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Abstract

Efficient management of text data is a major con-
cern of business organizations. In this direction,
we propose a novel approach to extract structured
knowledge from large corpora of unstructured busi-
ness documents. This knowledge is represented in
the form of object instances, which are common
ways of organizing the available information about
entities, and are modeled here using document tem-
plates. The approach itself is based on the observa-
tion that a significant fraction of these documents
are created using theut-copy-pastenethod, and
thus, it is important to factor this observation into
business document analysis projects. Correspond-
ingly, our approach solves the problem of object
instance extraction in two steps, namely similarity
search and then extraction of object instances from
the selected documents. Early qualitative results on
a couple of carefully selected document corpora in-
dicate the effective applicability of the approach for
solving an important component of the efficient text
management problem.
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very large, even this labor proves to be insufficient. Hence,
there is a great need for an automated system that can extract
structured knowledge from unstructured text documentis Th
paper presents a text mining approach that achieves tgettar

for a variety of documents.

One useful method to model the structure in a document
is via objects. An object is an entity that can be described
in terms of individual attributes. For instangegrsonis an
object whose attributes can bame nationality, profession
andincome Instances of this object are persons who have
a specified value for each of these attributes. Clearly, once
these object instances have been specified, the infornmsdion
gathered can be stored persistently in an easily accessible
retrievable structure, such as a relational database.

Corresponding to this utility of the notion of an object,
we hypothesized that many business documents describe in-
stances of different types of objects, such as stock pueshas
personnel records, business contracts and others. Thas, th
solution proposed in this paper attempts to extract these ob
ject instances from documents, so that they can be stored
in appropriate storage structures, such as databasesgand a
cessed easily. This task is achieved by modeling an object
using a document template and breaking the overall solution
into two steps:

1. Similarity search to identify which documents in the

Text is probably the most common form for knowledge in
today’s world. All forms of useful information in various €o
mains, be it education, business or education, gets p@lish
as books, webpages, papers or some other form of text. Eémnother useful insight that assisted the implementation of
pecially, in the domain of business, documents are an iakegr these steps was the method of creation of the documents, i.e.
part of the process, since every official detail has to be docdirect vsindirect creation. Briefly, the former method refers
umented for various purposes, such as sharing and dissenté thecut-copy-pastenethod of document creation, while the
nation, keeping proofs of decisions made and standardizinktter indicates the use of the template as a guide for thgspre
processes. Thus, it is very important for organizationskwor ration of the document. In accordance with this insight, the
ing in this domain to manage the information contained intraditional document similarity is modified to includedf -
these documents effectively. based similarity, which estimates the extent of directtinea
However, despite this importance, an inherent problenin a document. This similarity is also used in the extraction
with text data is that, in many cases, it is unstructured, i.e step to identify the most likely attributes values for olbjee
there is no standard format in which information is recordedstances in a document. The complete approach is described
in a document. This makes it extremely hard for a com-in detail later.
puter to automatically extract useful knowledge from a docu The rest of the paper is organized as follows. Section 2 dis-
ment, and thus, business organizations have to employ largrisses related work in the field of structure extraction from
amounts of specialized human labor for this task. More so, inext. Section 4 discusses our approach for this problem in
large organizations, where the volume of text data is uguall detail, and Section 3 explains the necessary background con

given corpus have been created from this template.
2. Extraction of instances from the identified documents.
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cepts. Some early qualitative results on two document cor- Now, if only the k biggest eigen values of are retained
pora are presented in Section 5. We conclude with directions X, andU and V' are modified accordingly, then the re-

of future work in Section 6.

