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Clustering




Hierarchical Clustering
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Distance



Euclidean
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It represents the “multivariate dissimilarity” of X & Y



Squared Euclidean
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Distance Measures in 2D
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In R

>?dist



Distance matrix
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In R

>?heatmap
>heatmap (distanceMatrix,Colv=NA, Rowv=NA,
scale="none")



Dimension



Dimension:
the number of coordinates we need to
locate a point in a given space.



2-dimension

1




Latitude

Two dimensions: latitude and longitude

Vv

Longitude



3-dimension
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Latitude

Altitude

Three dimensions: latitude, longitude and altitude
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Nn-dimension

1 23




Dimension in biology?



Example: Peptide

neptio
neptio
neptic
neptio
neptio
neptio

e length

e molecular weight

e extinction coefficient

e net charge at neutral pH
e iso-electric point

e water solubility



Dimension in biology?



(Genes



Distance Measures in nD
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In R

#fcreate a random matrix
>mat <- matrix(data = rnorm (300, mean= 100,
sd=10), nrow = 150, ncol = 2)

#fevaluate Euclidian distance
>mat.dist<-as.matrix(dist (mat))

#show heatmap
>heatmap (mat.dist,Colv=NA, Rowv=NA, scale="none")

#change heatmap’s color

> colorScale <- colorRampPalette(c ("blue",
"green","yellow", "red", "darkred")) (1000)

>heatmap (mat.dist,Colv=NA, Rowv=NA, scale="none”,
col=colorScale)



In R

#create a random matrix
>mat <- matrix(data = rnorm (300, mean= 100,
sd=10) , nrow = 150, ncol = 2)

#fevaluate Euclidian distance
>mat.dist<-as.matrix(dist (mat))

#show heatmap
>heatmap (mat.dist,Colv=NA, Rowv=NA, scale="none")

#change heatmap’s color

> colorScale <- colorRampPalette(c("blue",
"green","yellow", "red", "darkred")) (1000)

>heatmap (mat.dist,Colv=NA, Rowv=NA, scale="none”,
col=colorScale)



In R

#fcreate a random matrix
>mat <- matrix(data = rnorm (300, mean= 100,
sd=10), nrow = 150, ncol = 2)

#evaluate Euclidian distance
>mat.dist<-as.matrix(dist (mat))

#show heatmap
>heatmap (mat.dist,Colv=NA, Rowv=NA, scale="none")

#change heatmap’s color

> colorScale <- colorRampPalette(c("blue",
"green","yellow", "red", "darkred")) (1000)

>heatmap (mat.dist,Colv=NA, Rowv=NA, scale="none”,
col=colorScale)



In R

#fcreate a random matrix
>mat <- matrix(data = rnorm (300, mean= 100,
sd=10), nrow = 150, ncol = 2)

#fevaluate Euclidian distance
>mat.dist<-as.matrix(dist (mat))

#show heatmap
>heatmap (mat.dist,Colv=NA, Rowv=NA, scale="none")

#change heatmap’s color

> colorScale <- colorRampPalette(c("blue",
"green","yellow", "red", "darkred")) (1000)

>heatmap (mat.dist,Colv=NA, Rowv=NA, scale="none”,
col=colorScale)



In R

#fcreate a random matrix
>mat <- matrix(data = rnorm (300, mean= 100,
sd=10), nrow = 150, ncol = 2)

#fevaluate Euclidian distance
>mat.dist<-as.matrix(dist (mat))

#show heatmap
>heatmap (mat.dist,Colv=NA, Rowv=NA, scale="none")

#change heatmap’s color

> colorScale <- colorRampPalette(c("blue",
"green" ,"yellow","red", "darkred")) (1000)

>heatmap (mat.dist,Colv=NA, Rowv=NA, scale="none”,
col=colorScale)



How to aggregate clusters?
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Which clusters to combine?



