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The recent growth of online information available in the form of nat

ural language documents creates a greater need for computing systems with 

the ability to process those documents to simplify access to the information. 

One type of processing appropriate for many tasks is information extraction, 

a type of text skimming that retrieves specific types of information from text. 

Although information extraction systems have existed for two decades, these 

systems have generally been built by hand and contain domain specific infor

mation, making them difficult to port to other domains. A few researchers 

have begun to apply machine learning to information extraction tasks, but 

most of this work has involved applying learning to pieces of a much larger 

system. This dissertation presents a novel rule representation specific to natu

ral language and a relational learning system, R a p i e r , which learns informa

tion extraction rules. R a p i e r  takes pairs of documents and filled templates
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indicating the information to be extracted and learns pattern-matching rules 

to extract fillers for the slots in the template. The system is tested on sev

eral domains, showing its ability to learn rules for different tasks. R a p i e r ’s 

performance is compared to a propositional learning system for information 

extraction, demonstrating the superiority of relational learning for some infor

mation extraction tasks.

Because one difficulty in using machine learning to develop natural lan

guage processing systems is the necessity of providing annotated examples to 

supervised learning systems, this dissertation also describes an attem pt to re

duce the number of examples R a p i e r  requires by employing a form of active 

learning. Experimental results show that the number of examples required 

to achieve a given level of performance can be significantly reduced by this 

method.
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Chapter 1

Introduction

There has been an explosive growth in the amount of information available on 

networked computers around the world, much of it in the form of natural lan

guage documents. An increasing variety of search engines exist for retrieving 

such documents using keywords; however, answering many questions about 

available information requires a deeper “understanding” of natural language. 

One way of providing more “understanding” is with information extraction. 

Information extraction is the task of locating specific pieces of data  from a nat

ural language document, and has been the focus of DARPA’s MUC program 

(Lehnert & Sundheim, 1991). The extracted information can then be stored 

in a database which could then be queried using either standard database 

query languages or a natural language database interface. An example of the 

information extraction task which was the focus of MUC-3 and MUC-4 ap

pears in Figures 1.1 and 1.2. The goal was to extract information about Latin 

American terrorist incidents from news reports.

Information extraction systems seem to be a promising way to deal 

with certain types of text documents. However, a difficulty with information

1
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N ew s wire text

DEV-MUC3-0011 (NOSC)

LIMA, 9 JAN 90 (EFE) —  [TEXT] AUTHORITIES HAVE REPORTED 
THAT FORMER PERUVIAN DEFENSE MINISTER GENERAL ENRIQUE LOPEZ 
ALBUJAR DIED TODAY IN LIMA AS A CONSEQUENCE OF A TERRORIST 
ATTACK.

LOPEZ ALBUJAR, FORMER ARMY COMMANDER GENERAL AND DEFENSE 
MINISTER UNTIL MAY 1989, WAS RIDDLED WITH BULLETS BY THREE 
YOUNG INDIVIDUALS AS HE WAS GETTING OUT OF HIS CAR IN AN 
OPEN PARKING LOT IN A COMMERCIAL CENTER IN THE RESIDENTIAL 
NEIGHBORHOOD OF SAN ISIDRO.

LOPEZ ALBUJAR, 63, WAS DRIVING HIS OWN CAR WITHOUT AN 
ESCORT. HE WAS SHOT EIGHT TIMES IN THE CHEST. THE FORMER 
MINISTER WAS RUSHED TO THE AIR FORCE HOSPITAL WHERE HE DIED.

Figure 1.1: A sample message from the Latin American terrorism domain used 
in MUC-3 and MUC-4.

extraction systems is that they are difficult and time-consuming to build, and 

they generally contain highly domain-specific components, making porting to 

new domains also time-consuming. Thus, more efficient means for developing 

information extraction systems are desirable.

Recent research in computational linguistics indicates that empirical or 

corpus-based methods are currently the most promising approach to developing 

robust, efficient natural language processing (NLP) systems (Church & Mercer, 

1993; Chamiak, 1993; Brill & Church, 1996). These methods automate the 

acquisition of much of the complex knowledge required for NLP by training on 

suitably annotated natural language corpora, e.g. treebanks of parsed sentences 

(Marcus, Santorini, & Marcinkiewicz, 1993).

Most of these empirical NLP methods employ statistical techniques such

2
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Filled Template

0. MESSAGE: ID
1. MESSAGE: TEMPLATE
2. INCIDENT: DATE
3. INCIDENT: LOCATION

4. INCIDENT: TYPE
5. INCIDENT: STAGE OF EXECUTION
6. INCIDENT: INSTRUMENT ID
7. INCIDENT: INSTRUMENT TYPE
8. PERP: INCIDENT CATEGORY
9. PERP: INDIVIDUAL ID
10. PERP: ORGANIZATION ID
11. PERP: ORGANIZATION CONFIDENCE
12. PHYS TGT: ID
13. PHYS TGT: TYPE
14. PHYS TGT: NUMBER
15. PHYS TGT: FOREIGN NATION
16. PHYS TGT: EFFECT OF INCIDENT
17. PHYS TGT: TOTAL NUMBER
18. HUM TGT: NAME
19. HUM TGT: DESCRIPTION

20. HUM TGT: TYPE

21. HUM TGT: NUMBER
22. HUM TGT: FOREIGN NATION
23. HUM TGT: EFFECT OF INCIDENT
24. HUM TGT: TOTAL NUMBER

DEV-MUC3-0011 (NCCOSC)
1
09 JAN 90
PERU: LIMA (CITY): SAN ISIDRO 

(NEIGHBORHOOD)
ATTACK
ACCOMPLISHED

GUN:

“ THREE YOUNG INDIVIDUALS”

‘'ENRIQUE LOPEZ ALBUJAR’*
“ FORMER ARMY COMMANDER GENERAL AND 
DEFENSE MINISTER’’ : “ ENRIQUE 
LOPEZ ALBUJAR”

FORMER GOVERNMENT OFFICIAL / FORMER 
ACTIVE MILITARY: “ ENRIQUE LOPEZ 
ALBUJAR’’

1: “ ENRIQUE LOPEZ ALBUJAR”

DEATH: “ ENRIQUE LOPEZ ALBUJAR”

Figure 1.2: The filled template corresponding to the message shown in Fig
ure 1.1. The slot fillers include both strings found in the documents and other 
types of values.

3
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as n-gram models, hidden Markov models (HMMs), and probabilistic context 

free grammars (PCFGs). There has also been significant reseaxch applying 

neural-network methods to language processing (Reilly & Sharkey, 1992; Mi- 

ikkulainen, 1993). However, there has been relatively little recent language re

search using symbolic learning, although some recent systems have successfully 

employed decision trees (Magerman, 1995; Aone & Bennett, 1995), transfor

mation rules (Brill, 1993, 1995), and other symbolic methods (Wermter, RilofF, 

& Scheler, 1996).

Given the successes of empirical NLP methods, researchers have recently 

begun to apply learning methods to the construction of information extraction 

systems (McCarthy & Lehnert, 1995; Soderland, Fisher, Aseltine, & Lehnert, 

1995, 1996; RilofF, 1993, 1996; Kim k. Moldovan, 1995; Huffman, 1996). Sev

eral different symbolic and statistical methods have been employed, but most 

of them are used to generate one part of a larger information extraction system. 

Our system R a p i e r  (Robust Automated Production of Information Extrac

tion Rules) learns rules for the complete information extraction task, rules 

producing the desired information pieces directly from the documents with

out prior parsing or any post-processing. We do this by using a structured 

(relational) symbolic representation, rather than learning classifiers.

Using only a corpus of documents paired with filled templates, R a p i e r  

learns Eliza-like patterns (Weizenbaum, 1966) that make use of limited syntac

tic and semantic information, using freely available, robust knowledge sources 

such as a part-of-speech tagger or a lexicon. The rules built from these pat

terns can consider an unbounded context, giving them an advantage over more 

limited representations which consider only a fixed number of words. This rel

atively rich representation requires a learning algorithm capable of dealing 

with its complexities. Therefore, R a p ie r  employs a relational learning algo-

4

R ep ro d u ced  with p erm issio n  o f  th e  copyrigh t ow n er. Further reproduction  prohibited w ithout p erm issio n .



www.manaraa.com

rithm which uses techniques from several Inductive Logic Programming (ILP) 

systems (Lavrac & Dzeroski, 1994). These techniques are appropriate because 

they were developed to work on a rich, relational representation (first-order 

logic clauses). Our algorithm incorporates ideas from several ILP systems, and 

consists primarily of a specific to general (bottom-up) search. We show that 

learning can be used to build useful information extraction rules, and that 

relational learning is more effective than learning using only simple features 

and a fixed context.

Experiments using R a p i e r  were performed in three different domains 

of varying difficulty. In a task of extracting information about computer- 

related jobs from netnews postings, R a p ie r  performed quite well, achieving 

recall of 63% and precision of 89%. R a p ie r  was compared to a Naive Bayes- 

based system which looks only at a fixed window before and after the filler 

(by default, 4 words), and does not take into account the order of the words, 

but only their presence or absence. Tests of this Naive Bayes-based system 

on the jobs task produced much worse results: 32% recall at 14% precision. 

These results demonstrate the value, in some information extraction tasks, 

at least, of a richer, relational representation, capable of focusing on a single 

previous word, if appropriate, or of considering six or more context words 

when needed, and also capable of taking into account the order of the tokens 

in both the filler and the context. On an easier task of extracting information 

from seminar announcements, R a p i e r  also performed well, achieving 92% 

precision and 71% recall overall, although the Naive Bayes system was more 

competitive in this domain. R a p i e r  did not perform as well on the third task, 

which is extracting information about corporate acquisitions from newswire 

articles. This probably indicates that more syntactic knowledge than R a p ie r  

has available is required to successfully handle this type of domain and may

5
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a lso  in d ica te  a  need for dom ain-specific sem an tic  inform ation. In all three  

d om ain s, R a p ie r  is com petitive w ith  oth er  state-of-the-art learn ing system s  

for in form ation  extraction w hich have been  tested  on the tasks.

The one difficulty of using machine learning to build systems is the ne

cessity of providing examples to the learning system. In the case of learning 

information extraction rules, this requires that a  human perform the informa

tion extraction task on a number of documents. While this is significantly less 

labor intensive than producing an information extraction system by hand, it 

is clearly desirable to limit the number of examples required as much as possi

bly. Therefore, we have experimented with the application of active learning, 

specifically selective sampling, to limit the number of examples required to 

achieve a given level of performance. Selective sampling is a method for allow

ing a learning system to select examples to be annotated and used for training 

from a pool of unannotated examples. The method attempts to select the 

most useful examples in order to reduce the number of annotated example 

required. Experiments with selective sampling in the computer-related jobs 

domain show that it is possible to greatly reduce the number of examples 

required to reach the level of performance achieved with the full set of 270 

random examples.

This research has focused on two primary goals. First, we show that 

learning, and, in particular, relational learning, can be used to build practi

cal information extraction systems. Second, we show that selective sampling 

can be effectively applied to learning for information extraction to reduce the 

human effort required to annotate examples for building such systems.

6
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1.1 O rganization o f D issertation

The rest of this dissertation is organized as follows. Chapter 2 presents back

ground knowledge on information extraction, relational learning, and the nat

ural language processing tools which the R a p i e r  system can use. Chapter 3 

describes the representation used by R a p ie r  and presents the learning algo

rithm. Chapter 4 discusses the experimental evaluation of R a p ie r  on several 

domains and presents the results of this evaluation. Chapter 5 describes the 

application of active learning to R a p ie r  and the extensions required to the al

gorithm to allow for active learning and discusses the experimental evaluation 

of R a p ie r  using active learning. Chapter 6 describes related work in the area 

of learning rules for information extraction. Finally, Chapter 7 suggests ideas 

for future research directions, and Chapter 8 reviews the ideas and results 

presented in this dissertation and discusses relevant conclusions.

7
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Chapter 2

Background

The first part of this chapter discusses the information extraction task and 

characteristics of traditional information extraction systems. The second sec

tion discusses relational learning and some the design choices involved in de

veloping a relational rule learning system. That section also describes several 

previous relational rule learning systems, all of them inductive logic program

ming systems, including the three systems that directly influenced the develop

ment of R a p i e r . The final section of the chapter briefly describes the natural 

language processing resources used in this research.

2.1 Inform ation E xtraction

Information extraction is a shallow form of natural language understanding 

useful for certain types of document processing, which has been the focus of 

ARPA’s Message Understanding Conferences (MUC) (Lehnert & Sundheim, 

1991; DARPA, 1992, 1993). It is useful in situations where a set of text doc

uments exist containing information which could be more easily used by a

8
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human or computer if the information were available in a uniform database 

format. Thus, an information extraction system is given the set of documents 

and a template of slots to be filled with information from the document. Infor

mation extraction systems locate and in some way identify the specific pieces 

of data needed from each document.

Two different types of data may be extracted from a document: more 

commonly, the system is to identify a string taken directly from the document, 

but in some cases the system selects one from a set of values which are possible 

fillers for a slot. The latter type of slot-filler may be items like dates, which 

are most useful in a consistent format, or they may simply be a set of terms 

to provide consistent values for information which is present in the document, 

but not necessarily in a consistently useful way. An example of this is in the 

Latin American terrorism domain used in MUC-3 and MUC-4 (see Figures 1.1 

and 1.2), where an incident may be “THREATENED,” “ATTEMPTED” or 

“ACCOMPLISHED.”

The data to be extracted may be specified in either of two ways. The 

system may fill a template with the values from the document, or, in the case 

where all slots are filled by strings directly from the document, the system 

may annotate the document directly.

Information extraction can be useful in a variety of domains. The vari

ous MUC’s have focused on tasks such as the Latin American terrorism domain 

mentioned above, joint ventures, microelectronics, and company management 

changes. Others have used information extraction to track medical patient 

records (Soderland et al., 1995) and to track company mergers (Huffman, 

1996). More recently, researchers have applied information extraction to less 

formal text genres such as rental ads (Soderland, 1998) and web pages (Freitag, 

1998a; Hsu & Dung, 1998; Muslea, Minton, k  Knoblock, 1998).

9
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Posting from Newsgroup

Subject: US-TN-SOFTWARE PROGRAMMER 
Date: 17 Nov 1996 17:37:29 GMT 
Organization: Reference.Com Posting Service 
Message-ID: <56nigp$mrs©bilbo.reference.com>

SOFTWARE PROGRAMMER

Position available for Software Programmer experienced 
in generating software for PC-Based Voice Mail systems.
Experienced in C Programming. Must be familiar with 
communicating with and controlling voice cards; preferable 
Dialogic, however, experience with others such as Rhetorix 
and Natural Microsystems is okay. Prefer 5 years or more 
experience with PC Based Voice Mail, but will consider as 
little as 2 years. Need to find a Senior level person who 
can come on board and pick up code with very little training.
Present Operating System is DOS. May go to OS-2 or UNIX 
in future.

Please reply to:
Kim Anderson 
AdNET
(901) 458-2888 fax 
kimanderGmemphisonline.com

Figure 2.1: A sample job posting from a newsgroup.

Another domain which seems appropriate, particularly in the light of 

dealing with the wealth of online information, is to extract information from 

text documents in order to create easily searchable databases from the infor

mation, thus making the wealth of text online more easily accessible. For in

stance, information extracted from job postings in USENET newsgroups such 

as m isc. jo b s .o ffe re d  can be used to create an easily searchable database of 

jobs. Such databases would be particularly useful as part of a complete NLP
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F illed  Template

computer_science_job
id: 56nigp$mrsflbilbo.reference.com
title: SOFTWARE PROGRAMMER
sa la r y :
company:
recruiter:
state: TN
city:
country: US 
language: C
platform: PC \ DOS \ OS-2 \ UNIX 
application: 
area: Voice Mail 
req_years_experience: 2 
desired_years_experience: 5 
req_degree: 
desired_degree: 
post_date: 17 Nov 1996

Figure 2.2: The filled template corresponding to the message shown in Fig
ure 2.1. All of the slot-fillers are strings taken directly from the document. 
Not all of the slots are filled, and some have more than one filler.

system which supported natural language querying of the system. The work 

on information extraction reported in this dissertation is part of an ongoing 

project to develop such a system. The initial system handles computer-related 

jobs only. An example of the information extraction task for the system ap

pears in Figures 2.1 and 2.2.

The architecture of the complete system is shown in figure 2.3. In 

addition to the information extraction rules learned by R a p i e r , the system 

requires a query parser and a semantic lexicon for the query parse. The query 

parser is being developed using C h i l l (Zelle & Mooney, 1996), a system which 

learns parsers from example sentences paired with their parses, and the seman-
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information
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NL
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semantic
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database

query
parser

logical
query

query
processor answer

Figure 2.3: Complete System Architecture

tic lexicon is being produced using W o l f ie  (Thompson, 1995; Thompson & 

Mooney, 1989), a system which learns a lexicon from sentences paired with 

their semantic representations.

Information extraction systems are generally complex, with several mod

ules, some of which are very domain specific (DARPA, 1992, 1993, 1995). 

They usually incorporate parsers, specialized lexicons, and discourse process

ing modules to handle issues such as coreference. Most information extraction 

systems are built entirely by hand, though a few have incorporated learning 

in some modules(Fisher, Soderland, McCarthy, Feng, & Lehnert, 1995; Lehn- 

ert, McCarthy, Soderland, Riloff, Cardie, Peterson, Feng, Dolan, & Goldman, 

1993).

2.2 Symbolic Relational Learning

Since much empirical work in natural language processing has employed statis

tical techniques (Charniak, 1993; Miller, Stallard, Bobrow, & Schwartz, 1996; 

Smadja, McKeown, & Hatzivassiloglou, 1996; Wermter et al., 1996), this sec

tion discusses the potential advantages of symbolic relational learning. In 

order to accurately estimate probabilities from limited data, most statistical
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techniques base their decisions on a very limited context, such as bigrams or 

trigrams (2 or 3 word contexts). However, NLP decisions must frequently be 

based on much larger contexts that include a variety of syntactic, semantic, 

and pragmatic cues. Consequently, researchers have begun to employ learning 

techniques that can handle larger contexts, such as decision trees (Mager- 

man, 1995; Miller et al., 1996; Aone & Bennett, 1995), exemplar (case-based) 

methods (Cardie, 1993; Ng & Lee, 1996), and a maximum entropy modeling 

method (Ratnaparkhi, 1997). However, these techniques still require the sys

tem developer to specify a manageable, finite set of features for use in making 

decisions. Developing this set of features can require significant representation 

engineering and may still exclude important contextual information.

In contrast, relational learning methods (Birnbaum & Collins, 1991) al

low induction over structured examples that can include first-order logical pred

icates and functions and unbounded data structures such as lists and trees. 

In particular, inductive logic programming (ILP) (Lavrac & Dzeroski, 1994; 

Muggleton, 1992) studies the induction of rules in first-order logic (Prolog 

programs). ILP systems have induced a variety of basic Prolog programs (e.g. 

append, re v e rs e , so rt) as well as potentially useful rule bases for important 

biological problems (Muggleton, King, & Sternberg, 1992; Srinivasan, Muggle

ton, Sternberg, & King, 1996). Detailed experimental comparisons of ILP and 

feature-based induction have demonstrated the advantages of relational rep

resentations in two language related tasks, text categorization (Cohen, 1995) 

and generating the past tense of an English verb (Mooney & Califf, 1995). 

Recent research has also demonstrated the usefulness of relational learning in 

classifying web pages (Slattery & Craven, 1998).

Two other advantages of ILP-based techniques are comprehensibility 

and the ability to use background knowledge. The comprehensibility of sym-
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bolic rules makes it easier for the system developer to understand and verify 

the resulting system and perhaps even edit the learned knowledge (Cohen, 

1996). With respect to background knowledge, ILP systems are given Pro

log definitions for a set of predicates that can be used in the body of learned 

rules. This allows the system to make use of the concepts embodied in the 

background predicates which are relevant to the concept being learned.

While R a p ie r  is not an ILP system, it is a relational learning algorithm 

learning a structured rule representation, and its algorithm was inspired by 

ideas from ILP systems. The ILP-based ideas are appropriate because they 

were designed to learn using rich, unbounded representations. Therefore, the 

following sections discuss some general design issues in developing ILP and 

other rule learning systems and then describe several ILP systems that influ

enced R a p ie r ’s learning algorithm, including the three which most directly 

inspired it: G o l e m , C h il l in , and P r o g o l .

2.2.1 General A lgorithm  Design Issues

One of the design issues in rule learning systems is the overall structure of 

the algorithm. There are two primary forms for this outer loop: compression 

and covering. Systems that use compression begin by creating an initial set 

of highly specific rules, typically one for each example. At each iteration a 

more general rule is constructed, which replaces the rules it subsumes, thus 

compressing the rule set. At each iteration, all positive examples are under 

consideration to some extent, and the metric for evaluating new rules is bi

ased toward greater compression of the rule set. Rule learning ends when no 

new rules to compress the rule set are found. Systems that use compression 

include D u c e , a propositional rule learning system using inverse resolution
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(Muggleton, 1987), C iG O L , an ILP system using inverse resolution (Muggle

ton & Buntine, 1988), and C h i l l i n  (Zelle k  Mooney, 1994).

Systems that use covering begin with a set of positive examples. Then, 

as each rule is learned, all positive examples the new rule covers are removed 

from consideration for the creation of future rules. Rule learning ends when all 

positive examples have been covered. This is probably the more common way 

to structure a rule learning system. Examples include F o il  (Quinlan, 1990), 

G o l e m  (Muggleton & Feng, 1992), P r o g o l  (Muggleton, 1995), C l a u d ie n  

(De Raedt & Bruynooghe, 1993), and various systems based on F o il  such 

as F o c l  (Pazzani, Brunk, & Silverstein, 1992), m F o il  (Lavrac & Dzeroski,

1994), and FoiDL(Mooney & Califf, 1995).

There are trade-offs between these two designs. The primary difference 

is the trade-off between a more efficient search or a more thorough search. The 

covering systems tend to be somewhat more efficient, since they do not seek 

to learn rules for examples that have already been covered. However, their 

search is less thorough than that of compression systems, since they may not 

prefer rules which both cover remaining examples and subsume existing rules. 

Thus, the covering systems may end up with a set of fairly specific rules in 

cases where a more thorough search might have discovered a more general rule 

covering the same set of examples.

A second major design decision is the direction of search used to con

struct individual rules. Systems typically work in one of two directions: 

bottom-up (specific to general) systems create very specific rules and then 

generalize those to cover additional positive examples, and top-down (general 

to specific) systems start with very general rules- typically rules which cover 

all of the examples, positive and negative, and then specialize those rules, a t

tempting to uncover the negative examples while continuing to cover many of
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th e  p o s it iv e  exam ples. O f th e  system s above, D u c e , C ig o l , and  G o lem  and  

pure b o tto m -u p  system s, w h ile  F oil and the system s based  on  it are pure top- 

dow n sy stem s. C h il l in  an d  P r ogo l  both  com bine b o tto m -u p  and top-dow n  

m eth o d s.

Clearly, the choice of search direction also creates tradeoffs. Top-down 

systems are often better at finding general rules covering large numbers of 

examples, since they start with a most general rule and specialize it only 

enough to avoid the negative examples. Bottom-up systems may create overly- 

specialized rules that don’t perform well on unseen data because they may fail 

to generalize the initial rules sufficiently. Given a fairly small search space 

of background relations and constants, top-down search may also be more 

efficient. However, when the branching factor for a top-down search is very 

high (as it is when there are many ways to specialize a rule), bottom-up search 

will usually be more efficient, since it constrains the constants to be considered 

in the construction of a rule to those in the example(s) that the rule is based 

on. The systems that combine bottom-up and top-down techniques seek to 

take advantage of the efficiencies of each.

T h e  following sec tio n s  briefly describe F oil  and th e  three system s which  

m ost d irec tly  influenced R a p i e r ’s algorithm .

2 .2 .2  F o il

F o il  is a prototypical example of a top-down ILP algorithm which uses cov

ering for its outer loop. It learns a function-free, first-order, Horn-clause defi

nition of a target predicate in terms of itself and other background predicates. 

The input consists of extensional definitions of these predicates as tuples of 

constants of specified types. For example, input appropriate for learning a
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Initialization
Definition := null 
Remaining := all positive examples 

While Remaining is not empty
Find a clause, C, that covers some examples in Remaining, 

but no negative examples.
Remove examples covered by C from Remaining.
Add C to Definition.

Figure 2.4: Basic F o il  Covering Algorithm 

definition of list membership would be:

m em b er(E lt, L s t ) : {  < a , [a ]> , < a , [ a ,  b ]> , <b, [ a ,  b ]> ,

<a , [ a ,  b , c ] > ,  . . . }

com ponents ( L s t , E l t ,  L s t ) :  {  < [ a ] ,  a ,  [ ] > ,  < [ a ,  b] , a ,  [b ]> ,

< [a ,  b , c ] , a ,  [b , c ]>  . . . }

where E lt  is a typ e den otin g  possible elem ents which in clu d es a , b , c ,  and d; 

L st is a type defined as consisting o f flat lists con ta in in g  up to  three o f these 

elem ents; and com p on en ts(A ,B ,C ) is a background pred icate  which is true 

iff A is a  list w hose first elem ent is B and w hose rest is th e  list C (th is  must 

be provided in place o f  a function for list con stru ction ). F o il  a lso  requires 

negative exam ples o f th e  target concept, w hich can b e  supp lied  directly or 

com puted using a closed-w orld  assum ption. For the exam p le , the closed-world  

assum ption w ould produce all pairs o f the form  < E lt ,L s t >  th at are not ex

p lic itly  provided as p ositive  exam ples (e .g ., <b, Ca]>). G iven  this input, F oil 

learns a program one clau se a t a tim e using a greedy covering  algorithm  that  

can be sum m arized as show n in Figure 2.4.

For exam ple, a  c lause that m ight be learned for member during one 

iteration  o f th is loop is:
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Initialize C  to R(Vi, V2, ..., Vk) :-. where R  is the target predicate with arity k. 
Initialize T  to contain the positive tuples in positives-to-cover and all the 

negative tuples.
While T  contains negative tuples

Find the best literal L  to add to the clause.
Form a new training set Y  containing for each tuple t in T  that satisfies L, 

all tuples of the form t - b (t and b concatenated) where b is a set of 
bindings for the new variables introduced by L  such that the literal is 
satisfied (i.e., matches a tuple in the extensional definition of its 
predicate).

Replace T  by Y .

Figure 2.5: T h e  “find-a-clause” step  in the F o il  a lgorithm .

member(A,B) components(B,A,C).

since it covers all positive examples where the element is the first one in the 

list but does not cover any negatives. A clause that could be learned to cover 

the remaining examples is:

member(A,B) :- components(B,C,D), member(A,D).

Together these two clauses constitute a correct program for member.

The “find a clause” step is implemented by a general-to-specific hill- 

climbing search that adds antecedents to the developing clause one at a time. 

At each step, it evaluates possible literals that might be added and selects 

one that maximizes an information-gain heuristic. The algorithm maintains a 

set of tuples that satisfy the current clause and includes bindings for any new 

variables introduced in the body. The pseudocode is Figure 2.5 summarizes 

the procedure.

F o il  considers ad d in g  literals for all possible variab lizations o f each  

predicate as long as ty p e  restrictions are satisfied and at least one o f the
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arguments is an existing variable bound by the head or a previous literal in 

the body. Literals are evaluated based on the number of positive and negative 

tuples covered, preferring literals that cover many positives and few negatives. 

Let T+ denote the number of positive tuples in the set T ; then the informativity 

of a clause is defined as:

I (T)  =  -  logj(T+/|r |). (2.1)

The chosen literal is then the one that maximizes:

gain(L) = s - ( I ( T ) - I ( T ' ) ) ,  (2.2)

where s is the number of tuples in T  that have extensions in T ' (i.e., the 

number of current positive tuples covered by L). This search for a good literal 

to add to a clause blows up when the number of background predicates is large, 

the arity of the predicates is large, or there the number of theory constants 

(constants that may appear in clauses) is very large.

F oil  also includes many additional features such as: heuristics for prun

ing the space of literals searched, methods for including equality, negation as 

failure, and useful literals that do not immediately provide gain (determinate 

literals), pre-pruning and post-pruning of clauses to prevent over-fitting, and 

methods for ensuring that induced programs will terminate. More information 

on F oil  can be found in (Quinlan, 1990; Quinlan & Cameron-Jones, 1993).

2 . 2 . 3  G o l e m

As mentioned above, G o l e m  (Muggleton & Feng, 1992) also uses a greedy 

covering algorithm very similar to F o il ’s outer loop. However, the individual 

clause construction is bottom-up, based on the construction of least-general 

generalizations (LGGs) of more specific clauses (Plotkin, 1970). A clause G
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uncle(john,deb)
sibling(john.ron), sibling(john.dave), 
parent (ron, deb), parent (ron,ben), 
male(john), male(dave), female(deb). 

uncle(bill,j ay):- 
siblingbill,bruce)
parent(bruce,j ay), parent(bruce,rach), 
male(bill), male(jay).

Figure 2.6: Two specific instances of uncle relationships

uncle(A,B)
sibling(A,C), sibling(A.D) ,
parent(C.B), parent(C.E), parent(C,F), parent(C.E) 
male(A), male(G), male(H), male(I).

Figure 2.7: The LGG of the clauses in Figure 2.6

subsumes a clause C if there is a substitution for the variables in G that make 

the literals in G a subset of the literals in C. Informally, we could turn C into 

G by dropping some conditions and changing some constants to variables. If 

G subsumes C , anything that can be proved from C  could also be proved from 

G, since G imposes fewer conditions. Hence G is said to be more general than 

C  (assuming C does not also subsume G, in which case the clauses must be 

equivalent except for renaming of variables).

The LGG of clauses C\ and C2 is defined as the least general clause 

that subsumes both C\ and C2. An LGG is easily computed by “matching” 

compatible literals of the clauses; wherever the literals have differing structure, 

the LGG contains a variable. When identical pairings of differing structures 

occurs, the same variable is used for the pair in all locations.
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uncle(A,B)
sibling(A.C) parent(C.B), male(A).

Figure 2.8: The result of simplifying the clause from Figure 2.7 by removing 
redundant clauses

For example, consider the clauses in Figure 2.6. These two specific 

clauses describe the concept uncle in the context of some known familial 

relationships. The rather complex LGG of these clauses is shown in Fig

ure 2.7. Here A replaces the pair ( jo h n .b ill) , B replaces (deb, jay), C replaces 

(ron,bruce), etc. Note that the result contains four parent literals (two of 

which are duplicates) corresponding to the four ways of matching the pairs of 

parent literals from the original clauses. Similarly, there are four literals for 

male. In the worst case, the result of an LGG operation may contain n2 literals 

for two input clauses of length n. The example LGG contains no female literal 

since the second clause does not contain a compatible literal. Straightforward 

simplification of the result by removing redundant literals yields the clause 

in Figure 2.8. This is one of the two clauses defining the general concept, 

uncle/2.

The construction of the LGG of two clauses is in some sense “context 

free.” The resulting generalization is determined strictly on the form of the 

input clauses, there is no consideration of potential background knowledge. In 

order to take background knowledge into account G o l e m  produces candidate 

clauses by considering Relative LGGs (RLGGS) of positive examples with re

spect to the background knowledge. The idea is to start with the assumption 

that any and all background information might be relevant to determining 

that a particular instance is a positive example. Thus, each positive exam

ple is represented by a clause of the form: E : -  (every ground fac t)  where
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Let Pairs =  random sampling of pairs of positive examples
Let RLggs = {C  :(e,e') ePairs and C  =  RLGG(e,e') and C  consistent}
Let S be set of the pair e, e' with best cover RLgg in RLggs 
Do

Let Examples be a random sampling of positive examples
Let RLggs =  {C: e' 6 Examples and C  =  RLG G {S\Je')) and C  consistent}
Find e' =  which produces greatest cover in RLggs
L e t S  = S{ j e '
Let Examples =  Examples — cover(RLGG(S))

While increasing-cover

Figure 2.9: G o l e m ’s clause construction algorithm

(every ground fa c t)  is a conjunction of all true ground literals that can be 

derived from the background relations. In the case of member/2, this would 

include facts such as components ( [1] , 1, □ ), components ( [1 ,2 ]  , 1, [2] ), 

components( [2] ,2 , []) , etc. An RLGG of two examples is simply the LGG 

of the examples’ representative clauses. The LGG process serves to generalize 

away the irrelevant conditions.

One difficulty of this approach is that interesting background relations 

will give rise to an infinite number of ground facts. For example, there can be 

no finite set of facts that completely describes the components/3 relation, since 

lists may be indefinitely long. G o l e m  builds initial representative clauses for 

examples by considering a finite subset corresponding to the facts that can 

be derived from the background predicates through a fixed number of binary 

resolutions. Figure 2.9 shows G o l e m ’s clause construction algorithm.

2 . 2 . 4  C h i l l i n

C h il l in  (Zelle & Mooney, 1994) is an example of an ILP algorithm that
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DEF := {E true | E 6 Positives}
R e p e a t

PAIRS := a sampling of pairs of clauses from DEF
GENS := {G | G =  build.gen(C,,Cj,DEF,Positives,Negatives) for (Ci ,Cj)  € PAIRS} 
G := Clause in GENS yielding most compaction 
DEF := (DEF—(Clauses subsumed by G)) U G 

Until no further compaction

Figure 2.10: C h il l in ’s compaction algorithm

uses compression for its outer loop. It combines elements of both top-down 

and bottom-up induction techniques including a mechanism for demand-driven 

predicate invention. The basic compaction algorithm appears in Figure 2.10.

C h il l in  starts with a most specific definition (the set of positive exam

ples) and introduces generalizations which make the definition more compact 

(as measured by a CiGOL-like size metric (Muggleton & Buntine, 1988)). The 

search for more general definitions is carried out in a hill-climbing fashion. At 

each step, a number of possible generalizations are considered; the one pro

ducing the greatest compaction of the theory is implemented, and the process 

repeats. To determine which clauses in the current theory a new clause should 

replace, C h il l in  uses a notion of empirical subsumption. If a clause A  covers 

all of the examples covered by clause B  along with one or more additional 

examples, then A  empirically subsumes B.

The build_gen algorithm attempts to construct a clause which em

pirically subsumes some clauses of DEF without covering any of the negative 

examples. The first step is to construct the LGG of the input clauses. If the 

LGG does not cover any negative examples, no further refinement is necessary. 

If the clause is too general, an attempt is made to refine it using a FoiL-like
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mechanism which adds literals derivable either from background or previously 

invented predicates. If the resulting clause is still too general, it is passed to 

a routine which invents a new predicate to discriminate the positive examples 

from the negatives which are still covered.

2 . 2 . 5  P r o g o l

P r o g o l  (Muggleton, 1995) also combines bottom-up and top-down search. 

Like F o il  and G o l e m , P r o g o l  uses a covering algorithm for its outer loop. 

As in the propositions! rule learner AQ (Michalski, 1983), individual clause 

construction begins by selecting a random seed example. Using mode decla

rations provided for both the background predicates and the predicate being 

learned, P r o g o l  constructs a most specific clause for that random seed exam

ple, called the bottom clause. The mode declarations specify for each argument 

of each predicate both the argument’s type and whether it should be a con

stant, a variable bound before the predicate is called, or a variable bound by 

the predicate. Given the bottom clause, P r o g o l  employs an A*-like search 

through the set of clauses containing up to k literals from the bottom clause 

in order to find the simplest consistent generalization to add to the definition. 

Advantages of P r o g o l  axe that the constraints on the search make it fairly 

efficient, especially on some types of tasks for which top-down approaches are 

particularly inefficient, and that its search is guaranteed to find the simplest 

consistent generalization if such a clause exists with no more than k  literals. 

The primary problems with the system are its need for the mode declarations 

and the fact that too small a k  may prevent P r o g o l  from learning correct 

clauses while too large a k  may allow the search to explode.
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2.3 N atural Language Processing R esources

One issue in any kind of higher level language processing, such as information 

extraction, is what kinds of lower level processing are possible and helpful. A 

number of information extraction systems use parsers and lexicons (usually at 

least partially domain specific) developed in conjunction with the information 

extraction system. However, dependence upon such parsers or lexicons could 

limit the usefulness of a system intended to learn information extraction rules 

in order to be easily retargetable to new tasks. Such a system would benefit 

most from using language processing resources which are more general and 

likely to be of help in a variety of domains.

Two current types of language processing resources which are gen

eral enough to apply across multiple domains are part-of-speech taggers and 

domain-independent lexicons.

2.3.1 P art-of-speech  tagger

A part-of-speech (POS) tagger provides basic syntactic information by taking 

sentences as input and labeling each word or symbol in the sentence with a 

part-of-speech tag (eg. noun, verb, adjective, preposition). This doesn’t pro

vide as much information as a parser, since it doesn’t identify phrases or the 

relationships between parts of the sentence. However, taggers are typically 

faster and more robust than full parsers, particularly in the face of ungram

matical text such as would be commonly found in newgroup postings and email 

messages, and to a lesser extent in newswire articles.

The particular tagger used in this research is Eric Brill’s tagger as 

trained on a Wall Street Journal corpus (Brill, 1994, 1995). This tagger 

uses 36 different tags excluding punctuation, so it does make fairly specific
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distinctions in some cases: for example, it identifies six different verb forms 

plus modals; it distinguishes wh-determiners, pronouns, possessive pronouns, 

and adverbs from other determiners, pronouns, and adverbs; and it also dis

tinguishes between “to” and other prepositions. Appendix C contains a list 

of the part-of-speech tags used, excluding punctuation. Brill’s tagger is also 

quite accurate on the domain for which it was trained, achieving an accuracy 

of 96.6% on the Penn Treebank Wall Street Journal corpus (Brill, 1995). Nat

urally, its accuracy on other domains is significantly lower, but it does have the 

advantage of being trainable. If a large amount of hand-tagged text happens 

to exist for a given domain, the tagger can be trained from scratch. In the 

absence of such text, several methods exist for tuning the tagger for a specific 

domain. First, Brill provides methods to incorporate new words and bigrams 

from a new corpus into the resources used by the tagger. Second, the lexicon, 

which is used by the tagger to determine what parts of speech a word can be 

and what its most common part of speech is, can be modified to include new 

words from the new domain, or to reflect the actual distribution of parts of 

speech in the new domain. Adding the most frequent novel words to the lexi

con seems to be the most effective way of improving tagging quality. Finally, 

the rules used by the tagger are quite comprehensible, and new rules can be 

added by hand to improve the tagging quality. This is a much more difficult 

and time-consuming process, since it requires a good understanding of what 

the tagger is doing wrong and how to fix it. Using the first two methods for 

tuning the tagger can typically be done in two to four hours, depending on 

the size of the domain.
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2.3.2 L exicon

Lexicons, particularly those with semantic hierarchies, can provide semantic 

class information. In this research, the domain-independent lexicon used was 

WordNet (Miller, Beckwith, Fellbaum, Gross, & Miller, 1993; Fellbaum, 1998), 

a lexical database of over 50,000 words which contains a semantic hierarchy in 

the form of hypemym  links.

The individual items in WordNet are synsets which represent a single 

meaning, often one which is shared by more than one word. For instance, 

one sense of “man” is shared by “humanity” , ’’humankind” , “world” , and 

“mankind” . Each word typically has several synsets to which it belongs. For 

example, “man” is a member of ten noun synsets and 2 verb synsets. Within 

each part of speech are the various senses of a word: the mappings from word to 

synset are ordered by frequency. The synset mentioned above is the first sense 

of “humanity” , the second sense of “world” . and the third sense of “man” . The 

synsets in WordNet are related by links of various types, including antonyms, 

synonyms, meronyms, holonyms, hyponyms, and hypernyms. The semantic 

hierarchy is implemented in the hyponym and hypemym links. Hyponym 

links point to semantic subclasses while hypernym links point to semantic 

superclasses. The semantic hierarchy described by these links is a forest rather 

than a single tree, even for each part of speech. For example, the top of the 

hierarchy for the first sense of “man” (adult male) is “entity” , while the top 

of the hierarchy for the third sense of “man” (humanity) is “grouping”. Thus, 

two arbitrary synsets in the same part of speech do not necessarily share a 

semantic class.
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Chapter 3 

The Rapier System

R a p ie r  learns rules for information extraction from training examples con

sisting of documents paired with filled templates such as those in Figures 2.1 

and 2.2. The next two sections describe R a p i e r ’s rule representation and 

learning algorithm.

3.1 Rule R epresentation

R a p ie r ’s rule representation uses Eliza-like patterns (Weizenbaum, 1966) that 

can make use of limited syntactic and semantic information. The extraction 

rules are indexed by template name and slot name and consist of three parts:

1) a pre-filler pattern that matches text immediately preceding the filler, 2) 

a pattern that must match the actual slot filler, and 3) a post-filler pattern 

that must match the text immediately following the filler. Each pattern is a 

sequence (possibly of length zero in the case of pre- and post-filler patterns) 

of pattern elements. R a p ie r  makes use of two types of pattern elements: 

pattern items and pattern lists. A pattern item matches exactly one word or

28

R ep ro d u ced  with p erm issio n  o f  th e  copyrigh t ow n er. Further reproduction  prohibited w ithout p erm issio n .



www.manaraa.com

symbol from the document that meets the item’s constraints. A pattern list 

specifies a maximum length N and matches 0 to N words or symbols from the 

document (a limited form of Kleene closure), each of which must match the 

list’s constraints. R apier  uses three kinds of constraints on pattern elements: 

constraints on the words the element can match, on the part-of-speech tags 

assigned to the words the element can match, and on the semantic class of the 

words the element can match. The constraints are disjunctive lists of one or 

more words, tags, or semantic classes and document items must match one of 

those words, tags, or classes to fulfill the constraint.

Figure 3.1 shows an example of a rule that shows the various types of 

pattern elements and constraints. This is a rule constructed by R a p ie r  for 

extracting the transaction amount from a newswire concerning a corporate 

acquisition. This rule extracts the value “undisclosed” from phrases such as 

“sold to the bank for an undisclosed amount” or “paid Honeywell an undis

closed price”. The pre-filler pattern consists of two pattern elements. The first 

is an item with a part-of-speech constraining the matching word to be tagged 

as a noun or a proper noun. The second is a list of maximum length two with 

no constraints. The filler pattern is a single item constrained to be the word 

“undisclosed” with a POS tag labeling it an adjective. The post-filler pattern 

is also a single pattern item with a semantic constraint of “price”.

In using these patterns to extract information, we apply all of the rules 

for a given slot to a document and take all of the extracted strings to be 

slot-fillers, eliminating duplicates. Rules may also apply more than once. In 

many cases, multiple slot fillers are possible, and the system seldom proposes 

multiple fillers for slots where only one filler should occur.
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Pre-filler Pattern: Filler Pattern: Post-filler Pattern:
1) syntactic: {nn,nnp} 1) word: undisclosed 1) semantic: price
2) list: length 2 syntactic: jj

Figure 3.1: A rule for extracting the transaction amount from a newswire 
concerning a corporate acquisition, “nn” and “nnp” are the part of speech 
tags for noun and proper noun, respectively; “jj” is the part of speech tag for 
an adjective.

3.2 Learning A lgorithm

R a p i e r , as noted above, is inspired by ILP methods, particularly by G o l e m , 

C h il l in , and P r o g o l . It is compression-based and primarily consists of a 

specific to general (bottom-up) search. The choice of a bottom-up approach 

was made for two reasons. The first reason is the very large branching fac

tor of the search space, particularly in finding word and semantic constraints. 

Learning systems that operate on natural language typically must have some 

mechanism for handling the search imposed by the large vocabulary of any 

significant amount of text (or speech). Many systems handle this problem by 

imposing limits on the vocabulary considered-using only the n  most frequent 

words, or considering only words that appear at least k times in the training 

corpus (Yang & Pederson, 1997). While this type of limitation may be effec

tive, using a bottom-up approach reduces the consideration of constants in the 

creation of any rule to those appearing in the example(s) from which the rule 

is being generalized, thus limiting the search without imposing artificial hard 

limits on the constants to be considered.

The second reason for selecting a bottom-up approach is th a t we decided 

to prefer overly specific rules to overly general ones. In information extraction,
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as well as other natural language processing task, there is typically a trade-off 

between high precision (avoiding false positives) and high recall (identifying 

most of the true positives). For the task of building a database of jobs which 

partially motivated this work, we wished to emphasize precision. After all, 

the information in such a database could be found by performing a keyword 

search on the original documents, giving maximal recall (given tha t we extract 

only strings taken directly from the document), but relatively low precision. 

A bottom-up approach will tend to produce specific rules, which also tend to 

be precise rules.

Given the choice of a bottom-up approach, the compression outer loop 

is a good fit. A bottom-up approach has a strong tendency toward producing 

specific, precise rules. Using compression for the outer loop may partially 

counteract this tendency with its tendency toward a more thorough search for 

general rules. So, like C hillin  (Zelle Mooney, 1994), R a p i e r  begins with 

a most specific definition and then attempts to compact that definition by 

replacing rules with more general rules. Since in R a p i e r ’s rule representation 

rules for the different slots are independent of one another, the system actually 

creates the most specific definition and then compacts it separately for each 

slot in the template.

3.2.1 C reation  o f the In itia l R ulebase

Thus, the first step for each slot is the creation of the most-specific rulebase 

for that slot. For each document, rules are created for each occurrence of each 

slot-filler in that document’s template. The filler pattern of the rule is a list of 

pattern items, one for each word or symbol in the filler, with a word constraint 

which is the word or symbol and a tag constraint which is the paxt-of-speech tag
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from the document. The semantic class is left unconstrained because a single 

word often has multiple possible semantic classes because of the homonymy 

and polysemy of language. If semantic constraints were immediately created, 

R a p ie r  would have to either use a disjunction of all of the possible classes at 

the lowest level of generality (in the case of WordNet- the synsets that the 

word for which the item is created belongs to) or choose a semantic class. The 

first choice is somewhat problematic because the resulting constraint is quite 

likely to be too general to be of much use. The second choice is the best, if and 

only if the correct semantic class for the word in context is known, a difficult 

problem in and of itself. Selecting the most frequent choice from WordNet 

might work for some cases, but certainly not in all cases, and there is the issue 

of domain specificity. The most frequent meaning of a word in all contexts may 

not be the most frequent meaning of that word in the particular domain in 

question. And, of course, even within a single domain words will have multiple 

meanings so even determining the most frequent meaning of a word in a specific 

domain may often be a wrong choice. R a p ie r  avoids the issue altogether by 

waiting to create semantic constraints until generalization. Thus, it implicitly 

allows the disjunction of classes, selecting a specific class only when the item is 

generalized against one containing a different word. By postponing the choice 

of a semantic class until there axe multiple items required to fit the semantic 

constraint, R a p ie r  narrows the number of possible choices for the semantic 

class to classes that cover two or more words. Details concerning the creation 

of semantic constraints are discussed in Section 3.2.4.

The creation of the pre-filler and post-filler patterns proceeds in the 

same fashion as the filler pattern. The pre-filler pattern is a list of of pattern 

items for all of the document tokens preceding the filler in the document, and 

the post-filler pattern consists of items for all of the document tokens after the

32

R ep ro d u ced  with p erm issio n  o f  th e  copyrigh t ow n er. Further reproduction  prohibited w ithout p erm ission .



www.manaraa.com

filler. Thus, each rule covers only the one slot-filler for which it was created, 

and it provides full information (within the limits of the rule representation) 

about one occurrence of that filler and its context.

3.2.2 Com pression of the R ulebase

Once it has created the most-specific definition for a slot, R a p i e r  attempts to 

compact the rulebase by replacing specific rules with more general ones. The 

more general rules are created by taking several random pairs of rules from the 

rulebase, finding generalizations of those rule pairs, and, if the generalizations 

result in one or more acceptable rules, selecting the best rule to add to the 

rulebase. When the new rule is added to the rulebase, R a p i e r  removes the 

old rules which it empirically subsumes, i.e. the ones which cover a subset of 

the examples covered by the new rule.

As indicated in Chapter 2, inspiration for the decision to create new 

rules by generalizing pairs of rules came from G olem  (Muggleton & Feng, 

1992). However, R a p i e r  differs from G o l e m  significantly in its use of this 

basic concept. First, G o l e m  always selects random pairs of examples, and 

R a p ie r  selects random pairs of rules. When the rules selected by R a p i e r  

are the most-specific rules covering a single example, there is no real differ

ence between these two, since an example in Inductive Logic Programming is 

essentially a most-specific rule. However, R a p ie r  may select rules that re

sulted from an earlier generalization and generalize them further. This points 

to a second difference between the two learning algorithms: the difference 

in the way they repeat generalization to achieve rules as general as possible. 

While G o l e m  takes the rule resulting from generalizing a pair of examples and 

attempts to generalize it further to cover new, randomly selected examples,
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R a p i e r  simply adds the rule to the rulebase where it may be later selected for 

generalization with another rule. These differences stem primarily from the dif

fering approaches of the two algorithms at the outer level. Since G o l e m  takes 

a covering approach, it must fully generalize a given rule initially, since the ex

amples the rule covers will be removed from further consideration. R a p i e r ’s 

compression approach leads it to do less generalization at each loop.

The most unique aspect of R a p i e r ’s learning algorithm is the way 

in which it actually creates a new rule from a random pair of rules. The 

straightforward method of generalizing two rules together would be find the 

least general generalization (LGG) of the two pre-filler patterns and use that 

as the pre-filler pattern of the new rule, make the filler pattern of the new rule 

be the LGG of the two filler patterns, and then do the same for the post-filler 

pattern. There are, however, two serious problems with this obvious approach.

The first problems is the expense of computing the LGGs of the pre

filler and post-filler patterns. These patterns may be very long, and the pre- 

filler or post-filler patterns of two rules may be of different lengths. As is 

further discussed in Section 3.2.4, generalizing patterns of different lengths 

is computationally expensive because each individual pattern element in the 

shorter pattern may be generalized against one or more elements of the longer 

pattern, and it is not known ahead of time how elements should be combined 

to produce the LGG. Thus, the computation of the LGG of the pre-filler 

and post-filler patterns in their entirety may be prohibitively computationally 

expensive.

The second problem is not a matter of computational complexity, but 

rather a problem caused by the power of the rule representation. Because 

R a p i e r ’s rule representation allows for unlimited disjunction, the LGG of two 

constraints is always their union. When the two constraints differ, the resulting
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disjunct may be the desirable generalization, but often a better generalization 

results from simply removing the constraint instead of creating the disjunction. 

Therefore, when generalizing pattern elements, rather than simply taking the 

LGG of the constraints, it is useful to consider multiple generalizations if the 

constraints on the pattern elements differ, and this is the approach the R a p i e r  

takes -  considering for each pair of differing constraints the generalization 

created by dropping the constraint as well as the generalization which is the 

union of the constraints. However, considering multiple generalizations of 

each pair of pattern elements greatly increases the computational complexity 

of generalizing pairs of lengthy patterns such as the most-specific pre-fillers 

and post-fillers tend to be.

Because of these issues, R a p ie r  does not use a pure bottom-up ap

proach. Instead, like P r o g o l , it combines the bottom-up approach with a 

top-down component, using a specific rule to constrain a top-down search for 

an acceptable general rule. However, instead of using a single seed or using 

some type of user-provided information (such as P r o g o l ’s modes), R a p i e r  

uses a pair of rules to constrain the search, more like C h il l in  does. This ap

proach, along with the difference in representation, makes R a p i e r ’s top-down 

search very different from P r o g o l ’s .

R a p ie r ’s rule generalization method operates on the principle that the 

relevant information for extracting a slot-filler will be close to th a t filler in the 

document. Therefore, R a p ie r  begins by generalizing the two filler patterns 

and creates rules with the resulting generalized filler patterns and empty pre- 

filler and post-filler patterns. It then specializes those rules by adding pattern 

elements to the pre-filler and post-filler patterns, working outward from the 

filler. The elements to be added to the patterns are created by generalizing 

the appropriate portions of the pre-fillers or post-fillers of the pair of rules
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from which the new rule is generalized. Working in this way takes advan

tage of the locality of language, but does not preclude the possibility of using 

pattern elements that are fairly distant from the filler. Further details of the 

specialization process appear below in Section 3.2.5.

Figure 3.2 shows R a p i e r ’s basic algorithm. RuleList is a priority queue 

of length k which maintains the list of rules still under consideration, where k 

is a parameter of the algorithm. The priority of the rule is its value according 

to R a p ie r ’s heuristic metric for determining the quality of a rule (see Sec

tion 3.2.3). R a p i e r ’s search is basically a beam-search: a breadth-first search 

keeping only the best k items at each pass. However, the search does differ 

somewhat from a standard beam-search in that the nodes (or rules) are not 

fully expanded at each pass (since at each iteration the specialization algo

rithms only consider pattern elements out to a distance of n from the filler as 

will be further described in Section 3.2.5), and because of this the old rules 

are only thrown out when they fall off the end of the priority queue.

3.2.3 Rule Evaluation M etric

One difficulty in designing the R a p ie r  algorithm was in determining an ap

propriate heuristic metric for evaluating the rules being learned. The first 

issue is the measurement of negative examples. Clearly, in a task like infor

mation extraction there are a very large number of possible negative examples 

-  strings which should not be extracted -  a number large enough to make 

explicit enumeration of the negative examples difficult, at best. Another issue 

is the question of precisely which substrings constitute appropriate negative 

examples: should all of the strings of any length be considered negative exam

ples, or only those strings with lengths similar to the positive examples for a
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For each slot, S  in the tem plate being learned
SlotRules =  most specific rules for 5  from example documents 
while compression has failed fewer than CompressLim times 

initialize RuleList to be an empty priority queue o f length k 
randomly select M  pairs o f rules from SlotRules 
find the set L of generalizations o f the fillers of each rule pair 
for each pattern P  in L

create a rule NewRule with filler P and empty pre- and 
post-fillers

evaluate NewRule and add NewRule to RuleList 
let n =  0 
loop

increment n
for each rule, CurRule, in RuleList

NewRuleList =  SpecializePreFiller ( CurRule, n) 
evaluate each rule in NewRuleList and add it to RuleList 

for each rule, CurRule, in RuleList
NewRuleList =  SpecializePostFiller ( CurRule, n) 
evaluate each rule in NewRuleList and add it to RuleList 

until best rule in RuleList produces only valid fillers or 
the value of the best rule in RuleList has failed to 
improve over the last LimNoImprovements iterations 

if best rule in RuleList covers no more than an allowable 
percentage o f spurious fillers 

add it to SlotRules and remove empirically subsumed rules

Figure 3.2: R a p ie r  Algorithm for Inducing Information Extraction Rules

given slot. To avoid these problems, R a p i e r  does not enumerate the negative 

examples, but uses a notion of implicit negatives instead (Zelle, Thompson, 

Califf, & Mooney, 1995). First, R a p i e r  makes the assumption that all of the 

strings which should be extracted for each slot are specified, so that any strings 

which a rule extracts that are not specified in the template are assumed to 

be spurious extractions and, therefore, negative examples. Whenever a rule is 

evaluated, it is applied to each document in the training set. Any fillers that
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match the fillers for the slot in the training templates are considered positive 

examples; all other extracted fillers are considered negative examples covered 

by the rule.

Given a method for determining the negative as well as the positive ex

amples covered by the rule, a rule evaluation metric can be devised. Because 

R a p ie r  does not use a simple search technique such as hill-climbing, it cannot 

use a metric like information gain (Quinlan, 1990) which measures how much 

each proposed new rule improves upon the current rule in order to pick the 

new rule with the greatest improvement. Rather, each rule needs an inher

ent value which can be compared with all other rules. One such value is the 

informativity of each rule (see Equation 2.1). However, while informativity 

measures the degree to which a rule separates positive and negative exam

ples (in this case, identifies valid fillers but not spurious fillers), it makes no 

distinction between simple and complex rules. The problem with this is that, 

given two rules which cover the same number of positives and no negatives but 

different levels of complexity (one with two constraints and one with twenty 

constraints), we would expect the simpler rule to generalize better to new 

examples, so we would want that rule to be preferred. Many machine learn

ing algorithms encode such a preference; all top-down hill-climbing algorithms 

which stop when a rule covering no negatives is found have this preference 

for simple rather than complex rules. Since R a p i e r ’s search does not encode 

such a preference, but can, because of its consideration of multiple ways of 

generalizing constraints, produce many rules of widely varying complexities a t 

any step of generalization or specialization, the evaluation metric for the rules 

needs to encode a bias against complex rules. Finally, we want the evaluation 

metric to be biased in favor of rules which cover larger number of positive 

examples.
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One evaluation metric which clearly seems to fit the requirements is 

the minimum description length (M D L) (Rissanen, 1978; Quinlan & Rivest, 

1989). The idea behind M DL is that the “best” generalization is one that 

minimizes the size of the description of the data. Thus, in developing a theory 

that describes data, an M DL metric seeks to m in im ize the size of the theory 

plus the corrections to the theory to handle examples not correctly handled by 

the theory (usually simply listing the positive examples not yet covered plus 

correction for negative examples covered). M DL seems an excellent choice 

for a system like R a p ie r .  It provides a principled way to measure both the 

accuracy and the complexity of the rules covered. It also fits as easily with a 

compression outer loop as with a covering outer loop.

In actually using MDL, the primary issue is how to measure the size of 

the theory and the corrections. The principled way to do this is to compute the 

minimal number of bits required to transmit the theory and the corrections. 

Initial experiments using MDL with this method of measuring the size of the 

theory and corrections yielded somewhat disappointing results. The recall was 

in the expected range, but the precision was much lower than expected for the 

task.

One way of adjusting the performance of the MDL metric is to modify 

the method of measurement of the theory length and the corrections. There

fore, an alternate size metric was developed, one which is deliberately designed 

to reflect the specificity of the various aspects of the rules. The size of the rule 

is computed by a simple heuristic as follows: each pattern item counts 2; each 

pattern list counts 3; each disjunct in a word constraint counts 2; and each dis

junct in a POS tag constraint or semantic constraint counts 1. Because of the 

compression style loop, there is no need to measure positive examples, since 

they are guaranteed to be covered by the theory. Each covered negative exam-
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pie counts a fixed size (several different values for this size were tried). This 

alternative measurement heuristic did slightly increase the precision over the 

principled metric, but still left precision much lower than expected. Although 

MDL has a strong theoretical base, it does not necessarily prefer accurate 

theories and has previously been shown to perform poorly on certain tasks, 

although adding penalties and using an alternative encoding improved per

formance (Quinlan, 1994, 1995). Like other model selection methods, MDL 

merely provides a bias for preferring theories, and it seems not to be the correct 

bias for this task.

The performance of the MDL metric indicates that it is giving too much 

weight to the complexity of the rules and insufficient weight to the rules’ ac

curacy. One way to solve this problem is to use a metric which computes 

accuracy and complexity in different terms which could then be weighted ap

propriately to allow each to influence the evaluation. Putting together all of 

the requirements for a desirable evaluation metric described above, an appro

priate metric might be to take the informativity of the rule and weight that 

by the size of the rule divided by the number of positives covered. This is the 

metric that R a p ie r  uses. The informativity is computed using the Laplace 

estimate of the probabilities. The size of a rule is computed in the same way 

as the second MDL metric described above and then divided by 100 to  bring 

the heuristic size estimate into a range which allows the informativity and the 

rule size to influence each other, with neither value being overwhelmed by the 

other. Thus the evaluation metric is computed as:

, , ,  , , . p +  1 , ruleSize
ruleVal =  -  log2( ) + -----------p + n + 2 p

where p is the number of correct fillers extracted by the rule and n is the 

number of spurious fillers the rule extracts.
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N oise handling

R a p ie r  does allow coverage of some spurious fillers. The primary reason for 

this is that human annotators make errors, especially errors of omission. If 

R a p ie r  rejects a rule covering a large number of positives because it extracts 

a few negative examples, it can be prevented from learning useful patterns by 

the failure of a human annotator to notice even a single filler that fits that 

pattern which should, in fact, be extracted. If R a p i e r ’s specialization ends 

due to failure to improve on the best rule for too many iterations and the 

best rule still extracts spurious examples, the best rule is used if it meets the 

criteria:
p — n . _
 > noiseParamp + n

where p is the number of valid fillers extracted by the rule and n  is the number 

of spurious fillers extracted. This equation is taken from R i p p e r  (Cohen,

1995), which uses it for pruning rules measuring p and n using a hold-out 

set. Because R a p i e r  is usually learning from a relatively small number of 

examples, it does not use a hold-out set or internal cross-validation in its 

evaluation of rules which cover spurious fillers, but uses a much higher default 

value of noiseParam. (Cohen uses a default of 0.5; R a p i e r ’s default value is 

0.9).

Note that R a p i e r ’s noise handling does not involve pruning, as noise 

handling often does. Pruning is appropriate for top-down approaches, because 

in noise handling the goal is to avoid creating rules that are too specialized and 

over-fit the data and, in pure top-down systems, the only way to generalize a 

too-specific rule is some sort of pruning. Since R a p ie r  is a primarily bottom - 

up compression-based system, it can depend on subsequent iterations of the 

compression algorithm to further generalize any rules that may be too specific.
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The noise handling mechanism need only allow the acceptance of noisy rules 

when the “best” rule, according to the rule evaluation metric, covers negative 

examples.

3.2.4 C om p u tin g  the G eneralizations o f T w o P atterns

The description of R a p i e r ’s algorithm thus far has given the overall struc

ture of the algorithm and has described its search pattern but has left vague 

three important steps: the generalization of a pair of fillers and the two spe

cialization phases: specialization of the pre-filler pattern and specialization 

of the post-filler pattern. Crucial to an understanding of these three steps is 

the understanding of how R a p ie r  generalizes pairs of patterns. Therefore, 

this section describes how this is done, starting by describing the generaliza

tion of constraints, then the generalization of pattern elements, and finally the 

generalization of patterns.

Constraint G eneralization

The generalization of a pair of word or tag constraints is straightforward. 

The only issue involved in this generalization is that simply taking the LGG 

of the constraints will always produce a disjunction, and it is preferable to 

consider both the disjunction and the more general option of simply dropping 

the constraint. Throughout the following discussion, an empty constraint is 

used to describe the result of dropping a constraint.

In three cases, R a p ie r  does simply take the LGG as the only appropri

ate generalization. Clearly, if the two constraints are identical, then the new 

constraint is simply the same as the original constraints. If either constraint 

is empty (the word or tag is unconstrained), then the generalized constraint is
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also empty. If either constraint is a superset of the other, the new constraint 

will be the superset. The reason for only creating the disjunction in this case 

is that the disjunction which is the superset must have been one of two gener

alizations created, so the result of dropping the constraint either is still under 

consideration elsewhere or has been rejected in favor of the disjunction.

In all other cases, two alternative generalizations are created: one is 

the union of the two constraints and one is the empty constraint. Thus, the 

results of generalizing {nn, nnp} and {ad,]} are {nn, nnp, adj} and the empty 

tag constraint.

The generalization of semantic constraints is more complex for two rea

sons. First, as mentioned above, because a word can be a member of many 

semantic classes, R a p i e r  does not create semantic constraints in the initial 

rules, but instead waits until generalization so that a single semantic class 

covering at least two different words is chosen, making it more likely that 

the semantic class is a useful generalization. The second cause for the greater 

complexity is the use of a semantic hierarchy. Rather than simply creating dis

junctions of classes, the system seeks to find a superclass covering all of classes 

in the initial constraints. Given these issues, the generalization of semantic 

constraints proceeds as follows:

•  If the two constraints are non-empty and identical, the new constraint 

is the same as the original constraints.

•  If both constraints are empty and either pattern element has an empty 

word constraint or a word constraint containing more than one word, the 

new constraint is empty. In this case, the constraints in the element with 

the empty word constraint or the word constraint with multiple words 

must be the result of a previous generalization. Since the semantic class
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is unconstrained, search for an appropriate semantic constraint must 

have already failed.

•  If both semantic constraints are empty and the pattern elements’ word 

constraints each consist of a  single word and the two word constraints 

differ, R a p ie r  attempts to create a semantic constraint. The system 

searches the semantic hierarchy for a class which covers both of the 

words in the word constraints. The goal is to find the least general class 

which covers a meaning for each of the words. In WordNet, this means 

finding the synsets for the two words and searching, following the hyper- 

nym links, for the synset which is closest to a synset for each word. If the 

two words are “man”and “world” , the semantic class will be the synset 

shared by “humanity” , “mankind” , “world” , “humankind” , and “man”, 

which is the second synset for “world” and the third synset for “man” . 

The words “man” and “woman” would result in the semantic class “per

son”, while the words “m an” and “rock” would result in “entity” . If 

no match is found, the new semantic constraint will be empty. R a p ie r  

avoids creating a semantic constraint when the two word constraints are 

identical for the same reason that it does not create semantic constraints 

for the initial rules: having a only a single word leaves the choice of a 

semantic class insufficiently constrained. This will not prevent it from 

creating a semantic class later, because the word constraint in the rule 

will still be a single word.

•  If one of the semantic constraints is empty and the other is not, there 

are two cases:

1. If the pattern element with the empty semantic constraint also has
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an empty word constraint or a word constraint with multiple words, 

the generalized constraint will be empty.

2. Otherwise, the system starts with the semantic class in the semantic 

constraint and climbs the semantic hierarchy as necessary to find 

a semantic class which covers the word in the first element’s word 

constraint. That semantic class will be the new semantic constraint.

•  Finally, if both semantic constraints are non-empty, the system searches 

for the lowest class in the semantic hierarchy which is a superclass of 

both constraints, and makes that the new semantic constraint. If no 

matching superclass is found, the new constraint is empty. Thus, for 

semantic classes, R a p i e r  does not actually make use of disjunction in 

the current implementation.

It should be noted that the implementation of semantic constraints and 

their generalization is very closely tied to WordNet (Miller et al., 1993) since 

that is the semantic hierarchy used in this research. However, the code has 

been carefully modularized in order to make the process of substituting an 

alternative source for semantic information or modifying the generalization 

method to allow for disjunctions of classes relatively easy.

Generalizing P attern  Elem ents

Given the rules for generalizing constraints, the generalization of a pair of 

pattern elements is fairly simple. First, the generalizations of the word, tag and 

semantic constraints of the two pattern elements are computed as described 

above. From that set of generalizations, R a p ie r  computes all combinations 

of a word constraint, a tag constraint, and the semantic constraint and creates 

a pattern element with each combination. See Figure 3.3 for an example of
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Elements to be generalized
Element A
word: man
syntactic: nnp
semantic:

Element B 
word: woman 
syntactic: nn 
semantic:

Resulting Generalizations
word:
syntactic: {nn, nnp} 
semantic: person

word: {man, woman} 
syntactic: {nn, nnp} 
semantic: person

word: 
syntactic: 
semantic: person

word: {man, woman} 
syntactic: 
semantic: person

Figure 3.3: An example of the generalization of two pattern elements. The 
words “man” and “woman” form two possible generalizations: their disjunc
tion and dropping the word constraint. The tags “nn” (noun) and “nnp” 
(proper noun) also have two possible generalizations. Thus, there are a total 
of four generalizations of the two elements.

this combination. If both of the original pattern elements are pattern items, 

the new elements are pattern items as well. Otherwise, the new elements are 

pattern lists. The length of these new pattern lists is the maximum length of 

the original pattern lists (or the length of the pattern list in the case where a 

pattern item and a pattern list are being generalized).

Generalizing P atterns

Generalizing a pair of patterns of equal length is also quite straightforward. 

R a p ie r  pairs up the pattern elements from first to last in the patterns and 

computes the generalizations of each pair. It then creates all of the patterns 

made by combining the generalizations of the pairs of elements in order. Fig-
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Patterns to  be Generalized
Pattern A Pattern B
1) word: ate 1) word: hit

syntactic: vb syntactic: vb
2) word: the 2) word: the

syntactic: dt syntactic: dt
3) word: pasta 3) word: ball

syntactic: nn syntactic: nn

Resulting Generalizations
1) word: {ate, hit} 1) word:

syntactic: vb syntactic: vb
2) word: the 2) word: the

syntactic: dt syntactic: dt
3) word: {pasta, ball} 3) word: {pasta,

syntactic: nn syntactic: nn

1) word: {ate, hit} 1) word:
syntactic: vb syntactic: vb

2) word: the 2) word: the
syntactic: dt syntactic: dt

3) word: 3) word:
syntactic: nn syntactic: nn

Figure 3.4: Generalization of a pair of patterns of equal length. For simplicity, 
the semantic constraints are not shown, since they never have more than one 
generalization.

ure 3.4 shows an example.

Generalizing pairs of patterns that differ in length is more complex, 

and the problem of combinatorial explosion is greater. Suppose we have two 

patterns: one five elements long and the other three elements long. We need 

to determine how to group the elements to be generalized. If we assume that 

each element of the shorter pattern must match at least one element of the 

longer pattern, and that each element of the longer pattern will match exactly
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Figure 3.5: Two patterns of differing lengths. The lines show the various 
elements that may be grouped together for generalization.

one element of the shorter pattern, we have a total of three ways to match each 

element of the shorter pattern to elements of the longer pattern, and a total 

of six ways to match up the elements of the two patterns. Figures 3.5 and 3.6 

demonstrate the problem. As the patterns grow longer and the difference is 

length grows larger, the problem becomes more severe.

In order to limit this problem somewhat, before creating all of the pos

sible generalizations, R a p ie r  searches for any exact matches of two elements 

of the patterns being generalized, making the assumption that if an element 

from one of the patterns exactly matches an element of the other pattern then 

those two elements should be paired and the problem broken into matching the 

segments of the patterns to either side of these matching elements. However, 

the search for matching elements is confined by the first assumption of match

ing above: that each element of the shorter pattern should be generalized with 

at least one element of the longer pattern. Thus, if the shorter pattern, A, has 

three elements and the longer, B, has five, the first element of A is compared 

to elements 1 to 3 of B, element 2 of A to elements 2-4 of B, and element 3 

of A to elements 3-5 of B. If any matches are found, they can greatly limit 

the number of generalizations that need to be computed. Figure 3.7 shows an
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□

Figure 3.6: The six possible ways the elements of the patterns in Figure 3.5 
may be matched up for generalization.

example where finding an exact match is very helpful. Since the third element 

of the longer pattern exactly matches the second element of the shorter, those 

elements are paired, leaving only one way to combine the remaining pattern  

elements.

Any exact matches that are found break up the patterns into segments 

which still must be generalized. Each pair of segments can be treated as a 

pair of patterns that need to be generalized, so if any corresponding pattern  

segments are of equal length, they are handled just like a pair of patterns of 

the same length as described above. Otherwise, we have patterns of uneven 

length that must be generalized.
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A

Figure 3.7: The grouping that results from finding an exact match between 
element 3 of the longer pattern and element 2 of the shorter pattern from 
Figure 3.5. Once the identical elements are paired, the remainder can be 
grouped in only one way.

There are three special cases of different length patterns. First, the 

shorter pattern may have 0 elements. In this case, the pattern elements in 

the longer pattern are generalized into a set of pattern lists, one pattern list 

for each alternative generalization of the constraints of the pattern elements. 

Each of the resulting pattern lists must be able to match as many document 

tokens as the elements in the longer pattern, so the length of the pattern  lists 

is the sum of the lengths of the elements of the longer pattern, with pattern  

items naturally having a length of one. Figure 3.8 demonstrates this case.

The second special case is when the shorter pattern has a single element. 

This is similar to the previous case, with each generalization again being a 

single pattern list, with constraints generalized from the pattern elements of 

both patterns. In this case the length of the pattern lists is the greater of 

the length of the pattern element from the shorter pattern or the sum of the 

lengths of the elements of the longer pattern. The length of the shorter pattern 

must be considered in case it is a list of length greater than the length of the 

longer pattern. A example of this case appears in Figure 3.9.
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P a tte rn  to  be Generalized
1) word: bank 

syntactic: nn
2) word: vault 

syntactic: nn

Resulting Generalizations 
1) list: length 2 1) list: length 2

word: {bank, vault} word:
syntactic: nn syntactic: nn

Figure 3.8: Generalization of two pattern items matched with no pattern 
elements from the other pattern.

The third special case is when the two patterns are long or very different 

in length. In this case, the number of generalizations becomes very large, so 

R a p i e r  simply creates a single pattern list with no constraints and a length 

equal to the longer of the two patterns (measuring sums of lengths of elements). 

