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Abstract

There is a growing consensus that it is desirable
to query over the structure implicit in
unstructured documents, and that ideally this
capability should be provided incrementally.
However, there is no consensus about what kind
of system should be used to support this kind of
incremental capability. We explore using a
relational system as the basis for a workbench for
extracting and querying structure from
unstructured data. As a proof of concept, we
applied our relational approach to support
structured queries over Wikipedia. We show that
the data set is always available for some form of
querying, and that as it is processed, users can
pose a richer set of structured queries. We also
provide examples of how we can incrementally
evolve our understanding of the data in the
context of the relational workbench.

1. Introduction

Currently, to find information from the vast amouwit
unstructured data (i.e., text) on the Web, useve harely

on a combination of keyword search, browsing, and
possibly predefined search options. Although these
mechanisms are easy to use and often lead to veleas u
are looking for eventually, they cannot leverage th
potentially rich set of structures embedded in.tekor
example, consider the page about the city Madison i
Wikipedia [36]. It contains sections of text tidle
“History,” “Geography,” “Demographics,” and so on.
From the text we might find relationships that wanivto
extract (e.g., “technology companies” such as “Rave
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Jan Feb ... | Dec
Avg High 23 (-5) 29 (-2) 29 (-2)
Temp °F (° C)
Avg Low 6 (-14) 12 (-11) 13 (-11)
Temp °F (° C)
Mean Temp 15 (-9) 20 (-7) 21 (-6)
OF (O C)
Avg 1.14 (2.9)| 1.14 (2.9 1.32(3.39)
precipitation
in (cm)

Figure 1. A portion of the temperature table from the pageut
Madison in Wikipedia. Though the content has arckructure,
users cannot query it using structured queries.

Software” and “Human Head Studios” have headquarter
located in “Madison”). Furthermore, the page haki
tables” that capture explicit structured data, sashone
that records the city’s monthly average low, averhigh,
and mean temperature, and mean precipitation (@opor
of the table is shown in Figure 1). The abilityqueery this
set of structures is highly desirable. For exampie may
want to know how cold Madison gets during wintey, b
averaging the minimum temperature of December,
January, and February; and if there is also a tesiype
table for the city Seattle, we may want do the sdone
Seattle and compute the difference between the two
averages. However, to do so, we need to extradeth
tables and pose structured queries.

Since unstructured data can practically contain any
structure, extracting and maintaining a set ofcstmes for
qguerying are a constant work in progress for aesyst
Therefore, at any point in time, a user should ble &
query using as much or little structure as is cutye
known, and should be able to perform increasingly
sophisticated queries as the system incrementabfives
its understanding of the data.

Unfortunately, there is little consensus about viiradl
of system should be used to support this kind of
incremental capability. In this paper, we explagng a
relational system as the basis for a workbench for
extracting and querying structure from unstructudeda.
This approach is perhaps surprising because re#itio
database systems are often regarded as one ofdbe m



rigidly structured alternatives, and their desigralg seem
diametrically opposed to the kind of flexibilityqeired for
incremental discovery and exploitation of structure
However, we show that this is not the case with our
workbench model, which provides 1) a way to stdre t
evolving set of documents and structures, 2) tdws can

be used to query and to incrementally process dkes, dnd

3) a way to handle changes in our understandinthef
data set as it is processed.

The system we envision allows users to load a ket o
documents without any pre-processing, and beginying
the documents immediately using keyword searchds. O
course, at this point, there is no benefit abovat th
provided by a traditional Information Retrieval IR
system. To extract more information from the aditen
of documents, we need to somehow process the
documents, store the result of that processing,naake it
available for querying. For example, it may befuk&
run one or more clustering tools over the documeants
to record the results of these by labelling theudoents
with cluster identifiers. It may be useful to edr
structure from the documents, perhaps in the fofm o
attribute-value pairs, and to record the attribtdkie pairs
found in each document. It may also be useful tegrate
these attribute-value pairs; that is, record thigibatei of
one document corresponds to attribyteof another
document.

It is important that all this information is avdila for
querying, in any combination, at any time. Forrapée,
users should be able to run keyword searches over
documents belonging to any combination of clusterd
restrict the search to documents that satisfy paels on
specified attribute values. Users should alsolibe @ run
SQL-like queries over the extracted attributes,hpps
again limited to documents belonging to specifiesters.
Also, as more attributes are correlated by intégmatthe
results of queries over these attributes (posshtyacted
with different names in different documents) should
improve in quality.

Certainly one could build such a system using many
different approaches. One could start from scratot
write a stand-alone system that works over fileeys
resident data. One could adopt an XML-centric apph,
and place one’s hope in the growing capabilitieXbfL
query engines. These and other approaches coti&dntg
be successful. However, it is our argument théstiexg
relational database technology can go a long wesairt
supporting such a system. Our basic idea is singplthe
start, the documents are loaded into the RDBMStaibie
with only two attributes: id and text. As clustegitools
and extracting tools are run over the data, we add
attributes, and store the results of those toolthénew
attributes. Of course, most attributes will bel fiot most
documents; however, recent work on managing spukatse
sets provides evidence that such extremely spatsesets
can be efficiently managed by an RDBMS. As intégra
tools relate sets of attributes, we record thelgioaships
(and the lack thereof) in “mapping tables.”

The workbench we envision supports three basic
operators -Extract, Integrate, andCluster — for

name id type size
DocTitle al VARCHAR(100) 100
DocContent a2 TEXT unlimited
official flower a3 VARCHAR(50) 50
headquarter.city a4 VARCHAR(50) 50
headquarter.company | a5 VARCHAR(50) 50

Figure 2. Attribute catalog.

value

relation id tupleid record length  attrid value length
rl7 |t1 [45768 [al |18 |“Madison, a2 |45767 |“Madison is the
Wisconsin” captial of ...”
rl7 [t2 [ 55614 | al |19 | “Seattle, a2 | 55577 “Seattle isthe | a3 | 6 | “dahlia
Washington” largest ..." "
Figure 3. Records in interpreted storage format.
processing the data set incrementally. It usesdifiad

“wide table” to store the data set, and a mappatdetand
a relationship table to store the schematic relatips
within the set of structures.

