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PCA - Standardization?

® Mentimeter



PCA - Standardization?

#i# Murder Assault UrbanPop Rape
## Alabama  13.2 236 58 21.2
## Alaska 10.0 263 48 44.5
## Arizona 8.1 294 80 31.0

apply (USArrests,2,mean)

##  Murder Assault UrbanPop Rape
## 7.788 170.760 65.540 21.232

apply(USArrests,2,var)

## Murder Assault UrbanPop Rape
##  18.97047 6945.16571 209.51878 87.72916
# perform PCA

pl = prcomp(USArrests, scale
p2 = prcomp(USArrests, scale = FALSE, center
p3 prcomp (USArrests, scale

FALSE, center =

FALSE)
TRUE)

TRUE, center = TRUE)
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PCA example

® We study the decathlon2 dataset from the factoextra package
in R, where Athletes’ performance during a sporting meeting was
recorded.

® We look at 23 athletes and the results from the 10 disciplines in
two competitions.

library(factoextra)

library(FactoMineR)

data("decathlon2")

decathlon2.active <- decathlon2[1:23, 1:10]

names (decathlon2.active) <- c("100m","long_jump","shot_put","hig

## 100m long_jump shot_put high_jump 400m 110.hurdle discus pole_vault
## SEBRLE 11.04 7.58 14.83 2.07 49.81 14.69 43.75 5.02
## BERNARD 11.02 7.23 14.25 1.92 48.93 14.99 40.87 5.32
## YURKOV 11.34 7.09 15.19 2.10 50.42 15.31 46.26 4.72
## javeline 1500m
## SEBRLE 63.19 291.7

## BERNARD 62.77 280.1
## YURKOV 63.44 276.4
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Proportion of varianced explained (PVE)

Recap: The PVE by PC m is given by

Z;‘zl ZZQm

=5 = 3
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Scree plot

A graphical description of the proportion of variance explained
(PVE) by a certain number of PCs:
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Another example

Protein consumption in twenty-five Furopean countries for nine food

groups.
#i# Red_Meat White_Meat Eggs Milk Fish Cereal Star
## Albania 10.1 1.4 0.5 8.9 0.2 42.3 0
## Austria 8.9 14.0 4.3 19.9 2.1 28.0 3
## Belgium 13.5 9.3 4.1 17.5 4.5 26.6 5
## Bulgaria 7.8 6.0 1.6 8.3 1.2 56.7 1
## Czechoslovakia 9.7 11.4 2.8 12.5 2.0 34.3 5
## Denmark 10.6 10.8 3.7 26.0 9.9 21.9 4
#it Fruits_Vegetables
## Albania 1.7
## Austria 4.3
## Belgium 4.0
## Bulgaria 4.2
## Czechoslovakia 4.0
## Denmark 2.4
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##
##
#i#
##
##
##
##
##
##

Variance Explained

Importance of components:

Standard deviation 2.
Proportion of Variance 0.
Cumulative Proportion O.

Standard deviation 0.
Proportion of Variance 0.
Cumulative Proportion O.

PC1 PC2 PC3 PC4 PC5 PC6 PC7
0016 1.2787 1.0620 0.9771 0.68106 0.57020 0.52116
4452 0.1817 0.1253 0.1061 0.05154 0.03613 0.03018
4452 0.6268 0.7521 0.8582 0.90976 0.94589 0.97607

PC8 PC9
34102 0.31482
01292 0.01101
98899 1.00000
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Clustering

® The aim is to find clusters or subgroups.

® Clustering looks for homogeneous subgroups in the data.

Difference to PCA?



Clustering

® The aim is to find clusters or subgroups.

® Clustering looks for homogeneous subgroups in the data.

Difference to PCA?

— PCA looks for low-dimensional representation of the data. —
Clustering aims at creating homogeneous subgroups



K-means vs. hierarchical clustering

See menti.com



K-means clustering

® Tix the number of clusters K.

® Find groups such that the sum of the within-cluster variation is
minimized.



K-means clustering - Algorithm

Algorithm 10.1 K-Means Clustering

1. Randomly assign a number, from 1 to K, to each of the observations.
These serve as initial cluster assignments for the observations.

2. Iterate until the cluster assignments stop changing:

(a) For each of the K clusters, compute the cluster centroid. The

kth cluster centroid is the vector of the p feature means for the
observations in the kth cluster.

(b) Assign each observation to the cluster whose centroid is closest
(where closest is defined using Euclidean distance).




Hierarchical clustering

Bottom-up agglomerative clustering that results in a dendogram.

Algorithm 12.3 Hierarchical Clustering

1. Begin with n observations and a measure (such as Euclidean dis-
tance) of all the (}) = n(n— 1)/2 pairwise dissimilarities. Treat each
observation as its own cluster.

2. Fori=n,n—-1,...,2:

(a) Examine all pairwise inter-cluster dissimilarities among the i
clusters and identify the pair of clusters that are least dissimilar
(that is, most similar). Fuse these two clusters. The dissimilarity
between these two clusters indicates the height in the dendro-
gram at which the fusion should be placed.

(b) Compute the new pairwise inter-cluster dissimilarities among
the ¢ — 1 remaining clusters.




Important in hierarchical clustering

® Linkage: Complete, single, average centroid.

® Dissimilarity measure: Euclidian distance, correlation. Other
similarity/distance measures? *

INote: Correlation is actually a similarity measure, not a distance measure.
Implication?



Hierarchical clustering — example
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Note: The representation on the right is not possible in
high-dimensional space (i.e., if we have X7, X5, X3, ..., X).




Nested clusters:

Not always suited for a arbitrary dataset
Group of people

evenly split between male and female

evenly split between americans, japanese and french
best division in two groups -> gender

best division in three groups -> nationality

not nested

This explains why hierarchical clusters can sometimes yield worse
results than K-means for a given number of clusters



Standardization

data.fram2(name = c(Artis, Baiba, Cintija, Dainis), Caviar =
¢(0,0.1,1.0,1.1), Bread = ¢(10,9,7.5,4.5))



Exercise 2 from the book

We have the following dissimilarity matrix:

0 03 04 07
03 0 05 08
04 05 0 045
0.7 08 045 O

1. Sketch the dendogram using complete linkage, indicate on the
plot the height at wich each fusion occurs, as well as the
observations corresponding to each leaf in the dendogram

2. Repeat using single linkage

3. Suppose we cut the two dendograms such that 2 clusters result.
Which observations are in each cluster?



Exercise 11 from the book

13. On the book website, www.statlearning.com, there is a gene expres-
sion data set (Ch12Ex13.csv) that consists of 40 tissue samples with
measurements on 1,000 genes. The first 20 samples are from healthy
patients, while the second 20 are from a diseased group.

(a) Load in the data using read.csv(). You will need to select
header = F.

(b) Apply hierarchical clustering to the samples using correlation-
based distance, and plot the dendrogram. Do the genes separate
the samples into the two groups? Do your results depend on the
type of linkage used?



Pros and cons of clusterization methods / practical issues
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