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In this article, we share some reflections on the state of statistical science and its evolution in the
production systems of official statistics. We first try to make a synthesis of the evolution of
statistical thinking. We then examine the evolution of practices in official statistics, which had to
face very early on a diversification of sou rces: first with the use of censuses, then sample surveys
and finally administrative files. At each stage, a profound revision of methods was necessary. We
show that since the middle of the 20th century, one of the major challenges of statistics has been to
produce estimates from a variety of sources. To do this, a large number of methods have been
proposed which are based on very different f oundations. The term “big data” encompasses a set of
sources and new statistical methods. We first examine the potential of valorization of big data in
official statistics. Some applications such as image analysis for agricultural prediction are very old
and will be further developed. However, we report our skepticism towards web-scrapping
methods. Then we examine the use of new deep learning methods. With access to more and more
sources, the great challenge will remain the valorization and harmonization of these sources.
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learning.

1. Introduction

Official statistics is a somewhat special field of statistics. The methods used there have
been developed to deal with particular problems. In official statistics, the main concern is
not decision-making but the quality of the proposed estimates. In this article, we try to
glimpse the future of statistical methodology. Currently statistics is confronted with many
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epistemological questions, the most emblematic of which is the crisis in the p-value. We
describe the specificities of official statistics by tracing the his tory of sources and the his
tory of controversies around methodology. Then, we analyze the impact of new data
sources and new statistical methods. An evolution of the methodology will be necessary
and must be supported by quality fundamental research.

2. The Statistical Science

Statistics is a science that aims to study a reality through the processing, analysis,
modeling and interpretation of data. Traditionally, there are several statistical approaches.

1. Descriptive or exploratory statistics, which consists of presenting data in a more
condensed way by means of tables and graphs. The aim consists of reducing the
complexity of the data by means of dimensionality reduction or cluster analysis.
Descriptive statistics is above all linked to an interpretive and exploratory process.
John Wilder Tukey was a strong supporter of descriptive statistics. His book
Exploratory Data Analysis (Tukey 1977) remains a reference of the approach.
Similarly, in France, the school of data analysis initiated by Jean-Paul Benzécri
promoted descriptive and exploratory statistics (Benzécri 1973a,b; Bastin et al.
1980).

2. Analytical or inferential statistics which aims to deduce properties on a population
from data. This population can be notional and be, for example, a probability
distribution or a model. Inferential statistics rely entirely on probability calculations.
It includes the theory of statistical hypothesis testing and decision theory. The main
founders of this theory are Karl Pearson, William Sealy Gosset, Ronald Fisher and
Jerzy Neyman.

3. Modeling consists in describing reality by a general model described by one or more
equations. A model is necessarily a simpler approximation than reality, as Box and
Draper (2007) wrote: “Remember that all models are wrong; the practical question is
how wrong do they have to be to not be useful”. Models can be used either to
describe relationships between variables or to make predictions.

3. Interpretation of the Statistical Approaches

One usually distinguishes two scientific approaches: The inductive approach is based on
observations and data and aims to build a general theory. The deductive approach (or
hypothetico-deductive) is based on a theory. It aims to deduce particular results from a
general theory in order to check whether these particular results can be confirmed by
observations.

Exploratory statistics can be associated with an inductive approach. In this approach, we
start from the data to try to empirically find a global explanation. Inferential statistics and
more particularly the theory of statistical hypothesis testing can be seen as a hypothetico-
deductive approach. One formulates a hypothesis and then we decide on that hypothesis by
confronting it with data. The two approaches are qualified as complementary. The
exploratory analysis allows hypotheses to be formulated. Then the inferential statistic can
possibly confirm them. A return to exploratory analysis finally makes it possible to
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formulate new hypotheses and so on. This is referred to as the induction-deduction cycle
that would be the engine of the production of knowledge. Often this cycle has been
completely perverted, for example, by using the same data to formulate and to test
hypotheses which makes the application of test theory completely lapsed. This approach is
ironically called HARKing by Norbert L. Kerr (1998) whose acronym comes from
Hypothesizing After the Results are Known.

However, this vision of the induction/deduction opposition is far from being
unanimously shared. The role of induction has been the subject of controversy between
Jerzy Neyman and Ronald Fisher. Fisher (1935) promoted the inductive reasoning. Jerzy
Neyman (1957) had a more decision-making approach in the hypothesis testing theory but
then he was reluctant to extend this to inductive reasoning. Inferential statistics can be
considered as an inductive reasoning because it aims to extrapolate the results of a sample
to a population or to a model. It is therefore a generalization process that can be seen as
fundamentally inductive (see among others Lehmann 1993; Capel et al. 1996).

Costantini and Galavotti (1986) assert that estimation methods, such as the maximum
likelihood method, correspond to an inductive approach and theory of hypothesis testing
typically corresponds to a deductive approach. Other interpretations exist. For example,
Andrew Gelman (2011) discusses a philosophy of statistics that sees frequentist statistics
as deductive and Bayesian statistics as inductive.

Faced with these different interpretations, we can only subscribe to the assertion of
Capel et al. (1996) who wrote: “In any event, a real understanding of the role of inductive
reasoning in the humanities that is common to the statistician, the researcher and the
practitioner clearly does not exist, and in particular, as we have seen, with regard to the use
of hypothesis tests” (translated from French).

Moreover, the distinction between induction and deduction is sometimes considered
outdated. Karl Popper (2005) rejects the description of the scientific process as an
induction/deduction cycle. He outright rejects the interest of the inductive approach in
science: “Yet even supposing this were the case — for after all, ‘the whole of science’
might err — I should still contend that a principle of induction is superfluous, and that it
must lead to logical inconsistencies.” Karl Popper maintains that the scientific method
consists in formulating scientific propositions that must be able to be falsified by an
experiment. Indeed, no theory can be proven by an experiment. The fact that a model is
compatible with data never proves that the model is true. Indeed, another model could also
be compatible with the same data set.

The induction/deduction cycle also completely loses its meaning in certain statistical
applications. In official statistics, this distinction can hardly be applied. Indeed, the
objective often consists in estimating certain characteristics of a population using scattered
sources (surveys, administrative files, censuses). The objective is therefore not to establish
a scientific theory but simply to overcome the impossibility of obtaining a complete and
correct measurement on all the units of the population of interest.

This induction/deduction cycle also loses its meaning with the advent of new methods
known as statistical learning (support vector machine, neural network, nearest neighbor,
sparse methods, random forests) which make it possible to predict without actually
modeling. One could see these methods as typically inductive because they do not imply
any a priori formalization of reality (Harman and Kulkarni 2012). The word statistical
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learning is however a bit misleading because these methods do not really lead to a
theorization that would be an automatic modeling of data. The so-called induction/
deduction cycle is somehow bypassed. For example, if we do not know the income of an
individual in a database, we can assign the income of the statistical unit that most closely
resembles her/him. This is a forecast by the nearest neighbor method. Can we however say
that this approach consists in modeling the income? At most, we can discuss what it means
to “resemble”, but we are often forced to use only the variables available in the files to
define a distance between the units. However, this approach can be very effective. It is not
clear how one could say that this approach would be inductive or deductive. For the
statistician, the main question concerning this type of method is to evaluate and estimate
its precision. Neural network methods also do not allow us to finely understand the
relationship between variables. However, the family of Classification And Regression
Tree (CART) allows for post-interpretation. With random forests, it is also possible to
have an idea of the importance of the variables in the predictions.

The new methods of statistical learning therefore shake up a basic principle of the
scientific process that would like all knowledge to be able to be transmitted through
discourse. While forecasts by neural network, nearest neighbors or random forest can
work very well to make a prediction, they do not allow us to establish a general theory or a
principle that would allow us to understand the relationships between variables.

4. Crisis of the p-value

In statistical hypothesis testing, the p-value is the probability that under a hypothesis
(conventionally called the null hypothesis), we obtain the same value or an even more
extreme value than that obtained with observed data. If the p-value is low, then we reject
this hypothesis. The error of type 1 is defined as the probability of rejecting the null
hypothesis given that it is true. If we perform the test with an error of type 1 of 5% for
example, we reject the hypothesis if the p-value is less than 5%.

The p-value has become a decisive argument in many sciences: humanities, economics,
finance or biology. However, in scientific journals of statistics, one may be surprised at the
very small number of p-values used in published articles. The p-value is often misinterpreted
as the probability that the null hypothesis is true, which is obviously not the case.

In many publications several p-values (sometimes tens) appear without any reflection
on the probability of having at least one p-value less than 5% if all the null hypotheses
were true. Very often, researchers perform a large number of hypothesis tests and only
publish results for p-values below 5%. This approach is similar to HARKing. Another
methodological error consists in identifying a model by choosing the variables having p-
values less than 5% among a very large number of variables. This procedure inevitably
leads to over-specification of the model. However, new solutions have been developed to
select variables using for example the Lasso method (Tibshirani 1996, 2011).

