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Abstract. Big Data has become the new slang in the world of information collection and analysis. The researches we conduct
and the data we collect continue to grow, due to rapidly expansion of technology. Disciplines such as Computer Science,
Engineering, and Statistics play a key role in the analysis of big data, each with its specificity but all equally important, an opinion
that is not shared by all, being the Statistic considered the weakest link. This work attempts to show that Statistics have a distinct
and essential role in this new world of Big Data, showing that Statistics and Big Data denote a crucial union. We will start with a
brief introduction to Big Data and the several existing definitions.

INTRODUCTION

Every day we are bombarded with data. Most recently we witnessed an explosion of data, and it is nearly
impossible to ignore the increasing and the potential use for Big Data. Our society is increasing in complexity. We are
extremely mobile, technological advances are quickly changing the way we live, data users want more data in more
detail. Digital transaction data are increasing substantially, online news and blogs are replacing newspapers, smart
phone GPS data offer traffic data, e-commerce transactions provide signals as to what items cost, local governments
are making data available for public access, internet use is growing exponentially, and the tendencies are not expected
to reverse. No one can ignore this growing ocean of digital data mainly the statisticians. We can read in McKinsey
Big Data report, 2011 that “A significant constraint on realizing value from Big Data will be a shortage of talent,
particularly of people with deep expertise in statistics and machine learning ... we project that demand for deep
analytical positions in a big data world could exceed the supply being produced on current trends by 140,000 to
190,000 positions.

Big data problems require multidisciplinary teams by their very nature. At the very least, they typically require
theme area experts, computational experts, machine learning experts, data miners, and statisticians. According Roger
Peng from Johns Hopkins School of Public Health, “In Big Data, statistical sciences and domain sciences are more
intertwined than ever before, and statistical methodology is absolutely critical to making inferences”.

Previously to Big Data development, corporations could not store all their archives for long periods nor efficiently
manage massive data sets. Nowadays a large volume of data is generated at unparalleled rates. This is due to many
technological trends, including the Internet of Things, the proliferation of the Cloud Computing (Botta et al., 2016).
Behind the scene, powerful systems and distributed applications are supporting such multiple connections systems
(e.g., smart grid systems (Chen et al., 2014), healthcare systems (Kankanhalli et al., 2016), retailing systems
(Schmarzo, 2013), government systems (Stoianov et al., 2013), etc. Collecting, storing, processing and analysing this
volume of data turns out to be increasingly challenging. Organizations that are able to overcome these challenges and
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extract business value from Big Data, will have substantial competitive advantages. Big Data is often seen as a “fancy
word” for a more insightful data analyses, but Big Data is much more than a that. Big Data management requires
significant resources, new methods and powerful technologies. Big Data require to clean, process, analyse, secure and
provide a granular access to massive evolving data sets. Companies and industries are more aware that data analysis
is increasingly becoming a vital factor to be competitive, to discover new insight, and to personalize services
(Davenport et al., 2012). Big Data is sometimes highlighted as fundamental for productivity growth, innovation and
customer relationship, benefiting business areas like healthcare, public sector, retail, manufacturing and modern cities
(Manyika et al, 2011; Chen et al, 2014).

Countless projects in the Big Data area have led to the development of many new models, frameworks and
technologies to provide more storage capacity, parallel processing and real time analysis of different heterogeneous
sources. Additionally, new solutions have been established to ensure data confidentiality and security, and
simultaneously offer more flexibility and performance. Moreover, the cost of most hardware storage and processing
solutions is continuously dropping due to the sustainable technological advance (Purcell, 2013).

To extract knowledge from Big Data, numerous models, technologies, software and hardware have been designed,
always with the purpose of ensuring more precise and reliable results for Big Data applications. One problem lies in
choosing among the numerous new technologies. Actually, many parameters should be considered: technological
compatibility, deployment complexity, cost, efficiency, performance, reliability, support and security risks. There
exist many Big Data surveys in the literature but most of them tend to focus on algorithms and approaches used to
process Big Data rather than technologies (Ali et al., 2016; Chen and Zhang, 2014; Chen et al., 2014).

The leap in Big Data speech to more popular outlets implies that a coherent understanding of the concept and its
terminology is yet to develop. For example, there is little consensus about the fundamental question of how big the
data has to be to qualify as “Big Data” (Gandomi and Haider, 2015).

DEFINING BIG DATA

There is no widely accepted threshold for which data becomes “Big Data”. Ward and Barker (2013), attempt to
clearly define Big Data by presenting several definitions highlighting that “Big Data” is predominantly and
“anecdotally” associated with data storage and data analysis, terms dating back to distant times. They also argue that
the adjective “Big” implies significance, complexity and challenge, but also makes difficult to quantitatively define
“Big Data”. In this work Ward and Baker presents several definitions, some defining Big Data by its characteristics,
others based on the expansion of traditional data with more unstructured data sources, and others trying to quantify it.
They also present definitions that rely on the inadequacy of traditional technologies to deal with this new type of data,
presenting several perspectives from the industry. At the end Ward and Barker conclude that all definitions include at
least one of the following aspects: size; complexity; and technologies to process huge and complex datasets. They
conclude by stating that “the concept of Big Data includes storage and analysis of large and complex datasets, using
a set of novel techniques”.

