How Does Principal Component Analysis
Work
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How DOES PRINCIPAL COMPONENT ANALYSIS WORK IS A QUESTION THAT OFTEN ARISES AMONG DATA SCIENTISTS AND
STATISTICIANS LOOKING TO SIMPLIFY COMPLEX DATASETS. PRINCIPAL COMPONENT ANALYSIS (PCA) IS A STATISTICAL
PROCEDURE THAT TRANSFORMS POSSIBLY CORRELATED VARIABLES INTO A SET OF LINEARLY UNCORRELATED VARIABLES CALLED
PRINCIPAL COMPONENTS. THESE COMPONENTS CAN THEN BE USED FOR VARIOUS PURPOSES, INCLUDING DATA VISUALIZATION,
NOISE REDUCTION, AND FEATURE EXTRACTION. IN THIS ARTICLE, WE WILL EXPLORE THE WORKINGS OF PCA, ITS STEPS,
APPLICATIONS, AND LIMITATIONS.

UUNDERSTANDING THE BAsics oF PCA

BEFORE DELVING INTO THE MECHANICS OF PCA, IT’S ESSENTIAL TO UNDERSTAND ITS PURPOSE. PCA AIMS TO REDUCE THE
DIMENSIONALITY OF A DATASET WHILE RETAINING MOST OF THE VARIANCE PRESENT IN THE DATA. THIS REDUCTION MAKES IT
EASIER TO VISUALIZE AND ANALYZE THE DATA WITHOUT LOSING SIGNIFICANT INFORMATION.

WHy Use PCA?
PCA IS BENEFICIAL FOR SEVERAL REASONS:

® DIMENSIONALITY REDUCTION: |T HELPS SIMPLIFY MODELS BY REDUCING THE NUMBER OF VARIABLES.

Noise RepUCTION: PCA CAN HELP IN FILTERING OUT NOISE AND REDUNDANT FEATURES.

DATA VISUALIZATION: BY REDUCING DIMENSIONS, PCA ALLOWS FOR EASIER VISUALIZATION OF COMPLEX DATASETS.

FEATURE EXTRACTION: |T IDENTIFIES THE MOST IMPORTANT FEATURES THAT CONTRIBUTE TO DATA VARIANCE.



THE STePs oF PrRINCIPAL COMPONENT ANALYSIS

THe PROCESS OF PCA INVOLVES SEVERAL KEY STEPS. BELOW IS A DETAILED BREAKDOWN:

STEP 1: STANDARDIZATION OF DATA

BEFORE CONDUCTING PCA, IT’S CRUCIAL TO STANDARDIZE THE DATASET. THIS ENSURES THAT EACH FEATURE CONTRIBUTES
EQUALLY TO THE ANALYSIS, ESPECIALLY WHEN THE VARIABLES ARE MEASURED ON DIFFERENT SCALES.

o STANDARDIZATION FORMULA: EACH FEATURE VALUE IS TRANSFORMED USING THE FORMULA:
® XSTANDARD\ZED = (X - M) / by

o \X/HERE M IS THE MEAN AND ¥ IS THE STANDARD DEVIATION OF THE FEATURE.

STEP 2: CoVvARIANCE MATRIX COMPUTATION

THE NEXT STEP INVOLVES CALCULATING THE COVARIANCE MATRIX, WHICH PROVIDES INSIGHT INTO HOW DIFFERENT FEATURES
VARY TOGETHER. THE COVARIANCE BETWEEN TWO VARIABLES INDICATES THE DEGREE TO WHICH THEY CHANGE TOGETHER.

o COVARIANCE MATRIX: FOR A DATASET WITH N FEATURES, THE COVARIANCE MATRIX IS AN N X N MATRIX WHERE EACH
ELEMENT (I/J) REPRESENTS THE COVARIANCE BETWEEN FEATURES | AND J.

Step 3: EIGENVALUE AND EIGENVECTOR CALCULATION

ONCE THE COVARIANCE MATRIX IS OBTAINED, THE NEXT STEP IS TO COMPUTE THE EIGENVALUES AND EIGENVECTORS.
EIGENVALUES INDICATE THE AMOUNT OF VARIANCE CAPTURED BY EACH PRINCIPAL COMPONENT, WHILE EIGENVECTORS REPRESENT
THE DIRECTION OF THESE COMPONENTS IN THE FEATURE SPACE.

o EIGENVALUES: THE EIGENVALUE ASSOCIATED WITH EACH EIGENVECTOR SHOWS HOW MUCH VARIANCE IS CAPTURED BY
THAT COMPONENT.

o EIGENVECTORS: THESE VECTORS DETERMINE THE DIRECTION OF THE NEW FEATURE SPACE.