This case happens primarily with slot fillers of very disparate length, where 

there is unlikely to be a useful generalization, and any useful rule is likely to 

make use of the context rather than the structure of the actual slot filler.

When none of the special cases holds, R a p i e r  must create the full set of 

generalizations as described above. R a p ie r  creates the set of generalizations 

of the patterns by first creating the generalizations of each of the elements of 

the shorter pattern against each possible set of elements from the longer pat

tern using the assumptions mentioned above: each element from the shorter 

pattern must correspond to at least one element from the longer pattern and 

each element of the longer pattern corresponds to exactly one element of the 

shorter pattern for each grouping. Once all of the possible generalizations of 

elements are computed, the generalizations of the patterns are created by com-
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Patterns to  be Generalized 
Pattern A
1) word: bank

Pattern B 
1) list: length 3

syntactic: nn 
2) word: vault

word: 
syntactic: nnp

syntactic: nn

Resulting Generalizations
1) list: length 3 1) list: length 3

word:
syntactic: {nn,nnp}

word:
syntactic:

Figure 3.9: Generalization of two pattern items matched with one pattern 
element from the other pattern. Because Pattern B is a pattern list of length 
3, the resulting generalizations must also have a length of 3.

bining the possible generalizations of the elements in all possible combinations 

which include each element of each pattern exactly once in order. In the case 

of a pattern with 3 elements and one with 5, as in Figure 3.5, the general

izations of the pattern would be all of the combinations of generalizations of 

elements corresponding to the six possible groupings of pattern elements that 

appear in Figure 3.6. Since each generalization of elements may produce up to 

four generalizations, there will typically be far more than six generalizations 

computed.

In the case where exact matches were found, one step remains after the 

various resulting pattern segment pairs are generalized. The generalizations 

of the patterns are computed by creating all possible combinations of the 

generalizations of the pattern segment pairs. In the case depicted in Figure 3.7, 

this results in up to sixteen generalizations, as each generalization for the first 

pattern segment is combined with the middle element of the patterns and each 

generalization of the final pattern segment.
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3.2.5 T he S p ecia liza tion  P hase

The final piece of the learning algorithm is the specialization phase, indicated 

by calls to SpecializePreFiller and SpecializePostFiller in Figure 3.2. These 

functions take two parameters, the rule to be specialized and an integer n 

which indicates how many elements of the pre-filler or post-filler patterns of 

the original rule pair are to be used for this specialization. As n increments, 

the specialization uses more context, working outward from the slot-filler. In 

order to carry out the specialization phase, each rule maintains information 

about the two rules from which it was created, which are referred to as the 

base rules: pointers to the two base rules, how much of the pre-filler pattern 

from each base rule has been incorporated into the current rule, and how 

much of the post-filler pattern from each base rule has been incorporated into 

the current rule. The two specialization functions return a list of rules which 

have been specialized by adding to the rule generalizations of the appropriate 

portions of the pre-fillers or post-fillers of the base rules.

One issue arises in these functions. If the system simply considers 

adding one element from each pattern at each step away from the filler, it may 

miss some useful generalizations since the lengths of the two patterns being 

generalized would always be the same. For example, assume we have two rules 

for required years of experience created from the phrases “6 years experience 

required” and “4 years experience is required.” Once the fillers were general

ized, the algorithm would need to specialize the resulting rule(s) to identify 

the number as years of experience and as required rather than desired. The 

first two iterations would create items for “years” and “experience,” and the 

third iteration would match up “is” and “required.” It would be helpful if a 

fourth iteration could match up the two occurrences of “required,” creating a
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SpecializePreFilIer( CurRule, n)
Let BaseRulel and BaseRule2 be the two rules from which CurRule was created
Let CurPreFiller be the pre-filler pattern of CurRule
Let PreFillerl be the pre-filler pattern of BaseRulel
Let PreFiller2 be the pre-filler pattern of BaseRule2
Let PattemLenl be the length of PreFillerl
Let PattemLen2 be the length of PreFiller2
Let FirstUsedl be the first element of PreFillerl that has been used in CurRule 
Let First Used2 be the first element of PreFiller2 that has been used in CurRule 
GenSetl = Generalizations of elements (PattemLenl -I- 1 — n) to FirstUsedl of 

PreFillerl with elements (PattemLen2 + 1 — (n — 1)) to FirstUsed2 of 
PreFiller2

GenSet2 = Generalizations of elements (PattemLenl +  1 — (n — l)) to 
FirstUsedl of PreFillerl with elements (PattemLen2 -F 1 — n) to 
First Used2 of PreFiller2 

GenSet3 = Generalizations of elements (PattemLenl + 1 — n) to FirstUsedl of 
PreFillerl with elements (PattemLen2 + 1 — n) to FirstUsed2 of 
PreFiller2

GenSet = GenSetl U GenSet2 U GenSetS
NewRuleSet = empty set
For each PattemSegment in GenSet

NewPreFiller = PattemSegment concatenate CurPreFiller 
Create NewRule from CurRule with pre-filler NewPreFiller 
Add NewRule to NewRuleSet 

Return NewRuleSet

Figure 3.10: R a p i e r  Algorithm for Specializing the Pre-Filler of a Rule

list from “is.” In order to allow this to happen, the specialization functions 

do not only consider the result of adding one element from each pattern; they 

also consider the results of adding an element to the first pattern, but not the 

second, and adding an element to the second pattern but not the first.

Pseudocode for SpecializePreFiller appears in Figure 3.10 and that for 

SpecializePostFiller appears in Figure 3.11. In order to allow pattern lists to 

be created where appropriate, the functions generalize three pairs of pattern
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SpecializePostFiller( CurRule,n)
Let BaseRulel and BaseRule2 be the two rules from which CurRule was created
Let CurPostFiller be the post-filler pattern of CurRule
Let PostFillerl be the post-filler pattern of BaseRulel
Let PostFiller2 be the post-filler pattern of BaseRule2
Let PattemLenl be the length of PostFillerl
Let PattemLen2 be the length of PostFiller2
Let LastUsedl be the last element of PostFillerl that has been used in CurRule
Let LastUsed2 be the last element of PostFiller2 that has been used in CurRule
GenSetl = Generalizations of elements LastUsedl to n of PostFillerl with 

elements LastUsed2 to (n — 1) of PostFiller2 
GenSet2 = Generalizations of elements LastUsedl to (n — 1) of PostFillerl with 

elements LastUsed2 to n of PostFiller2 
GenSet3 = Generalizations of elements LastUsedl to n of PostFillerl with 

elements LastUsed2 to n of PostFiller2 
GenSet = GenSetl U GenSet2 U GenSet3 
NewRuleSet = empty set 
For each PattemSegment in GenSet

NewPostFiller = CurPostFiller concatenate PattemSegment 
Create NewRule from CurRule with post-filler NewPostFiller 
Add NewRule to NewRuleSet 

Return NewRuleSet

Figure 3.11: R a p i e r  Algorithm for Specializing the Post-Filler of a Rule

segments. The patterns to be generalized are determined by first determining 

how much of the pre-filler (post-filler) of each of the original pair of rules the 

current rule already incorporates. Using the pre-filler case as an example, if 

the current rule has an empty pre-filler, the three patterns to be generalized 

are: 1) the last n elements of the pre-filler of BaseRulel and the last n — 1 

elements of the pre-filler of BaseRule2, 2) the last n — 1 elements of the pre

filler of BaseRulel and the last n elements of the pre-filler of BaseRuleS, and

3) the last n elements of the pre-filler of each of the base rules. If the current 

rule has already been specialized with a portion of the pre-filler, then whatever 

elements it already incorporates will not be used, but the pattern of the pre-
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filler to be used will start at the same place, so that n is not the number of 

elements to be generalized, but rather specifies the portion of the pre-filler 

which can be considered at that iteration.

The post-filler case is analogous to the pre-filler case except that the 

portion of the pattern to considered is that at the beginning, since the algo

rithm works outward from the filler.

3.2.6  Exam ple

As an example of the entire process of creating a new rule, consider generalizing 

the rules based on the phrases “located in Atlanta, Georgia.” and “offices 

in Kansas City, Missouri.” These phrases are sufficient to demonstrate the 

process, though rules in practice would be much longer. The initial, specific 

rules created from these phrases for the city slot for a job template would be

Pre-filler Pattern:

1) word: located 

tag: vbn

2) word: in 

tag: in

and

Pre-filler Pattern:

1) word: offices 

tag: nns

2) word: in 

tag: in

Filler Pattern:

1) word: atlanta 

tag: nnp

Filler Pattern:

1) word: kansas 

tag: nnp

2) word: city 

tag: nnp

Post-filler Pattern:

1) word: , 

tag: ,

2) word: georgia 

tag: nnp

3) word: . 

tag: .

Post-filler Pattern:

1) word: , 

tag: ,

2) word: missouri 

tag: nnp

3) word: .
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tag: .

For the purposes of this example, we assume that there is a semantic class 

for states, but not one for cities. For simplicity, we assume the beam-width 

is 2. The fillers are generalized to produce two possible rules with empty 

pre-filler and post-filler patterns. Because one filler has two items and the 

other only one, they generalize to a list of no more than two words. The word 

constraints generalize to either a disjunction of all the words or no constraint. 

The tag constraints on all of the items are the same, so the generalized rule’s 

tag constraints are also the same. Since the three words do not belong to a 

single semantic class in the lexicon, the semantics remain unconstrained. The 

fillers produced are:

Pre-filler Pattern: Filler Pattern: Post-filler Pattern:

Either of these rules is likely to cover spurious examples, so we add pre-filler 

and post-filler generalizations. At the first iteration of specialization, the al

gorithm considers the first pattern item to either side of the filler. This results 

in:

1) list: max length: 2

word: {atlanta, kansas, city} 

tag: nnp

and

Pre-filler Pattern: Filler Pattern:

1) list: max length: 2 

tag: nnp

Post-filler Pattern:

Pre-filler Pattern: 

1) word: in 

tag: in

Filler Pattern: Post-filler Pattern:

1) list: max length: 2 1) word: ,

word: {atlanta, kansas, city} tag: , 
tag: nnp
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and

Pre-filler Pattern: Filler Pattern: Post-filler Pattern:

1) word: in 1) list: max length: 2 1) word: ,

tag: in tag: nnp tag: ,

The items produced from the “in” ’s and the commas are identical and, there

fore, unchanged. Alternative, but less useful rules, will also be produced with 

lists in place of the items in the pre-filler and post-filler patterns because of 

specializations produced by generalizing the element from each pattern with 

no elements from the other pattern. Continuing the specialization with the 

two alternatives above only, the algorithm moves on to look at the second to 

last elements in the pre-filler pattern. This generalization of these elements 

produce six possible specializations for each of the rules in the current beam:

list: length 1 list: length 1 word: {located, offices}

word: located word: offices tag: {vbn, nns}

tag: vbn tag: nns

word: word: word: {located, offices}

tag: {vbn, nns} tag: tag:

None of these specializations is likely to improve the rule, and specialization 

proceeds to the second elements of the post-fillers. Again, the two pattern 

lists will be created, one for the pattern item from each pattern. Then the two 

pattern items will be generalized. Since we assume that the lexicon contains 

a semantic class for states, generalizing the state names produces a semantic 

constraint of that class along with a tag constraint nnp and either no word 

constraint or the disjunction of the two states. Thus, a final best rule would 
be:
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Pre-filler Pattern: Filler Pattern: Post-filler Pattern:

1) word: in 1) list: max length: 2 1) word: ,

tag: in tag: nnp tag: ,

2) tag: nnp

semantic: state
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Chapter 4 

Experim ental Evaluation

Our purpose in developing R a p i e r  is to show that machine learning can be 

used to develop useful information extraction systems and that relational learn

ing is particularly suitable for this task. To this purpose, we have tested 

R a p i e r  on three different information extraction tasks in fairly different do

mains. We compare R a p i e r ’s performance on these tasks with a non-relational 

learning system -  a Naive Bayes-based learner which uses a fixed window of 

contextual information. We also compare R a p ie r  to two other relational 

learning systems which recently have been developed by other researchers. 

Additionally in these experiments, we examine the usefulness of the various 

types of constraints which R a p i e r  can employ by running ablation tests.

4.1 Domain and Task D escriptions

The first domain consists of a set of 300 computer-related job postings from 

the Usenet newsgroup a u s t in . jobs. The information extraction task is to 

identify the types of information that would be useful is creating a searchable
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database of such jobs, with fields like message-id and the posting date which 

are useful for maintaining the database, and then fields that describe the 

job itself, such as the job title, the company, the recruiter, the location, the 

salary, the languages and platforms used, and required years of experience and 

degrees. Some of these slots can take only one value, but for most of the slots 

a job posting can contain more than one appropriate slot-filler. There are a 

total of 17 different slots for this task.

The various slots in this task differ considerably in their difficulty for 

humans. Some, such as the id and posting date, are trivial. Other fairly obvi

ous slots are salary, the various location slots, and required and desired degrees 

and years of experience. The position title is usually clear, but not invariably: 

for instance, one has to decide whether “Unix Programmer needed” should 

produce “Programmer” or “Unix Programmer.” Companies and recruiters are 

fairly easy to recognize, but not always easy to distinguish. There are four slots 

that provide information specific to computer-related jobs: language, platform 

(which includes operating systems, machine names, and brands), application, 

and area (which serves to cover all other interesting items -  broad areas of 

computer science such as artificial intelligence, natural language processing, 

or networking; APIs; application frameworks such as MFC; and subject areas 

such as the World Wide Web. These slots require a lot of domain specific 

knowledge. It can be very difficult to determine from context whether an 

unfamiliar term  belongs in one of these slots. The area slot is particularly 

difficult.

The second domain is a set of 485 announcements of seminars collected 

by Dayne Freitag at Carnegie Mellon University (Freitag, 1997). The task 

is to extract four pieces of information: start time, end time, location, and 

speaker. Each of these slots takes only one value, though that value may come
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in multiple forms (e.g. “2pm” and “2:00 pm” for the start time). Therefore, 

a slot is considered filled correctly as long as any one of the possible correct 

strings is extracted.

The third domain is a set of 600 Reuters newswire articles concerning 

corporate acquisitions also collected at Carnegie Mellon (Freitag, 1998c) .The 

information extraction task identifies 13 slots. Nine of the slots identify the 

purchaser, seller, and entity acquired by full name, abbreviation, and code. 

The other four slots are the business and location of the entity being acquired, 

the dollar amount of the transaction, and the status of the acquisition.

Examples of documents and the corresponding filled templates for each 

domain can be found in Appendix A.

4.2 D ata Pre-processing

Although R a p i e r  does not require full syntactic analysis, some pre-processing 

is required to segment the text into tokens and sentences appropriate for use 

by the part-of-speech tagger and then to tag the text. For the experiments in 

this chapter, the documents were segmented using a simple Perl script which 

separates words from punctuation, recognizing common abbreviations (using 

a list of common abbreviations to avoid sentence breaks based on periods 

used for abbreviation), and breaks the document into sentences at end-of- 

sentence punctuation and blank lines. The results of this pre-processing were 

tagged using Brill’s part-of-speech tagger as trained on the Wall Street Jour

nal corpus and tuned for each domain using the techniques described in Sec

tion 2.3.1. Initial results with R a p ie r  indicated that part-of-speech tagging 

without domain-specific tuning was not helpful, and inspection of the tagging 

results indicated that they were inaccurate, so for each domain bigram and
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word lists were created, and the most common words in each corpus were 

added to the lexicon with their possible parts of speech. This tuning took 

about two hours per domain.

4.3 A blations

The R a p ie r  system is designed to be able to use semantic classes and part 

of speech tags in its rules. However, it is important to consider the utility 

of each kind of information. Therefore, for the experiments presented here, 

three versions of R a p i e r  were used: the full system using words, part of 

speech tags, and semantic classes from WordNet; an ablation using only words 

(labeled R a p ie r - w  in tables); and an ablation using word and part-of-speech 

tags (labeled R a p ie r - w t ). Comparing these versions of R a p ie r  provides 

information about how useful the various types of information are.

4.4 System s Compared Against

The first system that we compare to is a Naive Bayes-based information ex

traction system developed at Carnegie Mellon (Freitag, 1998b). This classifier 

uses word occurrence as its only feature. It looks at the filler and fixed win

dow around the filler and estimates the probability that a particular segment 

of text is a slot-filler based on the estimated probability that each word in the 

text segment is in a filler for the slot and the probability that each word in the 

window preceding the segment is in the left context window for the slot and 

that each word in the window following the segment is in the right context win

dow for the slot. One issue which this type of system has to cope with is that 

slot-fillers are not necessarily uniform in length. Thus, the system considers

63

R ep ro d u ced  with p erm issio n  o f  th e  copyrigh t ow n er. Further reproduction  prohibited w ithout p erm issio n .



www.manaraa.com

multiple text segments beginning at each word, with lengths from the shortest 

filler seen for the slot to the longest filler seen for the slot. By default, the Naive 

Bayes system considers four words to either side of the potential slot-filler, a 

context which is often sufficient for a human to determine whether a string is, 

in fact, a slot-filler. However, the system’s propositional nature may keep this 

context from being sufficient. The system recognizes whether words are likely 

to appear in a filler or its context, but cannot represent the structure of a 

filler or the greater probability of a string being a filler if two words appear in 

conjunction rather than separately. The experiments with Naive Bayes show 

what is possible with a simple set of features and demonstrate the superiority 

of relational learning on slots where the simple propositional representation is 

insufficient.

Very recently, two other learning systems have been developed with 

goals very similar to those of R a p ie r . These are both relational learning 

systems which do not depend on syntactic analysis. Their representations and 

algorithms, however, differ significantly from each other and from R a p ie r .

The first of these systems is SRV (Freitag, 1998b, 1998a, 1998c). SRV 

is a top-down covering learner, with an algorithm similar to F o il . It uses 

four pre-determined predicates which allow it to express information about 

the length of a fragment, the position of a particular token, the relative po

sitions of two tokens, and the result of feature value tests for tokens using 

user-defined features. Thus, the language is quite expressive and has the abil

ity to take advantage of orthographic, syntactic, and semantic information if 

such information is provided in the user-defined features. For example, in the 

experiments reported on here, SRV was supplied with features such as capi

talization, whether a token was a number, whether a  token was a single digit 

number, and features describing the length of the token, among others. Many
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of these features are quite specific and particularly useful for the seminar an

nouncement domain. SRV also does rule accuracy estimation, using threefold 

internal cross-validation to provide confidences for its rules.

The second system is W hisk  (Soderland, 1998), which is designed to 

handle all types of extraction problems, from very structured text to the semi

structured text common to web documents and netnews postings to free text 

such as news articles. Like Rapier, W hisk  uses a pattern-matching representa

tion: a restricted form of regular expressions. It can make use of user-provided 

semantic classes and of information from syntactic analysis, but it does not 

require either type of information. The learning algorithm is a covering al

gorithm, and rule creation begins by selection of a seed example. However, 

W h isk  creates the rule top-down, only restricting the choice of terms to be 

added to a rule to those appearing in the seed example. W h isk  differs from 

SRV and R a p ie r  in its rule representation and operation in two significant 

ways. First, a single rule may extract items for more than one slot. Second, 

rather than operating on documents, W h isk  operates on instances, which 

are typically sentences or similarly sized units. Thus, it somewhat limits the 

amount of context that a given rule may consider.

One interesting feature of W hisk  is its use of active learning. W hisk  

is designed to use a form of selective sampling. It uses neither confidences nor 

voting, but rather random selects a pool of instances from each of three classes 

of the unlabeled instances: 1) those covered by an existing rule, to increase 

support for the reliable rules and provide counter-examples to imprecise rules;

2) those that are near misses of an existing rule, providing likely useful in

stances to increase recall; 3) and those not covered by any rule, to help ensure 

the completeness of the rule base.

Since SRV and W hisk are also relational learners, we do not expect to
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show that R a p ie r  is significantly better than  either. Rather, by examining 

their performance along with R a p ie r ’s , we show that R a p ie r  is competitive 

with recent systems, and we provide further evidence for the usefulness of 

relational learning for information extraction.

4.5 Experim ental M ethodology

For all of the experiments in this research, we use averages of ten trials and 

report results on separate test data. For the computer-related jobs domain, 

we used ten-fold cross-validation and also trained on subsets of the training 

data at various sizes in order to produce learning curves. For the seminar 

announcement and corporate acquisitions domains, we use the ten splits used 

by Dayne Freitag in order to permit comparison with his results. These were 

10 random splits of the datasets in half, training on half of the data and testing 

on the other half.

Tests of machine learning systems usually measure simple accuracy: 

the number of examples that are correctly classified. In this type of task, 

however, since we don’t have a fixed number of examples to be classified, 

simple accuracy has no clear meaning. There are really two measures which 

are important: precision, which is the percentage of the slot fillers which the 

system finds which are correct, and recall, which is the percentage of the slot 

fillers in the correct templates which are found by the system.

#  o f correct f il le r s  extractedprecision =  

recall =

#  o f fil le r s  extracted 
#  o f  correct f i l le r s  extracted

#  o f  fillers in correct templates 
If both precision and recall are 100%, then the results are completely correct.

Lower precision indicates that the system is producing spurious fillers: that its
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rules axe overly general in some respect. Lower recall indicates that the system 

is failing to find correct fillers: that its rules are too specific in some respect. 

When multiple fillers are possible for a slot, each filler is counted separately. 

Since these two numbers best describe the performance of the system we report 

them for all experiments in this chapter. In addition to precision and recall, 

we report two other measures for some experiments. The MUC conferences 

have introduced an F-measure (DARPA, 1992), combining precision and recall 

in order to provide a single number measurement for information extraction 

systems. The F-measure is computed as:

(02 +  1 )PR  
f32P  + R

with (3 used to weight the measure to prefer better precision or better recall. 

Since the F-measure provides a useful tool for examining the relative perfor

mance of systems when one has better precision and the other better recall, 

we report that number where it is useful, using (3 equal to 1. Finally, in order 

to facilitate comparison to other systems, we in some cases report coverage, 

which is the percentage of the slots which are supposed to be filled which had 

some filler predicted for them. This figure is not as useful as recall, but it is 

the figure reported for Dayne Freitag’s systems on the seminar announcement 

and corporate acquisition domains, so we include it in addition to recall in 

order to allow some comparison to be made.

Where tests of statistical significance are appropriate, they were con

ducted using a two-tailed paired t-test.

A ll o f  th e  experim ents in th is chapter were conducted  using R a p i e r  se t  

to  its  d e fa u lt param eters.

N u m P a irs  =  5. The number of pairs randomly selected for generalization at 

each iteration of the compression algorithm.
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B eam W id th  =  6. The width of the beam for the beam search.

M axC om pressFails =  3. The number of times in a row which the attempt 

to create a new, more general rule is allowed to fail before compression 

of the rules for a given slot ends.

M axE xtendF ails =  3. The number of times in a row which specialization 

loop is allowed to iterate without improving the best rule in the beam.

M inC overage =  3. The number of positive examples which a rule is required 

to cover.

4.6 Job P ostings R esults

In the computer-related job postings domain, we conducted experiments with 

four systems: the three versions of R a p i e r  with different information supplied 

and the Naive Bayes-based information extraction system described above. 

The Naive Bayes system provides a baseline indicating what can be learned 

relying on word occurrence in the filler and a fixed context. The default width 

of the window the system looks at is four words to either side of the filler, 

but preliminary tests showed that raising this value to seven words improved 

performance on the job postings domain, so that value was used for this exper

iment. The system also has a threshold parameter which was set to maximize 

recall.

Figure 4.1 shows the learning curve for precision of the four systems and 

Figure 4.2 shows their recall learning curve. Since precision and recall do not 

present the same picture, Figure 4.3 presents the F-measure learning curve.

Clearly, the Naive Bayes system does not perform well on this task, 

although it has been shown to be fairly competitive in other domains, as will be
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Figure 4.1: Precision on computer-related job postings
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Figure 4.2: Recall on computer-related job postings
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Figure 4.3: F-measure on computer-related job postings

seen below. Actually, there are some slots on which Naive Bayes does perform 

well, but it does quite poorly on many, especially those for which multiple fillers 

are common. It should be noted that the very low setting of the Naive Bayes 

system’s threshold accounts for its very low precision. However, recall is also 

considerably lower than any of the R a p i e r  systems, and raising the threshold 

to raise precision will simultaneously lower recall, which is already quite low, 

significantly lower than any version of R a p ie r . These results indicate that 

this is a domain where relational learning helps and a simpler representation 

such as the Naive Bayes system employs is insufficient to produce a useful 

system.

In looking at the results for the various R a p i e r  systems, there are 

several points of interest. First, precision is quite high, over 89% for words 

only and word with POS tags and just over 70% for the full system. This fact 

is not at all surprising, since the bias of the algorithm is very much toward
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fairly specific rules, a natural result of a primarily bottom-up approach. High 

precision is important for a task such as creating a jobs database. Although 

high recall is desirable (we want as much of the correct information in the 

database as possible), it is even more important that the information in the 

database be correct.

A second point of interest is that the learning curve is quite steep. The 

R a p i e r  algorithm is apparently quite effective at making maximal use of a 

small number of examples. The learning curve flattens out quite a bit as the 

number of examples increases. This is probably due at least in part to the 

fact that this domain includes quite a few documents that are very similar 

to one another, so adding more examples may not significantly increase the 

amount of useful information available to the learning system. This problem 

may be usefully addressed with active learning (as discussed in Chapter 5). 

Note, however, that recall is still rising, though slowly, at 270 examples.

In looking at the performance of the three versions of R a p i e r , an obvi

ous conclusion is that word constraints provide most of the power of the rules. 

This should not be particularly surprising, since the information provided by 

part-of-speech tags and semantic classes are, in some sense, present in the 

words themselves. W hat the addition of POS tag constraints and semantic 

class constraints should do is to provide generalizations that may be repre

sentable with word constraints alone, but are simpler and more easily cover a 

complete class of words without having to see every possible word in the class 

(as a disjunction of words must in order to represent the same concept). The 

addition of tag constraints does improve performance at lower number of ex

amples. The recall of the version with tag constraints is significantly better at 

least at the 0.05 level for each point on the training curve up to 120 examples. 

Apparently, by 270 examples, the word constraints are capable of representing
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the concepts provided by the POS tags. The differences between words-only 

and words with POS tags on 270 examples are not statistically significant. 

WordNet’s semantic classes provide no significant performance increase over 

words and POS tags only.

These results are very encouraging. They are similar to the scores of the 

better systems at MUC-6 on the template elements task (the one most similar 

to this information extraction task) (DARPA, 1995). They are also sufficient 

to construct a useful, if imperfect, database of computer-related jobs.

One other learning system, W h is k  (Soderland, 1998), has been applied 

to this data set. In a single trial using 200 documents for training and the 

remaining 100 for testing, W hisk  achieved 76% precision and 40% recall. At 

180 examples, R a p ie r  with words only achieves 90% precision and 60% recall. 

Of course, since W h isk  was tested on a single trial, it is important not to over

emphasize this result. However, R a p i e r ’s worst single trial at 180 examples 

gave 85% precision and 54% recall. It is not clear why W h isk  performs worse 

on this task. One possibility is its restriction of context to a single sentence. 

R a p i e r  learns rules which cross sentence boundaries in this domain, and these 

may be needed for some slots. Both relational learning systems clearly perform 

much better on this task than the Naive Bayes-based system does.

Besides simply looking at the summary numbers, it is useful to consider 

the accuracy of the learning systems on each of the different slots. As indicated 

above, the difficulty of the slots varies for a human annotator, and it may be 

useful to see how the difficulty varies for the computer system. Accordingly, 

Table 4.1 shows the results for the various slots with 270 training examples.

The easiest fields for the computer are also some of the easiest for human 

beings. All of the systems perform well on the id slot, and the R a p i e r  sys

tems perform very well on the posting date, where Naive Bayes achieves 100%
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System id title salary
Prec Rec Prec Rec Prec Rec

R a p ie r 98.0 97.0 67.0 29.0 89.2 54.2
R a p - w t 98.0 96.7 66.1 31.1 76.9 46.7
R a p - w 97.7 97.0 67.6 30.7 80.0 56.1

N a iB ay 86.8 96.3 13.8 18.5 2.1 9.3
company recruiter state

Prec Rec Prec Rec Prec Rec
R a p ie r 76.0 64.8 87.7 56.0 93.5 87.1
R a p - w t 77.0 64.7 90.7 59.0 95.2 85.3
R a p - w 75.3 65.1 88.5 60.2 96.5 82.8

N a iB ay 9.3 51.1 18.9 49.4 29.2 59.5
city country language

Prec Rec Prec Rec Prec Rec
R a p ie r 97.4 84.3 92.2 94.2 95.3 71.6
R a p - w t 97.5 86.1 91.5 93.5 95.5 70.2
R a p - w 97.0 86.1 93.4 92.0 94.0 73.7

N a iB ay 33.3 55.4 14.4 62.3 13.9 9.8
platform application area

Prec Rec Prec Rec Prec Rec
R a p ie r 92.2 59.7 87.5 57.4 66.6 31.1
R a p - w t 90.1 57.9 85.8 57.7 69.0 31.4
R a p - w 89.7 53.5 88.7 53.8 68.2 29.5

N aiB ay 6.5 6.6 4.0 7.9 7.4 5.6
req yrs exp des yrs exp req degree
Prec Rec Prec Rec Prec Rec

R a p ie r 80.7 57.5 94.6 81.4 88.0 75.9
R a p - w t 82.8 62.7 90.6 67.4 86.8 79.3
R a p - w 80.9 58.2 94.3 76.7 87.8 74.1

N a iB ay 4.1 10.5 1.0 14.0 0.8 8.6
des degree post date total
Prec Rec Prec Rec Prec Rec

R a p ie r 86.7 61.9 99.3 99.7 89.4 64.8
R a p - w t 100 61.9 99.0 99.3 89.2 64.6
R a p - w 92.3 57.1 99.3 100 89.4 64.0

N a iB ay 0 0 21.5 100 14.2 32.1

Table 4.1: Results by slot for the computer-related job postings task
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recall, although with low precision. The location slots, company, recruiter, 

years of experience, and degrees required are all somewhat more difficult for 

the R a p ie r  systems, but R a p i e r ’s performance on those is also quite good. 

The somewhat lower recall on company and recruiter is probably due to the 

difficulty of distinguishing between the two fields. Unlike humans, R a p ie r  

performs rather poorly on the title slot. This is a slot where memorization is 

not very helpful and context is inconsistent. The other slot on which R a p ie r  

performs quite poorly is the area slot. The difficulties of this slot for humans 

was discussed above, and it is not surprising that R a p i e r  performs poorly 

here. Besides the two easy slots, Naive Bayes achieves reasonable recall on the 

three location slots and on company and recruiter. On all of the other slots it 

does extremely poorly. Much of this is probably due to the system’s inability 

to consider the order of tokens and to the fixed context window.

4.7 Seminar A nnouncem ent R esults

For the seminar announcements domain, we ran experiments with the three 

versions of R a p i e r , and we report those results along with results reported on 

this data using the same 10 data splits with the Naive Bayes system mentioned 

above and with SRV (Freitag, 1998b). The dataset consists of 485 documents, 

and this was randomly split approximately in half for each of the 10 runs. 

Thus training and testing sets were approximately 240 examples each. The 

results for the other systems are reported by individual slots only, and the 

figures reported are for “accuracy” (which is measured exactly the same way as 

precision) and coverage. However, a lower bound on recall can be computed by 

multiplying the precision by the coverage. We also report results for W h is k . 

These results are from a single trial, trained on 285 of the documents and

74

R ep ro d u ced  with p erm issio n  o f  th e  copyrigh t ow n er. Further reproduction  prohibited w ithout p erm ission .



www.manaraa.com

System stime 
Prec Rec Cov

etime
Prec Rec Cov

loc
Prec Rec Cov

R a pier

R a p - w t

R a p - w

93.9 92.9 98.9
96.5 95.3 98.8
96.5 95.9 99.3

95.8 94.6 96.3
94.9 94.4 97.0 
96.8 96.6 97.3

91.0 60.5 66.3
91.0 61.5 67.4
90.0 54.8 60.8

N aiB ay

SRV
W hisk

98.2 > 98.2 100 
98.6 > 98.4 99.8 
89 89

96.1 > 95.72 99.6
94.1 > 92.6 98.4 
96 74

59.6 > 58.8 98.7 
75.9 > 70.1 92.3 
93 59

System speaker 
Prec Rec Cov

R a pier

R a p -w t

R a p - w

80.9 39.4 46.7 
79.0 40.0 48.6
76.9 29.1 39.8

N aiB ay

SRV
W hisk

36.1 > 25.6 70.8 
60.4 > 58.3 96.6 
71 15

Table 4.2: Results for seminar announcements task

tested on the remaining 200. As above, because the results are based on a 

single trial, one should not be overly confident in comparisons between the 

systems based on them. Table 4.2 shows results for the six systems on the 

four slots for the seminar announcement task. The figures for recall for Naive 

Bayes and SRV are lower bounds on the recall.

All of the systems perform very well on the start time and end time 

slots, although R a p i e r  with semantic classes performs significantly worse on 

start time than the other systems. These two slots are very predictable, both 

in contents and in context, so the high performance is not surprising. Start 

time is always present, while end time is not, and this difference in distribu

tion is the reason for the difference in performance by Naive Bayes on the two 

slots. The difference also seems to impact SRV’s performance, but R a p i e r  

performs comparably on the two, resulting in the words only version having 

apparently better performance on the end time slot than the two CMU sys

tems. W h i s k’s regular expressions appear not to handle these fields as well
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as the other systems do.

Location is a somewhat more difficult field and one for which POS 

tags seem to help quite a bit. This is not surprising, since locations typically 

consist of a sequence of cardinal numbers and proper nouns, and the POS tags 

can recognize both of those consistently. This is the one field where W h isk  

outperforms R a p ie r . It is difficult to compare SRV’s performance to WHISK 

and R a p i e r . SRV has higher recall but lower precision, and without precise 

recall numbers, which system is better cannot be easily determined. However, 

it is clear that all of the relational systems are better than Naive Bayes on this 

slot, despite the fact that building names recur often in the data and thus the 

words are very informative.

The most difficult slot in this extraction task is the speaker. This is 

a slot on which Naive Bayes, W h is k , and R a p ie r  with words only perform 

quite poorly, because speaker names seldom recur through the dataset and till 

of these systems are using word occurrence information and have no reference 

to the kind of orthographic features which SRV uses or to POS tags, which can 

provide the information that the speaker names are proper nouns. R a p ie r  

with POS tags performs quite well on this task, with worse recall than SRV, 

but considerably better precision. Since we don’t know the precise recall of 

SRV, it is difficult to determine which of these systems is better on this slot.

In general, in this domain semantic classes had very little impact on 

R a p i e r ’s performance. Semantic constraints are used in the rules, but appar

ently without any positive or negative effect on the utility of the rules, except 

on the start time slot, where the use of semantic classes may have discouraged 

the system from learning the precise contextual rules that are most appropriate 

for that slot.

All in all, R a p ie r  performs quite well on this dataset, achieving an F-
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measure of 82.60% on the overall task using words and POS tags only. Clearly, 

these results support the usefulness of relational learning for this task as well, 

although they show that it is not always necessary, since for some slots, such 

as the times, a propositional system using simple features may be sufficient.

4.8 Corporate Acquisitions R esu lts

As with the seminar announcements domain, for the corporate acquisitions 

domain, we ran experiments with the versions of R a p i e r  and compared to 

figures reported for Naive Bayes and SRV (Freitag, 1998c). Again, the figures 

are reported by individual slot. Training and testing were performed on 10 

random splits of the data into 300 training and 300 testing examples.

Table 4.3 show the results for the five systems on nine slots from this 

task. Freitag does not report results for the other four slots identified in the 

data. Again, the figures for recall for Naive Bayes and SRV are lower bounds.

As is immediately clear from the results, this task is much more dif

ficult than the seminar announcements for all of the systems. The six slots 

which extract names of companies, distinguishing between full and abbrevi

ated names, are extremely difficult for R a p ie r . P art of the problem is the 

distinction between full and abbreviated company names, because it makes it 

difficult for R a p i e r  to learn the contexts in which the various fields should be 

extracted, since the full name of the purchaser and the abbreviated name of 

the purchaser may show up in very similar contexts, but must be distinguished 

from one another. The sparseness of data for the seller and seller abbreviation 

clearly affects all of the learning systems, since all do much more poorly on 

those fields than on the fields for the purchaser or the entity being acquired. 

However, the performance of R a p ie r  improves on the two seller slots when it
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System
Prec

acquired
Rec Cov Prec

purchaser
Rec Cov Prec

seller
Rec Cov

R a pie r 57.3 19.2 33.2 50.0 19.2 36.4 32.4 10.0 17.7
R a p - wt 58.0 22.1 37.6 51.1 20.5 37.6 33.2 11.0 18.1
R a p - w 54.5 16.8 30.6 51.9 19.6 35.2 41.0 10.0 14.1

N aiB ay 19.8 > 19.8 100 > 36.£ 36.9 100 > 15.6 15.6 100
SRV 38.4 > 37.1 96.6 42.4 > 40.8 96.3 16.4 > 13.6 82.7

Prec
acqabr

Rec Cov Prec
purchabr

Rec Cov Prec
sellerabr

Rec Cov
R a pier 43.6 18.5 35.0 42.8 16.7 32.9 10.5 7.3 13.5
R a p - wt 49.5 21.0 36.2 43.8 20.0 38.0 16.4 7.0 15.2
R a p -w 45.5 14.8 27.9 36.43 11.9 26.4 24.83 3.97 7.19

N aiB ay 23.2 > 23.2 100 39.6 > 39.6 100 16.0 > 16.0 100
SRV 31.8 > 31.7 99.8 41.4 > 41.2 99.6 14.3 > 13.6 95.1

Prec
acqloc

Rec Cov Prec
status

Rec Cov Prec
dlramt

Rec Cov
R a pier 46.9 16.3 25.6 67.3 29.8 37.4 63.3 28.5 36.4
R a p - wt 46.5 18.5 27.8 64.8 28.9 37.3 67.4 26.0 31.6
R a p -w 44.3 10.5 16.3 68.8 26.0 32.4 70.0 24.5 28.7

N a iB ay 7.0 > 7.0 100 33.3 > 33.3 100 24.1 > 24.1 100
SRV 12.7 > 10.6 83.7 39.1 > 35.1 89.8 50.5 > 46.0 91.0

Table 4.3: Results for corporate acquisitions task
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has access to POS tags, showing again that the tags can help generalization 

when the system does not have much data available to it.

Determining which of the learning systems is best for this task is dif

ficult. Clearly, POS tags help R a p ie r ’s performance, not surprisingly as the 

documents are more grammatical than those in the other domains and they 

do not rely on visual layout to convey information. It is also clear that Naive 

Bayes performs worse than SRV on most fields, though not on the seller fields. 

Comparing SRV and R a p i e r  is problematic with this data. Clearly, in some 

cases, such as the purchaser abbreviation, SRV is better. In others, such as 

the acquisition location, R a p ie r  performs better. Because of the lack of ex

act recall figures and the opposing bias regarding precision (R a p i e r  has a 

strong bias toward high precision; SRV uses a threshold and can thus have a 

precision-recall tradeoff, but the figures shown here are intended to have max

imal coverage and thus have low precision and higher recall), it is very difficult 

to say which system performs better on many of the slots shown. However, we 

can clearly see, again, that relational learning is more effective over all than 

the Naive Bayes system.

It is clear, from these results, that none of the learners handle this task 

sufficiently well for useful purposes. It may be that, in order to perform well 

on this task, R a p ie r  will require some way of representing syntactic phrases 

and their relationships.

4.9 D iscussion

The results above show that relational learning can learn useful rules for infor

mation extraction, and that it is more effective than the propositional system 

used for comparison. Differences between the various relational systems are
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probably due to two factors. First, the three systems have quite different algo

rithms, whose biases may be more or less appropriate for particular informa

tion extraction tasks. Second, the three systems use different representations 

and features. All of the systems use word occurrence, and all are capable of 

representing the sequence of terms. However, R a p ie r  and SRV are capable of 

representing information about the lengths of fillers (or, in R a p ie r ’s case, in 

other segment of text represented in the rule) without constraining anything 

else about the filler, and W h isk  cannot. Two versions of R a p ie r  make use 

of POS tags, which the other systems could use, but did not in these exper

iments. SRV uses Boolean features which provide orthographic information, 

and neither of the other systems has this information (though in some cases the 

POS tags provide similar information: capitalized words are usually tagged as 

proper nouns; numbers are tagged as cardinal numbers). Many of the features 

used seem quite specific to the seminar announcements domain. It would be 

useful in the future to examine the effect of the various features, seeing how 

much of the difference between the relational learning depends upon the differ

ent features they use and how much is due to their various algorithmic biases. 

All of the systems are fairly easily extensible to include the features used by 

the other systems, so comparing the systems’ performance when using the 

same feature sets should be possible.

Besides looking at the accuracy of a learning system (or in the area of 

information extraction, its precision and recall), it is important to consider 

other performance measures, such as training time, testing time, and rulebase 

complexity.

Because of its expressive, relational representation, R a p ie r ’s training 

time is fairly long. The following training times are from running R a p i e r  

on an SGI-Origin-200 running IRIX 6.4. For the jobs domain, the words
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only version varies from an average of 14 minutes to train on 10 examples to 

an average of 26 hours to train on 270 examples. Increasing the complexity 

of the learning problem by adding tags increases the training times to 48 

minutes to train on 10 examples and 42 hours to train on 270. Training time 

with semantics are almost identical to those with words and tags only. For 

the seminar announcements, training time is shorter per example because the 

examples are shorter and there are fewer slots to learn rules for. Thus, the 

words only version can train on 240 examples in just under 8 hours on average. 

Adding tags increases this to an average of 15 hours. The acquisitions da ta  also 

has fewer slots to train on than the jobs. On 300 examples, the average training 

time was just under 15 hours for the words only version and 27 hours for the 

tags version. These training times may seem prohibitive until the time involved 

for human being to construct similar rules in considered. Development time 

for information extraction systems is typically measured in man-months. The 

performance of R a p ie r  as compared to the Naive Bayes system which trains 

faster also shows that, on the jobs domain at least, the trade-off between 

accuracy and speed is in R a p ie r ’s favor.

Lengthy training times are generally not a problem in developing a 

practical system, but testing times are significant. The testing times in the 

computer-related jobs domain are under 2 seconds per example without se

mantics and 3.3 seconds per example using WordNet. The difference is due 

to the file I/O required to retrieve the WordNet semantic classes. The test

ing times are lower for the seminar announcements domain and the corporate 

acquisitions domain which have fewer slots to extract, under 1 second per ex

ample for the corporate acquisitions domain with or without semantics and 

around 8 examples per second without semantics and close to 2 examples per 

second with semantics in the seminar announcements domain. These times are
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sufficiently short for the rules to be useful in a practical information extraction 

system.

One other issue of some interest in a learning system is the complexity 

of the definition that is learned, and how much that complexity varies with 

the number of training examples. As an estimate of the complexity of the 

rule, we use here the same notion of the size of a rule described in Chapter 

3. In measuring the size of a rule base, we include only the rules created by 

the generalization process, not the initial most-specific rules, since the initial 

rules do not contribute to the rule base’s coverage of new examples.

The complexity of the rules seem to depend primarily on the task, being 

slightly more complex with very small example sets, but not depending much 

on the type of constraints available. The average rule complexity on the jobs 

domain is 20 with 10 examples and 19 with more than 100 examples. The 

complexity of the seminar announcement rules is somewhat higher, averaging 

22, and the complexity of the rules for corporate acquisition is higher still, 

averaging 27. The complexity of the rulebases in the jobs domain grows with 

the number of examples used to learn the rulebase as does the number of rules. 

This growth is a little less than straight linear growth, as seen in Figure 4.4.

4.10 Sam ple Learned Rules

One final interesting thing to consider about R a p ie r  is the types of rules it 

creates. One common type of rule learned for certain kinds of slots is the 

rule that simply memorizes a set of possible slot-fillers. For example, R a p ie r  

learns that “mac,” “mvs,” “aix,” and “vms” are platforms in the computer- 

related jobs domain, since each word only appears in documents where it is 

to be extracted as a platform slot-filler. One interesting rule along these fines
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Figure 4.4: Rulebase complexity as a function of the number of examples used 
to construct the rulebase

is one which extracts “C + + ” or “Visual C + + ” into the language slot. The 

pre-filler and post-filler patterns are empty, and the filler pattern consists of 

a pattern list of length 1 with the word constraint “visual” and then pattern  

items for “c” , “+ ” and “+ ” . In the seminar announcements domain, one rule 

for the location slot extracts “doherty,” “wean” or “weh” (all name of buildings 

at CMU) followed by a cardinal number. More often, rules which memorize 

slot-fillers also include some context to ensure that the filler should extracted 

in this particular case. For example, a rule for the area slot in the jobs domain 

extracts “gui” or “rpc” if followed by “software.”

Other rules rely more on context than on filler patterns. Some of these 

are for very formal patterns, such as that for the message id of a job posting:
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Pre-filler Pattern: Filler Pattern: Post-filler Pattern:

1) word: message 1) list: length 5 1) word: >
2) word: -

3) word: id

4) word: :

5) word: <

Probably the majority of rules have some mix of context and the con

tents of the filler. An example is the following rule for a title in the computer- 

related jobs domain:

Pre-filler Pattern: Filler Pattern: Post-filler Pattern:

1) word: {:, seeking} 1)

2) (consultant, dba}

In the seminar announcements domain, the following rule for the start time 

relies on a combinations of the structure of the filler and its context:

Pre-filler Pattern: Filler Pattern: Post-filler Pattern:

1) word: {:, for} 1) syntactic: cd

2) 2) word: :

syntactic: :

3) syntactic: cd

4) syntactic: nn

In the corporate acquisitions domain, the following rule extracts the status of 

the acquisition:
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Pre-filler Pattern:

1) word: {it, executed}

2 )

Filler Pattern:

1) word: {agreed, letter}

2 ) 

3)

Post-filler Pattern:

1) word: {further, to}

Some of the rules are fairly complicated, as is the following rule for the pur

chaser slot in the corporate acquisitions domain:

Pre-filler Pattern: Filler Pattern: Post-filler Pattern:

1) syntactic: {cd, nn} 1) list: length 3 1) word: {said, “{“}

2) syntactic: {:, to} syntactic: {:, nnp} 2) syntactic: {prp, dt, nnp}

2) syntactic: nnp 3)

4) word: {acquired, investor, for}

For more examples of the types of rules which R a p i e r  learns, see Ap

pendix B.
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Chapter 5

Using Active Learning w ith

Rapier

One of the goals of machine learning is to reduce the human time it takes to 

build a system by having a human being annotate training examples rather 

than trying to build rules, since the annotation is generally a much easier 

task, and requires knowledge only of the task to be performed, not of the rule 

representation. However, even though annotation is easier than building rules 

in most cases, it can still be quite time-consuming. Therefore, we would like 

to ensure that our annotation time is spent as effectively as possible.

Examining the learning curves in Chapter 4 for the computer-related job 

postings domain reveals that the curves are very steep at first and then level off 

significantly, though they are still climbing slowly. At least part of the reason 

for this phenomenon is that many of the documents in the training set are quite 

similar to one another. Once a few examples of a certain class of documents 

have been seen, seeing more examples of the same class of documents has 

little effect on the rule base, and the time spent by a person annotating such

86

R ep ro d u ced  with p erm issio n  o f  th e  copyrigh t ow n er. Further reproduction  prohibited w ithout p erm issio n .



www.manaraa.com

examples is wasted.

Therefore, we would like to find ways of choosing examples to be anno

tated that are useful for learning. Active learning is the subarea of machine 

learning concerned with this type of issue. Active learning systems in some 

way influence the examples they axe given, either by constructing examples, 

by requesting certain types of examples, or by determining which of a set of 

unlabeled examples are likely to be the most useful. The last option, which is 

called selective sampling (Cohn, Atlas, & Ladner, 1994; Lewis & Catlett, 1994; 

Dagan & Engelson, 1995), is the most appropriate for a natural language task 

such as information extraction, since there is a wealth of unannotated data 

and the only issue is the cost of annotating the data.

5.1 Selective Sam pling

The basic idea of selective sampling is that learning begins with a small pool 

of annotated examples and a large pool of unannotated examples. The learner 

runs on the annotated examples, and the resulting definition is used to select 

additional examples to annotate. The selection may proceed in either of two 

ways: sequential sampling or batch sampling.

In sequential sampling, the pool of unannotated examples is examined 

one at a time. The example is labeled according to the current learned defi

nition and then either accepted for learning (in which case, the annotator is 

asked to label it) or rejected. If the example is selected for learning, the learner 

updates its definition, and then the next example will be selected.

In batch sampling, the entire pool of examples is labeled using the 

current definition. The m most useful examples are selected to be annotated 

and then added to the pool of annotated examples. The learner then updates
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its definition and again considers the pool of remaining unannotated examples.

There are also two primary methods of determining which examples 

are most useful: committee-based, sampling and uncertainty-based sampling. 

In committee-ba^ed sampling, the learner maintains multiple definitions con

sistent with the current training data (i.e. multiple elements of the version 

space (Mitchell, 1982)), categorizes unlabeled examples with each definition, 

and selects for labeling those examples with the most disagreement amongst 

the “committee members” (Seung, Opper, &: Sompolinsky, 1992; Cohn et al., 

1994). By singling out only such potentially informative examples for an

notation, equivalent accuracy can be gained from labeling significantly fewer 

examples compared to random selection. The examples chosen should be those 

that best guide the learner toward the correct definition, because whenever the 

definitions disagree about an example, at least one of the definitions must be 

wrong, and adding that example will help the learning system to produce the 

correct definition at that particular point. A system may use as few as two 

committee members, or may use a larger committee, selecting each example 

for annotation with a probability proportional to the amount of disagreement 

over its label (Engelson & Dagan, 1996). Committee-based sampling has been 

successfully used for some natural language tasks such as part-of-speech tag

ging (Engelson &: Dagan, 1996) and text categorization (Liere & Tadepalli, 

1997).

In uncertainty-based sampling, only one definition is learned, but the 

definition in some way assigns a confidence measure to each example as it is 

labeled (Lewis & Catlett, 1994). Then the least confident examples are selected 

for annotation. The idea here is that the examples which the definition is 

most confident about will provide very little additional information, while the 

examples which are least confident will either confirm that the definition is
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correct and strengthen the confidence or will demonstrate that the definition 

is not correct and enable the learning to produce a better definition.

5 .2  Incorporating Selective Sam pling into R a p i e r

In im plem enting selective sam pling for R a p ie r , tw o prim ary design  decision  

had to be made: choosin g  betw een sequential and batch  sam plings and choos

ing between com m ittee-based  and uncertainty-based sam pling.

We chose to use batch sampling because we believe that it is the choice 

which will more effectively eliminate unnecessary annotation costs. Exam

ining all of the candidates and selecting the best example(s) to annotate is 

likely to cause performance to increase faster than examining each candidate 

in turn and accepting or rejecting it. Using batch sampling also avoids the 

need for establishing thresholds to determine whether the system is sufficiently 

confident that an example is handled correctly. The system selects for use in 

learning the example(s) is is least confident about (for uncertainty-based sam

pling) or about which there is the most disagreement (for committee-based 

sampling) with no need for concern about how much confidence or how much 

disagreement there actually is.

For the decision between uncertainty-based and committee-based sam

pling, there is no a priori reason for believing that either will work better than 

the other, and neither is likely to be particularly more difficult to implement 

them the other in the context of R a p ie r . Uncertainty-based sampling was 

chosen primarily for efficiency reasons, since using committee-based sampling 

requires learning multiple rulebases and R a p ie r ’s training times are signifi

cant, as indicated in chapter 4.
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5 .2 .1  U n c e r t a i n t y  in  R a p i e r

Using uncertainty-based sampling requires a notion of the confidence the sys

tem has in its labeling of an example. In order to determine the confidence of 

the labeling of an example, we need to begin with a notion of the confidence of 

a rule. R apier does not have a built-in notion of the certainty of a rule, but, 

since no thresholding is required, the confidence of a rule can be treated very 

simply as its coverage of positive examples in the training set with a penalty 

for coverage of negative examples:

conf =  pos — 5 (neg)

. The reasoning behind this notion of confidence is fairly straightforward. It 

has been shown that the majority of errors made by learned rules are made 

by rules which cover very small numbers of positive examples (Holte, Acker, 

h  Porter, 1989). Therefore, we want to trust rules tha t cover large number 

of positive training examples and distrust those that cover only a few exam

ples. However, we also want to distrust rules which cover negative examples 

unless the number of positive examples is overwhelming. Thus, we impose a 

substantial penalty on rules which cover negative examples.

Given this notion of the confidence of a rule, we can determine the 

confidence of the labeling of a slot. In the case where a single rule finds a slot- 

filler, the confidence for the slot will be the confidence of the rule that filled 

that slot. However, when more than one slot-filler is found, the confidence of 

the slot must be determined. There are three reasonable ways this might be 

done: 1) take the average of the confidences for the slot-fillers, 2) take the 

maximum confidence, or 3) take the minimum confidence. Because we want 

to focuses attention on the least confident rules and find the examples that 

either confirm or contradict those rules, we choose to use the third alternative.
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A final consideration in determining the confidence of each slot is what 

the confidence of an empty slot is. Since no rule has extracted a slot-filler 

for the slot, the slot could be considered to have a confidence of 0. However, 

in some tasks, some slots are empty a large percentage of the time. In the 

computer-related jobs domain, the salary is present less than half the time, 

and it is very seldom than both the company and the recruiter appear in the 

same posting. Thus, we don’t want to have an empty salary, company, or 

recruiter slot necessarily decreasing confidence in the labeling of the example. 

On the other hand, some slots are always (or almost always) filled, and the 

absence of slot-fillers for those slots should decrease confidence in an example’s 

labeling. To handle this issue, we keep track of the number of times a slot 

appears in the training data with no fillers and use that figure as the confidence 

of the slot when no filler for it is found.

Once the confidence of the slots has been determined, the confidence of 

an example is easily found by summing the confidence of all slots.

5.2 .2  M aking R a p i e r  Increm ental

One of the major drawbacks to using active learning with R a p ie r  is training 

time. We would like to select very small pools of examples at each iteration 

(because selecting several examples at a time may lead us to select several very 

similar examples), but at each iteration we have to retrain with the additional 

examples, and training time may begin to become prohibitive. However, mak

ing R a p ie r  incremental is a fairly straightforward process which can alleviate 

this problem.

R a p ie r ’s compression approach means changing it to be incremental 

is fairly simple. Since R a p ie r  begins with a rulebase and then compresses it,
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instead of creating the rulebase from the examples, it can read in a previously 

rulebase, add rules for new examples, and then compress the resulting rulebase.

The incremental version of R a p i e r  begins by reading in the old exam

ples (those used to create the old rulebase) and the new examples for which 

rules are to be added. It then reads in the old rulebase. To prevent the system 

from keeping rules which are already overly general, R a p ie r  evaluates each 

rule from the old rulebase on the entire example set. If a rule covers too many 

negatives (using the same metric and threshold as used for allowing negative 

coverage described in Section 3.2.3), the rule is removed from the rulebase, and 

new most-specific rules are created for each positive example covered by the 

original rule. Finally, the system creates new most-specific rules for each new 

example. Once the initial rulebase has been developed in this way, learning 

proceeds exactly as described in Chapter 3.

This incremental version of R a p i e r  does not reduce learning time to a 

few minutes per example, since new rules must be evaluated on both the old 

and the new examples (and rule evaluation takes a significant percentage of 

the learning time) and since it must deal with overly general rules. However, 

training times are significantly reduced compared to learning from scratch 

with the old and new examples, making using selective sampling a realistic 

possibility, and overall performance is not significantly impacted.
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5.3 Experim ental Evaluation

In order to evaluate the utility of using active learning with R a p i e r  we con

ducted an experiment using the computer-related job posting domain. For 

this experiment we ran 10 trials, using the same training and testing sets as in 

Chapter 4. Since R a p i e r  achieved its best results for 270 examples on the jobs 

domain using word constraints only and using only word constraints is most 

efficient, we conducted the active learning experiment using word constraints 

only.

Each trial began with the rulebase constructed from 10 examples in the 

experiment describe in Chapter 4. Then the selective sampling was carried 

out with a batch size of one. Thus, the rulebase was run on the remaining 260 

examples from the training set, and the example for which the rulebase was 

least confident was selected for training. Finally, the incremental version of 

RAPIER was used to construct a new rulebase from the original rulebase and 

the 11 examples, and the process iterated. Precision and recall were measured 

at 10 example intervals.

Figure 5.1 shows results of the selective sampling process compared to 

the learning curve using a random example selection from Chapter 4. In order 

to simplify the comparison between the curves, the F-measure is used. From 

30 examples on, the selective sampling consistently outperforms the random 

example selection. The difference between the curves is not large, but does 

represent a large reduction in the number of examples required to achieve a 

given level of performance. At 150 examples, the average F-score is 74.56, 

exactly the same as the average F-score of the words only version with 270 

random examples. This represents a savings of 120 examples, well over one- 

third of the examples required without selective sampling.
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Figure 5.1: Results of selective sampling versus random selection of examples

The curve for selective sampling does not go all the way to 270 ex

amples, because once the performance achieved by the random examples at 

270 examples is reached, the information available in the data  set has been 

exploited, and the curve will just level off as the less useful examples are added.

These results indicate that a selective sampling method employing a 

simple confidence measure can, in fact, significantly reduce the number of 

examples that must be annotated to achieve a given level of performance in 

this domain.
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Chapter 6

Related Work

Although the information extraction task has been worked on for some time, 

researchers have only recently begun to apply machine learning to the task. 

A summary of work in the field appeared recently (Cardie, 1997). The ear

lier attempts to use machine learning worked in the context of propositional 

machine learning systems, assuming the existence of prior thorough syntactic 

analysis, and typically depending on a later discourse processing mechanism 

to complete the task. More recently, with the advent of the world wide web 

with its wealth of information in textual, but often semi-structured and un

grammatical, form, other researchers have begun to develop systems with the 

same goals as R a p i e r . These systems focus on learning extraction rules whose 

results can be directly used for a desired task, without dependence on prior 

parsing or other aspects of a larger information extraction system.
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6.1 Early M achine Learning System s for In

formation Extraction

One of the earliest attempts to use learning in an information extraction system 

was A u t o S l o g  (Riloff, 1993). A u t o S log  creates a dictionary of extraction 

patterns by specializing a set of general syntactic patterns. These patterns 

are used by a larger information extraction system including a parser and 

a discourse analysis module. A u t o S log  has two major drawbacks. First, it 

requires a human expert to examine the patterns that it produces to determine 

which should be kept in the extraction pattern dictionary. Thus, it is speeding 

up the construction of the dictionary, but not fully automating it. Second, the 

specialization of the set of general patterns is done by looking at one example at 

a time. It doesn’t take into account the number of other correct examples the 

specialization might also cover, or the number of times in the sample data that 

the pattern could trigger incorrectly. This is one reason why a human expert is 

necessary to examine the validity of the patterns generated. A newer version- 

A u t o S l o g -T S  (Riloff, 1996)-generates potentially useful patterns by using 

statistics about those patterns matching relevant and irrelevant documents. 

This system has better precision than A u t o S l o g  because it does rely on 

scoring patterns based on the number of times they appear in the documents, 

but it does not use templates or annotation at all. A human must determine 

which slot a given extraction pattern is for, and as with the earlier system 

a human must go through the generated patterns and select those that will 

actually be used by the system.

C r y st a l  (Soderland et al., 1995, 1996) is a more recent attem pt to 

apply machine learning to the creation of information extraction patterns. Its
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training instances are created by a sentence analyzer which identifies syntactic 

constituents such as subject, verb, object and tags each word with a semantic 

class. C r y s t a l  also requires a semantic hierarchy for the domain and a list 

of concepts for the domain. Like A u t o S l o g , C r y st a l ’s extraction patterns 

are syntactically based; the “concept definitions” consist of constraints on the 

syntactic constituents of an instance. The constraints can be on such things 

as words appearing in the constituent, semantic class, or the root of a verb. 

The definition also indicates what constituent(s) of the instance are to be 

extracted for what slots. C r y st a l  generalizes its initial concept definitions 

by taking a seed instance and relaxing the constraints on its constituents to 

cover additional instances that extract the same slots. Generalization ends 

when too many negative examples will be covered by further relaxation of the 

constraints.

Another system that learns information extraction patterns is P a l k a  

(Kim & Moldovan, 1995). P a l k a  represents it rules as FP-structures, which 

constrain the root of the verb and have semantic constraints on the phrases to 

be extracted. It generalizes and specializes the rules by moving up and down 

in a semantic hierarchy or adding disjunctions of semantic classes. P a l k a ’s 

representation is limited by its inability to place word constraints on noun or 

prepositional phrases, and by its failure to place semantic constraints on any 

noun or prepositional phrases that are not to be extracted. Like the previous 

systems, P a l k a  relies on prior sentence analysis to identify syntactic elements 

and their relationships.

L ie p  (Huffman, 1996) also learns information extraction patterns. In 

many ways, L ie p  functions like A u t o S log except that it learns only pat

terns that extract multiple slots, rather than a single slot per pattern. L i e p ’s 

extraction rules have syntactic constraints on pair-wise syntactic relationships
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between sentence elements. It finds the relationships that link elements to be 

extracted, adding non-extracted elements as needed to form a path between the 

extracted elements. Extraction patterns also contain semantic constraints, but 

these are not generalized. The learning algorithm uses seed examples, propos

ing up to three rules from each example. Lie p  tests each rule on the training 

set and keeps the one with the best F-measure. L i e p ’s primary limitations 

are that it also requires a sentence analyzer to identify noun groups, verbs, 

subjects, etc.; it makes little use of semantic information; and it assumes that 

all information it needs is between two entities to be extracted.

More recently, a system called R o b o T a g  has been developed which 

uses decision trees to learn the location of slot-fillers in a document (Bennett, 

Aone, & Lovell, 1997). This system, while newer than others discussed in 

this section, is similar to these systems in that it is autom ating part of the 

information extraction task in the context of a complete information extraction 

system and it uses propositional learning, specifically, learning decision trees. 

R o b o T ag  uses C4.5 (Quinlan, 1993) to learn decision trees which predict 

whether a given token is the first token of a slot-filler or the final token of a 

slot-filler. The features available to the decision trees are the result of pre

processing the text: segmenting the text, performing morphological analysis 

and lexical lookup. The trees consider the token for which the decision is 

being made along with a fixed number of tokens around it. Once R o b o T ag  

has learned trees to identify start and end tokens for slot-fillers, it uses the trees 

to identify possible start and end tokens and then uses a matching algorithm 

to pair up start and end tokens to identify actual slot-fillers.

Two primary things distinguish R a p ie r  from these early systems that 

learn extraction patterns. First, R a p ie r  is intended to handle the information 

extraction task on its own, rather than being a part of a larger information
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extraction system. All of these systems except R o b o T a g  require a sentence 

analyzer, and most require later parts of the full information extraction sys

tem to clean up their output. C r y st a l  and P a l k a  require domain-specific 

semantic hierarchies. We use only freely available taggers and lexicons and do 

not do any post-processing of R a p ie r 's output.

The second distinguishing characteristic is R a p i e r ’s learning algorithm. 

Of the systems described, only C r y st a l  and R o b o T a g  use generally appli

cable machine learning techniques to create generalizations of the training 

examples. A u t o S l o g  uses a set of heuristics to create generalizations from 

single examples, but it does not evaluate those generalizations on the training 

set and thus makes no guarantees about the performance of its patterns on 

the training data. L ie p  does evaluate the generalizations it proposes based on 

their coverage of the training examples, but it simply proposes three generaliza

tions based on one example and picks the best of those; thus, it doesn’t really 

make use of the other training examples in its generalization process. P a l k a  

does use training examples to guide its generalization and specialization, but 

its algorithm is highly domain specific since generalization and specialization 

consist entirely in moving up and down within a domain-specific semantic 

hierarchy or adding disjunctions of semantic classes. R a p ie r  is based on gen

eral relational learning techniques, and while its representation is specific to 

domains that can be represented as strings, we believe that it will prove to 

be applicable to NLP tasks other than information extraction as discussed in 

Section 7.5.
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6.2 Learning Inform ation Extraction for S truc

tured Text

One result of the popularity of the World Wide Web has been a need for 

systems that automatically process web pages. For web pages that contain 

structured information, it is useful to learn “wrappers” that translate the 

contents of a web page or class of web pages into a form that would enable 

soft-ware robots to use the pages as if their contents were relational database 

entries.

One of the first systems designed for this task is W R A P P E R  IN D U C T IO N  

(Kushmerick, Weld, & Roorenbos, 1997). This system only handles very reg

ular, tabular types of data, since it looks for uniform delimiters that identify 

the beginning and end of each slot and for delimiters that separate the tabular 

information from surrounding text. The system only learns rules tha t cover 

all of the examples, so any irregularities, such as missing data or fields that 

are not always in the same order, can keep it from learning a wrapper.

Other systems have since been designed to do wrapper induction, seek

ing to improve on Kushmerick’s system. S o f t M e a l y  (H su  & Dung, 1998) 

induces finite-state transducers in a bottom-up fashion. Their representation 

and learning algorithm allow them to handle missing values, slots with multi

ple values, and variant orderings as will as exceptions and typos-all problems 

for the earlier system.

S t a l k e r  (Muslea et al., 1998) uses a top-down covering algorithm to 

learn finite automata th a t act as wrappers. This system is also shown to 

handle web pages that Kushmerick’s system cannot, and to learn from very 

few training examples.
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These systems axe all successful and useful systems for their purpose of 

extracting highly structured data. However, they lack flexibility, being limited 

to working with highly structured data.

6.3 R ecent Learning for Inform ation E xtrac

tion from Sem i-structured and Free T ext

Recently, a few researchers have begun work on learning systems with goals 

very similar to R a p i e r ’s . These systems are designed to work on multiple 

types of text, and they avoid reliance on full syntactic analysis and domain- 

specific semantics, though some can make use of syntactic and semantic infor

mation when it is available.

Most of these systems were presented in Section 4.4. The Naive Bayes 

based classifier is propositions!, but has the same goals as far as voiding re

liance on syntactic analysis and domain-specific semantics as well being in

tended to stand alone rather than requiring post-processing (Freitag, 1997). 

Freitag has extended this work by combining the Naive Bayes classifier with 

grammatical induction (Freitag, 1997). This approach uses a variety of fea

tures, such as whether a token is capitalized or numeric, in addition to actual 

tokens. In fact, it uses the same feature set as that employed by SRV. Us

ing grammatical induction combined with the Naive Bayes system enables the 

system to consider the structure of slot-fillers. However, the system does not 

use context.

SRV (Freitag, 1998c) and W h isk  (Soderland, 1998) were both described 

in full in Section 4.4. They are, clearly, the most similar systems to R a p i e r , 

being relational learning systems with many of the same design goals. Al-
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though the three have quite different rule representations, all of them are 

capable of representing complex rules, including sequential relationships of 

tokens, and all of them can handle some forms of syntactic or semantic in

formation. The three systems differ significantly in their learning algorithms. 

SRV and W h isk  axe both covering algorithms with primarily top-down search; 

while R a p i e r  uses a compression algorithm that is primarily bottom-up with 

a top-down component. Based on the results presented in Chapter 4, SRV and 

R a p ie r  seem to perform about the same, with each having some strengths 

over the others. Whisk performed a little worse than the other systems on 

the tasks which it was tested on. As was discussed in Chapter 4, it is not 

clear how much the differences between the systems are attributable to their 

algorithms and how much they come from the different types of information 

used by each system. W hat is clear is tha t relational learning is a promising 

direction for information extraction and further research into the strengths 

and weaknesses of all three of these systems will aid in the development of 

more effective information extraction systems.
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Chapter 7

Future Work

There are a number of directions in which this work could be extended. First, 

additional testing is desirable, and several additional domains exist on which 

the system could be evaluated, including extraction from university web pages 

(Freitag, 1998a), extraction from rental ads (Soderland, 1998), and additional 

news story domains such as company management changes (DARPA, 1995). 

Second, a number of enhancements could be made to Rapier’s algorithm and 

representation, including extending it to deal with additional constraint types 

and learning patterns that relate slots fillers to one another. The work on active 

learning could be extended to examine the option of using committees rather 

than the confidence measure and also to explore the possibility of combining a 

confidence measure and committees. Next, R a p i e r  makes assumptions that 

leave open a few issues in information extraction th a t should be addressed. It 

does not deal with the distinction between relevant and irrelevant documents 

for a task, and it assumes only one case frame per document, clearly a prob

lematic assumption for some tasks. Finally, it would be interesting to explore 

the applicability of R a p i e r ’s representation and general learning algorithm to
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other types of natural language problems.

7.1 A dditional Test Domains

We have tested R a p i e r  on three different realistic information extraction 

tasks. We have shown that it performs quite well on two of the tasks, and 

that its overall performance seems to be comparable to other current learn

ing systems. However, there are several other data sets available that would 

test R a p i e r ’s performance on other types of documents or tasks. The sets of 

university web pages for courses and for research projects compiled at CMU 

(Freitag, 1998a) would test R a p ie r ’s performance on HTML documents, an 

obviously interesting source for useful information extraction tasks. Another 

interesting dataset is the apartment rental ads mentioned above (Soderland, 

1998). Successful performance on this particular task would, however, require 

the extensions to learn multiple slot rules. Finally, testing on the MUC-6 com

pany management changes task (DARPA, 1995) would provide a second “free 

text” domain and would afford the opportunity to compare R a p i e r ’s perfor

mance to that of state-of-the-art hand-built information extraction systems.

7.2 Enhancem ents to R a p i e r ’s R epresentation  

and A lgorithm

7.2.1 A d d ition al Constraint Types

One obvious extension of R a p ie r  would be to add additional constrain types 

to the representation. One possibility that we have considered is incorporat

ing morphological information. To do this, we could use the morphological
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functions in WordNet or some alternate source and then allow for constraints 

on the roots and inflections of words as well as on the surface form of the 

word. This would add some complexity to the learning algorithm, as these 

constraints would give rise to the same generalization issues as the word and 

tag constraints: needing to generalize using disjunction or simply removing 

constraints.

Another possibly useful addition to R a p ie r ’s representation would be 

to add constraints which are Boolean features of tokens. SRV uses a number 

of simple Boolean features which are easy to compute by looking at a token: 

mostly orthographic features such as whether a word is capitalized, whether 

it is a single character, whether it is “long” according to a pre-specified limit, 

whether it is entirely upper case, and so on (Freitag, 1998a). R a p i e r  could be 

extended to incorporate such features, and as long as they were simple Boolean 

features, they need add no significant computation, since this is a bottom -up 

algorithm, so there’s not a branching factor to be concerned about and each 

feature would be constrained to be true, constrained to false, or unconstrained, 

so there are no issues of disjunction or other multiple possible generalizations 

to consider.

7.2.2 N egated  C onstraints

A nother possib le a d d itio n  for th e  algorithm  would be to add n ega ted  co n 

straints: th a t is w ords, tags, or sem antic  classes that m ust not appear in  th e  

tex t m atching the ite m  or list w ith  th e  constraint. T hese constraints w o u ld  b e  

found by com paring correct fillers found by a rule w ith  the spurious fillers it  

produces and producing  constraints to  avoid elem ents o f th e  spurious fillers. 

C onstraints th a t m atch  a large percentage o f the spurious fillers, bu t n o n e , or
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few , o f  th e  correct fillers w ou ld  b e  added to the rule, and  th e  resu lting new  

ru le(s) w ould be added to  th e  lis t  o f  p o ten tia l rules.

Intuitively, negated constraints could be very useful. Soderland also 

suggests the possibility of adding negated constraints to W h is k ’s regular ex

pressions (Soderland, 1998).

7.2 .3  Syntax

A lth ou gh  R a p i e r  perform s q u ite  well on the more inform al dom ains on w hich  

it  has been  tested , com p uter-rela ted  job  postings and sem inar announcem ents, 

it  does not do as well on the corp orate  acquisitions dom ain , which con sists  o f  

m ore standard  gram m atical te x t . It seem s likely th at using  inform ation from  

sy n ta ctic  analysis would be h elp fu l in th is type o f dom ain .

