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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 thecut-copy-pastemethod, 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.

1 Introduction
Text is probably the most common form for knowledge in
today’s world. All forms of useful information in various do-
mains, be it education, business or education, gets published
as books, webpages, papers or some other form of text. Es-
pecially, in the domain of business, documents are an integral
part of the process, since every official detail has to be doc-
umented for various purposes, such as sharing and dissemi-
nation, keeping proofs of decisions made and standardizing
processes. Thus, it is very important for organizations work-
ing in this domain to manage the information contained in
these documents effectively.

However, despite this importance, an inherent problem
with text data is that, in many cases, it is unstructured, i.e.,
there is no standard format in which information is recorded
in a document. This makes it extremely hard for a com-
puter to automatically extract useful knowledge from a docu-
ment, and thus, business organizations have to employ large
amounts of specialized human labor for this task. More so, in
large organizations, where the volume of text data is usually

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 documents. This
paper presents a text mining approach that achieves this target
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 instance,personis an
object whose attributes can bename, nationality, profession
and income. 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 informationso
gathered can be stored persistently in an easily accessibleand
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 purchases,
personnel records, business contracts and others. Thus, the
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 databases, and ac-
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
given corpus have been created from this template.

2. Extraction of instances from the identified documents.

Another useful insight that assisted the implementation of
these steps was the method of creation of the documents, i.e.
direct vs indirect creation. Briefly, the former method refers
to thecut-copy-pastemethod of document creation, while the
latter indicates the use of the template as a guide for the prepa-
ration of the document. In accordance with this insight, the
traditional document similarity is modified to include adiff -
based similarity, which estimates the extent of direct creation
in a document. This similarity is also used in the extraction
step to identify the most likely attributes values for object in-
stances in a document. The complete approach is described
in detail later.

The rest of the paper is organized as follows. Section 2 dis-
cusses related work in the field of structure extraction from
text. Section 4 discusses our approach for this problem in
detail, and Section 3 explains the necessary background con-
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cepts. Some early qualitative results on two document cor-
pora are presented in Section 5. We conclude with directions
of future work in Section 6.

2 Related Work
The field of information extraction has been around for a
long time[Pazienza, 1999], though most of the focus in this
area was initially on using natural language processing-based
techniques for this task[Strzalkowski, 1999]. One of the ear-
liest works in this direction was the recognition of named en-
tities in text[Borthwick, 1999; Cohen and Sarawagi, 2004].
These approaches used supervised techniques such as HMM
and maximum entropy classification for identifying proper
nouns and their corresponding entities in text. Since super-
vised techniques become infeasible for large data sets because
of their requirement of additional knowledge about the data,
we have adopted an unsupervised approach in this work. This
enables us to accomplish the task in a larger scale, such as text
repositories of a large business organization.

The closest work to ours has been presented in the
database community[Mansuri and Sarawagi, 2006; Borkar
et al., 2001; Chakaravarthyet al., 2006]. While [Borkar et
al., 2001] modified the hidden Markov models to find the
best segmentation of a given text document into structured
records,[Mansuri and Sarawagi, 2006] used conditional ran-
dom fields to identify various recognition clues in the data,
and integrating knowledge about entities available in rela-
tional databases.[Chakaravarthyet al., 2006] also use knowl-
edge about entities available in databases, and aids this with
entity templates to create links between the database and the
given unstructured text document. Thus, even though these
approaches are very close in spirit, our approach is more
widely applicable, since it is unsupervised and does not as-
sume any external knowledge in the form of databases.

In addition to the above research in the field, work has also
been done in relation to the constituents steps of the overall
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 impor-
tant operations, such as similarity computation between doc-
uments, can be performed conveniently. Latent Semantic In-
dexing (LSI) [Deerwesteret al., 1990] has emerged as the
most popular technique for this task, since it very effectively
handles the natural language problems of synonymy and pol-
ysemy, besides providing mathematical benefits such as a
noise-resistant vector representation of documents. In brief,
LSI involves the singular value decomposition of the original
term-document matrixXt×d to give three new matricesU , Σ
andV according to equation 1. Here,Σ is a diagonal matrix
containing them eigen values ofX , while U andV contain
the left and right eigen vectors ofX .

