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1 Introduction

P-FASTUS is an Information Extraction system developed in SICStus Pro-
log based on the implementation of FASTUS. It is program that extracts pre-
specified information such as the nane of the company, location and the posi-
tion being advertised from ”Job Postings” in text files. The systeiwn is composed
of different levels of processing phases that arc huplemented using finite-state
transducers.

The next section gives a statement of Information Extraction (I1E). Scction 3 de-
scribes Prolog. particularly SICStus Prolog, a constraint prograinning language
and outlines the appropriateness of its use for natural langnage processing. The
ritle-based approach for natural language processing is discussed in section 4.
Section § siumnarizes the FASTUS svstem and the finite state approach to build
an 1E system. Scctions 6 describes the P-FASTUS svstemn that 1 have devel-
oped. Results and conclusious follow the description of P-FASTUS.

The following is an example of the text that P-FASTUS takes in as input:

The Estridge Group, the premier homebuilder in the Indianapolis
area, has a Sales Consultant position available at our Greystone Village
Community in Cicero, Indiana. We are seeking a highly energetic individual
with excellent communication skills.
The IE svstein gencrates the following output:

Information extracted from file: ./testdata/test2.txt

company : Estridge Group

position : Sales Consultant
location : Grevstone Village Commmmity Cicero Indiana



2 What is Information Extraction?

The majority of the inforimation held by businesses, governuent agencies and
individuals are stored in text files. Only a handful of the information is stored
in databases. in which case the information is structured. With the advent
of the internet, the amount of textual information in the form of natural lan-
guages has been growing exponeutially. Secarching for documents coutaining
relevant information on the web has become a fairly daunting task. Reading
through thousands of documents to obtain the information that you require can
be cumbersome. I order to address this issne, rescarchers have been developing
Information Extraction svstemns using techniques of natural language processing.

The goal of Information Extraction is to extract from a set of documents.
prowinent facts about pre-specified types of cvents, entities or relationships.
These facts are then usually entered iuto a database. which may then he used
to analyze the data for trends, to give a natural language sunnnary. or sin-
ply (o serve [or online access. Extracting inforination on relationships. events
and entities requires a certain level of semautic aualvsis of the text. Therefore
natural language processing techniques can be used. Scutences in the text can
be parsed. Parsing of sentences involves the process of deterining its phrasal
structure. The different parts of speech that constitute the sentence have to he
identified. This is similar to the task of parsiug prorannning languages such as
Java or C. The objective is to simplv determine the graiwmatical structure of
the sentences. For example, the sentence, " John will play baseball in college™
would be parsed as follows:

John  noun (or proper noun)
will  verb

play - verb

baseball - noun

in -~ preposition

college - noun

In essence all languages. including English, are bound by a set of grammat-
ical rules that are used to construct sentences. However, natural languages.
unlike progrannning languages, are context sensitive. In other words. the syu-
tax of prograimming languages is Iess complex than that of natural languages.
Programming languages such as C. C++ and Prolog are based on a set of EBNF
rules that have to be strictly adliered. Natural languages. ou the other hand. are
not. deterministic. The fact that natural languages are context sensitive makes
it difficult to develop syvstems that can accurately understand arbritrary texts.
Information Extraction does not attenpt to understand the texts it analyzes.
Instead it siinply searches for information that is being sought for that partic-
ular domain in interest (Appelt 1995).

In the United States, Informnation Extraction has been heavily influenced by



the Message Understanding Conferences (MUCs) which have been funded pri-
marily by the Defense Advanced Research Projects Agency (DARPA). These
confercnces were instituted by DARPA in the late 80's. Seven MUCs were held.
of which the last one was held in 1998. The focus of these confercnces was on
tasks like event extraction, named entities. template elements. coreference and
scenario tewplates. At present. much rescarch is conducted on improving the
techniques for each of these tasks at various institutions and universities. One
of the drawbacks of IE systems to date is that they are not portable. TE svsteins
are doniain specific. This means that cach TE system will ouly extract inforimea-
tion from o prespecified domain. During cach MUC, TE systeins were rocuired
to extract different kinds of information from documents on different events,
wostly information that has been of interest to the department of defeuse. For
example, for MUC-3 IE systems almed to extract information on terrorist ac-
tivities. Such systews would have been used to filter documents and emails to
track any terrorist activities. MUC-5 IE systems extracted information on Joint
Veuture activities. Each of the systems in these MUCTs filled templates designed
for these specific events with the information from the documents. By MUC-6
researchers had aimed to make TE systems portable or more flexible. NYU's
rescarch team worked on an IE systemn that analvzed and extracted informa-
tion from documents on Airceraft orders and Labor negotiations. Iu contrast to
MUC-5. relatively stple templates were designed and the ” teniplate elements”
(for people, organizations, and artifacts) which would apply to a wide varicty of
different event types were predefined. Although the systems presented at MUC-
6 and MUC-7 werce more flexible than their predecessors, they are still hound
to a certain range or domain of events. Researchers have also been working
on improving subparts of the IE system (such as Nawmed Entity taggers) which
identifv names in text documents. Information Extractions svstems have heen
built for other languages as well. such as Japanese. The MUC-5 conference
showcased not only systems for extracting inforimation on Joint Ventures from
docunents i English but from docmments in Japanese as well (MUC-6).

Instituitions from different countries participated i these Message Understand-
ing Conferences, caclt with their own technigues to handle the task. Most of
these systems have been implemented in either Lisp or C. The decision to use
these languages over others Lias heen primarily based o the ease and faumiliarity
of the languages. The goal of miy rescarch project was to develop an [E systemn

in SICStus Prolog.



3 Constraint Programming: SICStus - Prolog

None of the TE svstems have been implemented in Prolog. a language that
was developed with an iutention to facilitate natural language processing. Cov-
ington argues that Prolog may be the most suitable language to use for NLP
and outlines his reasous as follows:

1. Tn Prolog. it is casier to represent. syntactic aid semautic structures be-
cause it is casy to build and modify large complex data structures.

2. The progra itself can be examined and modificd using built-in functions
such ax assert and abolish.

3. It is a language that is designed for knowledge representation and is built
around a subsct of first orcler logic.

4. Prolog has a built in parser for natural language processing and a depth
first search algorithum.

5. Pattern matching is facilitated by its unification capabilitv. This feature
can be used to build data structures step-by-step without worrving about the
order of the steps. (Covington 1994)

Languages sucli as C lack all of the above features that facilitate NLIP. Lisp
shares the first two features. It is the most widely used programnning language
for buliding TE systems {Covington 1994). When implementing P-FASTUS. all
but the built-in parser of NLP has been used. The reason why the built-in
parser for NLP was not used is because P-FASTUS is implemented by using a
cascade of Finite-State Automatons.

SICStus is a version of Prolog that has a coustraint programming library built
in to it. Constraiut programming involves using constraints to solve probleins.
A coustraint is simiply a logical relation among several unknowns. cach taking a
value in a given domain. A constraint restricts the possible values that variables
can take. It represents some partial information about the variables of interest.
Thus, by confining variables of interest to a sct of possible value(s). it is possible
to generate a set of solution(s). In Prolog variables are constrained to a certain
value by usiug the # = symbol. For example, X# = 4 would entail that the
variable X is set the value 4 (Marriott 1999).

