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Soclal Text Data

A Various kinds of social media
I Text data is one of the most important data types

ATweets

ABlogs

AComments g‘g_@co /gle+
AProfiles ‘“‘ rwitte’l yuu
AMessages

AX X



Characteristics of social text data

A Useroriented

I Social text data Is created by users themselves

AA social networking account correspondsato offline
user in real life

AUsers can generate text conterds theylike

Alt provides a valuable data resource to understand
social users



Characteristics of social text data

A Opinionated text
Not only including facts

scritd16 Hotel Indigo New York City, Chelsea
Level @) Contributor ~ “Great location, enjoyable stay
\ 8 52 reviews 00000
Q 41 helpful votes
lh Thomas M Riverside Tower
“ ' Amex Traveler ‘A great location, a reasonable hotel’

LeveleCnntriDutﬂr (00066
£ 19 reviews
j’f;}} 29 helpful votes

* * Mary A Casablanca Hotel Times Square
P e Level @ contributor ‘Lovely Hotel in Times Square’
* * ) 27 reviews 00000,

jfg, 39 helpful votes



Characteristics of social text data

A Informal and noisy text
I New terms were created by users
I A traditional vocabulary cannot work

Great job @justinbieber! Were
SOOIPROUD of what|vouve
accomplished !taught us 2

#neversaynever & you yourself
“should never give up either®




Characteristics of social text data

A Richlink text

I On Twitter, we can simply connect ourselves with
any celebrity account by using two typical ways:

Amention (@) and retweet R

Great job| @justinbieber!|Were
SO0 PROUD of what youve
accomplished! U taught us 2

#neversaynever & you yourself
“should never give up either®




Characteristics of social text data

A Richtype text

I Multiple types of information are often embedded
In the text
AE.g.,
I Hashtag

I Checkins (Location and time)
I Phone type

Great job @justinbieber! Were — #ssfia » v
FEISSLNMTEER , DG , FRSLODNEN , FESFR , SEIEH , BIRZ
SOO PROUD of what youve BWwsr, Trmunsa , aBEEEN , FETiE SR SR A T

=B, AftaAFFriEEs , WEESHR , itENE—REITE o =257

o

]

accomplished! U taught us 2
#neversavnever|& you yourself
“should never give up either®
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Tokenization

A For English
I Delimiterbased tokenization method

Input: Friends, Bomans, Countrymen, lend me yvour ears;

Friends | | Romans | | Countrymen | |lend your | |ears

2

Cutput :

| Is It a simple task?
Mr. 0"Neill thinks that the bows stories about Chile’ s capital aren’ t amusing.

For O'Neill,

tnd for arem’t, 1=z it:

A

[o][2]
HH



Chinese Segmentation

A For Chinese

I No space characters help

At ->T - - -
I (He is going to HK tomorrow.)

I Nearly a weldone task

AOn standard text collections, the accuracy is very high
For social text data, it needs more improving

AChallenge: informal writing styles and euit
vocabulary terms
I E.g., new terms created by social users



Fundamental natural language

processing technigues
A Turn text into semantic units

A Provide semantic units with meaningful
annotations



Partof-speechtagging

A Word-category tagging/labeling/classification

Open class (lexical) words
Nouns Verbs Adjectives old older oldest
Proper Common Main Adverbs slowly
IBM cat / cats see
ltaly snow registered Numbers  more
|| 122,312
. one
Closed class (functional
( ) Modals
Determiners the some can Prepositions to with
had
Conjunctions and or Particles off up ... more
Pronouns he its Interjections Ow Eh




Partof-speechtagging (POS tagging)
A Word-category tagging

Stanford Parser

Flease enter a sentence 1o be parsed
W dogz alzo likez easting =ausage.

Language: | English * Sample Sentence Parse

Your query

My dog also likes egting sausage.

Tagaging

M/ FRFE alzofRE  liles/VBI eating_f‘.l"EG..u'r.



Named EntityRecognition (NER)

A A very important taskiind andclassifyentity
mentions intext, for example

I The decision by the independent MP Andréfilkieto
withdraw his support for the minority Labor
government sounded dramatic but it should not
further threaten its stability. When, after the 2010
election,Wilkie, RobOakeshott Tony Windsor and the
Greens agreed to support Labor, they gave just two
guarantees: confidence and supply



Named Entity RecognitigiNER)

A A very importantask find and classifyentity
mentions intext, for example:

I The decision by the independent M¥adrewWilkieto
withdraw his support for the minoritizabor
government sounded dramatic but it should not
further threaten its stability. When, after th2010
election,Wilkie, RobOakeshotf Tony Windsoand the
Greensagreed to support.abor they gave just two
guarantees: confidence and supply



Named EntityRecognitionNER)

A A very importantask find andclassifyentity
mentions intext, for example:

I The decision by the independent M¥drew Wilkie to
withdraw his support for the minoritizabor
government sounded dramatic but it should not
further threaten its stability. When, after th2010
election,Wilkie, RobOakeshott Tony Windsorand
the Greensagreed to support.abor, they gave just
two guarantees: confidence and supply

PersonDate LocationOrganization



Entity Linking

A PresidentObamawon the 2009 Nobel Peace
Prize

Barack Obama %KIEPEPE‘

Fron Wikipedia, the free encyclopedia
(kedirected from Obama)

“Barack” and Ubama” redirect Aere. For hix father, sec Bavack Obams Sr. For other uses of Pavack”, see Favsck (dizambigustion). For other uses of Dbams”, sec Obams (disamwbiguatiom).

