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FA2 < % (Syllabus)

¥ = (Week) P #F (Date) P % (Subject/Topics)

1 2016/02/17 Course Orientation for Social Computing and
Big Data Analytics
(R385 2 2 Bolh A 47 3R 4 5)

2 2016/02/24 Data Science and Big Data Analytics:
Discovering, Analyzing, Visualizing and Presenting Data

(T3 2 ey 4
Bk A4 AL ERT A

3 2016/03/02 Fundamental Big Data: MapReduce Paradigm,
Hadoop and Spark Ecosystem

(= #cdp A #_: MapReducet # -

Hadoop¥? Spark# #g % %t)



A2 < % (Syllabus)

¥ = (Week) P #F (Date) P % (Subject/Topics)

4 2016/03/09 Big Data Processing Platforms with SMACK:
Spark, Mesos, Akka, Cassandra and Kafka
(* #cffp AL T 5 SMACK

Spark, Mesos, Akka, Cassandra, Kafka)

5 2016/03/16 Big Data Analytics with Numpy in Python
(Python Numpy = #icdz ~ 17)

6 2016/03/23 Finance Big Data Analytics with Pandas in Python
(Python Pandas P4 7% = #cdz 4 7)

7 2016/03/30 Text Mining Techniques and

Natural Language Processing
(% F 458 A 45 e f #53E 5 AT
8 2016/04/06 Off-campus study (¥4 7 st B P )



A2 < % (Syllabus)

¥ = (Week) P #F (Date) P % (Subject/Topics)
9 2016/04/13 Social Media Marketing Analytics
(ALF-hE 17 40 & 47)
10 2016/04/20 # ¥ 22 (Midterm Project Report)
11 2016/04/27 Deep Learning with Theano and Keras in Python
(Python Theano v Keras /% & & % )
12 2016/05/04 Deep Learning with Google TensorFlow
(Google TensorFlow ;& & & %)

13 2016/05/11 Sentiment Analysis on Social Media with
Deep Learning
(R 5 ¥ ALFLR R A 47)



¥ =% (Week)

14
15
16

17
18

A2 < % (Syllabus)

2016/05/18
2016/05/25
2016/06/01

2016/06/08
2016/06/15

p #p (Date) P % (Subject/Topics)

Social Network Analysis (4 ¢ 3 3 4 7)
Measurements of Social Network (7+ € 4 % & 7])
Tools of Social Network Analysis

(A€ P i1 2

Final Project Presentation | (f X 3¢ 2. 1)

Final Project Presentation Il (#f 23R 2 1)



Text
Mining
Techniques




Natural
Language
Processing
(NLP)




Outline

* Differentiate between
text mining, Web mining and data mining

* Text mining
* Web mining
—Web content mining
—Web structure mining
—Web usage mining
* Natural Language Processing (NLP)
* Natural Language Processing with NLTK in Python




Text Mining

Text Mining®

Applications and Theory.
5,

EDITORS | MICHAEL W. BERRY | JACOB KOGAN

Companion Website

"

WWILEY

http://www.amazon.com/Text-Mining-Applications-Michael-Berry/dp/0470749822/




Web Mining and
Social Networking

‘g Web Information Systems Engineering and Internet
|| Technologies Book Series

Guandong Xu
Yanchun Zhang
Lin Li

Web Mining and
Social Networking

Techniques and Applications

@ Springer

http://www.amazon.com/Web-Mining-Social-Networking-Applications/dp/1441977341

10



Mining the Social Web:
Analyzing Data from Facebook, Twitter,
LinkedIn, and Other Social Media Sites

Analyzing Data from Facebook, Twitter, Linkedin,
and Other Social Media Sites

g?v

ining the
Social Web

O'REILLY" Matthew A. Russell

http://www.amazon.com/Mining-Social-Web-Analyzing-Facebook/dp/1449388345
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Web Data Mining:
Exploring Hyperlinks, Contents, and Usage Data

Bing Liu

| Web Data Mining

Exploring Hyperlinks,
Contents, and Usage Data

@ Springer

http://www.amazon.com/\Web-Data-Mining-Data-Centric-Applications/dp/3540378812
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Search Engines:
Information Retrieval in Practice

Search Engines '
Information Retrieval

In Practice

w "BRUCE CROFT
: DONALD METZLER™
NTREVOR STROHMAN

http://www.amazon.com/Search-Engines-Information-Retrieval-Practice/dp/0136072240

13



Christopher D. Manning and Hinrich Schiitze (1999),
Foundations of

Statistical Natural Language Processing,
The MIT Press

FOUNDATIONS OF
STATISTICAL NATURAL LANGUAGE
PROCESSING

CHRISTOPHER D. MANNING AND
HINRICH SCHUTZE

http://www.amazon.com/Foundations-Statistical-Natural-Language-Processing/dp/0262133601
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Steven Bird, Ewan Klein and Edward Loper (2009),

Natural Language Processing with Python,

O'Reilly Media

Analyzing Text wiNwsisNatawen Language Toolkit

Natural Language
Processing W1th
Python >3

O’REILLY" Steven Bird, Ewan Klein & Edward Loper

Copyrighted Material

http://www.amazon.com/Natural-Language-Processing-Python-Steven/dp/0596516495
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Natural Language Processing with Python
— Analyzing Text with the Natural Language Toolkit

& = C [) www.nltk.org/book/ Q 99

Natural Language Processing with Python

— Analyzing Text with the Natural Language Toolkit

Steven Bird, Ewan Klein, and Edward Loper

The NLTK book is currently being updated for Python 3 and NLTK 3. This is work in progress; chapters that still need to be updated are indicated. The first
edition of the book, published by O'Reilly, is available at http://nltk.org/book led/. A second edition of the book is anticipated in early 2016.

0. Preface

1. Language Processing and Python

2. Accessing Text Corpora and Lexical Resources

3. Processing Raw Text

4. Writing Structured Programs

5. Categorizing and Tagging Words (minor fixes still required)
6. Learning to Classify Text

7. Extracting Information from Text

8. Analyzing Sentence Structure

9. Building Feature Based Grammars

10. Analyzing the Meaning of Sentences (minor fixes still required)
11. Managing Linguistic Data (minor fixes still required)

12. Afterword: Facing the Language Challenge

Bibliography
Term Index

This book is made available under the terms of the Creative Commons Attribution Noncommercial No-Derivative-Works 3.0 US License.
Please post any questions about the materials to the nltk-users mailing list. Please report any errors on the issue tracker.

http://www.nltk.org/book/ 16




Nitin Hardeniya (2015),
NLTK Essentials, Packt Publishing

Nitin Hardeniya

http://www.amazon.com/NLTK-Essentials-Nitin-Hardeniya/dp/1784396907

17



Text Mining
(text data mining)

the process of
deriving
high-quality information
from text




Typical Text Mining Tasks

Text categorization

Text clustering

Concept/entity extraction
Production of granular taxonomies
Sentiment analysis

Document summarization

Entity relation modeling

— i.e., learning relations between named entities.

http://en.wikipedia.org/wiki/Text mining

19



Web Mining

* Web mining

— discover useful information or knowledge from

the

Web hyperlink structure, page content, and

usage data.

* Three types of web mining tasks

— We
— We
— We

0 structure mining
0 content mining

0 usage mining

Source : Bing Liu (2009) Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data

20



Text Mining Concepts

85-90 percent of all corporate data is in some kind of
unstructured form (e.g., text)

Unstructured corporate data is doubling in size every
18 months

Tapping into these information sources is not an
option, but a need to stay competitive

Answer: text mining

— A semi-automated process of extracting knowledge from
unstructured data sources

— a.k.a. text data mining or knowledge discovery in textual
databases

21



Data Mining versus Text Mining

Both seek for novel and useful patterns
Both are semi-automated processes

Difference is the nature of the data:
— Structured versus unstructured data
— Structured data: in databases

— Unstructured data: Word documents, PDF files, text
excerpts, XML files, and so on

Text mining — first, impose structure to the
data, then mine the structured data

22



Text Mining Concepts

* Benefits of text mining are obvious especially in
text-rich data environments

— e.g., law (court orders), academic research (research
articles), finance (quarterly reports), medicine (discharge
summaries), biology (molecular interactions), technology
(patent files), marketing (customer comments), etc.

e Electronic communization records (e.g., Email)
— Spam filtering
— Email prioritization and categorization
— Automatic response generation

23



Text Mining Application Area

Information extraction
Topic tracking
Summarization
Categorization
Clustering

Concept linking

Question answering

24



Text Mining Terminology

Unstructured or semistructured data
Corpus (and corpora)

Terms

Concepts

Stemming

Stop words (and include words)
Synonyms (and polysemes)
Tokenizing

25



Text Mining Terminology

Term dictionary

Word frequency
Part-of-speech tagging (POS)
Morphology

Term-by-document matrix (TDM)
— Occurrence matrix

Singular Value Decomposition (SVD)
— Latent Semantic Indexing (LSI)

26



Natural Language Processing (NLP)

e Structuring a collection of text
— Old approach: bag-of-words
— New approach: natural language processing

* NLPis...

