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Abstract 

Big data is all of a sudden everywhere. It is too big to ignore! 

It has been six decades since the computer revolution, four decades after the development of 

the microchip, and two decades of the modern Internet! More than a decade after the 90s 

“.com” fizz, can Big Data be the next Big Bang? Big data reveals part of our daily lives. It has 

the potential to solve virtually any problem for a better urbanized global. Big Data sources are 

also very interesting from an official statistics point of view. The purpose of this paper is to 

explore the conceptions of big data and opportunities and challenges associated with using big 

data especially in official statistics.  

 

 “A petabyte is the equivalent of 1,000 terabytes, or a quadrillion bytes. One 

terabyte is a thousand gigabytes. One gigabyte is made up of a thousand 

megabytes. There are a thousand thousand—i.e., a million—petabytes in a 

zettabyte” (Shaw 2014). And this is to be continued…  
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1. Introduction 

Data is everywhere. As the world goes “modern”, more and more data are being generated. 

Data are produced from phones, credit cards, computers, sensor, trains, buses, planes, bridges, 

and factories! The list goes on. Marc Andreessen excellently argued: “Software is eating the 

world” in his 2011 essay. According to Andreessen (2011), in the next decade, at least five 

billion people worldwide will have own smartphones, that gives every one of them direct 

access to the Internet, at any time (Andreessen 2011). Figure 1 shows the digital data created 

annually worldwide. 

 

Figure 1: Digital Data Created Annually Worldwide 

 
Source: Energy-Facts.org (2012).  

 

The amount of data and the frequency at which they are produced have led to the introduction 

of the term “Big Data”. Everyone seems to be curious about it and willing to collect and 

analyzing it (Jansson & Isaksson 2013). Big data is a data source with at least three features: 

extremely large volumes of data, extremely high velocity of data and extremely wide variety 

of data. It is important because it allows for gathering, storing and managing enormous 

amounts of data in real time to gain a bigger understanding of the information (Hurwitz, 

Nugent, Halper & Kaufman 2013). 
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The data is here; its challenges and the way to make it useful are known to be an IT problem 

rather than a statistical issue (Jansson & Isaksson 2013). Big data has been looked at from an 

IT perspective where the focus is mainly on software and hardware issues (Daas et al. 2012). 

“IT-people” designed new methods for processing, evaluating, and presenting the data which 

is called “Big Data Analytics”. The statistical offices are now also beginning to adapt the big 

data’s “problem” (Jansson & Isaksson 2013). But the question is if the same statistical 

methods are applicable to big data sources and if big data will meet the goals of official 

statistics? The aim of this paper is to investigate the term big data and the opportunities and 

challenges associated with using big data especially in official statistics production. 

 

Three options have been proposed on using big data in official statistics production by Robert 

M. Groves
1
: ignoring big data as the first option, destroying all official statistical structures 

and replace them with big data as the second option, or combining big data with traditional 

bases. Grove came to the conclusion that the first two options are unacceptable and irrational. 

So the third option, using big data to improve or somewhat replace traditional data sources, is 

the most possible case (Jansson & Isaksson 2013). However the theory so far is that that by 

combining the power of modern computing with the overflowing data of the digital era, big 

data promises to solve almost any problem (Cheung 2012). 

 

This paper provides an overview of the concept of big data in general in chapter 2. Section 3 

presents some big data case studies, followed by discussing big data in the world of official 

statistics in section 4. Some methods for inference and the selectivity problem are explored in 

section 5. Next chapter is exploring the dark sides of big data. The problem with data, privacy 

and analyzing big data are discussed. Section 7 is discussing the paper along with some 

conclusions.  

  

                                                           
1
 Robert M. Groves’s speech at the opening session of NTTS in March 2013. 
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2. Big Data 

The world today is oversupplied with information. There are cellphones in almost every 

pocket, computers at every home and offices, Wi-Fi everywhere. The scale of information is 

growing faster than ever before and this quantitative shifting has led to a qualitative one. The 

term “Big Data” was first coined in the 2000s by sciences like astronomy after experiencing 

the data explosion (Cukier & Mayer-Schonberger 2013). 

 

2.1. Definition  

There is no accurate definition of big data. Every paper on big data defines the phenomenon 

differently. There are various existing definitions of big data available, which usually include 

the three Vs: volume, velocity and variety. Volume refers to the data sets being large; much 

larger than usual. Velocity points to the short time lag between the occurrence of an event and 

analyzing it. It can also refer to the regularity at which data is generated. Variety indicates the 

wide mixture of data sources and formats: from financial transactions to text and video 

messages (Cukier & Mayer-Schonberger 2013). Figure 2 shows an expanding on the three Vs.  

Figure 2: The 3 V:s at an increasing rate. 

 

Source: http://itknowledgeexchange.techtarget.com/writing-for-business/files/2013/02/BigData.001.jpg 

http://itknowledgeexchange.techtarget.com/writing-for-business/files/2013/02/BigData.001.jpg
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IBM has a forth V, veracity, in its definition of big data which takes account to the accuracy 

of the information and if the data could be trusted enough in order to make important 

decisions (IBM 2012).  

