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74 —=NFTDOA I AT —% &L T Ichihashi et al.,, 2018 DL &
Supplementary Data IC % % "pcp-2017-e-00401-FileO11.csv” ZfEH L % 37,
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¢ X URL :
https://academic.oup.com/pcp/article/59/4/729/4769293#125131457
® T X2BIXURAZIVT DY v
https://briefcase.riken.jp/public/Kj44gA0s6g TASTE

3) T ERDNy =

WGCNA : Weighted correlation network analysis (WGCNA)

& v —YURL:
https://horvath.genetics.ucla.edu/html/CoexpressionNetwork/Rpackages/ WGC
NA/

igraph : Network analysis and visualization
¢ vy 7 —YURL:
https://igraph.org

ITNENDyr— DA A —=AVIZR/RStudio D RSy 77— 4 VA b —
Z /Install Packages ® CRAN 2»5 4 Y A b =L TZ 7,

4) MBI v F T — 2 B EFT
Working directory Z15E L. v 7 — V% mAA AT T,

> setwd("<working_directory>")

> library(WGCNA)




v

library(igraph)

T—Rmbild, BEET -2 i L9,

> data <- read.csv("pcp-2017-e-00401-File@1l.csv",row.names=1)

> data <- data[c(5:16)]

v

dim(data)

[1] 2265 12

Iy b7 =Dy Pk EVFERN Ay VT — 7 BT 4 B 79I Soft-
thresholding IZ X o TRD EF BHEMA DA v P 7 =27 23 F0H 1 OHEHTH
A7 =7 ) =k (KB O~ & FH], —MOTHRDBMBO 72 TADTHR L
HWTER->TEY, RERXEZFi> T b/, 2Dt K& xb 32 7%
HE L LAER-> TEL T . REBUT/NZ W E w5 WHE) 235EYIC 7 5 X 5 7r Soft-
threshold power B Zk® 3, SElit, B % 1~50 DHiPH 5. model fitting
index R?7%5 0.8 XV i< 22 HEL £ 9

> powers = c(1:50)

> sft=pickSoftThreshold(t(data), powerVector=powers, networkType = "unsigned",

RsquaredCut=0.8, verbose=5)

pickSoftThreshold: will use block size 2265.
pickSoftThreshold: calculating connectivity for given powers. ..
..working on genes 1 through 2265 of 2265

Power SFT.R.sq slope truncated.R.sq mean.k. median.k. max.k.

1 1 0.78400 5.6200 0.951 1320.00 1340.000 1690.0
2 2 0.68400 2.8500 0.955 852.00 855.000 1290.0
3 3 0.38900 1.4200 0.965 583.00 578.000 995.0
€1:))

v

tiff("SoftThresholding.tif", width=16, height=8, unit="in",compression="1zw",res=100)
> par(mfrow = c(1,2))
>cexl = 0.8

> # Scale-free topology fit index as a function of the soft-thresholding power

> plot(sft$fitIndices[,1], -sign(sft$fitIndices[,3])*sft$fitIndices[,2],




RA2",type="n",
+ main =

> text(sft$fitIndices[,1],

+ xlab="Soft Threshold (power)",ylab="Scale

paste("Scale

Free Topology Model Fit,signed

independence™));

-sign(sft$fitIndices[,3])*sft$fitIndices[,2],

+ labels=powers,cex=cexl,col="red");

> # this 1line corresponds to
> abline(h=0.8,col="red")

> # Mean connectivity as a

using an RAZ2 cut-off of h

function of the soft-thresholding power

> 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,col="red")

> dev.off()
null device
1
> sft$powerEstimate

[1] 30

UTo L) Bt hantd, 2530 D& ZIC model fitting index R? %3
0.8 XV dm< b LdBbrhET,
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# 2 : Soft-thresholding [CD (VT

To transform the similarity matrix into an adjacency matrix, one needs to define an
adjacency function. This choice determines whether the resulting network will be
weighted (soft-thresholding) or unweighted (hard thresholding). Most biologists would
be very suspicious of a gene co-expression network that does not satisfy scale-free
topology at least approximately. Therefore, a soft threshold power B (in
a(ij)=|cor(x(i),x()))|?) that give rise to a network that does not satisfy approximate scale-
free topology should not be considered. There is a natural trade-off between maximizing
scale-free topology model fit (scale free fitting parameter R*2) and maintaining a high
mean number of connections. High values of B often lead to high values of R*2. But the
higher the power (3, the lower is the mean connectivity of the network.

These considerations have motivated to propose the following scale-free topology
criterion for choosing the power (3: Only consider those powers that lead to a network
satisfying scale-free topology at least approximately, e.g. R*2>0.80. In addition, the users
can take the following additional considerations into account when choosing the
adjacency function parameter. First, the mean connectivity should be high so that the
network contains enough information (e.g. for module detection). Second, the slope of
the regression line between log(p(k)) and log(k) should be negative (typically smaller than
-2). In practice, the relationship between R”2 and f is characterized by a saturation curve.

