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Big-Data handling as a metrological challenge beyond
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ABSTRACT

Digitalisation is considered one of the new technical tools in metrology as well; it is a general strategic issue concerning the future
treatment of human knowledge in progress. Digitalisation has reached a dominant status also in data science, inducing a collation of an
amount of “data”, i.e. of potential information, that is by now by far quantitatively enormously wider than ever before in the science
history. It is called Big Data and it is widely recognized. However, it is also considered to be able to replace some of the traditional
handling tools in the relevant scientific information, namely the metrological ones. It is called “dataism”.

This short paper is proposing some reflections on Big Data handling as an additional challenge also for metrology, with suggestions on
possible improvement. In fact, Its regulatory field is considered to need taking into account and providing guidelines to the new concepts.
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1. INTRODUCTION

Digitalisation is today's “mantra” of science, being one of the
sources of the quick technological developments of the recent
times. In metrology, digitalisation is considered one of the
technical needs that, to date, have become necessary. There are
several definitions/interpretations of digitalisation, from the
action taken by simple digitising to its concept, consequences,
and use. [1]-[7] In fact, it does not only mean a tool to handle
data but additionally includes the need for developing other
related topics, such as digital representation, ontology, and
definitions.

The following definition, among many, will be regarded as
adequate, appropriate and sufficient: digitalisation is the process of
converting information into a digital (i.e., computer-readable) format.
That is often indicated as the definition of “digitisation”, [8]
while “digitalisation” is assumed to rather refer to further
advantages deriving from digitisation.

A most general strategic issue deriving as an important
consequence of digitisation to digitalisation is considered in this
Comment, involving the future treatment of human knowledge.
It consists of the fact that digital means, having reached a
dominant status also in data science, induced a collection of an

amount of data, i.e. of potential information, which is by now
enormously far wider in quantity than ever in human history.

It is common belief, in science as well, that greater the
information, the higher is the reliability — at any given level of
confidence. In that sense, the use of digital means is favoured
also in science-positive developments.

These large datasets are today called Big Data, whose definition
is extremely varied [9]-[12]. Here the focus will be limited to the
fact that they also induced a new position, considering a different
way of thinking about data, called “dataism” [13]-[16] — it was
found difficult to find references in mainstream literature of
philosophy of science and also of measurement science, apart in
some social fields.

Since each datum is considered a piece of information, the use
of an “accumulation” method might in principle be considered
sufficient in itself. Such a position assumes that a set of data
increased in quantity will also increase the amount of
information, i.e. that more data necessarily equals more reliable
knowledge, and even of better quality.

However, an increased amount of information not necessarily
does always mean that the overall obtained information remains
consistent with itself — so implying an effective univocal increase
of knowledge, the necessary condition for reliable decisions.
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In addition, it is also common sense in science that different
positions almost always arise in the evaluation of the currently
available knowledge. [17] These positions are initially all
considered potentially valid for discussion, until the Community
is able to converge onto a single position (sometimes after
Centuries, such as the fact of Earth roundness), generally the
prevalent one among them, i.e. based on consensus. Thus, only a
“probabilistic” nature is assigned to most of the newer changes
in the status of knowledge.

Moreover, scientists are accustomed to considering the
information carried out by “data” the safest way to increase
knowledge, with their add-ups allowing it to increase in
quantity/quality. In other words, they may consider knowledge
to become in that way more reliable or wider — without that
meaning closer-to-truth as one does not know where the truth is
[18].

In the case of Big Data, on the one hand, one can appreciate
advantages deriving from the digital frame making possible the
new advancement; on the other hand, one should also realise that
possible defects associated with any new technology/frame of
thinking are initially ignored until their evidence may arise.

However, while digitalisation is today already a matter of
discussion and documents also in the metrological Community,
it is still rare to find in it concern about the need for a targeted
treatment/handling of Big Data: see Conclusions for a proposal
concerning this issue.

