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ABSTRACT

Identifying relation among entities is an important task in document processing. The
relations identified in previous researches include co-working relations between persons
and organizations, relations among diseases and medicines, relations between authors
and artifacts, the interactions between proteins, and the equivalence relations among
nominals etc... Most.identification-methods are-based on machine learning algorithms or
pattern matching and:few are based on parsing result. Besides, the corpora used for
relation identification can be static and dynamic (like search engine results). Although
identifying relations from static corpus generally outperforms the methods using
dynamic corpora, yet dynamic corpora contain more updated information. In this thesis,
we employ retrieved snippets to identify human relationships and Wikipedia to construct
developing corpus. We extract domain words from developing corpus by the
bootstrapping algorithm and expand queries for accurate search results. To speed up
document processing, simple methods are implemented for part-of-speech tagging,
person name tagging and pronominal anaphor resolution. The proposed Kkinship
identification is implemented by pattern matching and support vector machine (SVM).
The Features to be used at identification includes the amount and position of clue words
and cosine similarity of entities related to persons. The kinship identifier yields 0.86

f-score in the experiment containing 396 kinship instances and the co-working identifier
[



yields 0.75 f-score on 175 co-working instances.
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Chapter 1 Introduction

Relation identification is a kernel task in message understanding. The relations to be
identified can be equivalence relations between nominals, relation between proteins
[Rosario and Hearst, 2005], the semantic relations among nominals such as ‘is-a’ and
‘part-of-whole’ [O’Hara and Wiebe, ‘07], and the relations between authors and artifacts
[Wang et al. ‘07]. In this thesis our target relation are human relationships, namely
kinship and co-working relationship. Kinship relation is based on consanguinity and
marriage. The co-working relationship is defined that two persons work in the same
organizations.

As World Wide Web becomes-popular, the information on the web has become a
huge corpus for natural language-processing researchers. The performance of identifying
human relationship rdepends on the gquality of training corpus. Using Google search
engine can collect a‘large number ‘of news, blog articles, forum articles, and home page
information. The web corpus is updated rapidly so we can use its benefit to identify new
human relationships.

The proposed identification contains background task and the foreground task. The
background task aims to build a developing corpus for extracting kinship patterns and
domain words. The developing corpus is constructed by the manual acquisition with the
employment of Wikipedia. We extract syntactic patterns from developing corpus by
computing frequency of clue words defined in [Tian and Qian 10] and part-of-speech
based sequence. We also use a bootstrapping algorithm to compute the domain words by
using given seeds of domains. In this thesis the domains are politic, commercial, sport,
entertainment and education. In foreground processing, we use the acquired clue words

and domain words to expand queries. From retrieved snippets return by Google, we
1



identify domain of each person occurring in snippets by domain words and domains of
co-occurrence persons. The kinship identification is based on pattern matching and SVM
model. There are seven features used for SVM-model, they are the average length
between persons co-occurring in sentences, the amount and position of clue words.
Similarly, the features used for co-working identification are the average length between
persons and similarity of between related entities of persons. In experiment, kinship
identifier yield 0.86 f-score and co-working identifier yield 0.75.

While using search engine as research corpus, we encounter the problems. For
example, different persons have the same names, persons have several nicknames If
persons have the same name; we need to distinguish.their domains. We collect a domain
word sets from developing corpus, and we can classify person’s domain by computing
word count, organization, and person frequency-in the sentence.

We are also confronted with the problem of recognizing nicknames of a person, for
example, “fH 7K called “f2&%” and “fF5E4=". In this thesis we use a stack to store
ten last names processed by the proposed system. Only-complete names are stored in the
stack; if we want to process a person name, we try to identify whether the name is in the
stack.

The remaining parts of the thesis are described as follows. Chapter 2 is introduces
the related work addressing research corpus, target relations to be identified and the
identification. Chapter 3 describes the proposed method containing developing corpus
construction, sentences preprocessing, the pattern extraction and the SVM-based
identification. Chapter 4 describes the experiment settings and results. The conclusions

and future works are in chapter 5.



Chapter 2 Related Work

In this chapter, the related work is discussed on three issues: corpus resource, target

relations and identification methods.