Single linkage

Distance between closest elements in clusters



Complete Linkage

Distance between farthest elements in clusters



Average Linkage

Average of all pairwise distances



Centroid Condensation (mean)

Distance between centroids (means) of two
clusters



Median Condensation

Distance between median distances of two clusters



Clustering methods



Hierarchical Clustering
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At the beginning every point is a cluster in it
self, then we agglomerate ...
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How to do it in R

>?hclust

>mat <- matrix(data = rnorm (300, mean= 100, sd=10), nrow =
150, ncol = 2)

>distE<- dist (mat)

>distC<- dist (mat,method=“manhattan”)

>mat.distE<-as.matrix (dist (mat))
>mat.distC<-as.matrix (dist (mat,method=“manhattan”)

>heatmap (mat.distE, Colv=NA, Rowv=NA, scale="none")
>heatmap (mat.distC, Colv=NA, Rowv=NA, scale="none”)

>hE<-hclust (distE, “complete")
>hC<-hclust (distC, ”complete")

>plot (hE)
>plot (hC)



How to do it in R

>?hclust

>mat <- matrix(data = rnorm (300, mean= 100, sd=10), nrow =
150, ncol = 2)

>distE<- dist (mat)

>distC<- dist (mat,method=“manhattan”)

>mat.distE<-as.matrix (dist (mat))
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>heatmap (mat.distE, Colv=NA, Rowv=NA, scale="none")
>heatmap (mat.distC, Colv=NA, Rowv=NA, scale="none”)

>hE<-hclust (distE, “complete")
>hC<-hclust (distC, ”complete")

>plot (hE)
>plot (hC)



How to do it in R

>?hclust

>mat <- matrix(data = rnorm (300, mean= 100, sd=10), nrow =
150, ncol = 2)

>distE<- dist (mat)

>distC<- dist (mat,method=“manhattan”)

>mat.distE<-as.matrix (dist (mat))
>mat.distC<-as.matrix (dist (mat,method=“manhattan”)

>heatmap (mat.distE, Colv=NA, Rowv=NA, scale="none")
>heatmap (mat.distC, Colv=NA, Rowv=NA, scale="none”)

>hE<-hclust (distE, “complete")
>hC<-hclust (distC, "complete")

>plot (hE)
>plot (hC)



Hierarchical cluster on big data sets



Hierarchical cluster on big data sets

hclust doesn’t work on large dataset



Hierarchical cluster on big data sets

hclust doesn’t work on large dataset

Solution:

You can use kmeans, which normally suitable
for this amount of data, to calculate an
important number of centers (1000, 2000, ...)
and perform a hierarchical clustering approach
on the coordinates of these centers.



K-means Clustering

Number of clusters =3




K-means Clustering

Number of clusters =3




K-means Clustering

Number of clusters =3




K-means Clustering

Number of clusters =3




K-means Clustering

Number of clusters =3




K-means Clustering

Number of clusters =3




K-means Clustering

Number of clusters =3




K-means Clustering

Number of clusters =3




Fuzzy C-means Clustering

Number of clusters =3




In R

>mat <- matrix(data = rnorm (300, mean= 100, sd=10),
nrow = 150,
ncol = 2

>df<-data. frame (x)

>kmeans (df, 3)



In R

>mat <- matrix(data = rnorm (300,
nrow = 150,
ncol = 2

>df<-data. frame (x)
>kmeans (df, 3)
>cl.l <- kmeans(df, 3, iter.max

>plot (df, col = cl.1Scluster)
>points(cl.1lScenters, col = 1:5,

mean= 100,

1)

pch = 8)

sd=10),



In R

>mat <- matrix(data = rnorm(300, mean= 100,
nrow = 150,
ncol = 2

>df<-data. frame (x)
>kmeans (df, 3)

>cl.l <- kmeans(df, 3, iter.max = 1)
>plot (df, col = cl.1Scluster)
>points(cl.l1$centers, col = 1:5, pch = 8)

>cl.10 <= kmeans(df, 3, iter.max = 10)
>plot (df, col = cl.10$Scluster)
>points(cl.10Scenters, col = 1:5, pch = 8)

>cl1.100 <- kmeans(df, 3, iter.max = 100)
>plot (df, col = cl.100$cluster)
>points (cl.100$centers, col = 1:5, pch = 8)

sd=10),



Hierarchical cluster on big data sets

Use kmeans as an intermediate step

>x<- rbind (matrix (rnorm (70000, sd = 0.3), ncol = 2),
matrix (rnorm (70000, mean = 1, sd = 0.3),
ncol = 2))

>colnames (x) <- c("x", "y")
>cl <- kmeans (x, 1000, iter.max=20)
>cah <- hclust (cl$Scenters, graph=FALSE, nb.clust=-1)



