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Text-Mining

¢ How to deal with text data on various levels?
Link-Analysis

¢ How to analyze graphs in the Web context?
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¢ How semantics fits into the picture?

Wrap-up

céwhat did we |l earn and



TextMining

How to deal with text data on various levels?



Why do we analyze text?

The ulti mate goal (or
Il s understanding of te
ébut, since this seems

we have number of easier sub-tasks of some
Importance which we are able to deal with.



What Is TexMining?

nef I nigterastgng regularities in large
textuald at as Qadapt&i #@m Osama Fayad)

¢ € wh e m&resting means: non-trivial, hidden,
previously unknown and potentially useful

nefinding semanti c and
from the surface form



Why dealing with Text is ToughZ..,

Abstract concepts are difficult to represent

ACount | ess 0 c of subtie,al@stracto n s
relationships among concepts

Many ways to represent similar concepts
¢ E.g. space ship, flying saucer, UFO

Concepts are difficult to visualize
High dimensionality
Tens or hundreds of thousands of features



Why dealing with Text Is Easy2.

Highly redundant data
c émost of t he methods count Or

Just about any si mple algg
results for simple tasks:

¢ Pull out AiIi mportanto phrases
c Find Aimeaningfullyo related v
¢ Create some sort of summary from documents



‘ Who Is In the text analysis arena?

Knowledge Rep. & Search & DB
Reasoning / Taggmg\
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What dimensions are In text analytic:

Three major dimensions of text analytics:

¢ Representations
efr om c hlavelddirst®nder theories

¢ Techniques
efrom manual wor k, over | e a

c Tasks

efrom s ear c-hsemi-psupervised leaming, to
visuali zati on, summari zati ol



How dimensions fit to research area:

AN f

Sharing of ideas, intuitions, methods and data \

N\ \ [/ /
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X
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Politics

Scientific
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Broader context: Web Science

Computer
Science
................ Computability
"""""""""" De-centralised Information
........ Systems
- SemanticWeh, 1 e s,
Mathematics “~Web  pocescacuius.. .
Theey of Graphi Engineering Artificial ECOﬂomlCS
. Protocols. Theory of Markets
i * -
ét::,::t-::eorym Architec!ures.._ 'ntel“gence Macro and Micro economics?
Accessibility . Knowl|edge Representation . .ceceens Auction models :
R Sfﬁunw 4o " Languages .. Types'of capital..
esilience.. | & Inference. .. ",
% & Bayesian Méthods Law 3
PSYChO'Ogy i . Agent 33-*8 Computing.., Intellectual Property ¥
Soaiab AROHAET " eresnss ) ‘.5 K EU/regulatory drivers .7
.. . Cogniti rti oy, 21 --Public engage vs indifferént.’
ii6Manols:\?or‘:nea‘t,n?np:ro::ssmg e 'cu"ural Corprorats socrd! oF
........... - valaes: g festyles: fast resporunbﬂiw.
Expérimenta), Methous:" ! "eese, SRS :r::gf i tor
,..0‘.. . s BUERARENdS . | et e,
--------- ot Antiegorporate ..ot .
Blobgy """""""" 1: . ‘Open source values .
% Evolutionary dynamics SOC'O'OQY 3 i New trust matrix: NGOs M d ia
%, Systems biology Social attitudes 3 sy .,Ethical consumers ... i’ragmented bl
N Ty Theory of groups 'r) L ENmOgraphy- media and discourse
"""" 3 ;T’:e' ,';:;:";"‘5 e Single issue moral
ECOIOg'y ........................ Qene panics
Structure of ecosystems Mobil Sm_ar: m(;bs
Ecosystem Productivity 2 e obile opinion formers...
Population Dynamics o Ttmmge

Digital Biosphere...

................................... co||iding web sciences
http://webscience.orqg/



http://webscience.org/

TextMining
How do we represent text?




