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1. The Research Issue

� Most poverty studies have been based on a single welfare 
indicator- income/consumption

� Following criticisms of money-metric poverty measures by 
Ravaillon (1996) and Tsui (2002) and Sen’s (1993) conceptual 
thinking on poverty towards functionings and capabilities, poverty 
is a multidimensional construct.

� However, operationalizing the multidimensionality of poverty 
poses several theoretical and methodological challenges, notably 
how weights should be set during the aggregation procedure

� Few studies have used more than two stat. methods to set 
weights and conduct dominance analysis to test the robustness of
results

� We attempt in this study to use three different stat. methods to
set weights in the measurement of multidimensional poverty.



2. Objectives of the Study

The objectives of this paper are twofold:

� To review some stat. techniques (PCA, MCA and fuzzy set 
approach) that set optimal weights in the measurement of 
multidimensional poverty

� To apply the different statistical methods to Cameroonian 
data and investigate how multidimensional poverty 
comparisons are sensitive to changes in weighting 
schemes, and

� To propose policy recommendations 



3. Theoretical considerations on Composite Indexing

Constructing a composite poverty indicator usually involves the 
following steps:

� Choice of the variables to be considered. The selection of 
elementary variables is often ad hoc. A partial solution to such
arbitrariness is to use factorial analysis which detects underlying 
correlations between variables and retains only the sub-set that 
best summarizes the available information

� Defining a weighting structure and aggregating the variables. 
Aggregation variables into a composite index implies choosing an
appropriate weighting structure. Different weighting techniques 
have been used in the literature (arbitrary weights, survey-based 
weights, expert-opinion weights and data-driven weights)

� Identification of a threshold which separates poor and non-poor 
individuals. Setting the threshold is often controversial.



4. Methodology of Stat. Approaches

Here we review the methodology of three different stat. 
methods:

4.1 PRINCIPAL COMPONENT ANALYSIS (PCA)
� PCA is a data reduction technique that explains the variance-

covariance structure of a set of variables through a few linear 
combinations of these variables (Krishnakumar and Nagar, 
2007). Classical PCA has been applied by Klasen (2000) in South 
Africa and Nagar and Basu (2001) in India.

� Classical PCA has two basic limitations:
� It is applicable only to quantitative or continuous variables and 

the relationships between variables are assumed to be linear 
(Gifi, 1990 and Kamanou, 2005). It is based on the Pearson 
(product moment) correlation matrix.

� In the case of ordinal variables with skewed distributions, 
standard PCA will attribute large undue weights to variables that 
are most skewed.



4.Methodology contd.

� To avoid above limitations, we use an alternative technique –
polychoric PCA which is more suitable for binary and ordinal 
variables (Kolenikov and Angeles, 2004). 

� It is assumed that a latent continuous variable underlies every 
ordinal variable, and the correlation coefficients between the

underlying variables generate a what is called polychoric

correlation matrix, on which the logic of PCA is applied. 

� To specify the polychoric PCA model, we follow Kolenikov and 
Angeles (2004). Let x be a random variable of dimension p, and Σ
the correlation matrix; then the principal components equation 
can be expressed in matrix form as:  

y = A’x ………………………………………………………………………… (1)

where A = [a1….ak] is the matrix of component loadings or 
eigenvectors of Σ. 



4.Methodology contd.

� The solution to eq. (1) is found by solving the eigenproblem for 

the correlation matrix Σ. This consists of finding λ and a such 

that: Σa = λa ………………………………………………………………. (2)

where a is the set of eigen vectors (weights) and λ the 
corresponding eigenvalues of Σ. 

� The intuition behind this formulation is that the first PC will have 
the greatest variance (eigenvalue) and extract the largest amount 
of information from the data, and represent the poverty index. 
The index is a weighted average of the variable scores.

� Analytically, 

where Ci is the composite index, ni the number of variables, and xi

is the variable score.
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4.Methodology contd.
4.2 MULTIPLE CORRESPONDENCE ANALYSIS (MCA)

� MCA analyses the pattern of relationships between several 
ordinal/ categorical variables, whose modalities are coded as 0 or 
1. The aim is data reduction and to construct a composite index . 

� Studies that have used MCA include Asselin and Vu Tuan (2005) 
in Vietnam; Ki et al. (2005) in Senegal; and Njong (2007) in 
Cameroon.

� For the construction of a composite index the FAOC axiom must 
be respected (Asselin, 2002). This means that the first axis ( 
which has the largest eigenvalue and is considered the poverty 
axis) must have growing factorial scores indicating a movement 
from poor to non-poor situation.

� Analytically, the factorial scores on the first axis represent the 
weights attached to the variable modalities. 



4.Methodology contd.

� The composite index for household i is given by Asselin (2002) as:

where Wp is weight of modality p, Iip is the binary indicator 0/1 
which is 1 when household i has the modality and 0 otherwise.