STEP 4: SELECTING PRINCIPAL COMPONENTS

AFTER CALCULATING THE EIGENVALUES AND EIGENVECTORS, THE NEXT STEP IS TO SORT THE EIGENVALUES IN DESCENDING ORDER.
THE TOP K EIGENVALUES CORRESPOND TO THE MOST SIGNIFICANT PRINCIPAL COMPONENTS.



* VARIANCE EXPLAINED: THE PROPORTION OF VARIANCE EXPLAINED BY EACH PRINCIPAL COMPONENT CAN BE CALCULATED
TO UNDERSTAND THEIR SIGNIFICANCE.

o CUMULATIVE VARIANCE: OFTEN, A CUMULATIVE VARIANCE THRESHOLD (E.G., 909%) IS SET TO DETERMINE HOW MANY
COMPONENTS TO RETAIN.

STEP 5: TRANSFORMING THE DATA

THE FINAL STEP IN PCA IS TO TRANSFORM THE ORIGINAL DATASET INTO THE NEW FEATURE SPACE DEFINED BY THE SELECTED
PRINCIPAL COMPONENTS. THIS IS DONE BY PROJECTING THE STANDARDIZED DATA ONTO THE EIGENVECTORS CORRESPONDING TO
THE LARGEST EIGENV ALUES.

o TRANSFORMATION FORMULA: THE NEw DATASET (Y) IS CALCULATED USING THE FORMULA:
o Y =XW

o \WHERE W IS THE MATRIX OF SELECTED EIGENVECTORS.

APPLICATIONS ofF PCA

PCA HAS A WIDE RANGE OF APPLICATIONS ACROSS VARIOUS FIELDS:

1. IMAGE COMPRESSION

PCA IS WIDELY USED IN IMAGE PROCESSING TO REDUCE THE AMOUNT OF DATA REQUIRED TO REPRESENT AN IMAGE. BY RETAINING
ONLY THE SIGNIFICANT PRINCIPAL COMPONENTS, THE IMAGES CAN BE COMPRESSED WITHOUT LOSING MUCH DETAIL.

2. GENOMICS

IN GENOMICS, PCA HELPS ANALYZE GENE EXPRESSION DATA, ENABLING RESEARCHERS TO IDENTIFY PATTERNS AND GROUP GENES
OR SAMPLES BASED ON EXPRESSION LEVELS.

3. FINANCE

IN FINANCE, PCA CAN BE EMPLOYED TO REDUCE THE DIMENSIONALITY OF MARKET DATA, HELPING ANALYSTS IDENTIFY UNDERLYING
FACTORS THAT DRIVE ASSET RETURNS.

4. MARKETING

MARKETERS USE PCA TO ANALYZE CONSUMER DATA, SEGMENTING CUSTOMERS INTO GROUPS BASED ON PURCHASING BEHAVIOR
AND PREFERENCES.



LiMmiTATIONS OF PCA

WHILE PCA IS A POWERFUL TOOL, IT DOES HAVE SOME LIMITATIONS THAT USERS SHOULD BE AW ARE OF:

LINEARITY ASSUMPTION: PCA ASSUMES THAT RELATIONSHIPS BETWEEN FEATURES ARE LINEAR, WHICH MAY NOT HOLD
TRUE IN ALL CASES.

INTERPRETABILITY: THE TRANSFORMED COMPONENTS MAY NOT ALWAYS HAVE A CLEAR INTERPRETATION, MAKING IT
CHALLENGING TO RELATE THEM BACK TO THE ORIGINAL FEATURES.

SCALING SENSITIVITY: PCA IS SENSITIVE TO THE SCALING OF THE DATA; HENCE, PROPER STANDARDIZATION IS CRUCIAL.

OUTLIER SENSITIVITY: PCA CAN BE INFLUENCED BY OUTLIERS, WHICH CAN SKEW THE RESULTS.

