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ABSTRACT

to describe what data is recorded and how it is recorded and measured. This metadata is likely to be crucial to downstream analysis.
For example, we may need to know the source for each report if we
wish to examine duplicates.
Frequently, the information collected will not be in a format
ready for analysis. The second step is an information extraction
process that pulls out the required information from the underlying
sources and expresses it in a structured form suitable for analysis.
A news report will get reduced to a concrete structure, such as a
set of tuples, or even a single class label, to facilitate analysis. Furthermore, we are used to thinking of Big Data as always telling us
the truth, but this is actually far from reality. We have to deal with
erroneous data: some news reports are inaccurate.
Data analysis is considerably more challenging than simply locating, identifying, understanding, and citing data. For effective
large-scale analysis all of this has to happen in a completely automated manner. This requires differences in data structure and
semantics to be expressed in forms that are computer understandable, and then robotically resolvable. Even for simpler analyses that
depend on only one data set, there remains an important question
of suitable database design. Usually, there will be many alternative ways in which to store the same information. Certain designs
will have advantages over others for certain purposes, and possibly
drawbacks for other purposes.
Mining requires integrated, cleaned, trustworthy, and efficiently
accessible data, declarative query and mining interfaces, scalable
mining algorithms, and Big Data computing environments. A problem with current Big Data analysis is the lack of coordination between database systems, which host the data and provide SQL querying, with analytics packages that perform various forms of nonSQL processing, such as data mining and statistical analyses. Today’s analysts are impeded by a tedious process of exporting data
from the database, performing a non-SQL process and bringing the
data back.
Having the ability to analyze Big Data is of limited value if users
cannot understand the analysis. Ultimately, a decision-maker, provided with the result of analysis, has to interpret these results. Usually, this involves examining all the assumptions made and retracing the analysis. Furthermore, as we saw above, there are many
possible sources of error: computer systems can have bugs, models
almost always have assumptions, and results can be based on erroneous data. For all of these reasons, users will try to understand,
and verify, the results produced by the computer. The computer
system must make it easy for her to do so by providing supplementary information that explains how each result was derived, and
based upon precisely what inputs.
In short, there is a multi-step pipeline required to extract value
from data. Heterogeneity, incompleteness, scale, timeliness, pri-

The promise of data-driven decision-making is now being recognized broadly, and there is growing enthusiasm for the notion of
“Big Data,” including the recent announcement from the White
House about new funding initiatives across different agencies, that
target research for Big Data. While the promise of Big Data is real –
for example, it is estimated that Google alone contributed 54 billion
dollars to the US economy in 2009 – there is no clear consensus on
what is Big Data. In fact, there have been many controversial statements about Big Data, such as “Size is the only thing that matters.”
In this panel we will try to explore the controversies and debunk
the myths surrounding Big Data.

1. INTRODUCTION
It is hard to avoid mention of Big Data anywhere we turn today. There is broad recognition of the value of data, and products
obtained through analyzing it [1]. Popular news media now appreciates the value of Big Data as evidenced by coverage in the
Economist [2, 3], the New York Times [5], and National Public Radio [7, 8]. Industry is abuzz with the promise of Big Data
[6]. Government agencies have recently announced significant programs towards addressing challenges of Big Data1 . Yet, many have
a very narrow interpretation of what that means, and we lose track
of the fact that there are multiple steps to the data analysis pipeline,
whether the data are big or small. At each step, there is work to be
done, and there are challenges with Big Data.
The first step is data acquisition. Some data sources, such as sensor networks, can produce staggering amounts of raw data. Much
of this data is of no interest, and it can be filtered and compressed
by orders of magnitude. One challenge is to define these filters in
such a way that they do not discard useful information. For example, in considering news reports, is it enough to retain only those
that mention the name of a company of interest? Do we need the
full report, or just a snippet around the mentioned name? The second big challenge is to automatically generate the right metadata
1
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3.2

vacy and process complexity give rise to challenges at all phases of
the pipeline. Furthermore, this pipeline is not a simple linear flow
– rather there are frequent loops back as downstream steps suggest
changes to upstream steps. There is more than enough here that we
in the database research community can work on [4].
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Susan Davidson, Weiss Professor and Chair, Department of Computer and Information Science, Founding Co-Director Center for
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Johannes Gehrke, Tisch University Professor, Department of
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Humboldt Research Award from the Alexander von Humboldt Foundation, the 2011 IEEE Computer Society Technical Achievement
Award, and the 2011 Blavatnik Award for Young Scientists from
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The panel has multiple goals. First of all, to identify if/why Big
Data is different from past Very Large DataBase techniques and
what are the most challenging aspects of Big Data. Secondly, to
determine how can the (data management) industry and academia
collaborate towards solving Big Data challenges. Finally, to consider the role of the data management community within the Big
Data solutions “ecosystem.”
In order to address these goals, the panel will discuss the validity
of the following claims:

Nick Koudas, Professor, Department of Computer Science, University of Toronto and President & Co-founder, Sysomos. He was
named 2011 Inventor of the year by the University of Toronto.

• Big Data is the same as scalable analytics.

• Big Data requires a cloud-based platform.

Raghu Ramakrishnan, Technical Fellow; CTO, Information
Services; Director, Cloud and Information Services Lab, Microsoft.
He received the ACM SIGKDD Innovation Award in 2008 and the
ACM SIGMOD Contributions Award in 1999. He was elected Fellow of the ACM in 2001 and Fellow of the IEEE in 2008.

• The Data Management community is in danger of missing
the Big Data train.
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• It is not possible to conduct Big Data research effectively
without collaborating with people outside the data management community.
• All the Big Data problems can be reduced to Map/Reduce
problems.
• The bulk of Big Data challenges are being addressed by industry.
• The bulk of Big Data challenges are at the implementation
level.
• Size is the only thing that matters (for Big Data).
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