
Statistical Journal of the IAOS 32 (2016) 537–544 537
DOI 10.3233/SJI-150951
IOS Press

Estimation from contaminated multi-source
data based on latent class models

Ugo Guarnera∗ and Roberta Varriale
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Abstract. Recently, many statistical institutes have been moving from traditional estimation approaches based on sample survey
data to new approaches that try to exploit the increased availability of administrative data, due to the need of reducing the response
burden and providing users with more reliable statistical information. In this context, problems concerning the use of multiple
sources for estimation purposes have been receiving an increasing attention in Official Statistics. A commonly adopted strategy is
to rely on a “hierarchy” of the sources, based on preliminary analyses of the data quality of each source. In this work, we propose
an alternative approach based on the concept of latent variables, where one takes advantage of the simultaneous availability of
information from different sources. The true values of the target variable are viewed as realizations from a latent (unobserved)
variable and the distinct (possibly coinciding) observed values from different sources are considered as imperfect measurements
of this latent variable. According to this approach, all the available information is used and “weighted” according to its reliability,
and a prediction of “true” values of some numeric variable of interest is obtained conditional on all the available information.
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1. Introduction

In recent years, statistical analysis based on differ-
ent data sources has become an active area of research
in both theoretical and applied statistics. In particu-
lar, due to the increasing availability of administrative
data, problems concerning the use of multiple sources
for estimation purposes have been receiving an increas-
ing 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 produc-
tion 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 previ-
ously allocated in conducting surveys to other activ-
ities, 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
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a statistical information system is a complex task. In
fact, administrative data are typically collected by dif-
ferent institutions for specific purposes (for instance,
data on enterprises provided by the tax agency have
“fiscal nature”) and may not be usable in their origi-
nal form for statistical purposes. Thus, a lot of “pre-
processing” work has to be done in activities, such
as harmonization of definitions, variable standardiza-
tion, etc., aiming at providing users with data that sat-
isfy 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 differ-
ences among values of corresponding items are negli-
gible, but problems can arise when, due to “measure-
ment errors”, strong discrepancies are observed. In the
latter case some decision strategy is necessary. A pos-
sible approach is to rely on a “hierarchy” based on pre-
liminary 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 co-
herence among different items. This approach has been
used for instance at the Italian Institute of Statistics
(Istat), to build a statistical information system for an-
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nual Structural Business Statistics (SBS) on small and
medium enterprises [1]. The problem with the hierar-
chical approach is that it is not obvious how to define
the hierarchy among sources. Moreover, in some sit-
uations, information from sources with low score in
the hierarchy could be used when implausible values
or missing values are observed in the highest quality
source. These observations suggest an alternative ap-
proach where one takes advantage of the simultaneous
availability of information from different sources. With
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 nu-
meric variable of interest conditional on all the avail-
able information is presented. The true values of the
target variable are viewed as realizations from a latent
(unobserved) variable and the distinct (possibly coin-
ciding) observed values from different sources are con-
sidered as imperfect measurements of this latent vari-
able. Given a model for the true data and a measure-
ment 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 distribu-
tion of the true data given the observed data.

Other authors have used latent variable models to es-
timate the validity of administrative variables. For ex-
ample, in [2] a structural equation model is used to as-
sess and compare the quality of administrative sources
for statistical use, and in [3] a simulation study is per-
formed to test the robustness of this method to differ-
ent amounts of measurement error, to misspecification
of the measurement model, and to small sample size.
In [4] the measurement error of a categorical target
variable is determined by matching the information ob-
tained by the longitudinal part of a survey with unique
register data, taking into account that also register data
are not error-free and that measurement error is likely
to be correlated over time. In particular, the authors
propose the estimation of the measurement error in the
two sources using an extended hidden Markov model
with two categorical observed indicators.

The approach proposed in the present paper deals
with continuous data variables, and takes into account
the measurement error in the different data sources.
The proposed latent variable model can be used for
different purposes. First, the error mechanism param-
eters can be used to assess the quality of the avail-
able sources. Second, individual predictions, obtained
taking expectations of the true data distribution con-
ditional on the observed data, can be used for edit-

Fig. 1. Informative context with 4 data sources.

ing activities. In this context, the proposed model can
be considered as a natural extension of the contami-
nation model used in [5] to identify influential errors
in data from a single data source. Finally, predictions
can be directly used to build a micro-data file for esti-
mation purposes in particular circumstances, e.g. when
the micro-data file has not to be disseminated to exter-
nal users.

