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Overview of the session
These statistical techniques 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.

Not only for data reduction, they are also used...
•

to measure unobserved variables or conceptual constructs

•

to gain insights by understanding the underlying structure
(e.g. number of dimensions)

•

to design indices (e.g. aggregating variables, dealing with
measurement error, checking internal consistency)

•

to address redundancy (reducing a large number of
correlated variables, clustering variables or cases, selecting
one variable to represent many)

•

to be used in further analysis (e.g. regression analysis)

Overview of the session
Principal 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
 Confirmatory FA

Multiple Correspondence
Analysis

Cluster Analysis

Finds covariance structure in the data (number of
dimensions)
Estimates the parameters and assesses
goodness fit of a theoretical model

It does not assume cardinality in the initial indicators,
it is based on simultaneous correspondence analysis
between categorical data

Cluster similar cases or variables based on a proximity
matrix of entropy distance

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.
...on Wednesday: practical session

Principal Component Analysis
•

It is essentially a data reduction technique, that is used to aggregate a set of
correlated indicators into a synthetic index.

•

The principal component is a linear combination of the indicators which better
reproduce the observe variance.

•

As a result the weighting structure is directly derived from the data, based on the
covariance matrix.

•

It is a generalization of Factor Analysis but it does not assume the existence of an
underlying variable.

•

It is considered to be a more appropriate solution for data reduction partly
because it uses the total variance instead of only the common or shared variance
between the indicators.

•

Under certain circumstances it can produce the same results as Factor Analysis
(c.f. Krishnakumar and Nagar 2007)

When to use it?
•

When there are not theoretical grounds on which to choose one’s own weights

•

When we want to adopt the first Principal Component itself as a new variable to
be used in a multiple regression analysis

Examples...
Wealth index (Rustein and Johnston 2004)
A composite measure of the cumulative living standard of a household
currently used in the DHS and MICS

How is it measured?


Based on a set of assets and services assessed in the surveys
(e.g. Type of flooring, Refrigerator, Water supply, Type of vehicle, Sanitation facilities,
Persons per sleeping room, Electricity, Ownership of agricultural land, Radio, Domestic
servant, Television, Telephone)



Each household asset and service for which information is collected is
assigned a weight or factor score generated through principal components
analysis.



The first component of a PCA is interpreted as a continuous scale of relative
wealth. The standardized scores are then used to create the break points that
define wealth quintiles as: Lowest, Second, Middle, Fourth, and Highest.



The Wealth Index is used as a background characteristic when analysing
health status, or child rights.

Measuring Non-economic
Well-being Achievement
(MCGILLIVRAY, M. 2005)

Examples...

Measuring Non-economic
Well-being Achievement

Examples...

(MCGILLIVRAY, M. 2005)

“W i captures that maximum obtainable information from the X i,k subject to an
appropriate condition. This is achieved by choosing the Φk that maximize the variance
of Wi subject to a normalization condition. Φk are therefore obtained by principal
components analysis, with Wi being the first principal component extracted’ p. 339

Measuring Non-economic
Well-being Achievement
(MCGILLIVRAY, M. 2005)

µi extracts the information
not predicted by
economic well-being

Examples...

Measuring Non-economic
Well-being Achievement

Examples...

(MCGILLIVRAY, M. 2005)

15 countries with the
highest residual

15 countries with the
lowest residual

PCA examples...
Measure of deprivation (Klasen 2000)
Comparing a standard expenditure-based poverty measure with a specifically
created composite measure of deprivation using the household survey data
from South Africa.

Variables and weights according to the PCA
Expenditure quintile

0.36

Advantage

Fuel

0.35

Sanitation

0.34

Durable goods

0.34

Water

0.33

‘It uncovers empirically the commonalities
between the individual components and
bases the weights of these on the strength
of the empirical relation between the
deprivation measure and the individual
capabilities’ p39

Education

0.28

Safety

0.01

Stunting

0.15

Satisfaction

0.16

Transport

0.20

Disadvantage
‘The disadvantage of such an approach is
that it implicitly assumes that only
components with strong correlations with
each other are relevant for the deprivation
measure which may be debatable in some
cases’ p39

Factor Analysis
•

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.

•

These factors are obtained based on the analysis of the correlation
matrix and they are linear combinations of the indicators,
clustering those that are highly correlated.