The focus of this Comment, which is not intended to be a
review, is neither to bring new light to the recent evolution of
scientific data treatments. Its main aim is 7o alert about possible
missing sufficient consideration, within the metrological frame, of
some consequences that the new development of knowledge
tools may induce, namely according to the dataist vision, today
quite widespread in the literature (e.g. in [13]-[16] and their
references).

The comments intend to analyse and stress the need to keep
the basic current metrological data—handling rules typical of
measurement science, namely those related to data uncertainty,
also in Big Data “handling” obtained via digitalisation, i.c. intend
to provide a stimulus to metrology and suggest its positive action
toward new provisions and rules for also handling Big Data.
Obviously, that would require some adjustments to match the
new frame.

2. BIG DATA VS DIGITALISATION

Concerning digitalisation Big Data is a sub-topic while for
science Big Data is instead the topic, today unavoidable.

In fact, the massive increase of available data provided by
digitalisation is leading part of the Scientific Community to
believe that an accelerated knowledge increase is now possible
and feasible — including an increase in its quality. [19]

A specific field where the impact of digital means is of special
importance, apart from the economic ones outside of interest
here, is the general scientific aim of prediction, e.g. by extrapolation.
Most often it concerns the observed trend of a set of
human/instrumental observations. Data from observations form
the necessary bases and constraints for anyone trying to predict
a future trend, i.e., to accurately anticipate future observations.
There is a vast amount of literature about the new requirements
and tools for such an expectation to become more reliable and
credible: some examples concerning data “uncertainty”
consideration and treatment can be found in [20]-[30]: notice an
almost lack among them of authors from core

Countties/Journals. Also notice, as a real fact the lack of a basic
tool in metrological analysis, the “uncertainty budget” (UB).

In the new rapidly growing tendency related to Big Data called
“dataism” data are considered as evidence and objective to such a
confidence level to be assumed to intrinsically have the dominant
importance. The extremely large number of them now available
is thought to compensate for any “traditional” check of their
quality, consistency, uncertainty, etc.. According to that position
Big Data does not require further “handling”, e.g. scientific analyses,
but data can simply be treated with simple mathematical means
for dataset analyses. That excludes, e.g., the need to analyse also
the influence of systematic effects, which depends instead on the
process — see later).

In such a new frame, digitalisation may look to be basically
limited to providing tools for a digital representation of
metrological rules and symbols (e.g., by incorporating the units as a
data attribute [31]-[33]).

3. BIG DATA FROM THE METROLOGICAL VIEWPOINT

This Comment is basically referring to numerical Big Data
representing the results of measurements, though the reflections
are also valid for all the zypes of database (e.g., qualitative, see later
in this Section). The fact that the dataset is much larger than in
the past does not change data nature (see Section 3.2) and the
consequent need to treat them according to the rules of the
measurement science frame, i.e. overlapping metrology, af least
Jor a very large portion of its total contents.

3.1. Repeated data

Basically, Big Data can be considered as repeated (or replicated,
see [34]) measurements. That definition is more complex than it
may appear to be — and will also reveal limitations about the Big
Data usefulness. In fact, the recognised need for repeated
measurements has to be confronted with two basic different
situations, depending on whether the measurand is szable (during
a repetition time period) or it shows a #end.

For a single series of data:

(A) Datain a series with a measurand stable in time. They are
“repeated” in the strict sense, though never perfectly — identical
values could occur only if the “sensitivity” of the measurement
is too low, or if we consider the values “perfectly repeated” when
their dispersion is within the measurement uncertainty. The
dispersion of the data values is the common situation, without
trend in this case, so basically random and evaluated statistically.
Obviously, the dispersion of the values does not provide an
estimate of the overall uncertainty, since only a full analysis of
the process generating the data and of its influence factors can
evaluate the systematic effects affecting the repeated data.