The paper is organized as follows: Section 2 de-
scribes the model focusing on the true data model (2.1),
the error model (2.2) and the estimation process (2.3).
Section 3 presents a simulation study using both simu-
lated and true data. Section 4 concludes the paper.

2. The model

In this section we illustrate the model used to han-
dle multisource data. The general informative context
is represented in Fig. 1: p target variables are observed
in G data sources, but not all the variables are avail-
able in each source, and the sources cover only subsets
of the target population. Note that in some cases more
than one data source is available, while in other cases
there is no information at all.

In the paper, we focus on the univariate case, with
only one target variable measured in G data sources.
As in the general case, the different sources may cover
only subsets of the whole target population.

2.1. The true data model

Let us assume that the true unobserved data are re-
alizations from n iid random Gaussian variables Y ∗

i ,
with mean μi and common variance σ2(i = 1, ..n).
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We also allow for the possibility of a linear depen-
dence of the means μi on some set of q covariates
xi = (xi0, xi1 . . . , xiq)

′ observed without error, i.e.,
we assume the relation μi = β′xi = β0xi0 + β1xi1 +
. . .+βqxiq , where βj(j = 0, . . . , q) are unknown coef-
ficients to be estimated and, as usually, we set xi0 ≡ 1.
Thus, true data are modeled via the ordinary linear re-
gression model:

Y ∗
i = β′xi + Ui, i = 1, . . . , n, (1)

where Ui are iid Gaussian random variables with zero
mean and variance σ2.

In real applications on economic data, logarithms of
data instead of data in their original scale are often as-
sumed 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 some (possible all) of the G sources S1, ..., SG

(for instance administrative archives) and let Y g
i be

the variable corresponding to the value observed in the
source Sg for the unit i (i = 1, . . . , n).

In order to complete the modeling, we have to spe-
cify the measurement error model for each source,
that is, the conditional distribution of Y g

i given the
true value y∗i . An essential feature of the error mecha-
nism to be taken into account is its “intermittent” na-
ture, where “intermittence” refers to the fact that in the
present context, differently from common situations in
experimental sciences, it is assumed that only a frac-
tion 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 con-
tamination models for the observed data. These mod-
els have been largely used to detect outliers or influen-
tial errors in statistical data available from a single data
source [5,6].

In detail, we model the intermittent nature of the
error on the different data sources via independent
Bernoullian variables Zg

i with parameters πg , i.e.,
Zg
i = 1 if an error occurs for the unit i in the source

Sg, or in other words, if Y g
i �= Y ∗

i , and zero other-
wise. Also, given the event {Zg

i = 1}, we assume that
Y g
i = Y ∗

i + εgi where εgi are mutually independent
Gaussian variables with zero mean and variance αgσ

2,
where αg is a positive constant (g = 1, . . . , G).

In short, the measurement error model can be de-
scribed through the equation:

Y g
i = Y ∗

i + Zg
i ε

g
i g = 1, . . . , G; i = 1, . . . , n. (2)

Fig. 2. Linear regression and measurement error model.

Equations (1) and (2) completely specify the model.
We note that the parameters (πg, αg) can be thought
of as quality indicators for the source Sg, representing,
respectively, the (a priori) error probability and the ef-
fect of the error (variance inflation).

In Fig. 2 the model is illustrated. Following the con-
ventions, the circle and the rectangles represent the la-
tent and observed variables respectively, arrows con-
necting latent and/or observed variables represent di-
rect effects, which do not need to be linear.

Some issues on the model assumptions need to be
discussed. First, the assumption E(εgi ) = 0 implies
that the errors in all the sources are “random”, so that
the model would be not appropriate in presence of sys-
tematic errors. It follows that the approach should be
applied after some appropriate editing of the data to
start with. Alternatively, one could introduce additional
terms in the model to account for possible systematic
errors such as definitional bias. For instance, the model
Y g
i = ag + bgY ∗

i + Zg
i ε

g
i could be used in place of

model 2). However, the latter option implies the need
to introduce some distributional constraints in order to
identify the additional parameters ag and bg. This is
what is usually done in the context of factor analysis,
where the latent variables are hypothetical constructs
to be interpreted. In the present context, where the non-
observed variable Y ∗

i has its own definition being re-
lated to some quantity of the real world, we define the
Y gs as variables coinciding with Y ∗ with probability
greater than zero, and we treat the other relevant vari-
ables not having this property as covariates.

