Cluster Analysis
R has an amazing variety of functions for cluster analysis. In this section, I will describe three of the many approaches: hierarchical agglomerative, partitioning, and model based. While there are no best solutions for the problem of determining the number of clusters to extract, several approaches are given below. 

載入套件cluster.datasets
載入套件 cluster
install.packages("cluster.datasets")

library(cluster.datasets)

library(cluster)
Data Preparation 資料準備
Prior to clustering data, you may want to remove or estimate missing data and rescale variables for comparability.

# Prepare Data準備資料
mydata <- na.omit(mydata)  # listwise deletion of missing去掉missing資料
mydata <- scale(mydata)  # standardize variables 將變數標準化
Cluster analysis divides a dataset into groups (clusters) of observations that are similar to each other.

Hierarchical methods like agnes, diana, and mona construct a hierarchy of clusterings, with the number of clusters ranging from one to the number of observations.

Partitioning methods like pam, clara, and fanny require that the number of clusters be given by the user.
Hierarchical Agglomerative
凝聚階層式集群法
> data(agriculture)

> agriculture

       x    y

B   16.8  2.7

DK  21.3  5.7

D   18.7  3.5

GR   5.9 22.2

E   11.4 10.9

F   17.8  6.0

IRL 10.9 14.0

I   16.6  8.5

L   21.0  3.5

NL  16.4  4.3

P    7.8 17.4

UK  14.0  2.3
B – Belgium比利時, D - Germany, DK - Denmark, E - Spain, F - France, GR - Greece, I - Italy, IRL - Ireland愛爾蘭, L - Luxembourg盧森堡, NL - Netherlands荷蘭, P - Portugal, UK - United Kingdom
x- percentage of the gross national product due to agriculture
   國民生產總值是歸因於農業的百分比
y- the gross national product
    國民生產總值
Agglomerative Nesting (Hierarchical Clustering)

Description

Computes agglomerative hierarchical clustering of the dataset.

Usage

agnes(x, diss = inherits(x, "dist"), metric = "euclidean",

      stand = FALSE, method = "average", par.method,

      keep.diss = n < 100, keep.data = !diss, trace.lev = 0)

Arguments

	x
	data matrix or data frame, or dissimilarity matrix, depending on the value of the diss argument.

In case of a matrix or data frame, each row corresponds to an observation, and each column corresponds to a variable. All variables must be numeric. Missing values (NAs) are allowed.

In case of a dissimilarity matrix, x is typically the output of daisy or dist. Also a vector with length n*(n-1)/2 is allowed (where n is the number of observations), and will be interpreted in the same way as the output of the above-mentioned functions. Missing values (NAs) are not allowed.

	diss
	logical flag: if TRUE (default for dist or dissimilarity objects), then x is assumed to be a dissimilarity matrix. If FALSE, then x is treated as a matrix of observations by variables.

	metric
	character string specifying the metric to be used for calculating dissimilarities between observations. The currently available options are"euclidean" and "manhattan". Euclidean distances are root sum-of-squares of differences, and manhattan distances are the sum of absolute differences. If x is already a dissimilarity matrix, then this argument will be ignored.

	stand
	logical flag: if TRUE, then the measurements in x are standardized before calculating the dissimilarities. Measurements are standardized for each variable (column), by subtracting the variable's mean value and dividing by the variable's mean absolute deviation. If x is already a dissimilarity matrix, then this argument will be ignored.

	method
	character string defining the clustering method. The six methods implemented are "average" ([unweighted pair-]group [arithMetic] average method, aka ‘UPGMA’), "single" (single linkage), "complete" (complete linkage), "ward" (Ward's method), "weighted" (weighted average linkage, aka ‘WPGMA’), its generalization "flexible" which uses (a constant version of) the Lance-Williams formula and the par.method argument, and"gaverage" a generalized "average" aka “flexible UPGMA” method also using the Lance-Williams formula and par.method.