2.1 Corpus Resource

Wikipedia has become the largest online encyclopedia in resent year. There are
375808 entries available in traditional Chinese Wikipedia in the year 2011. Gang Wang
et al.[‘07] proposed a methad to extract the relations from Wikipedia. They retrieve entry
title, categories of entry, hyperlinks,-and -infobox as resource for extracting relations
between authors and artifacts. The features are selected from context, categories and
infobox. 10,000 XML pages are selected as experiment database;-and 130,000 entities
pairs are extracted.

Dat P.T. et al. [‘07] provided a relation extraction method based on Wikipedia. This
paper points out that treating web. document structure and syntactic subtree mining as
SVM feature. There are 13 relations types extracted from Wikipedia context. They used
5975 articles from Wikipedia as experiment data and out of them 45 articles of
experiment data are used as testing data. Total 39467 entities are collected from these
articles, and they pick up 3300 entities randomly and tag manually as development data.
Finally, accuracy of system is about 80%

Researchers also extract relations between authors, papers, and their research
domain. Matsuo et al.[‘07] provided a system describing social network between

researchers. The corpora Matsuo used are web pages, conference data, papers and



abstracts. They Use several mining algorithms to analyze data. Then they can output a

social network graph based on their analysis.

2.2 Target Relations and Their Related Entities

Rosario and Martin [‘05] propose a multi-way relation classification between
proteins. They provide a list of interaction types; they classify each protein pair into
interaction types. In this paper, they proposed a dynamic graph model as identification
scheme. The method yields 50% precision better than baseline which is a trigger words
approach.

Pantel and Pennacchiotti [‘06] proposed a method to extract five types of relations
between nominals. It is a serial pattern generating method using very large corpora, such
as Web. They perform their experiments by using TREC and CHEM datasets. The
identification performance of f-score-is 0.5~0:8 f-score according.to different relation

types and different parameters.

2.3 ldentifications Methods

The identification used/in previous work-canbe: pattern matching, statistical
learning model, and combination model of them. It is a difficult task to find training
corpora with well tagging; therefore a bootstrapping algorithm can help to build training
data. [Qian et al. ‘09] proposed method to label their training corpus. First of all, they
tagged a part of data, called seed data. The bootstrapping algorithm runs until no more
data was tagged from dataset. The method is used to classify relation into 7 classes and
22 sub classes. The performance of this research is about 69%, and performance
increases with the time of bootstrapping processing.

In [Tian and Qian ‘10], the authors extracted kinship relationship from search



engine results. They collected a set of clue words for each types of kinship relationship.
The queries they used are composed of person name and clue words. The most frequent
person shown in retrieved snippets has relationship to the given person. The accuracy of
this method is between 0.7~0.9.

Kate and Mooney [‘10] provide a method based on card-pyramid parsing for
English text. They provide a parsing diagram from the pyramid structure, and decide
relation types from the parsing results. They also use pyramid parsing diagram to extract
named entities. The accuracy of named entity recognition is 0.87~0.94. There are 5 types

of relations to be identified in this paper, and the f-score is about 0.7.



Chapter 3 The Proposed Methods

In this chapter, we present our methods starting with how to retrieve snippet of a
given person name, and preprocessing of snippet including POS tagging, named entity
recognition, and 3™-pronomial resolution. Our goal is to extract persons they have three
types of relationships: kinship relation, co-working relation, and other relation to a giving
person name from retrieve snippets. Kinship relationships are father, mother, couple, sister
or brother etc.; and are set up by consanguinity or matrimony. Co=working relationship
represents persons who work for the same project, the same organization, or they deliver a

speech together.

3.1 Snippet Preprocessing

When we want to retrieve snippets from search engine, we need to solve person
name disambiguation problem that different persons have the same names. To solve this
problem, we expand our search word by some clue words. For a given input name, such
as “ms=ZE”, we use additional information to modify his domain attribute. In fact, we
know at two famous person names: “Z=5=%E”, one is a professor of National Cheng Kung
University Computer Science Department, and the other is a famous singer, comedian.
The system requires an additional domain word or input domain of this person to
distinguish which one is the person we want to know. We also use clue words to expand
query word to increase quality of retrieve snippets. We use kinship clue word listed in

6



[Tian “09], after expansion of Tongyici Cilin*, we have . Clue word database also collected
a set of work clue word, such as “4%HH” or “3F-f&”, in order to retrieve snippets which have

more information about work related to target person. Clue words are listed in table 3.

