EXPLORATORY FACTOR ANALYSIS INR

EXPLORATORY FACTOR ANALYSIS IN R OFFERS A POWERFUL AND ACCESSIBLE METHOD FOR UNCOVERING HIDDEN STRUCTURES
WITHIN YOUR DATA. THIS COMPREHENSIVE GUIDE WILL DELVE INTO THE INTRICACIES OF CONDUCTING EXPLORATORY FACTOR
ANALYSIS (EFA) USING THE R PROGRAMMING LANGUAGE. WE WILL EXPLORE HOW TO PREPARE YOUR DATA, SELECT THE
APPROPRIATE NUMBER OF FACTORS, CHOOSE EXTRACTION METHODS, AND INTERPRET THE RESULTING FACTOR LOADINGS.
\W/HETHER YOU'RE A SEASONED DATA SCIENTIST OR JUST BEGINNING TO EXPLORE MULTIVARIATE TECHNIQUES, UNDERSTANDING
EFA INR CAN SIGNIFICANTLY ENHANCE YOUR ABILITY TO MAKE SENSE OF COMPLEX DATASETS, IDENTIFY UNDERLYING
CONSTRUCTS, AND BUILD MORE ROBUST MODELS. THIS ARTICLE WILL PROVIDE PRACTICAL STEPS AND INSIGHTS FOR
IMPLEMENTING EFA EFFECTIVELY, COVERING ESSENTIAL PACKAGES AND COMMON PITFALLS TO AVOID.

e INTRODUCTION TO EXPLORATORY FACTOR ANALYSIS (EFA)
® \WHY Use EXPLORATORY FACTOR ANALYSIS IN R?

e DATA PREPARATION FOR EFA INR

® ASSESSING DATA SUITABILITY FOR EFA

e CHoOSING THE NUMBER OF FACTORS

e FACTOR EXTRACTION METHODS IN R

® ROTATING FACTORS FOR INTERPRETABILITY

® |NTERPRETING FACTOR LOADINGS AND V ARIMAX ROTATION
e CoMMONLY Usep R PAckAGES FOrR EFA

e PrACTICAL ExAMPLE: EFA INR

e ADVANCED Toprics AND CONSIDERATIONS

o CONCLUSION

UNDERSTANDING EXPLORATORY FACTOR ANALYSIS (EFA)

EXPLORATORY FACTOR ANALYSIS (EFA) IS A STATISTICAL TECHNIQUE USED TO IDENTIFY UNDERLYING LATENT VARIABLES OR
FACTORS THAT EXPLAIN THE CORRELATIONS AMONG A SET OF OBSERVED VARIABLES. IN ESSENCE, EFA SEEKS TO REDUCE A
LARGE NUMBER OF MEASURED VARIABLES INTO A SMALLER, MORE MANAGEABLE SET OF UNOBSERVED FACTORS. THIS
DIMENSIONALITY REDUCTION TECHNIQUE IS INVALUABLE IN VARIOUS FIELDS, INCLUDING PSYCHOLOGY, MARKETING, SOCIOLOGY,
AND EDUCATION, WHERE RESEARCHERS OFTEN DEAL WITH COMPLEX DATASETS AND AIM TO UNCOVER THE FUNDAMENTAL
DIMENSIONS THAT SHAPE RESPONSES OR BEHAVIORS. BY GROUPING VARIABLES THAT ARE HIGHLY CORRELATED, EFA HELPS IN
UNDERSTANDING THE STRUCTURE OF THE DATA AND DEVELOPING THEORETICAL CONSTRUCTS.

THE CORE IDEA BEHIND EFA IS THAT THE OBSERVED CORRELATIONS BETWEEN VARIABLES ARE NOT ENTIRELY DUE TO THE
VARIABLES THEMSELVES, BUT ALSO DUE TO THE INFLUENCE OF ONE OR MORE COMMON UNDERLYING FACTORS. THE UNIQUE
VARIANCE IN EACH VARIABLE IS CONSIDERED TO BE SPECIFIC TO THAT VARIABLE OR DUE TO RANDOM ERROR. EFA AIMS TO
ISOLATE THIS COMMON VARIANCE AND ATTRIBUTE IT TO THESE LATENT FACTORS, PROVIDING A MORE PARSIMONIOUS
REPRESENTATION OF THE DATA’S DIMENSIONALITY.



WHY Use EXPLORATORY FACTOR ANALYSIS IN R?

THE R PROGRAMMING LANGUAGE HAS BECOME A CORNERSTONE FOR STATISTICAL ANALYSIS AND DATA SCIENCE, AND ITS
CAPABILITIES FOR PERFORMING EXPLORATORY FACTOR ANALYSIS ARE PARTICULARLY ROBUST. USING R FOR EFA oFFERS
SEVERAL SIGNIFICANT ADVANTAGES. FIRSTLY, R IS A FREE AND OPEN-SOURCE STATISTICAL SOFTWARE, MAKING IT ACCESSIBLE
TO RESEARCHERS AND PRACTITIONERS WORLDWIDE WITHOUT LICENSING COSTS. THIS ACCESSIBILITY DEMOCRATIZES THE USE OF
ADVANCED STATISTICAL TECHNIQUES LIKE EFA. SECONDLY, R BOASTS A VAST ECOSYSTEM OF PACKAGES, MANY OF WHICH ARE
SPECIFICALLY DESIGNED FOR OR EXCEL AT MULTIVARIATE STATISTICAL METHODS, INCLUDING COMPREHENSIVE TOOLS FOR EFA.
THESE PACKAGES ARE OFTEN DEVELOPED AND MAINTAINED BY LEADING STATISTICIANS AND RESEARCHERS, ENSURING UP-TO-DATE
AND SOPHISTICATED METHODOLOGIES.

FURTHERMORE, R PROVIDES UNPARALLELED FLEXIBILITY AND CUSTOMIZATION. USERS CAN EASILY SCRIPT THEIR EFA ANALYSES,
ALLOWING FOR REPRODUCIBILITY, MODIFICATION, AND INTEGRATION WITH OTHER DATA ANALYSIS WORKFLOWS. THE SCRIPTING
NATURE ALSO FACILITATES DATA MANIPULATION AND PRE-PROCESSING, WHICH ARE CRUCIAL STEPS BEFORE CONDUCTING EFA.
THE VISUALIZATION CAPABILITIES IN R ARE ALSO A MAJOR BENEFIT, ENABLING USERS TO CREATE INFORMATIVE PLOTS OF
FACTOR LOADINGS, SCREE PLOTS, AND OTHER DIAGNOSTIC TOOLS THAT AID IN THE INTERPRETATION OF RESULTS. THE ABILITY
TO EASILY SHARE R SCRIPTS AND THE REPRODUCIBLE NATURE OF ANALYSES FOSTER COLLABORATION AND TRANSPARENCY IN
RESEARCH. ULTIMATELY, R EMPOWERS USERS TO CONDUCT RIGOROUS AND SOPHISTICATED EXPLORATORY FACTOR ANALYSES
TAILORED TO THEIR SPECIFIC RESEARCH QUESTIONS AND DATA.

DATA PREPARATION FOR EFA INR

EFFECTIVE DATA PREPARATION IS A CRITICAL PREREQUISITE FOR CONDUCTING A MEANINGFUL EXPLORATORY FACTOR ANALYSIS
INR. THE QUALITY OF YOUR EFA RESULTS IS DIRECTLY DEPENDENT ON THE QUALITY AND SUITABILITY OF THE INPUT DATA.
BEFORE YOU EVEN CONSIDER RUNNING AN EFA MODEL, SEVERAL STEPS SHOULD BE TAKEN TO ENSURE YOUR DATA IS IN THE BEST
POSSIBLE SHAPE. THE MOST FUNDAMENTAL STEP IS TO ENSURE THAT YOUR DATA IS ORGANIZED CORRECTLY, TYPICALLY IN A
RECTANGULAR FORMAT WHERE ROWS REPRESENT OBSERVATIONS (E.G./ INDIVIDUALS, PARTICIPANTS) AND COLUMNS REPRESENT
THE VARIABLES YOU INTEND TO INCLUDE IN YOUR EFA. ALL VARIABLES SHOULD BE MEASURED ON AT LEAST AN INTERVAL
SCALE, OR TREATED AS SUCH FOR EFA PURPOSES, ALTHOUGH ORDINAL DATA CAN SOMETIMES BE ACCOMMODATED WITH
SPECIFIC TECHNIQUES OR CONSIDERATIONS.

ANOTHER CRUCIAL ASPECT OF DATA PREPARATION INVOLVES HANDLING MISSING VALUES. EFA IS SENSITIVE TO MISSING DATA,
AND UNADDRESSED MISSING VALUES CAN LEAD TO BIASED RESULTS OR EVEN PREVENT THE ANALYSIS FROM RUNNING. DEPENDING
ON THE EXTENT AND PATTERN OF MISSINGNESS, YOU MIGHT CHOOSE TO REMOVE CASES WITH MISSING DATA (LIST\X/ISE
DELETION)/ IMPUTE MISSING VALUES USING VARIOUS METHODS (E.G., MEAN IMPUTATION, REGRESSION IMPUTATION, OR MORE
SOPHISTICATED TECHNIQUES LIKE K-NEAREST NEIGHBORS OR MULTIPLE IMPUTATION), OR USE EFA METHODS THAT CAN HANDLE
MISSING DATA DIRECTLY, ALTHOUGH THESE ARE LESS COMMON IN STANDARD PACKAGES. THE CHOICE OF HANDLING MISSING DATA
SHOULD BE CAREFULLY CONSIDERED AND JUSTIFIED BASED ON THE NATURE OF YOUR DATA AND THE PROPORTION OF MISSING
VALUES.

