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.
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Step 1: Subtract the mean 79&''#$%1$89:)"#$ RIBI&'T#$3!'$89:)"#$ 32!;!
Step 2: Calculate the covariance matrix (or correlation) q!&'(<=)(>#:")%!322!;!
Step 3: Calculate the eigenvectors and eigenvalues B#%&'8#3:)( 2!;!
Step 4: Choose components and form a feature vector = &'I8#? @A<BC7-/;11=*1&" I 8# @D BC7-*;!;!
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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

D Classic MDS, which is equivalent to PCA, is used for distances
D Non-metric MDS for (dis)similarities

Atlanta Chicago Denver Houston Los.Angeles Miami New.York San.Francisco Seattle Washington.DC

At lanta a 537 1212 761 1936 604 748 2139 2150 543
Chicago 587 ] 920 94a 1745 1188 713 1858 1737 597
Denver 1212 920 a 879 831 1726 1631 949 1621 1494
Houston 781 948 879 a 1374 968 14208 1645 1891 1228
Los_Angeles 1936 1745 831 1374 A 2339 2451 347 959 2300
Miami 604 1188 1726 965 2339 a 1892 2594 2734 923
New_York 748 713 1631 1420 2451 1892 a 2571 2408 265
San_Francisco 2139 1858 949 1645 347 2594 2571 a 678 2442
Seattle 2180 1737 1821 1891 959 2734 2408 678 a 2329
Washington_DC 543 597 1494 1228 2308 923 205 2442 2329 a
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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.

D Hierarchical clustering: a series of partitioning steps from a single cluster containing everyone to n clusters
each containing a single individual.
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