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Introduction: the role of Official Statistics

The role of modern official statistics is to provide a quantitative representation about
the state of the society and of the economy to policymakers, citizens and economic
actors. Official Statistics is intimately connected to democracy1 : it delivers the same
information (“statistics”) openly, to everybody at the same time. A system of legal,
organisational and methodological frameworks is in place to ensure that the whole
production process, from data collection through processing and dissemination of the
final statistics, is independent from other public authorities and private entities [2].
On the operational level, the production of Official Statistics is based on the model
exemplified as depicted in Figure 1(a). The Statistical Office (SO) collects the input
data centrally, processes them internally and finally publishes the information produced in output, i.e., the statistics. The quality of the final output depends jointly
on (i) the quality of the input data and (ii) the quality of the processing method
(algorithm). The ultimate goal of SO is to deliver output information with guaranteed
high quality, including relevance and timeliness, and in the traditional model SO have
full control over the design and execution of the processing method. They also have
direct control over the collection of input data in the case of survey and census data.
As for administrative data, they are collected by different public authorities and for
purposes other than Official Statistics, however SO still retain accurate knowledge
about the collection process, sources of errors etc.
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The new data out there

In the last decade a compound of technological developments spurred a global process
of digitalisation of the whole society: key milestones were the building of the Internet
and World Wide Web, the advent of pervasive online social networks, the spreading
of smartphones and other “smart devices”, and more recently the development of
the so-called Internet-of-Things (IoT). With digitalisation comes datafication [3]. We
now live in a world where almost any event related to social, economic and physical
interaction among individuals, organisations, objects or systems is encoded into “data”
that are collected, exchanged, stored, processed, analysed and traded.
The “new data” that are available nowadays have some fundamentally different characteristics from the traditional data used for decades by official statistics. The term
“Big Data” has been popularised to indicate that such data tend to yield much higher
dimensionality (variety), volume and rate (velocity) of legacy sources, calling for novel
methodological approaches for the analysis and mining of such data. However these
aspects are not in the focus of the present work. Instead, what matters here is that
such new data embed finer-grained and “deeper” information about individual subjects. For example, for individual persons, the records found in traditional micro-data
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Quoting a former director general of Statistics Finland: “Knowledge is power; [official] statistics
is democracy” [1].
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sources would include features like e.g. gender, age, residence, profession, monthly or
yearly income and expenditure, number of tourism trips and alike. Such features refer
to aspects that change very slowly or not at all, while time-varying phenomena (e.g.,
income or expenditures) are aggregated at coarse time-scales (monthly, yearly). In
other words, they provide a summary view about the individual subject, and for this
reason we refer to such records as “shallow data”. On the other hand, new data sources
nowadays are able to encode, for every individual and with great level of detail, every single purchase or other economic transaction, every encounter, social interaction
event, the exact geographical location at any time, the instantaneous activity, every
single heartbeat, step etc. Such data provide a much more pervasive and in-depth
view about the individual behaviour and status, well beyond what was conceivable in
the previous century with traditional surveys and administrative data. We refer to
such records as “deep data”. The distinction between “shallow data” and new “deep
data” applies not only to data about individuals: it is straightforward to extend this
terminology to data about economic and social entities, companies and organisations.
The term “micro-data” is commonly used to refer to records about individual subjects,
as opposite to “macro-data” about aggregates and/or groups. As new deep data refer
to atomic events (e.g. single transactions, encounters, actions) occurring at subindividual level, with much smaller granularity than micro-data records, we propose
the term “nano-data” to refer to such new data.
Besides the higher level of depth and pervasiveness, another important difference between traditional and new deep/nano-data sources relates to the public versus private
nature of their holders. New data sources are often collected by private for-profit companies with a stake in such data. They are not only a by-product of other profitable
processes, but represent themselves a competitive commercial asset. Consequently,
issues of business sensitivity intermingle with user privacy, resulting in a richer set of
data confidentiality requirements.
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Reasserting the role, revisiting the operation model