In order to incorporate information from parsing into R a p ie r , it would 

be necessary to create an alternative type of pattern element, one which rep

resents a syntactic phrase or clause. This would allow R a p ie r  to deal with 

a syntactic unit as an entity, but would complicate some aspects of the algo

rithm. Each of the syntactic pattern elements would need to include all of 

the pattern elements that make them up. Then, a most specific rule would 

consist of the highest level of syntactic units provided by whatever sentence 

analysis was used, and each of those would contain references to the remainder 

of the hierarchy. Then the system would generalize by syntactic units where 

possible. The specialization algorithm would need to accommodate the alter

native pattern element types, considering the option of adding units at each 

available syntactic level. Thus, if the immediate left of the current rule in the 

specialization phase was “The man took the dog for a walk” in the first original 

rule and was “The girl left the cat in the house,” the specialization algorithm
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would need to consider taking the entire sentences, looking at only the verb 

phrases, looking at only the prepositional phrases, looking at the final noun 

phrases “a walk” and “the house,” or looking at just the final nouns. Thus, 

the branching factor of the search would increase.

Full parses would not necessarily be required to provide useful syntactic 

information to R a p i e r . One simpler option would be to use a noun phrase ex

tractor, a system that identifies the noun phrases in a text, without attempting 

a full parse.

There is one aspect of syntax which could not be easily incorporated into 

R a p i e r . The rule representation would require significant changes in order 

to express relationships between syntactic units. A unit could be labeled as a 

noun phrase functioning as a subject, but the representation would not allow 

for indicating which verb it is the subject of.

7.2.4 D om ain-Specific Sem antics

In this research, we attempted to use learning with only the information which 

could be easily obtained with freely available natural language processing tools. 

Thus, the only semantic information was from a general lexicon. However, the 

experiments reported in Chapter 4 indicate that incorporating general seman

tic classes from WordNet does not improve performance, a t least in the tasks 

considered. Therefore, we believe that it would be helpful to explore the 

possibilities of incorporating domain specific semantic classes. These might 

include lists of companies, computer languages, operating systems, month 

names, states, and countries.
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7.2.5 N am ed-E ntity  Extraction

Beginning in MUC-6, people began to evaluate systems for accomplishing parts 

of an overall information extraction task (DARPA, 1995). One of the tasks 

considered in tha t evaluation was named-entity extraction, which is identifying 

the proper names which designate entities that might be of interest such as 

corporations and people. It might useful to use a named-entity extractor as 

part of the pre-processing of the text for R a p ie r . This would simplify the 

rule learning for slots whose appropriate filler were named entities, such as the 

recruiter and company slots in the computer-related jobs domain, the speaker 

slot in the seminar announcements and the purchaser, acquired, and seller 

slots in the corporate acquisitions domain.

7.2.6 M ultip le Slot R ules

Another useful extension to R a p i e r  would be the ability to learn rules which 

extract fillers for multiple slots. There are two advantages to  learning such 

rules. First, if two slots often appear in a particular relationship to one another 

is a document, then learning a single rule for both slots may help to focus the 

search for a good rule. This could be helpful for learning sta rt time and 

end time in the seminar announcements domain, or for learning purchaser and 

acquired in the corporate acquisitions domain, or for a position and a company 

in a management changes domain. There are also certain situations where 

there are multiple fillers for slots, but the fillers are in some way connected. For 

instance, in a rental ads domain on which W hisk  has been tested (Soderland, 

1998), it is common to have different sized apartments at different prices listed 

in the same ad. To simply extract the numbers of bedrooms and the prices 

without connecting them is not helpful. Learning rules that extract both the
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number of bedrooms and the related price can help to solve this problem.

Modifying R a p i e r  to handle multiple slot extraction rules should be 

fairly straightforward. A rule would simply have additional patterns: one for 

each slot-filler to be extracted, patterns between the slot-fillers, and the context 

patterns before the first slot-filler and after the last slot-filler. The primary 

issue that might be problematic would be the generalization of patterns in 

between two slot fillers. These would probably contain useful information, but 

might be long and of different sizes, causing generalizing a pair of them to 

be prohibitively expensive. It might be necessary to take a more top-down 

approach to learning the connecting patterns: starting with an unconstrained 

pattern fist and breaking it up into pattern items or smaller lists and adding 

constraints (taken from those in the original rule pair to limit search) as long 

as such constraints improved rule quality.

7.2.7 Precision  and R ecall Trade-offs

In developing an information extraction system, there is often a necessity to 

trade-off precision and recall. In developing R a p i e r  we have focused on devel

oping a system with very high precision and reasonably good recall. For the 

jobs database which partially motivated this work, such a preference seems 

very appropriate. However, there are tasks where a preference for recall as 

opposed to precision would be better. If, for instance, the purpose of the 

extraction was to filter the information for a human who needed all of the in

formation, but didn’t want to look at the entire documents, it might be more 

appropriate to have maximal recall at the cost of lower precision.

R a p ie r  does not currently have any way to trade off between precision 

and recall. This could, however, be done in different ways. First, multiple
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rulebases could be learned using different random seeds. Then recall could be 

raised by accepting everything extracted by any rulebase, or precision could 

be raised by accepting only the fillers that were agreed upon by all, or some 

percentage of the rulebases. This would provide a limited sort of tradeoff.

A second possibility would be to use an approach similar to that taken 

by SRV, using internal cross-validation or some other method to assign confi

dences to rules, possibly allowing the creation of more general rules, and then 

using a threshold to determine how confident the predictions are required to 

be to vary precision and recall. Even without using cross-validation, this could 

be done with the notion of the confidence of a rule described in Chapter 5 and 

used there for selective sampling. This could only be used to further raise the 

precision of the rulebase, since it does not allow for covering more than the 

initial rulebase.

Finally, some sort of partial matching could be done with R a p i e r ’s 

rules, allowing the system to extract items that are “near misses.” This could, 

of course, only be used to raise recall.

7.2.8 B oostin g  and B agging

There has recently been quite a bit of work in machine learning on raising 

the accuracy of classifiers using boosting (Freund & Schapire, 1995, 1996) and 

bagging (Breiman, 1998). Both of these methods involve learning multiple 

definitions of a concept, using example sets that are somehow varied and then 

having the multiple definitions vote on the classification of new examples.

In boosting, each example has a weight associated with it a t each itera

tion. Initially, a definition is learned with all of the examples equally weighted. 

Then the weights on the examples are adjusted, increasing the weights of exam-
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pies that are misclassified by the initial definition and decreasing the weights 

of correctly classified examples. The boosting process then iterates, learning 

a new definition with the newly weighted examples and adjusting the weights. 

The final classifier is the result of using all of the learned definitions to vote, 

with the weight of each definition’s vote being a function of that definition’s 

accuracy on the training set.

In bagging, each definition is learned from a training set of size N which 

is drawn (with replacement) from the initial set of training examples of the 

same size. Thus, each training set from which a definition is learned will 

typically include some examples multiple times and exclude other examples. 

The final classifier is the result of voting all of these definitions, breaking ties 

arbitrarily.

Bagging and boosting have both been shown to be effective ways of 

improving classifier performance (Quinlan, 1996). Thus, it might be useful 

to try using them to improve learning for information extraction. The one 

drawback of employing these techniques would be the necessity of learning 

multiple definitions, since R a p i e r ’s training time is significant.

7.3 Experim enting with A ctive  Learning

The experiment with applying active learning to R a p i e r  discussed here shows 

that selective sampling can be usefully applied to learning for information 

extraction. However, there are still some interesting questions to explore here. 

As mentioned in Chapter 5, there was no necessity for choosing uncertainty- 

based selective sampling rather than committee-based. Which would be the 

more effective choice is an empirical question.

While developing a large committee of rulebases might be too computa-
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tionally expensive, a committee of two could determine how many of the slots 

in an example they disagree on and request annotation for the example which 

produces the most disagreement. As with the confidence-based sampling de

scribed in Chapter 5, one problem which needs to be dealt with is unfilled 

slots. Because of R a p i e r ’s high bias toward precision at the cost of recall, 

having the two rulebases agree that a slot should be unfilled is not sufficient 

to indicate that it should, in fact, be empty. Therefore, a committee-based 

active learning system should have a mechanism to deal with this problem, 

perhaps randomly counting matching empty slots as a disagreement based on 

the percentage of times the slot is filled in the training data.

Actually developing differing committee members in R a p i e r  may be 

quite easy because of the inherent randomness in the algorithm. If simply using 

different random seeds proved insufficient, it might be necessary to encourage 

one rulebase to be more general than the other, either by using different noise 

parameters or by forcing greater compression of the initial rulebase.

7.4 Open Issues in Inform ation E xtraction

7.4.1 Set-valued Slot Fillers

Like other systems for learning extraction patterns, the current R a p i e r  system 

only extracts values that are strings taken directly from the original document 

text. However, for some tasks, it may be more appropriate to select one of a 

pre-specified set of values. Several slots in the terrorism task template men

tioned in Chapter 2 are of this type: the type of incident, the stage of execution 

of the incident (accomplished, attempted, or threatened), the category of in

strument used (gun, bomb, grenade, etc.), and the category of the physical
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target, among others.

It should be possible to extend the algorithm to handle extracting values 

of this type. Changes to the system itself should be relatively straightforward. 

First, the rule representation would need to be modified to include the value 

to be extracted, which would be either the value from the set in the case of 

the pre-defined set of values or an indication that the string matching the filler 

pattern  is the value to be extracted (the case handled currently). Second, the 

generalization process would need to be modified slightly to take into account 

the value to extracted. Clearly the only interesting pairs of rules to generalize 

are those which extract the same value or which both extract a string from 

the document. Finally, the training da ta  provided to the system would need 

some extension. Besides the actual value to be extracted, the system needs 

to know what portion of the document it should create patterns from to ex

tract that value. In the case of strings taken from the document, this is very 

straightforward: we simply use all occurrences of the string in the document 

to anchor rules. In other cases, however, the value and the portion of the 

document which should anchor the rule must both be specified. For example, 

a  rule that identifies the stage of execution of a terrorist incident as “accom

plished” might be anchored by the phrase “HAVE BEEN KIDNAPPED” or 

“THE MASS KIDNAPPING TOOK PLACE” since these are points in the 

document which indicate that the incident was, in fact, accomplished rather 

than merely attempted or threatened. The anchor is necessary to provide the 

R a p i e r  heuristics a starting point to work from. However, one could explore 

the possibility of finding words or phrases common to documents sharing a par

ticular slot value but rare in other documents as A u t o S l o g - T S  does(Riloff, 

1996), and then using those words or phrases as anchors for rules.

Another possible way to decil with this issue would be to trea t it as a
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text categorization problem and use a learner designed to handle text catego

rization per se (Sahami, 1998) rather than adapting R a p i e r  to the problem. 

For each set-valued slot, we could use the text categorization learner to learn 

categorization rules treating each possible value of the slot as a category. How

ever, one potential advantage of using R a p ie r  and its representation rather 

than a standard bag-of-words text categorization approach is that, in some 

cases at least, the information upon which a decision should be based is very 

localized, and so having the ability to create rules anchored somewhere in the 

document and looking at a localized context may be more appropriate than a 

bag of words.

7.4.2 D ocu m en t Relevance

One issue in information extraction which R a p ie r  does not deal with is that 

of identifying relevant and irrelevant documents. In the experiments presented 

here, all of the documents for training and testing are relevant for the task: i.e. 

all documents in the computer-related job postings domain are job postings 

about a computer-related job; all documents in the corporate acquisitions 

domain do describe an acquisition. However, a fully automated system will 

have to deal with both relevant and irrelevant documents, or with choosing 

the relevant template to use: e.g. given a job posting, the system might need 

to categorize it as a computer-related job, an engineering job, some other kind 

of job posting, or an irrelevant post.

Although the R a p ie r  system as it now stands does not address this 

issue, but we have considered a few different alternatives as to how to deal 

with it. One option is to run each document though R a p i e r ’s extraction 

rules for all possible templates and then use the results of the extraction to

114

R ep ro d u ced  with p erm issio n  o f  th e  copyrigh t ow n er. Further reproduction  prohibited w ithout p erm issio n .



www.manaraa.com

determine which template, if any, is appropriate for the document. Presumably 

the most relevant template would have the highest percentage of slots filled, 

and documents which are completely irrelevant should have very few slots 

filled. However, the system would probably need to learn which slots were 

actually useful in making the relevance decisions. Some slots might be highly 

specific to a particular template, while others might be easily filled even for 

irrelevant documents. For example, the date a job offering was posted is 

useful information to extract, but it is information that will be extracted for 

any netnews post. Being able to extract a filler for the number of years of 

experience required is strong evidence that the message is a job posting, but 

does nothing to distinguish a computer job from any other kind of job.

A second option for dealing with the issue of distinguishing between rel

evant and irrelevant documents and for determining which of a set of templates 

is most appropriate would be to use standard information retrieval relevance 

feedback techniques (Salton, 1989; Frakes & Baeza-Yates, 1992) or to use a 

text categorization learning system to classify the documents initially and then 

to pass the document on to the information extraction system, the decision as 

to which template to use having already been made.

Finally, we might try to extend R a p i e r  to handle the document classi

fication task as a separate slot with fixed values. The primary difficulty here 

may be the issue of anchoring the rules, since it does not seem feasible to have 

a person identify a particular portion of each document that is the right place 

to anchor a rule determining the classification of the document. However, the 

idea of finding phrases that distinguish particular filler values and using that 

phrases to anchor rules, as described above, would alleviate this problem.

All of these options seem potentially viable, though all have weaknesses 

as well as strengths. Empirical tests will be required to determine what the
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best method of handling the classification issue is.

7.4.3  R ecognizing M u ltip le Case Fram es

Along with assuming that each document it sees is relevant, R a p i e r  assumes 

that each document should produce a single filled template or case frame. This 

assumption is true of ail of the training and test data used in experiments 

described in this thesis. However, it is not necessarily the case in all relevant 

documents. For example, in the job postings domain, sometimes a single 

posting may describe several jobs. In the rental ads domain mentioned above, 

a single ad may describe include several different apartments at different prices.

The need to create and fill multiple templates for a single document 

raises several issues. First, the system needs to recognize the need to create 

multiple templates. One way to do this is to recognize when slots which should 

have only one filler have multiple fillers extracted. This could be very effective 

in a domain such as the rental ads. It is less so in a domain like the job 

postings where almost any slot can have multiple fillers-even job titles may 

appear in multiple variations for the same job.

Another option would be to recognize the typical ordering of slots, if 

there are typical orderings. Then, if all fillers for slot A typically come before 

all fillers for slot B and in a document there are fillers for slot A followed by 

fillers for slot B followed by more fillers for slot A, this would be a clue that 

multiple templates should be created.

Yet another option would be to learn text segmentation rules, either 

using R a p ie r  or applying an alternative learning approach. For a domain like 

the job postings it may be possible for R a p i e r  to learn rules for recognizing 

the transition from one job to another since the primary information about the
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two jobs is seldom intertwined and there are often clear demarcations between 

jobs. Recently, there has been some research into using learning approaches 

to segment text (Beeferman, Berger, & Lafferty, 1997; Richmond, Smith, & 

Amitay, 1997). However, these particular approaches may not be useful to this 

problem, since they often depend on the shift in vocabulary due to a shift in 

subject, and within one of these documents, a move from one job to another or 

from one seminar announcement to another is not likely to produce a change 

in vocabulary.

A second issue of dealing with multiple case frames is associating the 

correct fillers with each of the templates. As mentioned above, for some do

mains this may be facilitated by learning rules which extract fillers for multiple 

slots. For domains like job postings, it may be possible to simply divide the 

document into the sections describing each separate case and to apply rules 

only within each section.

The fincil issue is probably the simplest for the domains mentioned: 

recognizing the slots for which only a single value will appear in the document, 

but that value should apply to all templates created. Examples of this include 

the message id, posting date, and recruiter or company for a job posting. This 

issue can probably be handled by simply learning which slots for any given 

domain will appear only once per document despite applying to all cases.

7.4.4 T em plate M erging and Coreference Issues

Another issue which arises in some information extraction tasks is that of 

handling coreference issues. R a p i e r  has avoided these issues, which do not 

need to be addressed in a task like creating the jobs database, since coreference 

problems seldom arise, and when they do, simply putting both references in
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the database is probably appropriate, since the references are likely to be two 

versions of the job title. However, looking at the seminar announcement task, 

we can see situations where handling coreference is desirable. For example, the 

start time of a seminar may be expressed both as “2:00 pm” and as “2pm.” 

Since these two items are logically the same, our performance measurement 

counts the slot correctly filled if either appears, and if both versions appear, 

the slot is still considered to have been correctly filled once, but we don’t 

penalize the system for extracting both versions. However, in an application, 

it might be much better to recognize, if both versions are extracted, that the 

two versions are referring to the same thing and to use only one of them.

7.5 E xtension to  Other Natural Language P ro

cessing Tasks

We believe that the representation used by R a p ie r  as well as the basic algo

rithm will also prove useful for natural language processing tasks other than 

information extraction. One such task is learning rules for word sense disam

biguation. This task seems particularly appropriate because it can be easily 

mapped into the current system. A template would be created for the word 

to be disambiguated, with the template slots being the various senses of the 

word. The filler in all cases would be the word. The system would then learn 

pre-filler and post-filler patterns that would select the word only if it had the 

desired sense. Of course, the content of the filler would be the same in all 

rules for each word, and the interesting result of running the rules would be 

determining which sense of the word had a filler selected for it. An alternative 

way to map the word sense disambiguation task to the information extraction
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task would be to have the template consist of a single slot with a fixed set 

of values (the possible word senses). It would be interesting to run some ex

periments with word disambiguation corpora that have been used with other 

learning systems (Mooney, 1996) to see whether R a p i e r ’s representation and 

algorithm are successful at this task.

We also hope to find additional natural language processing tasks for 

which our representation and algorithm seem appropriate. One possibility 

would be text classification using patterns automatically anchored as described 

above for fixed-value slots. Good text classification may, however, require tha t 

multiple patterns anchored in different parts of the text be learned for a single 

rule.
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Chapter 8

Conclusions

The ability to extract desired pieces of information from natural language 

texts is an important task with a growing number of potential applications. 

Tasks requiring locating specific data in newsgroup messages or web pages 

are particularly promising applications. As the amount of textual information 

available on-line grows, information extraction systems will become more and 

more important as a method of making this information available and manage

able. Manually constructing such information extraction systems is a laborious 

task; however, learning methods have the potential to help automate the de

velopment process. This dissertation has presented a novel rule representation 

and a relational learning algorithm for learning information extraction rules.

R a p i e r  uses relational learning to  construct unbounded pattern-match 

rules for information extraction given only a database of texts and filled tem

plates. The learned patterns employ limited syntactic and semantic informa

tion to identify potential slot fillers and their surrounding context. The system 

differs from other learning systems attem pting the same task in its representa

tion and its primarily bottom-up learning algorithm. R a p ie r  also differs from
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previous learning systems for information extraction in that it learns rules to 

accomplish the task without reliance on previous syntactic analysis and that 

it is intended to be able to handle some information extraction tasks on its 

own, rather than being a part of a larger information extraction system.

Experimental evaluation of R a p ie r  has shown that it performs well on 

two realistic information tasks. Its performance is significantly better than a 

propositional machine learning system for information extraction, supporting 

our hypothesis that relational learning is more appropriate than propositional 

learning for this task, due to the structure of natural language. Comparisons 

with other, very recent relational learning systems for information extraction 

also support this hypothesis. All three of the relational systems perform well, 

though further experimentation is required to determine whether the variations 

in performance are primarily due to the algorithmic differences between the 

systems or to the different features the systems use.

One of the drawbacks to using supervised machine learning to build 

information extraction systems is the necessity for a number of annotated ex

amples. Therefore, this research has also focused on a method for reducing 

the number of examples required to learn useful information extraction rules. 

Experiments with using selective sampling with R a p i e r  have shown that se

lective sampling can significantly reduce the amount of annotation required to 

develop a useful information extraction system with R a p i e r . Using a simple 

notion of the confidence of a rule, we achieved with 150 selected examples per

formance equivalent to a system built with 270 randomly selected examples, 

reducing the required number of annotated examples by more than a third.

In conclusion, this dissertation has shown th a t current machine learning 

techniques, particularly relational learning techniques, in appropriate combi

nations and used with an appropriate rule representation, can effectively ac-
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complish a useful natural language processing task.
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Appendix A  

Sample Data

This appendix contains pairs of documents and templates from the domains 

used in the experiments in this research. The templates consist of the template 

name followed by a list of slots. Each slot has the slot name followed by a 

colon and then the slot-fillers, separated by backslashes.

A .l  C om puter-related Jobs

Below are two examples of documents and their templates from the computer- 

related jobs information extraction task.
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D ocum ent

Path: cs. utexas. edu! news-relay. us. dell. com! jump. net! news-fw! news.mpd! 
news gate .tandem, com! su-news-f eedl .bbnplanet. com! su-news-hubl .bbnplane 
t . com! cpk-news-hubl.bbnplanet. com!news .bbnplanet. com!news-peer. sprint 
link. net! news. sprint link. net! Sprint! ix. netcom. com! news 
From: hktexasQix.netcom.com (Hall Kinion)
Newsgroups: austin.jobs
Subject: US-TX-Austin WINDOWS, C++, MFC/OWL NEEDED (tab)
Date: Fri, 29 Aug 1997 19:11:09 GMT 
Organization: Netcom 
Lines: 22
Message-ID: <34081eca. 8972712QNNTP. IX. NETCOM. C0M>
NNTP-Posting-Host: aus-tx23-14. ix. netcom. com 
Mime-Version: 1.0
Content-Type: text/plain; charset=us-ascii 
Content-Transfer-Encoding: 7bit 
X-NETCOM-Date: Fri Aug 29 2:23:27 PM CDT 1997
X-Newsreader: Forte Agent .99f/16.299 
Xref: cs.utexas.edu austin.jobs:120178

US-TX-AUSTIN WINDOWS, C++, MFC/OWL NEEDED (tab)

Excellent opportunity to work with a small team within and 
well-established company the develops software for the banking 
industry! New management means new directions and exciting changes.

A strong Windows C++ Developer is needed to complete a development 
team.
Requirements:
Windows 16 and 32 bit 
Expert C++
MFC or OWL
Must have done commercial applications 
2-5 years experience
Must be a team player, be enthusiastic and ready to learn new 
technology.
Salary- $50-70k, DOE
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Please respond immediately to: Tracy
tabfflhallkinion.com 
ph. 512-349-0960 
fax.512-349-0983

Tem plate

computer_science_job
id: 34081eca.89727120NNTP.IX.NETCOM. COM 
title:
salary: $50-70k
company:
recruiter:
state: TX
city: AUSTIN
country: US
language: C++
platform: WINDOWS
application:
area: MFC \ OWL
req_years_experience: 2
desired_years_experience: 5
req_degree:
desired_degree:
post.date: 29 Aug 1997

D ocum ent

Path: cs.utexas .edu!cpk-news-hubl .bbnplanet .com!cam-news-hubl.bbnplan 
et. com! news. bbnplanet. com! news-f eedl. tiac. net! news-master. tiac. net! ne 
wsffltiac.net
From: jcookincffltiac.net (jcookinc)
Newsgroups: austin. j obs, tx. j obs ,prg. j obs, comp. j obs, comp. j obs. offered 
Subject: SOFTWARE DEVELOPER/PRODUCT DEVELOPER, Austin, TX 
Date: Thu, 11 Sep 1997 15:45:29 GMT 
Organization: Cook ft Associates, Inc.
Lines: 53
Message-ID: <5v93n8$q2kfflnews-central. tiac .net>
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Reply-To: jcookinc@tiac.net
NNTP-Posting-Host: j cookinc.tiac.net
X-Nevsreader: Forte Free Agent 1.0.82
Xref: cs.utezas.edu austin.jobs:122622 tx.jobs:377734

POSTING #445

Major Software Tools vendor located in Austin, Texas has opening 
for a Software Developer/Product Developer.

$ 4 2 5  m i l l  i n n / an n u a l  sales, 1 4 0 0  employees, private offices, casual 
work environment, non-smoking environment (test given during 
pre-employment physical), great bonuses, lOOmatch on 401K plan, 
leading edge technology.

Will be responsible for Windows development, producing quality code 
that is easy to maintain and well documented. Will perform 
functional component design and communicate design considerations to 
other team members and product authors. Will perform unit testing 
and coordination for problem resolution with QA, support reps, tech 
writers, product authors, and managers.

Requires 2+ years Windows development experience, SDK level required, 
"C" coding. Pluses would be any C++, MFC, knowledge of RDBMS 
(Oracle, Sybase, Informix, DB2/2, DB2/6K).

Hiring Salary Range $57K to $86K, depending on qualifications.

Excellent benefits and relocation assistance paid by hiring company.

Must have US CITIZENSHIP or GREEN CARD status and actual work 
experience.

Strongly prefer reply by E-Mail using MS-WORD, WordPerfect 7 (as 
attached file) or ASCII text format. Please refer to Posting Number 
in reply.

These are Permanent/Fulltime/Salaried positions NOT CONTRACTS.
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Reply To: John Cook
COOK & ASSOCIATES, INC.

Voice: 781-934-6571 
E-Mail: j cookincQtiac.net

COOK & ASSOCIATES, INC. is a permanent placement firm in business 
since 1976. We specialize exclusively in the placement of Information 
Systems/Data Processing professionals on a national and local basis.
A large portion of our business involves relocating systems 
professionals within the domestic United States. Our client companies 
are diverse and include user organizations of all sizes, proprietary 
software vendors, and many Fortune 500 firms. Let our years of 
experience and history of professional, confidential service go to 
work for you on your next career move. Of course, all associated 
costs and fees are paid for by our client companies. For more 
information on this or other opportunities please E-Mail your resume.

Tem plate

computer_science_j ob
id: 5v93n8$q2kQnews-central.tiac.net
title: SOFTWARE DEVELOPER/PRODUCT DEVELOPER
salary: $57K to $86K
company:
recruiter: COOK & ASSOCIATES, INC 
state: Texas \ TX 
city: Austin 
country:
language: C++ \ C 
platform: Windows
application: DB2/6K \ DB2/2 \ Informix \ Oracle \ Sybase
area: RDBMS \ MFC
req_years_experience: 2+
desired_years_experience:
req_degree:
desired_degree:
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post_date: 11 Sep 1997

A .2 Sem inar A nnouncem ents

Below are two sample documents paired with templates from the seminar 

announcements domain (Freitag, 1997).

D ocum ent

Type: emu.cs.robotics
Who: Daniela Rus, Cornell University
Topic: FINE MOTION PLANNING FOR DEXTEROUS MANIPULATION
Dates: 29-Jan-93
Time: 3:30 PM - 5:00 PM
Place: ADAMSON WING Auditorium in Baker Hall
PostedBy: maa+ on 26-Jan-93 at 13:23 from ISL1.RI.CMU.EDU (Michelle
Agie)
Abstract:

* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * *

RI SEMINAR

WHEN: Friday, Jam. 29, 1993; 3:30 pm - 5:00 pm
Refreshments will be served by 3:15 pm

WHERE: ADAMSON WING Auditorium in Baker HaLLl

SPEAKER: Daniela Rus, Cornell University

TITLE: FINE MOTION PLANNING FOR DEXTEROUS MANIPULATION

*Those wishing to meet and talk with Daniela Rus can 
schedule an appointment with Phyliss Pomerantz, by 
calling 7897 or sending e-mail to plpOcs

Dexterity is an important feature for robots that
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operate intelligently and independently in their environment.
While planning dexterous manipulation can be viewed as a general 
motion planning problem, this leads to intractable algorithms. 
Instead, we develop efficient geometric algorithms for the class 
of parts orientations problems. For a given set of cooperating agents 
(which can be robot fingers, robot arms, mobile robots, or fixtures 
in the environment), an object, and a desired reorientation, we wish 
to synthesize a robust plan for the agents that accomplishes the 
desired reorientation. We present an efficient and exact 
$0(n\log n)$ algorithm for the reorientation of polygonal objects of 
size $n$ and show its extension to polyhedra. This algorithm exploits 
the geometric structure of the problem and the task mechanics and 
is near-sensorless, in that it requires only sparse sensing.

We are currently implementing the planar reorientation problem in the 
context of a team of cooperating autonomous mobile robots.
The team will reorient boxes with polyhedral cross sections.
Since the reorientation plan requires a model, we describe an 
algorithm for the robust acquisition of geometric models by mobile 
robots with error bounds and demonstrate its performance with a 
video. This work (joint with Jim Jennings) is an exploration
of how, even with sparse and noisy sensors typically found
on mobile robots, we can build adequate accounts and detailed models 
of manipulable objects, while satisfying the modeling and information 
requests of near-sensorless manipulation planners.

T em plate

seminar
stime: 3:30 PM
etime: 5:00 PM
location: ADAMSON WING Auditorium in Baker Hall 
speaker: Daniela Rus
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D ocum ent

Type: cmu.cs.scs
Topic: Special AI Seminar
Dates: 29-Sep-94
Time: 3:00 PM
PostedBy: valdes+ on 28-Sep-94 at 13:22 from CS.CMU.EDU (Raul
Valdes-Perez)
Abstract:
Ken Forbus of Northwestern University will give a seminar on

"Articulate Virtual Laboratories for Engineering Education"

tomorrow (Thursday) at 3pm in Wean 4625. The abstract will be 
posted when available.

Tem plate

seminar
stime: 3:00 PM \ 3pm 
etime:
location: Wean 4625 
speaker: Ken Forbus

A .3 Corporate A cquisitions

Below are two sample documents paired with templates from the corporate 

acquisitions domain (Freitag, 1998c).

D ocum ent

ENTERTAINMENT {EM} MAY SEEK CRAZY EDDIE {CRZY}
WASHINGTON, June 29 - Enetertainment Marketing Inc and its 

president Elias Zinn have demanded a list of Crazy Eddie Inc 
shareholders from the company and said they may pursue a merger 
of the Edison, N.J. electronics retailer.

In a filing with the Securities and Exchange Commission,
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Zinn said the demand for the shareholder list was made on June 
26 because he may desire to communicate with other Crazy Eddie 
shareholders "regarding the affairs" of the company.

Zinn and his firm, which disclosed they hold a 5.1 pet 
stake in Crazy Eddie common stock, said they may acquire more 
shares through a negotiated merger or tender offer.

Entertainment Marketing was informed on June 25 by Shearson 
Lehman Brothers Inc. , acting on behalf of Crazy Eddie, that it 
would be provided with "certain information" about Crazy Eddie, 
it told the SEC.

Entertainment Marketing, a Houston-based firm involved in 
electronics wholesaling and televised home shopping sales, 
proposed an eight dir a share merger acquisition of Crazy Eddie 
on May 29, and modified the proposal on June 9 to include the 
possible participation of Crazy Eddie management.

Entertainment Marketing told the SEC it expects to meet 
with Crazy Eddie representatives in the near future.

Entertainment Marketing also disclosed that it retained 
Drexel Burnham Lambert Inc as its financial advisor and 
investment banker.

In light of a June 17 announcement from Crazy Eddie that 
Chemical Bank would no longer fund a 52 mln dir credit facility 
with the company, plus further declines in the price of its 
stock, Entertainment Marketing and Zinn said they are 
"continuing to evaluate their alternatives with respect to 
their investment" in Crazy Eddie stock.

Depending on its evaluation of the company, including 
actions by Crazy Eddie’s board and any possible third party 
bids for the company, Entertainment Marketing and its president 
said they may hold their present stake in the company, sell 
some of their shares, or purchase more shares on the open 
market, through private purchases or in connection with a 
merger or tender offer.

According to the SEC filing, Entertainment Marketing and 
Zinn bought their current holdings of 1,560,000 Crazy Eddie 
common shares between May 20 and June 17 at 7.42 dlrs to 7.93 
dlrs a share, or a total of about 11.9 mln dlrs.
Reuter
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Tem plate

acquisition
purchaser: Enetertainment Marketing Inc
purchabr: ENTERTAINMENT \ Entertainment Marketing
purchcode: EM
acquired: Crazy Eddie Inc
acqabr: CRAZY EDDIE
acqcode: CRZY
seller:
sellerabr:
sellercode:
dlramt:
acqloc: Edison, N.J. 
acqbus: electronics 
status: may pursue a merger

D o c u m e n t

AMERICAN TRAVELLERS {ATVC} TO MAKE ACQUISITION
WARRINGTON, Pa. , March 18 - American Travellers Corp said 

it has entered into an agreement to purchase ISL Life Insurance
Co of Dallas, a corporate shell with active licenses to operate
in 12 states, for about 400,000 dlrs.

The company said closing is expected by late spring and
will result in American Travellers being licensed in seven new 
states.
Reuter

Tem plate

acquisition
purchaser: American Travellers Corp 
purchabr: AMERICAN TRAVELLERS 
purchcode: ATVC
acquired: ISL Life Insurance Co 
acqabr: 
acqcode: 
seller:
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sellerabr: 
sellercode: 
dlramt: 400,000 dlrs 
acqloc: Dallas 
acqbus:
status: entered into an agreement
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Appendix B 

Learned Information Extraction  
Rules

This appendix contains a set of learned information extraction rules for each 

of the three domains reported on in this dissertation. The rulebases include 

only the rules created in the compression loop, not any initial, most-specific 

rules not covered by later, more general rules. These rules were learned in the 

experiments described in Chapter 4, using R a p ie r  with words and part-of- 

speech tags.

The format in which the rules are presented here is Prolog-like, in the

form:

rule( TemplateName, SlotName, NumPosCovered, NumNegCovered,

Pre-filler Pattern, Filler Pattern, Post-filler Pattern).

Each of the patterns is formatted as a Prolog list of pattern elements. The 

elements are in the form:

item( WordConstraints, TagConstraints)

\\st(Length, WordConstraints, TagConstraints)
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where the constraints are if empty, a single constant if there’s one con

straint, and a Prolog list if the constraint has more than one disjunct.

B .l  C om puter-related Jobs

The following rulebase was learned from 270 examples in the experiments 

described in Section 4.6.

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  4 ,  0 ,

[ i t e m ( [ ’ j u n i o r ’ , ’ : , _ ) ] , [ i t e m ( [ ’ s q a ’ , ’ p r o g r a m m e r ' ] , ’ n n p ’ ) ] ,

[ i t e m ( _ , _ ) , i t e m ( _ , C ’ n n ’ , ’ s y m ’ ] ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  4 ,  0 ,

[ i t e m ( _ ,  [ ’ d t ’ ,  ’ s y m ’ ] ) ]  ,  [ i t e m (  [ ’ p r o g r a a s n e r ’ ,  ’ d e v e l o p e r ’ ]  ,  ’ n n ’ ) ]  ,

[ i t e m ( [ ’ w i t h ’ ,  ’ d a t e ’ ]  , _ ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  6 ,  0 ,

[ i t e m ( _ , [ ’ e n d s e n t ’ , ’ : ■ ] ) , i t e m ( _ , _ ) , i t e m (  [ ’ : * , ’ s a s ’ ] , _ ) ] ,

[ l i s t C l , ’ g u i ’ , ’ n n p ’ ) , i t e m ( ’ p r o g r a m m e r ’ ,  ’ n n p ’ ) ] , [ i t e m ( _ , [ ’ e n d s e n t ’ , ’ n n p ’ ]  ) ]  )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  5 ,  0 ,

[ i t e m ( [ ’ a u s t i n ’ , ’ s u b j e c t ’ ] , _ ) , i t e m ( [ ’ , ’ , ’ : ’ ] , _ ) ]  ,

[ i t e m ( _ ,  ’ n n p ’ )  , i t e m ( [ * d e v e l o p e r s  ’  ,  ’ d b a ’ ]  , _ ) ] , □ ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  3 ,  0 ,

[ i t e m ( _ , [ ’ : ’ , ’ e n d s e n t ’ ] ) ] , [ l i s t ( 2 , _ ,  [ ’ n n s ’ , ’ n n p ’ , ’ n n ’ ] ) ,  

i t e m ( [ ’ c o n s u l t a n t ’ , ’ a d m i n i s t r a t o r s ’ ] , _ ) ] ,  [ i t e m ( ’ e n d s e n t ’ , ’ e n d s e n t ’ ) ] ) .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  t i t l e ,  4 ,  0 ,

[ i t e m ( _ , ’ n n p ’ ) , i t e m ( [ ’ i t e m ( _ , ’ n n p ’ ) ] ,

[ l i s t ( 2 , [ ’ / ’ , ’ t e c h n i c a l ’ , ’ d e v e l o p e r ’ ] , _ ) , i t e m ( ’ p r o g r a m m e r ’ , ’ n n p ’ ) ] ,

[ l i s t ( 2 , _ , _ ) , i t e m (  [ ’ r e c r u i t e r ’ , ’ $ ’ ] , _ ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  3 ,  0 ,

□  ,  [ i t e m ( [ ’ v i s u a l ’ , ’ s o f t w a r e ’ ] , ’ n n p ’ ) , i t e m ( _ , ’ n n p ’ ) , i t e m ( _ , [ ’ n n s ' , ’ n n p s  ’ ] ) ]  ,  □  )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  3 ,  0 ,

[ i t e m (  [  ’  n t  ’ ,  ’  a c c e s s  ’ ] , _ ) ]  ,  [ i t e m (  [  ’  d e v e l o p e r s  ’ ,  ’  p r o g r a m m e r  ’ ] , _ ) ] , □ ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  4 ,  0 ,

[ i t e m ( _ , [ ’ e n d s e n t ’ , * e d ’ ] ) ] , [ l i s t ( 3 [ ’ n n ’ , ’ n n p ’ , ’ j j ’ ] ) , i t e m ( ’ e n g i n e e r * ,  ’ n n ’ ) ]  ,

[ i t e m ( _ , [ ’ n n p ’ , ’ v b n ’ ] ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  3 ,  0 ,

□  ,  [ i t e m ( _ ,  ’ n n p ’ )  , i t e m ( _ ,  ’ n n p ’ )  , i t e m ( [ ’ m a n a g e r ’ ,  ’ s p e c i a l i s t s ’ ]  , _ ) ]  ,  □ ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  4 ,  0 ,

[ i t e m ( _ , [ ’ v b p ’ , ’ n n p ’ ] ) ] , [ i t e m ( ’ p r o g r a m m e r s ’ , ’ n n s ’ ) ]  , [ i t e m ( [ ’ w i t h ’ , ’ n e e d e d ’ ]  , _ ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ i n * ,  ’ n n ’ ] ) ]  ,  [ i t e m ( [ ’ l e a d ’ ,  ’ s o f t w a r e ’ ]  , _ )  , i t e m ( [ ’ d e v e l o p e r s ’ ,  ’ e n g i n e e r ’ ]  , _ ) ]  ,  

[ l i s t ( 2 , _ , _ ) , i t e m ( _ , [ ’ n n ’ , ’ p r p $ ’ ] ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  3 ,  0 ,

[ i t e m ( [ * s u b j e c t ’ , ’ 1 2 1 8 1 8 ’ ] , _ ) , i t e m ( _ ,  [ ’ :  ’ ,  ’ e n d s e n t ’ ] ) ] ,

[ i t e m ( [ ’ d b a ’ ,  ’ p r o g r a m m e r ’ ]  ,  [ ’ n n p ’ ,  ’  j  j ’ ]  ) ]  ,  □ ) .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  t i t l e ,  7 ,  0 ,

[ i t e m ( _ , [ ’ i n ’ , ’ : ’ , ’ v b n ’ ] ) ] , [ i t e m ( [ * p r o g r a m m e r s ’ , ’ d b a ’ , ’ d e v e l o p e r ’ ] , _ ) ] ,

[ i t e m ( _ , [ ’ i n ’ , ’ p o s ’ , ’ w p ’ ] ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  4 ,  0 ,

[ i t e m O  :  ’ , ’ : ’ ) ] ,  [ i t e m ( _ , _ )  , i t e m (  [ ’ d e v e l o p e r ’ ,  ’ e n g i n e e r ’ ]  , _ ) ]  ,  [ i t e m ( _ ,  [ ’ c d ’  ,  ’ p r p ’ ]  ) ] )  .
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r u l e  ( c o m p u t e r ,  s c i e n c e ,  j  o b ,  t i t l e ,  5 ,  0 ,

[ i t e o ( _ ,  [ * j j ’ , ’ : ' ] ) ]  ,  [ i t e m (  [ ’ c o m p i l e r * ,  ' p e o p l e s o f t  ’ ,  ' d a t a b a s e ' ]  ,  i t e m ( _ , _ ) ]  ,  

[ i t e m ( _ , [ ' i n ’ , ’ : ’ , ' c d ' ] ) ] )  .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  t i t l e ,  3 ,  0 .

[ i t e m ( [ ’ o r a c l e ’ ,  ' c o b o l ' ]  ,  ' n n p ' ) ]  ,  [ i t e m ( [ ’ d b a ’ ,  ’ p r o g r a m m e r s ’ ]  ,  ’ n n p ' ) ]  ,

[ i t e m ( ’ t o ’ , ’ t o ’ ) ] ) .  

r u l e ( c o s i p a t e r _ s c i e n c e _ j o b ,  t i t l e .  4 ,  0 ,

□  ,  [ i t e m ( _ ,  ’ n n p ’ )  , i t e m ( [ ’ k ’ ,  ’ d r i v e r ’ ]  , _ )  , i t e m (  [ ’ a n a l y s t s  ’ ,  ’ d e v e l o p e r ’ ]  , _ ) ]  ,  □  )  .  

r u l e C c o o p u t e r . s c i e n c e . j o b ,  t i t l e ,  4 ,  0 ,

□  ,  [ i t e m ( [ ’ n e t w o r k ’ ,  ’ s e n i o r ' ]  ,  C ’ n n p ’  ,  ’  j  j  ’ ]  )  , i t e m (  [ ’ s e c u r i t y ’  ,  ’ s o f t w a r e ' ]  , _ )  ,  

i t e m ( _ , [ ’ n n p ’ , ’ n n ’ ] ) ] .  □  )  .

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  t i t l e ,  3 ,  0 ,

[ i t e m ( _ , [ ’ : ’ , ’ e n d s e n t ’ ] )  , i t e m ( _ , _ ) , l i s t ( 2 , _ , _ ) , i t e m ( _ , [ ’ n n ’ , ’ : ’ ] ) ] ,

[ i t e m ( [ ’ m u l t i m e d i a ’ ,  ’ d b a ’ ]  ,  ’ n n p ’ )  . l i s t ( 2 ,  [ ’ p r o g r a m m e r ’ ,  ’ d e v e l o p e r s '  , ’ / ’ ] , _ ) ] ,  

[ i t e m ( _ ,  [ ’ e n d s e n t ’ , ’ : ’ ] ) ,  i t e m ( _ ,  [ ’ n n ’ ,  ’ n n p ’ ] )  , i t e m ( _ , _ )  , i t e m ( _ ,  [ ’ n n ’ ,  ’ n n p ’ ]  ) ]  )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  5 ,  0 ,

[ i t e m ( _ ,  [ ’ :  ’ ,  ’ d t ’ ]  ) ]  ,  [ l i s t ( 2 , _ ,  ’ n n p ’  )  , i t e m (  [ ’ d a t a b a s e ’ ,  ’ i n t e r f a c e ' ]  ,  ’ n n p ’ )  .  

i t e m ( [ ’ d e v e l o p e r ' ,  ’ d e s i g n e r s ’ ]  , _ ) ]  ,  □ )  .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  t i t l e ,  8 ,  0 ,

[ i t e m ( [ ’  j a v a ' , ’ : ’ ] , _ ) ] ,  [ l i s t ( 2 , _ ,  [ ’ n n * ,  ’ n n p ’ ]  )  , i t e m (  ’ e n g i n e e r ’ ,  ’ n n ’  ) ]  ,

[ i t e m ( _ , _ )  , i t e m ( _ ,  [ ’ i n ’ ,  ’ n n ’ ] )  , i t e m ( _ ,  [ ’ n n p ’ , ’ : ’ ] ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  3 ,  0 ,

[ i t e m ( [ ’ a ’ ,  ’ - ’ ]  , _ ) ]  ,  [ i t e m ( _ ,  [ ’ n n ’ ,  ’ n n p ’ ]  )  , i t e m ( [ ’ m a n a g e r ’ ,  ’ p r o g r a m m e r s ’ ]  , _ ) ]  ,  

[ i t e m ( _ ,  [ ’ w p ’ , ’ : ’ ] ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  4 ,  0 ,

[ i t e m ( _ ,  [ ’ e n d s e n t ’ , ’ : ’ ] ) ] .  [ l i s t ( 3 , _ ,  [ ’ n n ’ ,  ’ n n p ’ ] )  ,

i t e m ( [ ’ e n g i n e e r s ’ , ’ t e s t e r ’ ]  ,  [ ’ n n s ' , ’ n n p ’ ] ) ] , [ i t e m ( _ , [ ’ . ’ , ’ e n d s e n t ’ ] ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  6 ,  0 ,

[ i t e m ( [ ’ - ’ ,  ’  +  ’ ]  , _ ) ]  ,  [ l i s t ( 2 ,  [ ’ / ’ ,  ’ m a i n f r a m e ’ ,  ’ p r o g r a m m e r ' ]  , _ )  ,  

i t e m ( [ ’ p r o g r a m m e r ’ ,  ’ a n a l y s t ’ ]  , _ ) ]  ,  [ i t e m ( [ ' n e e d e d ' ,  ’ e n d s e n t ’ ]  , _ ) ] )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  4 ,  0 ,

[ i t e m ( _ , [ ’ e n d s e n t ’ , ’ : ’ ] ) ] ,  [ i t e m ( _ , ’ n n p ’ ) , i t e m ( [ ’ q a ’ , ’ d r i v e r ’ ] , ’ n n p ’ )  ,  

i t e m ( . , ’ n n ’ ) ] , Q ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  5 ,  0 ,

□  ,  [ i t e m (  [ ’ d e v i c e ’ ,  ’ s e n i o r ’ ]  , _ )  , l i s t ( 2 , _ , _ )  , i t e m (  [ ’ d e v e l o p e r ’ ,  ’ p r o g r a m m e r ’ ]  , _ ) ]  ,  

[ i t e m ( ’ e n d s e n t ’ , ’ e n d s e n t ’ ) ] )  .

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  3 ,  0 ,

□  ,  [ i t e m ( _ ,  ’ n n p ’ )  ,  i t e m (  [ ’ i n t r a n e t  ’ ,  ’ s q a ’ ]  ,  ’ n n p ’ )  , i t e m ( _ , _ ) ]  ,

[ i t e m ( _ ,  [  ’  e n d s e n t  ’ ,  ’ v b n  ’ ] ) ] ) .

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  t i t l e ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ :  ’ ,  ’ e n d s e n t  ’ ]  ) ]  ,  [ i t e m ( _ ,  ’ n n p ’  )  , i t e m (  [ ’ p r o g r a m m e r ’ ,  ’ m a n a g e r ’ ]  ,  ’ n n p ’ ) ]  ,  

[ i t e m ( ’ - ’ , ’ : ’ ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  5 ,  0 ,

□  , [ i t e m ( [ ’ s o f t w a r e ’ , ’ n e t w o r k ’ ,  ’ s e n i o r ’ ]  , _ ) , l i s t ( 2 , _ , ’ n n p ’ ) ,  

i t e m ( [ ’ a d m i n i s t r a t o r ’ ,  ’ a d m i n ’ ]  , . ) ] , □ ) .

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  5 ,  0 ,

G  ,  [ i t e m C p r o g r a m m e r ’  ,  ’ n n p ’ )  ,  i t e m (  [ ’ a n a l y s t s ’ ,  ’ a n a l y s t ’ ]  , . ) ]  ,

[ i t e m ( _ , [ ’ n n ’ , ’ e n d s e n t ' ] ) ] )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  4 ,  0 ,

[ l i s t ( 2 , _ , _ ) , l i s t ( 2 , _ , _ )  , i t e m ( _ ,  [ ’ e n d s e n t ’ , ’ s y m ’ ] ) ] ,

[ l i s t ( 2 , _ , [ ’ n n p ’ , ’ n n ’ ] )  , i t e m (  [ ’ d e v e l o p e r s ’ , ’ e n g i n e e r ’ ] , _ ) ] ,

[ i t e m ( _ , [ ’ e n d s e n t ’ , ’ ( ’ ] ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  7 ,  0 ,

[ i t e m ( _ ,  ’ n n ’ )  , i t e m ( _ , _ )  , i t e m ( _ , _ )  , i t e m (  [ ’ e n d s e n t ’ , ’ : ’ ] , _ ) ] ,

[ l i s t ( 2 , _ ,  ’ n n p ’ )  , i t e m ( [ ’ d e v e l o p e r s ’ ,  ' e n g i n e e r ’ ]  , _ ) ]  ,  G )  .
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r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  4 ,  0 ,

[ i t e m ( . ,  ’ ,  ’ e n d s e n t ’ ]  ) ]  ,  [ l i s t ( 2 , _ ,  [ ’ n n s ’ ,  ’ n n p s ’ ,  ’  j  j  ’ ]  )  ,  

i t e m C  ’ p r o g r a m m e r ’ ,  ’ n n p ’ ) ]  ,  [ i t e m ( ’ e n d s e n t  ’  ,  ’ e n d s e n t  ’ )  ,  

i t e m ( [ ’ r e q ’ , ’ d e s c r i p t i o n ’ ] , _ ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  5 ,  0 ,

[ i t e m ( [ * : ’ , ’ / ’ ] , _ ) ] ,  [ l i s t ( l ,  ’ s e n i o r ’ ,  ’ n n p ’ )  , i t e m (  ’ s o f t w a r e ’ ,  ’ n n p ’ )  ,  

i t e m ( [ ’ c o n s u l t a n t ’ ,  ’ e n g i n e e r ’ ]  , _ ) ]  ,  □ )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  3 ,  0 ,

□  ,  [ i t e m ( [ * s e n i o r ' ,  ’ h u m a n ’ ]  , _ )  , i t e m ( _ ,  ’ n n p ’ )  , i t e m ( _ ,  ’ n n p ’ )  , i t e m ( _ ,  ’ n n ’ ) ]  ,  □  )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  3 ,  0 ,

[ i t e m ( _ , ’ : ’ ) ] ,  [ i t e m (  [  ’  s o f t w a r e  ’ ,  ’  i n f r a s t r u c t u r e  ’  ]  ,  ’ n n p  ’  )  ,  

l i s t ( 2 , _ ,  ’ n n p ’ )  , i t e m ( [ ’ m a n a g e r ’ ,  ’ a n a l y s t s ’ ]  , _ ) ] , □ ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  3 ,  0 ,

[ i t e m ( _ ,  ’ : ’ ) ] ,  [ l i s t ( 2 , _ ,  ’ n n p ' )  , i t e m (  [ ’ a n a l y s t ’ ,  ’ t e c h n i c i a n ’ ]  , _ ) ]  ,

[ i t e m ( ’ e n d s e n t ’ , ’ e n d s e n t ’ ) ] ) .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  t i t l e ,  5 ,  0 ,

[ i t e m ( _ ,  ’ : ’ ) ] ,  [ i t e m ( _ ,  ’ n n p ’ )  , i t e m ( [ ’ a d m i n i s t r a t o r ’ ,  ’ e n g i n e e r ’ ]  , _ ) ]  ,

[ l i s t ( 2 ,  [ ’ l o c a t i o n ’ ,  ’ f o r ’ ,  ’ e n d s e n t ’ ]  , _ )  , i t e m ( _ ,  [ ’ n n p ’  , ’ : ’ ] ) ] ) •  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  4 ,  0 ,

[ i t e m ( [ ’ a u s t i n ’ ,  ’ a s s e r t i v e ’ ]  , _ )  , i t e m ( [ ’ / ’  ,  ’ c u s t o m e r ’ ]  , _ ) ]  ,

[ l i s t ( 2 , _ ,  ’ n n p ’ )  , i t e m (  [ ’ e n g i n e e r s ’ ,  ’ d e v e l o p e r ’ ]  , _ ) ]  ,

[ i t e m ( _ , [ ’ e n d s e n t ’ , ’ t o ’ ] ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  3 ,  0 ,

[ i t e m ( [ ’ / ’ ,  ’ - ’ ]  , _ ) ]  ,  [ i t e m ( _ ,  ’ n n p ’ )  , i t e m ( [ ’ e n g i n e e r ' ,  ’ m a s t e r ’ ]  , _ ) ]  ,  

[ i t e m ( _ , _ )  , i t e m ( _ , _ )  , i t e m { _ ,  [ ’ :  ’ ,  ’ n n p ’ ]  )  ,  i t e m ( _ ,  [ ’ n n p ’ ,  ’ n n s ’ ] ) ]  )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  3 ,  0 ,

[ i t e m ( _ ,  ’ : ’ ) ] ,  [ i t e m ( _ ,  [ ’ j  j  ’ ,  ’ n n p ’ ]  )  , i t e m (  [ ’ c ’ ,  ’ s u p p o r t ’ ]  ,  ’ n n p ’ )  ,  

i t e m ( _ ,  ’ n n p ’ ) ]  ,  □ )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  3 ,  0 ,

[ i t e m ( [ ’ - ’ ,  ’ b a s i c ’ ]  , _ ) ]  ,  [ l i s t ( 3 ,  [ ’ s r .  ’ , ’ ( ’ ,  ' m a i n f r a m e ’ ]  , _ )  ,  

i t e m  ( ’ p r o g r a m m e r ’ ,  ’ n n p ’ )  , l i s t ( l ,  ’ a n a l y s t s ’ ,  ’ n n s ’ ) ]  ,

[ i t e m ( _ , [ ’ : ’ , ’ e n d s e n t ’ ] ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  3 ,  0 ,

[ i t e m (  [ ’ 2 2 0 0 ’ , ■ s e v e r a l ’ ] , _ ) ] .

[ l i s t ( 2 ,  [ ’ a n a l y s t s ’ ,  ’ p r o g r a m m e r s ’ ,  ’ s y s t e m s ’ ]  , _ ) ]  ,

[ i t e m ( _ , [ ’ . ’ , ’ v b p ' ] ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  t i t l e ,  3 ,  0 ,

[ i t e m ( [ ’ f o r ’ , ’ a u s t i n ’ ] , _ ) ]  , [ l i s t ( 2 , _ , ’ n n p ’ )  ,  

i t e m ( [ ’ e n g i n e e r s ’ ,  ’ e x e c u t i v e s ’ ]  ,  ’ m i s ’ ) ]  ,  □ )  .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  s t a t e ,  1 4 0 ,  0 ,

[ l i s t ( 3 , _ , _ ) ]  ,  [ i t e m ( [ ’ o h i o ’ ,  ’ t x ’ ,  ’ C a l i f o r n i a ’ ]  ,  ' n n p ' ) ]  ,  [ ]  ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  s t a t e ,  8 0 ,  1 ,

□  ,  [ i t e m ( [ ’ t x ’ ,  ’ o h ’ ]  , _ ) ]  ,  [ l i s t ( 2 , _ , _ )  , i t e m ( _ , _ )  , i t e m ( _ ,  ’ n n p ’ )  ,  

i t e m ( _ , [ ’ t o ’ , ’ n n p ’ ] ) ] ) .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  s t a t e ,  1 3 8 ,  0 ,

[ l i s t ( 3 , . , _ ) ]  ,  [ i t e m ( [ ’ m i ’ ,  ’ o h i o ’ ,  ’ t x ’ ]  ,  ’ n n p ’ ) ]  ,

[ i t e m ( _ , [ ’ ’ e n d s e n t ’ ] ) ]  ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  s t a t e ,  1 3 6 ,  0 ,

[ l i s t ( 3 , . , . ) ] , [ i t e m ( [ ’ o h * , ’ t x ’ ] , _ ) ] , 0 ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  s t a t e ,  1 6 1 ,  2 ,

[ l i s t ( 2 ,  [ ’ ,  ’ ,  ’ e n d s e n t ’ ,  ’ d a l l a s ’ ]  , . ) ]  ,  [ i t e m (  [ ’ t x ’ ,  ’ a x ’ ]  ,  ’ n n p ’ ) ]  ,  □  )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  s t a t e ,  1 4 3 ,  0 ,

[ i t e m ( _ ,  [ ’ :  ’ ,  ’ i n ’ ] )  . l i s t ( 2 , . , . ) ]  ,  [ i t e m ( [ ’ t x * ,  ’ o h i o ’ ]  ,  ’ n n p ’ ) ]  ,  □  )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  s t a t e ,  1 3 6 ,  0 ,

[ l i s t ( 2 , _ , _ )  , i t e m ( . ,  [ ’ : ’ , ’ , ’ ] ) ] ,  [ i t e m ( [ ’ o h * ,  ’ t x ’ ] , _ ) ]  ,
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[ i t e m ( [ ’ - ’ ,  ’ 7 8 7 4 6 ’ ]  , _ )  , i t e m ( _ ,  [ ’ n n p 1 ,  ’ c c ’ ] ) ] )  .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  s t a t e ,  1 3 2 ,  0 ,

[ l i s t ( 2 , _ , _ ) ] , [ i t e m ( [ ’ t x * ,  ’ c o ’ ]  ,  ’ n n p ’ ) ]  , [ i t e m ( [ ’ 7 5 2 4 8 ’ , ’ - ’ ] , _ ) ] ) .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  s t a t e ,  1 0 9 ,  0 ,

[ i t e m ( _ , [ ’ j j ’ , ’ : ’ ] ) , l i s t ( 2 , _ , _ ) , i t e m ( _ ,  [ ’ : ’ , ’ , ’ ] ) ] ,

[ i t e m ( [ ’ o h i o ’ , ’ t x ’ ] , ’ n n p ’ ) ] ,  [ i t e m ( _ , [ ' : ’ , ’ e n d s e n t ’ ] )  ,  

l i s t ( 2 , [ ’ , ’ , ’ d u r a t i o n ’ , ’ p r o g r e s s ’ ] , _ ) , i t e m ( _ ,  [ ’ : ’ , ’ n n p ’ ] ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  s a l a r y ,  4 ,  0 ,

[ i t e o ( _ , [ ’ n n ’ , ’ s y m ’ ] ) , l i s t ( 2 , _ , _ ) , i t e m ( . ,  [ ’ :  ’ . ’ n n p ’ ] ) ] ,

[ l i s t ( 2 , _ , [ ’ c d * , ’ t o ’ , ’ $ ’ ] ) , i t e m ( _ , _ ) , i t e m (  ’ 6 5 k ’ , ’ c d ’ ) ] ,  □  )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  s a l a r y ,  3 ,  0 ,

[ i t e m ( _ , [ ’ : ’ , ’ e n d s e n t ’ ] ) , l i s t ( 2 , _ , _ ) ]  , [ i t e m ( [ ’ t o * , ’ 4 0 ’ ] , _ )  , i t e m ( _ , _ ) ,  

i t e m ( [ ’ 5 5 ’ ,  ’ 5 0 ’ ]  . _ )  , l i s t ( 2 , _ . _ )  , i t e m ( _ ,  [ ’ c d ’  , ’ . ’ ] ) ] , □ ) .  

r u l e  ( c o m p u t e r . s c i e n c e . j o b ,  s a l a r y ,  4 ,  0 ,

□  ,  [ l i s t ( l ,  ’ t o ’ , ’ t o ’ ) , i t e m ( ’ $ ’ ,  ’ $ ’ ) , l i s t ( 2 , _ , _ ) , i t e m ( _ , _ ) , i t e m ( _ , _ ) ,  

i t e m ( [ ’ 1 2 0 k ’ , ’ y r ' ] ,  . ) ] , □ ) .

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  s a l a r y ,  7 ,  0 ,

□  , [ i t e m ( ’ $ * , • $ ’ ) , i t e m ( _ , ’ c d ’ ) , l i s t ( 2 ,  [ ’ 3 5 ’ ,  ’ t o ’ . ’ - ’ ] , _ ) .  

i t e m ( _ ,  [ ’ $ ’ ,  ’ n n ’ ]  )  ,  i t e m (  [ ’ 7 8 k ’  , ’ h r ’ ] , [ ’ c d ’ , ’ n n ’ ] ) ] , [ ] ) .

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  s a l a r y ,  4 ,  0 ,

[ i t e m ( _ , [ ’ : • , ’ i n ’ , ’ n n s ’ ] ) ] ,  [ l i s t ( l , ’ $ ’ , ’ $ ’ )  , i t e m ( ’ t o ’ , ’ t o ’ ) ,  

i t e m ( ’ $ ’ , ’ $ ’ ) , i t e m ( [ ’ 6 5 k ’ , ’ 9 0 k ’ .  * 7 5 k ’ ]  , ’ c d ’ ) ]  ,  □  ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  s a l a r y ,  1 1 ,  0 ,

□  ,  [ l i s t ( l ,  ’  t o ’ , ’ t o ’ ) , i t e m ( ’ » ’ , ’ » ’ ) ,  

i t e m ( [ ’ 4 5 k ’ ,  ’ 6 2 k ’ ,  ’ 8 5 k ’  .  ’ 6 0 k ’ ]  ,  ’ c d ’ ) ]  ,  □ )  .

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  s a l a r y ,  5 ,  0 ,

[ i t e m ( [ ’ 6 0 ’ , ’ : ’ , ’ a d m i n i s t r a t o r ’ ]  , . ) ] , [ i t e m ( _ , [ ’ t o ’ , ’ $ ’ ] ) ,  

l i s t ( 3 , _ , _ )  . i t e m ( [ ’ 6 5 ’  ,  ’ 6 0 k ’ ,  ’ h r ’ ]  , . ) ]  ,  □ ) .  

r u l e  ( c o m p u t e r . s c i e n c e . j o b ,  s a l a r y ,  3 ,  0 ,

[ i t e m ( _ , [ ’ i n ’ , ’ v b ’ ]  ) ]  , [ l i s t ( 2 , _ ,  [ ’ c d ’ , ’ $ ’ ] )  ,  

i t e m ( [ ’ f i g u r e s ’ , ’ p a ’ ]  , _ ) ] ,  □  ) .  

r u l e  ( c o m p u t e r . s c i e n c e . j o b ,  s a l a r y ,  4 ,  0 ,

[ i t e m ( [ * u s ’ ,  ’ i n t r a n e t ’  ,  ’ e n d s e n t ’ ]  , _ ) ]  ,  [ l i s t ( 3 , _ ,  [ ’ c d ’ ,  ’ t o ’ ,  ’ $ ’ ] )  ,  

i t e m ( ’ $ ’ , ’ $ ’ ) , i t e m ( [ ’ 2 0 ’ . ’ 4 0 ’ ]  , ’ c d ’ ) , l i s t ( 2 , _ , _ ) ,  

i t e m ( [ ’ h r ’ , ’ h o u r ’ ] , _ ) ] ,  □  ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  s a l a r y ,  4 ,  0 ,

□  ,  [ i t e m C t o ' ,  ’ t o ’ )  , i t e m ( ’ f  ’ ,  ’ $ ’ )  , i t e m ( [ ’ 5 5 k ’ ,  ’ 9 5 k ’ ,  ’ 4 0 k ’ ]  , _ ) ]  ,  □ )  .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  s a l a r y ,  1 1 ,  0 ,

[ i t e m (  [ ’ u p ’ ,  ’ p r o g r a m m e r ’ ]  , _ ) ]  ,  [ i t e m C t o ’ ,  ’ t o ’ )  , i t e m ( ’ $ ’  , ’ $ ’ ) ,  

l i s t ( 3 , _ , [ ’ , ’ , ’ c d ’ ] ) ] , [ i t e m ( _ ,  [ ’ i n ’ , ’ e n d s e n t ’ ] ) ] )  .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  s a l a r y ,  1 3 ,  0 ,

□  , [ i t e m ( ’ J ’ , ’ $ ’ ) , l i s t ( 3 , _ ,  [ ’ ,  ’ ,  ’ c d ’ ] ) , i t e m ( _ , _ ) , i t e m ( ’ $ ’  , ’ $ ’ ) ,  

i t e m ( _ ,  ’ c d ’ )  , i t e m ( _ , _ )  , i t e m ( _ ,  [ ’ n n p ’ ,  ’ c d ’ ] ) ] , □ )  .

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  s a l a r y ,  4 ,  0 ,

[ i t e m ( _ , [ ’ : ’ , ’ n n p ’ ] ) ] , [ l i s t ( l , ’ t o ’ , ’ t o ’ ) , i t e m ( ’ $ ’ , ’ $ ’ ) ,  

i t e m ( [ ’ 4 3 k ’ ,  ’ 4 0 ’ ]  ,  ’ c d ’  )  , i t e m ( _ , _ )  , i t e m ( _ ,  [ ’ $ ’ ,  ’ n n p ’ ]  )  , i t e m ( _ , _ ) ]  ,  □ )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  s a l a r y ,  7 ,  0 ,

[ i t e m ( _ , [ ’ i n ’ , ’ c c ’ ] ) ] , [ l i s t ( l ,  ’ t o ’ , ’ t o ’ )  , i t e m ( ’ $ ’ , ’ $ ’ ) ,  

l i s t ( 3 , _ ,  [ ’ ,  ’ ,  ’ c d ’ ] )  , i t e m ( ’ / ’ ,  ’ n n ’ )  , i t e m ( _ ,  ’ n n ’ ) ]  ,  □ )  .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  s a l a r y ,  6 ,  0 ,

□  ,  [ i t e m (  ’ $ ’ , ’ * ’ ) ,  l i s t ( 2 ,  _ , _ )  , i t e m ( . , _ )  , i t e m ( [ ’ 9 0 k ’ ,  ’ 7 0 k ’ ]  , ’ c d ’ ) ] , □ ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  s a l a r y ,  3 ,  0 ,

[ i t e m ( _ , [ ’ i n ’ , ’ : ’ ] ) ] , [ i t e m ( _ ,  [ ’ t o ’ , ’ $ ’ ] ) . l i s t ( 2 , . , . ) ,  

i t e m ( [ ’ 8 5 k ’ , ’ 7 2 k ’ ] , ’ c d ’ ) ] ,  □  ) .  

r u l e  ( c o m p u t e r . s c i e n c e .  j o b ,  r e q . y e a r s . e x p e r i e n c e ,  4 ,  0 ,
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[ l i s t ( 2 ,  ,  ’ f o r ’ ,  ’ e n v i r o n m e n t ’ ]  , _ ) ]  ,  [ i t e m ( [ ’ 5 ’ ,  ’ 4 ’ ]  , _ )  ,

i t e m ( ’ + ’ ,  ’ s y m ’ ) ]  , □ ) .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  r e q . y e a r s . e x p e r i e n c e ,  1 3 ,  0 ,

[ i t e m ( [ ’ h a v e ’ ,  ’ w i t h ’ ]  , _ ) ]  ,  [ i t e m ( _ ,  ’ c d ’ )  , i t e m ( ’ + ’ ,  ’ s y m ’ ) ]  ,  □  )  .  

r o l e  ( c o m p u t e r . s c i e n c e .  j o b ,  r e q . y e a r s . e x p e r i e n c e ,  9 ,  0 ,

[ i t e m ( [ ’ f r o m ’  [ i t e m ( [ ’ l ’ ,  * 5 ’ ,  ’ 2 ’ ]  , _ ) ]  ,

[ i t e m ( _ ,  [ ’ n n s * , ’ : ’ ] ) ] ) .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  r e q . y e a r s . e x p e r i e n c e ,  3 ,  0 ,

[ l i s t  ( 2 ,  _ ,  _ )  ,  i t e m (  [  ’  e n d s e n t  ’ ,  ’  o p p o r t u n i t i e s  ’ ] , _ ) ,  l i s t  ( 2 ,  

[ i t e m ( [ ’ t w o ' , ’ 5 ’ ] , _ ) ]  , [ i t e m ( _ , C ’ c c ’ ,  ’ : ’ ] ) ] ) .  

r u l e  ( c o m p u t e r . s c i e n c e .  j o b ,  r e q . y e a r s . e x p e r i e n c e ,  4 ,  0 ,

[ i t e m ( _ ,  [  ’  c d  ’ ,  ’ i n ' ]  )  , i t e m ( _ ,  [ ’ ( ’ , ’ j j s ’ ] ) ] ,  [ i t e m (  ’ 2 ’ ,  ’ c d ’ ) ]  ,

[ i t e m ( _ ,  [ ’ s y m ’ ,  ’ n n s ’ ]  )  , i t e m ( _ ,  [ ’ n n s ’  ,  ’ e n d s e n t ’ ] ) ]  ) .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  r e q . y e a r s . e x p e r i e n c e ,  7 ,  0 ,

□  ,  [ i t e m ( ’ 3 ’ ,  ’ c d ’ )  , i t e m ( ’  +  ’ ,  ’ s y m ’ ) ]  ,  [ i t e m ( ' y e a r s ’ ,  ’ n n s ’ )  ,  

i t e m ( _ ,  [ ’ v b p ’ , ’ v b g ’ ] ) ] ) .

