
Lecture 4 - Principal Component Analysis & Exploratory 
Factor Analysis 
 

Associations among variables 
  Description Underlying 

association 

Cluster analysis 1. Places variables in groups organised hierarchically 
2. Each variable is in 1 cluster 

Proximities 

Multidimensional 
scaling 

1. Shows relationship among variables by spatial 
configuration 

Proximities 

Principal 
component  

1. Combines variables into weighted components to 
simplify analysis 

2. Finding optimal linear transformation 

Correlations 

Factor analysis 1. Shows relationships among variables by 
relationships to hypothetical underlying factors or 
latent variables 

2. Assume that there are latent factors that are not 
directly observed that explain association 

Correlations 

1. PCA vs EFA differences 
  PCA EFA 

Nature Linear combinations of 
observed variables 

Theoretical entities  of 
latent variables 

Error explicitly modelled ✘  ✔  

Loading changed if another is 
PC/factor is added/removed 

✘  ✔ 

Theoretical modelling, can test 
fit of model 

✘  ✔ 

Fragment variability into 
common & unique parts 

✘  ✔ 

Algorithm Single canonical, always 
work 

Many, some may not 
work with data 

Reason of difference Value of 1.0 used Diagonal element is 
communality 

Aim Explain all variance of the 
variance 

Explain only common 
variance of an element 

2. PCA vs EFA similarities 
a. General form 
b. Deliver similar result 
c. Suggesting underlying traits 

Principal component 
1. Concept 

a. Find PC to simplify data 
i. Chosen one by one 

ii. Maximise variance not yet accounted for 



iii. Not correlated with each other 
iv. First PC explains the largest proportion of variance 

b. Mathematical technique  
i. Based on matrix algebra 

ii. Not statistical 
iii. Eigenvalues derived from correlation matrix of variables 

2. Determining number of factors 
a. Kaiser-Guttman rule 

i. Number of eigenvalues > 1.0 
ii. Inaccurate 

b. Scree plot 

 
c. Parallel test 

i. Use random data as baseline to decide how many eigenvalues to extract 
ii. Clear decision overcome subjectivity 

iii. Raw data > 95th percentile of random data 

 
d. MAP (Minimum Average partial Correlation) test 



 

 
Component/factor loading 

1. Y = a × X 
a. Y = component score 
b. a = component matrix 
c. X = original variable 

2. Rotation 
a. Rotate components to get a simpler structure 
b. Orthogonal 

i. Component/factors uncorrelated 
ii. Types 

1. Quartimax - simplify variable patterns of loading 
2. Varimax - simplify factor pattern of loadings 
3. Equmax - simplify variable & factor pattern simplication 

c. Oblique 
i. Component/factors correlated 

ii. Offer control over correlation 
iii. Types 

1. Direct Oblimin - delta (-0.8-0.8) 



2. Promax - kappa (≥1) 
Exploratory factor analysis 

1. Common factor model 

 
a. Assumptions 

i. Common factors are standardised 
ii. Common factors are uncorrelated 

iii. Specific factors are uncorrelated 
iv. Common factors are uncorrelated with specific factors 

2. Partial correlation 
a. A = Correlation between specific factor 1 & specific factor 2 
b. B = Correlation between specific factor 1 & common factor 
c. C = Correlation between specific factor 2 & common factor 
d. Aim: B+C = A → common factor fully explain correlation between specific factor 1 & 2 

3. Sample size 
a. Ratio of variable to sample size not important 
b. Absolute sample size more important 
c. Communalities also important 
d. Number of variables per factor less important 
e. Ideal EFA with enough sample size 

i. High communalities for each item 
1. >0.8 = excellent 
2. 0.4-0.7 = more common 
3. <0.4 = dropped 

ii. Few cross loadings 
1. Not many items load more than 0.32 on more than 1 factor 

iii. More than 3 strongly loading items per factor 
4. Communality 

a. Variance due to common factors 
b. Only known after finding factor loadings 

5. Prior diagnostics 
a. Bartlett's test  

i. Whether correlation = 0 
ii. ↓ Correlation = ↓ Factor loading 

b. Guttman-Kaiser Image Approach 
i. Image correlation 

1. Correlations due to common parts 
ii. Anti-image correlation matrix 

1. Correlation due to unique parts 
c. Kaiser's measure of sampling adequacy (MSA) 
d. Output 



 
i. Diagonal - MSA value for variable 

1. As close to 1 as possible 
2. <.05 = unacceptable 

ii. Off-diagonals - Anti-image correlations  
1. As close to 0 as possible 

 
i. Kaiser's MSA 

ii. Bartlett's Test 
6. Methods 

a. Maximum likelihood 
b. Principal axis factoring 

7. Heywoods cases 
a. Factor loading = 0.999 

i. Loading is 1.00 
ii. No unique variance 

b. Problem → Discard 
c. May arise because too many factors are extracted 

8. Factor scores 
a. Form sum of scores for items that load on factor 

i. Assume equal weights for each item 
ii. Underpins test theory for reliability 

iii. Basis for coefficient alpha reliability 
iv. Not true = alpha a serious underestimate 

b. Congeneric tests = assumption of varying factor loadings 
c. Method 

i. Regression 
ii. Bartlett (maximum-likelihood / weighted least squares) 

1. Recommended 
iii. Anderson-Rubin 

1. Misleading for oblique solutions 
 