(B) Data series of a measurand showing a #rend in time. It
means that the measurand in itself is the (main) reason for the
observed trend of the data (and of the possible correlation
among them). This new occurrence does never exclude also the
previous random components: it means that a mathematical
function (deterministic in nature) cannot fully model the process.
It may even happen that the uncertainty of the data is such that
it is not possible to infer a sufficiently univocal trend. In addition,
again the systematic effects are not evaluated, but only the quality
of the fit, its reproducibility, and not the accuracy.

Also, the time scale of the data acquisition is an important
factor, as it has to be related to the “time constant” of the
process. For repeated series:
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(A) More data are collected in a short time period with
respect to the total time scale of full collation relevant to the
measured phenomenon. In this case, it is more probable that all
influence factors will remain sufficiently stable with respect to
the typical time constant of variation of the phenomenon. In
such a situation, the data-acquisition repetition brings significant
advantages only if largely exceeding that constant: big data may
basically look #useless.

(B) More data are collected and distributed during (almost)
the full-time period of interest. In this case, in first
approximation the observed trend is providing the most
important information: however, its evaluation does not
normally require an exceedingly large number of samplings, while
details already come from a short-time sampling. Also, in this
case, the advantage of big data may be limited.

In conclusion, not always a higher data density does ensure
better information in the short term while for an extended period
of observation some advantages can arise.

What is much more important is the repetition of the series over
a (long) period of time. Seties repetitions may improve the
repeatability of the mean value of a szable measurand, while in the
case of a #rend they allow to estimate it for longer periods. In both
cases, without a specific analysis of the full process, that type of
analysis of the data does not allow to assign accuracy to the set of
observations.

3.2. Data types

Another metrological issue that looks basically absent from
the interest of dataism is the fact that #ot all data are numerical, and
not all scales in which they are traditionally ordered are guantitative,
according to their usual classification in several scale types,
shown in Figure 1.

Scales would need to be introduced also concerning Big Data
analysis to show the different types involved in science, as also
Big Data handling depends on them. All scale features can be
adopted by digitalised means, concerning all types of Big Data —
this fact already places in itself limitations to some aspects of the
“dataist” vision.

Any handling and analysis of Big Data should start just from
the differences in properties between the different types of data-
representing scales. Instead, even for the numerical categories, Big
Data handling seems not always aware of the fact that there is
more than one numerical type. On the other hand, the gualitative
types are often the main kind of information that is currently
available in non-scientific fields also covered by Big Data, like
market statistics or analyses of customers’ preferences for
commercial products.

Incidentally, there are no reasons to exclude from Big Data
treatment the use of their representation of the geometrical types
(like already done, e.g., for the “spatial Big Data”, with the
concurrent use of maps), [35], [36] a frame whose advantages are
generally not yet enough taken in due consideration.

It is not the scope of this short analysis of Big Data to go
further into deeper detail. However, it seems useful to also recall
that their volatility, i.e., the rate of change and lifetime of the data,
is basically limited to data (typically of nominal scales) related, e.g.,
to social media analyses, where sentiments and trending topics
change quickly and often. Still, diverse information that arrives
in increasing volumes and with ever-higher velocity in Big Data
can be either structured (often numeric, they are easily formatted
and stored) or unstructured (more free-form, less quantifiable).

Differences between
measurement. True Ratio Data
value exists
+ Qualitative Data

Differences between
measurement but no
true zero

Interval Data

*

Ordinal Data

Ordered Categories
(rankins, order or
scaling)

+ Quantitative Data

Categories (no

. o Nominal data
ordering or direction)

Figure 1. Data scale types.

3.3. Reproducibility vs accuracy of a dataset

The Author’s interest in Big Data mainly derived from his
interest to analyse several large databases on Earth’s parameters,
and to look at their associated #ncertainty treatment, including the
resulting UB. He found significant differences in the adopted
procedures with respect to the ones commonly used in
metrology and a full lack of the UB. This issue is treated in
Section 4.