� To prevent having negative values of CPI, we use a translation 
formula defined by Asselin (2002) as:

to obtain the average minimal modality weight, whose absolute 
value is added to the CPI of each household to get the new 
positive CPI scores.
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4.Methodology contd.
� 4.3 THE FUZZY SET APPROACH
� Cerioli and Zani (1990); Cheli et al. (1994); and Qizilbash (2001) 

have characterised poverty as a vague concept since there seams 
to be no sharp dichotomy between the poor and the non-poor.  

� Fuzzy set is a mathematical framework that is suitable for  
modelling vague concepts, such as poverty. The concept of fuzzy 
sets has been applied to poverty measurement by Cheli et al. 
(1994) in Poland, Dagum and Costa (2004) in Italy and Apiah-
Kubi et al. (2007) in Ghana.

� For a simple exposition of the Fuzzy set method we follow Dagum
and Costa (2004). Let X be a set and x an element of X. A fuzzy 
subset P of X can be defined as follows:

for all 

where Fp(x) is a membership function that represents the degree 
of belonging of x to P
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4.Methodology contd.

� In a simple application to poverty measurement, we let X be the 
set of n HHs, and P, a fuzzy subset of X, the set of poor HHs. In 
the fuzzy set framework, the membership function of the poor set
is defined as :

� xij= 0, if HH i is absolutely non-poor

� xij=1, if HH i completely belongs to the poor set, and

� 0<xij<1, if the HH reveals a partial membership to the poor set

� To construct the composite (fuzzy) index, we proceed in two 
steps:

� specify the household membership function for each variable.

Determination of the membership function depends on the type of 
variable:

• Binary variables



4.Methodology contd.
Following Costa (2002) we can define the degree of membership
to the fuzzy set P of the aith HH (i=1, 2, …,n) with respect to the 

jth variable (j=1,……,m), as follows:

where Xj(ai) represents an m-order vector of socio-economic 
variables. In the case of binary variables:

• xij=1, iff the aith HH does not possess the jth attribute (it 
completely belongs to the poor set)

• xij=0, iff the aith HH possesses the jth attribute (it is absolutely 
non-poor).

Thus the composite deprivation index of aith HH

can be defined as the weighted average of xij (eq. 8):
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4.Methodology contd.

where wj is the weight attached to the jth attribute. In order to 
reduce arbitrariness in the estimation of the weights Cerioli and 

Zani (1990) propose a logarithmic function represented by eq. 9:

The weight is an inverse function of the degree of deprivation of 

attribute j by the n households.
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4.Methodology contd.

• Ordinal variables (with several –more than 2 -modalities)
If we assign a score cj to each modality, and let cinf,j and csup,j
represent the lowest and highest modality values respectively; 
then we express the membership function of the aith household as 
in eq. 10 -12 (Dagum and Costa, 2004):

� Eq. 10 indicates that the aith HH score is below the min. threshold 
and is absolutely poor (it completely belongs to the poor set)
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4.Methodology contd.

� Eq. 11 indicates that the aith HH score is b/w the thresholds and 
is therefore only partially deprived in the jth attribute (it reveals a 
partial membership to the poor set)

� Eq. 12 indicates that the aith HH score exceeds the max. 

threshold above which the HH is not poor relative to jth attribute 
(it does not belong to the poor set)

� Aggregate the membership functions

� Having computed the membership function for each attribute, 
Costa (2002) specifies the composite poverty index in 2 different 
ways:



4.Methodology contd

1. As a weighted average of the poverty indices of the aith HH. 
Analytically, we express this as in Eq. 13:

2. As a weighted average of the one-dimensional poverty indices 
for each of the j attributes. Analytically, we express this as in Eq. 
14:

Observe that the composite deprivation index is obtained by 
aggregating either across HHs (i.e weighting HHs eq. 13) or 
across poverty attributes (weighting attributes eq. 14).
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5. Data

� Data Description and Sources

� The analysis of poverty in this study is based on the 2001 
Cameroonian Household Survey (ECAM II) data 

� ECAM II data are obtainable from the National Institute of 
Statistics

� In the data-set, a wide range of questions relating to 
income/expenditure and non-monetary information are covered.

� Selection of variables

� We selected 20 variables that theoretically capture various 
dimensions of wellbeing

� A sample of 10,992 HHs were actually visited, but in our analysis 
only HHs that responded to all 20 questionnaires are considered, 
giving a sample size of 9329.



5. Data contd.

� Recoding quantitative variables

� To render expenditure per capita ordinal we follow Cerioli and 
Zani (1990) to categorize HHs into three modalities: (1) those 
with expenditure below the mean (yij < ymean); (2) those with 
expenditure between the mean and 60% above the mean (ymean< 
yij<ymax) and (3) those with expenditure greater than 60% above 
the mean (yij>ymax). 

� We also transformed and recoded the other quantitative variables 
(e.g. distances/time with regard to basic infrastructure) into 
qualitative and ordinal ones.

