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AR RIS, B EESE T R

2.1 BRI A S

KT WGCNA M NBHEER, 57 ORI At B, REUn v Ls:
(1) FD20 MEALLE, Bl

(2) WL 8 RURRIEBE T Z MR, PR TIE S EARKE N E R
MZEFFEEN .

(3) WGCNA ] FH T8 7 508, & T RNA-seq £# . 5T RNAseq bx
#EL, BT LB FRIZEEFE R, BT s 7 AT LA

o REPIRINFERE

exp_dat = read.csv("LiverFemale3600.csv",row.names = 1) %>% .[,-c(1:7)]
# [1] 3600 135

## (1) BT RN, 3144y R B ST FE

exp_mt = as.data.frame(t(exp_dat))

exp_mt[1:4,1:4]

# MMT0O0000044 MMTO0000046 MMTO000OO51 MMTO0OLVOO76
# F2_2 -1.81e-02 -0.0773 -0.0226 -0.00924
# F2_3 6.42e-02 -0.0297 0.0617 -0.14500
# F2_14 6.44e-05 0.1120 -0.1290 0.02870
# F2_15 -5.80e-02 -0.0589 0.0871 -0.04390

#4#(2) FIBTERE & - - BURE



gsg = goodSamplesGenes(exp _mt)
gsg$alloK
# [1] TRUE

##(3) I B i - - B AR

sampleTree = hclust(dist(exp_mt), method = "average")

sizeGrWindow(12,9)

par(cex = 0.6);

par(mar = c(0,4,2,0))

plot(sampleTree, main = "Sample clustering to detect outliers”,
sub="", xlab="", cex.lab = 1.5,
cex.axis = 1.5, cex.main = 2)

abline(h = 15, col = "red") #MH4E IR MM E

##n T E R, fAE - DEE IR SR

clust = cutreeStatic(sampleTree, cutHeight = 15, minSize = 10)
table(clust)

# clust

# 0 1

# 1 134

keepSamples = (clust==1)

exp_mt_f = exp_mt[keepSamples, ]

|

Sample clustering to detect outliers
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o RHFEAREE

trait_dat = read.csv("ClinicalTraits.csv",row.names = 2) %>%
.[,setdiff(11:37,c(15,30))]

trait_dat_f = trait_dat[rownames(exp_mt_f), ]

# length_cm ab_fat other_fat total_fat



# F2_2 10.5 3.81 2.78 6.59

# F2_3 1.8 1.70 2.05 3.75
# F2_14 10.0 1.29 1.67 2.96
# F2_15 10.3 3.62 3.34 6.96

identical(rownames(exp_mt_f), rownames(trait_dat_f))
#[1] TRUE

NS &S ET
exp_dat = exp_mt_f
dim(exp_dat)

# [1] 134 3600
exp_dat[1:4,1:4]

trait _dat = trait_dat f
dim(trait_dat)

# [1] 134 25
trait_dat[1:4,1:4]

N bR AT B TR U (Y F IR HE B exp_dat DLW RIFE AR BUER trait_dat

2.2 EFEE LI 1E 8
o TE 1.1 FIIFRIAMLS, T f#FE] WGCNA ¥ similarity matrix ¥ & N
adjacency matrix [ 7772 AT RS A -

o XPRIKE R - NEIERIRES L B, 15 adjacency matrix 5 R
BUEAE AT e KR FE AT & A A

o  T[fd [ pickSoftThreshold §ifiik H f% & i& HIAE -

#1056 E (R E

powers = c(c(1:10), seq(from = 12, to=20, by=2))

#1] 1 2 3 4 5 6 7 8 910 12 14 16 18 20

sft = pickSoftThreshold(exp_dat, powerVector = powers, verbose = 5)

## 45 R -

sizeGrWindow(9, 5)

par(mfrow = c(1,2))

cexl = 0.9

it (D RO ERED

plot(sft$fitIndices[,1], -sign(sft$fitIndices[,3])*sft$fitIndices[,2],
xlab="Soft Threshold (power)",ylab="Scale Free Topology Model Fit,

signed R"2",type="n",
main = paste("Scale independence"));

text(sft$fitIndices[,1], -sign(sft$fitIndices[,3])*sft$fitIndices[,2],
labels=powers,cex=cexl,col="red")

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

#t (2) PRI AER

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



main = paste("Mean connectivity"))
text(sft$fitIndices[,1], sft$fitIndices[,5], labels=powers, cex=cexl,co
1="red")

par(mfrow = c(1,1))