6



4 Rule based NLP approach

IE systems generally process texts i sequential steps or phases ranging from

lexical aid morphological processing. recognition of proper names. parsing of
larger svntactic coustituettts. resolution of anaplora and coreference, and the
ultimate extraction of domain relevant events and relationships from the text.
There are two basic approaches one can take when implementing these phases
of the IE systen. Appelt Iabels them as the Kuowledge Engineering approach
and the Autowmatic Training approach. Techuically the Knowledge Engineering
approach is based on logic or the use of rules while the Automatic Training
approach is based on statistical NLP techuiques that use probability (Appelt
1999).
The Kuowledge Engineering approaclt requires that the inplementor develop
erammars or rules for a component of the svstem that parses sentences. The
engineer who develops these rules must be familiar with the TE systent and the
formalisi for expressing rules for that system. Thus, the engineer has to access
a corpus of domain relevant texts and develop rules accordinglyv. The perfor-
mace of such svstems is depewndent on the skill of the knowledge engineer as
well (Appelt 1999).

Unlike the Knowledge Engineering Approach. the Automatic Training approach
does not require a skilled enginecr with detailed knowledge of the IE svstenn.
Instead someone with cunough knowledge about the domain and the task to
anmiotate a corpus of texts appropriately is required. Annotations would be re-
quired for a particular aspect or step of the IE svstenn. For exawmple. the nanme
recoguizer would be trained by aunotating a corpus of texts with the donain-
relevant proper names. Ouce a suitable training corpus has been amiotated. a
training algoritlun is rui, resulting in information that a systemn can exiploy in
analyzing novel text (Appelt 1999).

Both these systems have their own advantages and disadvantages.  Althongh
the best performing systems have heen hand crafted using the Knowledge Engi-
neering approach. recent developments in statistical NLP techiniques have mage
Automatic Training approaches as accurate. Since the Automatic Training ap-
proach requires a large corpus of training data which is not available, T will
implement wmy IE system using the rule based approach vather than the Auto-
matic Training approach.

=~I



5 Finite State Approach and FASTUS

One way to unplement a rule based IE systemn is to use Finite State Machines.
IE systems that partially and fully parse sentences have been developed. The
parser cail be either a bottoni-up parser or a top-down parser. A partial parser.
wliat is sowetimes referred to as a shallow parser. is a bottom-up parser that
does not check whether an iuput of words or lexicon forms a seutence. For ex-
ample. i the sentence, "John will play haseball in college™. the final phase of
the partial parser could end with the following final analvsis:

John -~ noun group
will play - verb group
baseball i college - noun group

On the otlier hand, a full parser will eventually check that the input, ~“John
will play baseball in college.” forms a sentence.,

Formerly, it was assumed that there was little use of partially parsing scn-
tences, so NLP rescarchiers generally developed techmigues to parse sentences
completely. TE systems that fully parse sentences such as SRIs TACITUS and
New York Universitys PROTEUS exist but thev require a significant amount of
computation and time. However, it turns out that. for the purposes of Informa-
tion Extraction, a complete parse of sentences is not really required. Tustead, a
partial parsing of sentences can handle the task. Siuce sentences do not have to
be conipletely parsed. finite state automatons can be used. FASTUS. a system
developed by SRI is an example of a svstem that does partial parsing using
finite state non-deterministic antomatons. "FASTUS is a (slightly permuted)
acronvm for Finite State Automata-bascd Text Understanding System. It is a
svstem for extracting information from free text, Tvpically. applications mark
text with annotations that indicate items of iuterest, such as names of peo-
ple or companies. or it fills templates with information that could be entered
into a relational database. FASTUS works as a series of cascaded. finite-state
automata.” (Appelt 1993) FASTUS was one of the most succesful IE systeins
developed for the MUC conferences. It was among the most accurate systens
and at the same time one of the fastest as well. FASTUS s suceess can be at-
tributed to the verv fact that it uses Non-deterministic Finite State Automatons
(NFA) or what is also referred to as Finite State Machines (FSM).

So what is a Non-deterministic Finite State Autoniaton or FSM? Finite State
Automatons are basically machines that consists of one or more internal states.
They are called finite” because they are composed of a finite munber of states.
They are not physical machines that arve subject to any kind of physical resis-
tance such as friction or gravity., FSN are idealized machines that move fron
one internal state to another. A transition function governs the movement from
one state to anothier. A FSM mayv have one or more accepting states where the
input to the system results in a positive outcome. FSA's can be characterized



as tape machines which takes symbols as input. 1he svibols are fod to the tape
of the wachine as it woves trom left to right. If the input to the nwchine does
not e i an accepting state thew the machine is said the reject the aput.

Fiuite state automatons can either be deterministic (DEA) or non-deterministic
(NFA). A DFA can be thought of as a one read-ouly iuput tape that can move
only frowm left fo right. Basically a DI\ cannot change the diveciion of the ma-
chines’s wovement. Ouly one input is read at a time. lowathematical notation
a DFA is a five-tuple machine:

A = ((2 Yt - FW

where Q is the finife non-cipty set of statos.
z

is the data alphabet,
a

is the transition fanetion that governs the movement of the machine from oue
state fo another.

/i8]

is the nitial state and F is the set of accepting states (Greenlaw 1995).

a,C

O—1—@

Figure 1: Determimistic Finite State Antowata (DEFA)

T the ligure above. O is the initial <iave and 2 is the accepting siate. The
ipit "a’ moves the machine from siate 0 to state 1o Only the input b ar state
1 moves the machine from state 1 to the accepting state 2, Note that there is
only one possible trausition for each input.

An NFA is also a fAve-tuple machine like a DFA with the same specifications.

9



The difference between a DEFA and an NTA is the nature of the tran<ition func-
tiow. The transition function for ain NFA s a fnite =ubset of;

) % &%)

In other words the difference hetween the two is that o DEA can bave onlyv one
transition function that moves the wachine from one state to onlv one oiher
state. An NFA on the othier hand can have a transition funciion that can move
the wachine from one seate 1o any other state for a given input (Caeenlaw 199%).

d

4

Figure 2: Nou-Deterministic Finite State Automata (NFA)

In the figure above. the machine has | states. 0 heing the initial srate and 2
Delng the accepting state. This machine is nou-deteriinistic since it cail inove
to either state 3 or 1 from the nitial sfate whewn it takes in the input “a”. There-
fore at state 0, with iuput "a’. the machine has two possible states to move to
instead of just one.

A FSAI that takes in an input and prodnces an ontput is calles a Finite State
Transducer(FST). FASTUS and the P-FASTUS svstcius are both built using
Finite State Transducers. However. [ will refer to them as either FSAL or finite
state aulomata since they are i essence FSAM s,

It is wportant to uote that Finite Srate Machines arve not capable of full na-
ural language processing.  This is becanse, as mentioned previously, natural
languages are context-sensitive in nature. English has coustructs, such as cen-
ter cmbedding, that simply cannot be described by any finite state grauiar.
Consider the following example:

John will play baseball in college.

John the brother of James will play baseball in college.
John the brother of James Laura dated in High School will play baseball

10



in college.