4. A FURTHER ROLE ALSO FOR METROLOGY?

A recent Comment appeared in the Journal Nature [37],
concerning the need for the metrological Community to deal
with digitalisation, recalling the fact that “CODATA (Committee
on Data of the International Science Council) formed the Task
Group on Digital Representation of Units of Measurement
(DRUM)”.

Similarly, dataism, already active in scientific literature,
represents another challenge to metrology, since it is assumed to
disregard the part of measurement science concerning the
scientific analysis of the obtained data, by assuming instead that
sufficient/full evidence intrinsically atises from the data in
themselves [13]-[16]. This attitude looks reducing metrology to a
kind of bureaucratic or, at the best, technical frame, sometimes
to the function of the standardization bodies. In such a situation,
measurement science, and particularly metrology, risks to be put
aside, as can be deduced from the consultation and analysis of
the vast literature on the Big Data subject, [9]-[12].

Because of that, the (scientific?) frame developing at present
looks paralleling metrology, and its influence is strongly
accelerating and using a different language idiom, with scarce
connections to the relevant traditional field of data analysis and
its idioms. Most of the authors seem not to be “on the same
page” of measurement science, as they are considering new and
different paradigms sufficient for the Big Data treatment. At least
for them, such a position looks like implying that data quantity
sufficiently replaces data quality [38] — and even that an apparent
increase of information can compensate for the traditional
consideration of terms like uncertainty and accuracy.

Instead, the information content of data, the only important
issue for science and metrology, should first be evaluated in
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terms of its quality, a property that is not intrinsic in any data but
that has to be verified.

For example, according to [38] with whom the Author agrees,
the dimensions of zuformation quality should include (and that is
valid for any discipline):

“1. Consistency: the condition that data is within the assumed

value domain and is not duplicated,;

2. Availability: the fraction of time that data is made available
by the system that stores it;

3. Currency and timeliness: the degree to which data is updated
and readily available for use, respectively;

4. Specificity: a condition related to the quantity of syntactical
information: stating, e.g., that a length is in the interval
(10.5 £ 0.1) m is more specific, and therefore of better
quality, than stating that it is in the interval (10 £ 1) m;
when referring to measurement results, specificity is also
called precision;

5. Trueness: a condition related to the faithfulness of
semantic information: were, e.g., 10.55 m the value of a
length provided by the best independent method, stating
that the length is 10.50 m is truer, and therefore of better
quality, than stating that it is 10.40 m as synthesized in
terms of accuracy in metrology”. (ialics added)

There is instead a strong tendency to reduce the analysis of the
dataset to its reproducibility, its evaluation being obtained by
checking the trend of the dataset — most often in time, using a
mathematical model fitting data: the Author does not feel
necessary to teport here “real facts”, because they are quite
abundant in the literature.

Atleastin the field of Climate, deeply explored by the Author,
he never found a specific analysis in any Report of the main
international Organisation in the field, like IPCC, HadCRUT,
NOOA, etc. Even, in the specific IPCC Report about the
treatment of uncertainty [39], words are used instead of numbers,
risk concept is preferred to uncertainty and in general a language
is used more common to the one used in the field of economic
analyses or in decision-taking strategies.

The only parameter considered is, in fact, the standard
deviation of the fit of databases covering the whole Earth
surface, as checked in several cases by the Author. One typical
case is the series of annual Surface Average Mean Temperature,
SAMT (also called GMST, Ground Mean Surface Temperature)
values for the period 1850-2023 reported in GAWSIS [40]. When
fitted by the Author on a 4% order polynomial, he found a
5.d.(1850-1945) = 0.12 °C, s.d.(1945-2023) = 0.10 °C and
s.d.(total) = 0.11 °C. Similarly, in NOAA [41] the SAMT s.d.
(1980-2023) = 0.21 °C and 5.d.(1910-2023) = 0.17 °C.

