
BDA=ML + CC 

Page 1 

 

Chapter 1 

Big Data Analytics = Machine Learning + Cloud Computing 

Caesar Wu, Rajkumar Buyya, and Kotagiri Ramamohanarao 

1.1 Introduction  

Although the term Big Data has become popular, there is no general consensus about what it really means. Often, 

many professional data analysts would imply the process of Extraction, Transformation and Load (ETL) for large 

datasets as the connotation of Big Data.  A popular description of Big Data is based on three attributes of data: volume, 

velocity, and variety (or 3Vs). Nevertheless, it does not capture all the aspects of Big Data accurately. In order to 

provide a comprehensive meaning of Big Data, we will investigate this term from a historical perspective and see how 

it has been evolving ÆÒÏÍ ÙÅÓÔÅÒÄÁÙȭÓ ÍÅÁÎÉÎÇ ÔÏ ÔÏÄÁÙȭÓ ÃÏÎÎÏÔÁÔÉÏÎ.  

Historically, the term Big Data is quite vague and ill-defined. It is not a precise term and does not carry a particular 

meaning rather than the notion of its size. The word ȰBigȱ ÉÓ ÔÏÏ ÇÅÎÅÒÉÃȢ 4ÈÅ ÑÕÅÓÔÉÏÎ ÈÏ× ȰÂÉÇȱ is big and how 

ȰÓÍÁÌÌȱ ÉÓ ÓÍÁÌÌ [1] is relative to time, space and a circumstance. From an evolutionary ÐÅÒÓÐÅÃÔÉÖÅȟ ÔÈÅ ÓÉÚÅ ÏÆ ȰBig 

Dataȱ ÉÓ ÁÌ×ÁÙÓ ÅÖÏÌÖÉÎÇȢ )Æ ×Å ÕÓÅ the current global Internet traffic capacity [2] as a measuring stick yard, the 

meaning of Big DataȭÓ ÖÏÌÕÍÅ would lie between Terabyte (TB or 1012 or 240) and Zettabyte (ZB or 1021 or 270) range. 

Based on historical data traffic growth rate, Cisco claimed that human has entered the ZB era in 2015 [2]. To understand 

ÓÉÇÎÉÆÉÃÁÎÃÅ ÏÆ ÔÈÅ ÄÁÔÁ ÖÏÌÕÍÅȭÓ ÉÍÐÁÃÔȟ let us glance at the average size of different data files shown in Table 1. 

Media Average Size of Data File Notes (2014) 

Web Page  1.6 - 2 MB Ave 100 objects 

eBook  1 - 5 MB 200-350 pages 

Song  3.5 - 5.8 MB Ave 1.9 MB/per minute(MP3) 256 Kbps rate (3 mins) 

Movie  100 - 120 GB 60 frames per second (MPEG-4 format, Full High Definition, 2 hours) 

Table 1: Typical Size of Different Data Files 

The main aim of this chapter is to provide a historical view of Big Data and to argue that Big Data is not just 3Vs, but 

rather 32Vs or 9Vs. These additional Big Data attributes reflect the real motivation behind Big Data Analytics (BDA). We 

believe that these expanded features clarify some basic questions about the essence of BDA: what problems Big Data 

can address, and what problems should not be confused as BDA. These issues are covered in the chapter through 

analysis of historical developments along with associated technologies that support Big Data processing. The rest of 

the chapter is organised into eight sections as follows:   

1) A historical Review for Big Data 
2) Interpretation of Big Data 3Vs, 4Vs and 6Vs  
3) Defining Big Data from 3Vs to 32Vs 
4) Big Data and Machine Learning 
5) Big Data and Cloud Computing 
6) Hadoop, HDFS, MapReduce, Spark and Flink   
7) ML + CC Ą BDA and Guidelines  
8) Conclusion 

1.2 A Historical Review of Big Data 

In order to capture the essence of Big Data, we provide the origin and history of BDA and then propose a precise 

definition of BDA. 
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1.2.1  The Origin of Big Data 

Several studies have been conducted on historical views and developments in BDA area.  Gil Press [3] provided a short 

history of Big Data starting ÆÒÏÍ ΣΫΦΦȟ ×ÈÉÃÈ ×ÁÓ ÂÁÓÅÄ ÏÎ 2ÉÄÅÒȭÓ work [4]. He covered 68 years of history of 

evolution of Big Data between 1944 and 2012 and illustrated 32 Big Data related events in the recent data science 

ÈÉÓÔÏÒÙȢ !Ó 0ÒÅÓÓȭ ÉÎÄÉÃÁÔÅÄ ÉÎ ÈÉÓ ÁÒÔÉÃle, the fine line between the growth  of data and Big Data has become blurred. 

Very often, the growth rate of data has been referred ÁÓ ȰÉÎÆÏÒÍÁÔÉÏÎ ÅØÐÌÏÓÉÏÎȱ ɉÁÌÔÈÏÕÇÈ ȰÄÁÔÁȱ ÁÎÄ ȰÉÎÆÏÒÍÁÔÉÏÎȱ 

are often used interchangeably, two terms have different connotations). 0ÒÅÓÓȭ study is quite comprehensive and 

covers BDA events up to December 2013. Since then, there have been many relevant Big Data events.  Nevertheless, 

0ÒÅÓÓȭ ÒÅÖÉÅ× did cover both Big Data and Data Science events. To this extent, the term Data Science could be 

considered as a complementary meaning of BDA.   