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  r e q . y e a r s . e x p e r i e n c e ,  6 ,  0 ,

[ i t e m ( _ ,  [ ’ c c ’ ,  ’ e n d s e n t ’ ]  ) ]  ,  [ i t e m (  [ ’ 2 ’ ,  ’ f i v e ’ ]  ,  ’ c d ’ ) ]  ,

[ i t e m ( ’ y e a r s ’ , ’ n n s ’ ) ] ) .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  r e q . y e a r s . e x p e r i e n c e ,  3 ,  0 ,

[ i t e m (  [ ’ r e q u i r e d ’ ,  ’ p o s i t i o n ’ ]  , _ )  , i t e m ( _ , _ ) ]  ,  [ i t e m (  [ ’ 3 ’ , ’ 2 ’ ] , ’ c d ’ ) ] ,  

[ i t e m ( ’ - ’ , ’ : ’ ) ] ) .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  r e q . y e a r s . e x p e r i e n c e ,  9 ,  0 ,

[ i t e m ( _ ,  [ ’ e n d s e n t ’ ,  ’ v b ’ ]  ) ]  ,  [ i t e m ( [ ’ 3 ’ ,  ’ 5 ’ ]  , _ )  ,  i t e m ( ’  +  ’ ,  ’ s y m ’  ) ] , □ ) .  

r u l e ( c o m p u t e r _ s c i e n c e . j o b ,  r e q . y e a r s . e x p e r i e n c e ,  8 ,  0 ,

[ i t e m (  [ ’  e n d s e n t  ’ ,  ’ o f ’ ]  , _ ) ]  ,  [ i t e m ( [ ’ t w o ’ ,  ’ 2 ’ ]  ,  ’ c d ’ ) ]  ,

[ i t e m ( _ , [ ’ c c * , ’ n n s ’ ] ) ] ) .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  r e q . y e a r s . e x p e r i e n c e ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ , ’ , ’ n n p s ’ ] ) ]  , [ i t e m ( [ ’ 2 ’ , ’ 4 ’ ] , ’ c d ’ ) ] ,

[ i t e m ( _ ,  [ ’ n n s ’ , ’ e n d s e n t ’ ] ) ] ) .  

r u l e ( c o m p n t e r _ s c i e n c e _ j o b ,  r e q . y e a r s . e x p e r i e n c e ,  9 ,  0 ,

[ i t e m ( [ ’ e n d s e n t ’ ,  ’ m p e g ’ ]  , _ ) ]  ,  [ i t e m ( [ ’ 3 ’ ,  ’ 2 ’ ]  ,  ’ c d ’ ) ]  ,

[ i t e m ( [ ’ - ’ , ’ s o f t w a r e ’ ] , _ ) ] ) .  

r u l e  ( c o m p u t e r . s c i e n c e .  j o b ,  r e q . y e a r s . e x p e r i e n c e ,  9 ,  0 ,

[ i t e m ( _ ,  [ ’ j j s ’ . ’ w b ’ ] ) ] ,  [ i t e m (  ’ 3 ’  ,  ’ c d ’ )  ,  l i s t  ( 1 ,  ’ +  ’ ,  ’ s y m ’ ) ]  ,

[ i t e m ( _ , ’ n n s ’ ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  r e q . y e a r s . e x p e r i e n c e ,  1 2 ,  0 ,

[ l i s t ( 2 ,  [ ’ e n d s e n t * [ i t e m (  ’ 3 ’ , ’ c d ’ ) . l i s t ( 1 , ’  +  ’ , ’ s y m ’ ) ]  ,  

[ i t e m ( [ ’ t o ’ , ’ y e a r s ’ ]  , _ ) ] ) .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  r e q . y e a r s . e x p e r i e n c e ,  8 ,  0 ,

[ i t e m ( _ ,  [ ’ v b ’ ,  ’ e n d s e n t ’ ]  ) ]  ,  [ i t e m (  * 2 ’  ,  ’ c d ’ )  , l i s t ( l ,  ’  +  ’ ,  ’ s y m ’ ) ]  ,  

[ i t e m ( . ,  ’ n n s ’ )  . l i s t ( 2 , _ , _ )  , i t e m ( _ ,  [ ’  i n ’ ,  ’ n n p ’ ]  ) ] ) .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  r e c r u i t e r ,  5 ,  0 ,

□  ,  [ i t e m ( [ ’ c o m p u t e m p ’ ,  ’ l c s ’ ,  ’ u n a s y s t * ]  , . ) ]  ,

[ i t e m ( _ ,  [ ’ i n ’ , ’ : ’ , ’ e n d s e n t ’ ] ) ] )  .

r u l e  ( c o m p u t e r . s c i e n c e .  j o b ,  r e c r u i t e r ,  1 6 ,  0 ,

[ i t e m ( _ ,  ’ n n p ’ )  , i t e m ( ’ e n d s e n t ’ ,  ’ e n d s e n t ’ ) ]  ,

[ i t e m ( [ ’ i n f o r m a t i o n ’ ,  ’ c a d r e ’ ,  ’ m c c o y ’ ]  , _ )  , i t e m ( _ , _ )  , i t e m ( _ , _ ) ]  ,  □  )  .  

r u l e  ( c o m p u t e r . s c i e n c e .  j o b ,  r e c r u i t e r ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ . ’ , ’ : ’ ] ) , i t e m ( ’ e n d s e n t ’ ,  ’ e n d s e n t ’ ) ]  ,

[ i t e m ( [ ’ o m e g a ’ ,  ’ o n l i n e ’ ]  ,  ’ n n p ' )  , i t e m ( _ ,  ’ n n p ’ ) ]  ,  □ )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  r e c r u i t e r ,  7 ,  0 ,

[ l i s t ( 2 , _ , _ ) , i t e m ( [ ’ : ' , ’ e n d s e n t ’ ]  , _ ) ]  ,

( l i s t ( 3 ,  [ * t *  ,  ’ e m p l o y m e n t ’ ,  ’ g l o b a l ’ ,  ’ s e a r c h ’ ,  ’ s t r a t e g i c ’ ]  , _ )  ,  

i t e m ( [ ’ s t a f f i n g ’ ,  ’ i n t e r n a t i o n a l ’ ]  ,  ’ n n p ’ ) ]  ,  □ ) .
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r u l e ( c o m p u t e r . s c i e n c e . j o b ,  r e c r u i t e r ,  3 ,  0 ,

[ i t e m ( _ , [ ’ c d ’ , ’ n n ’ ] ) , l i s t ( 2 , _ , _ ) ]  ,  [ i t e m ( [ ’ l c s ’ , ’ e s i ’ ] , ’ n n p ’ ) ]  ,

[ i t e m ( _ , [ ’ , ’ , ’ p o s ’ ] ) ] ) .  

r o l e ( c o m p u t e r . s c i e n c e . j o b ,  r e c r u i t e r ,  5 3 ,  1 ,

[ i t e m C C ’ t a r a n t o ’ ,  ’ 0 1 2 0 ’ ]  , _ )  , i t e m ( _ , _ ) ]  ,  [ i t e m ( . ,  ’ n n p ’ ) ,  

i t e m (  [ ' p l a c e m e n t ’ ,  ’ s p e c t r u m ’ ]  ,  ’ n n p ’ ) ]  ,  □  ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  r e c r u i t e r ,  4 6 ,  1 ,

[ i t e m ( _ ,  [ ’ p r p * ,  ’ .  ’ ] ) , i t e m ( _ , _ ) ]  ,  [ i t e m ( [ ’ t e c h n o l o g y ’ ,  ’ r e s o u r c e ’ ]  , _ ) ,  

i t e m ( [ ’ r e s o u r c e s ’ ,  ’ s p e c t r u m ’ ]  ,  ' n n p ' ) ]  ,  [ i t e m ( _ ,  [ ’ : 1 ,  ’ e n d s e n t ’ ] ) ] )  .  

r u l e ( c o m p u t e r _ s c i e n c e . j o b ,  p o s t . d a t e ,  2 6 0 ,  2 ,

□  ,  [ i t e m ( _ ,  ’ c d ’ )  , i t e m ( _ ,  ’ n n p ’ )  , i t e m ( [ ’ 1 9 9 7 ’ ,  ’ 9 7 ’ ]  , _ ) ]  ,  □ )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p o s t . d a t e ,  1 6 8 ,  0 ,

□  ,  [ i t e m ( _ , _ )  , i t e m ( ’ s e p ’ ,  ’ n n p ’ )  , i t e m ( ’  1 9 9 7 ’  , _ ) ] , □ ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  2 9 ,  0 ,

[ l i s t ( 2 , _ , _ ) ]  ,  [ i t e m ( [ ’ u n i x ’ ,  ’ r h e t o r e x ’ ]  ,  ’ n n p ’ ) ]  ,  □ )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  6 ,  0 ,

□  ,  [ i t e m ( ’ o s ’ ,  ’ n n p ’ )  , i t e m (  ’ / ’  ,  ’ n n ’ )  ,  i t e m (  ’ 2 ’ ,  ’ c d ’ ) ]  ,  □  )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  2 8 ,  1 ,

[ i t e m ( _ ,  [ ’ : ’ , ’ c c  ’ , ’ ( ’ ] ) ] ,  [ i t e m (  [ ’ a s 4 0 0 ’ ,  ’ n t  ’ ,  ’  i b m ’ ,  ’ m v s ’ ]  ,  ’ n n p ’ ) ]  ,  [ ]  )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  9 ,  0 ,

□  ,  [ i t e m ( [ ' h p 3 0 0 0 ’ , ’ m v s ’ ] , ’ n n p ’ ) ]  ,  □  )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  4 ,  0 ,

□  ,  [ i t e m ( [ ’ w i n d o w s 9 5 ’ , ’ o s 4 0 0 ’ ]  . _ ) ]  ,  □  ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  3 ,  0 ,

□  , [ i t e m ( [ ' 8 0 8 6 ’ , ’ v a x ’ ] , . ) ] ,  □  )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  3 ,  0 ,

□  ,  [ i t e m ( [ ’ r s 6 0 0 0 ’ ,  ’ s p a r e ’ ]  ,  ’ n n p ’ ) ]  ,  □ )  .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  p l a t f o r m ,  1 5 ,  0 ,

□  ,  [ i t e m ( [ ’ a i x ’  ,  ’ w i n d o w s n t ’ ]  ,  ’ n n p ’ ) ]  ,  □  )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  4 ,  0 ,

□  , [ i t e m ( [ ’ a s ’ ,  ’ m u l t i ’ ]  , _ )  , i t e m ( _ , _ )  , i t e m ( [ ’ 4 0 0 ’ ,  ’ v o r k s t a t i o n ’ ]  , _ ) ]  ,

□ )-
r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  5 ,  0 ,

□  ,  [ i t e m ( [ ’ 6 5 0 2 ’ ,  ’ n o v e l l ’ ]  , _ ) ]  ,  [ i t e m ( _ ,  [ ’ ,  ’ ,  ’ e n d s e n t ’ ]  ) ] ) .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  p l a t f o r m ,  5 ,  0 ,

[ i t e m ( [ ’  ( ’ ,  ’ i n ’ ]  , _ ) ]  ,  [ i t e m ( [ ’ w i n d o w s ' ,  ’ m s ’ ]  ,  ’ n n p ’ )  ,  

i t e m ( _ ,  [ ’ c d ’ ,  ’ n n p ’ ] ) ]  ,  □ )  .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  p l a t f o r m ,  2 8 ,  1 ,

□  ,  [ i t e m ( _ ,  ’ n n p ’ )  , i t e m ( [ ’ u x ' ,  ’ 9 5 ’ ]  , _ ) ]  .  □ )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  1 5 ,  0 ,

[ l i s t ( 2 ,  [ ’ s y s t e m s ’ ,  ’ w i l l ’ ,  ’ o p e r a t i n g ’ ]  , _ )  , i t e m ( _ ,  [ ’ v b ’ , ’ : ’ ] ) ] ,

[ i t e m ( [ ’ n t ’ , ’ S o l a r i s ’ ] , ’ n n p ’ ) ]  ,  □  )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  8 ,  0 ,

[ i t e m ( _ ,  [ ’ n n ’ . ’ i n ’ ] ) ] ,  [ i t e m (  [ ’ w i n d o w s  ’ ,  * p c ’ ] , _ ) ]  ,  [ i t e m ( _ ,  ’ n n s ’ ) ]  )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  3 5 ,  0 ,

□  , [ l i s t ( l , _ , ’ n n p ’ ) , i t e m ( ’ n t ’  ,  ’ n n p ’ ) ]  , [ i t e m ( _ , [ ’ e n d s e n t ’ , * , ’ ] ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  3 0 ,  1 ,

[ l i s t ( 2 , _ , _ ) ]  ,  [ i t e m ( [ ’ m a c ’ ,  ’ S o l a r i s ’  ,  ’ u n i x ’ ]  ,  ’ n n p ’ ) ]  ,  □  )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  1 8 ,  0 ,

[ i t e m ( _ ,  [ ’ i n ’ ,  ’ n n ’ ] ) ]  ,  [ i t e m ( [ ’ d o s ’ ,  ’ n t ’ ]  ,  ’ n n p ’ ) ]  ,  [ ] )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  4 ,  0 ,

[ i t e m (  [  * a s  ’ ,  ’ ( ’ ] , _ ) ] ,  [ i t e m ( [ ’ d i a l o g i c ’ ,  ’ w i n d o w s ’ ]  ,  ’ n n p ’ ) ]  ,  □ ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  7 ,  0 ,

□  ,  [ i t e m ( [ ’ W i n 3 2 ’ ,  ’ s u n ’ ]  ,  ’ n n p ’ ) ]  ,  [ i t e m ( [ ’ a p i ’ , ’ , ’ ] , _ ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  4 8 ,  2 ,
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[ i t e m ( _ ,  [ ’ n n ’ ,  ’ ,  ’  ,  ’ n n p ’  , ’ c c ’ ] ) ] ,  [ i t e m ( [ ’ w i n 9 5 ’ ,  ’ u n i x ’  ,  ’ a m d 2 9 k ’ ]  , _ ) ]  ,

□ ).
r o l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  8 ,  0 ,

[ i t e m ( [ ’ u n i x * ,  ’ i n ’ ]  , _ )  , i t e m ( _ ,  [ ’ ,  ’ ,  ’ d t ’ ] ) ]  ,  [ l i s t ( 2 ,  [ ’ / ’ ,  ’ m s ’ ,  ’ o s ’ ]  , _ )  ,  

i t e m ( [ ’ w i n d o w s ’ , ’ 2 ’ ] , _ ) ]  ,  [ i t e m ( _ , [ ’ , ’ , ’ n n ’ ] ) , i t e m ( _ ,  [ ’ c c ' , ’ . ’ ] ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  1 3 ,  0 ,

□  ,  [ i t e m ( [ ’ u n i x ’ , ’ s u n ’ ]  ,  ’ n n p ’ ) ] , [ i t e m ( _ , _ ) , i t e m ( _ ,  [ ’ v b z ’ , ’ n n p ’ ] ) ,  

i t e m ( _ , _ ) , i t e m ( _ , _ ) , i t e m ( _ ,  [ ’ . ’ , ’ , ’ ] ) ] ) .

r u l e f c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  6 ,  0 ,

[ i t e m ( _ ,  [ ’ :  ’ ,  ’ c d ’ ]  ) ]  ,  [ i t e m ( [ ’ a i x ’ ,  ’ n t ’ ]  ,  ’ n n p ’ ) ]  ,  □  )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  4 3 ,  0 ,

□  , [ i t e m ( ’ H i n d o o s ’ , ’ n n p ' )  , i t a m ( [ ’ n t ’ , ’ 3 . 1 ’ ] , _ ) ]  ,  □  ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ ,  ’ ,  ’ s y m ’ ]  ) ]  ,  [ i t e m (  [ ’ w i n n t  ’  ,  ’ x 8 6 ’ ]  , _ ) ] , □ ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  4 ,  0 ,

□  , [ i t e m ( [ ’ m a c ’ , ’ h p ’ ] ,  ’ n n p ' ) ]  ,  [ i t e m ( [ ’ o e b ’ , ’ a n d ’ ] , _ ) ] ) -  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  6 ,  0 ,

[ i t e m ( _ ,  [ ’ n n ’ ,  ’ d t ’ ] )  , l i s t ( 2 ,  [ ’ l a n d m a r k ’ ,  ’  +  ’ ]  , _ ) ]  .

[ i t e m ( [ ’ a i x ’ , ’ n t ’ ] , ’ n n p ’ ) ]  ,  [ i t e m ( _ , [ ’ n n ’ , ’ v b d ’ ] ) ]  ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  1 3 ,  0 ,

[ i t e m ( _ ,  [ ’ n n ’ ,  ’ d t  ’ ]  ) ]  ,  [ i t e m (  [ ’ w i n ’ ,  ’ u n i x ’ ]  ,  ’ n n p ’ ) ]  ,  □  )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  3 ,  0 ,

[ i t e m ( [ ’ s t r o n g ’ , ’ y 2 k ’ ] , _ ) ]  ,  [ i t e m ( [ ’ d o s ’ , ’ i b m ’ ] , ’ n n p ’ ) ]  ,  □ ) .  

r u l e ( c o m p u t e r _ s c i e n c e . j o b ,  p l a t f o r m ,  3 ,  0 ,

[ i t e m ( _ ,  [ ' v b ' ,  ’ n n ’ ]  ) ]  ,  [ i t e m ( [ ’ b s d ’ ,  ’ 9 5 ’ ]  , _ ) ] , □ )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  5 ,  0 ,

[ i t e m ( _ , [ ’ n n ’ , ’ e n d s e n t ’ ] ) ] ,  [ i t e m ( [ * S o l a r i s ’ .  ’ H i n d o o s ’ ] , ’ n n p ’ ) ] ,

[ i t e m ( _ ,  [ ’ n n ’ ,  ’ n n p ’ ] ) ] )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  1 8 ,  0 ,

[ i t e m ( _ , [ ’ , ’ , ’ n n ’ , ’ i n ’ ] ) ]  ,  [ i t e m ( [ ’ n t ’ , ’ a i x ’ .  * a s 4 0 0  ’ ] , ’ n n p ’ ) ] ,

[ i t e m ( _ , _ ) , i t e m ( _ , [ ’ n n p ’ , ’ c d ’ ] ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  4 ,  0 ,

□  ,  [ i t e m ( _ ,  ’ n n p ’ )  , i t e m (  [ ’ 2 2 0 0 ’ ,  ’ p c ’ ] , _ ) ] , □ )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  3 4 ,  0 ,

[ i t e m ( _ ,  [ ’ n n p ’ ,  ’ c c ' ]  )  , i t e m ( _ , _ ) ]  ,  [ i t e m (  [ ’ u n i x * ,  ’ x 8 6 ’ ]  , _ ) ]  ,  □  )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  1 6 ,  0 ,

[ i t e m ( _ ,  [ ’ n n s ’ ,  ’ n n p ’ ] )  , i t e m ( ’ , ’ , ’ , ’ ) ] ,  [ i t e m ( [ ’ u n i x *  ,  ’ p s o s ’ ]  , _ ) ] , □ ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  p l a t f o r m ,  3 4 ,  1 ,

[ i t e m ( _ ,  [ ’ i n ' , ’ , ’ ] ) ] ,  [ l i s t ( 2 , _ ,  [ ’ :  ’ ,  ’ n n p ’ ] )  ,  

i t e m ( [ ’ n t ’ , ’ u x ’ ]  , ’ n n p ’ ) ] ,  □  ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  l a n g u a g e ,  1 4 ,  0 ,

[ l i s t ( 2 , [ ’ k n o o l d g e ’ , ’ m f  c ’ ,  ’ w o r k i n g ’ ] , _ ) , i t e m ( _ , _ ) ]  , [ i t e m (  ’ v i s u a l ’ , ’ j j ’ ) ,  

i t e m ( ’ b a s i c ’ , ’ n n p ’ ) ] , [ ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  l a n g u a g e ,  1 9 ,  0 ,

[ l i s t ( 2 , [ ’ , ’ , ’ i n t e l ’ , ’ p o w e r b u i l d e r ’ ]  , _ ) ]  ,  [ i t e m ( [ ’ x 8 6 ’ , ’ v i s u a l ’ ] , _ ) ,  

i t e m (  [ ’ a s s e m b l y ’ , ’ b a s i c ’ ] , _ ) ] ,  □  )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  l a n g u a g e ,  2 6 ,  0 ,

[ i t e m ( [ ’ - ’ , ’ , ’ ] , _ ) ] , [ l i s t ( 2 ,  [ ’ / ’ , ’ p r o ’ , ’ m i c r o f o c u s ’ c o b o l ’ ]  , _ )  ,  

i t e m ( [ ’ c ’ , ’ c o b o l ’ , ’ 4 0 0 ’ ] , _ ) ] ,  [ i t e m ( _ , [ ’ t o ’ , ’ , ’ ] ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e _ j o b ,  l a n g u a g e ,  8 ,  0 ,

□  ,  [ i t e m ( [ ’ v c ’ .  ’ r p g ’ ]  , _ )  , i t e m ( _ , _ )  , i t e m ( _ ,  [ ’ s y m ’ ,  ’ c d ’ ] ) ] , □ )  .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  l a n g u a g e ,  4 4 ,  0 ,

[ i t e m ( _ , [ ’ i n ’ ’ n n ’ , ’ ( ’ ] ) ] , [ i t e m ( [ ’ r p g i i i ’ ,  ’ p b ’  , ’ n a t u r a l ’ , ’ f o r t r a n ’ ,  

’ c ’ , ’ k s h * ]  , _ ) ] , [ i t e m ( _ ,  [ ’ n n ’ ,  ’ c c ’ , ’ n n s ’ , ’ , ’ ] ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  l a n g u a g e ,  1 9 ,  0 ,
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[ l i s t ( 2 , [ ' u s i n g ' , ' o r ' , ' d e v e l o p m e n t ' ]  , _ ) ]  , [ i t e m ( [ ' o r a c l e ' , ’ v i s u a l ’ ] . _ ) ,  

i t e m ( [ ' f o r m s ’ ,  ' b a s i c ' ]  , _ ) ] , □ ) .  

r u l e ( c o m p u t e r _ s c i e n c e _ j o b ,  l a n g u a g e ,  1 2 ,  0 ,

[ i t e m ( _ , [ ' e n d s e n t ' , ' n n p ' ] )  , i t e m ( _ , _ ) ] ,

[ i t e m ( [ ' p r o g r e s s ' , ' r o s c o e ' ,  ' c i c s ' , ’ r p g i v ’ ]  , ' n n p ' ) ] ,  □  ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  l a n g u a g e ,  2 7 ,  0 ,

□  , [ i t e m ( [ ’ p r o g r e s s * , ' h t m l ' ,  ’ j a v a ’ ] , _ ) ]  , [ i t e m ( [ ’ , ’ . ' p r o g r a m m i n g ' ] , _ ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  l a n g u a g e ,  2 4 ,  0 ,

[ i t e m ( [ ’ r d b m s ' , ’ , ’ ] , _ ) ] ,  [ i t e m ( [ ’ c ’ , ' j a v a ' ]  , ' n n ' ) ] ,  [ i t e m ( _ , [ ’ , ’ , ' n n ' ] ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  l a n g u a g e ,  4 1 ,  0 ,

□  , [ i t e m ( [ ’ h t m l ’ , ' s e q u e l '  ,  * p o o e r b u i l d e r ’ ]  , ' n n p ' ) ] ,  □  ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  l a n g u a g e ,  1 4 ,  0 ,

[ i t e m ( _ , [ ' e n d s e n t ' , ’ : ’ . ' c c ' ] ) ] ,  [ i t e m ( [ ’ c l o s ’ , ' c ' , ' t e l ' ] , _ ) ] ,

[ i t e m ( _ , [ ’ , ’ , ' n n p ' , ’ . ’ ] ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  l a n g u a g e ,  5 7 ,  1 ,

□  , [ i t e m ( [ ’ p o w e r b u i l d e r ’ ,  ' c ' ,  ' i d m s ' ] , _ ) ] ,

[ i t e m ( _ , [ ’ . ’ , ' n n s ' , ’ c c ’ , ' n n ' ,  ' t o ' ] ) ] ) .

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  l a n g u a g e ,  9 ,  0 ,

[ i t e m ( _ , [ ’ , ’ , ' i n ’ , ' v b p ' ] ) , l i s t ( 2 , _ , _ ) , i t e m ( _ , [ ' c c ' , ’ . ’ ] ) ] ,

[ i t e m ( [ ’ i m s ’ , ' c ' , ' c l ' . ' p a s c a l ' ] , _ ) ]  , [ l i s t ( 2 , _ , _ ) ,  

l i s t ( 2 , [ ' d b 2 ' , ' m o d e r n ' , ’ .  ’ ,  ' a n d ' , ' e n d s e n t ' ] , _ )  ,  

i t e m ( _ , [ ’ , ’ , ' e n d s e n t ' , ' d t ' ] ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  l a n g u a g e ,  7 ,  0 ,

□  , [ i t e m ( [ ' b s h ' , ' c i c s ' ] , _ ) ] ,  [ l i s t ( 2 , _ , _ )  , i t e m ( _ , [ ' n n ' , ’ e n d s e n t ’ ] ) ] ) .  

r u l e ( c o m p u t e r . s c i e n c e . j o b ,  l a n g u a g e ,  2 6 ,  1 ,

□  , [ i t e m ( [ * a s s e m b l e r * , ' d e l p h i ' ,  ’ c o b o l ’ ]  , _ ) ] , [ i t e m ( _ ,  [ ’ , ’ , ’ . ’ ] ) ] ) .  
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i t e m C  [ ’ b a s i c 1 ,  ’ S m a l l t a l k ' ]  ,  ' n n p ' ) ]  ,  □ )  . 
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r u l e C c o m p u t e r . s c i e n c e . j o b ,  l a n g u a g e ,  2 6 ,  0 ,

□  ,  [ i t e m ( [ ’ c ’ ,  ’ t e l ’ ]  , _ )  , i t e m ( [ ’ +  ’ ,  ’ / ’ ]  , _ )  , i t e m ( [ ’ +  ’ ,  ’ t k ’ ]  , _ ) ]  ,  [ i t e m C . , _ )  , 

i t e m ( _ , [ ' e n d s e n t ' , ’ j j ’ ] ) ] ) .

r u l e C c o m p u t e r . s c i e n c e . j o b ,  l a n g u a g e ,  4 4 ,  0 ,

[ i t e m C . , [ ’ i n ’ , ' n n ' ] ) ]  , [ i t e m ( _ , _ ) , i t e m C ’ +  ’ , ' s y m ' ) , i t e m C ’ +  ’ , ' s y m ' ) ]  ,  [ ]  )  .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  l a n g u a g e ,  3 2 ,  0 ,
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r u l e C c o m p u t e r . s c i e n c e . j o b ,  l a n g u a g e ,  7 ,  0 ,
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[ i t e m C  [ ’ - ’ , ’ t o ’ ]  , _ ) ] , [ i t e m C  [ ’ 8 ’ , ’ 4 ’ , ’ S ’ , ’ 1 0 ’ , ’ 6 ’ ] , [ ’ n n ’ , ’ c d ’ ] ) ] ,
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r u l e C c o m p u t e r . s c i e n c e . j o b ,  d e s i r e d . y e a r s . e x p e r i e n c e ,  2 0 ,  1 ,
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r u l e C c o m p u t e r . s c i e n c e . j o b ,  d e s i r e d . y e a r s . e x p e r i e n c e ,  1 7 ,  0 ,

[ i t e m C . , [ ’ v b g ’ ,  ’ e n d s e n t ’ . ’ s y m ’ , ’ , ’ ] ) , i t e m C . , ’ c d ’ ) , i t e m C . , [ ' : ’ , ’ t o ’ ] ) ]  ,  

[ i t e m C [ ’ 5 ’ , ’ 4 ’ ] , _ ) ] , [ i t e m C . , ’ n n s ’ ) ] ) . 

r u l e C c o m p u t e r . s c i e n c e . j o b ,  d e s i r e d . d e g r e e , 6 ,  0 ,

[ i t e m C . , [ ’ e n d s e n t  ’ c c ’ ] ) ]  ,
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r u l e C c o m p u t e r . s c i e n c e . j o b ,  c o u n t r y ,  1 0 9 ,  2 ,

[ i t e m C [ ’ a n d ’ , ’ :  ’ ,  ’ e n d s e n t ’ ]  , _ ) ]  ,  [ i t e m C [ ’ u k * .  ’ u s a ’ , ’ u s ’ ]  ,  [ ’ n n p ’ ,  ’ p r p ’ ] ) ]  ,
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i t e m ( _ , _ ) , i t e m C . ,  [ ’ n n p * , ’ , ’ ] ) ] ) .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  4 ,  0 ,

[ i t e m C [ ’ o r a c l e ’ , ’ a c c e s s ’ ]  , _ ) , i t e m C ’ , ’ , ’ , ’ ) ] , [ l i s t ( 2 , _ , ’ n n p ’ ) ] ,

[ i t e m C . , [ ’ c c ’ , ’ , ’ ] ) , i t e m C [ ’ S y b a s e ’ , ’ g u i ’ ] , ’ n n p ’ ) ]  ) .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  8 ,  0 ,

[ i t e m C . ,  [ ’ e n d s e n t ’ ,  ’ n n p ’ , ’ n n s  ’ ]  )  , i t e m C . , _ ) ]  .

[ i t e m C  [ ’ c o n s t r u c t  ’ ,  ’ s a s ’ , ’ d i r e c t d r a w ’ ]  , _ ) ] , □ ) .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  2 4 ,  0 ,

[ i t e m ( _ , [ ’ n n p ’ ,  ’ n n ’ ] ) , i t e m ( _ , _ ) ]  ,

[ i t e m C [ ’ s y b a s e ’ ,  ' q a d ’ ,  ’ g r o u p w a r e ’ ,  ’ b a c k o f f i c e ’ ,  ’ i d e a l ’ ]  ,  ’ n n p ’ ) ]  ,  □ )  .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  3 3 ,  0 ,

0 , [ i t e m ( [ ’ o r a c l e ’ , ’ d b 2 ’ ] , _ ) ] , [ i t e m ( _ ,  [ ’ , ’ , ’ c d ’ , ’ v b z ’ ] ) ] )  .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  3 ,  0 ,

[ i t e m ( _ , [ ’ n n p ’ , ’ C ’ ] ) , i t e m C [ ’ b a c k ’ , ’ j a v a ’ ] , ’ n n p ’ ) , i t e m ( _ , _ ) ] ,

[ i t e m C [ ’ d a z z l e ’ , ’ c g i ’ ] , ’ n n p ’ ) ] , [ i t e m C . ,  [ ’ e n d s e n t ’ , ’ , ’ ] ) ] ) .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  1 7 ,  0 ,

□  ,  [ i t e m C [ ’ i n g r e s ’ , ’ s y b a s e ’ , ’ e n d e v o r ’ ] , _ ) ] , [ l i s t C 2 , _ , _ ) , 

i t e m C . , [ ’ n n * . * , ’ , ’ : * ] ) ] ) .

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  4 ,  0 ,

[ i t e m C [ ’ h a c m p ’ , ’ m a n a g e m e n t ’ , ’ c i c s ’ ] , ’ n n p ’ ) , i t e m C ’ , ' , ’ , ’ ) ] ,

[ l i s t C 3 , [ ’ 6 0 0 0 ’ , ’ / ’ , ’ h p ’ ,  ’ d b 2 ’ , ’ o p e n v i e v ’ , ’ n e t v i e w ’ ] , _ ) ] ,

[ i t e m C . , [ ’ e n d s e n t ’ , ’ C ’ , ’ : ’ ] ) ] ) -  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  S ,  0 ,

[ i t e m C . , [ ’ , ’ , ’ c c ’ ] ) ] , [ i t e m C . , ’ n n p ’ ) . i t e m C [ ’ o f f i c e ’ , ’ a c c e s s ' ]  , _ ) ] ,  □  ) .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  1 0 ,  0 ,

[ i t e m C . , [ ’ c c * , ’ s y m ’ , ’ n n ’ ] ) ]  , [ i t e m C . , ’ n n p ’ ) , i t e m C ’ s e r v e r ’ , ’ n n p ’ ) ] ,  □  ) .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  1 0 ,  0 ,

□  , [ i t e m C [ ’ s a p ’ , ’ v s a m ’ , ’ i t a ’ ]  , ’ n n p ’ ) ] ,  [ ]  ) .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  6 ,  0 ,

□  ,  [ i t a m C  [ ’ o p e r a t i o n ’ , ’ m s ’ ]  ,  ’ n n p ’ )  ,  i t e m C  [ ’ c e n t e r ’ ,  ’ a c c e s s  ’ ]  , _ ) ] , □ ) .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  4 ,  0 ,

[ i t e m C [ ’ , ’ , ’ w i t h ’ ] , . ) ]  , [ i t e m C [ ’ n e t s c a p e ’ , ’ p e o p l e s o f t ’ ] , ’ n n p ’ ) ] ,

[ i t e m C [ ’ , ’ , ’ i m p l e m e n t a t i o n ’ ]  , _ ) ] ) .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  4 ,  0 ,

[ i t e m C [ ’ h e a v y * ,  ’ o r ’ ]  , _ ) ]  ,  [ i t e m C [ ’ a c c e s s ’ , ’ i m s ’ ]  ,  ’ n n p ’ ) ] , [ ] ) .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  1 3 ,  0 ,

□  ,  [ i t e m C [ ’ i m s ’ ,  ’ d b 2 * , ’ g e s ’ ] , _ ) ] ,  [ i t e m C . , [ ’ c c ’ , ’ n n ’ , ’ d t ’ ] ) ] ) .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  1 3 ,  0 ,

[ i t e m C . , [ ’ , ’ , ’ n n p ’ , ’ i n ’ ]  ) ]  , [ i t e m C [ ’ i n f o r m i z ' , ’ s a p ’ , ’ t s o ’ ] , ’ n n p ’ ) ]  , [ ]  )  .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  5 ,  0 ,

□  , [ i t e m C [ ’ e s s b a s e ’ , ’ f o c u s ’ , ’ p o s t a l s o f t ’ ] , ’ n n p ’ ) ] ,  □ ) .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  3 ,  0 ,

[ i t e m C . , [ ’ , ’ , ’ : ’ ] ) ] , [ i t e m C [ ’ c o s m i c ’ , ’ c r y s t a l ’ ] , ’ n n p ’ ) ] ,

[ i t e m C . . [ ’ , ’ , ’ n n p ’ ] ) , i t e m C . ,  [ ’ c c ’ , ’ n n p ’ ] ) ] ) .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  2 0 ,  1 ,

[ i t e m ( [ ’ o r ’ ,  ’ ,  ’ ]  , _ ) ]  ,  [ i t e m ( [ ’ i m s ’ ,  ’ d b 2 ’ ]  , _ ) ]  ,  [ ]  ) .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  7 ,  0 ,

□  , [ i t e m C [ ’ w i n r u n n e r ’ ,  ’ a l e ’ ]  , _ ) ]  ,  □ )  .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  4 ,  0 ,

□  , [ i t e m C [ ’ m a c r o m e d i a ’ , ’ d i r e c t ’ ] , _ ) , i t e m C  [ ’ d i r e c t o r ’ , * 3 ’ ] , _ ) , i t e m C . , _ ) ,  

i t e m C . , . ) ]  ,  □ ) .

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  7 ,  0 ,
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□  ,  [ i t e m C  [ ’ p o p ’ , ' a c c e s s ' , ’ a b a p * ] , ' n n p ' ) ] , [ i t e m C . ,  [ ' n n s ' , ' e n d s e n t ’ , ' n n p ' ] ) ] ) .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  S ,  0 ,

□  ,  [ i t e m C [ ’ d b ’ , ’ l i f e ’ ] , ' n n p ' ) , i t e m ( _ , [ ' n n '  

i t e m C . ,  [ ’ c d ’ ,  ' n n p ' ] ) ]  ,  □  )  .

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  7 ,  0 ,

[ i t e m C  [ i t e m C ' a c c e s s * ,  ' n n ' ) ]  ,  □ )  .

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  6 ,  0 ,

□  ,  [ i t e m C [ ' s 2 k ' ,  ’ i n f o r m i x ’ ]  ,  ' n n p ' ) ]  ,  [ i t e m C . .  ,  ' n n s ' ] ) ] ) .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  4 ,  0 ,

□  ,  [ i t e m C [ ’ p e o p l e s o f t ’ , ’ e x c e l l ’ ] , ' n n p ' ) ] , [ i t e m C [ ’ . ’ , ’ a c c e s s ’ ] , _ ) ] ) .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  6 ,  0 ,

□  ,  [ i t e m C  ' l o t u s ' , i t e m C  ' n o t e s ’ , _ ) ] , □ ) .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  1 0 ,  0 ,

[ i t e m C . .  [ ' i n ’ . ’ n n ' ] ) ] ,  [ i t e m C  [ ’ a c c e s s ’ ,  ' s a s ' ]  , _ ) ] , □ ) .  

r u l e C c o m p u t e r . s c i e n c e . j o b ,  a p p l i c a t i o n ,  2 7 ,  0 ,

[ i t e m C . ,  [ ’ : ’ , ’ , ’ ] ) ] ,  [ i t e m C [ ' o r a c l e ' ,  ’ v i s u a l t e s t ’ ]  , _ ) ] , □ ) .

B .2 Seminar A nnouncem ents

The following rulebase was learned in the experiments reported in Section 4.7 

using R apier  with words and part-of-speech tags.

r u l e C s e m i n a r ,  s t i m e ,  8 6 ,  2 ,

[ l i s t C 2 , _ , _ ) ] , [ i t e m C . . ' c d ' ) , i t e m C , i t e m C . . ’ c d ’ ) ] ,

[ i t e m C . ,  [ ’ : ’ , ’ . ’ ] ) ] ) .  

r u l e C s e m i n a r ,  s t i m e ,  1 5 5 ,  0 ,

[ i t e m C [ ’ : ’ , ' a t ' ]  , _ ) ]  ,  [ i t e m C . , _ ) . i t e m C ’ , i t e m C [ ' 0 0 ' , ' 3 0 ' ] , ' c d ' ) , 

i t e m C  [ ’ p . m .  ’ ,  ' a m ' ,  ' p m ' ,  ' p .  m ’ ] ,  _ ) ] , □ ) .  

r u l e C s e m i n a r ,  s t i m e ,  4 ,  0 ,

[ i t e m C  [ ’ : ’ ,  ' a t ' ]  , _ ) ]  ,  [ i t e m C  [ ' 5 p m ' , ' 1 2 . 3 0 ' ]  , _ ) ]  ,  □ ) .  

r u l e C s e m i n a r ,  s t i m e ,  2 0 ,  0 ,

[ i t e m C . , . ) ] , [ i t e m C [ ’ 3 ’ , ’ 4 ’ , ’ 7 ’ ] , ’ c d ’ ) . i t e m C ’ ) . i t e m C ' c d ' ) ,  

i t e m C ’ p . m . ’ , _ ) ]  , [ l i s t C 3 , _ , _ ) , i t e m C . , [ ' n n p ' , ’ : '  ,  ’ d t ’ ] ) ] ) .  

r u l e C s e m i n a r ,  s t i m e ,  2 7 ,  0 ,

[ i t e m C [ ' f r o m ' , ' e n d s e n t ' ] , _ ) ] , [ l i s t C 2 , _ ,  , ' c d ' , ' n n ' ] ) , 

i t e m C  C ’ p m ' , ' 3 0 p m ' , ’ 3 0 ’ ] , _ ) ] , [ i t e m C . , i n ’ , ’ . ’ ] ) ] ) .  

r u l e C s e m i n a r ,  s t i m e ,  1 7 ,  0 ,

[ i t e m C [ ’ t i m e ’ , ’ . ’ ] , _ ) , i t e m C [ ’ :  ’ , ' e n d s e n t ' ] , _ ) ] ,  [ l i s t C 3 , _ , [ ’ :  ’ , ' n n p ' , ’ c d ’ ] ) ] ,

[ i t e m C  [ ’ e n d s e n t ’ , ’ - ’ ] , _ ) , i t e m C  [ ’ p l a c e ' , ’ 1 ’ ] , _ ) ] ) .  

r u l e C s e m i n a r ,  s t i m e ,  6 ,  0 ,

[ i t e m C ’ a t ’ , ' i n ' ) ]  , [ i t e m C . , . ) . i t e m C ’ i t e m C ’ 3 0 p m ’ , ’ c d ’ ) ] .  □  ) .  

r u l e C s e m i n a r ,  s t i m e ,  2 6 ,  0 ,

[ i t e m C [ ’ f r o m ’ , ’ : ’ ]  , _ ) ] , [ i t e m C . ,  ’ c d ’ ) . i t e m C ’ 

i t e m C [ ’ 3 0 p m ’ , ’ 3 0 ’ ]  , ’ c d ’ ) ] ,  [ i t e m C . , [ ’ t o ’ , ’ e n d s e n t ’ ] ) ] ) .  

r u l e C s e m i n a r ,  s t i m e ,  5 1 ,  1 ,

[ i t e m C . ,  [ ’ ,  ’ ,  ’ e n d s e n t ’ , ’ c d ’ ]  ) ]  ,  [ i t e m C . ,  ’ c d ’ )  . i t e m C  

l i s t ( 2 ,  [ ’ p . m . ’ , ’ 3 0 p m ’ , ’ 3 0 ’ ] , . ) ] ,  [ i t e m C . , [ ’ e n d s e n t ’ , ’ , ’ , ’ : ’ ] ) ] ) .  

r u l e C s e m i n a r ,  s t i m e ,  1 4 4 ,  3 ,

[ i t e m C  [ ’ a t  * , ’ : ’ , ’ ; • ] , _ ) ] , [ i t e m C  [ ’ 1 1 * , ’ 1 2 ’ . ’ 2 * , ’ 3 ’ ] , ’ c d ’ ) .  

i t e m C ’ : l i s t C 2 , [ ’ p m ’ , ’ 0 0 ’ . ’ 4 5 ’ , ’ 3 0 ’ ] , _ ) ] ,
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[ i t e m C _ .  [ ’ ,  ’ ,  ’ e n d s e n t ' ,  ’ : ’ ] ) ] ) .  

r u l e C s e m i n a r ,  s t i m e ,  6 ,  0 ,

[ i t e m C  [ ’ : ’ , ’ a t ’ ] , _ ) ] ,  [ i t e m ( [ ’ 9 . 0 0 ’ , ’ 1 ’ , ’ 5 ’ , ’ 7 ’ ] . _ )  ,  

i t e m ( _ , [ ’ n n ’ , ’ n n p ’ ] ) ]  ,  [ i t e m C [ ’ i n ’ , ’ e n d s e n t ’ , ’ , ’ ] , _ ) ] ) .  

r u l e C s e m i n a r ,  s t i m e ,  3 ,  0 ,

□  , [ i t e m C [ ’ 7 p m * , ’ 4 p m ’ ] , ’ c d ’ ) ]  ,  □  ) .  

r u l e C s e m i n a r ,  s t i m e ,  4 ,  0 ,

[ i t e m C [ ’ p r o m p t l y ’ , ’ 1 9 9 4 ’ ] , _ ) , i t e m C  [ ’ a t  ’ , ’ e n d s e n t ’ ] , _ ) ] ,

[ l i s t C 3 , _ ,  [ ’ :  ’ ,  ’ c d ’ ] ) ]  ,  [ i t e m C [ ’ u n t i l ’ , ’ - ’ ] , _ ) ] ) .  

r u l e C s e m i n a r ,  s t i m e ,  7 7 ,  0 ,

[ i t e m C [ ’ t i m e ’ , ’ a u d i t o r i u m ’ ] , _ ) , i t e m C [ ’ : ’ , ’ , ’ ] , _ ) ] , [ i t e m C . , ’ c d ’ )  , 

i t e m C ’ : ’ , ’ : ’ ) , i t e m C . . ’ c d ’ ) ] , [ i t e m C . ,  [ ’ : ’ . ’ • ’ ] ) ] ) .  

r u l e C s e m i n a r ,  s t i m e ,  3 ,  0 ,

□  ,  [ i t e m C [ ’ 5 ’ ,  ’ 4 ’ ]  , _ )  . i t e m C ’ p . m .  ’ ,  ’ n n ’ ) ]  ,  □ )  . 

r u l e C s e m i n a r ,  s t i m e ,  8 ,  0 ,

□  ,  [ i t e m C  [ ’ 1 ’ . ’ 3 ’ ] . ’ c d ’ ) .  i t e m C i t e m C  [ ’ 2 5 ’ . ’ 3 0 p m ’ ] , ’ c d ’ ) ] ,  

C i t e m C _ , _ ) , i t e m C . , [ ’ n n ’ , ’ e n d s e n t ’ ] ) ] ) .

r u l e C s e m i n a r ,  s t i m e ,  1 8 ,  0 ,

[ i t e m C [ ’ ’ s e m i n a r ’ ] , _ ) ]  , [ i t e m C [ ’ 1 2 ’ , ’ 1 ’ ]  ,  ’ c d ’ )  ,  i t e m C  

i t e m C _ , ’ c d ’ ) ] , [ i t e m C _ .  [ ’ : ’ , * i n ’ ] ) ] ) .  

r u l e C s e m i n a r ,  s t i m e ,  4 ,  0 ,

[ i t e m C . , [ ’ i n ’ , ’ , ’ ] ) ] , [ l i s t C 2 , _ , _ ) . i t e m C [ ’ a m ’ , ’ 0 0 p m ’ ]  ,  [ ’ n n p ’ , ’ c d ’ ] ) ]  ,

□ ).
r u l e C s e m i n a r ,  s t i m e ,  3 2 ,  0 ,

[ i t e m C . , [ ’ n n ’ , ’ , ’ ] ) , i t e m C [ ’ : ’ , ’ a t ’ ] , _ ) ] , [ i t e m C [ ’ 1 1 ’ , ’ 3 ’ ] , ’ c d ’ )  ,  

i t e m C . i t e m C [ ’ 3 0 * , ’ 3 0 p m ’ ] , ’ c d ’ ) ] , [ i t e m C . , [ ’ : ’ , ’ . ’ ] ) ] ) .  

r u l e C s e m i n a r ,  s t i m e ,  2 0 ,  0 ,

[ i t e m C [ ’ a t ’ , ’ : ’ ] , _ } ] ,  [ i t e m C . , ’ c d ’ ) . i t e m C  , i t e m C _ , ’ c d ’ )  ,

i t e m C  [ ’ a . m .  ’ ,  ’ a m ’ ]  , _ ) ] , □ ) .  

r u l e C s e m i n a r ,  s t i m e ,  6 ,  0 ,

[ i t e m C [ ’ e n d s e n t ’ , ’ a t ’ ] , _ ) ] , [ l i s t C 2 , _ , _ ) , i t e m C [ ’ n o o n ’ , ’ 3 0 p m ’ ]  , _ ) ]  , 

[ i t e m C _ , _ ) . l i s t C 2 , _ , _ ) , i t e m C . , [ ’ c c ’ , ’ : ’ ] ) ] ) .  

r u l e C s e m i n a r ,  s t i m e ,  3 ,  0 ,

[ i t e m C . . [ ’ , ’ , ’ n n p ’ ] ) ] , [ i t e m C ’ 3 ’ , ’ c d ’ ) . i t e m C i t e m C _ , ’ c d ’ ) ]  ,  

[ i t e m C . , [ ’ e n d s e n t ’ , ’ n n p ’ ] ) ] ) .  

r u l e C s e m i n a r ,  s t i m e ,  2 3 ,  0 ,

[ i t e m C ’ : ’ , ’ : ’ ) ] , [ i t e m C [ ’ 2 ’ , ’ 1 0 ’ ]  , ’ c d ’ ) , i t e m C i t e m C _ ,  ’ c d ’ ) ]  , 

[ i t e m C . , [ ’ e n d s e n t ’ , ’ : ’ ] ) ] ) .  

r u l e C s e m i n a r ,  s t i m e ,  5 6 ,  0 ,

[ i t e m C . , [ ’ , ’ , ’ e n d s e n t ’ ] ) ] , [ i t e m C _ , ’ c d ’ ) , i t e m C ’ : ’ , ’ : ’ )  , i t e m C _ , ’ c d ’ ) ]  ,  

[ i t e m C  , ’ : ’ ) ] ) .  

r u l e C s e m i n a r ,  s t i m e ,  1 0 ,  0 ,

[ i t e m C . , [ ’ e n d s e n t ’ , ’ i n ’ ] ) ] , [ i t e m C _ , ’ c d ’ ) . i t e m C ’ 

i t e m C [ ’ 3 0 p m ’ , ’ 0 0 ’ ] , ’ c d ’ ) ] , [ i t e m C [ *  — ’ , ’ i n ’ ] , _ ) , i t e m C _ , _ ) , 

i t e m C [ ’ : ’ , ’ 7 5 0 0 ’ ] , _ ) ] ) .  

r u l e C s e m i n a r ,  s t i m e ,  1 7 ,  0 ,

[ i t e m C [ ’ , ’ , ’ : ’ ] , _ ) ] , [ i t e m C [ ’ 2 * , ’ 4 ’ ] , ’ c d ’ ) . i t e m C ’ : 

i t e m C ’ 0 0 ’ , ’ c d ’ ) . l i s t C l . ’ p . m .  ’ , ’ n n ’ ) ] ,  [ i t e m C . , [ ’ e n d s e n t ’ , ’ : ' ] ) ] ) .  

r u l e C s e m i n a r ,  s p e a k e r ,  5 ,  0 ,

[ l i s t C 2 , _ , _ ) ] , [ i t e m C [ ’ t e r r a ’ , ’ t o s h i a k i ’ , ’ m i k e ’ , ’ s t e v e n ’ ] ,  ’ n n p ’ )  ,  

i t e m C _ , ’ n n p ’ ) ] ,  □ ) .  

r u l e C s e m i n a r ,  s p e a k e r ,  6 ,  0 ,

[ i t e m C _ . [ ’ i n ’ , ’ : ’ ] ) . i t e m C [ ’ e n d s e n t ’ , ’ r o y ’ ] , _ ) ]  ,  [ l i s t C 2 . _ , ’ n n p ’ ) ] ,  

[ i t e m C [ ’ e n d s e n t ’ , ’ w i l l ’ , ’ o n ’ ] , _ ) . i t e m C [ ’ n o v e m b e r ’ , ’ b e ’ , ’ 1 5 ’ ]  , _ ) ] )  .  

r u l e C s e m i n a r ,  s p e a k e r ,  5 ,  0 ,
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[ i t e m C . , [ * , ’ , ’ c d ’ ] ) , i t e m C [ ’ a n d ’ , ’ / ’ ] , _ ) ] .  [ i t e m C . , ’ n n p ’ ) , i t e m C . , ’ n n p ’ ) ] ,  

[ i t e m C . , [ ’ ( ’ , ’ , ’ ] ) ] ) .  

r u l e C s e m i n a r ,  s p e a k e r ,  4 ,  0 ,

□  ,  C l i s t C 2 , _ ,  ’ n n p ’ )  , i t e m C  [ ’ j o n e s ’ ,  ’ b r e z a n y  ’ ,  ’ m c l a u g h l i n ’ ]  ,  ’ n n p ’ ) ]  ,  

[ i t e m C . , _ ) , i t e m C . , [ ’ n n ’ , ’ d t ’ , ’ n n p ’ ] ) ] )  .

r u l e C s e m i n a r ,  s p e a k e r ,  4 ,  0 ,

[ i t e m C . ,  [ ’ s y m * ,  ’ n n ’ ,  ’ n n p ’ ]  )  , i t e m C . ,  [ ’ :  ’ ,  ’ e n d s e n t ’ ]  ) ]  ,

[ i t e m C C ’ r o g e r ’ , ’ d a n ’ , ’ j e r o m e ’ ] , ’ n n p ’ ) , i t e m C . . ’ n n p ’ ) ] ,  □  ) .  

r u l e C s e m i n a r ,  s p e a k e r ,  1 9 ,  0 ,

[ i t e m C [ ’ : ’ , ’ b y ’ , ’ e n d s e n t ’ , ’ 7 2 2 0 ’ ] , _ ) ] ,  [ i t e m C [ ’ p a t r i c k ’ , ’ r a j i v ’ , ' d r . ’ , 

’ p a t ’ , ’ h u g h ’ ] , ’ n n p ’ ) , l i s t C 3 , _ , [ ’ : ’ , ’ n n p ’ ] ) ]  ,

[ i t e m C . , [ ’ , ’ , ’ v b z ’ , ’ e n d s e n t ’ ] ) ] ) .  

r u l e C s e m i n a r ,  s p e a k e r ,  1 6 ,  0 ,

[ l i s t  C 2 , [ ’ . ’ , ’ i n s t r u c t o r 1 ’ p a t t e r n ’ ] , _ ) ,  

i t e m C . , [ ’ : ' , ’ e n d s e n t ’ , ’ , ’ ] ) ] ,

[ i t e m C  [ ’ k e i t h ’ , ’ l e o n a r d ’ , ’ a l e x ’ , ’ d r . ’ ] , ’ n n p ’ ) , l i s t C 3 , _ , ’ n n p ’ ) ] ,

[ i t e m C . , [ ’ C ’ , ’ e n d s e n t * , ’ m d ’ , ’ , ’ ] ) ] ) .  

r u l e C s e m i n a r .  s p e a k e r ,  6 ,  0 ,

□  ,  [ i t e m C [ ’ p r o f e s s o r * , ’ v i l l i a m ’ ] , ’ n n p ’ ) , i t e m C . , ’ n n p ’ ) , i t e m C . , ’ n n p ’ ) ] , 

[ i t e m C  [ ’ o f ’ , ’ e n d s e n t  * ] , _ ) ] ) .

r u l e C s e m i n a r ,  s p e a k e r ,  1 3 ,  0 ,

[ l i s t  C 2 , _ , _ ) , i t e m C . , [ ’ e n d s e n t ’ , ’ , ’ ] ) ] ,  [ i t e m C  [  ’ l e v ’ , ’ a l e x ’ , ’ d r . ’ ] , ’ n n p ’ ) ,  

l i s t C 3 , _ , ’ n n p ’ ) ] , [ i t e m C . , [ ’ e n d s e n t *  , ’ m d ’ ,  ’ , ’ ] ) ] ) .  

r u l e C s e m i n a r ,  s p e a k e r ,  3 ,  0 ,

□  ,  [ i t e m C [ ’ r i c h a r d * , ’ e r i c ’ ] , ’ n n p ’ ) , l i s t C 3 ,  [ ’ , ’ , ’ n y b e r g ’ , ’ m ’ , ’ h . ’ ] , _ ) ,  

i t e m C . , . ) ] , [ i t e m C ’ e n d s e n t ’ , ’ e n d s e n t  ’ ) ] )  .

r u l e C s e m i n a r ,  s p e a k e r ,  1 9 ,  0 ,

[ i t e m C . ,  [ ’ i n ’ ,  ” ”  ,  ’ c c ’ ,  ’ ,  ’ ,  ’ e n d s e n t  ’ , ’ : ’ ] ) ] ,  [ l i s t C 3 , _ ,  ’ n n p ’ ) ,  

i t e m C C ’ h a g e r ’ , ’ C h r i s t i a n s o n ’ , ’ t r i n k l e ’ , ’ s z e l i s k i ’ , ’ s a t h i ’ , ’ k e d z i e r s k i ’ , 

’ g u n z i n g e r ’ ,  ’ f e d d e r ’ ,  ’ b a h e t i ’ ,  ’ s m i t h ’ ,  ’ f i n k ’ , ’ p a p a d i m i t r i o u ’ ,

’ b r a c k e n ’ ]  ,  ’ n n p ’ ) ]  ,  □ )  .  

r u l e C s e m i n a r ,  s p e a k e r ,  9 ,  0 ,

[ i t e m C . , [ ’ e n d s e n t ’ , ’ n n ’ ] ) ] , [ i t e m C [ ’ j o n a t h a n ’ , ’ c h i p ’ , ’ d i n e s h ’ , ’ r o b e r t ’ , 

’ e r i k ’ ,  ’ b r u c e ’ ]  ,  ’ n n p ’ )  , i t e m C . ,  ’ n n p ’ ) ]  ,  □ )  .  

r u l e C s e m i n a r ,  s p e a k e r ,  3 ,  0 ,

[ i t e m C . , _ ) , i t e m C . , _ ) ] , [ l i s t C 2 , _ , ’ n n p ’ ) ] ,  [ i t e m C [ ’ o f ’ , ’ e n d s e n t ’ ] , _ ) ,  

i t e m C C ’ i s t a r ’ , ’ d a r t m o u t h ’ ] , ’ n n p ’ ) ] )  .  

r u l e C s e m i n a r ,  s p e a k e r ,  9 ,  0 ,

[ i t e m C . , [ ’ : ’ , ’ n n ’ ] ) ] , [ i t e m C [ ’ r a n d y * , ’ p a t r i c k ’ , ’ j o h n ’ , ’ t o n y ’ , ’ g o r d o n ’ , 

’ r a l p h ’ ] , ’ n n p ’ ) , i t e m C . , ’ n n p ’ ) ] ,  □  ) .  

r u l e C s e m i n a r ,  s p e a k e r ,  3 ,  0 ,

[ i t e m C . ,  [ ’ :  ’ ,  ’ n n p ’ ] )  . i t e m C e n d s e n t ’ ,  ’ e n d s e n t ’ ) ]  , [ i t e m C [ ’ n o b u t o s h i ’ , 

' p r o f e s s o r ’ ] , ’ n n p ’ ) , i t e m C . , ’ n n p ’ ) ] , [ i t e m C . ,  [ ’ m d ’ , ’ v b z ’ ]  ) ]  ) .  

r u l e C s e m i n a r ,  s p e a k e r ,  6 ,  0 ,

[ i t e m C . , [ ’ e n d s e n t ’ , ’ : ’ ] ) ] , [ l i s t C 3 , _ , ’ n n p ’ ) ,  

i t e m C [ ’ g o u l d ’ , ’ l a m p o r t ’ , ’ l e n n e r t ’ ]  ,  ’ n n p ’ ) ]  ,  □ )  . 

r u l e C s e m i n a r ,  s p e a k e r ,  S ,  0 ,

□  ,  [ i t e m C [ ’ m e l ’ , ’ v o j c i e c h ' , ’ r i t a ’ ] , ’ n n p ’ ) , i t e m C . , ’ n n p ’ ) ]  ,  □  ) .  

r u l e C s e m i n a r ,  s p e a k e r ,  8 ,  0 ,

[ i t e m C . ,  [ ’ i n ’ ,  ’ e n d s e n t ’ ,  ’ v b g ’ ]  ) ]  ,  [ i t e m C  [ ’ a l e s s a n d r o ’ , ’ r o b e r t  ’ ,  ’ d a v i d ’ , 

’ a n d r e v ’ ]  ,  ’ n n p ’ )  ,  i t e m C . ,  ’ n n p ’ ) ]  ,  [ i t e m C . , . )  ,  i t e m C . ,  [ ’ v b ’ ,  ’ p r p ’ ,  ’ n n p ’ ]  ) ]  )  .  

r u l e C s e m i n a r ,  s p e a k e r ,  8 ,  0 ,

[ i t e m C . ,  [ ’ i n ’ ,  ’ c c ’ , ’ : ’ ] ) ] ,  [ l i s t C 3 , _ ,  ’ n n p ’ )  . 

i t e m C  [ ’ b o r e n s t e i n ’ ,  ’ s m i t h ’ ,  ’ s i m m o n s  ’ , ’ d e s a ’ ]  ,  ’ n n p ’ ) ]  ,  □  )  .  

r u l e C s e m i n a r ,  s p e a k e r ,  1 2 ,  0 ,
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□  ,  [ i t e m ( _ ,  ’ n n p ’ )  , i t e m C  [ ’ g r e g o r y ’ ,  ’ k o e c h l i n g ' ,  ’ e t z i o n i ’ ,  ’ s k i e n a ’ ,

' p e r l a n t ’ , ’ b o o c h ’ , ’ f u k a v a ’ , ’ b i s c h o f ’ ] , _ ) ] ,  □  )  .

r u l e C s e m i n a r ,  s p e a k e r ,  3 ,  0 ,

[ i t e m C  [ ’ b y ’ , i t e m (  [ i t e m ( _ ,  ’ n n p ’ )  , i t e m ( _ ,  ’ n n p ’ ) ]  ,

[ i t e m ( _ , [ ’ e n d s e n t ’ , ’ ( ’ ] ) ] ) .  

r u l e C s e m i n a r ,  s p e a k e r ,  3 ,  0 ,

[ i t e m C [ ’ e n d s e n t ’ , ’ a n d ’ ] , _ ) ] , [ i t e m C _ . ’ n n p ’ ) , i t e m C _ , ’ n n p ’ ) ]  ,

[ i t e m C  [ ’ e n d s e n t ' ,  ’ c o m p u t a t i o n a l ’ ]  , _ )  , i t e m C  [ ’ i n s t i t u t e ’ , ’ l i n g u i s t i c s  ’ ]  ,  ’ n n p ’ ) ]  )  ■ 

r u l e C s e m i n a r ,  s p e a k e r ,  4 ,  0 ,

[ i t e m C ’ e n d s e n t ’ ,  ’ e n d s e n t ’ ) ]  ,  [ i t e m C  [ ’ b e n n e t t  ’ ,  ’ p a u l ’ ,  ’ k a i ’ ]  ,  ’ n n p ’ )  , 

l i s t C 3 , _ ,  [ ’ n n p ’ , ’ : ’ ] ) ] ,  [ i t e m C . ,  [ ’ ,  ’ ,  ’ e n d s e n t ’ ,  ’ c c ’ ] ) ]  )  .  

r u l e C s e m i n a r ,  s p e a k e r ,  1 5 ,  0 ,

□  ,  [ i t e m C C ’ j i m ’ , ’ d r . ’ ]  ,  ’ n n p ’ ) , l i s t C 3 , _ . ’ n n p ' ) ]  .

[ i t e m C . , [ ’ i n ’ , ’ d t ’ , ’ e n d s e n t ’ ] ) ] ) .

r u l e C s e m i n a r ,  s p e a k e r ,  4 ,  0 ,

[ i t e m C _ , ’ : ’ ) ] , [ i t e m C  [ ’ p e t e r ’ , ’ e r i c ’ , ’ n e i l ’ J  .  ’ n n p ’ ) , i t e m C . , ’ n n p ’ ) ] ,  □  ) .  

r u l e C s e m i n a r ,  s p e a k e r ,  3 ,  0 ,

[ l i s t C 2 ,  [ ’ :  ’ ,  ’ e n d s e n t ’ ,  ’ w h o ’ ]  , _ ) ]  ,  [ i t e m C  [ ’ m i c h a e l ’ , ’ d r .  j i m ’ ]  ,  ’ n n p ’ ) ,  

i t e m C _ , _ ) ]  , [ i t e m C . , [ ’ e n d s e n t ’ , ’ , ’ ] ) , i t e m C _ . ’ n n p ’ ) ] ) .  

r u l e C s e m i n a r ,  s p e a k e r ,  3 ,  0 ,

□  , [ i t e m C [ ’ l a r a ’ , ’ m r . ’ ]  ,  ’ n n p ’ ) , l i s t C 2 , _ , ’ n n p ' ) ]  ,

[ i t e m C [ ’ b i o d e g r a d a t i o n ’ , ’ , ’ ] , _ ) ]  )  .

r u l e C s e m i n a r ,  s p e a k e r ,  4 ,  0 ,

[ i t e m C [ ’ m e c h a n i s m s ’ , ’ 5 4 0 9 ’ ] , _ ) , i t e m C ’ e n d s e n t ’ ,  ’ e n d s e n t ’ ) ]  , [ i t e m C . , ’ n n p ’ ) ,  

i t e m C _ , ’ n n p ' ) ] , [ i t e m C ’ e n d s e n t ’ , ’ e n d s e n t ’ ) ] ) . 

r u l e C s e m i n a r ,  s p e a k e r ,  8 ,  0 ,

[ i t e m C _ , [ ’ e n d s e n t * , ’ , ’ , ’ v b ’ ] ) ]  , [ i t e m C [ ’ S t e v e ’ ,  ’ m i c h e l l e ’ , ’ e d ’ . ’ f i l ’ ] , ’ n n p ’ ) , 

i t e m C _ ,  ’ n n p ' ) ]  ,  □ )  .  

r u l e C s e m i n a r ,  s p e a k e r ,  7 ,  0 ,

[ i t e m C . , [ ’ e n d s e n t ’ , ’ : ’ ] ) ] , [ i t e m C [ ’ t o m ’ , ’ j a m e s ’ , ’ c i n d y ’ ] , ’ n n p ’ ) ,  

i t e m C _ . ’ n n p ’ ) ] , [ i t e m C _ . [ ’ i n ’ , ’ e n d s e n t ' , ’ c c ’ ] ) ] ) .  

r u l e C s e m i n a r ,  s p e a k e r ,  7 ,  0 ,

□  ,  [ i t e m C . ,  ’ n n p ’ )  . i t e m C  [ ’ m o u n t f o r d ’ ,  ’ f i t z g e r a l d ’ . ’ a m b e r ’ ,  ’ m u n t e r ’ ,

’ h a n c o c k ’ ,  ’ d a r i o ’ ]  ,  ’ n n p ’ ) ]  , □ )  .

r u l e C s e m i n a r ,  s p e a k e r ,  2 2 ,  0 ,

[ i t e m C [ ’ e n d s e n t *  ,  ’ b i o m o l e c u l e s ' ]  , _ )  . i t e m C [ ’ s p e a k e r ' ,  ” " ]  , _ )  ,  

i t e m C [ ’ : ’ , ’ e n d s e n t ’ ] , _ ) ]  ,  [ i t e m C _ . ’ n n p ’ ) , i t e m C _ ,  ’ n n p ’ ) ] ,

[ i t e m C _ . [ ’ e n d s e n t ’ , ’ , ’ ] ) ] ) .  

r u l e C s e m i n a r ,  s p e a k e r ,  6 ,  0 ,

□  , [ i t e m C  C ’ m i c h a e l ’ , ’ m r . ’ ] , ’ n n p ’ ) , l i s t C 2 , _ , ’ n n p ’ ) ] ,

[ i t e m C _ , [ ’ e n d s e n t ’ , ’ C ’ ] ) ] ) .

r u l e C s e m i n a r ,  s p e a k e r ,  6 ,  0 ,

□  ,  [ i t e m C [ ’ l a u r a ’ , ’ m r .  ’ ,  ’ a l e x ’ ]  , ’ n n p ’ ) , i t e m C . ,  ’ n n p ’ ) ] ,

[ i t e m C . , [ ’ v b z ’ , ’ e n d s e n t ’ ] ) ] ) .

r u l e C s e m i n a r ,  s p e a k e r ,  4 ,  0 ,

[ i t e m C . , [ ’ c c ’ , ' i n ’ , ’ : ’ ] ) ] , [ i t e m C [ ’ r i c k ’ , ’ m r . ' ,  ’ v i c t o r ’ ] , ’ n n p ’ ) , 

i t e m C . , ’ n n p ’ ) ] ,  □ ) .  

r u l e C s e m i n a r ,  s p e a k e r ,  4 ,  0 ,

□  ,  [ i t e m C _ ,  ’ n n p ’ )  , i t e m C [ ’ a d e l s o n ’ ,  ’ c h r i s t e l ’ ,  ’ k e l l y ’ ]  ,  ’ n n p ’ ) ]  ,  □  )  .  

r u l e C s e m i n a r ,  s p e a k e r ,  4 ,  0 ,

□  ,  [ i t e m C C ' r a l p h ’ , ’ i d o ’ ,  ’ m a r i n e ’ ] , ’ n n p ’ ) , l i s t C 2 , _ , ’ n n p ’ ) ]  ,

[ i t e m C _ , [ ’ e n d s e n t ’ , ’ m d ’ ,  ’ :  ’ ] ) ] ) .

r u l e C s e m i n a r ,  s p e a k e r ,  4 ,  0 ,

[ i t e m C _ , ’ n n ’ ) . i t e m C [ ’ e m p l o y e r s ’ , ’ : ’ ] , _ ) , i t e m C  ’ e n d s e n t ’ , ’ e n d s e n t ’ ) ] ,

[ i t e m C _ , ’ n n p ’ ) , i t e m C . , ’ n n p ’ ) ] , [ i t e m C [ ’ f r o m ’ , ’ a n d ’ ] , _ )  ,
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[ ' d t * , ’ n n p * ] ) ] ) . 

r n l e ( s e m i n a r ,  s p e a k e r ,  6 , 0 ,

□  ,  [ i t e m C _ ,  ’ n n p ’ )  . i t e m C [ ’ c a r p e n t e r ’ ,  ’ g r e i n e r ’ ,  ’ c o l e m a n ’ ,  ' v a s u l k a ' ,

’ m c c a l l ’ ] , ’ n n p ’ ) ] ,  □  ) .

r u l e C s e m i n a r ,  s p e a k e r ,  3 ,  0 ,

[ i t e m C [ ’ : ’ , ’ b y ’ ] , _ ) ] , [ i t e m C [ ’ n o b u h i s a ’ , ’ p r o f e s s o r ' ] , ’ n n p ’ ) , l i s t C 2 , _ , ’ n n p ’ ) ] ,

[ i t e m C . , [ ’ e n d s e n t ’ , ’ i n ’ ] ) ] ) .  

r u l e C s e m i n a r ,  s p e a k e r ,  3 ,  0 ,

[ i t e m C . , [ ’ n n p * , ’ n n ’ ] ) , i t e m C . . [ ’ e n d s e n t ’ , ’ , ’ ] ) ] ,  [ l i s t C 2 , _ , ’ n n p ’ ) ,  

i t e m C [ ’ c u r l e e ’ , ’ k a t z ’ ] , ’ n n p ’ ) ] ,  □  ) .  

r u l e C s e m i n a r ,  s p e a k e r ,  6 ,  0 ,

[ i t e m C . ,  [ ’ v b z ’ ,  ’ e n d s e n t ' ]  ) ]  ,  [ i t e m C  [ ’ m i k e ’ ,  ’ t o s h i a k i ’ ,  ’ t e r r a ’ ]  ,  ’ n n p ’ )  , 

i t e m C . , ’ n n p ’ ) ]  ,  □ )  . 

r u l e C s e m i n a r ,  s p e a k e r ,  4 ,  0 ,

□  , [ i t e m C [ ’ a l a n ’ , ’ m r . ’ , ’ t o s h i n a r i ’ ] , ’ n n p ’ ) , i t e m C . , ’ n n p ’ ) ]  ,

[ i t e m C _ , [ ’ , ’ , ’ m d ’ , ’ e n d s e n t ’ ] ) ] )  .

r u l e C s e m i n a r ,  s p e a k e r ,  5 ,  0 ,

[ i t e m C . , [ ’ c d ’ , ’ e n d s e n t ’ ] ) ]  , [ i t e m C . , ’ n n p ’ ) . i t e m C [ ’ j o h n ’ , ’ c . ’ ]  , ’ n n p ’ ) ,  

i t e m C . ,  ’ n n p ’ ) ]  ,  □ )  .  

r u l e C s e m i n a r ,  s p e a k e r ,  3 ,  0 ,

□  ,  [ i t e m C _ ,  ’ n n p ’ )  , i t e m C [ ’ h i r s c h b e r g ’ ,  ’ c o h e n ’ ]  ,  ’ n n p ’ ) ]  ,  □ )  .  

r u l e C s e m i n a r ,  s p e a k e r ,  S ,  0 ,

□  , [ i t e m C [ ’ m a r c * , ’ t o m ’ ]  , ’ n n p ’ ) , l i s t C 2 , _ , ’ n n p ’ ) ] , [ i t e m C ’ e n d s e n t ’ , ’ e n d s e n t ’ ) ] ) .  

r u l e C s e m i n a r ,  s p e a k e r ,  4 ,  0 ,

[ i t e m C ’ e n d s e n t ’ , ’ e n d s e n t ’ ) ]  , [ i t e m C ’ p r o f e s s o r ’ ,  ’ n n p ’ ) , i t e m C . , ’ n n p ’ ) , i t e m C . , ’ n n p ’ ) ] ,  

[ i t e m C _ , [ ’ , ’ , ’ e n d s e n t ’ ]  ) ] ) .  

r u l e C s e m i n a r ,  s p e a k e r ,  4 ,  0 ,

□  ,  [ i t e m C . ,  ’ n n p ’ )  . i t e m C [ ’ m a n f r e d ’ , ’ s .  ’ ]  ,  ’ n n p ’ )  , l i s t C 3 , _ .  [ ’ ,  ’ ,  ’ n n p ’ ] ) ]  ,

[ i t e m C ’ e n d s e n t ’ , ’ e n d s e n t ’ ) ] ) .

r u l e C s e m i n a r ,  s p e a k e r ,  S ,  0 ,

□  ,  [ i t e m C  [ ’ m i k e ’ ,  ’ s t e v e ’ ]  ,  ’ n n p ’ )  ,  i t e m C _ .  ’ n n p ’ ) ]  ,  [ i t e m C . ,  [ ’ n n p s ’ ,  ’ m d ’ ]  ) ]  ) .  

r u l e C s e m i n a r ,  s p e a k e r ,  6 ,  0 ,

[ i t e m C ’ : ’ , ’ : ’ ) ] , [ i t e m C [ ’ d r .  ’ ,  ’ d i n e s h ’ ] , ’ n n p ’ ) , i t e m C . , ’ n n p ’ ) , i t e m C _ , ’ n n p ’ ) ] ,  □  ) .  

r u l e C s e m i n a r ,  s p e a k e r ,  4 ,  0 ,

[ i t e m C . ,  [ ’ e n d s e n t ’ , ’ : ’ ] ) ] ,  [ l i s t C 2 , _ ,  ’ n n p ’ )  , i t e m C [ ’ c u s u m a n o ’ ,  ’ j a c o b ’ ]  ,  ’ n n p ’ ) ]  ,  □ )  .  

r u l e C s e m i n a r ,  s p e a k e r ,  3 ,  0 ,

[ i t e m C . ,  [ ’ :  ’ ,  ’ n n p ’ ] ) ]  ,  [ i t e m C _ , ’ n n p ’ )  , i t e m C  [ ’ s i m m o n s ’ , ’ g a r y ’ ]  ,  ’ n n p ' ) ]  ,  □  )  .  

r u l e C s e m i n a r ,  l o c a t i o n ,  2 9 ,  0 ,

[ i t e m C [ ’ p l a c e ’ , ’ 0 0 ’ ]  , _ ) , i t e m C _ , [ ’ : ’ , ’ e n d s e n t ’ ] ) ] ,  [ l i s t C 3 , _ , [ ’ n n p * , ’ c d ’ ] ) ] ,

[ i t e m C  ’ e n d s e n t ’ , ’ e n d s e n t ’ ) ,  i t e m C . , [ ’ n n p ’ , ’ j j ’ , ’ n n ’ ] ) ] ) .  

r u l e C s e m i n a r ,  l o c a t i o n ,  6 ,  0 ,

[ i t e m C . , [ ’ i n ’ , ’ n n ’ ] ) , i t e m C . , [ ’ d t ’ , ’ i n ’ ] ) ] ,  [ l i s t C 3 , _ , [ ’ . ’ , ’ C ’ , ’ n n p ' , ’ p o s ’ , ’ c d ’ ] ) ,  

i t e m C [ ’ r o o m * , ’ h a l l ’ , ’ ) ’ ] , _ ) , i t e m C ’ , ’ , ’ , ’ ) . l i s t ( 2 , . ,  [ ’ v b g ’ , ’ n n p ’ , ’ d t ’ ] ) ,  

i t e m C . ,  [ ’ c d ’ ,  ’ n n ’ ] ) ]  ,  □ )  . 

r u l e C s e m i n a r ,  l o c a t i o n ,  3 ,  0 ,

[ i t e m C . , [ ’ i n ’ , ’ c d ’ ] ) , i t e m C . , _ ) ]  , [ l i s t C 2 , _ , [ ’ j j ’ , ’ n n p ’ ] ) , i t e m C [ ’ h a l l ’ , ’ c o n f e r e n c e ’ ] , _ ) ,  

i t e m C . , [ ’ c d ’ , ’ n n ’ ] ) ] , [ i t e m C . ,  [ ’ c d ’ . ’ n n ’ ] ) ] ) .  

r u l e C s e m i n a r ,  l o c a t i o n ,  3 ,  0 ,

□  , [ i t e m C [ ’ s e i * , ’ 1 2 9 5 ’ ]  , _ ) , i t e m C . , ’ n n p ’ ) , i t e m C _ , _ ) , l i s t C 2 , _ , _ ) , i t e m C . , [ ’ n n * , ’ n n p ’ ] ) ] ,  

[ i t e m C . , [ ’ . ’ , ’ s y m ’ ] ) ] ) .

r u l e C s e m i n a r ,  l o c a t i o n ,  7 ,  0 ,

[ i t e m C [ ’ e n d s e n t ’ ,  ’ i n ’ ,  ’ t h e ’ ]  , _ ) ]  ,  [ i t e m C [ ’ w e a n ’ ,  ’ r o o m ’ , ’ a d a m s o n ’ ]  , _ )  , i t e m C _ , _ ) ]  ,  

[ i t e m C . , [ ’ : ’ , ’ . ’ ] ) ] ) .  

r u l e C s e m i n a r ,  l o c a t i o n ,  6 , 0 ,

[ i t e m C [ ’ 3 0 ’ , ’ t u e s d a y ’ ]  , _ ) , i t e m C _ , _ ) . i t e m C [ ’ e n d s e n t ’ , ’ a p r i l ’ ]  , _ ) ,
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i t e m C [ ’ p l a c e ' , > 2 7 ’ ] , [ ’ n n ’ , ’ c d ’ ] ) , i t e m C [ ’ [ l i s t ( 7 . _ , _ ) ]  .

