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4343

Example 8.4: Principal ComponentExample 8.4: Principal Component
One dominant principal componentOne dominant principal component
––Explains 96% of the total Explains 96% of the total 
variancevariance

InterpretationInterpretation

 
 dimension adjustedbox with  a of ln

)()()(ln

)ln(523.0)ln(510.0)ln(683.0ˆ
523.0510.0683.0

1

volume
heightwidthlength

heightwidthlengthy


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4444

Geometric InterpretationGeometric Interpretation
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Standardized VariablesStandardized Variables
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Principal ComponentsPrincipal Components
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Proportion of Total Variance due to Proportion of Total Variance due to 
the the kkthth Principal ComponentPrincipal Component
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Example 8.5: Stocks DataExample 8.5: Stocks Data
Weekly rates of return for five stocksWeekly rates of return for five stocks
–– XX11: JP Morgan: JP Morgan
–– XX22: Citibank: Citibank
–– XX33: Wells Fargo: Wells Fargo
–– XX44: Royal Dutch Shell: Royal Dutch Shell
–– XX55: : ExxonMobilExxonMobil
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Example 8.5Example 8.5
 
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 
 
 
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Example 8.5Example 8.5
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stocks oil  theand stocks bankingcontrast :ˆ
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Example 8.6Example 8.6
Body weight (in grams) for Body weight (in grams) for nn=150 =150 
female mice were obtained after female mice were obtained after 
the birth of their first 4 littersthe birth of their first 4 litters
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Example 8.6Example 8.6
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CommentComment
An unusually small value for the last An unusually small value for the last 
eigenvalueeigenvalue from either the sample from either the sample 
covariance or correlation matrix can covariance or correlation matrix can 
indicate an unnoticed linear indicate an unnoticed linear 
dependency of the data setdependency of the data set
One or more of the variables is One or more of the variables is 
redundant and should be deletedredundant and should be deleted
Example: Example: xx44 = = xx11 + + xx22 + + xx33

OutlineOutline
IntroductionIntroduction
Popular Principal ComponentsPopular Principal Components
Summarizing Sample Variation by Summarizing Sample Variation by 
Principal ComponentsPrincipal Components
Graphing the Principal ComponentsGraphing the Principal Components
Large Sample InferencesLarge Sample Inferences
Monitoring Quality with Principal Monitoring Quality with Principal 
ComponentsComponents

5454

QuestionsQuestions
Why to check the normality of the Why to check the normality of the 
first few principal components?first few principal components?
How to pinpoint suspect observation?How to pinpoint suspect observation?

5555 5656

Check Normality and Check Normality and 
Suspect ObservationsSuspect Observations

Construct scatter diagram for pairs of Construct scatter diagram for pairs of 
the first few principal componentsthe first few principal components
Make Make QQ--QQ plots from the sample plots from the sample 
values generated by each principal values generated by each principal 
componentcomponent
Construct scatter diagram and Construct scatter diagram and QQ--QQ
plots for the last few principal plots for the last few principal 
componentscomponents
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Example 8.7: Turtle DataExample 8.7: Turtle Data

)703.3(324.0
)478.4(622.0)725.4(713.0ˆ

)703.3(788.0
)478.4(594.0)725.4(159.0ˆ

)703.3(523.0
)478.4(510.0)725.4(683.0ˆ
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Example 8.7Example 8.7

OutlineOutline
IntroductionIntroduction
Popular Principal ComponentsPopular Principal Components
Summarizing Sample Variation by Summarizing Sample Variation by 
Principal ComponentsPrincipal Components
Graphing the Principal ComponentsGraphing the Principal Components
Large Sample InferencesLarge Sample Inferences
Monitoring Quality with Principal Monitoring Quality with Principal 
ComponentsComponents

5959

QuestionsQuestions
What are the large sample What are the large sample 
distribution for distribution for eigenvalueseigenvalues and and 
eigenvectors?  eigenvectors?  
How to determine the confidence How to determine the confidence 
interval for an interval for an eigenvalueeigenvalue??
What is the approximate distribution What is the approximate distribution 
for estimated eigenvectors?for estimated eigenvectors?
How to test for equal correlation How to test for equal correlation 
structure?structure?

6060
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Large Sample Distribution for Large Sample Distribution for 
EigenvaluesEigenvalues and Eigenvectorsand Eigenvectors
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Confidence Interval for Confidence Interval for ii
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Approximate Distribution of Approximate Distribution of 
Estimated EigenvectorsEstimated Eigenvectors
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Example 8.8Example 8.8
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Testing for Equal CorrelationTesting for Equal Correlation
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Example 8.9Example 8.9
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OutlineOutline
IntroductionIntroduction
Popular Principal ComponentsPopular Principal Components
Summarizing Sample Variation by Summarizing Sample Variation by 
Principal ComponentsPrincipal Components
Graphing the Principal ComponentsGraphing the Principal Components
Large Sample InferencesLarge Sample Inferences
Monitoring Quality with Principal Monitoring Quality with Principal 
ComponentsComponents

6767

QuestionsQuestions
How to monitor a stable process How to monitor a stable process 
using the first two principal using the first two principal 
components?components?
How to monitor a stable process How to monitor a stable process 
using the using the TT22 chart from the principal chart from the principal 
components?components?
How to control future values by How to control future values by 
principal components?principal components?

6868
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QuestionsQuestions
Why avoiding Computation with Why avoiding Computation with 
Small Small EigenvaluesEigenvalues??

6969 7070

Monitoring Stable Process: Part 1Monitoring Stable Process: Part 1
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Example 8.10Example 8.10
Police Department DataPolice Department Data

*First two sample cmponents explain 82%
of the total variance 7272

Example 8.10:Example 8.10:
Principal ComponentsPrincipal Components
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Example 8.10:Example 8.10:
95% Control Ellipse95% Control Ellipse
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Monitoring Stable Process: Part 2Monitoring Stable Process: Part 2
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Example 8.11Example 8.11
TT22 Chart for Unexplained DataChart for Unexplained Data

7676

Example 8.12 Example 8.12 
Control Ellipse for Future ValuesControl Ellipse for Future Values

*Example 8.10 data after dropping out-of-control case
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Example 8.12  Example 8.12  
99% Prediction Ellipse99% Prediction Ellipse
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Avoiding Computation with Small Avoiding Computation with Small 
EigenvaluesEigenvalues
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