type Clue word set
REE Z80E (45 4545 48 R o5 REE R B & 2
Kinship RS B B A K BE BT 22 2 ME 4AA
elue word ZHh BN OB RN OB BN K R FEEAN KA E
ot BORK ZLN EZF BEHT HA BT AA XKF MO+
7 Ry B BT R S D LR B IR OYE JE
B N 2% T 5L #r o BH ER
dg ZE BhE it it 4KHEE S ROR EER EE OB
title clue T BEH{THWE £ LEA #S& & 20 BE TF
word set B BN R TR R @ER ME S &= A B B
FHliE 1% %8 £8

Table 1: List of clue words

Table 3 is an example of input person name, how we select his.domain words and

clue words to expand its query.

Query format Expanded query
Person name, domain word HEFER AND(TH E)
Person, kinship clue word FEFER+(SCE OR £EE...) AND(Hi£)

set, domain word

Person name, domain word HFENR+(EER ORZFEE...) AND(TT &)

set, domain word

REE =
http://ir.hit.edu.cn/phpwebsite/index.php?module=pagemaster&PAGE_user_op=view_page&PAGE_id=16
2



Table 2: System input and output sample

After query expansion, we retrieve snippets of Google search engine, and send
snippets to CKIP? segmentation system. We handle named entity recognition by rule
based on part-of-speech (POS) tags. In case of person name recognition, we collected a
name database from college entrance examination result, and a surname database. For
words’ POS tags are ‘Nb’, we check if it is a person name or a person first name by
matching to names in name database. In case of organization names, system identifies a
noun phrase is an organization name if a NP’s last word is tagged as “NC” and tagged as
“+organization” by CKIP lexicon®; then threat that NP'is an organization. For example,

there are three noun phrase in “xz ## (Na) A%£2 (Nc) & 1% (Nc)& T {F:(Na)”, we list below.

N

e.g.l A (Na)AEH(NC)
2 #E(Na) KREE(NC) 2 T Z+(Nc)

e.9.3 A (Na) A (NC) R T 23 (Ne) S E f1:(Na)

®

«
N

N

The last words of e.g.1 and‘e.g.2 are tagged.as“Nc’ and “+organization”, in fact, they
are organizations, we select the longest match pattern, “x2 3 A E2E T %1 as organization
output. In additional, we collect organizations in wiki*: Taiwan organizations list and
companies listed in TWC OTC market® and universities in Wikipedia: universities in

Taipei® to form a organization database. We have total 3753 organizations in this

2 ohbfifresa]EE /N BT SR 24405, http://ckipsvr.iis.sinica.edu.tw/

R\ s S, http://www.aclclp.org.tw/use_ced_c.php

* Wikipedia, &32/\]%13%, http://zh.wikipedia.org/zh-hant/& &\ 5] 513%

ST _RHEN SRS R 425032, BEELE http://www.sfi.org.tw/newsfi/intdb/menul/firstpage.asp
® Wikipedia, & & KB R532 http://zh.wikipedia.org/wiki/ & & A B xR 5132

8



http://zh.wikipedia.org/zh-hant/%E5%8F%B0%E7%81%A3%E5%85%AC%E5%8F%B8%E5%88%97%E8%A1%A8
http://zh.wikipedia.org/wiki/%E5%8F%B0%E7%81%A3%E5%A4%A7%E5%B0%88%E9%99%A2%E6%A0%A1%E5%88%97%E8%A1%A8

database.
We randomly test 400 named entities, and following table 3 is result. Most errors due

to segmentation error, such as “fZF} KEZEE” should be “IFERIKEIEEE.

True-positive True-negative precision
overall 580 216 72.9
Person name 330 70 82.5
Organization name 250 146 63.1

Table 3: precision.of named entities recognition

We use pronoun resolution. method.in [Pan and Liang, <09]. In this case, we only
recognize singular 3"%person pronoun. After we find a 3" person pronoun and the
antecedent, we replace pronoun with the antecedent.

In order to distinguish domains of persons extracted from snippet, we compute
frequencies of domain'words and named entities for each domain in appearance snippets.
Domain of the neighbor title word to the person is weighted, for instance, in the case of “1q
B E s R SR, “EH 1L is'selected person;and the neighbor title word is “F £ A,

this word is a domain word of “fR%&.”