2 Related Work

The field of information extraction has been around for
long time[Pazienza, 1999though most of the focus in this
area was initially on using natural language processirgptha
techniques for this tadlStrzalkowski, 1990 One of the ear-
liest works in this direction was the recognition of namesd en
tities in text[Borthwick, 1999; Cohen and Sarawagi, 2004

fined term-document matriX is obtained as in equation 2 is
shown to contain much less noise and more informative vec-
tor representations for the documents tiahDeerwesteet

al., 1990; Berryet al, 1994.

a

thd = Utxkikxkvkj;d (2)
Finally, given the above transformation &f, the term vec-

tor of any text query can be transformed as per equation 3.
=xr Us! (3)

Xquery query

These approaches used supervised techniques such as HMdhce this transformation is complete, the similarity compu

and maximum entropy classification for identifying proper

tation of this query with any document in the corpus can be

nouns and their corresponding entities in text. Since supeperformed just by carrying out a dot product of this query

vised techniques become infeasible for large data setsibeca

vector with the vector inX corresponding to the document.

of their requirement of additional knowledge about the data| 5| has to been shown to be very accurate at this fBskry

we have adopted an unsupervised approach in this work. Th

i al, 1994, and is the most heavily used application of LSI

enables us to accomplish the task in a larger scale, sucktas t§, our work.

repositories of a large business organization.

The closest work to ours has been presented in th
database communifyMansuri and Sarawagi, 2006; Borkar
et al, 2001; Chakaravarthgt al, 2004. While [Borkar et
al., 2001 modified the hidden Markov models to find the
best segmentation of a given text document into structure
records[Mansuri and Sarawagi, 20DGsed conditional ran-

dom fields to identify various recognition clues in the data,

and integrating knowledge about entities available in-rela
tional database§Chakaravarthgt al, 2004 also use knowl-
edge about entities available in databases, and aids tttis wi

8.2 Diff Algorithm

A very early problem in text analysis was the comparison
of the content of two documents at the syntactic level, i.e.,
whether the same terms have been used in the document, and
if so, how do the sentence composed by them differ. The
most efficient solution to this problem was the Diff algo-
rithm [Ukkonen, 198% which was very similar to the string

edit distance algorithfiNeedleman and Wunsch, 1970he
algorithm uses dynamic programming to find the maximal
pieces of text that are identical between two documents, and

entity templates to create links between the database and tleategorized the mismatched portionsrasertions deletions
given unstructured text document. Thus, even though thesandreplacementsThus, the output of the algorithm describes
approaches are very close in spirit, our approach is morehe syntactic differences between two documents, and ¢hus i
widely applicable, since it is unsupervised and does not asan integral part of our solution. Details and pseudo-code of

sume any external knowledge in the form of databases.

Diff are omitted here for brevity purposes, but can be found

In addition to the above research in the field, work has als@lsewherdHunt and Mcllroy, 197& Also, Diff is very com-
been done in relation to the constituents steps of the dveraionly used as thdiff command in UNIX systems.

approach. We discuss these works during the discussion of

the corresponding step.

3 Background

3.1 Latent Semantic Indexing (LSI)
A very crucial task for computational text analysis is rep-

resenting a document in the Euclidean space so that impo

3.3 Inverse Document Frequency (idf)

Often in a large document corpus, there exist a significant
number of terms that occur very rarely, and thus are very im-
portant for discriminating the documents they appear in- Se
eral term weighting schemes have been proposed to model
this behavior, of which, the inverse document frequency
fidf) [Robertson, 2004is the most widely used. Thaif

tant operations, such as similarity computation between do ©f @ termt is defined as in equation 4, whekeis the size of
uments, can be performed conveniently. Latent Semantic i€ €orpus, andV; is the number of documents containing

dexing (LSI)[Deerwestert al, 1990 has emerged as the
most popular technique for this task, since it very effestiv

idf, zog%) @)

handles the natural language problems of synonymy and polt is clear from the above equation that rare terms, such as

ysemy, besides providing mathematical benefits such as
noise-resistant vector representation of documents. iéf, br
LSl involves the singular value decomposition of the orédin
term-document matriX(; 4 to give three new matricds, ©
andV according to equation 1. HerE,is a diagonal matrix
containing then eigen values ofX, while U andV contain
the left and right eigen vectors &f.