ADDITIONALLY, IT IS OFTEN RECOMMENDED TO STANDARDIZE VARIABLES IF THEY ARE ON DIFFERENT SCALES. WHILE MOST EFA
EXTRACTION METHODS IN R WILL INHERENTLY HANDLE THIS BY USING THE CORRELATION MATRIX, UNDERSTANDING THE SCALING
OF YOUR VARIABLES CAN STILL BE IMPORTANT FOR INTERPRETATION. ENSURING THAT YOUR VARIABLES ARE RELEVANT TO THE
UNDERLYING CONSTRUCTS YOU ARE TRYING TO EXPLORE IS ALSO A FORM OF PREPARATION. THIS MIGHT INVOLVE A REVIEW OF
THE THEORETICAL BACKGROUND AND THE CONCEPTUAL MEANING OF EACH VARIABLE.

HANDLING MisSING DATA IN EFA

MISSING DATA IS A PERVASIVE ISSUE IN MANY DATASETS, AND ITS PRESENCE CAN SIGNIFICANTLY IMPACT THE OUTCOMES OF AN
EXPLORATORY FACTOR ANALYSIS. IN R/ THERE ARE SEVERAL COMMON STRATEGIES FOR DEALING WITH MISSING VALUES BEFORE
OR DURING AN EFA. THE SIMPLEST APPROACH IS LISTWISE DELETION, WHERE ANY OBSERVATION (RO\X/) CONTAINING AT LEAST



ONE MISSING VALUE ACROSS THE VARIABLES BEING ANALYZED IS REMOVED ENTIRELY FROM THE DATASET. W/HILE THIS IS
STRAIGHTFORWARD, IT CAN DRASTICALLY REDUCE THE SAMPLE SIZE AND POTENTIALLY INTRODUCE BIAS IF THE MISSING DATA IS
NOT COMPLETELY RANDOM (MissING CoMPLETELY AT Ranpom - MCAR).

ALTERNATIVELY, IMPUTATION TECHNIQUES CAN BE EMPLOYED TO FILL IN THE MISSING VALUES. MEAN IMPUTATION, \WHERE
MISSING VALUES ARE REPLACED BY THE MEAN OF THE OBSERVED VALUES FOR THAT VARIABLE, IS SIMPLE BUT CAN ATTENUATE
CORRELATIONS AND DISTORT THE VARIANCE-COVARIANCE STRUCTURE OF THE DATA. MORE ADVANCED IMPUTATION METHODS,
SUCH AS REGRESSION IMPUTATION, WHERE MISSING VALUES ARE PREDICTED USING REGRESSION, OR MULTIPLE IMPUTATION, WHICH
CREATES SEVERAL COMPLETE DATASETS BY IMPUTING VALUES BASED ON A MODEL AND THEN POOLS THE RESULTS, GENERALLY
PROVIDE MORE ACCURATE AND LESS BIASED ESTIMATES. THE CHOICE OF IMPUTATION METHOD IN R SHOULD BE GUIDED BY THE
EXTENT AND PATTERN OF MISSINGNESS, AS WELL AS THE ASSUMPTIONS OF EACH METHOD.

V ARIABLE SELECTION FOR EFA

THE SELECTION OF VARIABLES FOR AN EFA IS A CRITICAL STEP THAT REQUIRES CAREFUL CONSIDERATION OF BOTH
STATISTICAL SUITABILITY AND THEORETICAL RELEVANCE. NOT ALL VARIABLES ARE APPROPRIATE CANDIDATES FOR INCLUSION IN
AN EFA. VARIABLES THAT ARE NOT SUFFICIENTLY CORRELATED WITH OTHER VARIABLES IN THE SET WILL NOT LOAD STRONGLY
ONTO ANY COMMON FACTORS AND CAN THEREFORE INFLATE THE NUMBER OF FACTORS OR BE DIFFICULT TO INTERPRET.
CONVERSELY, VARIABLES THAT ARE TOO HIGHLY CORRELATED MIGHT BE REDUNDANT AND COULD BE COMBINED OR ONE MIGHT BE
REMOVED TO AVOID MULTICOLLINEARITY ISSUES IN SUBSEQUENT ANALYSES. THE GOAL IS TO SELECT A SET OF VARIABLES
THAT ARE THEORETICALLY RELATED TO THE UNDERLYING CONSTRUCTS YOU AIM TO UNCOVER AND THAT EXHIBIT SUFFICIENT
INTERRELATIONSHIPS TO SUPPORT A FACTOR STRUCTURE.

A COMMON PRACTICE IS TO EXAMINE PAIRWISE CORRELATIONS AMONG VARIABLES. WHILE A DEFINITIVE CUTOFF FOR
CORRELATION STRENGTH IS DEBATED, GENERALLY, VARIABLES WITH VERY LOW CORRELATIONS (E.G.l BELOW 03) WITH MOST
OTHER VARIABLES IN THE SET MIGHT BE CANDIDATES FOR REMOVAL IF THEY DON'T CONTRIBUTE SIGNIFICANTLY TO THE COMMON
VARIANCE. HO\X/EVER, THEORETICAL RELEVANCE SHOULD ALWAYS TAKE PRECEDENCE OVER PURELY STATISTICAL
CONSIDERATIONS. IF A VARIABLE IS THEORETICALLY CENTRAL TO A CONSTRUCT, IT MIGHT BE RETAINED EVEN IF ITS INITIAL
CORRELATIONS ARE NOT EXCEPTIONALLY HIGH, WITH THE EXPECTATION THAT IT MIGHT LOAD ONTO A FACTOR ONCE THE
STRUCTURE IS REVEALED.

ASSESSING DATA SUITABILITY FOR EFA

BEFORE EMBARKING ON AN EFA IN R/ IT'S ESSENTIAL TO ASSESS WHETHER YOUR DATA IS SUITABLE FOR THIS STATISTICAL
TECHNIQUE. SEVERAL STATISTICAL TESTS AND CRITERIA CAN HELP DETERMINE IF AN EFA IS LIKELY TO YIELD MEANINGFUL
RESULTS. THESE CHECKS HELP ENSURE THAT THE RELATIONSHIPS AMONG YOUR VARIABLES ARE SUBSTANTIAL ENOUGH TO BE
EXPLAINED BY A SMALLER NUMBER OF LATENT FACTORS. |GNORING THESE PRELIMINARY ASSESSMENTS CAN LEAD TO THE
EXTRACTION OF FACTORS THAT ARE MERELY ARTIFACTS OF RANDOM ERROR OR WEAK CORRELATIONS, MAKING THE
INTERPRETATION UNRELIABLE AND THE SUBSEQUENT ANALYSIS POTENTIALLY MISLEADING.

TWO WIDELY USED STATISTICAL INDICATORS FOR DATA SUITABILITY ARE THE KAISER-MEYER-OLKIN (KMO) MEASURE OF
SAMPLING ADEQUACY AND BARTLETT'S TEST OF SPHERICITY. THE KMO STATISTIC PROVIDES A MEASURE OF HOW MUCH THE
OBSERVED VARIABLES ARE SUITABLE FOR FACTOR ANALYSIS BY COMPARING THE MAGNITUDE OF THE OBSERVED CORRELATIONS
TO THE MAGNITUDE OF THE PARTIAL CORRELATIONS. A KMO VALUE CLOSER TO 1 INDICATES THAT THE SAMPLING IS
ADEQUATE, WITH VALUES ABOVE 0.6 GENERALLY CONSIDERED ACCEPTABLE, AND VALUES ABOVE 0.8 CONSIDERED GOOD TO
EXCELLENT. BARTLETT'S TEST, ON THE OTHER HAND, TESTS THE NULL HYPOTHESIS THAT THE CORRELATION MATRIX IS AN
IDENTITY MATRIX, MEANING ALL VARIABLES ARE UNCORRELATED. IF BARTLETT'S TEST IS STATISTICALLY SIGNIFICANT (P <
0.05), IT SUGGESTS THAT THERE ARE INDEED SIGNIFICANT CORRELATIONS AMONG THE VARIABLES, AND THUS, EFA IS
APPROPRIATE.



K AISER-MEYER-OLKIN (KMO) MEASURE

THE KAIser-MeYEr-OLkIN (KMO) MEASURE IS A CRUCIAL STATISTIC FOR EVALUATING THE APPROPRIATENESS OF USING
FACTOR ANALYSIS. |T QUANTIFIES THE DEGREE OF COMMON VARIANCE IN THE DATA, INDICATING HOW MUCH THE OBSERVED
CORRELATIONS CAN BE EXPLAINED BY THE UNDERLYING FACTORS. THE KMO sSTATISTIC RANGES FROM O To 1. A KMO VALUE
CLOSE TO 1 SIGNIFIES THAT THE CORRELATIONS BETWEEN VARIABLES ARE QUITE SMALL COMPARED TO THE PARTIAL
CORRELATIONS, IMPLYING THAT THE VARIABLES SHARE A SUBSTANTIAL AMOUNT OF COMMON VARIANCE AND ARE SUITABLE FOR
FACTOR ANALYSIS. CONVERSELY, A KMO VALUE CLOSE TO 0 SUGGESTS THAT THE VARIABLES HAVE LITTLE COMMON
VARIANCE, AND FACTOR ANALYSIS MAY NOT BE APPROPRIATE.

GENERALLY, KMO VALUES ARE INTERPRETED AS FoLLOWS: 0.50-0.59 1s consIDERED MEDIOCRE, 0.60-0.69 IS FAIR,
0.70-0.79 1s coop, 0.80-0.89 Is GREAT, AND 0.90 OR HIGHER IS CONSIDERED MARVELOUS. W/ HEN CONDUCTING EFA INR,
YOU WILL OFTEN COMPUTE THE KMO STATISTIC AS PART OF THE INITIAL DATA DIAGNOSTICS. IF THE OVERALL KMO IS BELOW
THE ACCEPTABLE THRESHOLD (E.G., 0.6), IT MIGHT BE NECESSARY TO RE-EXAMINE THE VARIABLES INCLUDED IN THE ANALYSIS,
PERHAPS REMOVING VARIABLES THAT CONTRIBUTE LITTLE TO THE COMMON VARIANCE OR INVESTIGATING IF THERE ARE ANY
FUNDAMENTAL ISSUES WITH THE DATA COLLECTION OR MEASUREMENT INSTRUMENT.