A second important issue is related to the fact that
in the present model the εgi variables, as well as the
Zg
i variables, are supposed to be mutually independent.

This corresponds to assuming independence of the dif-
ferent measurement processes, or, more precisely, con-
ditional independence of the available measures (Y g

i

variables) given the true data (Y ∗
i variables). The as-
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sumption of independence among the measurement er-
rors in the different sources may be unrealistic in some
circumstances. Specifically, local dependence effects
may occur when some non-observed characteristics of
the target population (e.g., specific of some subpopu-
lations) have similar effects on the measures from the
different sources. The inclusion of these effects in the
modelling by relaxing the conditional independence
assumption makes the correlation structure of the ob-
served data (and thus of the estimation process) much
more complex and will not be taken into account in the
present work.

2.3. Estimation

In order to estimate the parameters of the model
specified via Eqs (1) and (2), we need to derive the
observed data distribution. Since we treat the case of
partially overlapping sources, where for some units
less than G sources may be available (see Fig. 1),
the observed data for each unit i are the measures
yj1i , . . . , yjmi corresponding to the m available sources
Sj1 , . . . , Sjm , where (j1, . . . , jm) ⊂ (1, . . . , G).

From the above model assumptions it follows that
the distribution f(yi) = f(yj1i , . . . , yjmi ) of the ran-
dom vector Yi = (Y j1

i , . . . , Y jm
i ) associated with the

measures from Sj1 , . . . , Sjm available for the ith unit
is a mixture of probability distributions corresponding
to the different error patterns across the sources. For-
mally:

f(yi) =

2m∑

k=1

wkhk(yi;β, σ
2, α),

(3)
α ≡ αj1 , . . . , αjm , β ≡ β0, . . . , βq,

where the sum is over the 2m error patterns across
Sj1 , . . . , Sjm , and for the kth pattern, the “mixing
weight” wk is the product of m factors of the form
πg or (1 − πg) depending on whether the pattern k
corresponds to an erroneous or correct value in the
source Sg . The densities hk in 3) are suitable products
of Gaussian distributions possibly degenerated in mass
points.

As an example, let us consider the case of three
sources where the values of a target variable Y are
reported. The pattern corresponding to correct (coin-
ciding) values in the first two sources and to an er-
ror in the third source will be associated to the weight
(1− π1)(1− π2)π3 and to the density:

h(y1i , y
2
i , y

3
i ) =N(y1i ;β

′xi, σ
2)δ(y2i − y1i )

N(y3i ; y
1
i , α3σ

2),

where δ(·) is the Dirac’s delta-function with mass at
zero. In this example the first two sources give the same
information (this is the reason why the delta-function
appears), implying that the common reported value is
correct (according to the assumed model, the proba-
bility that two erroneous values are equal is zero). On
the other hand, the third source gives information only
on the error mechanism since in this case the error
y3i −y∗i = y3i −y1i = y3i −y2i is actually observed. From
the example we argue that the problem of classifying
the observations according to the different error pat-
terns is partially supervised, in that the assignment is
without uncertainty whenever at least two values from
different data sources coincide.

The log-likelihood function based on the observed
data distribution is obtained by taking logarithm of (3)
and summing over the units (i = 1, . . . , n). We im-
plemented an appropriate Expectation Maximization
(EM) algorithm for the maximum likelihood estima-
tion (MLE) of the model parameter θ ≡ βj , σ

2, πg, αg

(j = 0, . . . , q; g = 1, . . . , G). Programming codes for
R, developed by the authors, are available on request.

As described in Section 2.2, the estimates of the er-
ror model parameters πg, αg can be used to assess the
quality of the sourceSg, being related to the proportion
and magnitude of errors in Sg , respectively. Moreover,
the estimation procedure provides, for each unit i and
source Sg, the estimated posterior probabilities τ̂ig of
presence of error defined as:

τ̂ig =
∑

k∈Ig

ŵkĥk,i

2m∑
l=1

ŵlĥl,i

,

where ŵk and ĥk,i are the estimates of the correspond-
ing quantities in Eq. (3) and Ig is the set of indices as-
sociated with the error patterns where ygi is not correct.
These posterior probabilities could be used to select,
for each unit, the best source to take the information
from. Finally, the single predictions for each unit can
be used to build a micro-data file to be used for diffe-
rent estimation purposes. Moreover, the predictions
can also be compared with the values reported in the
different data sources in the context of data editing ac-
tivities.