Xt><d = UtXmEmeVT

m 1)

xXd
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@oper nouns, are expected to have high idf values, while
common terms, such &t large andpopularare expected

to have significantly low idf values. For this accurate mod-
eling of term importanceidf has been shown to work well

in a variety of text analysis applications, such as classific
tion [Joachims, 1998and extractior{Salton and Buckley,
1989. In fact, significant research has been devoted to find-
ing a theoretical justification okl and factors leading to its
succes$Robertson, 2004



4.1 Methods of Document Creation

dtcan be observed from experience that a substantial dracti

of the documents created by anybody are either directly cre-
ated from, or with the help of a document that is similar in
syntax and/or content. This is especially true in the bissine
world, where various documents have to be prepared regu-
larly, such as contracts, meeting minutes, stock purcreasks
user interviews and thus are usually prepared on the basis of
template(s). Thus, in order to any automated analysis skthe
adocuments effectively, these methods of creation have to be

it gives us an effective way to model the latent structure in : X
document, i.e., the object instance described in it Incorporated in the analysis procedure. For the purposearof o
t ) approach we define two such methods:

However, the concept of an object is easier formalized than ] ) _
implemented. Given an unstructured document, there are two 1. Direct creation: This method models theut-copy-

3.4 Objects and Templates

An object in the business domain is used to capture th
available information about an entity, in a structured for-
mat [Eeles and Sims, 1998 A common mathemati-

cal view of an object is as a set of attributes. For
instance, anemployee object may be described by the
set{name, telephone, empnum, position}. When specific

values are assigned to these attributes, an instance aftthis
jectis created. This is the view adopted in our approachesin

levels of complexity in identifying the object instance &-d
scribes, if there is no external information:

1. Itis hard to identify if a term in the document contributes
to the description of an object instance.

2. ltis hard to find which attribute the term is a value of.

Thus, in order to identify object instances, it is importemnt
model an object more concretely. We adopt the ideadufa
ument templatéor this purpose. A template is a document
that specifies, either directly or indirectly, how the ditrte
values of an object instance are to be incorporated in a doc-

ument. For instance, an employee file can be used as a tem-

plate for theemployee object discussed above. This model is
heavily made use of in our approach, as will be seen later.

4 Proposed Approach

pastemechanism of document creation. In this method,
the overall syntax of the document remains the same as
the original template, while certain terms are replaced
with other specific ones. For instance, a phrase such as
X bought Y shares of i the template may be modi-
fied toMicrosoft bought 500 shares of Infoqysing this
method. Examples of documents that are created using
this method are stock purchases and business contracts.

2. Indirect creation: This method involves the use of
the semantic content of the original template only as a
guideline for the final document. Thus, although the
content of the final document is semantically similar to
the original document, the syntax may be significantly
different. An example in case is that of user research
interviews, which are usually prepared on the basis of
an interview guideline that provides the questions to be
asked to the user and observations to be made.

This dichotomization of the document creation process is a

With the required background, we now proceed to the deyey insight utilized by our approach and is thus incorpatate
tails of the proposed approach for solving the problem of ex¢arefully into the solutions of both the similarity searcida

tracting structured information from a corpus of unstruetl
business documents. As mentioned earlier, the target ®f thig

e instance extraction steps. This is achieved by intrioduc
Diff-based similarity measure into the similarity esttioa

approach was the extraction of object instances from a Colyrgcess and use of this similarity to identify the best field
pus of text documents, where an object is represented by gy |yes for an object instance. Details of how this is modeled

document template. Given this definition of the problem, oury,
approach solves it in two steps:

1. Similarity search: In this step, a similarity search is
conducted on the given corpus with the template as the
seed document, and the most similar documents are
stored in a family. This family of documents are hy-
pothesized to have been created from the template, since
they are similar in syntax and semantics to it, and thus
expected to contain instances of the given object.

Extraction of attribute values of object instances: 4.

athematically are presented in the new few sections.