A workbench based on a relational system can offer
many benefits for supporting structured queriesrove
unstructured documents. First, the data is alwagdable
for querying. With full-text indexes, users caarsposing
keyword queries over the set of documents as sedhis
loaded into the workbench. As we obtain more $tmec
over time, the data’s utility increases and usens gose
increasingly sophisticated queries. Second, threradprs
can be combined and applied repeatedly to keepriengol
our understanding of the data set. To handle vo&/iag
set of structures, the wide table provides a simplg
scalable alternative that does not require comigita
schema design. Lastly, in addition to supporifeerying,
the workbench can take advantage of other strergjtlas
database, such as concurrency control, recovedygaery
optimization.

The reason we call our approach a workbench isithat
does not do anything by itself — it only providée tools
to process, manage, and query the data. Database
administrators (DBAs), and perhaps even the usersd
to decide the parameters of the operators, thecehoi
specific clustering, extraction, and integratiogaaithms,
what to do with the output, when they are finistveith
processing, and other relevant issues. Our goabis
provide an environment in which to run these tomsprd
the results, and make the results available foryipg

As a proof of concept, we applied our approach to
support structured queries over Wikipedia. Wikiped a
database of unstructured documents that contaot efl
structured data. However, currently, the only waguery
documents in Wikipedia is by doing “vanilla” keyvebr
search (i.e., with no advanced search options), and
browsing. In the case study, we first describe our
simulation of the workbench. Next, we provide epées



of how we combine the three basic operators to
incrementally evolve our understanding of the datad
show that users can benefit from each stage optbisess.
For example, with just a little effort in extraatiowe can
allow users to specify a scope for their keyworerigs to
improve precision; with more effort, we can alldvein to
build more complex structured queries that include
arithmetic comparison, aggregation, and even joins.

The rest of our paper is organized as follows. tiSec
2 presents the data and schema representationeddiopt
the workbench. Section 3 defines the three opexatod
describes how we use them to evolve our understgrafi
the data in the context of the workbench. Sect#on
presents our case study on Wikipedia. Sectiorséudses
related work. Section 6 concludes the paper agdesis
future work.

2. Schema and Data Representations

2.1 A Wide, Sparse Table with Complex Attributes

In considering a storage model for the documendstiaair
extracted structures, an important observatiorh& the
continuing extraction of heterogeneous structurad w
gradually lead to a sparse data set. A data senisidered
sparse when it comprises a large number of atafyuiut
most entities (or documents in our case) have ndin-n
values for only a small fraction of all these itites.

For storing a sparse data set, Agrawal et al. [4]
discussed using vertical tables as an alternatve t
horizontal tables with positional storage. However
Beckmann et al. [7] later showed that vertical eabl
generally suffer from complex queries and poor
performance, and that horizontal tables with intetgxd
storage outperform both vertical tables and pasitily
stored horizontal tables. More recently, we argtieat
using a multi-table schema to store a sparse @ataften
creates more problems than it solves, and thatrigie
approach is to use a wide table [14]. That isedor
schema design and store all objects in a singledmal
table using the interpreted storage format. We thss
same storage model for our workbench.

Unlike the predominant positional storage format,
which would cause a huge storage space blow-up by
storing the null values in a sparse data set, riterpreted
storage format [13] avoids storing the null values.
Specifically, the system uses an attribute catsdogecord
for each attribute its name, id, type, and sizetuple in
the interpreted format starts with a header, witcichtains
fields such as relation-id, tuple-id, and recompth; then,
for each of its non-null attributes, the tuple etorthe
attribute’s identifier, length field (if the typs bf variable
length), and value. Attributes that appear in ¢h&log,
but not in the tuple, are implicitly null for thaiple. The
interpreted storage format is highly flexible fazthema
evolution — we only need to update the system ecgtahd
the tuples that have non-null values for thesébaties.

Let us consider how an empty wide table in our
workbench evolves when we insert the two pagestabou

DocTitle DocContent official headquarter(city,
flower company)
Madison, “Madison is the [(Madison, Raven
Wisconsin | capital of the U.S. Software),
state of Wisconsin (Madison, Human Head
Studios), ...]
Seattle, “Seattle is the dahlia [(Seattle, Starbucks),
Washingon | largest city in the (Seattle, Amazon.com),
Pacific Northwest ..." |

Figure 4. The wide table after extracting the attributefitiél
flower” and then the relationship “headquarter(citympany).”

Madison and Seattle from Wikipedia. Each page
corresponds to a row in the table. We declare two
attributes in the catalog. The first one is thke tof the
page (DocTitle), which we use as a unique idemtiioe a
page for the purpose of demonstrating. The se@iite
content of the page (DocContent). Clearly, these t
columns in the table will be dense because evege pa
must have non-null values for them.

The schema grows when we apply an extractor and
find at least one page containing the target aiteib For
example, suppose we run an extractor on the two
documents and it extracts the value “dahlia” foe th
attribute “official flower” (we allow attribute naes to be
keywords or phrases, just as the elements in aléatzk”
schema [19]) from the Seattle page. To reflecs thi
knowledge, we add “official flower” to the catal@gigure
2), and update the record for Seattle by appending
information about the new attribute to the end loé t
record (the second record in Figure 3). Because th
extractor does not find a value for this attribtram the
Madison page, we leave the corresponding record
unaffected. In Figure 4, the first three columepresent
the current state of the wide table. Similarlyfdf some
reason we decide we need to remove the attribdfieiad
flower,” we will just need to remove the entry ihet
attribute catalog and update only the records liaate a
non-null value for “official flower.”

Unfortunately, the conventional practice of firsrmal
form — the requirement that each field in the dasab
holds an atomic value — would not work well for our
workbench for two reasons. First, it is common &or
extractor to extract multiple instances of the same
structure. For example, an extractor for the laite
“lake” will extract instances such as “Lake Mendaaad
“Lake Monona” from the Madison page, and “Lake
Washington” and “Lake Union” from the Seattle page.
Storing each instance in a separate column in tie w
table is unreasonable, especially when there arayma
instances (e.g., Seattle has 22 instances of r'sigg).
However, if we create a new table for each distinct
structure, the number of tables will be prohibitwkrge,
and a SQL query will likely involve many joins. &ad,
even if the document contains only one instancea of
particular structure, the structure can be comegh as a
hierarchy or an n-ary relationship. A concretenepke is
the weather table in Figure 1. Each temperatureevia



hostid | host name mappings
ab temp (°F) {a6 = a7 *9/5 + 32}
a7 temperature (°C) {a7 =5/9 * (a6 — 32)}

Figure 5. The mapping table to reconcile the two attributes
have the same meaning (albeit in different units).

relationship id definition

rl {a4, a5}

Figure 6. A structure table with only one entry for the
headquarter(city, company) relation.

associated with three attributes: the month, timeaseics
(minimum or maximum), and the unit (Fahrenheit or
Celsius). Although in this case the DBAs couldh&farm
the table to make it relational and store eachbatt in
the wide table, this solution is inconvenient ire tlong
run. ldeally, having extracted a structure, we ldike to
just store it in a column with as little adminisioa as
possible.

