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Introduction

Seth Grimes —

Principal Consultant with Alta Plana Corporation.

Contributing Editor, IntelligentEnterprise.com.
Channel Expert, B-Eye-Network.com.

Founding Chair, Text Analytics Summit,
textanalyticsnews.com.

Instructor, The Data Warehousing Institute, #dwz.org.

I am not paid to promote any vendor.

Alt&l Plana Ot Plans Coporsion, 208 ‘Text Analytics Summit 2008 — Workshop



Text Analytics for Dummies 3

Perspectives

Perspective #1: You’re a business analyst or
other “end user.”

You have lots of text, and you want an automated way to deal
with it

Perspective #2: You work in IT.

You support end users who have lots of text.

Perspective #3: Other?

You just want to learn about text analytics.

Alt&l Plana Ot Plans Coporsion, 208 ‘Text Analytics Summit 2008 — Workshop
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Perspectives

Perspective #1a, 2a: Extending analysis.

You want to extend an existing business intelligence (BI) /
data—mining initiative to encompass information from
textual sources.

Perspective #1b, 2b: New to analysis.

You don't do traditional data analysis (yet).

Alt&l Plana Ot Plans Coporsion, 208 ‘Text Analytics Summit 2008 — Workshop
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Perspectives

What do people do with electronic documents?
1. Publish, Manage, and Archive.
2. Index and Search.

3. Categorize and Classify according to metadata & contents.

4. Information Extraction.

For textual documents, text analytics enhances

#2 and enables #3 & #4.

Text analytics can be automated or interactive.

Alta Planga cenecmmnne

Text Analytics Summit 2008 — Workshop
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Key Message -- #1

If you are not analyzing text — if you're
analyzing only transactional information —
you're missing opportunity or incurring risk...

“Industries such as travel and hospitality and retail live and
die on customer experience.” — Clarabridge CEO Sid Banerjee

This is the “Unstructured Data” challenge

Alt&l Plana Ot Plans Coporsion, 208 ‘Text Analytics Summit 2008 — Workshop
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Key Message -- #2

Text analytics can boost business results...

Organizations embracing text analytics all report having an
epiphany moment when they suddenly knew more than

betore.” — Philip Russom, the Data Warehousing Institute

...via established BI / data-mining programs, or
independently.

Text Analytics 1s an answer to the “Unstructured
Data” challenge

Alt&l Plana Ot Plans Coporsion, 208 ‘Text Analytics Summit 2008 — Workshop
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Key Message -- #3

Some folks may need to expand their views of
what BI and business analytics are about.

Others can do text analytics without worrying
about BI.

Let’s deal with text-BI first. Here's an image and
a quotation from a 1958 paper introducing BI
as a method for processing documents and
extracting knowledge...

Alt&l Plana Ot Plans Coporsion, 208 ‘Text Analytics Summit 2008 — Workshop
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Business Intelligence

What is business intelligence (BI)?

In this paper, business 1s a collection of activities carried on
for whatever purpose, be it science, technology, commerce,
industry, law, government, defense, et cetera. The
communication facility serving the conduct of a business (in
the broad sense) may be referred to as an intelligence system.
The notion of intelligence is also defined here, in a more
general sense, as “the ability to apprehend the
interrelationships of presented facts in such a way as to
guide action towards a desired goal.”

— Hans Peter Lubn, A Business Intelligence System, IBM
Journal, October 1958

Why does BI not focus on textual documents?

Alt&l Plana Ot Plans Coporsion, 208 ‘Text Analytics Summit 2008 — Workshop
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The “Unstructured Data” Challenge

“T'he bulk of information value is perceived as
coming from data in relational tables. The reason
is that data that 1s structured 1s easy to mine and
analyze.”

— Prabhakar Raghavan, Yahoo Research, former CTO of enterprise-search
vendor V'erity (now part of Autonomy)

That’s where BI operates, on data in a relational
table that originated in transactional systems.