Barack Hussein Obama IT (U5 1/he'volk 4 2103] boyn mngust 4, 1961) is an American politician serving as the 44tk President of the Imited States. He is the first African Amevican to

Barack Obama

hold the office, as well as the first president born outside of the continental United States. Born in Homolulu, Hawaii, Obama is a graduats of Columbia University and Harward Law School, where he
served as president of the Harvard [ew Review. He was a conmunity organizer in Chicsgo before ewrning his law degree. He worked as a riwil rights attorney and taught constitutional law at
Uniwersity of Chicage Law School between 1802 and 2004. He sexved three terms zepresenting the 13th District in the Illinois Semate frem 1957 to 2004, and zan wnsuccessfully in the Democratic
primary for the United States House of Representatives in 2000 against incumbent Bobby Rush.

In 2004, Obama received national attention during his canpaign to represent Illinois in the United States Seaate with his victory in the March Democzatic Party primary, his kewnote address at the
Democratic Nationzl Convention in Tuly, and his election to the Senate in November. He began his presidentisl campaign in 2007 and, after a close primary cenpaign against Hillary Rodham Clinton in
2008, he won sufficient delegates in the Democratic Party primaries to recsive the presidential momination. He then defsated Republican nomines John WcCain in the general elsction, and was

inaugurated as president on January 20, 2009. Nine months after his inauguration, Obama was named the 2008 Nobel Peace Prize laureate.

During his first two years in offics, Obama signsd into law sconomic stimulus lsgislation in response to ths Great Recession in ths form of the American Recovery and Reinvestment Act of 2008 and

the Tax Relief, Unemployment Insurance Reauthorization, and Job Creation Act of 2010. Other major domsstic imitiatives in his first term included the Patient Protection and Affordabls Cave Act,

often referred to as “Obamacars”; the Dodd ~ Frank Wall Street Reform and Consumer Protsction Act; and the Don’t isk, Don't Tell Repeal ict of 2010. In foreign policy, Obama ended LS. military

involvement in the Irag War, increased U.3. troop levels in Afghanistan, signed the Wew START arms control treaty with Russia, ordered U. 3. military inwolvement in Libya in opposition to Muammar

Gaddafi, and crdered the military ocperation that resulted in the death of Osama bin Laden. In January 2011, the Republicans regained comtrol of the House of Representatiwes as the Democratic Party

lost a total of 63 seats; and, after a lengthy debate ower federal spending and whethsr or not to raise the nation’= debt limit, Obama signed the Budget Comtral Act of 2011 and the 4merican 44th President of the United States
Taspayer Relief Aot of 2012. Tneunbent

Assmned office
Tannary 20, 2009

Obana was Teslected president in November 201Z, defsating Republican nominee Witt Romney, and was sworn in for a second term on January 20, 2013. During his second term, Obama has promated

domestic policies related to gun control in Tespomse to the Sandy Hook Elementary School shooting, and has called for greater inclusiveness for LGET Anericans, whils his administration has filed
¥ice President Joe Biden
briefs which urged the Supreme Court to strike down part of the federal Defense of Marriage Act and state level same-sex marriage bans as umconstitutional. In foreign policy, Obama ordered U. 5.
K . K K X X Preceded by  George ¥. Bush
military intervention in Irag in zesponse to gains made by the Islanic State after the 2011 withdrawal from Iraq, coatinued the process of ending U. 5. combat operations in Afghanistan, promoted
United States Semator

discussions that led to the 2015 Paris Agreement on global climate change, brokered a nuclear deal with Iran, and normalized WL 3. relations with Cuba. —
om T1linois
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Statistical topic models

A Question:

I Given a large text dataset, how do we know the
major topics in it?