Xt×d = Ut×mΣm×mV T
m×d (1)

Now, if only thek biggest eigen values ofX are retained
in Σ, andU and V are modified accordingly, then the re-
fined term-document matrix̂X is obtained as in equation 2 is
shown to contain much less noise and more informative vec-
tor representations for the documents thanX [Deerwesteret
al., 1990; Berryet al., 1994].

X̂t×d = Ût×kΣ̂k×kV̂ T
k×d (2)

Finally, given the above transformation ofX , the term vec-
tor of any text query can be transformed as per equation 3.

X̂query = XT
queryÛ Σ̂−1 (3)

Once this transformation is complete, the similarity compu-
tation of this query with any document in the corpus can be
performed just by carrying out a dot product of this query
vector with the vector inX̂ corresponding to the document.
LSI has to been shown to be very accurate at this task[Berry
et al., 1994], and is the most heavily used application of LSI
in our work.

3.2 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, 1985], which was very similar to the string
edit distance algorithm[Needleman and Wunsch, 1970]. The
algorithm uses dynamic programming to find the maximal
pieces of text that are identical between two documents, and
categorized the mismatched portions asinsertions, deletions
andreplacements. Thus, the output of the algorithm describes
the syntactic differences between two documents, and thus is
an integral part of our solution. Details and pseudo-code of
Diff are omitted here for brevity purposes, but can be found
elsewhere[Hunt and McIlroy, 1976]. Also, Diff is very com-
monly used as thediff command in UNIX systems.

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. Sev-
eral term weighting schemes have been proposed to model
this behavior, of which, the inverse document frequency
(idf ) [Robertson, 2004] is the most widely used. Theidf
of a termt is defined as in equation 4, whereN is the size of
the corpus, andNt is the number of documents containingt.

idft = log(
N

Nt

) (4)

It is clear from the above equation that rare terms, such as
proper nouns, are expected to have high idf values, while
common terms, such asset, large andpopular are expected
to have significantly low idf values. For this accurate mod-
eling of term importance,idf has been shown to work well
in a variety of text analysis applications, such as classifica-
tion [Joachims, 1998] and extraction[Salton and Buckley,
1988]. In fact, significant research has been devoted to find-
ing a theoretical justification ofidf and factors leading to its
success[Robertson, 2004].
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3.4 Objects and Templates

An object in the business domain is used to capture the
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 of thisob-
ject is created. This is the view adopted in our approach, since
it gives us an effective way to model the latent structure in a
document, i.e., the object instance described in it.

However, the concept of an object is easier formalized than
implemented. Given an unstructured document, there are two
levels of complexity in identifying the object instance it de-
scribes, if there is no external information:

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

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

Thus, in order to identify object instances, it is importantto
model an object more concretely. We adopt the idea of adoc-
ument templatefor this purpose. A template is a document
that specifies, either directly or indirectly, how the attribute
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

With the required background, we now proceed to the de-
tails of the proposed approach for solving the problem of ex-
tracting structured information from a corpus of unstructured
business documents. As mentioned earlier, the target of this
approach was the extraction of object instances from a cor-
pus of text documents, where an object is represented by a
document template. Given this definition of the problem, our
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.

2. Extraction of attribute values of object instances:
Once the above family of documents has been con-
structed, the terms in each document are weighted, and
potential attribute values of the corresponding object in-
stance(s) are produced.

This approach is illustrated in detail in Figure 4. However,
before explaining the above two steps, and their constituent
tasks in detail, it is very important to understand two modes
of document creation that the corresponding solutions to the
steps are based on.

4.1 Methods of Document Creation
It can be observed from experience that a substantial fraction
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 business
world, where various documents have to be prepared regu-
larly, such as contracts, meeting minutes, stock purchasesand
user interviews and thus are usually prepared on the basis of
template(s). Thus, in order to any automated analysis of these
documents effectively, these methods of creation have to be
incorporated in the analysis procedure. For the purpose of our
approach we define two such methods:

1. Direct creation: This method models thecut-copy-
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 Zin the template may be modi-
fied toMicrosoft bought 500 shares of Infosysusing 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
key insight utilized by our approach and is thus incorporated
carefully into the solutions of both the similarity search and
the instance extraction steps. This is achieved by introducing
a Diff-based similarity measure into the similarity estimation
process and use of this similarity to identify the best field
values for an object instance. Details of how this is modeled
mathematically are presented in the new few sections.