Gartner, Inc., the world's leading information technology research and advisory company, 

defines big data as: 

“Big data is high-volume, high-velocity and high-variety information assets that 

demand cost-effective, innovative forms of information processing for enhanced 

insight and decision making.” 

Cukier and Mayer-Schönberger choose the following definition of big data in their book: 

“Big data refers to things one can do at a large scale that cannot be done at a 

smaller one, to extract new insights or create new forms of value, in ways that 

change markets, organizations, the relationship between citizens and 

governments, and more.”  

And statistical organizations regard big data as (Jansson & Isaksson 2013): 

“Data that is difficult to collect, store or process within the conventional 

systems of statistical organizations. Either, their volume, velocity, structure or 

variety requires the adoption of new statistical software processing techniques 

and/or IT infrastructure to enable cost-effective insights to be made.”  

An important factor, which makes big data different from official statistics, is that big data 

sources often contain information not necessarily directly related with statistical elements 

such as households, persons or enterprises. The information in big data is often a byproduct of 

some process not principally aimed at data collection, while survey sampling and registers 

clearly are. Therefore, analysis of big data is more data driven than hypothesis based 

(Buelens, Dass, Burger, Puts & Brakel 2014).  

Table 1 compares big data sources with traditional data sources such as sample surveys and 

administrative registers. Apart from the three V:s, three additional categories are listed. 

Records factor is looking at the information scale in which data are being observed and 

stored. Generating mechanism refers to how the data source is being generated. 
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The last difference listed in Table 1, fraction of population, refers to coverage of the data 

source in relation to the population of interest. The most important dissimilarity is between 

registers and big data; registers often has almost complete coverage of the population, while 

big data generally do not. In some cases of big data sources, it may even be indistinct what the 

target population is (Buelens et al 2014).  

 

Table 1: Comparing data sources for official statistics. 

Data source Sample survey Register Big data 

Volume Small Large Big 

Velocity Slow Slow Fast 

Variety Narrow Narrow Wide 

Records Units Units Events or units 

Generating mechanism Sample Administration Various 

Fraction of population Small Large, complete Large, incomplete 

Source: (Buelens et al 2014). 

There is one more category, which is not present in table 1. It is the error measuring for each 

of the three data sources. In survey sampling, all the sources of error such as sampling 

variance, non-response bias, interviewer effects and measurement errors are included in the 

concept of “Total Survey Error” (Buelens et al 2014). As for Big data, no complete 

approaches to error of budgeting or quality phases have developed yet. The bias due to 

selectivity affects the error accounting of big data, but on the other hand, there are some other 

features to consider. For example, the measuring instruments for big data sources differ from 

survey sampling, where the survey design and capable interviewer and well defined 

hypotheses are the key elements (Buelens et al 2014). 
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3. Previous studies 

Almost all previous studies about big data show the great opportunities that come with big 

data. Big data brings up the newfound facility to crunch a vast quantity of information, 

questioning it instantly, and even drawing shocking conclusions from it. Big data is a 

developing approach; it can translate numerous phenomena, all from the price of airline 

tickets to the text of millions of books, allowing to be searched successfully and by using our 

growing computing techniques discovers epiphanies that we never could have seen before. 

Big data is a revolution on the same level as the internet, it will change the way we think 

about many important matters such as business, health, politics, education, and innovation in 

many years to come (Cukier & Mayer-Schonberger 2013). Cukier and Mayer-Schönberger, 

two leading experts of big data, explain what big data is, how it will change our lives, and 

what we can do to protect ourselves from the hazards. Their book, “Big Data, a revolution 

that will transform how we live, work, and think”, is the first big book about the next big 

bang.  

Cukier and Mayer-Schönberger argue that the more data there is, the more useful it becomes. 

By analyzing sensitive facts about 100 million of observations rather than just one or maybe 

dozen or a small sample, diseases can be cured, elections could be win, billions of dollars 

could be earned and much more. The authors believe that by analyzing huge amounts of data, 

more patterns and relationships are possible to discover, patterns that are mostly invisible 

when using smaller amount of information. These integrations will guide us to new solutions 

and opportunities we would never otherwise have alleged. Cukier and Mayer-Schönberger 

write about many examples. One example involves the store Walmart and the notorious 

breakfast snack Pop-Tarts. Walmart decides to record every purchase by every customer for 

future analysis. After a while, the company analysts observed that when the National Weather 

Service warned of a tornado storm, the sale of Pop-Tarts rised significantly in Walmart stores 

in the affected area. Therefore, store managers put Pop-Tarts near the entry of the store during 

hurricane season, and sales flew. This is big data at its coolest. No one would have guessed 

the linking.  

The power tracking company, “Efergy USA”, is a big seller of monitors and hardware that 

connects to fuse boxes via wireless. The monitor shows the energy consumption up to 255 

days in the past. It calculates hourly energy usage, the consumption trends and the price! 
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According to Juan Gonzalez, president of Efergy USA, “It makes you realize when you’re 

using too much electricity and see how you can reduce.” Their system could be set to alert 

letting the customers know when they reach their target consumption. This way, it can be 

easier to save on electricity bills (Wakefield 2014). 