3.2 developing Corpus

We discuss training in this chapter, including collection and pattern extraction. First,
we get Taipei famous person name list from Wikipedia’. For each name in name list, if

corresponding page exists in Wikipedia, we clawed them and store as text blocks. We

" Wikipedia £ A %5132, http://zh.wikipedia.org/zh-hant/ &8 A 5113
9



http://zh.wikipedia.org/zh-hant/台灣人列表

manually tagged person name pair with Kinship relationship in these text blocks
containing clue words:”%2”, “RE”, -7, “Z07, “HH”, “4f™, “H7, “E7, CHR7, U7, “ih”,
“45”, and “4545”. In our observation, Wikipedia describes person’s family in the one
block; therefore although the amount of clue words of clawing are only thirteen words,
we can still find person name pairs of other relation types. We claw snippets of these

person name pairs as our kinship relation training corpus.

Wikipedia person file 1496 persons
Text block with query words(< # 3 4 % £) 1334 blocks
Person pair extracted.from person file 494 pairs
Effective person.pair (removing null-snippet person 346 pairs
pairs)

Snippets retrieved from Google (after removing 29205 snippets
duplicate)

Average #person/ word count per snippet 2.08/50.09

Table 4: Kinship relation developing corpus

We extracted syntactic pattern from kinship relationship corpus. Syntactic pattern is
consisted of a part-of-speech sequence, person hame information, kinship relationship
clue words and wild card. We set the max length of wild card to three here, three words
can tolerate with an adjective phrase with an adverb. We extract long sentences from
training snippets, and pick up sentences containing kinship relationship training person
pairs. To process these sentences, we remove words content information whose
part-of-speech tag is not in listening part-of-speech list. Part-of-speech tags we listened

are “Na”, ”VA”, ”VB”, “VC”, “VCL”, “Caa”, “DE”, “SHE,V_2”. We select these tags

10



here because these part-of-speech tags including most of verbs, be-verb, conjunction,
prepositions and normal nouns, are important issues for human relationship extraction.
Title words are normal nouns, such as father, mother, CEO and president. We collect
words which are not tagged in previous step to wild card, and if length of words is more

than 3 then drop this sentence from collection. We compute frequency of each pattern

shown in collection, the top 9 patterns of result are list in table 5.

POS sequence Extracting Coverage sample
pattern in relation
amount tokens
PE DE KEY A 106 mz.Z%EIG“:;% 1E
PE TEE
Na PE DE Emﬁfﬁﬁ%ﬁ 2L
28 25 WA TR A B AR FEL
KEY PE
N
Na PE KEY 25 g 2 YA s BT LA
PE S T Rt
PE _PE DE A > FEEER BT &
KEY EE 2L
PE DE KEY N 102 NN ES
PE _Na 7 0 e RS
Na Na PE @H%? v A ZE
KEY PE Na 13 1 tHAC SR EE B M 22
NaV 2 H
PE_Na_ 1o 201 M55 o FZ - fiﬁ(
KEY PE SE M RE SR
Na PE KEY 10 1 e EHTERA
PE_Na AREEDS 58 A4 Bl (%
Na _PE DE o - NREREEF &
KEY PE BV ETE

Table 5: Pattern system result

For co-working relationship, we looked for persons who work in the same

11




organization, play in the same team, or work on the same project from web page of
organizations, such as NCTU, “rf1[sf gk F< & etc.. For these person name pair, we not
only extract snippets which person co-occurred, but also extract snippets of single person.
Here we collect snippets with only one person because we want to analysis organization
and person related to only person. These entities can be an important factor to represent
person’s work. In co-work relation training corpus, we collect 35 pairs per each domain,
total 175 pairs. Following table 6 is the statistical data of co-working relationship

training corpus.