Levels of text representations

Character (character n-grams and sequences)
Words (stop-words, stemming, lemmatization)
Phrases (word n-grams, proximity features)
Part-of-speech tags

Taxonomies / thesauri

Vector-space model
Language models
Full-parsing
Cross-modality

Collaborative tagging / Web2.0
Templates / Frames
Ontologies / First order theories




Levels of text representations

Character
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Character level

Character level representation of a text
consists from seqguence

ceéa document |1 s represent
distribution of sequences
cUsually we deal with con

céeach character sequence
represent a feature with its frequency



Good and bad sides

Representation has several important strengths:

c éit Is very robust since avoli
(useful for e.g. language identification)

c éit captures simple patterns
(useful for e.g. spam detection, copy detection)

c eébecause of redundancy i n t ex
many analytic tasks

(learning, clustering, search)

|t I s used as a basis for nAstr
SVM for capturing complex character sequence patterns

éf or deeper semantic task
too weak



Levels of text representations

Words
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Word level

The most common representation of text
used for many techniques

cethere are many tokeni za
which split text into the words

Important to know:

¢ Word is well defined unit in western languages i
e.g. Chinese has different notion of semantic unit



Words Properties

Relations among word surface forms and their senses:

¢ Homonomy: same form, but different meaning (e.g.
bank: river bank, financial institution)

¢ Polysemy: same form, related meaning (e.g. bank:
blood bank, financial institution)

¢ Synonymy: different form, same meaning (e.g. singer,
vocalist)

¢ Hyponymy: one word denotes a subclass of an
another (e.g. breakfast, meal)

Word frequencies in texts have power distribution:
cesmall number of very fregqg
cebig number of | ow frequen



Stopwords

Stop-words are words that from non-linguistic view do not carry
Information

c éthey have mainly fu
t

céusually we remove
perform better

ncti onal
hem t o |

Stop words are language dependent T examples:

¢ English: A, ABOUT, ABOVE, ACROSS, AFTER, AGAIN,
AGAINST, ALL, ALMOST, ALONE, ALONG, ALREADY, ...

¢ Dutch: de, en, van, ik, te, dat, die, in, een, hij, het, niet, zijn, is,
was, op, aan, met, als, voor, had, er, maar, om, hem, dan, zou,
of, wat, mijn, men, dit, zo, ...

¢ Slovenian: A, AH, AHA, ALI, AMPAK, BAJE, BODISI, BOJDA,
BRGKONE, BRGLAS, BREZ, CELO, DA,



Word character level normalization

Hassle which we usually avoid:

¢ Since we have plenty of character encodings in
use, it is often nontrivial to identify a word and
write it in unigue form

ceée. d. Il n Uni code the sam
INn many ways I canonization of words:

Source NED NEC
A : A A
00C5 0041 030A 00C5

A A

O : o O O

00F4 006F 0302 00F4



Stemming (1/2)

Different forms of the same word are usually
problematic for text data analysis, because

they have different spelling and similar
meaning( e . g . | earns, | ear

Stemming Is a process of transforming a
word into Iits stem (normalized form)

céstemming provides an in
to merge



Stemming (2/2)

For English is mostly used Porter stemmer at
http://www.tartarus.org/~martin/PorterStemmer/

Example cascade rules used in English Porter stemmer

¢ ATIONAL -> ATE relational -> relate

¢ TIONAL -> TION conditional -> condition

¢ ENCI -> ENCE valenci -> valence

¢ ANCI -> ANCE hesitanci -> hesitance

¢ IZER -> |ZE digitizer -> digitize

¢ ABLI -> ABLE conformabli -> conformable
¢ ALLI -> AL radicalli -> radical

¢ ENTLI -> ENT differentli -> different

¢ ELI > E vileli -> vile

¢ OUSLI -> OUS analogousli -> analogous


http://www.tartarus.org/~martin/PorterStemmer/

Levels of text representations

Phrases
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Phrase level

Instead of having just single words we can
deal with phrases

We use two types of phrases:
¢ Phrases as frequent contiguous word sequences

¢ Phrases as frequent non-contiguous word
sequences

ceboth types of phrases ¢
simple dynamic programming algorithm

The main effect of using phrases is to more

precisely identify sense



Google rgram corpus

In September 2006 Google announced availability of
n-gram corpus:

