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Abstract Ethnography is generally positioned as an approach that provides deep 

insights into human behaviour, producing ‘thick data’ from small datasets, whereas 

big data analytics is considered to be an approach that offers ‘broad accounts’ based 

on large datasets. Although perceived as antagonistic, ethnography and big data an-

alytics have in many ways, a shared purpose; in this sense, this chapter explores the 

intersection of the two approaches to analysing data, with the aim of highlighting 

both their similarities and complementary nature. Ultimately, this chapter advances 

that ethnography and big data analytics can work together to provide a more com-

prehensive picture of big data, and can thus, generate more societal value together 

than each approach on its own. 
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1 Introduction 

For thousands of years and across many civilizations, people have been craving 

for knowing the future. From asking the Oracle to consulting the crystal ball to 

reading the tarot cards, these activities stand as examples that show how people 

have always sought any help that could tell them what the future held, information 

that would aid them make better decisions in the present. Today, the craving for 

such knowledge is still alive and the means to meet it is big data and big data ana-

lytics. From traffic congestion to natural disasters, from disease outbursts to terrorist 

attacks, from game results to human behaviour, the general view is that there is 

nothing that big data analytics cannot predict. Indeed, the analysis of huge datasets 

has proven to have invaluable applications. 

 

Big data analytics is one of today’s most famous technological breakthroughs 

(Fichman, Dos Santos, & Zheng, 2014) that can enable organizations to analyse 

fast-growing immense volumes of varied datasets across a wide range of settings, 

in order to support evidence-based decision-making (Watson, 2014). Over the past 

few years, the number of studies that have been dedicated to assessing the potential 

value of big data and big data analytics has been steadily increasing, which also 

reflects the increasing interest in the field. Organizations worldwide have come to 

realize that in order to remain competitive or gain a competitive advantage over 

their counterparts, they need to be actively mining their datasets for newer and more 

powerful insights. 

 

Big data can, thus, mean big money. But there seems to be at least one problem. 

A 2013 survey by the big data firm Infochimps, who looked at the responses from 

over 300 IT department staffers, indicated that 55% of big data projects do not get 

completed, with many others falling short of their objectives. According to another 

study published by Capgemini and Informatica (2016), who surveyed 210 execu-

tives from five developed countries (France, Germany, Italy, the Netherlands, and 

the UK) to assess the business value and benefits that enterprises are realizing from 

big data, only 27% of big data projects were reported as profitable, whereas 45% 

reached their equilibrium, and 12% actually lost money. Further, in 2015, Gartner 

predicted that through 2017, 60% of big data projects will fail to go beyond piloting 

and experimentation. In 2016, Gartner actually conducted an online survey among 

199 Gartner Research Circle members and the results indicated that only 15% of 

businesses deployed their big data projects from pilot to production.  

 

These statistics show that although big investments are taking place in big data 

projects, the generation of value does not match the expectations. The obvious ques-

tion is, of course, why? Why are investments in big data failing, or in other words, 

why having the data is not sufficient to yield the expected results? In 2014, Watson 

advanced that “the keys to success with big data analytics include a clear business 
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need, strong committed sponsorship, alignment between the business and IT strate-

gies, a fact-based decision-making culture, a strong data infrastructure, the right 

analytical tools, and people skilled in the use of analytics” (p. 1247). Although in-

formative and without doubt useful, today nonetheless, these tips seem to be insuf-

ficient; otherwise stated, if we know what we need in order to succeed with big data 

analytics, then why don’t we succeed in creating full value? The truth is that we are 

yet to profoundly understand how big data can be translated into economic and so-

cietal value (Günther, Rezazade Mehrizi, Huysman, & Feldberg, 2017) and the 

sooner we recognize this shortcoming, the sooner we can find solutions to correct 

it. 

