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Abstract

We present a novel application of NLP
and text mining to the analysis of fina
cial documents. In particular, weed
scribe an implemented prototype, fa
tag, whch combines information extra
tion and subject classifétion tools in an
interactive exploratory framework. We
present experimental results on theirpe
formance, as tailored to the financiabd
main, and some forwarbboking exten-
sions to the approach thanhables users
to specify classifiations on the fly.

Introduction

multi-million-dollar loss occurs in the context of
recurring operations (a potentially chronic pro
lem), or in the context of a oRééme event, such

as a mergr or layoff. A second concern is thus
to enable end users to interpret facts and events
through automated context assegnt.

The route we have taken towards this end is to
model the domain of corporate finance through
an interactive suite of languagegmessing tools.
Maytag, our prototype, makes the following
novel contribution. Rather than trying to model
complex events monolithically, we provide a
range of multipurpose information extraction
and text classification methods, and allow the
end usera combine these interactively. Think
of it as Boolean queries where the query terms
are not keywords but extracted facts, events, e
tities, and contextual text classifications.

Our goal is to support the discovery ofraplex

events in text. By complex events, we mean2 The Maytag prototype

events that might be structured out of multiple

occurences of other events, or that might occur Figure 1, below, shows the Maytag pobtpe
over a span of time. In fimzial analysis, the in action. In this instance, the user is browsing a
domain that concerns us here, an example opartiaular document in the collection, the 2003
what we mean is the problem ofderstanding Secuities filings for 3M Corporation. The user
corporate _acquisition petices. To gauge a has imposed a context of interpretation by selec
company®s modus operandi in acquiring othéfg the OLegal mattersObmet code, which
companies, it isnOt enoughknow just that an causes the browser to onlgtrieve those portions
acquisition occurred, but it may also be inmpo of the document that were statisdlly identified

tant to understand the degree to which it wagas pertaining to law suits. The user has alee s
debtleveraged, or whether it was germed lected retrieval based on extracted facts, in this

through eciprocal stock exchanges. case monetaryxpenses greater than $10 million.
In other words, complex events are often This in turn causes the browst further restrict
composed of multiple fags beyond the basic retrieval to those pions of the document that
event itself. One of our concerns is therefore tocontain the appropate linguistic expressions,
enable end users to accessmpbex events €.g., O$73 million preax charge.O
through a combination of their possible facets. As the figure shows, the granularity of these
Another key characteristic of rich domains Operations in our browser is that of the par
like financial analysis, is that facts and events a graph, whch strikes a reasonable compromise
subject to interpretation in context. To a fina between providing enough context to interpret
cial analyst, it makes a diffence whether a retrieval results, but not too much. It is alsb e
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Figure 1: The Maytag interface

fective at enabling combination of query terms.
Whereas the origal document contains 5161 3.1
paragraphs, the number of thebat were tagged In Maytag, we currently extract named entities
with the OLegal mattersO code is 27, or .5 perceiith a triedbut-true rulebased tagger based on
of the overall document. Likewise, the query for the legacyAlembic system (Vilain, 1999). A
expenses greater than $10 milliosstricts the though weOve also developed more modean st
return set to 26 paragraphs (.5rpent). The tistical methods (Burgeet al, 1999, Wellner &
conjunction of both queries yields a common Vilain, 2006), we do not currently have eglate
intersection of only 4 paragraphs, thus preciselyamounts of handnarked financial data to train
targeting .07 percent of the overall document.  these systems. We therefore found it more-co
Under the hood, Maytag consists of both anvenient to adapt theAlembic name tagger by
on-line component and an efine one. The oA manual hill climbing. Becase this tagger was
line part is a wekbased GUI that is connected to originally designed for a similar newswire task,
a rektional datdase via CGI scripts (html, we were able to make the port using relatively
JavaScript, and PythonThe offline part of the small amounts of training data. We relied on two
system hosts the bulk of the linguistic and ®tati 100+ pagedong Securities filings (singly arm
tical processing that creates document rER:  tated), one for traiing, and the other foretst, on
name tagging, relationship extraction,bfct which we achieve an accuracy of F=94.
identification, and the like.These processes are  We found several characteristics of our fina
applied to documents entering the text cdlien,  cial data to be especially challenging. The first is
and the results are stored as mdtda Bbles. the widespread presence of company name look
The tables link the results of the dffie proces-  alikes, by which we mean phrases like OHealth
ing to the paragraphs in which they were found,Care MarketsO or O8ness ServicesO that may
thereby supporting the kind ofx&radion- and  |ook like company names, but in fact denote

Named entities

classificationbased retrieval shown in gure 1. business segments or the like. To circumvent
o this, we had to explicitly model nenames, in
3 Extraction in Maytag effect creating a business segmenggir that

As is common practice, Maytag approachescaptures company name loakkes and pevents

extrection in stages. We begin with atomic them from being tagged as companies. .
named entities. and then detect structured Another challenging characteristic of these f

entities, reitionships, and events. To do see nancial reports is their length, commonly rlac
rely on both ruIebaséd and statistal means. ing hundreds of pages. This poses a quandary
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for the way we handle discourséfects. As with strongly lexicalized approach. To detect an
most name taggers, we kee®#ound namesO list event such as a merger or acquisition, we start
to compeasate for the fact that a name may notfrom indicative head wordse.g, Oacquire,0
be clearly identified throughout theire span of Opurchases,O Oacquisition,O and the like.