¢ http://googleresearch.blogspot.com/2006/08/all-our-n-
gram-are-belong-to-you.html#links
¢ Some statistics of the corpus:
File sizes: approx. 24 GB compressed (gzip'ed) text files
Number of tokens: 1,024,908,267,229
Number of sentences: 95,119,665,584
Number of unigrams: 13,588,391
Number of bigrams: 314,843,401
Number of trigrams: 977,069,902
Number of fourgrams: 1,313,818,354
Number of fivegrams: 1,176,470,663
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Example: Google-grams

ceramics collectables collectibles 55
ceramics collectables fine 130
ceramics collected by 52
ceramics collectible pottery 50
ceramics collectibles cooking 45
ceramics collection , 144
ceramics collection . 247
ceramics collection </S> 120
ceramics collection and 43
ceramics collection at 52
ceramics collection is 68
ceramics collection of 76
ceramics collection | 59
ceramics collections , 66
ceramics collections . 60
ceramics combined with 46
ceramics come from 69
ceramics comes from 660
ceramics community , 109
ceramics community . 212
ceramics community for 61
ceramics companies . 53
ceramics companies consultants 173
ceramics company ! 4432
ceramics company , 133
ceramics company . 92
ceramics company </S> 41
ceramics company facing 145
ceramics company in 181
ceramics company started 137
ceramics company that 87
ceramics component ( 76
ceramics composed of 85

serve as the incoming 92
serve as the incubator 99
serve as the independent 794
serve as the index 223

serve as the indication 72
serve as the indicator 120
serve as the indicators 45
serve as the indispensable 111
serve as the indispensible 40
serve as the individual 234
serve as the industrial 52
serve as the industry 607
serve as the info 42

serve as the informal 102
serve as the information 838
serve as the informational 41
serve as the infrastructure 500
serve as the initial 5331
serve as the initiating 125
serve as the initiation 63
serve as the initiator 81
serve as the injector 56
serve as the inlet 41

serve as the inner 87

serve as the input 1323
serve as the inputs 189
serve as the insertion 49
serve as the insourced 67
serve as the inspection 43
serve as the inspector 66
serve as the inspiration 1390
serve as the installation 136
serve as the institute 187



Levels of text representations

Part-of-speech tags
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Partof-Speech level

By introducing part-of-speech tags we introduce

word-types enabling to differentiate words functions
¢ For text-analysis part-of-speech information is used mainly

f or Al nformati on extracti onbo
nNamed entiti es which are Anolt

¢ Another possible use is reduction of the vocabulary
(features)

éit is known that nouns <carry
documents

Part-of-Speech taggers are usually learned by HMM
algorithm on manually tagged data



‘ Partof-Speech Table

part of speech | function or "job" example words example sentences
Verb action or state (to) be, have, do, like, EnglishClub.com is a web site. I
work, sing, can, must like EnglishClub.com.
Moun thing or person pen, dog, work, music, This is my dog. He lives in my
town, London, teacher, | house. We live in London.
John
Adjective describes a noun a/an, the, 69, some, My dog is big. I like big dogs.
good, big, red, well,
interesting
Adverb describes a verb, quickly, silently, well, My dog eats quickly. When he is
adjective or adverb badly, very, really very hungry, he eats really
quickly.
Pronoun replaces a noun I, you, he, she, some Tara is Indian. She is beautiful.
Preposition links a noun to another to, at, after, on, but We went to school on Monday.
word
Conjunction joins clauses or and, but, when I like dogs and 1 like cats. I like
sentences or words cats and dogs. I like dogs but I

don't like cats.

