
PCA Demos



Test Scores (SAS)



Test Scores (SAS)
Simple Statistics

test1 test2 test3 test4 test5
Mean 96.25 72.68 58.88 65.71 98.84

StD 2.19 18.54 24.68 19.28 0.83

Tests 1 and 5 have very little variability. If we use correlation PCA, we 
are effectively equating the variance of each test by standardizing them to 

have variance = 1. 

This means our PCA will try to capture the variance in test1 and test5 
with the same vigor that it tries to capture the variance in other tests.  

Is this what we want? Do all tests actually contribute equally to the total 
variability in the dataset? Should we want to force them to? 



Eigenvalues/Eigenvectors
Eigenvalues of the Correlation Matrix

Eigenvalue Difference Proportion Cumulative
1.00 2.58 1.55 0.52 0.52

2.00 1.03 0.14 0.21 0.72

3.00 0.89 0.44 0.18 0.90

4.00 0.45 0.42 0.09 0.99

5.00 0.04 0.01 1.00

Eigenvectors

Prin1 Prin2 Prin3 Prin4 Prin5
test1 0.12 -0.84 0.51 0.16 -0.02

test2 0.53 0.15 -0.09 0.73 0.40

test3 0.54 0.07 0.22 -0.65 0.48

test4 0.60 0.15 0.09 -0.03 -0.78

test5 -0.22 0.50 0.82 0.15 0.01



ScreePlots



Scores/Coordinates in 
Output Dataset

how do you get this number?



Scores/Coordinates in 
Output Dataset

Simple Statistics
test1 test2 test3 test4 test5

Mean 96.25 72.68 58.88 65.71 98.84
StD 2.19 18.54 24.68 19.28 0.83

Eigenvectors

Prin1
0.12

0.53

0.54

0.60

-0.22

0.12 ( 96 − 96.25
2.19 ) + 0.53 ( 99 − 72.68

18.54 ) + 0.54 ( 87 − 58.88
24.68 ) + 0.60 ( 92 − 65.71

19.28 ) − 0.22 ( 98 − 98.84
0.83 )
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How would this formula be different for covariance PCA?



UK Food Consumption 
(Learning the BiPlot)



Average Consumption of Certain Food/Drink across the UK 
(Grams, Per Person, Per Week)

From ‘Department for Environment, Food and Rural Affairs’ (DEFRA) in 1997.



Standardizing each row and 
observing a heat map we can clearly 
see how the countries are different 
in their consumption. The PCA 
BiPlot gives us another visual to 

reveal the same information



We’ll opt for the transpose, where the observations are the  
four countries within the UK.

food=read.csv("http://birch.iaa.ncsu.edu/~slrace/LinearAlgebra2021/Code/ukfood.csv",
              header=TRUE,row.names=1)
food=as.data.frame(t(food))
head(food)



We then compute the PCA and observe the output object 
 in our environment:

pca=prcomp(food, scale = T) 



We then compute the PCA and observe the output object 
 in our environment:

list of 4 numbers

pca=prcomp(food, scale = T) 



We then compute the PCA and observe the output object 
 in our environment:

17 x 4 matrix

pca=prcomp(food, scale = T) 



pca=prcomp(food, scale = T) 

We then compute the PCA and observe the output object 
 in our environment:

4 x 4 matrix



1. sdev:   the  standard  deviations  of  the  principal  components  
(i.e.,  the  square  roots  of  the  eigenvalues  of  the covariance/
correlation matrix, though the calculation is actually done with the 
singular values of the data matrix).  
 

2. rotation:  the matrix of variable loadings(i.e.,  a matrix whose 
columns contain the eigenvectors).  The function princomp returns this 
in the element loadings.  
 

3. x:  the value of the rotated data (i.e. the scores)(the centred 
(and scaled if requested) data multiplied by the rotation matrix) is 
returned. Hence, cov(x) is the diagonal matrix diag(sdev2)  
 

4.  center, scale: the centering and scaling used, or FALSE.

?prcomp

If we still need help understanding what these objects are:



summary(pca)
plot(pca, main = "Bar-style Screeplot")

The screeplot and % variance explained statistics



The projection of the data into 2-D  (plot of scores)

plot(pca$x, 
     xlab= "Principal Component 1",
     ylab= "Principal Component 2", 

 main= 'The four observations projected into 2-dimensional space’)
text(pca$x[,1], pca$x[,2],row.names(food))



The Biplot
biplot(pca, cex = c(1.5, 1), col = c('black','red'), 

       xlim = c(-0.8,0.8), ylim = c(-0.6,0.7))



















FIFA Soccer 
Players



The Data
load('fifa.RData')
colnames(fifa)



Exploring the Data
summary(fifa[,13:46])



Exploring the Data
cor.matrix = cor(fifa[,13:46])



Compute the PCA
fifa.pca = prcomp(fifa[,13:46])
summary(fifa.pca)



Plot the Projection



Examine 
Loadings
fifa.pca$rotation[,1:3]



Examine 
Loadings
fifa.pca$rotation[,1:3]



Color Projection by Position



Make it a Biplot



Color by “Overall” ability



Label some Outliers



Color by Wage



Lab Exercise 1
1. Use a logistic regression to try to differentiate 

midfielders from forwards, with 2 principal 
components as input. 

2. Create one model using correlation PCA and one 
model using covariance PCA. 

3. Which model can more accurately differentiate 
between midfielders and forwards? 



Lab Exercise 2
1. Use a linear regression model to predict the 

variable overall using just 2 principal 
components. You may use functions of these 
components (polynomial terms etc.) if you’d like. 

2. Compare the resulting model using correlation 
and covariance PCA. Which was more successful? 


