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Why Multidimensional Poverty?

= Capabillity Approach
= Data

= Tools

= Policy

= Demand




Hypothetical Challenge

A government would like to create an official
multidimensional poverty indicator

Desiderata

It mustunderstandableand easy to describe

It must conform t¢‘common sense”notions of povert
It must fit thepurposefor which it is being developed
It must betechnically solid

It must beoperationally viable

It must be easilyeplicable

What would you advise?

o o 0o 0 0O O



Not So Hypothetical

Mexican Government
o Law: must alter official poverty methods

o Include six other dimensions

education, dwelling space, dwelling services, axtes
food, access to health services, access to sewalis/

200+-200¢
o Presented proposed methodology

Now
o Waiting on committee



Our Proposal

|dentification —Dual cutoffs

Aggregation -Adjusted FGT
Methodology —-M =( , M)



Review: Unidimensional Poverty

Variable —Income
|dentification — poverty line
Aggregation — Foster-Greer-Thorbecke '84




Review: Unidimensional Poverty
Example Incomesy = (7,3,4,&overty line z = 5

Deprivation vectog? = (0,1,1,0)
Headcount ratio = u(g®) = 2/4

Normalized gap vectogt = (0, 2/5, 1/5, C
Poverty gap = P=u(gt) = 3/20

Squared gap vectag? = (0, 4/25, 1/25, 0)
FGT Measure = P=u(g?) = 5/100
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Multidimensional Data

Matrix of achievements farm persons ird domains

Domains

13.1 14 4 1
152 7 5

12.5 10 1 O
20 11 3

Person

[

z (13 12 3 1) Cutoffs

These entries fall below cutoffd/e now construct 3 matrices




‘Deprivation Matrix

Replace entries: 1 if deprived, O if not deprived

Domains

13.1 14 4 1
y = 152 750 Person
12.5 10 1

20 11 3

1O

[




‘Deprivation Matrix

Replace entries: 1 if deprived, O if not deprived

Domains

0 O

0 Person

o
O r O O
P P O

1 1
0 O




Normalized Gap Matrix

Back to original matrix of achievements

Domains

13.1 14 4 1
y = 1.2 7. 50 Person
12.5 10 1

20 11 3

1O

[

z (13 12 3 1) Cutoffs




Normalized Gap Matrix
Normalized gap = (z y;)/z if deprived, O if not deprived

Domains

13.1 14 4 1
y = 1.2 7. 50 Person
12.5 10 1

20 11 3

1O

[

z (13 12 3 1) Cutoffs




Normalized Gap Matrix
Normalized gap = (z y;)/z if deprived, O if not deprived

Domains

0 0 O O
gt = O 042 0 1 Person
0.04 017 0.67 1

O 008 0 O




‘Squared Gap Matrix
Squared gap = [(2 y;)/z]* if deprived, O if not deprived

Domains

0 0 O O
gt = O 042 0 1 Person
0.04 017 0.67 1

O 008 0 O




‘ Squared Gap Matrix

Squared gap = [(z y;)/z]* if deprived, O if not deprived

Domains
0 0 0 0
92 _ 0 0.17¢ 0 1 Person

0.002 0029 0449 1
0 0.006 0 0




‘ Identification

Via deprivation matrix

© O O

P P O

o+ O O

o P O
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‘Identiﬁcation — Union Approach

Q/ Who is poor?
Al/ Poor if deprived in any dimensian 1

Domains C
O O O O 0
g’ = 0101 2 Person
1 1 1 1 4
O 1 0 O 1
Difficulties
Single deprivation may be due to something othan fhoverty
(UNICEF)

Union approach often prediatery high numbers - political constraints
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Q/ Who is poor?
A2/ Poor if deprived in all dimensioms= d