Interjection short exclamation, oh!, ouch!, hi!, well Ouch! That hurts! Hi! How are
sometimes inserted into a you? Well, I don't know.
sentence

http://www.englishclub.com/grammar/parts-of-speech _1.htm
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‘ Partof-Speech examples

verb noun | verb noun wverb | verb

Stop! John | works. John | is working.

pronoun | verb | noun noun verb | adjective | noun

She loves | animals. Animals | like kind people.
noun  wverb noun adverb noun verb adjective | noun
Tara | speaks | English | well. Tara | speaks | good English.

pronoun | verb | preposition adjective | noun adverb

She ran to the station | quickly.

pron. | verb | adj.  noun conjunction | pron. | verb  pron.

She likes | big snakes | but I hate | them.
Here is a sentence that contains every part of speech:

interjection | pron. | conj. | adj. noun | verb prep. | noun | adverb

Well, she and young | John | walk | to school | slowly.

http://www.englishclub.com/grammar/parts-of-speech _2.htm
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Levels of text representations

Taxonomies / thesauri
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Taxonomies/thesaurus level

Thesaurus has a main function to connect different
surface word forms with the same meaning into one
sense (synonyms)

c eadditionally we often use hy
general-to-specific word senses

c eby using synonyms and hyperr
the feature vectors

The most commonly used general thesaurus Is

WordNet which exists in many other languages (e.g.

EuroWordNet)

¢ http://www.illc.uva.nl/EuroWordNet/



http://www.illc.uva.nl/EuroWordNet/

WordNeto database of lexical relations

WordNet is the most well | Catogory Tomaoe | Nomber
developed and widely used lexical Forms | of

database for English Senses
céit consist from 4Ny a|*H%b a8°¢’s

verbs, adjeCti\Wtb&)/' Verb 10319 | 22066
Each database consists from Adjective | 20170 | 29881

sense entries I each sense ndverh 2526 lsers
consists from a set of synonyms,
e.g.:

¢ musician, instrumentalist, player
¢ person, individual, someone
¢ life form, organism, being
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WordNet relations

Each WordNet entry is connected with other entries in the graph
through relations

Relations in the database of nouns:

Relation Definition Example

Hypernym From lower to higher breakfast -> meal
concepts

Hyponym From concepts to meal -> lunch
subordinates

Has-Member From groups to their faculty -> professor
members

Member-Of From members to their | copilot -> crew
groups

Has-Part From wholes to parts table -> leg

Part-Of From parts to wholes course -> meal

Antonym Opposites leader -> follower




Levels of text representations

Vector-space model
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Vectorspace model level

The most common way to deal with documents is
first to transform them into sparse numeric vectors
and then deal with them with linear algebra

operations
c éby this, we forget everythi
within the text
c éthis iIis sometimes called ns
way of forgetting about the

efficiency of solving many relevant problems

This representation i-G-WoeflsbpD
or n \Vepace-Mlodel 0O

Typical tasks on vector-space-model are classification,
clustering, visualization etc.

N



Bagof-words document
representation

0 learning
3 journal
- M - 2 intelligence
Journal of Artificial Intelligence 0 text
0 agent
TATR is arefereed journal, coverd £as 1 internet
of Artificial Intelli L wrbéeh i3 distributed —’_///# 0 webwatcher
free of ch e T ohume ~_ |
EED. argal oY E',]I'f ernet. Each wo uma\\ 0 }]E!I'IE
of the jowrndl is also published by Morgan
Eaufman....
1 | volume
L .




Word weighting

In the bag-of-words representation each word Is
represented as a separate variable having
numeric weight (importance)

The most popular weighting schema is
normalized word frequency TFIDF:

tHidf (W) = tf . log(——)
r of word occurreng:! igyv)cument)

(number of documents containing the word)

Tf(w) T term frequency (num
Df(w) i document frequen
N T number of all docu
Tfldf(w) T relative impgtrtance of the word in the document

The word is more important if it appears The word is more important if it
several times in a target document appears in less documents



