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Who Am I?

* Hongning Wang
— Assistant professor in CS@UVa since August 2014
— Research areas

* Information retrieval
 Data mining
e Machine learning
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What Am | Doing at UVa?

e Sentiment analysis with topic modeling

By: Kindle Customer

Date:June 25, 2014

Topic

Samsung Galaxy Note 10.1

Amazon Kindle Fire HDX

(+, battery)

Battery life is very good, it is easily an all day device
with wifi on and high brightness while taking notes

Battery life is ok - probably need to recharge every
other day with normal use

(-, battery)

My only issue is that it takes a long time to take a full
charge and does not charge rapidly enough to use while
charging, but the battery life is not bad

Everything works great, but the battery life is not
nearly as long as advertised

(+, sound)

it has pretty good battery life. it also has an excellent
quality sounding speakers, which i wasn’t expecting on
any tablet

Sound is really good (not home theater quality or
anything) but better than any phone I've heard.

(-, sound)

The audio became occasionally inoperative and the
headphone jack would crackle when using my ear buds

Users can get confused with volume buttons on the
other side

quad core processor runs everything quickly and

The device features a fast 2.2GHz quad-core

(+. cpu) processor and 2GB of RAM for fast that run apps.
smoothly T . .
i games, and videos smoothly without an issues.
(~.cpu) The OS was fast at first but as [ added Apps it got Compared to a galaxy note which is the same price,

slower and choppy

the Kindle HDX seems to have a slower processor

{sound,-}

those low standards




What Am | Doing at UVa?

* |nteractive online recommendation

— Modeling recommendation as a two-party game

Strategy?

« !

amazon

Goal: Challenge:

1) Unknown preference;

2) Feedback is acquired on the
I fly, and it is not free!
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What Am | Doing at UVa?

* Yahoo frontpage news recommendation

Reward-Return UCB
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18,882 users, 188,384 articles, and 9,984,879 logged
events segmented into 1,123,583 sessions.

CS@UVa CS6501: Text Mining



What Am | Doing at UVa?

* Personalization techniques raise serious public
concerns about privacy infringement

No means for users to opt-out data collection!
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What Am | Doing at UVa?

* Privacy-preserving personalization

Stronger privacy guarantee than k-anonymity

ﬂatent group 1 latent group 2\ Step t: genuine & /

True search intent: cover-up queries Inferred search intent:

0, 0,
“polycystic ovary = 29% health, 8% sports,
5% vacation....

syndrome treatment” S, By, P, y Step t+1: search
O Sf 60,) %, 6@% ‘s, (% Pl
C@ resuits
latent group 3 latent group k
Step t+2: genuine
& pseudo clicks )
%0, % Sog. by
Of@/ @‘6? ’ $‘€@(6 ,)/S
User Cllent: balance prlvacy-preservatlon and personalization Service provider
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What are about you?

Why do you choose this course?
Anything specific you want me to know?

What type of text data do you often
encounter in your projects?

What kind of knowledge do you want to
extract from it?



What is “Text Mining”?

o “Text mining, also referred to as text data
mining, roughly equivalent to text analytics,
refers to the process of deriving high-quality
information from text.” - wikipedia

e “Another way to view text data mining is as a
process of exploratory data analysis that
leads to heretofore unknown information, or
to answers for questions for which the answer
is not currently known.” - Hearst, 1999



Two different definitions of mining

 Goal-oriented (effectiveness driven)

— Any process that generates useful results that are non-
obvious is called “mining”.