In most applications, it is goot to use the lowest power 3 where saturation is reached.
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Power and signum adjacency functions. The value of the adjacency function (y-axis) is
plotted as a function of the similarity (co-expression measure). Note that the adjacency

function maps the interval [0,1] into [0,1].




FRECHEHE L7 2o <, BTN ZEY £9, Z DR, topological overlap
matrix (TOM) ICZHad 2 2 L, RerT - #ifooy P%FREL T,

> adjacency = adjacency(t(data),power=sft$powerEstimate)

> TOM = TOMsimilarity(adjacency)
..connectivity..

..matrix multiplication..
..normalization. .

. .done.

> id=rownames(data)

> colnames(TOM)=1id

> rownames(TOM)=1id

YER L 7= BT 2 ik 3 5 =1, igraph #fHL 3., 2D, v
T — 2 ORI RSO A ICEH T % 72912, TOM similarity > 0.1 T7 4 v
2YvITLET,

> SubTOM = (TOM>@.1)*TOM

> subnet=graph.adjacency(subTOM,mode="undirected",,weighted=TRUE,diag=FALSE)
> summary(subnet)
IGRAPH eb6c71dd UNW- 2265 12528 --

+ attr: name (v/c), weight (e/n)

2y P =20V 2—NIdE% Fast greedy 7V T ) X LI X > TEIEL
TT, BV a1 BIHIENRLS bW/ —F GBET) A>T b 5HER
IHEBIEHRTEET,

> community.fastgreedy=fastgreedy.community(subnet)

> table(community.fastgreedy$membership)
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
223 138 160 281 78 197 9@ 48 18 7 2 3 5 2 2 2 4

(&Bg)

SEE50 7/ —F GEET) UMEA-STWAEY a—LICENFNEL L%
S THy P —2EA[HLL 9,
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>

# ggplot color

ggplotColours <- function(n=6, h=c(@, 360) +15){

if ((diff(h)%%360) < 1) h[2] <- h[2] - 360/n
hcl(h = (seqCh[1], h[2], length = n)), c = 100, 1 = 65)
3
ggplotColours(7)

[1] "#F8766D" "#C49A00" "#53B400" "#00C094" "#QOBOEB" "#AS8AFF"

[7] "#FB61D7"

>

>

>

>

>

>

# visualization

set.seed(123)

V(subnet)$color <- "grey"

V(subnet) [community. fastgreedy$membership==1]$color <- ggplotColours(7)[1]
V(subnet) [community. fastgreedy$membership==2]%$color <- ggplotColours(7)[2]
V(subnet) [community. fastgreedy$membership==3]$color <- ggplotColours(7)[3]
V(subnet) [community. fastgreedy$membership==4]$color <- ggplotColours(7)[4]
V(subnet) [community. fastgreedy$membership==5]$color <- ggplotColours(7)[5]
V(subnet) [community. fastgreedy$membership==6]$color <- ggplotColours(7)[6]
V(subnet) [community. fastgreedy$membership==7]$color <- ggplotColours(7)[7]
v.label=rep("",length(V(subnet)))

v.label=V(subnet)$name

v.size=rep(3,length(V(subnet)))

V(subnet)$shape <- "circle"

1 <- layout_with_kk(subnet)

1 <- layout.norm(l, ymin=-1, ymax=1, xmin=-1, xmax=1)

pdf("Network.pdf", useDingbats=FALSE)

plot.igraph(subnet, layout=l,rescale=F,

edge.curved=.1,vertex.size=v.size,vertex.label=v.label,

vertex.label.cex=0.05,edge.color="black", edge.width=E(subnet)$weight*4)

>

dev.off()

null device

1




LT Xd KB H I3 (vlabel=V(subnet)$name ##IC X bh a X v
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gd%g%ﬁpsﬁ?.

T lx DY 2 —LND /) — FREOBEREZ X 0 FlicfiR2 7201,
EVa— A LT, Wl ontky P —JREFR TR TR TS LT
2ET,HMIFEY -1 BRHEH L Tstrength ([l 4 @/ — Fiox L CEgsz
TRy UEBEE) 2/ —FokxxoalbL 1,

> ml <- induced_subgraph(subnet,community.fastgreedy$membership==1)

> fine = 500 # this will adjust the resolving power.
> palette = colorRampPalette(c('magenta’, 'green'))

> graphCol = palette(fine)[as.numeric(cut(strength(ml),breaks = fine))]

v

V(ml)$color <- graphCol

v

v.label=rep("",length(V(ml)))

v.label=V(m1)$name

v

> v.size=log(strength(m1)*100)

> V(ml)$shape <- "circle"

> 1 <- layout_with_kk(ml) #, repulserad=vcount(ml)A3, area=vcount(ml)A2.4)




> 1 <- layout.norm(l, ymin=-1, ymax=1, xmin=-1, xmax=1)

> pdf("Modulel.pdf", useDingbats=FALSE)

> plot.igraph(ml, layout=1*1, rescale=F, edge.curved=.2,
vertex.size=v.size,vertex.label=v.label, vertex.label.cex=0.05,edge.color="black",
edge .width=E(m1)$weight*4)

> dev.off()

null device

1

UTokd MBI nE T, Strength ALz cln /) —F
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