— a very important concept in text mining

— a subfield of artificial intelligence and computational
linguistics

— the studies of "understanding" the natural human
language

* Syntax versus semantics based text mining

27



Natural Language Processing (NLP)

* What is “Understanding” ?
— Human understands, what about computers?
— Natural language is vague, context driven

— True understanding requires extensive knowledge of a
topic

— Can/will computers ever understand natural language
the same/accurate way we do?

28



Natural Language Processing (NLP)

* Challengesin NLP
— Part-of-speech tagging
— Text segmentation
— Word sense disambiguation
— Syntax ambiguity
— Imperfect or irregular input
— Speech acts

 Dream of Al community

— to have algorithms that are capable of automatically
reading and obtaining knowledge from text

29



Natural Language Processing (NLP)

e WordNet

— A laboriously hand-coded database of English words,

their definitions, sets of synonyms, and various semantic
relations between synonym sets

— A major resource for NLP
— Need automation to be completed

* Sentiment Analysis

— A technique used to detect favorable and unfavorable
opinions toward specific products and services

— CRM application

30



NLP Task Categories

Information retrieval (IR)
Information extraction (IE)
Named-entity recognition (NER)
Question answering (QA)

Automatic summarization

Natural language generation and understanding (NLU)
Machine translation (ML)

Foreign language reading and writing
Speech recognition

Text proofing

Optical character recognition (OCR)

31



Text Mining Applications

Marketing applications
— Enables better CRM

Security applications
— ECHELON, OASIS

— Deception detection (...)

Medicine and biology
— Literature-based gene identification (...)

Academic applications

— Research stream analysis

32



Text Mining Applications

* Application Case: Mining for Lies

* Deception detection
— A difficult problem

— If detection is limited to only text, then the
problem is even more difficult

* The study

— analyzed text based testimonies of person of
interests at military bases

— used only text-based features (cues)

33



Text Mining Applications
* Application Case: Mining for Lies

Statements
Transcribed for
Processing
Statements Labeleq as Cues Extracted &
Truthful or Deceptive Selected
By Law Enforcement
Classification Models Text Processing
Trained and Tested on Software Identified
Quantified Cues Cues in Statements

Text Processing
Software Generated
Quantified Cues




Text Mining Applications

* Application Case: Mining for Lies

Category Example Cues

Quantity Verb count, noun-phrase count, ...
Complexity Avg. no of clauses, sentence length, ...
Uncertainty Modifiers, modal verbs, ...
Nonimmediacy  Passive voice, objectification, ...
Expressivity Emotiveness

Diversity Lexical diversity, redundancy, ...
Informality Typographical error ratio

Specificity Spatiotemporal, perceptual information ...
Affect Positive affect, negative affect, etc.

35



Text Mining Applications

* Application Case: Mining for Lies
— 371 usable statements are generated
— 31 features are used
— Different feature selection methods used
— 10-fold cross validation is used

— Results (overall % accuracy)
* Logistic regression 67.28
* Decision trees 71.60
* Neural networks 73.46

36



Gene/
Protein

POS Word

Shallow
Parse

Text Mining Applications

(gene/protein interaction identification)

42722 397276

59§_._’!_2043 24224 281020

Ontology

D00]7962

D019254 D044465 DOO1 769 D002477 D003643 D016158

.expression of Bcl-2 is correlated with insufficient white bIood cell death and activation of p53.

185 "'é"'51112 "'9" 23017 T 5874 N L R N R T 8252 8 2523
NN INCNNTTIN TTTVBZ IN 3 TTTTRNNTTONNT NN TS NN IN NN
NP PP NP NP PP NP NP PP NP
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Text Mining Process

Context diagram for the
text mining process

Unstructured data (text)

Software/hardware limitations
Privacy issues
Linguistic limitations

v vV Vv

Structured data (databases)

Extract Context-specific knowledgg’
knowledge
from available
data sources

A0

Tools and techniques
|

38



Text Mining Process

Task 1

L

(Establish the Corpus:w
Collect & Organize the

Domain Specific

Unstructured Data

Task 2

——

The inputs to the process
includes a variety of relevant
unstructured (and semi-
structured) data sources such
as text, XML, HTML, etc.

! Create the Term- )
Document Matrix:
Introduce Structure

to the Corpus

Task 3

4 )
Extract Knowledge:
Discover Novel
Patterns from the
T-D Matrix

Feedback J

.

The output of the Task 1 is a
collection of documents in
some digitized format for
computer processing

Feedback J

T
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

{ ,,,,,,,

The output of the Task 2 is a
flat file called term-document
matrix where the cells are
populated with the term
frequencies

The three-step text mining process

The output of Task 3 is a
number of problem specific
classification, association,
clustering models and
visualizations

39



Text Mining Process

* Step 1: Establish the corpus

— Collect all relevant unstructured data
(e.g., textual documents, XML files, emails, Web
pages, short notes, voice recordings...)

— Digitize, standardize the collection
(e.g., all in ASCII text files)

— Place the collection in a common place
(e.g., in a flat file, or in a directory as separate files)

40



Text Mining Process

* Step 2: Create the Term—by—Document Matrix

X
Terms G‘(\e(\ : e(\(\g
2 \
A\ ‘090’09 0
6\((\ . GO\ “\‘4‘3‘ G\OQ Q
Documents e OO <O 8@ SN

Document 1 1 1

Document 2 1

Document 3 3 1
Document 4 1

Document 5 2 1

Document 6 1 1

Source: Turban et al. (2011), Decision Support and Business Intelligence Systems
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Text Mining Process

* Step 2: Create the Term—by—Document Matrix
(TDM), cont.

— Should all terms be included?
* Stop words, include words
* Synonyms, homonyms
* Stemming
— What is the best representation of the indices
(values in cells)?
* Row counts; binary frequencies; log frequencies;
* Inverse document frequency

42



Text Mining Process

* Step 2: Create the Term—by—Document
Matrix (TDM), cont.

— TDM is a sparse matrix. How can we reduce the
dimensionality of the TDM?
* Manual - a domain expert goes through it

* Eliminate terms with very few occurrences in very few
documents (?)

* Transform the matrix using singular value
decomposition (SVD)

e SVD is similar to principle component analysis

43



Text Mining Process

* Step 3: Extract patterns/knowledge
— Classification (text categorization)
— Clustering (natural groupings of text)

* Improve search recall

* Improve search precision
 Scatter/gather

* Query-specific clustering

— Association
— Trend Analysis (...)

44



Text Mining Application
(research trend identification in literature)
* Mining the published IS literature
— MIS Quarterly (MISQ)

— Journal of MIS (JMIS)
— Information Systems Research (ISR)

— Covers 12-year period (1994-2005)
— 901 papers are included in the study
— Only the paper abstracts are used

— 9 clusters are generated for further analysis

45



Text Mining Application

(research trend identification in literature)

Journal Year Author(s) Title Vol/No Pages Keywords Abstract
MISQ 2005 A. Malhotra, Absorptive capacity 29/1 145-187 knowledge management The need for continual value
S. Gosain and  configurations in supply chain innovation is driving supply
O. A. EI Sawy  supply chains: absorptive capacity chains to evolve from a pure
Gearing for partner- interorganizational transactional focus to
enabled market information systems leveraging interorganizational
knowledge creation configuration approaches partner ships for sharing
ISR 1999 D. Robeyand Accounting for the 2-Oct 167-185 organizational Although much contemporary
M. C. Boudreau contradictory transformation thought considers advanced
organizational impacts of technology information technologies as
consequences of organization theory either determinants or enablers
information research methodology of radical organizational
technology: intraorganizational power change, empirical studies have
Theoretical directions electronic communication revealed inconsistent findings to
and methodological mis implementation support the deterministic logic
implications culture implicit in such arguments. This
systems paper reviews the contradictory
JMIS 2001 R. Aronand Achieving the optimal 18/2 65-88 information products When producers of goods (or

E. K. Clemons

balance between
investment in quality
and investment in self-
promotion for
information products

internet advertising
product positioning
signaling

signaling games

services) are confronted by a
situation in which their offerings
no longer perfectly match
consumer preferences, they
must determine the extent to
which the advertised features of

46



identification in literature)

Text Mining Application

(research trend
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Text Mining Application

(research trend identification in literature)
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Text Mining Tools

* Commercial Software Tools
— SPSS PASW Text Miner
— SAS Enterprise Miner
— Statistica Data Miner
— ClearForest, ...