— Keywords: “useful” + “non-obvious”
— Data isn’t necessarily massive

e Method-oriented (efficiency driven)

— Any process that involves extracting information from
massive data is called “mining”

— Keywords: “massive” + “pattern”
— Patterns aren’t necessarily useful



Knowledge discovery from text data

e |[BM’s Watson wins at Jeopardy! - 2011

%
&
$300,000 [ 51,000,000 i RN $200,000

e GRS

B KO 1B
Who 15 Steker? | Who Is Bram ‘ i
q Rb Snr HELC s lon | Stoker? A 'Wataf_?
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https://www.youtube.com/watch?v=P18EdAKuC1U
https://www.youtube.com/watch?v=P18EdAKuC1U

An overview of Watson

Questic

aestinn Ef

=

* On questions, at the start of question analysis

* On primary search results, before candidate answer generation

* On supporting evidence, before deep evidence scoring

Candidate
Answer

Answer
Scoring

Evidence
Sources

Deep
Evidence
Scoring

Evidence
Retrieval

L earmmed Models
help combine and
weigh the Evidence

Models

Topic on :
A Decomposition Generation .

Hypothesis and

Evidence Scornng L LI

Final Confidence
Merging &

Ranking

v

Answer &
Confidence

Ao oy
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What is inside Watson?

e “Watson had access to 200 million pages of
structured and unstructured content consuming
four terabytes of disk storage including the full
text of Wikipedia” — PC World

e “The sources of information for Watson include
encyclopedias, dictionaries, thesauri, newswire
articles, and literary works. Watson also used
databases, taxonomies, and ontologies.
Specifically, DBPedia, WordNet, and Yago were
used.” — Al Magazine




What is inside Watson?

* DeepQA system

— “Watson’s main innovation was not in the creation
of a new algorithm for this operation but rather its
ability to quickly execute hundreds of proven
language analysis algorithms simultaneously to
find the correct answer.” — New York Times

— The DeepQA Research Team



http://researcher.watson.ibm.com/researcher/view_group_pubs.php?grp=2099

Text mining around us

e Sentiment analysis

Twitter OSCARS" Index

Powerad by TOPSY

BEST PICTURE pdsam-TIREL BEST ACTRESS BEST SUPPORTING ACTOR  BEST SUPPORTING ACTRESS  BEST DIRECTOR

Al Amouwr  Arge  Beasts of the Southerm Wild  Django Unchained  Lile ol Pi Lincoln  Les Miséables  Silver Linings Ploybook  lera Derk Thirty

FEERUARY 20




Text mining around us

e Sentiment analysis
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3
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Text mining around us

e Document summarization

perafing
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e Document summarization

I> bing

CS@UVa

Text mining around us

text mining
Web Images Videos Maps Mews Mare
19,200,000 RESULTS Any time -

Text mining - Wikipedia, the free encyclopedia
en.wikipedia.org/wikiText mining =

Text mining

Text mining. also referred to as text data mining, roughly equivalent to text analytics,

refers to the process of deriving high-quality information from text. High ...

Text mining and text __ - History - Text analysis processes - Applications

Text Mining (Big Data, Unstructured Data)
www_statsoft. com/Textbook/Text-Mining ~
Text Mining Introductory Overview. The purpose of Text Mining is to process

unstructured (textual) information, extract meaningful numeric indices from the text, ..

Text Mining

academic.research.microsoft.com/Keyword/41731/text-mining ~

Text mining is defined as knowledge discovery in large text collections. It detects
interesting patterns such as clusters, associations, deviations, similarities, and ..

What is text mining (text analytics)? - Definition from ...
searchbusinessanalytics.techtarget. com/definition/text-mining ~

Text mining is the analysis of data contained in natural language text. The application of

text mining technigues to solve business problems is called text analytics.