The fundamental role of Official Statistics is not less important in the new datafied
world, where data are abundant and spread everywhere, than it was in the past
century, where data were scarce and concentrated in small oases. Likewise drinkable
fresh water, that is not less vital after a flood than in the dry desert, trustworthy and
unbiased quantitative information about the society is vital to democracies. However,
reasserting the strategic role of Official Statistics in the new datafied society does not
exclude a careful rethinking of certain tactical implementation aspects about how such
role is pursued. We argue that the new deeply changed data environment calls for a
revision of the operation model of Official Statistics in order to maintain its legacy
mission. In other words, the original objectives are to be pursued in novel ways.
The mission of Official Statistics is to deliver trustworthy, relevant and timely quantitative representation of society and economy. But probably the notions of timely
and relevant in the new datafied world should be interpreted differently than in the
previous century. The end-users of Official Statistics increasingly expect to receive
statistics with finer-grained level of spatial/temporal aggregation and shorter production delays, without sacrificing the accuracy and trustworthiness. New data sources
can help SO to remain relevant in face of increasing expectations by the users and
potential competition by alternative suppliers of analytic services. For the above reasons, it is natural for the SO to seek ways to take advantage from the vast stock of
new data sources being collected in the private sector. The traditional model based
on the ingestion of all input data (refer to Fig. 1(a)) was developed in a world of
“shallow data” and is perfectly fit for the legacy data sources. It is not superfluous to
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ask ourselves whether it is feasible and/or desirable to apply the same model to the
new “deep data”. The costs and risks of concentrating all “nano-data” records about
all individuals at a single institution might outweigh the potential benefits. For these
reasons, it is worth taking into consideration alternative operation models to cope
with the deep/nano data sources that became recently available. The model depicted
in Fig. 1(b) is based on the principle of distributing the computation as opposite to
concentrating the data. In this model, computation instances are executed near the
data sources, and only the resulting intermediate data are passed to the SO. With
proper technological solutions (e.g. Secure Multi-Party Computation and Trusted
Execution Environment) this model can support also the joint processing (fusion) of
confidential input data from multiple sources. In other words, the execution of the
computation process is split between—and shared by—the SO and the source(s). It
is important to remark that the operation model exemplified in Fig. 1(b) revolves
around the principle that the ultimate goal of the whole process is to extract the
desired output information. Sharing the input data is merely one possible tactic –
and not the only one – to achieve that goal. The shift of focus from the input data to
the output information is indeed one of the key principles of the alternative operation
model discussed in this paper. Moreover, the (partial) externalisation of computation
towards the source constitutes one of the pillars of the Trusted Smart Statistics vision
elaborated in [4].
The approach of sharing computation instead of input data bears a number of important implications. First, we should distinguish the execution of the processing method
from its design. The fact that part of the computation is executed outside the SO
domain does not preclude the SO to remain responsible for defining the processing
methodology, also for the part that is externalised. In many cases of practical interest it is desirable to implement collaborative models where SO and the input data
holder co-develop together the processing methodology, i.e., share the design of the
algorithm. This is particularly important whenever the input data require a certain
amount of domain-specific technical knowledge to be correctly interpreted (as is the
case for example with mobile network operator data [5, 6]).
Note also that a particular computation instance is intrinsically bound to a specific
class of input data and to a particular type of output information. Therefore, sharing
(the design and execution of) the computation instance between SO and source(s)
implies that the latter keep (non-exclusive) control over the definition and extraction
of the output information. In other words, while in the traditional model the SO
holds full exclusive control over the computation method and output (ref. Fig. 2(a)),
in the new alternative model such control is shared non-exclusively between SO and
source(s) (ref Fig. 2(b)).
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Figure 1: Two distinct operation models
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Figure 2: Data Sharing vs. Computation Sharing

4

Conclusions and Outlook

In this position paper we discuss the potential evolution of Official Statistics from an
operation model based on data concentration towards an alternative model based on
computation distribution. The latter involves a higher degree of participation by the
input data sources, to the definition of the desired output information (statistics) as
well as to the design and execution of the processing method. This approach reinforces
the protection of confidentiality of the input data and distributes the physical and
logical control over the process across multiple actors. It can be naturally combined
with the principles of algorithm transparency, openness and auditability that are
elaborated elsewhere. Furthermore, the “shared control” spirit underlying this model
fits well in scenarios where independent authorities are called to validate and certify
the adherence of the computation instance to the applicable legal provisions (e.g.,
privacy regulations) and ethical standards. The collective effect of such measures is
to increase transparency, collective control, public trust and acceptance over the use
of increasingly pervasive deep data for public interest purposes.
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