According Dumbill (2013), “Big Data is data that exceeds the processing capacity of conventional database
systems. The data is too big, moves too fast, or does not fit the strictures of your database architectures. To gain value
from this data, you must choose an alternative way to process it”. Chen et al. (2014) support this definition by focusing
on the fact that traditional software and hardware cannot recognize, collect, manage or process this new type of data
in reasonable time. Krishnan (2013) also agrees with these perspectives, defining Big Data by “its complexity, speed
and several degrees of ambiguity, whose processing is inadequate for traditional methods, algorithms and
technologies”.

According Gandomi and Haider (2015), state that “size is the characteristic that first stands out, but other
characteristics have become usual to define Big Data”.

Several data scientists and experts define Big Data by the following three main characteristics, called the 3Vs,
(Furht and Villanustre, 2016):

Volume - Large volumes of digital data are generated continuously from millions of devices and applications.
According to McAfee and Brynjolfsson (2012), it is estimated that about 2.5 exabytes were generated each day in
2012. This amount is doubling every 40 months approximately. By 2015, digital data grew to 8 ZB (Rajaraman, 2016).
According to IDC report, the volume of data will reach to 40 Zeta bytes by 2020 and increase of 400 times by now
(Kune et al., 2016).
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Velocity - Data are generated in a fast way and should be processed rapidly to extract useful information and
relevant insights. For instance, YouTube is a good example that illustrates the fast speed of Big Data.

Variety: Big Data are generated from numerous sources and in multiple formats. Large data sets consist of
structured and unstructured data, public or private, local or distant, shared or confidential, complete or incomplete,
according Emani et al. (2015) and Gandomi and Haider (2015) more Vs and other characteristics have been added by
some actors to better define Big Data: Vision (a purpose), Verification (processed data conform to some
specifications), Validation (the purpose is fulfilled), Value (pertinent information can be extracted for many sectors),
Complexity (it is difficult to organize and analyse Big data because of evolving data relationships) and Immutability
(collected and stored Big data can be permanent if well managed).

WHY IS IT IMPORTANT FOR STATISTICS TO BE ONE OF THE KEY DISCIPLINES
FOR BIG DATA?

Statistics is fundamental to ensuring meaningful and accurate information is extracted from Big Data. The
following issues are crucial and are only intensified by Big Data:
e Data quality and missing data;
e  Observational nature of data;
e Quantification of the uncertainty of predictions, forecasts and models.

Like in any data, through Big Data analysis we will find bias, false positives and uncertainty. Statistics brings
sophisticated techniques and models to bear on these issues. Statisticians help translate the scientific question into a
statistical question, which includes carefully describing data structure; the underlying system that generated the data
(the model); and what we are trying to assess (the parameter or parameters we wish to estimate) or predict.

In a Working Group of the American Statistical Association (2014) entitled “Discovery with Data: Leveraging
Statistics with Computer Science to Transform Science and Society” we may read:

“Big Data will often not be served well by “off the shelf” methods or black box computational tools that work in
low-dimensional and less complicated settings, and therefore require tailored statistical methods. Statisticians are
skilful at assessing and correcting for bias; measuring uncertainty, designing studies and sampling strategies;
assessing the quality of data; enumerating limitations of studies, dealing with issues such as missing data and other
sources of non-sampling error, developing models for the analysis of complex data structures, creating methods for
causal inference and comparative effectiveness; eliminating redundant and uninformative variables;, combining
information from multiple sources, and determining effective data visualization techniques”.

And:

“With a major Big Data objective of turning data into knowledge, statistics is an essential scientific discipline
because of its sophisticated methods for statistical inference, prediction, quantification of uncertainty, and
experimental design. Such methods have helped and will continue to enable researchers to make discoveries in
science, government, and industry.”

And yet:

“The age of Big Data will be a golden era for statistics. Scientific fields are transitioning from data-poor to data-

rich and—across industries, science, and government—methods for making decisions are becoming more data-driven
as large amounts of data are being harvested and stored. However, alone, data are not useful for knowledge discovery.
Insight is required to distinguish meaningful signals from noise. The ability to explore data with skepticism is required
to determine when systematic error is masquerading as a pattern of interest. The keys to such skeptical insight are
rigorous data exploration, statistical inference, and the understanding of variability and uncertainty. These keys are
the heart of statistics and remain to be used to their full potential in Big Data research”.
There is no question Big Data has hit the business, government and scientific sectors and we have no doubt that
statistical thinking will be essential to solve numerous Big Data challenges. Unfortunately, the role of statistics seems
too often to be undervalued. Instead, computer science, applied math and other fields are frequently mentioned as the
pertinent scientific discipline while statistics is often left out. Numerous papers concerning Big Data neglected to
mention statistics as a discipline important in this area. Sometimes implicitly but often explicitly authors claimed in
much of the Big Data literature that statistical thinking is no longer relevant in the petabyte age. We believe just the
opposite. Fundamentals of good modelling and statistical thinking are crucial for the success of Big Data projects.
Thorough statistical practices, such as ensuring high-quality data, incorporating thorough domain knowledge, and
developing an overall strategy for large modelling problems, are even more important for Big Data problems than
small data problems.
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CONCLUSIONS

In this work we try to show a different perspective from the ones found in most papers related to Big Data. We try
to show that statistical thinking is required when we work with Big Data and that multidisciplinary teams involving
statisticians are crucial to solve problems in this area. In our opinion statistical thinking feeds the intersection of ideas
between scientific fields (such as biological, physical, and social sciences), industry, and government. We believe that
further engagement of statisticians and cutting-edge statistics (as one of the core data science disciplines) will help
advance the aims of Big Data challenges.
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