To fix these problems, we allow a table in the
workbench to contain complex attributes (e.g.ilattes
whose values can be lists, arrays, tables, setsipdés,
etc.), in keeping with the complex attribute supgound
in object-relational database systems. Note tiatiovnot
require that the RDBMS-provided query language know
how to operate on all of these structures — instess
envision users and/or administrators writing usefingd
functions (UDFs) that “know about” these structusesl
are invoked in users’ queries. Figure 4 shows tleew
table after we extract instances of the relation
headquarter(city, company) and store them under one
column.

In summary, the wide table provides a simple, but
flexible way to store the evolving set of structre
extracted from the documents. Each document
corresponds to a row in the wide table. New stmact
discovered from a document is appended at the etiteo
corresponding row. Due to the diversity of struetuthe
table can have many attributes, be very sparsesan
attributes can have internal structure.

Some might doubt the scalability of this wide-table
approach. One problem is that the number of atietb
that this wide table can contain is limited by thenber of
bits allocated for the attribute identifier — werraintly use
a 16-bit attribute identifier, which limits the niver of
attributes to 65,536. As we will see in our cas®g with
Wikipedia, depending on the extraction approacte th
number of attributes can easily exceed this nuneven
with just one data source. For this problem, weenibat
nothing prevents us from allocating, for instan82, bits
for the attr-id. But more importantly, the mainrpose of
the wide table is to provide convenient and flexislorage
to cope with the evolution of data. At the begnmiwe
know nothing about the structure, so everythingt@ed
in one table. However, as we gain a better unaedstg
of the data, we may identify subsets of structuines are
logically different. At this point, we could optially
create views or new tables for these subsets,pbit™the

wide table. Deciding whether and when to go beyibred
“single table” view of the data is an interestirgpit for
future work.

2.2 Mapping Table and Relationship Table

The mapping table is a data structure to store mgpgor
different attributes that correspond to the sanadwerld
concept. It is similar in spirit to the mappingbles
described by Kementsietsidis et al. [27]. In thgidal
view, each row in the mapping table describes ao$et
mappings to a distinct “host” attribute. A mappitogthe
host is an expression that may include just thetifier of
another attribute for a simple 1-1 correspondencean
expression if the mapping involves some form of
conversion or involves more than one attributes, (n-1
correspondence to the host). For example, if thather
table from the Madison page records the temperatohe

in Fahrenheit with the attribute “temp (°F),” andet
weather table from the Vienna page records its
temperature only in Celsius with the attribute “pErature
(°C),” then we will want to map the two attributés
support any query that involves these two measures.
Figure 5 shows the mapping table after the updatee
column “host name” is just for demonstration.

When a query includes an attribute, the systemdook
up the attribute in the mapping table. If thera imapping
between this attribute and some other attribute,qhery
may need to rewrite the query to also include tlagching
attribute for evaluation.

The purpose of the relationship table is to record
complex structures that comprise multiple attrisutsuch
as the headquarter(city, company) relation, forsis
future updates. In the logical view of this tal#ach row
describes a distinct structure with two attributes:
relationship identifier and the set of attributbattbelong
to the structure. Figure 6 shows the entry théihds the
headquarter relation, whose attributes “city” and
“company” are also added to the attribute cataloyw in
Figure 2. Note that this is not the only way tedrack
of which attributes belong to which complex struetu
For example, instead of using a relationship takhle,
could add a column that stores the relationshipfidach
attribute, if applicable, in the attribute catalog.

3. Operators for Incremental Processing
of Data

Two types of evolution can occur in the workbencdke
first one is due to the system’s evolving underditag of

the data. The second is due to changes to thendots
such as inserting and deleting documents, and inggtte
contents of existing documents. In the latter cdeteting
and updating document contents may cause changes th
need to be propagated to the set of structuresnépping
table, and the relationship table. We do not awsrsthis
case in this paper. Instead, we assume that once a
document is in the workbench, its content remains
unchanged. For the purpose of explanation, insidgion,

we assume that the DBAs are the only ones usingethe



operators, although that is not necessarily the esswe
could potentially allow user participation in imping the
structure. However, addressing how to leveragesmas
collaboration in the context of the workbench i$ olthe
scope of this paper.

We identify three basic operatorExtract, Integrate,
andCluster — that the workbench should support. Just as
their names suggesExtract is for extracting structure,
Integrate is for identifying attributes that correspond to
the same real-world concept, a@tuster is for clustering
a set of different attributes based on some siitylar
function. These operators are the basic buildilogks
that can be combined and applied repeatedly to keep
evolving the system’s understanding of the data.

The operators should satisfy three requiremenisst, F
each operator should be able to use different igos.
Second, the DBAs should be able to specify a séope
the input on which a chosen method operates. Third
given the output, the DBAs should be able to spestiat
they want to do with it. We can consider each hafse
operators as a procedure in which a DBA specifies t
scope of an operator through a query, and the other
parameters — methods, output, and action with titgud —
in a UDF. In Section 4.1, we discuss some possible
parameters for each operator, then in Section A&
describe how the operators can be combined to wepro
performance.

3.1 Basic Operators

Extract:

We classify extraction methods into two types.
first one detects structure such as entity andioglship
from natural language. Most IE systems fall inkist
category, such as DIPRE [8], Snowball [2], and KitéW
[21]. The second type extracts structured dataeelehdd
in text of known format, such as LaTex, XML, andkiwi
markup text [6]. It is a common practice to writeé hoc
scripts to extract structured data from a spedifienat.
Both types of extractors should be considered && in
the workbench.