The default is "average".

	par.method
	If method is "flexible" or "gaverage", a numeric vector of length 1, 3, or 4, (with a default for "gaverage"), see in the details section.

	keep.diss, keep.data
	logicals indicating if the dissimilarities and/or input data x should be kept in the result. Setting these to FALSE can give much smaller results and hence even save memory allocation time.

	trace.lev
	integer specifying a trace level for printing diagnostics during the algorithm. Default 0 does not print anything; higher values print increasingly more.


> ag.ag <- agnes(agriculture) 
與ag.ag <- agnes(agriculture, metric = "euclidean", stand = FALSE, method = "average")相同

# Agglomerative Nesting (Hierarchical Clustering)

> ag.ag

Call:    agnes(x = agriculture) 

Agglomerative coefficient:  0.7818932 

Order of objects:

 [1] B   NL  D   F   UK  DK  L   I   GR  P   E   IRL

Height (summary):

   Min. 1st Qu.  Median    Mean 3rd Qu.    Max. 

  1.649   2.509   4.027   4.966   5.228  14.780 

Available components:

[1] "order"     "height"    "ac"        "merge"     "diss"      "call"     

[7] "method"    "order.lab" "data"  

> ag.ag$data

       x    y

B   16.8  2.7

DK  21.3  5.7

D   18.7  3.5

GR   5.9 22.2

E   11.4 10.9

F   17.8  6.0

IRL 10.9 14.0

I   16.6  8.5

L   21.0  3.5

NL  16.4  4.3

P    7.8 17.4

UK  14.0  2.3
> ag.ag$method

[1] "average"

> ag.ag$height

 [1]  1.649242  2.248356  2.769175  4.026768  4.788352  2.220360  5.294092

 [8] 14.779629  5.162364  8.550753  3.140064
> ag.ag$diss

Dissimilarities :

            B        DK         D        GR         E         F       IRL

DK   5.408327                                                            

D    2.061553  3.405877                                                  

GR  22.339651 22.570113 22.661200                                        

E    9.818350 11.182576 10.394710 12.567418                              

F    3.448188  3.512834  2.657066 20.100995  8.060397                    

IRL 12.747549 13.306014 13.080138  9.604166  3.140064 10.564563          

I    5.803447  5.470832  5.423099 17.383325  5.727128  2.773085  7.920859

L    4.275512  2.220360  2.300000 24.035391 12.121056  4.060788 14.569145

NL   1.649242  5.096077  2.435159 20.752349  8.280097  2.202272 11.150785

P   17.236299 17.864490 17.664088  5.162364  7.430343 15.164432  4.601087

UK   2.828427  8.052950  4.850773 21.485344  8.984431  5.303772 12.103718

            I         L        NL         P

DK                                         

D                                          

GR                                         

E                                          

F                                          

IRL                                        

I                                          

L    6.660330                              

NL   4.204759  4.669047                    

P   12.515990 19.168985 15.670673          

UK   6.723095  7.102112  3.124100 16.323296

Metric :  euclidean 

Number of objects : 12
> ag.ag$order

 [1]  1 10  3  6 12  2  9  8  4 11  5  7

> ag.ag$ac

[1] 0.7818932

AGNES computes a coefficient, called Agglomerative Coefficient, which measures the clustering structure of the data set
> ag.ag$call

agnes(x = agriculture, metric = "euclidean", stand = FALSE, method = "average")

> ag.ag$order.lab

 [1] "B"   "NL"  "D"   "F"   "UK"  "DK"  "L"   "I"   "GR"  "P"   "E"   "IRL"
> summary(ag.ag)

Object of class 'agnes' from call:

 agnes(x = agriculture, metric = "euclidean", stand = FALSE, method = "average") 

Agglomerative coefficient:  0.7818932 

Order of objects:

 [1] B   NL  D   F   UK  DK  L   I   GR  P   E   IRL

Merge:

      [,1] [,2]

 [1,]   -1  -10

 [2,]   -2   -9

 [3,]    1   -3

 [4,]    3   -6

 [5,]   -5   -7

 [6,]    4  -12

 [7,]    6    2

 [8,]   -4  -11

 [9,]    7   -8

[10,]    8    5

[11,]    9   10

Height:

 [1]  1.649242  2.248356  2.769175  4.026768  4.788352  2.220360  5.294092 14.779629  5.162364  8.550753  3.140064

66 dissimilarities, summarized :

   Min. 1st Qu.  Median    Mean 3rd Qu.    Max. 

