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Abstract2
Big data is a term that means different things to different people. To some, it means datasets so large that our traditional
processing and analytic systems can no longer accommodate them. To others, it simply means taking advantage of existing
datasets of all sizes and finding ways to merge them with the goal of generating new insights. The former view poses a
number of important challenges to traditional market, opinion, and social research. In either case, there are implications for
the future of surveys that are only beginning to be explored.

1. Introduction
In 1987, to commemorate its 50th anniversary, Public Opinion Quarterly asked 16 well-known scholars and survey
practitioners to offer their visions of the future of public opinion research (Bogart 1987). In his response, “James
Beniger wrote that “a host of new technologies will . . . make possible the real-time mass monitoring of individual
behavior . . . Survey research will increasingly give way to more direct measures of behavior made possible by new
computer-based technologies.”
Almost three decades later this future, if not now, is at least more clearly visible. This is the world of big data, and
depending on where you sit and the type of research you do it is either a dream come true or the Apocalypse.
This paper begins by defining what we mean by the term “big data.” It then explores some of the challenges we face
when working within the big data paradigm. It concludes with some musings about how big data may impact the
future of surveys.

2. Defining Big Data
What exactly do we mean when we talk about “big data?” The most often heard definition is the 3Vs—volume, variety,
and velocity (Laney 2001). While that may be a neat summary of the challenges posed by big data, it is hardly a
definition. Ward and Barker (2013) reviewed the definitions of big data most often used by various players in the big
data ecosystem of IT consultants, hardware manufacturers, software developers, and service providers. They noted
that most definitions touch on three primary attributes: size, complexity, and tools. They proposed this definition:
“Big data is a term describing the storage and analysis of large and or complex data sets using a series of
techniques including, but not limited to: NoSQL, MapReduce, and machine learning.”
Put another way, we might simply say that:
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Big data is a term that describes datasets so large and complex that they cannot be processed or analyzed
with conventional software systems.
Dutcher (2014) asked 40 different thought leaders for their definitions and got roughly 40 different responses. Those
responses are summarized in the word cloud in Figure 1.
Figure 1
Word Cloud Based on Dutcher (2014).

We also might further elaborate on that by noting three principal sources:
1.

Transaction data that describe some event, such as when a person interacts with a business or government
entity. Customer data and government administrative data are two common examples.

2.

Social media data drawn (or scraped) from social media networks, blogs, ecommerce reviews, web searches,
and other sources of free form text and non-traditional data such as photographs and video recordings.

3.

The Internet of Things (IoT) meaning data collected from interconnected devices covering a wide range of
objects including autos, household appliances, scanners, traffic lights, security cameras, wearable sensors,
GPS locators, and so forth. IoT is the least deployed but potentially most far reaching of the three sources of
big data.

3. Some Challenges
Researchers interested in exploiting the potential of all these data face at least four major challenges.

3.1 Technology
Big data is a world of terabytes, petabytes, exabytes, and zettabytes. It is Walmart capturing more than a million
customer transactions each hour and uploading them to a database in excess of 3 petabytes (SAS 2102). It is the
Weather Channel gathering 20 terrabytes of data from sensors all around the world each and every day (Henchen
2013). It is the astonishing number of data transactions being generated every minute on social media and

interconnected smart devices such as scanners and wearable technologies. By comparison, market, opinion, and social
researchers still mostly work in a world of gigabytes. We simply are not accustomed to working at big data’s scale.
Taking big data seriously also requires a significant investment in people as well as technology. There is more to big
data than hiring a data scientist. The AAPOR Report On Big Data (2015) has a useful summary of the skills and
technology needed to do big data. While the report does not put a price tag on the investment, it likely is well beyond
what all but the very largest research organizations can afford.

3.2 Data Quality
Researchers working in big data often are quick to point out that the quality of the data is not what we are accustomed
to. More often than not the data were collected for some purpose other than research and the attention paid to the
accuracy of individual items, their overall completeness, their consistency over time, their full documentation, and
even their meaning pose serious challenges to their reuse. Readers familiar with the Total Survey Error model (TSE)
as described by Groves (1989) will recognize that big data is vulnerable to all of the same deficiencies as surveys—
gaps in coverage, missing data, poor measurement, etc. The key difference is that survey researchers, at least in theory,
design and control the data making process in a way that users of big data do not.
Much of the value of big data lies in the potential to merge multiple data sets together (e.g. customer transaction data
with social media data or IoT data). That is an expensive and difficult process (See Figure 2), but it also is a point at
which errors are easily introduced. The heart of this merging process is bits of computer code called ETLs (for extract,
transform, and load) that specify what data are extracted from the source databases, how they are edited and
transformed for consistency, and then merged to the output database, typically some type of data warehouse.
Figure 2
Simplified view of Data Linkage
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Take a moment and consider the difficulty of specifying all of those rules. If you have ever written editing specs for
a survey dataset then you have some inkling of the difficulty. Now consider that in a data merge from multiple sources
you can have the same variable with different coding; the same variable name used to measure different things;
differing rules for determining when a item is legitimately missing and when it is not; detailed rules for matching a

record from one data source with a record from another; different entities (customers, products, stores, GPS
coordinates, tweets) that need to resolved; and so on. This is difficult, tedious, unglamorous, and error-prone work.
Get it wrong, and you have a mess.