CS6501: Text Mining

Text mining, also referred to as text data mining, roughly equivalent to
text analytics, refers to the process of deriving high-quality information
from text. High-guality information is typically derived through the
devising of patterns and trends through means such as statistical
pattern learning. Text mining usually involves the process of struct... +

en.wikipedia.org

Related people: Junichi Tsujii - Alfonso Valencia - Tomoko Ohta -
Carol Friedman - Michael Berry - Hsinchun Chen

People also search for: Sentiment analysis - Natural language
processing - Web mining - Analytics - Cluster analysis +

Data from: Wikipedia - Freebase
Feedback

Related searches
Text Analysis Software

Text Analytics
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Text mining around us

e Movie recommendation

FOREIGN SUGGESTIONS (about 104) secall>

. i‘E" Tell No One Let the Right 3 I've Loved You Downfall
K,\. One In So Long
Because you Because you
enjoyed: Because you Because you 8 cnjoyed:
Memento enjoyed: enjoyed: Das Boot

Syriana

Children of Men

Seven Samurai
This Is Spinal Tap
The Big Lebowski

d The Queen

Syriana
Good Night, and

¥ Good Luck

The Killing Fields
Seven Samurai

* W R T

® Mot Interested

* R R

© Mot Interested

TR

® Mot Interested

DRAMA SUGGESTIONS (about 82) seeall =

The Wrestler The Visitor Brick The Planist
THE WRESTLER
Because you Because you Because you Because you
enjoyed: enjoyed: enjoyed: enjoyed:
Sin City Gandhi The Big Lebowski Amadeus
Reservoir Dogs The Motorcycle Rushmore The Killing Fields
Diaries

The Big Lebowski

Fight Club

! Empire of the Sun

E — . The Queen

| Add |
% e &

© Mot Interested

* W W

© Mot Interasted

* W W W

® Mot Interested

2.8 .8 &%

® Mot Interested
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Text mining around us

e Restaurant/hotel recommendation

Near Charlottesville, VA

Hotels +  Fiights  Vacafion Rentals Restaurants + Thingsfo Do~  Bestof2015  Your Friends §

Mare v Wrile a Review ~

Search

Bodo’s Bagels
BIOOI0L 196 reviews | L Dsiis

$ - Bagels, Breakfast & Brunch, Sandwiches | Ed

e 9___

& Federal Executive
institute

@G@ Map dats ©2016 Google.
1418 Emmet 5tN & Edit
Charlottesville, VA 22903
Get Directions
, (434) 9779598
< Message the business

» bodosbagels com

could dream of you can find at Bodos ™ in 38 reviews

5 “Almost any combination of bagel, cream cheese or spread or sandwich you
50.60 Cream Cheese

“A few favorite items would include the Everything bagel with the Deli Egg
9‘ which has a tasty meaty center encased in steaming hot eggs.” in 4 reviews
L )

8 “There's a reason why Boba's has been in business since well before | was a
UVa.” in 10 reviews

English (186)

Recommended Reviews

Sort by Highest Rated =

CS@UVa

Turkey with lettuce and pesto and
Zach R

= Seeal 36

Today 6:30 am - 8:00 pm Closed now

wq Full menu

Price range Under $10

Hours

Mon 6:30 am - 8:00 pm
Tue 6:30 am - 8:00 pm Closed now
Wed 630 am - 8:00 pm
Thu 6:30 am - 8:00 pm
Fri 6:30 am - 8:00 pm
Sat 7:00 am - 8:00 pm
Sun 8:00 am - 4:00 pm
, s info

@ New York City, New York, United States Q, What are you looking for?

United States » New York (NY) » New York Gity » New York City Hotels

Hilton Times Square
@@@®@® 4.919 Reviews  #70 of 467 Hotels in New York City

[] +1855-271-3621 4 Hoteldeals | [ Hotelwebsite @ 234 West 42nd Street, New York City, NY 10036
Special Offer TripAdvisor Special Offer

@ Certificate of Excellence

Pricefinder
Enter dates for best prices

Check In Check Out

Check Availability ‘

Book on @@ tripadvisor
or compare prices from up to 200 sites including

@ Expedia

Booking.com

Aok Pets Allowed

Overview Reviews (4,919) Photos (1,654) Location Amenities Q&A (129)

4,919 Reviews from our TripAdvisor Community

CS6501: Text Mining

TraveleFphotos

(1568) i

Times Square / Theater District

Room Tips (1,085) T Save

21



Text mining around us

e News recommendation

Flying high: Airstream can't keep up with demand

JACKSON CENTER, Ohio (AP) — Bob Wheeler still gets the question
sometimes when people find out he runs the company that builds those shiny
aluminum campers: "Airstreams? They still make those?"