 1.6492  4.3569  7.9869  9.5936 13.2500 24.0350 

Metric :  euclidean 

Number of objects : 12

Available components:

[1] "order"     "height"    "ac"        "merge"     "diss"      "call"      "method"    "order.lab" "data"    
> pltree(ag.ag) # the dendrogram
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Cut a Tree into Groups of Data

Description
Cuts a tree, e.g., as resulting from hclust, into several groups either by specifying the desired number(s) of groups or the cut height(s).

Usage
cutree(tree, k = NULL, h = NULL)

Arguments

	tree
	a tree as produced by hclust. cutree() only expects a list with components merge, height, and labels, of appropriate content each.

	k
	an integer scalar or vector with the desired number of groups

	h
	numeric scalar or vector with heights where the tree should be cut.


## cut the dendrogram -> get cluster assignments:

> ck3 <- cutree(ag.ag, k = 3) # cut tree into 3 clusters
> ck3
 [1] 1 1 1 2 3 1 3 1 1 1 2 1

> ch6 <- cutree(as.hclust(ag.ag), h = 6)
> ch6
  B  DK   D  GR   E   F IRL   I   L  NL   P  UK 

  1   1   1   2   3   1   3   1   1   1   2   1 

> stopifnot(identical(unname(ch6), ck3))
> ag.ag1 <- agnes(agriculture, metric = "euclidean", stand = FALSE, method = "single")
> ag.ag1

Call:    agnes(x = agriculture, metric = "euclidean", stand = FALSE, method = "single") 

Agglomerative coefficient:  0.5103986 

Order of objects:

 [1] B   NL  D   F   DK  L   I   UK  GR  E   IRL P  

Height (summary):

   Min. 1st Qu.  Median    Mean 3rd Qu.    Max. 

  1.649   2.211   2.773   3.151   3.871   5.727 
Available components:

[1] "order"     "height"    "ac"        "merge"     "diss"      "call"     

[7] "method"    "order.lab" "data"    
> class(ag.ag1)

[1] "agnes" "twins"

> pltree(ag.ag1) 
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# Ward Hierarchical Clustering
Hierarchical Clustering

Description

Hierarchical cluster analysis on a set of dissimilarities and methods for analyzing it.

Usage

hclust(d, method = "complete", members = NULL)

## S3 method for class 'hclust'

plot(x, labels = NULL, hang = 0.1, check = TRUE,

     axes = TRUE, frame.plot = FALSE, ann = TRUE,

     main = "Cluster Dendrogram",

     sub = NULL, xlab = NULL, ylab = "Height", ...)

Arguments

	d
	a dissimilarity structure as produced by dist.

	method
	the agglomeration method to be used. This should be (an unambiguous abbreviation of) one of "ward.D", "ward.D2", "single","complete", "average" (= UPGMA), "mcquitty" (= WPGMA), "median" (= WPGMC) or "centroid" (= UPGMC).

	members
	NULL or a vector with length size of d. See the ‘Details’ section.

	x
	an object of the type produced by hclust.

	hang
	The fraction of the plot height by which labels should hang below the rest of the plot. A negative value will cause the labels to hang down from 0.

	check
	logical indicating if the x object should be checked for validity. This check is not necessary when x is known to be valid such as when it is the direct result of hclust(). The default is check=TRUE, as invalid inputs may crash R due to memory violation in the internal C plotting code.

	labels
	A character vector of labels for the leaves of the tree. By default the row names or row numbers of the original data are used. If labels = FALSEno labels at all are plotted.