3.3 Analytics
And then there is the issue of tools. Most of the software survey researchers routinely use grinds to a halt with big
data. It’s just not built to process files at the petabyte scale. There is a whole suite of tools, virtually all of which relay
on massive parallel processing, that are well beyond what most of us are even thinking about.
Market, opinion, and social researchers—including those working in official statistics--are doing some interesting and
worthwhile things with what is probably more accurately described as “secondary data.” It is legitimate to ask whether
this is really big data. And even if it is, most still have not grasped the importance of the analytic shift required to
really exploit big data’s potential.
Consider Chris Anderson’s famous 2008 Wired editorial, “The end of theory: The data deluge makes the scientific
method obsolete.”
“Faced with massive data, this approach to science — hypothesize, model, test — is becoming obsolete. . .
Petabytes allow us to say: ‘Correlation is enough.’ We can stop looking for models. We can analyze the data
without hypotheses about what it might show. We can throw the numbers into the biggest computing clusters
the world has ever seen and let statistical algorithms find patterns where science cannot.”
This is a fair statement of the data science perspective and its faith in machine learning--the use of algorithms capable
of finding patterns in data unguided by a set of analytic assumptions about the relationship among data items. To
paraphrase Vasant Dhar (2013), we are used to asking the question, “Do these data fit this model?” The data scientist
asks the question, “What model fits these data?”
The research design and analytic approaches that are at the core of survey researchers were developed at a time when
data were scarce and expensive, when the analytic tools at our disposal were weak and under powered. The
combination of big data and rapidly expanding computing technology has changed that calculus.
This may sound heretical to many of us in the social sciences. But there also is a longstanding argument within the
statistical profession about the value of these algorithmic analysis methods. For example, in 2001 the distinguished
statistician Leo Breiman described two cultures within the statistical profession.
“One assumes that the data are generated by a given stochastic data model. The other uses algorithmic models
and treats the data mechanism as unknown. . .If our goal as a field is to use data to solve problems, then we
need to move away from exclusive dependence on data models and adopt a more diverse set of tools.”
One can find similar arguments from statisticians going back to the 1960s (See, for example, Tukey 1962).
There are dangers, of course, and arguments about correlation versus causality (and endogeneity) are to be taken
seriously. There is even a website (http://www.tylervigen.com/spurious-correlations) devoted to some of the more
entertaining but completely wrong conclusions one can reach from correlations run amok. But any serious data
scientist will be quick to note that doing this kind of analysis requires more than good math skills, massive computing
power, and a library of machine learning algorithms. Domain knowledge and critical judgment are essential. Or, as
Nate Silver (2012) reminds us, “Data-driven predictions can succeed—and they can fail. It is when we deny our role
in the process that the odds of failure rise”

3.4 Ethics
Two of the most important pillars of the ethical foundation of market, opinion, and social research are consent and
confidentiality. Consent means that prospective research participants are provided with a description of the purpose
of the research and how their data will be used. Confidentiality means that the researcher will provide the level of data

protection needed to ensure that the identity of an individual participant is never disclosed to any party without the
explicit consent of that participant, and that any data released for analysis will be anonymized.
The evolving world of big data is problematic on both fronts. When we reuse data collected for some other purpose
we have an obligation to determine whether our planned use of the data is consistent with the terms under which
individuals agreed to provide them. Further, recent research has demonstrated that the amount of data now available
on individuals and the processing power to combine and analyze it has rendered traditional approaches to anonymizing
obsolete (See, for example, Sweeny 2013; de Montjoye et al. 2015). For further discussion see Lane et al (2014),
AAPOR Report on Big Data (2015).

4. Big Data and the Future of Surveys
Market researchers, in particular, spend a great deal of time these days thinking about and forecasting the future of the
broader research industry (See, for example, Kaden et al. 2012). There is some consensus forming around three
transitions that over time will transform what we do.
First, it is widely believed that we are moving from a world where data are scarce and expensive to one in which they
are plentiful and cheap. Put simply, this is the difference between surveys (expensive) and the world created by the
embedding of technology in all aspects of our daily lives.
Second, research will focus less on gathering data by asking questions and more on observation and listening. The
increasing and widespread acceptance of principles of cognitive psychology such as dual process theory (Kahneman
2011) has lead many to argue that behavior is a more reliable predictor of the choices people make than asking about
attitudes and intentions as is typically done in surveys.
Third, as the data sources available for studying a topic multiply, researchers will emphasize synthesis of data from
multiple sources and methods over analysis of a single dataset.
In this world, surveys become just one of many ways to do research. When Joan Lewis, Consumer and Market
Knowledge Officer at Proctor and Gamble was asked whether social media would replace surveys she responded,
“We need to be methodology agnostic.” (Neff 2011) By that she meant that there are multiple methods and data
sources that might be used to study a problem. We already see this playing out in official statistics as national institutes
around the world migrate away from censuses based on classic survey data collection techniques to the use of
administrative data.
The long-term viability of surveys may well rest on their designed character, their ability to target a specific population,
to specify the data of interest, and to design a collection process that minimizes error. There is an element of taking
what you can get with big data and issues of coverage, meaning, and accuracy are a constant concern. The future of
big data, and perhaps that of the survey profession, rests on how well we solve these problems.
For now, the most prevalent view seems to be one that stresses the complementarity of big data and surveys (Forsyth
and Boucher 2015; Macer 2015). As comforting as that may be, it does not free us from the responsibility to broaden
our understanding of data sources and methods beyond surveys. To draw on Couper’s (2013) analogy, surveys are
like screwdrivers with different uses and capabilities. But, they are not the only tools in our kit. There are also hammers,
pliers, wrenches, and drills with each designed for a task that screwdrivers cannot do. To do a job right we use them
in combination. The challenge to our profession is to learn when and how to use the right tool(s) for the job at hand.
That may be a tall order for those of us accustomed to a survey as the always-obvious choice.
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