Such recursive coustructs caunot he recoguized by any finite-state graminar

However. due to the wemory lhuitations i huan beings. it s hapossible
for people to tully expoit the context-freeness of Englisli, This vealization of
memory limitation led Church to advocate the use of Auife state granunars for
natwral lancuaze processing. Further work on using finite state machines for
patural language processing was done by Pereira and Wright i 1991 who de-
veloped methods for constructing finite state granmunars from context-free grani-
mars (Appelt 1994).

Az mentioned previously, FASTUS Lias been haplemented by using a cascade of
Nob-deterministic Finjite State Antowata. The coinposite srrictures or output
cencrated by one phase is passed in as input to the successive stages. The svstemn
is modular and consists of five Jevels of processing. namely the complex words
generator. basic plirase generator. complex plivase generaror. dowain parser and
the combiner. The domain parser is the oy dotmain depeudent module of the
|ystel.

11



6 Overview of P-FASTUS Architecture

Thie P-FASTUS svstenn is composed of the following levels of processine which
will be described in move detail:

1. Tokenizer and Sentence generation

D

Parts of Speech Tagaing (inchudes nane tagging efc.)

3. shmple Phirase generation

die

. Complex Phrase generation

5. Domain Events and tamplate generation
6. NMerging (Templates - Combiner)

The different levels of processing or phases are similar to those of FASTUS.
The difference is i the template generation phase where additional measures
have been taken to weed ont irrelevaut information and superflnity such as
determiners. wnnecessary adjectives ote. from the results, The systein also in-
cludes a lexicon that is composed of a subset of words in the Fuglish language
that covers all the words that occur in the texts that ave tested. The lexicon
also contains states such as Hinols and New York words whicl are annotated as
states. A domain specific lexicon is also inchided which contains words that are
mportaut in recognizing an event or pattern of interest. The domain specific
lexicon is domain dependent while the lexicon is not.



6.1 Tokenizer and Sentence generation

This is the first level of processing. It involves reading chiaractors in as input and
forming tokens to he processed for lexical analvsis. Each character fronn the text
files coutaining the job description is read. For example. from the following text:

The Estridge Group, the premier homebuilder in the Indianapolis

area, has a Sales Consultant position available at our Greystone Village

Community in Cicero, Indiana.

T, e, ete. would all be read one at a time as characters and stored
i a list. A list in prolog is polvinorphic. It can store items of any type. Eacl
list would contain a token. also known as a lexical itent. For exaniple, "Estridge’
would he a lexical item whose characters would be grouped rogethier and stored
in a list. In Prolog a character is identified by single quotation marks such as
in ‘a’. where as the letter a in itsell. without the quotation marks. would be
a svinbol. Each lexical item is recognized Hy the use of delimeters sieh as a
non-breaking space. a period and a new line character. For the exawmple given
above. the output generated by the tokenzer is depicted below:

[[’T’,’h’,’e’],[’E’,’s’,’t’,’r’,’i’,’d’,’g’,’e’],[’G’,’r’,’o’,’u’,
[’,'],[’t’,’h’,’e’],[’p’,’r’,’e’,’m’ ‘e
[’h’,’o’,’m’,’e’,’b’,’u’,’i’,'l’,’d’,’e’,’r’]
[’t’,’h’,’e’],[’I’,’n’,’d’,’i’,’a’,’n’ bl
[’a’,’r’,’e’,’a’],[’,’],[’h’,’a’,’s]
[’C’,’o’,’n’,’s’,’u’,’l’,’t’,’a’,’n ,
[’a’,’\:’,’a’,’i’,’l’,’a’,’b’,’l’,’e]
[’G’,’r’,’e’,’y’,’s’,’t’,’o’,’n’,’e’],
[’C’,’o’,’m’,’m’,’u’,’n’,’i’,’t’,’y]
[’,’],[’I’,’n’,’d’,’i’,’a’,’n’,’a’] [

Fvery mput is read as a character input including nuubers. The Llist s
traversed and characters that are nnmbers are converied into munbers. Noti-
breaking spaces are discarded. Other characters suclt as the period "L conima
Voete. are read inoas single tokens as well. The outpuf of the tokenizer. as
seen above, is a list contalning a list of tokens, which in turn is a list of charac-
ters or a wunber. At this level company suffixes such as Tue.. Corp.. ete. and
saltations such as Mr.. NMs.o ete. ave vecognized. The peviod at the cud of
these suffixes is discarded to case further processing of the lexical items. Words

that contain a hyphen. -0 or a dot. ", between them are also taken care of
at this level. For example domain naes such as google.com would be read in
as g0 Vo e et e o i L This is accomplished by the use of a simple

finite state machine. The FSAM reads in the tokens from the list. It moves from
state O to state 1 when it cncounters a token and from state 1 to state 2 whicl
is the accepting stute when it encounters a hyphen or a dot, Tt stavs in state
2 if another token is cucountered aucd returns to state 1 if another hypheu or

b
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dot follows the next token read in. If the machine stops at the aceepting state.
then it combines the tokens together. The tokenizer also removes auy text con-
tained within braces such as " (inside)” from the nput since they are deemed
unimportatt for the purposes of inlormation extraction. One might argue that
some text may contain relevant infornation within these braces. However. the
frequency of such ustances is low cuough to allow us to simply disrecard such
linguistic constructs.

The output from the tokenizer is then passed on to the seurence generaror
that separates the list of tokens tito sentences. Periods (7.7). colons (7). excla-
mation marks (") and line breaks are used as delimeters for identifying the
starting and end points of sentences in the list of tokens. Line breaks are also
retwoved from the list at this level of processing. The output of the sentence
generafor would be a list of sentences whicli is in turn a list of the tokens that
comprise a sentence. The put list of tokens is traversed and when a delimeter
is encountered the list of tokens traversed ihus far is userted fappended to the
list of seutences. The output for the seutence generator is as follows:

[[[’T’,’h’,’e’],[’E’,’s’,’t’,’r’,’i’,’d’,’g’,’e’],L’G’,’r’,’o’,’u’

[’,’],[’t’,’h’,’e’] [)pl,)r)’Je:I)m)’}i),)ei ’I’],

[’h’,’o’,’m e’,’b’ ’,’i’,’l’,’d’,’e’,’r R i’ ’p ]

[’t’,’h’,’e [)I)’;n) ’d’,’i’,’a’,’n’ Jad ) ),)O),’l),)i),’S)],

[)a>,7r)’)e Yoy ] [ ’7]’[;h)’;a>,) ]’ ’S’,’a’,’l’,’e’,’s’],

[’C’,’o’,’n’,’s’ ‘u ,’l’,’t’,’a’,’ ) 14
a 1 l
€Y
m m

) 2
>

15

)

) ) i

S

n b

[)a),;v;’) ,’a’,’b’,’l’,’e ]

[’G’,’r’,’ ) Iy ’,’t’,’o’,’n’,’e’],

[ C),’O) Yym? Y ’,’n’,’i’,’t’,'y ]
1,10

[) )] [ I; ’n’,’d’, i’,’a’,’n’,’a’

The tokenizer, as well as the senteuce generator. is built nsing very simple
finite state wachines. For the tokenizer. the machine moves frow the initial state
0 to state 1 when a stream of characrers are read in and it moves frou state
1 to the accepting state 2 when a delimeter is encountered. At the acepeting
state, the input read in thus far that satisfies the patteru is grouped together
as a lexical entry, Similarly, for the sentence generator instead of a stream of
characters, a list of tokens are vead . The input of tokens moves the machine
to state T and a token coutaiuing a delimeter for seutences woves the machine
to the accepting state 2. Words foriing a senicnce are grouped together as
seutences.