Example document and its vector
representation

TRUMP MAKES BID FOR CONTROL OF RESORTS Casino owner

and real estate Donald Trump has offered to acquire all Class B

common shares of Resorts International Inc, a spokesman for Trump

said. The estate of late Resorts chairman James M. Crosby owns

340,783 of the 752,297 Class B shares. Resorts also has about

6,432,000 Class A common shares outstanding. Each Class B share

has 100 times the voting power of a Class A share, giving the Class \

B stock about 93 pct of Resorts' voting power. v
Original text

[RESORTS:0.624] [CLASS:0.487] [TRUMP:0.367] [VOTING:0.171]

[ESTATE:0.166] [POWER:0.134] [CROSBY:0.134] [CASINO:0.119]

'DEVELOPER:0.118] [SHARES:0.117] [OWNER:0.102] 5 ¢ \Word
'DONALD:0.097] [COMMON:0.093] [GIVING:0.081] [OWNS:0.080] ag-of-woras
IMAKES:0.078] [TIMES:0.075] [SHARE:0.072] [JAMES:0.070#——— representation
'REAL:0.068] [CONTROL:0.065] [ACQUIRE:0.064] hiah di onal
(OFFERED:0.063] [BID:0.063] [LATE:0.062] [OUTSTANDING:0.056]  (Nigh dimensiona
'SPOKESMAN:0.049] [CHAIRMAN:0.049] [INTERNATIONAL:0.041]  sparse vector)
'STOCK:0.035] [YORK:0.035] [PCT:0.022] [MARCH:0.011]




Similarity between document vectors

Each document is represented as a vector of weights

D =<x>

Cosine similarity (dot product) is the most widely used
similarity measure between two document vectors

c ecalcul ates cosine of the ang
c eefficient to calculate (sum
ceéeésimilarity value between 0 (

Zxﬂ X,
IR

S"T(Dl’ Dz) —



Levels of text representations

Language models
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Language model level

Language modeling is about determining
probability of a sequence of words

¢ The task typically gets reduced to the estimating
probabilities of a next word given two previous
words (trigram model):

Frequencies
.« of word

i Clw; —swWi—1w;
P(w;|w;—sw;_1) = (_, S i) sequences
' C(w;—2w;—1)

¢ It has many applications including speech
recognition, OCR, handwriting recognition,
machine translation and spelling correction




Levels of text representations

Full-parsing
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Fullparsing level

Parsing provides maximum structural information
per sentence

On the input we get a sentence, on the output we
generate a parse tree

For most of the methods dealing with the text data
the information in parse trees is too complex



Levels of text representations

Cross-modality
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Crossmodality level

It is very often the case that objects are represented
with different data types:

Text documents

Multilingual texts documents
Images

Video

Social networks

¢ Sensor networks

ét he qguestion Is how to cr
different representation so that we can benefit using
more information about the same objects

O 0 0 O O



Example: Aligning text with
audio, images and video

A

The wteodhéas sever al
(http://www.answers.com/tie&r=67)

¢

¢

Out of each representation we can get set of
features and the idea is to correlate them

¢

Textual

Multilingual text

A (tie, kravata, krawat
Audio

Image:

A http://images.google.com/images?hl=en&g=necktie
Video (movie on the right)

KCCA (Kernel Correlation Analysis) method
generates mappings between different

repr esent artodatty seutraldot o afd a
representation



http://www.answers.com/tie&r=67
http://images.google.com/images?hl=en&q=necktie

Levels of text representations

Collaborative tagging / Web2.0
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Collaborative tagging

Collaborative tagging Is a process of adding
metadata to annotate content (e.g.
documents, web sites, photos)

cémetadata Is typically i

cethis I s done I n a coll a
users from larger community collectively having
good coverage of many topics

céas a result we get anno
enable comparability of annotated data entries



‘ Example: flickr.com tagging

f Flickr: Search - Windows Internet Explorer

W @ ‘OOFlickr: Search [ |

g l” http:/fwww.flickr.com/search/?q=slovenia@m=text V‘ 2| X ‘ ' R~
File Edit View Favorites Tools Help
Google G+ fick vGos © B v €3 Bookmarksy DaeRark . B3 182blocked % Check v > () settings~

B- B @ - [Cresce~ Groos -

Lake Bled - Slovenia
p 13 April 2006

By FLY!
See more photos, orvisit his

profile.