 

In this chapter, we advance that ethnography can support big data analytics in 

the generation of greater societal value. Although perceived to be in opposition, 

ethnography and big data analytics have much in common and in many ways, they 

have a shared purpose. In the following sections, we explore the intersection of the 

two approaches. Ultimately, we advance that researchers can blend big data analyt-

ics and ethnography within a research setting; hence, that big data analytics and 

ethnography together can inform the greater good to a larger extent than each ap-

proach on its own. 

1.1 What is big data? 

‘Big data’: a concept, a trend, a mindset, an era. No unique definition, but a great 

potential to impact on essentially any area of our lives. The term big data is gener-

ally understood in terms of the four Vs advanced by Gartner (Laney, 2001): volume, 

velocity, variety, and veracity. In time, the number of Vs has increased, reaching up 

to ten Vs (Markus, 2015). Other authors have further expanded the scope of the 

definition, broadening the original framework: Charles and Gherman (2013), for 

example, advocated for the inclusion of three Cs: context, connectedness, and com-

plexity. One of the most elegant and comprehensive definitions of big data can be 

found in the none other than the Oxford English Dictionary, which defines it as: 

“extremely large datasets that may be analysed computationally to reveal patterns, 

trends, and associations, especially relating to human behaviour and interactions.” 

 

Big data comes from various structured and unstructured sources, such as ar-

chives, media, business apps, public web, social media, machine log data, sensor 

data, and so on. Today, almost anything we can think of produces data and almost 

every data point can be captured and stored. Some would say: also, analysed. This 

may be true, but in view of the statistics presented in the introduction above, we are 

reticent to so state. Undoubtedly, data is being continuously analysed for better and 

deeper insights, even as we speak. But current analyses are incomplete, since if were 

to be able to fully extract the knowledge and insights that the datasets hold, we 
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would most probably be able to fully capitalize on their potential, and not so many 

big data projects would fail in the first place. 

 

The big data era has brought many challenges with it, which deemed the tradi-

tional data processing application software unfit to deal with them. These challenges 

include networking, capturing data, data storage and data analysis, search, sharing, 

transfer, visualization, querying, updating and, more recently, information privacy 

(Charles, Tavana, & Gherman, 2015). But the list is not exhaustive and challenges 

are not static; in fact, they are dynamic, constantly mutating and diversifying. One 

of the aspects that we seem to generally exclude from this list of challenges is human 

behaviour. Maybe it is not too bold to say that one of the biggest challenges in the 

big data age is the extraction of insightful information not from the existing data, 

but from the data originating from emergent human dynamics that either haven’t 

happened yet or that would hardly be traceable through big data. 

 

One famous example in this regard is Nokia, a company that in the 1990s and 

part of 2000s was one of the largest mobile phone companies in the world, holding 

by 2007 a market share of 80% in the smartphone market (Bouwman et al., 2014). 

Nevertheless, Nokia’s over-dependence on quantitative data has led the company to 

fail in maintaining its dominance on the mobile handset market. In a post published 

in 2016, technology ethnographer Tricia Wang (2016a) describes how she con-

ducted ethnographic research for Nokia in 2009 in China, which revealed that low-

income consumers were willing to pay for more expensive smartphones; this was a 

great insight at the time that led her to conclude that Nokia should replace their then 

strategy from making smartphones for elite users to making smartphone for low-

income users, as well. But Nokia considered that Wang’s sample size of 100 was 

too small to be reliable and that moreover, her conclusion was not supported by the 

large datasets that Nokia possessed; they, thus, did not implement the insight. Nokia 

was bought by Microsoft in 2013 and Wang concluded that: 

 

There are many reasons for Nokia’s downfall, but one of the biggest 

reasons that I witnessed in person was that the company over-relied 

on numbers. They put a higher value on quantitative data, they 

didn’t know how to handle data that wasn’t easily measurable, and 

that didn’t show up in existing reports. What could’ve been their 

competitive intelligence ended up being their eventual downfall. 