Figure 1: Overview of the similarity search step

4.2 Similarity Search
The first step of our approach is the identification of docu-
ments in the corpus that have been created from the template
representing the object under consideration, as shown in Fig-
ure 1. The hypothesis underlying this step is that documents
that aresimilar to the template have been created from the
template, and thus, are highly likely to contain instances of
the corresponding object. In order to model this hypothesis
accurately, it is necessary to use a similarity measure thatre-
flects the above methods of document creation from the tem-
plate. For this purpose, we use multiple measures to estimate
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different types of similarities between two documents, and
derive an overall similarity estimate from these values. Fol-
lowing is a detailed description of each of these measures,
how they are combined, and how the final set of most simi-
lar documents is selected. However, before discussing these
methods, it is important to note that one of other possible ap-
proaches for building the families of documents similar to the
given templates is clustering[Jain and Dubes, 1988]. We do
not follow this approach for the following two reasons:

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

2. All similarities are calculated with respect to a template,
and not between documents, as is done in clustering.

With this clarification, we proceed to the discussion of the
similarity measures used in our approach.

LSI-based similarity
This similarity measure was designed to evaluate the seman-
tic similarity of two document, since this indicates if one
of the documents may have beenindirectly created from the
other, as defined above. Since LSI is a powerful technique to
quantify the semantic content of a document, an LSI-based
similarity measure namedsimlsi is used for this task. This
measure simply computes the dot product between LSI vec-
torsα1 andα2 of two documentsd1 andd2 respectively, as
shown in equation 5.

simlsi(d1, d2) = α1 · α2 (5)

In our implementation, LSI was applied to the originaltf −
idf matrix for the corpus[Salton and Buckley, 1988], where
true frequency (tf ) takes into account the occurrence, and in-
verse document frequency (idf ) accounts for the importance
of each term in a document. Also, the implementation of LSI
and the similarity calculation were adopted from the Generic
Text Parser (GTP)[Giles et al., 2003] software, and the de-
fault parameters therein were used for these tasks.

Diff-based similarity
simlsi indicates if one document was indirectly created from
another. However, if a similar evaluation has to be done for
thedirectcreation method, then, as per the definition, the syn-
tactic similarity of the documents has to be evaluated, i.e.,
how equivalent are the composition of the sentences, and the
order of the words in them.

The solution adopted for this problem is derived from the
Diff algorithm discussed earlier. Assume that documentsd1

andd2 have been processed by the Diff algorithm. Now, as
per the output of this processing, letS1 be the set of terms
in d1 that have been either replaced or deleted, and letS2

be those ind2 that have been inserted, then the diff-based
similarity simdiff (d1, d2) can be calculated as in equation 6.

simdiff(d1, d2) = min(
|d1| − |S1|

|d1|
,
|d2| − |S2|

d2
) (6)

This definition ofsimdiff essentially implies that it is in-
versely proportional to the maximum fraction of change be-
tween the two documents. Thus, this measure indeed mea-
sures how much of the syntax of a document has been mod-
ified to transform it into the other document. The idea was

implemented using a modified version of the Diff program
of [Darwin and Lindsay, 2006].

Tag-based similarity
For many documents that have been prepared by human ex-
perts, such as user research interviews and pictures, tags are
often assigned to ensure efficient organization in a repository.
Since many such documents are expected to be encountered
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. IfT1 andT2 are the sets
of tags for documentsd1 andd2 respectively, then the tag-
based similaritysimtag, betweend1 andd2 can be defined as
in equation 7b.

Tcommon = {t|t ∈ T1, t ∈ T2} (7a)

simtag(d1, d2) = min(
|Tcommon|

|T1|
,
|Tcommon|

|T2|
) (7b)

Thus,simtag counts the fraction of tags that are the same
between two documents, and assigns the similarity as the
minimum of the two fractions. This ensures that the calcu-
lation is not biased towards documents that may have fewer
tags than others.