It is worthwhile noting that, because of the identifi-
ability of finite mixture of Gaussian distributions [7],
the intermittent nature of the error mechanism makes
the multi-source model indentifiable also in situations
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where the corresponding model with “genuinely con-
tinuous” random noise is not identifiable. For instance,
in case G = 1, if Ui and εi are zero mean Gaussian
variables with variances σ2 and ασ2 respectively, the
model specified through the equations a) Y ∗

i = Ui and
b) Yi = Y ∗

i + εi is not identified, while it becomes
identified if equation b) is replaced by the equation b’)
Yi = Y ∗

i + Ziεi, where Zi is a Bernoullian variable
with parameter π. In fact, in the latter case the observed
data distribution f(yi) is a mixture of two Gaussian
distributions with common (zero) mean and different
variances:

f(yi) = (1− π)N(yi; 0, σ
2) + πN(yi; 0, ασ

2).

Another important issue that has to be considered in
the estimation context is the number of possible error
patterns involved in the (log-)likelihood function. This
is equal to 2m when m (m � G) sources are available,
and becomes very large if there are many data sources.
However, in most practical applications is not likely to
be very large and, although the total number of possible
error patterns increases exponentially, the number of
model parameters increases only linearly as a function
of G.

3. Simulation study

In this section, an evaluation of the proposed meth-
odology based on two Monte Carlo (MC) studies is
presented. The first study is based on completely sim-
ulated data, while in the second study only the error
mechanism is simulated by randomly perturbing real
economic data that are taken from a subset of the Istat
statistical information system for annual SBS. In both
studies a single covariate X is considered.

3.1. Study I: Completely simulated data

At each MC iteration, a sample of n = 2556 “error-
free data” (i = 1, . . . , n) has been generated in loga-
rithmic scale according to the regression model 1) with
one X covariate. The sample size n is the same as the
size of the real dataset used in study II.

In order to compare the results with the ones from
the real data experiment, we have used, as true model
parameters, the (robust) estimates obtained by regress-
ing the Y variable on the X variable in the real eco-
nomic (log)data. The corresponding values are β0 =
9.7, β1 = 1.2, σ2 = 0.32. Three measurement pro-

cesses (G = 3) have also been simulated according to
(2) where different set of values have been used for pa-
rameters πg and αg . Finally, missing values have been
randomly introduced in the three sources with missing
rate 0.50 for S1, 0.10 for S2, and 0.20 for S3, repro-
ducing the missing rates observed in the real dataset
used in study II.

For each set-up of the experiment and for each MC
run, the EM-estimates of the parameters have been
used to estimate the posterior probabilities τig for each
unit i. Moreover, predictions of true values Y ∗

i condi-
tional on the available information have also been com-
puted for each unit. Three methods have been com-
pared for building a single set of predicted micro-data.
For all the methods, the “obvious” cases correspond-
ing to at least two coinciding sources have been pre-
liminary treated by considering the repeated values as
true. The remaining values have been determined as
follows. With the first method the values are chosen
based on the source hierarchy (hier) that is defined,
whenever possible, according to the “quality parame-
ters” πg and αg . Specifically, when the “quality rank”
of the sources is the same with respect to the (esti-
mates of the) πg and αg parameters (i.e., when the or-
der of the πgs agrees with the order of the αgs), the
available source with highest rank is chosen. For ex-
ample, if π1 < π2 < π3 and α1 < α2 < α3, the
first source is always chosen whenever it is available,
while, in cases where it is missing, the second source
is preferred, and the third source is used only if it is the
only available source. When the “quality rank” of the
sources is not the same with respect to the estimates
of the πg and αg parameters, the source hierarchy is
not defined. With the second method (pps), for each
unit i the source Sg is chosen where the reported value
has the “highest” (estimated) posterior probability τig
of being error-free. Finally, the third method (pred) is
based on the model predictions, i.e., the micro-data are
the expectation of true data conditional on data ob-
served 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 covariate, using the regres-
sion parameters from the EM algorithm.

