PRINCIPAL COMPONENTS ANALYSIS IN R

PRINCIPAL COMPONENTS ANALYSIS IN R IS A POWERFUL STATISTICAL TECHNIQUE USED FOR DIMENSIONALITY REDUCTION WHILE
PRESERVING AS MUCH VARIANCE AS POSSIBLE IN THE DATASET. |T ALLOWS DATA SCIENTISTS AND STATISTICIANS TO SIMPLIFY
COMPLEX DATASETS BY TRANSFORMING THEM INTO A NEW SET OF VARIABLES, CALLED PRINCIPAL COMPONENTS, WHICH ARE
ORTHOGONAL TO EACH OTHER. THIS TRANSFORMATION HELPS IN VISUALIZING HIGH-DIMENSIONAL DATA AND CAN ALSO ENHANCE
THE PERFORMANCE OF MACHINE LEARNING MODELS BY REDUCING NOISE AND REDUNDANCY. IN THIS ARTICLE, WE WILL DELVE INTO
THE ESSENTIALS OF PRINCIPAL COMPONENTS ANALYSIS (PCA), HOW IT WORKS, ITS APPLICATION IN R, AND BEST PRACTICES TO
FOLLOW WHILE IMPLEMENTING PCA.

UNDERSTANDING PRINCIPAL COMPONENTS ANALYSIS

PCA IS FUNDAMENTALLY A LINEAR TRANSFORMATION TECHNIQUE THAT CONVERTS A SET OF CORRELATED VARIABLES INTO A
SET OF UNCORRELATED VARIABLES KNOWN AS PRINCIPAL COMPONENTS. THE FIRST PRINCIPAL COMPONENT ACCOUNTS FOR THE
LARGEST POSSIBLE VARIANCE IN THE DATA, THE SECOND PRINCIPAL COMPONENT ACCOUNTS FOR THE SECOND LARGEST
VARIANCE, AND SO ON. THIS METHOD IS PARTICULARLY USEFUL IN EXPLORATORY DATA ANALYSIS, PATTERN RECOGNITION, AND
IMAGE PROCESSING.

How PCA Works

THe PCA PROCESS CAN BE BROKEN DOWN INTO SEVERAL KEY STEPS:

1. STANDARDIZATION: THE FIRST STEP IN PCA IS TO STANDARDIZE THE DATASET, ESPECIALLY IF THE VARIABLES ARE MEASURED
IN DIFFERENT SCALES. THIS IS USUALLY DONE USING Z-SCORES, WHICH CENTER THE DATA AROUND ZERO WITH A STANDARD
DEVIATION OF ONE.

2. CoVvARIANCE MATRIX COMPUTATION: AFTER STANDARDIZATION, THE NEXT STEP IS TO COMPUTE THE COVARIANCE MATRIX
TO UNDERSTAND HOW THE VARIABLES IN THE DATASET RELATE TO EACH OTHER. THE COVARIANCE MATRIX PROVIDES INSIGHT
INTO THE PAIRWISE RELATIONSHIPS AMONG THE VARIABLES.

3. EIGENVALUE AND EIGENVECTOR CALCULATION: FROM THE COV ARIANCE MATRIX, THE EIGENVALUES AND EIGENVECTORS ARE
CALCULATED. THE EIGENVECTORS DETERMINE THE DIRECTIONS OF THE NEW FEATURE SPACE, WHILE THE EIGENVALUES DETERMINE
THEIR MAGNITUDE. IN ESSENCE, EIGENVECTORS ARE THE PRINCIPAL COMPONENTS, AND THE EIGENVALUES INDICATE THE AMOUNT OF
VARIANCE CAPTURED BY EACH PRINCIPAL COMPONENT.

4. SELECTING PrRINCIPAL COMPONENTS: TYPICALLY, NOT ALL PRINCIPAL COMPONENTS WILL BE SIGNIFICANT. A COMMON
APPROACH IS TO RETAIN COMPONENTS THAT CAPTURE A CERTAIN PERCENTAGE OF THE VARIANCE (E.G., 80-90%).