[ i t e m ( [ ’ d u r a t i o n ’ , ’ e n d s e n t ’ ] , _ ) , l i s t C 2 , _ , _ ) , i t e m C _ ,  [ ’ c d ’ , ’ d t ’ ] ) , i t e m C _ . _ ) ]  ) -  

r u l e C s e m i n a r ,  l o c a t i o n ,  4 ,  0 ,

[ i t e m C [ ’ : ’ , ’ r o l a ’ ] , _ ) , i t e m ( [ ’ 0 0 ’ , ’ o f ’ ] , _ ) , i t e m ( _ , _ ) ] ,  [ i t e m ( _ , [ ’ c d ’ , ’ n n p ’ ]  ) ,  

i t e m ( _ , [ ’ n n p ' , ’ c d ’ ] ) ] , [ i t e m ( _ , _ ) , i t e m ( _ , [ ’ : ’ , ’ n n p ’ ] ) . i t e m ( _ , _ ) , i t e m C . , ’ n n p ’ ) ] ) .  

r u l e C s e m i n a r ,  l o c a t i o n ,  7 ,  0 ,

□  , [ i t e m C [ ’ f a c u l t y ’ , ’ d o h e r t y ’ , ’ b a k e r ’ ] , _ ) , l i s t C 3 , _ , _ )  ,  

i t e m C [ ’ s k i b o > ,  > 2 3 1 5 ’ ,  ’ 3 5 5 ’ ]  , _ ) ] , □ ) .

m l e C s e m i n a r ,  l o c a t i o n ,  5 ,  0 ,

□  ,  [ i t e m C _ , _ ) , i t e m C [ ’ 2 6 1 ’ , ’ f l o o r ’ , ’ c o n f e r e n c e ’ ] , _ ) , i t e o C _ . _ ) , i t e m C _ , _ )  , 

i t e m C . , [ ’ i n ’ , ’ n n p ’ ] ) , i t e m C _ . _ ) , i t e m C . , [ ’ j j ’ , ’ n n p ’ ] ) , i t e m C _ , [ ’ n n ’ ,  ’ n n p ’ ] ) ]  ,  □  ) .

r u l e C s e m i n a r ,  l o c a t i o n ,  1 5 ,  0 ,

□  , [ i t e m C _ , ’ n n p ’ ) . i t e m C [ ’ 2 2 2 4 \ ’ h a l l ’ ]  , _ ) , l i s t  C 2 , _ . _ ) . i t e m C [ ’ e d r c ’ , ’ 1 0 0 ’ , ’ w i n g ’ ] , . ) ] ,

□ ).
r u l e C s e m i n a r ,  l o c a t i o n ,  3 ,  0 ,

[ i t e m C [ ’ p m ’ , ’ i n ’ ] , _ ) ,  i t e m C . , [ ’ e n d s e n t ’ , ’ d t ’ ] ) ]  ,  [ i t e m C . ,  ’ n n p ’ ) , l i s t C 2 , _ , _ ) , 

i t e m C ’ ( ’ , ’ C ’ ) , i t e m C . . ’ n n p ’ ) , l i s t C 2 , [ ’ ) ’ , ’ 1 2 5 ’ , ’ 1 0 9 ’ ] , _ ) ]  ,  [ i t e m C . , [ ’ s y m ’ , ’ . ’ ] ) ,  

i t e m C ’ e n d s e n t ’ , ’ e n d s e n t ’ ) ] )  .  

r u l e C s e m i n a r ,  l o c a t i o n ,  3 7 ,  0 ,

□  ,  [ i t e m C  [ ’ g s i a * ,  ’ w e a n ’ ,  ’ v a m e r  ’ ,  ’ s c a i f e ’ ]  ,  ’ n n p ’ ) , i t e m C . ,  ’ n n p ’ )  , 

i t e m C . ,  [ ’ c d ’ ,  ’ n n p ’ ] ) ]  ,  □ ) .

r u l e C s e m i n a r ,  l o c a t i o n ,  1 7 ,  0 ,

□  , [ i t e m C [ ’ u c c ’ , ’ w e a n ’ , ’ h b h ’ ] , ’ n n p ’ ) , i t e m C _ , ’ c d ’ ) ] , 0 ) .  

r u l e C s e m i n a r ,  l o c a t i o n ,  1 6 ,  0 ,

[ i t e m C . , [ ’ c d ’ , ’ n n ’ ]  ) , i t e m C _ . _ ) ] , [ i t e m l [ ’ 3 1 6 ’ , ’ a d a m s o n ’ ]  ,  [ ’ c d ’ , ’ n n p ’ ] ) , i t e m C . , . ) ,  

l i s t C 2 , _ , _ ) , i t e m C . , [ ’ , ’ , ’ n n p ’ ] ) , i t e m C _ , [ ’ n n p ’ , ’ c d ’ ] ) ]  ,  [ i t e m C [ ’ c a r n e g i e * , ’ e n d s e n t ’ ] , _ ) ] ) .  

r u l e C s e m i n a r ,  l o c a t i o n ,  5 ,  0 ,

□  ,  [ i t e m C [ ’ r o o m ’ , ’ b a s e m e n t ’ , ’ h a m b u r g ’ ] , _ ) , l i s t C 3 , _ , _ ) ,  

i t e m C [ ’ h b h ’ , ’ l i b r a r y ’ , ’ a u d i t o r i u m ’ ] , ’ n n p ’ ) ]  ,  □  )  .

r u l e C s e m i n a r ,  l o c a t i o n ,  3 ,  0 ,

[ i t e m C . ,  [ ’ ,  ’ ,  ’ i n ’ ] ) ]  ,  [ l i s t C 2 , _ ,  [ ’ p o s ’ , ’ n n '  ,  ’ n n p ’ ] )  , i t e m C [ ’ 2 1 1 0 ’ , ’ o f f i c e ’ ]  , _ ) ]  ,  □ )  .  

r u l e C s e m i n a r ,  l o c a t i o n ,  3 ,  0 ,

[ i t e m C . , [ ’ n n p ’ , ’ n n ’ ] ) , i t e m C _ , _ ) ] , [ i t e m C . , C ’ n n p ’ , ’ c d ’ ] ) , l i s t C 2 , _ , ’ n n p ’ )  , 

i t e m C [ ’ a u d i t o r i u m ’ , ’ t o w e r ’ ] , _ ) ] ,  [ i t e m C . , [ ’ : ’ . ’ . ’ ] ) ] ) •  

r u l e C s e m i n a r ,  l o c a t i o n ,  3 ,  0 ,

□  , [ i t e m C [ ’ h h * , ’ s k i b o ’ ] , ’ n n p ’ ) , i t e m C _ , ’ n n p ’ ) ] , 0 )  - 

r u l e C s e m i n a r ,  l o c a t i o n ,  3 ,  0 ,

[ i t e m C _ , [ ’ c d ’ , ’ n n p ’ ] ) , i t e m C _ . [ ’ i n ’ , ’ e n d s e n t ’ ] ) , l i s t C 2 ,  [ ’ : ’ ,  ’ t h e ’ , ’ p l a c e ’ ]  , _ ) ]  ,

[ i t e m C [ ’ d o h e r t y ’ , ’ w h e r r e t ’ ] , ’ n n p ’ ) , l i s t C 3 , _ , [ ’ i n ’ , ’ c d ’ , ’ n n p ’ ] ) ]  ,

[ i t e m C _ , [ ’ d t ’ , ’ e n d s e n t ’ ] ) ] ) .  

r u l e C s e m i n a r ,  l o c a t i o n ,  4 ,  0 ,

[ i t e m C [ ’ e n d s e n t ’ , ’ l o c a t i o n ’ ] , _ ) , i t e m C [ ’ i n ’ , ’ : ’ ] , _ ) ] . [ l i s t C 7 , _ , _ ) ] ,

[ i t e m C _ . [ ’ , ’ , ’ e n d s e n t ’ ] ) , i t e m C [ ’ s t a r t i n g ’ , ’ r o b e r t ’ ]  , _ ) ] ) .  

r u l e C s e m i n a r ,  l o c a t i o n ,  5 ,  0 ,

[ i t e m C _ , [ ’ i n ’ , ’ c d ’ ] ) , l i s t C 2 , _ , _ ) ] , [ i t e m C [ ’ r o m m * , ’ c a r n e g i e ’ ] , _ ) , l i s t C 2 , _ , _ ) , 

i t e m C ’ , ’ , ’ , ’ ) , i t e m C _ , ’ n n p ’ ) , l i s t C 2 , _ , ’ n n p ’ ) , i t e m C  [ ’ c e n t e r ’ , ’ h a l l ’ ] , ’ n n p ’ ) ]  ,  □  ) .  

r u l e C s e m i n a r ,  l o c a t i o n ,  1 2 ,  0 ,

[ i t e m C [ ’ : ’ , ’ u s e ’ ] , _ ) ] , [ i t e m ( _ , _ ) , i t e m C [ ’ h a l l ’ , ’ 2 1 1 0 ’ ] , _ ) , i t e m C . , _ ) ,  

i t e m C . , [ ’ : ’ , ’ n n p ’ ] ) , i t e m C _ , _ ) ] , [ i t e m C . , [ ’ e n d s e n t ’ ,  ’ C ’ ] ) ] ) -  

r u l e C s e m i n a r ,  l o c a t i o n ,  3 ,  0 ,

□  , [ i t e m C [ ’ l a ’ , ’ e p p ’ ] , ’ n n p ’ ) , i t e m C _ , _ ) , i t e m C _ . _ ) . i t e m C ’ , ’ , ’ , ’ ) , i t e m C _ , _ ) , 

l i s t C 2 , _ , _ ) , i t e m C . .  [ ’ n n p ’ , ’ : ’ ] )  , i t e m C _ ,  [ ’ .  ’ . ’ c d  ’ ] ) ] , □ ) .

r u l e C s e m i n a r ,  l o c a t i o n ,  1 8 ,  0 ,

□  , [ i t e m C . , ’ n n p ’ ) . i t e m C [ ’ 2 3 1 5 ’ , ’ w i n g ’ ]  ,  [ ‘ c d ’ , ’ n n p ' ] ) . l i s t C 3 , _ , [ ’ i n ' ,  ’ , ' ,  ' n n p ' ]  ) ,  

i t e m C  ’ h a l l ’ , ’ n n p ’ ) ] ,  □  ) .
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r u l e C s e m i n a r ,  l o c a t i o n ,  1 8 ,  0 ,

[ l i s t C 2 , _ , _ ) , i t e m ( _ , [ ’ : ’ , ’ , ’ ] ) ] ,  [ i t e m C . . ' n n p * ) , i t e m ( _ ,  ’ n n p ’ ) , i t e m ( _ , _ ) , i t e m ( _ , _ ) , 

i t e m ( _ , ’ n n p ’ ) , i t e m ( [ ’ c a m p u s ’ ,  ’ h a l l ’ ] , ’ n n p ’ ) ] , D )  .  

r u l e C s e m i n a r ,  l o c a t i o n ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ :  ’ ,  ’ d t  ’ ]  ) ]  ,  [ l i s t ( 2 , _ ,  ’ n n p ’ ) ,  i t e m C  [ ’ 3 S 0 5 ’ ,  ’ a u d i t o r i u m ’ ]  , [ ’ c d ’ , ’ n n ’ ] ) ] , 0 ) .  

r u l e C s e m i n a r ,  l o c a t i o n ,  2 5 ,  0 ,

[ i t e m C . ,  [ ’ i n ’ ,  ’ e n d s e n t ’ ] ) ]  ,  [ i t e m C _ ,  ’ n n p ’ )  . i t e m C  [ ’ h a l l ’ ,  ’ 1 0 0 4 ’ ]  , _ )  , i t e m C _ ,  [ ’ c d ’ ,  ’ n n p ’ ]  ) ]  ,  

[ i t e m C . ,  [ ’ . ’ ,  ’ e n d s e n t ’ ] ) ] ) .  

r u l e C s e m i n a r ,  l o c a t i o n ,  3 ,  0 ,

□  , [ i t e m C [ ’ p o r t e r ’ ,  ’ m s ’ ] . ’ n n p ’ ) , l i s t C 2 , _ , _ )  , i t e m C _ .  [ ’ c d ’ , ’ n n p ’ ] ) ] , [ i t e m C ’ , ’ ,  ’ ,  ’ ) ] ) -  

r u l e C s e m i n a r ,  l o c a t i o n ,  4 ,  0 ,

□  , [ i t e m C ’ p h ’ ,  ’ n n p ’ ) , i t e m C _ , _ ) ]  ,  □  ) .  

r u l e C s e m i n a r ,  l o c a t i o n ,  3 ,  0 ,

□  , [ i t e m C  [ ’ 1 0 0 1 ’ , ’ d h ’ ] , _ ) , i t e m C . ,  [ ’ n n p ’ , ’ c d ’ ]  ) ] ,  □  )  .  

r u l e C s e m i n a r ,  l o c a t i o n ,  3 8 ,  0 ,

□  ,  [ i t e m C _ ,  [ ’ n n p * ,  ’ c d ’ ]  )  ,  i t e m C  [ ’ h a l l * , ’ w e a n ’ ]  ,  ’ n n p ’ )  ,  i t e m C . ,  [ ’ c d ’ ,  ’ n n p ’ ]  ) ]  ,

[ i t e m C ’ e n d s e n t ’ , ’ e n d s e n t ’ ) ] ) .

r u l e C s e m i n a r ,  l o c a t i o n ,  3 4 ,  0 ,

□  , [ i t e m C C ’ u e h ’ , ’ h h ’ ] , ’ n n p ’ ) , i t e m C . , ’ c d ’ ) ]  ,  □  ) .  

r u l e C s e m i n a r ,  e t i m e ,  1 2 6 ,  3 ,

[ i t e m C [ ’ t o ’ , , ’ u n t i l ’ ] , _ ) ] ,  [ l i s t C 3 , _ , _ ) , i t e m (  [ ’ p . m .  ’ ,  ’ p m ’ , ’ 0 0 p m ’ , ’ 0 0 ’ ] , _ ) ] ,

[ i t e m C . , [ ’ d t ’ , ’ , ’ , ’ e n d s e n t ’ , ’ i n ’ ] ) ] ) .  

r u l e C s e m i n a r ,  e t i m e ,  5 ,  0 ,

[ i t e m C ’ - ’ . ’ : ’ ) ] . [ i t e m C [ ’ 2 0 0 p m ’ . ’ 1 1 a m ’ , ’ 5 p m ’ . ’ 1 4 3 0 ’ ] , _ ) ] , [ ] ) .  

r u l e C s e m i n a r ,  e t i m e ,  1 3 ,  0 ,

[ i t e m C  [ ’ 0 0 ’ ,  ’ 9 a m ’ ]  ,  ’ c d ’ ) ,  i t e m C  ’ - ’ , ’ : ’ ) ] ,  [ l i s t C 3 , _ , [ ’ :  ’ ,  ’ c d ’ ]  ) ]  ,

[ i t e m C _ . [ ’ , ’ ,  ’ e n d s e n t ’ ] ) ] ) .  

r u l e C s e m i n a r ,  e t i m e ,  1 3 9 ,  0 ,

[ i t e m C [ ’ - ’ , ’ u n t i l ’ ] , _ ) ]  , [ i t e m C _ , _ ) . i t e m C  ’ : ’ , ’ : ’ ) , i t e m C . . ’ c d ’ ) ,  

l i s t  C l , [ ’ a . m . ’ , ’ p . m .  ’ , ’ a m ’ , ’ p m ’ ] , _ ) ] ,

[ i t e m C _ , [ ’ p r p ’ , ’ e n d s e n t ’ ] ) ] ) .  

r u l e C s e m i n a r ,  e t i m e ,  8 4 ,  4 ,

[ i t e m C  ’ - ’ , ’ : ’ ) ] ,  [ i t e m C [ ’ 5 ’ , ’ 1 2 ’ ,  ’ 1 ’ ] , _ ) , i t e m C ’ : ’ , ’ : ’ )  . l i s t C 2 , _ , [ ’ n n ’ . ’ c d ’ ] ) ] ,

[ i t e m C . , [ ’ . ’ , ’ e n d s e n t ’ , ’ i n ’ ] ) ] ) .  

r u l e C s e m i n a r ,  e t i m e ,  1 0 ,  0 ,

[ i t e m C  [ ’ t o ’ , ’ - ’ ] , _ ) ] ,  [ i t e m C  [ ’ 5 ’ ,  ’ 2 ’ ]  , _ )  , l i s t C 2 , _ ,  [ ’ e d ’ . ’ n n ’ , ’ : ’ ] ) ] ,

[ i t e m C _ , [ ’ i n ’ , ’ n n p ’ , ’ C ’ ] ) ] ) •  

r u l e C s e m i n a r ,  e t i m e ,  4 ,  0 ,

[ i t e m C [ ’ a r o u n d ’ . ’ t o ’ ]  , _ ) ] , [ i t e m C  [ ‘ 5 ’ , ’ 1 1 ’ ] , _ ) , i t e m C  ’ : ’ , ’ : ’ )  ,  i t e m C . , ’ c d ’ ) ] ,  □  ) .

B.3 C orporate A cquisitions

The following rules were learned from 300 examples during the experiments in 

Section 4 .8  using R a p i e r  with words and part-of-speech tags.

r u l e C a c q u i s i t i o n ,  s t a t u s ,  2 0 ,  0 ,

[ i t e m C _ ,  [ ’ v b d ’ ,  ’ p r p ’ ,  ’ v b n ’ ,  ’ t o ’ ]  ) ]  ,  [ i t e m C  [ ’ c o m p l e t e d ’  ,  ’ a c q u i r e d ’ ,  ’ t e r m i n a t e d ’ , 

’ r e c o n s i d e r ’ ] , _ ) ] , [ i t e m C [ ’ a n d ’ , ’ t h e ’ , ’ b e c a u s e ’ , ’ i t s ’ ]  . _ ) ]  )  . 

r u l e C a c q u i s i t i o n ,  s t a t u s ,  3 ,  0 ,
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[ i t e m C [ ' t a f t ’ , ’ i n c ’ ]  ,  ’ n n p ' )  , l i s t ( 2 , _ . _ ) ]  ,  [ i t e m C  [ ’ r e q u e s t e d * ,  ’ e n t e r e d ’ ]  , _ )  , 

l i s t ( 2 , _ , _ )  , i t e m ( [ ’ r e s p o n s e ’ ,  ’ a g r e e m e n t ’ ]  ,  ’ n n ’ ) ]  ,  [ i t e m ( _ , _ )  , i t e m ( _ ,  [ ’ v b ’ . ’ n n p ’ ] ) ] )  .  

r u l e ( a c q u i s i t i o n ,  s t a t u s ,  2 2 ,  1 ,

[ l i s t ( 2 , _ , _ ) ]  ,  [ i t e m ( [ ’ r e j e c t i n g *  ,  ’ t e r m i n a t e d ’ ,  ’ c o m p l e t e d ’ ]  , _ ) ]  ,  [ i t e m ( _ , _ )  ,  

i t e m ( _ .  [ ’ n n ’ ,  ’ j j ’ ,  ’ r b ’ ] ) ] )  .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  S ,  0 ,

[ i t e m C ’ i t  ’ ,  ’ p r p ’ ) ]  ,  [ i t e m ( [ ’ a c q u i r e d ’ , ’ s o l d ’ ]  ,  ’ v b d ’ ) ]  ,  [ i t e m ( _ ,  [ ’ d t  ’ ,  ’ r b ’ ]  )  ,  

l i s t ( 2 ,  [ ’ t h e ’ ,  ’ 7 . 7 ’ , ’ a U ’ ]  . _ ) , i t e m ( _ ,  [ > n n ’ . ’ n n s ’ ] ) ] )  .  

r u l e ( a c q u i s i t i o n ,  s t a t u s ,  4 ,  0 ,

[ i t e m ( [ * t r u s t ’ ,  ’ w i l l ’ ,  ’ i n c ’ ]  , _ ) ]  ,  [ i t e m ( [ ’ s o l d ’ ,  ’ o f f e r ' ,  ’ a c q u i r e d ’ ]  , _ ) ]  ,  □  )  .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  I S ,  0 ,

□  ,  [ i t e m ( [ ’ t e n t i a t i v e ’ , ’ e n d e d ’ , ’ d e f i n i t i v e ’ , ’ r e c e i v e d ’ ] , _ ) ,

i t e m ( [ ’ t a l k s ’ ,  ’ a g r e e m e n t ’ ,  ’ a p p r o v e a l ’ ]  , _ ) ]  ,  [ i t e m ( _ ,  [ ’ t o ’ ,  ’ i n ’ ]  ) ]  )  .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  6 ,  0 ,

□  ,  [ i t e m C . , [ ’ v b n * , ’ v b z ’ ] ) , i t e m C [ ’ t o ’ , ’ n o ’ ]  , _ )  , i t e m C [ ’ b u y ’ , ’ l i m i t ’ , ’ b i d ’ ] , _ ) ] ,

[ i t e m ( _ ,  [ ’ d t ’ ,  ’ j j  ’ ,  ’ i n ’ ] ) ]  )  .

r u l e C a c q u i s i t i o n ,  s t a t u s ,  5 ,  0 ,

[ i t e m ( _ ,  [ ’ ,  ’ ,  ’ n n ’ ,  ’ :  ’ ]  )  , i t e m ( _ ,  [ ’ i n ’ ,  ’ n n p ’ ]  )  ,  i t e m C  [ ’ ,  ’ ,  ’ n o r s t a r ’ ,  ’ c o r p ’ ]  , _ )  ,  

i t e m ( _ , _ )  , i t e m C _ ,  [ ’ v b n ’ ,  ’ v b p ’ ,  ’ p r p ’ ]  ) ]  ,  [ i t e m C  [ ’ p u r c h a s e d ’ , ’ a g r e e d ’ ]  , _ ) ]  ,

[ i t e m C [ ’ b y ’ ,  ’ t o ’ ]  , _ ) ] ) .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  3 ,  0 ,

( l i s t ( 4 , _ , _ ) ]  ,  [ i t e m C  [ ’ r e v i s i o n ’ ,  ’ p r o p o s e d ’ ,  ’ r e j e c t i n g ’ ]  , _ ) ]  ,

[ i t e m C  [ ’ t o ’ , ’ m e r g e r ' , ’ t h i s ’ ] , _ ) , l i s t ( 2 , _ , _ ) , i t e m ( _ , [ ’ d t ’ , ’ n n p ’ , ’ p o s ’ ] ) ] ) . 

r u l e C a c q u i s i t i o n ,  s t a t u s ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ , ’ , ’ v b d ’ ] ) , i t e m C [ ’ s a i d ’ , ’ i t ’ ] , _ )  , i t e m ( [ ’ i t ’ , ’ h a s ’ ] , _ ) ]  ,

[ l i s t ( 3 ,  [ ’ a p p r o v a l s ’ ,  ’ r e g u l a t o r y ’ ,  ’ a c q u i r e d ’ ,  ’ r e c e i v e d ’ ]  , _ ) ]  ,  [ i t e m C [ ’ a ’ , ’ f o r ’ ]  , _ )  , 

i t e m ( _ , [ ’ n n ’ , ’ p r p $ ’ ] ) ] ) .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  6 ,  0 ,

□  .  [ i t e m C [ ’ n o t ’ , ’ a g r e e d ’ , ’ l e t t e r ’ , ’ d e c i d e d ’ ]  , _ ) , i t e m ( _ , _ ) ,

i t e m C  [ ’ d i s c u s s i o n s ’ ,  ’ b u y ’ , ’ i n t e n t ’ ,  ’ b u y i n g ’ ]  , _ ) ]  ,  [ i t e m C  [ ’ w i t h ’ , ’ t h e ’ ,  ’ c h a r m g l o v ’ ]  , _ ) ]  )  .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ p r p ’ , ’ v b p ’ ] ) ]  , [ l i s t ( 2 , _ .  [ ’ d t ’ ,  ’ r b ’ ,  ’ v b d ’ ] ) , i t e m C [ ’ t r u e ’ ,  ’ a g r e e m e n t ’ ] , _ ) ] ,  

[ i t e m C . , [ ’ t o ’ , ’ . ’ ]  ) , i t e m C [ ’ s e l l *  ,  ’ e n d s e n t ’ ] , _ ) ] ) .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  9 ,  0 ,

[ i t e m C . ,  [ ’ i n ’ ,  ’ p r p ’ ]  )  ,  i t e m C  [ ’ t h e  ’ ,  ’ h a s ’ ]  , _ ) ]  ,  [ i t e m C  [ ’ a g r e e d ’ ,  ’ a g r e e m e n t ’ ]  ,  [ ’ v b n ’ ,  ’ n n ’ ]  )  ,  

l i s t ( 2 , _ , _ )  , i t e m C  [ ’ p r i n c i p l e ’ ,  ’ a c q u i r e ’ , ’ s e l l ’ ]  , _ ) ]  ,  [ l i s t  ( 2 , _ , _ )  , i t e m ( _ ,  [ ’ d t  ’ ,  ’ n n p ’ ]  ) ]  )  .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  3 ,  0 ,

[ i t e m C . .  C ’ n n p ’ , ’ , ’ ] )  , l i s t ( 2 , _ , _ )  ,  i t e m C  [ ’ a g r e e d ’ ,  ’ r e a c h e d ’ ]  ,  ’ v b d ’ ) ,  i t e m C  [ ’ t o ’ ,  ’ a n ’ ]  , _ ) ]  ,  

[ i t e m C  [ ’ a g r e e m e n t  ’ ,  ’ m o v e ’ ]  , _ )  , l i s t ( 3 , _ ,  [ ’ n n ’ ,  ’ d t  ’ ,  ’ t o ’ , ’ i n ’ ]  )  , i t e m C . , [ ’ v b ’ ,  ’ n n ’ ]  ) ]  ,  

[ l i s t ( 2 , _ , _ )  , i t e m ( _ , _ )  , i t e m ( _ , _ )  , i t e m ( _ , _ )  ,  i t e m C . ,  ’ n n p ’ ) ]  )  .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  8 ,  0 ,

[ i t e m ( _ ,  ’ n n p ’ )  , i t e m ( _ , _ )  , i t e m ( _ ,  [ ’ p r p ’ , ’ v b z ’ ]  ) ]  .  [ i t e m C [ ’ a g r e e d ’ ,  ’ n o ’ ]  , _ )  , 

l i s t  ( 3 ,  [ ’ a n ’ , ’ i n ’ ,  ’ t o ’ ,  ’ i n t e r e s t  ’ ]  , _ ) ,  i t e m C  [ ’ s e l l ’ ,  ’ a c q u i s i t i o n ’ ]  , _ ) ] , [ ] ) .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  3 ,  0 ,

[ i t e m C ’ h a s ’ ,  * v b z ’ ) ]  ,  [ i t e m C  [ ’ b o u g h t ’ ,  ’ a c q u i r e d ’ ]  ,  ’ v b n ’ ) ]  ,  [ i t e m C . ,  [ ’ n n p ’ ,  ’ c d ’ ]  )  ,  

l i s t ( 2 , [ ’ 6 0 0 ’ , * - ’ , ’ , ’ ] , _ ) . i t e m C . ,  [ ’ n n p ’ , ' n n s ’ ] ) ] ) .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  9 ,  0 ,

□  ,  [ i t e m C [ ’ s e e k i n g ’ ,  ’ a g r e e d ’ ,  ’ p l a n s ’ ,  ’ e n d e d ’ ]  , _ )  , i t e m C . , . )  ,

i t e m C  [ ' m e r g e r ’ , ’ p r i n c i p l e ’ ,  ’ c o m p l e t e ’ ,  ’ a g r e e m e n t ’ ]  , . ) ]  ,  [ i t e m ( _ , _ ) , 

i t e m C C ’ k a p p a ’ ,  ’ a c q u i r e ’ , ' i n t e g r a t i o n ’ , ’ e n d s e n t ’ ]  , _ ) ] )  .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  4 ,  0 ,

[ i t e m ( _ ,  ’ n n p ’ )  , i t e m ( [ ’ s a i d ’ , ’ c o r p ’ ]  ,  [ ’ v b d ’ ,  ’ n n p ’ ] )  , i t e m ( [ ’ i t ’ ,  ’ > ’ ] , _ ) ]  ,

[ i t e m C [ ’ a g r e e d ’ ,  ’ w i l l ’ ]  , _ )  , l i s t ( 3 ,  [ ’ t e n d e r ’ , ’ a ’  ,  ’ t o ’ ,  ’ m a k e ’ ]  , _ )  , i t e m ( _ ,  [ ’ v b ’ ,  ’ n n ’ ] ) ]  , 

[ i t e m ( _ , _ ) , i t e m ( _ , [ ’ d t ’ , ’ j j ’ ] ) , i t e m ( _ , [ ’ c c ’ , ’ n n p ’ ] ) ] ) .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  8 ,  0 ,
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[ i t e m C . ,  [ ’ p r p ’ ,  ’ v b p ’ ]  )  , i t e m C _ , _ ) ]  ,  [ i t e m C [ ’ d i s c u s s i n g ’ ,  ’ a g r e e d ’ ]  ,  _ )  , i t e m C _ , _ )  , 

i t e m ( _ ,  [ ’ n n * ,  ’ v b ’ ] ) ]  ,  C l i s t ( 2 . _ , _ )  , i t e m ( _ ,  [ ’ d t * ,  ’ n n ’ ] ) ] )  .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  1 1 ,  0 ,

[ i t e m ( _ ,  ’ n n p ’ )  , i t e m ( _ ,  ’ v b d ’ )  . i t e m C [ ’ s t i l l ’ , ’ i t ’ ]  , _ ) ]  ,  [ i t e m C [ ’ u n d e r ’ ,  ’ a g r e e d ’ ]  , _ )  , 

l i s t ( 2 , _ , _ ) ]  ,  [ i t e m C  [ ’ a n d ’ ,  ’ c o n s o l i d a t e d ’ ,  ’ i t s ’ , ’ { ’ ] , _ ) ] ) .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  3 ,  0 ,

[ i t e n ( _ ,  [ ’ i n ’ ,  ’ v b d ’ ] )  ,  i t e m ( _ ,  [ ’ d t  ’ ,  ’ p r p ’ ] ) ]  ,  [ i t e o C  [ ’ o f f e r  ’ ,  ’ s o l d ’ ]  , _ ) ]  ,

[ i t e m ( _ ,  [ ’ p r p * ,  ’ p r p $ ’ ]  )  , l i s t C 2 , _ , _ ) , i t e m C . , [ ’ n n ’ , ’ n n p ’ ]  ) ]  )  .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  3 ,  0 ,

□  , [ i t e m C  [ ’ a g r e e m e n t  ’ ,  ’ r e c e i v e d ’ ]  , _ )  , l i s t C 2 , _ , _ )  . i t e m C [ ’ p r i n c i p l e * , ’ p r o p o s a l ’ ]  ,  ’ n n ’ 

[ i t e m ( _ , _ ) , i t e m C [ ’ j . p . ’ , ’ a c q u i r e ’ ] , _ ) ] ) .

r u l e C a c q u i s i t i o n ,  s t a t u s ,  3 ,  0 ,

[ i t e m C . ,  [ ’ n n p ’ ,  ’ v b d ’ ] )  , i t e m C _ , _ )  . i t e m C C ’ i t ’ ,  ’ r e a c h e d ’ ]  , _ )  ,  i t e m C  [ ’ h a s ’ ,  ’ a n ' ]  , _ ) ]  , 

[ l i s t ( 3 ,  [ ’ p r i n c i p l e ’ ,  ’ i n ’ ,  ’ a c q u i r e d ’ ,  ’ a g r e e m e n t ’ ] , _ ) ]  ,  [ i t e m C [ ’ a ’ ,  ’ t o ’ ]  , _ )  ,  

l i s t C 2 ,  [ ’ s e v e n ’ ,  ’ 9 0 ’ ,  ’ b u y ’ ]  , _ )  , i t e m C _ .  [ ’ n n ’ ,  ’ n n p ' ]  ) ]  )  .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  3 ,  0 ,

[ i t e m C . ,  [ ’ v b d ’ ,  ’ n n p ’ ]  )  , l i s t C 2 , _ , _ ) ]  ,  [ i t e m C  [ ’ a g r e e m e n t  ’ ,  ’ s o l d ’ ]  ,  [ ’ n n ’ ,  ’ v b d ’ ]  ) ]  , 

[ i t e m C . , [ ’ m d ’ , ’ c d ’ ] ) ] ) .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  1 0 ,  0 ,

□  ,  [ i t e m C  [ ’ m a n a g e m e n t  ’ ,  ’ a g r e e d ’ ]  , _ )  ,  i t e m C . ,  [ ’ n n ’ ,  ’ i n ’ ]  )  , i t e m C . ,  ’ n n ’ ) ]  ,  C l i s t C 2 , _ , _ )  ,  

i t e m C _ , [ ’ d t ’ , ’ n n p ’ ] ) ] ) .

r u l e C a c q u i s i t i o n ,  s t a t u s ,  4 ,  0 ,

[ i t e m C _ ,  [ ’ v b d ’ , ’ ) ’ ] )  , i t e m C _ , _ )  , i t e m C _ , _ ) ]  .  [ i t e m C [ ’ s t a r t e d * ,  ’ e n t e r e d ’ ]  , _ )  ,  

i t e m C _ , _ )  , i t e m C . , _ )  , i t e m C _ ,  ’ n n ' ) ]  ,  □  )  .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  3 ,  0 ,

[ i t e m C  [ ’ i n c ’ ,  ’ s a i d ’ ]  , _ )  , i t e m C . , _ )  , i t e m C _ ,  [ ’ p r p 1 . ’ v b z ’ ]  )  . i t e m C [ ’ h a s  ’ ,  ’ b e e n ’ ]  , _ ) ]  ,  

[ l i s t C 3 , _ ,  [ ’ v b ’ , ’ t o ’ , ’ v b n ’ ]  ) ]  ,  [ i t e m C  [ ’ { ’ ,  ’ b y ’ ]  , _ )  , i t e m C _ , _ )  , i t e m C . ,  [ ’ n n p ’ ,  ’ n n ’ ]  ) ]  )  . 

r u l e C a c q u i s i t i o n ,  s t a t u s ,  3 ,  0 ,

[ i t e m C . ,  [ ’ )  ’ ,  ’ n n p ’ ] )  ,  i t e m C . ,  [ ’ n n ’ ,  ’ v b d ’ ]  )  ,  i t e m C  [ ’ h a d ’ , ’ i t ’ ]  , _ ) ]  ,  [ l i s t C 2 , _ , _ )  , 

i t e m C  [ ’ a c q u i r e ’ , ’ s e l l ’ ]  ,  ’ v b ’ ) ]  ,  [ i t e m C . ,  [ ’  C ’ ,  ’ d t ’ ] ) ,  i t e m C . ,  [ ’ n n p ’ ,  ’ c d ’ ]  ) ] )  .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  1 7 ,  0 ,

[ l i s t C 2 , _ , _ ) ]  ,  [ i t e m C C ’ s o l d ’ ,  ’ c o m p l e t e d ’ ]  , _ ) ]  ,  [ i t e m C ’ t h e ’ ,  ’ d t ’ ) ] )  .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  6 ,  0 ,

□  ,  [ i t e m C  [ ’ r e q u e s t  ’ ,  ’ e x e r c i s e ’ ,  ’ e n t e r e d ’ ]  ,  [ ’ n n ’ , ’ v b ’ ,  ’ v b n ’ ]  )  , l i s t C 4 , _ , _ )  ,  

i t e m C  [ ’ p r o p o s a l s  ’ ,  ’ a c q u i r e ’ ,  ’ a g r e e m e n t  ’ ]  , . ) ] , [ ] ) .

r u l e C a c q u i s i t i o n ,  s t a t u s ,  7 ,  0 ,

[ i t e m C . ,  [ ’ n n s ’ ,  ’ n n p ’ ]  )  , i t e m C _ , _ )  , i t e m C _ ,  [ ’ e n d s e n t ’ , ’ v b d ’ ]  )  . i t e m C  [ ’ t h e ’ , ’ i t  ’ ] , _ ) ]  , 

[ i t e m C  [ ’ b i d ’ ,  ’ a c q u i r e d ’ ]  , _ ) ]  ,  [ l i s t C 2 , _ , _ )  . l i s t  ( 2 , _ , _ )  ,  i t e m C . ,  [ ’ n n p ’ ,  ’ j  j  ’ ]  ) ]  )  .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  6 ,  0 ,

[ i t e m C . ,  [ ’ v b d ’ , ’ p r p ’ ] ) ]  ,  [ i t e m C [ ’ a g r e e d ’ ,  ’ t a l k s ’ ]  , _ )  , l i s t C 2 , _ , _ )  , 

i t e m C  [ ’ b u y ’ ,  ’ p l a c e ’ ]  , _ ) ]  ,  [ i t e m C . ,  [ ’ w d t  ’ .  ’ d t ’ ]  ) ] ) .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  4 ,  0 ,

[ l i s t C 2 ,  [ ’ h a v e ’ ,  ’ i t ’ ,  ’ t h e y ’ ]  , _ ) ]  ,  [ i t e m C [ ’ a c q u i r e d ’ , ’ b o u g h t ’ ]  , _ ) ]  ,  [ i t e m C . . ’ c d ’ ) , 

i t e m C ’ , ’ , ’ , ’ ) , i t e m C ’ 0 0 0 ’ , ’ c d ’ ) ] )  . 

r u l e C a c q u i s i t i o n ,  s t a t u s ,  3 ,  0 ,

□  , [ i t e m C  [ ’ a c q u i r e d ’ ,  ’ b o u g h t ’ ]  ,  ’ v b d ’ ) ]  ,  [ i t e m C  [ ’ a n ’ , ’ t v o ’ ]  , _ )  ,  i t e m C . ,  [ ’ n n ’ . ’ j j r ’ ] ) ] )  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  3 ,  0 ,

[ i t e m C [ ’ c o r p ’ ,  ’ c o ’ ]  ,  ’ n n p ’ )  , i t e m C _ ,  [ ’ v b d ’ , ’ , ’ ] )  , i t e m C . ,  [ ’ p r p ’ ,  ’ v b d ’ ]  )  ,  

i t e m C  [ ’ h a s ’ ,  ’ i t ’ ]  , _ ) ]  ,  [ i t e m C  [ ’ a c q u i r e d * , ’ a g r e e d ’ ]  , _ ) ]  ,  [ i t e m C _ ,  [ ’ d t  ’ ,  ’ t o  ’ ]  )  , 

i t e m C _ , _ ) , l i s t C 2 , _ , _ ) , i t e m C . ,  [ ’ i n ’ ,  ’ j j  ’ ] ) ] )  . 

r u l e C a c q u i s i t i o n ,  s t a t u s ,  3 ,  0 ,

[ i t e m C  [ ’ m e r g e r ’ ,  ’ s h a r e h o l d e r s  ’ ]  , _ ) ]  ,  [ i t e m C ’ a p p r o v e d ’ ,  ’ v b d ’ ) ]  ,  □  ) .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  5 ,  0 ,

[ l i s t C 2 , [ ’ i s ’ , ’ a ’ . ’ i t ’ ]  , _ ) ]  ,  [ i t e m C [ ’ s e e k i n g ’ , ’ l e t t e r ’ ] , _ ) , i t e m C . . _ ) ,  

i t e m C  [ ’ s e l l ’ ,  ’ i n t e n t ’ ]  , _ ) ]  ,  [ i t e m C . ,  [ ’ p r p $ ’ ,  ’ t o ’ ] ) ]  )  .
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r u l e ( a c q u i s i t i o n ,  s t a t u s ,  3 ,  0 ,

[ l i s t ( 2 , [ ’ h a s ’ , ’ t h e ’ [ i t e m ( [ ' p u r c h a s e d ' , ’ o f f e r ’ ] , _ ) ] . [ i t e m ( _ , [ ’ c d ’ , ’ v b z ’ ] )  ,  

i t e m ( _ , [ ’ , ’ , ’ j j * ] ) ] ) .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  4 ,  0 ,

[ l i s t ( 2 , _ , _ ) ] , [ i t e m ( [ ’ a c q u i r e d ’ , ’ s o l d ’ ] , _ ) ]  ,  [ i t e m ( [ ’ t h e ’ , ’ 7 8 ’ ] , _ ) ,  

l i s t ( 2 , _ , _ ) , i t e m ( _ , ’ n n s ’ ) ] ) .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  7 ,  0 ,

[ i t e m ( _ , [ ’ f w ’ , ’ n n p ’ ] ) , i t e m ( _ , _ ) , i t e m C _ , _ ) , i t e m ( _ , [ ’ n n s ’ , ’ n n p ’ ] ) , i t e m ( _ , _ ) , i t e m ( _ , _ )  ,  

i t e m C [ ’ i n ’ , ’ i t ’ ] , _ ) , i t e m ( _ ,  [ ’ p r p l ’ , ’ v b z ' ] ) ]  ,  [ i t e m C [ ’ p r o p o s e d ’ , ’ c o m p l e t e d ’ ] , ’ v b n ’ ) ] ,

□ ).
r u l e C a c q u i s i t i o n ,  s t a t u s ,  7 ,  0 ,

[ i t e m ( _ , [ ’ n n p ’ , ’ v b d ’ ] ) , i t e m ( _ , [ ’ v b z ’ , ’ p r p ’ ] ) ]  ,  [ l i s t ( 2 , _ , _ ) ,

i t e m C [ ’ s e l l ’ , ’ a c q u i r e ’ ]  , ’ v b ’ ) ]  , [ i t e m C [ ’ a l l * ,  ’ i t s ’ ] , [ ’ d t ’ , * p r p $ ’ ] ) , i t e m C . , ’ n n p ’ ) ] ) .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  4 ,  0 ,

□  , [ i t e m C [ ’ t e r m i n a t e d ’ , ’ c o n t i n u e s ’ ] , _ ) , l i s t ( 2 , _ ,  [ ’ v b ’ , ’ d t ’ , ’ t o ’ ] ) ,  

l i s t ( 2 ,  [ ’ s a l e ’ ,  ’ a g r e e m e n t ’ , ’ f o r ’ ]  , _ ) ]  ,  [ i t e m ( _ ,  [ ’ i n ’ , ” ” ] ) ] ) .

r u l e C a c q u i s i t i o n ,  s t a t u s ,  7 ,  0 ,

[ i t e m C [ ’ b e e n ’ , ’ h a s ’ ] , _ ) ]  , [ i t e m C [ ’ t e r m i n a t e d ’ , ’ c o m p l e t e d ’ ] , ’ v b n ’ ) ] , [ i t e m ( _ , _ ) , 

i t e m C . . [ ’ j j ’ , ’ r b ' ] ) ] ) . 

r u l e C a c q u i s i t i o n ,  s t a t u s ,  5 ,  0 ,

[ l i s t ( 2 , _ , _ ) , i t e m ( _ , [ ’ v b z ’ ,  ’ v b p ’ ] ) ] , [ i t e m C [ ’ a c q u i r e d ’ , ’ e n d e d ’ ] , ’ v b n ’ ) ] , [ l i s t ( 2 , _ , _ )  ,  

i t e m ( _ , [ ’ d t ’ , ’ n n p ’ ] ) , i t e m ( _ , [ ’ i n ’ , ’ n n p ’ ] ) ]  )  .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  5 ,  0 ,

[ i t e m ( _ , [ ’ n n ’ , ’ v b d ’ ] ) , i t e m C [ ’ h a s ’ , ’ i t ’ ] , _ ) ]  ,  [ l i s t ( 2 , [ ’ n e g o t i a t i o n s ’ , ’ c o m p l e t e d ’ , 

’ s t a r t e d ’ ] , _ ) ] , [ i t e m C [ ’ w i t h ’ , ’ i t s ’ ] , _ ) ] ) .  

r u l e C a c q u i s i t i o n ,  s t a t u s ,  1 1 ,  0 ,

□  ,  [ i t e m C [ ’ a g r e e d ’ , ’ f o u n d ' ]  , ’ v b n ’ ) , l i s t ( 2 , _ , _ )  , i t e m C [ ’ p r i n c i p l e ’ , ’ b u y e r ’ ] , ’ n n ’ ) ] ,

□ ).
r u l e C a c q u i s i t i o n ,  s t a t u s ,  1 1 ,  0 ,

[ i t e m C . , [ ’ p r p ’ , ’ r b ’ ] ) ] , [ i t e m C [ ’ c o m p l e t e d ’ , ’ r e j e c t e d ’ ] , ’ v b d ’ ) ] . [ i t e m ( _ , ’ d t ’ ) ] ) .  

r u l e C a c q u i s i t i o n ,  s e l l e r c o d e ,  1 2 ,  0 ,

[ i t e m C  ’ { ’ , ’ ( ’ ) ] , [ i t e m ( _ , ’ n n p ’ ) ]  , [ i t e m C ’ > ' , ’ ) ’ ) , i t e m C [ ’ t o * , ’ e x p l o r e s ’ ] , _ ) ,  

i t e m C  [ ’ c o m p l e t e ’ , ’ s e l l ’ , ’ u n i t ’ ]  , _ ) , i t e m ( _ ,  [ ’ n n ’ , ’ d t ’ , ’ n n p ’ ] ) ] ) . 

r u l e C a c q u i s i t i o n ,  s e l l e r c o d e ,  I S ,  0 ,

Q ,  [ i t e m C [ ’ l r h o . 1 ’ , ’ h e p c . l ’ ,  ’ a t c o . o ’ , ’ c k b ’ , ’ h n s n . l ’ , ’ b a c ’ , ’ e r r s ’ , ’ f t r ’ . ’ k b ’ , ’ b o r ’ ,

• t a e ’ ,  ’ g m ’ ,  ’ h a n ’ ]  , _ ) ] , □ ) .  

r u l e C a c q u i s i t i o n ,  s e l l e r c o d e ,  9 ,  0 ,

[ i t e m C ’ { ’ , ’ ( ’ ) ] ,  [ i t e m ( _ , ’ n n p ’ ) ]  , [ i t e m C ’ > ’ , ’ ) ’ )  , i t e m C [ ’ f o r ’ , ’ , ’ , ’ s e l l s ’ , ’ c o m p l e t e s ’ ] , _ )  , 

i t e m C [ ’ 2 3 5 ’ , ’ w h o ’ , ’ s a l e ’ , ’ f o a m ’ , ’ 3 0 ’ ]  . _ ) ]  )  .  

r u l e C a c q u i s i t i o n ,  s e l l e r c o d e ,  6 ,  0 ,

□  , [ i t e m C [ ’ b m y ’ , ’ s i b ’ ,  ’ b n l ’ ,  ’ g y ’ , ’ e s k ’ ] , ’ n n p ’ ) ] , [ i t e m C ’ > ’ , ’ ) ’ ) ,  

i t e m ( _ , [ ’ . ’ , ’ v b z ’ , ’ n n ’ ] ) ] ) .  

r u l e C a c q u i s i t i o n ,  s e l l e r c o d e ,  7 ,  0 ,

[ i t e m C  ’ { ’ , ’ ( ’ ) ] , [ i t e m ( _ , ’ n n p ’ ) ]  , [ i t e m C ’ > ’ , ’ ) ’ ) ,  i t e m C [ ’ s i g n s ' , ’ u n i t ’ ] , _ ) ,  

i t e m C [ ’ p a c t ’ , ’ e n d s e n t * ]  , _ ) , i t e m C _ , [ ’ i n ’ , ’ n n p ’ ] ) , i t e m ( _ , [ ’ n n p ’ , ’ , ’ ] ) , i t e m ( _ , _ ) , 

i t e m ( _ ,  [ ’ n n p ’ , ’ . ’ ] ) ] ) .  

r u l e C a c q u i s i t i o n ,  s e l l e r c o d e ,  3 ,  0 ,

[ i t e m C  [ ’ ” s  ’ ,  ’ d o m e ’ ]  ,  [ ’ p o s ’ ,  ’ n n p ’ ]  )  , i t e m C  ’ { ’ , ’ ( ’ ) ] ,  [ i t e m C _ ,  ’ n n p ’ ) ]  ,  [ i t e m C  ’ > ’ , ’ ) ’ ) ,  

i t e m ( _ ,  [ ’ n n ’ , ’ n n p ’ ] ) , i t e m ( _ , [ ’ n n s ’ , ’ n n p ’ ] ) , l i s t ( 2 , _ , _ ) , i t e m ( _ , [ ’ ( ’ , ’ n n ’ ]  ) ,  

i t e m C . , [ ’ i n ’ , ’ n n p ’ ] ) ] )  .  

r u l e C a c q u i s i t i o n ,  s e l l e r c o d e ,  1 5 ,  0 ,

[ i t e m C ’ { ’ , ’ ( ’ ) ] , [ i t e m ( _ , ’ n n p ’ ) ]  , [ i t e m C ’ > ’ , ’ ) ’ )  , i t e m C [ ’ s e l l s ’ , ’ s e l l i n g ’ , ’ s o u t h ’ ] , _ ) ,  

l i s t ( 2 , _ , _ ) , i t e m ( _ , [ ’ e n d s e n t ’ , ’ n n ’ ] ) ] ) .  

r u l e C a c q u i s i t i o n ,  s e l l e r c o d e ,  8 ,  0 ,

[ i t e m C  ’ • ( ’ , ’ ( ’ ) ] ,  [ i t e m ( _ ,  ’ n n p ’ ) ]  ,  [ i t e m C ’ > ’ , ’ )  ’ )  , i t e m C  [ ’ s e l l s ’ ,  ’ s e e k s  ’ ,  ’ e n d s  ’ ]  ,  ’ v b z ’ )  ,
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i t e m C _ . _ )  , i t e m C _ ,  [ ’ n n p ’ ,  ’ v b ’ ,  ’ t o ’ ]  ) ] )  . 

r u l e C a c q u i s i t i o n ,  s e l l e r c o d e ,  3 ,  0 ,

[ i t e m C . ,  ’ n n p ’ )  , i t e m C [ ’ c o r p ’ ,  ’ h e a l t h c a r e ' ]  ,  ’ n n p ’ )  . i t e m C ’ { ’ , ’ ( ’ ) ] .  [ i t e m C . .  ’ n n p ’ ) ]  , 

[ i t e m C ’ > ’ , ’ )  ’ )  ,  i t e m C . ,  [ ’ .  ’ ,  ’ t o ’ ]  )  , l i s t C 2 , _ , _ )  , i t e m C _ , _ )  , i t e m ( _ ,  [ ’ n n p ’ ,  ’ e n d s e n t ’ ] ) ]  )  .  

r u l e C a c q u i s i t i o n ,  s e l l e r c o d e ,  3 ,  0 ,

[ i t e m C . ,  ’ n n p ’ )  , i t e m C . ,  ’ n n p ’ )  , i t e m C  ’ { ’ ,  ’ C ’ ) ]  ,  [ i t e m C _ , _ ) ]  .  [ i t e m C  ’ > ’ , ’ ) ’ ) ,  

i t e m C  [ ’ a g r e e s ’ ,  ’ c o m p l e t e s ' ]  ,  ’ v b z ’ )  , l i s t C 2 , _ , _ )  , i t e m C  [ ’ s e l l ’ ,  ’ s a l e ’ ]  , _ ) ] ) .  

r u l e C a c q u i s i t i o n ,  s e l l e r c o d e ,  3 ,  0 ,

[ i t e m C [ ’ h a r c o u r t ’ ,  ’ b u y ’ ]  , _ )  , i t e m C . , ’ n n p ’ )  . i t e m C  ’ { ’ .  ’ C ’ ) ]  ,  [ i t e m C _ ,  ’ n n p ’ ) ]  .

[ i t e m C ’ } ’ , ’ )  ’ )  . i t e m C ’ u n i t ’ ,  ’ n n ’ ) ] )  .  

r u l e C a c q u i s i t i o n ,  s e l l e r c o d e ,  6 ,  0 ,

[ i t e m C _ , _ )  , i t e m C _ , _ )  , i t e m C ’ { ’ ,  ’ C ’ ) ]  ,  [ i t e m C _ ,  ’ n n p ’ ) ]  ,  [ i t e m C ’ } ’ . ’ ) ’ ) ,  

i t e m ( _ ,  [ ’ , ’ ,  ’ t o ’ ]  )  , i t e m C  [ ’ u s a i r * , ’ s e l l ’ ]  , _ )  , i t e m C . ,  [ ’ C ’ ,  ’ n n p ’ ]  ) ]  )  .  

r u l e C a c q u i s i t i o n ,  s e l l e r c o d e ,  3 ,  0 ,

[ i t e m C . ,  [ ’ ,  ’ ,  ’ n n p s ’ ] )  ,  i t e m C  [ ’ b u t ’ ,  ’ { ’ ]  , _ ) ]  ,  [ i t e m C _ ,  [ ’ n n p ’ ,  ’ n n s ’ ]  ) ]  ,

[ i t e m C . ,  [ ’ v b z ’ , ’ ) ’ ] )  , i t e m C _ . _ )  , i t e m C _ , [ ’ i n ’ ,  ’ v b ' ] ) ] )  .  

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,

[ i t e m C [ ’ h o u s t o n ’ ,  ’ d e n v e r ’ ]  ,  ’ n n p ’ ) , i t e m C  )  . i t e m C  [ ’ m a r c h ’ ,  ’ a p r i l ’ ]  ,  ’ n n p ’ )  ,

i t e m C [ ’ 4 ’ ,  ’ 1 ’ ]  ,  ’ c d ’ )  , i t e m C ’ - ’ , ’ : ’ ) ] ,  [ l i s t C 2 , _ ,  ’ n n p ’ ) ]  ,  [ i t e m C [ ’ i n c ’ ,  ’ c o r p ’ ]  ,  ’ n n p ’ ) , 

i t e m C ’ s a i d ’ ,  ’ v b d ’ ) , i t e m C  ’ i t  ’ ,  ’ p r p ’ ) ] ) .  

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,

[ i t e m C _ ,  [ ’ n n * . ’ n n p ’ ] )  , l i s t C 2 , _ , _ ) , i t e m C [ ’ .  ’ ,  ’ s u b s i d i a r y ’ ]  , _ )  ,

i t e m C . ,  [ ’ e n d s e n t * ,  ’ i n ’ ]  ) ]  ,  [ i t e m C _ ,  ’ n n p ’ ) ,  i t e m ( _ ,  ’ n n p ' ) ]  ,  [ i t e m C  [ ’ s a i d ’ ,  ’ c o r p ’ ]  , _ )  , 

i t e m C _ , _ )  , i t e m C . ,  [ ’ n n s  ’ ,  ’ n n p ’ ]  ) ]  )  . 

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,

[ i t e m C [ ’ l ’ ,  ’ 2 ’ ]  ,  ’ c d ’ )  , i t e m C ’ - ’ , ’ : ’ ) ] ,  [ i t e m C _ .  ’ n n p ’ ) ]  ,  [ i t e m C [ ’ i n c ’ ,  ’ c o r p ’ ]  ,  ’ n n p ’ ) , 

i t e m C  ’ s a i d * ,  ’ v b d ’ )  ,  i t e m C . , _ )  , i t e m C _ ,  [ ’ n n p ’ ,  ’ v b z ’ ]  ) ]  )  .  

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  4 ,  0 ,

[ i t e m C [ ’ a c q u i r i n g ’ ,  ’ f r o m ’ ,  ’ - ’ ]  , _ ) ]  ,  [ i t e m C [ ’ t r i m a c ’ , ’ q u a k e r ’ , ’ b u t l e r ’ ]  ,  ’ n n p ’ ) ]  ,

□ ).
r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,

[ i t e m C . ,  [ ’ r b ’ ,  ’ n n ’ ]  )  , i t e m C _ , _ )  . i t e m C [ ’ p l a n t s ’ , ’ , ’ ] , _ )  , l i s t C 2 , _ , _ )  ,  

i t e m C _ ,  [ ’ n n ’ ,  ’ v b n ’ ]  )  ,  i t e m C  [ ’ f o r ’ ,  ’ b y ’ ]  ,  ’ i n ’ ) ]  ,  [ i t e m C _ ,  ’ n n p ’ ) ]  ,  [ i t e m C . ,  [ ’ • ’ , ’ , ’ ] ) ,  

i t e m C _ , _ )  , i t e m C _ ,  [ ’ n n p ’ ,  ’ r b ' ]  ) ] )  .  

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,

[ i t e m C . ,  [ ’ i n ’ ,  ’ c d ’ ] )  ,  i t e m C . . C ’ C ’ , ’ : ’ ] ) ] ,  [ l i s t C 2 , _ ,  ’ n n p ’ ) ]  ,  [ i t e m C [ ’ m i n e s ’ ,  ’ c o r p ’ ]  , _ )  , 

i t e m C  [ ’ i n c ’ ,  ’ s a i d ’ ]  , _ )  , i t e m C _ .  [ ’ )  ’ ,  ’ p r p ’ ]  )  , i t e m C  [ ’ i n ’ ,  ’ c o m p l e t e d ’ ]  , _ )  ,  

i t e m C _ .  [ ’ j j ’ .  ’ d t ’ ] )  . i t e m C [ ’ m i n i n g ’ ,  ’ s a l e ’ ]  ,  ’ n n ’ ) ]  )  .  

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  4 ,  0 ,

[ i t e m C . ,  [ ’ n n p ’ ,  ’ n n ’ ]  )  ,  i t e m C _ , _ )  ,  i t e m C . ,  _ )  . l i s t  ( 2 ,  [ ’ i n d e n t  i f  y  ’ ,  ’ m a r c h ’ ,  ’ t h e  ’ ,

’ p e t ’ ]  , _ )  . i t e m C [ ’ 2 ’ ,  ’ b u y e r ’ .  ’ o w n e d ’ ]  , _ )  , i t e m C . ■ [ ’ i n ’ , ’ : ’ ] ) ] ,  [ i t e m C _ ,  ’ n n p ’ ) ]  ,

[ i t e m C [ ’ c o r p ’ ,  ”  ’ s ’ ,  ’ m i n i n g ’ ]  , _ )  , l i s t C 3 , _ , _ )  , i t e m C . ,  [ ’ ,  ’ ,  ' d t  ’ ,  ’ n n s ’ ]  ) ] )  .  

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  4 ,  0 ,

[ i t e m C . ,  [ ’ n n p ’ ,  ’ v b d ’ ,  ’  j  j ’ ] )  , i t e m C _ , _ )  ,  i t e m C  [ ’ m a r c h ’ ,  ’ t h i s ’ ,  ’ a n ’ ]  , _ )  ,  

i t e m C [ ’ 9 * ,  ’ t r a n s a c t i o n ’ ,  ’ i s s u e ’ ]  , _ )  , i t e m C . ,  [ ’ : ’ , ’ , ’ ,  ’ t o ’ ]  ) ]  ,  [ i t e m C _ ,  ’ n n p ’ ) ]  ,

[ i t e m C . .  [ ’ n n p * ,  ’ r b ’ ,  ’ ,  ’ ]  )  ,  l i s t  C 3 i t e m C _ ,  [ ’ j j ’ , ’ i n ’ , ’ d t ’ ] ) ] ) .  

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,

□  ,  [ i t e m C [ ’ k a u f m a n ’ ,  ’ s i l l i e d ’ ]  , _ )  , i t e m C . , . )  . i t e m C [ ’ b o a r d ’ , ’ s i g n a l ’ ]  , _ ) ] , □ ) .  

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,

[ i t e m C [ ’ p e t ’ ,  * 3 ’ ]  , _ )  , i t e m C [ ’ o f  ’ ,  ’ - ' ]  , _ ) ]  ,  [ i t e m C . ,  ’ n n p ’ )  , i t e m C _ .  ’ n n p ’ ) ]  ,

[ i t e m C . ,  [ ’ p o s ’ ,  ’ n n p ’ ] )  , i t e m C _ ,  [ ’ j j ’ ,  ’ v b d ’ ]  )  , i t e m C _ , _ )  . i t e m C  [ ’ o f  ’ ,  ’ a g r e e d ’ ]  , _ ) ] ) .  

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  6 ,  0 ,

□  ,  [ i t e m C C ’ h e p w o r t h ’ ,  ’ C h e s a p e a k e ’ ,  ’ c h e v r o n ’ ,  ’ a l l i e d ’ ,  ’ q u e s t ’ ]  ,  ’ n n p ’ ) ]  ,

[ i t e m C . ,  [ ’ v b z ’ ,  ’ n n p ’ ,  ’ p o s ’ ,  ’ v b d ’ ] ) ] )  .

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,
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[ i t e m C  [ ’ w h o ’ ,  ' m a r c h ' ]  . _ )  , i t e m ( _ , _ )  ,  i t e m C  [ ’ h e a r i n g ’ ,  ’ - ’ ]  , _ ) ]  ,  [ l i s t ( 2 , _ ,  ' n n p ' ) ]  ,  

[ i t e m (  [ ' s t e e l ' ,  ' l t d ' ]  ,  ' n n p ' )  , i t e m ( _ ,  [ ' p o s ' ,  ' v b d ' ]  )  , l i s t ( 2 , _ , _ )  ,  

i t e m ( _ , [ ' c d ' , ' v b n ' ] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,

[ i t e m ( _ ,  [ ' v b g ' ,  ’ j  j  ’ ]  )  , l i s t ( 2 , _ , _ )  . i t e m C [ ’ b u y ’ ,  ' e n d s e n t ' ]  , _ ) ]  ,  [ i t e m ( _ ,  ' n n p ' )  , 

i t e m ( _ ,  [ ' n n p ' ,  ’ n n p s ' ]  ) ]  ,  [ i t e m ( _ ,  C ’ n n p ’ ,  ’ v b n ’ ]  )  , i t e m ( _ , _ )  ,  

l i s t ( 2 ,  [ ’ o f  ’ ,  ' e n d s e n t ' ,  ' p u r c h a s e ' ]  , i t e m ( _ ,  [ ’ d t ’ ,  ’ n n p ’ ]  ) ]  )  .

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  4 ,  0 ,

□  ,  [ i t e m ( [ ' b o r g ' , ’ t e r a s ’ , ’ J o h n s o n ’ ] , ’ n n p ' ) ,

l i s t ( 2 ,  [ ’ - ’ ,  ’ a m e r i c a n ’ ,  ’ s a n e r ’ ,  ’ p r o d u c t s ’ ]  , _ ) ]  ,  [ i t e m C  [ ' c o r p ' ,  ,  ’ t o ’ ]  , _ ) ]  )  .

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,

[ i t e m C  [ ’ 2 5 ’ , ’ 3 ’ ]  ,  ’ c d ’ ) , i t e m C ’ - ’ , ’ : ’ ) ] , [ i t e m ( _ , ' n n p ' ) , l i s t ( 3 , _ , [ ' n n p ' , ’ n n ’ , ’ : ’ ] ) ] ,  

[ i t e m C  [ ' c o r p ' , ' c o r f p ' ] , ’ n n p ’ ) , i t e m C ’ s a i d ’ , ' v b d ' ) ] ) .  

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,

[ i t e m C . ,  [ ’ n n p ’ ,  ’ j ' j  ’ ]  )  , i t e m ( _ , _ )  , i t e m C  [ ’ a p r i l ’ ,  ’ o f  ’ ]  , _ )  ,  i t e m ( _ ,  [ ’ c d ’ ,  ’ r b ’ ]  )  ,  

i t e m ( _ ,  [ ’ : ’ , ’ v b n ’ ] ) ] , [ l i s t ( 2 , _ , ’ n n p ’ ) ] , [ i t e m C [ ’ i n c ' , ’ 1 0 ’ ] , _ ) , i t e m C [ ’ s a i d ’ , ’ - ’ ] , _ ) ,  

i t e m ( _ ,  [ ’ p r p ’ , ’ c d ’ ] ) , l i s t ( 2 , _ , _ ) , i t e m ( _ , _ ) , i t e m ( [ ’ t h e ’ , ’ d e b e n t u r e s ’ ] , _ ) ] ) .  

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,

[ i t e m ( _ , [ ’ m d ’ , ’ e n d s e n t ’ ] ) , l i s t ( 2 , _ , _ ) , i t e m ( _ , [ ’ n n p ’ , ’ c d ’ ] ) , i t e m ( _ , _ ) ,  

i t e m C [ ’ - ’ , ’ 0 0 0 ’ ]  , _ ) ]  , [ i t e m ( _ , ’ n n p ’ ) ]  , [ i t e m C [ ’ i n t e r n a t i o n a l ’ , ’ s h a r e s ’ ] , _ ) ,  

i t e m ( _ ,  [ ’ n n p ’ ,  ’ i n ’ ] )  , i t e m ( _ ,  [ ’ v b d ’ , ’ n n p ’ ] )  , i t e m ( _ ,  [ ’ p r p ’ ,  ’ n n p ’ ] ) , 

i t e m ( _ , [ ’ v b d ’ , ’ n n p ’ ] ) ] )  .  

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ v b n ’ ,  ’ v b p ’ ] )  , i t e m ( _ , _ )  , i t e m ( _ ,  [ ’ n n p ’ ,  ’ ,  ’ ] ) , i t e m C [ ’ h u b e r t *  , ’ " ’ ] , _ ) ] ,  

[ i t e m ( _ , ’ n n p ’ ) ] , [ i t e m ( _ , _ ) , i t e m ( _ , [ ’ n n ’ , ’ . ’ ] ) ] ) .  

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,

[ i t e m C  [ ’ C l e v e l a n d ’ ,  ’ t o r o n t o ’ ] , ’ n n p ’ ) , i t e m C ’ , ’ , ’ , ’ ) , i t e m C  ’ m a r c h ’ , ’ n n p ’ ) ,  

i t e m C [ ’ 1 3 ’ , ’ 6 ’ ]  ,  ’ c d ’ )  , i t e m C ’ - ’ , ’ : ’ ) ] ,  [ l i s t ( 2 , _ ,  [ ’ n n p ’ ,  ’ v b g ’ ]  )  , i t e m ( _ ,  ’ n n p ’ ) ]  ,

[ i t e m C  [ ’ e n t e r p r i s e s ’ , ’ l t d ’ ] , _ ) ] ) .  

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,

[ i t e m C [ ’ S t e v e n s o n ’ ,  ’ . ’ ] , _ ) , i t e m ( _ , [ ’ v b d ’ , ’ e n d s e n t ’ ] ) ]  ,  [ l i s t ( 2 , _ , ’ n n p ’ ) ] ,

[ i t e m C  [ ’ o i l l ’ , ’ s a i d ’ ] , _ ) . i t e m C [ ’ c o n t i n u e * , ’ t h e ’ ] , _ ) , i t e m ( [ ’ t o ’ , ’ s a l e ’ ] , _ ) ,  

i t e m ( _ , [ ’ v b ’ , ’ v b z ’ ] ) ] ) .  

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,

[ i t e m C [ ’ { ’ , ’ b u y s ’ ]  , _ ) ] , [ i t e m C . , ’ n n p ’ ) , i t e m C . , ’ n n p ’ ) ] ,  [ i t e m C [ ’ i n c ’ , ’ { ’ ] , _ ) ,  

i t e m ( _ ,  [ ’ ) ’ , ’ n n p ’ ] ) , i t e m C  [ ’ f o r ’ , ’ > ’ ] , _ ) , l i s t ( 2 , _ , _ ) , i t e m ( _ , ’ n n ’ ) ] ) .  

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,

[ i t e m C [ ’ h a n d s ’ , ’ y o r k ’ ]  , _ ) , l i s t ( 2 , _ , _ ) , i t e m ( _ , [ ’ e n d s e n t ’ , ’ c d ’ ] ) , i t e m ( _ , [ ’ d t ’ , ’ : ’ ] ) ]  ,  

[ l i s t ( 2 , _ , ’ n n p ’ ) ]  , [ i t e m C [ ’ s o u r c e s ’ , ’ c o r p ’ ] , _ ) , i t e m C . ,  ’ v b d ’ ) , i t e m ( [ ’ n o ’ , ’ i t ’ ] , _ ) ,  

i t e m ( _ , [ ’ n n s ’ , ’ v b z ’ ]  ) ] ) .  

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,

[ i t e m C . ,  ’ n n p ’ )  , i t e m C  . ’ , ’ , ’ )  , i t e m ( _ ,  ’ n n p ’ )  , i t e m ( [ ’ 2 ’ ,  ’ 6 ’ ]  ,  ’ c d ’ ) , i t e m C ’ - ’ , ’ :  ’ ) ]  ,  

[ l i s t ( 2 , _ , ’ n n p ’ ) ]  ,  [ i t e m C [ ’ c o r p ’ , ’ l t d ’ ] , ’ n n p ’ ) , i t e m ( _ , _ )  , i t e m ( _ , [ ’ p r p * , ’ c d ’ ] ) , 

l i s t ( 2 , _ , _ ) , i t e m C . , [ ’ d t ’ ,  ’ i n ’ ]  ) ] )  .  

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,

[ i t e m C [ ’ t h e * ,  ’ b u y ’ ]  , _ ) ]  ,  [ i t e m ( _ ,  ’ n n p ’ ) ]  ,  [ i t e m C  [ ’ s a i d ’ ,  ”  ’ s ’ ]  , _ )  , 

i t e m ( _ , [ ’ . ’ . ’ n n p ’ ] ) ] )  . 

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,

[ i t e m ( [ ’ o c t ’ ,  ’ s u b s t a n t i a l ’ ]  , _ )  , i t e m ( [ ’ 1 9 ’ ,  ’ d e v e l o p m e n t s ’ ]  , _ )  ,  

i t e m C [ ’ - ’ , ’ a f f e c t i n g ’ ] , _ ) ] , [ i t e m ( _ , ’ n n p ’ ) , i t e m ( _ , ’ n n p ’ ) ] , [ i t e m ( _ , [ ’ n n p ’ , ’ , ’ ] ) ,  

i t e m ( _ , _ ) , i t e m ( _ , [ ’ p r p $ ’ ,  ’ n n ’ ] ) ] )  .  