These uses of p-values were denounced in a provocative article: Why Most Published
Research Findings Are False (Ioannidis 2005). The subject has become controversial to
such an extent that one can say that there is a crisis in statistics (Gelman and Loken 2014;
Fraser and Reid 2016) and that the American Statistical Association felt compelled to issue
a statement on the p-value (Wasserstein and Lazar 2016).
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5. What About Official Statistics?

The Swiss Official Statistics Charter is available on the website of the Ethics Council for
Official Statistics (Conseil d’ethique de la statistique 2012). In this charter, the mission of
official statistics is defined: “The mission of official statistics is to meet the needs for
statistical information of general interest of society as well as those relating to the conduct
of public policies” (translated from French).

The mission therefore does not consist of interpreting, modeling, establishing
knowledge, or deciding. The induction-deduction cycle for the production of knowledge is
thus not an appropriate framework in official statistics. In fact, in official statistics, the
approach is neither exploratory nor decisional. The statistical methods developed are
specific, because it is not a question of carrying out scientific research to establish new
knowledge, but of meeting information needs by providing reliable, lasting and high-
quality statistics.

There exists however a cycle between civil and political society and official statistics in
order to determine the needs. Official statistics must ensure continuity but also renew their
statistical production by opening up to new themes such as gender inequalities or
environmental concerns. The statistical methods used in official statistics are therefore
neither exploratory nor decision-making. Official statisticians have focused on quality. An
exemplary document is The Statistics Canada’s Quality Assurance Framework whose
basic principles are relevance, accuracy, timeliness, accessibility, coherence, interpret-
ability (Statistics Canada 2017).

6. Data Sources in Official Statistics and Their Integration

Official statistics have therefore developed somewhat specific methods to meet their
objectives. The advantage is that official statistics are immune to the p-value crisis because
its use is relatively limited. The history of official statistics methods can be summed up in a
few eras (see among others Hansen and Madow 1974; Kruskal and Mosteller 1980;
Hansen 1987; Bellhouse 1988; Bethlehem 2009; Tillé 2020). First, there is the era of
censuses that covers the entire 19th century. During this period, only comprehensive data
compilation was considered scientific. This doctrine is clearly stated by the statistician
Adolphe Quetelet (1846). The rupture is initiated by the director of the Norwegian
Institute of Statistics: Anders Nicolai Kizr (1896, 1899, 1903, 1905) who proposed to use
partial data and therefore a sample. After a long controversy, the idea of using samples was
finally accepted by the International Statistical Institute (Jensen 1926). Ken Brewer (2013)
interprets this debate as the first controversy in survey sampling.

This opens the era of sampling, which from the start has been the subject of assiduous
and fruitful research, (notably on the part of Jerzy Neyman 1934, 1938, 1952). He shows in
particular that it is necessary to over-represent in the sample the categories where the
dispersion is larger. This result renders the still too often used concept of
representativeness obsolete. With the development of information technologies, then
came the era of registers and administrative files in the 1970s. Administrative data are
often presented as the new source of data. However, it should not be forgotten that some
countries like Finland have had a population register for more than 50 years. The technical
means for creating a register have been around for a very long time. Obstacles to the use of
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registers for statistical purposes are primarily organizational, political and legal. They are
often the result of data protection rules or communication difficulties between different
administrations. For a long time, the problems have obviously not been technical.

The development of new data sources has not put an end to previous practices. Many
National Institutes of Statistics still carry out censuses and almost all of them carry out
sample surveys. The integration of administrative files into official statistics is far from
obvious. The registers depend on the administrative specificities of the countries, which
does not facilitate statistical harmonization. Administrative files often contain many
errors, as evidenced by the Serafe crisis in Switzerland.

Serafe is a private company responsible for collecting audiovisual license fees in
Switzerland since 2019. During the first invoices sent, a large number of errors were noted.
Serafe had sent the invoices on the basis of the “control of inhabitants” registers updated
by the municipalities. Many errors appeared to be related to household composition in
multi-unit buildings or to obsolescence of data. These population control registers are also
used for administrative and statistical purposes, but the impact of these errors is relatively
small for these applications. In administrative files, it is often observed that only the
variables which are necessary for immediate administrative operation are correctly
updated.

We cannot therefore expect that all official statistics will be produced from the same
type of source. Each type of source contains specific errors, whether they are data
produced by statistical offices or not. Problems to be addressed can be sampling errors,
errors due to nonresponse, under-coverage, over-coverage, duplicates, measurement
errors, errors due to fraud. Official statistics are a perpetual struggle against these errors.

In each source, one can find a particular reliability. One type of reliability is the correct
identification of statistical units, which can often be obtained through an administrative
file or register. However, this register may contain poor quality or obsolete variables. A
sample survey, even one with nonresponse, may contain more reliable measures for the
variables of interest. The problem then comes down to combining what is most reliable in
the different sources. The crucial issue in official statistics is thus the integration of data
from different sources in order to best enhance the reliability of each source.

From the beginning, research in official statistics has been concerned with the problem
of data integration. Almost a century ago, the controversy between, on the one hand,
Corrado Gini and Luigi Galvani and, on the other hand, Jerzy Neyman (Gini and Galvani
1929) revolves around balanced sampling and random sampling. Gini and Galvani had
selected a sample of 29 districts (circondari) out of 214 so as to return the same means as
those of the census for several known variables. It is therefore a question of using a source
(the census) to improve the collection of a sample. Neyman criticizes this way of doing
things, because the selection of the sample is not random and therefore it is not possible to
make an inference. We obviously now know that it is possible to select a sample that is
both balanced and random (Deville and Tillé 2004). Ken Brewer (2013) interprets this
discussion as the second controversy in survey sampling.

Another issue is the adjustment of survey data to census data. On this subject, the article
by W. Edwards Deming and Frederick F. Stephan of 1940 is considered as a founding text
in official statistics (Deming and Stephan 1940). The problem dealt with is the adjustment
of a table obtained by sampling on marginal totals known by a census. The integration of
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different sources is therefore present from the start of the use of sampling methods. For the
record, the article is however mathematically false since it maintains that the raking ratio
method is obtained by minimizing the chi-square distance under the constraints given by
known marginal totals. This is obviously not true since the Kullback-Leibler divergence
must be minimized. The fact remains that this article and all those that follow seek to
optimize the integration of survey and census data.

The article of Deville and Sdarndal (1992) which defines the general method of
calibration is the outcome of this research. These authors provide a methodology for
calibrating survey data on census data while freeing itself from modeling. The originality
is that the processing is carried out in order to obtain a weighting system applicable to any
variable, which makes its application extremely practical. Deville and Sérndal also
provide a method for measuring the accuracy of the estimates obtained. The method has
become essential and typical of official statistics. It is now applied by all survey
statisticians (see also Sirndal 2007; Devaud and Tillé 2019a,b). The use of calibration has
become widespread, especially since calibration is currently used not only to correct the
sampling error but also to correct the nonresponse and measurement error (see among
others Dupont 1994; Fuller et al. 1994; Lundstrom and Sédrndal 1999; Deville 2000;
Sédrndal and Lundstrom 2005; Kott 2006; Brick 2013; Valliant et al. 2013; Haziza and
Lesage 2016; Devaud and Tillé 2019a).

A developing problem is the integration not only of two sources but of a multitude of
distinct sources. The calibration methods can be generalized to harmonize several sources.
These sources can be two samples or several samples and a census (see among others
Guandalini and Tillé 2017). Yang and Kim (2020) provide an overview of modern
methods for integrating data from different sources.

The use of sources may change quite rapidly. Many European countries have abandoned
large population censuses. Statistics based on these censuses are now produced by using
registers and new surveys complete these registers. National Institutes of Statistics still
carry out a lot of sample surveys. Sampling methods are increasingly used to check or
improve the quality of censuses or registers. Thus, sampling may become more of a quality
control tool than a direct method of producing data.

The evolution of practices does not go without raising new questions. Most emblematic
has been the resignation of Martha Farnsworth Riche from the head of the United States
Census Bureau. According to the Wikipedia contributors (2020) site: “Although she cited
only personal reasons in her resignation, it was seen as a sign that Congressional
Republicans were winning in their fight to prevent the Census Bureau from using sampling
techniques to correct for persistent undercounting of minorities and other under-
represented groups.” This political intervention in the methodology is obviously extremely
worrying and goes against a principle of methodological independence of the National
Institutes of Statistics.

7. Modeling in Official Statistics

The debate on the place of the model in survey sampling theory is interpreted by Ken
Brewer (2013) as the third controversy in survey sampling. The idea of introducing a
model to exploit the auxiliary information resulting from a census in a survey was initially
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proposed by this same Ken Brewer (1963). However, this idea was mainly developed by
Royall (1970, 1971, 1976) (see also Valliant et al. 2000; Chambers and Clark 2012). The
model-based approach involves building a model that is estimated using the sample, and
then predicting population data that is not in the sample.

The model approach is opposed to the so-called design-based approach which consists
in weighting the sample units by the inverse of their probabilities of being selected. The
initial survey weights are the inverse of the inclusion probabilities. These weights are then
slightly modified by means of the calibration technique of Deville and Sérndal in order to
return exactly the totals of the variables known by a register or by a census.

