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1. Introduction

Societal changes in recent years have spurred the interest in using multiple data
sources for producing official statistics. There are several reasons for this.
Combining data sources gives the opportunity to produce more timely and detailed
statistics, and to respond quickly to unexpected or sudden events. Other drivers are
the possibility to reduce data collection and processing costs, and to reduce
response burden (De Waal et al. 2020). However, there are also challenges. In this
special issue, we focus on some of them.

Traditionally, official statistics producers have used survey samples, possibly
aided by administrative data for example in the design of surveys or in estimation.
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Using more than one data source is not new, but the number of administrative data
sources is constantly increasing, as is the number of other types of data sources that
face similar challenges. With the growing availability of data, the interest in taking
on the challenges is also growing at national statistical institutes (Ascari et al. 2020;
HLG-MOS 2017).

Administrative data, and other types of data sources not based on probability
surveys, suffer from problems with representativeness if the intended target popu-
lation is not covered by the data source (see e.g., Elliott and Valliant 2017; Kim
and Tam 2021; Lohr and Raghunathan 2017, or Bakker et al. 2015). At the same
time, response rates in sample surveys are decreasing to alarmingly low levels,
causing increased challenges in adjusting for nonresponse. Combining available
data sources for production of high-quality official statistics is seen as a promising
way to solve these problems.

Multisource statistics or data integration encompasses different methodological
areas, such as acquiring data, editing data, linking data, statistical matching, pro-
ducing estimates, and describing or evaluating data quality. In this issue, most of
the articles focus on combining data sources to estimate or minimize error and bias
due to selection or under- or over-coverage, while data collection and data analysis
are also discussed.

2. Non-Probability Sampling and Probability Sampling

With probability sampling, any population unit has a known positive probability
of being included in the sample, using a random mechanism for sampling. Its scien-
tific ground was laid down by Tschuprow (1923) and Neyman (1934). The statisti-
cal properties have been widely studied, also when auxiliary variables from
administrative registers are used in sample design and estimation. The introduction
of model assisted survey sampling in Särndal et al. (1992) and the development
thereafter with new types of estimators and designs illustrate this well (see e.g.,
Deville and Särndal 1992; Deville and Tillé 2004).

Administrative registers are increasingly replacing probability samples as the basis
for official statistics. These registers are collected for administrative purposes and not
for statistical purposes. Further, when used as the basis for official statistics, several
administrative registers often need to be integrated. When two administrative regis-
ters essentially include the same units, the two registers can be linked at micro-level
(unit level) to produce a data source with a larger set of variables. On the other hand,
when the administrative registers include different units, these registers can be merged
to increase the number of units. In both cases, micro-integration is usually needed to
reconcile/harmonize the variables from the different administrative registers.

Administrative sources are fully enumerated samples from the viewpoint of its
custodian, being typically a governmental agency. This is also the case for other
types of data sources that have emerged and become of interest for official statis-
tics production in recent years, such as road sensor data, position data from mobile
network operators, transaction data from private vendors, or private data collected
from smartphones. The target population, from the data holders’ perspective, of
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the source typically differs from the official statistics’ target population. Thus, the
data sources are non-probability samples: The set of units in such a source is a
selection from the official statistics’ target population, and the selection mechanism
is whether or not the unit falls under the primary target population of the data cus-
todian. Hence, the statistical concept of a frame population and its alignment to
the target population (the coverage) is not the focus of the data custodian. The
selection mechanism is then not controlled and usually non-random.

In addition, there are other non-probabilistic selection mechanisms correspond-
ing to, for example, the non-response selection mechanism in a probability sample.
When using a non-probability data source as the main source for official statistics,
all these selection mechanisms are put together since they are all non-random. This
non-randomness is a source for selection bias, with respect to the official statistics’
target population.

Compared with non-probability samples, probability samples have well-known
statistical properties and the advantage that the sampling error in ideal circum-
stances can be controlled. However, nonresponse in surveys can cause selection bias.
Auxiliary information from other sources has for many years been used to try and
reduce the bias, for example, by post-stratification or other calibration methods.
The bias-reducing ability of such weighting methods is limited, and with increasing
non-response, the selection bias challenge of random samples is increasing.

The variables of the data sources described above are not defined for the pur-
pose of official statistics production and might not exactly adapt to the target vari-
ables of the official statistics (Zhang 2012). This is a source of measurement error
which can be reduced by careful micro-integration in which variables are harmo-
nized, typically after first linking two or more data sources. For the probability-
based sample surveys on the other hand, measurement errors can be minimized by
taking advantage of the opportunity to carefully design the measurement instru-
ment through questionnaire design.