The output of an extractor is a set of structuré¥ge
assume that the schema of a structure is part ®f th
extractor's definition, and that each structure nheye
one or more instances. The DBAs can either stioee t
output in the wide table, or feed it to tha&egrate and
Cluster operators. Before storing a structure, the system
should check the attribute catalog and the relatigm
table to see if the structure has been used befbrtnere
is an exact match between an existing structure taad
newly discovered structure, we store the instamcebe
same column in the wide table. Otherwise, we have
catalog the new structure and store its instantes new
column (but in the same row as the corresponding
document).

As we will show later, the scope parameter is Usefu
for improving the performance of the extractorsths
system processes the data. The DBAs can also apply
extractor on columns other than DocContent, toaextr
structure of a finer granularity in existing st (e.g.,
from “date” to “day,” “month,” and “year”). Finall

The

although the scope is usually specified as a SQ@rygun

the case oExtract, the scope can also be expressed as a
keyword query to select a set of documents relet@rat
specific topic. This approach can be an efficiealy to
filter irrelevant documents for domain-specific rextors,

as demonstrated by Agichtein et al. [1].

Integrate:

Integrate takes as input a set of structures from the
wide table or a previous operator, and returnsanaore
sets of mappings over attributes that correspondhéo
same real-world concept. Based on schema-matching
techniques, the chosen method can consider schasealb
information (e.g., attribute names and clusters of
attributes), and instance-based information (edgata
contents). The DBAs have to decide what to do wibh
set of mappings. They can store the mappings én th
mapping table. Alternatively, if the attributessbanot yet
been inserted into the wide table (e.g., they hastbeen
generated b¥xtract), the DBAs may consider collapsing
the attributes into one attribute in some casesh sas
when the different attributes are just stems of shene
word.

Cluster:

Cluster takes in a set of documents or a set of
attributes and classifies the input into one orermusters.
Although it sounds likelntegrate, Integrate identifies
attributes that are semantically the same, wheCdaster
tries to group together different documents or cites
based on some predefined notion of similarity. [Doent
clustering is a well-studied area in Informationtrital
and a variety of approaches can be used for thesatqr.
For attribute clustering, one method that we exgqaoin
previous work is to group together attributes thave
non-null values in the same tuples [14], which whewn
to be very promising for sparse data sets.

The clustering information is useful in a number of
ways. For instance, it helps the DBAs decide wievs
to build to optimize SQL queries over the wide ¢éablAs
mentioned earlier, when there are clear clusters the
table approaches the maximum number of attributesri
store, the DBAs may want to physically split thedevi
table into multiple tables for the clusters. Alsie
clusters may reveal undiscovered domain knowletge t
may improve the other two operators.

Our workbench does not currently model the resafitan
operator with their probability of being accurate in
probabilistic databases. Instead, it relies ontltineshold
that the particular method uses to determine etrac
integration, and clustering; the DBAs can also fyetiie
output of the operators themselves. Although
incorporating probabilities and reasoning abouttteuld

be very useful, it is orthogonal to the basic ofmsaof our
workbench and out of the scope of this paper.

One assumption we make in this model is that the
specific algorithms of the three operators are aalye
coded as programs that can be conveniently apdidide
data in the workbench. Unfortunately, the realtynuch



more complicated. For example, currently, Post@leS
which we use for our case study, only allows UDFisten
in C/C++, so even if we have extraction scriptsttemn in
Perl, we cannot apply them as UDFs. How to fatgithe
application of external programs within the workblens
an important and practical problem to address. ossjble
idea is to create a repository of external prograrige
DBAs and users can write these external prograhet (t
may follow some guidelines set by the workbencimd a
upload them to the repository. The workbench damt
use them on the data set.

3.2 Operator Interaction

One powerful feature of our workbench is that the
operators can be combined synergistically in a ‘ehs
greater than the sum of the parts” fashion. Thathe
operators can be combined to improve each other's
performance, in terms of both efficiency and qualit
There are six possible pairwise combinations ofirtis
operators: Integrate-Extract, Cluster-Extract, Extract-
Cluster, Integrate-Cluster, Extract-Integrate, and
Cluster-Integrate. Of course, they can be extended into a
sequence of operators — we could do triples, quéesu
etc. In the following, we explain for each case hihe
previous operator benefits the subsequent one.

Integrate-Extract:

Integrate can help find new targets f@xtract. For
example, suppose that the DBAs have uBattact to
extract from the attribute “address” the finer-ged
attributes “street address”, “city,” “state,” anziff code.”
When Integrate identifies a mapping between “address”
and another attribute “sent-to” based on the degtances,
the DBAs may want to apply the same extractor amt's
to.”

Cluster-Extract:

At the early stage of processing, when the DBAsnkno
nothing about the documents, they can only appiyaio-
independent extractors on the entire set of doctsnen
However, whernCluster discovers a specific domain, the
DBAs can narrow the scope Bktract and apply domain-
specific extractors on only the documents in thosndin.
Because domain-specific extractors are more poWwktdu
often applicable to only a small subset of the doents,
domain discovery can greatly improveExtract's
efficiency and the quality of its results.

Extract-Cluster:

The extracted set of structures may provide more
information that Cluster can use to group together
documents or attributes. For example, we try testelr
pages about cities in Wikipedia (see Section 6gtham
the section names they contain. Although we aidyfa
successful in finding most city pages, the shogesaare
left out because they do not have a section naust §
titte). However, after we extract the “city inf@x’
structure in some of these pag&uster will recognize
them and put them in the city cluster.

Integrate-Cluster:

Integrate can prevenCluster from creating multiple
clusters where logically a single cluster would Hetter.
For example, given a data set with attributes {C#,
Company, FirstName, LastName, CustlD, Contact,
CName}, Cluster may find two clusters — the tuples either
have non-null values for the set of attributes {C#ame,
FirstName, LastName}, or the set of attributes {{lds
Company, Contact}. However, if we have rintegrate
first and find the set of mapping {C# = CustID, &Ne =
Company, FirstName + LastName = Contact}, then
Cluster will end up with only one cluster.

Extract-Integrate:

This pair is more a necessity than an option —
obviously we need to extract a set of structureforbe
integrating them.