* Free Software Tools
— RapidMiner
— GATE
— Spy-EM, ...

49



SAS Text Analytics

SAS’ Text Analytics

SAS® Text Analytics Software Demo

Gsas
somwa https://www.youtube.com/watch?v=I[1rYdrRCZJ4
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Web Mining Overview

Web is the largest repository of data
Data is in HTML, XML, text format

Challenges (of processing Web data)

— The Web is too big for effective data mining
— The Web is too complex

— The Web is too dynamic

— The Web is not specific to a domain

— The Web has everything

Opportunities and challenges are great!

51



Web Mining

 Web mining (or Web data mining) is the process
of discovering intrinsic relationships from Web
data (textual, linkage, or usage)

! Web Content Mining )
Source: unstructured
textual content of the
Web pages (usually in
HTML format)

\ J/

|
TN

(Web Structure Mining\
Source: the unified
resource locator (URL)
links contained in the
Web pages

\

Web Usage Mining

Source: the detailed

description of a Web
site’s visits (sequence
of clicks by sessions)

\

J
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Web Content/Structure Mining

* Mining of the textual content on the Web
* Data collection via Web crawlers

* Web pages include hyperlinks

— Authoritative pages
— Hubs
— hyperlink-induced topic search (HITS) alg

53



Web Usage Mining

e Extraction of information from data generated
through Web page visits and transactions...

— data stored in server access logs, referrer logs, agent
logs, and client-side cookies

— user characteristics and usage profiles

— metadata, such as page attributes, content attributes,
and usage data

* Clickstream data
* Clickstream analysis

54



Web Usage Mining

 Web usage mining applications
— Determine the lifetime value of clients
— Design cross-marketing strategies across products.
— Evaluate promotional campaigns

— Target electronic ads and coupons at user groups based
on user access patterns

— Predict user behavior based on previously learned rules
and users' profiles

— Present dynamic information to users based on their
interests and profiles...

55



User/

Customer

o

Web Usage Mining

(clickstream analysis)

_l\
_l/

A

Website

=

Weblogs

Pre-Process Data
Collecting
Merging

\| Cleaning \

Structuring
_l/ - Identify users _l/
- ldentify sessions

- Identify page views
- Identify visits

tHow to better the data

Extract Knowledge
Usage patterns
User profiles
Page profiles
Visit profiles
Customer value

18- 34 534 i EER 254

R EEE R

Pl of Usaes

How to improve the Web site

\_ How to increase the customer value

_/
)
J
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Web Mining Success Stories

e Amazon.com, Ask.com, Scholastic.com,
 Website Optimization Ecosystem

Customer Interaction Analysis of Interactions Knowledge about the Holistic
on the Web - N\ View of the Customer
[ Web
Analytics J
Voice of
Customer J ‘

Customer Experience
Management

sssgﬁfﬁ.“r‘gﬁi

7
\
r

t )

Source: Turban et al. (2011), Decision Support and Business Intelligence Systems
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http://nlp.stanford.edu/software/index.shtml

The Stanford Natural Language Processing Group

home - people - teaching - research - publications - software - events - local

The Stanford NLP Group makes parts of our Natural Language Processing software
available to everyone. These are statistical NLP toolkits for various major
computational linguistics problems. They can be incorporated into applications with
human language technology needs.

All the software we distribute here is written in Java. All recent distributions require
Oracle Java 6+ or OpenJDK 7+. Distribution packages include components for
command-line invocation, jar files, a Java API, and source code. A number of helpful
people have extended our work with bindings or translations for other languages. As a
result, much of this software can also easily be used from Python (or Jython), Ruby,
Perl, Javascript, and F# or other .NET languages.

Supported software distributions | Sta n fo rd N L P

This code is being developed, and we try to answer questions and fix bugs on a best
effort basis.

All these software distributions are open source, licensed under the GNU General S Oftwa re

Public License (v2 or later). Note that this is the full GPL, which allows many free
uses, but does not allow its incorporation into any type of distributed proprietary
software, even in part or in translation. Commercial licensing is also available;
please contact us if you are interested.

Stanford CoreNLP
An integrated suite of natural language processing tools for English and
(mainland) Chinese in Java, including tokenization, part-of-speech
tagging, named entity recognition, parsing, and coreference. See also:
Stanford Deterministic Coreference Resolution, and the online CoreNLP
demo, and the CoreNLP FAQ.

Stanford Parser
Implementations of probabilistic natural language parsers in Java: highly
optimized PCFG and dependency parsers, a lexicalized PCFG parser,
and a deep learning reranker. See also: Online parser demo, the
Stanford Dependencies page, and Parser FAQ.

Stanford POS Tagger

A maximum-entropy (CMM) part-of-speech (POS) tagger for English, 62



Stanford CoreNLP http://nlp.stanford.edu:8080/corenlp/process
Stanford CoreNLP

-

QOutput format: | Visualise :

Please enter your text here:

Stanford University is located in California. It is a great university.

| Submit | | Clear |

Part-of-Speech:

Ve W N g
1 Stanford University is located in California.
BHf2@ U @8 0§

2 It is a greatuniversity:.‘

Named Entity Recognition:

1 Stanford University is located in California.
] 2 Itis a great university.

Coreference:

- f- . - f- o
Core @, Core ‘




Stanford CoreNLP

http://nlp.stanford.edu:8080/corenlp/process

Stanford University is located in California.
It is a great university.

Part-of-Speech:

NNP  NNP  VBZ
1| Stanford Unlver5|ty is located in California.

PRP Bz[m 1] NN
ol It is a great unlverSIty

J  [IN]  [NNPJ (]

s
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Stanford CoreNLP

http://nlp.stanford.edu:8080/corenlp/process

It is a great university.

Stanford University is located in California.

Named Entity Recognition:

[Organization

2| Itis a great university .

Location

1| Stanford University is located in California .
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Stanford CoreNLP

http://nlp.stanford.edu:8080/corenlp/process

Stanford University is located in California.
It is a great university.

Coreference:

1| Stanford Universit';lh is located in California.

- - -Coref-. @, --Coref-. ‘

It IS éggreat university—..

00



Stanford CoreNLP

http://nlp.stanford.edu:8080/corenlp/process

Stanford University is located in California.
It is a great university.

Basic dependencies:

PRP

nsubj

@‘—nnNNNP Bz"°°p JJ/pmp"@/F’ODJ*: E]
1| Stanford Unlver5|ty is located in California.

nsubj
cop
det
leﬁTr/—_*amod NN [j

It

is a great university.
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Stanford CoreNLP

http://nlp.stanford.edu:8080/corenlp/process

Collapsed dependencies:

bj ~
\-/—nsu ja prep in

1 Stanfou;d University is located in Callfornla

nsubj
Emmrz uNNN O

2( It is a great university.

Collapsed CC-processed dependencies:

nsubj prep_in
me— e vz Ny N e

1| Stanford | University is located in California.

nsubj
(o(¢]
e
PRP| VBZ D jf-amod 0

2 It is a great unlvérS|ty

Visualisation provided using the brat visualisation/annotation software.

Copyright © 2011, Stanford University, All Rights Reserved.




Stanford CoreNLP http://nlp.stanford.edu:8080/corenlp/process

Output format: | Pretty print + |

Please enter your text here:

Stanford University is located in California. It is a great university.

| Submit | | Clear |

Stanford CoreNLP XML Output

Document
| Document Info ]
| Sentences |
Sentence #1
Tokens
| Word || Lemma |[Char begin|[Char end)||POS|| NER |[Normalized NER|[Speaker|
[1 ][stanford |[stanford [0 8 |INNP|{ORGANIZATION|| |PERO |
[2 |[university|[university][9 |LE |INNP|{ORGANIZATION|| |PERO |
3lis e oo 22 |vezjjo I IPERO_ |
[4 ][located |[located |[23 30 W o I PERO |
[slin i 0 B3N o I PERO__|
[6 |[california|[California][34 |44 INNP|[LOCATION || PERO |
1 I a4 les o I PERO__|
Parse tree
(ROOT (S (NP (NNP Stanford) (NNP University)) (VP (VBZ is) (ADJP (J) located) (PP (IN in) (NP (NNP California))))) (. .))) “




Stanford CoreNLP

http://nlp.stanford.edu:8080/corenlp/process

Stanford University is located in California.
It is a great university.