Non-probability data sources, although more susceptible to selection bias and mea-
surement error than probability samples, have the advantage of lower data collection
cost and not adding to further response burden since the data have already been col-
lected. Not least, official statistics based on administrative registers, can be aggregated
at small areas, as opposed to statistics based on probability samples where the sampling
variance generally becomes too large if the sample size within an area is too small.

3. In This Issue

To produce official statistics based on integrated data and with non-probability
sources, methodological challenges need to be solved. Contributions to this impor-
tant work are provided in this special issue. The articles in the issue go through all
non-probability data processing stages. The issue starts with articles devoted to
non-probability data collection and their linkage and correction for under-coverage
and over-coverage. It is followed by parameter estimation using probability and
non-probability data. This topic attracts attention in four of eight articles. Finally,
the issue presents an analysis of the quality of the linear regression model based on
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a non-probability sample data set with omitted regressors. In all articles a probabil-
ity sample plays some balancing role.

Schouten et al. (2025) discuss the use of smart surveys and evaluate their useful-
ness in three use cases. A smart survey employs one or more smart features and
some form of interaction with respondents, to put the data derived from smart fea-
tures into context. Public online data, sensors, and data donation are examples of
smart features that are handled with the help of the respondent. Data collection
via smart devices, such as smartphones, can potentially improve measurement of
variables and representation of the target population, but they also bring new chal-
lenges. With smart surveys comes a need for new logistics, new expertise, and new
robust infrastructure that satisfy privacy requirements. The authors discuss conse-
quences of hybrid data collection, as well as methodology to reduce errors in smart
surveys. They give practical criteria to help decide if hybrid data collection has a
positive business case and if further investments in systems for data collection, pro-
cessing, and integration are justified. The criteria are applied to three case studies,
the measurement of mobility, consumption, and physical activities.

A challenge in data integration occurs when two datasets due to privacy preserva-
tion cannot be linked directly. An example is in international trade where some of the
export information is only known to the exporting country, whereas some of the corre-
sponding import information is only known to the importing country. A linkage at
micro level of the import and export information is needed, but a direct linkage cannot
be done due to the need for privacy preservation. Privacy is preserved when linking the
two datasets using a private set intersection protocol, and in this setting the article by
Dasylva et al. (2025) proposes a method for estimating population parameters while
considering the errors occurring from both false positive and false negative linkages.

The Italian Permanent census data is an administrative register suffering from
both under- and over-coverage error. The article by Ballerini et al. (2025) considers
one sample designed to assess the under-coverage of the administrative source, and
another sample designed to assess the over-coverage. A Bayesian analysis is used to
estimate the population counts taking into account the coverage error. The result-
ing count estimates can be calculated at a detailed level, and the method also pro-
vides uncertainty estimates.

The selection bias of a non-probability sample is usually unknown and difficult
to estimate. In the article by Villalobos Aliste et al. (2025), a model for this selec-
tion bias is proposed. The model makes it possible to estimate the expected mean
squared errors for an estimator based on the probability sample and an estimator
based on the non-probability sample. These expected mean squared errors are then
used to construct a composite estimator based on both samples. The paper applies
this method to estimate domain proportions for categorical variables.

Sometimes a non-probability data set may be considered as random. Analysis
of the assumptions may lead to the approximation of the non-probability data for-
mation mechanism by pseudo-probabilistic sampling methods. Čiginas et al. (2025)
study a non-probability sample approximated by the Poisson pseudo-sampling
design. The total of the binary study variable in the non-probability sample is esti-
mated using the inverse probability weighted (IPW) estimator with estimated
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propensity scores. It may be biased. Its variance is estimated taking into account
randomness of the non-probability sample, by bootstrap and by other known var-
iance estimators. If the study variable is available also in a probability sample, the
total is estimated by the design-based estimator and finally the linear combination
of both estimators is applied. This decreases the bias of the estimator of the total
and stabilizes the variance estimator, becoming more robust to model miss-
specification of the propensity scores.

Non-probability samples are often selective and unweighted estimators based on
these samples are therefore often biased. A frequently used approach to correct for this
selection bias is to determine pseudo-weights for the units of the non-probability sam-
ple and to use a weighted estimator to estimate parameters of interest, such as a popu-
lation mean. Several methods to construct pseudo-weights have been proposed in the
literature. In many of these methods, different models can be used, for example models
for inclusion in the non-probability sample. In practice, it is very difficult to determine
which method and which associated model(s) yield the best set of pseudo-weights. In
the article by Liu et al. (2025), performance measures are proposed to determine the
best (or at least a good) method and associated models for pseudo-weights.