Official statisticians are inherently reluctant to model. The reason is this: Modeling is
somehow expressing an opinion on observations. Modeling can therefore be interpreted as
contrary to the principle of impartiality of official statistics. However, model-based and
design-based approaches are not necessarily contradictory. Sédrndal et al. (1992) advocate
a model-assisted and nonetheless valid design-based approach. It is therefore possible to
construct the concept of double robustness in the sense of an estimate that would be valid
either when the model is correct or when the inclusion and response probabilities are
correctly identified.

However, there are issues that cannot be solved without some modeling. Research
concerning estimation for small areas has been very active during the last decades. These
methods consist in producing estimates at very low levels (districts, municipalities) from a
sample survey and a register or census. Once again, the problem is to make the best use of
the two sources of information. The sample contains the variable of interest. The register
contains the list of all units of the population and auxiliary variables. Composite estimators
are often used, which are mixtures of direct estimates computed from the sample and
estimates obtained from a model linking the auxiliary variables. These composite
estimators can be obtained by means of mixed models for which the domains are random
effects (see the very complete book of Rao and Molina 2015).

The National Institutes of Statistics, however, have been relatively cautious and have
rarely published estimates obtained by these methods. One of the reasons is that there may
be peculiarities well known at the level of local communities that would not be taken into
account by a model. For example, Molina and Strzalkowska-Kominiak (2020) proposed
labor force estimates in Swiss districts using the Swiss Structural Survey. A Swiss district
bordering on Liechtenstein was peculiar because a large number of Swiss border workers
work in Liechtenstein. This district has therefore undergone special treatment. However, if
it is not possible to identify the singularities before modelling, the estimates may turn out
to be very far from reality.

Another area where it is difficult to work without modeling is nonresponse. There are
two ways to do this. Either we can predict the missing values (imputation), or we can
estimate the probability that these values are missing in order to weight the responding
observations. The models can be very simple. One can impute by a closest neighbor. One
can also impute by a simple ratio or by a prediction by regression. One can also predict by
taking at random an individual belonging to a small homogeneous stratum. In order to
avoid a bad specification of the model, one often seeks to treat the nonresponse in a doubly
robust way. Two models are used: the first one allows us to predict the missing value and
the second one allows us to predict the probability of being missing. Double robustness
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means that the estimation is then approximately unbiased if at least one of the two models
is well specified (see on this subject Kang and Schafer 2007; Han and Wang 2013; Kim
and Haziza 2014; Boistard et al. 2016; Chen and Haziza 2017).

8. Big Data and Official Statistics

Tim Harford (2014) gives a strong opinion on big data: “As with so many buzzwords, “big
data” is a vague term, often thrown around by people with something to sell. Some
emphasize the sheer scale of the data sets that now exist — the Large Hadron Collider’s
computers, for example, store 15 petabytes a year of data, equivalent to about 15,000
years’ worth of your favorite music.” Indeed, we can often attend presentations of
“experts” announcing the era of “big data” whose slides only contain lists of words starting
with “V”, numbers in yottabytes and potatoes linked by arrows without ever giving a real
and concrete application. The slides are embellished with pontificating quotes and
cartoons. Making lists of words beginning with a letter is the opposite of a serious
scientific approach.

The fascination with big data can be irritating in several ways. Talking about “big data”
in official statistics is not appropriate. Large administrative files such as population or
business registers cannot be qualified as big data. They can contain millions of records but
are processable over any desktop computer. These large files have been around in some
countries for over fifty years and these countries have always found the computer means to
manage them. They are not big data.

I am convinced that the use of web scraping will remain very limited in producing
official statistics. For example, inflation cannot be calculated exclusively by automatically
fetching prices from the Internet. Ten Bosch et al. (2018) give a list of experiences and lay
the foundations of a methodology for web scraping in official statistics. They show that, in
most cases, projects rarely end up going into production. The main reasons are that official
statistics must be sustainable and that the Internet is not stable over time. Second, because
official statistics must have a documented methodology and sources. Because it is not
enough to look at a price on the Internet, it must also be possible to verify them. In
addition, most National Statistical Institutes do not need to consult prices on the Internet
because they use the price files of the main distributors directly. Often the data collected by
scraping the web can be more simply obtained by another, more stable means.

The number of applications of web scrapping actually put into practice for the
production of official statistics is therefore very limited. One can mention some
applications in price indices for products sold almost exclusively via the Internet. For
instance the U.S. Bureau of Labor Statistics use the web to track the price changes of
airline fares (U.S. Bureau of Labor Statistics 2021). However watching prices on the web
cannot be really called “web scraping”. Social network analysis can however be
interesting for social science analysis, as noted by Connelly et al. (2016). Nevertheless,
official statistics needs a stable and reproducible production system that allows temporal
comparisons, which is difficult to obtain from the web.

An anonymous referee drew our attention to the billion price project that plans to
calculate a price index using web scraping (see Cavallo and Rigobon 2016). This initiative
does not come from the world of official statistics but from two professors of MIT Sloan
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and Harvard Business School. This approach can be interesting when official statistics are
deficient, as was the case in Argentina, but it has not been integrated into official statistics
until now. I am also convinced that the methodology is more important than the sample
size and that observing more than a billion prices is not necessarily a guarantee of the
quality of the estimates.

The huge data streams of social networks are not valuable either. They belong to the
giants of the web. This data has immense commercial value for performing advertising
profiling. It would also be extremely dangerous to become dependent on these giants.
Above all, these data are not reliable in terms of identifying statistical units and potentially
usable variables.

However, there are areas where the data is really massive, such as image analysis for
territorial statistics. In this case, the data can be produced (aerial or satellite photos,
cartography) by the country which uses them. For instance, the Joint Research Centre of
the European Union in Ispra has a long tradition of estimation of crop production using
satellite images (see for instance Gallego et al. 1993; Taylor et al. 1997; Gallego 2004;
Carfagna and Gallego 2005; Kussul et al. 2016). However, this practice was developed
before the popularization of the word “big data”. Indeed, image analysis is an area of
research that emerged with the early days of computer science. Significant progress has
been made, notably through the use of neural networks, which allows us to foresee a major
development of applications in official statistics.

9. Statistical Learning in Official Statistics

We often talk about new statistical methods. Most of these methods are actually not so new
and were all developed in the 20th century. Several methods (random forests, support
vector machine, neural network, nearest neighbors) make it possible to make predictions
without having to think about the relationships between the dependent variables and the
variable of interest. Can we follow the famous sentence of Deng Xiaoping who said “it
doesn’t matter whether a cat is black or white, if it catches mice it is a good cat”? Can we
use in official statistics methods that make it possible to predict without understanding?
Indeed, the Statistical Charter of the Swiss Ethics Council for Official Statistics specifies
that “Statistical information is documented in order to facilitate its understanding and
allow its correct use” (translated from French). Is it compatible with statistical learning
methods? Is it sufficient to specify the method used?

We believe that statistical learning methods can be used, but with certain precautions.
The generalized regression estimator (see Sédrndal et al. 1992) allows a prediction to be
incorporated into the estimate while remaining approximately unbiased under the
sampling design. This estimator thus avoids slippage due to poor specification of the
model. So, official statisticians use fairly simple models that can be integrated in a method
that remains valid under the design.

One might think that public statistics are not affected by the p-value crisis because they
mainly produce descriptive statistics. However, we have seen that underneath this
production, there is a very technical machinery. Surveys are imputed, weighted by
nonresponse models, and then calibrated. Thus, it is necessary to choose calibration
variables, design nonresponse models and imputation models. These operations require



Tillé et al.: Official Statistics and its Future (with discussion) 567

modeling and this modeling is often based on hypothesis testing, that is, p-values. The use
of parametric statistics is therefore a hidden task. In this field, the use of new deep learning
methods can be very promising.

Official statisticians have also long been familiar with light non-parametric methods for
dealing with nonresponse, such as imputation by the nearest neighbor or by an individual
selected from a homogeneous stratum. Methods like support vector machine or random
forests ultimately consist in splitting the space of explanatory variables to define one or
more neighborhoods of the unit in order to make a forecast.

The generalized regression estimator has enabled Breidt and Opsomer (2000), for
example, to construct estimates assisted by a model whose predictions are made by the
local polynomial method. By following this same approach, all forecasting methods can be
used without introducing disproportionate risks into the estimates. Thus, the recent work
of Beaumont and Bocci (2008), Goga and Shehzad (2014), Breidt and Opsomer (2017),
McConville et al. (2017), Mayor- Gallego et al. (2019), Chen et al. (2019), Tan (2020), and
Dagdoug et al. (2020a,b) which integrates the methods of shrinkage and statistical
learning in calibration and the treatment of nonresponse, probably shows the way forward
on future research in official statistics.

The so-called shrinkage methods like the Lasso make it possible to choose variables in a
modeling or a calibration. Survey statisticians often tend to overcalibrate surveys because
more and more variables are available in the registers. However, calibration is above all an
estimation technique which aims to reduce the variances of the estimates. In general, both
calibration and modeling must be subject to a principle of parsimony. It consists of finding
the most efficient model as possible while being as simple as possible. The Lasso method
makes it possible to reduce the number of calibration variables. It has already been applied
to survey data by McConville et al. (2017).