)Î ÃÏÍÐÁÒÉÓÏÎ ×ÉÔÈ 0ÒÅÓÓȭ ÒÅÖÉÅ×ȟ &ÒÁÎË /ÈÌÈÏÒÓÔ ɍ5] established the origin of Big Data to 1880 when the 1oth US census 

was held. The real problem during the 19th century was a statistics issue, which was how to survey and document 50 

million of North-American citizens. Although Big Data may contain computation of some statistics elements, these two 

terms have different interpretations today. Similarly, Winshuttle [6] believe the origin of Big Data was in the 19th 

century. They argue if data sets are so large and so complex and beyond traditional process and management 

ÃÁÐÁÂÉÌÉÔÙȟ ÔÈÅÎ ÔÈÅÓÅ ÄÁÔÁ ÓÅÔÓ ÃÁÎ ÂÅ ÃÏÎÓÉÄÅÒÅÄ ÁÓ ȰBig DataȱȢ )Î ÃÏÍÐÁÒÉÓÏÎ ÔÏ 0ÒÅÓÓȭȟ 7ÉÎÓÈÕÔÔÌÅȭÓ review 

emphasizes Enterprise Resource Planning (ERP) and implementation on cloud infrastructure. Moreover, the review 

also makes a predication for data growth to 2020. The total time span of its review was more than 220 years. 

7ÉÎÓÈÕÔÔÌÅȭÓ Big Data history included many SAP events and its data products, such as HANA.  

The longest span of historical review for Big Data belongs to "ÅÒÎÁÒÄ -ÁÒÒȭÓ ÄÅÓÃÒÉÐÔÉÏÎ ɍ7]. He traced the origin of Big 

Data back to 18,000 BCE. Marr argued that we should pay attention to historical foundations of Big Data, which are 

different approaches for human to capture, store, analyze and retrieve both data and information. Furthermore, Marr 

believed that the first person who casted the term ȰBig Dataȱ was Erik Larson [9], who presented an article for  

(ÁÒÐÅÒȭÓ -ÁÇÁÚÉÎÅ ÁÎÄ ÉÔ ×ÁÓ ÓÕÂÓÅÑÕÅÎÔÌÙ ÒÅÐÒÉÎÔÅÄ ÉÎ 4ÈÅ 7ÁÓÈÉÎÇÔÏÎ 0ÏÓÔ ÉÎ ΣΫΪΫ ÂÅÃÁÕÓÅ ÔÈÅÒÅ ×ere two 

sentences that consisted of the words of Big Dataȡ ȰThe keepers of Big Data ÓÁÙ ÔÈÅÙ ÄÏ ÉÔ ÆÏÒ ÔÈÅ ÃÏÎÓÕÍÅÒȭÓ ÂÅÎÅÆÉÔȢ 

"ÕÔ ÄÁÔÁ ÈÁÖÅ Á ×ÁÙ ÏÆ ÂÅÉÎÇ ÕÓÅÄ ÆÏÒ ÐÕÒÐÏÓÅÓ ÏÔÈÅÒ ÔÈÁÎ ÏÒÉÇÉÎÁÌÌÙ ÉÎÔÅÎÄÅÄȢȱ 

In contrast, Steve Lohr [10] disagrees with -ÁÒÒȭÓ view. He argues that just adopting the term alone might not have the 

ÔÏÄÁÙȭÓ Big Data connotation ÂÅÃÁÕÓÅ ȰThe term Big Data is so generic that the hunt for its origin was not just an effort 

to find an early reference to those two words being used togetherȱ. Instead, the goal was the early use of the term 

that suggests its present interpretation  ɂ that is, not just a lot of data, but different types of data handled in new 

waysȱ. This is an important point. Based on this reasoning, we consider that Cox and Ellsworth  [8] as the origin of Big 

Data because they assigned a relatively accurate meaning to the existing view of Big Data, which they stated ȰȣÄÁÔÁ 

sets are generally quite large, taxing the capacities of main memory, local disk and even remote disk. We call this the 

problem of Big Data. When data sets do not fit in main memory (in core), or wÈÅÎ ÔÈÅÙ ÄÏ ÎÏÔ ÆÉÔ ÅÖÅÎ ÏÎ ÌÏÃÁÌ ÄÉÓËȣȱ. 

Although ÔÏÄÁÙȭÓ term may have extended meaning than #ÏØ ÁÎÄ %ÌÌÓ×ÏÒÔÈȭÓ term, this definition reasonably 

accurately reflects ÔÏÄÁÙȭÓ ÃÏÎÎÏÔÁÔÉÏÎ.  

Another historical review was contributed by Visualizing .org [11]. It focused on the timeline of how to implement BDA. 

Its historical description is mainly determined by events related to Big Data push by many Internet and IT companies, 

such as Google, Youtube, Yahoo, Facebook, Twitter and Apple. Especially, it emphasized the significant impact of 

Hadoop in the history of BDA. It primarily highlighted the significant role of Hadoop in the BDA. Based on these studies, 

we show the history of Big Data, Hadoop and its ecosystem in Figure 1. 
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Figure 1 A Short History of Big Data  

Undoubtedly, there will be many different views based on different interpretations of BDA. This will inevitably lead to 

many debates of Big Data implication or pros and cons.  