Non-probability samples can often be obtained from commercial vendors.
However, very little is known about the quality of these non-probability samples.
The article by Murray-Watters et al. (2025) first investigates whether the quality of
non-probability samples is consistent across sample vendors. This does not appear
to be the case, which means that there is a risk that a purchased non-probability
sample is of poor quality and estimates based on that sample are highly biased.
This is an important issue for anyone considering purchasing a non-probability
sample from a commercial vendor. To reduce the risk of highly biased estimates,
the authors propose to average estimates based on non-probability samples from
multiple vendors. They investigate several approaches for averaging estimates
based on these samples. The proposed approaches were evaluated in a real-world
application using one probability sample from the German Internet Panel and
eight non-probability samples from different vendors.

Omitted variable bias is a well-known problem in regression analysis. If relevant
variables are not included in the data sets available to researchers, bias will occur in
the estimated coefficients of the model. Linked administrative data sets are increas-
ingly used and offer large sample sizes and higher precision in key variables, but
they often lack relevant variables. In their article, Du et al. (2025) compare different
cross-sectional and panel data structures, containing administrative and survey
data. The authors provide a formal framework for understanding estimation bias
due to the omission of important variables, as well as estimation bias arising from
the use of imperfect proxy variables. The framework is applied to German adminis-
trative labor market data that are linked to survey data.

4. Future Directions

This issue highlights problems that arise when integrating data sources and using
non-probability data, presenting examples of their solution and inviting survey
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statisticians to search for new solutions of the by-standing statistical problems.
Below, we summarize and generalize the main proposals for future work proposed
by the authors of the articles.

New data sources include not only smart data derived by machines measuring
and recording the events in the physical world, but also loosely structured data
from social networks, business process-mediated data like business transactions,
reference tables and relationships, bank records, and many other cases. Framework
development and applications are needed aiding integrated use of survey data,
administrative data, smart data, social networks and machine generated data, and
artificial intelligence and machine learning methods for parameter estimation in
finite population and uncertainty quantification.

Conditions for successful usage of different data sources need to be created,
such as development of a linkage strategy using a trusted execution environment
for record linkage which avoids ethical pitfalls and preserves privacy and confiden-
tiality. Fully automating the design of the linkage strategy with machine learning
techniques, within the trusted execution environment, would be useful. Statistically
sound resampling techniques for linked data should be developed. Progress in this
area would enable correct statistical inferences.

Methods to estimate under-coverage and over-coverage in administrative data
sources, using data of probability samples, are proposed in this issue but statistical
methods should be developed, which, using probability survey data, may adjust
also for other kinds of non-sampling errors, such as misclassification, measurement
errors, and item nonresponse.

Models can be constructed for estimating bias of estimators obtained in non-
probability samples when estimating finite population domain proportions, taking
into account unbiased estimators from a simple random sample. Future research
may introduce models for estimation of bias in non-probability samples in other
cases, such as when the study variable is continuous, when the estimated parameter
may be linear and nonlinear, for complex sampling design of the probability sam-
ple, for informative non-probability sample, or when dependent parameter estima-
tors in both samples make the study complicated.

Non-probability samples may under certain assumptions be treated as pseudo-
probability samples and integrated with the probability sample at one time point or
over time when estimating nonlinear parameters, taking into account randomness
of the non-probability sample and non-sampling errors in both samples.

Performance measures for weights taken from other applications and used in
non-probability samples are important. The range of these measures could be
extended to continuous univariate and multivariate study variables, or linear and
non-linear parameters of estimation. When non-probability sample data come
from different vendors, researchers have to estimate their quality by some quality
indicator. The researcher may in addition use a model to estimate the bias in the
estimates from the non-probability sample or try to apply some performance mea-
sure for quality assessment of the weights.

Utilizing panel data reveals the presence of omitted variable bias in cross-
sectional results, indicating that panel analysis captures relevant unobservable
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components more effectively than an expanded set of regressors at a single time
point. The findings suggest that data producers should consider making panel data
based on administrative sources available and restrict surveys to variables that are
required for the analysis itself but not available from administrative sources.

The issue does not include any articles integrating data over spatial or hierarchi-
cal dimensions. This situation arises when one data source is more granular than
others and when integration subsequently happens on the least granular level,
potentially causing multilevel methodological questions. We foresee future work
on such questions as well as studies of the more general question when solutions
based on integrated data (given that they satisfy quality requirements) are cost-
effective or not, compared to relying on a single data source.

Data integration and the use of non-probability data are important topics for
production of official statistics. We hope that this issue of JOS will advance the
knowledge in the field and stimulate ideas for further development of official
statistics.
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