Overall similarity
The previous sections discussed the computation of three
different similarity measures between a pair of documents,
namely LSI-based similaritysimlsi, Diff-based similarity
simdiff and tag-based similaritysimtag. However, once
these similarities have been calculated, the need arises to
combine them to calculate an overall similarity. Our ap-
proach to this problem uses a simple weighted mean of the
similarities. This operation is mathematically valid, since the
range of each of these similarities is[0, 1], and thus, the over-
all similarity also has the same range. The precise weights
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 similarities,
simdiff andsimlsi respectively, are assigned equal weights.
Also, wherever available, tag-based similaritysimtag is also
assigned the same weight as the others, so as to give impor-
tance to human intelligence. Using these ideas, the overall
similarity sim is computed as in equation 8. The two cases in
this equation account for the conservative assumption made
that simtag(d1, d2) = 0 implies that no tags were assigned
for d1 andd2, and thus, this similarity should not be consid-
ered in the weighted mean calculation. Since tags are derived
from a document’s content and syntax, the other similarities
are expected to account for any exceptions to this assumption.

sim(d1, d2)=







∑

i∈{diff,lsi}
simi(d1,d2)

2 simtag(d1, d2) = 0
∑

i∈{diff,lsi,tag}
simi(d1,d2)

3 otherwise
(8)

Thus, once this similarity computation is carried out with
respect to a template for all the documents in a corpus, the
latter can be arranged in the order of decreasing similarity
values. The question that arises now is how to select the most
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similar documents out of this listing. The approach used to
solve this problem is discussed in the next section.

Selection of Most Similar Documents
Our approach to solve this problem is based on the obser-
vation that the distribution of similarity values in a corpus of
business documents is skewed, i.e., most of the documents are
expected to have a small similarity with the template, whilea
small number of documents that have been created from the
template will have significantly higher similarities. Thisob-
servation is validated by the distribution shown in Figure 2
that is generated for a corpus of user research interviews, and
this is the trend observed for several other corpora.

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

Clearly, under such a distribution, it does not make sense
to select a fixed number of documents. Thus, in keeping with
the observation, the set of most similar documents, sayS, are
selected on the basis of the area under the distribution curve.
Starting with the document with the highest similarity, doc-
uments are added toS, until the sum of their corresponding
similarities is half that of the similarities of all the docu-
ments in the corpus. Thus, this method adaptively selects
the set of most similar documents, i.e. S, for a given template.

The previous subsections detailed how, given a template
corresponding to an object definition, a set of most documents
have been created using it, and thus are expected to be syn-
tactically and/or semantically similar to it, can be retrieved
from a corpus. Also, since a corpus is expected to contain
documents describing instances of multiple objects, the mod-
ularity of the similarity search step allows the specification
of multiple templates and the retrieval of their correspond-
ing sets of similar documents. This enables the realizationof
the scenario shown in Figure 1, where multiple templates, or
seed documents, are used to build corresponding families of
similar documents.

4.3 Extraction of Attribute Values of Object
Instances

Once a family of documents that have been created from a
given template, and are thus each expected to contain at least
one instance of the object, has been constructed, the next task

of our approach is the retrieval of these object instances from
the constituent documents. Since it is hard to train a com-
puter to identify individual attributes of an object because
of reasons noted earlier, and all possible values for those at-
tributes, we took an unsupervised approach to this task. This
approach consists of the measurement of significance of the
terms for a given document, and the display of the most sig-
nificant terms to the user. Thus, given the object definition,
it is hoped that the user will construct the object instance by
mapping the terms produced with the attributes of the objects.
However, our approach ensures that suggestions made are ro-
bust and not very large in number, and the first step in this
direction is the use of the inverse document frequency (idf )
scoring scheme for terms.

As mentioned before,idf is an effective scheme for esti-
mating the significance of a term for the documents it appears
in [Salton and Buckley, 1988; Robertson, 2004]. This is so,
since a term that occurs in a small number of documents, and
thus is very significant for differentiating them, will havea
high idf as per equation 4, and vice versa. Due to this strong
reasoning, we also useidf 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
to have been used for creating this document. The following
sections discuss how thesedirect and indirect methods are
incorporated into the object instance retrieval process.

Direct Case
If a documentd has been created by the method of direct
creation from a templatet, this implies that some terms that
were inserted intod by replacing terms int. This is important,
since these inserted terms are expected to be specific tod, and
thus are likely to be the attribute values of the object instance
being described ind. For instance, in the example discussed
earlier, namely the transformation fromX bought Y shares
of Z to Microsoft bought 500 shares of Infosys, Microsoft,
500 and Infosysmay be the values of thebuyer, quantity
andseller attributes of an instance of thestock purchase
object. Thus, this method of document creation was handled
by treating these terms as potential attribute values.