ﬁDT@lFﬁT, FERAE 6 I, AT 45 R UL s[RI =9 r 0 e 4
WY TRE 7. ZEa XS %

Scale independence Mean connectivity

Scabe Free Topology Model Fit, sigred R2
Maan Conr actinty
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Soft Threshold (power) Soft Threshold (power)

2.3 @, KR

F—: &EW JJ\HF
##(1) MRIEILE R REIE, 19 TR R
adjacency = adjacency(exp_dat, power = 6)
adjacency[1:4,1:4]
# F2_2 F2_3 F2 14 F2_15
# F2_2 1.000000e+00 2.669773e-02 8.679043e-07 0.0285218325
# F2 3 2.669773e-02 1.000000e+00 1.491148e-06 0.1223727405
# F2_ 14 8.679043e-07 1.491148e-06 1.000000e+00 0.0007245466
# F2_15 2.852183e-02 1.223727e-01 7.245466e-04 1.0000000000

##(2) 5N TOM JERE

TOM = TOMsimilarity(adjacency)

TOM[1:4,1:4]

# [,1] [,2] [,3] [,4]
# [1,] 1.0000000000 0.0443291435 0.0006062579 ©.033303820
# [2,] 9.0443291435 1.0000000000 0.0005190759 0.068058832
# [3,] 9.0006062579 0.0005190759 1.0000000000 ©.002154665
# [4,] 90.0333038199 0.0680588319 0.0021546653 1.000000000



##(3) BE— B AARRIERE R (R AERE)

dissTOM = 1-TOM

dissTOM[1:4,1:4]

# [,1] [,2] [,3] [,4]
[1,] ©.0000000 ©.9556709 0.9993937 0.9666962
[2,] ©.9556709 ©.0000000 ©.9994809 ©.9319412
[3,] ©.9993937 ©.9994809 0.0000000 ©.9978453
[4,] ©.9666962 ©.9319412 0.9978453 0.0000000

H H H

##(4) FEIR%E K hierarchical clustering

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

##(5) SIAVIEIN, Kk

dynamicMods = cutreeDynamic(dendro = geneTree, distM = dissTOM,
deepSplit = 2, pamRespectsDendro = FALSE,
minClusterSize = 30)

# dynamicMods

# 0 1 2 3 4 5 6 7 8 9 16 11 12 13 14 15 16 17

18 19 20 21 22
# 88 614 316 311 257 235 225 212 158 153 121 106 102 160 94 91 78 7
6 65 58 58 48 34

##0 FRORVIRY 22 ANEREBE, HA i 0 X8 unassigned genes

##(6) KA S Bt 4, JERTIAL

dynamicColors = labels2colors(dynamicMods)

table(dynamicColors) #module® £HMLEIFIKEL grey

sizeGriWindow(8,6)

plotDendroAndColors(geneTree, dynamicColors, "Dynamic Tree Cut",
dendrolLabels = FALSE, hang = 0.03,
addGuide = TRUE, guideHang = 0.05,
main = "Gene dendrogram and primary module colors")



Gene dendrogram and primary module colors
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##E (7 ) IRPEARBV RS, THEASFIRESR AR, AT R IR

MEList = moduleEigengenes(exp_dat, colors = dynamicColors)

MEs = MEList$eigengenes

MEDiss = 1-cor(MEs)

METree = hclust(as.dist(MEDiss), method = "average")

sizeGriWindow(7, 6)

plot(METree, main = "Clustering of module eigengenes",
xlab = "", sub = "")

abline(h=0.25, col = "red") #iR4IZPRIBHLINE
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#t () IRPEE PRI B, & IFHER

merge = mergeCloseModules(exp_dat, dynamicColors, cutHeight = 0.25)



55 Y] 73 AL R P R S

mergedColors = merge$colors

#FTRI R AR AL

mergedMEs = merge$newMEs

#AT AL B IR S B R

sizeGrWindow(12, 9)

plotDendroAndColors(geneTree, cbind(dynamicColors, mergedColors),
c("Dynamic Tree Cut", "Merged dynamic"),
dendrolLabels = FALSE, hang 0.03,
addGuide = TRUE, guideHang = 0.05)

My

Cluster Dendrogram

R —Bah

WGCNA 124t T blockwiseModules() B ARG Lk B IRATBAE—#E, —IRIITHE
SRS EEE R AT

GG L, LR B — SO ST DL
e power: HEME KIS

o corType: TFHEAMFMMTT7E; Wik pearson(BRil), bicor. fG& HEREHE
EHE R RS

e networkType: 1T AR FERS, 2 HHREIEFAM M BRIAH "unsigned”,
AJ 1%k "signed", "signed hybrid"

e TOMType: TH5 TOM FiFERS, 2&E%EIEGANE: BIAA "signed"”, Al 1%
"unsigned". {HRMRIE R I B (BCE) BIHE7AME, AL B
EFE "signed" A K ZHE L.