BARTLETT'S TEST OF SPHERICITY

BARTLETT’S TEST OF SPHERICITY IS ANOTHER VITAL STATISTICAL TEST USED TO ASSESS THE SUITABILITY OF DATA FOR
FACTOR ANALYSIS. THIS TEST EXAMINES WHETHER THE OBSERVED CORRELATION MATRIX IS AN IDENTITY MATRIX. AN IDENTITY
MATRIX HAS ONES ON THE DIAGONAL AND ZEROS EVERYWHERE ELSE, INDICATING THAT THE VARIABLES ARE UNCORRELATED. THE
NULL HYPOTHESIS OF BARTLETT'S TEST IS THAT THE CORRELATION MATRIX IS AN IDENTITY MATRIX. [F THE TEST YIELDS A
STATISTICALLY SIGNIFICANT RESULT (TYPICALLY p < 005), IT ALLOWS US TO REJECT THE NULL HYPOTHESIS, CONCLUDING
THAT THERE ARE SIGNIFICANT CORRELATIONS AMONG THE VARIABLES. THE PRESENCE OF SIGNIFICANT CORRELATIONS IS A
PREREQUISITE FOR FACTOR ANALYSIS, AS IT IMPLIES THAT THERE IS SHARED VARIANCE THAT CAN POTENTIALLY BE EXPLAINED BY
UNDERLYING COMMON FACTORS.

IN R, WHEN YOU PERFORM AN INITIAL ANALYSIS OF YOUR CORRELATION MATRIX, BARTLETT'S TEST WILL OFTEN BE REPORTED
ALONGSIDE OTHER DIAGNOSTIC STATISTICS. A SIGNIFICANT BARTLETT'S TEST PROVIDES STATISTICAL EVIDENCE THAT YOUR
DATASET IS INDEED SUITABLE FOR EXPLORING COMMON FACTORS. |F THE TEST IS NOT SIGNIFICANT, IT SUGGESTS THAT THE
VARIABLES ARE LARGELY INDEPENDENT, AND ATTEMPTING TO PERFORM EFA MIGHT NOT YIELD MEANINGFUL OR INTERPRETABLE
RESULTS, AS THERE ISN'T ENOUGH SHARED VARIANCE TO BE ACCOUNTED FOR BY LATENT FACTORS.

CHoosING THE NUMBER OF FACTORS

ONE OF THE MOST CRITICAL AND OFTEN DEBATED ASPECTS OF EXPLORATORY FACTOR ANALYSIS IS DECIDING HOW MANY
FACTORS TO RETAIN. THE GOAL IS TO FIND A PARSIMONIOUS SOLUTION THAT ADEQUATELY EXPLAINS THE OBSERVED
CORRELATIONS WITHOUT OVERFITTING THE DATA BY EXTRACTING TOO MANY FACTORS OR UNDERFITTING IT BY EXTRACTING
TOO FEW. IN R, SEVERAL METHODS ARE AVAILABLE TO GUIDE THIS DECISION, AND IT'S USUALLY BEST TO USE A COMBINATION
OF THESE TECHNIQUES RATHER THAN RELYING ON A SINGLE CRITERION. THE CHOICE OF THE NUMBER OF FACTORS SIGNIFICANTLY
IMPACTS THE INTERPRETABILITY AND UTILITY OF THE RESULTING FACTOR STRUCTURE.

THESE METHODS PROVIDE DIFFERENT PERSPECTIVES ON THE UNDERLYING DIMENSIONALITY OF THE DATA. SOME FOCUS ON THE
AMOUNT OF VARIANCE EXPLAINED, WHILE OTHERS LOOK FOR STATISTICAL “BREAKS” OR THRESHOLDS. OFTEN, THE FINAL
DECISION ALSO INCORPORATES A DEGREE OF SUBJECTIVE JUDGMENT BASED ON THE INTERPRETABILITY OF THE RESULTING FACTOR
LOADINGS AND THEORETICAL CONSIDERATIONS RELATED TO THE CONSTRUCTS BEING INVESTIGATED. |T IS IMPORTANT TO
REMEMBER THAT EFA IS EXPLORATORY, THEREFORE, THE NUMBER OF FACTORS IS NOT A FIXED PARAMETER BUT RATHER A
CONCLUSION DRAWN FROM VARIOUS ANALYTICAL AIDS AND DOMAIN KNOWLEDGE.



Kaiser’s CRITERION (EIGENVALUES > 1)

KAISER'S CRITERION IS A COMMONLY USED RULE OF THUMB FOR DETERMINING THE NUMBER OF FACTORS TO RETAIN IN AN EFA.
THIS METHOD SUGGESTS RETAINING ALL FACTORS THAT HAVE AN EIGENVALUE GREATER THAN 1. AN EIGENVALUE REPRESENTS
THE AMOUNT OF VARIANCE IN THE OBSERVED VARIABLES THAT IS EXPLAINED BY A PARTICULAR FACTOR. IN THE CONTEXT OF
EFA, AN EIGENVALUE OF 1 INDICATES THAT A FACTOR EXPLAINS AT LEAST AS MUCH VARIANCE AS A SINGLE OBSERVED
VARIABLE. THE LOGIC BEHIND THIS CRITERION IS THAT FACTORS WITH EIGENVALUES LESS THAN 1 ARE ESSENTIALLY EXPLAINING
LESS VARIANCE THAN A SINGLE OBSERVED VARIABLE, AND THEREFORE, THEY ARE UNLIKELY TO REPRESENT MEANINGFUL COMMON
FACTORS.

W/HEN YOU PERFORM AN EFA IN R, THE OUTPUT WILL TYPICALLY INCLUDE A LIST OF EIGENVALUES FOR EACH EXTRACTED
FACTOR. YOU WOULD THEN COUNT THE NUMBER OF EIGENVALUES THAT ARE GREATER THAN 1 TO DETERMINE THE NUMBER OF
FACTORS TO RETAIN BASED ON KAISER'S CRITERION. WHILE SIMPLE AND WIDELY USED, KAISER'S CRITERION CAN SOMETIMES
OVERESTIMATE THE NUMBER OF FACTORS, ESPECIALLY IN DATASETS WITH MANY VARIABLES OR WHEN COMMUNALITIES ARE LOW.
THEREFOEE, IT IS OFTEN RECOMMENDED TO USE IT IN CONJUNCTION WITH OTHER METHODS.

Scree PLoT

A SCREE PLOT IS A GRAPHICAL TOOL USED TO HELP DETERMINE THE NUMBER OF FACTORS TO RETAIN IN AN EFA. [T IS A
SCATTERPLOT OF THE EIGENVALUES AGAINST THE FACTOR NUMBER, ORDERED FROM LARGEST TO SMALLEST. THE PLOT
TYPICALLY SHOWS A STEEP DROP IN EIGENVALUES AT THE BEGINNING, FOLLOWED BY A LEVELING OFF. THe “ELBOW” OF THE
SCREE PLOT, WHERE THE CURVE CHANGES FROM A STEEP DECLINE TO A MORE GRADUAL SLOPE, IS OFTEN INTERPRETED AS
INDICATING THE POINT AT WHICH THE COMMON FACTORS ARE EXHAUSTED, AND THE REMAINING FACTORS REPRESENT ERROR
VARIANCE OR UNIQUE FACTORS.

ToO USE A SCREE PLOT IN R, YOU WOULD TYPICALLY GENERATE THE EIGENVALUES FROM YOUR EFA, THEN PLOT THEM. YoU
WOULD THEN VISUALLY INSPECT THE PLOT TO IDENTIFY THE POINT WHERE THE CURVE FLATTENS OUT. THE NUMBER OF FACTORS
TO RETAIN WOULD CORRESPOND TO THE NUMBER OF EIGENV ALUES BEFORE THIS FLATTENING OCCURS. THE SCREE PLOT CAN BE
SUBJECTIVE, AS THE “eLBOW” MAY NOT ALWAYS BE CLEAR, BUT IT IS A VALUABLE VISUAL AID THAT COMPLEMENTS OTHER
STATISTICAL CRITERIA FOR FACTOR RETENTION.

PARALLEL ANALYSIS

PARALLEL ANALYSIS IS CONSIDERED A MORE STATISTICALLY RIGOROUS METHOD FOR DETERMINING THE NUMBER OF FACTORS TO
RETAIN COMPARED TO KAISER'S CRITERION OR THE VISUAL INSPECTION OF A SCREE PLOT ALONE. DEVELOPED BY HorN (1965),
PARALLEL ANALYSIS INVOLVES COMPARING THE EIGENVALUES OBTAINED FROM THE ACTUAL DATA WITH EIGENV ALUES
GENERATED FROM RANDOM DATA THAT HAS THE SAME NUMBER OF VARIABLES AND SAMPLE SIZE. THE PROCESS TYPICALLY
INVOLVES GENERATING A SPECIFIED NUMBER OF RANDOM DATASETS (£.G., 100 or 1000), PERFORMING A PRINCIPAL
COMPONENTS ANALYSIS ON EACH, AND CALCULATING THE AVERAGE EIGENVALUES FOR EACH COMPONENT.

IN R, YOU WOULD COMPARE THE EIGENVALUES FROM YOUR OBSERVED DATA TO THE CORRESPONDING AVERAGE EIGENVALUES
FROM THE RANDOM DATA. THE RECOMMENDATION IS TO RETAIN FACTORS WHOSE EIGENVALUES FROM THE OBSERVED DATA ARE
GREATER THAN THE EIGENVALUES FROM THE RANDOM DATA. THIS METHOD IS OFTEN FOUND TO BE MORE ACCURATE IN IDENTIFYING
THE TRUE NUMBER OF UNDERLYING FACTORS, AS IT DIRECTLY ADDRESSES THE ISSUE OF DISTINGUISHING MEANINGFUL VARIANCE
FROM RANDOM NOISE. SEVERAL R PACKAGES FACILITATE THE EXECUTION OF PARALLEL ANALYSIS.