Sentence #1

Tokens

E Word Lemma ||Char begin||Char end||POS NER Normalized NER||Speaker
Z Stanford ||Stanford ||0 8 NNP|[ORGANIZATION PERO
Z University|(University||9 19 NNP||ORGANIZATION PERO

3 [is be 20 22 vBz|[o PERO
4 [[located |[located |[23 30 o PERO

5 |[in in 31 33 IN |[o PERO
E California||California||34 44 NNP||LOCATION PERO
] 44 45 . o PERO
Parse tree

(ROOT (S (NP (NNP Stanford) (NNP University)) (VP (VBZ is) (ADJP (J) located) (PP (IN in) (NP (NNP California))))) (. .)))
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Stanford CoreNLP

http://nlp.stanford.edu:8080/corenlp/process

Stanford University is located in California.
It is a great university.

Sentence #2

Tokens

Id| Word || Lemma ||Char begin|/[Char end||POS||NER||Normalized NER||Speaker
1 ||It it 46 48 PRP|(O PERO

2 ||is be 49 51 VBZ||O PERO

3 |a B 52 53 DT |[O PERO

4 ||great great 54 59 ) 0] PERO

5 ||university||university|(60 70 NN ||O PERO

6 |. 70 71 0 PERO
Parse tree

(ROOT (S (NP (PRP It)) (VP (VBZ is) (NP (DT a) (J) great) (NN university))) (. .)))
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Stanford CoreNLP

http://nlp.stanford.edu:8080/corenlp/process

Stanford University is located in California.
It is a great university.

Coreference resolution graph

Sentence|| Head Text Context
] 2 (gov)||Stanford University

2 1 It

2 5 a great university




Tokens

Id Word Lemma Char begin Char end POS NER Normalized NER Speaker
1 Stanford Stanford 0 8 NNP ORGANIZATION PERO

2 University  University 9 19 NNP ORGANIZATION PERO

3 is be 20 22 VBZ O PERO

4 located located 23 30 JJ O PERO

5 in in 31 33 IN O PERO

6 California  California 34 44 NNP LOCATION PERO

7 44 45 . O PERO

Parse tree

(ROOT (S (NP (NNP Stanford) (NNP University)) (VP (VBZ is) (ADJP (JJ located) (PP (IN in) (NP (NNP California))))) (. .)))
Uncollapsed dependencies

root (ROOT-0 , located-4 )

m (Unvrsiy 2, Sianord1 ) Stanford CoreNLP

cop ( located-4 , is-3)

prep ( located-4 , in-5 ) http://nlp.stanford.edu:8080/corenlp/process
pobj (in-5, California—.6 ) ) . . . . :
Collapsed dependencies Stanford University is located in California.
root ( ROOT-0, located-4 : . .

nc;IO( {Jniversity-Z(,)CSataenforci-1) It IS a great unlverSIty'

nsubj ( located-4 , University-2 )

cop ( located-4 , is-3)

prep_in ( located-4 , California-6 )
Collapsed dependencies with CC processed

root ( ROOT-0, located-4 )

nn ( University-2 , Stanford-1)
nsubj ( located-4 , University-2 )
cop ( located-4 , is-3)

prep_in ( located-4 , California-6 )
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Stanford CoreNLP

http://nlp.stanford.edu:8080/corenlp/process

Output format: | XML =

Please enter your text here:

Stanford University is located in California. It is a great university.

| Submit | | Clear |

<?xml version="1.0" encoding="UTF-8"7>
<?xml-stylesheet href="CoreNLP-to-HTML.xs|" type="text/xs|"?>
<root>
<document>
<sentences>
<sentence id="1">
<tokens>
<token id="1">
<word>Stanford </word>
<lemma>Stanford</lemma>
<CharacterOffsetBegin>0</CharacterOffsetBegin>
<CharacterOffsetEnd>8</CharacterOffsetEnd>
<POS>NNP</POS>
<NER>ORGANIZATION</NER>
<Speaker>PERO</Speaker>
</token>
<token id="2">
<word>University</word>
<lemma>University</lemma>
<CharacterOffsetBegin>9</CharacterOffsetBegin>
<CharacterOffsetEnd>19</CharacterOffsetEnd>
<POS>NNP</POS>
<NER>0ORCANIZATION</NER>
<Speaker>PERO</Speaker>
</token>
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NER for News Article

http://money.cnn.com/2014/05/02/technology/gates-microsoft-stock-sale/index.html

[ money.cnn.com/2014/05/02/technology/gates-microsoft-stock-sale/index.html

2K

Bill Gates no longer Microsoft's
biggest shareholder

By Patrick M. Sheridan @CNNTech May 2, 2014: 5:46 PMET

I3 Recommend (RIS QO SP3aE

Bill Gates sold nearly 8 million shares of Microsoft over the past two days.

: ! K 461 1K 74 25

For the first time in Microsoft's history, founder Bill Gates is no
longer its largest individual shareholder.

In the past two days, Gates has sold nearly 8 million shares of Microsoft (@ MSFT, Fortune

Bill Gates no longer Microsoft's biggest shareholder
By Patrick M. Sheridan @CNNTech May 2, 2014: 5:46 PM ET

Bill Gates sold nearly 8 million shares of Microsoft over the past
two days.

NEW YORK (CNNMoney)

For the first time in Microsoft's history, founder Bill Gates is no
longer its largest individual shareholder.

In the past two days, Gates has sold nearly 8 million shares of
Microsoft (MSFT, Fortune 500), bringing down his total to roughly
330 million.

That puts him behind Microsoft's former CEO Steve Ballmer who
owns 333 million shares.

Related: Gates reclaims title of world's richest billionaire

Ballmer, who was Microsoft's CEO until earlier this year, was one
of Gates' first hires.

It's a passing of the torch for Gates who has always been the
largest single owner of his company's stock. Gates now spends
his time and personal fortune helping run the Bill & Melinda
Gates foundation.

The foundation has spent $28.3 billion fighting hunger and
poverty since its inception back in 1997.
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Stanford Named Entity Tagger (NER)

http://nlp.stanford.edu:8080/ner/process

Stanford Named Entity Tagger

Classifier: | english.muc.7class.distsim.crf.ser.gz % |

Output Format: | highlighted + |

Preserve Spacing: | yes + |

Please enter your text here:

Bill Gates no longer Microsoft's biggest shareholder
By Patrick M. Sheridan @CNNTech May 2, 2014: 5:46 PM ET

Bill Gates sold nearly 8 million shares of Microsoft over the past two
days.

ALDMALALONLL LA IAIAA Y 4

| Submit | | Clear |

Bill Gates no longer [JIlageei's biggest shareholder By M. @CNNTech (21 73 EIIED: 5:46 PM ET Bill Gates sold nearly 8 million shares of [[lagerrel over
the past two days. [J[3Q [{8LLd (CNNMoney) For the first time in [[agerrei's history, founder (Il ®ETeR is no longer its largest individual shareholder. In the [Fry e fEue,
Gates has sold nearly 8 million shares of [[lagerel (0eal, Fortune 500), bringing down his total to roughly 330 million. That puts him behind [Jagaqeq's former CEO
I who owns 333 million shares. Related: Gates reclaims title of world's richest billionaire (Bl who was [Jlagerreq's CEO until 1T 1T 7T, was one of
Gates' first hires. It's a passing of the torch for Gates who has always been the largest single owner of his company's stock. Gates now spends his time and personal
fortune helping run the [ 2 [TAMEE #FIE foundation. The foundation has spent [FXJE] [IIIEN fighting hunger and poverty since its inception back in [EEE.

Potential tags:

TIME]
PERSON|
MONEY

Copyright © 2011, Stanford University, All Rights Reserved.
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Stanford Named Entity Tagger (NER)

http://nlp.stanford.edu:8080/ner/process

Stanford Named Entity Tagger

Classifier: | english.muc.7class.distsim.crf.ser.gz  + |

v

Qutput Format: | inlinexML % |

Preserve Spacing: | yes + |

Please enter your text here:

Bill Gates no longer Microsoft's biggest shareholder
By Patrick M. Sheridan @CNNTech May 2, 2014: 5:46 PM ET

Bill Gates sold nearly 8 million shares of Microsoft over the past two
days.

ALDALAEONLL L RAIAIAA Y Vi

| Submit | | Clear |

Bill Gates no longer <ORGANIZATION>Microsoft</ORGANIZATION>'s biggest shareholder By <PERSON>Patrick M. Sheridan</PERSON> @CNNTech <DATE>May 2,
2014</DATE>: 5:46 PM ET Bill Gates sold nearly 8 million shares of <ORCANIZATION>Microsoft</ORGANIZATION> over the past two days. <LOCATION>NEW
YORK</LOCATION> (CNNMoney) For the first time in <ORGANIZATION>Microsoft</ORGANIZATION>'s history, founder <PERSON>BIll Gates</PERSON> is no longer its
largest individual shareholder. In the <DATE>past two days</DATE>, Gates has sold nearly 8 million shares of <ORGANIZATION>Microsoft</ORGANIZATION>
(<ORGANIZATION>MSFT </ORGANIZATION>, Fortune 500), bringing down his total to roughly 330 million. That puts him behind
<ORGANIZATION>Microsoft</ORGANIZATION>'s former CEO <PERSON>Steve Ballmer</PERSON> who owns 333 million shares. Related: Gates reclaims title of world's
richest billionaire <PERSON>Ballmer</PERSON>, who was <ORGANIZATION>Microsoft</ORCANIZATION>'s CEO until <DATE>earlier this year</DATE>, was one of
Gates' first hires. It's a passing of the torch for Gates who has always been the largest single owner of his company's stock. Gates now spends his time and personal

fortune helping run the <ORGANIZATION>BIll & Melinda Gates</ORGANIZATION> foundation. The foundation has spent <MONEY>$28.3 billion</MONEY> fighting
hunger and poverty since its inception back in <DATE>1997</DATE>.