•

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

•

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

•

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

Factor Analysis
If only one factor:

xi = λi1 f + εi
• xi, , i = (1,2,...,n) is the ith
(standardised) variable;
• λik is the factor loading
• f, is the common factor (in this
case only one)
• εi is the factor unique to variable i,
(measurement error)
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Factor Analysis
If more than one factors:

xi = λi1 f 1 + λi 2 f 2 + ...λimfim + εi
where:
• xi, , i = (1,2,...,n) is the ith (standardised) variable;
• λik is the factor loading
• fk , k=1,2,...,m is kth common factor
• εi is the factor unique to variable i (measurement error)
In matrix notation:
X = ΛF + ε ; where Cov(F) = I and Cov(ε) is diagonal

Examples...
Social Interaction
(Factor 2)

Economic conditions
(Factor 3)

Factor Analysis vs.
Fuzzy Sets Theory
(Lelli 2008)

Health
(Factor 6)

• Belgian Section of the
European Community
Household Panel
Psychological distress
(Factor 1)

Shelter
(Factor 7)

• 54 indicators classified
into 7 categories
• The FA confirms the
underlying structure

Cultural life
(Factor 4)

Working conditions
(Factor 5)

• The first 7 factors are
retained for further
analyses

How many factors to retain?
Rule of thumb:
•

Eigenvalue > 1

•

Inflexion in the scree plot (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)

Monitoring Inequality
between social groups

Examples...

(Roche 2008)
Focus:

Context:
Data:

Housing conditions
(the capability of ‘being well sheltered’)
Venezuela
Household Survey (2001)
Census (‘71, ‘81, ‘90, 2001)

Selected Indicators
Sewage system
Water
Electricity
Fuel
Floors
Roofs
Walls
Housing Overcrowding Index

Monitoring Inequality
between social groups

Examples...

(Roche 2008)
The analysis was carried out based on both PCA and FA, where no major differences were
observed. PCA result is presented in the paper, since the intention was to support the
design of synthetic indices and this is the most appropriate technique for data reduction

Scree Plot

Result of the Extraction of Principal Components
3.0

Initial Eigenvalues
Components
Total

% of Variance

Cumulative %

1st

2.840

36

36

2nd

1.184

15

50

3rd

0.881

11

61

4th

0.850

11

72

5th

0.733

9

81

6th

0.577

7

88

7th

0.514

6

95

8th

0.420

5

100

2.5

2.0

1.5

Eigenvalue

1.0

.5

0.0
1

2

3

Component Number

Extraction Method: Principal Component Analysis.

4

5

6

7

8

How to interpret the factors?
The Factors are orthogonal solutions which implies independence (no correlation).
The factors can be rotated in order to help interpretation. This is roughly to spared
the variability among the factors.
As a result we increase the factor loading of some indicators in some factors, while
decrease in others. THE TOTAL VARIANCE DESCRIBED BY THE FACTORS
REMAIN UNCHANGED

90˚
90˚

90˚
130
˚

Orthogonal Rotation
(e.g. Varimax)

Oblique Rotation
(promax or oblimin)

The decision is normally based on theory (should the dimensions be correlated?)
There is not a unique solution!

Monitoring Inequality
between social groups

Examples...

(Roche 2008)

Unrotated, Varimax-rotated common components matrix

Sewage
Water
Electricity
Fuel used for cooking
Floors
Roofs
Walls
Housing Overcrowding Index

Unrotated
Component
1
2
3
0.734 0.120 -0.010
0.565 0.435 0.144
0.420 0.529 0.138
0.401 0.495 -0.088
0.752 -0.208 -0.310
0.597 -0.312 -0.595
0.692 -0.228 0.345
0.495 -0.513 0.513

VARIMAX-rotated
Component
1
2
3
0.518 0.418 0.331
0.695 0.100 0.190
0.687 -0.014 0.061
0.620 0.147 -0.087
0.226 0.752 0.297
0.018 0.897 0.070
0.258 0.250 0.721
-0.064 0.101 0.870

Extraction Method: Principal Component Analysis. 3 components extracted.
VARIMAX: Rotation converged in 4 iterations.
Oblimin: Rotation converged in 9 iterations.

Monitoring Inequality
between social groups

Examples...

(Roche 2008)

Sewage
Sewage system
system (X
(X11))
Water
Water (X
(X22))
Electricity
Electricity (X
(X33))

Services
Services

Fuel
Fuel (X
(X44))
Housing
Housing
Adequacy
Adequacy

Floors
Floors (X
(X55))
Roof
Roof (X
(X66))

Structure
Structure

Wall
Wall (X
(X77))
Housing
Housing
Overcrowding
Overcrowding Index
Index (X
(X88))

Space
Space
and
and Density
Density

HAI = 1 / 3( X 1 + 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.

Examples...

Capabilities and Groups Inequalities
(Roche 2009)
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Capabilities and Groups Inequalities

Examples...