 

Netflix is at the other end of the game, illustrating how ethnographic insights can 

be used to strengthen a company’s position on the market. Without doubt, Netflix 

is a data-driven company, just like Nokia. In fact, Netflix pays quite a lot of attention 

to analytics to gain insight into their customers. In 2006, Netflix launched the Net-

flix Prize competition, which would reward with $ 1 million the creation of an al-

gorithm that would “substantially improve the accuracy of predictions about how 

much someone is going to enjoy a movie based on their movie preferences”. But at 

the same time, Netflix was open to learning from more qualitative and contextual 
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data about what users really wanted. In 2013, cultural anthropologist Grant 

McCracken conducted ethnographic research for Netflix and what he found was 

that users really enjoyed to watch chapter after chapter of the same series, engaging 

in a new form of consumption, now famously called binge watching. A survey con-

ducted in the same year among 1,500 TV streamers (online U.S. adults who stream 

TV shows at least once per week) confirmed that people did not feel guilty about 

binge watching, with 73% of respondents actually feeling good about it (Netflix 

Media Center, 2013). This new insight was used by Netflix to re-design its strategy 

and release whole seasons at once, instead of releasing one episode per week. This, 

in turn, changed the way users consumed media and specifically Netflix’s products 

and how they perceived the Netflix brand, while improving Netflix’s business.  

1.2 What is Ethnography? 

Having already introduced the notion of ethnographic research in subsection 1.1 

above, let us now consider the concept of ethnography and discuss it further. Eth-

nography, from the Greek words ethnos, meaning ‘folk, people, nation’, and 

grapho, meaning ‘I write’ or ‘writing’, is the systematic study of people and cul-

tures, aimed at understanding and making sense of social meanings, customs, ritu-

als, and everyday practices (Brewer, 2000; Madden, 2010). Ethnography has its 

origin in the work of early anthropologists, such as Bronislaw Malinowski (1922) 

and Margaret Mead (1943), who largely focused on mapping out the cultures of 

small and isolated tribes, before they became ‘contaminated’ by contact with the 

industrial world (Denscombe, 2007). In time, this simple definition has been refined 

by many authors. 

 

For example, Brewer (2000, p. 6) defined ethnography as: 

The study of people in naturally occurring settings or ‘fields’ by 

methods of data collection which capture their social meanings and 

ordinary activities, involving the researchers participating directly 

in the setting, if not also the activities, in order to collect data in a 

systematic manner but without meaning being imposed on them ex-

ternally. 

 

Delamont (2004, p. 218), on the other hand, stated that: 

 Participant observation, ethnography and fieldwork are all used in-

terchangeably… they can all mean spending long periods watching 

people, coupled with talking to them about what they are doing, 

thinking and saying, designed to see how they understand their 

world.  

 

Ethnography is about becoming part of the settings under study. ‘Ethnographies 

are based on observational work in particular settings’ (Silverman, 2000, p. 37), 
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allowing researchers to ‘see things as those involved see things’ (Denscombe, 1998, 

p. 69); ‘to grasp the native’s point of view, his relation to life, to realize his vision 

of his world’ (Malinowski, 1922, p. 25). Consequently, the writing of ethnographies 

is viewed as an endeavour to describe ‘reality’ (Hammersley & Atkinson, 1983; 

Silverman, 2001), as this is being experienced by the people who live it.  

 

Ethnography depends greatly on fieldwork. Generally, data is collected through 

participant or nonparticipant observation. The primary data collection technique 

used by ethnographers is, nonetheless, participant observation, wherein the re-

searchers assume an insider role, living as much as possible with the people they 

investigate. Participant observers interact with the people they study, they listen to 

what they say and watch what they do; otherwise stated, they focus on people’s 

doings in their natural setting, in a journey of discovery of everyday life. Nonpar-

ticipant observation, on the other hand, requires the researchers to adopt a more 

‘detached’ position. The two techniques differ, thus, from one another based on the 

weight assigned to the activities of ‘participating’ and ‘observing’ (Le Compte & 

Preissle, 1993; Madden, 2010).  