10. Conclusions

The term big data should maybe be dropped. When one asks what “big data” is, one often
gets an answer worthy of Borges’ classification of animals in his new “The Analytical
Language of John Wilkins” (Borges 2012). The term “big data” can include both certain
types of data or a set of methods. For example, image analysis, social network stream
analysis, large administrative files, smart meter data, neural network methods, random
forest methods, support- vector machine methods, sparse statistical methods (such as
Lasso). The word “big data” thus gathers a heterogeneous set of data and methods in which
it is necessary to make a distinction. It is important to keep things in perspective. Image
analysis is a very old problem which has been used in public statistics for at least 40 years.
The “new” statistical methods were almost all developed in the last century before the big
data fad. Obviously all the “new” statistical methods are interesting and are increasingly
applied in public statistics sometimes to “classical” problems such as the treatment of
nonresponse where the data sets are not necessarily large. The valorization of
administrative data is a very important challenge. However, I am particularly skeptical
about statistical production directly from the web.

The multiplication of sources in official statistics can be misleading because it does
not necessarily imply an improvement in quality (see among others Deville 1997).
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As Tim Harford (2014) reminds us, abundance of data is not and never will be
synonymous with quality. Administrative records often contain a large number of errors
because they were not designed to be used for statistical purposes. These new sources must
be combined with all other available sources. The integration of sources is an issue that
researchers have tackled from the very beginning of official statistics. These methods must
be further developed, because more and more sources will be available. It would be useful
to have a general theoretical framework for data integration.

New statistical methods must also be integrated or combined with existing methods. We
believe that there will certainly not be a clean slate of methodology but an evolution
towards practices that are more varied and more focused on the types of data to be
processed. More than ever, official statistics must promote and develop methodological
research around its issues.

An anonymous arbitrator rightly pointed out to us that an important issue is to maintain
and increase the independence of national statistical institutes. A number of autocrats have
questioned the legitimacy of official statistical offices, which can bring their output into
disrepute. This is obviously a very important issue that we cannot unfortunately develop
here. We are convinced that international institutions have a role to play in regulating these
practices, but this is well beyond the scope of this article.
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Comments by Marc Debusschere

Let’s cut to the chase. This article sounds like a discussion about the relative merits of
methods, but underlying it is a seemingly semantic discussion on the meaning of ‘big data’
and more particularly ‘webscraping’ (essentially saying that ‘good’ big data/webscraping
is NOT big data/webscraping at all...). And underlying that, at an even deeper level, is a
‘cultural’ issue.

As in many areas of human endeavour, official statistics has its conservatives and its
progressives. Overstating somewhat, the conservative statisticians are very wary of new
sources and methods, they want to stick to the old and trusted and familiar, and they think
the focus should be on ever more refining the current way of doing things, leading to
increasingly specialised and intricate methodologies. Consequently, they are extremely
critical of the weak points, real or contrived, of alternatives.

Equally overstating, we have in the other corner the progressives, the free thinkers, and
statistical revolutionaries. Which one could also call the fad- followers, not into detail or
complexity, moving from buzzword to buzzword (of which ‘big data’ is the almost-latest
one, the very latest being ‘smart statistics’). Progressives enthusiastically embrace
innovation, tend to be less than critical when assessing costs and benefits, and are rather
quick in dismissing all that went before to the dustbins of history.

I plead for an intermediate pragmatic attitude. The discussion about what to call big data
(or smart statistics) is not terribly important. Let’s just label anything of potential use in
official statistics which is not a survey or administrative database a ‘new data source’, to be
investigated and exploited if at all possible. Without a priori exclusives or taboos, but also
avoiding uncritical acceptance. There is a risk, certainly, that official statistics will invest
in sources and methods which in the end turn out to be unproductive. But there is also a
huge potential benefit. The current methods based on surveys and administrative data
cannot provide the timeliness and level of detail we need, and they are unable to answer
many important questions. Some new data sources have already proven they can fill the
gap. Official statistics must integrate them in its regular production, and keep on the look-
out for additional ones. If official statistics doesn’t use them, other data handlers with other
agendas will.
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Comments by Henri Luomaranta

In “Some Thoughts on Official Statistics and its Future”, the author provides nalysis of the
evolution of official statistics and its epochs, lets us know where we are now and assesses
the future that lies ahead. The author takes us back to the days of censuses, to sampling
design and related methodologies, and to the register-based approaches typically found in
the Nordic countries. In fact, it becomes clear to the reader that these epochs are the
building blocks for the key capability of official statistics, the integration of many,
possibly highly complex, data sets (be they big or not) to produce relevant information that
serves as the backbone of democratic processes. In what follows, I offer considerations
focusing on the new topics pursued by statistical offices, where there is perhaps more
ongoing discussions among practitioners.

As we all know, the latest, perhaps dramatic, evolution of official statistics is the
adoption of big data and statistical learning. The author points out, and I agree, that these
new methods and data sources can and should be integrated to the many hidden processes
found in official statistics, for instance on editing and imputing data. The comparison of
current practices to an Al system is interesting. In statistical systems, a set of
methodological practices translate several input data into statistics, adding tremendous
value. Certainly, statistical learning and “big data” can make the statistical systems and
these rules-based processes more efficient.

There are roadblocks before such evolutions can take place, more in some offices than in
others. The author points a finger at some statisticians who fear sacrificing impartiality if
modelling, and especially statistical learning, is widely adopted, as modelling requires
taking a stance on the relationship between variables. Personally I do find that Deng
Xiaoping’s assessment rings true: “if it catches mice, it is a good cat”. We should adopt
those methodologies that work best for the problem at hand. Testing is key, obviously.
Engineering worldview promotes testing as the process that makes anything trustworthy.
Methodology, data sources and procedures can be described by scientific standards even if
modelling is used, as required by the 3rd UN principle of official statistics (United Nations
2014). But sure enough: for building trust, we have to understand the processes and be able
to stand by them.

The buzzword “big data” irritates the author semantically, and the article suggests
dropping the use of the term as it encompasses multitude of both methods and data
sources, with no commonly agreed definition. The author expresses concerns over the use
of Internet as a data source, as we cannot control or verify whether it is true what is posted
online. Another important risk raised is the dependency from private firms, if we should try
to obtain data from search engines and Internet platforms. At the same time, it is
recognized that having some data is better than no data, and having no data is a real
concern as nonresponse is a widely acknowledged problem.

I would like to point out, that modern statistical offices are already highly dependent
from other actors for data. For a while now, data has been increasingly obtained from
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many private and public organisations and the data generating process is not controlled by
the National Statistical Institutes (NSI). This is a risk that we must manage, as reversing
the trend is unlikely. Perhaps it is better to go all in, learn how to manage that risk
optimally by developing trusted partnerships, and then pay back by producing trusted,
impartial statistics. Strujs et al. (2014) bring this point home arguing that impartiality and
respect for privacy of NSIs, if communicated successfully, will put the NSIs as the
uniquely positioned trusted party also in the new world of big data, which may change how
NSIs operate altogether in their view.

While recognizing that the doubts of using web scraping as a source are well grounded, I
would like to maintain a more optimistic view of Internet as a source, as we have barely
begun looking at the possibilities. Many aspects of modern lives are online. The Internet is
evolving rapidly, as is the way we use and regulate it. Learning how to harness the data on
the Internet-economy by accessing websites seems valuable and not doing so might
present a risk of missing out. And, as by the 5th UN principle of official statistics, we need
to consider the cost effectiveness and response burden in choosing data sources, it would
be a mistake to discard web scraping at this stage.

In another piece on the future of official statistics MacFeely (2020), explains how we
have undergone series of data revolutions, all building the importance of data in today’s
economies. These revolutions must have consequences for official statistics if we are to
remain relevant and is probably an argument why we should embrace some of the hype
around big data. Businesses, that have adopted big data and data driven strategies, have
produced remarkable innovations. When compared, the official statistics could easily be
seen as dated, or useless. As a consequence, an official statistician who is desperately
clinging on to a too strict interpretation of quality with the expense of relevance, may
describe dated statistics with an impressive scientific precision, but provides no real value
to users.

This is why modernising the official statistics production systems is important. The
main focus should be on the ability of producing relevant information, flexibly and in a
more timely fashion, for example by exploiting new data sources and technologies. But,
this presents an additional dilemma, as we must somehow strike a balance between
relevance and impartiality (as stressed in Sebg and Holmberg 2019). In the European
Code of Practice of official statistics, impartiality and professional independence are high
on the list and places importance on "how” statistics are produced, but emphasize also the
relevance and pursuit of innovation in statistical outputs (Eurostat 2017). If “how” remains
at the discretion of the statistical offices, close cooperation with users, and even actively
obtaining outside financing for producing innovative new statistical products should not be
a problem. Of course, care is needed to communicate the impartiality aspects to the public
and the results should be made available in an impartial manner.