Domains C
O 0 0O 0
g’ = 0101 2 Person
1 1 1 1 4
O 1 00 1




‘Identiﬁcation — Intersection Approach

Q/ Who is poor?
A2/ Poor if deprived in all dimensioms= d

Domains C
O 0 0O 0
g’ = 0101 2 Person
1 1 1 1 4
O 1 00 1

Difficulties




‘Identiﬁcation — Intersection Approach

Q/ Who is poor?
A2/ Poor if deprived in all dimensioms= d

Domains C
O 0 0O 0
g’ = 0101 2 Person
1 1 1 1 4
O 1 0O 1

Difficulties
Demanding requirement (especially if d large)




‘Identiﬁcation — Intersection Approach

Q/ Who is poor?
A2/ Poor if deprived in all dimensioms= d

Domains C
O 0 0O 0
g’ = 0101 2 Person
1 1 1 1 4
O 1 00 1

Difficulties

Demanding requirement (especially if d large)
Often identifies a very narrow slice of population
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‘Identiﬁcation — Dual Cutott Approach

Q/ Who is poor?
A/ Fix cutoff k, identify as poor it > k (Ex: k= 2)

Domains C
O 00O 0
g’ = 0101 2 Person
1 1 1 1 4
0O 100 1

Note
Resulting , includes both union and intersection
Especially useful when number of dimensions is large
Union becomes too large, intersection too small

Next step -aggregation using a measunel of poverty




Aggregation

Domains C
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Aggregation

Censor data of nonpoor

Domains c(K)
O 0 0O 0
01 0 1 2
°(k) = £ Person
9(k) 1 1 1 1 4
O 0 0O 0

Similarly for gt(k), etc
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Critique

Suppose the number of deprivations rises for person 2

Domains c(K)
O 0 0O 0
g°(k) = 1101 2 Pperson
1 1 1 1 4
O 0 0O 0

Two poor persons out of fourd = 1/2
No change!
Violates ‘dimensional monotonicity’




Aggregation

Return to the original matrix

Domains c(K)
O 0 0O 0
1 1 01 2
(k) = ~ £ Person
9(k) 1 1 1 1 4
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Aggregation

Return to the original matrix

Domains c(K)
O 0 0O 0
g°(k) = 01041 2 Pperson
1 1 1 1 4
O 0 0O 0




Aggregation

Need to augment information

Domains c(K)
O 0 0O 0
g°(k) = 01041 2 Pperson
1 1 1 1 4
O 0 0O 0




Aggregation
Need to augment information déprivation share”

Domains c(k) c(k)/d
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Agoregation
Need to augment information déprivation share”

Domains c(k) c(k)/d

O 0 0O 0

g°(k) = 600101 2 2/ 4 Person
1 1 1 1 4 4/4
O 0 0O 0

A = average deprivation share among poor = 3/4




Aggregation — Adjusted Headcount Ratio

Adjusted Headcount Ratio =M HA
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Aggregation — Adjusted Headcount Ratio

Adjusted Headcount Ratio =Jv HA = p(g°(k))
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Aggregation — Adjusted Headcount Ratio

Adjusted Headcount Ratio =Jv HA = p(g%k)) = 6/16 = .375

Domains c(k) c(k)/d

O 0 0 O 0

g°(k) = 0101 2 2/4 Person
1 1 1 1 4 4/ 4
O 0 0 O 0

A = average deprivation share among poor = 3/4
Note: if person 2 has an additional deprivatiog riges
Satisfies dimensional monotonicity
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Aggregation — Adjusted Headcount Ratio

Observations

Usesordinal data
Similar to traditionagap P, = HI
HI = per capita poverty gap
= headcount H times average income gap | among poor
HA = per capita deprivation

= headcount H times average deprivation share A ngmo
poor

Decomposable acrogemensions
Axioms - Characterization via freedom
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‘Adjusted Headcount Ratio

Note M, has the form:

Mo =i p(v)/n
where

Vv, IS I's deprivation vectoof 0’'s and 1's
anc

p Is an individual poverty indicator
taking the form

p(v;) =Ivil/d for || >k

=0 for |y| <k

Q/ Why this functional form for p?
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Adjusted Headcount Ratio