FACTOR EXTRACTION METHODS INR

ONCE YOU HAVE DECIDED THAT EFA IS APPROPRIATE AND HAVE PREPARED YOUR DATA, THE NEXT STEP IS TO CHOOSE A



METHOD FOR EXTRACTING THE FACTORS. FACTOR EXTRACTION REFERS TO THE MATHEMATICAL PROCESS USED TO ESTIMATE THE
COMMONALITIES AND FACTOR LOADINGS. DIFFERENT EXTRACTION METHODS HAVE DIFFERENT MATHEMATICAL BASES AND
ASSUMPTIONS, WHICH CAN LEAD TO SLIGHTLY DIFFERENT FACTOR SOLUTIONS. IN R, YOU HAVE ACCESS TO A VARIETY OF
WELL-ESTABLISHED FACTOR EXTRACTION TECHNIQUES, EACH WITH ITS STRENGTHS AND WEAKNESSES. THE CHOICE OF
EXTRACTION METHOD CAN INFLUENCE THE NUMBER OF FACTORS EXTRACTED AND THE PATTERN OF FACTOR LOADINGS, ALTHOUGH
OFTEN THE FACTOR STRUCTURES CONVERGE WITH DIFFERENT METHODS, ESPECIALLY WHEN COMMUNALITIES ARE HIGH AND SAMPLE
SIZES ARE ADEQUATE.

THE GOAL OF MOST EXTRACTION METHODS IS TO EXPLAIN THE OBSERVED CORRELATIONS BETWEEN VARIABLES BY IDENTIFYING A
SET OF UNDERLYING LATENT FACTORS. THEY DIFFER IN HOW THEY ESTIMATE THE COMMON VARIANCE, WHAT THEY MINIMIZE OR
MAXIMIZE, AND THE ASSUMPTIONS THEY MAKE ABOUT THE ERROR VARIANCE. UNDERSTANDING THESE DIFFERENCES CAN HELP YOU
SELECT THE MOST APPROPRIATE METHOD FOR YOUR SPECIFIC RESEARCH QUESTION AND DATA CHARACTERISTICS. COMMON
METHODS INCLUDE PRINCIPAL CoMPONENT ANALYSIS (PCA), PrRINCIPAL Axis FACTORING (PAF), MaxiMum LikeLiHoop (ML),
AND IMAGE FACTORING.

PrINCIPAL CoMPONENT ANALYSIS (PCA)

W/HILE TECHNICALLY A METHOD OF DATA REDUCTION RATHER THAN A TRUE FACTOR ANALYTIC METHOD, PriNcIPAL COMPONENT
ANALYSIS (PCA) IS FREQUENTLY USED IN THE INITIAL STAGES OF EXPLORATORY ANALYSIS, AND OFTEN SERVES AS A STARTING
POINT FOR EFA. PCA AIMS TO TRANSFORM A SET OF POSSIBLY CORRELATED VARIABLES INTO A SET OF LINEARLY
UNCORRELATED VARIABLES CALLED PRINCIPAL COMPONENTS. THE FIRST PRINCIPAL COMPONENT ACCOUNTS FOR THE LARGEST
POSSIBLE VARIANCE IN THE DATA, THE SECOND ACCOUNTS FOR THE SECOND LARGEST PROPORTION OF VARIANCE, AND SO ON.
PCA ACCOUNTS FOR THE TOTAL VARIANCE IN THE VARIABLES, INCLUDING BOTH COMMON AND UNIQUE VARIANCE.

IN R, PCA IS READILY AVAILABLE AND IS OFTEN THE DEFAULT OR A COMMON STARTING POINT. W/HEN USING PCA AsS A
PRECURSOR TO FACTOR ANALYSIS, YOU MIGHT EXTRACT COMPONENTS AND THEN SUBJECT THEM TO A FACTOR ROTATION. THE
KEY DIFFERENCE BETWEEN PCA AND TRUE FACTOR ANALYSIS METHODS IS THAT PCA DOES NOT ASSUME AN UNDERLYING LATENT
FACTOR MODEL, IT SIMPLY SEEKS TO REPRESENT THE DATA IN A REDUCED DIMENSIONAL SPACE. THIS DISTINCTION IS IMPORTANT,
AS PCA CAN SOMETIMES LEAD TO DIFFERENT INTERPRETATIONS OR A DIFFERENT NUMBER OF EXTRACTED COMPONENTS COMPARED
TO METHODS THAT EXPLICITLY MODEL COMMON VARIANCE.

PRINCIPAL AXIS FACTORING (PAF)

PrINCIPAL AxIS FACTORING (PAF), ALSO KNOWN AS PRINCIPAL FACTOR ANALYSIS, IS A TRUE FACTOR ANALYTIC METHOD
THAT AIMS TO EXPLAIN THE COMMON VARIANCE AMONG VARIABLES. UNLIKE PCA, WHICH ACCOUNTS FOR ALL VARIANCE, PAF
FOCUSES SPECIFICALLY ON THE SHARED VARIANCE, ALSO KNOWN AS COMMONALITIES. COMMONALITIES ARE THE PROPORTION OF
VARIANCE IN A VARIABLE THAT IS ACCOUNTED FOR BY THE COMMON FACTORS. IN PAF, INITIAL ESTIMATES OF COMMUNALITIES
ARE PLACED ON THE DIAGONAL OF THE CORRELATION MATRIX BEFORE FACTOR EXTRACTION.

THE ESTIMATION OF COMMUNALITIES IS AN ITERATIVE PROCESS IN PAF. |NITIALLY/ THE COMMUNALITIES ARE ESTIMATED USING
SQUARED MULTIPLE CORRELATIONS (SMCS) BETWEEN EACH VARIABLE AND ALL OTHER VARIABLES IN THE SET. THE FACTOR
EXTRACTION THEN PROCEEDS ON THIS MODIFIED CORRELATION MATRIX. THE PROCESS IS REPEATED BY RE-ESTIMATING THE
COMMUNALITIES BASED ON THE EXTRACTED FACTORS UNTIL THE COMMUNALITIES STABILIZE. PAF IS OFTEN PREFERRED WHEN THE
GOAL IS TO IDENTIFY UNDERLYING LATENT CONSTRUCTS THAT EXPLAIN THE CORRELATIONS AMONG VARIABLES, AS IT
EXPLICITLY MODELS COMMON VARIANCE.

MaxiMuM LikeLiHoop (ML) FACTORING

MAXIMUM LIKELIHOOD (ML) FACTORING IS ANOTHER SOPHISTICATED TRUE FACTOR ANALYTIC METHOD THAT ESTIMATES THE
FACTOR LOADINGS AND COMMUNALITIES BY MAXIMIZING THE LIKELIHOOD FUNCTION. THIS METHOD ASSUMES THAT THE OBSERVED



VARIABLES ARE A LINEAR COMBINATION OF THE COMMON FACTORS PLUS UNIQUE FACTORS AND THAT THE UNIQUE FACTORS ARE
NORMALLY DISTRIBUTED, INDEPENDENT OF EACH OTHER, AND INDEPENDENT OF THE COMMON FACTORS. ML FACTORING ALSO
ASSUMES THAT THE OBSERVED VARIABLES FOLLOW A MULTIVARIATE NORMAL DISTRIBUTION.

THE ADVANTAGE OF ML FACTORING IS THAT IT PROVIDES A STATISTICALLY RIGOROUS FRAMEW ORK FOR HYPOTHESIS TESTING,
INCLUDING TESTS FOR THE SIGNIFICANCE OF INDIVIDUAL FACTOR LOADINGS AND TESTS FOR THE FIT OF THE FACTOR SOLUTION.
[T ALSO ALLOWS FOR THE CALCULATION OF CONFIDENCE INTERVALS FOR THE FACTOR LOADINGS. WHEN THE ASSUMPTIONS OF
MULTIVARIATE NORMALITY ARE MET, ML FACTORING IS CONSIDERED TO PRODUCE EFFICIENT AND CONSISTENT ESTIMATES. IN R,
ML FACTORING IS AVAILABLE IN SEVERAL PACKAGES AND IS OFTEN CHOSEN WHEN A STRONG THEORETICAL BASIS FOR THE
FACTOR MODEL IS PRESENT AND THE DATA IS EXPECTED TO APPROXIMATE NORMALITY.

ROTATING FACTORS FOR INTERPRETABILITY

AFTER EXTRACTING THE INITIAL FACTORS, THE RESULTING FACTOR LOADINGS MAY NOT BE EASILY INTERPRETABLE. FACTOR
ROTATION IS A TECHNIQUE USED TO TRANSFORM THE INITIAL FACTOR SOLUTION INTO A NEW SOLUTION THAT IS SIMPLER AND
EASIER TO INTERPRET, WITHOUT CHANGING THE OVERALL AMOUNT OF VARIANCE EXPLAINED OR THE RELATIONSHIPS BETWEEN THE
FACTORS AND THE VARIABLES. THE GOAL OF ROTATION IS TO ACHIEVE “SIMPLE STRUCTURE,” A CONCEPT DEFINED BY
THURSTONE (]947), WHICH INCLUDES CRITERIA SUCH AS EACH VARIABLE LOADING ON ONLY ONE FACTOR (UNIQUE, SIMPLE
STRUCTUEE)I EACH FACTOR RELATING TO ONLY A FEW VARIABLES, AND THE PATTERN OF LOADINGS BEING INTERPRETABLE.

ROTATION METHODS CAN BE BROADLY CATEGORIZED INTO TWO TYPES: ORTHOGONAL ROTATION AND OBLIQUE ROTATION.
ORTHOGONAL ROTATION MAINTAINS THE INDEPENDENCE OF THE FACTORS, MEANING THE FACTORS ARE UNCORRELATED. OBLIQUE
ROTATION ALLOWS FOR THE FACTORS TO BE CORRELATED, WHICH MAY BE MORE APPROPRIATE WHEN THE UNDERLYING
CONSTRUCTS ARE THEORETICALLY EXPECTED TO BE RELATED. [HE CHOICE BETWEEN ORTHOGONAL AND OBLIQUE ROTATION
DEPENDS ON THE RESEARCH QUESTION AND THE ASSUMED RELATIONSHIPS BETWEEN THE LATENT VARIABLES. IN R, BOTH TYPES OF
ROTATIONS ARE READILY AVAILABLE AND WIDELY USED.