Associated Press

North Korea's Internet down again. US spooks at work?

Morth Korea's web connection to the rest of the world — always sketchy and limited at best —
went on the blink again Saturday. Most Morth Koreans wouldn't have noticed, of course. But
Christian Science Monitor

Wisconsin man keeps 40-year-old Christmas tree up until
soh returns

By Brendan O'Brien (Reuters) - A Wisconsin man will refuse for about the
40th time to partake in the annual after-holiday chore of putting Christmas
Reuters

MNavy Helicopter Drone Completes First Round of Testing

Imagine trying to land a remote-controlled helicopter on top of a motorboat

{ that's speeding across a lake. Navy pilots recently had to contend with just
such a scenario as they tested the U.S. military's newest drone, the MQ-8C
LiveScience.com
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Text mining around us

e Text analytics in financial services

JUNE &

MAY 18 Stock price JUNE 22 AUGUST 17
Facebook I_PG settles at $25 Stock price peaks JuLy 31 Facebook
Sentiment is for a few days. at533 Sentiment drops shares reach
almost neutral back toits a new low
52.1 pts revious lows

MAY 25 JUNE 18 P of $19

Sentiment Sentiment

begins starts 10 JuLy 19

to slide improve Sentiment

shortly slightly sets a new

by stock o

ice.
8]

[ DCM Facebook Sentiment Facebook Stack Price
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Text mining around us

e Text analytics in healthcare

[ REQUEST FOR MEDICAL/DENTAL RECORDS
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A PeR 130430 (943

WebMD-moderated

WebMD® Heart Disease Community

Home
Discussions
Tips
Resources

About This Community
Staying Informed g (v

My Watchlist

Related Men's Health
Communities

All Communities
Community FAQs

Crisis Assistance

Stay Informed
with Newsletters

Sign up for the Heart
Health newsletter and
keep up with all the |atest
news, treatments, and
research with WebMD.

I have read and agree to
WebMD's Friv

Enter Email Address

See All Discussions | Tips | Resources

1 day ago
11 surprising ways to prevent a heart attack
http:/iwww.foxnews.com/health/2016/01/18/11-surprising-wa...
Chances are you're slill riding the New Year's high and you're
motivated and committad to eating healtny w more
Posted by cardiost;
Yes No
2 of 2 found this Resource helpful
0 Replies Report This
1 day ago

Reply- Angiogram
Consultwith an interventional cardiologist and bring the disc of the
angiogram video with you

Fosted by c:
3 Replies Report This
INCLUDES EXPERT CONTENT 2 days ago

Reply: Internal Bleeding after heart cath

Could be thatthere isn't enough in it for the lawyers. My husband lost

his leg because a NP who was supposed w more

Posted by loveRandy

16 Replies Report This
3 days ago

Reply: Trouble Breathing

“You need to consult with a doctor. If you don't have the money to pay

for it, use the internet to find the. w mare

Posted by smacmill

1 Reply Report This

CS6501: Text Mining

Search This Community m

#§ Popular Discussions

* Laugh Your W rdiac Healtn (EIEELS
« conscious control of heart rate

« New Stent Recipient and Scared

+ The Road Home from Heart Surgery

+ 28/y/o chest pain

Start a Discussion | See All

v Helpful Tips

HOW TO EAT FOR A HEALTHY HEART?.
1. Eatfood less in fat, much less saturated and trans-
fat. 2. More servings of fruits and vegetables
considering its variety daily and ... More
Yes No
of 1 found this helpful
« tip for the pain

PostaTip| See All

O Helpful Resources

+ Super-safe iodide may save mil
« Eating More Fruit Cuts Heart D
* Heart Attack Treatment: Timing
* Can heart attack damage be rev
* Causes of Panic Attacks

Posta Resource | See All
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How to perform text mining?