%%@D%JQ@ %

Instructured Document Corpus Seed documents

Specifications
Me

",
Contracts mos g

Families of Similar Document:

Figure 1: Overview of the similarity search step

2 Similarity Search

Once the above family of documents has been conJhe first step of our approach is the identification of docu-

structed, the terms in each document are weighted, and

ents in the corpus that have been created from the template

potential attribute values of the corresponding object infe€presenting the object under consideration, as showrgin Fi

ure 1. The hypothesis underlying this step is that documents

that aresimilar to the template have been created from the
This approach is illustrated in detail in Figure 4. However,template, and thus, are highly likely to contain instandes o

before explaining the above two steps, and their constituerthe corresponding object. In order to model this hypothesis

tasks in detall, it is very important to understand two modesaccurately, it is necessary to use a similarity measurer¢hat

of document creation that the corresponding solutionséo thflects the above methods of document creation from the tem-

steps are based on. plate. For this purpose, we use multiple measures to egtimat

stance(s) are produced.
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different types of similarities between two documents, andmplemented using a modified version of the Diff program
derive an overall similarity estimate from these valuesl- Fo of [Darwin and Lindsay, 2046

lowing is a detailed description of each of these measures,, .\ od similari
how they are combined, and how the final set of most simi- ag-based similarity

lar documents is selected. However, before discussing thed©0r many documents that have been prepared by human ex-
methods, it is important to note that one of other possible apP€'ts; such as user research interviews and pictures, fags a
proaches for building the families of documents similatie t - Often assigned to ensure efficient organization in a repgsit

given templates is clusteririgain and Dubes, 1988We do Since many such docgments are expected to be enco_untered
not follow this approach for the following two reasons: in the business domain, and to make use of human intelli-

gence wherever available, we also incorporated a tag-based

similarity into the overall measure. #; and7; are the sets

of tags for documentd; andd, respectively, then the tag-

2. All similarities are calculated with respectto atemejat based similarityim,,q, betweeni; andd, can be defined as
and not between documents, as is done in clustering. in equation 7b.

With this clarification, we proceed to the discussion of the
similarity measures used in our approach. Teommon = {t|t € Ty, t € To} (7a)

1. One document can be in multiple families, since its
preparation may have involved multiple templates.

- - - TCOmmOTL Tcommon
LSl-based similarity §iMtag(dy, dg) = mz‘n(| || |) (7b)

This similarity measure was designed to evaluate the seman- Ty| 7 |T

tic similarity of two document, since this indicates if one Thus,sim;,, counts the fraction of tags that are the same
of the documents may have beienlirectly created from the  petween two documents, and assigns the similarity as the
other, as defined above. Since LSl is a powerful technique tghinimum of the two fractions. This ensures that the calcu-

quantify the semantic content of a document, an LSI-basegition is not biased towards documents that may have fewer
similarity measure namestm;,; is used for this task. This tags than others.

measure simply computes the dot product between LSI vec- o

torsa; andas of two documentsl; andd, respectively, as  Overall similarity

shown in equation 5. The previous sections discussed the computation of three
different similarity measures between a pair of documents,
namely LSl-based similaritgim,;, Diff-based similarity

In our implementation, LSI was applied to the origin#l— sima;sr and tag-based similaritgim,.,,. However, once

idf matrix for the corpu$Salton and Buckley, 1948where  these similarities have been calculated, the need arises to
true frequencyi(f) takes into account the occurrence, and in-combine them to calculate an overall similarity. Our ap-
verse document frequencidf) accounts for the importance proach to this problem uses a simple weighted mean of the
of each term in a document. Also, the implementation of LSIsimilarities. This operation is mathematically valid,sgrthe

and the similarity calculation were adopted from the Gemeri range of each of these similarities/is 1], and thus, the over-
Text Parser (GTP)Giles et al, 2009 software, and the de- all similarity also has the same range. The precise weights
fault parameters therein were used for these tasks. are pre-specified using the idea that both the direct and indi
rect methods are expected to be of the same importance for
document creation, and thus their corresponding siniiagit
simg; ¢ andsim,; respectively, are assigned equal weights.

simyei(di, da) = o - g (5)

Diff-based similarity
simy; indicates if one document was indirectly created from
another. However, if a similar evaluation has to be done fo%lso, wherever available, tag-based similaitynq, is also

thedirectcreation method, then, as per the definition, the SYNassigned the same weight as the others, so as to give impor-

tactic similarity of the documents has to be evaluated, i..3nce to human intelligence. Using these ideas, the overall

how equivalent are the composition of the sentences, and thgnjarity sim is computed as in equation 8. The two cases in

order of the_words in them. . . . this equation account for the conservative assumption made
The solution adopted for this problem is derived from they, o siMuag(d1,d>) = 0 implies that no tags were assigned