14



6.2 Parts of Speech Tagging

This level of processing tags possible company naes. location aud the different
parts of speech that make up the sentences iu the text.

The first step at this level involves the tageing of States such as "Califoruia’
and THinoeis’. The list oenerated by the sentence generator is traversed and
cach list of lexical eutry is matched with state-words in the lexicon. If thev
watch, then the lexical entry 1 the list is tagoed as a state.

o2, [State,[’l’,’n’,’d’,’i’,’a’,’n’,’a’]]

At the second =tep of this level, possible company nanies. names and location
arc tagond. First names arve tagped. This is done by cliecking if the a lexical
entry starts with an upper case. IF the lexical entry witle an upper case is the
first component of the sentence then the program checks if it 15 already in the
lexicon as a detorminer or adverh. ete. IF it is then it s not rageed as a nae.,
A lexical entry in the middle of the sentence that contains upper case leiiers
guarantees that it is a natue.

c.g. *The Estridge Group’ is tagged as : [[’T’,’h’,’e’],
[name,[’E’,’s’,’t’,’r’,’i’,’d’,’g’,’e’],[’G’,’r’,’o’,’u’,’p’]],A..]

The name tagging process uses a finite state machine as well. Lexical entries
frow the sentence list ave read i one by one. When a lexical entry starting with
an Upper Case is cucountered, the machine moves [rom the itial state 0 to
state 1. The wachine stays at state 1 wlhen more lexical cutries with an upper
case are encountered following the first one and it finally 1moves to the final and
accepting state 2 when a any other lexical entry 1s read in as nput.

Once the states and names have been tageed. possible compauy names and
location are recognized and annotated. Tinite state machines fraverse the list
searching (or possible company names. An arbritrary wonber ol lexical entries
tacoed as naies followed Dy a company sutlix such as Tne” or "LLCT. cte. are
arouped together and tageed as company. Those that are not lollowed by a
suffix ave left annotated as names. Other patterus such as a e Followed Dy
a comina () and a suffix are also recognized and tageed as company,

For example, consider the text below:

Redwood Toxicology Laboratory, Inc. 1is a Santa Rosa, California
based company that specializes in drugs of abuse testing.

Tagoing company names and location vields the following result:



[[[company,[’R’,’e’,’d’ ’w’,’o’,’o’,’d’],[’T’,’o’,’x’,’i’,’c’,’o’ >1))>O)’:g:’;ya]‘
)

; )
[’L’,’a’,’b’,’o’,’r’,’a’,’t’,’o’,’r’,’y’],[’I’,’n’,’c’]],[’i’,’ 7]’
[¥a’] ,[location, [2S°,7&a?,'n”, t?,%a’] , [PR?, 261,287, %8?],
[’C’,’a’,’l’,)i’,'f’,’o’,’r’,’n’,’i’,’a’]],[’b’,’a’,’s’,’e’,’d’],
O’,’m’,’p’,’a’,’n’,’y’],[’t’,’h’,’a’,’t’],
,’p’,’e’,’c’,’i’,’a’,’l’,’i’,’z’,’e’,’s’],[’i’,’n’],
rz’)u)’)g;,)sxj [)O)))f)])[)a)’)b7’)u),)s),leJ])
e n

’
J > ) ) ? ) )
y 'S, t y LT,

’,’g’]-[’-’]]]

Fiually once possible company naines. nauies and locations have heew recog-
nized by the 1 system, the rest of the lexical iteins in the list of sentences are
also tagged. These words are tagged as deteriiners. pronouus. verbs, noins.,
adjectives. adverbs aud prepositions. Tlie list of sentences is traversed and the
list of lexical entries are natched with entries in the lexicon. When a miatcel is
found then the lexical cntry in the List s annotated as the corresponding part
of speech.

The final output of the parts of speecl tacging process is as follows:

[[[det, [T, h”,e*]] , [noun, [ 2E?, 28?, ¥52, 2 2%, 247 ,2d? , %2, Ye? ],

P, e o Pn 2pt Tl 17, 20 Idets [P 8520 e 1
[adj,[’p’,’r?,%e’,’m’,’1°,%e’,’r’]], [noun,

[R50 5 %, 2 ed 2 2 24, P07 92 e e ] T [peep, 717,00 ] 5

det, L2867, 2h”%e’ 1] [monm,s [F1 25 %0 0 d? 200 a5 2nf 5 e, mpft s e, % 22 22 I
[noun, [’a’,’r’,’e’,’a’1],[’,’], [verb, [’h’,’a’,’s’]1], [det, [’a’]1],

[roumn, [B8Y Pal 01k, lef, 158 [*C2 462 P2, 0g? 2q? F17 Pl fgd gl ],

[noun,(’p’,’o’,’s’,’i’,’t’,’i’,’o’,’n’]],[adj,[’a’,’v’,’a’,’i’,’l’,’a’,{b’,’l’,;w’
[prep. [*a? 7% 11, lpko, [7e? . 7u’, 7r2 ], [noun, [767. 27, Ye®, Yy’ , ™8’ ;%4 « "0’ . "0 s ')

[’V’,’i’,’l’,’l’,’a’,’g’,’e’],[’C’,’o’,’m’,’m’,’u’,’n’,’i’,’t’,’y’]],
[prep, [?1%,'n2]], [lecation, 7€, 217, 7¢? 26’ 2r?, 207],
[’I’,’n’,’d’,’i’,’a’,’n’,’a’]],[’.’]]]

Oue of the differences between the FASTUS svstemn and the P-FASTUS
svstem that I have developed is that the FASTUS svstem does not include the
parts of speech processing level. This level was implemented hy FASTUS but
was later hypassed as it tarned out to double the run-thne without improving
the accuracy ol the T system. Tn Prolog this may not necessarily be the case.
especially since T have used lists to store the lexical entries. Since uunification of
lists takes a longer time than unification of svinbols in Prolog. taceing lexical
entries mwight lower the run time in the next level of procesing where the parts
of speech arc merged into simple phirases. In ovder to test this hypothesis. the
code for the next phase could be rewritten so that the timing with and withont
parts of speech tagging could be compared. Due to the tine constraine. I have
not been able to pursue this matter. Nevertheless, it would he worthiwhile to
develop the code to test this livpothiesis in the future.
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6.3 Simple Phrase generation

The simple phrase generation level groups the different parts of speech info sin-
ple phrases that coustitute lnguistic constructs such as nown growps and verb
groups. Please note that these are not really lingnistic constructs such as noun
phrases. They are words grouped together as a siugle constituent of the input
by the P-FASTUS systent in order to deal with patteru matehing in the latter
phases. It would be nunecessary and impractical to pattern matcel for specific
information deseribed in a sentence by mateliing every single word. Iu short.the
words are grouped together to simplifv pattern matcehing for identifving infor-
wation of interest.