> d <- dist(agriculture, method = "euclidean") # distance matrix
> d

            B        DK         D        GR         E         F       IRL         I         L        NL         P

DK   5.408327                                                                                                    

D    2.061553  3.405877                                                                                          

GR  22.339651 22.570113 22.661200                                                                                

E    9.818350 11.182576 10.394710 12.567418                                                                      

F    3.448188  3.512834  2.657066 20.100995  8.060397                                                            

IRL 12.747549 13.306014 13.080138  9.604166  3.140064 10.564563                                                  

I    5.803447  5.470832  5.423099 17.383325  5.727128  2.773085  7.920859                                        

L    4.275512  2.220360  2.300000 24.035391 12.121056  4.060788 14.569145  6.660330                              

NL   1.649242  5.096077  2.435159 20.752349  8.280097  2.202272 11.150785  4.204759  4.669047                    

P   17.236299 17.864490 17.664088  5.162364  7.430343 15.164432  4.601087 12.515990 19.168985 15.670673          

UK   2.828427  8.052950  4.850773 21.485344  8.984431  5.303772 12.103718  6.723095  7.102112  3.124100 16.323296

> fit <- hclust(d, method="ward")  # Hierarchical Clustering
> fit

Call:

hclust(d = d, method = "ward")

Cluster method   : ward 

Distance         : euclidean 

Number of objects: 12

> plot(fit) # display dendogram
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> groups <- cutree(fit, k=5) # cut tree into 5 clusters
> groups

  B  DK   D  GR   E   F IRL   I   L  NL   P  UK 

  1   2   1   3   4   5   4   5   2   1   3   1

# draw dendogram with red borders around the 5 clusters (在樹狀圖五個集群外畫紅色邊界)
> rect.hclust(fit, k=5, border="red")
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> fit1 <- hclust(d, method="average") 

> fit1

Call:

hclust(d = d, method = "average")

Cluster method   : average 

Distance         : euclidean 

Number of objects: 12 

> plot(fit1) # display dendogram
hclust結果與用agnes相同
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K-means 
K-means clustering is the most popular partitioning method. It requires the analyst to specify the number of clusters to extract. A plot of the within groups sum of squares by number of clusters extracted can help determine the appropriate number of clusters. The analyst looks for a bend in the plot similar to a scree test in factor analysis. 

K-Means Clustering

Description

Perform k-means clustering on a data matrix.

Usage

kmeans(x, centers, iter.max = 10, nstart = 1,

       algorithm = c("Hartigan-Wong", "Lloyd", "Forgy",

                     "MacQueen"), trace=FALSE)

## S3 method for class 'kmeans'

fitted(object, method = c("centers", "classes"), ...)

Arguments

	x
	numeric matrix of data, or an object that can be coerced to such a matrix (such as a numeric vector or a data frame with all numeric columns).

	centers
	either the number of clusters, say k, or a set of initial (distinct) cluster centres. If a number, a random set of (distinct) rows in x is chosen as the initial centres.

	iter.max
	the maximum number of iterations allowed.

	nstart
	if centers is a number, how many random sets should be chosen?

	algorithm
	character: may be abbreviated. Note that "Lloyd" and "Forgy" are alternative names for one algorithm.

	object
	an R object of class "kmeans", typically the result ob of ob <- kmeans(..).

	method
	character: may be abbreviated. "centers" causes fitted to return cluster centers (one for each input point) and "classes" causes fitted to return a vector of class assignments.

	trace
	logical or integer number, currently only used in the default method ("Hartigan-Wong"): if positive (or true), tracing information on the progress of the algorithm is produced. Higher values may produce more tracing information.

	...
	not used.