 

Finally, ethnography aims to be a holistic approach to the study of cultural sys-

tems (Whitehead, 2004), providing ‘the big picture’ and depicting the intertwining 

between relationships and processes; hence, it usually requires a long-term commit-

ment and dedication. In today’s fast-paced environment, however, mini-ethnogra-

phies are also possible. A mini-ethnography focuses on a specific phenomenon of 

interest and as such, it occurs in a much shorter period of time than that required by 

a full-scale ethnography (White, 2009).  

2 Big Data Analytics and Ethnography: Points of Intersection 

Ford (2014) advanced that “data scientists and ethnographers have much in com-

mon, that their skills are complementary, and that discovering the data together ra-

ther than compartmentalizing research activities was key to their success” (p. 1). In 

a more recent study, Laaksonen et al. (2017) postulated that “ethnographic obser-

vations can be used to contextualize the computational analysis of large datasets, 

while computational analysis can be applied to validate and generalize the findings 

made through ethnography” (p. 110). The latter further proposed a new approach to 

studying social interaction in an online setting, called big-data-augmented-ethnog-

raphy, wherein they integrated ethnography with computational data collection.  

 

To the best of our knowledge, the literature exploring the commonalities between 

big data analytics and ethnography is quite limited. In what follows, we attempt, 

thus, to contribute to the general discussion on the topic, aiming to highlight addi-

tional points of intersection. The below Figure 1 briefly depicts these points.   
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Figure 1. The intersection between big data analytics and ethnography. 

 

2.1 Depicting ‘reality’ 

Big data analytics comprise the skills and technologies for continuous iterative 

exploration and investigation of past events to gain insight into what has happened 

and what is likely to happen in the future (Mustafi, 2016). In this sense, data scien-

tists develop and work with models. Models, nonetheless, are simplified versions 

of reality. Models built aim, thus, to represent the reality and in this sense, are con-

tinuously revised, checked, and improved upon and, furthermore, tested to account 

for the extent to which they actually do so.  

 

On the other hand, ethnographies are conducted in a naturalistic setting in which 

real people live, with the writing of ethnographies being viewed as an endeavour to 

describe ‘reality’ (Hammersley & Atkinson, 1983; Silverman, 2001). Furthermore, 

just as big data analytics-informed models are continuously being revised, “ethnog-

raphy entails continual observations, asking questions, making inferences, and con-

tinuing these processes until those questions have been answered with the greatest 

emic validity possible” (Whitehead, 2004). In other words, both big data and eth-

nography are more concerned with the processes through which ‘reality’ is depicted 

rather than with judging the ‘content’ of such reality.  
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2.2 Changing the definition of knowledge 

Both big data analytics and ethnography change the definition of knowledge and 

this is because both look for a more accurate representation of reality. On the one 

hand, big data has created a fundamental shift in how we think about research and 

how we define knowledge, reframing questions about the nature and the categori-

zation of reality and having a profound change at the levels of epistemology and 

ethics (boyd & Crawford, 2012). Big data analytics offers what Lazer et al. (2009) 

called “the capacity to collect and analyse data with an unprecedented breadth and 

depth and scale” (p. 722). Or as boyd and Crawford (2012) wrote, “just as Du Gay 

and Pryke (2002) note that ‘accounting tools... do not simply aid the measurement 

of economic activity, they shape the reality they measure’ (pp. 12-13), so big data 

stakes out new terrains of objects, methods of knowing, and definitions of social 

life” (p. 665).  

 

On the other hand, ethnographies aim to provide a detailed description of the 

phenomena under study, and as such, they may reveal that people’s reported behav-

iour does not necessarily match their observed behaviour. As a quote widely at-

tributed to the famous anthropologist Margaret Mead states: “What people say, what 

people do, and what they say they do are entirely different things”. Ethnographies 

can and are generally performed exactly because they can provide insights that 

could lead to new hypotheses or revisions of existing theory or understanding of 

social life. 