In Efergy’s case, big data makes it clear to see what is happening on a larger scale and find 

solutions. For example, in a case where a customer wants to cut down the energy bill, he or 

she can see where the cost can be cut. The data collected also shows the client’s “peak hours”. 

“When you put data in a larger context, which is big data, it allows them to help make more 

sense of that information and make it more actionable, the only way we can detect all these 

things in our home is looking at many homes and developing an algorithm to determine the 

connection.”,  states Ali Kashani, co-founder and the vice president of software development 

at Energy Aware, an energy monitoring business (Wakefield 2014).  

Cukier & Mayer-Schonberger discuss about how cheap and easy is to store gigantic amount 

of information nowadays, which once was impossible. As a result, we now can record almost 

everything. The authors also explain as well that simply throwing more data at a problem can 

create remarkable results. Microsoft Corporation found that the spell checker in word 

processing softwares could be highly improved by having it process a database of 1 billion 

words. Google Inc. boosted its language translation service by using the Internet for billions 

of pages of translated papers and analyzing them. Amazon.com used the customer’s 

individual shopping preferences to suggest new books to each customer by using computers 

to analyze millions of transactions, which was not only a cheap method, but also gave 

excellent results (Cukier & Mayer-Schonberger 2013).  

Why? Who knows? “Knowing what, not why, is good enough” the authors focus. Big data 

analysis does not care about causality but correlation. It often uncovers surprising results. 

However, computers do not care, therefore statistical methods are required to unveil the 

hidden connotations (Cukier & Mayer-Schonberger 2013).  

In 2008 Wired magazine’s editor in chief, Chris Anderson, stated how inefficient it is to use 

the scientific method due to big data.  In his article, “The End of Theory: The Data Deluge 

Makes the Scientific Method Obsolete”, he claimed that with enormous amount of data the 

scientific method would be out of date. Anderson emphasized that observing, developing a 

model and formulating a hypothesis, testing the hypothesis by conducting experiments and 
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collecting data, analyzing and interpreting the data, are all going to be replaced by statistical 

analysis of correlations and without any theory. He argues that all the old models or theories 

are invalid and by using more information, the modelling step could be skipped and instead 

statistical methods could be used to find patterns without making hypotheses first. He values 

correlation over causality (Anderson 2008). Anderson wrote: 

“Who knows why people do what they do? The point is they do it, and we can 

track and measure it with unprecedented fidelity. With enough data, the 

numbers speak for themselves.” 

Data analysis is inspiring, but not perfect. Cukier and Mayer-Schönberger open the book by 

writing about Google’s Flu Trends service, which uses studying of billions of internet 

searches to estimate the odds of flu in the United States. However, even this overhyped 

technique failed completely, when the estimate of flu cases was twice the actual number. 

In addition to finding trends, big data analysis is getting better and better at forecasting 

performance, the book points out. Police uses the technology to put patrols at certain times of 

day on certain streets in some cities around the world and in some states of USA. It is also 

used to decide which prisoners are too dangerous to release and which will be released 

conditionally (Cukier & Mayer-Schonberger 2013). 

As with every great opportunity, there are some drawbacks too. Big data can be rather creepy. 

The authors discuss the issue of privacy. In chapter 8 of the book, they argue that big data 

destroying privacy and intimidating freedom. Cukier and Mayer-Schönberger come to an 

agreement on the following chapter about how the elevations of big data can be seen without 

losing privacy. Their sparkling book leaves no doubt that big data is the next big thing!  
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4. Big Data and official statistics 

"Big Data is an increasing challenge. The official statistical community needs to better 

understand the issues, and develop new methods, tools and ideas to make effective use of 

Big Data sources" (UNECE
2
 2012). 

Apart from building new opportunities in the private sector, big data could also be a very 

interesting input for official statistics; either used on its own, or combined with traditional 

data sources such as sample surveys and administrative registers. Otherwise, the private sector 

may benefit more of the big data era by producing more and more statistics that even beat 

official statistics. It is doubtful that national statistics offices will lose the official statistics 

characteristic but they could risk losing their position and importance as the time passes even 

with all precision, reliability and interpretability of the statistics produced in these national 

offices. However, selecting the information from big data and fitting it into a statistical 

production process is not easy (UNECE 2011).  

 

4.1. Big Data at Statistics Sweden 

Big data exists at Statistics Sweden, SCB. Statistics Sweden uses data from cash registers for 

calculating the Consumer Price Index (CPI) since 2012. The data comes weekly from more 

than 300 supplies. Jansson and Isaksson (2013), point out that the data is modified before 

arriving at Statistics Sweden. They emphasize that the “big data” that enters statistics Sweden, 

has been reduced in volume and comes in structured form and although the data is produced 

rapidly they come in fixed time intervals like once a week, or once a month and so on 

(Jansson & Isaksson 2013). 

According to Jansson & Isaksson (2013), big data at Statistics Sweden is used as a 

complement or as auxiliary data for traditional sources in order to get more exhaustive and/or 

cheaper data. The data is even used for modelling in some cases. Furthermore, they underline 

the fact that these kinds of data have not been used for direct analysis or rapid estimates, and 

either have they required a complete redesign or extra production systems so far. But they still 

vary from the traditional data sources. 