We need a way to summarize and compress information



Statistical topic models

A Output I
| Topics
(/LY

“Genetics”
human
genome
dna
genetic
genes
sequence
gene
molecular
sequencing
map
information
genetics
mapping

project
sequences

“Evolution”
evolution
evolutionary
species
organisms
life
origin
biology
groups
phylogenetic
living
diversity
group
new
two
common

“Disease”
disease
host
bacteria
diseases
resistance
bacterial
new
strains
control
infectious
malaria
parasite
parasites
united
tuberculosis

6S dzy RSNER U2 2R

“Computers”

computer
models
information
data
computers
system
network
systems
model
parallel
methods
netwaorks
software
new
simulations



Statistical topic models

A Output II:
I Perdocument topic distribution

Probability

0.4

0.3

0.2

0.1

0.0

i/ Yy 685

e Al

dzy RSNA G2 2R

“Genetics”
human
genome
dna
genetic
genes
seqguence
gene
molecular
sequencing
map
information
genetics
mapping
project
sequences

1 8 16 26 36 46 56 66 76
Topics

86 96

“Evolution”
evolution
evolutionary
species
organisms
life
origin
biology
groups
phylogenetic
living
diversity
group
new
two
common

“Disease”
disease
host
bacteria
diseases
resistance
bacterial
new
strains
control
infectious
malaria
parasite
parasites
united
tuberculosis

“Computers”
computer
models
information
data
computers
system
network
systems
model
parallel
methods
networks
software
new
simulations



Statistical topic models

A Put together

Topic proportions and

Topics Documents assignments

gene 0.04

e Seeking Life’s Bare (Genetic) Necessities

LR CoOLD SPRING HARBOR, NEW YORK— “are not all thar far apart,” cspecially in

How many does an BEgARISM need to comparison to the 75,000 in the hu
\/ supvived Last week at the genome meeting menome, notes Siv Andersson o8erala

here,™ two genome rescarchers with radically University in SWotbem= m.. ¢
different approaches presented complemen- up with acons
life 0.02 tary views of the basic genes needed for e
e vey - :
evolve 0.01 One rese H\h team, using an YI\
. 0.01 ses to compare known concluded more \
QEgatS * that today’s BRSNS cn be sustained with  sequenced. “It may be a w:
1 just 250 genes, and that the carliest life forms any newly | " explains ]
required a mere 128 The o Arcady Mushegian, a comy nal mo /
/ other researcher mapped genes lecular biologist at the Natiaggl Center
in a simple parasite and esti-  / for Biotechnology Information TNCBI)
Haemophilus . %
mated that for this organism, [ genome: in Bethesda, Maryland. Comparing :
800 genes are plenty todo the i eod )
brain 0.04 job—but that anything short  \ LA C
neuron 0.02 of 100 wouldn't be enough AN /i;gmonl«;‘: o ol =128 genes g
nerve 0.01 Although the numbers don't o 2 gwnbs = g
) l inima 1 g
S match precisely, those \ M:;{:w: — | 20 et () &
\ genes ]
/ R
* Genome Mapping and Sequenc- ~—
ing, Cold Spring Harbor, New York, Stripping down. Computer analysis yields an esti-
May 8 to 12 mate of the minimum modern and ancient genomes.
data 0.02 o— o 3
SCIENCE & VOL. 272 « 24 1996
number 0.02
computer 0.01 [
“1 ] [

M



Key ideas In topic models

A Capturingword co-occurrence

I If two words frequently capccur in documents,
these two words tend to be captured in top
positions of the same topics

I The number of training documents are supposed

to be large
AA few hundred documents will not work well



Semantic Analysis Model

A Statisti@l topic models

A Word embedding model



Word embedding

he curtains open and the
ars and the cold , close
rough the night with the
made in the light of the

surely under the bright
sun , the seasons of the
m is dazzling snow , the
un and the temple of the

in the dark and now the
bird on the shape of the
But I could n’t see the
they love the sun , the
r the light of the shiny
man ’s first look at the
rief information on both

stars
stars
stars
stars
stars
stars
stars
stars
stars
stars
stars
stars
stars
stars
stars

A Distributional semantics

shining in on the barely
" . And neither of the
shining so brightly , it
It all boils down , wr
, thrilled by ice-white
7 Home , alone , Jay pla
have risen full and cold
, driving out of the hug
rise , full and amber a
over the trees in front
or the moon , only the
and the stars None of
The plash of flowing w
; various exhibits , aer
and constellations, inc



Word embedding

A Distributional semantics

Construct vector representations

shining bright trees dark look
stars 38 45 2 27 12

Similarity in meaning as vector similarity

e cucumber

e stars
® Sun




Word2Vec

A Input: a sequence of word tokens from a
vocabulary

I Requiring a large amount of documents

A Output: a fixedlength embedding vector for
each term in the vocabulary

I The embedding vector usually has several
hundred dimensions with dense values



Word embedding

A Usage: finding similar words
i dzS NE

1903 P2

Word

norway
denmark
finland
switzerland
belgium
netherlands
iceland
estonia
slovenia

Cosine distance

S o oo e e )

. 760124
. 715460
.620022
.588132
. 585835
.574631
.562368
.947621
.531408

A v
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Interesting Observations

A ChinaBeijing = JapanTokyo



