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Abstract 

 
The use of administrative data based official statistics has extraordinarily increased in the last few 
decades. As administrative data exist as a product of systems designed for other primary purposes, it is 
particularly important for statisticians to ensure that the resulting statistics meet the quality users’ 
needs. These include evaluating the coverage error that is one of the main sources of the bias when 
producing administrative based statistics. 
The coverage errors are traditionally addressed through a coverage survey called the Post-enumeration 
Survey (PES). The PES is an independent survey of enumeration areas, which measures the accuracy 
of the population count. In this paper we address the problem by estimating the under-coverage 
through a spatial sampling carried out on the enumeration areas. We computed the relative Root Mean 
Squared Errors (RRMSE) of the estimates obtained by using some Spatially Balanced Designs and we 
used as a benchmark those obtained with a classical sampling design: the Simple Random Sampling 
(SRS). The results show that the gain obtained by using these sampling designs is not trivial. The same 
experiment was conducted both with constant first order inclusion probabilities and with probabilities 
proportional to the size of the enumeration areas (PPS). 
 
Keywords: Census undercount; capture-recapture methods; area frame sampling; Correlated Poisson 
Sampling; local pivotal method; doubly balanced sampling. 
 
1. Introduction 
Most National Statistical Institutes (NSI) have been moved toward an use of administrative data (AD) 
for statistical purposes, both as a substitute for and as a complement to survey data. 
Of course the aim is to reduce the response burden and the cost of primary data collection, as well as 
to produce detailed spatial-demographics and longitudinal statistics. 
According to Eurostat “vision” this is a strategic issue for statistical institutes and the activities of 
several ESSnet contributed to move the attention to this field. 
AD certainly do not provide perfect statistical data, but they may be considered a ‘dirty’ picture of the 
‘ideal’ data: 

• The target population is not covered by the AD (coverage errors);  
• The target measures may differ from the available values (measurement errors); 
• The statistical units of interest may differ from the available objects (unit errors).  

Several aspects of methodological nature are involved. They concern mainly: 
• the development of methods to deal with measure and coverage errors; 
• the assessment of accuracy. 

Most NSIs have a well recognized experience in the use of AD in economic statistics but are less 
experience on Population census and social statistics. UNECE recommendation for the 2020 
Population and Housing Censuses move in this direction: 

• more emphasis on the use of administrative registers  and multi-modal approach to data 
collection 
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• measurement of the accuracy (regardless the used methodology). 
Also the Italian National Institute of Statistics is planning the next Population Census based on a 
extensive use of administrative data. 
Main activities:  

• Detection and integration of available sources to enumerate population on their usual 
residence: Administrative Population registers, Tax register, Job register, Data on education 
attainment; 

• Assessment of the quality.  
The coverage of an administrative register (or integrated administrative registers) is an basic issue in 
this respect.  

• A register has under-coverage if there are population units not enumerated in the register 
• It has over-coverage if some of the units enumerated in the register are not in the target 

population. 
For instance, the target population is the population habitually resident  in Italy the Census day.  

• Administrative register do not cover ‘illegal’ population: under-coverage of the administrative 
data 

• Administrative delay in the registration: under-coverage (Birth, immigration), over-coverage 
(death, emigration) 

•  Administrative delay of transfers: under-coverage and over-coverage at smaller geographic 
domains  

Capture-recapture models are traditionally used to deal with under-coverage problem in population 
size estimation (Fienberg 1992). In the official statistics contexts, a notable application is the 
population  census under-coverage adjustment using an independent sample to generate recapture data 
(Wolter 1986). 
 
2. Capture-Recapture Model 
Assume that: U is a target population, N is the size of U fixed but unknown, the problem is the 
estimation of the population size N, a list A is available, A attempts to enumerate every individual in 
U. The difference between the size of list A and N is defined as the coverage error. Estimation of N  is 
equivalent to estimation of coverage error of list A. To produce measures of coverage error we need to 
assume that List B of the same population is available. 
Classical assumptions of a Capture-recapture model (Petersen model): 

• Closure – Target Population is closed in the reference period and of fixed size; 
• Autonomous Independence – between individuals; 
• Equal catchability - individuals have Homogeneous probability to be captured by each list; 
• Causal Independence – being captured in a given list does not affect the probability of being 

captured by another list; 
• No matching errors; 
• No Spurious Events – no overcoverage due to: duplicates, reporting errors, out-of-scope cases. 

