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variation.

Drag the points around in the following visualization to see PC coordinate system adjusts.

original data set
104

PCA is useful for eliminating dimensions. Below, we've
plotted the data along a pair of lines: one compased of the x-
values and another of the y-values.
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output from PCA
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If we're going to only see the data along one dimension,
though, it might be better to make that dimension the
principal component with most variation. We don't lose
much by dropping PC2 since it contributes the least to the
variationin the data set.
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PCA is useful for eliminating dimensions. Below, we've If we're going to only see the data along one dimension,
plotted the data along a pair of lines: one composed of the x- though, it might be better to make that dimension the
values and another of the y-values. principal component with most variation. We don't lose
much by dropping PCZ since it contributes the least to the

variation in the data set.

- b
o~ o

of o9
N- e

ME0=200"e@@0*02 200000 000080

Pirsa: 25030039 Page 8/22



‘ Firefox File Edit View History Bookmarks Tools Window Help
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3D example

With three dimensions, PCA is more useful, because it's hard to see through a cloud of data. In the example below, the original data
are plotted in 3D, but you can project the data into 2D through a transformation no different than finding a camera angle: rotate the
axes to find the best angle. To see the "official" PCA transformation, click the "Show PCA" button. The PCA transformation ensures
that the horizontal axis PC1 has the most variation, the vertical axis PC2 the second-most, and a third axis PC3 the least. Obviously,
PC3isthe one we drop.
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Eating in the UK (a 17D example)
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