5. TRANSFORMING THE DATA: FINALLY, THE ORIGINAL DATASET IS TRANSFORMED INTO THE NEW FEATURE SPACE DEFINED BY THE
SELECTED PRINCIPAL COMPONENTS.

IMPLEMENTING PCA INR

R PROVIDES SEVERAL PACKAGES AND FUNCTIONS TO PERFORM PCA EFFICIENTLY. THE MOST COMMONLY USED FUNCTIONS FOR
PCA ARE FOUND IN THE 'STATS' PACKAGE AND 'FACTOMINER' PACKAGE. BELOW, WE WILL DEMONSTRATE HOW TO CONDUCT
PCA uUsING THE ‘PrcoMP()’ FUNCTION FROM THE 'STATS' PACKAGE.



STeP-BY-STEP GUIDE TO PCA INR

LET'S WALK THROUGH A SIMPLE EXAMPLE OF HOW TO IMPLEMENT PCA INR.

1. INSTALLING REQUIRED PACKAGES: BEFORE STARTING, ENSURE THAT YOU HAVE THE NECESSARY PACKAGES INSTALLED. YOU
MAY WANT TO USE 'GGPLOT2' FOR VISUALIZATION.

\\\R
1" "
INSTALL.PACKAGES(“GGPLOT2")

A

2. LoADING THE DATA: FOR THIS EXAMPLE, WE WILL USE THE FAMOUS IRIS DATASET, WHICH IS AVAILABLE IN R BY DEFAULT.

\\\R
pATA(IRIS)
Heap(IRIS)

ARNY

3. STANDARDIZING THE DATA: ALTHOUGH THE IRIS DATASET IS ALREADY WELL-SCALED, IT’S GENERALLY GOOD PRACTICE TO
STANDARDIZE YOUR DATASET.

\\\R
IRIS_SCALED <- SCALE(IRIS[, -5]) EXCLUDING THE SPECIES COLUMN

ARNY

4. PerrorMING PCA: Use THE ‘PrcomMp()' FUNCTION To PERFORM PCA.

ARNY

R
PCA_RESULT <- PRCOMP(IRIS_SCALED, CENTER = TRUE, scALE. = TRUE)
SUMMARY(PCA_RESULT)

A

5. EXAMINING THE RESULTS: THE \SUMMARYO\ FUNCTION GIVES YOU THE PROPORTION OF VARIANCE EXPLAINED BY EACH
PRINCIPAL COMPONENT.

\\\R
PCA_RESULT$SDEV STANDARD DEVIATIONS OF THE PRINCIPAL COMPONENTS

A

6. VISUALIZING THE ResULTS: To viIsUALIZE THE PCA RESULTS, A BIPLOT CAN BE VERY INFORMATIVE.

\\\R
BIPLOT(PCA_RESULT)

ARNY

ALTERNATIVELY, YOU MAY USE 'GGPLOT2' TO CREATE A MORE REFINED VISUALIZATION.

\\\R
LierARY(GGPLOT2)

PCA_DATA <- AS.DATA.FRAME(PCA_RESULT$X)
PCA_DATA$SPECIES <- IRIS$SPECIES

cepLoT(Pca_DATA, AEs(PCT, PC2, coLor = SpeCIES)) +
GEOM_POINT(SIZE = 3) +
Lags(TITLE = “PCA oF Iris DATASET”, x = “PrinciPAL COMPONENT 1"

ARNY

vy = “PrinciPAL COMPONENT 2)

’



INTERPRETING PCA RESULTS

\W/HEN INTERPRETING THE RESULTS OF PCA, CONSIDER THE FOLLOWING:

- V ARIANCE EXPLAINED: EACH PRINCIPAL COMPONENT ACCOUNTS FOR A CERTAIN PROPORTION OF THE TOTAL VARIANCE IN THE
DATASET. LOOK FOR COMPONENTS THAT EXPLAIN A HIGHER PERCENTAGE OF THE VARIANCE TO ENSURE YOU RETAIN THE MOST
SIGNIFICANT INFORMATION.