Cluster-Integrate:

Cluster can narrow the scope fdntegrate in two
ways. First, wherCluster identifies a domain for a set of
structures, the DBAs may want to apply domain-dfeci
schema matchers on this set of structures. Secdmeh
Cluster identifies two overlapping sets of attributes (e.g
{CustID, CName} and {CustID, Company}), DBAs may
want to look for possible mappings in the differenc
between the two sets of attributes because they lmay
semantically the same (e.g., CName = Company).

We conclude this section with two thoughts. First,
incremental processing is a flexible scheme to stpp
structured queries over unstructured data. Onathe
hand, the interaction of operators with differeréthods
supports robust evolution of structure. On theeptand,
DBAs can also process the data lazily — that sy tho not
try to process the data unless they determine géting
the structure will significantly improve searching
experience. A lazy approach is more appropriatenwh
resources are limited, as it avoids over-processing
structure that users do not care. Second, thecogss of
structured queries over this data set is limited how
much, and how well, the DBAs have processed tha.dat
In other words, the results obtained via structuyadries
can have less-than-perfect recall and precision.

4. Case Study: Wikipedia

4.1 Preliminaries

As a proof of concept, we conducted a preliminaagec
study on applying our workbench model on Wikipedia,
online encyclopedia written collaboratively by votaers.
Coincidentally, in addressing DB and IR integration
Weikum recently suggested turning Wikipedia into a
database that can answer advanced queries, asta fir
smaller-scale step to turn the entire Web into gamfic
knowledge base [35]. The pages in Wikipedia ateadly
stored in a relational database; however, thest@med as
blobs of text and the only way to find informatifrom
them is via browsing and “vanilla” keyword seare¥ith



no advanced search options such as those fountein t
“Advanced Search” page of Google [24]. The purpoise
this case study is to illustrate how our relational
workbench can incrementally evolve structure frdme t
contents of Wikipedia, and how users can pose
increasingly sophisticated queries at each stagehef
processing.

Wikipedia has many qualities that make it an ideal
subject of this case study. The contents are eddukdh
wiki markup text. There are guidelines on how teate
and edit a wiki page. As a result, even thoughymesers
can make changes to the same page, in generabges p
have a consistent structural organization. Fonmgple,
they all have a title; many of them comprise taxfamized
into a hierarchy of sections, and contain structudata in
the forms of “wiki table” and “info box.” Moreoveit
encourages the use of templates for wiki tables iafal
boxes in the same domain, so the same structurées
used across many pages.

For our case study, we downloaded a database diimp o
Wikipedia that includes only the current revisioas, of
December 5, 2005. The dump has more than 4 million
XML files in 8.5 GB. Each XML file contains a bldbat
is the content of a wiki page, and metadata ablmipage
such as page-id, title, revision-id, contributoetseame,
last-modification-date, etc. To more easily trattie
evolution progress and the results of our quesesalso
selected a small subset of pages as a controkdataThe
control set comprises pages from three domainsomaj
American cities (254 files), major universities rfrothe
states of Wisconsin, New York, and California (ZBés),
and top male tennis players on the ATP tour in“@een
Era” (373 files). For the rest of this section, veder to
these domains as “City,” “University,” and
“TennisPlayer,” respectively. We ran our experitsein
PostgreSQL.

4.2 Incremental Processing

Stage 1: Initial Loading

In the first stage, we parsed the XML files anddiec
them into a single table, which initially had fieelumns:
Pageld, PageText, Revisionld, ContributorUserNaane,
LastModificationDate. Each page corresponds tgles
row. We used the page title as the Pageld of &.pag
PageText contains the content of the page in veki.t
The other attributes describe the metadata abeupdige.
With a full-text index on PageText, users can alyea
query the documents using keyword searches, ewerglh
we have not begun processing the data.

Stage 2: Extracting SectionName(text)

Next, from each page we extracted the structure
SectionName(text), in which SectionName represéms
name of a first-level section in the page and éx¢ is the
content in that section. For example, the padedtit
“Madison, Wisconsin” has 16 first-level sectionagcls as
“History,” “Geographics,” “Demographics,” and so .on
For each instance of this structure we appendectlite

Pageld PageText History Economy | Campus | Personal
Life
Madison, “Madison is the | “Madison “Wisconsin
Wisconsin captial of the ...” | was state
created...” government.
Seattle, “Seattle is the “What is now | “Five
Washington | largest city in ...” | Seattle...” companies
onthe .."
Stanford “The Leland “Stanford “Stanford
University Stanford ..." was University
founded...” owns ..."
Roger “Roger Federer “Federer
Federer (born August 8, was
198l)isa..." born..."
Figure 7. A portion of the wide table after extracting

SectionName(text) over the control data set. Bbéethas a total
of 1,258 attributes and 882 rows, but only 1.05%lbé€ells have
non-null values.

end of the corresponding row. Note that when two
instances had different section names, we storeid tdwxt
in two different columns. (Figure 7)

One reason to extract this structure is that dvedl us
to do “focused” keyword search. For example, ssppo
we want to retrieve from the control set the paglesut
male tennis players who have been ranked world eamb
one, we can pose the keyword query “World No. higen
player” over the PageText column. For this query,
PostgreSQL returns 86 players. It includes all #3
players who indeed have been ranked number onleein t
world since the “Open Era.” For the other 63 ptaye
most of them are included for reasons such as liasg
been ranked number one in doubles, they have eéefeat
top-ranked player, and so on.

Continuing with the example, suppose we know that
the pages of the players who have been numberlomesia
always mention that fact in the introduction settio
Therefore, we may want to try posing the same kegtwo
query over only the introduction section. This yue
returns 67 players, 21 of which have been number dn
other words, it gives us better precision but waoeszall.
Incidentally, for the two players who are excludéukir
introduction does mention that they have been mhnke
number one before, but the fact is expressed asldwo
number one” instead of “world No. 1.”

Although extracting the structure SectionName(text)
allows us to do focused keyword search, it leads to
inserting 1,253 new attributes into the wide tableach
row has only 13 non-null attributes on averagee &htire
table has about 1.05% non-null values. Fortunateding
the interpreted storage format can avoid the seorag
explosion caused by storing the null values.

We checked how many of these attributes are
equivalent based on name similarity, and found &vain
in this small control data set with just 882 filgem 3
domains, a significant percentage of attributes are
equivalent or highly similar to another attribute.
Specifically, more than 350 of the 1,253 attribubetong
to one of the 14 most common attribute topics. urgg8
shows these 14 attribute topics with some exampi¥e.