Copyright ® 2011, Stanford University, All Rights Reserved.
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Stanford Named Entity Tagger (NER)

http://nlp.stanford.edu:8080/ner/process

Stanford Named Entity Tagger

Classifier: | english.muc.7class.distsim.crf.ser.gz + |

Output Format: | xml s |

Preserve Spacing: | yes + |

Please enter your text here:

Bill Gates no longer Microsoft's biggest shareholder
By Patrick M. Sheridan @CNNTech May 2, 2014: 5:46 PM ET

Bill Gates sold nearly 8 million shares of Microsoft over the past two
days.

ALDALAONLL L RIAIAA A #

| Submit | | Clear |

<wi num="0" entity="0">Bill</wi> <wi num="1" entity="0">Gates</wi> <wi num="2" entity="0">no</wi> <wi num="3" entity="0">longer</wi> <wi num="4"
entity="ORGANIZATION">Microsoft</wi><wi num="5" entity="0">&apos;s</wi> <wi num="6" entity="0">biggest</wi> <wi num="7" entity="0">shareholder</wi> <wi
num="8" entity="0">By</wi> <wi num="9" entity="PERSON">Patrick</wi> <wi num="10" entity="PERSON">M.</wi> <wi num="11" entity="PERSON">Sheridan</wi> <wi
num="12" entity="0">@CNNTech</wi> <wi num="13" entity="DATE">May</wi> <wi num="14" entity="DATE">2 </wi><wi num="15" entity="DATE">,</wi> <wi
num="16" entity="DATE">201 4 </wi><wi num="17" entity="0">:</wi> <wi num="1 8" entity="0">5:46</wi> <wi num="19" entity="0">PM</wi> <wi num="20"
entity="0">ET</wi> <wi num="21" entity="0">Bill</wi> <wi num="22" entity="0">Gates</wi> <wi num="23" entity="0">sold</wi> <wi num="24"
entity="0">nearly</wi> <wi num="25" entity="0">8</wi> <wi num="26" entity="0">million</wi> <wi num="27" entity="0">shares</wi> <wi num="28"
entity="0">of</wi> <wi num="29" entity="ORCGANIZATION">Microsoft</wi> <wi num="30" entity="0">over</wi> <wi num="31" entity="0">the</wi> <wi num="32"
entity="0">past</wi> <wi num="33" entity="0">two</wi> <wi num="34" entity="0">days</wi><wi num="35" entity="0">.</wi> <wi num="0"
entity="LOCATION">NEW</wi> <wi num="1" entity="LOCATION">YORK</wi> <wi num="2" entity="0">-LRB-</wi><wi num="3" entity="0">CNNMoney</wi><wi num="4"
entity="0">-RRB-</wi> <wi num="5" entity="0">For</wi> <wi num="6" entity="0">the</wi> <wi num="7" entity="0">first</wi> <wi num="8" entity="0">time</wi> <wi
num="9" entity="0">in</wi> <wi num="10" entity="ORCANIZATION">Microsoft</wi><wi num="11" entity="0">&apo0s;s</wi> <wi num="12" entity="0">history</wi><wi
num="13" entity="0">,</wi> <wi num="14" entity="0">founder</wi> <wi num="15" entity="PERSON">Bill</wi> <wi num="16" entity="PERSON">Gates</wi> <wi
num="17" entity="0">is</wi> <wi num="1 8" entity="0">no</wi> <wi num="19" entity="0">longer</wi> <wi num="20" entity="0">its</wi> <wi num="21"
entity="0">largest</wi> <wi num="22" entity="0">individual</wi> <wi num="23" entity="0">shareholder</wi><wi num="24" entity="0">.</wi> <wi num="0"
ity="0">|n< > <wi ="1" ity="0"> < > <wi ="2" ity=" "> < > <wi ="3" ity=" "> < i> <wi ="4"
ﬁgﬁ&} _iggta I&Zéﬁl .,¢§1“9'«'n 5( Mp;“jyﬁg}& Jﬁl.fi}gﬁk{ﬁlé 56 f.»‘Zé aum 2" entity="DATE">past</wi> <wi num="3" entity="DATE">two</wi> <wi num

i ntm RN antite-"N""Maracr i 2wl niim "7 antite-"N"Vhacr i 2wl nimm < "] antire-"N"< enld ~ finis
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Stanford Named Entity Tagger (NER)

http://nlp.stanford.edu:8080/ner/process

Stanford Named Entity Tagger

Classifier: | english.muc.7class.distsim.crf.ser.gz % |

Output Format: | slashTags + |

Preserve Spacing: | yes + |

Please enter your text here:

Bill Gates no longer Microsoft's biggest shareholder
By Patrick M. Sheridan @CNNTech May 2, 2014: 5:46 PM ET

Bill Gates sold nearly 8 million shares of Microsoft over the past two
days.

ALCALALONLL LA IAIAA Y Yz

| Submit | | Clear |

Bill/O Gates/0 no/O longer/0O Microsoft/ORCANIZATION's/O biggest/O shareholder/O By/O Patrick/PERSON M./PERSON Sheridan/PERSON @CNNTech/O May/DATE
2/DATE,/DATE 2014/DATE:/O 5:46/0 PM/O ET/O Bill/O Gates/O sold/O nearly/O 8/0 million/O shares/O of/O Microsoft/ORGANIZATION over/O the/O past/O two/0O
days/0./0 NEW/LOCATION YORK/LOCATION -LRB-/OCNNMoney/O-RRB-/0 For/O the/O first/O time/O in/O Microsoft/ORCANIZATION's/O history/0,/O founder/O
Bill/PERSON Gates/PERSON is/O no/O longer/0O its/O largest/O individual/O shareholder/0O./0 In/O the/O past/DATE two/DATE days/DATE,/O Gates/O has/O sold/O
nearly/O 8/0 million/O shares/O of/O Microsoft/ORGANIZATION -LRB-/OMSFT/ORGANIZATION, /O Fortune/O 500/0-RRB-/0,/0 bringing/0 down/O his/O total/O to/O
roughly/0O 330/0 million/0./0 That/O puts/O him/O behind/O Microsoft/ORGANIZATION's/O former/O CEOQ/O Steve/PERSON Ballmer/PERSON who/O owns/0O 333/0
million/O shares/0./0 Related/0:/0 Gates/O reclaims/O title/O of/O world/0's/O richest/O billionaire/O Ballmer/PERSON, /O who/O was/O
Microsoft/ORGANIZATION's /O CEO/O until/O earlier/DATE this/DATE year/DATE,/O was/0 one/O of/O Gates/0'/0 first/O hires/0./0 It/O's/0 a/0 passing/0 of/0O
the/0O torch/O for/O Gates/O who/O has/O always/O been/O the/O largest/O single/O owner/O of/O his/O company/0's/0 stock/0./0 Gates/O now/O spends/0O
his/0 time/0O and/O personal/O fortune/O helping/0 run/O the/O Bill/ORGANIZATION &/ORCANIZATION Melinda/ORGANIZATION Gates/ORGANIZATION

foundation/0./0 The/0 foundation/O has/O spent/O $/MONEY28.3/MONEY billion/MONEY fighting/O hunger/O and/O poverty/O since/O its/O inception/O back/0O
in/O 1997/DATE./O

Copyright ® 2011, Stanford University, All Rights Reserved.
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Stanford Named Entity Tagger (NER)

http://nlp.stanford.edu:8080/ner/process

Stanford Named Entity Tagger

Classifier: | english.conll.4class.distsim.crf.ser.gz *

:

Output Format: | highlighted *

Preserve Spacing: | yes * |

Please enter your text here:

Bill Gates no longer Microsoft's biggest shareholder
By Patrick M. Sheridan @CNNTech May 2, 2014: 5:46 PM ET

Bill Gates sold nearly 8 million shares of Microsoft over the past two
days.