- LoADINGS: THE LOADINGS (OR COEFFICIENTS) OF EACH VARIABLE ON THE PRINCIPAL COMPONENTS CAN INDICATE HOW MUCH
EACH VARIABLE CONTRIBUTES TO THAT COMPONENT. A HIGHER ABSOLUTE VALUE OF THE LOADING MEANS MORE INFLUENCE.

- SCREE PLOT: A SCREE PLOT DISPLAYS THE EIGENVALUES ASSOCIATED WITH EACH PRINCIPAL COMPONENT. THIS HELPS IN
VISUALIZING WHICH COMPONENTS ARE SIGNIFICANT.

ANNY
R
ScReePLOT(PCA_RESULT, MAIN = “Scree PLoT”, xLAB = “PrINCIPAL COMPONENTS”, YLAB = “EIGENVALUES”)

ARNY

BesT PrACTICES AND CONSIDERATIONS

W/HEN CONDUCTING PCA, KEEP IN MIND THE FOLLOWING BEST PRACTICES:

1. DATA QUALITY: ENSURE THAT YOUR DATA IS CLEAN AND PREPROCESSED ADEQUATELY. MISSING VALUES CAN DISTORT PCA
RESULTS.

2. INTERPRETING COMPONENTS: BE CAUTIOUS ABOUT OVER-INTERPRETING PRINCIPAL COMPONENTS. THEY ARE LINEAR
COMBINATIONS OF THE ORIGINAL FEATURES AND MAY NOT HAVE DIRECT PHYSICAL OR PRACTICAL MEANINGS.

3. DIMENSIONALITY ReEDUCTION: PCA IS NOT A PERFECT SOLUTION FOR DIMENSIONALITY REDUCTION. ALWAYS VALIDATE THE
PERFORMANCE OF YOUR MODEL AFTER APPLYING PCA.

4. PCA AssuMpTIONS: PCA ASSUMES LINEAR RELATIONSHIPS AMONG VARIABLES AND IS SENSITIVE TO OUTLIERS. CONSIDER
USING ROBUST METHODS OR TECHNIQUES IF YOUR DATASET CONTAINS SIGNIFICANT OUTLIERS.

5. ALTERNATIVE TECHNIQUES: IF PCA DOES NOT YIELD SATISFACTORY RESULTS, CONSIDER OTHER DIMENSIONALITY REDUCTION
TECHNIQUES SUCH AS T-SNE, UMAP, OR AUTOENCODERS, WHICH MAY BETTER CAPTURE NON-LINEAR RELATIONSHIPS.

CONCLUSION

PRINCIPAL COMPONENTS ANALYSIS INR IS A VERSATILE AND POWERFUL TOOL FOR ANALYZING AND VISUALIZING COMPLEX
DATASETS. BY REDUCING DIMENSIONALITY WHILE PRESERVING VARIANCE, PCA ENABLES DATA SCIENTISTS TO IDENTIFY
PATTERNS AND RELATIONSHIPS THAT MAY NOT BE IMMEDIATELY APPARENT IN HIGH-DIMENSIONAL SPACES. WITH ITS
STRAIGHTFORW ARD IMPLEMENTATION IN R, PCA IS ACCESSIBLE TO BOTH BEGINNERS AND EXPERIENCED PRACTITIONERS. \WHETHER
YOU ARE EXPLORING DATASETS OR PREPARING FOR MACHINE LEARNING TASKS, MASTERING PCA CAN SIGNIFICANTLY ENHANCE
YOUR DATA ANALYSIS CAPABILITIES.