A/ Suppose individual poverty function f(v) sales
Weak monotonicity
f(v)y>f(v)if v'>v
“Poverty does not fall if range of deprivation increases”
Simple anonymity
f(v) = f(v') for all v, v' with exactly d-1deprivains
“Poverty same for all deprivation vectors with single achievement”
Semi-consistency(v) > f(v') implies f(w) >f(w")
wheneverv -w = (0,...,1,...,0) = Vv' - W'
“Ordering preserved if remove same depriv. from both vectors”
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Increasing function of p.
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‘Adjusted Headcount Ratio

Theorem If f satisfies weak monotonicity, simple
anonymity, and semi-consistency, then f iIs some
Increasing function of p.

Proof Analogous to Pattanaik and Xu (1990){
ranking opportunity sets in terms of freedon
choice”,Recherches Economiques de Louvain

Note M, uses only ordinal information.

Q/ What if data are cardinal? How to incorporate information on
depth of deprivation?
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Adjusted Poverty Gap = M= MG = HAG
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Aggregation: Adjusted Poverty Gap

Adjusted Poverty Gap = M= MG = HAG =p(g*(k))

Domains
0 0 0 0
0.42 O 1

g'(k) = 0 Person

0.04 0.17 0.67 1
0 0 O O

Obviously, if in a deprived dimension, a poor person becomes
even more deprived, then,Mill rise.
Satisfies monotonicity
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Consider the matrix of squared gaps
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Aggoregation: Adjusted FGT

Adjusted FGT is M= u(g?(k))

Domains

0 0 0 0
0 0422 0 7
g° (k) =
0.0 0170 067 17
0 0 0 0

Person




Aggoregation: Adjusted FGT

Adjusted FGT is M= u(g?(k))

Domains

0 0 0 0
0 0422 0 T
0.04° 0170 0.67° 1°
0 0 0 0

g°(k) = Person

Satisfies transfer axiom
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Aggregation: Adjusted FGT Family

Adjusted FGT is M = u(g%(t)) fora >0

Domains

0 0 0 0
0 0.427 0 17
0.04" 0.17" 0.67" 17
0 0 0 0

g?(k) = Person

Satisfies numerous properties including decomposabillity,
and dimension monotonicity, monotonicity (fmr> 0),
transfer (fora > 1).



Ilustration: USA

Data Source: National Health Interview Survey, 2004Jnited Sates

Department of Health and Human Services. National Center for
Health Satistics- ICPSR 4349.

Tables Generated By:Suman Seth.
Unit of Analysis: Individual.
Number of Observations:46009.
Variables:

(1) income measured in poverty line increments and grouped
Into 15 categories

(2) self-reportedhealth
(3) healthinsurance
(4) years ofschooling.
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[lustration: USA

Profile of US Poverty by Ethnic/Racial Group

1 2 3 i 5
Percen Income Percen
Group I'opulation Cont 1_:";# Foverty Cont ﬂt';#
Headcoumnt
Hispanic Q1M 19.8% 0.23 37.5%
Whilte 20184 63.6% 0.0°7 0. 1%
African
A merican 5742 12.5% 0.19 20.0%
Others 1858 4. 1% 0.10 1.5%

Total 45554 100L0 % 012 100.0%




[lustration: USA

Profile of US Poverty by Ethnic/Racial Group

1 i K]
Income
Group Foverty F'El;:::' ﬂt';#
Headcount '
Hispanic 0.23 37.5%
White 0.07 39. 1%
African
A merican 0.19 20.0%
Others 010 1.5

Total 012 100.0%




[lustration: USA

Profile of US Poverty by Ethnic/Racial Group

| 4 5 6 7
Income
rwp oty TSRy P
Headcoumnt
Hispanic 0.23 37.5% 0.39 46, 6%
White 0.07 0. 1% 0.09 34, 49
African