. minModuleSize: B[/ FE R 5L
e mergeCutHeight: & FFHEEL A ERIME
e numericLabels: Y ZE NET; 575 E FALSE, RKINBLA AEItE4 .

o saveTOMs: Z&7{RfF TOM fEfE; Wi # A TRUE, FEKXE
saveTOMFileBase 4, fRULRIF /44 1% & numericLabels %1, &
P4 LR AT N Bt 44

e nThreads: AACEFEEL, &M T Linux 5%
verbose: 0 ERINZEIIHAT, (HEKERRE HHBITIRAME BilE .

KT blocks FHKZSH: FERFERFAIERECRK, HMIETNAEANERF
BRINN "NULL", Bp43—xiziT, A% %21 blocks.

A second word of caution concerning block size. In particular. the parameter maxBlockSize tells the function
how |i|I';|_|- the |i|l';:r-_-1 block can be that the reader’s computer can handle. In this l"ti:tllirh' we have set the maximum

/

block size to ',EIIIN" (K] i“l:-.fl'.'lh- |]|1' block-wise .'1E|":|\'-i~ and its ||ﬁ11lr.=-, ].||1 this value is .'ld‘\‘l”r'-c-l.'-' small for most
modern computers; the defanlt is 5000 which is appropriate for most modem desktops, If the reader has acoess
to a large workstation with more than 4 GB of memory, the parameter maxBlockSize can be increased, ANGGE
workstation should handle up to 20000 probes; a 32GB workstation should handle perhaps 30000, A 4GB standard
desktop or a laptop may handle up to SO0U-10000 probes, depending on operating system and other running programs.
In general it is preferable to analyze a data set in as few blocks as possible.

net = blockwiseModules(exp_dat, power = 6,
corType = "pearson",
networkType="unsigned",
TOMType = "unsigned",
minModuleSize = 30,
mergeCutHeight = 0.25,
verbose = 3)

names (net)

# [1] "colors” "unmergedColors"” "MEs" "goodSamples"
"goodGenes"

# [6] "dendrograms" "TOMFiles™ "blockGenes" "blocks™
"MEsOK"

o fEMTHIR list 45H
#(1) WMAMGBIHIMEER(GIFZ)G)

unique(net$colors)
table(net$colors)
# grey module /& unassigned gene

s P RN T RER
unique(net$unmergedColors)
table(net$unmergedColors)



#(2) 134 DMFEAXT 18 M FIEE
dim(net$MEs)

net$MEs[1:4,1:4]

net$MEsOK

#(3) BEFIRE, color R
plotDendroAndColors(dendro = net$dendrograms[[1]],
colors = net$colors)

Cluster Dendrogram
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2.4 FFEHNT
DL 2.3 75 ARG AR ST
# (1) B

# MEs = moduleEigengenes(exp_dat, net$colors)$eigengenes
MEs = net$MEs
MEs = orderMEs(MEs)

# (2)115 18 4> module 5 25 NRAFIFH M LA KT N P AR

moduleTraitCor = cor(MEs, trait_dat, use = "p")
moduleTraitCor[1:4,1:4]
# length _cm ab_fat other fat total fat

# MEmagenta 0.08015682 -0.004282784 -0.0311292 -0.01504395
# MEturquoise -0.14101586 -0.323615446 -0.0528274 -0.23393609
# MEred -0.15070061 -0.268348526 -0.1458333 -0.23102647
# MEyellow -0.13732537 -0.067163777 ©.1958153 ©0.04806599

moduleTraitPvalue = corPvalueStudent(moduleTraitCor, nrow(MEs))



moduleTraitPvalue[1:4,1:4]

# length_cm ab_fat other_fat total_fat
# MEmagenta 0.35722181 0.9608295943 0.72104901 0.863025117
# MEturquoise 0.10411666 0.0001366333 0.54437147 ©.006518482
# MEred 0.08219621 0.0017187522 0.09269921 0.007237730
# MEyellow 0.11358818 0.4406688535 0.02336043 0.581283912

**

(3) TR RS P

sizeGriWindow(10,6)

