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Introduction

MRP: Multilevel regression and poststratification
Gelman and Little (1997), Gelman and Hill (2006)

SAE with MRP under informative sampling
Poisson probability proportional to size sampling (PPS)

Ignoring informativeness can cause bias in estimation and invalid inferences

Si (2022): MRP design consistent if the poststratification cell structure fully 
accounts for design information

Our study
Behavior of MRP when ignoring sampling informativeness
Does inclusion of sampling information in poststratification help?

MC: Model calibration
Design consistent reference method
Wu and Sitter (2001), Lehtonen and Veijanen (2019)
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Parameters of interest
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MRP estimators
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ˆ      predictions from logistic model, 

NOTE: In usual (design-based) poststratification 
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MC estimators (Hájek type)
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Weights  are obtained by minimizing a chi-square
distance function subject to calibration equations 
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 where

       model calibration weights
ˆ        predictions from logistic model, 

ˆNOTE: MC uses  in calibration equations instead of the auxiliary 
variable values ( ,..., )  as in th
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x e traditional calibration 
of Deville and Särndal (1992), see Wu and Sitter (2001)



Monte Carlo design
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variable in Poisson sampling, ( , ) 0.8

45 domains created by cross-classifying subregions 
( 1,...,15) with three-category  

Independent Poisson samples  ( 1,...,1000) of size 1000 
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Logistic models
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ARB and RRMSE
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Table 1 Scenarios implemented in Monte Carlo 
experiments
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Strategies for accounting for Poisson sampling in inference 
Multilevel regression and poststratification MRP 

Scenario 1 
Predictions k̂y : Design information not included 
Weights MRP

dcw : Design information not included 
 135 poststrata, 3 in each domain 

Scenario 2 
Predictions k̂y : Size variable in model 
Weights MRP

dcw : Size variable in poststratification 
 540 poststrata, 12 in each domain 

Model calibration MC 

Scenario 3 
Predictions k̂y : Design information not included 
Weights MC

dkw : Size variable contributes via design weight 1 /k ka   

Scenario 4 
Predictions k̂y : Size variable in model 
Weights MC

dkw : Size variable contributes via design weight and model 



Table 2 Median ARB (%) and median RRMSE (%) of domain proportion estimators 
of binary Y for 45 domains under unequal probability sampling (Generated 
population, 1,000 Poisson PPS samples of 1,000 elements
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 Design bias 
Median ARB (%) 

Design accuracy 
Median RRMSE (%) 

Expected domain sample size Expected domain sample size 

Minor < 20 
(30 domains) 

Major  20 
(15 domains) 

Minor < 20 
(30 domains) 

Major  20 
(15 domains) 

Multilevel calibration and poststratification MRP 

Scenario 1 29.4 31.5 65.9 54.9 

Scenario 2 15.6 8.2 47.0 37.7 

Model calibration MC 

Scenario 3 2.6 1.2 115.4 45.7 

Scenario 4 7.8 1.2 109.5 41.5 
 

 



Discussion

MRP provides an interesting model-
based approach for small area 
estimation

Sampling informativeness should be 
accounted for in estimation

The success of MRP prominently 
depends on the availability of 
auxiliary information strongly related 
to the outcome and the inclusion 
mechanism

Our limited empirical exercise 
suggests further studies on the 
limitations and potentials of MRP in 
relation to other SAE methods

Relative error of MRP in Domain 1
(minor domain)
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