AOALALONLL LML Y Vi

| Submit | | Clear |

G & no longer [lageei's biggest shareholder By [ZXuas LA @CNNTech May 2, 2014: 5:46 PM ET [J][ #FX0R sold nearly 8 million shares of [J[lagerted over
the past two days. N34 1oL For the first time in [[ageqei's history, founder (Il [EIeE is no longer its largest individual shareholder. In the past two days,
IR has sold nearly 8 million shares of [[lagee (MSFT, Fortune 500), bringing down his total to roughly 330 million. That puts him behind [[ageqei's former CEO
Steve] who owns 333 million shares. Related: Gates reclaims title of world's richest billionaire [EI[Iigy, who was [Jlagerei's CEO until earlier this year, was one of
M' first hires. It's a passing of the torch for m who has always been the largest single owner of his company's stock. Gates now spends his time and personal
fortune helping run the Il P [EM%E &I foundation. The foundation has spent $28.3 billion fighting hunger and poverty since its inception back in 1997.

Potential tags:
LOCATION
ORGANIZATION
PERSON|
MISC

Copyright ® 2011, Stanford University, All Rights Reserved.



Stanford Named Entity Tagger (NER)

http://nlp.stanford.edu:8080/ner/process

Stanford Named Entity Tagger

Classifier: | english.all.3class.distsim.crf.ser.gz $ |

v

Output Format: | highlighted * |

Preserve Spacing: | yes + |

Please enter your text here:

Bill Gates no longer Microsoft's biggest shareholder
By Patrick M. Sheridan @CNNTech May 2, 2014: 5:46 PM ET

Bill Gates sold nearly 8 million shares of Microsoft over the past two
days.

ADALAONLL LML A Wz

| Submit | | Clear |

G & no longer [lagei's biggest shareholder By M. @CNNTech May 2, 2014: 5:46 PM ET [J][ #FX0R sold nearly 8 million shares of [agertei over
the past two days. JJ37, [TeLL4 (CNNMoney) For the first time in [Jlageaeq's history, founder [ EXGE is no longer its largest individual shareholder. In the past two days,
TR has sold nearly 8 million shares of et (1.Sal, Fortune 500), bringing down his total to roughly 330 million. That puts him behind [{agei's former CEQ

who owns 333 million shares. Related: Gates reclaims title of world's richest billionaire [EIlia, who was [lateqei's CEO until earlier this year, was one of

Gates' first hires. It's a passing of the torch for Gates who has always been the largest single owner of his company's stock. m now spends his time and personal
fortune helping run the [ 2 [AMEE o foundation. The foundation has spent $28.3 billion fighting hunger and poverty since its inception back in 1997.

Potential tags:
LOCATION
ORGANIZATION
PERSON|

Copyright © 2011, Stanford University, All Rights Reserved.



Classifier: english.muc.7class.distsim.crf.ser.gz
Bill Gates no longer [Jlagaei's biggest shareholder By M TEY @CNNTech 5T A FDOED: 5:46

PM ET Bill Gates sold nearly 8 million shares of [[lagerteli over the past two days. JI3y, [®Ld (CNNMoney)
For the first time in [Jlagaaei's history, founder CI[[ #EXGE is no longer its largest individual shareholder. In
the [F1 715 FETZ, Gates has sold nearly 8 million shares of [lageae (A.aal, Fortune 500), bringing down
his total to roughly 330 million. That puts him behind [Jlagaei's former CEO Sy who owns 333
million shares. Related: Gates reclaims title of world's richest billionaire [EI[lnas, who was [lageei's CEO
until 2T 0 7FT, was one of Gates' first hires. It's a passing of the torch for Gates who has always been
the largest single owner of his company's stock. Gates now spends his time and personal fortune helping

run the ] @ (AMEE &I foundation. The foundation has spent FELJE] FIIIEN fighting hunger and poverty
since its inception back in

Potential tags:

TIME]
PERSON|

D

Classifier: english.all.3class.distsim.crf.ser.gz

H &R no longer [Iagerli's biggest shareholder By M. @CNNTech May 2, 2014: 5:46
PM ET [ #FX0E sold nearly 8 million shares of [[9gertei over the past two days. Jay, 11854 (CNNMoney)
For the first time in Jlageaei's history, founder [l EYeE is no longer its largest individual shareholder. In
the past two days, [l has sold nearly 8 million shares of [lagere (1aal, Fortune 500), bringing down
his total to roughly 330 million. That puts him behind [Jlageen's former CEQO who owns 333
million shares. Related: Gates reclaims title of world's richest billionaire [EIlinas, who was [[lagerei's CEO
until earlier this year, was one of Gates' first hires. It's a passing of the torch for Gates who has always been
the largest single owner of his company's stock. m now spends his time and personal fortune helping
run the ([ P [EAMRE #FIE foundation. The foundation has spent $28.3 billion fighting hunger and poverty
since its inception back in 1997.

#

Potential tags:
LOCATION
ORGANIZATION
PERSON|



Stanford Named Entity Tagger (NER)

http://nlp.stanford.edu:8080/ner/process
Stanford NER Output Format: inlineXML

Bill Gates no longer <ORGANIZATION>Microsoft</ORGANIZATION>'s biggest
shareholder By <PERSON>Patrick M. Sheridan</PERSON> @CNNTech <DATE>May
2, 2014</DATE>: 5:46 PM ET Bill Gates sold nearly 8 million shares of
<ORGANIZATION>Microsoft</ORGANIZATION> over the past two days.
<LOCATION>NEW YORK</LOCATION> (CNNMoney) For the first time in
<ORGANIZATION>Microsoft</ORGANIZATION>'s history, founder <PERSON>BIill
Gates</PERSON> is no longer its largest individual shareholder. In the <DATE>past two
days</DATE>, Gates has sold nearly 8 million shares of <ORGANIZATION>Microsoft</
ORGANIZATION> (<ORGANIZATION>MSFT</ORGANIZATION>, Fortune 500),
bringing down his total to roughly 330 million. That puts him behind
<ORGANIZATION>Microsoft</ORGANIZATION>'s former CEO <PERSON>Steve
Ballmer</PERSON> who owns 333 million shares. Related: Gates reclaims title of
world's richest billionaire <PERSON>Ballmer</PERSON>, who was
<ORGANIZATION>Microsoft</ORGANIZATION>'s CEO until <DATE>earlier this year</
DATE>, was one of Gates' first hires. It's a passing of the torch for Gates who has
always been the largest single owner of his company's stock. Gates now spends his
time and personal fortune helping run the <ORGANIZATION>BIll & Melinda Gates</
ORGANIZATION> foundation. The foundation has spent <MONEY>$28.3 billion</
MONEY> fighting hunger and poverty since its inception back in <DATE>1997</DATE>.
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Stanford Named Entity Tagger (NER)

http://nip.stanford.edu:8080/ner/process
Stanford NER Output Format: slashTags

Bill/lO Gates/O no/O longer/O Microsoftt ORGANIZATION's/O biggest/O shareholder/O By/O Patrick/
PERSON M./PERSON Sheridan/PERSON @CNNTech/O May/DATE 2/DATE,/DATE 2014/DATE:/O
5:46/0 PM/O ET/O Bill/O Gates/O sold/O nearly/O 8/O million/O shares/O of/O Microsoft/
ORGANIZATION over/O the/O past/O two/O days/O./O NEW/LOCATION YORK/LOCATION -LRB-/
OCNNMoney/O-RRB-/O For/O the/O first/O time/O in/O Microsoft/tORGANIZATION's/O history/O,/O
founder/O BillPERSON Gates/PERSON is/O no/O longer/O its/O largest/O individual/O shareholder/
0./0 In/O the/O past/DATE two/DATE days/DATE,/O Gates/O has/O sold/O nearly/O 8/O million/O
shares/O of/O Microsoft/ ORGANIZATION -LRB-/OMSFT/ORGANIZATION,/O Fortune/O 500/0-RRB-/
O,/0 bringing/O down/O his/O total/O to/O roughly/O 330/0O million/O./O That/O puts/O him/O behind/
O Microsoftt ORGANIZATION's/O former/O CEO/O Steve/PERSON Ballmer/PERSON who/O owns/O
333/0 million/O shares/O./O Related/O:/O Gates/O reclaims/O title/O of/O world/O's/O richest/O
billionaire/O Ballmer/PERSON,/O who/O was/O Microsoftt ORGANIZATION's/O CEO/O until/O earlier/
DATE this/DATE year/DATE,/O was/O one/O of/O Gates/O'/O first/O hires/O./O 1t/O's/O a/O passing/O
of/O the/O torch/O for/O Gates/O who/O has/O always/O been/O the/O largest/O single/O owner/O of/
O his/O company/QO's/O stock/O./O Gates/O now/O spends/O his/O time/O and/O personal/O fortune/
O helping/O run/O the/O BillORGANIZATION & ORGANIZATION Melinda/ORGANIZATION Gates/
ORGANIZATION foundation/O./O The/O foundation/O has/O spent/O $/MONEY?28.3/MONEY billion/
MONEY fighting/O hunger/O and/O poverty/O since/O its/O inception/O back/O in/O 1997/DATE./O
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Natural Language
Processing
with

NLTK in Python




NLTK (Natural Language Toolkit)

NLTK 3.0 documentation

NEXT MODULES INDEX

Natural Language Toolkit

NLTK is a leading platform for building Python programs to work with human language data. It
provides easy-to-use interfaces to over 50 corpora and lexical resources such as WordNet,
along with a suite of text processing libraries for classification, tokenization, stemming,
tagging, parsing, and semantic reasoning, wrappers for industrial-strength NLP libraries, and
an active discussion forum.