ORTHOGONAL RoTATION (E.G., VARIMAX)

ORTHOGONAL ROTATION AIMS TO ACHIEVE A SIMPLER FACTOR STRUCTURE WHILE KEEPING THE FACTORS UNCORRELATED. THE
MOST COMMON AND WIDELY USED ORTHOGONAL ROTATION METHOD IS V ARIMAX. THE V ARIMAX CRITERION SEEKS TO MAXIMIZE
THE VARIANCE OF THE SQUARED LOADINGS WITHIN EACH FACTOR, EFFECTIVELY SPREADING THE VARIANCE OF THE OBSERVED
VARIABLES ACROSS THE FACTORS. THIS MEANS THAT FOR EACH FACTOR, A FEW VARIABLES WILL HAVE HIGH LOADINGS, WHILE
MOST WILL HAVE LOW LOADINGS. THIS PROCESS SIMPLIFIES THE INTERPRETATION BY MAKING IT EASIER TO IDENTIFY WHICH
VARIABLES ARE STRONGLY ASSOCIATED WITH EACH FACTOR.

V ARIMAX ROTATION IS PARTICULARLY USEFUL WHEN THE UNDERLYING CONSTRUCTS ARE THEORETICALLY INDEPENDENT OR WHEN
THE RESEARCHER WANTS TO IDENTIFY DISTINCT DIMENSIONS THAT ARE NOT INFLUENCED BY EACH OTHER. IN R, THE 'VARIMAX'
FUNCTION OR OPTIONS WITHIN FACTOR ANALYSIS PACKAGES ALLOW FOR THE DIRECT APPLICATION OF THIS ROTATION. [T IS A
POPULAR CHOICE DUE TO ITS SIMPLICITY AND THE CLEAR-CUT INTERPRETATION IT OFTEN FACILITATES, MAKING IT EASIER TO
LABEL AND UNDERSTAND THE MEANING OF EACH EXTRACTED FACTOR.

OBLIQUE RoTATION (E.G., OBLIMIN, PROMAX)

OBLIQUE ROTATION, IN CONTRAST TO ORTHOGONAL ROTATION, ALLOWS THE FACTORS TO BE CORRELATED. THIS IS OFTEN A
MORE REALISTIC ASSUMPTION IN MANY RESEARCH DOMAINS, AS PSYCHOLOGICAL, SOCIAL, AND ECONOMIC CONSTRUCTS ARE
FREQUENTLY INTERRELATED. OBLIMIN AND PROMAX ARE TWO OF THE MOST COMMON OBLIQUE ROTATION METHODS AV AILABLE
INR. OBLIMIN ROTATION ATTEMPTS TO ACHIEVE A SIMPLE STRUCTURE BY MINIMIZING THE NUMBER OF CROSS-PRODUCT OF
LOADINGS ACROSS FACTORS, ALLOWING FOR FACTOR CORRELATIONS.



PROMAX ROTATION IS A TWO-STEP PROCESS. FIRST, AN ORTHOGONAL ROTATION (TYPICALLY \/ARIMAX) IS PERFORMED. THEN/
THE FACTOR LOADINGS ARE FURTHER TRANSFORMED TO ACHIEVE A SIMPLE STRUCTURE THAT ALLOWS FOR FACTOR
CORRELATIONS, OFTEN BY RAISING THE V ARIMAX LOADINGS TO A POWER. OBLIQUE ROTATION IS GENERALLY PREFERRED WHEN
THERE IS THEORETICAL JUSTIFICATION FOR CORRELATED FACTORS OR WHEN THE OBSERVED CORRELATIONS BETWEEN THE
EXTRACTED FACTORS ARE SUBSTANTIAL. THE OUTPUT OF OBLIQUE ROTATION INCLUDES BOTH THE PATTERN MATRIX (SIMILAR
TO THE LOADINGS FROM ORTHOGONAL ROTATION) AND THE STRUCTURE MATRIX (\X/HICH SHOWS THE CORRELATIONS BET\WEEN
VARIABLES AND FACTORS, INCLUDING INDIRECT RELATIONSHIPS THROUGH CORRELATED FACTORS), AS WELL AS THE FACTOR
CORRELATION MATRIX, PROVIDING A RICHER UNDERSTANDING OF THE FACTOR RELATIONSHIPS.

INTERPRETING FACTOR LOADINGS AND VARIMAX ROTATION

INTERPRETING FACTOR LOADINGS IS THE HEART OF UNDERSTANDING THE RESULTS OF AN EFA. FACTOR LOADINGS REPRESENT THE
CORRELATION BETWEEN EACH OBSERVED VARIABLE AND EACH LATENT FACTOR. IN R, THESE ARE TYPICALLY PRESENTED IN A
FACTOR LOADING MATRIX. A HIGH ABSOLUTE VALUE OF A LOADING (E.G., > 0.30 or 0.40) INDICATES THAT THE VARIABLE IS
STRONGLY ASSOCIATED WITH THAT FACTOR. V ARIABLES WITH HIGH LOADINGS ON A PARTICULAR FACTOR ARE CONSIDERED TO
BE “DEFINING” THAT FACTOR, MEANING THEY ARE MEASURING THE SAME UNDERLYING CONSTRUCT.

\W/HEN USING V ARIMAX ROTATION, THE GOAL IS TO HAVE VARIABLES WITH HIGH LOADINGS ON ONE FACTOR AND LOW
LOADINGS ON ALL OTHER FACTORS. THIS CREATES DISTINCT SETS OF VARIABLES FOR EACH FACTOR, MAKING INTERPRETATION
EASIER. AFTER APPLYING V ARIMAX ROTATION IN R, YOU WOULD EXAMINE THE LOADING MATRIX. FOR EACH FACTOR, YOU
IDENTIFY THE VARIABLES THAT HAVE SUBSTANTIAL POSITIVE OR NEGATIVE LOADINGS. THESE VARIABLES COLLECTIVELY
SUGGEST THE NATURE OF THE UNDERLYING CONSTRUCT THAT THE FACTOR REPRESENTS. FOR EXAMPLE, IF VARIABLES RELATED
To “sATISFACTION,” "ENJOYMENT,” AND “LIKING” ALL HAVE HIGH POSITIVE LOADINGS ON FACTOR 1, YOU MIGHT INTERPRET
FACTOR 1 AS REPRESENTING “PRODUCT SATISFACTION.”

IT'S IMPORTANT TO LOOK AT THE PATTERN OF LOADINGS ACROSS ALL VARIABLES AND ALL FACTORS. A VARIABLE THAT
LOADS STRONGLY ON ONLY ONE FACTOR IS IDEAL. IF A VARIABLE LOADS SUBSTANTIALLY ON MULTIPLE FACTORS (A CROSS-
LOADING)/ IT CAN COMPLICATE INTERPRETATION AND MAY INDICATE THAT THE VARIABLE IS NOT A CLEAN MEASURE OF A SINGLE
CONSTRUCT, OR THAT THE FACTORS ARE NOT SUFFICIENTLY DISTINCT. ADDRESSING CROSS-LOADINGS MIGHT INVOLVE
CONSIDERING A DIFFERENT ROTATION METHOD, RETEVALUATING THE NUMBER OF FACTORS, OR EVEN EXCLUDING THE PROBLEMATIC
VARIABLE FROM FUTURE ANALYSES.

CoMMonLY Useb R PACKAGES For EFA

R’S EXTENSIVE PACKAGE ECOSYSTEM PROVIDES POWERFUL AND FLEXIBLE TOOLS FOR CONDUCTING EXPLORATORY FACTOR
ANALYSIS. SEVERAL PACKAGES ARE SPECIFICALLY DESIGNED FOR OR EXCEL AT MULTIVARIATE STATISTICAL METHODS,
INCLUDING EFA. THESE PACKAGES OFFER VARIOUS EXTRACTION METHODS, ROTATION OPTIONS, AND DIAGNOSTIC TOOLS TO
FACILITATE A THOROUGH ANALYSIS. UTILIZING THESE PACKAGES ENSURES THAT YOU CAN IMPLEMENT STATE-OF-THE-ART
TECHNIQUES EFFICIENTLY AND ACCURATELY WITHIN YOUR R WORKFLOWS.

THE CHOICE OF PACKAGE CAN DEPEND ON THE SPECIFIC FEATURES YOU REQUIRE, SUCH AS THE AVAILABILITY OF CERTAIN
EXTRACTION METHODS, THE EASE OF USE, OR THE QUALITY OF THE OUTPUT AND VISUALIZATION OPTIONS. FAMILIARITY WITH
THESE KEY PACKAGES WILL ENABLE YOU TO PERFORM COMPLEX EFAS WITH CONFIDENCE AND EXTRACT MEANINGFUL INSIGHTS
FROM YOUR DATA. HERE ARE SOME OF THE MOST PROMINENT AND WIDELY USED R PACKAGES FOR EFA:

e psych: THIS IS ARGUABLY ONE OF THE MOST COMPREHENSIVE AND USER-FRIENDLY PACKAGES FOR PSYCHOMETRIC
ANALYSIS, INCLUDING EFA. IT OFFERS A WIDE ARRAY OF FACTOR EXTRACTION METHODS (E.G., 'FA()' FUNCTION
suPPORTS PAF, ML, ETC.), VARIOUS ROTATION OPTIONS (V ARIMAX, PROMAX, OBLIMIN), AND EXCELLENT TOOLS FOR
DATA DIAGNOSTICS, SUCH AS KMO AND BARTLETT'S TEST. THE OUTPUT FROM THE 'PSYCH' PACKAGE IS TYPICALLY
WELL-ORGANIZED AND EASY TO INTERPRET.