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ w r b ’ , ’ i n ’ ]  ) ]  ,  [ i t e m C [ ’ h a n s o n ’ ,  ’ c p c ’ ]  ,  ’ n n p ’ ) ]  ,  [ i t e m ( _ ,  [ ’ v b d ’ ,  ’ n n p ’ ] ) ] )  . 

r u l e C a c q u i s i t i o n ,  s e l l e r a b r ,  3 ,  0 ,

[ i t e m ( _ , [ ’ n n p ’ , ’ ) ’ ] ) , i t e m C ’ t o ’ , ’ t o ’ ) , i t e m C ’ b u y ’ , ’ v b ’ ) ] ,  [ i t e m C . , ’ n n p ’ ) ] ,
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[ i t e m ( [ * d i v i s i o n ’ ,  ’ { ’ ] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  s e l l e r a b r ,  3 .  0 ,

[ i t e m ( _ , [ * d t ’ , ’ v b d ’ ] ) , l i s t ( 2 , [ ’ e n d s e n t ’ , ’ l o c a l ’ ,  ’ .  ’ ]  , _ ) ,  

i t e m ( [ ’ a n n e s l e y ’ , ’ s u b s i d i a r y ’ ] , _ ) , i t e m ( _ , [ ’ r b ’ , ’ i n ’ ] ) ] , [ i t e m ( _ . ’ n n p ’ ) ]  ,

[ i t e m ( [ ’ p e t r o l e u m ’ , ’ c o r p ' ] , ’ n n p ’ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  6 ,  0 ,

[ i t e m ( [ ’ s u b s i d i a r y ’  , ’ , ’ , ’ 3 ’ ] , _ )  ,  i t e m ( [ ’ o f  ’ [ l i s t  ( 2 ,  ’ n n p ’ )  , 

i t e m ( [ ’ c o r p ’ , ’ i n d u s t r i e s ’ , ’ c o ’ ] , _ ) ] , [ i t e m ( _ , _ ) , i t e m ( _ , [ ’ i n ’ , ’ n n p ’ , ’ p r p ’ ] ) ]  ) .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  4 ,  0 ,

[ i t e m ( [ * c o n s u m e r ’ , ’ e n d s e n t ’ , ’ a k r o n ’ ] , _ ) , l i s t ( 3 , _ , _ ) , i t e m ( _ , _ ) ,  

i t e m (  [ ’ a c c o u n t s ’ , ’ 2 0 ’ , ’ 1 ’ ] , _ ) , i t e m ( [ ’ f r o m ’ , ’ - ’ ] , _ ) ] , [ l i s t ( 2 , _ , ’ n n p ’ )  ,  

i t e m ( [ ’ c o ’ , ’ i n c ’ , ’ f e d e r a l ’ ] , ’ n n p ’ ) ] ,  [ i t e m ( _ , [ ’ ( ’ , ’ v b d ’ ] ) ,  

l i s t ( 4 , _ , _ ) , i t e m ( _ , [ ’ ) ’ , ’ n n p ’ , ’ d t ’ ] ) ] ) . 

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  4 ,  0 ,

[ i t e m ( [ ’ 4 ’ , ’ 2 ’ , ’ 1 9 ’ 1 , ’ c d ’ ) , i t e m (  , ’ : ’ ) ] , [ i t e m ( _ , ’ n n p ’ ) ,  

i t e m (  [ ’ s t o r e s ’ ,  ’ s a n d w i c h e s ’ ,  ’ i n d u s t r i e s ’ ]  , _ )  , i t e m C  i n c * ,  ’ n n p ’ ) ]  ,  □  )  . 

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  5 ,  0 ,

[ i t e m ( [ * m a r c h ’ , ’ h o u s t o n ’ , ’ c h i e f ’ ] , _ ) , i t e m ( _ , _ ) , i t e m ( [ ’ - ’ , ’ f r o m ’ , ’ o f f i c e r ’ ]  , _ ) ] ,  

[ l i s t ( 2 , _ , _ ) , i t e m ( [ ’ c o r f p ’ , ’ i n c ’ , ’ c o h e n ’ , ’ 1 - p . ’ ] , ’ n n p ’ ) ] , [ i t e m ( _ , _ )  , 

i t e m ( _ , [ ’ d t ’ , ’ c d ’ , ’ p r p ’ ] ) , i t e m ( _ , _ ) , i t e m ( _ , _ ) , i t e m ( [ ’ a d v i s o r y ’ . ’ a ’ ,  ’ .  ’ ,  ’ s h a r e s ’ ]  , _ )  ,  

i t e m ( _ , [ ’ n n ’ , ’ j j ’ , ’ e n d s e n t ’ , ’ i n ’ ] ) ] ) . 

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  7 ,  0 ,

[ i t e m ( _ ,  [ ’ :  ’ ,  ’ v b ’ ,  ’ ( ’ ] ) ]  ,  [ i t e m ( [ ’ b o r e a l i s ' ,  ’ r i e d e l ’ ,  ’ g e n e r a l ’ ,  ’ a l l i e d ’ ,  ’ d e l t e c ’ , 

’ k a u f m a n ’ ]  ,  ’ n n p ’ )  . l i s t  ( 2 , _ , _ )  , i t e m (  [ ’ s a ’ ,  ’ c o r p ' ,  ’ i n c ’ ,  ’ l t d ’ ]  ,  ’ n n p ’ ) ]  ,  □  )  .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  3 ,  0 ,

[ l i s t ( 3 , _ , _ ) ]  , [ i t e m ( _ , ’ n n p ’ ) , i t e m ( [ ’ h o l d i n g s ’ , ’ 1 . ’ , ’ d e v e l o p m e n t ’ ]  ,  ’ n n p ’ ) ,  

i t e m ( _ , ’ n n p ’ ) ] , [ i t e m ( _ ,  [ ’ ) ’ , ’ , ’ , ’ v b d ’ ] ) , l i s t ( 3 , _ , _ ) , i t e m ( _ , ’ n n p ’ ) ] )  .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  3 ,  0 ,

[ i t e m ( [ ’ C h i c a g o ’ , ’ y o r k ’ ] , ’ n n p ’ ) , i t e m C  , ’ , ’ , ’ ) ,  i t e m ( _ ,  ’ n n p ’ )  ,  i t e m ( [ ’ 2 * , ’ 2 6 ’ ] . ’ c d ’ ) ,  

i t e m ( ’ - ’ , ’ : ’ ) ] ,  [ i t e m ( _ ,  ’ n n p ’ )  , i t e m ( ’ c o r p ’ ,  ’ n n p ’ ) ]  ,  [ i t e m C  s a i d ’ ,  ’ v b d ’ )  , 

i t e m (  ’ i t ’ , ’ p r p ’ ) , i t e m ( _ , [ ’ v b d ’ , ’ v b z ’ ] ) ]  )  . 

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  4 ,  0 ,

[ i t e m ( [ ’ f r o m ’ , ’ i n c ’ ] , _ ) , i t e m ( _ ,  [ ’ ( ’ , ’ p o s ’ ] ) ] , [ l i s t ( 4 , _ , _ ) , i t e m ( ’ i n c ' ,  ’ n n p ’ ) ]  ,

[ i t e m ( _ , [ ’ ) ’ , ’ ( ’ ] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  8 ,  0 ,

□  ,  [ i t e m ( [ ’ a l l i e d ’ , ’ o v e n s ’ , ’ c p c ’ , ’ c v s ’ , ’ c r e d i t o r s ’ ] , _ ) , l i s t ( 3 , _ , _ )  , 

i t e m ( [ ’ c o r p ’ , ’ i n c ’ , ’ f a c i l i t i e s ’ ] , _ ) ] ,  □  )  .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  3 ,  0 ,

[ i t e m (  [ ’ a p r i l ’ , ’ { ’ ] , _ ) , i t e m ( _ , _ ) , i t e m ( _ , [ ’ : ’ , ’ ) ’ ] ) ] , [ l i s t ( 2 , _ , [ ’ j j ’ ,  ’ n n p ’ ]  ) ,  

i t e m ( [ ’ c h e m i c a l ’ , ’ h o l d i n g s ’ ] , ’ n n p ’ ) , i t e m ( _ , ’ n n p ’ ) ]  , [ i t e m ( _ . _ ) ,  

l i s t ( 2 , [ ’ u n d i s c l o s e d ’ , ’ h e p c . l ’ , ’ f o r ’ ] , _ ) ,  i t e m ( _ , _ ) , i t e m ( _ , [ ’ v b d ’ ,  ’ .  ’ ] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  S ,  0 ,

[ i t e m ( _ ,  [ ’ v b n ’ , ’ : ' , ’ ( ’ ] ) ] ,  [ i t e m (  [ ’ r h o n e  ’ ,  ’ h a n s o n ’ ,  ’ b o r g ’ ,  ’ C a n a d i a n ’ ]  ,  ’ n n p ’  )  ,  

l i s t ( 2 , _ , _ )  , i t e m ( [ ’ c h i m i e ’ ,  ’ p i c ’ ,  ’ c o r p ’ ,  ’ l t d ’ ]  ,  ’ n n p ’ ) ]  ,  □ )  .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  4 ,  0 ,

[ i t e m ( [ ’ m a g n e t i c s ’ , ’ m a r c h ’ ] , _ ) , i t e m ( _ , [ ’ n n ’ , ’ c d ’ ]  ) , i t e m ( [ ’ o f ’ , ’ - ’ ]  , _ ) ]  ,

[ i t e m ( _ ,  ’ n n p ’ )  , l i s t ( 2 ,  [ ’ s y s t e m ’ ,  ’ m c c o r m a c k ’ ,  ’ i n d u s t r i e s ' ,  ’ r e s o u r c e s ’ ,  ’ b a n k ’ ]  ,  ’ n n p ' )  ,  

i t e m C  i n c ’ ,  ’ n n p * ) ]  ,  [ i t e m ( _ ,  [ ’ ,  ’ ,  ’ v b d ’ ] )  , i t e m ( _ , _ )  ,  i t e m ( _ ,  [ ’ n n ' , ’ v b z ’ ]  )  ,  

i t e m ( [ ’ f o u n d ’ , ’ o f ’ , ’ c o m p l e t e d ’ ] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  3 ,  0 ,

[ i t e m ( [ ’ c h a i r m a n ’ ,  ’ f r o m ’ ]  , _ ) ]  ,  [ l i s t ( 2 , _ ,  ’ n n p ’ )  , i t e m ( [ ' b r i n k m a n ’ ,  ’ c o r p ’ ]  ,  ’ n n p ’ ) ]  , 

[ i t e m ( _ , [ ’ c c ’ , ’ . ’ ] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  3 ,  0 ,

[ i t e m ( [ ’ a i r ’ ,  ’ m a r c h ’ ] , ’ n n p ’ ) , i t e m ( [ ’ c o r p ’ , ’ 1 7 ’ ]  , _ ) , i t e m ( _ , [ ’ p o s *  , ’ : ’ ] ) ] ,

[ l i s t ( 2 , _ ,  ’ n n p ’ )  , i t e m ( [ ’ a i r l i n e s ’ , ’ c o r p ’ ]  , _ ) ]  ,  [ i t e m C s a i d ’ ,  ’ v b d ’ )  ,
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i t e m ( _ , [ ' p r p ' ,  ’ j j ’ ] ) ]  )  .  

r a l e ( a c q u i s i t i o n ,  s e l l e r ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ i n ’ ,  ’ n n p ’ ]  )  , i t e m ( _ , _ )  , i t e m ( [ ’ c a p i t a l ’ ,  ’ m a r c h ’ ]  , _ )  , i t e m ( _ ,  [ ’ n n ’ ,  ’ c d ’ ]  )  ,  

i t e m ( _ ,  [ ’ i n ’ , ’ : ’ ] ) ] ,  [ i t e m ( _ ,  ’ n n p ’ )  , i t e m ( ’ i n c ’ ,  ’ n n p ’ ) ]  ,  [ i t e m ( _ ,  [ ’ p o s  ’ ,  ’ v b d ’ ]  )  ,  

i t e m ( _ ,  [ ’ r b ’ ,  ’ p r p ’ ] )  , i t e m ( _ , _ )  , l i s t ( 2 ,  [ ’ d ’ ,  ’ c o m p l e t e d ’ ,  ’ s u b s i d i a r y ’ ]  , _ )  , 

i t e m ( _ , [ ’ d t * , ’ c c ’ ] ) ] )  .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  3 ,  0 ,

[ l i s t ( 2 , _ , _ ) ]  ,  [ i t e m (  [ ’ n o r d b a n k e n ’ , ’ g e n c o r p ’ ]  ,  ’ n n p ’ ) ]  ,  [ i t e m ( _ ,  [ ’ )  ’ .  ’ v b d ’ ]  ) ]  )  . 

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  3 ,  0 ,

[ i t e m ( ’ 9 * ,  ’ c d ’ ) , i t e m C ’ - ’ , ’ : ’ ) ] ,  [ l i s t ( 3 , _ ,  ’ n n p ’ )  , i t e m ( [ ’ p a r t n e r s ' ,  ’ i n c ’ ] , _ ) ]  ,

[ i t e m ( _ ,  ’ v b d ’ )  , i t e m ( _ , _ )  , i t e m ( _ ,  [ ’ v b d ’ ,  ’ n n p s ’ ] )  , i t e m ( _ , _ )  ,  i t e m ( _ ,  [ ’ n n ’ .  ’ n n p ’ ]  ) ]  )  .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ v b n ’ ,  ’ v b ’ ]  )  ,  i t e m ( _ ,  [ ’ i n ’ ,  ’ c d ’ ]  ) ]  ,  [ l i s t ( 2 , _ ,  ’ n n p ’ )  , 

i t e m (  [ ’ h a t  ’ ,  ’ c o r p ’ ]  ,  ’ n n p ’ ) ]  ,  [ i t e m ( _ ,  [ ’ ,  ’ ,  ’ n n ’ ] ) ] )  . 

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ v b ’ ,  ’ )  ’ ] )  , i t e m (  ’ { ’ , ’ ( ’ ) ] ,  [ l i s t ( 5 , _ , _ )  , i t e m (  ’ l t d ’ ,  ’ n n p ’ ) ]  ,  □ ) .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  4 ,  0 ,

[ i t e m ( [ ’ p c t ’ ,  ’ s u b s i d i a r y ’ ,  ’ s u b s t a n t i a l l y ’ ]  , _ )  , i t e m ( [ ’ o f ’ ,  ’ a l l ’ ]  , _ ) ]  ,

[ l i s t ( 3 , _ ,  [ ’ c c ’ ,  ’ n n p ’ ]  )  , i t e m C . ,  ’ n n p ’ )  , i t e m (  [ ’ u s a ’ , ’ c o r p ’ ,  ’ a s s o c i a t e  ’ ]  ,  ’ n n p ’ ) ]  ,  

[ i t e m ( _ ,  [ ’ ( ’ ,  ’ p o s ’ ] ) ] )  .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  4 ,  0 ,

[ i t e m ( _ ,  [ ’ n n p ’ ,  ’ n n ’ ]  )  , i t e m ( [ ’ - ’ ,  ’ o f ’ ]  , _ )  , i t e m ( _ ,  [ ’ v b n ’ , ’ ( ’ ] ) ] ,  [ l i s t ( 2 , _ ,  ’ n n p ’ )  ,  

i t e m ( [ ’ i n c ' , ’ a b ’ ] , ’ n n p ’ ) ] ,  [ i t e m ( _ , [ ’ v b d ’ , ’ ) ’ ] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  3 ,  0 ,

[ i t e m (  [ ’ m a r c h ’ ,  ’ n e w ’ ]  ,  ’ n n p ’ )  , i t e m ( _ ,  [ ’ c d ’ , ’ n n p ’ ] )  , i t e m ( _ ,  [ ’ : ’ , ’ n n ’ ] ) ] ,

[ l i s t ( 3 , _ ,  [ ’ n n p s * ,  ’ n n p ’ ]  )  , i t e m (  [ ’ e d e l m a n ’ , ' c o  ’ ]  ,  ’ n n p ’ ) ]  ,  [ i t e m C  [ ’ s a i d ’ , ’ a n d ’ ]  , _ )  , 

l i s t ( 2 , _ , _ )  ,  i t e m C  [ ’ a g r e e d ’ ,  ’ i n c ’ ]  , _ )  , l i s t ( 2 , _ , _ ) , i t e m ( _ ,  [ ’ n n p * ,  ’ p r p * ’ ] ) ] )  . 

r u l e ( a c q u i s i t i o n ,  s e l l e r .  3 ,  0 ,

[ i t e m ( _ ,  [ ’ n n p ’ ,  ’ c c ’ ]  )  , i t e m ( _ , _ )  , i t e m (  [ ’ a p r i l ’ ,  ’ s h i e l d ’ ]  , _ )  , i t e m ( _ ,  [ ’ c d ’ , ’ , ’ ] )  ,  

i t e m ( [ ’ - ’ ,  ’ w h i l e ’ ]  , _ ) ]  ,  [ l i s t ( 2 , _ ,  ’ n n p ’ )  , i t e m ( ’ c o r p ’ ,  ’ n n p ’ ) ]  ,  [ i t e m ( _ ,  [ ’ v b d ’ , ’ m d ’ ] )  , 

i t e m ( _ , [ ’ p r p ’ , ’ v b ’ ] ) , i t e m ( _ , _ ) , i t e m ( _ , [ ’ t o * , ’ v b ’ ] ) ]  ) .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  S ,  0 ,

[ i t e m (  [ ’ e d e l m a n * ,  ’ o f  ’ ,  ’ 1 8 ’ ]  , _ )  , i t e m ( _ ,  [ ’ c c ’ , ’ ( ’ , ’ : ’ ] ) ] ,  [ i t e m ( _ ,  ’ n n p ’ )  , 

i t e m ( _ ,  ’ n n p ’ )  , i t e m ( [ ’ i n c ’ ,  ’ c o ’ ]  ,  ’ n n p ’ ) ]  ,  [ i t e m ( _ ,  [ ’ ( ’ , ’ ) ’ ,  ’ v b d ’ ] )  ,  

i t e m ( _ , [ ’ n n p * , ’ i n ’ , ’ p r p ’ ] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  3 ,  0 ,

[ l i s t ( 2 , _ , _ )  , i t e m ( _ ,  [ ’ c c ’ , * ( ’ ] ) ] ,  [ i t e m ( _ ,  ’ n n p ’ )  , i t e m (  [ ’ 1 .  ’ ,  ’ h o l d i n g s ’ ]  ,  ’ n n p ’ )  ,  

i t e m ( _ ,  ’ n n p ’ ) ]  ,  [ i t e m ( _ ,  [ ’ , ’ , ’ ) ’ ] )  , i t e m ( _ , _ )  , l i s t ( 2 , _ , _ )  , i t e m ( _ ,  ’ n n p ’ ) ]  )  .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  3 ,  0 ,

[ i t e m ( [ ’ - ’ ,  ’ w i t h ’ ]  , _ ) ]  ,  [ l i s t ( 2 , _ ,  ’ n n p ’ )  , i t e m ( [ ’ c i t y ’ ,  ’ s o u t h e r n ’ ]  ,  ’ n n p ’ )  , i t e m ( _ , _ )  ,  

i t e m ( _ ,  ’ n n p ’ ) ]  ,  □ )  .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  4 ,  0 ,

[ i t e m ( _ ,  [ ’ n n p ’ ,  ’ v b ’ ]  )  . l i s t ( 2 ,  [ ’ t h e ’ ,  ’ 2 ’ ,  ’ s h a r e s ’ , ’ 6 ’ ]  , _ )  , i t e m ( _ ,  [ ’ :  ’ ,  ’ i n ’ ]  ) ]  ,  

[ i t e m ( _ , _ )  ,  i t e m C  [ ’ f i n a n c e ’ ,  ’ i n d u s t r i e s ' ,  ’ o ’ ]  ,  ’ n n p ’ )  , l i s t ( 2 , _ ,  ’ n n p ’ ) ]  ,

[ i t e m ( _ ,  [ ’ v b d ’ , ’ , ’ ] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  3 ,  0 ,

[ i t e m ( [ ’ . ’ ,  ’ d e t r o i t ’ ]  , _ )  , i t e m ( ’ , ’ , ’ , ’ )  , i t e m ( ’ m a r c h ’ ,  ’ n n p ’ )  , i t e m ( [ ’ 2 4 ’ , ’ 3 1 ’ ]  ,  ’ c d ’ )  , 

i t e m C - ’ , ’ : ’ ) ] ,  [ i t e m ( _ ,  ’ n n p ’ )  , l i s t ( 2 , _ ,  ’ n n p ' )  , i t e m ( [ ’ i n c ’ ,  ’ c o r p ’ ]  ,  ’ n n p ’ ) ]  ,

[ i t e m C s a i d ’ ,  ’ v b d ’ )  , l i s t ( 2 , _ , _ )  , i t e m ( _ ,  [ ’ n n p ’ ,  ’ t o ’ ] ) ]  )  .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  3 ,  0 ,

□  ,  [ i t e m ( [ ’ u . s .  ’ ,  ’ a l l e g h e n y ’ ]  ,  * n n p ’ )  , i t e m ( _ ,  ’ n n p ’ )  , i t e m ( _ ,  ’ n n p ’ ) ]  ,  [ i t e m ( _ ,  ’ v b d ’ ) ]  )  .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  4 ,  0 ,

[ i t e m ( _ ,  [ ’ v b n ’ ,  ’ n n p ’ ]  )  , i t e m ( [ ’ { ’ ,  ’ f r o m ’ ]  , _ ) ]  ,  [ l i s t ( 2 , _ ,  * n n p ’ ) , 

i t e m ( [ ’ i n c ’ ,  ’ c o ’ ]  ,  ’ n n p ’ ) ]  ,  [ i t e m ( _ , _ )  , i t e m ( _ ,  [ ’ . ’ ,  ’ c d ’ ] ) ] )  .  

r u l e ( a c q u i s i t i o n ,  s e l l e r .  3 ,  0 ,
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[ i t e m ( _ ,  [ ' c d * ,  ’ v b n ’ ]  ) , i t e m ( _ ,  [ ’ : ’ , ’ ( ’ ] ) ] ,  [ i t e m ( _ ,  ’ n n p ’ )  . l i s t ( 2 , _ ,  [ ’ n n p ’ , ’ : ’ ] ) ,  

i t e m ( [ ’ l t d ’ ,  ’ c o r p ’ ]  ,  ’ n n p ’ ) ]  ,  [ i t e m ( _ ,  [ ’ p o s ’ ,  ’ )  ’ ]  )  , i t e m { _ . _ )  , l i s t ( 2 , _ , _ )  ,

[ ’ i n ’ ,  ’ v b n ’ ] )  . i t e m ( _ , _ )  , i t e m ( _ , _ ) , i t e m ( _ ,  [ ’ n n p 1 , ’ j  j  ’ ]  ) ]  )  .  

r u l e ( a c q n i s i t i o n ,  s e l l e r ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ n n ’ ,  ’ n n p ’ ]  )  . l i s t  ( 2 ,  [ ’ v e n t u r e ’ . ’ f r o m ’ , ’ j o i n t  ’ ]  , _ )  .  i t e m (  [ ' f r o m ' , ’ { ’ ] , _ ) ] ,  

[ i t e m ( _ ,  ’ n n p ’ )  , l i s t ( 2 ,  [ ’ m i n e s ’ , ’ m i n e r a l s ’ ,  ’ g o l d ’ ]  ,  ’ n n p ’ )  , i t e m ( ’ i n c ’ ,  ’ n n p ’ ) ]  ,  

[ i t e m ( _ , _ ) , i t e m ( _ , [ ’ d t ’ . ’ i n ’ ] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  3 ,  0 ,

[ i t e m ( [ ’ ,  ’ .  ’ b y ’ ]  , _ ) ]  ,  [ l i s t ( 2 , _ ,  ’ n n p ’ )  , i t e m ( [ ’ l t d ’ ,  ’ m y e r s ’ ]  ,  ’ n n p ’ ) ]  ,

[ i t e m ( _ , _ ) , i t e m ( _ , ’ n n p ’ ) ] )  .  

r u l e ( a c q u i s i t i o n ,  s e l l e r ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ ,  ’ ,  ' i n ' ] ) ]  ,  [ l i s t ( 2 , _ , _ )  , i t e m ( [ ’ r e s o n r c e s ’ ,  ’ m y e r s ’ ]  ,  ’ n n p ’ )  , i t e m ( _ ,  ’ n n p ’ ) ]  ,  

[ i t e m ( _ , _ ) , i t e m ( _ , ’ n n p ’ ) ] )  .  

r u l e  ( a c q u i s i t i o n ,  s e l l e r ,  3 ,  0 ,

[ i t e m (  [ ’ f r o m ’ ,  ’ - ’ ]  , _ ) ]  ,  [ l i s t ( 2 , _ ,  ’ n n p ’ )  ,  i t e m C  [ ' r e s o u r c e s ' ,  ’ e n e r g y ’ ]  ,  ’ n n p ’ )  ,  

i t e m ( ’ c o r p ’ , ’ n n p ' ) ] ,  □  ) .  

r u l e  ( a c q u i s i t i o n ,  s e l l e r ,  3 ,  0 ,

□  ,  [ i t e m ( [ ’ b a n k ’ ,  ’ k a i s e r ’ ]  ,  ’ n n p ’ )  , i t e m ( _ , _ )  , i t e m ( [ ’ a m e r i c a ’ , ’ c o r p ’ ]  ,  ’ n n p ’ ) ]  ,

□ ).
r u l e ( a c q u i s i t i o n ,  s e l l e r ,  3 ,  0 ,

[ i t e m ( [ ' 2 ’ , ’ p o r t f o l i o ’ ]  , _ )  , i t e m ( [ ’ - ’ ,  ’ o f ’ ] , _ ) ]  ,  [ l i s t ( 2 , _ ,  ’ n n p ’ ) ,  

i t e m (  [  ’ i n t e r n a t i o n a l ' ,  ’ c r e d i t  ’ ]  ,  ’ n n p  ’ )  ,  i t e m ( _ , ’ n n p  ’ ) ] , □ ) .  

r u l e  ( a c q u i s i t i o n ,  p u r c h c o d e ,  4 ,  0 ,

□  ,  [ i t e m C [ ’ a b i ’ ,  ’ u ’ ,  ’ l d c o . o ’ ]  ,  ’ n n p ’ ) ]  ,  [ i t e m ( ’ } ’ ,  ’ )  ’ )  , i t e m ( _ ,  [ ’ ,  ’ ,  ’ v b z ’ , ’ n n ’ ]  )  ,  

l i s t ( 2 , _ , _ ) , i t e m ( _ , [ ’ v b n ’ , ’ n n ’ , ’ e n d s e n t ’ ] ) ]  )  .

r u l e  ( a c q u i s i t i o n ,  p u r c h c o d e .  4 ,  0 ,

[ i t e m ( [ ’ l t d * ,  ’ o a t s ’ ]  ,  ’ n n p ’ )  , i t e m ( ’ { ’ , ’ ( ’ ) ] ,  [ i t e m ( _ ,  ’ n n p ’ ) ]  ,  [ i t e m ( ’ } ’ , ’ ) ’ ) ,  

i t e m ( _ ,  [ ’ v b d ’ ,  ’ v b z ’ ]  )  , i t e m ( _ ,  [ ’ d t  ’ ,  ’ p r p ’ ,  ’ n n p ’ ]  ) ]  )  .  

r u l e  ( a c q u i s i t i o n ,  p u r c h c o d e ,  7 ,  0 ,

[ i t e m ( _ ,  [ ’ j  j ’ ,  ’ n n p ’ ]  )  , i t e m ( ’ { ’ , ’ ( ’ ) ] ,  [ i t e m ( _ ,  ’ n n p ’ ) ]  ,  [ i t e m C  > ’ , ’ ) ’ ) ,  

i t e m ( [ ’ a f f i l i a t i o n ’ ,  ’ t o ’ ,  ’ c l e a r e d ’ ]  , _ )  , i t e m ( [ ’ e n d s e n t  ’ ,  ’ a c q u i r e ’ , ’ t o ’ ] , _ ) ]  )  .  

r u l e ( a c q u i s i t i o n ,  p u r c h c o d e ,  4 3 ,  2 ,

□  ,  [ i t e m C [ ’ k r a ’ ,  ’ r a d s  ’ ,  ’ b r f  ’ ,  ’ m i t s . t  ’ ,  ’ m a ’ ,  ’ a m k g ’ ,  ’ a t c m a ’ ,  ’ k o ’ ,  ’ x t r ’ , ’ t  j c o ’ ,  ’ b i s  ’ , 

’ v i d o ’ ,  ’ m o n y . o ’ ,  ’ p p w ’ ,  ’ t p s i ’ ,  ’ h r c l y . o ’ ,  ’ a a r e ’ ,  ’ c f m i ’ ,  ’ f o r f  ’ ,  ’ m m m ’ ,  ’ j n . t o ’ ,  ’ t u a ’ , 

’ k d i ’ ,  ’ l v i ’ ,  ’ c m c o ’ ,  ’ d c i ’ , ’ c l g ’ ,  ’ n a r r * ,  ’ r t r s y ’ , ’ l e n ’ ,  ’ c o m m . o ’ , ’ s s b k ’ ,  ’ p k n '  ,  ’ c s r a . s ’ , 

’ k e y c ’ ,  ’ m e r ’ ,  ’ j p i ’ ]  .  ’ n n p ’ ) ] , □ ) .

r u l e  ( a c q u i s  i t  i o n ,  p u r c h c o d e ,  4 ,  0 ,

[ i t e m (  [ ’ f i e l d e r ’ ,  ’ t o ’ ,  ’ h a m p s h i r e ’ ]  , _ )  , i t e m ( _ ,  ’ n n p ’ )  , i t e m (  ’ { ’ , ’ ( ’ ) ] ,  [ i t e m ( _ , _ ) ]  ,  

[ i t e m ( ’ > * , ’ ) ’ ) , i t e m ( _ , [ ’ i n ’ , ’ e n d s e n t ’ , ’ t o ’ ] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u r c h c o d e ,  4 ,  0 ,

[ i t e m ( [ ’ p i c * ,  ’ s c i e n t i f i c '  ,  ’ a l z a ’ ]  ,  ’ n n p ’ )  , i t e m ( ’ { ’ , ’ ( ’ ) ] ,  [ i t e m ( _ ,  ’ n n p ’ ) ]  ,

[ i t e m (  ’ > ’ , ’ )  ’ )  , i t e m ( _ ,  [ ’ v b d ’ . ’ i n ’ ,  ’ e n d s e n t ’ ]  )  . l i s t ( 2 , _ , _ )  , 

i t e m ( _ , [ ’ t o ’ , ’ n n ’ , ’ , ’ ] ) ] ) .  

r u l e  ( a c q u i s i t i o n ,  p u r c h c o d e ,  6 ,  0 ,

[ i t e m (  [ ’ i n c ’ , ’ m o r t g a g e  ’ ,  ’ f l e e t  ’ ,  ’ g r e y h o u n d ’ ]  ,  ’ n n p ’ )  , i t e m (  ’ { ’ , ’ ( ’ ) ] ,  [ i t e m ( _ , _ ) ]  ,  

[ i t e m C  ’ > ’ , 1 )  ’ )  , i t e m C  [ ’ o u t l i n e * ,  ' b u y s  ’ ,  ’ s a i d ’ ]  , _ )  , i t e m ( _ ,  [ ’ n n * ,  ’ n n p ’ ,  ’ p r p ’ ]  ) ]  )  .  

r u l e  ( a c q u i s i t i o n ,  p u r c h c o d e ,  2 0 ,  1 ,

□  ,  [ i t e m ( [ ’ d a r t a . o ’ ,  ’ b t e k . o ’ ,  ’ d y r ’ ,  ’ f w f  ’ , ’ a n v a . t ’ , ’ p a n t ’ ,  ’ a s r n . a s ’ ,  ’ l s b ’ ,  ’ s o i ’ , 

’ f o r f ’ , ’ r a b t ’ , ’ f s b ’ ,  ’ n v a . a . t o ’ , ’ I c e ’ , ’ t r b ’ ,  ’ d u r i ’ , ’ l a f ’ ] , ’ n n p ’ ) ] , 0 ) .

r u l e ( a c q u i s i t i o n ,  p u r c h c o d e ,  5 ,  0 ,

□  ,  [ i t e m ( [ ' s p c ’ ,  ’ f u n c ’ ,  ’ c ’ ,  ’ u a c ’ ]  , _ ) ]  .  [ i t e m C } ’ , ’ ) ’ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u r c h c o d e ,  4 ,  0 ,

[ i t e m C [ ’ s s m c ’ ,  ’ p i c ’ ,  ’ h e n l e y ’ ]  ,  ’ n n p ’ )  , i t e m ( ’ { ’ , ’ ( ’ ) ] ,  [ i t e m ( _ ,  ’ n n p ’ ) ]  ,

[ i t e m ( ’ > ’ . ’ ) ’ ) , i t e m ( _ , [ ’ t o ’ , ’ v b g ’ , ’ v b z ’ ] ) ] )  .  

r u l e  ( a c q u i s i t i o n ,  p u r c h c o d e ,  8 ,  0 ,
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[ i t e m ( _ ,  C ’ n n s ' ,  ’ n n p ’ ] ) , i t e m ( ’ { ’ [ i t e m ( _ .  ’ n n p ’ ) ]  ,  [ i t e m (  ’ } ’ , ’ ) ’ ) ,  

i t e m ( _ ,  [ ’ ,  ’ ,  ’ t o ’ ,  ’ v b d ’ ] )  , i t e m ( _ , _ )  ,  i t e m (  [ ’ b a n k ’ ,  ’ a c q u i s i t i o n ’ ,  ’ v o u l d ’ ]  . _ ) ] ) .  

r n l e ( a c q n i s i t i o n ,  p u r c h c o d e ,  7 ,  0 ,

[ i t e m ( _ ,  [ ’ n n p ’ ,  ’ n n s ’ ] )  , i t e m C ’ { ’ [ i t e m ( _ ,  ’ n n p ' ) ]  ,  [ i t e m C } ’ , ’ ) ’ ) ,  

i t e m ( [ * s e t s ’ , ’ a c q u i r e s ’ , ’ a c q u i s i t i o n s ’ ] , _ ) , i t e m ( _ , [ ’ n n p ’ , ' v b d ’ ] ) ]  )  .  

r o l e ( a c q u i s i t i o n ,  p u r c h c o d e ,  7 ,  0 ,

[ i t e m ( _ ,  ’ n n p ’ )  , i t e m ( ’ -C’ , ’ ( ’ ) ] ,  [ i t e m ( _ ,  ’ n n p ’ ) ]  ,  [ i t e m (  ’ > ’ ,  ’ )  ' )  , i t e m (  [ ’ t o ’ ,  ’ s a i d ’ ]  , _  

i t e m ( [ ’ p u r c h a s e ’ ,  ’ b u y ’ ,  ’ i t s ' ]  , _ )  ,  i t e m ( _ ,  [ ’ n n p ’ ,  ’ v b p ’ ]  )  , i t e m ( _ ,  [ ’ n n p ’ ,  ’ n n ’ ]  ) ]  )  .  

r u l e ( a c q u i s i t i o n ,  p u r c h c o d e ,  5 ,  0 ,

[ i t e m ( _ . _ ) , i t e m ( _ , [ ’ n n p ’ , ’ v b ’ ]  ) , i t e m C ’ { ’ , ’ ( ’ ) ] , [ i t e m ( _ , _ ) ]  ,  [ i t e n ( ’ > ’ , ’ ) ’ ) ,  

i t e m ( [ ’ g e t s ’ , ’ h a s ’ , ’ s a y s ’ ] , ’ v b z ’ ) ] )  .  

r u l e ( a c q u i s i t i o n ,  p u r c h c o d e ,  6 ,  0 ,

[ i t e m C  [ ’ p i c ’ ,  ’ m o n s a n t o ’ ,  ’ a l l  v a s t  e ’ ,  ’ o f ’ ]  , _ )  , i t e m ( _ ,  [ ’ ( ’ ,  ’ d t ’ ] ) ]  ,  [ i t e m ( _ ,  ’ n n p ’ ) ]  , 

[ i t e m ( [ ’ } ’ , ’ g r o u p ’ ] , [ ’ ) ’ , ’ n n p ’ ] ) , i t e m ( _ ,  [ ’ i n ’ , ’ t o ’ , ’ c c ’ ] ) ] ) . 

r u l e ( a c q u i s i t i o n ,  p u r c h c o d e ,  7 ,  0 ,

[ i t e m ( _ ,  ’ n n p ’ )  , i t e m ( ’ -C’ , ’ ( ’ ) ] ,  [ i t e m ( _ ,  ’ n n p ’ ) ]  ,  [ i t e m (  ’ > ’ , ’ ) ’ ) ,  

i t e m ( _ , [ ’ v b z ’ , ’ c c ’ ] ) , i t e m ( [ ’ a c q u i s i t i o n ’ , ’ h a s ' ] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u r c h c o d e ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ n n p ’ ,  ’ :  ’ ]  )  , i t e m ( [ ’ c o ’ ,  ’ t v ’ ]  , _ ) , i t e m (  [ ’ • ( ’ ,  ’ t o ’ ]  , _ ) ]  ,  [ i t e m ( _ ,  ’ n n p ’ ) ]  , 

[ i t e m ( [ ’ } ’ , ’ i n c ’ ] , _ ) , i t e m ( _ , _ )  , i t e m ( _ , [ ’ v b n ’ , ’ n n p ’ ] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u r c h c o d e ,  3 ,  0 ,

[ i t e n ( _ ,  ’ n n p ’ ) , i t e m ( ’ < ’ , ’ ( ’ ) ] ,  [ i t e m ( _ ,  ’ n n p ’ ) ]  ,  [ i t e m C > ’ , ’ ) ’ ) ,  

i t e m ( _ , [ ’ : ’ , ’ m d ’ ] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u r c h c o d e ,  3 ,  0 ,

[ i t e m (  [ ’ m a r c h ’ ,  ’ i n d u s t r i e s ’ ]  ,  ’ n n p ’ )  , i t e m ( [ ’ 2 3 ’ ,  ’ i n c ’ ]  , _ )  , i t e m ( _ ,  [ ’ : ’ , ’ ( ’ ] ) ]  ,  

[ i t e m ( _ , ’ n n p ’ ) ] , [ i t e m ( [ ’ g r o u p ’ , ’ } ’ ] , _ ) , i t e m ( _ , _ ) , i t e m ( _ , [ ’ v b d ’ , ’ e n d s e n t ’ ] ) ] )  .  

r u l e ( a c q u i s i t i o n ,  p u r c h c o d e ,  7 ,  0 ,

[ i t e m ( _ , _ ) , i t e m ( ’ { ’ , ’ ( ’ ) ] , [ i t e m ( _ , ’ n n p ’ ) ] , [ i t e m ( ’ > ’ , ’ ) ’ ) ,  

i t e m ( [ ’ b u y s ’ , ’ p u r c h a s e s ’ ]  , . ) , i t e m ( _ , _ ) , i t e m ( _ , _ ) , i t e m ( _ ,  ’ n n p ’ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u r c h a s e r ,  8 ,  0 ,

[ i t e m (  [ ’ i n c ’ , ’ m a r c h ’ , ’ 2 5 ’ ] , _ ) , i t e r a ( _ ,  [ ’ n n ’ , ’ : ’ ] ) , i t e m ( _ , [ ’ t o ’ , ’ : ’ , ’ ( ’ ] ) ] ,  

[ l i s t ( 5 , _ , _ )  , i t e m ( [ ’ c o r p ’ , ’ i n c ’ ]  ,  ’ n n p ’ ) ] ,  □ ) .  

r u l e ( a c q u i s i t i o n ,  p u r c h a s e r ,  3 ,  0 ,

[ i t e m ( [ ’ v i t h ’ , ’ - ’ ] , _ ) ]  , [ i t e m ( _ , ’ n n p ’ ) , i t e m ( [ ’ i n c ’ , ’ p a r t n e r s ’ ] , _ ) ] ,

[ i t e m ( _ , [ ’ ( ’ , ’ , ’ ] ) , i t e m ( _ , [ ’ n n p ’ , ’ d t ’ ] ) ] )  . 

r u l e ( a c q u i s i t i o n ,  p u r c h a s e r ,  5 ,  0 ,

[ i t e m ( _ , [ ’ : ’ , ’ ( ’ ] ) ] , [ l i s t ( 2 , _ , ’ n n p ’ ) , i t e m ( _ , _ ) , i t e m ( [ ’ f o r b e s ’ , ’ i n s u r a n c e ’ ,

’ v e s t ’ ]  ,  ’ n n p ’ )  , i t e m ( [ ’ g r o u p ’ ,  ’ c o ’ ,  ’ i n c ’ ]  ,  ’ n n p ’ ) ]  ,  □ )  . 

r u l e ( a c q u i s i t i o n ,  p u r c h a s e r ,  6 ,  0 ,

[ i t e m ( [ ’ r u r a l ’ , ’ a p r i l ’ , ’ o c t ’ , ’ p i c t u r e s ’ ] , _ ) , i t e m ( _ , _ ) , i t e m ( _ , [ ’ : ’ , ’ t o ’ ]  ) ] ,

[ i t e m ( _ ,  [ ’ n n p ’ , ’ d t ’ ] ) , i t e m ( [ ’ p r i v a t e ’ , ’ g r o u p ’ , ’ c o m m e r c i a l ’ , ’ m a n a g e m e n t ’ ] .  _ ) ,  

i t e m ( _ ,  [ ’ n n p ’ ,  ’ n n ’ ] ) ]  ,  □ )  .  

r u l e ( a c q u i s i t i o n ,  p u r c h a s e r ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ v b d ’ , ’ : ’ ] ) ] , [ l i s t ( 3 , _ , [ ’ p o s ’ , ’ n n p ’ ] ) , i t e m ( [ ’ g . ’ ,  ’ a m e r i c a n ’ ] . ’ n n p ’ )  ,  

i t e m ( _ ,  [ ’ n n p ’ ,  ’ n n p s ’ ] ) ]  ,  [ i t e m ( _ ,  [ ’ v b d ’ ,  ’ n n ’ ] ) ] )  . 

r u l e ( a c q u i s i t i o n ,  p u r c h a s e r ,  6 ,  0 ,

[ i t e m ( [ ’ m a r c h ’ , ’ 2 4 ’ , ’ 2 0 ’ ] , _ ) , i t e m ( _ , _ ) , i t e m ( _ , [ ’ : ’ , ’ ( ’ , ’ d t ’ ] ) ] , [ l i s t ( 2 , _ , ’ n n p ’ )  ,  

i t e m ( [ ’ s y s t e m s ’ ,  ’ a e r o s p a c e ’ ,  ’ m a n h a t t a n ’ ]  ,  ’ n n p ’ )  , i t e m ( _ ,  ’ n n p ’ ) ]  ,  [ l i s t ( 2 , _ , _ ) ,  

i t e m ( _ , [ ’ ( ’ , ’ v b d ’ , ’ n n ’ ] ) ] ) . 

r u l e ( a c q u i s i t i o n ,  p u r c h a s e r ,  5 ,  0 ,

[ i t e m ( _ ,  [ ’ ( ’ , ’ d t ’ ] ) ] ,  [ i t e m ( _ ,  ’ n n p ’ )  , i t e m ( [ ’ p l c ’ ,  ’ g o v e r n m e n t ’ ]  , _ ) ]  ,

[ i t e m ( _ ,  [ ’ )  ’ ,  ’ v b z ’ ] )  , i t e m ( _ ,  [ ’ i n ’ , ’ v b d ’ , ’ v b n ’ ] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u r c h a s e r ,  5 ,  0 ,

[ i t e m ( [ ’ 1 9 * , ’ t o ’ ]  , . ) , i t e m ( _ , [ ' : ’ , ’ ( ’ ] ) ] ,  [ l i s t ( 2 , _ , _ ) , 

i t e m ( [ ’ c o r p ’ ,  ’ i r e l a n d ’ ]  ,  ’ n n p ’ ) ]  ,  [ i t e m ( _ ,  [ ’ v b d ’ , ’ ) ’ ] )  , l i s t ( 2 , _ , _ )  ,
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[ ’nnp*,*vbn’] ) ] ) .  
r o l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  5 , 0,

□  , [ i t e m ([ ’ h e n le y ’ , ’a l l w a s t e ’ , ’county*, ’f i n l a y s  ’] , ’nnp’ ) , i t e m (_ ,  ’nnp’ )] ,
[ i t e m ( _ , [ ’ ) ’ , ’vbd’] ) ] ) .

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  4, 0,
[ i tem (_ ,  [ ’ : ’ , ’ ( ’] ) ] ,  [ i tem (_ ,  ’nnp’ ) , l i s t ( 2 , _ , _ ) , i t e m ( [ ’go’ , ’c a p i t a l ’] ,_) , 
i t e m ( [ ’ i n c ’ , ’c o r p ’] , ’nnp’ )] , □ ) .  

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  S, 0,
[ i tem (_ ,C ’n n s ’ , ’c d ’ , ’n n ’] ) , i tem (_ ,  [ ’t o ’ , ’ : ’ , ’n n ’] ) ] t [ l i s t ( 3 , _ , ’nnp’ ) , 
i t e m ( [ ’t a f t ’ , ’i n c ’ , ’c o ’] , ’nnp’ )] , [ i tem (_ ,_ )  , i t e m ( [ ’Columbia’ , ’ i t ’ , ’n a r r a g a n s e t t ’] , 
i t e o ( _ , [ ’ , ’ , ’vbd’ , ’nnp’] ) , i t e m ( _ , ’nnp’ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  4, 0,
[ i tem (_ ,  [ ’ : ’ , ’p r p $ ’ , ’ ( ’] ) ] ,  [ l i s t ( 2 , _ ,  ’nnp’ ) , i t e m (  [ ’b a n c sh a re s ’ , ’f i r s t ’ ,
' h o l d i n g ' ] , ’nnp’ ) , i t e a (  [ ’ in c* , ’a b ’] , ’nnp’ ) ] , □  ) .  

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  4, 0,
[ i t e m ( [ ’25 ’ , ’30 ’ , ’> ’] . _ ) , i t e m ( [ ’ - ’ . ’ s a i d ’] ,_ ) ]  , [ l i s t ( 2 . _ ,  ’nnp’ ) . 
i t e m ( ’co rp ’ , ’nnp’ ) ] , □ ) .  

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  3 , 0,
□  , [ i t e a ( [ ’g s t ’ , ’a aoskeag’] , ’nnp’ ) , i t e m (_ ,  ’nnp’ ) , l i s t ( 2 , _ ,  ’nnp’ )] , [ i tem (_, ’vbd’ ) ] )  

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  7 , 0,
[ i t e m ( _ , [ ’c d ’ , ’p o s ’ , ’vbd’] ) , i t e a ( [ ’- ’ , ’g .d .  ’ , ’ i t s ’ ] , _ ) ] , [ l i s t ( 3 , _ , _ ) , 
i t e n ( [ ’l t d ’ , ’c o ’] , ’nnp’ ) ] , [ i t e a ( [ ’{ ’ , ’s u b s i d i a r y ’ , ’u n i t ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  5 , 0,
[ i t e a ( _ , [ ’ ) ’ , ’ : ’ , ’ , ’] ) ] , [ i te m (_ , ’nnp’ ) , l i s t ( 2 , _ , _ ) , 
i t e a ( [ ’techn o lo gy ’ , ’e l e c t r o n i c s ’ , ’and’ , ’c o ' ] , _ ) ,
i t e a ( [ ’p a r t n e r s ’ , ’ c o ’ , ’communications’ , ’o f ’ ] ,_ )  , i t e m ( _ ,  ’nnp’ )] , [ ] )  . 

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  4, 0,
[ i tem (_ ,  [ ’d t ’ , ’n n p ’ , ’n n ’] ) . l i s t (2, [ ’newly’ , ’u n i t s ’ . ’3 ’ , ’s h ip p in g ' ]  ,_ ) ,  
i t em (_ ,  [ ’vbn’ , ’ : ’ , ’t o ’] ) ]  , [ i tem(_, ’nnp’ ) , i tem ( [ ’c e n t r a l ’ , ’i n d u s t r i e s ’ , ’r .  ’] , ’nnp’ ) 
i t em (_ ,  ’nnp’ )] , □ )  . 

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  3, 0,
[ i t e m ( [ ’t o ’ , ’march’] ,_ )  , i tem (_ ,_ )  , i t e m (_ ,  [ ’p o s ’ , ’ : ’] ) ] ,  [ l i s t ( 3 , _ ,  ’nnp’ ) , 
i t e m C p l c ’ , ’nnp’ )]  , [ i t e m C { ’ . ’ ( ’ ) , i t e m (_ ,  ’nnp’ ) , i t e m (  ’>’ , ’ ) ’ ) ,  
i t e m ( _ , [ ’vbg’ , ’vbd’] ) , l i s t ( 2 , _ , _ ) , i t e a ( _ , [ ’nn’ , ’t o ’] ) ] )  . 

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  3, 0,
[ i tem (_ ,  [ ’ : ’ , ’ i n ’] ) ] ,  [ i tem (_ ,  [ ’nnp’ , ’d t ’] )  , i t e a ( [ ’ - ’ , ’le v e ra g e d ’] ,_ )  , i t e m ( _ ,_ ) , 
i t e a ( [ ’co rp ’ , ’f i r m ’] ,_ ) ]  , [i tem (_, ’vbd’ ) , i t e m (_ ,  [ ’p r p ’ , ’vbn’] ) ] )  . 

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  7, 0,
[ i t e m ( [ ’23’ , ’1 9 ' ,  ’agreem ent’] ,_) , i t e m ( [ ’- ’ , ’w i t h ’] ,_ ) ]  , [ l i s t ( 2 , _ ,  ’nnp’ ) , 
i t e m ( [ ’co rp ’ , ’ i n c ’] , ’nnp’ )] , [ i t e m ( [ ’ s a i d ’ , ’{ ’] , _ )  , i t e m ( _ ,  [ ’p r p ’ , ’nnp’] ) , 
i t e m ( [ ’a c q u ir e d ’ , ’h a s ’ , ’> ’] , _ ) ] )  . 

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  6 , 0,
[ i tem (_ ,  ’nnp’ ) , i t e m C  , ’ , ’ , ’ ) ,i tem (_ ,  ’nnp’ ) , i t e m ( _ ,  ’c d ’ ) , i t e m C - ’ , ’ : ’ ) ] ,
[ l i s t ( 2 , _ ,  ’nnp’ ) , i t em (  [ ’ap p le to n ’ , ’c o ’] , ’nnp’ ) ]  , [ i t e m (_ ,  [ ’vbd’ , ’ , ’] ) ,  
i t e m ( _ , [ ’p rp ’ , ’d t ’] ) , i t e m ( _ , [ ’vbd’ , ’nnp’] ) , l i s t ( 2 , _ , _ ) ] ) . 

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  4 ,  0,
[ i tem ( ’march’ , ’nnp’ ) , i t e m (_ ,  ’cd’ ) , i tem ( ’ - ’ , ’ : ’ ) ] ,  [ l i s t  (2 , _, ’nnp’ ) ,  
i t e m ( [ ’co rp ’ , ’ i n c ’] , ’nnp’ )] , [ i tem C  s a i d ’ , ’vbd’ ) , i t e m (  ’ i t ’ , ’p r p ’ ) , 
i t e m ( [ ’made’ , ’h a s ’] ,_) , i t e m ( [ ’a ’ , ’ag re e d ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  4 , 0,
[ i t e m ( [ ’march’ , ’b i d ’ , ’3 ’] ,_) , i tem (_ ,_ )  , i t e m (_ ,  [ ’ ( ’ , ’ : ’] ) ] ,  [ l i s t ( 2 , _ ,  [ ’pos’ , ’nnp’] ) 
i t e m ( [ ’grandview’ , ’h o ld in g s ’ , ’h o s p i t a l i t y ’] , ’n np ’ ) , i t e m ( [ ’p l c * , ’ i n c ’] , ’nnp’ )] ,
O) .

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  3 , 0,
[ i t e m ( [ ’13*, ’ s a i d ’] ,_) , i t e m ( [ ’- ’ , ’th a t* ]  ,_ ) ]  , [ l i s t ( 3 , _ ,  ’nnp’ )] , [ i tem (_ ,  ’vbd’) ,
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l i s t (2 ,_ ,_ )  , i t e m ( _ , [> d t* . ’j j  ’] ) ] ) .  
r u l e ( a c q u i s i t i o n ,  p u r c h a s e r , 3, 0,

[ i t e m ( _ , [ ' t o ’ , ’n n s ’] ) , i t e m ( _ , _ ) , i t e m ( [ ' w i t h ' , ’by’] , ' i n ' ) ] , [ l i s t ( 2 , . , ’nnp’ ) ,  
i t e m ( [ ’i n c ' , ' c o r p ’] , ’n n p ’ ) ] , [ i t« m ( _ , [ ’ , ’ , ’vbd’] ) , l i s t ( 2 , _ , _ ) , 
l i s t ( 2 , [ ’- ’ , ’ i t s ’ , ’f l o r i d a ’] , _ ) , i t e m (_ ,  [ ’n n ’ , ’vbn’] )] ) .  

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  3 , 0,
[ i t e m ( _ , [ ’c c ’ , ’t o ’] ) , i t e m ( [ ’s . ’ , ’{ ’] , _ ) ] ,  [ l i s t ( 2 , _ , [ ’nnp’ , ’j j s ’ ] ) , 
i t e m ( [ ’ro ck w e l l ’ , ' i n c ' ]  , ’nnp’ )] , □ )  . 

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  3 , 0,
[ i t e m ( _ , [ ’nn’ , ’ c d ’] ) , i t e m ( _ , [ ’ ( ’ , ’ : ' ] ) ] ,  [ i t e m ( _ , _ ) , i t e m ( [ ’h o ld in g s ’ , ’t r a v e l l e r s ’] ,_ 
i t e m ( [ ’l t d ’ , ’c o r p ’] , ’n np ’ )] , □ ) .  

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  4, 0,
[ i t e m ( [ ’- ’ , ’24 ’] ,_ )  , i tem (_ ,  [ ’ ( ’ , ’ : ’] ) ] ,  [ l i s t ( 2 , _ ,  ’nnp’ ) , i t e n i ( [ ’c o rp ’ , ’l t d ’] , ’nnp’ )]  
[ i t e m ( _ , [ ’ ) ’ , ’vbd’] ) , i t e m ( _ , [ ’vbd’ , ’p r p ’ ] ) , i t e m ( [ ’ i t * , ’h a s ’] , _ ) ,  
itemC[’ i s ’ , ’a g re e d ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  3, 0 ,
[ i t e a (  [ ‘known’ , ’a c q u i r e d ’] , ’vbn’ ) , i t e a ( [ ’a s ’ , ’by’] , ’ i n ’ )] , [ l i s t ( 3 , . , ’nnp’ ) , 
itemC [ ’i n t e r n a t i o n a l ’ , ’ i n c ’] , ’nnp’ ) ]  , □ )  . 

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  4, 0 ,
[ i t e m ( _ , [ ’ i n ’ , *nn’ , ’ : ’ ] ) , i t e m ( _ , [ ’n n ’ , ’ : ’ , ’ ( ’] ) ] , [ l i s t ( 2 , _ , ’nnp’ ) , 
i t e m ( [ ’j .  ’ , ’am er ican ’ , ’p t y ’] , ’nnp’ ) , i t e m ( _ ,  ’nnp’ )] , □ )  . 

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  5, 0,
[ i t e m ( _ , [ ’ i n ’ , ’vbg’ , *cd’] ) , l i s t ( 2 , _ , _ ) . i t e m ( _ , [ ’nn’ , ’vbn’ , ’j j ’] ) ,  
i t e m ( [ ’t h a t ’ , ’t o ’ , ’ i n s u r e r ’] , _ ) ] , [ l i s t ( 3 , _ ,  ’nnp’ ) , i t e m ( _ , _ ) ,  
i t e m ( [ ’ i n c ’ , ’c o rp ’ , ’n . v . ’] , ’nnp’ )] , [ i t e m (_ ,  [ ’ i n ’ , ’ ( ’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  4 , 0,
[ i t e m ( [ ’o f ’ , ’- ’] , _ ) ] , [ i t e m ( _ , ’nnp’ ) , i t e m ( _ , _ )  , i t e m ( _ , ’nnp ’ ) , i t e m ( _ , _ ) , 
itemC [ ’k e l lo g g ’ , ’ i n c ’] , ’nnp’ ) ] , [ i t e m ( _ , ’vbd’ ) ] ) . 

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  3 , 0,
[ i t e m ( [ ’s t r e s s e d ’ , ’27 ’ ] , _ ) , i t e m ( [ ’t h a t ’ , ’ - ’] , _ ) ] , [ l i s t ( 4 , _ , _ ) ] ,
[ i t e m ( _ , [ ’c c ’ , ’vbd’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  S, 0,
□  , [ i t e m ( [ ’b ry so n ’ , ’ s i e b e l ’ , ’p ro s p e c t ’ , ’kappa’] , ’nnp’ ) , l i s t ( 3 , _ , _ ) , 
i t e m ( [ ’i n c ’ , ’p i c ’] , _ ) ] ,  □ ) .  

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  7, 0,
[ i t e m ( [ ’and’ , ’- ’ , ’b y ’ , ’{ ’] , _ ) ] , [ i t e m ( [ ’d u d le y ’ , ’f i r s t ’ , ’Oregon’ , ’un io n ’ ] , ’n np ’ ) , 
l i s t ( 2 , _ , ’nnp’ ) , i t e m ( [ ’t a f t ’ , ’co rp ’ , ’m i l l s ’ , ’s a ’] , ’nnp’ ) ] , [ l i s t ( 3 , _ , _ ) , 
i t e m ( _ , [ ’vbn’ , ’j j ’ , ’vb d ’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  4, 0,
[ i t e m ( [ ’19’ , ’ S ’ ]  , _ ) , i t e m ( ’ - ’ , ' : ’ ) ] , [ i t e m (_ ,  ’nnp’ ) , l i s t ( 2 , _ , [ ’nnp’ , ’ : ’] ) ,  
i tem ( [ ’co’ , ’l p ’] , ’nnp’ ) ] , [ i t e m ( _ , [ ’vbd’ , ’nnp’] ) ] ) .  

r u l e  ( a c q u i s i t i o n ,  p u rc h a s e r ,  4, 0,
[ i tem (_ ,  ’cd ’ ) , i t e m ( ’- ’ , ’ : ’ ) ] ,  [ i tem (_ ,  ’n np ’ ) ,i tem (_, ’nnp’ ) , i t e m (_ ,  ’nnp’ )]  ,
[ i t e m ( [ ’s a i d ’ , ’ , ’] , _ ) , i t e m ( _ , [ ’i n ’ , ’d t ’ ] )  , i t e m ( _ , [ ’d t ’ , ’n np ’] ) ,  
l i s t ( 2 , . , ’n n ’ ) , i t e m ( _ ,  [ ’ i n ’ , ’ , ’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  4, 0,
[ i t e m ( [ ’ . ’ , ’24 ’ , ’c o r p ’] , _ ) , i t e m ( _ , [ ’e n d s e n t ’ , ’ : ’ , ’p o s ’] ) ] , [ i t e m ( _ , ’nnp’ ) ,  
i t e m ( _ , ’nnp’ ) , i t e m ( _ , ’nnp’ ) ] , [ i t e m ( [ ’s a i d ’ , ’u n i t ’] ,_) , 
i t e m ( [ ’ i n ’ , ’ i t ’ , ’s a i d ’] , _ ) , i t e m ( _ , [ ’d t ’ , ’v b z ’ , ’p rp ’] ) ] ) .  

r u l e  ( a c q u i s i t i o n ,  p u rc h a s e r ,  4, 0,
[ i t e m C i n v e s t o r ’ , ’n n ’ ) ]  , [ i tem (_, ’nnp’ ) , i tem (_ ,  ’nnp’ )] ,
[ i tem (_ ,  [ ’vbd*, ’ , ’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  3, 0,
[ i t e m ( [ ’- ’ , ’w i th ’] ,_ )  , i t e m ( ’{ ’ , ’ ( ’ ) ] ,  [ l i s t ( 2 , _ ,  ’nnp’ ) , 
i t e m ( [ ’sa n ta n d e r ’ , ’p i c ' ]  ,_ )]  , □ )  .
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ru l e  ( a c q u i s i t io n ,  p u rc h a s e r ,  3, 0,
[ i tem(_, [ * d t ' ,  ’nnp * ]) . i t e n ( _ ,_ )  , i t em (_ ,  , ’endsen t*])]  , [ l i s t ( 3 , _ ,  ’n n p ’ ) , 
i t e m ( [ ’neg a ra ’ , ’ i n c ’] , ’nnp’ ) ] , [ i t e m ( _ , [ ’ ) ’ , ’vbd’] ) , i t e m ( _ , [ ’vbd’ , ’p r p ’] ) ]  ) . 

r u l e  ( a c q u i s i t io n ,  p u rc h a s e r ,  3, 0,
[i tem(_, [ ’c d ’ , ’n n ’] ) , i tem (_ ,  [ ’ : ’ , ’t o ’] ) ]  , [ i tem(_, ’nnp’ ) , i t e m (_ ,  ’nnp’ ) , 
i tem(_, ’nnp’ ) , i tem ( ’ i n c ’ , ’nnp’ )] , [ i tem (_ ,  [ ’vbd’ , ’ ( ’] )  , l i s t ( 2 , _ , _ )  , 
i tem(_, [ ’r b ’ , ’ ) ’] ) ] ) .  

r u l e  ( a c q u i s i t io n ,  p u rc h a s e r ,  4, 0,
[ i te m ( [ ’t h e ’ , ’b y ’ , ’{ ’] , _ ) ] ,  [ i tem (_ , ’nnp’ ) , i t e m ( [ ’r e t r i e v a l ’ , ’ in d u s t r i e s  ’ , 
’a ld en ’] , ’nnp’ ) , l i s t ( 2 , _ ,  ’nnp’ ) ] , [ i tem (_ ,  [ ’ . ’ , ’i n ’ , ’ ) ’] ) ] ) .  

r u l e  ( a c q u i s i t io n ,  p u rc h a s e r ,  7, 0,
[ i tem(_, [ ’nn ’ , ’ : ’ , ’ ( ’] ) ] ,  [ i tem(_, ’nnp’ ) . l i s t  (2, [ ’department * , ’t . ’ , ’ s t o r e s  ’ , 
’c o a l ’] , ’nnp’ ) , i tem ( [ ’ so s n o f f ’ , ’co*] , ’nnp’ )]  , [ i tem(_, [ ’ . ’ , ’vbd’ , ’ ) ’ ] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  5, 0,
[ l i s t ( 2 , _ , _ ) , l i s t ( 2 , _ , _ ) ]  , [ i t e m (_ , ’nnp’ ) , l i s t ( 2 , _ ,  ’nnp’ ) , 
i t e m ( [ ’management’ , ’p a r t n e r s ’] , ’nnp’ ) , i t em (_ ,  ’nnp’ )] , □ )  . 

r u l e  ( a c q u i s i t io n ,  p u rc h a s e r ,  3, 0,
[i tem(_, [ ’t o ’ , ’ : ’] ) , i tem ( ’{ ’ , ’ ( ’ ) ] ,  [ l i s t ( 3 , _ ,  ’nnp’ ) ,i tem ( [ ’ag * , ’p i c ’] , ’n n p ’ )]  , 
□ ).

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  3, 0,
[ i t e m ( [ ’- ’ , ’company’] ,_ ) ]  , [ i tem (_, ’nnp’ ) , item( [ ’p a c i f i c ’ , ’f i n a n z i a r a ’] , ’n n p ’ ) , 
i t e m ( _ , ’nnp’ ) ] , □  ) . 

