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DIRECT ESTIMATION



Direct estimation using R

 Multiple R packages are available to implement direct estimation with survey
data (e.g. survey).

 ReGenesees (R Evolved GENEralized Software for Sampling Estimates and Errors
in Surveys): R package for design-based and model-assisted analysis of
complex sample surveys. Developed by the Italian National Institute of
Statistics (Istat).

 The package allows handling data from simple or complex multistage,
stratified, clustered sampling designs.

 It includes functions to perform post-stratification or calibration, and to
calculate survey estimates with the corresponding sampling error.



Direct estimation using R (2)

Function for specifying the survey design

Three most important parameters to be specified:

 data: data frame of survey data.

 ids: formula identifying clusters selected at subsequent sampling stages (PSUs, 
SSUs, . . . ).

 weights: formula identifying the initial weights for the sampling units.

e.svydesign(data, ids, strata=NULL, weights, fpc=NULL, self.rep.st =NULL, 
check.data=TRUE)



Direct estimation using R (3)

Production of direct estimates for Totals and Means

Three most important parameters to be specified:

 design: object containing survey data and sampling design metadata.

 y: formula defining the variables of interest.

 estimator: character specifying the desired estimator: it may be “Total” (the 
default) or “Mean”.

svystatTM(design, y, by=NULL, estimator=c(“Total” ,”Mean”), vartype=c(“se”, 
“cv”, “cvpct”, “var”), conf.int=FALSE, conf.lev=0.95, deff=FALSE, na.rm=FALSE)



Practical demonstration

Let’s switch to R!



SYNTHETIC ESTIMATORS



Synthetic estimators

 Simple assumption: small and large areas have the same characteristics

 Example: the average crop yield is homogeneous in districts (small 

area) belonging to the same region (broad area) 

 Advantages of this approach:  

 Simple and intuitive

 Applicable to general sampling designs

 Borrow strength from similar areas

 Can be used to produce estimates for small areas with no sample 

observations



𝒀𝒊,𝑩𝑨 = 𝑵𝒊 ∗
ഥ𝒀(𝑩𝑨)

Where:

 𝑵𝒊 population size for the small area 𝑖


ഥ𝒀(𝑩𝑨) is the direct survey estimate of the mean of the target variable at the 

broad area level

The total value for the variable under study 𝒚 for the large area is proportionally

allocated in all small areas according to the population area sizes 𝑵𝒊.

Broad Area Ratio Estimator (BARE) of a Total



Practical demonstration

Let’s switch to R!



𝒀𝒊,𝑳𝑹𝑬 = 𝑵𝒊 ∗ ഥ𝒚𝒔 (𝑩𝑨) + ഥ𝑿(𝑩𝑨) − ഥ𝒙𝒔 (𝑩𝑨) ∗ 𝜷

Where:

 ഥ𝒚𝒔 (𝑩𝑨), ഥ𝒙𝒔 (𝑩𝑨) sample mean of target variable and auxiliary variable

 ഥ𝑿(𝑩𝑨) population mean of auxiliary variable

 𝜷,𝑵𝒊 linear regression parameters and population size for the small area 𝑖

 ADVANTAGES:

o Easy computation: the only elements required are the local summary 

statistics of auxiliary variables and the parameters መ𝛽.

o Can be used for estimation domains with no sample observations.

o Unbiased, when the assumption that small areas have the same 

characteristics as the broad area is fulfilled.

 NB: Its performance depends on the relationship between the area-level 

parameter and the selected vector of auxiliary variables.

Linear Regression Estimator (LRE) of a Total



The variance of the Linear Regression Estimator is equal to:

𝒗(𝒀𝒊,𝑳𝑹𝑬) = 𝑵𝒊
𝟐 ∗ 𝟏 −

𝒏(𝑩𝑨)

𝑵(𝑩𝑨)
∗

𝝈𝒆
𝒏(𝑩𝑨)

∗ 𝟏 +
ഥ𝒙𝒔 (𝑩𝑨) − ഥ𝑿(𝑩𝑨)

𝟏 −
𝒏(𝑩𝑨)
𝑵(𝑩𝑨)

∗ 𝝈𝒙𝒔 (𝑩𝑨)

 ഥ𝒙𝒔 (𝑩𝑨), 𝝈𝒙𝒔 (𝑩𝑨) sample mean and variance of auxiliary variable in the broad 

area

 ഥ𝑿(𝑩𝑨) population mean of auxiliary variable in the broad area

 𝝈𝒆 mean squared error of model residuals

 𝒏(𝑩𝑨), 𝑵(𝑩𝑨)sampling size and population size in the broad area

 𝑵𝒊 population size for the small area 𝑖

Linear Regression Estimator (LRE) of a Total (2)



Practical demonstration

Let’s switch to R!