List A and List B are a result of N mutually independent trials, each trial correspond to a unit of the 
true population U, each trial has a multinomial distribution. As a result: 
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where xab is the number of individuals in cell (a,b) for a,b = 1,2,+. The cell count x22 and the coverage 
error are unknown. A model based estimator of the population size (Lincoln Petersen o Dual System 

Estimator - DS) : 
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Usually the additional information (list B) is available in the form of a sample survey of the population 
U. The population is divided into M areal clusters and a simple random sampling of size n is selected 
without replacement. The population is thus completely enumerated within each selected cluster. 
Defining xi,ab as the number of individuals of the cluster i in cell (a,b), for a,b=1,2,+. 
In addition to the evidence that x22 is clearly not available the quantities x11 and x+1 have to be 
estimated from the sample: ∑
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Where wi are sampling weights. Thus, replacing in the NLP estimator: 
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By using similar considerations the coverage rate can be estimated by using:
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3. Spatially Balanced Sampling Designs 
It is difficult to modify the second-order inclusion probabilities while preserving fixed pk. Bondesson 
and Grafström (2011) extended Sampford’s method to address this issue by defining a procedure that 
appears to be only in one dimension, but that actually explores two dimensions of spatial units. On the 
basis of this result, Grafström (2012) proposed a method called spatially correlated Poisson sampling 
(SCPS). The sequential nature of the list means that we first decide the sampling outcome for the first 
unit of a (possibly previously randomly sorted) list, then for the second unit, and so on until n units 
have been selected. If unit 1 is included with probability π1

(0) = π1 , we set I1 =1, otherwise I1=0. After 
each step, the inclusion probabilities for the remaining units in the list are updated according to a 
specific rule. We start with π k

(0) = π k , for k≥1. At step t, the values of I1, I2,…, It-1 are known, and we 

select unit t with probability π t
(t−1) . We update the generic unit k≥t+1 according to 

π k
(t ) = π k

(t−1) − It −π t
(t−1)( )wk−t

(t ) , where wk−t
(t )  are weights that depend on I1, I2,…, It-1 but not on It . To 

preserve the fixed first-order inclusion probabilities, the weight that we can give to a unit is limited by: 
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Using a similar technique, Grafström et al. (2012) derived two alternative procedures for selecting 
samples with fixed πk and correlated inclusion probabilities, as an extension of the pivotal method for 
selecting πps samples (Deville and Tillé 1998). They are essentially based on an updating rule for the 
probabilities πk and πl. At each step, the rules state that the sum of the updated probabilities is as 
locally constant as possible, and that they differ from each other in the way that the two nearby unit k 
and l are chosen. These two methods are referred to as the local pivotal method 1 (LPM1), which the 
authors suggest is better spatially balanced, and the local pivotal method 2 (LPM2), which is simpler 
and faster. A sample is obtained in N steps. At each step, the inclusion probabilities for two units are 
updated, and the sampling outcome is decided for at least one the units.  
Deville and Tillé (1998) suggested randomly choosing a pair of units at each step to maximize the 
entropy of the selected units. Grafström et al. (2012) introduced LPMs that update the inclusion 
probabilities according to the same updating rule of Deville and Tillé (1998) but for two nearby units, 
improving the spatial balance. LPM1 randomly chooses the first unit k, and then the closer unit l (if 
two or more units are the same distance from k, the method randomly chooses between them). If k is 
the nearest neighbor of l, then the inclusion probabilities are updated as follows. 
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Grafström and Tillé (2013) combined their techniques (i.e., the LPM and the CUBE), proposing a new 
method that aims to achieve a double property of balancing. This new method ensures that the sample 
is well-spread avoiding the selection of selecting neighboring units (i.e., as the LPM). Besides, the 
method also allows satisfying balancing equations on auxiliary variables that are available on all the 
sampling spatial units (i.e., as the CUBE). This method is denoted as doubly balanced spatial sampling 
(DBSS). 
 
Figure 1: Emilia Romagna Census Tracts. The size of the dots is proportional the coverage rate 

 
Figure 2: Population size vs Coverage rate for the Emilia Romagna Census Tracts. 
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4. Experiment 
It is important to underline that this is not what ISTAT is doing or planning to do and that our aim is 
not to make any suggestion to ISTAT. This experiment can be considered only as an application of 
spatial sampling to a real problem with real data. 
Some details: 
Italian Region : Emilia Romagna 
Number of Samples: 1000 with n = 350, 1750, 3500 
N = 35585 Census Tracts 
x11= Administrative & Census Population, x1+= Administrative Population, x+1= Census Population 
SCPS : Spatially correlated Poisson sampling 
LPM1 & 2: Local pivotal method 1 & 2 
LCB1 & 2: Local cube method (Doubly balanced sampling) constrained to linear (1) and quadratic 
trend (2) 
pi constant and proportional to x1+ 
RRMSE Estimate: x11, x1+, x+1, NLP, t, sb (balancing Index) 
Benchmark: srs or πps 
Table 1: RRMSE=RMSEMethod/RMSESRS 

