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PCA and FA are appropriate when dealing with large amounts of data, as they have a high 
power of data reduction and facilitate the design of aggregated variables. They analyse the 
interrelations among a large list of indicators in order to understand their underlying 
structure, making it possible to reduce it to a small number of aggregated variables.

When do we use PCA or FA?

They are also used...They are also used...

• to gain insights by understanding the underlying structure 
(e.g. explore patterns or dimensions in the data)

• to address redundancy 
(e.g. reducing a large number of correlated variables, clustering variables or selecting one to represent many)

• for validation and reliability evaluation in scale construction
(e.g. convergence, discriminant, internal consistency)

• to measure unobserved variables or conceptual constructs
(e.g. dealing with measurement error, goodness-of-fit)

• to be included in more complex models 
(e.g. regression analysis or multiple structural equation)

More than only  add-hoc aggregation procedure ! More than only  add-hoc aggregation procedure ! 



Aims of this session...

• Present an introduction to these multivariate techniques.

• Review how they have been used – particularly in the capability 
approach (e.g. for the design of synthetic indices, definition of weights, 
selection of dimensions/indicators, or as a way to deal with issues of 
measurement error).

• Discuss their strengths and weaknesses.

• Help you in the decision making process of your own research.

… avoid bad practices



Overview of the session

Pr incipal Component
Analysis

Essentially a data reduction technique, it does not
assume the existence of an underlying variable

Factor  Analysis More theoretically grounded, it is used to measure
latent variables (underlying variables)

� Exploratory FA Patterns in the covariance matrix 
(number of dimensions, redundancy, etc.)

� Confirmatory FA Test hypothesis and assesses Goodness-of-fit 
of a theoretical model

Other  methods Multiple Correspondence Analysis; 
Cluster Analysis, Multidimensional Scalling

















Factor Analysis

• While Principal Component Analysis uses all the variance, Factor Analysis 
considers only the common variance among the indicators. 

• In computing them, each indicator is explicitly considered to contain a certain 
degree of measurement error, contributing only partially to each factor.

•Factor analysis is considered to be more theoretically grounded, and more 
appropriate for understanding the factor structure.

•When used in the capability approach, well-being, or the set of functionings, is 
conceptualized as a latent variable or as a factor underlying a large list of 
indicators.









Factor  Extraction
• Principal Component (not a Factor analysis extraction!)
• Principal factoring: pf (recommended) or  ipf
• Maximum likelihood: assumes multivariate normality, but providesgoodness-of-fit evaluation

Factor  Selection
• Determine appropriate number based on Eigenvalue, Screeplot, parallel analysis, goodness-of-fit

Factor  Rotation
• Rotate the solution to obtain a simple structure: varimax (orthogonal) or promax (oblique)

Interpret Factors and Evaluate Quality of Solution
• Meaningfulness and interpretability
• Eliminate poorly defined factors
• Eliminate poorly behaved items (high loading in more than one factor, small loading in all)

Re-run and (ideally) Replicate the Factor  Analysis
• If indicator or factor dropped, re-run the EFA
• Replicate the final EFA
• Consider further replications/extensions of the factor solution (i.e. CFA models, measurement 

invariance)

Fundamental Steps and Procedural Recommendations for EFA
(See details in: Brown 2006 The Common Factor Model and EFA)
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Monitoring Inequality
between social group
(Roche 2008)

Monitoring InequalityMonitoring Inequality
between social groupbetween social group
(Roche 2008)(Roche 2008)

Venezuela

Household Survey (2001)
Census (‘71, ‘81, ‘90, 2001)

Housing conditions 
(the capability of ‘being well sheltered’)

Focus:

Context:

Data:

Sewage system

Water

Electricity

Fuel

Housing Overcrowding Index

Selected Indicators

Floors

Roofs

Walls



How many factors to retain?