# Determine number of clusters 決定集群個數
先計算within group sum of squares組內變異平方和
> apply(agriculture,2,var)
     x        y 

24.56697 41.51242
計算k=1時的WSS
> wss <- (nrow(agriculture)-1)*sum(apply(agriculture,2,var)) 
> wss

[1] 726.8733
計算k=1~11時的WSS
> for (i in 2:11) wss[i] <- sum(kmeans(agriculture, centers=i)$withinss)
> wss

 [1] 726.87333 162.68125 131.41417  58.90167  36.20000  28.86500  15.54000  22.08000   8.75500   6.29000   1.36000

> plot(1:11, wss, type="b", xlab="Number of Clusters", ylab="Within groups sum of squares")
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根據陡坡圖(scree plot), 當4開始平坦, 所以取k=3
# K-Means Cluster Analysis
> fit <- kmeans(agriculture, 3)  # 3 cluster solution
> fit

K-means clustering with 3 clusters of sizes 2, 8, 2

Cluster means:

       x       y

1  6.850 19.8000

2 17.825  4.5625

3 11.150 12.4500

Clustering vector:

  B  DK   D  GR   E   F IRL  I   L  NL   P  UK 

  2   2   2   1   3   2   3   2   2   2   1   2 

Within cluster sum of squares by cluster:

[1] 13.32500 71.91375  4.93000

 (between_SS / total_SS =  87.6 %)

Available components:
[1] "cluster"      "centers"      "totss"        "withinss"     "tot.withinss" "betweenss"    "size"         "iter"         "ifault"   

> fit$cluster
  B  DK   D  GR   E   F IRL   I   L  NL   P  UK 

  2   1   1   3   3   2   3   2   1   2   3   2
# get cluster means 
> aggregate(agriculture, by=list(fit$cluster), FUN=mean)
  Group.1      x       y

1       1  6.850 19.8000

2       2 17.825  4.5625

3       3 11.150 12.4500

# append cluster assignment
> agriculture <- data.frame(agriculture, fit$cluster) 
> agriculture

       x    y  fit.cluster

B   16.8   2.7           2

DK  21.3   5.7           2

D   18.7   3.5           2

GR   5.9  22.2           1

E   11.4  10.9           3

F   17.8   6.0           2

IRL 10.9 14.0           3

I   16.6   8.5           2

L   21.0   3.5           2

NL  16.4   4.3           2

P    7.8  17.4           1

UK  14.0   2.3           2

3 clusters (GR,P)  (B, DK, D, F, I, L, NL, UK)  (E, IRL) 

Plotting Cluster Solutions 

It is always a good idea to look at the cluster results.

# K-Means Clustering with 3 clusters
> fit <- kmeans(agriculture, 3)
> fit

K-means clustering with 3 clusters of sizes 2, 8, 2

Cluster means:

       x       y

1  6.850 19.8000

2 17.825  4.5625

3 11.150 12.4500

Clustering vector:

  B  DK   D  GR   E   F IRL  I   L  NL   P  UK 

  2   2   2   1   3   2   3   2   2   2   1   2 

Within cluster sum of squares by cluster:

[1] 13.32500 71.91375  4.93000

 (between_SS / total_SS =  87.6 %)

Available components:
[1] "cluster"      "centers"      "totss"        "withinss"     "tot.withinss" "betweenss"    "size"         "iter"         "ifault"

# Cluster Plot against 1st 2 principal components

# vary parameters for most readable graph
> library(cluster) 
> clusplot(agriculture, fit$cluster, color=TRUE, shade=TRUE, labels=2, lines=0) 
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# Centroid Plot against 1st 2 discriminant functions
> library(fpc)
> plotcluster(agriculture, fit$cluster) 
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Binary variables
網路購物被騙時，你怎麼辦？
	ID
	name
	打電話
call
	寫信
mail
	告消基會
accuse

	1
	大一
	1 
	1 
	1 

	2
	小二
	1 
	1 
	1 

	3
	李三
	0 
	0 
	1 

	4
	邱SIR
	0 
	0 
	1 

	5
	王五
	0 
	0 
	1 

	6
	趙六
	0 
	1 
	0 

	7
	劉妻
	0 
	1 
	0 

	8
	八八
	1 
	1 
	0 

	9
	酒鬼
	1 
	1 
	0 

	10
	石頭
	1 
	1 
	0 


> shopping=read.table("C:/RData/shopping.txt")