                                                           
2
 United Nations Economic Commission for Europe. 
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The suppliers of big data in Statistics Sweden are either firms (stores that sell the goods of 

interest) in Sweden or companies providing sensor data and credit card information which are 

located overseas. Neither of these information providers is expected to consider the needs of 

Statistics Sweden. They are not even expected to report changes in their datasets which in 

long run might have thoughtful negative effects on the future ability of producing official 

statistics using time series data (Jansson & Isaksson 2013). 

Statistics Sweden is interested in future use of big data and therefore is taking part of an 

association called “The Swedish Big Data Analytics Network”
3
. The emphasis is mainly to 

support the possibilities of big data by researches, enhanced substructures, ability structures 

and other key elements for future progress (Jansson & Isaksson 2013). 

In addition of their rapport, note Jansson & Isaksson, about the idea of using electricity as an 

accompaniment to “housing statistics” but there is a need for improvement before taking any 

action (Jansson & Isaksson 2013). The idea is similar to the use of electricity consumption 

data in Ireland. They estimate 1.5 million to 2.2 billion records monthly. It benefits to the 

improvement of household register, which in its turn leads to a better estimation of the 

electricity usage (Dunne 2013). The project included using the time series of electricity usage 

between July 2009 and January 2011 for around 6000 monitoring meters placed around 

Ireland. The goal of the project was to describe the electricity consumption behaviour and 

predict the electricity usage in Ireland (Silipo & Winters 2013). 

 

4.2. Big Data at other agencies 

Big data is a BIG issue for statistical agencies around the world, especially at Statistics 

Netherlands (CBS) (Jansson & Isaksson 2013). Statistics Netherlands investigated both the 

possibilities and the futility of big data. They have analysed
4
 data from traffic investigation 

                                                           
3
 “The purposes are chiefly to: highlight the recent and increasing importance of advanced analysis of very large 

data sets in society and business, and the excellent position of Sweden to potentially be at the forefront in this 

area by leveraging national areas of strength in research and business development; to address the limiting 

factors that hinder us from realising this potential; and to propose national efforts for remedying these factors 

and creating a fertile ground for future businesses, services, and societal applications based on Big Data 

Analytics.” (The Swedish Big Data Analytics Network 2013, pp. 2). 

4
 “At almost 13,000 locations, the number of vehicles per minute, their speed, and their length was measured. All 

the data from all the locations during one day was used for analysis and it was concluded that, despite issues 

with missing data and noise, the data gave useful information about traffic flows and types of vehicles. Social 
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and from social media (Daas et al 2013). Population distribution and movement could be 

known by analysing mobile phone call activity data. However, representativeness of the data 

should be considered (De Jong et al (2012). It was after an earthquake in Christchurch, New-

Zealand, in 2011, that data of mobile phone were used to observe the population activities 

following the earthquake. Those data made it possible to report the movement of the people in 

order to know where in the country help was most needed (Statistics New Zealand 2012). 

At the “Nordic Chief Statisticians” meeting in Bergen in August 2013, big data was discussed 

as one of the hottest subjects. It showed that the Nordic countries do not fully agree about the 

characteristic features of big data, and there is not a policy for big data made yet, but it is on 

everyone’s schedule. The history of administrative data sources is way too old in Nordic 

countries which count as a valuable experience proving the usefulness of big data (Jansson & 

Isaksson 2013). 

There are as well a lot of big data discussions taking place at different levels in Eurostat and 

the UNECE (Jansson & Isaksson 2013). The Director Generals of the National Statistical 

Institutes within the EU acknowledge that “Big Data represent new opportunities and 

challenges for Official Statistics, and therefore encourage the European Statistical System and 

its partners to effectively examine the potential of Big Data sources in that regard”. Further, 

he adds: “recognise that Big Data is a phenomenon which is impacting on many policy areas. 

It is therefore essential to develop an “Official Statistics Big Data strategy” and to examine 

the place and the interdependencies of this strategy within the wider context of an overall 

government strategy at national as well as at EU level” (DGINS 2013).   

There are other aspects on big data. The plan is to adopt “an action and a road map”. There is 

a project going on during 2014 within the UNECE (Jansson & Isaksson 2013). 

  

                                                                                                                                                                                     
media data were used to analyse the sentiment of the Dutch people, giving results that were highly correlated 

with official numbers compiled by traditional methods. A separate study of Twitter messages showed that the 

data contained a lot of noise. A number of methodological problems were identified through the above projects, 

but the data sources were still viewed as useful” (Daas et al 2012). 
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5. Methods for inference 

According to UNECE (2011), big data has the potential to produce more appropriate and 

suitable statistics than traditional sources of official statistics. Official statistics has long been 

relied on survey data collections and administrative data
5
, which is different from big data 

where most data are freely available, or with private companies. When the velocity of data 

generating process increases
6
, administrative data becomes “Big”. Including relevant big data 

sources into official statistics process, National Statistics Offices, makes a higher accuracy 

and confirms the consistency of the output (UNECE 2011). 