1.2.2 Debates of Big Data Implication  

 Pros 

There have been many debates regarding Big Dataȭ ÉÍÐÌÉÃÁÔÉÏÎ during the past few years. Many advocates declare Big 

Data as a new rock star [20] and Big Data will be the next frontier [21], [22] for innovation, competition and 

productivity ÂÅÃÁÕÓÅ ÄÁÔÁ ÉÓ ÅÍÂÅÄÄÅÄ ÉÎ ÔÈÅ ÍÏÄÅÒÎ ÈÕÍÁÎ ÂÅÉÎÇȭÓ ÌÉÆÅȢ $ÁÔÁ ÔÈÁÔ ÁÒÅ ÇÅÎÅÒÁÔÅÄ ÂÙ ÂÏÔÈ ÍÁÃÈÉÎÅÓ 

and human in every second is a by-product of all other activities. It will become even the new epistemologies [23] in 

science. To certain degree, Mayer and Cukier [24] argued Big Data would revolutionize our way of thinking, working 

and living. They believe that a massive quantitive data accumulation will lead to qualitative advances at the core of BDA 

- machine ÌÅÁÒÎÉÎÇȟ ÐÁÒÁÌÌÅÌÉÓÍȟ ÍÅÔÁÄÁÔÁ ÁÎÄ ÐÒÅÄÉÃÔÉÏÎÓȢ ȰBig Data will be a source of new economic value and 

ÉÎÎÏÖÁÔÉÏÎȱ. Their conclusion is that data can speak for itself and we should let the data speak.  

To certain extent, Montjoye et alȭÓ [25] echoed the above conclusion. They demonstrated that it is highly probable 

(over 90% reliability) to re-identify a person with as little as only four spatiotemporal data points (credit card 

transactions in a shopping mall) by leveraging Big Data AnalyticsȢ 4ÈÅÉÒ ÃÏÎÃÌÕÓÉÏÎ ÉÓ ÔÈÁÔ ȰÌÁÒÇÅ ÓÃÁÌÅ data sets of 

human behavior have the potential to fundamentally transform the way we fight diseases, design cities and perform 

research.ȱ 

Cons 

In contrast, some argue that Big Data is inconclusive, overstated, exaggerated and misinformed by the media and data 

cannot speak for itself [12]. It does not matter how Big Dataset is. It could be just another delusion ÂÅÃÁÕÓÅ ȰÉÔ ÉÓ ÌÉËÅ 

having billions of monkeys typing, one of them ×ÉÌÌ ×ÒÉÔÅ 3ÈÁËÅÓÐÅÁÒÅȢȱ [13]. )Î $ÏÂÅÌÌÉȭÓ term [14], we shÏÕÌÄ ȰÎÅÖÅÒ 
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judge a decision by its outcome ɀ ÏÕÔÃÏÍÅ ÂÉÁÓȱ. In other words, if one of the monkeys can type Shakespeare, we 

cannot conclude or inference that a monkey has sufficient intelligence to be Shakespeare.  

Gary Drenik [15] believed that the sentiment of the overeager adoption of Big Data ÉÓ ÍÏÒÅ ÌÉËÅ Ȱ%ØÔÒÁÏÒÄÉÎÁÒÙ 0ÏÐÕÌÁÒ 

$ÅÌÕÓÉÏÎ ÁÎÄ ÔÈÅ -ÁÄÎÅÓÓ ÏÆ #ÒÏ×ÄÓȱȟ ÔÈÅ ÄÅÓÃÒÉÐÔÉÏÎ ÍÁÄÅ ÂÙ #ÈÁÒÌÅÓ -ÁÃËÁÙ ɍ16Ɏ ÏÎ ÈÉÓ ÆÁÍÏÕÓ ÂÏÏËȭÓ ÔÉÔÌÅȢ 

Psychologically, it is a kind of a crowd emotion that seems to have a perpetual feedback loop. Drenik quoted this 

ȰÍÁÄÎÅÓÓȱ ×ÉÔÈ -ÁÃËÁÙȭÓ ×Árning: Ȱ7Å ÆÉÎÄ ÔÈÁÔ ×ÈÏÌÅ ÃÏÍÍÕÎÉÔÉÅÓ ÓÕÄÄÅÎÌÙ ÆÉØ ÔÈÅÉÒ ÍÉÎÄÓ ÕÐÏÎ ÏÎÅ ÓÕÂÊÅÃÔȟ ÁÎÄ 

go mad in its pursuit; that millions of people become simultaneously impressed with one delusion, and run it til l their 

attention is caught by some new folly more captivating than the first.ȱ. 4ÈÅ ÉÓÓÕÅ ÔÈÁÔ $ÒÅÎÉË ÈÁÓ ÎÏÔÉÃÅÄ ȰÔÈÅ ÈÙÐÅ 

ÏÖÅÒÔÁËÅÎ ÒÅÁÌÉÔÙ ÁÎÄ ÔÈÅÒÅ ×ÁÓ ÌÉÔÔÌÅ ÔÉÍÅ ÔÏ ÔÈÉÎË ÁÂÏÕÔȱ ÒÅÇÁÒÄÉÎÇ Big Data.    4ÈÅ ÆÏÒÍÅÒ /ÂÁÍÁȭÓ ÃÁÍÐÁÉÇÎ #4/ȟ 

Harper Reed, has ÔÈÅ ÒÅÁÌ ÓÔÏÒÙ ÉÎ ÔÅÒÍÓ ÏÆ ÁÄÏÐÔÉÏÎ ÏÆ "$!Ȣ (ÉÓ ÒÅÍÁÒËÓ ÏÆ "ÉÇ $ÁÔÁ ×ÅÒÅ ȰÌÉÔÅÒÁÌÌÙ ÈÁÒÄȱ ÁÎÄ 

ȰÅØÐÅÎÓÉÖÅȱ ɍ34]. 