FREQUENTLY ASkeD QUESTIONS



WHAT I1s PriNncIPAL CoMPONENT ANALYSIS (PCA) INR?

PrINCIPAL CoMPONENT ANALYSIS (PCA) IS A STATISTICAL TECHNIQUE USED TO REDUCE THE DIMENSIONALITY OF DATA WHILE
PRESERVING AS MUCH VARIANCE AS POSSIBLE. INR, PCA CAN BE EASILY PERFORMED USING FUNCTIONS LIKE ‘PRCOMP()’ OR
‘priNcOMP()".

How po You perForM PCA INR?

To perrorM PCA IN R, YOU CAN USE THE ‘PRCOMP()’ FUNCTION. FIRST, SCALE YOUR DATA IF NECESSARY, THEN CALL
"‘PRCOMP(YOUR_DATA, CENTER = TRUE, scaLe. = TRUE) TO STANDARDIZE THE VARIABLES AND COMPUTE THE PRINCIPAL
COMPONENTS.

\WHAT IS THE SIGNIFICANCE OF SCALING DATA BEFORE PCA?

SCALING DATA IS CRUCIAL BEFORE PCA BECAUSE IT ENSURES THAT EACH FEATURE CONTRIBUTES EQUALLY TO THE ANALYSIS.
IF THE VARIABLES ARE ON DIFFERENT SCALES, PCA MIGHT GIVE MORE WEIGHT TO THE FEATURES WITH LARGER RANGES.

How cAN You visuaLize PCA ResULTS IN R?

You caAN VIsUALIZE PCA RESULTS USING THE IBIPLOT()I FUNCTION TO DISPLAY THE SCORES AND LOADINGS OF THE PRINCIPAL
COMPONENTS. ADDITIONALLY, PACKAGES LIKE 'GGPLOT2’ CAN BE USED TO CREATE MORE CUSTOMIZED VISUALIZATIONS.

\WHAT DOES THE SCREE PLOT REPRESENT IN PCA?

A SCREE PLOT DISPLAYS THE PROPORTION OF VARIANCE EXPLAINED BY EACH PRINCIPAL COMPONENT. |T HELPS TO DETERMINE THE
NUMBER OF COMPONENTS TO RETAIN BY LOOKING FOR AN ‘ELBOW’ IN THE PLOT WHERE THE ADDITION OF MORE COMPONENTS
YIELDS DIMINISHING RETURNS.

How DO YOU INTERPRET THE LOADINGS IN PCA?

LOADINGS INDICATE THE CONTRIBUTION OF EACH ORIGINAL VARIABLE TO THE PRINCIPAL COMPONENTS. A HIGHER ABSOLUTE
VALUE OF A LOADING SUGGESTS THAT THE VARIABLE HAS A STRONGER INFLUENCE ON THAT PRINCIPAL COMPONENT.

\WHAT ARE SOME COMMON APPLICATIONS oF PCA?

PCA IS COMMONLY USED IN EXPLORATORY DATA ANALYSIS, IMAGE PROCESSING, GENOMICS, AND ANY FIELD WHERE
DIMENSIONALITY REDUCTION IS BENEFICIAL FOR VISUALIZATION OR IMPROVING THE PERFORMANCE OF MACHINE LEARNING
ALGORITHMS.

CaN PCA BE USED FOR CATEGORICAL DATA IN R?

PCA IS PRIMARILY DESIGNED FOR CONTINUOUS NUMERICAL DATA. HOWEVER, TECHNIQUES SUCH AS MULTIPLE CORRESPONDENCE
ANaLYsIS (MCA) CAN BE USED FOR CATEGORICAL DATA. IN R, THE ‘FACTOMINER’ PACKAGE PROVIDES FUNCTIONS FOR MCA.

Principal Components Analysis In R

Principal Components Analysis In R


https://old.ayearofboxes.com/archive-ga-23-48/principal-components-analysis-in-r.pdf
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