� This ensures that all the variables in this study are discrete 
(binary or ordinal) in nature. 



6. RESULTS AND DISCUSSION

� We estimated HH-specific composite indices using the three 
different stat. approaches, based on the 20 variables.

� Estimation of the polychoric correlation matrix shows that the first 
PC has an eigenvalue of 10.03 and explains 50% of the total 
variance while the second PC has an eigenvalue of 1.4 and 
explains only 7.1% of the variance. The weights/component 
loadings used to generate the composite index are presented in 
Table 1 (see main paper)

� Submission of the 20 variables to MCA demonstrates that the first 
factorial axis, explains 34% of the observed inertia (i.e the 
eigenvalue) while the second axis accounts for only 1.5%. The 
weights (factorial scores on first axis) assigned to the variable 

modalities are presented in Table 2 (see main paper).



6. RESULTS AND DISCUSSION contd

� Weights generated through fuzzy set approach are reported 
in Table 4, which are used to construct the HH fuzzy 
poverty index. In this framework a global composite index 
is easily deduced which shows that 40.48% of Cameroonian 
HHs registered deprivation on the various attributes.

� Comparison of Poverty Index Distributions 

� To facilitate comparison and interpretation of results we 
compute the compliment of the fuzzy poverty index (Fpc

=1-Fp) so that it conforms with the logic of conventional 
poverty indices, that more is better than less (welfare is 
monotonically increasing)



Table 5: Descriptive Statistics for the Index Distributions

.9760.001.168.5959326Fuzzy Set 

1.830.093.341.7179326MCA 

2.9971.4061.8099326PCA 

MaxMinSt. DeviationMeanNo. of Obs.Composite Index

Source: Computed by authors

6. RESULTS AND DISCUSSION contd

� Table 5 gives descriptive statistics for the index distributions

� Analysis of the mean/st deviations of the distributions in Table 5  
show that the national incidence of multidimensional poverty 
measured by PCA index is lower than that measured by the MCA 
index which is lower than that measured by the fuzzy set method.



6. RESULTS AND DISCUSSION contd

� Sensitivity Tests

� To check the robustness of the comparisons, we conduct 
dominance tests. Poverty dominance here seeks to investigate the
sensitivity of poverty comparisons/rankings to poverty lines and
poverty measures derived from the different stat. methods.

� To test for dominance we follow Duclos et al. (2006) and Araar

(2006) to test for differences between the index distributions for 

a number of points (e.g 10 x 10 grid of points) within the relevant 
interval. If this difference is always of the same sign +ve or –ve
(i.e there’s no intersection) and statistically significant, then 
dominance holds. If the differences change signs within the 
interval (there is intersection), rankings are ambiguous and 

there’s no dominance.



6. RESULTS AND DISCUSSION contd

� Table 6 gives the dominance test results for pair-wise poverty 
index comparisons.

� We observe from Table 6 that PCA index distribution dominates 
both MCA and Fuzzy set index distributions. 

Table 6: First-order Poverty Dominance Results

Intersection found. Dominance is ambiguous Fuzzy SetMCA

No intersection found. PCA dominates Fuzzy setFuzzy SetPCA

No intersection found. PCA dominates MCAMCAPCA

ObservationIndex Distribution

Source: Computed by authors



6. RESULTS AND DISCUSSION contd

This finding is confirmed by Figures 1 and 2.
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6. RESULTS AND DISCUSSION contd
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6. RESULTS AND DISCUSSION contd

� Observe in fig 1 and 2 that the poverty incidence curve (cdf) 
of PCA index is consistently below the other methods’ index 
distribution functions over a wide range of interval. This 
indicates significant first-order poverty dominance for the PCA 
cdf over MCA and Fuzzy set cdfs.

� Observe in Table 6 that there is no clear dominance between  
MCA and Fuzzy set index distributions. This is confirmed by 
Fig. 3 which shows that their cdfs cross and first-order 
dominance is inconclusive. (We tested for second-and third –
order dominance and found no clear dominance of one index 
over the other).



6. RESULTS AND DISCUSSION contd
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7.CONCLUSION AND POLICY IMPLICATION

� The main conclusion from this study is that national poverty head 
count estimates derived from PCA are unambiguously lower than 
those obtained from MCA and fuzzy set methods. While 
comparison between MCA and fuzzy set indices give inconclusive 
dominance results. 

� From a policy stand point, policy-makers may pay particular 
attention to index values from MCA and fuzzy set methods over 
PCA composite indexing, b/c their weighting structures reveal 
more poverty. 



7.CONCLUSION AND POLICY IMPLICATION contd

� The major advantage of the above stat. methods is that the data 
themselves determine the optimal weights assigned to the 
variables.

� Major limitations of the stat. approaches

� Weights are rigid

� Some subjectivity is evident (selection of preliminary variables is 
arbitrary, scaling and recoding of variables to make them ordinal 
is ad hoc)



Thank you for your kind attention


