FROM
THE EDITORS

BEYOND BIG DATA?

By Judith Bayard Cushing

and diversity) and better (less “dirty”) data available to sci-
entists. Prime examples of readily available scientific data
include nationally and internationally funded reposito-
ries and data portals, where scientists including computa-
tional scientists increasingly publish and document their
data: DNA-RNA-Gene-Genomics-Protein-Proteomics-
Sequence databases, biomedical databases (such as more
than 40 entries in the US National Institute of Health’s
Data Sharing Repositories), Dryad, Long-"Term Ecologi-
cal Research (LTER, for long-term ecology data), the Na-
tional Ecological Observatory Network (NEON, for remotely
sensed environmental data), the Consortium of Universities
for the Advancement of Hydrologic Science (CUAHSI, a con-
sortium for US hydrology data), Earth Observing System
(EOS), Sloan Digital Sky Survey, DataONE, Global Lake
Ecological Observatory Network (GLEON), and many others.

Partially in response to this data deluge, Comzputing in
Science & Engineering has once again broadened its scope
beyond computation. Initially focused on computation-
al problems (in particular, for computational physicists
who have led the way), CiSE addresses data as well as
computation, programming, and software engineering
as applied to a broad range of the physical, natural, and
engineering sciences. Previous CiSE issues have articu-
lated both the challenges of Big Data' and responses to
those challenges from the computer science research
community.? Although research, development, deploy-
ment, and education in computational speed, program-
ming techniques, data browsing, and access will be
needed for the foreseeable future, it’s likely that soon
scientists will be able to find and access more data than
they can deal with using current tools. With the most
pressing computational and data problems solved, scien-
tists generate, document, organize, and manage data in
public and private repositories. As for why the era of Big
Data is challenging, scientists must now figure out how
to exploit those data.

f\ B IGDATAISINDEED AN EXCITING, ALBEIT CHALLENGING, TIME FOR SCIEN-
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Ay TIFIC DISCOVERY. WHY EXCITING? EXPONENTIAL GROWTH IN DATA AC-
QUISITION AND GENERATION—AND SOME PROGRESS IN DATA DOCUMENTING,

ARCHIVING, VALIDATION, AND RETRIEVAL—HAVE MADE MORE (IN QUANTITY

Data analytics, including information visualization and data
mining, is industry’s answer to business’ Big Data problem,
and IBM, Microsoft, Google, and others have geared up to
provide data analytics solutions for business. For the scienc-
es, visualization had a long history even before Jim Thomas
coined the term visual analytics, and CiSE’s Visualization Cor-
ner offers suggestions in every issue about new visualization
techniques. What of data mining, the other Big Data exploi-
tation strategy? For many scientists, the term connotes poor
scientific method—conjuring images of fishing expeditions
or even “cooking the data.” The popular press hasn’t helped
a somewhat tarnished reputation. Articles such as “The End
of Theory: The Data Deluge Makes the Scientific Method
Obsolete™ didn’t help, and author Chris Anderson’s entreaty
“There’s no reason to cling to our old ways. It’s time to ask:
What can science learn from Google?” prompted a dialog
in respected scientific journals about whether hypotheses
or data “come first”*’ Scientists might well ask what they
could learn from Google, but the fact remains that current
data-mining techniques were developed for business appli-
cations. Will they work for science?

Scientists don’t doubt they need help with the data
deluge; the data-mining challenge, however, is not
only technical, but cultural—integrating a culture of
hypothesis-driven science with data mining.*’ Scien-
tific theory is far from dead, and scientists do cling to
their “old ways,” namely the scientific method. While
business isn’t without theory, the scientific method’s
long history of hypothesis-driven inquiry is deeply in-
grained through education, tradition, and success. In
medicine, for example, the clinical trial remains the
gold standard, and many practitioners find retrospec-
tive studies—even when based on thousands of data
points—“unscientific.” Other scientists, well versed in
statistics, ask how data-mining methods differ from the
sophisticated Bayesian, Monte Carlo, or CART analy-
ses that they already use effectively. As Deb Peters, the
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principle investigator of the Jornada Long Term Eco-
logical Research Site, relates:

The interactive use of Big Data within the scientific method
could reap tremendous ... rewards, but Big Data is not
readily accepted by most scientists as an integral part of their
research because of the way they think about and study the
natural world. In fact, only a small fraction of current data
is actually used by scientists,® and most data that are used
(ca. 50 percent) are from relatively small, locally collected
and stored datasets.”*

Some forward-thinking scientists are asking how fu-
ture systems might integrate scientific theory and prior
knowledge that isn’t easily codified with data mining.
For example, Bernardo Gongalves and Fabio Porto point
out that the “age of data-driven science opens the possi-
bility of developing database technology for integrating
both data and theories in the same framework.”!

As several researchers®!? and articles in this issue sug-
gest, we hope to find beyond Big Data not the end
of theory, but exemplar research and new technology that
uses Big Data to develop, pose, and test scientific hypoth-
eses. I look forward to learning from this and future CiSE
issues about how data-mining techniques are extended for
and applied by leaders in computer science and in the scien-
tific domains. Please let us at CiSE know what you’re think-
ing about these questions! St
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WELCOME ABOARD!

CISE welcomes the following
new editorial board member.
Matthew Turk is a US National
Science Foundation (NSF) postdoc-
toral fellow at Columbia University.
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Judith Bayard Cushing, a member of the CiSE editorial board,
teaches computer science at The Evergreen State College in Olym-
pia, Washington. Her research focuses on science data management
across many disciplines, and she’s currently the principle investigator
for a US NSF-supported project called Visualization of Terrestrial and
Aquatic Systems (http://blogs.evergreen.edu/vistas). Cushing has a
PhD in computer science and engineering from the Oregon Gradu-
ate Institute. Contact her at judyc@evergreen.edu.

Selected articles and columns from IEEE Computer Society
cn publications are also available for free at bttp://ComputingNow.
computer.org.
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