Diff algorithm discussed earlier. Assume that documets for d; andds, and thus, this similarity should not be consid-

andd, have been processed by the Diff algorithm. Now, asgreq i the weighted mean calculation. Since tags are derive
per the output of this processing, 16t be the set of terms

in d; that have been either replaced or deleted, andjet from a document’s content and syntax, the other similaritie
1 . ) » re expected to account for any exceptions to this assumptio
be those ind, that have been inserted, then the dlff-baseda P y P P

similarity simg; s ¢(d1, d2) can be calculated as in equation 6.
|di| = [S1] |d2| —|S2]

|di ] da otherwise

This definition of simg; ¢ essentially implies that it is in- (8)
versely proportional to the maximum fraction of change be- Thus, once this similarity computation is carried out with
tween the two documents. Thus, this measure indeed meaespect to a template for all the documents in a corpus, the
sures how much of the syntax of a document has been modhtter can be arranged in the order of decreasing similarity
ified to transform it into the other document. The idea wasvalues. The question that arises now is how to select the most

Zie{diff,lsi} simi(di,d2)

) (6)  sim(di,da)= Zbe{d‘”l?t }
3

$iMiag(di,d2) =0

simgif(di, d2) = min( sims (d1,da)
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similar documents out of this listing. The approach used tmf our approach is the retrieval of these object instanaas fr
solve this problem is discussed in the next section. the constituent documents. Since it is hard to train a com-
. L puter to identify individual attributes of an object becaus
Selection of Most Similar Documents of reasons noted earlier, and all possible values for those a
Our approach to solve this problem is based on the obsetributes, we took an unsupervised approach to this taslks Thi
vation that the distribution of similarity values in a cospof  approach consists of the measurement of significance of the
business documents is skewed, i.e., most of the documents aerms for a given document, and the display of the most sig-
expected to have a small similarity with the template, while nificant terms to the user. Thus, given the object definition,
small number of documents that have been created from thigjs hoped that the user will construct the object instange b
template will have significantly higher similarities. This-  mapping the terms produced with the attributes of the object
SerV.atlon is validated by the distribution ShOWn n Elgure ZHowever’ our approach ensures that Suggestions made are ro-
that is generated for a corpus of user research interviewds, a pust and not very large in number, and the first step in this

this is the trend observed for several other corpora. direction is the use of the inverse document frequends) (
scoring scheme for terms.
o8 As mentioned beforeidf is an effective scheme for esti-

mating the significance of a term for the documents it appears
in [Salton and Buckley, 1988; Robertson, 2R0%his is so,
since a term that occurs in a small number of documents, and
thus is very significant for differentiating them, will hage
highidf as per equation 4, and vice versa. Due to this strong
reasoning, we also ugdf for evaluating the significance of
a term, and sort all the terms in a document in decreasing or-
der of theiridf values. However, a set of significant terms
has to be selected from this list to be shown to the user. This
selection is done in keeping with the method that is expected
A i S to have been used for creating this document. The following
sections discuss how thed@ect and indirect methods are
incorporated into the object instance retrieval process.

ot
S

]
o

0.5

Overall similarity (sim)

Figure 2: Distribution ofsim values for a sample corpus and
template Direct Case

If a documentd has been created by the method of direct

Clearly, under such a distribution, it does not make senséreation from a templatg this implies that some terms that

to select a fixed number of documents. Thus, in keeping witvere inserted intd by replacing terms in. This is important,
the observation, the set of most similar documents&aye  Since these inserted terms are expected to be specifiatuw
selected on the basis of the area under the distributiorecurvthus are likely to be the attribute values of the object insta
Starting with the document with the highest similarity, doc Peing described id. For instance, in the example discussed
uments are added t§, until the sum of their corresponding €arlier, namely the transformation fro¥bought Y shares
similarities is half that of the similarities of all the docu ©Of Z to Microsoft bought 500 shares of Infosydicrosoft,
ments in the corpus. Thus, this method adaptively selectg00 andinfosysmay be the values of theuyer, quantity
the set of most similar documents, i.e. S, for a given tereplat and seller attributes of an instance of théock_purchase

object. Thus, this method of document creation was handled

The previous subsections detailed how, given a templatBY treating these terms as potential attribute values.