A merican 0.19 20 0% 0.21 16.0%
Others 0. 10 3.5% 012 3.0%

Total 012 100.0% 16 1. 0%




[lustration: USA

Profile of US Poverty by Ethnic/Racial Group

1 i 5 f L
Income I"ercen 'ercent
o HEF:;TI.EIM ':“"mt? Ho Contrib.
Hispanic 0.23 37.5% 0.229 47.8%
White 0.07 39.1% 0.050 33.3%
African
A merican 0.19 20,05 0.122 16.1%
Others 010 3.5% 0.067 2.8%

Total 012 1M, e 0,09 1000 %




Ilustration: USA

1 2 3 4 5 6
.- H H H H.

Hthnicity Inco;ne Heazlth H. Ins;mnce Scho;ling M,
Hispanic 0.200 0.116 0.274 0.324 0.229
Percentage Contribution | 21.8% | 12.7% 30.0% 35.5% 100%
White 0.045 | 0.053 0.043 0.057 0.050
Percentage Contribution | 22.9% | 26.9% 21.5% 28.7% 100%
Black 0.142 | 0.112 0.095 0.138 0.122
Percentage Contribution | 29.1% | 23.0% 19.5% 28.4% 100%
Others 0.065 | 0.053 0.071 0.078 | 0.067
Percentage Contribution | 24.2% | 20.0% 26.5% 29 .39 100%




Ongoing Studies

Indonesia

Sub-Saharan Africa

Latin America — With UNDP

China

India

Bhutan — Basis of “Gross National Happiness” Index
Bolivia



Extension

Modifying for weights
Weighted identification

Weight on income: 50%
Weight on education, health: 25%

Cutoff = 0.50
Poor if income poor, or suffer two or more deprieas
Cutoff = 0.60

Poor if iIncome poor and suffer one or more oth@rigations

Nolan, Brian and Christopher T. Whelan, Resourbegpyivation
and Poverty, 1996

Weighted aggregation



Caveats and Observations

|dentification
No tradeoffs across dimensions
Fundamentally multidimensional
Need dimensional cutoffs
Need k cutoff across dimensic
Aggregation
Neutral

Ignores coupling of disadvantages
Not substitutes, not complements

Discontinuities
Weights



Concluding Remarks

Review desiderata

It mustunderstandableand easy to describe

It must conform tdcommon sense’notions of poverty
It must fit thepurposefor which it is being developed
It must betechnically solid

It must beoperationally viable

It must be easilyeplicable

o o 0o 0 0O O



Thank you




Applications of Methodology

India (Alkire & Seth, 2008 - OPHI WP 15)
Sub-Sahara Africa (Batana, 2008-OPHI WP 13)
Bhutan (Santos & Ura, 2008 — OPHI WP 14)

Latin America (Battiston, Cruces, Loj-Calva,
Lugo & Santos, 2009 — OPHI WP 17)

Others in process: China, Pakistan.




Rural India

11 dimensions (house, electricity, health,
sanitation, water, fuel, asset, education,
livelihood, child status, empowerment)

Current Below the Poverty Line (BPL) -
multidimensione- method criticized in differer
points (non-transparent, poor data quality, poor
aggregation methods).

M methodology is proposed as an alternative to
the BPL (Below the poverty line) method for
identifying the poor.



‘ BPL Vs NSS Vs Multidimensional Head Count
(Ranked by M, k=5, equal weights years vary)

0.800 +
O Head Count
B BPL Poverty Rate
0.700 ~—ONSS Income Poverty
0.600 —
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‘ NSS vs. M, Rankings (ordered by M, K = 4)

0.600
OMoO
B NSS Income Poverty
0.500 -
0.400 -
- I I 1 ]
N 1 I ‘ I I I I
0.000 -
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Poverty Decomposition by Dimensions