The above idea was implemented as follows. Firstly, the
documentd was assigned to this case ifsimdiff (d, t) ≥ γ,
whereγ ≈ 1, which indicates thatd was created fromt by re-
placing a few terms. Next, all the terms that were inserted into
t, as output by running the Diff algorithm ond with respect
to t, are ranked in terms of theiridf values in descending or-
der. Sincesimdiff(d, t) is very high, we expect this list to
be small, and thus, the results will provide robust and not too
many suggestions for possible attribute values of the object
instance described in this document.

Indirect Case
In the indirect case, a documentd is expected to have been
created using a templatet only as a guide. Thus, the problem
of object instance extraction becomes harder here. This is
so, since in this case, it is not clear which terms are expected
to be attribute values. Thus, here, all the inferences have to
be made on the basis of the significance of a term, since the
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terms that are more specific to this document are expected to
be specific details of the object instance being described. This
idea is implemented using the following steps.

Figure 3: Distribution ofidf values of terms in a document

To start with, all the terms in the document are sorted in
terms of theiridf values. Again, this distribution ofidf values
is found to be skewed, as shown in Figure 3 for a sample
document. This is understandable, since only a few terms
in the document are expected to be significant, and most of
the other terms are expected to be relatively more common.
Thus, a procedure similar to the one used for selecting the
most similar document documents to a template is used here.
However, since terms in a document are expected to be more
numerous than documents in a corpus, and since most of the
terms are expected to have very lowidf , we selected only the
highest ranking terms that contribute a fifth to the total sum
of idf values for all the terms in the document. This provides
us a list of the most significant terms for the document that
are expected to denote attribute values of the object instance
described therein.

Grouping of Significant Terms
In the sections above, we discussed how to select the most
significant terms in the two cases of direct and indirect cre-
ation of a document from a template. However, in many
cases, groups of terms may denote attribute values, such as
full names likeGeorge Bush, instead ofGeorgeandBushsep-
arately. Thus, combinations of these terms are also consid-
ered as potential attribute values, by estimating anidf value
for the phrases so formed. Earlier approaches estimated the
idf values of phrases by treating constant length phrases as
terms[Mitra et al., 1997; Andrewset al., 1998]. However,
we perform this estimation with the help of Lemma 4.1.

Lemma 4.1 If T = {t1, t2, . . . , tn}, where ti
(1 ≤ i ≤ n) are terms, then idf(T ) ≥
max(idf(t1), idf(t2), . . . , idf(tn)).

Proof. Using the notation of equation 4, and noting
that the frequency ofT will be less than or equal to
any of the termsti, we have thatidf(T ) = log( N

NT
) ≥

log( N
min(Nt1

,...,Ntn ) ) ≥ max(log N
Nt1

, . . . , log N
Ntn

) =

max(idf(t1), idf(t2), . . . , idf(tn)). Hence proved.

In our approach, in keeping with the above result,
idf(T ) is set conservatively to its lower bound, i.e.,
max(idf(t1), idf(t2), . . . , idf(tn)), and the output is reorga-
nized as follows in the two cases:

1. Direct case: By definition, the Diff algorithm produces
maximal phrases that are different between the two files.
Thus, in this case, these phrases are simply ranked using
their idf as estimated above, and output to the user.

2. 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 itsidf as estimated above.

Thus, at the end of this term combination step, we have a
set of robust suggestions of possible attribute values for the
object instance described in each document in the family that
was constructed in the similarity search step.

4.4 Overall Approach

The previous two sections described in detail the constituent
steps of our overall approach for the extraction of structured
object instances from a corpus of unstructured documents,
namely similarity search and extraction of object instances.
Each of these steps constituted multiple cases and sub-steps,
which were solved in keeping with the final goal. Figure 4
illustrates the overall approach for extracting instancesof an
object from a document corpus, given an object’s definition.
Conducting this process for all the object definitions and their
corresponding templates that have been specified by the user,
we can numerous instances of objects described in the entire
corpus. These instances can in turn be used to populate indi-
vidual databases for each object, or combinations thereof,as
per the need of the data organization problem. Thus, our ap-
proach provides a nearly complete solution to this hard prob-
lem and is expected to be of great use for organizations grap-
pling with the problem of management of information in the
form of unstructured text documents.