Production of new statistics is one thing, another is disseminating them to users — how
do we do that? An example of this is the recent trend of publishing experimental statistics,
which has risen precisely from the viewpoint of relevance and impartiality. In Finland,
these new statistics have allowed more flexibility and have made the innovation process
more visible to users, creating an environment where the statistical office could be seen as
able to respond to emerging data needs, harnessing the coveted relevance in the eyes of the
public. We have been able to explore some aspects of the “new” statistical learning
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technologies and have created new statistical products, such as nowcasting (see, e.g.,
Fornaro and Luomaranta 2020), which has improved the timeliness dimension of
economic statistics. Otherwise, big data is slowly but surely being integrated into the
statistics production systems; for example the adoption of scanner data in price index
compilation has improved the quality and efficiency of price index production (see, e.g.,
Suoperd et al. 2017). There are also cases where the adoption of web scraping allowed
describing new phenomena altogether, as in some cases, prices are indeed only available
online — and this trend is expected to strengthen.

It is easy to agree with the author that we should continue improving on the competitive
advantage of data integration capacity in official statistics. No one produces comparable,
high-quality statistics better than official statisticians, and this should be clearly
communicated to the public as well. This emphasis of valorising the skills in data
integration allows the opening of statistical service to new areas too, as the existing data
already collected by statistical offices allows for far more combinations, breakdowns and
data products than what are currently published. This way we can do more with what we
have cost effectively, and remain relevant as the data revolutions are playing out.

As many of us younger methodologists are excited about the prospects of new shiny
things, the pragmatism and grounding offered in this article are truly valuable. Mission
first.
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Comments by Martin Axelson and Eva Elvers

1. Introduction

First, we would like to thank the Editors for inviting us and to thank the Author for an
interesting and thought-provoking article about the field of official statistics and its future.
The article provides an important contribution to the literature on official statistics and the
use of statistical theory in their production. Official statistics are more specific than
statistics in general, but still open to some controversies and debates. We will in our
discussion of official statistics now and in the future not cover all aspects that the Author
raises but rather focus on some of them, in order to present a somewhat complementary
view of the topic at hand.

2. Statistical Theory

2.1. Survey — In a Broad Sense

A statistical survey is here considered in a broad sense; it is not limited to a sample survey
with direct data collection. There may be already available administrative data to use,
solely or partly, and there may be other data sources. The design of the survey considers if,
and how, to draw a sample; observe data with appropriate collection methods; use
administrative data; edit and integrate data; etc. The data sets to be integrated into one set,
or otherwise to be used together, are often micro data, but there may be aggregates.

When the Author uses the term survey, it mostly refers to a sample survey. Integration
of data is added for several situations.

Official statistics are based on statistical surveys. There is an ongoing development of
surveys, with expansion in data sources, collection and integration methods, and
estimation methods.

2.2.  Two Main Parts in Statistical Theory
Statistical theory has two main parts:

1. probability theory, and
2. statistical inference (with estimation and testing).

These two parts can be considered as statistical computations going in two directions.
One direction goes from general to specific, through assessment of possible outcomes
beforehand. The other direction goes from specific to general, through use of realised
outcomes to draw conclusions, that is, to infer something about the general.
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We will describe and discuss the two main parts in the setting of official statistics and
two approaches to statistics in Subsections 2.3-2.5 below. Our views deviate somewhat
from those of the Author.

2.3. Observed Data and Induction

A Swedish encyclopaedia says about statistical inference: an inductive science, where
conclusions are drawn from empirical data with regard to uncertainty caused by
randomness influencing data.

Statistics make use of observed data together with notions about untainted data and
possibly also scientific models. Observed data are rarely perfect and complete. On the
contrary, the data are typically associated with uncertainty, due to, for instance,
measurement errors, incomplete coverage, and missing data (nonresponse). The observed
data may refer to a sampled set of units rather than a full population; a set that is further
reduced due to nonresponse. The observed data may consist of several separate data sets,
possibly of different coverage and with different content in terms of variables.

A step is taken from the observed data, associated with uncertainty: the observed data
are aggregated to statistics. This step may, with reference to philosophy, be called an
induction; it is a reasoning with evidence but without certainty about the truth. The step is
built on statistical theory, and it is called statistical inference. The inferential step aims to:

e reduce consequences of data deficiencies such as missing data and
e describe the uncertainty that remains in the statistics.

2.4. Deduction and an Illustration

How to observe data is an essential issue — data that are appropriate for the overall goal of
the statistics and where quality, costs, and respondent burden (when direct data collection
is used) are balanced.

First, there is an ex-ante reasoning about which data to observe and how. This reasoning
may, again with reference to philosophy, be called a deduction, where the data behaviour
is described in advance based on the statistical models. This reasoning depends largely on
probability theory. Using previous experience, different possibilities can be studied and
compared, with respect to expected quality, costs, and respondent burden. The initial,
designing, stage — where both deduction and induction are considered and an outline is
made — is indeed important.

Figure 1 is a summary that illustrates deduction and induction in one or more successive
sub-steps. At the same time, Figure 1 shows how to use probability theory and statistical
inference for official statistics. Ideally, the two sets of statistical assumptions are made in
such a way that agreement between them is achieved. If so, the statistical inference will be
in accordance with the probability theory. Typically, alternative possibilities to obtain the
intended set of statistics are studied, thus implying that both sides of Figure 1 are used
iteratively.

The Author states that the induction/deduction distinction hardly can be applied in
official statistics — with reference to scientific theory. We find a reasoning with deduction
and induction useful for survey design and the inferential step. This is a perspective shared
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by others. For example, Alleva et al. (2021) say that in particular for official statistics, an
iteration and learning loop between the deductive and the inductive approach is
characteristic.

When working with the deduction side of Figure 1 the purpose of the statistics should be
stated clearly enough to signal the corresponding quality requirements, for example
regarding the content of the statistics, accuracy, timeliness, and coherence. Priorities are
made in the design in order for the statistics to be fit for purpose.

2.5. Descriptive and Analytic Approaches

The Author distinguishes between descriptive or exploratory statistics on the one hand and
analytical or inferential statistics on the other hand with a statistical approach that is
general and not tied to official statistics.
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When defining and producing official statistics, the statistics may be characterised as
either descriptive or analytic; a how-many type and a why type, respectively.

Many short-term time series are seasonally adjusted in order to make comparisons
between consecutive time periods easier — it may thus be easier to see and interpret trends
and short-term movements. A suitable model is used for the seasonal adjustment; a time
series model with parameters that are estimated from the data. The unadjusted and the
adjusted time series provide examples of the two approaches descriptive and analytic
statistics, respectively.

Another way to clarify the two approaches is that the unadjusted time series describes
the real world, as it is, whereas the seasonally adjusted time series describes something
else. It refers to a theoretical concept, aimed at describing a world similar to the real world
but without seasonal effects; thus comparisons over time are easier to make. This
description builds partly on model assumptions. The distinction between the two types of
statistics is not always clear-cut. Model assumptions are often used also for estimates
regarding descriptive statistics, as discussed further below.

The inferential step as illustrated in Figure 1 may be to the real world or to some
relevant notion of the world, such as a world without seasonal variations.

2.6. Comments

The description in Subsections 2.3—2.5 serves two purposes. Firstly, the intention is to
show why we find a reasoning with deduction and induction useful. Secondly, it underlines
the importance of being transparent about the inferential step: what world, what
parameters and so on. We agree essentially with the Author that official statistics are not
produced as scientific research. However, researchers may find much of interest in official
statistics to investigate further, for example in long time series and through combining
several sets of statistics.

3. Design, Data Integration, and Estimation

3.1. Survey Design

The design of a survey (in a broad sense) considers the inferential step from the data to the
real world and, possibly, further steps to descriptions that are assisted by, or even based on,
scientific models. Estimation procedures are constructed aiming at statistics with no or
little bias and with a small variance. Randomness is part of the picture, but what is fixed
and what is random? There are several possibilities and schools of thought.

A sample survey with probability sampling and an estimator based on the sampling
design has for a long time been considered the standard approach for official statistics. The
population is finite and the observations are considered fixed, whereas the sample is
random. Further approaches exist, for instance to consider observations as outcomes of
random variables. Even if the inference is still to the finite population, this is a model-
based approach, sometimes called a prediction approach. Yet another approach is to
consider the finite population as a sample from an infinite population, a so-called super-
population. The inference may be to some parameter of the infinite population or still of
the finite population. This corresponds to different possible worlds in Figure 1.



Tillé et al.: Official Statistics and its Future (with discussion) 583

3.2.  Nonresponse and Calibration

Nonresponse rates have increased considerably for a number of years. The statistical
inference is affected, and there is concern about possible bias in the statistics. The Author
discusses nonresponse, models, approaches to estimation and desirable properties at
several places. With nonresponse, some use of assumptions and models is necessary.