𝒀𝒊,𝑹𝑺𝑬 = 𝑿𝒊 ∗
𝒀(𝑩𝑨)
𝑿(𝑩𝑨)

Where:

 𝑿𝒊 is the known total of the auxiliary variable for the small area 𝑖

 𝒀(𝑩𝑨) is the direct survey estimate of the total of the target variable at the 

broad area level

 𝑿(𝑩𝑨) is the direct survey estimate of the total of the auxiliary variable at 

the broad area level

This synthetic estimator uses a broad area survey estimate 𝑌𝐵𝐴and can be 

adopted when the value of a single auxiliary variable, 𝑋, is observed in the 

survey and its total is known from another source (e.g. a census, or a source that is 

not affected by sampling error) for each small area. 

Ratio Synthetic Estimator (RSE)



Practical demonstration

Let’s switch to R!



𝒀𝒊,𝑷𝑺𝑺𝑬 =

𝒈

𝑵𝒊𝒈 ∗
𝒀𝒈
𝑵𝒈

Where:

 𝒈 cross-classifications or post-strata (e.g. 𝑔 = 1 to 6 for three age groups by 

male and female)

 𝒀𝒈 direct survey national estimate of the target variable for cross-classification 

cell g; 

 𝑵𝒈 direct survey national estimate of the population size for cross classification 

cell g; 

 𝑵𝒊𝒈 known population size for cross classification cell g of the small area 𝑖. 

Post-Stratified Synthetic Estimator (PSSE)



The variance of the Post-Stratified Synthethic Estimator is equal to:

𝒗(𝒀𝒊,𝑷𝑺𝑺𝑬) =

𝒈

𝑵𝒊𝒈
𝟐 ∗

σ𝒋∈𝒔𝒈
𝒘𝒋∗ 𝒘𝒋 − 𝟏 ∗ ഥ𝒚𝒔𝒈 −

𝒀𝒈
𝑵𝒈

𝟐

σ𝒈σ𝒋∈𝒔𝒈
𝒘𝒋

𝟐

Where:

 𝒀𝒈, 𝑵𝒈direct survey national estimate of the target variable and the 

population size for cross-classification cell g

 𝑵𝒊𝒈 known population size for cross classification cell g of the small area 𝑖

 ഥ𝒚𝒔𝒈sample mean of target variable for cross classification cell g 

 𝒘𝒋 initial weight associated with j-th unit in the sample

Post-Stratified Synthetic Estimator (PSSE) (2)



Practical demonstration

Let’s switch to R!



COMPOSITE ESTIMATOR



Composite Estimator: Sample-Size-Dependent (SSD)

Expressed as a linear combination of a direct estimator with a synthetic estimator:

𝑌𝑖,𝑆𝑆𝐷 = 𝜙𝑖 ∗ 𝑌𝑖,𝐷𝑖𝑟 + 1 − 𝜙𝑖 ∗ 𝑌𝑖,𝑆𝑦

Where:

 𝒀𝒊,𝑫𝒊𝒓 is the direct estimator for the 𝑖 − 𝑡ℎ small area

 𝒀𝒊,𝑺𝒚 is a synthetic estimator for the 𝑖 − 𝑡ℎ small area

 𝝓𝒊:൞
1 𝑖𝑓 𝑁𝑖 ≥ 𝛿𝑁𝑖
𝑁𝑖
𝛿𝑁𝑖

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

Objective: balancing the bias of the synthetic estimator with the instability (high 

variance) of the direct estimator. Possible examples are:

A possible approach to estimate the MSE of SSD estimators is to treat the weight 𝜙𝑖 as

fixed and note that the variance of the synthetic component 𝑌𝑖,𝑆𝑦 is small relative to the

variance of the direct component, obtaining 𝜙𝑖
2 ∗ 𝑣 𝑌𝑖,𝐷𝑖𝑟 .



Practical demonstration

Let’s switch to R!



THE PROJECTION ESTIMATOR



The Projection Estimator (PE)

It allows producing disaggregated indicators by the joint use of two sample
surveys:

 The first survey, is characterized by a large sample 𝑨𝟏, but only collects
auxiliary information or variables of general use (e.g. socio-economic
variables);

 The second survey has a smaller sample 𝑨𝟐 but collects information on the
target variable 𝓎, along with the same set of auxiliary variables available
from 𝐴1.



Application of the PE on SDG Indicator 2.1.2 



Application of the PE on SDG Indicator 2.1.2 (2)

 A very little number of countries have currently included the FIES module in
their nationally representative surveys.

 To fill this data gap, in 2015, the FAO began collecting the FIES data by
leveraging on the Gallup® World Poll (GWP), a branch of Gallup, Inc. that
collects nationally representative samples of the adult population annually in
nearly 150 countries, covering 90% of the world’s population.