* As computer scientists, we view it as
— Text Mining = Data Mining + Text Data

CS@UVa CS6501: Text Mining

25



Text mining v.s. NLP, IR, DM...

How does it relate to data mining in general?
How does it relate to computational

inguistics?

How does it relate to information retrieval?

Finding Patterns

Finding “Nuggets”

Novel Non-Novel

Non-textual data General Database
data-mining Exploratory | Queries

Comp . . YSIS| |nformation

Textual data Ling Text Mlnln g elign




Text mining in general

Serve for IR Sub-area of Mini
ININ
Access applications DM research &

Filter Discover knowledge
information

\ /
=" |"I/
Based on NLP/ML O .. Add

techniques rganization Structure/Annotations
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Challenges in text mining

e Data collection is “free text”

— Data is not well-organized

e Semi-structured or unstructured

— Natural language text contains ambiguities on many levels
e Lexical, syntactic, semantic, and pragmatic

— Learning techniques for processing text typically need
annotated training examples
e Expensive to acquire at scale

e What to mine?



Text mining problems we will solve

e |Lexical semantics and word senses

— ldentifying which sense of a word (i.e. meaning) is
used in a sentence, when the word has multiple
meanings

Bass: fish

Bass: instrument

CS@UVa CS6501: Text Mining 29



Text mining problems we will solve

e Document categorization

— Adding structures to the text corpus

*ﬁ :ﬁ

C!ass:ﬁcatmn

CS@UVa CS6501: Text Mining 30
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Text mining problems we will solve

e Text clustering

— |dentifying structures in the text corpus

Molecular/
Cellular L5
Biology 9;3 !ﬁ

". :“1, "...Q‘i"-. ’
Infegtious
Diseases &
Microbiglogy

o ¥
g .
Musculoskeletal,
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.o

"Ml ol Neural LCIFIC
o C R -
RN ol Systems I NCCAM
k. prientdl: ; I NCl
w?urﬁiczér-‘f‘%ﬂ{;;. .. Intedifative, ] NCMHD
Pl o Rinctional, & Il NCRR
Ty S Coghitives.. I NEI
5t Neurdscience - % NHGRI
w NHLBI

flar & Stiences e = E:Q:\?S
: [ NIBIB
‘s [ NICHD
o [] NIDA
Il NIDCD
[INIDCR
I NIDDK
[ NIEHS
B NIGMS
K sl B NIMH
A [] NINDS
f ) [CININR
£ Health Services/ T NLM

Behavior

““Heny tolegy’ -

i

" % Popuistion P8,
_&-_ ;' "Epidemiol >

oy
»
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Text mining problems we will solve

* Topic modeling

— |dentifying structures in the text corpus

Topics
gene 0.4
dna 8.82

genetic 0.81

o

R

\.__.-"'"f-d——.

B b

CS@UVa

Topic proportions and

Documents .
assignments

Seeking Life’s Bare (Genetic) Necessities

COLD SPRING H\HHUR \P\\ 1!:'."]{?\.— “are not all char Fae apare,” cipecialle i
Howe many venes an g W need T Colng e 73000 e 1 the |
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Text mining problems we will solve

e Social media and social network analysis

— Exploring additional structure in the text corpus

n Mike Potts’s Professional Netwa *
Linked ([} Maps 1070
.
e
h £
o,
L
¢ 5
- o
s s e ARk o . 1
- w T
. e ‘_, : 1 _" i ]
e S <
iy Mike Potis | 7 o ““*. a
oyl 1 g : e
=7 oy :
= ,,:_'_'__ § F o o
R ™ - y >
= " g - [ ) "F
;. f ] iy
". b - - ‘
o
» u »
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We will also briefly cover

 Natural language processing pipeline

— Tokenization

”Studying text mining is fun!” -> “studying” + “text” +

“o:_ 7

“mining” + “is” + “fun” + “1”

— Part-of-speech tagging VEG) NN [N (VBZ) NN

e “Studying text mining is fun!” -> Studying text mining is fun!