Danah Boyd et al [17] are quite sceptical regarding Big Data in term of its volume. They argued bigger data are not 

ÁÌ×ÁÙÓ ÂÅÔÔÅÒ ÄÁÔÁ ÆÒÏÍ ÓÏÃÉÁÌ ÓÃÉÅÎÃÅ ÐÅÒÓÐÅÃÔÉÖÅȢ )Î ÒÅÓÐÏÎÄÉÎÇ ÔÏ Ȱ4ÈÅ %ÎÄ ÏÆ 4ÈÅÏÒÙȱ ɍ18] proposition, Boyd 

ÁÓÓÅÒÔÅÄ ÔÈÁÔ ÔÈÅÏÒÙ ÏÒ ÍÅÔÈÏÄÏÌÏÇÙ ÉÓ ÓÔÉÌÌ ÈÉÇÈÌÙ ÒÅÌÅÖÁÎÔ ÆÏÒ ÔÏÄÁÙȭÓ ÓÔÁÔÉÓÔÉÃÁÌ ÉÎÆÅÒÅÎÃÅ ÁÎÄ Ȱ4ÈÅ ÓÉÚÅ ÏÆ ÄÁÔÁ ÓÈÏÕÌÄ 

fit the research question ÂÅÉÎÇ ÁÓËÅÄȠ ÉÎ ÓÏÍÅ ÃÁÓÅÓȟ ÓÍÁÌÌ ÉÓ ÂÅÓÔȱȢ 4ÈÅÙ ÓÕÇÇÅÓÔÅÄ ÔÈÁÔ ×Å ÓÈÏÕÌÄ ÎÏÔ ÐÁÙ Á ÌÏÔ ÏÆ 

attention to the volume of data. Philosophically, the critic is similar as the debate between John Stuart MÉÌÌ ɉÆÉÖÅ -ÉÌÌȭÓ 

classical or empirical methods) and his critics [35] in 19th ÃÅÎÔÕÒÙȟ ×ÈÉÃÈ -ÉÌÌȭÓ ÃÒÉÔÉÃÓ ÁÒÇÕÅÄ ÔÈÁÔ it is impossible to bear 

on the intelligent question by just ingesting as much as data alone without some theory or hypothesis. This means that 

we cannot make Big Data do the work of theory.  

Another Big Data critique comes from David Lazer et al. [19]. They demonstrated that Google Flu Trends (GFT) 

prediction is the parable and identified two issues (Big Data hubris and algorithm dynamics) ÔÈÁÔ ÃÏÎÔÒÉÂÕÔÅÄ ÔÏ '&4ȭÓ 

mistakes. The issue of Ȱ"ÉÇ $ÁÔÁ ÈÕÂÒÉÓȱ is that some observers believe that BDA can replace traditional data mining 

completely. The issue of ȰaÌÇÏÒÉÔÈÍ ÄÙÎÁÍÉÃÓȱ is ȰÔÈÅ ÃÈÁÎÇÅÓ ÍÁÄÅ ÂÙ ɉ'ÏÏÇÌÅȭÓɊ engineers to improve the 

commercial service and by consumers in using that servicÅȱ. In another words, the changing algorithms for searching 

will directly impact on ÔÈÅ ÕÓÅÒÓȭ behavior. This will lead to the collected data is driven by deliberated algorithms. Lazer 

concluded there are many traps in BDA, especially for social media research. Their conclusion was Ȱwe are far from a 

place where they (BDA) can supplant more traditional methods or theories.ȱ  

All these multiple views were due to different interpretations of Big Data and different implementations of BDA. This 

suggests that in order to resolve these issues, we should first clarify the definition of the term BDA and then discover 

the clash point based on the same term.   