 This has enabled the FAO to collect information from individual respondents at
a relatively low cost and to compute country-level estimates of the prevalence
of food insecurity at different levels of severity that are valid, reliable and
comparable across countries.

Issue: GWP samples are large enough to guarantee representative and
accurate estimates at the national level, but often too small to ensure accuracy at
more detailed disaggregation level.



PE experiment: Data description

A. Malawi’s Fourth Integrated Household Survey (IHS4) 2016-17

The IHS4 is the fourth full survey conducted under the umbrella of the World
Bank’s Living Standard Measurement Study – Integrated Surveys on Agriculture
(LSMS-ISA), and was fielded from April 2016 to April 2017. The IHS4 collected
information from a sample of 12,480 households statistically designed to be
representative at national, district, and urban/rural levels.

B. Malawi FIES module collected through the Gallup World Poll (GWP) 2016

As mentioned, in 2015, the FAO started collaborating with the Gallup Inc. to
implement the FIES module in over 150 countries. The FIES survey module collects
information on the experience of people (individuals over the age of 15) with
food insecurity, through annual nationally representative samples of a size of
approximately 1,000 individuals.



Steps for the implementation 

I. Recoding the variable of interest. The selection of the functional form for
the fuction 𝑚 (e.g simple or logistic regression) relies heavily on the type of
variable 𝑦 considered (e.g. scale, nominal, dichotomous).

II. Identifying and recoding auxiliary variables. It is required the availability
of the same set of auxiliary variables in the two surveys, making sure that
they share common structure and definitions.

III. Selection of variables to be included in the model. Different approaches

are available: stepwise regression, Boruta feature selection (adopted in this
study), etc.



Steps for the implementation (2)

IV. Definition of the function 𝒎() and estimation of projection parameters.
A weighted multinomial logistic regression is used to estimate the projection
parameters needed to compute synthetic values of the variable of interest.
The implemented regression model includes both the auxiliary variables
selected through Boruta and those representing the disaggregation
dimensions of interest (age, sex, income and geographic location). This is
done to meet the condition ensuring sample unbiasedness of the projection
estimator for a specific projection domain.

V. Computation of synthetic values. Using the estimated projection
parameters, the computation of synthetic values of the variable of interest in
the large dataset can take place. This in turn, will allow producing
disaggregated estimates of SDG Indicator 2.1.2 by various disaggregation
dimensions.

VI. Assessment of estimates accuracy. Estimation of the variance of the
projected disaggregated estimates to measure their accuracy.

𝑉𝑎𝑟 𝑌𝑝 = 𝑉𝑎𝑟
σ𝑖𝜖𝐴1

𝑤𝑖1 ∗ 𝑚 𝑥𝑖; 𝛽

σ𝑖𝜖𝐴1
𝑤𝑖1

+ 𝑉𝑎𝑟
σ𝑖𝜖𝐴2

𝑤𝑖2 ∗ 𝑦𝑖 −𝑚 𝑥𝑖; 𝛽

σ𝑖𝜖𝐴2
𝑤𝑖2



Practical demonstration

Let’s switch to R!



Results

Moderate or severe food insecurity

Prob.ms CV (%) Lower_CI Upper_CI

Indirect Total 0,91 1,3 0,88 0,93

Direct 0,91 1,3 0,89 0,93

Indirect Female 0,90 1,4 0,88 0,93

Direct 0,90 1,5 0,89 0,94

Indirect Male 0,91 2,0 0,87 0,94

Direct 0,91 2,0 0,87 0,94

Indirect Rural 0,93 1,2 0,91 0,95

Direct 0,92 1,3 0,90 0,94

Indirect Urban 0,81 6,1 0,72 0,91

Direct 0,82 5,9 0,74 0,93

Indirect 15-24 0,90 2,0 0,86 0,93

Direct 0,89 2,1 0,85 0,93

Indirect 25-49 0.91 1,6 0,88 0,93

Direct 0.92 1,6 0,89 0,95

Indirect 50-64 0,87 3,7 0,81 0,93

Direct 0,90 3,5 0,84 0,96

Indirect 65+ 0,98 1,6 0,94 1

Direct 0,98 1,7 0,95 1

Indirect Inc_1 0,96 1,5 0,93 0,98

Direct 0,97 1,5 0,94 1

Indirect Inc_2 0,96 1,5 0,93 0,99

Direct 0,96 1,6 0,93 0,99

Indirect Inc_3 0,97 1,1 0,95 0,99

Direct 0,97 1,1 0,95 0,99

Indirect Inc_4 0,89 3,6 0,82 0,95

Direct 0,88 3,7 0,82 0,94

Indirect Inc_5 0,74 3,9 0,68 0,79

Direct 0,76 3,9 0,71 0,82



Thank you!