Hierarchical cluster on big data sets

Use kmeans as an intermediate step

>x<- rbind (matrix (rnorm (70000, sd = 0.3), ncol = 2),
matrix (rnorm (70000, mean = 1, sd = 0.3),
ncol = 2))

>colnames (x) <- c("x", "y")
>cl <- kmeans(x, 1000, iter.max=20)
>cah <- hclust (cl$Scenters, graph=FALSE, nb.clust=-1)



Hierarchical cluster on big data sets

Use kmeans as an intermediate step

>x<- rbind (matrix (rnorm (70000, sd = 0.3), ncol = 2),
matrix (rnorm (70000, mean = 1, sd = 0.3),
ncol = 2))

>colnames (x) <- c("x", "y")
>cl <- kmeans(x, 1000, iter.max=20)

>cah <- hclust(dist(cl$centers), graph=FALSE,
nb.clust=-1)



K-means cluster on big data

But what if you have a data set that won’t fit
into memory?



RevoScaleR solution

RevoScaleR package has new k-means function
implementation: rxKmeans

It is implemented as an external memory algorithm
that works on a chunk of data at a time.

Once all of the chunks have been processed, the
means are updated one last time to produce the
final result.



rxKmeans

#Step 1: Prep and Import Data

#Initialize some variables to specify the data sets.
inputFileData <- pasteO("/media/sf docVM/",
"dataClustering.csv")

#Import the data.
clustering data<- rxImport (inData = inputFileData)

#run kmeans
z<-rxKmeans (~ Coord X + Coord Y, data =
clustering data, numClusters = 3, maxIterations=100)

#fplot outcome

DE <-

data.frame (clustering data$Coord X,clustering data$Coor
d Y)

plot (DF, col = zS$cluster)

points (z$centers, col = 1:5, pch = 8)



rxKmeans

#Step 1: Prep and Import Data

#Initialize some variables to specify the data sets.
inputFileData <- pasteO("/media/sf docVM/",
"dataClustering.csv")

#Import the data.
clustering data<- rxImport(inData = inputFileData)

#run kmeans
z<-rxKmeans (~ Coord X + Coord Y, data =
clustering data, numClusters = 3, maxIterations=100)

#fplot outcome

DE <-

data.frame (clustering data$Coord X,clustering data$SCoor
d v)

plot (DF, col = zS$cluster)

points (zScenters, col = 1:5, pch = 8)



rxKmeans

#Step 1: Prep and Import Data

#Initialize some variables to specify the data sets.
inputFileData <- pasteO ("/media/sf docVvM/",
"dataClustering.csv")

#Import the data.
clustering data<- rxImport (inData = inputFileData)

#run kmeans
z<-rxKmeans (~ Coord X + Coord Y, data =
clustering data, numClusters = 3, maxIterations=100)

#fplot outcome

DE <-

data.frame (clustering data$Coord X, clustering data$Coor
d v)

plot (DF, col = zS$cluster)

points (zScenters, col = 1:5, pch = 8)



rxKmeans

#Step 1: Prep and Import Data

#Initialize some variables to specify the data sets.
inputFileData <- pasteO ("/media/sf docVvM/",
"dataClustering.csv")

#Import the data.
clustering data<- rxImport (inData = inputFileData)

#run kmeans
z<-rxKmeans (~ Coord X + Coord Y, data =
clustering data, numClusters = 3, maxIterations=100)

#fplot outcome

DF <-
data.frame(clustering_data$Coord_x,clustering_dataSCoor
d Y)

plot (DF, col = z$cluster)

points (zScenters, col = 1:5, pch = 8)



K-means & C-means

Drawbacks:

1.  Specify number of clusters
2. Non probabilistic methods



Model-based Clustering









distribution
(univariate, spherical, diagonal,
elipsoidal)



data volume
(equal, variable)



shape
(equal, variable)



Model selection

identifier Model HC | EM
E . .
'} . .
EII A " .
VII Al - -
EEI AA .
VEI A .
EVI AA; .
VVI LAy .
EEE ADADT | o | »
EEV ADADF .
VEV /\kaAD{ .
Vv Aka Ak D{ . .

BIC



Number of

parameters Best likelihood




In R

>?mclustBIC
>?Mclust

>BIC <- mclustBIC(df)

>plot (BIC)

>summary (BIC)

>modl <- Mclust(df, x = BIC)
>summary(modl, parameters = TRUE)
>plot(modl, what = "classification")



CLAG clustering




In R

>library(CLAG)
>CLAG.clust?