2.3 Searching for patterns 

Both data scientists and ethnographers collect and work with a great deal of data 

and their job is, fundamentally, to identify patterns in that data. On the one hand, 

some say that the actual value of big data rests in helping organizations find patterns 

in data (Hayes, 2014), which can further be converted into smart business insights 

(Brynjolfsson & McAfee, 2012). Big data analytics or machine learning techniques 

help find hidden patterns and trends in big datasets, with a concern more towards 

the revelation of solid statistical relationships. Generally, this means finding out 

whether two or more variables are related or associated.  

 

Ethnography, on the other hand, literally means to ‘write about a culture’ and in 

the course of so doing, it provides think descriptions of the phenomena under study, 

trying to make sense of what is going on and reveal understandings and meanings. 

By carefully observing and/or participating in the lives of those under study, eth-

nographers thus look for shared and predictable patterns in the lived human experi-

ences: patterns of behaviour, beliefs and customs, practices, and language (An-

grosino, 2007). 



9 

2.4 Aiming to predict 

A common application of big data analytics includes the study of data with the 

aim to predict and improve. The purpose of predictive analytics is to measure pre-

cisely the impact that a specific phenomenon has on people and to predict the 

chances of being able to duplicate that impact in future activities. In other words, 

identifying patterns in the data is generally used to build predictive models that will 

aid in the optimization of a certain outcome.  

 

On the other hand, it is generally thought that ethnography is, at its core, descrip-

tive. But this is somehow misunderstood. Today, there is a shift in an ethnographer’s 

aims, whose ethnographic analyses can take the shape of predictions. Evidence of 

this are Wang’s (2016a, b) ethnographic research for Nokia and McCracken’s eth-

nographic research for Netflix, described in subsection 1.1 of this chapter. In the 

end, in practical terms, the reason why we study a phenomenon, irrespective of the 

method of data collection or data analysis used, is not just because we want to un-

derstand it better, but because we also want to predict it better. The identification of 

patterns enables predictions, and as we have already implied before, both big data 

analytics and ethnography can help in this regard. 

2.5 Sensitive to context 

Big data analytics and ethnography are both context-sensitive; in other words, 

taken out of context, the insights obtained from both approaches will lose their 

meaning. On the one hand, big data analytics is not just about finding patterns in 

big data. It is not sufficient to discover that one phenomenon correlates with an-

other; or otherwise stated, there is a big difference between identifying correlations 

and actually discovering that one causes the other (cause and effect relationship). 

Context, meaning and interpretation become a necessity, and not a luxury. This ob-

servation was also made by Maxwell (2013, p. 182), when he elegantly stated that: 

 

Analytics often happens in a black box, offering up a response with-

out context or clear transparency around the algorithmic rules that 

computed a judgment, answer, or decision. Analytics software and 

hardware are being sold as a single- source, easy solution to make 

sense of today’s digital complexity. The promise of these solutions 

is that seemingly anyone can be an analytics guru. There is real 

danger in this do-it-yourself approach to analytics, however. As 

with all scientific instruments and approaches, whether it be sta-

tistics, a microscope, or even a thermometer, without proper 

knowledge of the tool, expertise in the approach, and knowledge of 

the rules that govern the process, the results will be questionable.  
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On the other hand, inferences made by ethnographers are tilted towards the ex-

planation of phenomena and relationships observed within the study group. Ethnog-

raphy supports the research endeavours of understanding the multiple realities of 

life in context (Rossman & Rallis, 2003, emphasis added); hence, by definition, eth-

nography provides detailed snapshots of contextualized social realities. Generaliza-

tion outside the group is limited and taken out of context, meanings will also be lost.  

2.6 ‘Learning’ from smaller data 

Bigger data are not always better data. Generally, big data is understood as orig-

inating from multiple sources (the ‘variety’ dimension) or having to be integrated 

from multiple sources to obtain better insights. Nevertheless, this creates additional 

challenges. “Every one of those sources is error-prone… […] we are just magnify-

ing that problem [when we combine multiple datasets]” (Bollier 2010, p. 13, cited 

by boyd & Crawford, 2012). In this sense, smaller data may be more appropriate 

for intensive, in-depth examination to identify patterns and phenomena, an area in 

which ethnography holds the crown.  