So at this stage. an adjective followed by a noun forins a noun group. Sini-
ilawly. adeterminer followed by a noun forms a nowt group. An adverb followed
v a verh forms a verh group as well. There are more combinations of parts of
speeclt that form simnple phrases. [ essence, o gramumatical rule cau be estab-
lished which evaluates whether a group of words forms a siiiple phirase or not.
The following groups of words all form siniple phyases:

a {(det) highly (adj) ualified (adj) Fngineer (noun) > a highly ¢nalified Tngi-

neer (nou group)
will (verh) work (verh) = will work (verb gronp)

will (verh) drive (verh) slowly (adv) o will drive slowly (verh group)

Using Finite State Autowata. adjoctives are first erouped together as ad-
jective pluases. The machine moves from the initial state O to state 1 when
it first encounters an adjective. Tt stays in state 1 if it keeps reading in more
adjectives. When it reads in something other than an adjective. it finally moves
to state 2 whicli is the accepting state and the adjectives are crouped togetlicr
atd annotated. Other rules, snelt as an adjective followed by a cotjuuetion and
an adjective forming an adjective group. are also adhoered to.

Ouce the adjectives have heen grouped together the noun groups are formed
from determiners. nouns and adjective groups. A set of finite state antoma-
tous formed frow finite state granunars are used to group the ditferent parts of
spoech into noun groups. Verb groups are also tornied frow its coustituents in
a sinilar fashion.

The ontput of the simple phrase generator is shown below:

[[[noungroup,[’T’,’h’,’e’] ,[’E’,’s’,’t’,’r’,’i’,’d’,’g’,’e’],
[)GJ’)r)’)O),)u),)p)]] ,[)’)] ,[noungroup.[’t’,’h’,’e’] ;
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[’p’,’r),’e’,’m’,’i’,’e’,’r’],[’h’,’o’,’m’,’e’,’b’,’u’,’i’,’l’,’d’,’e’,’r’]],
[prep,[’1’,’n’]], [noungroup, [’t’,’h’,’e’],
[’I’,’n’,’d’,’i’,)a’,’n’,’a’,’p’,’o’,’1’,’i’,’s’],
[’a’,’r’,’e’,’a’]],[’,’],[Uerbgroup,[’h’,’a’,’s’]],

Fyoy 3 YQ) Iad 2T I dad
[noungroup, ['a’],[’S’,’a’,’1’,’e’,’s’],
[’C’,’o’,’n’,’s’,’u’,’l’,’t’,’a’,’n’,’t’],[’p’,’o’,’S’,’i’,’t’,’i’,’o’,’n’]],
[adj,[’a’,’v’,’a’,’i’,’l’,’a’,’b’,’l’,’e’]],[prep,[’a’,’t’]],
[pro,[’o’,’u’,’r’]],[noungroup,[’G’,’r’,’e’,’y’,’s’,’t’,’o’,’n’,’e’],
[’V’,’i’,’l’,’l’,’a’,’g’,’e’],[’C’,’o’,’m’,’m’,’u’,’n’,’i’,7t’,’y’]],
[prep, [2i?,2n?] ], [location, [*C?, 47, te?,%e’,7? ,20"] ,
[’I’,’n’,’d’,’i’,’a’,’n’,’a’]],[’.’]]]

Any lexical entey that is not a pat of a simple phrase is lefr nnodified. For
.

example the word “at” and the location "Clheero, Indiana™ in the example above
ave left unelungoed.
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6.4 Complex Phrase generation

At the lourth level. conplex nouie groups and verb groups that can be recog-
nized ave fornmed from the output generated by the siniple plirase generator,
They are recoguized from domaiu-independent svitactic nformation. A noun
group followed by a conjunction and anotlier now group or location are grouped
togetlier as nowi group.

Consider the exawple below:

GenSys Software, a life sciences enterprise software products and
services company located in Santa lMonica, CA, is looking for a Sr.
Software Engineer to join our team.

At this level the phrase “a lile scicnces cuterprise soliware produets awd ser-
vices company’ is grouped togethier as a nouw group.

Prepositional phrases such as 10" and of are also attachoed to their head noun
groups. In the exawple ou the Estridec aronp:

The Estridge Group, the premier homebuilder in the Indianapolis
area, has a Sales Consultant position available at our Greystone Village
Community in Cicero, Indiana.

the phrases "the premicr homebuilder in the Indiauapolis area” and “ Grey-
stone Villaoe Conununity in Gicero. Indiana™ arve grouped together as:

[[[noungroup, [’T’,’h?,’e’], [’E’,’>s’,’t’,’r?,’i’,%d’, g’, e’],

(P62, *g 5 Yot Tut ,op?] T, 2 ] [Dicungronp, 762, 7h7, 4] ,

[Pp? %2 5 % 5 w7 T % e s e, P2 52 075 20, e 5 b7 s T 5 2 42 1%, 287 e e
(’i’,’n’1,0’t’,’h?,%e’],[’I’,’n’,’d?,’1?,’a’,’n’,’a’,’p’,’0’,’°1’,’1’,’s’],
[’a’,’r’,’e’,’a’]1],[”,’], lverbgroup, [’h’,’a’,’s’]1], [noungroup, [’a’],

[#87 ;22 22, 2al el ([2C%, 260, 2, 67 12,412 (762, %82, 0072 .2 87

Lp? e’ s Mgt 5 P 7 B 2 A e 5 PaP ] ] Ladig s, (B8 0w 5 el T 1 2 1 Ra B, M et
(prep,[’a’,’t’1], [pro,[’0?,’u’,’r’]], [noungroup, [’CG’,’r’,’e’ ,’y’,’s’,’t’,’0’,’n
[2y7, g0 202 @) Tad, 'p? der], [P6?, Yo?, Mm? st oul Pl 01t e, MR,

[287 252 ], [PC2, 227, 2@ 2 1p?, bg?] ,[20% a2  2d  2d2, ar, ny 2ar ] |, 02 .70

Fiuite State transducers for forming hoth conplex nowt groups and conplex
verb groups cowplete this task. DPatterns ave matched. When a nouugroup
followed by a preposition such as ‘i’ is followed by auother noungronp theu
they are all grouped together as oue single noun gronp. Similarly whei a verb
group is followed by more verh groups. that is it follows the rule - (verb eroup)™.
then thev are also grouped together as a single verh group. The ™ stands for
kleene star whicli means that the eletient “verh group” can ocenr any arbritrary
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number of tinies. Like the preceeding levels of processing, other lexical entries
thiat are rejoctod by the trausducers ave left unchanged at this level. The output
at this level is 1hus a list of sentences that ave comprised of complex lingnistic
stretures.



6.5 Domain Event Recognition and Template generation

This is the only level which is domain-dependent. One of the zoals of desicuine
FASTUS and P-FASTUS was to make the system portable so that with little
modifications the LE systeun could be used to extract pre-apecified inforuation
from another domain of tterest. Therefore, it is ouly the code ar this level
that needs to be modified in order to make P-FASTUS suitable for extraction
of pre-specified information from another domaiu.