When it comes to nonresponse, the auxiliary variables are, simply expressed, powerful
if they capture variations in the target variable and in the propensity to respond. We do not
dispute the concept of double robustness described by the Author per se, but we would like
to point out that it is not necessarily easy from a practitioner’s point of view to prove that
model assumptions hold. In our experience, the building of imputation and nonresponse
models is based on reasoning about similarities within and between groups rather than on
formal hypothesis testing and p-values. The rather small data sets from respondents only is
the main explanation.

Calibration is an elegant method that was introduced to decrease variance through use of
the auxiliary variables that are correlated with the target variables. The Author provides
references. The use of this tool has expanded to adjust for nonresponse and sometimes also
for measurement errors and coverage deficiencies, as the Author notes. We are less
optimistic than the Author about the overall usefulness of calibration. In our opinion, the
tool is too often used without enough reflection on its properties and the conditions under
which it indeed adjusts for nonresponse, measurement errors, and coverage deficiencies.
We are convinced that official statistics would benefit from the theory on estimation under
nonresponse being further developed, preferably in a way that explicitly takes existing
subject matter theory into account. For this to take place, statisticians and subject matter
experts must work together.

3.3.  Data Integration

Calibration may be considered as an example of data integration, where information on the
auxiliary variables and information on the target variables are combined. The Author
mentions this.

In Sweden, there are official, unique identification numbers for individuals and
businesses, to mention just two such unit types. This makes it possible to integrate data
from different data sources on the micro level more easily than in many other countries.
However, Sweden is far from alone in combining data sources. Overall, there is an
increasing interest in using more data sources for official statistics, if possible.

The Author states that it is a crucial issue in official statistics to integrate data from
different data sources “in order to best enhance the reliability of each source”. It is, of
course, a matter of more than reliability.

3.4. Administrative Data and Costs

Sample surveys with probability samples and direct data collection has been a “gold
standard” for official statistics for a rather long time, as the Author notes. However, there
has been an increased use of administrative data for some time now, with a variation
between countries.
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Administrative data have been collected for a specific administrative purpose. When
they are to be used for statistical purposes the deduction and induction steps of Figure 1
have to be considered.

How can the data reasonably be described on the generating side, and what assumptions
and models are reasonable on the inferential side? Maybe some adjustments and models
are motivated with respect to coverage and measurement deficiencies. It may be desirable
and motivated to use a model to “derive” somewhat new variables for the statistics based
on the observed ones.

The usefulness of administrative data for statistical purposes depends highly on the
original administrative use when it comes to timeliness, accuracy of the micro data and so
on. There may be agreements between agencies about data handling. Our experience of
using administrative data for statistical purposes is more positive than that of the Author.
Still, there certainly has to be care when designing the use.

3.5. New Data Sources and Improvements

Official statistics are important for decisions in the society, and for general information,
investigation, and research. They are to be objective and they are a public good. The
money spent on the production of official statistics has to be used with caution and in an
efficient way. Hence, the possibilities to use existing data rather than collecting new data
have to be considered. The purpose of the statistics, the quality, the costs, and the
respondent burden related to direct data collection have to be considered together.
Producers of official statistics should not collect data from respondents if these data are
already available. If available data are close to the intentions, it may be possible to use
these data together with other available data and statistical models. It is a matter of adding
value in relation to costs.

Lothian et al. (2019) describe how to use available data, and they call them “it-is-what-
it-is”. They discuss how to integrate these data with other data. The so-called base
registers, which many statistical agencies have on individuals, businesses, and dwellings,
are useful.

Alleva et al. (2021) and De Broe et al. (2021) are two recent examples that show the
quick development in the production of official statistics. They discuss methodological,
technological, and design challenges in the new multisource statistics ecosystem and the
paradigm of official statistics, respectively. De Broe et al. (2021) describe cultural
changes, too. There are many challenges involved for many employees.

When official statistics are produced as long time series, requirements on stability over
time is one of the consequences. The Author states this together with comments on the
usefulness of web scraped data, in particular regarding prices, in a way that we find
unnecessarily negative, even if we overall find big data to be a bit of a buzzword. New data
sources may be used as long as the statistics produced are in line with the quality
requirements. It is often a considerable challenge to measure or assess the accuracy.

The Covid-19 pandemic has put pressure on timely statistics and to some extent on new
statistics. This has implied new and modified methods for some statistics in an unusually
quick way. The pandemic has also demonstrated deficiencies in comparability between
countries due to different definitions. More work is needed in the near future.
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4. A Few Concluding Remarks

To conclude, we would like to thank the author once more for an interesting and thought-
provoking article on an important topic. Even if official statistics are specific as such, they
are not essentially different from other statistics when it comes to the use of probability
theory and statistical inference. A producer of (official) statistics has an important role
when developing and communicating the statistics. The scientific model(s) that the
statistics depend on should be clearly stated, and the target of the statistical inference
should be explicit — both in discussions with stakeholders and in the general, open,
presentation.

Data sources and methods should be chosen carefully and in a way that combines and
integrates the data sources and the methods used in an appropriate way. Objectivity,
impartiality, a scientific basis, and transparency are key. Quality should be in line with the
purpose of the statistics and not be expressed as vaguely as “high-quality” statistics. Here
our view deviates somewhat from what the Author advocates.

The Author states in his/her concluding remarks that it would be useful to have a general
theoretical framework for data integration. We agree, and we would like to go further; we
would like theory for statistical inference from registers and integrated data.
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Comments by Anders Holmberg

I would like to thank the editors for the opportunity to comment on this article. The title
contains Official Statistics and it is that lens I am taking. The views expressed are my
personal and not those of my employer.

The author tries to connect thoughts on the future of official statistics with the evolution
of (parts of) statistical science and when doing so turning against the concept of “Big
Data”. It is easy to have sympathy for the frustration of how the Big Data terminology
sometimes appear. [ agree with most of the points made, but the author is preaching to the
choir. And I do not see any danger pursuing use of alternate data irrespective of their size
or structure.

It is my opinion that official statisticians know that alternate data acquired for statistics
without a purpose-built questionnaire will never give you exact what you are looking for.
Does that make these data useless for official statistics? No of course not. Does it make
such data worse than survey data? Sometimes! But that can be evaluated by a systematic
approach using different quality frameworks that has been developed in recent times (see
e.g., Zhang 2012; Reid et al. 2015). It is through a quality-cost lens we can find the most
appropriate mix of data sources for recurrent Official Statistics.

The article meanders between issues and opportunities without clearly highlighting any
main issues for Official Statistics. The “p-value crisis” (which has been around for a while
and sometimes turn up as mass significance issues) and the synopsis of the statistical
science development does not add any new insights or a research synthesis to its future.
Although many author statements are agreeable, I miss the connections to basic factors
such as the UN fundamental principles (UN 2014), technology drivers, and the changing
societal and stakeholder’s requirements that often emphasise other quality dimensions
than accuracy. Almost all methodological references in the article address the accuracy
dimension. This is ok but not sufficient to future proof official statistics to retain public
trust and stay relevant. The demands on and the responses from National Statistical
Institutes worldwide during the COVID-19 pandemic show that sometime accuracy must
be traded. In Australia for example, the Australian Bureau of Statistics used a new data
source on payroll and wages to rapidly produce fortnightly indexes to help policy makers.

The four separate sections discussing data sources and their integration, modelling, big
data, and statistical learning have a mixed bag of author reflections. The review of
calibration methodology, the development lines of probability sampling and use of
modelling all come from the sample survey theory tradition. While that is important it also
misses, or underplays important work done on alternate data sources. For example Journal
of Official Statistics had a special issue about coverage in administrative data in 2015, the
Dutch virtual census came 2001 (Schulte-Nordholt et al. 2004), register-based statistics
(UNECE 2007; Wallgren and Wallgren 2014 and many more) and integration of data
(Kim and Tam 2021).

© Statistics Sweden
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The author notes however, that sampling increasingly is used to check and improve
other data sources. This trend of more sampling to observe as opposed to sampling to do
surveys is growing in importance. In my view, this is the way forward to get more value
from alternate data sources and make the best of integrated data. For official statistics this
may not need so much new statistical theory as it needs rethinking statistical designs where
probability-based data is adapted to add value to not randomly selected “it-is-what-it-is”
data. Nothing stops a statistical system from using both surveys and alternate sources
interchangeably and in a complementary way (e.g., see Lothian et al. 2019). The strength
of the sample survey approach (That it can be tailored to a problem and better control
biases.) speaks in favour for it being a key tool that filling the gaps from first using an
alternative data source. I am certain we will soon see a lot more applications of this.

It is therefore easy to agree with the author that data integration is a necessary pathway
ahead. I also share the skepticism that data scraped from the web never will pay a
dominant role. Not so much because of the data quality, this can be good (e.g., timely and
accurate price information) or poor with concept deviations, selection biases etc. I am
more concerned about fit for purpose, transparency, ethics and production circumstances
to official statistics. Web scraped data can be unsustainable and not fulfilling initial
promises of automation and efficiency with one IT-solution per application needing
adjustment as soon as sources are updated. A better solution would be to investigate the
providers’ ability to directly transfer their data.