As mentioned in the previous parts of this paper, big data is mostly unstructured, meaning that 

there is not any predefined model and/or it is not as the usual databases forms (UNECE 

2011). Traditional indexes are predesigned with a limited search query where as big data does 

come in any form but structured and searchable. This huge amount of data of varying types 

and quality does not fit into neatly defined categories. The most common databases has for a 

long time been SQL, Structured Query Language, but the data-tsunami in recent years has led 

to something called noSQL, which does not require the same demands as SQL databases. It 

accepts data of all types and sizes and makes the data into searchable form (Cukier & Mayer-

Schönberger 2013). However, data-picking from big data and fitting it into a statistical 

production process is challenging (UNECE 2011). 

 

5.1. Selectivity 

In a finite population, a sample data is representative in terms of some variable if the variable 

of interest has the same distribution as in the population. All the other subsets are known as 

selective samples. It is much easier to work with representative subsets and they give an 

unbiased inference about the whole population but this is not the case with selective samples 

(Buelens et al. 2014).  

                                                           
5
 “Administrative data is one of the main data sources used by National Statistics Office (NSO) for statistical 

purposes.  Administrative data is collected at regular periods of time by statistical offices and is used to produce 

official statistics. Traditionally, it has been received, often from public administrations, processed, stored, 

managed and used by the NSOs in a very structured manner.” (UNECE 2011) 

6
 For instance using administrative data where data is collected daily or weekly instead. 
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One of the concerns that rise with big data is if it is representative. As discussed in part two of 

this study, big data is usually an “infinite” population and the ‘reference population” is not 

clear. The questions arises as “what is the population, who generates the data and if we can 

draw a sample and achieve population properties?”  

In traditional method and probability sampling, the focus is to get a representative sample for 

the population of interest. It is done with help of evolving a survey design that is expected to 

give a representative sample. Approximation theory in sample surveys is built on the 

representativeness assumption (Buelens et al. 2014). This assumption is invalid when using 

big data. As in big data, correlations may reflect what is happening but statistical inference 

are not possible to use (Cukier & Mayer-Schonberger 2013). 

There are some methods developed for correcting errors from representativeness, for example 

errors that caused by “selective-nonresponse”. The “Generalised Regression Estimator” 

(GREG)
 7

 is used at Statistics Netherlands currently (Bethlehem, Cobben & Schouten 2011). 

Classical estimation methods are essentially grounded on survey design, and are known as 

“design-based” methods. Unless the dataset covers the whole population of interest, it is 

uncertain that the data are representative when a data set collects through some other way than 

random sampling. Therefore, when using big data source in official statistics, the issue of 

selectivity needs to be considered (Buelens et al. 2014). 

 

5.2. Method  

Big data can be part of the production of official statistics. As discussed in previous part, 

selectivity of big data could pose problem depending on how the data are used (Buelens et al 

2014). In the discussion paper, “Selectivity of Big data”, Buelens et al (2014), discuss four 

different cases where big data is used as information resources in production of official 

statistics. 

 

The first case is where big data are the only source of data used for the production of some 

statistics. With this background, well assessing and choosing of the data is crucial and the 

                                                           
7
 “A model assisted estimator designed to improve the accuracy of the estimates by means of auxiliary 

information.” 
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more important is taking care of selection bias through choosing a suitable method of 

inference (Buelens et al 2014). Buelens et al (2012) argue the importance and power of the 

“right” method of inference that could overcome the problem of representativeness (Buelens 

et al. 2012). Model-based and algorithmic methods are designed to predict parameter values 

for unobserved parts, and are usually encountered in data mining and machine learning 

contexts (Hastie et al., 2003). Although selecting a proper method and validating its 

assumptions in detailed situations is not a straightforward task to do (Baker et al. 2013), but 

also there are limits in what can be achieved when correcting selectivity. The results will still 

be biased if particular subpopulations are fully missing in the big data set. According to 

Statistics Netherlands, none of the big data sources contains identifying variables and so far it 

has been impossible to link big data sources to register databases and therefore an assessment 

and correction for selectivity problem has not achieved yet (Buelens et al. 2014). 

 

Buelens et al (2014) consider using big data as auxiliary data in a process largely based on 

sample survey data as the second case where statistics based on big data are purely used as a 

covariate in model-based estimation methods applied to the traditional survey sample data. By 

doing so, the sample size reduces which in its turn leads to cost reduction and reduction of the 

non-response error. This idea was discovered when data from GPS tracking devices were used 

to measure connectivity between geographical areas. The degree to which an area is 

connected to other areas was found to be a good predictor of the variable in interest (in their 

case poverty). This means that big data in GPS tracks can be used as a predictor for survey 

based measurements. A risk with this method is the instability of the big data source over 

time, or the exhibition of sudden changes due to technical upgrades or other unexpected 

circumstances. This is a classic problem for secondary data sources that has even been 

observed in administrative data (Buelens et al 2014). 

 

Next case concerns the aspects of the big data application that can be used as a data collection 

strategy in sample surveys, for example the geographic location data collected over GPS 

devices in smartphones to movement’s range, where only parts of data that have been selected 

by means of a probability sample, are observed (Arends et al. 2013). Schutt and O’Neil 

(2013) claim that the smartphone and in-built tracking devices are replacing the traditional 

survey, but all elements of survey sampling and the connected estimation methods remain 



15 

 

valid. The size of data set collected in this way is not necessary “big”, but contains a number 

of properties of typical big data sets (Schutt and O’Neil, 2013). 