Thanks to a hands-on guide introducing programming fundamentals alongside topics in
computational linguistics, plus comprehensive API documentation, NLTK is suitable for
linguists, engineers, students, educators, researchers, and industry users alike. NLTK is
available for Windows, Mac OS X, and Linux. Best of all, NLTK is a free, open source,
community-driven project.

NLTK has been called “a wonderful tool for teaching, and working in, computational linguistics
using Python,” and “an amazing library to play with natural language.”

Natural Language Processing with Python provides a practical introduction to programming for
language processing. Written by the creators of NLTK, it guides the reader through the
fundamentals of writing Python programs, working with corpora, categorizing text, analyzing
linguistic structure, and more. The book is being updated for Python 3 and NLTK 3. (The
original Python 2 version is still available at http://nltk.org/book 1ed.)

Some simple things you can do with NLTK

Tokenize and tag some text:

>>> import nltk

http://www.nltk.orqg/

TABLE OF CONTENTS

NLTK News
Installing NLTK
Installing NLTK Data
Contribute to NLTK
FAQ

Wiki

API

HOWTO

SEARCH

Go
Enter search terms or a module, class or
function name.



jupyter notebook

imyday — jupyter-notebook — 90x7

iMydaytekiMacBook-Pro:~
020:

[I @5

[I ©5:
[I @5:

[I 85:

twice

00:

00

00:

to

skip confirmation).

imyday$ jupyter notebook

21.870 NotebookApp] Serving notebooks from local directory: /Users/imyday

21.870 NotebookApp] @ active kernels

:21.870 NotebookApp] The Jupyter Notebook is running at: http://localhost:8888/
21.870 NotebookApp! Use Control-C to stop this server and shut down all kernels (

g7



€« > cC

Jupyter New Terminal

[ localhost:8888/tree#

Q@ v¢

s
— Jupyter

Files Running Clusters

Select items to perform actions on them. Upload || New ~ | &

g |-l® ’ Text File ’

. Folder

[J (O Applications

(J [ Desktop

| Notebook '
(J [ Development oleboors
Python 2

O Documents

O Downloads




conda list

& localhost:8888/terminals/1
Jjupyter

bash-3.2$ conda list
# packages in environment at //anaconda:

abstract-rendering 0.5.1 npllOpy27_0
alabaster 0.7.7 py27_0
anaconda 2.5.0 npllOpy27_0
anaconda-client 1.2.2 py27_0
appnope 0.1.0 py27_0
appscript 1.0.1 py27_0
argcomplete 1.0.0 py27_1
astropy 1.1.1 npllOpy27_0
babel 2.2.0 py27_0
backports-abc 0.4 <pip>
backports.ssl-match-hostname 3.4.0.2 <pip>
backports_abc 0.4 py27_0
beautifulsoup4 4.4.1 py27_0
bitarray 0.8.1 py27 0
blaze 0.9.0 <pip>
blaze-core 0.9.0 py27_0
bokeh 0.11.0 py27_0
boto 2.39.0 py27_0
bottleneck 1.0.0 npllOpy27_0
cdecimal 2.3 py27_0
cffi 1.2.1 py27_0
clyent 1.2.0 py27_0
colorama 0.3.6 py27_0
conda 4.0.5 py27_0
conda-build 1.19.0 py27_0
conda-env 2.4.5 py27_0




conda list

= localhost:8888/terminals/1
Jjupyter

fnitx
node-webkit
nose
notebook
numba
numexpr
numpy
odo
openpyxl
openssl
pandas
path.py
patsy
pep8
pexpect
pickleshare
p@llow

pycparser
pycrypto
pycurl
pyflakes

(-
-

We »
e O
F

OFHAMAFANKFPAPRPOFMFUMWNPEARFHEEFHFOWRFHEBNFEWRE M
NNO-

o s O e O
OCON-
ow

HNNNOOOFOWWOWOWHOOOHNOHNORBRMHC W

nltk 3.1 py27 O

py27 0

0

py27 0

py27 0
npllOpy27 0
npllOpy27_1
py27_0

py27 0

py27 0

npllOpy27 0
py27 1
npllOpy27_0

Rk
NNNN
NN

Rk
NNNNNN
NNNNNN
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help( modules ')

In [2]:

help( 'modules’

_ot
_Res

_Scrap

_Snd

_TE

_Win
__builtin
___future
_abcoll

_ast

_bisect
_builtinSuites
_cffi backend
_codecs
_codecs_cn
_codecs_hk
_codecs_1s02022
_codecs_jp
_codecs_kr
_codecs_tw

copy
copy_reg
copyreg
crypt
cryptography
csv

ctypes

curl

curses
cycler
cython
cythonmagic
cytoolz
datashape
datetime
dateutil
dbhash

dbm
decimal
decorator

nltk
nntplib
nose
notebook
ntpath
nturl2path
numba
numbers
numexpr
numpy

odo

opcode
openpyxl
operator
optparse
os
os2emxpath
osax
pandas
parser

z

tarfile
telnetlib
tempfile
terminado
terminalcommand
termios

test path

test pycosat
tests

textwrap

this

thread
threading

time

timeit
tkColorChooser
tkCommonDialog
tkFileDialog
tkFont
tkMessageBox
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import nltk

1 localhost:8888/notebooks/TextMiningNLP.ipynb

— Jupyter TextMiningNLP uesaea (ot
File Edit View Insert Cell Kernel Help 4 | Python2 O
+ & &2 B 4 v M B C Code : CellToolbar

In [ ]: import ﬂ

nltk
nntplib
nose
notebook
ntpath
nturl2pat
numba
numbers
numexpr

D b

http://www.nltk.org/ 92




import nltk
nltk.download ()

__ TextMiningNLP X

C' | [ localhost:8888/notebooks/TextMiningNLP.ipynb

: J U pyte r TextMiningNLP Last Checkpoint: an hour ago (autosaved)

File Edit View Insert

B+ < @a B » ¥

In [*]: import nltk

Cell Kernel Help

M B C Code

: CellToolbar

nltk.download
o [ ] NLTK Downloader
Modeis [ All Paciages
Identifier Name Sizz2 | Status

all All packages n/a not installed
all-corpora All the corpora n/a not installed
book Everything used in the NLTK Book WE] not installed

Download Refresh

Server Index: [http: //www.nltk.org/nltk_data/
Download Directory: |/Users/imyday/nltk_data

http://www.nltk.org/
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import nltk
nltk download ()

NLTK Downloader

Collections Models [l All Packages

all All packages
all-corpora All the corpora n/a partial
book Everything used in the NLTK Book n/a partial
Cancel Refresh

Server Index: ’http: //www.nltk.org/nltk_data/ y

Download Directory: |/Users/imyday/nltk_data |

Downloading package u'cess_esp' W o eygyy

http://www.nltk.org/ 04




import nltk
nltk.download ()

In [*]:

import nltk
nltk.download

NLTK Downloader

All Packages

Al packages

all-corpora All the corpora n/a partial
book Everything used in the NLTK Book n/a installed
Cancel Refresh

Server Index: [http ://www.nltk.org/nltk_data/

Download Directory: ] /Users/imyday/nltk_data

Downloading package u'panlex_lite'

http://www.nltk.org/
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nitk data
= = -

chunkers corpora grammars help

models stemmers taggers tokenizers

& Macintosh HD » [l Users » 4 imyday > || nitk_data
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At eight o'clock on
Thursday morning Arthur

didn't feel very good.

http://www.nltk.org/

97



[('At", "IN"),
('eight', 'CD'),

("o'clock”,

'NN"),

(lonl, IINI)’

(' Thursday',
( 'morning’,

'NNP'),
'NN'),

('Arthur’', 'NNP'),
('did', 'vBD'),
("n't", 'RB'),
('feel', 'VB'),
('very', 'RB'),
('good’, 'JJ%),

http://www.nltk.org/

) ]
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import nltk
Sentence = "At eight o'clock on Thursday morning Arthur didn't feel very good."

