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1. INTRODUCTION 

We examine in the paper the statistical properties (design bias and accuracy) of certain 

calibration estimators for the estimation of finite population parameters for population 

subgroups or domains and small areas. Methods considered include the traditional 

model-free calibration and model calibration methods, and a combination of these two 

methods called hybrid calibration. We compare the methods with generalized regression 

(GREG) estimators. Quality of the estimators is assessed by design-based simulation 

experiments using register-based population data maintained by Statistics Finland. 

Our interest is in the estimation of the at-risk-of poverty rate (poverty rate for short) for 

the domains of interest. Poverty rate is one of the components of the so-called combined 

AROPE indicator (at risk of poverty or social exclusion). The AROPE rate is the key 

indicator in monitoring the poverty target in the EU 2020 Strategy [1]. Data for our study 

variable comes from a sample survey (e.g. an income survey). We assume an access to 

register-based auxiliary information covering the target population, and an option to link 

the sample survey data with the register data at the unit level. This offers a flexible 

framework for the construction of the poverty rate estimators for the domains of interest. 

There is an increasing number of statistical infrastructures, where such a framework has 

been developed for official statistics production, notably in Europe (Denmark, Finland, 

Norway and Sweden as forerunners; see [2]).  

2. METHODS 

Calibration techniques [3], [4] are popular in design-based estimation of finite population 

parameters such as totals and means. In model-free (or linear) calibration, weights are 

calibrated to reproduce the known population totals of the auxiliary variables (the so-

called coherence criterion). Aggregate-level auxiliary data are used in the construction of 

the calibration equations. No explicit model statement is needed in the method. The same 

set of calibrated weights can be supplied to the diverse study variables of a survey. In 

official statistics production, these properties are often considered a benefit. From 

statistical point of view, model-free calibration is a natural choice for continuous study 

variables whose relationship to the explanatory auxiliary variables can be described by a 

linear model.  

Model calibration (MC) [5], [6] represents a model-assisted technique, where an assisting 

model is explicitly stated. The weights are calibrated to reproduce the population total of 

the predictions derived via the specified model. Access to unit-level auxiliary data is 

assumed, and a considerable modelling effort is often needed. In a model calibration 

procedure, the method is applied separately for each study variable. Coherence of the 

estimated totals or means with published statistics is not guaranteed. A benefit of model 
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calibration is that models beyond the linear model can be specified, such as logistic 

models and other members of the generalized linear models family. This option offers a 

flexible treatment of different types of study variables, such as binary, polytomous and 

count variables, as well as continuous variables whose relationship to the explanatory 

variables is non-linear. Model calibration was investigated for domain estimation in 

Lehtonen and Veijanen [7], [8]. 

Montanari and Ranalli [9] introduced a version of calibration called multiple model 

calibration. In this method, the coherence property of estimates with published statistics 

is retained for a specified subset of auxiliary variables, and another set of auxiliary 

variables is treated with model calibration. Lehtonen and Veijanen [10] call this method 

"hybrid" calibration, because the method aims at combining some of the favourable 

properties of model-free calibration and model calibration. For example, a part of the set 

of auxiliary variables (whose unit-level population data are available) is incorporated in 

the assisting model (to improve accuracy) and another part (variables whose domain-

level population totals are available) is incorporated in the model-free calibration 

procedure (for coherence with published statistics). The two sets of auxiliary variables 

can be distinct or they may overlap. 

In our first experiment, we compare the semi-indirect variant of model calibration with 

direct Horvitz-Thompson (HT) type estimator and indirect model-assisted logistic 

generalized regression (GREG) estimators [11], [12]. In the second experiment, we 

compare hybrid calibration with model calibration and model-free calibration methods. 

Our study variable (poverty indicator) describing poverty is binary and is modelled by 

logistic fixed-effects and mixed models. Design bias and accuracy of the methods are 

assessed by design-based simulation experiments using real unit-level register data 

maintained by Statistics Finland. 

3. SIMULATION EXPERIMENTS 

For design-based simulation experiments we constructed a unit-level population of one 

million persons in 36 NUTS4 regions in Western Finland The equivalized income, age 

class (0-15, 16-24, 25-49, 50-64, or at least 65 years) and gender were obtained from 

registers, whereas the labour force status and the socio-economic status were obtained 

from a household survey for the household head and imputed for the other members of 

each household. Our binary study variable (poverty indicator) was constructed using 

register data on equivalized income. In the simulations, a number of independent 

SRSWOR samples were drawn from the fixed population. The domains of interest were 

of unplanned type. We calculated domain estimates of poverty rate for the 36D   

NUTS4 regions. The quality of an estimator of domain total over the simulations in a 

domain was assessed by absolute relative bias (ARB; absolute value of the difference of 

mean of an estimator over simulations to the true value, relative to the true value) and 

relative root mean squared error (RRMSE; square root of the squared difference of mean 

of an estimator over simulations to the true value, relative to the true value). 