The annual value is obtained from daily meteorological
observations, which are naturally quite variable. A typical
dispersion is shown in Figure 2, [43].

Notice from the decrease in dispersion the relatively recent
increase in precision of the temperature measurement.

It is difficult to imagine that a very large number of stations
in the World (up to 35.000) [44] can provide a big dataset with a
lower dispersion (possibly except locally). In fact, in 2013 the
standard WMO precision was still £ 1 °C, while more recently
only the best meteorological stations (classes 1 and 2, certainly not
the majority of the whole set) claim a precision of £ 0.2 °C [45].

In this way no evaluation of the accuracy of the dataset is
obtained, which does not depend only on the observed dispersion
of the data, but also, and possibly mainly, on the systemzatic effects
affecting the influence factors and related to the measuring process

o
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Figure 2. Daily local temperatures between years 1851 and 2018 [42].

— in one word the (further) components affecting the UB, the
latter being a concept generally absent in Big Data literature.

In fact, in most of the Big Data literature most scientific terms
are lacking for decorating the terms “uncertainty” and “quality”,
though still commonly used — but often related only to decisions
to be taken [39] — or used with a different meaning.

Several questions arise (R. for rep):

Is it true that a larger database ensures wider/better

information? [R. #d]

Are there quantitative limits to the truth of that statement? [R.
Jes

Does the evidence carried by a large number of data
sufficiently replace the need for understanding the
process behind those results? [R. 7]

Does that technique cancel the (hidden) effect of (non-
random) causes being at the origin of the data
uncertainty? [R. 7o)

To which level a large number of results does mitigate the
dataset uncertainty beyond the normal statistical laws? [R.
depends)

Does the informatics treatment, made necessary for the
analysis of a very large dataset, compensate for the lack
of “traditional” analysis of data, ie. following the
discipline of metrology? [R. 70]

Does such analysis possibly benefit from Al as a replacement
for “traditional” handling? [R. possibly|

However, all the shown replies require metrological awareness and
competence.

Metrology should certainly have to enter the field by creating
new tools suitable to avoid unnecessary dispersion of confusion
in the scientific Communities.

Since language is always in human
communication, the first step for metrology could consist of the
integration into VIM terminology of the appropriate terms for
the new field of Big Data. Possibly, some of the terms should
simply extend their validity with some adaptations to the new
field, as recently has been already considered necessary for other
frames, like that of data expressed via integer numerical values
(namely, e.g., for counting [45]).

A further useful way would be the setup of a wetrological Project
making proposals for further solutions, e.g. by preparing a
version of BIPM/ISO terminology documents compatible with
the format necessary to include, e.g., also into the Al training
specific terms from the metrological literature, [46].

Then, informatics could become an integral part of
metrological science, not merely as a technique but also by
exploiting new possibilities for the analysis of the data (i.e., for
being more informative in general).

a critical issue
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5. CONCLUSIONS

In conclusion of the above analyses and reflections, the
Author does think that contrast should be easily avoided between
metrology and the Big Data frame by supplying the due tools.
Only by this way dataism could not lead to two possibly
separated frames, as apparently is its present goal.

In addition to digitalisation, today already a matter of
discussion and documents also in the metrological Community
[47], [48], also the Big Data frame should find the way, through
a certain number of adjournments from the metrology side (see,
e.g., [49]), to be integrated into the metrological frame and
possibly become, after deep analysis, the object of specific
treatments within the traditional metrological frame concerning
scientific data analysis. Metrology could, e.g., collaborate with
some existing International frames like the International Surface
Temperature Initiative (ISTT), [42].

Further to numerical data, a useful metrological contribution
should also concern more than now the qualitative classes of data
(e.g., also in the form of maps), where the variety of
interpretations and treatment looks most spatse, and often the
term “measurement’” is vague or inappropriate, especially in non-
scientific communications — the ones being largely more influent
than scientific communications.
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