tokens = nltk.word tokenize(sentence)
tokens

print (tokens)

In [1]: import nltk

sentence = "At eight o'clock on Thursday morning Arthur didn't feel very good.”
tokens = nltk.word tokenize(sentence)
tokens

Out[1l]: ['At',
'eight’,
"o'clock"”,
‘on',
'Thursday ',
‘morning’,
'Arthur’',
‘did’,
"n't",
'feel',
'very',
‘good’,
o

In [2]: print(tokens)
['At', 'eight', "o'clock"”, 'on', 'Thursday', 'morning', 'Arthur’', 'did', "n't", 'feel', 'ver
y'y 'good', '.']

http://www.nltk.org/




tagged

nltk.pos tag(tokens)

tagged[0:6]

In [3]:

Out[3]:

tagged = nltk.pos tag(tokens)
tagged 0:6

[

At', 'IN'),

("
('eight’', 'CD"),
("
(
(
(

o'clock”™, 'NN'),

|onu’ IINI)’
'Thursday', 'NNP'),
‘morning’', 'NN')]

http://www.nltk.org/
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tagged

In [4]: tagged

Out[4]: [('At', 'IN'),
('eight', 'CD'),
("o'clock"”, 'NN'),
(‘on', 'IN'),
('"Thursday', 'NNP'),
('morning’, 'NN'),
('"Arthur’', 'NNP'),
('did', 'VBD'),
("n't", 'RB'),
('feel', 'VB'),
('very', 'RB'),
(‘good’, 'JJ'),
("« "))

http://www.nltk.org/ 101




print (tagged)

In [5]: print(tagged

[('Aat', 'IN'), ('eight', 'CD'), ("o'clock", 'NN'), ('on', 'IN'), ('Thursday', 'NNP'), ('morni
ng', 'NN'), ('Arthur', 'NNP'), ('did', 'vBD'), ("n't", 'RB'), ('feel', 'VB'), ('very', 'RB'),
(‘good', "JJ"), ('.'y ".")]

[('At', "IN'), ('eight', 'CD'), ("o'clock", 'NN'),
('Thursday', 'NNP'), ('morning', 'NN'), ('Arthur’,
IVBDI), (llnlt", IRBI), ('feel', IVBI),
(l.l, l.l)]

('on', lIN'),
'NNP'), ('did',
('very', 'RB'), ('good', 'JJ'),

At eight o'clock on Thursday morning
Arthur didn't feel very good.

http://www.nltk.org/
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entities
entities

nltk.chunk.ne chunk(tagged)

entities
entities

nltk.chunk.ne chunk(tagged)

Tree('S"', [('At', 'IN'), ('eight’', 'CD'), ("o'clock"”, 'NN'), ('on', 'IN'), ('Thursday', 'NN
P'), ('morning', 'NN'), Tree('PERSON', [('Arthur', 'NNP')]), ('did', 'VBD'), ("n't", 'RB'),
('feel', 'VB'), ('very', 'RB'), ('good', 'JJ"), ('.', '.")1)

Tree('S', [('At', 'IN'), ('eight', 'CD'), ("o'clock", 'dJdg'),
(‘'on', "IN'), ('Thursday', 'NNP'), ('morning’', 'NN'),
Tree( 'PERSON', [('Arthur', 'NNP')]),
('did', 'vBD'), ("n't", 'RB'), ('feel', 'VB'),
('very', lRB')I (|g°°d'l .JJ.)I (.°.I '°.)])

http://www.nltk.org/




from nltk.corpus import treebank
t = treebank.parsed sents('wsj 0001.mrg')[O]

t.draw()

from nltk.corpus import treebank
t = treebank.parsed sents('wsj 0001.mrg')[0]

t.draw
| NN NLTK
S
e
NP-SBJ VP .
= T |
NP . ADJP , MD VP
NNP NNP , NP J , will VB NP PP-CLR NP-TMP
Pierre Vinken CD NNS od join DT NN IN NP NNP CD
I I | | e |
61 years the board as DT JJ NN Nov. 29

a nonexecutive director

http://www.nltk.org/ 104




wsj 0001.mrg

wsj_0001.mrg wsj_0002.mrg wsj_0003.mrg wsj_0004.mrg
wsj_0005.mrg wsj_0006.mrg wsj_0007.mrg wsj_0008.mrg

& Macintosh HD > [#] Users > % imyday > [ ] nitk_data » [ /] corpora > | ] treebank > [ ] combined > wsj_0001.mrg
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wsj 0001.mrg

1

2 ( (s

3 (NP-SBJ

4 (NP (NNP Pierre) (NNP Vinken) )

5 G, )

6 (ADJP

7 (NP (CD 61) (NNS years) )

8 (1) old) )

9 (, ,))

10 (VP (MD will)

11 (VP (VB join)

12 (NP (DT the) (NN board) )

13 (PP-CLR (IN as)

14 (NP (DT a) (3] nonexecutive) (NN director) ))
15 (NP-TMP (NNP Nov.) (CD 29) )))

16 (. ) )

17 ( (S

18 (NP-SBJ (NNP Mr.) (NNP Vinken) )

19 (VP (VBZ 1is)

20 (NP-PRD

21 (NP (NN chairman) )

22 (PP (IN of)

23 (NP

24 (NP (NNP Elsevier) (NNP N.V.) )
25 G, )

26 (NP (DT the) (NNP Dutch) (VBG publishing) (NN group) )))))
27 (. ) )

28

http://www.nltk.org/ 106




Textual Entailment Features for
Machine Translation Evaluation
HYP: The virus did not infect anybody.

entailment 1 T entailment

REF: No one was infected by the virus.

HYP: Virus was infected.
|
no entailment + * no entailment

|
REF: No one was infected by the virus.
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1 R = b =X 2 Z Fa = o
2 on?vg 4 /‘f@g'--'?- P v‘l‘*ﬁ?ﬁpi P /4
http://mail.tku.edu.tw/myday/resources/
RILKNEENEHE 2
(Department of Information Management, Tamkang University)
H RS = B E S RE i e &R
(Resources of Natural Language Processing and Information Retrieval)

1. LS CKIP H S EaR 2247
PREENY © FrOLpitot i aa]E /Nl
e - BRI -
FZREHHA © 2011.03.31 -

CKIP: http://ckipsvr.iis.sinica.edu.tw/

2. T oo dnEEsasmay | (The Academia Sinica Bilingual Wordnet)
oL ge e R L EESESEIAY | (The Academia Sinica Bilingual Wordnet) »
R 3R T REENEHE 2, | (Department of Information Management,
Tamkang University )2 {85 -
PAEEAL © POl FERBETEESEE T
FoRE4aE T RO gt b b HEESESE4Y | (The Academia Sinica Bilingual Wordnet)
A= RS (1-10 AEH) JEF & - NT$61,0007T »
e HHA © 2011.05.16 -
Sinica BOW: http://bow.ling.sinica.edu.tw/




’ﬁ% @ﬁ Fvﬁ~pi%%

http://mail.tku.edu.tw/myday/resources/

3. G IHPE A R E 247 (OpenASQA)
PRERRAY @ th i ge PR A S R B A B E2 A A 2B =
HEGRE © BT -

FoREFHHA © 2011.05.05 o
ASQA: http://asqga.iis.sinica.edu.tw/
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fRET REATAREFL TR

http://mail.tku.edu.tw/myday/resources/

T RERIMRS D LT CRE P
E/
15 T AREFReZEge o ESEFRE [ HIT-CIR Chinese Dependency Treebank )
5 T RES R T LE Mg (HIT-CIR Tongyici Cilin (Extended)
Sh S AR EEAH
) (SplitSentence: Sentence Splitting)
=857 M7 (IRLAS: Lexical Analysis System)
ErSVMToolyzEEE ¥ (PosTag: Part-of-speech Tagging)
A B e (NER: Named Entity Recognition)
ﬁﬁ%ﬁb%%fgfbﬂﬁﬁif@zﬁ 531t (Parser: Dependency Parsing)
FAE N E AT (GParser: Graph-based DP)
ijzﬂ@m;éjﬁi (WSD: Word Sense Disambiguation)
SEEEEAEFE4H (SRL: hallow Semantics Labeling)
BRFRR
EES R EMESES (LTML: Language Technology Markup Language)
B LTE
LTML{EZ(EXSL

PERRAL © 15 T KRR+ (HIT-CIR)
PSR - BEPRERTEEA -

PREH A © 2011.05.03 -

HIT IR: http://ir.hit.edu.cn/




Summary

* Differentiate between
text mining, Web mining and data mining

* Text mining
* Web mining
—Web content mining
—Web structure mining
—Web usage mining
 Natural Language Processing (NLP)
* Natural Language Processing with NLTK in Python
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