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Some calibration methods for domain 

estimation 

 Direct* design-based method 

1. Model-free calibration MFC 

   

 Semi-direct* model-assisted methods 

2. Model-assisted calibration MC 

 3. Single-level hybrid calibration HC1 

 4. Two-level hybrid calibration HC2 

  
 

 

(*)  Direct estimator defined as in the US Federal Committee on Statistical 

Methodology (1993) paper and semi-direct as in Lehtonen & Veijanen 

(2012) 
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Using Lagrange multipliers 
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1. Model-free calibration equations 
Direct method 

1
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2. Model-assisted calibration equation:  
Semi-direct method 

0 1

ˆ      ,   

ˆwhere (1, ) ,  , 1,...,

ˆˆ ˆFitted values ( ( )) with ( , ,..., ) , 

e.g. logistic mixed model for a binary y-variable
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3. Single-level hybrid calibration 

equation: Semi-direct method 
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4. Two-level hybrid calibration equation 
Semi-direct method 
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(1) (1)

(2) (2)

Basic idea: Two calibration equations

To be solved simultaneously for a single calibration weight variable

ˆ       ,  (MC part, lower level)
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Two-level hybrid calibration equation - 2 
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*

*

Redefine the domain estimator to include weights 

for all units in region :

Extended y-variable

   , , 0 otherwise

ˆThe new domain estimator is   

Redefine the MC part: Extended 
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Two-level hybrid calibration equation - 3 
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* (1)

2

* (1) (2) (2)

1 2

We apply a new calibration equation for the MC part:

ˆ   ,

Minimize function
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EXAMPLE: Poverty rate for regions 

 Design-based simulation experiment with real data 

 

 Research questions: 

 

 How do MFC, MC and HC1 & HC2 compare in 

accuracy?  

 

 Does the accuracy of MC change when introducing 

benchmarking constraints into MC by single-level HC1? 

 

 To what extent two-level HC2 is capable to reduce the 

effect of instability possible still visible in the MFC part 

of single-level HC1, in the smallest domains? 
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Simulation design 
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  with one million elements (Statistics Finland)

Income data and indicators generated from variables describing 

labour force status (3 classes), age group (3 classes) and gender 

UPopulation

Regional hie  (EC regional NUTS-breakdown):

   NUTS4 sub-regions within NUTS3 regions

 36 NUTS4 regions

   Domains divided into 3 size classes by domain sample size

   (Minor domains - Medium

rarchy

Domains of interest :

-sized domains - Major domains

 7 NUTS3 regions 

   1000 independent SRSWOR samples, 2000K n 

Higher level regions :

Simulation experiments



Parameters and estimators 

14 

 at - risk - of poverty rate in domains

      / ,  1,...,36 

where domain totals of poor people are given by 
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Calibration estimators :



Special cases of z-vectors 
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Assisting models 
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1

for binary response variable 
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Quality measure of estimators 

Accuracy 
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Table 1 Average relative root mean squared error (RRMSE) (%) of calibration 
estimators of poverty rate in domains over domain sample size classes 

 

Estimator 
Assisting model & calibration 

scheme 

Expected domain sample size 

All Minor 
<25 

Medium 
25-50 

Major 
>50 

Direct estimators 

Model-free 
calibration 

NUTS4  1 5(1, ,..., )  k k kx x z  61.1 40.4 20.1 47.3 

Semi-direct estimators 

Model: ( ) exp( ) / (1 exp( ))
m k k d k dd

E y u u u    x β x β , 
1 2 3 4 5(1, , , , , )  k k k k k kx x x x x x  

Model MC 
calibration 

NUTS4 ˆ(1, )k ky z  54.1 37.6 19.8 43.0 

Model: ( ) exp( ) / (1 exp( ))
m k k d k dd

E y u u u    x β x β , 
3 4 5(1, , , )  k k k kx x x x  

Hybrid HC1 
calibration 

NUTS4 1 2
ˆ(1, , , )k k k ky x x z  58.0 39.1 20.1 45.4 

Hybrid HC2 
calibration 

NUTS4 
(1) ˆ(1, )k ky z  

54.2 38.1 20.2 43.3 
NUTS3 

(2)

1 2( , )k k kx x z  

 



Conclusions 

 Two-level hybrid calibration tends to outperform single-level 

HC in accuracy for small domains 
 

 This may happen if the estimation of model-free part at the 

domain level appears unstable in the single-level HC 

because of small domain sample size 
 

 Calibration to higher regional level in the MFC part of HC2 

can involve better stability because of larger regional 

sample sizes  
 

 In this case, the new two-level hybrid calibration method 

may offer a safe choice 

 ---- 
 Hybrid calibration may also provide potentials for 

adjustment for unit nonresponse (further research) 
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