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R programs for determining the number of clusters in hierarchical clustering
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We developed programming codes using R language to determine the optimal number of clusters in the hi-
erarchical clustering method, which were “Upper tail method” and “Jain-Dubes method”. The developed R codes
were applied to actual data sets, and we confirmed the programming codes and argued these methods to determine

the number of clusters.
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a. Upper tail method. The dashed line shows ¢ + ks,. b. The Jain-Dubes method.
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Table 1: Values of criterion ¢, j = 2 to 6 and cluster separation measure p(k) at each stage

Number of clusters 2 3 4 5 6
a; 2.299 1.519 1.519 1.138 1.071
pk) 0.734 0.780 0.594 0.501 0.564
Bold digits show the optimal number of clusters in each method.
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Figure 2: Separation into three (a), four (b), and five (¢) clusters.
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Table 2: Values of criterion o, j =2 to 8 and cluster separation measure p (k) at each stage for larger data set.

Number of clusters 2 3 4 5 6 7 8
o; 1.939 1.940 1.044 1.054 1.054 1.054 0.927
pk) 1.051 0.691 0.895 0.780 0.747 0.767 0.753
Bold digits show the optimal number of clusters in each method.
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Figure 4: Separation into three (a), four (b), and five (c) clusters.
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dl<-read.table("demol.txt", head=T, sep="\t")
# 75O
d2<-scale(dl[,c("Varl","var2")])

# HREETE ORI

rownames (d1l) <- d1s$Sub

distl <- dist(d2, method="euclidean")

#  RBEEWZ 7 A8 5T

demo.clust <- hclust(dist1”™2, method="ward.D")
plot (demo.clust)

Appendix B Upper tail i&
# kig2&95%

constK <- 2
alpha <- NULL

# IR E 22N, (- 1) HETHRETS
maxk <- (nrow(d2)-1)
# alpha OFtHE

for (nk in makx:2){
memb <- cutree(demo.clust, k=nk)
$ 7 IAZOFEL (CFEN7 ML)
cent<-NULL
for(i in 1:nk)({

objective function. Journal of American Statistical Association,
58, 236-244.

A A (2016). FERESCHRZ FUH L 7o BatraRiE o4
FAEOKE. TATHRARAE0MRE], 1I3-2,

cent<-rbind(cent, colMeans(d2[memb == i, , drop=FALSE]))
}
77 AYHOERE (FOHOHE)
cent_dist<-dist(cent, method="euclidean")
alpha <- rbind(alpha, min(cent_dist))
cat("nk = ",nk,"\t");cat("Alpha = ",alpha,"\n")
}
Upper <- mean(alpha)+constK*sgrt (var (alpha))
n.cluster<-matrix((nrow(d2)-1):2, ncol=1)
alpha <- cbind(n.cluster, alpha)
#  fHH
plot (alpha, type="b")
par (new=T)
abline (h=Upper)
Appendix C Jain-Dubes %
pk <- NULL
# A =T 2 ADNRN (Sturges’ rule) =HW5
maxk <- l+round(log2 (nrow(d2)))
#  rho(k) OFHE
for(nk in 2:maxk){
memb <- cutree(demo.clust, k=nk)
#7 7 AYOEL (FIgR7 PV)
cent<-NULL
for(i in 1:nk)({
cent<-rbind(cent, colMeans(d2[memb == i, , drop=FALSE]))

}

# 77 ASHOERE (EOHORRE) xi

cent_dist<-as.matrix(dist(cent, method="euclidean"))

# EEIEBE o THEAA
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for(i in 1:nk)({
assign(sprintf("d2.%d", i), d2[memb == i, , drop=FALSE])
}

# I IAYNOFHE eta
for(i in 1:nk)({
I x CAA N g4
row <- eval(parse(text=paste("nrow(d2.", sprintf("$d)",i), sep="")))
tmp <- 0
for(j in 1:row)
tmp <- tmp+eval (parse(text=paste (sprintf (

"mean (sgrt (sum((d2.%d[%d,]-cent [%d,])"2))) /row",1i,7,1)))

}

assign(sprintf ("eta.%d",i),tmp)

# R eta

cat("i = “,i,“\t");cat("eta - ",tmp,"\n")
}
tmp3=NULL
for(i in 1:nk){

tmp2=NULL

for(j in 1:nk)({

tmpl=NULL

tmpl <- rbind(tmpl, eval(parse(text=paste (sprintf (
"eta.%d + eta.%d",i,j,sep="")))))

tmp2 <- rbind(tmp2, eval (parse(text=paste (sprintf (
"if (i!=j) {tmpl/cent dist[%d,%d]}",i,3,sep="")))))

}
tmp3 <- rbind(tmp3, max(tmp2))
cat ("max = ",tmp3,"\n")

}
pk <- rbind(pk, mean(tmp3))
cat("k = ",nk,“\t");cat("pk = n,pk,u\nu)
}
n.cluster<-matrix(2:nk, ncol=1, nrow=nk-1)
pk<-cbind(n.cluster, pk)
# 0
plot (pk, type="b", ylim=c(0,1), xlab="Numbers of clusters", ylab="p(k)")