5 Experimental Results

The previous section discussed our approach to solve the
problem of extraction of object instances from unstructured
documents. Even though the approach is intuitively valid,
it 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
using only thedirect, and bothdirect and indirect methods
respectively.

However, it should be noted that, due to the use of free
natural language in the text being analyzed, the ultimate val-
idation methodology for this problem is evaluation by a hu-
man expert, since the final output of any approach is can be
interpreted subjectively. Thus, most of our evaluation is qual-
itative. Also, since it is hard to conduct a completely quanti-
tative evaluation of the output, we present early quantitative
results wherever possible in the following sections.
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Figure 4: Proposed approach for extracting object instances from unstructured documents (seed document≡ template)

5.1 The Direct Creation Corpus
It may be noted from Section 4 that a major innovation in
our approach is the analysis of documents created using the
direct, or thecut-copy-pastemethod. Thus, we evaluate our
approach separately for this case, using a dataset generated
from a cover letter format for visa applications. This letter
contains several fields that have to be filled by applicants. We
generated a data set of hundred documents by randomly fill-
ing these fields with a corresponding set of possible values.
We also added hundred unrelated documents to this data set
to create a realistic corpus.

Now, for the experiment, an applicant ob-
ject was created consisting of set of attributes
{name, employer, destination country, visa type, external
contact}. The original cover letter format was used as the
template for this object. Finally, our approach was executed
under these settings on the corpus, potential attribute values
were extracted from each document, and object instances
were composed from these values. Upon a visual inspection
of the results obtained, the following observations could be
made:

1. All documents created using the template were picked
up by the similarity search step.

2. The potential attribute values extracted from a docu-
ment could be accurately composed into anapplicant
instance. Thus, the precision was high.

3. The coverage was nearly complete, i.e., at least one
applicant instance was extracted from almost every
document.

In further support of the second observation, the following
was the observed importance of the various attributes, calcu-
lated in terms of the averageidf value of their values across
all documents:

1. name

2. external contact

3. destination country

4. employer

5. visa type

This order reflected exactly number and frequency of val-
ues used to generate the data set. These observations con-
firmed that our approach handles the direct case very well.

5.2 The General Corpus
In order to show the capabilities of the approach, it
was important to evaluate its performance on a general
corpus of document, not one prepared by any specific
method. For this purpose, we constructed a general
corpus by adding forty (proprietary) user research in-
terviews to the corpus created above for testing the
direct case. An additional object namedinterview
was defined for these documents, its attributes being
{interviewee, product, problem, solution, helpingmaterial,
keywords}. It can be observed that these attributes are not
as well defined as those ofapplicant, since the supporting
documents were created using a template only as a guideline,
and did not follow any particular syntax.

As expected, the results obtained by executing our ap-
proach on this general corpus were not as good as those ob-
tained for the previous experiment. However, with sufficient
human support, some general trends of good performance
could still be observed:

1. Most documents similar to theinterview template
could be retrieved from the corpus, the highest contri-
bution to the similarity coming fromsimlsi.

2. Values of most attributes could be retrieved from each
document, some attributes having multiple values.

Thus, though this experiment illustrated some new chal-
lenges such as the complexity due to the free use of language
and multiple values of attributes, the results still showedthe
potential of our approach for analyzing a general corpus.

We are currently constructing benchmark data sets and
evaluation measures that will give us a quantitative evalua-
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tion of the results, which will be discussed in a subsequent
more detailed paper. Still, based on the above results, we can
conclude that our approach holds great promise for solving
the problem of extracting structured knowledge in the form
of object instances from a corpus of unstructured business
documents. This will be a big boost for organizations aiming
for efficient management of their text document repositories.

6 Conclusion
In this paper, we presented an effective approach for the
extraction of structured knowledge from unstructured docu-
ments. The approach was based on the observation that docu-
ments are created by two methods, namelydirectandindirect
creation. Consequently, it consisted of two steps, i.e., similar-
ity search and extraction of object instances, which took these
methods of document creating into account. Early qualitative
results on two corpora showed the efficacy of our approach
for the stated task.

In future work, we intend to intelligently automate the task
of object instance composition from its attribute values, and
investigate techniques for incorporating these instancesinto
relational databases. Another important direction would be
the design of a quantitative methodology for the evaluationof
the performance of the approach. In addition, the problems of
estimating the statistical distributions of document similarity
and termidf values also deserve significant study.
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