 

Buelens et al (2014) mentions the fourth case as using big data regardless of selectivity 

complications. It is argued that the statement about the resulting statistics allowing bearing to 

an uncovered population by the big data source is false. However, such statistics may be of 

interest and may enhance the official publications of official statistics (Buelens et al 2014).  

 

It is also important to have in mind that the utility of Internet as a data source is not 

essentially a source for new statistics, but rather has the potential of improving existing 

statistics. There are some considerable problems, such as problems with double counting, 

sorting, causality, estimation and in particular representativeness (Heerschap 2013). 

Furthermore Buelens et al (2014) argue about internet searches being selective because not 

everyone in the population of interest uses the internet, and not all of them use Google as a 

search engine, and the most importantly that not everybody who looks for information does so 

through the internet or Google (Buelens et al. 2014).  

As the cost of collecting data and acquisition decreases quickly, the importance of big data 

will increase. Companies creating and implementing big data approaches an inexpensive gain. 

Big data methods need to find a place in official statistics and the focus needs to cover beyond 

using big data to answer known problems, to try to find out patterns that could help making 

decisions and opportunities that could never have imagined before (Parise, Iyer & Vesse 

2012). 

 

Dunne (2013) suggests that organising big data into a large number of groups or pools of data 

could be a solution to dealing with big data streams. This way, the data are easily convenient 

in the traditional processing ways. The effective way to attain this is to know the volume and 

total of the groups being available, the capacities in which the data is processed and if it is 

necessary to keep the original data once processed (Dunne 2013). 
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6. Challenges 

There are some drawbacks attached to the promising valuable assets of big data. Questions 

about the analytical value and policy issues are raised as an effect of big data. There are 

concerns over the data being representative as well as its reliability together with the 

overarching privacy issues of using personal data (Cukier & Mayer-Schonberger 2013).  

Along with big data come computational challenges as well. Despite finding a way to 

generate manageable structured data from unstructured data, statistical analyses tolls such as 

R and SAS must be integrated to be able to process big data.  

Furthermore, there is also another reason to worry; it is the risk of too many correlations. If 

correlations between two variables are looked at over 100 times, there will be a risk of 

finding, unintendedly, about five false correlations that appear statistically significant
8
 even 

when there is no real significant connection between the variables. Lacking careful control 

can seriously increase such errors (Cukier & Mayer-Schonberger 2013). 

Some of the dark sides of big data are explored in the following parts. 

 

6.1. Data 

Along with big data comes a very old problem: “relying on the numbers when they are far 

more fallible than we think” (Cukier & Mayer-Schönberger 2013).  

Management and the ability to analyze data have always obtained high benefits and great 

challenges for systems of all sizes and types. Capturing information about customers, 

products, and services, are valuable for businesses. Indeed, a lot of complexity comes along 

with data. Some data are structured and kept in a traditional database, while other data are 

unstructured. For instance, it would be much easier if all the customers always bought the 

same products in the same way but that is far from reality. Companies and sale markets have 

developed with time and are complicated. To overcome the complexity of data, more product 

lines was added to the list and that was how the data become “Big”. Data difficulties are not 

limited to sale markets only. “Research and development (R&D) organizations”, are an 

                                                           
8
 Type I error in hypothesis testing 
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example of others whom struggle to get sufficient computing control in order to use scientific 

data and run sophisticated models on it (Hurwitz et al. 2013). 

It is also important to consider other new sources of data produced by machineries such as 

sensors or the huge amount of information that are generated by humans, for example data 

from social media (Hurwitz et al. 2013). In addition, as is discussed in the previous parts, the 

world is oversupplied with information as newer, more powerful mobile devices are being 

available and the access to global networks increases, which will drive the creation of new 

sources for data. 

While each data source could independently be managed, the challenge is how analytics can 

interpret and manage the intersection of all these different sorts of data. In the big data case, 

because of the volume, it is impossible to manage data in traditional ways. Although there 

have been huge databases in traditional data registers, the difference with big data is that it 

varies in type and timeliness considerably (Hurwitz et al. 2013). 

In many circumstances relating big data, unsystematic failures and data loss is an issue. 

According to Justin Erickson, senior product manager at Cloudera
9
 “If I’m bringing data in 

from many different systems, data loss could skew my analysis pretty dramatically, When you 

have lots of data moving across multiple networks and many machines, there’s a greater 

chance that something will break and portions of the data won’t be available.” 

(Barlow 2013).  

 

6.2. Privacy 

“Privacy is a currency that we all now routinely spend to purchase convenience” (Frankel 

2013).  

Along with regulation, that concerns privacy particularly in Europe, user have the option to 

choose what information of them is being collected when they go online. This is based on the 

issue of instability in the changing behavior of people using social media and other websites. 