(Roche 2009)
Adj. R-Squared for different models

Overall
Services Structure
Adequacy
(HSI)
(HTI)
(HAI)

Space and
Density
(HDI)

Model 1: Income and constant only

Y = c + λ1 X 1 + e
Model 2: Income, demographic factors and
constant

15.1%

4.8%

15.1%

6.2%

20.4%

8.5%

16.5%

19.9%

25.0%

10.0%

21.7%

21.2%

32.1%

28.8%

28.6%

21.8%

34.0%

33.6%

29.8%

22.2%

Y = c + λ1 X 1 + β 3 Z 3 + e
Model 3: Income, Hsoc, demographic factors
and constant

Y = c + λ1 X 1 + β1 Z 1 + β 3 Z 3 + e
Model 4: Income, Hsoc, ZXT, ZXR,
demographic factors and constant

Y = c + λ1 X 1 + β1 Z 1 + β 2 Z 2 + β 3 Z 3 + e
Model 5: Income, Hsoc, ZXT, ZXR, other
occupational variables (EcoAct, SecInf,
SecPub), demographic factors and constant

Y = c + λ1 X 1 + β1 Z 1 + β 2 Z 2 + β 3 Z 3 + e

Some useful features of Factor Analysis
•

It deals particularly well with measurement error

•

While deciding the weights between dimensions implies a value
judgment – normative-, the measurement of each dimension (as a
conceptual construct) could be potentially addressed well with
factor analysis
 This particularly relates to Structural Equation Models
(Addabbo et al. 2004; Di Tommaso 2007; Kuklys 2005 and Krishnakumar 2007)

•

Factor Analysis has a high exploratory power –in understanding
the underlying structure- that can be particularly helpful in the
decision making process

•

In some circumstances FA (and PCA) can be good ad hoc
solutions for aggregation

Other multivariate techniques
Multiple Correspondence Analysis
(applied in Neff 2007; Berenger and Verdier-Chouchane 2007)
•

Multiple correspondence analysis also reduces a large set of variables into
factors, but it does not assume cardinality in the initial indicators.

•

Instead of using the correlation matrix, this technique bases the analysis on
simultaneous correspondence analysis between categorical data.

•

Although this technique can be used as an aggregation solution, it seems more
appropriate for exploratory analysis, as a way to understand the underlying
structure of the data. It is a generalization of Factor Analysis but it does not
assume the existence of an underlying variable.

Cluster Analysis
(applied in Hirschberg et al. 2001)
•

Cluster analysis, in its general form, can be used to cluster similar cases or
variables based on a proximity matrix of entropy distance.

Subjective Well-Being, Poverty
and Ethnicity in South Africa
(Neff 2007)

MCA example...

Caracterización, Tipología y
Clasificación Municipal en
Venezuela (Gimenez et al. 2008)

Cluster Analysis
example...

Municipalities Classified according to
the level of Human Development, Venezuela, 1999
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Venezuela 1999

Cluster Analysis
example...

%

(Gimenez et al. 2008)

Lowest HD

Cluster Analysis
example...

Caracterización, Tipología y
Clasificación Municipal en
Venezuela (Gimenez et al. 2008)

The aim of the characterization was to identify the different types of municipalities in
Venezuela and to offer insights on the main problems to be addressed.

1

2

Alta

3

4

5

6

Clases

Baja

Promedio
Nacional

% de APVP por enf. vacunables

24.9
10.4
0.6
0.3
0.9

28.0
13.7
1.2
1.6
0.8

29.3
15.0
1.2
3.3
1.0

32.5
16.3
2.8
3.0
1.0

35.8
18.0
4.1
3.4
0.7

44.1
25.9
17.7
3.9
0.0

31.6
15.9
2.6
2.9
0.9

% de APVP por muertes violentas

35.8

23.9

20.6

17.0

11.7

5.0

18.3

% de APVP por enf. de trans. sexual

4.3
15.6

4.5
22.0

3.1
22.2

2.0
21.5

1.4
26.4

0.0
49.2

2.5
23.1

Promedio de APVP
% de APVP por enf. infecciosas
% de APVP por diarrea
% de APVP por desnutrición

Tasa de mortalidad menores de 5

Overview of the session
Principal 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
 Confirmatory FA

Multiple Correspondence
Analysis

Cluster Analysis

Finds covariance structure in the data
Estimates the parameters and assesses
goodness fit of a theoretical model

It does not assume cardinality in the initial indicators,
it is based on simultaneous correspondence analysis
between categorical data

Cluster similar cases or variables based on a proximity
matrix of entropy distance

Strengths

Weaknesses
 The final factors score tends to be
difficult to interpret

 Aggregation solution with high power of
data reduction
 Deals well with measurement error
 Suitable for exploratory analysis or
confirmatory analysis in the identification
of relevant underlying dimensions
 Reduces the chance of double-counting
highly similar attributes and deals with
issues concerning measurement error

 Aggregation and weights would vary
every time new data is considered,
making comparison difficult (e.g.
comparison between years or
countries)
 Not a single aggregation solution
(depending on the choice of
extraction and rotation method)
 In confirmatory analysis, the construct
validity of the final factors depends on
the theoretical relevance of the
chosen initial indicators

 The factor loadings or component score
can be saved and used in further analysis
for inferences and model-testing
 In most techniques, ordinal scale
(alternatively incorporated directly into
variables need to be interpreted in a
the model, as in structural equation
cardinal sense (alternatively: nominal
modeling)
variables in multiple correspondence
analysis, or latent continuous
variables in structural equation
modeling)