City University

TennisPlayer

famous people (37)famous people from abilene, famoup athletics (7): athletics and
traditions, school athletics, athletigs(21), singles titles (33), singles titles (5)
and mascots, athletics highlights,

people born in akron, famous madisonians, ...

demographics (15):demographics and diversity,
population and demographics, population history, ..

museum (23): museums and cultural organizations,
museums and attractions, museum and historical
attractions, museums and cultural arts, ... fraternities,
colleges and universities (33)schools & colleges,
colleges & research institutes, schools & univarsit...

culture and entertainment (33):arts and entertainment,
entertainers, arts literature humanities, ...

highways (24):us highways, highways, streets and
highways, ...

greek life (14): greek social
organizations at alfred, greek lette
organizations, greek social
fraternities, campus greek life,
personal (6): personal and family life,

campus (73): facilities & campus
construction, hillside campus, maip grand_slam_record (16):grand slam
campus, new york city campus,
campus and facilities, ...

single_titles (28 total): singles titles

doubles_titles (12 total): doubles titles
(15), mens doubles titles (50), career
doubles titles (54), ...

personal life, personal information, ...

records, grand slam results, grand slam
history, ...

career overview (35):career highlights,
tennis career, professional career, ...

Figure 8. The 14 attribute topics with the most aliases foumithe control data set. For each topic, we stimwmost representative attribute in bold,

the number of aliases in that topic, and some elesnp

Figure 9. A network diagram by Many Eyes on the section
names extracted from the control data set. Weseanthat the
section names form three fairly clear clusters.

could store these mappings in a mapping table scitted
in Section 3.

Figure 8 reveals two interesting observations. stFir
many section names are a mix of attribute names and
values. For example, the attribute “singles titlés
frequently followed by a number in parentheses,, e.g
“singles titles (13).” Apparently, the many aliasef
“singles titles” are due to the convention of mutithe
total number of titles next to the section nameijlevthe
content of that section describes when and wheayer
has won each of these titles. We also observedptitiern
of mixing data with metadata in attributes suchdaaibles
titles” and “famous people.”

This observation indicates an opportunity for
extraction. For the “singles titles” example, e @xtract
the number in parentheses into a new structure,
NumberOfSinglesTitlesWon(number), and store it he t
wide table. The section names can be changed toack
“singles titles,” resulting in many fewer aliasesThis

example illustrates howtegrate andExtract can benefit
each other.

The second observation is that given the outpurof
operator, there is often more than one reasonatiena
For example, after we extracted the SectionNamg(tex
structure, we immediately stored them into the walde,
and then stored the mappings in the mapping table.
However, a better decision might be to tategrate and
Extract as described above to reduce the attribute
explosion, and store only the sections that weebeliare
likely to be used for focused keyword search. Qfrse,
the first approach has the advantage that we cado'u
any mappings that are later found to be incorsictply
by updating the mapping table. We leave thesesites
to the DBAs.

Suppose we do not know that the documents in the
control set come from the domains University, Ciand
TennisPlayer. We might be motivated to see if the
SectionName(text) instances form any clusters lserau
pages in the same domain often have similar section
names. We used the following definition of Jaccard
coefficient to identify clusters. Given two atuiles
(section names in this case) And A, let X be the set of
rows for which A  is non-null, and let Y be defined
analogously. The Jaccard coefficient fox And A, is
defined as:

Jaccard(Ax, Av) = [XCY|/|XEY]|

The coefficient’s value ranges from zero to onkis kero
when no rows have non-null values for both &nd A,
and one when Aand A, are either both null or both non-
null for all tuples. We created an adjacency matri the
attributes with the Jaccard coefficients as theesl Next,
we tried to visualize the clusters via a networkgdam, a
feature in the Many Eyes visualization tool develdfy
IBM [32]. The tool takes in an input list of distt
attribute pairs that have a Jaccard coefficienatgrethan



Domain # Returned # Correct Recall Precision
(# files) Pages Pages
City (254) 477 247 .97 .51
University 498 240 .94 .48
(255)
TennisPlayer 375 330 .88 .88
(373)

Figure 10. The results of posing a keyword query to retriave
set of documents for each domain. TennisPlayesysnf high
precision because its domain is relatively disjéiom the other
two domains, in which many pages mention both <itnd
universities.

The University of Wisconsin-Madison

Motto Numen LumerThe divine within the ...
Established 1848

Type Public State University

Faculty 2053

Students 41466

Colors Cardinal & White

Mascot Bucky Badger

Figure 11. Info box of the University of Wisconsin-Madison.

0.1, and appear non-null in at least 0.05% of row$e
output is a graph in which the vertices corresptinthe
attributes, and the edges represent the pairs#tiafy the
constraints. Strongly related attributes are kaptlose
proximity to each other. The size of a vertex is
proportional to the number of its outgoing edgEgure 9
shows this network diagram, which depicts the three
clusters quite clearly. Looking at the verticegsely, we
were able to identify the domains of the three teliss as
labelled in the figure.

We also tried doing keyword search as a means to
approximate clusters. That is, assuming we kna tte
domains are City, University, and TennisPlayer, pose
three keyword queries: “city,” “university,” and €finis
player” over the control set to get three setsaxfuinents.
Figure 10 shows the results of these keyword gsieridl
of them have high recall, which is not surprisirecéuse
the keyword queries describe the domains accurately
However, notice that while TennisPlayer enjoys a
relatively high precision, the other two domainsvéa
significantly poorer precision. This result alscakas
sense because many university pages mention tle cit
where the university is located, and many city gage
mention major universities that are located indite. We
posed the same keyword queries over the entirepaftika,
and retrieved 175,193 pages for City, 114,173 pdges
University, and 851 pages for TennisPlayer. These
numbers are reasonable because they include phges a
cities and universities from all over the world,daall
kinds of tennis players, including male and female
professionals, and possibly amateur and junior gglay
Nevertheless, these numbers are a huge reductiontfre

4 million+ pages in Wikipedia, so keyword searchais
very good way of narrowing the scope of documeats f
further processing.

