key pieces of it by copy-
pasting bits of code from below. This is to understand what the code is actually doing.

TRAIT DATA FILE: Traits_23May2015.csv
Make sure you have the R module loaded

nodul e | oad intel/18.0.2
nodul e | oad Rstats/4.0.3

Load biocontainer R modules

nodul e | oad bi ocontai ners
nodul e load r-flashclust/ctr-1.01_2--r3.3.2_0
nodul e 1 oad r-wgcna/ctr-1.51--r3.3.2_0

Run the R script

R CMVMD BATCH WGCNAshort Tutorial . R

Below are the details of the R code you just kicked off above. NO NEED TO RUN THESE LINE BY LINE!

Step 1: upload data into R and reformat for WGCNA (This is all run under the R console)


https://wikis.utexas.edu/download/attachments/104465671/Traits_23May2015.csv?version=1&modificationDate=1507642994000&api=v2

Load data into WGCNA and reformat

# Only run the follow ng commands once to install flashCust if needed
#instal | . packages("flashC ust")

# Load WECNA and flashC ust libraries every time you open R
I'i brary( WGCNA)
library(flashd ust)

# Upl oading data into Rand formatting it for WGCNA

# This creates an object called "datExpr" that contains the nornalized counts file output from DESeq2
dat Expr = read. csv(" Sanpl eTi meSeri esRLD. csv")

# "head" the file to previewit

head(dat Expr) # You see that genes are listed in a colum named "X' and sanples are in colums

# Manipulate file so it nmatches the fornmat WECNA needs

row. narmes(dat Expr) = dat Expr $X

dat Expr $X = NULL

dat Expr = as.data.franme(t(datExpr)) # now sanples are rows and genes are col ums

di m(dat Expr) # 48 sanples and 1000 genes (you will have nmany nore genes in reality)

# Run this to check if there are gene outliers
gsg = goodSanpl esCGenes(dat Expr, verbose = 3)
gsgdal | K

#1f the last statement returns TRUE, all genes have passed the cuts. If not, we renove the offending genes and
sanples fromthe data with the follow ng:
#if (!gsg$al | OK)

# {if (sun{!gsg$goodGenes) >0)

# print Fl ush(past e("Renovi ng genes: ", paste(names(dat Expr)[!gsg$goodCGenes], collapse=", ")));
# if (sum(!gsg$goodSanpl es) >0)

# print Fl ush(past e("Renovi ng sanpl es: ", paste(rownanes(dat Expr)[!gsg$goodSanpl es],

col | apse=", ")))

# dat Expr = dat Expr [ gsg$goodSanpl es, gsg$goodCGenes]

# }

#Create an object called "datTraits" that contains your trait data

datTraits = read.csv("Traits_23May2015. csv")

head(dat Trai ts)

#forma data frame anal ogous to expression data that will hold the clinical traits.

rownanmes(dat Traits) = dat Trai ts$Sanpl e

dat Trai t s$Sanmpl e = NULL

t abl e(rownanes(dat Trai t s) ==r ownanes(dat Expr)) #should return TRUE if datasets align correctly, otherw se your
nanes are out of order

head(dat Trai ts)

# You have finished uploading and fornmatting expression and trait data
# Expression data is in datExpr, corresponding traits are datTraits

save(dat Expr, datTraits, file="Sanpl esAndTraits. RData")
#l oad(" Sanpl esAndTrai ts. RDat a")

At this point you will need to identify sample outliers and choose a soft threshold power. These are easy to do and are well documented in the online
tutorials. It is suggested that you cluster samples by expression to identify any outliers before this step. This is provided in the attached R script.



Select Soft Power

# Choose a soft threshold power- USE A SUPERCOMPUTER | RL ---------mmmmmmmm oo

powers = c(c(1:10), seq(from =10, to=30, by=1)) #choosing a set of soft-threshol ding powers
sft = pickSoft Threshol d(dat Expr, powerVector=powers, verbose =5, networkType="signed") #call network topol ogy
anal ysis function

si zeG W ndow 9, 5)

par(nfrow= c(1,2))

cex1=0.9

plot(sft$fitlndices[,1], -sign(sft$fitlndices[,3])*sft$fitlndices[,2], xlab= "Soft Threshold (power)", ylab="
Scal e Free Topol ogy Mbdel Fit, signed R*2", type= "n", nmmin= paste("Scal e i ndependence"))
text(sft$fitindices[,1], -sign(sft$fitindices[,3])*sft$fitlndices[,2], |abels=powers, cex=cexl, col="red")

abl i ne(h=0.90, col="red")

plot(sft$fitlndices[,1], sft$fitlndices[,5], xlab= "Soft Threshold (power)", ylab="Mean Connectivity", type="
n", main = paste("Mean connectivity"))

text(sft$fitlndices[,1], sft$fitlndices[,5], |abels=powers, cex=cexl, col="red")

#romthis plot, we would choose a power of 18 becuase it's the | owest power for which the scale free topol ogy
i ndex reaches 0.90

Figure 2: Soft Thresholding: from this plot, we would choose a power of 18 since it's the lowest power for which the scale free topology index reaches 0.90
(red line)
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Step 2: Construct a gene co-expression network and identify modules



Construct a gene co-expression matrix and generate modules

#bui 1 d a adjacency "correlation" matrix

enabl eWGCNAThr eads()

sof t Power = 18

adj acency = adj acency(dat Expr, power = softPower, type = "signed") #specify network type
head( adj acency)