Yet it’s a truism that 80% of enterprise information

1s 1n “unstructured” form.
Alt&l Plana Ot Plans Coporsion, 208 ‘Text Analytics Summit 2008 — Workshop
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The “Unstructured Data” Challenge
Traditional BI feeds off:

"SUMLEV", "STATE", "COUNTY", "STNAME", "CTYNAME", "YEAR", "POPESTIMATE",
50,19,1,"Iowa","Adair County",1,8243,4036,4207,446,225,221,994,509
50,19,1,"Iowa","Adair County",2,8243,4036,4207,446,225,221,994,509
50,19,1,"Iowa","Adair County",3,8212,4020,4192,442,222,220,987,505
50,19,1,"Iowa","Adair County",4,8095,3967,4128,432,208,224,935,488
50,19,1,"Iowa","Adair County",5,8003,3924,4079,405,186,219,928,495
50,19,1,"Iowa","Adair County",6,7961,3892,4069,384,183,201,907,472
50,19,1,"Iowa","Adair County",7,7875,3855,4020,366,179,187,871,454
50,19,1,"Iowa","Adair County",8,7795,3817,3978,343,162,181,841,439
50,19,1,"Iowa","Adair County",9,7714,3777,3937,338,159,179,805,417

Alt&l Plana Ot Plans Coporsion, 208 ‘Text Analytics Summit 2008 — Workshop
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The “Unstructured Data” Challenge

Traditional BI feeds off:

"SUMLEV", "STATE", "COUNTY", "STNAME",

50,19,1,
50,19,1,
50,19,1,
50,19,1,
50,19,1,
50,19,1,
50,19,1,
50,19,1,
50,19,1,

"ITowa","Adair
"ITowa","Adair
"ITowa", "Adair
"ITowa","Adair
"ITowa", "Adair
"ITowa","Adair
"ITowa", "Adair
"ITowa","Adair
"ITowa", "Adair

County",1,824
County", 2,824
County", 3,821
County", 4,809
County", 5,800
County", 6,796
County", 7,787
County", 8,779
County", 9,771

It runs off:
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The “Unstructured Data” Challenge

Traditional BI produces:
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The “Unstructured Data” Challenge

Some information doesn’t come from a data file.

April 2006, Roel Nusse

These diagrams display interactions between proteins in Wnt signaling and the approximate sites of binding. Axin and Frat] interact with dvl and GSK, bridging Dvl to
The partners are hyper-linked to one literature reference in PubMed. From there, one can refrieve more literature. GSK in Wnt-mediated regulation of LEF-1.
m_ Wnt proteins transduce their signals through dishevelled (Dvl)
ﬁ% Frizzled proteins to inhibit glycogen synthase kinase 3beta (GSK), leading
M s g to the accumulation of cytosolic beta-catenin and activation of
sequence TCF/LEF-1 transcription factors. To understand the mechanism

by which Dvl acts through GSK to regulate LEF-1, we
investigated the roles of Axin and Fratl in Wnt-mediated

activation of LEF-1 in mammalian cells. We found that Dvl
ﬂ ﬁ) S T interacts with Axin and with Frat1, both of which interact with
GSK. Similarly, the Fratl homolog GBP binds Xenopus

overy @D Dishevelled in an interaction that requires GSK. We also found
that Dvl, Axin and GSK can form a ternary complex bridged hy
Axin, and that Frat1 can be recruited into this complex probably
by Dvl. The observation that the Dvl-hinding domain of either
Frat1 or Axin was able to inhibit Wnt-1-induced LEF-1 activation
suggests that the interactions between Dvl and Axin and hetween
Dvl and Frat may be important for this signaling pathway.
Furthermore, Wnt-1 appeared to promote the disintegration of the
Frat1-Dvl-GSK-Axin complex, resulting in the dissociation of GSK
from Axin. Thus, formation of the quaternary complex may be an
GTCP m S o) i) @D e important step in Wnt signaling, by which Dvl recruits Frat1,

”MGB°- leading to Frat1-mediated dissociation of GSK from Axin.
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The “Unstructured Data” Challenge

Consider:

E-mail, news & blog articles, forum postings, and other social
media.