We can draw an interesting comparison between the
two approaches. Clustering section names does not
depend on any prior knowledge about the set of
documents. Moreover, if there is a set of extihcte
structures, then clustering is a good approach for
discovering domains because based on the clusiers,
could create views to improve efficiency for querver
this set of structures. In contrast, the keywoearsh
approach is simple and potentially effective if hABAs
have prior knowledge about the documents. Thiscgmh
is appropriate for identifying a scope for applyshgmain-
specific extractors.  This example demonstrates the
robustness of our relational workbench, as it sugpa
wide variety of approaches for doing the same task.

As yet another approach to find clusters, we notd t
for many online unstructured data sets, the costhave
already been organized into subsets. For exantpée,
contents in Wikipedia are organized into categoded
presented as many lists (which can in turn contadare
lists). We can certainly leverage this existing
organization.

Identifying clusters of attributes can help inceedise
efficiency of queries over the data set. For eXamgifter
we cluster the documents based on these domaimghm/e
table that contains all Wikipedia documents, thaengsing
times for City, University, and TennisPlayer arelZ6ms,
24.62 ms, and 25.69 ms, respectively. Without this
clustering information, to find the documents fraach
cluster, we have to scan the entire table, whikbsabout
44 seconds.

In concluding this stage, we note that extractindy o
one kind of structure — SectionName(text) — alreladyls
to many opportunities for evolving the structure.
Therefore, it is very important to have a flexible
infrastructure to handle this evolution.

Stage 3: Extracting info box as a blob

In the next stage of processing, we extracted info
boxes, which are a general template that contains
predefined attributes and vary depending on theaitom
That is, the definition of a city info box is diffnt from
that of a university info box. Figure 11 showsaatjpn of
the info box of the University of Wisconsin-Madison

Although ideally we would want to extract each
attribute-value pair, a much simpler alternativeidsjust
store the entire info box as a blob. This blob tauot
support structured queries over the attributes;evew it
allows focused keyword search over the info boxor F
instance, we can find out which universities have
“cardinal” as their school color, by posing the weyd
query “cardinal” over the university info boxes our
control set. The answer set for this query inctudeven
schools. Six of them have “cardinal” as one ofirthe
school colors. One of them has “red” as its sclumbdr,
but has a mascot called “Cardinal Burghy.” In cast,
running the keyword query “cardinal university” owthe
PageText column of the control data set returnpddes.



Most of them are either university pages that neenti
sports teams whose names contain “cardinal,” oy cit
pages that contain the term “cardinal” in varioostexts,
such as sports teams, high schools, religion, aaddinal-
direction.” This example shows that sometimes eaen
small effort in processing data can greatly imprdke
quality of keyword search.

Stage 4: Extracting structured data from info boxes
and wiki tables

In the last stage of our case study, we demondinate
process of extracting and querying structured diaen
info boxes and wiki tables. For our first exampie go
back to address the first query given at the beggqof
the paper. compute the average of the average
temperatures of December, January, and Februarytfre
temperature wiki table of Madison (Figure 1). Tm this
query with our relational workbench, first we netm
transform the contents of the temperature wikigdhto a
relation. There are many alternatives. We chosesé the
following schema:

ow

temperature_wiki(city, month, lowF, lowC, highF,.).

Since PostgreSQL does not allow a column to store a
relation, we simulated the effect by storing a dabl
identifier in the column that originally stores
temperature_wiki according to our model, and cibate
temperature_wiki as a separate table. We usedahe
“temperature_wiki” as the table identifier. Figude
shows the wide table and a portion of temperatuild. w
The following query computes the average of theaye
low temperatures of January, February, and December

SELECT AVG(Low_F)

FROM temperature_wikias T

WHERE T.city = ‘Madison, Wisconsin’ AND
Month =1 OR Month = 2 OR Month = 12;

Q1:

Since temperature_wiki associates each measurement
with a city, we could reuse it for any city pageatth
contains this wiki table. Once we have extracteghyn
temperature wiki tables from pages of Wikipediaoint
temperature_wiki in this fashion, we could poserigse
that do powerful comparisons, such as “find thedest
city,” or “rank the cities based on their precigita.”

As a comparison to the earlier keyword queries that
retrieve top ranked male tennis players, we exrhthe
tennis info box structure, which has the attribute
highest_singles_rankings, and posed the equivalent
structured query:

Q2: SELECT id
FROM info_box_tennis_player
WHERE highest_singles_rankings = 1;

Q2 returns 23 players, 22 of which have been ranked
number one. This result has a much better precitian
the keyword queries. One player that has beenedhnk
number one is not included in the answer becauwde th

Wide Table
Pageld PageText History Economy temperature
Madison, “Madison is the | “Madison “Wisconsin temperature_wiki
Wisconsin captial of the ..." | was state

created...” | government..”
temperature_wiki
City Month Low_F Low_C |High_F
Madison, 1 6 -14 23
Wisconsin
Madison, 2 12 -11 29
Wisconsin
Madison, 12 13 -11 29
Wisconsin
Seattle, 1 36 2 46
Washington

Figure 12. Implementation for storing an internal table et
wide table — a table identifier is assigned to ifternal table
(temperature_wiki), which is created as a sepaniaysical table.

player's page does not have an info box. This gam
demonstrates the improvement we can potentiallybget
exploiting structured data embedded in text; howetree
correctness of the query is limited to the avaligbof the
structure and the quality of our processing.

In addition to arithmetic comparison and aggreggtio
a powerful advantage that structured queries has o
keyword search is their ability to join documentgor
example, suppose a student wants to find out which
university is located in a place that can get veoid in
January. The student can pose a query that jdias t
university pages in the wide table with the tempem
table of the cities where the universities are tedabased
on the “location” field extracted from the univeyspages:

SELECT T1.1D

FROM WideTable T1, temperature_wiki T2
WHERE Tl.location = T2.city AND T2.month =
1 AND Low_F < 20;

Qs3:

Not surprisingly, Q3 returns the University of Wissin-
Madison. In our data set, this university is th@yoone
returned because only a small number of cities have
temperature tables, and many of them are in sunny
California.

In this case study, we present the first few staafes
incrementally evolving structure from a small set o
Wikipedia pages. Although we have only scratcheel t
surface of processing these pages, we have alszsmya
significant improvement in the type of queries thaers
can use: from keyword search over unstructured, data
focused keyword search over sections of text andshbf
info boxes and wiki tables, to doing arithmetic
comparison, aggregation, and even joins. Notedbhahg
this process, we have only focused on extracting-tre
based on the syntax of the Wiki markup text; weehaot
even used extractors based on natural languagegsiog
and statistical learning. There is still so muthcure yet
to be discovered and exploited, that we need abflex



infrastructure that gives us many options in howntmage
these evolving structures.