Break Break | Indi Break
States Kerala| Down | Sikkim Down a Down
House 0.013 2.57%)| 0.032 6.01%]| 0.149 3.35%
Electricity 0.038 7.21%| 0.034 6.49% | 0.311 6.99%
Health 0.037 14.16%| 0.018 6.73%)| 0.284 12.79%
Sanitation 0.02¢ 4.50%| 0.05] 9.62%0.44c 9.94%
Water 0.036 6.95% | 0.036 6.73% | 0.096 2.15%
Fuel 0.023 8.75%| 0.042 15.87%) 0.242 10.90%
Asset 0.046 17.76%| 0.020 7.69%|0.274 12.32%
Education 0.007 2.57%)| 0.054 20.19%)] 0.241 10.84%
Livelihood 0.034 13.13%| 0.015 5.77%| 0.232 10.42%
Child Status 0.019 7.21%| 0.022 8.17%|0.148 6.64%
Empowerment 0.040 15.19%| 0.018 6.73%| 0.304 13.65%
Mg 0.029 | 100.00% | 0.029 | 100.00% | 0.247 100.00%




Bhutan: Contributions by dimension
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Contributions for k=1: Income 36%,

Education 33%, Electricity 15%, Room 14%1
Water 1%. (BLSS data)

(Weights: Income=2, Education=1.3, Room= 0
0.7, Electricity=0.8, Water=0.2)

Equal Weights:

Contributions for k=1: Room 27%,
Education 25%, Electricity 23%,

Income 18%, Water 7%.

(Bhutan Living Standard Survey

data use-BLSS]
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Bhutan: Contributions driving significant
rank changes between districts

When moving from the income H
ranking to the Mranking (from 0.40
poorest to richejtGasa climbs 7 0.30

places (to higher poverty), while ; 0.20 . .

Lhuntse drops 1 (to lower poverty 1 1_
0.00

Poverty composition explains this: Gasa Lhuntse

o In Lhuntse income deprivation District
accounts for most part of M

o In Gasa deprivation in education i< @ Income W Education (0 Room
the main contributor to ) followed O Electricity m Water

by electricity, room, and only then, _
income. (K=2, GNHS weights)



lL.atin America

Argentina, Brazil, Chile, El Salvador, Mexico,
Uruguay.

5 points in time: 1992, 1995, 2000, 2003, 2006

6 indicators: income (US$2 per day), children in
school, education of household head, runi
water, sanitation, shelter.

SEDLAC database.



‘ Latin America: M, and its components
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Latin America: Multidimensional Poverty
decreasing

Multidimensional Poverty significantly decreasedein
Salvador, Mexico, Brazil and Chile.

In those countries both H and A were reduced: nibt a
lower % Is multidimensionally poor but also theg a
deprived-on averag- in fewer dimensions

In EI Salvador: reduction in A was proportionaligder
than in H. In the others, the other way round.

Small reduction of MO in Uruguay. Stagnhant in
Argentina.



MO with Equal Weights
0 .05.10.15.20.25.30.35.40.45 .5 .55.60
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k=2 k=4 k=6 k=2 k=4 k=6 k=2 k=4 k=6 k=2 k=4 k=6 k=2 k=4 k=6 k=2 k=4 k=6

El Salvador Mexico Brazil Argentina Chile Uruguay

B 1o BN Urban [ Rural

Poverty in both urban & rural areas of El Salvador, Mexico and Beaml in the
rural areas of Chile is indeed multidimensional (high estimatesidgh k values).

Poverty in the urban areas of Chile, Uruguay and Argentina seem®Mmore
dimensional nature. (Note the estimates faz &re below 0.05)



Sub-Sahara Africa: Robustness Test

Figure 3: M0 as cutoff kis varied in the
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Multidimensional Evaluation Papers

“Measuring the Distribution of Human
Development (with L.F.Lopez Calva and M.
Székely)

“A Class of Chronic Poverty Measures”

“Rank Robustness of Composite Indicatc
(with M. McGilllivray and S. Seth)