corresponding to an object definition, a set of mostdocusnent  The above idea was implemented as follows. Firstly, the
have been created using it, and thus are expected to be sy#ocumentd was assigned to this casesifima;yy(d, t) > 7,
tactically and/or semantically similar to it, can be retdd  Wherey ~ 1, which indicates thaf was created fromby re-
from a corpus. Also, since a corpus is expected to contaiRlacing afew terms. Next, all the terms that were insertea in
documents describing instances of multiple objects, thé-mo ¢, s output by running the Diff algorithm afhwith respect
ularity of the similarity search step allows the specificati {0 ?, are ranked in terms of theitif values in descending or-
of multiple templates and the retrieval of their correspond der. Sincesimaz¢(d.t) is very high, we expect this list to
ing sets of similar documents. This enables the realizatfon Pe small, and thus, the results will provide robust and not to
the scenario shown in Figure 1, where multiple templates, off@ny suggestions for possible attribute values of the objec
seed documents, are used to build corresponding families dfistance described in this document.
similar documents. Indirect Case

. . . In the indirect case, a documeiis expected to have been
4.3 Extraction of Attribute Values of Object created using a templatenly as a guide. Thus, the problem
Instances of object instance extraction becomes harder here. This is
Once a family of documents that have been created from a0, since in this case, it is not clear which terms are expecte
given template, and are thus each expected to contain &t leds be attribute values. Thus, here, all the inferences have t
one instance of the object, has been constructed, the sixt tabe made on the basis of the significance of a term, since the

159 AND 2007



terms that are more specific to this document are expected to In our approach, in keeping with the above result,

be specific details of the objectinstance being describbid. T idf(T) is set conservatively to its lower bound, i.e.,

idea is implemented using the following steps. max(idf (t1),idf (t2), ..., idf (t,)), and the output is reorga-
nized as follows in the two cases:

0.4

1. Direct case By definition, the Diff algorithm produces

et maximal phrases that are different between the two files.
03 Thus, in this case, these phrases are simply ranked using
theiridf as estimated above, and output to the user.

. Indirect case Once the set of significant terms has been
produced, terms that occur contiguously in the original
document, are combined into a phrase, which is in turn
ranked according to it&lf as estimated above.

idf value
= &
9
N

o 20 40 60 BO 1o0 120 140 160 180 200
Term Index

Thus, at the end of this term combination step, we have a
set of robust suggestions of possible attribute valueshier t

_ o ) object instance described in each document in the family tha
Figure 3: Distribution ofdf values of terms in a document \yas constructed in the similarity search step.

To start with, all the terms in the document are sorted ing 4 Overall Approach
terms of theirdf values. Again, this distribution aflf values
is found to be skewed, as shown in Figure 3 for a samplé—he previous two sections described in detail the constitue
document. This is understandable, since only a few termsteps of our overall approach for the extraction of striedur
in the document are expected to be significant, and most dgibject instances from a corpus of unstructured documents,
the other terms are expected to be relatively more commormamely similarity search and extraction of object instance
Thus, a procedure similar to the one used for selecting th&ach of these steps constituted multiple cases and su;step
most similar document documents to a template is used her#hich were solved in keeping with the final goal. Figure 4
However, since terms in a document are expected to be moftustrates the overall approach for extracting instarwesn
numerous than documents in a corpus, and since most of thject from a document corpus, given an object’s definition.
terms are expected to have very ladf, we selected only the Conducting this process for all the object definitions aredrth
highest ranking terms that contribute a fifth to the total suncorresponding templates that have been specified by the user
of idf values for all the terms in the document. This provideswe can numerous instances of objects described in the entire
us a list of the most significant terms for the document thacorpus. These instances can in turn be used to populate indi-
are expected to denote attribute values of the object instan vidual databases for each object, or combinations theasof,

described therein. per the need of the data organization problem. Thus, our ap-
. . proach provides a nearly complete solution to this hardprob
Grouping of Significant Terms lem and is expected to be of great use for organizations grap-