the input text. This list allows the tagger to  The process proceeds imva stages. Once
propagate a name from clear identifyingnbexts  weOve scanned a text to find instances of our i
to nonidentified occurrences elsewhera the dicator heads, we classify the heads &edmine
discourse. In newswire, this strategy boosts r whether their embedding sentence represents a
call at very little cost to prdesion, but the sheer valid instance of the target concept. In the case
length of financial reports creates a dispropo of acquisitions, this filtering stage elinates
tionate opportunity for found name lists to iatr such noracquisitions as the use of the word
duce preision errors, and then propagate them. OpurchasesO in Othe company purchasesaaw m
terials.O If a head passes this filter, we find the
fillers of its constituent roles through a second
Another way in which financial writing differs classification stage

from general news stories is the prevalence of The role stage uses a shallow parsechunk
what weOve called structured entities, name  the sentence, and considers the nominal chunks
like entties that have key structural attributes.and named entities as candidate role fillers. For
The most common of tlse relate to money. In acquisition events, for example, these roles i
financial writing, one doesnOt simply talk ofclude theobject of the acquisition, the buying
money: one talks of a loss, gain or expense, ofgent the boughtassetsthe date of acquisition,

the busness purpose associated therewith, and ondso forth (a total of six roles)E.g.

3.2 Structured entities, relations, and events

the time period in which it isricurred. Consider: In the fourth quarter of 2000(WHEN), 3M
Worldwide expenses for environmental — [AGENT] also acquirecthe multilayer inte-
complance [were] $163 million in 2003. grated circuit pakagl_ng line [ASSETY of
To capture such cases as this, weOve defined a/V:L- Gore and AssociatgeBIECT].

repertoire of structured entities. Figeained The maximum stropy role classifier relies on
distinctions about money are encodecca®r of — a range offeature types: theemantic typef the
moneyentities, with such attributes as their color phrase (for named entities), thghrasevocaku-
(in this case, amperating expense), time stamp, lary, the distanceto the target head, ankbcal
and so forthWe also have structured entities for context(words and phrases).

expressions ofstock shares, ssets, and debt Our initial evaluation of this approach has
Finally, weOve included a number of constructgiven us @couraging first results. Based on a
that are more properly understood as relationgandannotated ogus of acquisition events,

(job title) or events &cquisiions). weOve measured filtering riiemance at F=79,
o o and role assignment at F=84 for the critical case
3.3 Statistical training of the objectrole. A more recent round ofxe

Because we had no existing methods thiress ~Periments has produced considerably higher pe
financial events or relations, we took this oppo formance, which we wilkeport on later this year.

tunity to develop a trainable approach.edent . .
work has begun to address ag@bn and event 4 Subject Classification

extraction through trainable means, clleSVM  ginancial events with similar descriptions can

classification (&lenko et al, 2003, Zhouet al,  nean different things depending on where these
2005). The approach weOve used here isi€lasgyents apear in a document or in what context
fier-based as well, but relies on maximum-e hey appear. We attempt to extract this important

tropy modéing instead. contextual nformation using text classification

Most trainable approaches to event extractior}nethods_ We also use text classifion methods
are entityanchored: given a pair oflevant ent ¢, help users to more quickly focus on an area

ties @.g, a pair of companies), the object of the yhere interesting transactions exist in an intera
endeavor is to identify the relation that holds-b  tjye environment. Specifically, we classify each
tween them &.g, acquisition or subsidiary). We paragraph in our documenbliection into one of
turn this around: starting with the head of theggyeral interested financial areas. Examples i
relation, we try to find the entities thatlfiits  ,ge- Accounting Rule Change, Acquisitions
constituent roles.  This is, unavoidably, agng Mergers, Debt, Derivatives, Legakc.
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4.1 Experiments work of our Maytag prototype, and have looked
under its hod at our extraction and classification

In our experiments, we picked 3 corporate a ) \ )
L methods, especially as they apply to financial
nual reports as the training and test doant set. L X
texts. Much new work is in the offing.

Paegraphs from these 3 documents, which are - .
Many experiments are in progress now ® a

from 50 to 150 pages long, were annotated with ess performance on other text types (financial

the types of financial transactions they are mosﬁews) and to pin down performance omwider
related to. Paragraphs that did not fall into a ! P P

cakgory of interest were classified as Ootherd.ange of events, relations, and structured entities.

o . Another question we would like to address is
The amotated paragraphs were divided intaa how best to manage the interaction betwees-la
dom 4x4 test/training splits for this test. The 9

Aother® @gory, due to its size, was sub sification and extraction: a mutual feedback

: process may well exist here.
sampled to the size of the nebargest category. . . .
. . . We are also concerned with sugting finan-
As in the work of Nigametal (2002) or Lodhi . . . .
. . cial analysis across multiple documents. This
et al (2002), we performed aseries of exper

. . has implications in the area of credscument

ments using maximum entropy and support-ve . . ) )
. . . ; coreference, and is also leading us to investigate
tor machines. Besides including the words that”. ; .
. visual ways to define queries that geylond the
appeared in the paragraphs as features, we alsg

experimented with adding named entity exgre parggraph and span many texts over many years.
X . . Finally, we are hoping to conduct user studies
sions (money, date, location, and orgatiian), ) X
. to validate our fundamental assumption. Indeed,
removal of stop words, and stemming. In e

eral, each of these variations resulted in littl& di this work presupposes that interactive apation

. . of multi-purpose classification and extraction

ference compared with the baseline featuras-co X

i . techniques can model complex events as well as
sisting of only the words in the paragraphs. o . -

monolithic extradbn tools™ la MUC.

Overall results ranged from-fmeasures of 7G5
for more frequent categosedown to above 30 Acknowledaements
40 for categoriesppearing less frequently. 9
42 Online L . This research was performed under a MITRE
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We have embedded our text classifion
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5 Discussion and futue work
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