CONCLUSION

IN SUMMARY, UNDERSTANDING HOW DOES PRINCIPAL COMPONENT ANALYSIS WORK IS CRUCIAL FOR ANYONE INVOLVED IN DATA
ANALYSIS AND MACHINE LEARNING. BY TRANSFORMING HIGH-DIMENSIONAL DATA INTO A LOWER-DIMENSIONAL SPACE WHILE
RETAINING ESSENTIAL INFORMATION, PCA FACILITATES EASIER VISUALIZATION AND INTERPRETATION. DESPITE ITS LIMITATIONS
PCA REMAINS A FUNDAMENTAL TECHNIQUE IN THE TOOLKIT OF DATA SCIENTISTS, PROVIDING VALUABLE INSIGHTS ACROSS
VARIOUS DOMAINS. W/ ITH CAREFUL APPLICATION AND CONSIDERATION OF ITS STRENGTHS AND WEAKNESSES, PCA canN
SIGNIFICANTLY ENHANCE YOUR ABILITY TO ANALYZE COMPLEX DATASETS EFFECTIVELY.

’

FREQUENTLY AskeD QUESTIONS

WHAT IS PrINCIPAL COMPONENT ANALYsIS (PCA)?

PrINCIPAL COMPONENT ANALYSIS (PCA) IS A STATISTICAL TECHNIQUE USED TO REDUCE THE DIMENSIONALITY OF A DATASET
WHILE PRESERVING AS MUCH VARIANCE AS POSSIBLE. |T TRANSFORMS THE ORIGINAL VARIABLES INTO NEW UNCORRELATED
VARIABLES CALLED PRINCIPAL COMPONENTS.

How poes PCA REDUCE DIMENSIONALITY?

PCA REDUCES DIMENSIONALITY BY IDENTIFYING THE DIRECTIONS (PRINCIPAL COMPONENTS) IN WHICH THE DATA VARIES THE
MOST. |T PROJECTS THE DATA ONTO A SMALLER NUMBER OF THESE PRINCIPAL COMPONENTS, RETAINING THE MOST SIGNIFICANT
FEATURES OF THE DATASET.

\WHAT ARE THE STEPS INVOLVED IN PERFORMING PCA?

THe sTEPS IN PCA INCLUDE STANDARDIZING THE DATA, CALCULATING THE COVARIANCE MATRIX, COMPUTING THE EIGENVALUES
AND EIGENVECTORS, SORTING THE EIGENVALUES TO IDENTIFY THE PRINCIPAL COMPONENTS, AND THEN PROJECTING THE DATA
ONTO THESE COMPONENTS.

\WHY IS DATA STANDARDIZATION IMPORTANT IN PCA?

DATA STANDARDIZATION IS IMPORTANT IN PCA BECAUSE IT ENSURES THAT EACH VARIABLE CONTRIBUTES EQUALLY TO THE
ANALYSIS. WITHOUT STANDARDIZATION, VARIABLES WITH LARGER RANGES CAN DOMINATE THE PRINCIPAL COMPONENTS,
SKEWING THE RESULTS.



\W/HAT ROLE DO EIGENVALUES AND EIGENVECTORS PLAY IN PCA?

EIGENVALUES INDICATE THE VARIANCE EXPLAINED BY EACH PRINCIPAL COMPONENT, WHILE EIGENVECTORS REPRESENT THE
DIRECTION OF THESE COMPONENTS IN THE ORIGINAL FEATURE SPACE. TOGETHER/ THEY HELP DETERMINE THE MOST SIGNIFICANT
FEATURES TO RETAIN.

CAN PCA BE USED FOR DATA VISUALIZATION?

Yes, PCA IS COMMONLY USED FOR DATA VISUALIZATION, PARTICULARLY IN HIGH-DIMENSIONAL DATASETS. BY PROJECTING
DATA ONTO THE FIRST TWO OR THREE PRINCIPAL COMPONENTS, IT ALLOWS FOR EFFECTIVE VISUAL EXPLORATION OF THE
DATA’S STRUCTURE.

\WHAT ARE SOME LIMITATIONS oF PCA?

SOME LIMITATIONS OF PCA INCLUDE ITS SENSITIVITY TO OUTLIERS, THE ASSUMPTION OF LINEARITY, AND THE POSSIBILITY OF
LOSING INTERPRETABILITY WHEN TRANSFORMING DATA INTO PRINCIPAL COMPONENTS THAT MAY NOT HAVE CLEAR MEANINGS.
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Discover how principal component analysis works to simplify complex data and enhance analysis.
Learn more about its applications and benefits in our comprehensive guide!
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