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  3, 0,
□  , [itemC [ ’215’ , ’n a r r a g a n s e t t  ’] ,_) , i tem (_ ,  ’nnp’) , i tem (_ , ’nnp’ )] , □  ) . 

r u l e  ( a c q u i s i t io n ,  p u rc h a s e r ,  3 , 0,
[ i t e m ( [ ’a f f i l i a t e ’ , ’ 9 ’ ]  ,_) , i t e m ( _ , [ ’ , ’ , ’ : ’] ) ] , [ i t e m (_ , ’nnp’ ) ,  
i t e m ( [ ’ i n c ’ , ’c o ’] , ’n n p ’ )] , □ ) .  

r u l e  ( a c q u i s i t io n ,  p u rc h a s e r ,  3, 0,
[itemC C’a p r i l * , ’announced’] ,_) , i t e m (_ ,_ )  , i tem(_, [ ’ : ’ , ’ ( ’] ) ] .  [ l i s t ( 2 , _ ,  ’n n p ’ ) , 
i t e m ( [ ’s a ’ , ’l t d ’] , ’nn p ’ )] , [ l i s t ( 2 , _ , _ ) , i t e m ( _ , [ ’d t ’ , ’ ( ’] ) ] ) .  

r u l e  ( a c q u i s i t io n ,  p u rc h a s e r ,  4, 0,
[ i te m (_ , [ ’ : ’ , ’ ( ’ , ’t o ’] ) ] ,  [ l i s t ( 3 , _ , [ ’nnps’ , ’nnp’] ) ,  
i t e m ( [ ’Canada’ , ’p r o d u c t s ’ , ’u sa ’] , ’nnp’) , i t e m ( _ , ’nnp’ )] ,
[ i tem(_. [ ’ , ’ , ’ ) ’ , ’ i n ’] ) ] ) ,  

r u l e  ( a c q u i s i t io n ,  p u rc h a s e r ,  3, 0,
[ i t e m ( [ ’p r e s i d e n t ’ , ’ i n v e s t o r ’] , ’nnp’ ) ] , [ i t e m ( _ , ’nnp’ ) , i t e m ( _ , ’nnp’) ] ,
[ i t e m ( _ , [ ’vbz’ , ’vbd’] )  , i t e m ( [ ’been’ , ’h e ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u rc h a s e r ,  4, 0,
□  , [ i t e m ( [ ’lo n e ’ , ’n e s t l e ’ , ’m alay s ia ’] , ’nnp’ ) , l i s t ( 2 , _ , _ ) , 
i t e m ( [ ’ i n c ’ , ’l t d ’ , ’bank’] , _ ) ] ,  □  ) .

r u l e  ( a c q u i s i t io n ,  p u rc h a s e r ,  3, 0,
[item( [ ’d e v e lo p e r ’ , ’a ’ ] ,_ )]  , [ i tem (_ , ’nnp’ ) , i t e m ([ ’trump’ , ’c o rp ’] , ’nnp’ )]  , [] ) . 

r u l e  ( a c q u i s i t io n ,  p u rc h a s e r ,  3, 0,
[ i t e m ( [ ’2 ’ , ’13’] , ’c d ’ ) , i t e m ( ’- ’ , ’ : ’ ) ] ,  [ i tem (_ ,  ’nnp’ ) , l i s t ( 3 , _ , _ )  , 
item( [ ’co ’ , ’b a r b a r a ’] , ’nnp’ )] , [i tem ( ’s a i d ’ , ’vbd’ )] ) . 

r u l e  ( a c q u i s i t io n ,  p u rc h a s e r ,  3, 0,
□  , [ i t e m ( [ ’m e t r o p o l i t a n ’ , ’groups’] , ’nnp’ ) , i t e m ( _ , ’nnp’ ) , i t e m ( _ , ’nnp’ ) , 
i tem(_, ’nnp’ )]  , □ )  .

r u l e  ( a c q u i s i t io n ,  p u rc h a s e r ,  4, 0,
□  , [ i t e m ( [ ’up lan d ’ , ’g e ’ , ’mcandreus’] , ’nnp’ ) , l i s t ( 3 , _ , _ ) , 
i t e m ( [ ’co rp ’ , ’ i n c ’] , ’nnp’ )] , □ ) .

ru l e  ( a c q u i s i t io n ,  p u rc h a s e r ,  3, 0,
[ i tem ([ ’- ’ , ’26 ’] , _ ) , i t e m (_ ,  [ ’ ( ’ , ’ : ’] ) ] , [ l i s t ( 2 , _ , ’nnp’ ) , i t e m ( ’i n c ’ , ’nn p ’ ) ]  , 
[ i t e m ( _ , [ ’sym’ , ’v b d ’] )]  ) . 

ru l e  ( a c q u i s i t io n ,  p u rc h a s e r ,  3, 0,
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[i tem (_, [ ’ : ’ , ’v b n ' ] ) ]  , [ i t e m (_ .  ’nnp’ ) , i t e m (_ ,  ’nnp ') , l i s t ( 2 , _ , _ )  , 
item ( [ ’bank’ , ’ investment ’ ] , ’n np ’ ) , i t e m (  ’c o rp ’ , ’nnp’)] , □  ) . 

r u l e ( a c q u i s i t i o n ,  p u rch ase r ,  3 ,  0,
□  , [ i t e m ([ ’ sn yd er’ , ’f a raw ay ’] , ’nnp’ ) , i t e m (_ ,  ’nnp’) , i tem (_ , ’nnp’ ) , i t e m (_ ,  ’nnp’ ) ]  ,
□ )•

r u l e ( a c q u i s i t i o n ,  pu rchase r ,  4 ,  0 ,
[ i tem (_, [ ’ : ’ , ’ , ’] ) ] ,  [ l i s t ( 3 , _ ,  ’nnp’ ) , i t e m ( [ ’bancorp’ , ’n . v . ’] ,  ’nnp’ )] , □  ) . 

r u l e  ( a c q u i s i t io n ,  pu rchase r ,  3 ,  0,
( i te m ( [ ’ i n t o ’ , ’t o ’] ,_ ) ]  , [ i t e m (_ ,  ’nnp’ ) , i t e m (_ ,  ’nnp’ ) , i t e m ( [ ’p l c ’ , ’ i n c ’] , ’nnp’ ) ]  ,
0 ).

r u l e ( a c q u i s i t i o n ,  pu rchase r ,  3 ,  0 ,
[ i te m ( [ ’ U ’ , ’t im e s ']  ,_ )  , i t e m (  , ’t h a t ’] ,_ ) ]  , [item(_, ’nnp’ ) , l i s t ( 2 , _ , _ )  , 
i t e m ( [ ’co ’ , ’i n c ’] , ’nnp’ ) ]  , [ i t e m ( [ ’s a i d ’ , ’h a s ’] ,_) , l i s t ( 2 , _ , _ )  , i tem (_ ,  [ ’vbz’ , ’ i n ’] ) ] )  . 

r u l e ( a c q u i s i t i o n ,  pu rchase r ,  4 ,  0,
[i tem (_, [ ’ : ’ , ’ i n ’] ) ] t [ l i s t ( 2 , _ ,  ’nnp’ ) , i t em (  [ ’a c q u is i t io n ’ , ’group’] , ’nnp’ ) , 
i t e m ( [ ’co ’ , ’p i c ’] , ’nnp’ ) ] , □ ) .  

r u l e ( a c q u i s i t i o n ,  pu rch ase r ,  3 ,  0,
[i tem(_, [ ’ i n ’ , ’p o s ’] ) ]  , [ l i s t ( 2 , _ ,  ’nnp’ ) , i t e m ( [ ’in d u s t r i e s ’ , ’and’] ,_) , 
i t e m ( [ ’ in c * , ’fo o d s ’] ,_ ) ]  , [ i t e m ( [ ’{ ’ , ’ s u b s id i a r y ’] ,_ ) ] ) .  

r u l e  ( a c q u i s i t io n ,  p u rch ase r ,  4 ,  0,
[ i te m ( [ ’30’ , ’ 1 8 ’ ]  , ’c d ’ ) , i t e m (  ’- ’ , ’ : ’ ) ] ,  [ i t e o ( _ ,  ’nnp’ ) , 
i t e m ( [ ’f i n a n c i a l ’ , ’g ro up ’] , ’n n p ’ ) , i t e m (_ ,  ’nnp’ )] , [ ] )  . 

r u l e ( a c q u i s i t i o n ,  p u rch ase r ,  3 ,  0 ,
[ i tem(_, [ ’nn ’ , ’nnp’] )  , i t e m ( _ ,_ )  , i t e m ( _ ,_ ) ]  , [ i tem(_, ’nnp’ ) , i t e m ( [ ’and’ , ’c o a l ’] ,_ )  , 
i tem (_,_) . l i s t ( 2 , _ , _ )  , i t e m ( ’l t d ’ , ’nnp’ ) ] , □ )  . r u l e ( a c q u i s i t io n ,  pu rchase r ,  3, 0 ,
□  , [ i t e m ([ ’p a n te r a ’ , ’g l i ’] , ’nn p ’ ) , i t e m (_ ,  [ ’p o s ’ , ’nnp’] )  ,i te m (_ ,  ’nnp’ )] , □ )  . 

r u l e ( a c q u i s i t i o n ,  pu rchase r ,  3 ,  0,
□  , [item(_, ’nnp’ ) , i tem ( [ ’k g a a ’ , ’h e a l t h ’] , ’nnp’ ) ,
l i s t ( 2 ,  [ ’i n c ’ , ’o f ’ , ’a f f i l i a t e s ’] ,_ ) ]  , [ i tem (_ ,_ )  , i tem(_,_) , i te m (_ ,  [ ’nnp*, ’p r p ’ ] )] ) . 

r u l e ( a c q u i s i t i o n ,  p u rch ase r ,  3 ,  0,
[ i tem (_, [ ’vbn’ , ’ : ’] ) ] ,  [ i t e m (_ ,  ’nnp’ ) , i t e m ( [ ’ in d u s t r i e s ’ , ’h o ld in g s ’] , ’nnp’ ) , 
i t e m ( _ , ’nnp’ ) ] , [ i t e m ( _ , [ ’n np ’ , ’ ( ’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u rch ase r ,  4 ,  0,
[ i te m ( [ ’29’ , ’agreement’] ,_ )  , i t e m ( [ ’- ’ , ’w i th ’] ,_)]  , [ l i s t ( 2 , _ ,  ’nnp’ ) , 
i t e m ( [ ’i n c ’ , ’c o ’] , ’nnp’ ) ]  , [ i te m (_ ,  [ ’vbd’ . ’ i n ’] ) ] )  . 

r u l e ( a c q u i s i t i o n ,  pu rchase r ,  3 ,  0,
[ i tem (_, [ ’ ( ’ , ’ : ’] ) ] ,  [ i t e m ( [ ’d a r t  ’ , ’v e r t e x ’] , ’nnp’) , i tem (_ , ’nnp’ ) , i t em (_ ,  ’nnp’ ) ]  ,
□ ).

r u l e ( a c q u i s i t i o n ,  pu rchase r ,  3 ,  0,
[ i tem („ , [ ’c d ’ , ’nnp’] ) , i t e m ( _ ,_ ) ]  , [ l i s t ( 2 , _ ,  ’nnp’) ,item( [ ’ ” s ’ , ’p a r tn e r s  ’] ,_) , 
i t e m ( [ ’i n c ’ , ’l p ’] , ’nnp’ ) ] , □  ) . 

r u l e ( a c q u i s i t i o n ,  pu rch ase r ,  5 ,  0,
[ i te m ( [ ’ . ’ , ’ 1 8 ’ ]  ,_) , i t e m ( _ ,  [ ’e n d s e n t ’ , ’ : ’] ) ] ,  [item(_, ’nnp’ ) , 
l i s t ( 2 , _ , _ )  , i t e m ( [ ’c o rp ’ , ’ i n f o ’] , ’nnp’ )]  , [ i t e m ( [ ’ , ’ , ’s a i d ’ ] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  purchabr ,  6 ,  0 ,
[ i tem(_, [ ’nnp*, ’r b ’ , ’n n ’] ) , i t e m ( _ ,  [ ’vbn*, ’nn ’] )  ,i tem(_, [ ’ : ’ , ’ . ’] ) ,  
i tem(_, [ ’ ( ’ , ’en d se n t’] ) ]  , [ l i s t ( 2 , . ,  ’nnp’ )]  , [ i t e m ( [ ’} ’ , ’e x p e c t s ’ , ’s a i d ’] ,_) , 
i t e m ( [ ’s ig ned ’ , ’l a s t ’ , ’ i t  ’ ] , _ ) ] )  . 

r u l e ( a c q u i s i t i o n ,  purchabr ,  3 ,  0 ,
□  , [ i t e m ([ ’macandrews’ , ’community’] , ’nnp’ ) , i tem (_ ,_ )  , i t e m ( [ ’fo r b e s ’ , ’ sys tem ’] ,_ ) ]  ,
□ )•

r u l e ( a c q u i s i t i o n ,  purchabr ,  4 ,  0 ,
□  , [ i t e m ([ ’ch ase ’ , ’e s s e l t e ’ , ’g a b e l l i ’] , ’nnp’ )] , [item(_, [ ’nnp’ , ’nn’] ) ]  ) . 

r u l e ( a c q u i s i t i o n ,  purchabr ,  4 ,  0 ,
[ i te m ( [ ’york ’ , ’d l r s ’ , ’en d sen t  ’] ,_ )  , l i s t ( 2 , _ , _ )  , l i s t ( 2 , _ , _ )  ,
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i t e m ( [ ’2 7 ’ , ’ . ’ , ’c i r cu m s tan ce s ’] , _ ) , i t e m (_ ,  [ ’ : ’ , ’e n d se n t’ , ’ , ’] ) ] ,
[ l i s t ( 2 , _ ,  C’r b ’ , ’nnp’] ) ]  , [ i t e m ( [ ’i n t e r n a t i o n a l ’ , ’ , ’ , ’s a i d ' ]  ,_ )  , 
i t e m ( [ ’h o l d i n g s ' , ’a ’ , ’h e ’ ] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  purchabr,  4 ,  0,
□  , [ i te m (_ ,  ’nnp’ ) , i t e m ( [ ’fo od ’ , ’ - ’] ,_ )  , l i s t ( 2 , _ ,  ’nnp’ )] , [ i t e m ( [ ’{ ’ , ’c o ’ ] ,_) , 
i t e m ( _ ,  ’nnp’ ) , i t e m (_ ,_ )  , i t e m (_ ,  [ ’vbz’ , ’p r p ’] ) , i tem (_ ,_ )  , i t e m (_ ,_ )  , i t em (_ ,  ’nnp’ )]  )

r u l e ( a c q u i s i t i o n ,  pnrchabr ,  12, 0,
□  , [ i te m C [ 'p a c k a g in g ' , ' s a n w a ' , ' t h e r m o ' , ' u n i t e d ' , ' c o c a ' , ' r i o ' , ' p a n t e r a ' , 'dudley ’ , 
’g e n e r a l ’] , ’nnp’ ) , i tem ( [ ’ sys tem s’ , ’bank’ , ’p r o c e s s ’ , ’ in su ran ce ’ , ’ c o l a ’ , ’t i n t o ’ ,
’ ” s ’ , ’ t a f t ’ , ’a c q u i s i t i o n ' ]  ,_ ) ]  , □ )  . 

r u l e ( a c q u i s i t i o n ,  purchabr ,  4 ,  0,
□  , [ i t e m ( [ ’sv is s  ’ , ’l v i ’ , ’ sa feguard ’] , ’nnp’ ) , i t e m ( _ , ’nnp’ )]  , [ i t e m (_ ,_ )  , 
i t e m (_ ,  [ ’nnp’ , ’v b ’] ) ]  ) .

r u l e ( a c q u i s i t i o n ,  purchabr,  3, 0,
[ i te m (_ ,  [ ’d t  ’ , ’en d se n t ’ ] ) ] , [ item(_, [ ’nnp’ , ’n n ’ ] ) . l i s t ( 3 , . , [ ’p r p ’ , ’n n ’ , ’ : ’] ) ,  
i t e m ( [ ’t a f t ’ , ’1 ’] , ’nnp’ )] , □ )  . 

r u l e ( a c q u i s i t i o n ,  purchabr ,  3 , 0,
□  , [ i te m (_ ,  ’nnp’ ) , i t e m ( _ , ’nnp’ ) ] , [ i t e m ( _ , [ ’v b z ’ , ’ ( ’] ) , i t e m ( [ ’ s t a k e ' , ’h t ’] ,_ ) ,  
i t e m ( _ ,_ )  , i tem (_ ,  [ ’nnp’ , ’vbz’] ) ] )  .

r u l e ( a c q u i s i t i o n ,  purchabr ,  4 ,  0,
□  , [ i t e m ( [ ’b ryson’ , ’d a r t ’ , ’t e c k ’] , ’nnp’ )]  , [ i tem ( [ ’ s a i d ’ , ’co rp ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  purchabr ,  6 , 0 ,
[ i t a m (_ ,  [ ’ j j ’ , ’i n ’] ) , l i s t ( 2 , _ , _ ) , i t e m ( _ , _ )  , i t e m ( _ , _ ) , i t e m ( _ , [ ’ i n ’ , ’nnp’] ) , 
i t e m ( _ ,_ )  , i tem (_ ,  [ ’ , ’ , ’p rp $ ’] )]  , [i tem (_ ,  ’n n p ’ ) ]  , [ i t e m ( [ ’ s a i d ’ , ’f u r n i t u r e ’] ,_) , 
i t e m (_ ,  [ ’ . ’ , ’nnp’] ) , l i s t ( 2 , _ , _ ) , i t e m ( _ , [ ’nnp * , ’vbd’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  purchabr,  6 , 0,
[ l i s t ( 2 , _ . _ ) ] , [ i t e m ( [ ’r a d i a t i o n ’ , ’d ix o n s ’ , ’h e a r s t ’ , ’l s b ’] , ’nnp’ ) ] , [ ] ) .  

r u l e ( a c q u i s i t i o n ,  purchabr,  4 ,  0,
[ i te m (_ ,  [ ’ : ’ , ’cd ’] ) , i t e m ( _ ,  [ ’ ( ’ , ’ : ’] ) ] ,  [ i t e m (_ ,  ’nnp’ )] ,
[ i t e m ( [ ’america’ , ’l t d ’ ] , ’nnp’ ) ] ) . 

r u l e ( a c q u i s i t i o n ,  purchabr ,  3, 0,
□  , [ i te m (_ ,  ’nnp’ ) , i t e m ( _ , ’nnp’ ) ] , [ i te m (’c o ' , ’nnp’ ) , i t e m ( _ , [ ’ ( ’ , ’v bd’] ) , 
i t e m ( _ , ’nnp’ ) , i t e m ( _ , _ ) , i t e m ( _ , [ ’t o ’ , ’nnp’] ) ] )  .

r u l e ( a c q u i s i t i o n ,  purchabr,  S, 0,
[ i te m (_ ,  [ ’ i n ’ , ’nnp’] ) , i tem (_ ,_ )  , i tem ( [ ’y o r k ’ , ’march’] , ’nnp’ ) , i t e m ( _ ,_) , 
i t e m ( [ ’ s a u l * , ’- ’] ,_ ) ]  , [ i tem (_ ,  ’nnp’ )] , [ i t e m ( [ ’ t o l d ’ , ’group’] ,_) , 
i t e m ( _ ,_ )  , l i s t ( 2 , _ , _ )  , i t e m ( _ ,_ )  , i tem (_ ,  [ ’nnp * , ’c d ’] ) ] )  . 

r u l e ( a c q u i s i t i o n ,  purchabr ,  3, 0,
[ i te m (  [ ’c h in a ’ , ’agreem ent’] ,_) ,i tem (_ ,  [ ’v b z ’ , ’ , ’] ) ] ,  [ l i s t ( 2 , _ ,  [ ’n n p s ’ , ’nnp’] )] , 
[ i t e m ( [ ’buys’ , ’w i l l ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  purchabr ,  4 ,  0,
□  , [ i t e m ( [ ’m e t ro p o l i t a n ’ , ’henley ’ , ’c ro s s  ’] , ’nnp’ )]  , [ i tem (_, [ ’ ( ’ , ’n n ’ , ’vbd’] )] ) .  

r u l e ( a c q u i s i t i o n ,  purchabr ,  3 , 0,
[ i te m (_ ,  [ ’ ( ’ , ’ : ’] ) ] , [ i t e m ( _ , ’nnp’ ) , i t e m ( [ ’montauk*, ”  ’s ’] ,_) , 
i t e m ( _ , [ ’n n s ’ , ’nnp’] ) ] , [ i t e m ( _ , [ ’ ) ’ , ’nnp’] ) ]  ) . 

r u l e ( a c q u i s i t i o n ,  purchabr ,  3 , 0,
[ i t e m ( [ ’13*, ’- ’] ._) , i t e m ( [ ’- > , ’{*] ,_ ) ]  , [ l i s t ( 2 ,  [ ’ ” s ’ , ’c e l l u l a r ’ . ’ s c o t t  *] ,_) , 
i t e m (_ ,  ’nnp’ )] , [ i t e m C i n c ’ , ’nnp’ ) ] ) . 

r u l e ( a c q u i s i t i o n ,  purchabr ,  S, 0,
[ i t e m (_ ,  [ ’nn’ , ’i n ’ , ’d t ’ ] ) ] , [ i t e m ( [ ’tw a’ , ’s o s n o f f ’ , ’s e a r l e ’ , ’cok e’] ,_ ) ]  ,
[ i t e m ( [ ’a c t i o n ' , ”  ' s ' , ’h e l d ’ , ' . ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  purchabr,  5 ,  0,
□  , [ i te m (  [ ’u fu r f  ’ , ’sn y d e r ’ , ’conagra’ , ’c . o . m . b . ’] , _ ) ] , □ ) .  

r u l e ( a c q u i s i t i o n ,  purchabr ,  4 ,  0 ,
[ i te m (_ ,  [ ’ cd’ , ’n n ’] )  , i t a m ( [ ’- ’ , ’o f ’] , _ ) ]  , [ l i s t ( 2 , _ ,  ’nnp’ )] ,
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[ i t e m ( [ ’c o r p ' , ”  ’ s ’] , _ ) , i t em (_ ,_ )  , i t e m ( [ ’ . ’ , ' d a r t a . o ’ , ’i n ’] , _ ) ] ) -  
r u l e ( a c q u i s i t i o n ,  pu rch ab r ,  4, 0,

[ i t e m ( [ ’2 ’ , ’j a n u a r y ’ , , _ ) , i tem(_, , ’ , ’ ( ’] ) ] , [ i t e m ( _ , ’nnp’ ) ] ,
[ i t e m ( [ ’s a i d ’ , ' r e p o r t e d ’ , ’o i l ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  pu rchab r ,  4, 0,
[ i t e m ( [ ’ju n e ’ , ’exchange’] , ’nnp’ ) , i t e m ( [ ’1 ’ , ’commission’] , _ ) , i t e m (_ ,  [ ’ : ’ , ’ , ’] ) ] ,  
[ l i s t ( 3 , _ , [ ’ : ’ , ’n n p ' ] ) ] , [ i t e m ( [ ’c o rp ’ , ’ , ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u rch ab r ,  4 , 0,
[ i t e m ( [ ’o h io * , ’n . h . ’ , ’ , ’] , _ ) , i t e m ( _ , _ ) , i t e m ( [ ’ju n e ’ , ’march’ , ’ , ’] , _ ) ,  
i tem (_ , [ ’ cd ’ , ’c c ’] ) , i t e m (_ ,  [ ’ : ’ , *prp$’] ) ]  , [ l i s t ( 2 , _ ,  ’nnp’ ) , i t e m ( _ ,  ’nnp’ )] ,
[ i t e m ( [ ’co rp ’ , ’bank’] , ’nnp’ ) ] ) . 

r u l e ( a c q u i s i t i o n ,  p u rch ab r ,  8 , 0,
□  , [ i t e m ( [ ’neoax*, ’c l a b i r ’ , ’3m’ , ’c o n t e l ’ , ’n a r r a g a n s e t t ’ , ’amsouth’] ,_)]  . □ )  . 

r u l e ( a c q u i s i t i o n ,  pu rchab r ,  5, 0,
[ i t e m ( _ , [ ’ , ’ , ’d t ’ , ’e n d s e n t ’ , ’ i n ’] ) ]  ,
[ l i s t ( 2 , [ ’t o ’ , ’r o t h ’ , ’j . p . ’S in gap o re ’ , ’s t a r s ’] , _ ) ,
item( [ ’amorican’ , ’ i n d u s t r i e s ’ , ’government’ , ’go ’] , _ ) ]  , [itemC [ ’has ’ , ’ s a i d ’ , ’ i n c ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  pu rchab r ,  3, 0,
[ i t e m ( [ ’Chicago’ , ’march’] , ’nnp’ ) , i t e m ( [ ’c o r p ’ , ’18’] , _ ) , i t e m ( _ ,  [ ’p o s ’ , ’ : ’] ) ] ,
[ i t e m (_ , ’nnp’ ) , i t e m ( _ , ’nnp’ ) ] , [ i t e m ( [ ’ban k ’ , ’co rp ’] , ’nnp’ ) ,  
i t e m ( _ , [ ’nn ’ , ’vbd’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  pu rch ab r ,  4, 0,
[ i t e m ( _ , [ ’t o ’ , ’j j ’] ) , i t e m ( _ , [ ’vb*, ’ . ’] ) , i t e m ( _ , [ ’ i n ’ , ’e n d s e n t ’] )]  ,
[ i t e m ( _ , ’nnp’ ) ] , [ i tem (_ ,  [ ’i n ’ , ’c c ’] ) ]  ) .  

r u l e ( a c q u i s i t i o n ,  pu rch ab r ,  3, 0,
[ i t e m ( _ , [ ’ . ’ , ’ : ’] ) , i t e m ( [ ’en d sen t’ , ’t u o ’] , _ ) ] , [ l i s t ( 2 , _ , ’n n p ’ ) ] ,
[ i tem([* ” s ’ , ’s t o c k ’] ,_) , i tem (_ ,  ’nn’ ) , i t e m ( _ ,  [ ’nn’ , ’ , ’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  pu rchab r ,  7, 0,
[ i t e m ( [ ’agreem ent’ , ’ 19’ , ’ i n v e s to r ’] , _ ) , i t e m ( [ ’f o r ’ , ’- ’ , ’m u l l s ’] ,_ ) ]  , [ i t e m (_ , ’nnp ’ )]  , 
[ i t e m ( _ , _ ) . l i s t ( 2 , [ ’a c q u i r e ’ , ’l p ’ , ’k p a ’ , ’ e n e r g i e s ’] , _ ) , i t e m ( _ ,  [ ’d t ’ , ’ ) ’ , ’vbd’] ) ,  
i t e m ( _ , [ ’c d ’ , ’p r p ’ , ’ : ’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u rch ab r ,  4 ,  0,
[ i t e m ( [ ’ ”  ’ , ’25’ , ’bnp’] , _ ) , i t e m ( _ , [ ’p r p ’ , ’ : ’ , ’ i n ’] ) ]  , [ l i s t ( 2 , _ ,  [ ’nn ’ . ’p o s ’ , ’nnp’] ) ] , 
[ i t e m ( [ ’e n t e r p r i s e s ’ , ’ co rp ’ , ’b i d ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  pu rchab r ,  7, 0,
[ i t e m ( _ , [ ’n n ’ . ’ i n ’ . ’r b ’] ) , i t e m ( _ , _ ) , i t e m ( [ ’” ’ , ’two’ , ’ . ’] , _ ) ,  
i t e m ( _ , [ ’d t ’ , ’j j ’ , ’e n d s e n t ’] ) ] , [ l i s t ( 3 , _ , [ ’c c ’ , ’nnp’] ) ] ,
[ i tem ( [ ’g r o u p ' , ’s h a r e s ’ , ’s a i d ’] , _ ) , i t e m ( [ ’t o l d ’ i t ’] , _ ) ,  
i t e m ( _ , [ ’d t ’ , ’e n d s e n t ’ , ’vbd’] ) , l i s t ( 2 , _ , _ ) , i t e m ( _ , [ ’ . ’ , ’d t ’ , ’ i n ’] )]  ) .  

r u l e ( a c q u i s i t i o n ,  pu rchab r ,  3, 0,
[ i tem ( [ ’l o u i s ’ , ’a p r i l ’] , ’nnp’ ) , i t e m ( [ ’- ’ , ’17’] , _ ) , i t e m ( [ ’b a s e d ’ , ’ - ’] , _ ) ] ,
[ i t e m ( _ , ’nnp’ ) , i t e m ( _ , [ ’nnps*, ’nnp’] ) ] , □  ) .  

r u l e ( a c q u i s i t i o n ,  pu rchab r ,  3, 0,
□  , [ i t e m (_ , 'n n p ’ ) , i t e m ( _ , _ ) , i t e m ( [ ’f o r b e s ’ , ’b a rb a ra ’] , ’n n p ’) ] , □  ) ■ 

r u l e ( a c q u i s i t i o n ,  pu rch ab r ,  3, 0,
[ i t e m ( [ ’o f ’ ,*26’] , _ ) , i t e m ( _ , [ ’d t * , ’ : ’] ) ] ,  [ i t e m ( _ , ’nnp’ ) ] ,
[ i t e m ( [ ’group’ , ’ i n t e r n a t i o n a l ’] , ’nnp’ ) , i t e m ( _ ,  [ ’i n ’ , ’nnp’ ] ) ] )  . 

r u l e ( a c q u i s i t i o n ,  pu rch ab r ,  3, 0,
□  , [ i te m ( [ ’t r u s ’ , ’m e t ro p o l i t a n ']  , ’nnp’ ) , l i s t ( 2 , _ , ’nnp’ )] , [ i t e m ( [ ’ i n c ’ , ’{ ’] , _ ) ,  
i t e m ( _ , [ ’ ( ’ , ’nnp’] ) ] ) .

r u l e ( a c q u i s i t i o n ,  pu rch ab r ,  3, 0,
[ i te m ( [ ' 3 0 ' , ’t o ’] , _ ) , i t e m ( _ , [ ’ : ’ , ’d t ’] ) ] , [ i t e m ( _ , ’nnp’ )] . [ i t e m ( [ ’bank’ , ’f a c i l i t y ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  pu rch ab r ,  4 ,  0,
[ i t e m ( _ , [ ’e n d s e n t ’ , ’vbd’] ) , l i s t ( 2 , _ , _ ) , l i s t ( 2 , _ , _ ) , l i s t ( 2 , _ , _ ) , i t e m ( [ ’- ’ , ’by’] , _ ) ] ,  
[ i t e m ( _ , ' n n p ' ) ] , [ i t e m ( [ ’mining’ , ’ . ’] , _ ) , i t e m ( [ ’co’ , ’e n d s e n t ’ ] , _ ) ] )  .
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r a l e ( a c q u i s i t i o n ,  p u rchab r ,  5 ,  0,
[ i t e m ( [ ’ i s s u e d * , ’5 ’] ,_ )  , i t e m ( [ ’by’ , ,_ )]  , [ l i s t ( 3 . _ ,  , ’nnp’] ) ]  ,
[i temC[ ’ . * , ’c o rp ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  pu rch ab r ,  4 ,  0,
[ i t e m ( [ ’ i s ’ , ’amount’ , ' a p r i l ’] ,_) , itemC [ ’su b jec t  ’ 1 ’] ,_) , i t e m ( _ ,_ ) ]  ,
[ l i s t ( 2 , [ ’nnps ’ , ’nn p ’] ) ]  , [item([* ” s ’ , ’s a i d ’ , ’an d ’] ,_ )  , 
i t e m ( [ ’a b i l i t y ’ , ’t h e ' , ’ chemicals’] , _ ) ] ) .  

r u l e ( a c q n i s i t i o n ,  p u rchab r ,  5 ,  0,
[ i tem (_ ,  [ ’nnp*, ’ : ’] )  , i t e m ( [ ’w’ , ’s a i d ’ , ’{ ’] , _ ) ] ,  [ i te m (_ ,  ’nnp’ )] ,
[ i t e m ( [ ’ i n c ’ , ’i s ’ , ’l t d ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  p u rchab r ,  3 ,  0,
[ i tem (_ ,  ’nn’ ) , i t e m (_ ,  C’t o ’ , ’ , ’] ) ]  , [i tem (_, ’nnp’ )] , [ i tem (  [ ’c o rp ’ , ’s a i d ’] ,_) , 
i t e m ( [ ’f o r * , ’ i t ’] , _ ) ] )  . 

r u l e ( a c q u i s i t i o n ,  pu rchab r ,  3, 0,
[i tem (_ ,  [ ’ . ’ , ’c d ’] ) , i t em (  ’- ’ , ’ : ’ ) , i tem (_ ,  [ ’vbn’ , ’ ( ’] ) ] ,  [ l i s t ( 2 , _ ,  ’nnp’ )] , 
[ i t e m ( [ ’s a i d ’ , ’group’] , [ ’vbd’ , ’nnp’] ) ] ) . 

r u l e ( a c q u i s i t i o n ,  pu rch ab r ,  3 ,  0,
[ i tem (_ ,  [ ’ i n ’ , ’n n ' ] )  , i t e m (_ ,  [ ’nn’ , ’i n ’] ) , i tem ( [ ’of ’ , ’ some’] ,_ ) ]  , [ i tem (_ ,  ’nnp’ )] , 
[i tem ( [ ’ ” s ’ , ’c o f f e e ’] ,_) , l i s t ( 2 , _ , _ )  , i tem (_ ,_ )  , i t e m ( _ ,  [ ’vbp’ , ’nnp’] )]  ) . 

r u l e ( a c q u i s i t i o n ,  pu rchab r ,  3 ,  0,
[ i tem (_ ,  [ ’nn ’ , ’e n d s e n t ’] )  , i t e m ( [ ’ . ’ , ’dna’] ,_) , i t e m ( [ ’e n d s e n t ’ , ’ s a i d ’] ,_ ) ]  ,
[ l i s t ( 2 , _ , ’nnp’ ) ] , [ i te m (_ ,  [ ’pos’ , ’md’] ) , i t e m ( _ , [ ’c d ' , ’v b ’ ] ) ] )  . 

r u l e ( a c q u i s i t i o n ,  p u rch ab r ,  5 ,  0,
□  , [i tem ( [ ’a l z a ’ , ’u s a i r ’ , ’d e a l ’] , ’nnp’ )] , [i tem ( [ ’c o r p ’ , ’ ’ ’ s ’ , ’s a i d ’] ,_ )  , 
l i s t ( 2 , _ , _ ) , i t e m ( _ , [ ’n n p ’ , ’vb’ , ’en d se n t’] )] ) .

r u l e ( a c q u i s i t i o n ,  pu rch ab r ,  3, 0,
[ i tem ([*bu t ’ , ’{ ’] , _ ) ] ,  [ i tem (_ , ’nnp’ )] , [i tem ( [ ’ s a i d ' , ’ i n d u s t r i e s  ’] ,_) , 
i t e m ( _ ,_ ) , i t e m ( _ ,_ ) , i t e m ( _ ,  [ 'n n p 1, ’vbd’] ) ] ) . 

r u l e ( a c q u i s i t i o n ,  pu rchab r ,  3 ,  0,
[ i tem (_ ,  [ ’ i n ’ , ’ : ’] ) ] ,  [ l i s t ( 2 , _ , ’nnp’ ) , itemC [ ’mortgage’ , ’c a p i t a l ’] , ’nnp’ )] , 
[ l i s t ( 2 , _ , _ ) , i t e m ( _ , _ ) , i t e m ( _ , [ ’j j ’ , ’vbd’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  pu rchab r ,  3, 0,
[ i tem (_ ,  [ ’ i n ’ , ’ ( ’] ) ] ,  [ l i s t  ( 2 , . ,  ’nnp’ ) , i tem ( [ ’microwave’ , ’ c a p i t a l ’] , ’nnp’ )] ,
[ i t e m ( _ , _ ) , i t e m ( [ ’ , ’ , ’ l . p . ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  pu rchabr ,  5, 0,
[ i t e m ( [ ’ju n e ’ , ’s h a r e s '  , ’ . ’] ,_ )  , i tem (_ ,_ )  , i tem (_ ,  [ ’e n dsen t  ’ , ’ : ’] ) ] ,  [ i tem (_ ,  ’nnp’ )] , 
[i tem ( [ ’ i n c ’ , ’s a i d ’ , ’a l s o ’] ,_) , i tem (_ ,_ )  , i tem (_ ,  [ ’nns ’ , ’p r p ’] )]  ) . 

r u l e ( a c q u i s i t i o n ,  p u rchabr ,  3 , 0,
[ i tem (_ ,  [ ’nnp’ , ’c d ’] )  , i t e m (_ ,  [ ’ ) ’ , ’ : ’] )  , i t e m ( [ ’a s * , ’{ ’] , _ ) ] ,  [ i tem (_ ,  ’nnp’ )]  ,
[ i t e m ( _ , ’nnp’ ) , i t e m ( [ ’ l t d ’ , ’} ’] , _ ) , i t e m ( _ , [ ’ ( ’ , ’vbd’ ] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  pu rchab r ,  4 ,  0,
[ i tem (_ ,  [ ’ j  j  ’ , ’nn ’] ) , l i s t ( 2 , _ , _ )  , i tem (_ ,_ )  , i t e m ( [ ’b y ’ , ’ e n d s e n t ’] ,_ ) ]  , [ i tem (_ ,  ’nnp’ )] , 
[ i t e m ( [ ’ . ’ , ’s a i d ’] ,_ )  , i tem (_ ,  [ ’en d sen t’ , ’d t  ’] )  , i t e m ( [ ’t h e ’ , ’a c q u i s i t i o n ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  pu rchabr ,  6 , 0,
[ i tem (_ ,  [ ’vbn’ , ’nn ’] )  , i t e m ( [ ’by’ , ’- ’] ,_ )]  , [ l i s t ( 2 , _ ,  ’nnp’ )]  , [ i t e m ( [ ’ . ’ , ’c o r p ’] ,_ ) ,  
i t em (_ , [ ’en d se n t’ , ’vbd ’ ] ) , i tem (_ , _ ) , i tem (_ , _ ) , i t e m (_ , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  pu rch ab r ,  3 ,  0,
[ i tem (_ ,  [ ’c d ’ , ’n n s ’] ) , i tem (_ ,  [ ’nn’ , ’ . ’] ) , i tem ( [ ’of ’ , ’e n d sen t  ’] ,_ ) ]  , [ i tem (_ ,  ’nnp’)] , 
[ i t e m ( [ ’f o r ’ , ’s a i d ’] ,_ )  ,i tem (_ ,  [ ’d t ’ , ’nn ’] )  , i t e m ( [ ’h u g h e s ' , ’o f ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  pu rch ab r ,  4, 0,
□  , [item( [ ’m onier’ , ’a l l o a s t e ’ , ’grandvietr ']  , ’nnp’ )] , □  ) . 

r u l e ( a c q u i s i t i o n ,  p u rchabr ,  4 ,  0,
□  , [ i t e m ( [ ’f u r n i t u r e ’ , ’C h rys le r’ , ’emery’] , ’nnp’ )] , □ ) .  

r u l e ( a c q u i s i t i o n ,  p u rchabr ,  3, 0,
[i tem (_ ,  ’nnp’ ) , i t e m ( [ ’ t o ’ , ’u i t h ’] ,_)]  , [ i tem (_, ’nnp’) ]  , [ i te m (_ ,  [ ’ ( ’ , ’e n d s e n t ’] ) ] )  .
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r u l e ( a c q u i s i t i o n ,  purchabr, 4, 0,
[ i tem([*cooonission’ , ’19’] , _ ) , i tem (_ ,  [ i tem (_ ,  ’nnp’ )]  .
[ i t e m ( [ ’ s a i d ’ , ’corp ']  ,_) , i tem (_, C’p r p l ’ , ’vbd’] )  , i t e m (_ ,  [ ’nn ’ , ’p r p ’] ) ] )  . 

r u l e ( a c q u i s i t i o n ,  purchabr, 4 ,  0,
□  , [ i t e m ( [ ’m e r r i l l ’ , ’un ic o rp ’ , ’g lo b e ’] , ’nnp’ ) . l i s t ( 2 , _ ,  ’nnp’ )]  ,
[ i tem ( [ ’ •(1, ’was’ , ’manufacturing’ ] , _ ) ] ) .

r u l e ( a c q u i s i t i o n ,  purchabr, 6 , 0,
[ i tem (_ ,  [ ’nnp’ , ’vbn’] )  , i t em (_ ,_ )  , i t em (_ ,  [ ’nnp’ , ’p r p ’] ) , i t e m ( _ ,  [ ’c d ’ , ’ . ’] )  , 
i tem (_ , [ ’ : ’ . ’endsent’] )] , [ i tem (_ , ’nnp’ )] , [i tem ( [ ’c o ’ , ” ’s ’] ,_ )  , 
l i s t ( 2 , _ , _ ) , i t e m ( _ , [ ’p rp ’ , ’vbd’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  purchabr, 3 , 0,
[ i tem (_ ,  [ ’d t ’ , ’vbd’] ) , i t e m ( [ ’a c q u i s i t i o n ’ , ’t h a t ’] , _ ) ]  , [ i t e n ( _ ,  ’nnp’ )] .
[ i tem (_ ,  [ ’p o s ’ , ’c c ’] ) ]  ) .  

r u l e  ( a c q u i s i t i o n ,  purchabr, 3, 0,
[ i tem (_ .  [ ’ ( ’ , ’nn’] )  . l i s t ( 2 , _ , _ )  , i t e m ( [ ’u n i t ’ , ’- ’] , _ )  , i t e m ( _ ._ ) ]  , [ i tem (_ ,  ’nnp’ )] , 
[ i t e m ( [ ’h o ld in g s ’ , ’b e n e f i t t i n g ’] , _ ) , i t e m ( _ , [ ’nnp’ , ’ i n ’] )]  ) . 

r u l e ( a c q u i s i t i o n ,  purchabr, 3, 0,
[ i t e m ( [ ’e l e c t r i c ’ , ’exchange’] , ’nnp’ ) , i t e m ( [ ’c o ' , ’commission’ ] , ’n n p ' ) , 
item (_ , [ ’p o s ’ , ’ , ’] ) ]  , [ l i s t ( 2 , _ ,  ’nnp’ )] , [ i t e m ( [ ’c o rp ’ , ’s a i d ’] ,_) , 
item (_ , [ ’vbd’ , ’p rp ’])  , l i s t ( 2 , _ , _ )  , i t e m (_ ,_ )  ,i tem (_ ,  [ ’ t o * , ' d t  ’] ) ]  ) . 

r u l e ( a c q u i s i t i o n ,  purchabr, 3, 0,
[ i t e m ( [ ’30’ , ’2 ’] , ’cd’ ) , i t e m C - ’ , ’ : ’ ) ] ,  [ i tem (_ ,  ’nnp’ )] , [ i tem (_ ,  ’nnp’ ) , 
i t e m ( [ ’c o r p ’ , ’ , ’] ,_ ) ] )  . 

r u l e ( a c q u i s i t i o n ,  purchabr, 3, 0,
[ i t e m ( [ ’ - ’ , ’on’] ,_)] , [ l i s t ( 2 , _ ,  ’nnp’ )] , [ i t e m ( [ ’b a n c sh a re s* , ’o f f e r ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  purchabr, 3, 0,
[ i tem (_ ,  [ ’ : ’ , ’endsent’ ] )]  , [i tem (_ , ’nnp’ )] , [ i t e o (  [ ’ c a p i t a l  ’ , ’p u b l i s h e s ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  purchabr, 3, 0,
[ i t  em( [ ’ endsent ’ , ’ju n e ’] ,_) , i tem (_ ,  ( ’nnp’ , ’cd ’] ) , i t e m (_ ,  [ ’vbd’ , ’ : ’] ) ] ,
[ i tem (_ ,  ’nnp’ )] , [item( [ ”  ' s ’ , ’departm en t’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  purchabr, 5, 0,
[i tem ( ’endsen t ’ , ’endsen t’ )] , [i tem (_ ,  ’nnp’ )] , [ item( [ ’a l r e a d y ’ , ’a l s o ’] , ’r b ’ ) , 
i t e m ( [ ’h o ld s ’ , ’re p o r te d ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  purchabr, 3, 0,
[ i t e m ( [ ’ - ’ , ’th a n ’] ,_)] , [ i tem (_ , ’nnp’ )] , [ i t e m ( [ ’f i n a n c i a l ’ , ’t h a t  ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  purchabr, 3, 0,
□  , [i tem ( [ ’american*, ’f i r s t ’] ,_) , i tem (_ ,  [ ’n n s ’ , ’nnp’] )] , [ i te m (_ ,  [ ’vbg’ , ’ . ’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  purchabr, 3, 0,
□  , [ i t e m ( [ ’un ion ’ , ’ jannoch’] , ’nnp’ ) , i t em (_ ,  ’nnp’ )] , [ i tem (_ ,  ’nnp’ )] ) . 

r u l e ( a c q u i s i t i o n ,  purchabr, 3, 0,
[ i tem (_ ,  [ ’i n ’ , ’vbd’])  , i tem (_ ,_ )  , i tem (_ ,  [ ’c d ’ , ’e n d se n t ’] ) ]  , [ l i s t ( 2 , _ ,  ’nnp’ )] ,
[ i t e m ( [ ’ s a i d ’ , ’s t a f f ’] , _ ) , i t e m ( [ ’i t ’ , ’w i l l ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  purchabr, 3, 0,
[ i tem (_ ,  [ ’r b ’ , ’nnp’] )  , i tem(_, [ ’ i n ’ , ’nnp’] ) , i t em (_ ,_ )  , i t e m ( _ ,_ )  , i t e m (_ ,  [ ’nn s ’ , ’cd ’] ) , 
i tem (_ , [ ’ , ’ , ’ : ’] ) ] ,  [i tem(_, ’nnp’ )] , [i tem ([*  ” s ’ , ’l t d ’] ,_ )  , i t e m ( _ ,_ )  , l i s t ( 2 , _ , _ )  , 
i t e m ( [ ’t a f t ’ , ’s a i d ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  purchabr, 3, 0,
[ l i s t ( 2 , _ , _ ) ]  , [ i te m ([ ’f l e e t * , ’n o r s t a r ’] , ’nnp’ ) ] ,  [ i tem (_ ,  [ ’n n ’ , ’nnp’] ) ,  
i t e m ( _ , [ ’nnp’ , ’vbd’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  purchabr, 3, 0,
[ i tem (_ ,  [ ’nnp’ , ’nn’])  . l i s t (2, [ ’ , ’ , ’h a s ’ , ’a s s o c i a t i o n ’] ,_ )  , i t e m ( [ ’ succeeded’ , ’by’] ,_ ) ]  , 
[ l i s t ( 2 , _ , ’nnp’ )] , [ i tem(_, [ ’ i n ’ , ’ , ’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  dlrarnt,  5 ,  0,
[ i tem (_ ,  [ ’nn*, ’) ’] ) , l i s t ( 2 , _ , _ )  , item( [ ’e s t im a te d ’ , ’f o r ' ]  ,_ ) ]  , [ i tem (_ ,  ’c d ’ ) , 
i t e m ( ’m ln’ , ’ j j ’ ) , i t e m ( _ , [ ’nn’ , ’nn s ’] ) ] , [ i t e m ( _ , [ ’nn ’ , ’ . ’] )  ,
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i t e m ( _ ,_ ) , i t e m ( _ , [ ’e n d s e n t ’ , ’d t ’ ] ) ] ) .  
r u l e  ( a c q u i s i t i o n ,  d l r a m t ,  8 ,  0 ,

[ i tem (_ ,  [ ’vb*, ’nnp’] ) , i t e m ( [ ’f o r ’ , ' b id s  ’] ,_ )]  , [ l i s t ( 2 , _ ,  C’j j ’ . ’c d ’] ) ,  
i tem (_ , [ ’nnp*, ’ j j  ’] ) , i t e m ( [ ’ s t g ’ , ’d l r s ’] ,_ ) ]  , [ i tem (_ ,_)  , i t em (_ ,_ )  , i t e m (_ ,_ )  , 
i t e m ( _ , [ ’nn ’ , ’nnp’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  d l r a m t . 7 , 0 ,
[ i t e m ( [ ’9 ’ , ’v a lu e d ’ , ’ s t o c k ’] ,_ )  , i tem ( [ ’a t  ’ , ’f o r ’] , ’ i n ’ )] , [ l i s t ( 2 , _ ,  [ ’ , 1, ’c d ’] ) , 
i t e m ( [ ’m ln’ , ’691’] ,_ )  , i t e m C  d i r  s ’ , ’n n s ’ ) ]  , □ ) .  

r u l e ( a c q u i s i t i o n ,  d l ra m t ,  10, 0,
[ i tem (_ ,  [ ’n n ’ , ’nnp’] ) , i t e m ( _ ,_ )  , i t e m ( _ ,_ )  , i tem (_ ,  [ ’n n ’ , ’nnp’] )  , l i s t ( 2 , _ , _ )  , 
i tem (_ , [ ’d t ’ , ’ i n ’] ) ]  , [ i t e m C  u n d is c lo s e d ’ , ’j j ’ ) ] , [ i t e m ( [ ’sum’ , ’te rm s ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  d l r a m t ,  6 ,  0 ,
[ i tem (_ ,  ’nnp’ ) , i t e m ( [ ’r e j e c t s ’ , ’f o r ’] , _ ) ]  , [ i tem(_, ’c d ’ ) , i t e m ( ’mln’ ,_) , 
i t e m ( [ ’s t g ’ , ’d l r s ’] , _ ) ] , [ i t e m ( _ , [ ’nn ’ , ’ , ’] ) ] ) .  

r u l e  ( a c q u i s i t i o n ,  d l r a m t , 8 ,  0 ,
[ i te m (_ ,_ )  , i t em (_ ,  [ ’n n p ’ , ’endsen t* ])  , i t e m (_ ,_ )  , i t em (_ ,_ ) ]  , [itemC ’u n d is c lo s e d ’ , ’ j  j  ’ 
[ i t e m ( [ ’t e r m s ' , ’ . ’] , _ )  , i t e m ( _ ,_ )  , i t e m (_ ,  [ ’endsent ’ , ’p r p ' ]  )] ) . 

r u l e ( a c q u i s i t i o n ,  d l r a m t ,  9 ,  0,
[ i tem (_ ,  ’d t ’ ) , i t e m ( _ ,_ )  , i t e m ( [ ’o f  ’ , ’w ere’] ,_)]  , [ i t e m ( [ ’n o t ’ , ’ 1 0 .5 ’] ,_) , 
l i s t (2 ,  [ ’d l r s ’ , ’d i s c l o s e d ’ , ’m ln’] ,_ ) ]  , [ i te m C  . ’ , ’ . ’ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  d l r a m t , 3 ,  0,
□  , [ i t e m ( [ ’9 4 .8 ’ . >82’] . ’c d ’ ) ,  itemC’mln’ . ’ j j  ’) , i t e m (_ ._ ) ]  , □ )  . 

r u l e  ( a c q u i s i t i o n ,  d l r a m t ,  8 ,  0 ,
[ i tem (_ ,  [ ’nnp’ , ’ ) ’] )  , i t e m ( _ ,  [ ’ , ’ , ’ i n ’] ) , i t e m ( [ ’f o r ’ , ’a n ’] , _ ) ] ,
[ i te m ( ’u n d is c lo s e d ’ , ’j j ’ ) ]  , □  ) . 

r u l e ( a c q u i s i t i o n ,  d l ra m t ,  3 ,  0 ,
□  , [ i tem ([*  1 .6 2 ’ , ’538’ ] , ’ c d ’ ) , i t e m ( _ ,_) , i t e m ( ’d i r  ’ , ’n n ’ )] , □ ) .  

r u l e ( a c q u i s i t i o n ,  d l ra m t ,  3 ,  0,
[ i t e m ( _ , ’i n ’ ) , i t e m ( _ , [ ’ i n ’ , ’vbg’] ) ] , [ i tem ( [ ’one’ , ’ 100’] , ’c d ’ ) , 
i t e m ( _ ,_ ) , i t e m ( [ ’ s t g ’ , ’d l r s ’] , _ ) ] ,  [i temC[ ’ . ’ , ’ i n ’] , _ ) ] )  . 

r u l e ( a c q u i s i t i o n ,  d l r a m t ,  5 ,  0,
□  , [ i tem (_ ,  ’c d ’ ) , i t e m ( [ ’b i l l i o n '  , ’mln’] , ’nnp’ ) , i t e m ( ’d l r s ’ , ’nn s ’ )] , □ )  . 

r u l e ( a c q u i s i t i o n ,  d l r a m t , 8 ,  0,
[ i tem (_ ,  [ ’nn ’ , ’nnp’] ) , i t e m ( [ ’w ere’ , ’a n ’] ,_ ) ]  , [ i t e m ( [ ’n o t ’ , ’u n d is c lo se d ’] ,_ )  , 
l i s t  (2 ,  [ ’p r i c e ’ , ’d i s c l o s e d ’ , ’p u rch a se ’] ,_ ) ]  , [ i tem (_, [ ’ . ’ , ’i n ’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  a c q u i r e d ,  3 , 0,
[ i t e m ( [ ’ 16’ , ’sc h e d u le ’] ,_ )  , i t em (_ ,  [ ’ : ’ , ’ i n ’] ) ]  , [ l i s t ( 3 , _ , ’nnp’ )] ,
[ i t e m ( [ ’s a i d ’ , ’m erge r’ ] , _ ) ] )  . 

r u l e ( a c q u i s i t i o n ,  a c q u i r e d ,  3 , 0,
[ i tem (_ ,  [ ’t o ’ , ’v b ’] ) , i t e m ( [ ’purchase  ’ . ’ i t s * ]  ,_)]  , [ i tem (_ ,  ’nnp’ ) , i tem (_ ,  ’n np ’ )]  , 
[ i tem (_ , [ ' , ' ,  ' n n ' ] ) ] )  . 

r u l e ( a c q u i s i t i o n ,  a c q u ir e d ,  4 ,  0,
[ i t e m ( [ ’of ’ , ’i t s ’] , _ ) ]  , [ l i s t ( 2 , _ ,  ’nnp’ ) , i t e m ( [ ’a i r l i n e s ’ , ’ i n c ’ , ’o p e r a t i o n s ’] ,_ ) ]  , 
[ i t e m ( [ ’f o r ’ , ’t o ’] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  a c q u i r e d ,  5 , 0,
[ i tem (_ ,  [ ’ i n ’ , ’ ( ’] ) ]  , [ l i s t ( 2 ,  [ ’p l a s t i c s ’ , ’cenergy’ , ’w es te rn ’] ,_) . 
itemC’c o rp ’ , ’nnp’ ) ] , □ ) .  

r u l e ( a c q u i s i t i o n ,  a c q u i r e d ,  4 , 0,
[ i t e m ( [ ’ t h e ’ , ’ i t s ’] ,_ ) ]  , [ l i s t ( 2 , _ , _ )  , i t e m ( [ ’m agnetics’ , ’d i v i s i o n ’] ,_ ) ]  .
[ i tem (_ ,  [ ’n n ’ , ’t o ’] ) ] )  . 

r u l e ( a c q u i s i t i o n ,  a c q u i r e d ,  5 , 0,
□  , [ i t e m ( [ * i n t e g r a t e d ’ , ’f o o t e ’ , ’ s u n r i s e ’ , ’com’] . ’nnp’ ) , l i s t ( 3 , _ , _ )  , 
i t e m ( [ ’b ra n c h ’ , ’c o ’ , ’ i n c ’] , _ ) ] ,  [ ] ) .

r u l e ( a c q u i s i t i o n ,  a c q u i r e d ,  5 ,  0,
[ i t e m ( [ ’ i n * , ’ i t s ’] ,_ ) ]  . [ i tem (_ ,  ’nnp’ ) , i t e m ( [ * e n t e r p r i s e s ' , ’c o rp ’] , _ ) ] , □ ) .
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r u l e ( a c q u i s i t i o n ,  a c q u ir e d ,  4 ,  0,
□  , [ i t e m ( [ ’c o n s o l id a t e d ’ , 'g ro u p * , ’micro’] , _ ) , l i s t ( 2 , _ , _ ) , 
i t e m ( [ ’ i n t e r n a t i o n a l ’ , ’m i n e r a l ’ , ’ i i ’] ,_) , i t e m ( _ ,_ ) ]  , 0 )  .

r u l e ( a c q u i s i t i o n ,  a c q u ir e d ,  3 , 0 ,
[ i te m ( [ ’may’ , ’a c q u i s i t i o n ’] , i t e m ( [ ’su p p o r t ’ , ’o f ’] ,_ ) ]  , [ l i s t ( 2 , _ ,  [ ’n n ’ , ’nnp’ , ’cd ’] )  , 
i t e m ( [ ’c o rp ’ , ’ c e n t e r s ' ]  , _ ) ] , □ ) .  

r u l e ( a c q u i s i t i o n ,  a c q u ir e d ,  4 ,  0 ,
[ i te m (_ , [ ’j j ’d t ’] ) , i t e m ( _ ,_ )  , i t e m ( [ ’i n ’ , ’buy’ , ’o f ’] , _ ) ] ,
[item( [ ’ johnson’ , ’f i r s t ’ , ’r a n k s ’] , ’nnp’ ) , i tem (_ ,  ’nnp ’ ) , l i s t ( 2 , _ , _ ) ]  ,
[ i tem (_ . [ * ( ' , * . ’ , ’ i n ’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  a cq u ire d ,  8 ,  0,
[ i t e m ( [ ’ i n ' , ’a c q u i r e d ’ , ’p u rc h a s e ’] ,_)]  , [ l i s t ( 4 , _ ,  [ ’vbg’ , ’nn ’ , ’d t ’ , ’n n p ’ ] )  , 
i t e m ( [ ’f i n a n c i a l ’ , ’p l a n t ’ , ’c o r p ’ ] , _ ) ] , [ i t e m ( _ , [ ’t o ’ , ’ i n ’ , ’ , ’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  a c q u ir e d ,  3 ,  0,
[ i tem (_, [ ’i n ’ , ’n n p ']  ) . l i s t  (2 ,  [ ’- ’ , ’{ ’ , ’4 ’] ,  _)] , [ i t e m ( [ ’u s a i r ’ , ’p io n e e r ’ ] , ’nnp’ ) , 
l i s t ( 2 , _ , ’nnp’ ) , i t e m ( [ ’ i n c ’ , ’l t d ’ ] , ’nnp’ )] , □  ) .  

r u l e ( a c q u i s i t i o n ,  a c q u ir e d ,  4 ,  0,
[ i t e m ( [ ’ i n ’ , ’b i d ’] ,_ )  , i t e m ( _ ,  [ ’ ( ’ . ’i n ’] ) ] ,  [ l i s t ( 3 , _ ,  ’nnp’ ) , 
i t e m ( [ ’c o rp ’ , ’ i n c ’] , ’nnp’ )]  , [ i tem (_ ,  [ ’ ) ’ , ’ , ’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  a c q u ir e d ,  5 , 0,
□  , [ i t e m ( [ ’s a l t ’ , ’ s o u th ’ , ’c o f f e e ’ , *d‘] , _ ) , l i s t ( 3 , _ , _ ) , 
i t e m ( [ ’d iv i s i o n * , ’ a d v o c a te ’ , ’p l a n t ’ , ’corp’] ,_ ) ]  , □ )  . 

r u l e ( a c q u i s i t i o n ,  a c q u ir e d ,  3 , 0 ,
[ i tem (_, [ ’p rp $ * , ’ i n ’] ) ]  , [ l i s t  ( 3 ,_ ,  ’nnp’ ) , i tem ( [ ’c r e e k ’ , ’d i v i s i o n ’] , ’n n p ’ )]  ,
[ i tem (_ , [ ’t o 1, ’nn’ ] ) ] )  . 

r u l e ( a c q u i s i t i o n ,  a c q u ir e d ,  8 ,  0,
□  , [ i t e m ( [ ’c y c lo p s ’ , ' h i l l a r d s  ’ , M a t ro n ’] , ’nnp’ ) , i t e m ( _ ,  ’n n p ') ]  , [] ) . 

r u l e ( a c q u i s i t i o n ,  a c q u ir e d ,  4 ,  0,
[ i tem (_, [ ’n n s ’ , ’nnp’ , ’p r p ’] ) , i t e m ( [ ’of ’ , ’and’ , ’t o l d ’] ,_ )]  , [ l i s t ( 2 , . ,  ’n n p ’ ) , 
i t e m ( [ ’co rp ’ , ’a f r i c a ’] , ’nnp’ )]  , [ i t e m ( [ ’ , ’ , ’s a i d ’ , ’{ ’] ,_) , 
l i s t ( 2 , _ , _ ) , i t e m ( _ , [ ’nn ’ . ’vbd’ , ’ ) ’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  a c q u ire d ,  3, 0,
[ i te m ( [ ’of ’ , ’{ ’] ,_ ) ]  , [ i t e m ( [ ’cenergy* , ’p r o t e i n ’] , ’nnp’ ) , l i s t ( 2 , _ ,  ’nnp’ ) ]  ,
[ i tem (_ , [ ’ . ’ , ’ ) ’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  a c q u ir e d ,  4 ,  0,
[ i tem (_, [ ’ i n ’ , ’n n p * ] ) , i te m (_ ,  [ ’d t ’ , ’ ) ’] ) ] , [ l i s t ( 2 , _ , ’nnp’ ) , i t e m ( _ , ’n n p ' ) ,  
i t em (’d i v i s i o n ' , ’n n p ' ) ] ,  □  ) . 

r u l e ( a c q u i s i t i o n ,  a cq u ire d ,  5 ,  0,
[ i t e m ( [ ’buy’ , ’w i th ’ , ’ i n ’] ,_ ) ]  , [ i tem (_ ,  ’nnp’ ) , l i s t ( 2 , _ , _ ) , 
i t e m ( [ ’r e s t a u r a n t s ’ , ’s a ’ , ’ i n c . ’] ,  ’nnp’ ) ] , □  ) . 

r u l e ( a c q u i s i t i o n ,  a c q u ir e d ,  3 ,  0 ,
[ i tem (_, [ ’ . ’ , ’ i n ’] )  , i t e m ( _ ,  [ ’e n d s e n t ’ , ’ ( ’] ) ] ,  [ l i s t ( 3 , _ ,  ’nnp’ ) , 
i t e m ( [ ’co rp ’ , ’ s e r v i c e s ’] , _ ) ] ,  [ i tem (_ ,  [ ’vbz’ , ’ ) ’] ) , i t e m ( _ ,  [ ’nn’ , ’ , ’] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  a c q u ir e d ,  3 ,  0 ,
[ i tem (_, [ ’ ( ’ , ’p r p ’] ) ]  , [ i te m (_ ,  ’nnp’ ) , i tem (_ ,_ )  , i tem ( [ ’bank’ , ’m e l ro se ’] , ’n n p ’ ) , 
l i s t ( 2 , [ ’d ick so n ’ , ’bhd’ , ’ , ’] , _ ) ]  , [ i t e m (_ , [ ’ ) ’ , ’ c c ' ] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  a c q u ir e d ,  3 ,  0,
[ i tem C o f  ’ , ’ i n ’ )] , [ l i s t ( 2 , _ ,  ’nnp’ ) , i t e m ( [ ’a c q u i r i n g ’ , ’s e r v i c e s ’] ,_ ) ,  
i t e m ( _ , ’nnp’ )] , □ ) .  

r u l e ( a c q u i s i t i o n ,  a cq u ire d ,  5 ,  0 ,
□  , [ i tem (_ ,  ’nnp’ ) , i t e m ( [ ’f a i r v i e w ’ , ’c a b le ’ , ’l e w i s ’ , ’b a l t i c ’] , ’nnp’ ) , 
l i s t  (2 ,  _ ,  [ ’im ps’ , ’n n ’ , ’nnp’] ) ]  , [ i tem (_ , [ ’ ) ’ , ’ i n ’] ) ] ) .

r u l e ( a c q u i s i t i o n ,  a c q u ir e d ,  15, 0 ,
[ i tem (_, [ ’v b ’ , ’ i n ’ , ’n n ’] )  , i t e m ( [ ’t h e ’ , ’i t s ’ , ’ i n ’] ,_ ) ]  , [ i tem (_ ,  [ ’j  j ’ , ’n n p ’] ) , 
l i s t ( 2 , _ , _ )  , i t e m ( [ ’p r o j e c t ’ , ’p o r t f o l i o ’ , ’i n c ’] , _ ) ] , □ ) .

174

R ep ro d u ced  with p erm issio n  o f  th e  copyrigh t ow n er. Further reproduction  prohibited w ithout p erm issio n .



www.manaraa.com

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

[ i t e m C . .  [ ’ n n 1 , ’ i n ' ] )  , i t e m ( [ ’ o f  ’ ,  ’ i t s ’ ]  , _ ) ]  ,  [ l i s t C 2 , _ , _ ) , i t e m C [ ’ f u n d ’ ,  ’ d i v i s i o n ’ ]  , _ ) ]  , 

[ i t e m ( _ ,  [ ’ ,  ’ ,  ’ t o ’ ]  )  , i t e m C _ ’ d t  ’ ] ) ] )  . 

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  4 ,  0 ,

[ i t e m C  [ ’ s t a k e ’ ,  ’ m e r g e ’ ]  , _ )  , i t e m ( _ ,  ’ i n ’ ) ]  ,  [ l i s t ( 2 , _ ,  ’ n n p ’ )  , i t e m ( ’ c o r p ’ ,  ’ n n p ’ ) ]  ,

[ i t e m C [ ’ t o ’ , ’ u a s ’ ] , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q u i r e d .  3 ,  0 ,

[ i t e m C . ,  [ ’ n n ’ ,  ’ v b z ’ ]  )  , i t e m C . , _ )  , i t e m C . ,  [ ’ ,  ’ ,  ’ d t  ’ ]  ) ]  ,  [ l i s t  C 2 , _ ,  ’ n n p ’ )  , 

i t e m C [ ’ c h r o n i c l e ’ ,  ’ c o ’ ]  ,  ’ n n p ’ ) ]  ,  [ i t e a C [ ’ , ’ ,  ’ f r o m ’ ] , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

[ i t e m C _ , C ’ C ’ . ’ i n ' ] ) ]  ,  [ i t e m ( _ , ’ n n p ’ ) , l i s t C 2 , _ , _ )  ,

i t e m C  [ ’ s e r v i c e s ’ ,  ’ i n v e s t m e n t o ’ ]  ,  ’ n n p ’ ) , i t e m C [ ’ i n c ’ ,  ’ s a r i ’ ]  ,  ’ n n p ’ ) ]  ,  □  ) .  

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  5 ,  0 ,

[ i t e m C _ ,  [ ’ c c ’ ,  ’ v b ’ ] ) ]  ,  [ i t e m C _ ,  [ ’ n n p ’ ,  ’ c d ’ ] ) , i t e m C . , _ )  ,  

i t e m C [ ’ i n c ’ ,  ’ h o s p i t a l s  ’ ] , _ ) ] ,  [ i t e m C . ,  [ ’ i n ’ , ’ t o ’ ]  ) ]  )  . 

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  4 ,  0 ,

[ i t e m C  [ ’ s t a k e ’ ,  ’ o f  ’ ,  ’ a f f i l i a t e ’ ]  , _ )  , i t e m C _ ,  [ ’ C ’ . ’ i n ’ ] ) ] ,  [ i t e m C . ,  ’ n n p ’ ) ,  

l i s t C 2 , _ , _ )  , i t e n » C _ ,  [ ’ n n p ’ ,  ’ v b g ’ ]  )  , i t e m C  [ ’ l t d ’ ,  ’ n . v .  • ,  ’ a g ’ ]  ,  ’ n n p ’ ) ]  ,

[ i t e m C _ , _ )  , l i s t C 2 , _ , _ )  , i t e m C _ . _ )  , i t e m C _ ,  [ ’ , ’ , ’ : ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

[ i t e m C . ,  ’ n n ’ )  , i t e m C _ ,  [ ’ v b n ’ .  ’ i n ’ ]  ) ]  ,  [ l i s t C 2 , _ ,  ’ n n p ’ )  , 

i t e m C  [ ’ b a n c o r p * ,  ’ t e c h n o l o g y ’ ]  ,  ’ n n p ' ) ]  ,  □  )  .  

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

[ i t e m C . ,  [ ’ ,  ’ ,  ’ v b g ’ ] )  , i t e m C _ ,  [ ’ n n p ’ ,  ’ n n ’ ] )  , i t e m C _ ,  [ ’ c d ’ , ’ . ’ ] )  , i t e m C _ , _ ) ]  ,

[ l i s t C 2 , _ ,  ’ n n p ’ ) ]  ,  [ i t e m C  [ ’ { ’ , ’ s a i d ’ ]  , _ )  , i t e m C [ ‘ n c r o . l ’ ,  ’ t h e ’ ]  , _ )  , i t e m C . ,  [ ’ )  ’ ,  ’ n n ’ ]  ) ,  

l i s t C 2 , _ , _ ) , i t e m C . , ’ n n * ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  4 ,  0 ,

[ l i s t C 2 ,  [ ’ t o ’ ,  ' o f ’ ,  ’ a c q u i r e ’ , ’ - ’ ]  , _ ) ]  ,  [ i t e m C . ,  ’ n n p ’ ) ,  

i t e m C  [ ’ i n n ’ ,  ’ h u d  s o n ’ , ’ s e m i c o n d u c t o r ’ ]  ,  ’ n n p ’ ) , i t e m C . ,  ’ n n p ’ ) ]  ,  □  )  . 

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  4 ,  0 ,

[ i t e m C  [ ’ 3 9 4 ’ ,  ’ o f  ’ ,  ’ t h e  ’ ]  , _ ) ]  ,  [ i t e m C  [ ’ p i e d m o n t ’ , ’ b a n k a m e r i c a ’ , ’ a n t o n s o n ’ ]  ,  ’ n n p ’ )  , 

i t e m C _ .  ’ n n p ’ )  , i t e m C . ,  ’ n n p ’ ) ]  ,  □ )  . 

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

[ i t e m C . , [ ’ n n ’ , ’ i n ’ ] )  , i t e m C _ ,  [ ’ ,  ’ , ’ v b g ’ ] ) ] , [ l i s t C 2 , _ , [ ’ j j ’ , ’ n n p ’ ] )  ,  

i t e m C _ , _ )  . i t e m C [ ’ i n t e r n a t i o n a l ’ ,  ’ i n c ’ ]  ,  ’ n n p ’ ) ]  ,  [ i t e m C _ ,  [ ’ , ’ , ’ C ’ ] )  ,  

i t e m C [ ’ a n d ’ , ’ w e n ’ ] , _ ) ] )  .  

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  4 ,  0 ,

□  , [ i t e m C [ ’ m o o r e ’ , ’ d o m e ’ ,  ’ u . s .  ’ ]  , ’ n n p ’ ) , l i s t C 3 , _ , [ ’ c c ’ , ’ n n ’ , ’ n n p ’ ] )  ,  

i t e m C  [ ’ i n c ’ ,  ’ l t d ’ , ’ p a r t s  ’ ]  , _ ) ]  ,  [ i t e m C . ,  [ ’ C ’ , ’ n n p ’ ,  ’ n n ’ ]  ) ]  )  .

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  4 ,  0 ,

□  ,  [ i t e m C [ ’ r e t a i l ’ ,  ’ s c a n d i n a v i a ’ ,  ’ i n d u s t r i a l ’ ]  , _ )  , l i s t C 3 , _ , _ )  , 

i t e m C  [ ’ i n c ’ ,  ’ d i v i s i o n ’ ]  , _ ) ] , □ ) .

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

□  ,  [ i t e m C [ ’ c o n r a c ’ ,  ' m o n i e r ’ ]  ,  ’ n n p ’ )  , i t e m C . ,  ’ n n p ’ ) ]  ,  □  )  .  

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

[ i t e m C . ,  [ ’ n n s ’ ,  ’ i n ’ ]  )  ,  i t e m C _ ,  [ ’ i n ’ . ’ C ’ ] ) ] ,  [ l i s t C 2 , _ ,  ’ n n p ’ )  ,  

i t e m C  [ ’ h o l d i n g * ,  ’ i n d u s t r i e s ’ ]  ,  ’ n n p ’ )  , i t e m C [ ’ c o r p ’ , ’ i n c ’ ]  ,  ’ n n p ’ ) ]  ,  □ )  .  

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

□  , [ i t e m C _ ,  ’ n n p ’ )  , i t e m C _ ,  ’ n n p ’ )  , i t e m C _ , _ )  , l i s t C 2 , _ , _ )  , 

i t e m C  [ ’ a s s o c i a t i o n ’ ,  ’ c h i m i e ’ ]  ,  ’ n n p ’ ) ]  ,  [ i t e m C _ ,  [ ’ [ ’ , ’ t o ’ ] ) ] ) .

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

□  ,  [ i t e m C _ , _ )  , i t e m C [ ’ c o r p ’ ,  ’ c o r n ’ ]  , _ )  , l i s t C 2 , _ , _ ) , i t e m C [ ’ a m e r i c a ’ ,  ’ b u s i n e s s ’ ]  , _ ) ]  ,

□ ).
r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

[ i t e m C . , [ ’ ) ’ , ’ ( ’ ] ) ] , [ l i s t C 3 , _ ,  [ ’ n n ’ ,  ’ n n p ’ ]  )  . i t e m C [ ’ b u s i n e s s ’ , ’ i n c ’ ] , _ ) ] ,
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[ i t e m C . ,  [ ’ . ’ , ’ )  ’ ] )  , i t e m C _ , _ )  , i t e m C . .  [ ’ n n s * ,  ’ v b d ’ ] )  , l i s t C 2 , _ . _ )  , i t e m C . ,  [ ’ d t  ’ ,  ’ n n p ’ ] ) ]  )  .  

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

□  ,  [ i t e m C [ ’ s t a t e ’ ,  ’ n a t i o n a l ’ ]  , _ )  , l i s t ( 2 ,  [ ’ o f  ,  ’ t e l e v i s i o n ’ ,  ’ b a n k ’ ]  , _ )  , 

i t e m C . , [ ’ n n ’ , ’ n n p ’ ] ) , i t e m C _ . ’ n n p ’ ) ] , [ i t e m C  ’ , l i s t C 2 , _ , _ ) ,  

i t e m C _ , [ ’ n n ’ , ’ [ ’ ] ) ] ) -

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

□  ,  [ i t e m C [ ’ i n t e r l a k e * ,  ’ c e n t r a l ’ ]  ,  ’ n n p ’ ) ,  i t e m C . ,  ’ n n p ’ )  ,

l i s t ( 3 , [ ’ b u c k h a n n o n ’ , ’ o f ’ , ’ c o ’ ,  ’ b a n k ’ ] , _ ) ] , [ i t e m C _ , [ ’ c c ’ , ’ , ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  4 ,  0 ,

[ i t e m C _ ,  [ ’ i n ’ . ’ C ’ ] ) ] ,  [ i t e m C . ,  ’ n n p ’ )  ,  i t e m C  [  ’ b a n k s h a r e s  ’ , ' s a v i n g s ’ ,  ’ p a n t r i e s ' ]  , _ )  ,  

i t e m C . ,  ’ n n p ’ ) ]  .  □ )  .  

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

[ i t e m C . ,  [ ’ v b g ’ , ’ v b ’ ] ) ] , [ i t e m C _ , _ ) . i t e m C [ ’ t e l e v i s i o n ’ , ’ i n d u s t r i e s ’ ] ,  [ ’ n n ’ , ’ n n p ' ] ) ,  

i t e m C _ ,  [ ’ n n ’ ,  ’ n n p ’ ] ) ]  ,  □ ) .  

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

□  ,  [ i t e m C . , [ ’ d t ’ , ’ n n p ’ ] ) , i t e m C . , [ ’ n n * , ’ n n p ’ ] ) , i t e m C _ , [ ’ i n ’ . ’ n n p ’ ] ) ,  

l i s t C 2 , _ , _ ) , i t e m C [ ’ t o w n s h i p ’ , ’ a s s o c i a t i o n ’ ] , ’ n n p ’ ) ] , [ i t e m ( _ , ’ i n ’ ) ] ) .

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

[ i t e m C _ .  [ ’ p r p $ ’ , ’ v b ’ ] ) ] , [ l i s t C 3 , _ , ’ n n p ’ )  , i t e m C [ ’ a b e z ’ , ’ c o ’ ] , ’ n n p ’ ) ]  ,

[ i t e m C _ , [ ’ , ’ , ’ i n ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

[ i t e m C [ ’ 9 ’ , ’ s h a r e ’ ]  , _ ) , i t e m C . , [ ’ : ' , ’ i n ’ ] ) ] , [ l i s t C 2 , _ , ’ n n p ’ ) , 

i t e m C  [ ' i n d u s t r i e s ' , ’ p r o d u c t s ’ ]  ,  ’ n n p ’ ) . i t e m C [ ’ i n c . ’ , ’ i n c ’ ] , ’ n n p ’ ) ]  ,  □  )  . 

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  6 ,  0 ,

[ i t e m ( _ ,  [ ’ v b ’ ,  ’ v b n ’ ]  )  ,  i t e m C . ,  [ ’ C ’ . ’ t o ’ ] ) ] ,  [ i t e m C . ,  ’ n n p ’ )  , i t e m C _ , _ )  .  i t e m C _ ,  ’ n n p ’ )  ,  

i t e m C [ ’ c o ’ , ’ i n c ’ ] , ’ n n p ’ ) ] , [ i t e m C _ .  [ ’ )  ’ ,  ’ c c ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

□  , [ i t e m C [ ’ r b ’ ,  ’ a l l e g h e n y ' ]  ,  ’ n n p ’ )  , i t e m C _ ,  ’ n n p ’ )  , i t e m C [ ' i n c ’ ,  ’ c o ’ ]  ,  ’ n n p ’ ) ]  ,

[ l i s t C 2 , _ , _ ) , i t e m C . , [ ’ i n ’ , ’ n n ’ ] ) ] ) .

r u l e [ a c q u i s i t i o n ,  a c q u i r e d ,  4 ,  0 ,

[ i t e m C [ ’ i n ’ , ’ p r o d u c e r * ] , _ ) ] , [ l i s t C 2 , _ , ’ n n p ’ ) . i t e m C [ ’ i n c . ’ , ’ l t d ’ ] , ’ n n p ’ ) ] ,  [ ] ) .  

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  4 ,  0 ,

□  , [ i t e m C [ ’ d e y ’ , ’ f i r s t ’ ,  ’ m e r c h a n t s ’ ] , ’ n n p ’ ) , l i s t C 6 , _ , _ )  , 

i t e m C  [ ’ s t o r e s ’ , ’ h o h e n v a l d ’ , ’ p a r k ’ ] , ’ n n p ’ ) ]  ,  □ )  .

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

[ i t e m C _ ,  [ ’ p r p l ’ , ’ : ’ ] ) ] , [ l i s t C 2 , _ , ’ n n p ' ) , i t e m C [ ’ w o r l d ’ , ’ e q u i p m e n t ’ ] ,  ’ n n p ’ )  ,  

i t e m C [ ’ i n c * ,  ’ c o ’ ]  ,  ’ n n p ’ ) ]  ,  O ) . 

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  4 ,  0 ,

[ i t e m C [ ’ a c q u i r e ’ , ’ u n i t ’ ] , _ ) , i t e m C _ , [ ’ C ’ , ’ v b z ’ ] ) ] , [ i t e m C . ,  ’ n n p ’ ) ,  

l i s t C 2 , _ , _ ) , i t e m C [ ’ t v ’ , ’ i n c ’ ]  , _ ) ]  , [ i t e m C . ,  [ ’ ) ’ , ’ n n ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

[ l i s t C 2 , _ , _ ) , l i s t C 2 , _ , _ ) , i t e m C [ ’ o f ’ , ’ ’ ’ s ’ ] , _ ) ] , [ i t e m C _ . ’ n n p ’ ) , 

i t e m C  [ ’ f i n a n c i a l ’ ,  ’ m a n u f a c t u r i n g ’ ]  ,  ’ n n p ’ )  ,  i t e m C . ,  ’ n n p ’ ) ]  ,  □ )  .  

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  4 ,  0 ,

[ i t e m C _ , [ ’ i n ’ , ’ j j ’ ] ) ] , [ l i s t C 3 , _ , ’ n n p ’ ) , i t e m C [ ’ i n c ’ , ’ i n c . ’ ] , ’ n n p ’ ) ] ,

[ i t e m C [ ’ g u l f  ,  ’ c o m m o n ’ ]  , _ ) ] )  .  