5 Related Work

There is a large body of literature relevant toioas
aspects of our workbench model. In this sectiomtny to
cover a representative sample of this related wuukit is
by no means exhaustive.

Our wide table resembles Google’s Bigtable [12], a
distributed storage system for managing structutath
that is designed to scale to a very large size.e Th
difference is that Bigtable focuses on storing doent
metadata, whereas our wide table needs to stoieretit
forms of extracted structures.

Our Extract, Integrate, andCluster operators overlap
somewhat in their functions with Data Cleaning $g@4],
which deal with detecting and removing errors and
inconsistencies from data in order to improve thality
of data. Also, supervised learning algorithms dsn
defined as operators that DBAs can apply to the dat.
Exploring how to adapt existing data cleaning aating
tools in the context of our workbench is a vereiesting
and promising area for future work.

There is a large body of literature in information
extraction [e.g., 3, 15, 17], data integration [&§], and
data clustering [e.g., 5], which we will not deberihere.

In the following, we review some recent or ongoing
projects that address problems similar to thoseesddd
by the workbench.

AVATAR [28], a prototype by IBM, aims to provide
seamless support for queries over unstructured and
structured data, mainly from the business doméinelies
on hand-written annotators to emit the structures.
Although a relational database (DB2) is used toestioese
structures, AVATAR devises an object model as an
abstraction layer to hide the details of the ungdiegl
storage. It also features a statistical model amdte
uncertainty about the extracted structures. Onétof
focuses is to support online analytic processingAP)
over uncertain and imprecise data [9].

ExDB [10] is an “extraction database” that extracts
structures from web text and supports structureerigs
over them. Using IE systems that are domain-indeéeet
and unsupervised, such as KnowltAll [21], it extsadata
values (e.g., “Einstein,” “Switzerland”), binary
relationships (e.g., “Einstein” was born in “Switzead”),
and semantic types (e.g., “Switzerland” is a “coyiit
The tuples are loaded into a probabilistic databadech
records for each tuple the probability of that &upleing
true. ExDB supports structured probabilistic gegrihat
use a Datalog-like notation.

Semex [18] is a platform for personal information
management and integration. It supports desktapcke
via semantically meaningful associations, which nbay
extracted by analyzing specific file formats (e.gatex
and Bibtex), derived from external sources, or raedi by
users. Therefore, a major challenge is to idemdifferent
references that correspond to the same real-woridept
[20]. Another line of work is the proposal of “rfedble”

object-oriented schemas to model uncertainty ths¢siin
diverse and evolving structures [19].

Cimple [16] is a platform for community information
management. For instance, its prototype systeni,ifeB
manages information for the database research coitynu
Although it is domain (or rather, community) spéegithe
data may come from multiple sources. With a lagyeup
of users, Cimple explores techniques that leveragss
collaboration, for tasks such as improving the eacy of
data integration tools [33].

Google’s RyGo [30] is a data integration architecture
intended to manage structured data on the Web .scale
Therefore, it has to model any kind of structunebjch
can come from any domain (e.g., school, government,
sports, etc.) and from any source (e.g., queryefisiL
forms in the Deep Web [11], Flickr [22], Google Bas
[23], etc.). RyGo and our workbench model share the
same philosophy that a system should be able to
incrementally evolve its understanding of the data.

For storing sparse data sets, Yu et al. [37] andl4k
separately advocated the use of a wide table —ithat
forego complicated schema design and store albatés
in a single physical table. As explained in Sett) our
workbench uses a modified wide table to store the
evolving set of structures.

Mansuri et al. [31] presented a system for
automatically integrating unstructured text intomaulti-
relational database. By using statistical modeds f
structure extraction and matching, the system loads
unstructured records into columns that spread acros
multiple tables in the database, and resolves the
relationship of the extracted text with existingluron
values.

Liu et al. [29] described an alternative approach t
answer structured queries over unstructured datstead
of extracting structures from unstructured data, it
transforms a given structured query to a keywordrygu
and poses this keyword query over the unstructdeee
directly.  Although this approach does not require
extraction, it somewhat defeats the purpose of ngpsi
structured queries, as it is inapplicable to exprgseries
that involve disjunction, inequality predicatesg(e<, >),
or aggregation. However, we noted that when a skités
sparse, it is often possible to use keyword seaslan
optimization technique for many structured quettieat
contain only equality predicates in conjunction][14ain
et al. [26] describes another approach to answectsred
queries over text data, by executing multiple esttes and
combining their results on the fly.

Although many of these systems explore similar
problems and propose similar techniques in compavris
our work, none of them employs their approach msd
relational database in an end-to-end fashion. nkast of
them, the use of a relational database is limitestaring a
set of structures, which usually have a well-dafine
schema when they are loaded into the database.e Som
systems, such ase@ex, do not even use a relational
database (although it would be possible to use.ore)
contrast, we focus on the seemingly unpromising ide
incrementally processing data in a relational dagab
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Conclusion

In this paper, we propose the use of a relatioatdlthse
as a workbench not only for storing and querying
structured data, but also for incrementally evaijvin
structure from unstructured data. As a proof afcept,

we conducted a case study of applying our apprdach
evolve and query the structure in the contents of
Wikipedia. Our experience in this study demonsttahat
our approach exploits existing technology effedyivend
allows one to quickly and incrementally discoverdan
query the structure lurking in unstructured docutsen

Much scope for future work remains — virtually ever

aspect of our system can be “driled down” upon to

discover and evaluate alternative approaches.

interesting outstanding problems include:

How to handle updates to the unstructured data.
That is, how should these updates be propagated
to the wide table, the mapping table, etc.? This
topic is relevant especially for Wikipedia, in
which users update the content all the time.

How to record the evolution of data, so when a
new document arrives and we find that it is similar
to existing documents in the workbench, we know
how we should process the new document.

How to help users write queries that exploit the
structure discovered in this workbench.

How to optimize queries in this context, such as
when they involve attributes that have many
mappings.

We intend to address these and other questiorsein t

future, and it is our hope that our initial work tims area
will inspire other researchers to also address ethes
questions.
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