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Calibration methods to be discussed 

Traditional model-free calibration (MFC) 

 Deville J.-C. & Särndal C.-E. (1992) 

 Särndal C.-E. (2007) 

 Lehtonen & Veijanen (2009) (domain estimation) 

Model-assisted calibration (MC) 

 Wu & Sitter (2001) (Model calibration) 

 Montanari & Ranalli (2005) 

 Lehtonen & Veijanen (2012, 2016) (domain estimation) 

Hybrid calibration HC) 

 Montanari & Ranalli (2009) (Multiple model calibration) 

 Lehtonen & Veijanen (2015) (domain estimation)  

Two-level hybrid calibration (HC2) 

 Lehtonen & Veijanen (2017)  
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Questions of interest 

Relative design-based properties of MFC, MC, HC and HC2 

 Horvitz-Thompson (HT) vs. Hájek (HA) type calibration 

estimators of totals and proportions for domains 

 Accuracy properties 

 Distributional properties of calibrated weights 
 

 

Main interest: What happens in small domains  

(with small domain sample size)? 

 

Empirical framework  

Design-based simulation experiments  

 Generated & real populations 
 GLMMs 
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Target parameters 
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Domain totals for continuous target variable 
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Sample data & estimator types 

6 

 



 

  



 sample from  with sampling design ( )

 part of sample  falling in higher-level area 

, ,  part of sample  falling in domain 

1/  design weight,  inclusion probabilit

d d d

d d d d d

k k k

s U U p s

r s R s R

s s U r s s U

a

 

 
  

 

 

y

HT and HA type calibration estimators for domain totals 

of continuous : 

ˆ ˆ ˆ ˆ    and  ,  
ˆ

Proportions for the binary : 

ˆ ˆ
ˆ ˆ    and   

ˆ

whe

d d

d
dHT dk k dHA dHT d dkk s k s

d

dHT dHT
dHT dHA

d d

y

N
t w y t t N w

N

y

t t
p p

N N

re  are method-specific calibration weights
dk

w



7 

 

  

Calibration equations for MFC, MC and HC
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Calibration vectors for Horvitz-Thompson (HT) and 
Hájek (HA) type MFC, MC and HC estimators 
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MFC 
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Calibration equations for HC2
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Calibration vectors for HT and Hájek type two-
level hybrid (HC2) estimators 
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EXAMPLE 1: Domain totals for simulated 

population 

Design-based simulation experiment with generated data 

  

Fixed finite population of 1,000,000 units 

40 domains of interest:  Minor (15 domains) 

    Medium-sized (15 domains) 

    Major (10 domains) 

Higher level regions: 4 regions, 10 domains per region 

Monte Carlo experiments 

 K = 10,000 SRSWOR samples of n = 2000 units 

 Fitted models: Linear mixed models 
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Calibration vectors for HT & HA type estimators  
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Accuracy of estimators 
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Relative root mean squared error (RRMSE)
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Table 1 Median RRMSE (%) of design-based HT and Hájek type calibration 
estimators for totals for 40 domains in three domain sample size classes 
(Generated population) 

 Expected domain sample size 

All 

Expected domain sample size 

All 
Minor 

12 
Medium 

40 
Major 
122 

Minor 
12 

Medium 
40 

Major 
122 

RRMSE (%) HT type estimators RRMSE (%) Hájek type estimators 

Model-free (direct) method 

MFC 8.82 1.62 0.78 1.72 6.39 1.89 0.91 1.98 

Model-assisted (indirect) methods 

MC 4.29 1.58 0.78 1.67 4.53 1.85 0.91 1.96 

HC 5.49 1.60 0.78 1.69 4.90 1.88 0.92 1.99 

HC2 4.25 1.58 0.78 1.67 4.55 1.86 0.91 1.96 

 



Distributional properties of calibrated weights 

Problems of practical concern in model-free calibration: 

 Possible large variation of weights 

 Weights smaller than one 

 Positive but extremely small weights 

 Negative weights 

To what extent can model-assisted calibration methods help? 

Any differences between HT type vs. Hájek type methods? 

Small simulation experiment: 

 100 SRSWOR samples of size 2,000 elements from U  

Results: 

 Median of interquartile range (IQR) of weights  

 Distribution of weights by domain size 
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Table 2 Median interquartile range (IQR) of calibrated weights 

dk
w  for HT and 

HAdk
w  for Hájek relative (%) to the IQR of HT-

type MFC in minor domains 

Method 

Expected domain sample size 

Minor Medium Major Minor Medium Major 

HT type 
dk

w  Hájek type 
HAdk

w  

Model-free (direct) method 

MFC 100 51 30 79 43 26 

Model-assisted (indirect) methods 

MC 61 35 21 43 28 14 

HC 78 43 25 60 36 21 

HC2 61 36 21 47 28 16 
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Fig. 1 Distribution of weights by domain size class 
HT type calibration estimators 
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Fig. 2 Distribution of weights by domain size class 
Hájek type calibration estimators 

  

  
 



EXAMPLE 2: Domain poverty rates for real 

population 

Design-based simulation experiment with real data of 795,000 adults 

Regional hierarchy: LAU1 regions within NUTS3 regions 

Domains of interest: 36 LAU1 regions 

Higher level regions: 7 NUTS3 regions 

Estimation of poverty rate for the D = 36 domains 

Overall poverty rate in population: 14.3% (9.9 - 22.4%)  

Monte Carlo experiments:  K = 1000 simulated samples 

SRSWOR sampling of n = 2000 persons 

Auxiliary information 
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Calibration vectors for HT and HA type methods 

MFC 
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Table 3 Median RRMSE (%) of design-based HT and Hájek type calibration 
estimators of poverty rates for 36 domains in three domain sample size classes 
(Real population) 

 Expected domain sample size 

All 

Expected domain sample size 

All 
Minor 
<25 

Medium 
25-50 

Major 
>50 

Minor 
<25 

Medium 
25-50 

Major 
>50 

RRMSE (%) HT type estimators RRMSE (%) Hájek type estimators 

Model-free (direct) method 

MFC 70.8 48.7 30.9 48.7 64.6 47.7 30.6 47.7 

Model-assisted (indirect) methods 

MC 54.6 44.0 29.9 44.0 53.9 43.6 30.2 43.6 

HC 69.5 47.1 30.6 47.1 64.1 47.5 30.9 47.5 

HC2 55.2 44.2 30.0 44.2 54.2 44.1 30.4 44.1 

 



Summary of results 

All estimators considered appeared nearly design unbiased 

Model-assisted calibration estimators outperform direct model-free 

calibration in accuracy, in small domains in particular  

Model-assisted calibration shows best overall accuracy 

Hybrid calibration offers coherence property for selected  

x-variables but can suffer from instability in small areas  

Two-level hybrid calibration decreases instability and can provide a 

good compromise 

Model-assisted calibration and two-level hybrid calibration indicate 

best weight performance, for Hájek type calibration in particular 

Hájek type model-assisted calibration MC and two-level HC may offer 

safe choices when negative weights are not allowed 
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Thank you!  
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