 
Table 2: RRMSE=RMSEMethod/RMSEPPS 

Method n x
11

 x
+1

 N
LP

 
τ sb 

scps 350 1,055 1,153 1,226 1,210 0,624 
scps 1750 0,952 0,983 1,036 1,036 0,674 
scps 3500 1,005 0,911 0,922 0,922 0,708 
lpm1 350 1,034 1,039 0,928 0,929 0,651 
lpm1 1750 0,999 0,968 0,876 0,877 0,657 
lpm1 3500 1,044 1,087 1,121 1,119 0,690 
lpm2 350 1,076 1,082 0,880 0,880 0,630 
lpm2 1750 1,010 1,127 1,302 1,296 0,670 
lpm2 3500 1,021 0,926 0,846 0,846 0,697 
lcb1 350 1,049 1,131 1,131 1,126 0,778 
lcb1 1750 0,970 1,364 2,055 2,023 0,813 
lcb1 3500 1,042 1,237 1,341 1,337 0,825 
lcb2 350 1,073 1,093 0,910 0,911 0,719 
lcb2 1750 0,984 1,662 2,750 2,665 0,767 
lcb2 3500 1,054 1,193 1,251 1,249 0,820 
 

Method n x
11

 x
1+

 x
+1

 N
LP

 
τ sb 

scps 350 0,951 0,953 0,951 0,924 0,924 0,275 
scps 1750 0,884 0,885 0,884 0,913 0,913 0,322 
scps 3500 0,802 0,801 0,801 0,889 0,889 0,333 
lpm1 350 0,919 0,918 0,919 1,001 1,001 0,285 
lpm1 1750 0,891 0,891 0,890 0,938 0,938 0,318 
lpm1 3500 0,831 0,832 0,831 0,880 0,880 0,333 
lpm2 350 0,938 0,937 0,937 0,883 0,883 0,291 
lpm2 1750 0,877 0,878 0,877 0,930 0,930 0,323 
lpm2 3500 0,858 0,857 0,857 0,914 0,914 0,335 
lcb1 350 0,926 0,925 0,926 0,914 0,914 0,261 
lcb1 1750 0,879 0,880 0,878 0,963 0,963 0,291 
lcb1 3500 0,800 0,799 0,800 0,914 0,914 0,319 
lcb2 350 0,960 0,962 0,960 0,908 0,908 0,251 
lcb2 1750 0,890 0,890 0,889 0,939 0,939 0,303 
lcb2 3500 0,812 0,810 0,813 0,903 0,903 0,313 
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Theorem 1 (Grafstrom 2012): Let the population consist of two separated regions A and B, such that 
the within region distances are always less than the distance between units in different regions. If 
Σi∈Aπi = nA and Σi∈B πi = nB, where nA and nB are positive integers, then the maximal weight strategy 
produces samples of fixed sizes, nA and nB respectively. 
Theorem 2: If the population is partitioned in d=1,...,D domains such that every unit i in d can be 
included only in the Voronoi polygon of a selected unit j belonging to d, then if Σi∈dπi = nd the sample 
size in each domain will be equal to the size of the domain divided by the average size of its Voronoi 
polygons: n*

d= nd/Md(vi) thus E(n*
d)= nd and V(n*

d)≈K(nd)Vd(vi) (Taylor series). If the sample is 
spatially balanced then Vd(vi)=0 and any not planned domain regularly shaped will have a controlled 
sample size. 
 
Table 3: σMethod (n)/ σSRS (n) 

Method n PIACENZA PARMA 
REGGIO	  

NELL'EMILIA MODENA BOLOGNA FERRARA RAVENNA 
FORLI'	  -‐	  
CESENA RIMINI 

scps 350 0,219 0,326 0,382 0,304 0,265 0,260 0,284 0,272 0,233 
scps 1750 0,136 0,189 0,226 0,188 0,167 0,175 0,181 0,171 0,138 
scps 3500 0,120 0,162 0,187 0,158 0,148 0,148 0,150 0,153 0,121 
lpm1 350 0,217 0,302 0,348 0,303 0,250 0,249 0,273 0,261 0,226 
lpm1 1750 0,139 0,184 0,215 0,189 0,166 0,168 0,180 0,168 0,127 
lpm1 3500 0,109 0,151 0,180 0,153 0,143 0,140 0,150 0,144 0,116 
lpm2 350 0,214 0,298 0,349 0,301 0,257 0,247 0,262 0,253 0,223 
lpm2 1750 0,134 0,179 0,220 0,191 0,168 0,174 0,183 0,176 0,132 
lpm2 3500 0,110 0,148 0,182 0,151 0,142 0,138 0,147 0,139 0,110 
lcb1 350 0,202 0,278 0,318 0,274 0,239 0,245 0,253 0,236 0,205 
lcb1 1750 0,124 0,169 0,194 0,172 0,149 0,159 0,174 0,163 0,119 
lcb1 3500 0,105 0,141 0,160 0,136 0,135 0,132 0,147 0,136 0,106 
lcb2 350 0,207 0,269 0,286 0,258 0,231 0,240 0,250 0,227 0,201 
lcb2 1750 0,121 0,156 0,173 0,160 0,147 0,151 0,156 0,155 0,115 
lcb2 3500 0,104 0,134 0,150 0,129 0,125 0,127 0,136 0,126 0,095 
 
5. Conclusions 
Spatially Balanced Samples can be used productively and efficiently not only in agricultural, forestry 
and environmental surveys but also in social and business surveys. This is because area frame 
sampling has an important role in the statistical use of administrative data for the quality control of list 
frames (coverage rate estimation). 
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