Contact-center notes and transcripts.
Surveys, feedback forms, warranty claims.

And every kind of corporate documents imaginable.

These sources may contain “traditional” data.

The Dow fell 46.58, or 0.42 percent, to 11,002.14. The
Standard & Poor's 500 index fell 1.44, or 0.11 percent, to
1,263.85, and the Nasdaq composite gained 6.84, or 0.32
percent, to 2,162.78.
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Search

So there’s data and other interesting information
in text. How do we get at it?

Search is not the answer. It returns documents.

Analysts want facts, answers to questions. And
what if you're unsure what question to ask?

All the same, let's think about searches and
answers...

Alt&l Plana Ot Plans Coporsion, 208 ‘Text Analytics Summit 2008 — Workshop
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Search

Search involves —

Words & phrases: search terms & natural language.

Qualifiers: include/exclude, and/or, not, etc.

Answers involve —

Entities: names, e-mail addresses, phone numbers
Concepts: abstractions of entities.
Facts and relationships.

) <«¢

Abstract attributes, e.g., “expensive,” “comfortable”
Opinions, sentiments: attitudinal data.

... and sometimes BI objects.
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Search

Q&A may involve hidden knowledge:
What was the population of Paris in 18487

Concepts and complexity:

What’s the best price for new laptop that I'll use for business
trips and around the office?

Opinion:
What do people think of the Iron Man movie?

Calculation and structuring:

Who were the top 4 sales people for each product line,
region, and quarter for the last two years?

Alt&l Plana Ot Plans Coporsion, 208 ‘Text Analytics Summit 2008 — Workshop
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Search

Search 1s not enough.

Search helps you find things you already know about. It
doesn 't help you discover things you're unaware of.

Search results often lack relevance.
Search finds documents, not knowledge.

Search doesn’t enable unified analytics that links data
from textual and transactional sources.

Text analytics can make it better...
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Beyond Search: Analysis

Text analytics enables results that suit the
information and the user, e.g., answers —

©Jwhat is the population of Peru? - Google Search - Mozilla Firefox - |EI|1|
File  Edit Wiews History  Bookmarks Tools  Help  delicio.us
<: - - li}j @ Eﬁ TAG http:,l',l’www.google.com,l’se | B ' by
Signin =
G I Web |mages “ideo MNews Maps more »
0 {_)g e IWhatisthe population of Peru? Search | ’:f;::::efeamh

Web
Peru — Population: 25,302 603 (July 2006 est)

Results 1 - 10 of about 2,110,000 for What is the population of Peru?. (0.28 seconds)

According to https:Awwew cia.gow/cia/publicationsfactbooki/print/pe. html - More sources »

Peru: Population

Estimated at 22 million in 1990, Peru’s population has more than tripled over the last 50

vears (it was slightly moare than 7 million at 1940 census), ...
vy, ddg. com/LISAaureliafperpop.htrm - 3k - Cached - Similar pages

ror Population Trends: Peru
File Format: PDFfAdobe Acrobat - View as HTWL

Forty-one percent of Peru's population lives in urban areas other than Lima. ... Population

of Peru by Age and Sex: 1998 and 2020 ...

| Daone

=]

Now on to knowledge discovery, to discerning
interrelationships of presented facts...