Rule of thumb:

• Eigenvalue> 1
• Inflexion in the screeplot (an additional factor does not 

contribute significantly more)
• % variance explained
• Can we interpret it?

(The eigenvalue is roughly the amount of variance 
in the data describe by the factor)









Housing 
Adequacy
Housing 

Adequacy

Space 
and Density

Space 
and Density

StructureStructure

ServicesServices

Sewage systemSewage system

WaterWater

ElectricityElectricity

FuelFuel

FloorsFloors

Housing 
Overcrowding  Index

Housing 
Overcrowding  Index

RoofRoof

WallWall

HAI  =1/ 3(X1+ X 2 + X 3 + X 4) +1/ 3(X 5 + X 6 + X 7) +1/ 3(X 8)

Perhaps an analysis on housing adequacy should observe these different levels,
and not just focus on an overall housing adequacy.







Psychometric scales measures theoretical constructs (i.e. meaning of life, autonomy) using 
multiple items. Multiple-item scales are generally more reliable than single-item scales. The 
measurement theory behind is that items contains a ‘true’ component and a ‘noise’
component (measurement error). The proportion uncorrelated with the underlying 
component is interpreted as measurement error (see: Treiman 2009). 

Psychometric Evaluation of Subjective Scales

External 
regulation

i1

i2

i3

e

e

e

Observed
variables

Unobserved
Variable

Measurement
Error

2 4 -2

7 4 3

1 4 -3

5 4 1

3.75 4 - 0.25

Items Theoretical
Construct

Error

The errors cancel each other up!

(Provided that they are uncorrelated)



- Examine internal consistency  (Kendal Tau b correlations)

- Examine reliability based  (Cronbach’s alpha)

Psychometric Evaluation of Subjective Scales

Other tests: inter-rater reliability (different person), 
test-retest reliability (multiple administrations), Inter-method reliability 

- Examine the convergent and discriminant validity (Exploratory Factor Analysis)

- Test for Goodness-of-fit of the final scales (Confirmatory Factor Analysis)

� =  
1+   (N – 1)

N r

N: number of items

r

r : average correlation among items
(Treiman 2009)



Evaluating Validity and Reliability of Scales
Psychological Well-being Scales (OPHI module)

Meaning of Life
mv3_a My life has a clear meaning or purpose
mv3_b I have found a satisfactory meaning in life
mv3_c I have a clear sense of what gives meaning to my life

Autonomy
mv4_a I feel free to decide for myself how to lead my life
mv4_b I generally feel free to express my ideas and opinions
mv4_c I feel like I can pretty much be honest with myself in daily situations

Competence
mv5_a People I know tell me I am competent/capable at what I do
mv5_b Most of the time I feel a sense of accomplishment from what I do
mv5_c I generally feel very capable

Relatedness
mv6_a I get along well with people I come into contact with
mv6_b I consider myself close to the people I regularly interact with
mv6_c People in my life care about me



Factor  

1 2 3 4 

mv3_a My life has a clear meaning or purpose .759    

mv3_b I have found a satisfactory meaning in life .920    

mv3_c I have a clear sense of what gives meaning to my life .780    

mv4_a I feel free to decide for myself how to lead my life    .659 

mv4_b I generally feel free to express my ideas and opinions    .974 

mv4_c I feel like I can pretty much be honest with myself in daily situations    .632 

mv5_a People I know tell me I am competent/capable at what I do  .740   

mv5_b Most of the time I feel a sense of accomplishment from what I do  .843   

mv5_c I generally feel very capable  .820   

mv6_a I get along well with people I come into contact with   .638  

mv6_b I consider myself close to the people I regularly interact with   .928  

mv6_c People in my life care about me   .641  

Chronbach’s Alpha .878 .845 .859 .809 

 
Note: Only items with a loading higher than .300

Convergent and discriminant Validity



Confirmatory Factor Analysis

X2(48)=231.41, p=.000, RMR=.013, RMSEA=.045, CFI=.986, TLI=.981






