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ABSTRACT
Data curation is the act of discovering a data source(s) of in
terest, cleaning and transforming the new data, semantically

integrating it with other local data sources, and deduplicat
ing the resulting composite. There has been much research

on the various components of curation (especially data inte
gration and deduplication). However, there has been little
work on collecting all of the curation components into an
integrated end-to-end system.

In addition, most of the previous work will not scale to the
sizes of problems that we are finding in the field. For exam-
ple, one web aggregator requires the curation of 80,000 URLs
and a second biotech company has the problem of curating
8000 spreadsheets. At this scale, data curation ca
a manual (human) effort, but must entail machi
approac

learning
with a human assist only when necessary.

This paper describes Data Tamer, an end-to-end curation
system we have bullt at M.L'T. Brandels, and Qatar Com-
puting R ¢ (QCRI). It expects as input a se
quence of data sources to add to a composite being con
structed over time. A new source is subjected to ma-
chine Jearning algorithm rform attribute ident ifi
grouping of attribute ables, transformation of incom
ing data and deduplication. When necessary, a human can
be asked for guidance. Also, Data Tamer includes a data
visualization compo s0 a human can examine a data

Daniel Bruckner
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lhab F. llyas
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ally provide a set of hints to reduce the number of questions
send 1o the experts. The system solves the problem of
schema mapping and record deduplication a holistic way by
unifying these problems into a unified linkage problem

‘We have run Data Tamer on three real world enterprise cura-
tion problems, and it has been shown to lower curation cost
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ABSTRACT

Data curation is the act of discovering a data source(s) of in
terest, cleaning and transforming the new data, semantically
integrating it with other local data sources, and deduplicat-
ing the resulting composite. There has been much research
on the various components of curation (especially data inte

1. INTRODUCTION
There has been considerable work on data integration, es-
pecially in Extract, Transform and Load (ETL) systems [4,
5], data federators [2, & |
tegration [10, 16] and entity deduplication (9, 11). However,
there are four characteristics, typically absent in curre:
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itute (QCRI). It expects as input a se
s to add to a composite being con
A new source is subjected to ma-

structed over time
chine Jearning algorithms to perform attribute identification,

grouping of attributes into tables, transformation of incom-
ing data and deduplication. When necessary, a human can
be asked for guidance. Also, Data Tamer includes a data
visualization component so a human can examine a data
source at will and specify manual transformations.

We have run Data Tamer on three real world enterprise cura-
tion problems, and it has been shown to lower curation cost
by about 90%, relative to the currently deployed production
software.

evitably quite dirty. Attribute data may be incorrect,
inaccurate or missing. Again, the scale of future prob-
Jems requires an sutomated solution with human help
only when necessary.

o Non-programmer orientation. Current Extract,
Transform and Load (ETL) systems have scripting lan-
guages that are approp for professional program-
mers. The scale of next generation problems requires
that loss skilled employees be able to perform integra-
tion tasks.

e Incremental. New data sources must be integrated
incrementally as they are uncovered. There is never a
potion of the integration task being finished
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