 

Furthermore, data scientists have always been searching for new or improved 

ways to analyse large datasets to identify patterns, but one of the challenges encoun-

tered has been that they need to know what they are looking for in order to find it, 

something that is particularly difficult when the purpose is to study emergent human 

dynamics that haven’t happened yet or that will not show up that easily in the da-

tasets. Both big data analytics and ethnography can, thus, learn from smaller da-

tasets (or even single case analyses). On the other hand, we must acknowledge that 

there are also situations in which researchers generally rely on big data (such as 

clinical research), but sometimes they have to rely on surprisingly small datasets; 

this is the case of, for example, clinical drug research that analyses the data obtained 

after drugs are released on the market (Bollier, 2010). 

2.7 Presence of behavioural features  

Le Compte and Preissle (1993) once said that: “Those who study humans are 

themselves humans and bring to their investigations all the complexity of meaning 

and symbolism that complicates too precise an application of natural science proce-

dures to examining human life” (p. 86). This has generally been presented as a dif-

ficulty that ethnographers, in particular, must fight to overcome. But it does not 

have to be so in the big data age. The truth is we need as many perspectives and as 

many insights as possible. Fear that we might go wrong in our interpretations will 

only stop progression. A solution to this is posed by the collaboration between data 
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scientists and ethnographers. In this sense, ethnographers should be allowed to in-

vestigate the complexity of the data and come out with propositions and hypotheses, 

even when they are conflicting; and then data scientists could use big data analytics 

to test those propositions and hypotheses in light of statistical analyses and see if 

they hold across the larger datasets.  

 

Studying human behaviour is not easy, but the truth is that both big data analytics 

and ethnography have a behavioural feature attached to them, in the sense that they 

are both interested in analysing the content and meaning of human behaviour; the 

‘proximity’ between the two approaches is even more evident if we consider the 

change that the big data age has brought with it. While in the not so far past, ana-

lytics would generally be performed by means of relying upon written artefacts 

which recorded past human behaviour, today, big data technology enables the re-

cording of current human behaviour, as this happens (consider live feed data, for 

example). And as technology will keep evolving, the necessity of ‘collaboration’ 

between big data analytics and ethnography will become more obvious. 

2.8 Unpacking unstructured data 

Big data includes both structured (e.g., databases, CRM systems, sales data, sen-

sor data, and so on) and unstructured data (e.g., emails, videos, audio files, phone 

records, social media messages, web logs, and so on). According to a report by 

Cisco (2014), an estimated 90% of the existing data is either semi-structured or un-

structured. Furthermore, a growing proportion of unstructured data is video. And 

video constituted approx. 70% of all Internet traffic in 2013. One of the main chal-

lenges of big data analytics is just how to analyse all these unstructured data. Eth-

nography (and its newer addition, online ethnography) may have the answer.  

 

Ethnography is a great tool to ‘unpack’ unstructured data. Ethnography involves 

an inductive and iterative research process, wherein data collection and analysis can 

happen simultaneously, without the need to have gathered all the data or even look 

at the entire data. Ethnography does not follow a linear trajectory, and this is actu-

ally an advantage that big data analytics can capitalize on. Ethnography is par ex-

cellence a very good approach to look into unstructured data and generate hypoth-

eses that can be further tested against the entire datasets. 