Alta Plana

©Alta Plana Corporation, 2008

Text Analytics Summit 2008 — Workshop



Text Analytics for Dummies

22

Beyond Search: Analysis

Soft Money Game

Democrats initially ran into difficulty getting corporate chieflains and their companies to donate soft money to their upstart 527 groups,
AmMTQMTMMMMW#WﬁmMMtMMIWC&W 2004. Fundraisers turned to maverick
donors, many of whom had given soft money to the Democratic Party in the past. This chart shows most donations and transfers of more
than $1 million to Democratic 527s through Sept. 30,

Music for New Democratic
—. i Network Non-Federal

Soft money before
2002 McCain-
Feingold ban

SOURCES: Lontar for Public Integrity data I R Rosenthal D Lewis M Carsey L Pritzker |
Imternal Revenwe Service and Federal Elenllnn
Commissian,

2003-2004 soft money to 527 groups

Contributions lo 527s active in federal
elections have not kept pace with soft
money donations to national party
commitlees in previous election cycles.
From January of last year through June
oftkf.s_ﬂw 527 groups active in federal

raised $§188 million. In the same
18 months ending in 2002, $308 million
in soft money was raised by political
parties.

Total receipts, party soft money
vs. 527s

(in millions)
[0 PARTY SOFT MONEY | 527s
$495.1 $496.1

$188

2000 2002 2004*
*Through lune
NOTE: Data for 527 activity in the 2004 cycle based on
mrzllllnugnw Far. Regorting of 527 activily was required as of

SOURCES: Center for Respansive Politics, Federal
Election Commission, Center for Public Integrity

GRAPHICS REPORTING BY SARAH COHEN, JAMES V. GRIMALDY OF THE

POST, AND THE CENTER FOR PUBLIC INTEGRITY. GRAPHIC BY LOUIS SPRITO—THE WASHINGTON POST

www.washingtonpost.com/ wp-srv/ politics/ daily/ graphics/ 527 Diagram_101704.hinid
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Text Mining

Search/Query Discovery
(goal-oriented) (opportunistic)

Data Retrieval

Documents Information
Retrieval

Based on Je Wei Liang, wwmw.database.cis.nctu.edn.tw/ seminars/ 20035 TWNM/ slides/ p.ppt
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Text Mining

Text Mining = Data Miming of textual sources.

Clustering and classtfication.
Link Analysts.
Prediction.

ciation rules.

Qf
CD

AFLrE W
[l .
[
- ~
Lo .
[

Soft Money Game

Democrats initially ran into difficulty getting corporate chiefiains and their companies to domle N_ﬂ money to their mlarr sz;'m
heir.

ity
America Coming Together, The Media Fund and )

ising arm, the Joint Victory

donors, many afummgimwﬁmmmlhebmmumﬂw;m the past. nuckmaham most dommandbwwfm afmm
than $1 million to Democratic 527s through Sept. 30.

Soft money before
2002 McCain-
Feingold ban

Democrati
Party ™

=

guaniiet >

Music for New Democratic
America Network Non-Federal

$2 millon .

ARappaport

MaveOn.org
Voter Fund

WTETS

R Rosenthal D Lewis M Carsey L Pritzker

v sk s st

2003-2004 soft money to 527 groups

Contributions to 527s active in federal
wlections heve et kept pur with ot
money donations to national pariy
committees in previous election

From January of ast gear through June
of this year; 527 groups active in federal
elections raised $188 million. In the same
18 months ending in 2002, $308 million
in soft money was raised by political
parties.

Total receipts, party soft money
vs. 5275
(in millions)

PARTY SOFT MONEY 527s

$495.1 $496.1

$188
2000 2002 2004
“Theough une
HOTE Dta kot SE7 sty the 2004 ol based 0
perinase . Rpor g 1 327 ity wa roqured 35 of

GRAPHICS REPORTING BY SARAH CONEN, JANES V. GAIMALD! OF PaST, AND THE

Y. GRAPIRE BY

Text Mining = Knowledge Discovery in Text.

Alta Plana
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earch can be
retty smart.