In the first experiment, we compared GREG and model calibration (MC) estimators with 

a direct HT-type method that does not incorporate auxiliary information. To study the 

effect of the type of an assisting model we fitted two types of models: (a) fixed-effects 

logistic common model without domain-specific terms and (b) logistic mixed model with 

random intercepts associated with the 36 NUTS4 regions. The models included class 

indicators corresponding to main effects and interactions of age class (5 classes) with 

gender, labour force status (3 classes) and the socio-economic status (5 classes). GREG 
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estimators and MC estimators were used with models (a) and (b). The MC estimator was 

of semi-indirect type. The direct HT type estimator serves as a reference. 

The sample size in the 1000K   simulations was 1000n  persons. The domains were 

classified by expected domain sample size into three classes (5-12, 12-25, 25-151 units). 

Results are in Table 1. All estimators were nearly design unbiased as expected. This 

property also holds for the model-assisted estimators, irrespective of model choice. All 

model-assisted methods outperformed the HT-estimator in accuracy. In model-assisted 

methods, semi-indirect MC estimator yielded slightly smaller RRMSE than the 

corresponding LGREG or MLGREG estimator. The best results were obtained with the 

mixed model, and model calibration yielded slightly more accurate estimates than the 

GREG estimator assisted with the logistic mixed model (MLGREG). 

Table 1 Mean absolute relative bias (ARB) (%) and mean relative root men squared error 

(RRMSE) (%) of Horvitz-Thompson, logistic GREG and model calibration estimators of 

poverty rate over domain size classes for 36 small regional areas. 

 

Estimator 

Mean ARB (%) Mean RRMSE (%) 

Expected domain sample size Expected domain sample size 

5-12 12-25  25-151 5-12 12-25  25-151 

HT  1.7 2.2 0.9 83.7 60.1 38.9 

Logistic fixed-effects model 

LGREG 2.1 1.7 0.9 72.8 55.5 37.1 

Semi-indirect MC 2.0 1.9 1.1 72.5 55.3 37.0 

Logistic mixed model 

MLGREG  2.0 1.8 0.9 72.4 55.0 36.8 

Semi-indirect MC  1.9 1.8 0.8 72.1 54.8 36.9 

 

For hybrid calibration, we used gender, age group and labour force status as explanatory 

variables in the logistic fixed-effects models. Main effects of the x-variables were 

included in the models, and there were no domain-specific parameters. In model-free 

calibration we calibrated to domain totals of gender, age group and labour force status. In 

model calibration, we calibrated to domain totals of predictions from the model with all 

three variables (gender, age group, labour force status) as the x-variables. In hybrid 

calibration, we included sex and age group in the model calibration part. Labour force 

status was included in the model-free calibration part. Thus, the overall calibration 

procedure was to the domain totals of the fitted values from the model and to the known 

domain totals of labour force status. In the simulations, 500K  SRSWOR samples of 

2500n  were drawn from the population. The domains were classified by expected 

domain sample size into three classes (<25, 25-50, >50 units). Results are in Table 2.  

Table 2. Mean absolute relative bias (ARB) (%) and mean relative root mean squared 

error (RRMSE) (%) of model-free calibration, model calibration and hybrid calibration 

estimators of poverty rate over domain size classes for 36 small regional areas. 

Estimator 
Expected domain sample size 

<25 25-50 >50 All 

Mean ARB (%) 

Model-free calibration 2.0 2.2 1.2 1.8 

Model calibration 2.4 1.9 1.1 1.7 

Hybrid calibration 2.3 1.9 1.1 1.7 

Mean RRMSE (%) 

Model-free calibration 51.5 39.2 25.9 36.1 

Model calibration 51.9 38.8 25.5 35.8 

Hybrid calibration 52.0 38.9 25.6 35.9 
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Again, all methods were nearly design unbiased. All methods were quite comparable in 

accuracy. In overall accuracy, model calibration and hybrid calibration slightly 

outperformed model-free calibration, but the differences were small. The results indicate 

that a feasible combination of traditional model-free calibration and more recent model 

calibration methods can provide a compromise method partly fulfilling the goals of 

flexible modelling, accuracy improvement and the coherence property. Relative 

properties of the methods are investigated in further research. 
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