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1. INTRODUCTION 

In recent years, statistical analysis based on different data-sources has become an active 

area of research in both theoretical and applied statistics. In particular, due to the 

increasing availability of administrative data, problems concerning the use of multiple 

sources for estimation purposes have been receiving an increasing attention in Official 

Statistics. Frequently National Statistical Institutes (NSIs) try to combine data from 

available sources in order to build “statistical” archives to be used in different phases of 

the statistical production process. Massive use of “external” data is being considered by 

NSIs as an important alternative to the traditional approaches based on survey data. In 

fact, this approach allows NSIs to move resources previously allocated in conducting 

surveys to other activities, reducing at the same time the response burden on respondents. 

Moreover, statistical analysis based on large datasets may result in more accurate 

estimates than the ones that can be obtained through sample surveys. On the other hand, 

combining data to build a statistical information system is a complex task. In fact, 

administrative data are typically collected by different institutions for specific purposes 

(for instance, data on enterprises provided by the tax agency have “fiscal nature”) and 

may not be usable in their original form for statistical purposes. Thus, a lot of “pre-

processing” work has to be done in activities (such as harmonization of definitions, 

variable standardization, etc.) aiming at providing users with data that satisfy their 

informative requirements. Another important issue is related to the possibility of partial 

(or total) overlapping among informative contents from different sources. This is of 

course of no concern when differences among values of corresponding items are 

negligible, but problems can arise when, due to “measurement errors”, strong 

discrepancies are observed. In the latter case some decision strategy is necessary. A 

possible approach is to rely on a “hierarchy” based on preliminary analyses of the data 

quality of each source. In presence of discordant values, the source with the “highest” 

score according to the established hierarchy is chosen. Getting information from a single 

source for each statistical unit has the advantage of preserving coherence among different 

items. This approach has been used for instance at the Italian Institute of Statistics 

(ISTAT) to build a statistical information system for annual Structural Business Statistics 

on small and medium enterprises [1]. The problem with the hierarchical approach is that 

it is not obvious how to define the hierarchy among sources. Moreover, in some 

situations, information from sources with low score in the hierarchy could be used when 

not plausible values or missing values are observed in the highest quality source. These 

observations suggest an alternative approach where one takes advantage of the 

simultaneous availability of information from different sources. According to this 

approach, all the available information is used and “weighted” according to its reliability. 

In this paper, a model for the prediction of “true” values of some numeric variable of 

interest conditional on all the available information is presented. The true values of the 

target variable are viewed as realizations from a latent (unobserved) variable and the 

                                                 
1
  Istat – Italian National Institute of Statistics, Via Cesare Balbo 16, 00184 Rome 

mailto:guarnera@istat.it)
mailto:varriale@istat.it)


2 

distinct (possibly coinciding) observed values from different sources are considered as 

imperfect measurements of this latent variable. Given a model for the true data and a 

measurement error model for each available source (through the specification of a 

conditional distribution of the data observed in the source given the true unobserved 

data), one can easily derive, via Bayes formula, the distribution of the true data given the 

observed data. In the next section, details are provided. 

2. THE MODEL 

2.1. The true data model 

Let us assume that the true unobserved data are realizations from n iid random Gaussian 

variables 
*

iY , with mean i  
and common variance 2

 
(i=1,..n). We also allow for the 

possibility of a linear dependence of the means i  
on some set of q covariates 

)'...,,( 10 iqiii xxxx   observed without error, i.e., we assume the relation 

iqqiiii xxxx   ...1100

' , where j
 
(j=0,..q) are unknown coefficients to be 

estimated and, as usually, we put 10 ix . Thus, true data are modeled via the ordinary 

linear regression model: 

1) 
 iii UxY  '*  ,   i=1,..n, 

where iU  are iid Gaussian variables with zero mean and variance 
2 . In real 

applications on economic data, logarithms of data instead of data in their original scale 

are often assumed to be normally distributed. This does not imply substantial changes in 

the proposed methodology.  

2.2. The error model  

Assume that the variable of interest is observed with error in G sources (for instance 

administrative archives) and let 
g

iY  be the variable corresponding to the value observed 

in the source g for the unit i (i=1,..n;  g=1,..G). In order to complete the modeling, we 

have to specify the measurement error model for each source, that is, the conditional 

distribution of 
g

iY
 

given the true value *iy . We assume an “intermittent” error 

mechanism reflecting the fact that only a fraction of the available data are affected by 

errors, or, in other words, that data are only partially contaminated. This assumption 

naturally leads to the adoption of contamination models for the observed data. 