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

[ i t e m C _ .  [ ’ C ’ , ’ , ’ ] ) ] ,  [ l i s t C 2 , _ ,  ’ n n p ’ )  , i t e m C  [ ’ l a m b o r g h i n i ’ ,  ’ s y s t e m s ’ ]  ,  ’ n n p ' )  , 

i t e m C . , ’ n n p ’ ) ] , [ i t e m C _ , [ ’ ) ’ , ’ , ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

[ i t e m C . ,  [ ’ c d ’ , ’ n n ’ ] ) , i t e m C . . [ ’ : ’ ,  ’ i n ’ ] ) ] , [ l i s t ( 3 , [ ’ s o u t h e r n ’ , ’ f e ' , ’ h u g h e s ’ ,

• s a n t a * ] , ’ n n p ’ ) , i t e m C _ , ’ n n p ’ ) , i t e m C [ ’ c o ’ , ’ c o r p ’ ] , ’ n n p ’ ) ] ,

[ i t e m C  [ ’ r o s e ’ , ’ , ’ ] , _ ) , i t e m C . , [ ’ c d ’ , ’ d t ’ ] ) , i t e m C . , [ ’ t o ’ . ’ n n ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q u i r e d ,  7 ,  0 ,

[ i t e m C ’ s h a r e s ’ , ’ n n s ’ ) . i t e m C ’ o f ’ , ’ i n ’ ) ] ,  [ i t e m C _ . ’ n n p ’ ) ,
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l i s t ( 2 , _ , _ )  , i t e m ( ’ i n c ’ ,  ’ n n p ’ ) ]  ,  □ )  - 

r u l e ( a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

□  ,  [ i t e m (  [ ’ r e v l o n ’ ,  ’ t r i l o g y ' ]  ,  ’ n n p ’  )  , i t e m ( _ ,  ’ n n p ’  )  , i t e m ( _ ,  ’ n n p ’ ) ]  ,  □  )  .  

r u l e ( a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

□  ,  [ i t e a ( [ ’ t a f t ' ,  ’ k r e s g e ’ ]  ,  ’ n n p ’ )  , i t e m ( _ ,  [ ’ n n p ’ ,  ’ n n ’ ] ) , i t e m ( _ ,  [ ’ n n p ’ ,  ’ n n s  ’ ]  ) ]  ,

□ ).
r u l e ( a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ n n ’ ,  ’ i n ’ ] )  , i t e m ( [ ’ i n ’ ,  ’ t w o ’ ]  , _ ) ]  .  [ i t e m ( _ ,  ’ n n p ’ )  , i t e m ( _ , ’ n n p ’ )  ,  

i t e m ( C ’ c o r p ’ , ’ b l o c k s ’ ] , _ ) ] ,  □  )  .  

r u l e ( a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

□  ,  [ i t e m ( [ ’ u e s t f i a r ’ ,  ’ i m p e r i a l ’ ]  ,  ’ n n p ’ )  , l i s t ( 2 , _ ,  ’ n n p ’ )  ,  

i t e m ( [ ’ c o r p * , ’ a s s o c i a t i o n ’ ] , ’ n n p ’ ) ]  ,  □  )  .

r u l e ( a c q u i s i t i o n ,  a c q u i r e d ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ » b d ’ ,  ’ i n ’ ] )  , l i s t ( 2 , _ , _ ) ]  ,  [ i t e m ( _ ,  ’ n n p ’ )  , l i s t ( 2 , _ ,  ’ n n p ’ )  ,  

i t e m (  C ’ p h y s i k ’ ,  ’ p r o p e r t y ’ ]  ,  ’ n n p ’ ) ]  ,  □  )  .  

r u l e ( a c q u i s i t i o n ,  a c q l o c ,  3 ,  0 ,

[ i t e m ( [ ’ f i r m ’ ,  ’ > ’ ]  , _ )  , i t e m ( [ ’ b a s e d ' ,  ’ ,  ’ ] , _ )  , i t e m ( [ ’ i n ’ ,  ’ a ’ ]  , _ ) ]  ,

[ l i s t ( 3 , _ , [ ’ , ’ , ’ n n p ’ ] ) ] , [ i t e m ( _ ,  [ ’ . ’ , ’ : ’ ] ) , i t e m ( _ ,  [ ’ e n d s e n t ’ , ’ v b n ’ ] ) ] )  .  

r u l e ( a c q u i s i t i o n ,  a c q l o c ,  3 ,  0 ,

□  ,  [ i t e m ( _ ,  ’ n n p ’ )  , l i s t ( 2 , _ ,  [ ’ ,  ’ ,  ’ c c ’ ,  ’ n n p ’ ] )  ,  

i t e m ( [ ’ u a s h i n g t o n ’ ,  ’ C a l i f o r n i a ’ ]  ,  ’ n n p ’ ) ]  ,  □  )  .

r u l e ( a c q u i s i t i o n ,  a c q l o c ,  3 ,  0 ,

[ i t e m ( [ ’ ,  ’ ,  ’ c o ’ ]  , _ )  , i t e m (  [ ’ b a s e d ’ ,  ’ > ’ ]  , _ )  , i t e m ( _ ,  ’ i n ’ ) ]  ,  [ i t e m ( _ ,  ’ n n p ’ )  ,  

i t e m C  ,  ’ ,  ’ ,  ’ )  , l i s t ( 2 , _ ,  [ ’ .  ’ ,  ’ n n p ’ ]  ) ]  ,  [ i t e m ( _ ,  [ ’ . ’ , ’ , ’ ] ) ,  

l i s t ( 2 , _ , _ ) , i t e m ( _ , [ ’ v b d ’ , ’ j j ’ ] ) , l i s t ( 2 , _ , _ )  , i t e m ( _ , [ ’ i n ’ , ’ v b g ’ ] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  a c q l o c ,  S ,  0 ,

[ i t e m ( _ ,  [ ’ n n ’ ,  ’ i n ’ ]  )  . l i s t ( 2 , _ , _ )  ,  i t e m (  [ ’ i n ’ ,  ’ o f ’ ]  ,  ’ i n ’ ) ]  ,  [ i t e m ( _ ,  ’ n n p ’ )  ,  

i t e m (  ’ , ’ , ’ , ’ )  , l i s t ( 5 , _ , . ) ]  ,  [ i t e m ( _ ,  C ’ c c  ’ , ’ , ’ ] )  ,  i t e m (  [ ’ t h e  ’ ,  ’ a n d ’ ]  , _ )  , l i s t ( 2 , _ , _ ) ]  )  .  

r u l e ( a c q u i s i t i o n ,  a c q l o c ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ n n ’ ,  ’ n n s ’ ]  )  , i t e m (  ’ i n ’ ,  ’  i n ’  ) ]  ,  [ i t e m ( _ ,  ’ n n p ’ )  , i t e m (  ’ , ’ , ’ , ’ )  , i t e m ( _ ,  ’ n n p ' ) ]  ,  

[ i t e m C  , ’ , ’ , ’ )  , i t e m ( _ ,  [ ’ c c ’ ,  ’  i n ’ ]  ) ]  )  .  

r u l e ( a c q u i s i t i o n ,  a c q l o c ,  4 ,  0 ,

[ i t e m ( [ ’ b a s e d * ,  ’ t a m p a ’ ,  ’ 1 .  ’ ]  , _ ) , i t e m ( _ , _ ) ]  ,  [ l i s t ( 2 , _ , _ ) ,  

i t e m ( [ ’ n .  j .  ’ ,  ’ P e t e r s b u r g ' ,  ’ O n t a r i o ’ ]  ,  ’ n n p ’ ) ]  ,  □  )  .  

r u l e ( a c q u i s i t i o n ,  a c q l o c ,  5 ,  0 ,

[ i t e m ( [ ’ t h e ’ ,  ’ a ’ ,  ’ i n ’ ,  ’ a n ' ]  , _ ) ]  ,  [ l i s t ( 3 , _ ,  [ ’ n n p ’ ,  ’ .  ’ ,  ’ r b ’ ] )  ,

i t e m (  [ ’ p a c i f i c * ,  ’ d i e g o ’ ,  ’ g e r m a n y  ’ ,  ’ n . y .  ’ ]  ,  ’ n n p ’ ) ]  ,  [ i t e m ( _ ,  [ ’ t o ’ ,  ’ n n ’ ,  ’ ,  ’ ,  ’ v b g ’ ]  ) ]  )  .  

r u l e ( a c q u i s i t i o n ,  a c q l o c ,  8 ,  0 ,

[ i t e m ( _ ,  [ ’ i n ’ ,  ’ p r p l ’ ]  ) ]  ,  [ i t e m ( [ *  i t a l i a n ’ ,  ’ f r e n c h ’ ,  ’ C a n a d a ’ ,  ’ m i c h i g a n ' ]  , _ ) ] , □ ) .  

r u l e ( a c q u i s i t i o n ,  a c q l o c ,  4 ,  0 ,

[ i t e m (  [ ’ e x t e n s i v e ’ ,  ’ a ’ ,  ’ t h e ’ ]  , _ ) ]  ,  [ l i s t ( 3 , _ ,  [ ’ c c ’ ,  ’ ,  ’ ,  ’  j  j  ’ ,  ’ n n p ’ ]  )  ,  

i t e m (  [ ’ .  ’ ,  ’ C a n a d i a n ’ ,  ’ S e a t t l e ' ]  , _ ) ]  ,  [ i t e m ( _ ,  [ ’ n n ’ ,  ’ :  ’ ,  ’ n n s ’ ]  ) ] )  .  

r u l e ( a c q u i s i t i o n ,  a c q l o c ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ . ’ , ’ , ’ ] )  , i t e m ( _ , _ )  , i t e m ( [ ’ u e s t e r n * ,  ’ i n ’ ]  ,  [ ’ n n p ’ ,  ’ i n ’ ] ) ]  ,

[ l i s t ( 3 , _ , [ ’ . ’ , ’ n n p ’ ] ) ] , [ i t e m ( [ ’ i s ’  , ’ , ' ] , _ ) . l i s t ( 2 ,  [ ’ g a s ’ , ’ a n d ’ , ’ a ’ ]  , _ )  ,  

i t e m ( _ , [ ’ v b z ’ , ’ n n ’ ] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  a c q l o c ,  4 ,  0 ,

[ i t e m ( _ ,  [ ’ v b ’ ,  ’ i n ’ , ’ , ’ ] ) ]  ,  [ i t e m (  [ ’ C l e v e l a n d ’ ,  ’ l o n d o n ' ,  ’ b r a z i l ’ ]  ,  ’ n n p ’ ) ]  ,

[ i t e m ( _ , [ ’ n n ’ , ’ , ’ ] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  a c q l o c ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ d t ’ ,  ’ p r p l ’ ] ) ]  ,  [ i t e m ( _ , _ )  ,  i t e m ( [ ’ a n g e l e s ’ ,  ’ g e r m a n ’ ]  , _ ) ]  ,  [ i t e m ( _ ,  [ ’ : ’ , ’ n n ’ ] ) ] ) .  

r u l e ( a c q u i s i t i o n ,  a c q l o c ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ i n ’ . ’ j j ’ ] ) ] ,  [ l i s t ( 2 , _ ,  [ ’ .  ’ ,  ’ n n p ’ ]  )  , i t e m ( [ ’ j e r s e r y * ,  ’ n . y .  ’ ]  ,  ’ n n p ’ ) ]  ,  □  )  .  

r u l e ( a c q u i s i t i o n ,  a c q l o c ,  3 ,  0 ,

[ i t e m C i n * ,  ' i n ' ) ]  ,  [ l i s t ( 2 , _ ,  [ ’ ,  ’ ,  ’ n n p ’ ]  ) , i t e m ( [ ’ k o n g ’ ,  ’ o h i o ’ ]  ,  ’ n n p ’ ) ]  ,  [ ]  ) .
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r n l e C a c q u i s i t i o n ,  a c q l o c ,  3 ,  0 ,

[ i t e m C . ,  ’ n n ’ )  , i t e m C . , [ ’ t o * ,  ’ n n s ’ ] ) , i t e m C . , _ )  ,  i t e m C . , [ ’ v b g ’ ,  ’  j j  ’ ] ) ]  ,  [ i t e m C . .  ’ n n p ’ ) ]  ,  

[ i t e m C . ,  [ ’ n n s ’ ,  ’ c c ’ ] ) , i t e m C . , _ ) . l i s t C 2 , _ , _ )  , i t e m ( _ ,  [ ’ v b n ’ ,  ’ v b d ’ ]  ) ]  )  .  

r n l e C a c q u i s i t i o n ,  a c q l o c ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ t o ’ ,  ’ i n ’ ]  )  . l i s t ( 2 ,  [ ’ e n d s e n t ’ , ’ c e n t r a l ’ , ’ p r i n t e r ' ]  , _ ) ]  ,

[ i t e m C [ ’ k a n s a s ’  ,  ’ t o r o n t o ' ]  ,  ’ n n p ’ ) ]  ,  [ i t e m C [ ’ u t i l i t y ’  , ’ , ’ ] , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q l o c ,  3 ,  0 ,

[ i t e m C  [ ’ i n ’ , ’ o f ’ ] , ’ i n ’ ) ] ,  [ i t e m C  [ * w .  ’ ,  ’ n e w ’ ]  ,  ’ n n p ’ )  , i t e m C . ,  ’ n n p ’ ) ]  ,  [ i t e m ( _ , _ )  , 

i t e m C  [ ’ e n d s e n t ’ , ’ n n p ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q l o c ,  3 ,  0 ,

□  ,  [ i t e m C [ ' s o u t h ’ ,  ’ m o n t e r e y ' ]  , _ )  , l i s t C 3 ,  [ ' c a l i f  ’ ,  ’ ,  ’ ,  ’ e a s t ’ ,  ’ p a r k ’ ]  , _ )  ,  

i t e m C . , [ ’ n n p ’ , ’ . ’ ] ) ] ,  [ i t e n C _ , _ ) , i t e m C . , [ ’ v b p ’ , ’ e n d s e n t ’ ] ) ] ) .

r n l e C a c q u i s i t i o n ,  a c q c o d e ,  4 ,  0 ,

[ i t e m C [ ’ p i e d m o n t ’ ,  ’ p e t r o l e u m ’ ,  ’ h u g h e s ’ ]  ,  ’ n n p ’ )  , l i s t C 2 , _ ,  ’ n n p ’ )  . i t e m C ’ { ’ , ’ C ’ ) ]  ,

[ i t e m C [ ' p i e ' , ’ d m p ’ , ’ h t  ’ ] , ’ n n p ’ ) ] , [ i t e m C  ’ > ’ , ’ ) ’ ) . l i s t C l , . , . )  ,  i t e m C . ,  [ ’ i n ’ , ’ e n d s e n t ’ ] )  ,  

l i s t C 2 , _ , _ ) , i t e m C . , [ ’ n n ’ , ’ , ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q c o d e ,  2 3 ,  1 ,

[ i t e m C . .  [ ’ j j r ’ , ’ ( ’ ] ) ] ,  [ i t e m C . ,  ’ n n p ’ ) ]  ,  [ i t e m C . ,  [ ’ j j  ’ , ’ ) ’ ] ) ,  

i t e m C  [ ’ h o l d i n g s ’ ,  ’ s h a r e s ’ ,  ’ s t a k e ’ ,  ’ f o u n d e r ’ ]  , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q c o d e ,  4 ,  0 ,

[ i t e m C . . _ )  , l i s t ( 2 , _ ,  ’ n n p ’ ) , i t e m C . .  ’ n n p ’ ) , i t e m C ’ { ’ , ’ C ’ ) ]  ,

[ i t e m C [ ’ d m p . m o ’ ,  ’ g y ’ ,  ’ t f b ’ ]  ,  ’ n n p ’ ) ]  ,  □ ) .  

r n l e C a c q u i s i t i o n ,  a c q c o d e ,  5 2 ,  2 ,

□  ,  [ i t e m C [ ’ b k o ’ ,  ’ a m d c ’  ,  ’ f e n ’ ,  ’ r t b ’ ,  ’ e y e ’ ,  ’ c a r ’ ,  ’ g n v a ’ ,  ’ t c ’ ,  ’ c a n ’ , ’ u n i c o a ’ ,  ’ a i x ’ ,  ’ r n i ’ 

’ c s b k ’ ,  ’ d c a ’ ,  ’ m n r a . s ’ ,  ’ n c r o . l ’ ,  ’ t r m w ’ , ’ c r t r . o ’ ,  ’ k v p ’ ,  ’ p v d c ’ ,  ’ a t p i ’ ,  ’ c d s  ’ ,  ’ r e v ’ ,  ’ s y m b ’ 

’ c y l ’ ,  ’ h a y ’ ,  ’ m t x ’ ,  ’ f i n ’ , ’ d n a m ’ ,  ’ c l e v ’ , ’ g a f  ’ ,  ’ p z a ’ ,  ’ H e n ’ ,  ’ b i o d ’ ,  ’ v a l t ’ ,  ’ r p c h ’ ,  ’ e f h ’ , 

’ i c g s . l ’ , ’ p r s l ’ , ’ i n e t ’ , ’ f i t ’ , ’ f c s i ’ ]  ,  ’ n n p ’ ) ]  .  □ ) .

r n l e C a c q u i s i t i o n ,  a c q c o d e ,  1 2 ,  0 ,

[ i t e m C . ,  [ ’ ( ’ . ’ t o ’ ] ) ] .  [ i t e m C  [ ’ p e p i .  o ’ ,  ’ p n p ’ ,  ’ r h m l . l ’ ,  ’ g s t i ’ ,  ’ a g ’ ,  ’ b i a s ,  o ’ ,  ’ s g l ’ ,  ’ n p t ’ , 

’ f t e ’ , ’ d a t r ’ , ’ e f a c ’ ] , ’ n n p ’ ) ]  .  □  )  .  

r n l e C a c q u i s i t i o n ,  a c q c o d e ,  1 3 ,  0 ,

[ i t e m C . ,  ’ n n p ’ )  , l i s t C 2 , _ , _ )  , i t e m C . ,  ’ n n p ’ )  . i t e m C ’ { ’ ,  ’ C ’ ) ]  ,  [ i t e m C . ,  ’ n n p ’ ) ]  ,

[ i t e m C ’ ) ’ , ’ ) ’ ) , i t e m C [ ’ s t a k e ’ , ’ c a l l ’ ] , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q c o d e ,  3 ,  0 ,

□  ,  [ i t e m C  [ ’ e n z n ’ ,  ’ u ’ ]  ,  ’ n n p ’ ) ]  ,  [ i t e m C  ’ > ’ ,  ’ )  ‘ ) , i t e m C . , _ )  , i t e m C . ,  [ ’ n n p ’ ,  ’ d t  ’ ]  )  ,  

i t e m C . , [ ’ , ’ . ’ n n p ’ ] ) ] )  .

r n l e C a c q u i s i t i o n ,  a c q c o d e ,  7 ,  0 ,

[ i t e m C . ,  [ ’ n n s  ’ ,  ’ n n p ’ ]  )  . i t e m C  ’ { ’ ,  ’ C ’ ) ]  ,  [ i t e m C . .  ’ n n p ’ ) ]  ,  [ i t e m C  ’ } ’ , ’ ) ’ ) ,  

i t e m C  [ ’ s t a k e ’ ,  ’ e n d s e n t  ’ ]  , _ )  ,  i t e m C  [ ’ f o r ’ ,  ’ W a s h i n g t o n ’ ]  , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q c o d e ,  3 ,  0 ,

[ i t e m C [ ' f u n d ' ,  ’ m e t r o b a n c ’ ]  ,  ’ n n p ’ )  , i t e m C ’ { ’ ,  ’ 0  ) ]  ,  [ i t e m C . ,  ’ n n p ’ ) ]  ,

[ i t e m C ’ ) ’ ,  ’ ) * ) ] ) ■  

r n l e C a c q u i s i t i o n ,  a c q b u s ,  4 ,  0 ,

[ i t e m C . ,  [ ’ i n ’ ,  ’ v b z ’ ,  ’ n n p ’ ] ) ]  .  [ i t e m C . ,  ’ u n ’ )  , l i s t C 2 , _ , _ )  , i t e m C . .  ’ n n ’ )  , 

i t e m C  [ ’ s y s t e m s ’ ,  ’ d e v e l o p m e n t ’ ]  , _ ) ]  ,  □ ) .  

r n l e C a c q u i s i t i o n ,  a c q b u s ,  4 ,  0 ,

□  ,  [ i t e m C . .  [ ’ n n ’ ,  ’ j j  ’ ]  )  ,  i t e m C . ,  ’ n n ’ )  . i t e m C  [ ’ r e n t a l ’ ,  ’ c e n t e r s  ’ ,  ’ e q u i p m e n t ’ ]  , _ ) ]  ,

□ )•
r n l e C a c q u i s i t i o n ,  a c q b u s ,  3 ,  0 ,

[ i t e m C . ,  [ ’ n n p ’ ,  ’ r b ’ ]  )  , l i s t C 2 , _ , _ )  ,  i t e m C  [ ’ w h o l e s a l e s  ’ ,  ’ t h e ’ ]  , _ ) ]  ,

[ l i s t C 2 ,  [ ’ a n d * ,  ’ n i c o t i n e ’ ,  ’ p a r t s ’ ]  , _ ) , i t e m C . .  [ ’ n n ’ ,  ’ n n s ’ ] ) ]  ,

[ i t e m C [ ’ t o ’ ,  ’ m a r k e t ’ ]  , _ ) , l i s t C 2 , _ , _ ) , i t e m C . , [ ’ j j ’ , ’ p r p ’ ] ) ] )  .  

r n l e C a c q u i s i t i o n ,  a c q b u s ,  5 ,  0 ,

[ l i s t C 2 ,  [ ‘ h a s ’ ,  ’ o f ’ ,  ’ m a s s i v e ’ ,  ’ f  i n l a y s ’ ,  ’ a ’ ]  , _ ) ]  ,

[ i t e m C [ ’ c o n f e c t i o n e r y * ,  ’ o i l ’ ,  ’ h e r m e t i c ’ ,  ’ f e d e r a l ’ ] ,  [ ’ n n ’ ,  ’ j j  ’ ]  )  , l i s t C 3 , _ , _ )  ,
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i t e m C  [ ’ n e w s a g e n t ' ,  ' g a s ’ ,  ’ p a c k a g e s ' ,  ' b a n k ' ]  , _ ) ] , □ ) .  

r o l e ( a c q u i s i t i o n ,  a c q b u s ,  4 ,  0 ,

[ i t e m ( _ ,  ' d t ' ) ]  ,  [ i t e m ( _ ,  ' n n ' )  , i t e m ( _ ,  [ ' n n s ' ,  ' n n ' ] ) ]  ,  [ i t e m C  [ ' u n i t ' ,  ' c o m p a n y ' ]  ,  ' n n ' ) ]  )  .  

r n l e C a c q u i s i t i o n ,  a c q b u s ,  4 ,  0 ,

[ i t e m C [ ' i t s ' , ' o f ' , ' i t a l i a n ' ] , _ ) ] , [ l i s t ( 3 , _ , [ ' v b n ' ,  ' n n ' ,  ’ j j ’ ] ) ,  

i t e m (  [ ’ c i r c u i t s  ’ ,  ' p r o d u c t s  ’ ,  ’ m a k e r ’ ]  , _ ) ]  ,  [ i t e m ( _ , _ )  , i t e m ( _ ,  [ ' n n p '  , ’ , ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q b u s ,  3 ,  0 ,

[ i t e m C . ,  [ ' n n ' ,  ’ ,  ’ ] ) , l i s t ( 2 . _ , _ )  , i t e m ( _ , _ )  , i t e m ( _ ,  [ ' r b ' ,  ' n n p ' ]  )  , l i s t ( 2 , _ , 

i t e m C  [ ' a f f i l i a t e d ' ,  ' t h e ' ]  , _ ) ]  ,  [ l i s t ( 2 , _ ,  [ ' j j ’ . ’ n n ' ] ) ] ,  [ i t e m C  [ ’ c o m p a n i e s  ’ ,  ' h a d ' ]  , _ )  , 

i t e m ( _ , _ ) , i t e m ( _ , [ ' d t ’ . ’ n n ' ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q b u s ,  3 ,  0 ,

[ i t e m ( _ ,  [ ' n n ' ,  ' v b ' ] )  , i t e m ( _ , _ )  ,  i t e m C  [ ' s e v e n ' , ’ - ' ] , _ )  , i t e m ( _ ,  [ ’ j j  ’ ,  ' v b n ' ] ) ]  ,

[ l i s t ( 2 , _ , _ ) ] , [ i t e m C [ ' a n d ' , ' m a k e r ' ] , _ ) ] ) .  

r u l e ( a c q u i s i t i o n ,  a c q b u s ,  5 ,  0 ,

[ i t e m C [ ' o c e a n ' ,  ' d i s t r i b u t e s ' ,  ' t e r m ' ,  ’ m a k e s ’ ]  , _ ) ]  ,  [ l i s t ( 3 , _ ,  [ ’ : ’ ,  ' n n ' ,  ’ j j  ’ ]  )  ,  

i t e m C . ,  [ ’ v b g ’ ,  ' n n s ' ]  ) ]  ,  [ i t e m ( _ , _ )  , i t e m ( _ ,  [ ' t o ' ,  ’ e n d s e n t ’ ,  ' d t ' ] ) ] )  .  

r n l e C a c q u i s i t i o n ,  a c q b u s ,  3 ,  0 ,

[ i t e m ( _ ,  [ ' n n ' ,  ' e n d s e n t  ’ ]  )  , i t e m ( _ , _ )  ,  i t e m ( _ , _ )  , i t e m ( _ , _ )  ,  i t e m C  [ ' s u p e r i o r ' ,  ’ m a k e s ’ ]  , _ ) ]  , 

[ l i s t ( 8 , _ , _ ) ]  ,  [ i t e m C [ ’ a c c o u n t s ’ , ’ , ’ ] , _ )  , l i s t ( 2 , _ , _ ) ] )  .  

r n l e C a c q u i s i t i o n ,  a c q b u s ,  3 ,  0 ,

□  ,  [ i t e m C [ ' t r a v e l ' ,  ' l e a s i n g ' ]  ,  ' n n ' )  , l i s t ( 3 , _ , _ ) , i t e m ( _ , _ ) ]  ,

[ i t e m C [ ’ , ’ , ' s y s t e m ' ]  , _ ) , l i s t ( 2 , _ , _ ) ]  )  . 

r n l e C a c q u i s i t i o n ,  a c q b u s ,  3 ,  0 ,

[ i t e m ( _ ,  [ ' d t ' ,  ' i n ' ] ) ]  ,  [ i t e m ( _ , _ )  , i t e m C  [ ’ a b a t e m e n t * ,  ’ p r o d u c t s ’ ]  , _ ) ]  ,

[ i t e m ( _ ,  [ ' n n ' , ’ , ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q b u s ,  S ,  0 ,

[ i t e m ( _ ,  [ ' c c ' ,  ' t o ' ,  ' n n ' ,  ' n n p ' ]  )  , i t e m ( _ , _ )  . i t e m C [ ’ o f  , ' i t s ' ,  ' i n ’ ,  ' a ' ]  , _ ) ]  ,

[ l i s t ( 2 , _ ,  [ ’ j  j  ’ ,  ' n n ' ]  )  ,  i t e m C  [ ' i n t e r c o n n e c t ' ,  ' p r o d u c t s  ’ , ' i n s t r u m e n t s  ’ ,  ' m e r c h a n d i s e ' ]  , _ ) ]  ,  

[ l i s t ( 2 , _ , _ ) , i t e m ( _ , [ ’ w d t ’ , ' n n s ' , ’ t o ’ , ’ n n ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q b u s ,  3 ,  0 ,

[ i t e m C  [ ' m a k e r ' ,  ' t h e ' ]  , _ )  , i t e m ( _ ,  [ ' i n ’ . ’ j j s ' ] ) ] ,  [ i t e m ( _ ,  [ ' v b n ' ,  ' n n ' ]  )  ,  

i t e m ( _ ,  [ ’ n n s  ’ , ’ n n ’ ] ) ] , [ ] ) .  

r n l e C a c q u i s i t i o n ,  a c q b u s ,  4 ,  0 ,

[ i t e m ( [ ’ o n l y ’ ,  ' o f  ,  ' t w o ' ]  , _ ) ]  ,  [ l i s t ( 2 , _ , _ )  ,

i t e m C  [ ' g o l d ' ,  ' h o l d i n g '  ,  ' f e r r o s i l i c o n ' ]  ,  [ ' v b g ' ,  ' n n ' ]  ) ]  ,  [ i t e m ( _ ,  ' n n s ' ) ]  )  . 

r n l e C a c q u i s i t i o n ,  a c q b u s ,  3 ,  0 ,

[ i t e m ( _ ,  [ ' n n ' ,  ' n n p ' ]  )  , i t e m ( _ , _ )  ,  i t e m C  [ ’ m a r k e t s ' ,  ' p r o v i d e s ' ]  , _ ) ]  ,  [ l i s t ( 1 0 , _ , _ ) ]  ,

[ i t e m ( _ ,  [ ’ ,  ’ ,  ' t o ' ] )  . l i s t ( 2 , _ ,  [ ’ i n ' ,  ' n n p ' ,  ' n n ' ] )  , i t e m ( _ ,  [ ' v b d ' ,  ' n n p ' ] )  , l i s t ( 2 , _ , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q b u s ,  3 ,  0 ,

[ i t e m ( _ ,  [ ' n n ' , ’ , ’ ] )  , l i s t ( 2 , _ , _ ) ]  ,  [ i t e m ( _ ,  ' n n ' )  , i t e m ( _ ,  ' n n ' ) ]  ,

[ i t e m C [ ' f a c i l i t y ' , ' f i r m ' ] , ' n n ' ) ] ) . 

r n l e C a c q u i s i t i o n ,  a c q b u s ,  3 ,  0 ,

[ i t e m ( _ ,  [ ' m d ' ,  ’ j j ’ ] )  , i t e m ( _ , _ )  ,  i t e m C  [ ’ i n ’ ,  ' a n d ' ]  , _ ) ,  i t e m C  [ ' t h e '  ,  ' s e v e n ' ]  , _ ) ]  ,

[ i t e m ( _ ,  [ ’ j j  ’ ,  ' n n ' ]  )  , i t e m ( _ ,  ' n n ' ) ]  ,  [ i t e m ( _ ,  [ ' n n ' ,  ' n n s ' ]  ) ] )  . 

r n l e C a c q u i s i t i o n ,  a c q b u s ,  3 ,  0 ,

[ i t e m C . ,  [ ' n n p ' ,  ' v b n ' ]  )  , i t e m ( _ ,  [ ' v b z '  ,  ' i n ' ] ) ]  ,  [ l i s t ( 3 , _ ,  ' n n ' ) , 

i t e m C ' a n d ' ,  ' c c ' )  ,  i t e m ( _ ,  ' n n ' )  , i t e m ( _ ,  [ ' n n s ' ,  ' n n ' ] ) ]  ,  □ )  .  

r n l e C a c q u i s i t i o n ,  a c q b u s ,  3 ,  0 ,

[ i t e m C . ,  [ ' n n p ' ,  ' n n ' ] )  . l i s t ( 2 ,  [ ' 6 0 ' ,  ’ ,  ’ ,  ' i n c l u d e s ' ]  , _ ) , i t e m C  [ ' o p e r a t i n g ' ,  ' i t s ' ]  , _ ) ]  ,  

[ l i s t ( 3 , _ , _ ) ]  ,  [ i t e m C [ ’ i n ’ ,  ' c o m p a n y ' ]  , _ )  , l i s t ( 2 , _ , _ )  , l i s t ( 3 , _ , _ )  , i t e m ( _ ,  [ ' m d ' ,  ’ i n ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q b u s ,  3 ,  0 ,

[ i t e m C . ,  [ ' v b z ' ,  ' c d ' ]  ) ]  ,  [ i t e m C [ ' c o m m u n i t y ' ,  ' a c c o u n t i n g ' ]  ,  ' n n ' )  , l i s t ( 2 , _ ,  [ ' n n s ' ,  ' n n ' ] ) ]  ,  

[ i t e m C . ,  [ ' t o ' , ' i n ' ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q b u s ,  4 ,  0 ,

[ i t e m ( [ ’ i t s ’ ,  ' t e n ' ]  , _ ) ]  ,  [ l i s t ( 4 , _ , _ ) ]  ,  [ i t e m C [ ’ u n i t  ’ ,  ’ r e s t a u r a n t s ’ ]  , _ )  ,
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i t e m ( _ , [ ’ ,  ’ , ’ i n ’ ] ) , i t e m ( _ , [ ’ n n p * , ’ j j ’ ] ) , i t e m ( _ , ’ n n p ’ ) ] ) . 

r u l e ( a c q u i s i t i o n ,  a c q b u s ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ v b z ’ ,  ’ v b n ’ ] )  , l i s t ( 2 , _ , _ ) ]  ,  [ i t e m ( [ ’ a u t o ’ ,  ’ c o n v e n i e n c e ’ ]  ,  ’ n n ’ ) ,  

i t e m ( _ ,  ’ n n s ’ ) ]  ,  □ )  .  

r n l e C a c q u i s i t i o n ,  a c q b n s ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ c d ’ ,  ’ d t ’ ] )  , i t e m ( _ , _ )  . l i s t ( 2 ,  [ ' c o m p a n y ' ,  ’ s t g ’ ,  ’ h e l d ’ ]  , _ )  , i t e m ( _ , _ ) ]  ,

[ i t e m ( [ ’ s u p e r m a r k e t ’ , ’ v i d e o ’ ] , ’ n n ’ ) , l i s t ( 2 , _ , _ ) ] , [ i t e m ( _ ,  [ ’ i n ’ , ’ n n ’ ] ) ,  

i t e m ( _ , _ ) , i t e m ( _ , [ ’ c c ’ , ’ n n p ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q b n s ,  3 ,  0 ,

[ i t e m C  [ ’ o w n e d ’ ,  ’ c o n c r e t e ' ]  , _ ) ]  ,  [ i t e m ( _ ,  ’ n n ’ )  , i t e m ( _ , ’ n n ’ ) ]  ,  [ i t e m ( _ ,  [ ’ i n ’ . ’ n n ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q b n s ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ n n ’ ,  ’ n n p ’ ] )  ,  i t e m ( _ ,  ’ v b z ’ ) ]  ,  [ i t e m ( _ ,  ’ n n ’ )  ,  i t e m C . ,  ’ n n s ’ ) ]  ,

[ i t e m ( _ , _ )  , i t e m ( _ , _ )  , i t e m ( _ ,  [ ’ c d ’ ,  ’ n n p ’ ]  ) ] )  . 

r n l e C a c q u i s i t i o n ,  a c q b n s ,  3 ,  0 ,

[ i t e m ( [ ’ a ’ ,  ’ c e n e r g y * ]  , _ )  , l i s t ( 2 , _ , _ )  , l i s t ( 2 ,  [ ’ a * ,  ’ o w n e d ’ , ’ , ’ ] , _ ) ,

l i s t ( 2 ,  [ ’ o f ’ ,  ' n . s .  ’ ,  ’ m a n u f a c t u r e r ’ ]  , _ ) ]  ,  [ l i s t  ( 2 ,  [ ’ a n d ’ ,  ’ c o l o r a n t s ’ ,  ’ o i l ’ ]  , _ )  ,

i t e n ( _ ,  [ ’ i n ’ ,  ’ n n ’ ] )  , i t e m ( _ ,  [ ’ d t * , ’ n n ’ ] )  , i t e m ( _ ,  [ ’ n n s ’ ,  ’ c c ’ ] )  , i t e m ( _ ,  ’ n n ’ ) ]  ,

[ i t e m ( _ ,  [ ’ .  ’ ,  ’ n n ’ ]  )  , i t e m ( _ , _ )  , l i s t ( 2 , _ , _ )  , i t e m C  [ ’ h a n n a ’ , ’ s a i d ’ ]  , _ )  . l i s t  ( 2 , _ , _ ) ] )  .  

r u l e ( a c q u i s i t i o n ,  a c q b n s ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ n n ’ . ’ j j ’ ] ) ] ,  [ i t e m C  [ ’ o i l ’ ,  ’ f e e d s t u f f ’ ]  ,  ’ n n ’ )  , i t e m ( _ , _ )  ,  i t e m ( _ ,  ’ n n ’ ) ]  ,

[ i t e m ( _ ,  [ ’ n n ’ , ’ n n s ’ ] ) ]  )  .  

r u l e ( a c q u i s i t i o n ,  a c q b u s ,  3 ,  0 ,

[ i t e m ( [ ’ i n ’ ,  ’ ,  ’ ]  , _ )  , i t e m C  [ ’ t o r o n t o * ,  ’ a n ’ ]  , _ )  , l i s t ( 2 , _ , _ ) ]  ,  [ i t e m C  [ ’ o i l ’ ,  ’ c o l l e c t s  ’ ]  , _ )  , 

l i s t  ( 3 ,  [ ’ o i l s ’ ,  ’ l u b r i c a t i n g ’ ,  ’ p r o d u c t s ’ ,  ’ u s e d ’ ]  , _ ) ]  ,  [ i t e m ( _ ,  [ ’ i n ’ . ’ n n ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q b u s ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ n n p ’ , ’ , ’ ] )  , i t e m ( _ , _ )  , i t e m ( _ ,  [ ’ )  ’ ,  ’ v b z ’ ]  ) ]  ,  [ l i s t ( 3 , _ ,  [ ’ :  ’ ,  ’ n n ’  ,  ’ v b n ’ ]  )  ,  

i t e m ( _ , [ ’ n n ’ , ’ n n s ’ ] ) ] , [ i t e m ( _ ,  [ ’ . ’ , ’ , ’ ] )  , i t e m ( [ ’ e n d s e n t ’ , ’ h a d ’ ] , _ ) ]  )  .  

r n l e C a c q u i s i t i o n ,  a c q b u s ,  3 ,  0 ,

□  , [ i t e m C [ ’ h o t e l ’ , ’ b r o k e r a g e ’ ] , _ ) ] , [ i t e m C . , [ ’ i n ’ , ’ n n s ’ ] ) ]  ) .  

r n l e C a c q u i s i t i o n ,  a c q b u s ,  S ,  0 ,

[ i t e m ( _ ,  [ ’ v b n ’ , ’ v b z ’ ]  ) ]  ,  [ l i s t ( 3 , _ ,  [ ’ v b g ’ ,  ’ :  ’ ,  ’ n n s  ’ ,  ’ n n ’ ] )  . i t e m C ’ a n d ’ , ’ c c ’ )  , i t e m ( _ , _ )  ,  

i t e m ( _ , ’ n n s ’ ) ] , □  ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  4 ,  0 ,

[ i t e m ( _ ,  [ ’ n n ’ ,  ’ n n p ’ ] )  , i t e m ( _ ,  [ ’ p o s ’ , ’ v b z ’ ,  ’ i n ’ ]  ) ]  ,  [ i t e m C . ,  ’ n n p ’ )  , 

l i s t ( 2 , _ ,  [ ’ n n ’ ,  ’ n n p ’ , ’ : ’ ] ) ] ,  [ i t e m C  [ ’ t o b a c c o ’ , ’ s a l e  ’ ,  ’ l i t h o g r a p h i n g ’ ]  , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  4 ,  0 ,

[ i t e m C  [ ’ v e s t  ’ ,  ’ m a r c h ’ ,  ’ t o ’ ]  , _ )  , i t e m ( _ , _ )  ,  i t e m C  _ ,  [ ’ v b z *  , ’ : ' , ’ j j ’ ] ) ]  ,  [ i t e m ( _ ,  ’ n n p ’ )  ,  

l i s t ( 2 ,  [ ’ b a n k ’ , ’ c r e l l i n ’ ,  ’ t o o l ’ , ’ - ’ ]  , _ ) ]  ,  [ i t e m C [ ’ e n d s e n t ’ ,  ’ c o ’ , ’ s h a r e s ’ ]  , _ )  ,  

i t e m ( _ , _ ) , i t e m C . , [ ’ , ’ , ’ c d ’ , ’ j j ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m ( _ , [ ’ v b ’ , ’ v b d ’ ,  ’ p r p $ ’ ] ) , l i s t ( 2 , _ , _ ) , l i s t ( 2 , _ , _ ) ] ,

[ i t e m C [ ’ a m e r i c a n ’ ,  ’ b u i l d e r s ’ ,  ’ g e r b e r ' ]  ,  ’ n n p ’ )  , i t e m ( _ ,  ’ n n p ’ ) ]  ,  □ ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ v b d ’ ,  ’ d t ’ ] ) ,  i t e m ( _ ,  [ ’ p r p $ ’ ,  ’ n n ’ ] )  , i t e m (  [ ’ s t a k e 1 ,  ’ o f ’ ]  , _ )  ,  i t e m ( _ ,  [ ’ i n ’ ,  ’ d t ’ ]  ) ]  , 

[ i t e m ( _ , ’ n n p ’ ) , i t e m C . , ’ n n p ’ ) ] ,  [ i t e m ( _ ,  ’ n n p ’ ) , i t e m ( _ , [ ’ n n p ’ , ’ i n ’ ] ) ] )  .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  5 ,  0 ,

[ i t e m ( _ ,  [ ’ v b n ’ ,  ’ n n p ’ ]  )  ,  i t e m C . ,  [ ’ c c ’ . ’ n n ’ , ’ ) * ] )  ,  i t e m C  [ ’ { ’ ,  ’ b u y s  ’ ,  ’ o f  ’ ,  ’ p u r c h a s e s ’ ]  , _ ) ]  , 

[ i t e m ( _ ,  [ ’ n n s ’ ,  ’ n n p ’ ]  ) ]  ,  [ i t e m C [ ’ i n c ’ ,  ’ { ’ ,  ’ a v i a t i o n ’ ,  ’ e n d s e n t  ’ ] , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  7 ,  0 ,

[ i t e m ( _ ,  [ ’ c d * ,  ’ ( ’ ,  ’ n n ’ ,  ’ v b d ’ ] ) ]  ,  [ i t e m C [ ’ c y c l o p s ’ , ’ w e s t e r n ’ ,  ’ e u r o p e e s c h e ’ ,  ’ u n i t e k ’ ]  , _ ) ]  ,

□ ).
r u l e ( a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ n n p ’ ,  ’ n n ’ ,  ’ p r p $ ’ ]  )  , i t e m ( _ ,  [ ’ p o s ’ ,  ’ v b z * , ’ j j ’ ] ) ]  ,  [ l i s t ( 3 , _ ,  ’ n n p ’ ) ]  ,

[ i t e m C [ ' t o b a c c o ’ ,  ’ s a l e ’ , ' i n d u s t r i e s ’ ] , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,
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[ i t e m ( _ ,  C ’ n n p ’ ,  ’ n n s ’ ] )  . i t e m C [ ’ c r a f t ’ ,  * t o ’ ]  , _ )  ,  i t e m C  [ ’ ( ’ ,  ’ b u y ’ ]  , _ ) ] ,  [ l i s t C 2 , _ ,  ’ n n p ’ ) ]  ,  

[ i t e m C . ,  C ’ s y m ’ ,  ’ e n d s e n t ’ ] )  , i t e m C _ , _ )  , i t e m C _ ,  [ ’ e n d s e n t ’ , ’ , ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  6 ,  0 ,

□  ,  [ i t e m C  [ ’ b r i n k m a n n ’ ,  ’ r e v l o n ’ ,  ’ r o s p a t c b * ,  ’ w y o n a ’ ,  ’ p l a i n v e l l ’ ]  ,  ’ n n p ’ ) ]  ,  □ )  .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  4 ,  0 ,

□  ,  [ i t e m C  [ ’ h a y e s * ,  ' s a n t a ’ ,  ’ s o u t h ’ ]  ,  ’ n n p ' )  . l i s t  C 3 , _ , _ )  ,

i t e m C C ’ a l b i o n ’ ,  ’ s o u t h e r n ’ ,  ’ 1 ’ ]  ,  ’ n n p ’ ) ]  ,  [ i t e m C _ , _ )  . i t e m C . ,  [ ’ v b d ’ ,  ’ d t  ’ ,  ’ n n p ’ ]  ) ]  )  . 

r n l e C a c q u i s i t i o n ,  a c q a b r ,  4 ,  0 ,

[ i t e m C . ,  C ’ n n ’ .  ’  j  j  ’ ,  ’ d t ’ ]  )  . i t e m C  [ ’ t h a t  ’ ,  ’ b o o s t s  * , ’ 1 3 . 3 ’ ] , _ ) ] ,  [ l i s t C 3 , _ , [ ’ c c ’ .  ’ n n p ’ ]  ) ]  ,  

[ i t e m C [ ’ p e t r o l e u m ’ ,  ,  ’ c o m m o n ’ ]  , _ )  , l i s t C 2 , _ , _ )  , i t e m C _ , _ )  , i t e m C _ ,  [ ’ e n d s e n t ’ ,  ’ n n p ’ ]  ) ]  )  .

r n l e C a c q u i s i t i o n ,  a c q a b r ,  1 5 ,  0 ,

[ i t e m C  [ ’ 5 . 1 ’ ,  ’ ,  ’ ,  ’ i n t e r e s t ’ ,  ’ b i d ’ ]  , _ )  . i t e m C - .  [ ’ i n ’ , ’ c d ’ , ’ j  j ’ ]  ) ]  ,  [ i t e m C _ ,  ’ n n p ' ) ]  ,

[ i t e m C [ ’ s h a r e s ’ ,  ’ c o m m o n ' ,  ’ m i n i n g ’ ,  ’ c o r p ’ ]  , _ )  .  i t e m C [ ’ c c ’ , ’ n n s ’ ,  ’ n n p ’ , ’ , ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  5 ,  0 ,

□  ,  [ i t e m C [ ’ f e r m e n t a * ,  ’ f a i r c h i l d ’ ,  ’ s g l ' ,  ’ c o a s t a l ’ ]  ,  ’ n n p ' ) ]  ,  □ )  .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  4 ,  0 ,

[ l i s t C 2 ,  [ ’ i n ’ ,  ’ p e t ’ ,  ’ .  ’ ,  ’ 9 3 ’ ]  , _ )  . i t e m C [ ’ { ’ ,  ’ o f  ’ ,  ’ e n d s e n t ’ ]  , _ ) ]  ,  [ i t e m C . ,  [ ’ n n p s ’ , ’ n n p ' ] ) ]  ,  

[ i t e m C [ ’ c o m p u t e r * ,  ”  ”  ,  ’ i s ’ ]  . _ )  . i t e m C  [ ’ a s s o c i a t e s ’ ,  ’ v o t i n g ’ ,  ’ t h e ’ ]  , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C  [ ’ i n t e r e s t ’ ,  ’ p e t ’ ]  ,  ’ n n ’ )  , i t e m C [ ’ i n ’ ,  ’ o f ’ ]  ,  ’ i n ’ ) ]  ,  [ i t e m C . ,  ’ n n p ’ )  , i t e m C _ , _ ) ]  ,

[ i t e m C [ ’ i n c ’ , ’ { ’ ] , _ ) ] ) .  

r u l e [ a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C _ .  [ ’ v b g ’ ,  ’ [ ’ ] ) ]  ,  [ i t e m C _ ,  ’ n n p ’ )  , l i s t C 2 ,  [ ’ p o u l e n c ’ ,  ’ e n g i n e e r i n g * , ’ - ’ ]  , _ ) ]  ,

[ i t e m C [ ’ a n d ’ , ’ c h i m i e ’ ]  , _ ) , i t e m C _ , _ ) , i t e m C [ ’ i n c ’ , ’ } ’ ] , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  4 ,  0 ,

[ i t e m C _ ,  [ ’ j  j  ’ ,  ’ n n s ’ ]  )  , i t e m C _ , _ )  ,  i t e m C  [ ’ i n ’ ,  ’ e n d s e n t ’ ]  , _ ) ]  ,  [ l i s t C 2 , _ ,  ’ n n p ’ ) ]  ,

[ i t e m C [ ’ e l e c t r i c ’ , ’ i s ’ ] , _ ) , i t e m C [ ’ p r o d u c t s ’ . ’ a ’ ]  , _ ) ]  )  . 

r n l e C a c q u i s i t i o n ,  a c q a b r ,  4 ,  0 ,

□  ,  [ i t e m C [ ’ C a d i l l a c ’ ,  ’ r a d i a t i o n ' ,  ’ m o o r e ’ ]  , _ )  , i t e m C _ ,  ’ n n p ’ ) ]  ,  □ ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C _ .  [ ’ n n s ’ ,  ’ r b ’ ]  )  , l i s t C 2 , _ , _ )  , i t e m C . ,  [ ’ p r p $ ’ , ’ e n d s e n t ’ ] ) ]  ,  [ i t e m C . . _ )  . 

i t e m C  [ ’ p a f  i f  i c ’ ,  ’ a n d ’ ]  , _ )  , i t e m C _ ,  ’ n n p ’ ) ]  ,  [ i t e m C _ .  [ ’ n n ’ , ’ , ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ l i s t [ 2 , _ , _ )  , i t e m C _ ,  [ ’ n n p ’ ,  ’ v b d ’ ] )  , i t e m C _ , _ )  , i t e m C _ ,  [ ’ :  * ,  ’ e n d s e n t ’ ] ) ]  ,

[ i t e m C  [ ’ p r o g r e s s i v e ’ , ’ p a y ’ ]  , _ )  , l i s t C 3 . _ ,  [ ’ n n p ’ ,  ’ p o s ’ ]  ) ]  ,  [ i t e m C . ,  [ ’ n n p ’ ,  ’ v b z ’ ]  )  , 

i t e m C _ , _ ) , i t e m C _ , _ ) , i t e m C _ , [ ’ p r p ’ , ’ i n ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C _ ,  [ ’ i n ’ ,  ’ C ’ ] ) ]  .  [ i t e m C [ ’ c o m p u t e r ’ ,  ’ a l l e g h e n y ’ ]  ,  ’ n n p ’ )  , l i s t C 2 , _ ,  [ ’ n n ’ , ’ n n p ’ ] ) ]  , 

[ i t e m C [ ’ - [ ’ ,  ’ s y s t e m s ’ ]  , _ ) ] )  .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  4 ,  0 ,

[ i t e m C _ ,  [ ’ n n p ’ ,  ’ j j  ’ ] )  , i t e m C . ,  [ ’ n n p s ’ ,  ’ n n ’ ]  )  ,  i t e m C  [ ’ t o ’ ,  ’ o f  ’ ] , _ ) ]  ,

[ l i s t  ( 2 .  [ ’ ’ ’ s ’ , ’ s e r v i c e ’ ,  ’ d e b b i e ’ ]  , _ )  ,  i t e m C  ’ n n p ’ ) ]  ,  [ i t e m ( _ ,  [ ’ .  ’ ,  ’ c c ’ ]  )  , 

i t e m C _ , _ ) , i t e m C _ , [ ’ n n p ’ , ’ n n s ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  5 ,  0 ,

□  ,  [ i t e m C [ ’ b e c h e r * ,  ’ d e i ’ ,  ’ m e t e r ’ , ’ z o r a n ’ ]  ,  ’ n n p ’ ) ]  ,  □ )  .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  6 ,  0 ,

[ i t e m C [ ’ s a i d ’ , ’ b a s e d ’ , ’ o f ’ , ’ { ’ . ’ v h i c h ’ ] , _ ) ]  ,

[ i t e m C [ ’ h e r m e t r o n i c s ’ ,  ’ t r i c i l ’ ,  ’ g e n c o r p ’ ,  ’ t e m c o ’ ,  ’ h u t t o n ’ ]  ,  ’ n n p ’ ) ]  ,  □ )  . 

r n l e C a c q u i s i t i o n ,  a c q a b r ,  4 ,  0 ,

[ i t e m C [ ’ p c t ’ , ’ l e t t e r ’ ]  ,  ’ n n ’ )  , i t e m C _ .  [ ’ i n ’ ,  ’ t o ’ ] ) ]  ,  [ i t e m C . ,  ’ n n p ’ ) ]  ,

[ i t e m C ”  ’ s ’ , ’ p o s ’ ) , l i s t C 2 , _ , _ ) , i t e m C . , [ ’ n n s ’ , ’ d t ’ ] ) ] )  .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C [ ’ e n d s e n t ’ ,  ’ s a y s ’ ]  , _ ) ]  ,  [ i t e m C _ ,  ’ n n p * )  , i t e m C _ ,  [ ’ n n p ’ ,  ’ n n ’ ]  ) ]  ,

[ i t e m C  [  ’ p r o v i d e s  ’ ,  ’ s a l e  ’ ] , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,
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[ i t e m ( [ ’ s e l l s ’ , ’ { ’ J , _ ) ]  ,  [ i t e m ( _ , ’ n n p ’ ) ] ,  [ i t e m ( _ , C ’ n n ’ , ’ c c ’ ] ) ,  

i t e m ( _ ,  [ ’ i n ’ ,  ’ n n p ’ ]  )  . i t e m C  [ ’ 1 6 . 9 ’ ,  ’ i n c ’ ]  , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  4 ,  0 ,

[ i t e m C  [ ’ s t a t i o n * ,  ’ a c q u i r e ’ ]  , _ ) ]  ,  [ i t e m ( _ ,  ’ n n p ’ ) ]  ,  [ i t e m ( _ , _ )  , i t e m ( _ ,  [ ’ v b g * , ’ n n p ’ ]  )  ,  

i t e m ( _ , _ )  , i t e m ( _ ,  ’ n n p ’ )  , i t e m (  [ ’ n a t i o n a l e ’ , ’ , ’ ] , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  4 ,  0 ,

□  ,  [ i t e m C [ ’ c o n r a c ’ ,  ’ k d i ’ ,  ’ s p e c t r u m ’ ]  ,  ’ n n p ’ ) ]  ,  [ ]  )  .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  8 ,  0 ,

[ i t e m ( _ , [ ’ n n p ’ ,  ’ t o ’ , ’ i n ’ ] ) , i t e m ( _ , _ ) , i t e m ( _ , _ ) , i t e m C [ ’ e q u i t y ’ , ’ s t a k e ’ , ’ l t d ’ ]  , _ ) ,  

i t e m C  [ ’ i n ’ , ’ { ’ ] , _ ) ] ,  [ l i s t ( 2 , _ , [ ’ ) ’ , ’ n n p ’ ] ) ] , [ i t e m ( _ , [ ’ e n d s e n t ’ ,  ’ t o ’ , ’ i n ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  6 ,  0 ,

□  ,  [ i t e m C [ ’ l a m b o r g h i n i ’ ,  ’ c e n e r g y ' ,  ’ l i n o t y p e ’ ]  ,  ’ n n p ’ ) ]  ,  □ )  - 

r n l e C a c q u i s i t i o n ,  a c q a b r ,  1 0 ,  0 ,

[ i t e m C  [ ’ c o m p a n y ’ ,  ’ q i n t e x ’ , ’ p e t  ’ ]  , _ )  ,  i t e m C  [ ’ s a i d ’ , ' e x t e n d s  ’ ,  ’ o f ’ ] , _ ) ]  ,  [ i t e m ( _ ,  ’ n n p ’ ) ]  ,  

[ l i s t ( 2 , _ , _ )  , i t e m C [ ’ f .  ’ ,  ’ > ’ , ’ c o m m o n ’ ] , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C . ,  [ ’ i n ’ , ’ : ’ ] ) ] ,  [ i t e m ( _ ,  ’ n n p ’ ) ]  ,  [ i t e m C  [ ’ e n t e r p r i s e s ’ ,  ’ d e v e l o p m e n t ’ ]  , _ )  ,  

l i s t ( 2 , _ , _ )  , i t e m ( _ ,  [ ’ i n ’ ,  ’ p r p $ ’ ] ) J ) . 

r n l e C a c q u i s i t i o n ,  a c q a b r ,  4 ,  0 ,

[ i t e m C . ,  [ ’ t o ’ ,  ’ n n ’ ]  )  ,  i t e m C  [ ’ a c q u i r e ’ .  ’ s e l l s ’ ]  , _ ) ]  ,  [ i t e m ( _ ,  [ ’ n n s ’ ,  ’ n n p ’ ]  )  ,  

i t e m ( _ ,  [ ’ n n p ’ ,  ’ n n ’ ]  ) ]  ,  [ i t e m C [ ’ s a c r a m e n t o ’ , ’ e n d s e n t ’ ]  , _ ) ] ) -  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ n n ’ ,  ’ v b n ’ ]  )  , i t e m C . ,  [ ’ n n ’ ,  ’ v b g ’ ]  )  , l i s t ( 2 , _ , _ ) ]  ,  [ i t e m C  [ ’ d o m e ’ , ’ d a y t o n ’ ]  ,  ’ n n p ’ )  , 

i t e m ( _ , ’ n n p ’ ) ] ,  □  ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m ( _ , [ ’ n n p ’ ,  ’ n n ’ ] )  , i t e m ( _ , _ )  , i t e m C [ ’ ” s ’ , ’ { ’ ] , _ ) ]  ,  [ l i s t ( 2 , _ ,  [ ’ n n p s ’ , ’ n n p ’ ]  ) ]  ,

[ i t e m C  [ ’ b u s i n e s s  ’ ,  ’ s t o r e s  ’ ]  , _ ) ]  )  .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m ( _ ,  [ ’ n n p ’ ,  ’ i n ’ ] )  , l i s t ( 2 , _ , _ ) , i t e m ( _ ,  ’ i n ’ ) ]  ,  [ i t e m ( _ ,  ’ n n p ’ ) ]  ,

[ i t e m C [ ’ s h o u l d ’ , ’ i n n ’ ]  , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m ( _ , [ ’ n n ’ , ’ v b d ’ ] )  , i t e m C . , [ ’ n n ’ , ’ . ’ ] ) , i t e m C [ ’ a t ’ , ’ e n d s e n t ’ ] , _ ) ] ,

[ i t e m ( _ , ’ n n p ’ ) , i t e m ( _ ,  ’ n n p ’ ) ] , [ i t e m ( _ , [ ’ c c ’ , ’ m d ’ ] ) , i t e m ( _ , _ ) , i t e m C . , [ ’ v b ’ , ’ i n ’ ] ) ] )  .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m ( _ , [ ’ i n ’ ,  ’ v b d ’ ] )  , i t e m ( _ , [ ’ v b g ’ , ’ ( ’ ] ) ] , [ i t e m ( _ . ’ n n p ’ ) ]  ,

[ i t e m C [ ”  ’ s ’ ,  ’ t e c h n i s c h e ’ ]  , . ) ] ) .  

r u l e  ( a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

□  ,  [ i t e m ( _ , _ ) , i t e m C  [ ’ t o l l * , ’ w o r l d ’ ] , ’ n n ’ ) ] ,  [ i t e m ( _ , [ ’ n n p ’ , ’ ( ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C [ ’ s a i d ’ , ’ o f ’ ] , _ ) ]  ,  [ l i s t ( 2 , _ , ’ n n p ’ ) ] , [ i t e m C [ ’ o p e r a t e s ’ , ’ r e s o u r c e s ’ ] , _ ) ]  ) .  

r u l e  ( a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

□  ,  [ i t e m C [ ’ s u p e r m a r k e t s ’ ,  ’ s c a n ’ ]  ,  ’ n n p ’ )  . l i s t ( 2 ,  [ ’ g r a p h i c s  ’ ,  ’ g e n e r a l ’ , ’ - ’ ] , _ ) ] ,

[ l i s t ( 2 , _ ,  [ ’ v b ’ ,  ’ v b z ’ , ’ t o ’ ] ) , i t e m ( _ , [ ’ d t * , ’ i n ’ ]  ) ]  )  .

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C . ,  [ ’ n n ’ ,  ’ v b z ’ ]  )  , i t e m ( _ ,  [ ’ n n ’ ,  ’ n n p ’ ]  )  ,  i t e m C  ’ f o r ’ ,  ’ i n ’ ) ]  ,  [ i t e m C . ,  ’ n n p ’ ) ]  ,

[ i t e m C  [ ’ ,  ’ ,  ’ m e r g e r ’ ]  , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C  [ ’ h o u s t o n ’ ,  ’ b u y ’ ]  , _ ) ]  ,  [ i t e m ( _ ,  ’ n n p ’ ) ]  ,  [ i t e m C  [ ' f o r ’ , ’ i n c .  ’ ] , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  9 ,  0 ,

[ i t e m ( _ , [ ’ t o ’ ,  ’ ) ’ , ’ n n ’ ] ) , i t e m C [ ’ p u r c h a s e ’ , ’ h a s ’ , ’ o f ’ ] , _ ) ] ,  [ i t e m ( _ , ’ n n p ’ ) ] ,

[ i t e m C [ ’ c o n s o l i d a t e d ’ , ’ { ’ , ’ s t o c k ’ ]  , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  9 ,  0 ,

□  , [ i t e m C [ * r h m ’ ,  ’ c y c l o p s ’ , ' e g e t ’ , ’ u a b ’ ] , ’ n n p ’ ) ] ,  □ ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C . , [ ’ , ’ ,  ’ n n s ’ ] ) , l i s t ( 2 , . , _ ) , i t e m C [ ’ 1 2 ’ , ’ f o r ’ ]  , _ )  , i t e m ( _ ,  [ ’ : ’ , ’ d t ’ ] ) ] ,
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[ i t e m C _ .  ’ n n p ’ ) ]  > [ i t e m C [ ’ c o r p * ,  ' s h a r e ' ]  , _ )  , l i s t [ 2 , _ , _ )  , i t e m C _ ,  [ ’ p r p l ’ ,  ’ n n p ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C [ ’ i n ' ,  ’ s e l l s ’ ]  , . ) ]  ,  [ i t e m C [ ’ s h e a r s o n ’ ,  ’ n a t i o n a l ' ]  ,  ’ n n p ’ )  , i t e m ( _ ,  ’ n n p ’ ) ]  ,  □  )  .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  5 ,  0 ,

□  ,  [ i t e m C  [ ’ p i z z a ’ ,  * i c ’ ,  ’ t r i l o g y ’ ]  ,  ’ n n p ’ )  ,  i t e m C [ ’ i n n ’ ,  ’ g a s  ’ ,  ’ r e s o u r c e ’ ]  ,  ’ n n p ’ ) ]  ,  □  )  . 

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C . ,  [ ’ ,  ’ ,  ' d t  ’ ]  )  , i t e m C  [ ’ e a c h ’ ,  ’ l o u r ’ ]  , _ ) ]  ,  [ i t e m C . ,  ’ n n p ’ )  ,  i t e m C _ ,  [ ’ n n p ’ ,  ’ n n p s ’ ]  ) ]  ,  □ )  . 

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C [ ’ f o r ’ , ’ b u y ’ ] , _ ) ] , [ i t e m C [ ’ n i c h o l s ’ ,  ’ u s a i r ’ ] , ’ n n p ’ ) ] ,  □  ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C . ,  [ ’ e n d s e n t ’ ,  ’ n n p ’ ] )  , i t e m C _ , _ )  , i t e m [ _ ,  [ ’ v b d ’ ,  ’ e n d s e n t ’ ] ) ]  ,  [ i t e m C _ ,  ’ n n p ’ )  ,  

i t e m C . , [ ’ n n p s ’ , ’ n n p ’ ] ) ] , [ i t e m C [ ’ h a s ’ , ’ h a d ’ ] , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  4 ,  0 ,

[ i t e m C [ ’ e n d s e n t ’ , ’ p a k s ' ] , _ ) , l i s t C 2 , _ , _ ) , i t e m C [ ’ s a i d ’ , ’ b u y ’ ]  , _ ) ]  , [ i t e m C _ ,  ’ n n p ’ ) ]  ,

[ i t e m C . , [ ’ n n p s ’ ,  ’ n n ’ ]  ) ] )  . 

r n l e C a c q u i s i t i o n ,  a c q a b r ,  4 ,  0 ,

[ i t e m C [ ’ h o l d i n g s ’ ,  ’ a c q u i s i t i o n ’ ]  , _ )  , i t e m C  [ ’ i n ’ ,  ’ o f  ’ ]  ,  ’ i n ’ ) ]  ,  [ l i s t C 2 , _ ,  ’ n n p ’ ) ]  ,

[ i t e m C [ ’ . ’ , ’ i n c ’ ] , _ ) , i t e m C . , [ ’ e n d s e n t ’ , ’ i n ’ ] ) ]  )  .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  4 ,  0 ,

[ i t e m C _ ,  [ ’ v b d ’ ,  ’ e n d s e n t ’ ] ) ] , [ i t e m C . , ’ n n p ’ ) ] , [ i t e m C [ ’ g e n e r a l ’ , ’ h a d ’ ] , _ ) ,  

l i s t C 2 , _ , _ ) , i t e m C _ ,  [ ’ C ’ , ’ i n ’ ] ) ] ) . 

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C [ ’ 3 9 4 ’ , ’ f o r ’ ] , _ ) ]  ,  [ i t e m C _ , ’ n n p ’ ) ]  ,  [ i t e m C . . [ ’ n n s ’ , ’ p o s ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C . ,  [ ’ p r p l ’ , ' p o s ’ ] ) , i t e m C [ ’ d o n e ’ , ’ s a i d ’ ] , _ ) ] , [ l i s t C 2 , _ , [ ’ n n p s * , ’ n n p ’ ] ) ]  ,

[ i t e m C . , [ ’ p o s * , ’ v b d ’ ] ) ] ) . 

r n l e C a c q u i s i t i o n ,  a c q a b r ,  S ,  0 ,

[ i t e m C [ ’ i t s ’ ,  ’ m a r c h ’ ] , _ ) , i t e m C [ ’ s t a k e ’ ,  ’ 1 8 ’ ] , _ ) . i t e m C  [ ’ i n ' , ’ - ’ ] , _ ) ] ,

[ l i s t C 2 , _ , ’ n n p ’ ) ]  ,  [ i t e m C  [ ’ l t d ’ , ’ i n c ’ ] , ’ n n p ’ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

□  , [ i t e m C  [ ’ n o r d d e u t s c h e ’ , ’ f o o t e ’ ]  ,  ’ n n p ’ )  , i t e m C . ,  ’ n n p ’ ) ]  ,  [ ]  )  .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  4 ,  0 ,

[ i t e m C [ ’ h o l d ’ , ’ p r i n c i p l e ’ ] , _ ) . i t e m C [ ’ i n ’ ,  ’ t o ’ ] , _ ) , i t e m C [ ’ { ’ , ’ a c q u i r e ’ ] , _ ) ]  ,

[ i t e m C . , ’ n n p ’ ) , l i s t C 2 , _ ,  ’ n n p ’ ) ] , [ i t e m C _ ,  ’ n n p ’ ) , i t e m C . , [ * ) ’ , ’ i n ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C  [ ’ r e m a i n d e r ’ ,  ’ s t a k e ’ ]  ,  ’ n n ’ )  , i t e m C . .  ’ i n ’ ) ]  ,  [ i t e m C _ ,  ’ n n p ’ ) ]  ,

[ i t e m C _ , [ ’ n n s ’ , ’ e n d s e n t ’ ] ) , l i s t [ 2 , _ , _ ) ,  i t e m C  [ ’ c h e a p e r ’ , ’ m a r c h ’ ] , _ ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C . ,  [ ’ )  ’ ,  ’ n n p ’ ] ) , i t e m C [ ’ t o ’ , ’ p i n c u s ’ ]  , _ ) , i t e m C [ ’ b u y ’ , ’ s t a r t s ’ ] , _ ) ] ,

[ l i s t C 3 , _ ,  [ ’ i n ’ , ’ n n p ’ ] ) ] , [ i t e m C . , [ ’ e n d s e n t ’ , ’ C ’ ] ) , i t e m C . ,  ’ n n p ’ ) , i t e m C _ , [ ’ , ’ , ’ ) ’ ] ) ,  

l i s t C 2 , ( ’ v a ’ ,  ’ b i d ’ , ’ » . ’ ] , _ ) , i t e m C . , [ ’ e n d s e n t ’ , ’ . ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C _ ,  [ ’ v b d ’ , ’ v b ’ ] ) , l i s t C 2 , [ ’ d e a l i n g s ’ ,  ’ c o l u m b u s ’ , ’ i t s ’ ]  , _ ) , l i s t C 2 , _ , _ ) ]  ,

[ i t e m C [ ’ b u i l d e r s ’ ,  ’ a m e r i c a n ’ ]  ,  ’ n n p ’ )  , i t e m C . ,  ’ n n p ’ ) ]  ,  [ ]  )  .  

r u l e [ a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C . ,  [ ’ v b n ’ , ’ n n ’ ] ) , i t e m C ( ’ b y ’ , ’ s a i d ’ ] , _ ) ] , [ l i s t C 2 , _ , ’ n n p ’ ) ] ,

[ i t e m C  [  ’ n e u s p a p e r s  ’ ,  ’ s h a r e h o l d e r s  ’ ] , _ ) ,  l i s t  C 2 , _ ,  _ )  ,  l i s t  C 2 , _ , _ ) ,  i t e m C _ ,  [  ’ v b z  ’ ,  ’ c d  ’ ]  )  ]  )  . 

r n l e C a c q u i s i t i o n ,  a c q a b r ,  7 ,  0 ,

[ i t e m C [ ’ i n * , ’ i t s ’ ] , _ ) ] ,  [ i t e m C _ , ’ n n p ’ ) ] ,  [ i t e m C [ ’ { ’ , ’ c o r p ’ ]  , _ ) ] ) .  

r u l e [ a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m [ _ , [ ’ , ’ , ’ d t ’ ] ) , i t e m C [ ’ 1 9 8 6 * , ’ b o a r d ’ ] , _ ) , i t e m C [ ’ , ’ , ’ o f ’ ]  , _ ) ]  , [ i t e m C _ , ’ n n p ’ ) ]  ,

[ i t e m C . ,  [ ’ :  ’ ,  ’ n n p ’ ] ) ] )  .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  5 ,  0 ,

□  , [ i t e m C [ ’ t a f t  ’ ,  ’ c a e s a r s ’ ]  ,  ’ n n p * )  , i t e m ( _ ,  ’ n n p ’ ) ]  ,  □ ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,
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[ i t e m C [ ’ b u y s  * ,  ’ i n ’ ]  ,  [ i t e m C [ ’ a n t o n s o n ’ ,  ’ s h e a r s o n ’ ]  ,  ’ n n p ’ ) ]  ,  □  )  .

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C  [ ’ s a i d ’ ,  ’ t o ’ ]  , _ )  , i t e m ( [ ’ t h a t ’ ,  ’ a c q u i r e ’ ]  , _ ) ]  ,  [ l i s t ( 2 , _ ,  [ ’ n n ’ ,  ’ n n p ’ ]  ) ]  ,  

[ i t e m ( _ ,  [ ’ ,  ’ ,  ’ e n d s e n t ’ ]  )  ,  i t e m ( _ ,  [ ’ v b n ’ ,  ’ n n p ’ ]  )  , i t e m ( _ ,  [ ’ i n ’ ,  ’ n n p ’ ]  ) ] )  .  

r u l e  ( a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

□  ,  [ i t e m C [ ’ h o r i z o n ’ , ’ c o n s o l i d a t e d ’ ] , ’ n n p ’ ) ]  ,  [ i t e m C . , [ ’ i n ’ . ’ j j ’ ] ) ] ) .  

r n l e C a c q u i s i t i o n ,  a c q a b r ,  3 ,  0 ,

[ i t e m C . , [ ’ c d ’ ,  ’ n n p ’ ] )  , l i s t ( 2 , _ , _ ) , i t e m ( _ , _ )  , i t e m ( _ , [ ’ v b n ’ , ’ . ’ ] ) , l i s t ( 2 , _ , _ ) , 

i t e m ( _ ,  [ ’ v b d ’ ,  ’ d t ’ ]  ) ]  ,  [ i t e m ( _ ,  ’ n n p ’ ) ]  ,  [ i t e m C  [ ’ c e m e n t  ’ ,  ’ b o a r d ’ ]  , _ ) ] ) .
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Appendix C 

Part-of-Speech Tags U sed

This appendix contains a list of the part-of-speech tags used in the experiments 

described in Chapter 4.

aaaaaaaa aaaaaa 
TAG M eaning

CC Coordinating conjunction
CD Cardinal number
DT Determiner
EX Existential “there”
FW Foreign word
IN Preposition or subordinating conjunction
JJ Adjective
JJR Adjective, comparative
JJS Adjective, superlative
LS List item marker
MD Modal
NN Noun, singular or mass
NNS Noun, plural
NNP Proper norm, singular
NNPS Proper noun, plural
PDT Predeterminer
POS Possessive ending
PP Personal pronoun
PP$ Possessive pronoun
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RB Adverb
RBR Adverb, comparative
RBS Adverb, superlative
RP Particle
SYM Symbol
TO “to”
UH Interjection
VB Verb, base form
VBD Verb, past tense
VBG Verb, gerund or present participle
VBN Verb, past participle
VBP Verb, non-3rd person singular present
VBZ Verb, 3rd person singular present
WDT Wh-determiner
WP Wh-pronoun
WPS Possessive wh-pronoun
WRB Wh-adverb
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