3 Final Thoughts 

Today, most companies seem to be still collecting massive amounts of data with 

a ‘just in case we need it’ approach (Charles, Tavana, & Gherman, 2015). But in 

the wise words of William Bruce Cameron, not everything that can be counted 
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counts, and not everything that counts can be counted. What should probably hap-

pen is that: before going ahead and collecting huge amounts of data, companies 

could use initial ethnographic observations to identify emergent patterns and phe-

nomena of interest, advancing various, even conflicting, hypotheses. This could 

then inform and guide the overall strategy of massive data collection. Big data ana-

lytics could then analyse the data collected, testing the hypotheses proposed against 

these larger datasets. In this sense, ethnography can help shed light on the complex-

ities of big data, with ethnographic insights serving as input for big data analytics 

and big data analytics can be used to generalize the findings.  

 

Employing an ethnographic approach is generally understood in a traditional 

sense, which is that of having to undertake long observations from within the or-

ganization, with the researcher actually having to become an insider, a part of the 

organization or context that he decides to study. The good news is that today, new 

methods of ethnography are emerging, such as virtual ethnography (also known as 

online ethnography, netnography, or webnography (Purli, 2007)), which may turn 

out to be of great help in saving time and tackling the usual problem of having to 

gain access to the organization. The virtual world is now in its exponential growth 

phase and doing virtual ethnography may just be one of the best, also convenient 

answers to be able to explore and benefit from understanding these new online con-

texts. The web-based ethnographic techniques imply conducting virtual participant 

observation via interactions in online platforms such as social networks (such as 

Facebook or Twitter), blogs, discussion forums, and chat rooms. Conducting eth-

nographies in today’s world may, thus, be easier than it seems. 

 

In this chapter, we have aimed to discuss the points of intersection between big 

data analytics and ethnography, highlighting both their similarities and complemen-

tary nature. Although the list is far from being exhaustive, we hope to have contrib-

uted to the discussions that focus on how the two approaches can work together to 

provide a more comprehensive picture of big data. As Maxwell (2013, p. 186) 

stated, “ethnographers bring considerable skills to the table to contextualize and 

make greater meaning of analytics, while analytics and algorithms are presenting a 

new field site and complementary datasets for ethnographers”. 

 

One of the most important advantages of combining big data analytics and eth-

nography is that this ‘intersection’ can provide a better sense of the realities of the 

contexts researched, instead of treating them as abstract, reified entities. And this 

better sense can translate into better understandings and better predictions, which 

can further assist in the creation of better practical solutions, with greater societal 

added value. There are indeed many points of intersection between big data analyt-

ics and ethnography, having in many ways a shared purpose. They are also comple-

mentary, as data scientists working with quantitative methods could supplement 

their own ‘hard’ methodological techniques with findings and insights obtained 

from ethnographies. As Goodall (2000, p. 10) stated: 
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Ethnography is not the result of a noetic experience in your back-

yard, nor is it a magic gift that some people have and others don’t. 

It is the result of a lot of reading, a disciplined imagination, hard 

work in the field and in front of a computer, and solid research 

skills… 

 

Today, we continue to live in a world that is being influenced by a quantification 

bias, the unconscious belief of valuing the measurable over the immeasurable 

(Wang, 2016b). We believe it is important we understood that big data analytics has 

never been one size fits all. We mentioned in this chapter that many big data projects 

fail, despite the enormous investments that they absorb. This is because many peo-

ple still fail to comprehend that a deep understanding of the context in which a pat-

tern emerge is not an option, but a must. Just because two variables are correlated 

does not necessarily mean that there is a cause and effect relationship taking place 

between them. boyd and Crawford (2012, p. 668) meant exactly that when they 

stated that: 

 

Too often, Big Data enables the practice of apophenia: seeing pat-

terns where none actually exist, simply because enormous quanti-

ties of data can offer connections that radiate in all directions. In 

one notable example, Leinweber (2007) demonstrated that data 

mining techniques could show a strong but spurious correlation 

between the changes in the S&P 500 stock index and butter pro-

duction in Bangladesh. 

 

Ethnography can provide that so very necessary deep understanding. In this 

sense, big data analytics and ethnography can work together, complementing each 

other and helping in the successful handcrafting and implementation of bigger pro-

jects for a bigger, greater good. 
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