Contamination models have been largely used to detect outliers or influential errors in 

statistical data [2],[3] available from a single data source.In detail, we model the 

intermittent nature of the error on the different data sources via Bernoullian variables 
g

iZ
 

with parameters g , i.e., 1
g

iZ
 
if an error occurs for the unit i in the source g, or in 

other words, if 
*

i

g

i YY   and zero otherwise. Also, given the event { 1
g

iZ } (presence of 

error in source g), we assume that 
g

ii

g

i YY 
*

 where 
g

i  is supposed to follow a 

Gaussian distribution with zero mean and variance 2 g  
where g

 
is a scalar constant 

(g=1,…,G). In short, the measurement error model can be described through the 

equation: 

2) 
 

g

i

g

ii

g

i ZYY 
*

      
g=1,…,G;  i=1,..,n. 
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Equations 1) and 2) completely specify the assumed model. We note that the parameters 

( gg  , ) can be thought of as quality indicators for the source g, representing, 

respectively, the (a priori) error probability and the effect of the error (variance inflation).  

2.3. Estimation 

From the above model assumptions it follows that the distribution ),...,()(
1 G

iii yyfyf 
 

of the random vector ),...,(
1 G

ii YYY   associated with the measures of the target variables 

from the different sources is a mixture of probability distributions corresponding to the 

different errors patterns across the sources. Formally: 

3) ),,,;()( 2
2

1

ik

k

ki yhwyf

G





          

,,..,1 G 
   

,,..,0 q   

where the sum is over the G2
 
error patterns, and for the kth pattern the “mixing weight” 

wk is the product of G factors of the form g  or g1 depending on whether the pattern 

k corresponds to an erroneous or correct value in the source g. The densities hk  in 3) are 

suitable products of Gaussian distributions possibly degenerated in mass points. It is 

important to note that the problem of associating the observations with the different error 

patterns is partially super-visioned, in that assignment is without uncertainty whenever at 

least two values across the different data-sources coincide.  Based on the observed-data 

distribution, we can estimate the model parameters ggj  ,,, 2
 
(j=0,..q;  g=1,..,G) 

to be used for assessing the quality of the different sources and making predictions on the 

true values *

iy , conditional on a set of simultaneous observations of the target variable on 

the available sources. We have implemented an appropriate Expectation Maximization 

(EM) algorithm for the maximum likelihood estimation (MLE) of  . The estimated 

parameters are plugged in the distribution of the true data conditional on the observed 

data to obtain predictions of true values in all cases where no equalities are observed 

among the different measures. Experiments on both simulated and real data show good 

performances of the method. In particular, the estimates of the measurement error model 

agree with the quality assessments of the subject matter experts. In order to make the 

methodology usable also in the (frequent) situations where data are not always available 

from every source, the algorithm has been extended to incorporate also the incomplete 

observations in the estimation process. Although this requires working with 

combinations of error and missing patterns, the extension is quite straightforward and 

does not imply excessive increase of computation time.  

3. RESULTS 

In this section, an evaluation of the proposed methodology based on a Monte Carlo (MC) 

study is presented. At each MC iteration, a sample of n=1000 “true data” *

iy (i=1,..n) has 

been generated in logarithmic scale according to the regression model 1) with two x 

variates. The corresponding regression parameters are: 25.0,2,1 2

210   . 

Three measurement processes (i.e., three data sources) have also been simulated 

according to 2) where G=3, ),,( 321  (0.2, 0.3, 0.4), and ),,( 321  (2, 2, 8). This 

implies that the best data source is the first one, while the third source provides the least 

reliable information. Finally, missing values have been randomly introduced in the three 

sources according to the missing rates 0.50, 0.10, 0.20 respectively. At each MC run, the 

estimates of the model parameters have been obtained and used to estimate the posterior 
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probabilities corresponding to the different error patterns on each unit. Moreover, 

predictions of true values conditional on the available information have also been 

computed for each unit. Three methods have been compared for building a single set of 

micro-data. For all the methods, the “obvious” cases corresponding to at least two 

coinciding sources have been preliminary treated considering the repeated values as true. 

The remaining micro-data have been determined as follows. With the first method 

(hierarchical) the values are chosen based on the source hierarchy: thus, the first source 

is always chosen whenever it is available, while, in cases where 
1

iY is missing, 
2

iY is 

always preferred to 
3

iY , and the third source is used only if it is the only available source. 

With the second method the source is chosen where the reported value has the “highest” 

(estimated) posterior probability of being error-free. Finally, the third method is based on 

the model prediction, i.e., the micro-data are the expectation of true data conditional on 

data observed from the different sources. In all approaches, predictions for units where 

no source is available have been obtained by simply regressing the Y variable on the 

(always observed) X variates. We assume that the target quantity is the population mean. 

For each method, the relative root mean square error has been estimated by averaging 

over 500 MC iterations. Results are reported in Table 1. 

Table 1. RSSME for methods based on source hierarchy (hier), posterior 

probabilities (pp), and model predictions (pred) 

hier pp pred 

0.30 0.24 0.07 

 

As expected the best performances are provided by the method that uses the model 

predictions to impute micro-data, while the worst method is the one based on the fixed 

source hierarchy. 

At the moment, methodology and its software implementation have been fully developed 

in the univariate case. Multivariate extensions imply more complex procedures for the 

likelihood maximization and are under investigation. 
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