                                                           
9
 “Cloudera Inc. is an American-based software company that provides Apache Hadoop-based software, support 

and services, and training to business customers.” Source: wikipedia 
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As information collection and using big data becomes more known, people concern more 

about sharing private information liberally (Couper 2013). Wilson, Gosling, and Graham 

(2012) state the changes in Facebook privacy settings over time in their paper. They conclude 

that an increase in not allowing cookies, changes the amount and type of information shared. 

The progress of implements giving users control over what is shared makes it possible for 

events to hide. They even discuss how Microsoft got negative reaction from advertisers for 

making the “do not track” option as the default in the Internet Explorer 10 browser (Wilson, 

Gosling & Graham 2012).  

 Big data has raised privacy concerns, which relates to the ways of collecting data and the use 

of data by governments for national security purposes. There are also concerns stated about 

the profit-making and other non-commercial uses of big data (Lenard & Rubin 2013). Edith 

Ramirez
10

 argues the “privacy” of big data at her first major speech as (Ramirez 2013): 

 “the challenges big data poses to privacy are familiar, even though they may be 

of a magnitude we have yet to see.”  

Further, she adds (Ramirez 2013):  

“the solutions are also familiar, and, with the advent of big data, they are now 

more important than ever.”  

Chairwoman Ramirez’s speech brings out the question of if big data is associated with new 

privacy issues and a related surge in the need for government action. She argues the risks 

associated with identity faking and data stealing which increases with big data (Lenard & 

Rubin 2013). Lenard & Robin (2013) interpreted Ramirez speech as: “It suggests that we 

should look to the “familiar solutions”—the Fair Information Privacy Practices (FIPPs) 

involving notice and choice, use specification and limits, and data minimization—to solve any 

privacy problems brought about by big data” (Lenard & Rubin 2013). 

In theory, identity faking and information breaking could be raised or be dropped by big data. 

These safety issues specify a market fiasco because of the difficulty of imposing charges on 

                                                           
10

 “Edith Ramirez was sworn in as a Commissioner of the Federal Trade Commission on April 5, 2010, to a term 

that expires on September 25, 2015.  She was designated to serve as Chairwoman of the Federal Trade 

Commission effective March 4, 2013, by President Barack H. Obama.” Källa: http://www.ftc.gov/about-

ftc/biographies/edith-ramirez 
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the committers. However, data holders have strong incentives to protect their data, while these 

data themselves could be useful in avoiding fraud (Lenard & Rubin 2013). 

 

However, according to Lenard and Robin (2013), there is no sign that identity fraud has gone 

up with the appearance of big data. Actually, it is more expected that the use of big data 

would decrease identity fraud. For instance credit card companies, who endure most of the 

costs, make it more secure for their consumers by observing their purchases and informing 

them when their consumptions seem to be outside of normal activities, which is exactly a type 

of analysis of big data. It is important to notice that this policing includes use of data for 

purposes other than the original reason of data collection (Lenard & Rubin 2013). 

 

6.3. Analysis 

The use of big data comes with a number of analytical challenges. The weight and severity of 

those analytical challenges differs depending on the type of data, the type of analysis being 

conducted, and on the type of outcome (UN Global Pulse 2012).  

The main aspect of researches and hypothesis-based study is the question “what is the data 

really telling us?” (UN Global Pulse 2012), but when analyzing big data, the first question 

that surges is what problems are we trying to solve? It is hard to know what to look for in this 

huge amount of data that can give valuable insight without doubt, but patterns can appear 

from that data before understanding why they are there (Hurwitz, Nugent, Halper & Kaufman 

2013).  

There is an comprehension that “new” digital data sources poses more challenges. Therefore, 

these concerns must be brought out in an entirely clear way (UN Global Pulse 2012).  UN 

Global Pulse (2012), in their article “Big Data for Development: Challenges & 

Opportunities” puts the challenge into three separate categories:  

 Observing the whole picture right, i.e. summarizing the data  

 Understanding and interpreting the data through inferences 

 defining and detecting anomalies 

Big data is at its finest when analyzing “common” things, but often not as perfect when 

analyzing unordinary things. For example, programs such as search engines and translation 

programs that deal with text using big data, often are dependent on something called 
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“trigrams”
11

. As they often appear in texts, consistent statistical material can be collected 

about common trigrams. But it is impossible that an existing form of data will ever be 

sufficient to include all the possible trigrams that people use and that is mostly because of the 

lasting ingenuity of language (Marcus & Davis 2014). 

Another challenge when analyzing big data is that the data processing cycles in most the cases 

happens in real time. A fast evolving universe of fresh technologies has made the time in 

which data is processed reduce dramatically. That allows exploring and experimenting data in 

ways that would never been practical or even possible before. Despite the availability of new 

implements and methods for dealing with enormous volumes of data at unbelievable speeds,  

the real promise of advanced data analytics lies beyond technology (Barlow 2013). 

“Real-time big data isn’t just a process for storing petabytes or exabytes of data in a data 

warehouse, It’s about the ability to make better decisions and take meaningful actions at the 

right time. It’s about detecting fraud while someone is swiping a credit card, or triggering an 

offer while a shopper is standing on a checkout line, or placing an ad on a website while 

someone is reading a specific article. It’s about combining and analyzing data so you can take 

the right action, at the right time, and at the right place.” states Michael Minelli, co-author of 

the book “Big Data, Big Analytics” (Minelli, Chambers & Dhiraj 2013). 