1.3 Historical Interpretation of Big Data 

1.3.1 Methodology for Defining Big Data 

)ÎÔÕÉÔÉÖÅÌÙȟ ÎÅÉÔÈÅÒ ÙÅÓÔÅÒÄÁÙȭÓ ÄÁÔÁ ÖÏÌÕÍÅ ɉÁÂÓÏÌÕÔÅ ÓÉÚÅɊ ÎÏÒ ÔÏÄÁÙȭÓ ÏÎÅ ÃÁÎ ÂÅ ÄÅÆÉÎÅÄ ÁÓ Ȱ"ÉÇȱȢ -ÏÒÅÏÖÅÒȟ ÔÏÄÁÙȭÓ 

Ȱ"ÉÇȱ ÍÁÙ ÂÅÃÏÍÅ ÔÏÍÏÒÒÏ×ȭÓ ȰÓÍÁÌÌȱȢ )Î ÏÒÄÅÒ ÔÏ ÃÌÁÒÉÆÙ ÔÈÅ ÔÅÒÍ "ÉÇ $ÁÔÁ ÐÒÅÃÉÓÅÌÙ ÁÎÄ ÓÅÔÔÌÅ ÄÏ×Î ÔÈÅ ÄÅÂÁÔÅ ×Å 

can investigate and uÎÄÅÒÓÔÁÎÄ ÔÈÅ ÆÕÎÃÔÉÏÎÓ ÏÆ Á ÄÅÆÉÎÉÔÉÏÎ ÂÁÓÅÄ ÏÎ ÔÈÅ ÃÏÍÂÉÎÁÔÉÏÎ ÏÆ 2ÏÂÅÒÔ "ÁÉÒÄȭÓ ɍ26] and Irving 

#ÏÐÉȭÓ ɍ27] approaches (see Figure 2). 

 

Figure2: Methodology of Definition 
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"ÁÓÅÄ ÏÎ "ÁÉÒÄ ÏÒ )ÒÖÉÎÇȭÓ ÁÐÐÒÏÁÃÈ ÏÆ ÄÅÆÉÎÉÔÉÏÎȟ ×Å ×ÉÌÌ ÆÉÒÓÔ ÉÎÖÅÓÔÉÇÁÔÅ ÔÈÅ ÈÉÓÔÏÒÉÃÁÌ ÄÅÆÉÎÉÔÉÏÎ ÆÒÏÍ ÁÎ ÅÖÏÌÕÔÉÏÎÁÒÙ 

perspective (lexical meaning). Then we extend the term from 3Vs to 9Vs or 32 Vs based on its motivation (stipulative 

meaning), which is to add more attributes for the term. Finally, we will eliminate ambiguity and vagueness of the term 

and make the concept of Big Data more precise and meaningful.  

1.3.2. Different Attributes of Definitio ns 

Gartner - 3Vs Definition  

Since 1997, many attributes have been added to Big Data. Among these attributes, three of them are the most popular, 

which they have been widely cited and adopted: The first one ÉÓ ÓÏ ÃÁÌÌÅÄ 'ÁÒÔÎÅÒȭÓ ÉÎÔÅÒÐÒÅÔÁÔÉÏÎ ÏÒ Υ6ÓȢ 4ÈÅ root of 

this term can be traced back to February 2001. It was casted by Douglas Laney [28] in his white paper published by 

Meta group, which Gartner subsequently acquired in 2004. Douglas noticed that due to surging of e-commerce 

activities, data has grown along three dimensions, namely: 

1. Volume, which means Incoming data stream and Cumulative volume of data.  
2. Velocity, which represents the pace data used to support interaction and generated by interactions   
3. Variety, which signifies the variety of incompatible and inconsistent data formats and data structures. 

  
According to the history of Big Data timeline [28Ɏȟ $ÏÕÇÌÁÓ ,ÁÎÅÙȭÓ 3Vs definition has been widely regarded as the 

ȰÃÏÍÍÏÎȱ attributes of Big Data but he stopped short of assigning these attributes to the term ȰBig DataȱȢ 

IBM- 4Vs Definition  

IBM added ÁÎÏÔÈÅÒ ÁÔÔÒÉÂÕÔÅ ÏÒ Ȱ6ȱ ÆÏÒ Ȱ6ÅÒÁÃÉÔÙȱ ÏÎ ÔÈÅ ÔÏÐ ÏÆ $ÏÕÇÌÁÓ ,ÁÎÅÙȭÓ Υ6Ó ÎÏÔÁÔÉÏÎȟ ×ÈÉÃÈ ÉÓ ÓÏ ÃÁÌÌÅÄ ÁÓ 

Four Vs of Big DataȢ )Ô ÄÅÆÉÎÅÓ ÅÁÃÈ Ȱ6ȱ ÁÓ ÆÏÌÌÏ×ÉÎÇ ɍ29] [30]: 

1. Volume stands for scale of data 
2. Velocity denotes to analysing streaming data 
3. Variety indicates different forms of data 
4. Veracity implies uncertainty of data 

 
Paul C. Zikopoulos et al. [31Ɏ ÅØÐÌÁÉÎÅÄ ÔÈÅ ÒÅÁÓÏÎ ÂÅÈÉÎÄ ÔÈÅ ÁÄÄÉÔÉÏÎÁÌ Ȱ6ȱ ÏÒ ÖÅÒÁÃÉÔÙ ÄÉÍÅÎÓÉÏÎȟ ×ÈÉÃÈ ÉÓ Ȱin 

response to the quality and source issues our clients began facing with their Big Data initiatives.ȱ 4ÈÅÙ ÁÒÅ ÁÌÓÏ Á×ÁÒÅ ÏÆ 

some analysts including other V-based descriptors for Big Data, such as variability and visibility. 