Assuming that the target quantity is the population
mean of the variable Y , we compute this quantity on
the basis of the micro-data files obtained with meth-
ods hier, pps and pred. Then, for each method, the rel-
ative bias (RB) and the relative root mean square er-
ror (RRMSE) is estimated by averaging the squares
of the estimation errors over 500 MC iterations. Re-
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Table 1
Study I: RRMSE for methods based on source hierarchy (hier), posterior probabilities (pps), and model predictions (pred)

π α RB RRMSE
π1, π2, π3 α1, α2, α3 hier pps pred hier pps pred
0.1, 0.2, 0.3 2, 4, 6 11.85 5.33 −0.28 12.74 6.61 0.86
0.1, 0.2, 0.3 6, 4, 2 Not defined 3.23 0.09 Not defined 3.77 0.86
0.1, 0.2, 0.3 2, 4, 8 13.49 7.82 0.00 15.05 10.12 0.71
0.2, 0.4, 0.6 2, 4, 6 23.69 12.16 0.07 24.53 13.14 1.23
0.2, 0.2, 0.2 2, 4, 6 11.41 3.62 0.72 12.08 4.26 0.84
0.2, 0.4, 0.8 2, 4, 6 26.87 15.75 0.15 27.67 16.61 1.32

Table 2
Study I: RB and RRMSE for parameter estimates

π α RB* RRMSE*
π1, π2, π3 α1, α2, α3 β0, β1, σ2 π1, π2, π3 α1, α2, α3 β0, β1, σ2 π1, π2, π3 α1, α2, α3

0.1 2 −0.12 0 −0.99 0.50 0.01 16.16
0.2 4 0.28 0 3.21 1.35 0.01 9.24
0.3 6 −0.63 0 0.12 3.04 0.01 7.59

0.1 6 0.01 0 1.06 0.50 0.01 14.60
0.2 4 0.03 0 1.16 1.38 0.01 9.88
0.3 2 −0.09 0 0.69 3.29 0.01 7.81

0.1 2 −0.07 0 −1.97 0.51 0.01 13.92
0.2 4 0.11 0 1.49 1.30 0.01 9.08
0.3 8 0.66 0 0.11 3.42 0.01 7.87

0.2 2 −0.07 0 3.33 0.58 0.02 12.50
0.4 4 0.07 0 0.72 1.51 0.01 7.62
0.6 6 −0.46 0 0.24 3.96 0.02 5.93

0.2 2 −0.01 0 −0.70 0.56 0.01 9.70
0.2 4 0.05 0 −0.30 1.45 0.01 8.91
0.2 6 −0.17 0 0.54 3.23 0.01 8.87

0.2 2 −0.06 0.01 −1.50 0.58 0.02 13.55
0.4 4 0.14 0 −0.83 1.56 0.02 6.41
0.8 6 0.28 0 0.24 3.73 0.01 6.54

∗For the π parameters bias instead of RB and mean square error instead of RRMSE are used.

Table 3
Study II: RRMSE for methods based on source hierarchy (hier), posterior probabilities (pps), and model predictions (pred)

π α RB RRMSE
π1, π2, π3 α1, α2, α3 hier pps pred hier pps pred
0.1, 0.2, 0.3 2, 4, 6 11.83 6.06 0.77 12.53 7.06 0.88
0.1, 0.2, 0.3 6, 4, 2 Not defined 3.96 0.86 Not defined 4.33 0.94
0.1, 0.2, 0.3 2, 4, 8 13.40 7.99 0.93 14.04 8.56 1.03
0.2, 0.4, 0.6 2, 4, 6 24.15 13.64 1.36 24.71 14.32 1.50
0.2, 0.2, 0.2 2, 4, 6 11.96 5.17 0.81 12.46 5.85 0.90
0.2, 0.4, 0.8 2, 4, 6 26.72 17.32 1.62 27.31 18.01 1.76

sults are reported in Table 1. RB and RRMSE are
also reported for the model parameter estimates in Ta-
ble 2; for “scale” reasons, bias instead of RB and mean
square error instead of RRMSE are used for the π pa-
rameters.

