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Grateful thanks are due to Wes Basel, Bill Bell, and others In
the SAE group at the Census Bureau for several useful
discussions, support, and encouragement.

During 2012-13 while at NORC, preliminary ideas on BFI
evolved in the process of an external review of the SAHIE
program. During 2014-16, work on BFI got started and is
currently underway in collaboration with Dr. Adrijo
Chakraborty of NORC for potential applications to the SAIPE
and SAHIE programs.
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Cutline

Alntroduction to SAE
ABayesian and Frequentist Approaches
ABFI in SAE for hierarchical benchmarking

ABuilding block small area modeling (BBSAM) of totals for
compatibility between different levels of aggregation

A Grouping of BBs for stabilizing V-C matrix of sampling
errors and for their approximate normality

AModeling over time for estimating change without revising
previous SAEsS

AExtra covariates for built-in or self-benchmarking
ASummary
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What Is SAE?

ADirect estimates 0 (of totals “Y ) are not reliable enough
for lower level areas or domains but may be so for most if
not all very high level areas.

Altis the sample size in the area that determines the need
for SAE.

AA way out is to increase the effective sample size indirectly
by modeling to connect the small area parameters — (i.e.,

by borrowing strength) where
Y 0 ( O)eld ' =—,p & U
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How to model for conneeting

A A Unit level Superpopulation Model:
-LMM W T — -

. X 0 T[Fl, X 0 mh,
AWe have 'Y 0 (° O ) where

=0 f —4+06 =06 Bw,0=0 B -
A If A-level is the lowest level of availability for some @
replace ® by o and the unit level model is rendered

Into an aggregate orA-1 e v e | model . Ot he
available at a higher level B, then use 0 to replace w .
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How to model for conneeting

AThe linear model has common fixed parametersf in the
systematic part and ,, in the random part.

AThe model could be nonlinear mixed such as log linear:

‘ Q
= Q I 'Q _, where
iiTc Q) k-x 0 m,
AThe additive random component _ (= Q Q | )has

mean O and variance Q Q p 0 an LLMARC model.
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How do we get more efficient E

A Sample randomization from the finite population:
“do Y Q, Q ~(0, )
AFinite population randomization from the super-population:
qyY =0 (' 0)
el =06®G 1 =-)-x 0m,
AUnder joint“, randomization, we have two estimates of
"Y ; one is the direct estimator 0 and the other is the

synthetic estimator 0 * . Combine the two to obtain a
more efficient composite estimator assuming w known.

(Fay and Herriot, 1979).
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Some General Issues of Concern

AHaving constant variance of random effects at each level of
aggregation but variable for different levels is not feasible
pbecause any higher level model for totals can be obtained
from lower level models involving the same set of
parameters. E.g., for LMM and letting B- and C- denote
lower and higher levels,

B, 0 - 0 - implies Var (- , B 0 T0

AThe exchangeability assumption for random effects under
Bayesian models at higher levels becomes guestionable.

ATreating w as known goes against the premise of
Inadequate sample size for precise direct estimates. In
practice, resort to generalized variance-covariance
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Some General Issues of Conce

AFor a given level of aggregation, areas or domains with no
observations or zero contributions to the study variable are
set aside during modeling and later only synthetic
estimates provided as SAEs for them. This is not
satisfactory because same areas when part of higher level
areas play a role to obtain nonsynthetic SAEs.

AModels for sample means and totals are not equivalent
unless 0 U --unlikely. Modeling totals allows to have a
single lowest level model from which any higher level
model can be derived. Also avoids the problem of ratio bias
when modeling means.
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———
Bayesian and Frequentist

Approaches

Aln frequentist, inference about unknown parameters of
Interest is based on distributions of statistics under
repeated sampling, but in Bayesian, inference is based on
the posterior distribution of parameters of interest under
some model for the data and prior for unknown
parameters; Little (2006).

A All modeling assumptions can be validated under
frequentist but not under Bayesian because of prior
distribution assumptions for all parameters.
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———
Bayesian and Frequentist

Approaches

AThe “ , model (LMM or GLMM) introduced earlier is
frequentist because no priors specified for the parameters
( ,, )O frequentist model fixed parameters. The

distribution of random effects — , although often referred to
as a prior, Is just part of the model specification as it can be
validated from the data (Rao and Molina , 2015, pp. 270).

AFor a Bayesian “ , model specification, we also need:;
eg,fx O mpm,p Q N, x Yrp m

ADue to random ,, , the random effects — are no longer
Independent unconditionally but are exchangeable.
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Main Limitations of Frequentist

Approaches to SAE

AFrequentist: Estimates of, may be inadmissible or

unsatisfactory under usual methods ; e.g., negative (and
hence truncated to 0) or may take very small values.

AFor GLMM, it may be difficult in general to obtain estimates
of MSE of SAEs adjusted for estimated second order fixed
parameters.

AAlso customary use of normality-based interval estimates
not satisfactory. Some advanced methods have been
developed to overcome these problems under special
cases.
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Main Limitations of Bayesian
Approaches to SAE

ABayesian: No provision of less shrinkage of higher level
direct estimates to synthetic estimates when estimating
higher level totals if the modeling is done at a lower level.

Alf different models used at different levels, and estimates
benchmarked to the higher level SAE in a second step
outside the Bayesian framework, it does not provide
benchmark-adjusted posteriors.

AModel diagnostics not easily understandable by users at
large. In particular, interpretation of any pattern in cross-
validation predictive residuals is difficult due to absence of
any assumed distribution under the model.