Microsoft  - 6Vs Definition  

For the sake of maximising the business value, MicroÓÏÆÔ ÅØÔÅÎÄÅÄ $ÏÕÇÌÁÓ ,ÁÎÅÙȭÓ Υ6Ó ÁÔÔÒÉÂÕÔÅÓ to 6 Vs [32], which it 

added Variability, Veracity and Visibility: 

1. Volume stands for scale of data 
2. Velocity denotes to analysing streaming data 
3. Variety indicates different forms of data 
4. Veracity focuses on trustworthiness of data sources. 
5. 6ÁÒÉÁÂÉÌÉÔÙ ÒÅÆÅÒÓ ÔÏ ÔÈÅ ÃÏÍÐÌÅØÉÔÙ ÏÆ ÄÁÔÁ ÓÅÔȢ )Î ÃÏÍÐÁÒÉÓÏÎ ×ÉÔÈ Ȱ6ÁÒÉÅÔÙȱ ɉÏÒ ÄÉÆÆÅÒÅÎÔ ÄÁÔÁ ÆÏÒÍÁÔɊȟ ÉÔ 

means the number of variables in data sets. 
6. Visibility emphasise that you need have a full picture of data in order to make informative decision. 

More Vs for Big Data 

There has been also a 5 Vs Big Data definition presented by Yuri Demchenko [33] in 2013. He added the value dimension 

along with the I"- Φ6Óȭ ÄÅÆÉÎÉÔÉÏÎ ɉÓÅÅ Figure 3). Since Douglas Laney published 3Vs in 2001, there have been many 

ÁÄÄÉÔÉÏÎÁÌ Ȱ6ÓȱȢ 7Å ÃÁÎ ÆÉÎÄ ÔÈÅ ÎÕÍÂÅÒ ÏÆ 6Ó as many as eleven [41]. 



BDA=ML + CC 

Page 6 

 

 

Figure 3: From 3Vs, 4Vs, 5Vs and 6Vs Big Data Definition 

All these definitions, such as 3Vs, 4Vs, 5Vs or even 11 Vs are primarily trying to articulate the aspect of data. Most of 

them are the data-orientated definitions but fail to articulate Big Data clearly in a relationship to the essence of BDA. In 

order to understand the essential meaning, we have to clarify what data is. 

Data is everything with in the universe. This means that data is within the existing limitation of technological capacity. If 

the technology capacity is allowed, there is no boundary or limitation for data. The question is why we should capture 

it in the first place. Clearly, the primary reason of capturing data is not because we have the capacity to capture high 

volume, high velocity and high variety data rather than expect to find a better solution for our research or business 

problem, which is to search for actionable intelligence. Pure data driven analysis may add little value for a decision 

maker. Sometime, it may only add the burden for the costs or resources of BDA. Perhaps, this is why Harper believes 

Big Data is really hard [34].  

1.3.3 Summary  of 7 types Definitions of Big Data 

Table 2 shows seven types of definitions, summarized by Timo Elliott [41], based on more than 33 Big Data definitions 

[42]. 

No Type Description 

1 
The Original Big 
Data (3Vs) 

The original type of definition is referred to Douglas LaneyȭÓ 6ÏÌÕÍÅȟ 6ÅÌÏÃÉÔÙ ÁÎÄ 6ÁÒÉÅÔÙ or 
3Vs. It has been widely cited since 2001. Many have tried to extend the number of Vs, such as 
Φ6Óȟ Χ6Óȟ Ψ6Ó ȣ ÕÐ ÔÏ ΣΣ 6Ó  

2 
Big Data as 
Technology 

This type of definition is oriented by new technology development, such as MapReduce, Bulk 
Synchronous Parallel (BSP - Hama), Resilient Distributed Datasets (RDD, Spark), and Lambda 
architecture (Flink).  

3 
Big Data as 
Application 

This kind of definition emphasizes different  applications based on different types of Big Data. 
Barry Devlin [43] defined it as application of process-mediated data, human-sourced 
information and machine generated data. Shaun Connolly [44] focused on analyzing 
transactions, interactions and observation of data. It looks for hindsight of data  

4 
Big Data as 
Signals 

This is another type of application oriented definition but it focuses on timing rather than type 
of data. It looks for a ÆÏÒÅÓÉÇÈÔ ÏÆ ÄÁÔÁ ÏÒ ÎÅ× ȬÓÉÇÎÁÌȭ pattern in dataset   

5 
Big Data as 
Opportunity 

Matt Aslett [45]: ȰBig Data as analyzing data that was previously ignored because of 
technology limitÁÔÉÏÎÓȱȢ It highlights many potential opportunities by revisiting the collected 
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or archived datasets when new technologies are variable.  

6 
Big Data as 
Metaphor 

It defines Big Data as human thinking process [46]. It elevates BDA to the new level, which 
BDA is not just a type of analytics rather than the extension of human brain.  

7 
Big Data as New 
Term for Old 
Stuff 

This definition simply means the new bottle (relabel the new term ȰBig DataȱɊ ÆÏÒ ÏÌÄ ×ÉÎÅ 
(Business intelligence or data mining or other traditional data analytic activities). It is one of 
the most cynical ways to define Big Data 

Table 2:  Seven Popular Big Data Definitions 

Each of the above definitions intends to describe a particular issue from one aspect of Big Data only and is very 

restrictive. However, a comprehensive definition can become complex and very long. A solution for this issueis to use  

ȰÒÁÔÉÏÎÁÌ ÒÅÃÏÎÓÔÒÕÃÔÉÏÎȱ ÏÆÆÅÒÅÄ ÂÙ +ÁÒÌ 0ÏÐÐÅÒȟ ×ÈÉÃÈ  ÉÎÔÅÎÄÓ ÔÏ ÍÁËÅ ÔÈÅ ÒÅÁÓÏÎÓ ÂÅÈÉÎÄ ÐÒÁÃÔÉÃÅȟ ÄÅÃÉÓÉÏÎ ÁÎÄ 

process explicit and easier to understand.  