> shopping

   V1    V2 V3 V4 V5

1   1  大一  1  1  1

2   2  小二  1  1  1

3   3  李三  0  0  1

4   4 邱SIR  0  0  1

5   5  王五  0  0  1

6   6  趙六  0  1  0

7   7  劉妻  0  1  0

8   8  八八  1  1  0

9   9  酒鬼  1  1  0

10 10  石頭  1  1  0
> names(shopping)=c("id","name","phone","mail","accuse")

> shopping

   id  name phone mail accuse

1   1  大一     1    1      1

2   2  小二     1    1      1

3   3  李三     0    0      1

4   4 邱SIR     0    0      1

5   5  王五     0    0      1

6   6  趙六     0    1      0

7   7  劉妻     0    1      0

8   8  八八     1    1      0

9   9  酒鬼     1    1      0

10 10  石頭     1    1      0
> shopping_table=apply(shopping[,3:5],2, table) #建立列聯表
> shopping_table

  phone mail accuse

0     5    3      5

1     5    7      5
> shop <- agnes(shopping[, 3:5], metric = "mixed", stand = FALSE, method = "average")
> summary(shop)

Object of class 'agnes' from call:

 agnes(x = shopping[, 3:5], metric = "mixed", stand = FALSE, method = "average") 

Agglomerative coefficient:  1 

Order of objects:

 [1]  1  2  6  7  8  9 10  3  4  5

Merge:

      [,1] [,2]

 [1,]   -9  -10

 [2,]   -8    1

 [3,]   -6   -7

 [4,]   -4   -5

 [5,]   -3    4

 [6,]   -1   -2

 [7,]    3    2

 [8,]    6    7

 [9,]    8    5

Height:

[1] 0.000000 1.165685 0.000000 1.000000 0.000000 0.000000 1.550430 0.000000

[9] 0.000000

45 dissimilarities, summarized :

   Min. 1st Qu.  Median    Mean 3rd Qu.    Max. 

 0.0000  1.0000  1.4142  1.1159  1.4142  1.7321 

Metric :  mixed 

Number of objects : 10

Available components:

[1] "order"  "height" "ac"     "merge"  "diss"   "call"   "method" "data"  

> pltree(shop) # the dendrogram
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> pltree(shop, label=shopping[,2])
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# 自動將資料集中非數值的變數去掉, 只抓出數值的變數
NumVars<-function(data){

  nc=ncol(data)

  keep=numeric(nc)

  j=0

  for(i in 1:nc){

    if(is.numeric(data[,i])){

      j=j+1

      keep[j]=i

    }

  }

  return(as.matrix(data[,keep]))

}

iris<-read.table(file="C:/RData/iris.txt", header=F) 

head(iris)

iris2<-NumVars(iris)

head(iris2)

ncluster=3

result<-kmeans(iris2, centers=ncluster, nstart=10)

result
K-means clustering with 3 clusters of sizes 49, 51, 50

Cluster means:

        V1       V2       V3       V4       V5

1 6.622449 2.983673 5.573469 2.032653 3.000000

2 5.915686 2.764706 4.264706 1.333333 2.019608

3 5.006000 3.428000 1.462000 0.246000 1.000000

Clustering vector:

  [1] 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 2 2 2 2 2 2

 [57] 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 1 1 1 1 1 1 2 1 1 1 1 1

[113] 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Within cluster sum of squares by cluster:

[1] 39.15551 32.91412 15.15100

 (between_SS / total_SS =  88.8 %)

Available components:

[1] "cluster"      "centers"      "totss"        "withinss"     "tot.withinss" "betweenss"    "size"        

[8] "iter"         "ifault"      
result$cluster
  [1] 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 2 2 2 2 2 2

 [57] 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 1 1 1 1 1 1 2 1 1 1 1 1

[113] 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
table(result$cluster)
1  2  3 

49 51 50