e GPArotation: THIS PACKAGE IS SPECIFICALLY DESIGNED FOR FACTOR ROTATION AND PROVIDES A BROAD SELECTION
OF BOTH ORTHOGONAL AND OBLIQUE ROTATION METHODS, INCLUDING \/ARIMAX, PROMAX, OBLIMIN, AND QUARTIMAX.
[T CAN BE USED IN CONJUNCTION WITH OTHER PACKAGES THAT PERFORM FACTOR EXTRACTION, ALLOWING FOR FLEXIBLE
POST-EXTRACTION MANIPULATION OF THE FACTOR SOLUTION.

e lavaan: WHILE PRIMARILY A PACKAGE FOR STRUCTURAL EQUATION MODELING (SEM), 'LAVAAN' ALSO OFFERS
ROBUST CAPABILITIES FOR CONDUCTING CONFIRMATORY FACTOR ANALYSIS (CFA) AND, BY EXTENSION, EXPLORATORY
FACTOR ANALYSIS. IT ALLOWS FOR A HIGH DEGREE OF CUSTOMIZATION IN MODEL SPECIFICATION AND PROVIDES
EXTENSIVE FIT INDICES FOR EVALUATING THE FACTOR MODEL. FOR THOSE FAMILIAR WITH SEM, 'LAVAAN' OFFERS A
POWERFUL AND INTEGRATED APPROACH TO FACTOR ANALYSIS.

o factoextra: THIS PACKAGE IS EXCELLENT FOR VISUALIZING AND EXTRACTING INFORMATION FROM FACTORIAL
ANALYSIS METHODS SUCH AS PCA, MCA, AND FAMD. W/HILE IT DOESN'T PERFORM THE FACTOR EXTRACTION ITSELF, IT
WORKS SEAMLESSLY WITH OTHER PACKAGES TO HELP VISUALIZE THE RESULTS OF EFA | INCLUDING SCREE PLOTS, ELBOW
METHODS, AND FACTOR LOADING PLOTS, AIDING IN THE INTERPRETATION AND DECISION-MAKING PROCESS.

PrRACTICAL ExAMPLE: EFA INR

LET'S WALK THROUGH A PRACTICAL EXAMPLE OF CONDUCTING EXPLORATORY FACTOR ANALYSIS INR. WE WILL USE A
HYPOTHETICAL DATASET AND THE 'PSYCH' PACKAGE, WHICH IS A POPULAR CHOICE FOR ITS EXTENSIVE FEATURES AND USER-
FRIENDLY INTERFACE. IMAGINE WE HAVE COLLECTED DATA FROM 100 PARTICIPANTS ON 10 SURVEY ITEMS DESIGNED TO
MEASURE ASPECTS OF CUSTOMER SATISFACTION. OUR GOAL IS TO IDENTIFY THE UNDERLYING DIMENSIONS OF CUSTOMER
SATISFACTION USING EFA.

FIRST, WE NEED TO LOAD THE 'PSYCH' PACKAGE AND CREATE OR LOAD OUR SAMPLE DATA. FOR DEMONSTRATION PURPOSES,
LET'S ASSUME OUR DATA IS IN A DATA FRAME CALLED \CUSTOMER_DATA\ wITH 100 rows anD 10 COLUMNS, WHERE EACH
COLUMN REPRESENTS A SURVEY ITEM.

library(psych)
Assuming 'customer data' is a data frame with 100 rows and 10 columns

NEXT, WE WILL PERFORM THE EFA. A COMMON STARTING POINT IS TO USE PRINCIPAL AXIS FACTORING (PAF) AND REQUEST
AN APPROPRIATE NUMBER OF FACTORS BASED ON PRELIMINARY ANALYSIS (E.G., KAISER'S CRITERION OR PARALLEL ANALYSIS).
W/E CAN ALSO SPECIFY A ROTATION METHOD, SUCH AS V ARIMAX, FOR INTERPRETABILITY.

Perform EFA using Principal Axis Factoring with Varimax rotation

efa results <- fa(customer _data, nfactors = 3, rotate = "varimax", fm = "pa")

IN THIS COMMAND:

customer_data is our INPUT DATA FRAME.

nfactors = 3 SPECIFIES THAT WE ARE REQUESTING TO EXTRACT 3 FACTORS (THIS NUMBER WOULD TYPICALLY BE
DETERMINED BY PRIOR ANALYSIS LIKE SCREE PLOTS OR PARALLEL ANALYSIS).

rotate = "varimax" ApPLIES THE VARIMAX ORTHOGONAL ROTATION.

o fm = "pa" speciFies PRINCIPAL AXIS FACTORING AS THE EXTRACTION METHOD.



AFTER RUNNING THE ANALYSIS, WE WOULD EXAMINE THE OUTPUT. THE \PRINT()\ FUNCTION CAN BE USED TO DISPLAY THE
RESULTS. KEY COMPONENTS OF THE OUTPUT INCLUDE THE FACTOR LOADINGS MATRIX, EIGENVALUES, AND COMMUNALITIES. THE
FACTOR LOADINGS MATRIX WILL SHOW HOW STRONGLY EACH OF THE ORIGINAL 10 SURVEY ITEMS LOADS ONTO EACH OF THE 3
EXTRACTED FACTORS. WE WOULD THEN INTERPRET THESE LOADINGS TO ASSIGN MEANINGFUL LABELS TO EACH FACTOR.

print(efa results)

THIS OUTPUT WOULD TYPICALLY INCLUDE:

® A SUMMARY OF THE ANALYSIS, INCLUDING THE EXTRACTION METHOD AND ROTATION.
® THE FACTOR LOADING MATRIX, SHOWING THE CORRELATION OF EACH ITEM WITH EACH FACTOR.
o EIGENVALUES FOR EACH FACTOR.

o COMMUNALITY ESTIMATES FOR EACH VARIABLE.

BY CAREFULLY EXAMINING THE FACTOR LOADINGS, IDENTIFYING ITEMS WITH HIGH LOADINGS ON SPECIFIC FACTORS, AND
CONSIDERING THE CONCEPTUAL MEANING OF THESE ITEMS, WE CAN INTERPRET THE UNDERLYING DIMENSIONS OF CUSTOMER
SATISFACTION CAPTURED BY OUR SURVEY. FOR INSTANCE, IF ITEMS RELATED TO SERVICE QUALITY LOAD HIGHLY ON ONE
FACTOR, AND ITEMS RELATED TO PRODUCT FEATURES LOAD HIGHLY ON ANOTHER, AND ITEMS RELATED TO PRICE LOAD HIGHLY
ON A THIRD, WE WOULD INTERPRET THESE AS DISTINCT DIMENSIONS OF CUSTOMER SATISFACTION.

ADVANCED Torics AND CONSIDERATIONS

W/HILE THE CORE PRINCIPLES OF EFA ARE RELATIVELY STRAIGHTFORWARD, THERE ARE SEVERAL ADVANCED TOPICS AND
CONSIDERATIONS THAT CAN SIGNIFICANTLY ENHANCE THE RIGOR AND INTERPRETABILITY OF YOUR ANALYSES IN R. THESE GO
BEYOND THE BASIC STEPS AND ADDRESS NUANCES IN METHODOLOGY, DATA CHARACTERISTICS, AND INTERPRETATION. As you
BECOME MORE PROFICIENT WITH EFA/ EXPLORING THESE AREAS WILL ALLOW YOU TO TACKLE MORE COMPLEX DATASETS AND
DERIVE DEEPER INSIGHTS.

ONE SUCH AREA IS THE ROBUSTNESS OF EFA TO VIOLATIONS OF ITS ASSUMPTIONS, SUCH AS NON-NORMALITY OF DATA.
W/HILE METHODS LIKE MAXIMUM LIKELIHOOD FACTORING ASSUME MULTIVARIATE NORMALITY, OTHER METHODS LIKE PRINCIPAL
AXIS FACTORING ARE LESS SENSITIVE TO THIS ASSUMPTION. ADDITIONALLY, THE IMPACT OF SAMPLE SIZE ON EFA RESULTS IS A
CRUCIAL CONSIDERATION; WHILE GENERAL GUIDELINES EXIST, THE REQUIRED SAMPLE SIZE CAN DEPEND ON THE STRENGTH OF THE
DATA’S FACTORABILITY AND THE NUMBER OF VARIABLES. THE CHOICE BETWEEN ORTHOGONAL AND OBLIQUE ROTATION, AS
DISCUSSED EARLIER, ALSO REPRESENTS AN ADVANCED DECISION BASED ON THEORETICAL CONSIDERATIONS ABOUT THE
CORRELATION BETWEEN LATENT FACTORS.

CoNFIRMATORY FAcTOr ANALYsIs (CFA) vs. EFA

IT'S IMPORTANT TO DISTINGUISH BETWEEN EXPLORATORY FACTOR ANALYSIS (EFA) AND CONFIRMATORY FACTOR ANALYSIS
(CFA). EFA IS USED WHEN THE RESEARCHER HAS LITTLE OR NO PRIOR HYPOTHESIS ABOUT THE FACTOR STRUCTURE OF THE
DATA. THE GOAL IS TO UNCOVER THE UNDERLYING FACTOR STRUCTURE. IN CONTRAST, CFA IS USED WHEN THE RESEARCHER
HAS A SPECIFIC HYPOTHESIS ABOUT THE FACTOR STRUCTURE (E.G., WHICH VARIABLES LOAD ONTO WHICH FACTORS, AND HOW
MANY FACTORS EXIST). CFA AIMS TO TEST WHETHER THE HYPOTHESIZED STRUCTURE FITS THE OBSERVED DATA WELL.

IN R, PACKAGES LIKE 'PSYCH' ARE EXCELLENT FOR EFA, WHILE 'LAVAAN' IS A POWERFUL ToOL FOR CFA. OFTEN, EFA IS USED
IN THE INITIAL STAGES OF RESEARCH TO EXPLORE THE DATA AND DEVELOP A THEORETICAL MODEL, WHICH IS THEN TESTED AND



CONFIRMED USING CFA WITH A NEW DATASET. FAILING TO DISTINGUISH BETWEEN THESE TWO APPROACHES CAN LEAD TO
INAPPROPRIATE ANALYSIS AND INTERPRETATION OF RESULTS. USING EFA TO GUIDE THE SPECIFICATION OF A CFA MODEL ON THE
SAME DATASET CAN LEAD TO INFLATED FIT STATISTICS AND AN OVERESTIMATION OF MODEL SUPPORT (OFTEN REFERRED TO AS
CAPITALIZATION ON CHANCE).