1.3.4 Motivations  behind  the Definitions  

The purpose of doing Big Data or BDA is to gain hindsight (metadata patterns emerging from historical data), insight 

(deep understanding of issues or problems) and foresight (accurate prediction in near future) in a cost effective 

manner. However, these important and necessary attributes are often neglected by many definitions that only focus 

on either single issue or data aspects. In order to reflect all aspects of Big Data, we consider all attributes from 

different aspects.  

1.4 Defining Big Data from 3Vs to 32 Vs 

The real objective of BDA is actually to seek for Business Intelligence (BI). It enables decision makers to make right 

decision based on predictions through the analysis of available data. Therefore, we need to clarify new attributes of Big 

Data and establish their relationship meaning cross three aspects (or domain knowledge), namely: 

Å Data Domain (Searching for patterns) 
Å Business intelligent Domain (Making predictions) 
Å Statistical Domain (Making assumptions) 

1.4.1  Data Domain  

,ÁÎÅÙȭÓ Υ6Ó ÈÁÖÅ ÃÁÐÔÕÒÅÄ ÉÍÐÏÒÔÁÎÃÅ ÏÆ "ÉÇ $ÁÔÁ ÃÈÁÒÁÃÔÅÒÉÓÔÉÃÓ ÒÅÆÌÅÃÔÉÎÇ ÔÈÅ ÐÁÃÅ ÁÎÄ ÅØÐÌÏÒÁÔÉÏÎ ÐÈÅÎÏÍÅÎÁ ÏÆ 

data growth during the last few years. In this,  the key attribute in data aspect is Volume. If we look the history of data 

analytics, the variation of velocity and variety is relatively small in comparison with volume. The ÄÏÍÉÎÁÔÅÄ Ȱ6ȱ ÔÈÁÔ ÉÓ 

ÏÆÔÅÎ ÅØÃÅÅÄÓ ÏÕÒ ÃÕÒÒÅÎÔ ÃÁÐÁÃÉÔÙ ÆÏÒ ÄÁÔÁ ÐÒÏÃÅÓÓÉÎÇ ÉÓ Ȱ6ÏÌÕÍÅȱȢ !ÌÔÈÏÕÇÈ ÖÏÌÕÍÅ ÃÁÎÎÏÔ determine all attributes 

of data, it is one of the crucial factors in BDA.   

1.4.2 Business [1] Intelligent (BI) Domain  

When we discuss BI of BDA, we mean Value, Visibility and Verdict within the business intelligent domain. These 3Vs are 

the motivations or drivers for us to implement BDA process at the first place. If we cannot achieve BI, the pure exercise 

of data analytics will be meaningless. &ÒÏÍ Á ÄÅÃÉÓÉÏÎ ÍÁËÅÒȭÓ ÐÅÒÓÐÅÃÔÉÖÅȟ these Υ6Ó ÁÒÅ ÈÏ× ÔÏ ÌÅÖÅÒÁÇÅ $ÁÔÁȭÓ Υ6Ó 

for BIȭÓ Υ6Ó.  

Å Visibility: it does not only focus on the insight but also means metadata or sometime the wisdom of data crowds or 
hierarchical level of abstraction data patterns. From BI perspective, it provides hindsight, insight and foresight of a 
problem and an adequate solution associated with it.   

Å 6ÁÌÕÅȡ ÔÈÅ ÐÕÒÐÏÓÅ ÏÆ 6 ÆÏÒ ÖÁÌÕÅ ÉÓ ÔÏ ÁÎÓ×ÅÒ ÔÈÅ ÑÕÅÓÔÉÏÎ ÏÆ Ȱ$ÏÅÓ ÔÈÅ ÄÁÔÁ ÃÏÎÔÁÉÎ ÁÎÙ ÖÁÌÕÁÂÌÅ ÉÎÆÏÒÍÁÔÉÏÎ ÆÏÒ 
ÍÙ ÂÕÓÉÎÅÓÓ ÎÅÅÄÓȩȱ )Î ÃÏÍÐÁÒÉÓÏÎ ×ÉÔÈ Χ6Ó ÄÅÆinition, it is not just the value of data but also the value of BI for 
problem solving. It is the value and utility for the long term or strategic pay off.  

Å Verdict: It is a potential or possible choice or decision should be made by a decision maker or decision committee 
based on a scope of problem, available resources and certain computational capacity. This is the most challenging V 
to be quantified at the beginning of BDA. If there are many ÈÙÐÏÔÈÅÓÉÓÅ ÏÆ Ȱ7ÈÁÔ-ÉÆȱÓ, the cost of collecting, 
retrieving data, ETL, especially to extract archived data would be costly (see Figure 4).  

