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Some targets related to SDG 1 (No Poverty)

1.1 By 2030, eradicate extreme poverty for all people everywhere, currently
measured as people living on less than $1.25 a day.

1.4 By 2030, ensure that all men and women, In particular the poor and the
vulnerable, have equal rights to economic resources, as well as access to
basic services, ownership and control over land and other forms of property,
INnheritance, natural resources, appropriate new technology and financial
services, Including microfinance



Fundamental principle of data disaggregation

Sustainable Development Goal indicators should be disaggregated, where
relevant, by income, sex, age, race, ethnicity, migratory status, disability and
geographic location, or other characteristics, in accordance with the
Fundamental Principles of Official Statistics

Global indicator framework for the Sustainable Development Goals
A/RES/71/313



Household surveys limitations and the use of auxiliary
information



¢ What is it all about?

Surveys that depend on large sample size and a proper sampling strategy
(sampling design and estimator) also rely on a robust inferential system that

porovides precise and exact estimation in planned domains.

When the sample size of the survey is not enough to support the statistical
INnference required for some sulbgroups of interest, It Is necessary to resort to
external auxiliary information (censuses, administrative records, satellite images)
SO that together (surveys and external data) a precise and exact inferential

system can be built.



¢ What is a small area?

An area (or domain) is small if the sample size is insufficient to support the direct
iInference process (based on the representativity principle of survey sampling
design) with adequate precision.

The term small does not refer to the subgroup's absolute size; I.e., states or
provinces can be considered small areas It the sample size Is insufficient.
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Disaggregation levels

The parameters of interest may be required in geographic breakdowns (which

can be observed on a map) or in crossings of sociodemographic and income
subgroups.

Geographic: regions, states, municipalities, and scholar districts.
Specific subgroups: age x sex x ethnicity x immigration status.

In general, If the subgroups are not part of the survey design domains, their

sample size is not planned and will be random, which increases the estimate’s
uncertainty.



Optimal solution

When the sample size does not allow obtaining reliable direct estimates for some
domains of interest, the following options can be addressed:

1. Increase the sample size: this option raises costs, and it is unfeasible.

2. Use statistical methodologies that involve external auxiliary information to
obtain reliable estimates (not direct) in the subgroups of interest while
keeping the survey sample size.
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Source: Methodology of Modern Business Statistics (2014)



SAE methodologies

SAE estimators are divided into three main types:

Indirect synthetic estimators
Estimators based on area models
Estimators based on unit models

The choice of the method that should be used In the estimation of the domains
of Interest Is made depending on the level at which the auxiliary information is
found (at the domain or aggregation level - at the household or person level)



Small Area Estimation
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Source: adaptation from Rahman (2008)




Area-level model (Fay-Herriot)

Fay & Herriot (1979) analyzed per capita income for small areas with less than
1000 inhabitants.

Link model:
/ 2
5d — Xdﬁ + l/ld l/ld ~ i N(O, Uu)

Sampling model:
éﬁl)IR — 561 + ed — Xélﬁ + I/td + ed ed ~ind N((), l//d)



Unit-level model (Empirical Best/Bayes Predictor)

Molina & Rao (2010) estimated poverty rates and gaps at the crossroads of
gender and province in Spain using the following model.

LINk model;

53(0) = Ly dr[éd(yd) | Y50 0]
Yar| Yas ~ina N (”dr\s9 Vdr\s)

Conditional estimation:
I’tdr\s — Xdrﬁ T }/d(yda o Xdaﬁ)lNd—nd

2 T 2 2
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- Statistical modelling -

(GLMM)
};
GIS & maonpnin Sma" A_rea Sampling and survey
Pping Estimation analysis

Optimization and
software —
(Bayes - Bootstrap)

Synthesis of the processes involved in the production of data with SAE

Source: adaptation from Kolenikov (2014)



ECLAC’s poverty maps in Latin-America



Poverty mapping

As the 2020 Round of Population & Housing Censuses (2015-2024) is being
performed, census data-bases are being released. ECLAC uses that data to
create and update poverty maps in conjunction with the regular household

surveys of the countries in the region.

At this moment, we have achieved to create poverty maps for all of the countries
that conducted a census:

- Colombia
- Perd

- Chile

- Guatemala



Poverty map in Peru

Source: ECLAC
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Capacity building and technical assistance



SAE applied to other social indicators
Technical assistance

1. Ecuador: malnutrition rates at the municipality level (SDG 2).
- FH and BHF models.
2. Chile: poverty mapping at the municipality level (SDG 1).
- FH model.
3. Chile: victimization rates at the municipality level (SDG 5 and SDG 106).
+ FH model.
4. Peru: family planning indicators at the municipality level (SDG 3).
- GLMM and plug-in estimation.
5. Colombia: access to justice indicators at the municipality level (SDG 16).
- FH model.




Training

ECLAC's Statistics Division has led face-to-face training in the following
countries:

- Colombia
- Uruguay
- El Salvador

In cooperation with UNPFA, the International Course on Data Disaggregation
using R will be held, as of the first quarter of 2021, through the ECLAC Moodle
platform, hoping to reach all of the countries in the region.
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Development of a SAE estimation system in ALC

Source: ECLAC
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