FAcTor Scores AND THEIR USAGE

FACTOR SCORES ARE ESTIMATED VALUES FOR EACH OF THE LATENT FACTORS FOR EACH OBSERVATION. THEY ARE ESSENTIALLY
COMPOSITE SCORES CREATED BY COMBINING THE OBSERVED VARIABLES, WEIGHTED BY THEIR FACTOR LOADINGS. IN R, SEVERAL
METHODS CAN BE USED TO CALCULATE FACTOR SCORES, SUCH AS REGRESSION METHODS, BARTLETT SCORES, OR ANDERSON-
RUBIN SCORES. THE ‘PSYCH' PACKAGE, FOR EXAMPLE, PROVIDES FUNCTIONS TO COMPUTE THESE FACTOR SCORES.

ONCE FACTOR SCORES ARE COMPUTED, THEY CAN BE USED IN SUBSEQUENT ANALYSES, SUCH AS REGRESSION, ANOV A or
CLUSTER ANALYSIS. FOR INSTANCE, YOU COULD USE FACTOR SCORES AS INDEPENDENT VARIABLES IN A REGRESSION MODEL TO
PREDICT AN OUTCOME. HOWEVER, IT IS IMPORTANT TO BE AWARE THAT FACTOR SCORES ARE ESTIMATES AND CONTAIN SOME
DEGREE OF ERROR. THEIR USE IN SUBSEQUENT ANALYSES SHOULD BE CAREFULLY CONSIDERED, AND IT'S OFTEN RECOMMENDED TO
USE METHODS THAT CAN DIRECTLY INCORPORATE THE FACTOR STRUCTURE, SUCH AS STRUCTURAL EQUATION MODELING, WHEN
POSSIBLE.

THE INTERPRETATION OF FACTOR SCORES SHOULD BE CONSISTENT WITH THE INTERPRETATION OF THE FACTORS THEMSELVES. A
HIGH SCORE ON A FACTOR INDICATES THAT THE OBSERVATION IS HIGH ON THE UNDERLYING CONSTRUCT THAT THE FACTOR
REPRESENTS, BASED ON THE WEIGHTED COMBINATION OF THE ORIGINAL VARIABLES.

HANDLING SMALL SAMPLE SIzES

CONDUCTING EXPLORATORY FACTOR ANALYSIS WITH SMALL SAMPLE SIZES CAN BE CHALLENGING AND REQUIRES CAREFUL
CONSIDERATION. WHILE THERE'S NO UNIVERSALLY AGREED-UPON MINIMUM SAMPLE SIZE FOR EFA, COMMON RECOMMENDATIONS
OFTEN SUGGEST A SAMPLE SIZE OF AT LEAST 100-200 PARTICIPANTS. WHEN SAMPLE SIZES ARE SMALL, THE RELIABILITY AND
GENERALIZABILITY OF THE EXTRACTED FACTORS CAN BE COMPROMISED. THE STABILITY OF FACTOR LOADINGS AND THE NUMBER
OF FACTORS IDENTIFIED MAY BE LESS CONSISTENT.

IN R, WHEN DEALING WITH SMALL SAMPLES, IT BECOMES EVEN MORE CRITICAL TO EMPLOY ROBUST METHODOLOGIES AND
DIAGNOSTIC TOOLS. TECHNIQUES LIKE PARALLEL ANALYSIS ARE HIGHLY RECOMMENDED TO ENSURE THAT YOU ARE NOT
EXTRACTING SPURIOUS FACTORS. FOCUSING ON VARIABLES WITH CONSISTENTLY HIGH LOADINGS AND ENSURING THAT THE
EXTRACTED FACTORS HAVE STRONG THEORETICAL COHERENCE CAN ALSO HELP. SOME RESEARCHERS SUGGEST USING
EXTRACTION METHODS THAT ARE MORE ROBUST TO SMALL SAMPLES, OR EMPLOYING TECHNIQUES LIKE BOOTSTRAPPING TO
ASSESS THE STABILITY OF THE FACTOR SOLUTION. IT'S ALSO ADVISABLE TO BE MORE CONSERVATIVE IN INTERPRETING THE
RESULTS AND TO ACKNOWLEDGE THE LIMITATIONS IMPOSED BY THE SAMPLE SIZE.

\W/HEN THE SAMPLE SIZE IS VERY SMALL, IT MIGHT EVEN BE MORE APPROPRIATE TO CONSIDER SIMPLER DATA REDUCTION
TECHNIQUES OR TO DELAY EFA UNTIL A LARGER SAMPLE CAN BE COLLECTED. HOWEVER, IF EFA IS ESSENTIAL, RIGOROUS
APPLICATION OF STATISTICAL CRITERIA AND A CAUTIOUS INTERPRETATION OF THE FACTOR LOADINGS ARE PARAMOUNT.

ULTIMATELY, THE GOAL OF CONDUCTING EXPLORATORY FACTOR ANALYSIS IN R IS TO UNCOVER MEANINGFUL PATTERNS AND
UNDERLYING STRUCTURES WITHIN YOUR DATA. BY FOLLOWING BEST PRACTICES FOR DATA PREPARATION, EMPLOYING
APPROPRIATE EXTRACTION AND ROTATION METHODS, AND CAREFULLY INTERPRETING THE RESULTS, YOU CAN HARNESS THE
POWER OF EFA TO GAIN DEEPER INSIGHTS INTO THE LATENT DIMENSIONS OF YOUR VARIABLES. THE FLEXIBILITY AND RICH
FUNCTIONALITY OFFERED BY R PACKAGES MAKE IT AN INDISPENSABLE TOOL FOR ANY RESEARCHER OR DATA ANALYST ENGAGING
WITH THIS POWERFUL STATISTICAL TECHNIQUE.



FREQUENTLY AskeD QUESTIONS

W/HAT IS EXPLORATORY FACTOR ANALYSIS (EFA) AND WHY IS IT USED IN R?

EXPLORATORY FACTOR ANALYSIS (EFA) IS A STATISTICAL TECHNIQUE USED TO IDENTIFY UNDERLYING LATENT VARIABLES
(FACTORS) THAT EXPLAIN THE CORRELATIONS AMONG A SET OF OBSERVED VARIABLES. IN R, EFA IS FREQUENTLY USED TO
REDUCE DIMENSIONALITY, UNDERSTAND THE STRUCTURE OF SURVEY DATA, DEVELOP SCALES, OR EXPLORE THE RELATIONSHIPS
BETWEEN CONSTRUCTS WHEN THE UNDERLYING STRUCTURE IS NOT YET WELL-DEFINED.

W/HAT ARE THE KEY R PACKAGES FOR CONDUCTING EFA?P

THE PRIMARY R PACKAGE FOR CONDUCTING EFA 1S ‘PSYCH'. IT OFFERS COMPREHENSIVE FUNCTIONS FOR FACTOR ANALYSIS,
INCLUDING DIFFERENT ROTATION METHODS, EXTRACTION METHODS, AND VARIOUS DIAGNOSTIC TOOLS. OTHER USEFUL PACKAGES
INCLUDE 'LAVAAN’ FOR STRUCTURAL EQUATION MODELING (\X/HICH CAN ENCOMPASS EFA) AND ‘NFACTORS' FOR DETERMINING
THE NUMBER OF FACTORS.

\WHAT ARE THE COMMON FACTOR EXTRACTION METHODS AVAILABLE IN R FOR EFA?P

COMMON FACTOR EXTRACTION METHODS AVAILABLE IN R INCLUDE PRINCIPAL Axis FACTORING (PAF), MAXIMUM LIKELIHOOD
(ML), MiniMum ResibuAL (Minges), AND PrINCIPAL CoMPONENT ANALYSIS (PCA) (THouGH PCA IS TECHNICALLY A DATA
REDUCTION TECHNIQUE, IT'S OFTEN USED SIMILARLY TO EFA IN EXPLORATORY CONTEXTS). THE 'PSYCH' PACKAGE ALLOWS
YOU TO SPECIFY THESE METHODS USING ARGUMENTS LIKE 'FM="PA"" FOR PAF or 'FM="ML"' ForR ML.

How Do | DETERMINE THE OPTIMAL NUMBER OF FACTORS IN EFA USING R?

SEVERAL METHODS CAN BE USED IN R TO DETERMINE THE OPTIMAL NUMBER OF FACTORS. THESE INCLUDE:

1. Scree PLoT: VISUALIZE EIGENVALUES FROM THE ‘FA()' FUNCTION IN ‘PSYCH' AND LOOK FOR AN ‘ELBOW'.

2. PARALLEL ANALYSIS: COMPARE EIGENVALUES FROM YOUR DATA TO THOSE FROM RANDOM DATA (OFTEN IMPLEMENTED IN
‘FA.PARALLEL()" IN ‘PSYCH').

3. Kaiser CRITERION: RETAIN FACTORS WITH EIGENVALUES GREATER THAN 1 (USE WITH CAUTION).

4. VELICER'S MINIMUM AVERAGE PARTIAL (MAP) TEST: ASSESSES THE AVERAGE PARTIAL CORRELATION OF THE SMALLEST
EIGENVALUE (AVAILABLE IN ‘PSYCH').

\YWHAT ARE FACTOR ROTATION METHODS IN EFA AND WHY ARE THEY IMPORTANT IN R?

FACTOR ROTATION METHODS AIM TO SIMPLIFY THE FACTOR STRUCTURE BY ROTATING THE FACTOR LOADINGS TO IMPROVE
INTERPRETABILITY. IN R, COMMON ORTHOGONAL ROTATIONS INCLUDE ‘VARIMAX' AND IPROCRUSTESI, WHILE COMMON OBLIQUE
ROTATIONS INCLUDE IOBLIMIN/, IPROMAX,, AND ,EQUAMAXI. THE CHOICE DEPENDS ON WHETHER YOU HYPOTHESIZE FACTORS TO
BE INDEPENDENT OR CORRELATED. Y OU SPECIFY THESE IN R USING THE 'ROTATE' ARGUMENT IN FUNCTIONS LIKE \FA<)\.