In the sections above, we discussed how to select the mogting with the problem of management of information in the
significant terms in the two cases of direct and indirect creform of unstructured text documents.

ation of a document from a template. However, in many

cases, groups of terms may denote attribute values, such as ]

full names likeGeorge Bushinstead oGeorgeandBushsep- © EXperimental Results

arately. Thus, combinations of these terms are also consi
ered as potential attribute values, by estimatingdrvalue
for the phrases so formed. Earlier approaches estimated t
idf values of phrases by treating constant length phrases
terms[Mitra et al, 1997; Andrewset al, 1999. However,
we perform this estimation with the help of Lemma 4.1.

q=he previous section discussed our approach to solve the
roblem of extraction of object instances from unstruaure
cuments. Even though the approach is intuitively valid,
is necessary to evaluate its performance on real document
datasets. We present details of this evaluation on two such
corpora. These correspond to the cases of documents created

Lemmad.l If T = {t1,t2,...,tn}, where ¢; using only thedirect, and bothdirect and indirect methods
(1 < ¢ < n) are terms, thenidf(T) >  respectively.
max(idf (t1),idf (t2), - . . ,idf (tn)). However, it should be noted that, due to the use of free

natural language in the text being analyzed, the ultimalte va

that the frequency off' will be less than or equal to idation methodology for this problem is evaluation by a hu-

‘ ' _ Ny > man expert, since the final output of any approach is can be
any of the terms;, we have thatidf(T') ZOQNNS) ~  interpreted subjectively. Thus, most of our evaluationiale

N N L , e .

lOg(mm(N,l ,...,Nm)) z max(logN—t], - log R itative. Also, since it is hard to conduct a completely girant

maz(idf (t1),idf (t2), ..., idf (t,)). Hence proved. tative evaluation of the output, we present early quantiat
results wherever possible in the following sections.

Proof. Using the notation of equation 4, and noting
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Object definition

Similarity estimation

Similarity ranking

|__Famiy of similar docs _|

amlly members

Idf-based |

Dif-based Idf-based | Diff-based

Figure 4: Proposed approach for extracting object ins&froen unstructured documents (seed docureetgmplate)

5.1 The Direct Creation Corpus 4. employer

It may be noted from Section 4 that a major innovation in 5. visa type
our approach is the analysis of documents created using the This order reflected exactly number and frequency of val-

g:::g(r:; a%rhtgee;:tr-;t%?g }%z;\st';]e?;eéggg. J Shlﬁ; ;V gaﬁgggaéxgr;%es used to generate the data set. These observations con-
from a cover letter format for visa applications. This lette rmed that our approach handies the direct case very well.
contains several fields that have to be filled by applicans. W5 2 The General Corpus

generated a data set of hundred documents by randomly fiIE!- der to sh th biliti f th hoit
ing these fields with a corresponding set of possible value n order 1o show the capabiiiies of the approach, I

We also added hundred unrelated documents to this data s§gS Important to evaluate its performance on a gengrgl
to create a realistic corpus. corpus of document, not one prepared by any specific

Now, for the experiment, an applicant ob- method.  For this purpose, we constructed a general
ject \;vas created consisting, of set of attributesCO'PYS by adding forty (proprietary) user resea_rch In-
[name, employer, destination country, vise type, external terviews to the corpus created above for testing the

contact). The original cover letter format was used as thedi'ect q cfase(.j ; Anthaddm((j)nal ObI?Ct _?am?j{d;éeqmewb .
template for this object. Finally, our approach was exatute Vas C€lined for these documents, 1ts atirnbutes being
under these settings on the corpus, potential attributeegal {interviewee, product, problem, solution, helping material,

were extracted from each document, and object instance&eywoms}' It can be observed that these attributes are not

were composed from these values. Upon a visual inspectiof® well defined as those applicant, since the supporting
of the results obtained, the following observations cogd b documents were created using a template only as a guideline,
made: ' and did not follow any particular syntax.

