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Dimension reduction:
Principal components analysis



1.Variance: A measure of the spread of a set of data points. In PCA, it is important because the first principal component is 
the direction along which the variance of the data is maximized.
2.Covariance: A measure of how much two random variables change together. In PCA, the covariance matrix expresses the 
correlation between the different variables.
3.Eigenvalues and Eigenvectors: These come from the covariance matrix. An eigenvector specifies a direction in the 
multidimensional space, while the eigenvalue corresponds to the magnitude that indicates the significance of the eigenvector 
(the amount of variance explained).
4.Principal Components (PCs): New variables that are constructed as linear combinations of the initial variables. These are 
the eigenvectors of the covariance matrix, and they define the new space in which the data is now expressed.
5.Dimensionality Reduction: PCA reduces the dimensionality of the data set by retaining the principal components with the 
largest eigenvalues and ignoring those with smaller eigenvalues.
6.Scree Plot: A plot that shows the eigenvalues in a descending order versus the number of each eigenvalue. It's used to 
determine how many principal components should be retained.
7.Loadings: The weights applied to the original variables to obtain the principal components. They can be interpreted as the 
coefficients of the linear combinations that form the PCs.
8.Orthogonal Transformation: A type of linear transformation that preserves the geometric structure of the data, including 
distances and angles between points.
9.Score: The actual value of the principal components for each data point.

Terminology cheat sheet



Dimension reduction (e.g., Principal component 
analysis)
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PC2 is orthogonal to PC1



ROTATE

PC2

PC1

The lines we drew become the 
new x and y-axis for the data

Notice how the spatial relationships among the data are unchanged after rotation
The two axes are uncorrelated because they are perpendicular

New axes are called PC1 and PC2



ROTATE

PC2

PC1

The lines we drew become the 
new x and y-axis for the data

Notice how the spatial relationships among the data are unchanged after rotation
The two axes are uncorrelated because they are perpendicular

PCA continues this process to make as many new axes as there are variables in the data
Each axis is orthogonal and statistically independent (aka uncorrelated with other axes)
Each subsequent axis explains less variation than the one before

New axes are called PC1 and PC2



PC1

PC2

PC3

We can also imagine this process 
in 3 dimensions

Most of the variation is explained 
by the plane of PC1 and PC2

PC3 explains very little of the 
variation



Example from Iris dataset in R:



Each Principal Component is a new variable that is linear combination of all the variables in the 
original data
Each original variable is given a loading (a coefficient) that describes its relationship with the 
new PC

Y! is the first principal component
X! ,X#,…X$ are the variables in the original data

%! ! ,%! #,…%! % are the loadings or coefficients for the variables on the PC

We can find the value 
for each point along 
PC1. It is a combination 
of the variables X and Y

PC2

PC1

Each PC is a Linear Combination of Variables





(Does not need to be calculated: you can extract this directly from R output 
from prcomp() function):

pca$x





… +150 rows … +150 rows 

All observations are remapped to PCA coordinate space

“Iris” dataset in R
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+1000 more rows

Case study: Cassava climate adaptation



bio2-bio18
…

+1000 more rows

Lots of Collinearity in the data



Lots of Collinearity in the data



Lots of Collinearity in the data

bio2-bio18
…

+1000 more rows

PCA -------------------->>>>



We can add PC coordinates 
back to the observation data

Resulting PCs are uncorrelated with each other… but 
correlated with the original predictors and with Dry_matter



Using PCs as variables in linear models

PCA of climate variables 

Use PC1 as predictor
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