# Construct Networks- USE A SUPERCOMPUTER | RL ---------mmmmmmmm oo

#translate the adjacency into topol ogical overlap matrix and calculate the corresponding dissimlarity:
TOM = TOVsinmi | arity(adjacency, TOMIype="signed") # specify network type

di ssTOM = 1- TOM

# Generate Modules ---------mmmmmm

# Cenerate a clustered gene tree

geneTree = flashd ust (as. di st(di ssTOV, nethod="average")

pl ot (geneTree, xlab="", sub="", nmin= "Gene Clustering on TOM based dissimlarity", |abels= FALSE, hang=0.04)
#Thi s sets the mini num nunber of genes to cluster into a nodule

m nMbdul eSi ze = 30

dynani cMbds = cutreeDynam c(dendro= geneTree, di stM= di ssSTOM deepSplit=2, panmRespectsDendro= FALSE,
m nCl uster Si ze = m nModul eSi ze)

dynanmi cCol or s= | abel s2col or s(dynam cMods)

MELi st = nodul eEi gengenes(dat Expr, col ors= dynamni cCol ors, sof t Power = sof t Power)

MEs= MELi st $ei gengenes

MEDI ss= 1-cor ( MVEs)

METr ee= fl ashC ust (as. di st (MEDi ss), nethod= "average")

save(dynam cMods, MEList, MEs, MEDi ss, METree, file= "Network_all Sanpl es_signed_RLDfiltered. RData")

#plots tree showi ng how t he ei gengenes cl uster together

#1 NCLUE THE NEXT LI NE TO SAVE TO FI LE

#pdf (fil e="clusterw thout nodul ecol ors. pdf")

pl ot (METree, main= "Custering of nodul e ei gengenes", xlab="", sub="")

#set a threhold for nerging nmodules. In this exanple we are not nerging so MEDi ssThres=0.0
MEDi ssThres = 0.0

merge = nergeC oseMdul es(dat Expr, dynam cCol ors, cutHei ght= MED ssThres, verbose =3)
mer gedCol ors = nerge$col ors

ner gedVEs = ner ge$newVEs

#1 NCLUE THE NEXT LI NE TO SAVE TO FI LE

#dev. of f ()

#pl ot dendrogram wi th nodul e col ors below it

#1 NCLUE THE NEXT LINE TO SAVE TO FI LE

#pdf (file="cluster.pdf")

pl ot Dendr oAndCol or s(geneTree, chi nd(dynani cCol ors, nergedCol ors), c("Dynamic Tree Cut", "Merged dynanmic"),
dendroLabel s= FALSE, hang=0. 03, addCGui de= TRUE, gui deHang=0. 05)
nodul eCol ors = nergedCol ors

colorOrder = c("grey", standardCol ors(50))

nodul eLabel s = nat ch(nmodul eCol ors, colorOrder)-1

MEs = ner gedVEs

#1 NCLUE THE NEXT LINE TO SAVE TO FI LE

#dev. of f ()

save(MEs, nodul eLabel s, npdul eCol ors, geneTree, file= "Network_all Sanpl es_si gned_nonerge_RLDfiltered. RData")

Figure 3: Clustering dendrogram of all genes, with dissimilarities based on topological overlap. Each vertical line represents a single gene. Assigned
module colors below.
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Step 3: Relate modules to external traits

Relate gene expression modules to traits

# Correlate traits ----------mmmmmm oo

#Def i ne nunber of genes and sanples

nGenes = ncol (dat Expr)

nSanpl es = nrow( dat Expr)

#Recal cul ate MEs with color |abels

MEsSO = nodul eEi gengenes(dat Expr, nodul eCol or s) $ei gengenes

MEs = order MEs( MEsO)

nodul eTraitCor = cor(MEs, datTraits, use= "p")

nodul eTr ai t Pval ue = cor Pval ueSt udent (nmodul eTrai t Cor, nSanpl es)

#Print correlation heatnmap between nodules and traits
text Matri x= paste(signif(nodul eTraitCor, 2), "\n(",
signi f(nodul eTraitPvalue, 1), ")", sep="")
di m(text Matrix)= di n(nmodul eTrai t Cor)
par(mar= c(6, 8.5, 3, 3))

#di splay the corelation values with a heatmap pl ot
#I NCLUE THE NEXT LINE TO SAVE TO FI LE
#pdf (fil e="heat map. pdf ")
| abel edHeat map(Mat ri x= nodul eTr ai t Cor,
xLabel s= nanes(dat Traits),
yLabel s= nanes(MEs),
ySynbol s= nanmes( MEs),
col or Label s= FALSE,
col ors= bl ueWi t eRed(50),
textMatrix= textMatrix,
set St dMar gi ns= FALSE,
cex.text= 0.5,
zlinFk c(-1,1),
mai n= paste("Mdul e-trait rel ationships"))
#I NCLUE THE NEXT LINE TO SAVE TO FI LE
#dev. of f ()

Figure 4: Module-Trait relationships. Color scale (red-blue) represents the strength of the correlation between the module and the trait. For example, the
turquoise module is highly significantly correlated with HPF, RedFluoro and GreenFluoro. Each box gives a correlation value (R"2) followed by p-value (in
parenthesis).
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For further analysis, if you wanted to pull out genes belonging to a certain module, you can use the following command:
names(datExpr)[moduleColors=="brown”]

BACK TO COURSE OUTLINE


https://wikis.utexas.edu/display/bioiteam/Introduction+to+RNA+Seq+Course
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