
Principal component analysis (PCA) 
¥  Interval or ratio level of measurement 
¥  The goal of PCA is to decompose a data table with correlated measurements into a new set 

of uncorrelated  (i.e., orthogonal) variables.  
! "#$%!&'!()*+,-!.+,-!*+*-!/+0-!1+/-!*+1-!*-!/-!/+,-!/+/2!!
! "#$3!&'!()*+4-!.+5-!*+0-!*+*-!1-!*+5-!/+6-!/+/-!/+6-!.+02!

Ð  Step 1: Subtract the mean 7!%!&'!"#$%!'!$89:)"#$ %2!!3!&'!"#$3!'!$89:)"#$ 32!;!
Ð  Step 2: Calculate the covariance matrix (or correlation) 7(!&'!(<=)(>#:")%-!322!;!
Ð  Step 3: Calculate the eigenvectors and eigenvalues 78#?!&'!8#?8:)( 2!;!
Ð  Step 4: Choose components and form a feature vector 7=!&'!8#?@=8(A<BC7-/;!!=*!&'!8#?@=8(A<BC7-*;!;!
Ð  Step 5: Derive the new data 7D!&'!9C+=8(A<B)=EFEB>#:")%-322!;!
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Multidimensional scaling (MDS) 
¥  Applied when the measure is a distance or a similarity.  
¥  The goal of the analysis is to represent the observed proximity matrix geometrically as points on a map such 

that their Euclidean distances on the map approximate the original distances  
Ð  Classic MDS, which is equivalent to PCA, is used for distances 
Ð  Non‐metric MDS for (dis)similarities 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Correspondence analysis (CA) 
¥  Nominal or ordinal level of measurement 
¥  Used to display the associations among a set of categorical variables 
¥  Is a generalization of PCA to contingency tables – classical MDS on chi‐squared distance 
¥  The factors of CA give an orthogonal decomposition of the Chi‐square associated to the table. 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Cluster analysis  
¥  Cluster analysis are used to represent the units as “leaves” of a tree with the distance “on 

the tree” approximating the original distance or similarity. 
Ð  Hierarchical clustering: a series of partitioning steps from a single cluster containing everyone to n clusters 

each containing a single individual. 

S
e
a
tt
le

L
o
s
_
A
n
g
e
le
s

S
a
n
_
F
ra
n
c
is
c
o

D
e
n
v
e
r

H
o
u
s
to
n

M
ia
m
i

N
e
w
_
Y
o
rk

W
a
s
h
in
g
to
n
_
D
C

A
tl
a
n
ta

C
h
ic
a
g
o

0
5
0
0

15
00

hclust (*, "average")
as.dist(airline.dist)

D
is
ta
n
c
e

-2000 -1000 0 500 1000

-2
0
0
0

-1
00

0
0

5
0
0

10
00

Coordinate 1

C
o
o
rd

in
a
te

 2

Atlanta

Chicago

Denver

Houston

Los_Angeles

Miami

New_York

San_Francisco

Seattle

Washington_DC


