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Component Analysis

e Aim:

— Summarize large number of variables into much
smaller number of components, while retaining as
much as possible of the variation present in the
variables

* Use in Psychology:

— data reduction: reduce set of items to smaller set of

more reliable measures

— identifying different dimensions
(e.g., of personality traits, impulsive behavior)

Principal Component Analysis (PCA):
Frequency of use

Review of articles in Personality and Social Psychology Bulletin
in 1996, 1998, 2000 (Russell, 2002):

156 Factor Analyses (FA)
19 Confirmatory FA
137 Exploratory FA

Principal Component Analysis

X (IxJ): observed scores of / subjects on J variables
Z: standardized scores of X, n'1Z'Z=R

Principal Components (PCs):
standardized linear combinations of Z
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Interpreting PCs
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Effects of Rotation

¢ Rotation

— does not alter total explained variance:

Z =FA'
Z=FT(THA'
— alters explained variance per component:

no longer PCs
« information on nature of dominant dimensions is lost

Aims of Rotation

« offer better interpretable components:
simple structure (Thurstone, 1947)
— using rotation criterion,
e.g., Varimax, Orthomax, Oblimin, ...
* enable optimal comparison to other loading
pattern (hypothesized, previous research, ...)
— using Procrustes rotation




Orthogonal/oblique rotation
F=FT Z=FT(T"HA'
* Orthogonal rotation: T orthonormal

— rotated components still uncorrelated

— rotated loadings still correlations between variables and
components

* Oblique rotation: T non-singular
— rotated components correlated

— rotated loadings no longer correlations between variables and
components

« structure matrix S: correlations between variables and
components

« pattern matrix P: weights to estimate Z from FT

Use of Oblique rotation

* ‘Artificial’ orthogonality:
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How many PCs to retain?
* Interpretability
* Cattell’s Scree plot

— Balancing explained variance and number of
components

1 2 a3 4 5 6
PC number

» Kaiser’s eigenvalue-over-one criterion

— only those PCs that explain more variance than each
observed variable in Z

Inference in PCA

* Personality research
— Individuals scoring a series of adjectives
— Single individual repeatedly scores a series of adjectives for
one month, on a daily basis
¢ Parameters of interest:
Loadings, but what are the population loadings?
— A. Principal Component loadings
— B. Procrustes rotated loadings to external structure
— C. Loadings after rotation to simple structure using
particular, prespecified criterion

— D. Rotation to ‘best interpretable simple structure’, no
prespecified criterion

Confidence intervals in PCA

* Based on distributional results
— mostly asymptotic
— often assuming multivariate normality

— only for PC loadings, and rotated loadings using
prespecified criterion

* Bootstrap confidence intervals
— for all four types of population loadings

* Bootstrap favorite (Timmerman, Kiers & Smilde, 2007)
— much more flexible

— more efficient 17

Should we have used
Common Factor Analysis (CFA)?
* Use [of PCA] in Psychology:

— identifying different dimensions
(e.g., of personality traits, impulsive behavior)
¢ Latent traits, reflective models?




PCA

z=Af+e

CFA
z=Pn +Un,

VErsus

* CFA population — CFA parameter estimates

z=Pn+Un,

* ‘PCA population’ — PCA parameter estimates

z=Af+e
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e ‘PCA population’ — CFA parameter estimates
z=Af+e z=Pn +Un,

— CFA Parameter estimates?!
Depend on number of estimated factors and
estimation procedure
(e.g., Maximum Likelihood FA, Minres)

 non-perfect model fit
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* CFA population — PCA parameters
z=Pn +Un, z=Af+e

— PCA loadings upwards biased @.o. Widaman, 1993)

* Bias reduces with p
— increasing communalities p

— increasing number of variables per factor
* Example: simple structure P= P
0
0
0

TN T o o o

1
0.8 -~ |
~
o S~
- i b Ty
S 06 R i ) .
o
S oal ‘@ rrrnnna. @ nnan |
e, LT
=—e— CFA loading=1.0 :
0.2} = @ = CFA loading=0.60
*+@+ CFA loading=0.20
0 ‘ : : ‘ | ‘
. : : 12 15 20

Number of variables per factor
Based on Widaman (2007) 54

PCA versus CFA in practice

¢ Effects of model error

— presence of minor factors

Zszajor nc ,major +Pminornc,minor +Unu

— violations of distributional assumptions
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« Effects of sample size

— Recovery of population pattern with PCA and
MLFA (From: Velicer & Fava, 1998)
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Generalizations of PCA
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. . grand between within
Multilevel Component Analysis mean part part
(MLCA; Timmerman, Kiers and others, 2003, 2006, 2008, in press) _ _
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grand | [between | [within par MLCA to unravel trait and state effects

mean rt model i

- _pa mode model residuals e between model

m fib — major dimensions of interindividual differences
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MLCA to unravel trait and state effects

Between and within loading matrices

. . Within (Fit: 23.2)
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MLCA to unravel effects resulting
Within-component scores across time: Introversion . .
from an experimental design
g (Timmerman, Kiers, Smilde, Ceulemans & Stouten, in press)
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Redundancy analysis
(RDA = external PCA)

¢ RDA: Component Analysis with regression

— Find Components that optimally predict a set of
dependent variables

* Effects of insecticide in ditches on
invertebrate community?
—4 dose levels (0 pg/L to 44 pg/L),
with 2-4 replicates per level
— Samples taken at -4 up to 24 weeks post-

* Principal Response Curve Analysis o Tt
(Ter Braak, Van den Brink, Timmerman)
— Special type of RDA,
to summarize variation in longitudinal data
resulting from experimental design
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Cloeon dipterum

Species weight

e

Bithynia tentaculata
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Component analysis

* Flexible Approach to Summarize Data
* Weak modeling, mild assumptions
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