Total person pairs 175 pairs
Total clawed sentences 27025 sentences
Average #entities / word count per-snippet 2.68 persons/48.61 words

Table 6: Statistic of co-working relationship training corpus

After we built co=working developing corpus, we-perform a bootstrapping algorithm
to extract domain words for each.domain. We select seed'words of each domain as initial

data to algorithm, which list in table 7. The algorithm is list in figure 1.

domain Clue words

BU& M ILEZ B IR B R T RS B B BB T M
FRZEZERERERIGE B TER TEIE

&R B TR HEB R, E S SO A, Ti2EN, B4 Sl R E
TR, fA B

Co=] BR B BE T PEER AR, S8R, HH S HEER, Dk 23K, i B o, 8K, Hh AR

BRUEER 1557 15505 L3 B 47 T

HREE EOE, TN BRI AT 5L AT, AR A I R A R SR,
e LIREEE PN
2E S CE AR =R RIS S C

12



Table 7: Seed of bootstrapping

Input: seeds for each of domain,developing sentences(total 119529 sentences)

ListenPOS = Na,Nb,VA,VB,VC,VD

Output: domain word set for each domain

Initialization:

For all seeds, vectoryerg = [1, if word’s domain match; 0 otherwise]

WordSet = list of word in seeds

SentenceSet = void list

Step:

1.

For sentence in developing sentences, if sentence containing word in

wordset: VECLOK,. - =Vector, .. /|vector, .|

,and add sentence to 'SentenceSet

ord

For word insentence-and word’s POS in ListenPOS; update word data
in WordSet: /Vector,., = Vector, ;- Vector,

entence

For word.in WordSet, update WOrd: vecor. e =( 3 Ivetton )/ count (W, maserise)
If sSum(Vectorword,thisstep=VECtOTword prestep)/COUNt(WordSet) > threshold or
looptime>maxlooptime: stop-and return wordset

else: loop'step 1 to 4

In initial step, words in wordset are the seed words. If the domain is not equal to the

Figure 1: The bootstrapping algorithm

domain of seed word, this value of vectors is zero, otherwise is one. In stepl, we use
word to tag sentences. If sentence contains words which are in wordset, then the domain
vector of sentence equal to the average of these vectors of words. In step 2, we extract
words from tagged sentences in step 1 if word’s part-of-speech in our concentration and
the vector value of this word in wordset is equal to the sum of sentence vectors. After the

processes of all sentences tagged in step 1 have done, we normalize domain vector value

13




of word in wordset to 1. Stopping conditions are the update of each loop is less than
threshold or the maximum loop time occurring. Here we list the top 20 words of each

domain in Table 8; complete 80 words will list in appendix A.

domain Clue words

e v el N RBEE G E R R e R R R
PERLE R LG HE RE RS L RA REE

SREN RIw, v 8 a2 ¥ E R AR, N A L R R B E R
MEFE D FEFEF S ABFE TR MABL TR LT,

Wy ;}égdx%l‘%a&ﬁﬁ,,f;l%—kﬁ,w B it &9 B ,ohoF
S AEFNPTE GNP AR Eiﬁ—%i%,,ﬁfb

wE Bohod AZW AN, 2 35 T ROR, Sl g B, R B R, (TR, e,
£1TF 440 g 3 bR B 0T a4 Rk AR EL

* ri R EE AT A ,%tiﬁ»,i’é%liﬁ,#ﬁ e F e R LL T
B, bR de S R dg IR BE R A T R T

Table 8: The top 20 of domain words

3.3 Relation Identifier

Hybrid method we are talking about'is combined with a pattern match system and a
statistical model. For a given person pair example, we call this person pair as relation
candidate, before we verify it relationship, we need to make sure that information of this
relation candidate is enough to classify its relation. If amount of sentences corresponding
to this relation candidate is less than 5, we will craw data from search engine again. The
query in this re-craw will not extend by any clue words but domain words for each name
are needed. After we make sure information of relation candidate is enough, we try to

match all patterns from pattern database, if a match process of any sentence of relation

14



candidate successes, and then we can say this relation candidate has kinship relationship.

If no sentence matched pattern, we extract following feature as statistical model testing

input.

Feature

F1 Average distance between two names (this value is normalized by sentence
length)

F2 Amount of total keywords

F3 Percentage of keyword shown before first name

F4 Percentage of keyword shown between two names

F5 Percentage of keywordshown after last-name

F6 Average distance between keyword and first name

F7 Average distance between keyword and last name

Table 9: The features used for kinship identification

We perform an experiment to test the significance of each featureby leave-one-out

strategy. We list the result in table 10.

Feature set f-score(%)
all 86.17
all-{f1} 78.36
all-{f2} 80.67
all-{f3} 79.12
all-{f4} 77.76
all-{f5} 78.60
all-{f6} 78.43
all-{f7} 77.62

Table 10: Kinship feature impact result

In table 10, we find out the most significant feature in feature set is the average
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distance between person name and clue word; and the next feature is clue word between
two person names. Testing data is listed in appendix B.