— Dependency parsing

e “Studying text mining is fun!” ->
csub

dobj
VBG/ [NNT'YNN  (vBZIT P YNNJ

Studying text rnlnmg s fun!




We will also briefly cover

e Machine learning techniques

— Supervised methods

* Naive Bayes, k Nearest Neighbors, Logistic Regression

— Unsupervised methods

e K-Means, hierarchical clustering, topic models

— Semi-supervised methods

e Expectation Maximization



Text mining in the era of Big Data

* Huge in size
— Google processes 5.13B queries/day (2013)
— Twitter receives 340M tweets/day (2012)
— Facebook has 2.5 PB of user data + 15 TR/da.A/2000)

— eBay has 6.5 PB of user data + 50 TB/d: ought to be
enough for anybody.

CS@UVa CS6501: Text Mining 36



Scalability is crucial

e Large scale text processing techniques

— MapReduce framework

Shuffle Reduce

1]}
Ik < —[lll

Ik < — >

Ik <:““ —1iill

][]
CS@UVa CS6501: Text Mining
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State-of-the-art solutions

e Apache Spark (spark.apache.org)

— In-memory MapReduce
e Specialized for machine learning algorithms
— Speed

e 100x faster than Hadoop MapReduce in memory, or

10x faster on disk.
120 1110

¥ Hadoop
8 Spark

Running time (s)
(4]
=

0.9

CS@UVa CS6501: Text Mining
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http://spark.apache.org/

State-of-the-art solutions

e Apache Spark (spark.apache.org)

— In-memory MapReduce
e Specialized for machine learning algorithms

— Generality
e Combine SQL, streaming, and complex analytics

MLIib
Streamingll (machine
learning)
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http://spark.apache.org/

State-of-the-art solutions

e GraphlLab (graphlab.com)

— Graph-based, high performance, distributed

computation framework
ARCHITECTURE

Data Products

Your

Fraud Network
Data Recommender T Analysis App::f:m
Graph Lab CREATE Architecture %
- ~ GraphLab
< ‘ Pﬁh > CANVAS™
Machine
SFrame SGraph™
Relational - Learning
Scales out of Fastest graph  Most advanced Big Data
GraphDB core analytics modeling Visualization

Execution Environments
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State-of-the-art solutions

e GraphlLab (graphlab.com)

— Specialized for sparse data with local
dependencies for iterative algorithms

Classification Error (%)

GraphlLab Create™ N
(1 Node) Scikit-Learn

Training Time (secs)
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Text mining in the era of Big Data
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As knowledge ‘ © As data producer
consumer
Challenges: Challenges:
1. Implicit feedback Human: big data producer and consumer 1. Unstructured data

2. Diverse and dynamic 2. Rich semantic
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Text books

e Introduction to Information Retrieval.
Christopher D. Manning, Prabhakar Raghavan,
and Hinrich Schuetze, Cambridge University
Press, 2007.

e Speech and Language Processing. Daniel
Jurafsky and James H. Martin, Pearson Education,
2000.

 Mining Text Data. Charu C. Aggarwal and
Ming R ChengXiang Zhai, Springer, 2012.
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What to read?

Applications
Algorithms

Web Applications,
Bioinformatics...

Machine Learning I

Pattern Recogniti
Statistics ICML, NIPS, UA(OH » Lib & Inf
NN o ibrary & Info
Optimizatio - Text Mining Science
Data Mining
KDD, ICDIVT, SDM S )T

ACL, EMNLP: CIP IN Information Retrieval
X“SIGIR, WWW, WSDM, CIKM /

* Find more on course website for resource
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Welcome to the class of “Text Mining”!
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