How DO | INTERPRET FACTOR LOADINGS AND COMMUNALITIES AFTER RUNNING AN EFA IN
R?

AFTER RUNNING AN EFA INR (E.G., USING 'FA()"), YOU'LL GET A TABLE OF FACTOR LOADINGS. LOADINGS REPRESENT THE
CORRELATION BETWEEN AN OBSERVED VARIABLE AND A LATENT FACTOR. HIGHER ABSOLUTE VALUES INDICATE A STRONGER
RELATIONSHIP. COMMUNALITIES (H?) ESTIMATE THE PROPORTION OF VARIANCE IN AN OBSERVED VARIABLE EXPLAINED BY THE
EXTRACTED FACTORS. YOU'LL TYPICALLY LOOK FOR VARIABLES LOADING STRONGLY ON ONE FACTOR AND WEAKLY ON OTHERS
FOR CLEAR INTERPRETATION. THE OUTPUT OF 'FA()' PROVIDES THESE VALUES DIRECTLY.

\WHAT ARE THE ASSUMPTIONS OF EFA AND HOW CAN | CHECK THEM IN R?

Key ASSUMPTIONS OF EFA INCLUDE:
1. LINEARITY: RELATIONSHIPS BETWEEN VARIABLES ARE LINEAR (CAN BE CHECKED VISUALLY WITH SCATTERPLOTS).
2. MULTIVARIATE NORMALITY: V ARIABLES ARE MULTIVARIATE NORMALLY DISTRIBUTED (TESTS LIKE MARDIA'S TEST,



POTENTIALLY IN PACKAGES Like ‘MVN").

3. No MULTICOLLINEARITY: V ARIABLES ARE NOT PERFECTLY MULTICOLLINEAR (CHECK CORRELATION MATRICES FOR VALUES
cLose To 1).

4. SUFFICIENT CORRELATION: THERE ARE MODERATE CORRELATIONS AMONG VARIABLES (BARTLETT'S TEST OF SPHERICITY,
OFTEN PROVIDED IN EFA oUTPUT, AND THE KAISER-MEYER-OLkIN (KMO) MEASURE OF SAMPLING ADEQUACY, ALSO IN EFA
OUTPUT, ARE USED TO ASSESS THIS).

ADDITIONAL RESOURCES

HERE ARE @ BOOK TITLES RELATED TO EXPLORATORY FACTOR ANALYSIS IN R/ EACH STARTING WITH AND FOLLOWED BY A
SHORT DESCRIPTION:

1. EXPLORATORY FACTOR ANALYSIS WITH R

THIS COMPREHENSIVE GUIDE PROVIDES A THOROUGH INTRODUCTION TO EXPLORATORY FACTOR ANALYSIS (EFA) SPECIFICALLY
TAILORED FOR USERS OF THE R STATISTICAL SOFTWARE. |T COVERS THE THEORETICAL UNDERPINNINGS OF EFA, PRACTICAL
IMPLEMENTATION OF VARIOUS EXTRACTION METHODS, AND CRUCIAL STEPS FOR INTERPRETING AND REPORTING THE RESULTS. THE
BOOK EMPHASIZES HANDS-ON EXAMPLES USING REAL-WORLD DATASETS AND R PACKAGES, MAKING IT AN IDEAL RESOURCE FOR
STUDENTS AND RESEARCHERS ALIKE.

2. DiIscoVERING LATENT STRUCTURES: FACTOR ANALYSIS IN R

THIS BOOK DELVES INTO THE PROCESS OF UNCOVERING UNDERL YING LATENT VARIABLES THROUGH FACTOR ANALYSIS, WITH A
STRONG FOCUS ON ITS APPLICATION WITHIN THE R ENVIRONMENT. [T METICULOUSLY EXPLAINS DIFFERENT FACTOR ANALYSIS
TECHNIQUES, INCLUDING PRINCIPAL COMPONENT ANAL YSIS (PCA) AND COMMON FACTOR ANALYSIS, ALONG WITH STRATEGIES
FOR DIMENSIONALITY REDUCTION. READERS WILL LEARN HOW TO EFFECTIVELY USE R TO CONDUCT ROBUST FACTOR ANAL YSES
AND VISUALIZE THE RESUL TING FACTOR STRUCTURES.

3. APPLIED MULTIVARIATE STATISTICS IN R: FACTOR ANALYSIS AND BEYOND

WHILE COVERING A BROADER SPECTRUM OF MUL TIVARIATE TECHNIQUES, THIS TEXT DEDICATES SIGNIFICANT ATTENTION TO
EXPLORATORY FACTOR ANALYSIS, SHOWCASING ITS INTEGRATION WITHIN THE R ECOSYSTEM. IT BALANCES THEORETICAL
CONCEPTS WITH PRACTICAL APPLICATION, GUIDING READERS THROUGH THE ENTIRE PROCESS FROM DATA PREPARATION TO
ADVANCED INTERPRETATION OF FACTOR SOLUTIONS. THE BOOK IS WELL-SUITED FOR THOSE WHO WANT TO UNDERSTAND
FACTOR ANALYSIS WITHIN THE CONTEXT OF OTHER MUL TIVARIATE METHODS AVAILABLE IN R.

4. R For DATA SclencE: UNVEILING HIDDEN PATTERNS WiITH FACTOR ANALYSIS

THIS ACCESSIBLE RESOURCE USES THE POWER OF R TO EXPLORE DATA AND IDENTIFY UNDERL YING PATTERNS, WITH A SPECIFIC
CHAPTER DEDICATED TO EXPLORATORY FACTOR ANALYSIS. |T EMPHASIZES A DATA-DRIVEN APPROACH, DEMONSTRATING HOW
TO EFFECTIVELY APPLY EFA TO SIMPLIFY COMPLEX DATASETS AND IDENTIFY KEY CONSTRUCTS. THE BOOK IS DESIGNED FOR A
WIDE AUDIENCE, FROM BEGINNERS TO INTERMEDIATE USERS OF R, WHO WISH TO GAIN PRACTICAL SKILLS IN FACTOR ANALYSIS.

5. STATISTICAL MODELING IN R: EXPLORING FACTOR MODELS

THIS BOOK OFFERS A DEEP DIVE INTO VARIOUS STATISTICAL MODELING TECHNIQUES AVAILABLE INR, WITH A SIGNIFICANT
PORTION DEDICATED TO FACTOR ANALYSIS. |T METICULOUSLY EXPLAINS THE STATISTICAL ASSUMPTIONS, MODEL FITTING
PROCEDURES, AND EVALUATION METRICS RELEVANT TO EFA. THE TEXT PROVIDES CLEAR R CODE EXAMPLES AND DETAILED
INTERPRETATIONS, ENABLING READERS TO CONFIDENTLY CONDUCT AND UNDERSTAND FACTOR ANAL YSES.

6. INTERPRETING MULTIVARIATE DATA WITH R: A FACTOR ANALYSIS APPROACH

THIS VOLUME FOCUSES ON THE INTERPRETATION OF MUL TIVARIATE DATA THROUGH THE LENS OF EXPLORATORY FACTOR
ANALYSIS, UTILIZING R FOR ITS PRACTICAL IMPLEMENTATION. IT GUIDES READERS ON HOW TO SELECT APPROPRIATE FACTOR
EXTRACTION AND ROTATION METHODS, ASSESS THE GOODNESS-OF~FIT, AND INTERPRET THE MEANING OF IDENTIFIED FACTORS.
THE BOOK EMPHASIZES THE IMPORTANCE OF CONCEPTUAL UNDERSTANDING ALONGSIDE COMPUTATIONAL SKILLS IN R.

/. DATA MINING AND EXPLORATORY FACTOR ANALYSIS IN R

THIS BOOK BRIDGES THE GAP BETWEEN DATA MINING TECHNIQUES AND EXPLORATORY FACTOR ANALYSIS, SHOWCASING HOW R
CAN BE USED FOR BOTH. IT EXPLORES HOW EFA CAN BE EMPLOYED AS A POWERFUL TOOL FOR DIMENSIONALITY REDUCTION AND
FEATURE EXTRACTION IN THE CONTEXT OF DATA MINING. READERS WILL LEARN TO LEVERAGE R'S CAPABILITIES TO UNCOVER
LATENT FACTORS AND IMPROVE THE EFFICIENCY OF THEIR DATA MINING MODELS.

8. PsycCHOMETRIC MODELING IN R: FACTOR ANALYSIS FOR MEASUREMENT



TARGETING RESEARCHERS IN PSYCHOLOGY AND RELATED FIELDS, THIS BOOK FOCUSES ON THE APPLICATION OF EXPLORATORY
FACTOR ANALYSIS IN PSYCHOMETRIC MEASUREMENT USING R. |T COVERS THE FOUNDATIONAL PRINCIPLES OF PSYCHOMETRICS
AND DEMONSTRATES HOW TO USE EFA TO DEVELOP AND VALIDATE SCALES AND QUESTIONNAIRES. THE TEXT PROVIDES
PRACTICAL GUIDANCE ON COMMON ISSUES IN SCALE DEVELOPMENT AND FACTOR ANALYSIS WITHIN R.

9. MASTERING EXPLORATORY FACTOR ANALYSIS IN R: A PRACTICAL HANDBOOK

THIS HANDS-ON GUIDE SERVES AS A PRACTICAL HANDBOOK FOR MASTERING EXPLORATORY FACTOR ANALYSIS USING R. IT
BREAKS DOWN THE EFA PROCESS INTO MANAGEABLE STEPS, PROVIDING CLEAR INSTRUCTIONS AND ILLUSTRATIVE EXAMPLES FOR
EACH STAGE. THE BOOK EMPHASIZES BEST PRACTICES, COMMON PITFALLS TO AVOID, AND STRATEGIES FOR ROBUST

INTERPRETATION OF FACTOR SOLUTIONS IN R.
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