# Will display correlations and their p-values

textMatrix = paste(signif(moduleTraitCor, 2), "\n(",
signif(moduleTraitPvalue, 1), ")", sep = "")

dim(textMatrix) = dim(moduleTraitCor)

par(mar = c(6, 8.5, 3, 3))

labeledHeatmap(Matrix = moduleTraitCor,

xLabels = names(trait_dat),

yLabels = names(MEs),

ySymbols = names(MEs),

colorLabels = FALSE,

colors = greenWhiteRed(50),

textMatrix = textMatrix,

setStdMargins = FALSE,

cex.text = 0.5,

zlim = c(-1,1),

main = paste("Module-trait relationships"))



Module-trait relationships
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# it LR E R AR IR M

weight = trait_dat[, "X1@0xfat_weight",drop=F]
colnames(weight) = "weight"

# (1) Gene significance, GS: RJILLEFEAIEANFEDE 50} 2% L i AH 6 1
GS_weight = as.data.frame(cor(exp_dat, weight, use = "p"))
colnames(GS_weight) = "GS_weight"

head(GS_weight)

# GS_weight

# MMTO0000044 -0.06788487

# MMTOQ000046 -0.09806093

# MMTO0000051 0.20311624

GS.p_weight = as.data.frame(corPvalueStudent(as.matrix(GS_weight), nrow
(exp_dat)))

# GS.p_weight

# MMTO0000044 ©.43576664

# MMTO0000046 0.25964873

# MMTO0000051 0.01858241

# (2) Module Membership: by IE K R IA 5 HEHURFAEE 1A St

modNames = substring(names(MEs), 3)
# 1H5 3600 MR 18 MEHR A R

MM = as.data.frame(cor(exp_dat, MEs, use = "p"))



colnames(MM) = paste("MM", modNames, sep="")

MM[1:4,1:4]

MMPvalue = as.data.frame(corPvalueStudent(as.matrix(MM), nrow(exp dat)))
MMPvalue = as.data.frame(corPvalueStudent(as.matrix(MM), nrow(exp_da
t)));

colnames (MMPvalue) = paste("p.MM", modNames, sep="");
MMPvalue[1:4,1:4]

# (3) AL blue FEHUIE RIRFE

# identical(rownames(MM), names(net$colors))

# TRUE

module = "blue"

moduleGenes = names(net$colors)[net$colors=="blue"]

sizeGrWindow(7, 7)

par(mfrow = c(1,1))

verboseScatterplot(abs(MM[moduleGenes, "MMblue"]),
abs(GS_weight[moduleGenes, 1]),
xlab = paste("Module Membership in", module, "module

")

ylab = "Gene significance for body weight",

main = paste("Module membership vs. gene significanc
e\n"),

cex.main = 1.2, cex.lab = 1.2, cex.axis = 1.2, col =
module)

AJARAL blue B N (3R RIRFAE . 23R K5 blue FEERAH IS, ZEE R 5iZ K
Trait fH%,



Module membership vs. gene significance
cor=0.56, p=6.3e-44
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2.5 PR PELE Hub 22 14]
FTHEHL ) Hub K, WGCNA FE358 6 B ff 10 571 771 o

## (1) BN EEDRIERRE

adjacency = adjacency(exp_dat, power = 6)

# TOM = TOMsimilarity(adjacency)

TOM[1:4,1:4]

Alldegrees =intramodularConnectivity(adjacency, net$colors)

head(Alldegrees)

# kTotal kWithin kout kDiff
# MMTO0000044 ©.4092743 0.2862358 ©0.1230385 0.1631973
# MMTO0000046 37.8927830 24.9652317 12.9275513 12.0376805
# MMTO0000O51 28.3866248 17.2076759 11.1789488 6.0287271
# MMTO0000076 1.3015473 1.1992420 0.1023053 1.0969366
# MMTO0000080 25.9713107 16.3954194 9.5758914 6.8195280
# MMTO0000102 10.5051504 2.4713718 8.0337786 -5.5624067

#HH KTotal: FER TR BN W 48 i 2 1

#H kWithin: FEEF7ERTEASHERE, B Intramodular connectivity
#i## kOut: kTotal-kWithin

#i## kDiff: kIn-kOut

#H AT L ] — ML R ) Intramodular connectivity 5 Gene significance K
AR



## (2) Module Membership: B[ b—75 ¢ MR py Jik IR 3 08 5 R AE A I AH SGHE
## (3) Gene significance, GS: HJJPUECHFEATEANIE R 550 B 2R 70 i AH S 1
## (4) 6 LRV, BHEXEERE, e E M Hub JEH.

BB AT CEERREM) , a R, TR RMER.
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