At this level. the output senerated by the previous level is taken in as nput
aud tewplates filled with tnformation extracted from the text are built. The
ipur ro this level is a list of sentences annotated as complex phirases in the
order they were formed. The first sicp at this level iuvolves the tagging of trig-
ger words. which 1s further used ro identify linguistic construets that is used
to mateh against dowaiu-specific patterus of interest. The input list from the
conplex phlirase level is traversed. and uuification 1s used to check it any of the
words i the list unifv with the tricoer words that are stored in the domain-
specifie lexicoi. Following are examples of words nsed as tricger words in the
domain-specific lexicon:

1. For identifving linguistic constructs that way contain information on the
compauy advertising the positiou:

company. firn. we

2. For identifying linguistic constructs that way coutain infornmiion on the
position being advertised:

looking. seeking, has. available

3. For identifving linguistic constructs that may contain idormation on the
location of the fAr:

based. located

These words are saved as predicates with two arguments. The first argument
is used to identify what tvpe of iuformation the subsuming linguistic construct
niay contain. The second argiment is the word itselt whicl is a trigeer entry
that is to be nnified with lexical entries in the input st

triggeri(trig company, [2¢”, 0" ;%0 ¥p . 8 %07 2y ] ).
trigger(trig_position_verb_based, [’b’,’a’,’s’,’¢e’,’d’]).

trigger (trig_position_verb_located,[’1’,’0’,’¢c’,’a’,’t’,’e’,’d’]).
trigger (trig_position_verb_seek,[’1’,’0’,%0’,’k’,’1’,’n’,’g’]).
trigger(trip position epen, [%07 ,2p¥, e, M2, "> n? , g? ] ) .
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The domaiu-specific lexicon is not complete and trigeer words that nav ex-
st i texts that have not been tested are not meluded i the knowledge base.
The domain-specific lexicou. like the general lexicon, nay never be complete, as
there are far too many words in the English language that can he stored for the
purposes of Information extraction awd not all of it vy he used. Furthermore.
novel words are often coined. So, technically. no lexicon is ever complete. For
the purposes of v project. I have tried to include just the right anmount of
words I would need for analvzing the texts that I have used. The lexicon can
always and casily be expanded by adding more entries to the knowledge base by
using assert. Although this feature has not been implemented, this feature of
Prolog can he used to determine the type of the words not present in the lexicon
and can also be used to tackle the problem of ambigious words. For exanple
consider the word “architect” nof present i the current lexicon which could be
cither used as a noun or a verb. Il the preceeding word is a determiner or an
adjective. then it is likelv that the word “architect™ is heing used as a noun in
this context. Thus. the assert leature could be used to add “avchitect” as a now
i the lexicon or the kiuowledge hase.

Once linguistic coustructs thai contain lrigger words are recognized then the
list of complex phrases can he used for domain specific patterin matching. Pat-
terns are matched by iuite State Machines or Finite State Granunars. Finite
Stiate Granunars are used to exiract the followine information from the texts:

1. Name of the compaiy or institution that is advertising the job position
Coonsider the following, text:

The Estridge Group, the premier homebuilder in the Indianapolis
area, has a Sales Consultant position available at our Greystone Village
Community in Cicero, Indiana.

The Estridge group would he the naiue of the institution that is to be extracted
from the text. The pattern above can be approximated by the following Finite
State gramumar:

Noun Group {Relative Clause} <has> Noun Group <available>

Here < has> and <availablez are the trigger words that help identify that
this pattern can be nsed to extract the vawe of the institution. The first Noun
aroup that oceurs before {Relative Clanse} 1s the plirase or linguistic coustruct
that needs to be extracted. The above pattern or Finite State Grammmar can
also be used to extract the position that is being advertised i the text. This
is not the only FSAL nsed to extract thie nawe of ilie company or iustitutionn.
A set of FSMs that approximate patterns ave used to ideutiflv the inforination
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requirec.

[he following is another example ot a FSN that is used to extract the nanie of
the company or institution:

For the text:
Lanier Worldwide, Inc. 1is a Fortune 500 company

Lanier Wordwide Tne is the information to be extracted as the name of the
company or institution and the Finite State grammar to extract to mateh this
patreri is as follows:

Company <is> <trig_company>

Here Lanier Worldwide, Ince. is tagged as conpany in the POS tageing level
since it contains the company suffixc. The plivase "o Fortune 500 commpany™ is
tagged as o construct containing the trigeer word, “company™ . In anv other
domain of textual information. we conld argne that sentences such as the oue
above could be referring to another company. However. for the domain of just
Job Postings. it is apparant that <uch sentences refer to ouly the company of
interest. Thoerelore it is safe to nse such patterns in this domaii.

2. The job position that is advertised in the text
Consider the following text:

GenSys Software, a life sciences enterprise software products and
services company located in Santa Monica, CA, is looking for a Sr.
Software Engineer to join our team.

St Software Engineer is the information that needs to be extracted from the
text. The pattern used to extract this information frow the above seutence is
as follows:

Noun Group {Relative Clausel}* <trig_position_verb_seek> Prep Noun Group

Tlie trigger word in this seitence is "looking™. The Nonn Group following
the preposition " for™ which follows the trigger phrase is the linguistic coustriet
that is extracted. In the above example. Sr. Software Engineer is the Noun
Group that is extracted. Other information. such as the naue of the company
(which in this case 1s GenSys Software) is also extracted by this Finite State
AMachine. A set of FSAM's approximated tromn Buite-state grammars are also used
to extract the position bheing advertised.
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The following is another pattern wsed to extract the position being advertised:
Consider the example below:

RushTrade Group, a Dallas based Direct Access Trading firm, has
openings for Internet (inside) Sales Specialists.

T this exanple. “Tuteruet Sales Specialists”™ is the inforiation that needs to
be extracted. The trivger word iu this seutence is “opening” and the followingy
patteru is used to extract the information:

Noun Group {Relative Clausel* <has> <trig_position_open> Prep Noun

Like the previous example. the Noun Group alter the preposition is the lin-
guistic structure that 1= extracted. Hereo the verh "has™ plays an unportant role
e forming the pattern as well. Tnfornation on the company or ustitution is
also extracted by this I'SAL

Seutences that begin with a pronoun such as “We™ that refers to the institu-
tion also Lold information ou the position that is being advertised. For example:

We are looking for a licensed physical therapist to work in our
prime health @ home department.
FSAs that handle suelt occirances ol prououns instead of Noun Groups or pos-
sible company or institution wanes have also been constructed. The following
patteru recognizes the information for the position soughit in the above exaimple:

Pronoun <trig_position_verb_seek> Prep Noun Group

The Noun Group at the end of the pattern is the phrase that is extractoed.
Unlike some of the patterus discossed hefore. this pattern ouly recognizes the
positiow that is heing advertised aiwd not the name of the company or institution
that is advertising.

3. "Lhe location of the company or institution

The last item that is extracted by the P-FASTUS svstemn is the location of
the company or institution that is advertising the job position. Oue of the
difficultics of this project has been to extract the location of the company or
istituntion. The diflicults lies i the fact that the text may refer to cither the
location where work needs to be done or the location where the company is
based. Tn most job postings. the location of the work i= not specified oxplicitly.
It is oplicit in sowe cases that the location where the company or nstitution
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is basec is where the accepted applicant is required to work.  Therefore. P-
FAS LTS does not distinguish hetween the two.

For sentences that explicitly state the location of the work. consider the ex-
ample discussed carlier:

The Estridge Group, the premier homebuilder in the Indianapolis
area, has a Sales Consultant position available at our Greystone Village
Community in Cicero, Indiana.

The pattern that extracts the location, which is this case is “Greyvstone Vil-
lage Community in Cicero. Indiana™. has been discussed carlier. I this case.
the exact location of the work area is obtained.

Tu contrast. cousider the example helow:

RushTrade Group, a Dallas based Direct Access Trading firm, has
openings for Internet (inside) Sales Specialists.