Finally, a comment on the use of statistical learning and doing predictions when making
official statistics. This is not new, and statistical offices will continue to use and develop
sound methods for this when appropriate. Again cost versus benefit will be a major driver.
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Comments by Richard Valliant

This article is a thoughtful discussion of the goals of official statistics and the issues it must
confront in the coming years. The author covers some history of official statistics and
connects the current debate about inference to the production of official statistics. The
author also gives a useful overview of the problems in data integration that agencies are
sorting through. These comments expand on some of the authors points about official
statistics.

Official statistics is now at a critical juncture because of rapid, technological changes in
most societies. The call by Statistics Canada for submissions to the 2021 International
Methodology Symposium, titled “Adopting Data Science in Official Statistics to Meet
Society’s Emerging Needs” is a reflection of this (www.statcan.gc.ca/eng/conferences/-
symposium2021/index). As the conference organizers ask, “Advancements in the field of
data science provide solutions to some of these new challenges, but what does it all mean
for official statistics and what is the impact on how data are collected, compiled, analyzed
and presented?”

Perhaps even more daunting than the technical challenges is rising distrust of official
statistics in some countries. According to Davies (2017), prior to the 2016 US presidential
election, a study in the US found that 68% of Trump supporters distrusted the economic
data published by the federal government with nearly half saying they do not trust
government economic data “at all”. He further notes that in the UK, a research project by
Cambridge University and YouGov looking at conspiracy theories discovered that 55% of
the population believes that the government “is hiding the truth about the number of
immigrants living here”. As observed by social psychologist Arie Kruglanski in a
Washington Post article on extremism “... trust is low in government, in Congress, in
science, in medicine, the church...” (Fisher 2021). Convincing the public that official
statistics are still to be trusted will require persuasive public relations in addition to
methods that can be justified technically.

1. Growing Nonresponse to Surveys and Censuses

A major problem is getting data in regular probability surveys in the first place.
Nonresponse rates have been steadily increasing over the years with no abatement in sight.
The general decline in public trust affects governmental data collection in many types of
surveys. Williams and Brick (2018) chart the decline in response rates in five major US in-
person household surveys over the period 1990—2014. The National Health Interview
Survey response rate (RR) declined from 95% to 74%. The RR in the Current Population
Survey-Annual Social and Economic Supplement (CPS-ASEC) dropped from about 89%
to 76%. The RR in the National Survey of Drug Use and Health went from 84% to about
61%. Since 2014, response rates have declined even more with shocks like the global
COVID-19 pandemic causing sudden, additional decreases (e.g., see https://www.cen-
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sus.gov/newsroom/blogs/research-matters/2020/09/pandemic-affect-survey-respon-
se.html.

Response rates to other modes like telephone are far worse than for in-person surveys.
Kennedy and Hartig (2019) report that RRs to Pew Research telephone surveys declined
from 36% in 1997 to 6% in 2018. Although the relationship between bias and RR is not
necessarily high (Groves and Peytcheva 2008), such low RRs are not a source of comfort.
Using hand-held devices like mobile phones to collect data is one way to facilitate
response and increase response rates. Use of these devices is bound to expand in the future
when in-person collection is not required.

2. Reacting Quickly to Changing Demands for Data

A health crisis is often the impetus to quickly generate data on new topics — the global
COVID-19 pandemic being the latest with the HIV/AIDS epidemic of the 1980s being
another. Governmental agencies need to agile enough to mount new collections of data in
months or even weeks to serve policy needs. Past development cycles that can stretch into
years are not acceptable when needs for data are pressing. An example of a current, quick
response US survey is the Household Pulse Survey (Fields et al. 2020) sponsored by the
Census Bureau and five other agencies. The Pulse Survey is designed to measure the
impact of the COVID-19 pandemic on employment status, consumer spending, food
security, housing, and other topics and collects data on-line. Although the survey provides
timely estimates, these come with a price. The survey had less than a 4% response rate in
April 2020. Although the sampling frame used is probably the best available in the US,
assessing the quality of data from surveys with such low RRs may be difficult or
impossible.

As response rates progressively diminish in probability samples, the repeated sampling
mathematics traditionally used to derive finite population estimators becomes more
tenuous. Consequently, model-based justifications for estimating inclusion propensities
and for calibrating estimators become more important. The need to validate the quality of
estimates applies to all surveys but is especially germane to quick response, low response
rate surveys and to nonprobability samples mentioned below.

3. Adapting to New Methods of Data Collection

Collection of biospecimens and other physical measurements has been commonplace in
various official surveys for years and is likely to expand in the future. For example, the
U.S. National Health and Nutrition Examination Survey has collected blood serum and
urine from a national probability sample since 1988. The U.S. Health and Retirement
Study (HRS) has genotyped almost 20,000 respondents who provided DNA samples and
signed consent forms in 2006—-2012 (https://hrs.isr.umich.edu/data-products/genetic-
data). There are a number of HRS sister studies of the aging population that have similar
goals: English Longitudinal Study of Aging (ELSA), Survey of Health, Ageing, and
Retirement in Europe (SHARE), The Irish Longitudinal Study on Ageing (TILDA), and
others (https://hrs.isr.umich.edu/about/international-sister-studies).

Use of wearables to collect survey data opens the possibility for these and other studies
to build rich time series of data on health measures from representative samples that have
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not been available before (see, e.g., De Arriba-Pérez et al. 2016). Data from wearables can
be collected for closely spaced time intervals on sleep patterns, exercise habits, and other
characteristics that have not been easily accessible before on large samples. The ability to
analyze such data for race-ethnicity and other subgroups could be a boon to public health
and health policy analyses. Naturally, this technology raises concerns about confidentiality
and willingness of demographic groups to cooperate in these data collection efforts (see
below).

In the US, the National Institute for Health’s All of US (AoU) voluntary national
research program whose goal is to collect biometric data on one million people through
surveys, electronic health records, and biosamples including blood and saliva
(https://allofus.nih.gov/about). In 2019 the Fitbit Bring-Your-Own-Device (BYOD)
project was added to AoU where participants can choose to share biometric data from their
Fitbit® accounts. Since AoU is a nonprobability sample, how to use these data for
population estimates is a problem to be solved, as noted below.

4. Data Integration, Nonprobability Samples, and Calibration

Administrative databases can cover some or all of a population for which statistics are
desired. Combining administrative data with survey data seems to be an avenue toward
improving survey data by using the administrative data to impute for missing values, to
avoid asking survey respondents for certain items if they are available in an administrative
database, and to compensate for incomplete sampling frames (Auerbach et al. 2019). Tax
records and postal service databases are examples of administrative databases that are
useful. As the author notes, administrative data may not be collected with the same care as
high-quality survey data. Use of these data in combination with survey data for estimation
raises several questions, including: (1) Are the data of the same quality as survey data? (2)
Do the data cover the correct universe (or part of it)? (3) Are units in the administrative
database defined in the same way as those in the survey database?

Although the founders of probability sampling (Neyman, Hansen, Hurwitz, Madow,
etc.) would probably recoil at the notion, use of nonprobability samples is expanding and
may inevitably become a part of official data collections at least in part as a way of
collecting data cheaper and quicker (Japec and Lyberg 2020). Nonprobability samples
may also be the best way of finding units with special characteristics that would be rarely
located with a probability sample from a full population. For example, Elliott et al. (2010)
and Rafei et al. (2020) discuss combining a nonprobability sample of motor vehicle
crashes that lead to occupants being severely injured with a probability sample of all
crashes. As this example implies, such a combination may be of most interest in official
statistics when estimates are needed for rare subpopulations.

The literature is rapidly growing on how to use nonprobability samples — either alone or
combined with a probability sample. “Big data” are not obtained by designed data
collection methods and must be treated as nonprobability samples (if they are used at all).
The main dangers in using big data are under- and over-coverage, and self-selection.
Attempts must be made to statistically adjust for each of these problems to create
approximately unbiased estimators. Having a gold standard probability sample that
collects some of the same items as a nonprobability sample is one approach to adjustment.
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For the sake of efficiency, federal statistical agencies should cooperate in identifying a set
of probability surveys to jointly fund for this purpose and modify them to use uniform
definitions of terms and items so that the purposes of different agencies are met. Such
uniformity may also facilitate linking different data sets. Coordination among data
collection systems, of course, should be easier in countries with centralized statistical
systems.

As the author notes, calibration of probability samples to control counts from
administrative databases is a key part of survey estimation. The uses of calibration in
nonprobability samples are the same—adjustment for coverage errors, correction of
nonresponse errors, and reduction of standard errors. Calibrating to estimates from well-
executed, probability surveys is another option that allows control quantities to be used
that are different and potentially more effective than ones from administrative data sets.
When nonprobability samples are used, thorough modeling will become more important to
estimate propensities of being observed in a sample and to model the relationship between
analytic variables (y’s) and predictors (auxiliaries).

Whether a particular nonprobability sample should be used at all for official statistics is,
of course, the critical question. The author expresses some justifiable doubt about the use
of web-scraped data and other sources that are considered nonprobability data sources.
Diagnostics for nonignorable selection in such samples (e.g., see Andridge et al. 2019;
Little et al. 2020) should be an important step in deciding whether nonprobability samples
are “fit for use”.