But How fast is fast? What is the meaning of real-time? Definition can vary depending on the 

situation in which big data is used. In theory, real-time stands for the ability of processing 

data the same time it arrives meaning “the present” rather than in the future. This makes the 

step of storing the data and saving it for later use disappear. However, “the present” also is 

defined differently in different perspectives (Barlow 2013). 

Joe Hellerstein, chancellor’s professor of computer science at UC Berkeley says, “Real time 

is for robots, if you have people in the loop, it’s not real time. Most people take a second or 

two to react, and that’s plenty of time for a traditional transactional system to handle input 

and output.” Barlow (2013) argues that the impression of Mr. Hellerstein does not mean that 

the pursuit for speed is abandoned. For instance, Spark, an “open source cluster computing 

system” that is possible to be programmed fast and runs quickly, relies on “resilient 

distributed datasets” (RDDs) and it is used to search 1 to 2 terabytes of data in not more than 

                                                           
11

 Sequences of three words in a row (like “in a row”). 
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one second. Twitter, a social site, uses Storm, “an open source low latency processing 

stream”, in order to detect correlation in almost real time. The idea is to know some 

individual’s interest in almost real time. For example, if someone tweets about himself going 

snowboarding, Storm helps Twitter to figure out the most appropriate ad for that person at one 

that right time (Barlow 2013). 

  



22 

 

7. Discussion & Conclusion 

“There is a big data revolution” says Weatherhead University Professor Gary King. But it 

is not about the quantity of data. “The big data revolution is that now we can do 

something with the data“(Shaw 2014). 

Big data yet does not have a fixed definition. In fact, it is still debated. It is usually defined by 

the Vs: Volume, which is mainly the jump from Terabyte to Gigabyte! Velocity means high 

speed of data in and out! Meaning in what speed the data is being received and with which 

speed it will be used. Different businesses might have different requests depending on the 

type of industry. Variety as the data being unstructured, coming in different formats, and is 

not easily integrated. This is considered as the biggest issue with big data because every data 

source requires its very own set of managing. Veracity as big data flows highly unreliable. 

Big data is complex. It is messy. It requires data cleansing, linking, and matching the data 

across systems. Training is required in order to get best results when using big data.  

Since the birth of “big data”, it is been focused on getting a definition for this new exciting 

phenomenon. The Vs define what big data is, but do not show a solution about the capacity of 

big data. Maybe now is the time to master it and to emphasis on the “how” and the “why” of 

big data. The amount of data will continue to grow and so will the tolls processing it; but big 

data has been considered as a technological substance, focusing on the hardware and software. 

The weight now needs to be put on what is the data telling us.  

With such a new “non-normal” type of data, there will be needs for new computational and 

analytical methods.  It is important to consider if this data overflow makes scientific methods 

outdated. Today official statistics depends on classical statistical methods. The question that 

rises is if social science data models and methods are obsolescent for the age of big data.  

So is big data big news for official statistics or rather a big mess? What happens when big 

data and official statistics meets? Could big data replace traditional data sources? The answer 

is not clear yet as big data is not a reliable source at this moment. It has weaknesses in for 

example non-representativeness and/or unreliability. However, big data has this huge 

potential of being faster and cheaper. This new data source could replace traditional sources; 

it is just a matter of time. 
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Data-mining with multiple sources of data give new understandings and are improving data 

sources in Official Statistics. New emphasis as multi-mode data collection, in data sources 

have been done in official statistics around the world, like the combination of Internet based 

surveys and administrative sources. There are been emphasis on surveys and traditional 

approaches. 

Dunne (2013) believes that big data is coming into Official statistics. He argues that it can 

begin with sensor and transactional type of data and the reason is that the populations in 

sensor and transaction type data are possible to be defined, just in the same way as the 

underlying populations in administrative data sources are defined. 

One of the other main concerns with big data is if informational privacy law survives big data. 

Big data will be innovative, but this revolution must be consistent with standards that have 

long valued privacy. The privacy issue applies to everything from customer information to 

predicting sensitive health situations.  

Big data will stick out more and more in years to come. It is here to stay! Big data is not 

important on itself; slightly it is a byproduct and it might be an end to how we solve 

problems. Therefore, it is essential to observe big data and real-time analytics as an important 

resource and not as some modern magic silver bullet for the traditional improvement 

challenges. However, the flow of data learning establishes a frank opportunity to carry 

powerful new gears to global development.  

It is the statisticians and social scientists job to take benefit of this new data source. A 

makeover on computation and quantitative analytical skills is needed. The ultimate goal is to 

get a better vision and understanding to help the global development to fight against poverty, 

hunger and disease. It is a camp between truth and falsehood. National statistic offices have 

always been challenged to improve their statistics for a better society. Now as big data is 

about to enter the official statistical world, the task is to be accelerative and open to use non-

traditional data sources.  

There has been a lot of hype about big data, which is used mainly in commercial, and security 

applications. However, as Andreessen argued, “Software is eating the world” in his paper in 

2011, I would now say that in short, big data will rule the world!! 
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