The text that contains this senfence does not explicitly state where the lo-
cation of the worle is. It is implicit fron the job posting that the location is
Dallas. since the company is based in that city. In order to be able to extract
this inforuation, the following IFSAT was buile and coded into this level:

{Noun Group | Company} , Noun Group <trig_position_verb_based>

In this pattern. the Noun Group in between the connna and the trigger
tageed phrase following it is the linguistic construct that is extracted as the
location of the company or institntion.

In FSM's where relative clanses oxist. they are ignored if they do not contain
it by thai particular TSN However, if the
relative clause does contain inforiation that is of relevance then other FSALs
that match that pattern automwatically pick up that inforiation and clude it
into the template, The general template that is filled is as follows:

the information that is being soug

For the text:

The Estridge Group, the premier homebuilder in the Indianapolis area,

has a Sales Consultant position available at our Greystone Village
Community in Cicero, Indiana. We are seeking a highly energetic individual
with excellent communication skills.

The Estridge Group has been named one of the "Eight Great" builders
to work for in America by Builder Magazine. This pogitiocn includes



a base salary of 36K, an opportunity to earn excellent commissions

and an outstanding benefits package. We also offer a comprehensive

training program.
Template:

File Nuber: 2

Position: Sales Consultant
Company: Estridge Group
Cowpany: Estridee Group
Position: -

Company: Estridge Group

The cascade of finite-state automatons generates wmultiple entries of informa-
tion from different sentences that contain that information. which is then taken

care of at the next level.

The template is stored as a list in the progran and it looks like this:

[2,[position,[[’S’,’a’,’l’,’e’,’s’],[’C’,’o’,’n’,’s’,’u’,’l’,’t’,’

a,,,n),,t)]ll.

[Company,[[’E’,’S’ )t)’)r}’li)))d)’)gl’ie)]’[)G)’)r)’)OJ’)uJ’)p)]]],

3
[1ocation,[[’G’,’r’,>e’,’y’,’s’,’t’,’o’,’n’,’e’],[’V’,’i’,’l’,’l’,
[’C’,’o’,’m’,’m’,’u’,’n’,’i’,’t’,’y’],[’C’,’i’,’c’,’e’,’r’,’o’],
[’I’,’n’,’d’,’i’,’a’,’n’,’a’]]],[company,[[’E’,’s’,’t’,’r’,’i’,’d’
[°¢’,’r>,’0’,7uw’,’p’11]1, [position, [1], [company, [[’E’,’s’,’t’,’r’,”’
[’G},’IJ,)O),)U),)})’]]]]

[ order to improve the accuracy of the P-FASTUS system. additional mea-
sures were taken at this level, Superfluous words such as determiners. adjectives
and other vevelmt words from the information extracted were removed, Tor
exaple the "a” and "position” in the "a Sales Consultant position” are rewmoved.
Rules to remove all ocewrances of determiners were nuplemented. Tnovder to
rewiove the word position. "position” was included i the domaiv-specific Jexi-
con as a trigeer word that needs to be removed from the information that is
extracted. Other words include company. candidates and individual. Tt is -
portant to remove occurances of such words since the FSN's extract linguistic
coustructs that are completely errotous.

Consider the sentence bhelow:

)a)’)g)’)e.‘J,

,’g’,e’],
i)’)d)’)g))}e)-])

We are seeking a highly energetic individual with excellent communication

skills.

Oue of the FSN's of the svstem will read “highly cuereetic individual ™ as the
position. T order to correct this the word Sudividual” will first he rewmoved and



the remaining list would be checked to make sure that at least oue remaining
word is a nown. If none of the words are nouns or uppercazed. whicl i this
case the rewaining words would he “highls cuereetic”. they are all removec, This
helps to wuprove the precision of the I1 systen.
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6.6 Combiner - Template Merging

The final level of the system involves the process of merging the structures or
templates generated by the previous phase. The template generated by the do-
main dependent template geuerator may contain structures holding the same
information. I some cases. one may Lold more information than the other.
For exinnple from the sentences of the text helow. four templates holding the

iformation on the name of the cowpany or institution are generated.

RushTrade Group, a Dallas based Direct Access Trading firm, has openings
for Internet (inside) Sales Specialists. RushTrade is an Online Brokerage
firm that offers Proprietary Software solutions to active individual
traders around the world.

........................ RushTrade has strategic alliances with Tier
one firms in the online community providing a steady flow of warm inbound
leads.

The Ideal Candidate will possess the following:

RushTrade is offering a competitive compensation package of 50,000+
per year ............

The templates generated by thie template generation level are as follows:
Lewplate:

File Number: 5

Positiou: Tnternet Sales Specialists
Company: RushTrade Group
Location: Dallis

Cowpany: RushTrade Group
Company: RushiTracde

Company: RushTrade Group

At this level, these templates ave merged and the following combined template
is formed:

File Nmuber: 5
Compauy: RushTrade Gronp
DPosition: Internet Sales Specialists

Location: Dallas

The tewplate that coutains the word "RushTrade™ only is subswumed by the
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template that confains the words "RushTrade Group™. Once the structines
have heen werged by the combiuer. the final step ar this level then prints the

cowitent of the list.

The structure of the list that holds the extracted information is as ollows:

[File_Number, [company, Cl, [position, P],[location, L]]

C. P oand Loave the lists that contain the lexical eutries for cachi of the
respective intormation sought by the svstewn, Each Ble is assigied a nuwnber
which is later used to print the nane of the file along with the information

extracted.
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7 Testdata and Results

7.1 Testdata

The text files that were used to test the svstenn were obtained fronn the followine

Job sites:

1. Monster.coin
2. Hotjobs.com
3. and Craigslist.org

10 files were repeatedly tested to budld the TSATs. 10 new text files were used
to the test the system’s performance ou novel texts, The testdata included a
total of 20 text files.

7.2 DMetric System

In order to compare and evaluate the performance of the IE svstems, a wetric
svatem was developed. The principal measures used are recall and precision.
"Recall is the number answers the svstem got right divided by the munber of
possible right answers™. Recall measures how comprehensive the system is in
its extraction of relevant information. The second measure, Precision, is the
munber of answers tlie svstem got right divided by thie nuber of answers the
systen generated. In short. Precision measures the acenracy of the svsten.