Challenge




Challenge




Challenge: solution

>mat <- matrix(data = rnorm (45000, mean= 100,
sd=10), nrow = 150, ncol = 300)

>mat.distE<-as.matrix(dist (mat))
>mat.distC<-
as.matrix (dist (mat),method="manhattan”)

>heatmap (mat.distE,Colv=NA, Rowv=NA, scale="none")
>heatmap (mat.distC,Colv=NA, Rowv=NA, scale="none”)



Challenge: solution

>hE<-hclust (distE, “complete")
>hC<-hclust (distC, "complete")

>plot (hE)
>plot (hC)

>hE<-hclust (distE, “centroid")
>hC<-hclust (distC, “"centroid")

>plot (hE)
>plot (hC)
>hE<-hclust (distE, “median")

>hC<-hclust (distC, "median")

>plot (hE)
>plot (hC)



Challenge: solution

>hE<-hclust (distE, “centroid")
>hC<-hclust (distC, "centroid")

>plot (hE)
>plot (hC)
>hE<-hclust (distE, "median")

>hC<-hclust (distC, "median")

>plot (hE)
>plot (hC)

>heatmap (distE)
>heatmap (distC)



Challenge: solution-RevoScaleR

df<-matrix (rnorm( 300*150, 150, 10), nrow = 150)
head (df)
dist eu<-as.matrix (dist (df,method = "euclidean"))

head (dist eu)

dist man<-as.matrix(dist (df,method= "manhattan"))
heatmap (dist eu,scale = "none",Rowv = NA,Cowv=NA)
heatmap (dist man, scale = "none",Rowv = NA,Cowv=NA)

DF <- data.frame (dist eu)

head (DF)

XDF <- paste(tempfile(), "xdf", sep=".")
if (file.exists (XDF)) file.remove (XDF)
rxDataStep (inData = DF, outFile = XDF)

# Example using an XDF file as a data source
rxKmeans (as.formula (paste ("~",paste (names (DF) ,collapse="+"))),
data = XDF, numClusters = 3, maxIterations=100)



Challenge







Challenge: solution

>library ("cluster")

>mydatal<-read.csv (”dataClustering.csv")
>df<-data.frame (mydatal$Coord X ,mydatal$Coord Y )
>colnames (df) <= c("X", "Y")

>plot (dfS$X, dfsSY)



Challenge: solution

>library ("cluster")

>mydatal<-read.csv (”dataClustering.csv")
>df<-data.frame (mydatal$Coord X ,mydatal$Coord Y )
>colnames (df) <= c("X", "Y")

>plot (df$X, dfsY)

#evaluate Euclidian distance
>df.dist<-dist (df)

# classify

>df.h<-hclust (df.dist, "ave")
>plot (df.h)

>colorScale <- colorRampPalette(c("blue",
"green","yellow","red","darkred")) (1000)
>heatmap (as.matrix (df.dist) ,Colv=NA, Rowv=NA,
scale="none”, col=colorScale)



Challenge: solution

>kmeans (df, 3)

>cl.l <- kmeans(df, 3, iter.max = 1)
>plot (df, col = cl.1Scluster)
>points(cl.l$centers, col = 1:5, pch = 8)



Challenge: solution

>kmeans (df, 3)

>cl.l <- kmeans(df, 3, i1ter.max = 1)
>plot (df, col = cl.1Scluster)
>points(cl.l$centers, col = 1:5, pch = 8)

>cl.10 <- kmeans(df, 3, iter.max = 10)
>plot (df, col = cl.10$cluster)
>points(cl.10Scenters, col = 1:5, pch = 8)

>cl.100 <- kmeans(df, 3, iter.max = 100)
>plot (df, col = cl.100$Scluster)
>points(cl.100$centers, col = 1:5, pch = 8)



Challenge: rxKmeans

#Step 1: Prep and Import Data

#Initialize some variables to specify the data sets.
inputFileData <- pasteO("/media/sf docVM/",

"dataClustering.csv")

#Import the data.
clustering data<- rxImport (inData = inputFileData)

#run kmeans
z<-rxKmeans (~ Coord X + Coord Y, data =
clustering data, numClusters = 3, maxIterations=100)