                                                                            
1 Here, the term of business includes research activities. 
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Figure 4: Key Motivations of Big Data Analytics 

These business motivations led to the new BDA platforms or MapReduce processing frameworks such as Hadoop. It 

intends to answer the five basic questions in Big Data as shown in Figure 4.  These questions reflect the bottom line of 

Business Intelligence (BI):  

1. How to store massive data (such as in PB or EB scale currently) or information in the available resources 
2. How to access these massive data or information quickly 
3. How to work with datasets in variety formats: structured, semi-structured and unstructured 
4. How to process these datasets in full scalable, fault tolerant and flexible manner 
5. How to extract business intelligence interactively and relational way in a cost effective manner 

)Î ÔÈÉÓ ÄÏÍÁÉÎȟ ÔÈÅ ËÅÙ ÎÏÔÁÔÉÏÎ ÏÆ 6 ÉÓ Ȱ6ÉÓÉÂÉÌÉÔÙȱȟ ×ÈÉÃÈ ÉÓ ÔÏ obtain the prediction or real time insight from BDA 

exercises. The relationship of these 3Vs in BI is that without visibility, other 2Vs will be impossible.  

1.4.3 Statistics Domain  

Similarly, we should have another set of 3Vs attributes in the statistic domain, which are Veracity, Validity and 

Variability. These 3Vs should establish the statistic models based on right hypothesis (Whatɀif), which is the 

trustworthiness of datÁ ÓÅÔÓȭ ÁÎÄ ÔÈÅ ÒÅÌÉÁÂility of data sources. If the hypothesis is inadequate or the data source is 

contaminated or the statistics model is incorrect, the BDA might lead to a wrong conclusion. There have been many 

lessons regarding contaminated data samples. A famous example was the opinion poll for the 1936 US presidential 

election that was carried by the Literary Digest magazine before the election [36]. Because the sample data (2.4 million 

survey responses) was accidentally contaminated, the result of its predication (or president winner in 1936) became a 

disaster for the polling company.  Attributes in this domain are: 

Å Veracity: Philosophically speaking, the true information (or fact) is the resolution of data uncertainty. V of Veracity 
is searching for trustworthiness and certainty of data sets. 

Å Validity: It is to verify the quality of data being logically sound. The V of validity emphasizes how to correctly acquire 
data and avoid biases. Another essential meaning of validity is the inference process based on a statistical model.  

Å Variability: It is the implication of data complexity and variation. For example, Bruce Ratner [37] believed that if 
ÔÈÅÒÅ ÁÒÅ ÍÏÒÅ ÔÈÁÎ ΧΡ ÖÁÒÉÁÂÌÅÓ ÏÒ ÄÉÆÆÅÒÅÎÔ ÆÅÁÔÕÒÅÓ ÉÎ ÏÎÅ ÄÁÔÁÓÅÔȟ ÉÔ ÃÏÕÌÄ ÂÅ ÃÏÎÓÉÄÅÒÅÄ ÁÓ ȰBig DataȱȢ 
Statistically, it is how to use the logical inference process to reduce data complexity and reach desirable outcomes 
or predictions for business needs.   
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The key attribute of this aspect ÉÓ Ȱ6ÅÒÁÃÉÔÙȱȟ ×ÈÉÃÈ ÅÍÐÈÁÓÉÚÅs how to build a statistical model close to the reality. The 

process to approach Ȱ6ÅÒÁÃÉÔÙȱ can be considered as an exercise of a curve fitting. If we have few constraints, the 

regression errors of the curve will be too large. If we adopt too many constraints, it will cause an over-fitting problem. 

1.4.4 32 Vs Definition and Big Data Venn Diagram  

Once all 32 Vs attributes have been defined from three different aspects, we can establish a combined Venn diagram 

and their relationships. This has become our definition of Big Data (see Figure 5), which is comprehensive enough to 

capture all aspects of Big Data.  

 

Figure 5: 32 Vs Venn Diagrams in Hierarchical Model 

As shown in Figure 5, each Venn diagram is supported by one Ȱ6ȱ ÓÈÁÐÅ of triangle to illustrate 3 Vs attributes in one 

aspect. Moreover, three key attributes from each Venn diagram can also form a single hierarchical triangle diagram. It 

represents the essential meaning of Big Data.  

If the original 3Vs data attributes represented a syntactic or logical meaning of Big Data, then 32 Vs (or 9Vs) represent 

the semantic meaning (relationship of data, BI and statistics). For many complex problems or applications, the 32 Vs 

could be interpreted as a hierarchical model, which three key attributes forms a higher level 3Vs to be learnt by a 

machine. At the heart of BDA, there ÉÓ ȰÍÁÃÈÉÎÅ ÌÅÁÒÎÉÎÇȱ ÂÅÃÁÕÓÅ ×ÉÔÈÏÕÔ the machine (computer), the mission of 

learning from Big Data would be impossible.   

1.5 Big Data Analytics and Machine Learning 

1.5.1 Big Data Analytics  

If 32Vs represent semantic meaning of Big Data, then Big Data Analytics (BDA) represents pragmatic meaning of Big 

Data. We can view from computational view point, Big Data VeÎÎ ÄÉÁÇÒÁÍ ×ÉÔÈ Á "$!ȭÓ 6ÅÎÎ ÄÉÁÇÒÁÍ in Figure 6.  

 

Figure 6: Correlation of 32 Vs to Machine Learning Venn Diagrams 






