As expected, the results obtained by executing our ap-
1. All documents created using the template were pickegroach on this general corpus were not as good as those ob-
up by the similarity search step. tained for the previous experiment. However, with sufficien
2. The potential attribute values extracted from a docuhuman support, some general trends of good performance

ment could be accurately composed intoamplicant ~ could still be observed:
instance. Thus, the precision was high. 1. Most documents similar to thénterview template
3. The coverage was nearly complete, i.e., at least one could be retrieved from the corpus, the highest contri-
applicant instance was extracted from almost every  bution to the similarity coming fromaims;.
document. 2. Values of most attributes could be retrieved from each

In further support of the second observation, the following ~ document, some attributes having multiple values.
was the observed importance of the various attributesy€alc  Thus, though this experiment illustrated some new chal-
lated in terms of the averagéf value of their values across |enges such as the complexity due to the free use of language
all documents: and multiple values of attributes, the results still shoresl
potential of our approach for analyzing a general corpus.

1. name
2. external contact We are currently constructing benchmark data sets and
3. destination country evaluation measures that will give us a quantitative evalua
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tion of the results, which will be discussed in a subsequent data integration methods. FProc. Tenth ACM SIGKDD
more detailed paper. Still, based on the above results, we ca pages 89-98, 2004.

conclude that our approach holds great promise for solvinngarWin and Lindsay, 20d6lan  Darwin and  Don-
the problem of extracting structured knowledge in the form™ j 4 . Lindsay.’ A diff implementation in java.

of object instar_lces_ from a corpus of unstruptur_ed bU_Si’?eSS http://javacook.darwinsys.com/javasrc/textproc/[jifa,
documents. This will be a big boost for organizations aiming  5qgg

for efficient management of their text document reposisorie
[Deerwesteet al,, 1990 Scott C. Deerwester, Susan T. Du-

; mais, Thomas K. Landauer, George W. Furnas, and
6 CFOI’]ClUSIOﬂ . Richard A. Harshman. Indexing by latent semantic anal-
In this paper, we presented an effective approach for the ysis. journal of the American Society of Information Sci-
extractlorrl] of structuLed kngwlecége frr(])m ltj)nstruc'gure(:] dodcu ence 41(6):391-407, 1990.
ments. The approach was based on the observation that dogy- : . . .
ments are cre%pt)ed by two methods, nanu#lgct andindirect C[Léeles anq Sims, 1_9983eter Ee_Ies and Oliver Sim&uild-
creation. Consequently, it consisted of two steps, i.ei|ai- ing Business Objectgohn Wiley & Sons, 1998.
ity search and extraction of object instances, which toek¢h [Gileset al, 2003 J. T. Giles, L. Wo, and M. W. Berry.
methods of document creating into account. Early qualiati GTP (General Text Parser) Software for Text Mining. In
results on two corpora showed the efficacy of our approach H. Bozdogan, editorStatistical Data Mining and Knowl-
for the stated task. edge Discoverypages 455-471. 2003.

In future work, we intend to intelligently automate the taSk[Hunt and Mcllroy, 1976 J. W. Hunt and M.D Mcllroy. An

of object instance composition from its attribute valuesl a ~ g1gorithm for differential file comparison. Technical Re-

investigate techniques for incorporating these instaimtes port CSTR 41, AT&T Bell Laboratories, 1976.
relational databases. Another important direction wowdd b ' '

the design of a quantitative methodology for the evaluagion [Jain and Dubes, 1988Anil K. Jain and Richard C. Dubes.
the performance of the approach. In addition, the probléms o Algorithms for clustering dataPrentice-Hall, Inc., 1988.
estimating the statistical distributions of document anity [Joachims, 1998 Thorsten Joachims. Text categorization

and termidf values also deserve significant study. with suport vector machines: Learning with many relevant
features. IECML '98: Proceedings of the 10th European
Acknowledgements Conference on Machine Learningages 137-142, 1998.
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