(] mountain, lake, alps, church ...

Lake Bled, Slovenia April 2007

aded on 12 April 2007

e \ By jeremy_reds
78 See more photos, or visit

jeremy_reds’ profile.

ake, church, island, slovenia ..

Trkaj

on 12 August 2007

| By Matjaz Rust
« 4. See more photos, or visit his

profile.

() show, africa, festival, concert ..

/

/

b ¢

Tags entered
by users
annotating
photos

|

o Internet

#100% ~




‘ Example: del.icio.us tagging

{f' del.icio.us search for "textmining” - Windows Internet Explorer

@ Lo P http: //del.icio .us/search/?fr=del_ido_us&p =textmining&type =all V| 4| X |

File Edit View Favorites Tools Help

Google G- v oo & B ~ 1% Bookmarksw B3Pk o [ 13oblocked 07 Check ~ () settings~
— - an »

i:? alp [f del.icio.us search for "textmining” l l ﬁ - B - - ,'_;;"EEQE v i) Tools =

.. del.icio.us / search

popular | recent

login | register | help

Search results for textmining textmining || del.icio.us v“ search |

Related tags: textmining datamining search nlp text software research java bicinformatics programming
showing 1-10 of 1378

= previous | next =

Text Analytics Solutions from ClearFor
%Text mining the New York Times | E echnology Trends
_éATE, A General Architecture for Text Engin
fl%ext mining - Wikipedia, the free encycl
éress release @ the bren schoaol ofgrfafmation and computer
iopic Modeling Toolbox
F.t:ext-mining_org

F.(:ext-mining_org

Text-Garden - Text-Mining Software T,

KH Coder Index Page

= previous | next »

!

Tags entered
by users
annotating
Web sites

e Internet

| 100% <




Levels of text representations
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Templates / Frames




Template / frames level

Templates are the mechanism for extracting
the information from text

cetempl ates al ways focuse
which includes consistent patterns on where
specific information is positioned

¢ Templates are one of the basic methods for
Information extraction



Examples of templates of KnowltAll system

Generic approach of extracting is described in

¢ Unsupervised named-entity extraction from the Web: An
experimental study (Oren Etzioni et al)

KnowltAll system uses the following generic templates:
NP fnand<clagslrer o

NP fnor <oassh>r o
<classl>fiespecial l yo NPLi st
<classl>ni ncl udi ngo NPLIi st
<classl>nsuch aso NPLi st
Nnsuedassl>Naso NPLi st

NP 0 ikdassa>

NP ni sclagsb>e o

eeach template represents s
between the words appearing in the variable slots

From template patterns KnowltAll bootstraps new templates

O 0 O 0O O 0O O 0



Levels of text representations
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Ontologies / First order theories




Ontologies level

Ontologies are the most general formalism
for describing data objects

céin the recent years ont
through Semantic Web and OWL standard

¢ Ontologies can be of various complexity 7 from
relatively simple ones (light weight described with
simple) to heavy weight (described with first order
theories.

¢ Ontologies could be understood also as very
generic data-models where we can store
extracted information from text



Example: text represented in the First Order Logic

General Knowledge about Terrorism:

Terrorist groups are capable of directing assassinations:
(implies
(isa ?7GROUP TerroristGroup)
(behaviorCapable 7?GROUP AssassinatingSomeone directingAgent))

é
If a terrorist group considers an agent an enemy, that agent is vulnerable to an attack by that group:
(implies
(and
(isa ?GROUP TerroristGroup)
(considersAsEnemy ?GROUP ?TARGET))
(vulnerableTo 7GROUP ?TARGET TerroristAttack))
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General Knowledge about Terrorism

Specific data, facts, and observations
about terrorist groups and activities