In mathemarical notation:

Raval] Numberofeorrectanswers
teca - —~

Numberofpossibleanswers

I Numiberofeorrectanswers
Precision = - ’
Nuniberofanswersgencratedbythesystom

In addirion to the two principal weasnres. a thivd weasure called the F-Score is
also computed. The F-Score is a combined measure and is defined as follows:

¢ i
(5= 4

1NZWPR
2P+ R

F:;

where, I 15 the Precision. R s the vecall and 3 is a parameicr encoding the rel-
ative importance of Recall and Precision. 5= 1, meaus that they are weighted
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equally. 7 > 1. meaus that Precizion is more sisuificant. 3 <

Recall is more significant. (Jackson 2002)

7.3 Results

Frow the fivst 10 test files the following output was sencerated:

Tuforiation extracted from file: ./testdata/test].txt
company : Redwood Toxicolooy Laboratory Tne
position : NA

location : Santa Rosa Califoruia

Information extracted from file: . /testdata/tost2.ixi
compaiy : Estridge Group

position : Sales Consultant

location : Grevstone Village Commumity Cicero Indiana
[ntormation extracted from file: . /testdata/test3.ext
coupany : IndX

positiou : qualified Controller

lociation - NA

Information extracicd from file: ./testdatar tosi itxt
company - Watsonville Cowmnumity Hospital
position : licenzed physical therapist

location : NA

Information extracted from file: . /testdata/testh.txt
company : RushTrade Group

position : Iuternet Sales Specialists

location : Dallas

Information extracted frow file: ./te=tdata; testG.txt
compaiy : Edison Schiools Tuc..

position : qualified Client Relationship Coordinator

location : NA

Information extracted from file: . testdara ‘tost7.6xt
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compauy : Lanicer Worldwide Ine
position @ NA
location : Atlania

Tuformation exiracted from file: . /testdata/testy txt

company : Lanicr

position : NA
location : NA

Information extracted frow file: . testdata/ test9.ixt

company : NA
position : District Manager
location : NA

Iuformation extracted from file: . /testdata/test 10.txt

company : GenSyvs Software
position : Sr. Software Fngincer
location : Santa Mounica C'A

The svstem was able to detect 21 correct answers out of a possible 26 cor-
roct answers. Qut of the 21 answers conerated all were correct. Therefore the
systom vielded a Recall of 80.7% aud o Precision of 100 on these test files.
However it is iinportant to note that the system was built while testing for these
test files. Therefore a new set of 10 files were tested on the system. On the new
files. the systenn generated the following output:

Tuformation extracted from file: ./ testdatn /untested /test11.txt
compaiy = Major Financial NYC

position @ strong C+ + developers

locarion : NA

Information extracted from file: ./ testdata /untested /test12.txt
cotpany @ NA

position : NA

location : NA

Tuformation extracted frow file: . /testdata/untested /fest L3t

contpany @ Successtul et
position : NA



location : NA

Information extracted from file:r ./ testdata/nntested /test 1L txt
company : Fridac

position : General Dentist

location : NA

Information extracted from file: . /testdata/untested /test 15.0xt
company - Manpower

position : NA

location : NA

Iuformation extracted from file: . /restdata/wntested ftest 16,10t
company : Our client

position : NA

location : NA

Information extracted from fite: . /testdata/wntested /test 17.0xt
company : Our dvnaic Concord

position @ Mechanical Enginecr

Jocation © NA

Ludormarion extracted from filer . /testdata/untested /test18 ext
company @ real estate ndusiry

position : experieticed hookkeeper ov assistant cotifroller
location : NA

Information extracted from file: . /testdata/untested/test 19 txt
company : Authorize

position @ NA

location : NA

Information extracted from file: . /testdati/untested /test20.ixt
company : Iuternet

position : New Media Account Executives

location : NA

The results from these test files were not very cncouraging but satisfactory.
The svstem generated only 6 correct answers out a a possible 21 correct an-



swers. The system also generated a total of 14 answers, Recall was about 29%
and Precision was about 43%.

For thie total 20 test files that were used. Recall was H7.4% and Precision was
T7%. The F-score when Recall and Precision were eiven equal weight. that is
when 7= 1, was 65.77.

P-FASTUS took 18.079 sec to process the 20 texts on a Pentinn 11 500 MHz
processor. The texts contain 45006 words in 356 lines whicle translites into
approximately 5623 words per minnte. At the MIUC-1 ovaluation, FASTUS
processed 2375 words per minute on a SPARC-2 station. It took 15.9 minutes
to process 100 texts and was capable of processing 9000 texts per day (Roche
1997). It is cwrrently impossible to compare two svstems since they operate
o different domains of interest and the nuwber of information extracted varies
between the two. Morever. they have heen tested on different machines that run
ou processors ol different speed. However. the results do indicate that the P-
FASTUS syate is fairly efficient. Tt is inportaunt to note that the speed ol the
P-FASTUS system does depewdd on the size of the lexicon as well. The lexicon
for P-FASTUS is relatively small at the moment and the wger it oets the longer
thie program may take to process the texts. However. better hieuristic measures
conld be taken in the future to cusure faster access to the desired entrv in the
lexicon. For example. a ‘case statewent” type of feature could be implemented
that would let the IS system avoid the inspection of words that are not bound
to uuify.



8 Conclusion

The P-FASTUS svstem did not perforin well when tested on new test files. On
new files. it vielded a Recall of 297 and Precision equal to 437, These results
are comparable to the scores of the original MUC-5 FASTUS system that vielded
a Recall of 34/ and Precision equal to 56% (Roche 1997). As mentioned carlier,
whew cousfructing an I system using the knowledge engineering approach. the
performmance of the systein depends hieavily on the ability of the knowledge en-
ginuer to construct FSAM's that can comprehensively capture all or most of the
patterns that are prevalent in these "job posting” text files. Developing FSM s,
for pattern recognition, that are comprehensive and accurate require iine to
develop. Unfortunately due to the linited amount of thne available to cow-
plete this project. I was unable to coustrucet more accurate awud compreliensive
F'SALs to wateh potential patteris containing relevant inforiuation. The tem-
plate generation or domain event recognizer level is the one that needs further
mmproventent in order to make the svstenn more accurate and comprelicnsive.
With more thue. T am confident that the performance of the svstem can be
nproved,

The advauntages of using Prolog for developing 1E svstems are clear.  Unifi-
cation allows for a simple way to compare aud match word wuputs with lexical
entries i order to derive their type. It provides an efficient wayv to mateh two
ttews of interest and s used i every level of processing in D-FASTTS. Prolog
lists are convenient data structures to use for Natural Language Processing as
well. Sinee words are stored as lists of characters, detection of wames in the text
is casily accomplished by using a FSN that secarchies for upper case letters in the
words. Unification allows for an casy way of matching the contents of the lists.
Oue of the most nseful features of Prolog is the depth first scarch algorithmn it
uses when scarching [or a possible answer. This feature has beeu most useful
when hmplementing the IF'SMs that mateh patterus of tnterest. i.e. the domain
dependent level that looks {or patterns of interest. Each pattern of interest can
be coded as a series of FSMs. When one pattern fails, others are checked for a
possible matel. This eives the FSNs a non-deterministic characteristic which
15 required for matching different patterns of mterest. The ability to wmodify the
prograut at rin tine provides additional tools to make (he svstem more portable
and also allows for the possibility of handling the problem of ambiguity better.
As meutioned earlier, this featwre nufortunately has not vet been implemented
due to fiue constraiuts.

With respect to the speed of the P-FASTUS svstem. it is impossible to compare
it with FASTUS since they deal with different dowmaius of interest. SRI had
originally developed automatic domain learuiug capabilities for FASTUS and
with this in mind I had hoped to obtain a copy of the program so that [ could
compare the two systems, Unfortunately. T was unable to acquire a copy aud
the question of whether Prolog. a logic progranuning language. provides a fastor
way of extracting information remains nunanswered at the iwoment. However.

&



we call argue that P-FASTUS is a relatively efficient TE svstemn that processes
approxinaely 5623 words per ninmute.
P-FASTUS. like FASTUS is not a text understanding systenn. It uses a cascade
of non-deterministic finite state automatons. In essence, it is a pattern match-
ing program implemented i SICStus. 2 constraint progrannming language that
facilitates natural language processing.
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