Statistical model for co-working relationship is processed parallel with kinship
identifier. In observation, we found that it is possible that no co-occurrence snippet for two
person who have co-working relationship, but we can still find trail from organizations and

people related to these persons. Extracted feature lists in table 11.

Feature description

F1 cosine similarity of two named entities vectors

F2 cosine similarity of two named entities vectors(remove count of entities

shown in co-occurring sentence)

F3 same domain

F4 the amount of the same related organization

F5 the amount-of the same related person (must be in same domain)
F6 average distance between names (normalize by length of sentence)
F7 the amount co-occurrence snippet

Table 11: The features used in co-working identification

We test feature significance by leave-one-out strategy, performance listed in table

12.

Feature set f-score(%)
all 75.59
all-{f1} 75.59
all-{f2} 75.59
all-{f3} 63.63

16




all-{f4} 63.63
all-{f5} 78.02
all-{f6} 77.78
all-{f7} 75.24

Table 12: Feature test for co-working
In table 12, we can find that the amount of co-occurrence organizations and domain
are the most significant features, and the co-occurrence persons is the negative feature.
We discuss that too many persons are occurring in the same sentence and this reason

effect the result. Positive instances and negative instances are listed in appendix C.
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Chapter 4 Experiment and Result

Close data testing can measure our system performance. We collect 300 relation
candidates containing sentences with kinship clue words as training negative instances.

In statistical model, we take person pairs and snippets-from kinship relationship training

data as positive instances. We select supported vector machine as model. Statistical

model training and testing we use 5-folder cross-validation. Result listed in table 15 and

table 16.

Precision Recall f-score
Pattern based classifier 90.79 26.85 41.44
Kinship statistical classifier 90.83 80.27 85.22
Hybrid classifier 90.35 83.51 86.80
Table 13: Kinship identification performance
Pattern match Positive negative total
/SVM/hybrid
True 97/298/304 270/69/63 367
False 4/37/39 296/263/261 300
total 101/335/343 566/332/324

Table 14:

Instances of kinship identification
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In the case of pattern system, we select top 9 patterns to build pattern based
classifier, pattern are listed in table 8. If a sentence of a relation candidate matched
pattern, we set up kinship relationship for this relation candidate. Hybrid classifier is to

combine pattern base classifier and kinship statistical model.

Snippets of relation _u

v
Pattern match classifier

Success

match?
v fail
Co-worker Statistical Kinship statistical
relation model relation model
A 4

>| Relation report

Figure 2: System process flowchart

We select positive instances of co-working relationship classifier from co-working
training corpus. We randomly select 20 candidates from entities which have the same
domain in pairs for each domain, and randomly select 100 relation candidates which
contain more than 5 sentences as negative instances. We use five folder cross-validations
to verify its performance. Performance listed in table 11.

This experiment shows our method having better performance using combination of
pattern based and statistical model. For co-working relation extraction, sometimes we
cannot extract feature from sentences because the co-occurrence sentences is not enough

for training.
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Chapter 5: Conclusion and Future Work

We extract relation from the web and classify them into kinship, co-working and
other relation. We perform a real-time platform by python® GUI°.

In observation, we found the result of system is limited by retrieved snippets. Data
stored in search engine‘get closed to-events people care about. This cause a data bias
problem: information size of famous-person is huge, but size of a common person is very
small. This problem:does a big effect to our system while extracting a person who is not
famous, such as “HEZ=1E?, is a famous general of China, has 1,610,000 snippets from
search engine; but his little son, “F 544, has only 7890 snippets as result. However we
can extract relations of persons from retrieved snippets:

We can increase domain size. Lot of persons cannot classify into these domains, for
example, artist, writer, and killer. If we can define domain by detail, performance of our
system can be better. In another hand, relationships between human are not only 2, we
can still identify more types of relationships.

In this thesis, we proposed a method identifying human relationship from retrieved
snippets by a two-stage identifier. We also proposed a bootstrapping algorithm for extract

domain words from corpus for a given domain.

® http://www.python.org/
° http://docs.python.org/library/tkinter.html
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Appendix A: domain word database
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Appendix B: kinship corpus

Positive (total 367 instances) Negative (total 300 instances)
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Appendix C::co-working corpus
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