The technical, statistical problems of data integration need additional research. Lohr
and Raghunathan (2017) discuss methods of integration including imputation, use of
multiple frames, and small area estimation techniques for integration and how studies
might be designed to check on the accuracy of different sources. Kim and Tam (2021)
consider techniques for integration that attempt to handle selection bias.

5. Confidentiality and Disclosure Protections that Society will Accept

As distrust of government builds among some segments of society, agencies must present
a convincing case that they will safeguard participants’ data. This especially applies to
personal, health-related data and financial data. Linking different administrative
databases, like tax records or medical histories, to survey data expands the kinds of
analyses that can be done but requires that people give informed consent to do the linkage
(Sakshaug et al. 2012).

Sophisticated confidentiality protection measures like differential privacy have been
developed by cryptographers and are being applied to surveys and censuses. For publicly
released US 2020 census data, the plan is to use the technique to avoid disclosures of
individual information (U.S. Census Bureau 2021). However, objections to its use have
already been raised — not for its inadequate protection but because it is claimed to suppress
too much data. In a 2020 lawsuit (since withdrawn), the state of Alabama sued the U.S.
Census Bureau in 2020 on the grounds that the planned disclosure methods interfered with
the data needed to redraw congressional districts (Riccardi and Schneider 2021). Another
option for maintaining confidentiality is to create entirely synthetic data for applications
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where real data are too sensitive to publish; the United Kingdom is actively investigating
this (Kaloskampis et al. 2020).

Some US agencies have established Research Data Centers (RDCs) to allow analysts
access to confidential data while protecting privacy of persons or businesses. An RDC is a
location where researchers can go to analyze restricted-use microdata that has not been
subjected to data suppression or other disclosure protection techniques. Analysts must
receive clearance to use an RDC and are restricted in the sort of material that can be taken
away from the RDC. Many researchers feel that these strictures are extremely
inconvenient and limit the kinds of analysis that can be done or whether a researcher can
use the data at all. Making official data more accessible to more researchers while still
protecting confidentiality should be an ongoing concern.

6. Recruiting Staff and Competing with the Private Sector

The statistical analyses and methodology required for surveys are growing more and more
technologically complex. New and existing staff in government agencies must be up to the
new challenges. This will require agencies to invest in continuing education and to hire
qualified staff with strong educations in statistics, data science, and methodology. Because
national governments have made huge investments in trying to recover from the public
health and economic effects of the pandemic, finding money to hire and educate staff will
be a major test in coming years. Government must also compete with private sector
technology companies that typically pay higher salaries than the government.

In summary, the challenges faced by official statistics are immense. A key goal should
be to remain a trusted source for truth in the face of so much misinformation and
disinformation that is swirling everywhere. To quote Rademacher (2020), “...facts can
play an enormously important part if they are produced with a quality that makes them
credible and purpose-specific. In order for this to actually happen, official statistics must
continue to actively pursue the modernisation of their working methods.”
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Rejoinder by Yves Tillé

I would first like to thank the editors of the Journal of Official Statistics, who were kind
enough to consider my article and who prompted this discussion with quality people. My
objective was to share my point of view on the future of official statistics, on the
challenges and to address the questions posed by new data sources and new methods. I
would also like to thank all the discussants who took the time to read my article and who
added extremely relevant comments.

Dr. Marc Debusschere develops the idea that there are conservatives and progressives in
official statistics. I certainly do not think I am a conservative. I believe in scientific
innovation and the need for further research in the field of official statistics. Statistics has
changed a lot in the last few years to take into account new problems. It is in the best
interest of official statistics to embrace these new methods. However, I completely
disagree with the statement that archaic statistics would “lead to increasingly specialized
and intricate methodologies”. Let me explain. We know more or less what to do when
processing a sample. There are standard procedures: treatment of questionnaire
nonresponse by reweighting, imputation of item nonresponse, calibration and estimation.
It is quite illusory to think that the introduction of new statistical methods will simplify the
work of the statisticians. It will make it both more complex and richer. For these reasons,
research and training will be the key issues of the future.

Concerning the use of new sources, I am however much more reserved. Administrative
files should be used, but it is often difficult because they were not designed for statistical
purposes. Data coming directly from the Internet suffer for the most part from several
problems: a poor definition of statistical units, the impossibility of carrying out a
production control procedure, and instability over time, which makes it very difficult to
use them for official statistics. The purpose of my article was to warn against the illusion
that new methods and new data will magically simplify the work of statisticians. On the
contrary, more and more technical skills will be needed to meet these challenges.

Dr. Henri Luomaranta brings very interesting clarifications to my article. The references
are also very important. Finland has been a forerunner in the use of administrative files. It
is essential to continue in this way because the response rates are falling almost
everywhere. For a citizen or a company, it is incomprehensible to have to give information
that the State has already collected in one way or another. The reflections of Dr. Henri
Luomaranta on the right compromise between speed and accuracy are also very relevant. I
think that statistical institutes should not hesitate to publish statistics quickly, even if it
means correcting them later.

Dr. Martin Axelson and Dr. Eva Elvers added very constructive comments. My point
was to say that the interpretation of the induction/deduction cycle is far from being
unanimous in statistics. Test theory can be considered as a deductive approach. The
hypothesis is derived from a general model. We then reason about the hypothesis to
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deduce what we should get if the hypothesis were true. We then confront this reasoning
with the data to make a decision on the hypothesis. By following this view, Jerzy Neyman
was therefore relatively reserved about the idea of inductive reasoning.

As Dr. Martin Axelson and Dr. Eva Elvers explain, inferential statistics can also be seen
as inductive because it consists in extrapolating partial data. So one generalizes
observations to a larger entity: a population or a model. This is another interpretation of the
induction/deduction cycle. In their article, Alleva et al. (2021) also speak of an induction/
deduction cycle. It seems that they consider inferential statistics as an inductive approach,
but they do not explain clearly what they mean by deductive approach.

In sampling theory, we sometimes refer to the anticipated variance, which is the
variance calculated both under the design and under a model. This theoretical variance
makes it possible to evaluate the precision that would be obtained under a particular model
with a given sampling design. This allows us to choose the best design for a model on the
data. This is the reasoning developed in the article of Tillé and Wilhelm (2017) and would
then be typically deductive. Then, data collection and analysis allows new hypotheses
about the population to be formulated in order to continue optimizing the sampling
procedure in the next wave. In this case, the induction- deduction cycle is not applied to
build knowledge but only to establish an efficient sampling strategy according to the
postulated model. My point was to say that the induction/deduction cycle is subject to
many different interpretations in statistics. One cannot really say that there is a consensus
about it.

Official statistics is in my opinion specific, not because of its methods, but because of its
objectives, which are to produce quality reference statistics. The objective is therefore not
to produce knowledge directly. I still think that official statistics is not intended to model
all the data it produces. Nevertheless, there is no reason why statistical methods should be
fundamentally different from other fields of statistics. For example, modeling can be
extremely useful for imputing missing values. However, the goal is not really to theorize
the data set but to fill in the holes as best as possible. To do this, one can obviously use very
sophisticated methods to reconstruct the missing part of the data. In my opinion, statistical
learning methods are not inductive, because they often predict well without really
understanding and therefore do not allow theorizing. The example is particularly striking
in the field of translation where current translators are very efficient but are not based on
any theory of language. The understanding of “why it works” for statistical learning
methods is a major issue in current research in the field.

I thank Dr. Anders Holmberg for his important comments and references. It is true that I
have mainly talked about methods and data sources because this is my field of research.
There are many other issues concerning official statistics: political, administrative,
organizational, ethical. I am very much in favor of exploring all possibilities of using new
data sources. However, my main point was to say that there will be nothing magical and
nothing automatic. The new data sources all contain gaps. The integration of the various
sources will require more and more technical skills. A general methodology for integration
with multiple sources has yet to be built.

I would like to thank Prof. Richard Valliant, whose work I have always read with great
interest, for his very relevant reflections that shed additional light on the future of official
statistics. If I may summarize his thoughts: official statistics must face increasing
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nonresponse, data integration problems, to produce statistics faster by taking advantage of
new data sources while being attentive to confidentiality issues. These challenges can only
be met with highly skilled statisticians. I fully share this view. Nonresponse is also
increasing in Europe. This is a very worrying issue. There are only two options: reduce the
statistical burden by using administrative data as much as possible, build trust between
official statistics and the citizen.

I would like to add, however, that the situation in most European countries is somewhat
different from that in the United States. Indeed, many European countries have been
building population registers, sometimes for decades, with a compulsory declaration of
domicile. In these countries, censuses have been abolished and a large part of the
population statistics are based on registers. Of course, these registers are supplemented by
surveys, but the registers form a reliable basis for comparison. Moreover, when social
security systems cover the whole population, it is also possible to obtain reliable data on
pensions and health without resorting to surveys. The valorization of administrative files is
therefore easier in Europe than in the United States.
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