#fplot outcome

DE <-

data.frame (clustering data$Coord X,clustering data$Coor
d Y)

plot (DF, col = zS$cluster)

points (z$centers, col = 1:5, pch = 8)



Challenge: solution

>library(el071)
>cmeans (df, 3)

>cl.l <= cmeans(df, 3, iter.max = 1)
>plot (df, col = cl.1lScluster)
>points(cl.l1Scenters, col = 1:5, pch = 8)

>cl.10 <= cmeans(df, 3, iter.max = 10)
>plot (df, col = cl.10$Scluster)
>points(cl.10$Scenters, col = 1:5, pch = 8)

>cl1.100 <= cmeans(df, 3, iter.max = 100)
>plot (df, col = cl.100$Scluster)
>points (cl.100$centers, col = 1:5, pch = 8)



Challenge




Challenge: solution

>library("mclust")

>BIC <- mclustBIC(df)

>plot (BIC)

>summary (BIC)

>modl <- Mclust(df, x = BIC)
>summary (modl, parameters = TRUE)
>plot(modl, what = "classification")



Dimension representation



3-dimension

2

3




Nn-dimension

1 23




Principal Component Analysis
(PCA)

Pearson (1901) and Hotelling (1933)






Data Reduction















clarity of

representation Over-simplification




PCA is based on variance



PCA = Rotate axis



Which and how?



1. Largest variance first






2. Select uncorrelated principal axis
(orthogonal)






centroid















Without centroid



In R

>pca<-prcomp (data, center = TRUE, scale. = FALSE)
#coordinate of sample on components were identified

#Importance of components
>summary (pca)



In R

>pca<-prcomp (data, center = TRUE, scale. = FALSE)
fcoordinate of sample on components were identified

#Importance of components
>summary (pca)

>pca$X > pca.iris.cov$x

>plot (pca$x) PC3 PC4
[1,] .027914828 0.0022624371
2,1 .210464272  0.0990265503
[3,] .017900256 0.0199683897
4,1 ).031559374 -0.0755758166
[5,] .090079241 -0.0612585926
[6,] .168677658 -0.0242008576
7,1 .257892158 -0.0481431065
[8,] .021879318 -0.0452978706
[9,] .020759570 -0.0267447358
[10,] 2.197632725 -0.0562954013
[11,] .075318009 -0.0150199245
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library (MASS)

data(iris)

head(iris, 3)

train <- sample(1:150, 75)

r <- lda(formula = Species ~ .,
data = iris,
prior = c¢c(1,1,1)/3,
subset = train)
r$prior
r$counts
#fmeans for each covariate
rsmeans
#with 3 classes we have at most two linear discriminants
r$scaling

#the singular values (svd) that gives the ratio of the between-
and within-group standard deviations on the linear discriminar
variables.

r$svd

# amount of the between-group variance that is explained by eac
linear discriminant

prop = rSsvd®2/sum(r$svd”2)

head(r2Sclass)

head (r2Sposterior, 3)

plda = predict (object = r, newdata = iris[-train, ])



library (MASS)

data(iris)

head(iris, 3)

train <- sample(1:150, 75)

r <- lda(formula = Species ~ .,
data = iris,
prior = c¢c(1,1,1)/3,
subset = train)
r$prior
r$counts
#fmeans for each covariate
rsmeans
#with 3 classes we have at most two linear discriminants
r$scaling

#the singular values (svd) that gives the ratio of the between-
and within-group standard deviations on the linear discriminar
variables.

r$svd

# amount of the between-group variance that is explained by eac
linear discriminant

prop = rSsvd®2/sum(r$svd”2)

head(r2Sclass)

head (r2Sposterior, 3)

plda = predict (object = r, newdata = iris[-train, ])



library (MASS)

data(iris)

head(iris, 3)

train <- sample(1:150, 75)

r <- lda(formula = Species ~ .,
data = 1iris,
prior = ¢(1,1,1)/3,
subset = train)

r$prior

r$Scounts

#fmeans for each covariate

r$means

#fwith 3 classes we have at most two linear discriminants
r$scaling

#the singular values (svd) that gives the ratio of the between-
and within-group standard deviations on the linear discriminar
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plda = predict (object = r, newdata = iris[-train, ])
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Thank you for your attention