3.2. Study II: Real data

The only difference with the previous study is that
in the present case only the error mechanism is sim-

ulated. The number of employees and the correspon-
ding Labour Cost have been considered as X and Y
variables respectively. The set of error model param-
eters are the same as in the study on simulated data.
The original unperturbed dataset is composed of the
enterprises with more than 10 and less than 100 em-
ployees belonging to the Manufacture of textiles divi-
sion (NACE code 13). A preliminary data analysis per-
formed on the SBS data has shown that data can hardly
be considered realizations from a Gaussian distribu-
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Table 4
Study II: RB and RRMSE for parameter estimates

w α RB* RRMSE*
π1, π2, π3 α1, α2, α3 β0, β1, σ2 π1, π2, π3 α1, α2, α3 β0, β1, σ2 π1, π2, π3 α1, α2, α3

0.1 2 0.36 0 179.23 0.40 0.01 184.33
0.2 4 −1.57 0 169.14 1.64 0.01 170.55
0.3 6 −62.45 0 165.29 62.46 0.01 166.49

0.1 6 0.35 0 166.34 0.39 0.01 170.27
0.2 4 −1.52 0 171.26 1.59 0.01 172.56
0.3 2 −62.56 0 172.02 62.56 0.01 173.08

0.1 2 0.37 0 179.65 0.41 0.01 183.66
0.2 4 −1.55 0 174.78 1.63 0.01 176.52
0.3 8 −62.62 0 170.23 62.63 0.01 171.41

0.2 2 0.38 0 183.64 0.47 0.02 186.56
0.4 4 −1.56 0 175.81 1.72 0.01 176.78
0.6 6 −62.91 0 172.13 62.93 0.01 173.06

0.2 2 0.36 0 174.2 0.39 0.01 175.78
0.2 4 −1.57 0 172.65 1.61 0.01 173.96
0.2 6 −62.53 0 171.11 62.53 0.01 172.66

0.2 2 0.40 0 184.94 0.47 0.02 188.39
0.4 4 −1.53 0 177.41 1.67 0.02 178.24
0.8 6 −63.61 0 176.37 63.63 0.01 177.02

∗For the π parameters bias instead of RB and mean square error instead of RRMSE are used.

tion. Thus, this second study serves as “test of robust-
ness” of the method with respect to departures from the
normality assumption. Results on Y -mean estimation
and on parameter estimation are reported in Tables 3
and 4 respectively.

3.3. Results

The results reported in Tables 1 and 3 show that,
generally, micro data-files based on predictions of true
values conditioned on all the available information
(pred) allow one to obtain the best estimates of the fi-
nite population quantity. Moreover, the hierarchical ap-
proach based on the a priori choice of the best source
provides the worst performances. However, if a statis-
tical archive is to be built using only data that are actu-
ally observed, a possible option could be that of taking
values from different sources for different units, choos-
ing the source corresponding to the lowest error proba-
bility (pps). An interesting finding is that the dominat-
ing component of the mean square error is the bias for
the methods hier and pps, and the variance for pred.
In particular, also in case of real data (Study II) the es-
timates via pred of the population total for the target
variable are only moderately biased.

The comparison between real data and simulated
data experiments show that even when the (log)norma-
lity assumption for the true data distribution is not ap-
propriate, the proposed modeling can be useful. In fact,
although the estimates of the error model parameter

(see Tables 2 and 4) are much less accurate for the real
data experiment (especially for the α parameters) than
for simulated data, the comparison of Tables 1 and 3
shows that the performances of the methods in terms
of predictive accuracy differ only slightly. Moreover,
as verified, the ordering of the π and α parameters
is always correctly estimated for both studies. Thus,
valid conclusions on the accuracy of the different data
sources are obtained in both cases.

4. Conclusions and future research

In the paper we have presented a new approach to
deal with multiple source data for different purposes,
such as statistical estimation, quality assessment, edit-
ing. The advantage of this approach is that it exploits
the information of all data sources, instead of relying
on a predetermined hierarchy among sources.

At the moment, algorithm and software have been
fully developed in the univariate case. Multivariate
extensions imply more complex procedures for the
likelihood maximization and are under investigation.
In fact, when several target variables are simultane-
ously considered, the number of possible error patterns
“explodes”. However, if mutual independence among
measurement errors on different variables is assumed,
the number of corresponding parameters in the error
model increases only linearly with the number of target
variables. The latter independence assumption could
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be not realistic in some practical applications and need
to be evaluated case by case.

A further direction for future research is the exten-
sion of the proposed approach to more complex models
that can account for non-normal true data distributions
and more general error mechanisms. For example, it
could be of interest to relax the conditional indepen-
dence assumption among the measurement processes
or to extend the model to situations where the a priori
probabilities πg and the variance inflation parameters
αg depend on some set of covariates.
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