This slide and the

next show

dynamic, clustered f&sz

search results

from Grokker...
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Grokker - Enterprise Search Management - Mozilla Firefox - | O Ll
File Edit Yiew History Bookmarks Tools Help  delcio.us
¢| T - @ X ] ﬁ_l‘ E 1A E http:f,l’hve.grnkkar.cnm,l’grnkker.html?query=taxt°.-"oZDanaIytics&\"ahnn:true&Wikipadi‘ r | D] | |tdwi david bean course \\]

. Selected Sources [z of 2] Add/Remove

®grokeer
® . ESM

Yahoo!, Wikipedia

GROK | Search Options

Itext anahdtics

= Outline Yiew |(::; Map Yiew ) 145 total results

Expand Qutline | Callapse Cutline Detail: Less Medium More

0 items in your list |
Wiew your list text analytics (145 results)
General (23)
Analytics Suite (16)
Information (12)

B Text Mining {12)

B Unstructured Text {12)

21| text analytics =

Matural lanquage processing

& Email Outline... Audd to Working List | Post to delicio.us | Baokmark | Email

D Export Outline... Matural language pracessing
httpe fenwikipedia.orgfwikifMNatural_language_processing - Thursday, April
19, 2007

Source: Wikipedia

Search within the outline:

by keyword
I excude Data Warehousing {11) The European Text Snalytics Summit 2007
@ Text Analysis (10) Add To Working List | Past 1o delicio.us | Bookmark | Email
. . The European Text Analytics Summit 2007 is the first commercial event in
by date Text Anal‘ﬂlcs Solutions (10} Europe ... Text Analytics applies linguistic, statistical, and maching learning
Information Management (9) technigues
all most recent Today Announced (8) ;totgéﬁwww.textanalwicsnews.cumfcurupeﬂ?f- 30k - Sunday, March 25,

Textual Analytics (7)
Janya Awarded (6) http:
Brainware's Globalbrain (5)

source: Vahoo!

rojects.deupennedul...

Add to Warking List | Post to del.icio.us | Bookmark | Email
httpe projects. dooupenn eduface) ACE (LDC)..
httped fprojects.ldeupenn.edufaced - Thursday, April 19, 2007
Source: Wikipedia

SPSS Announces Predictive Text
Analytics (5)
Text Analytics Summit (5)

by domain
I(AH domains>» vl

Hide Tools ini i
N —— " lext Mining, Text Analysis, Unstructured Data, Document

Enterprise Search (4) Text _Mlnm_ Text Analysis, Unstructured Data, Docurnent
Classification, Custamer Churn

IBM Research (4) Add to Working List | Post to delicio.us | Bookmark | Emnail

IEM Systems Journal (4) Specializing in text analysis, unstructured data, document classification and

Inxight Software (4) ... Read about other how organizations use Predictive Text Analytics here.

Mark eting Research and Web (4) httpf S spss.com/predictive_text_analytics/index.htm - 13k - Tuesday,
February 27, 2007

Matural Language (4} Source: Yool

PRESS RELEASE (4)

. Moisy text analytics

Provides Free (4) Add to Working List | Past to delicio.us | Bookenark | Email

Coreference (3) b Moisy text analytics

Engineering News (3) httpef fen o wikipedia.org/wikifMoisy_text_analytics - Thursday, April 19,
2007

Open Source &) - Source: Wikipedia =

ies £21
@2006 Groxis Inc., All Rights Reserved,
& Find: Ihean {4 mest O Previous | Highlight all I Match case
‘ Done ]

live grokfker.com/ grokker. himlequery=text”o20analyticse>Y ahoo=true>W ikipedia=true>numResults=250
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...with a
zoomable display.

Clustering here
utilizes statistical
(text) data mining
techniques to
identifying
cohesive
groupings of
retrieved
documents.

Alta Plana
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Grokker - Enterprise Search Management - Mozil =]
File Edit ‘“ew History Bookmarks Tools  Help  delicio.us
<‘F_| - - - @ /IJ} E TAG ’—B ‘okker. htrml?query=text%20analyticstYahoo=truetwikipedia=truefnumPesults=250 | i | D] |tdwi david bean caurse k\]

0 items in your list

Miew your list

Selected Sources [z of 3] Add/Remove
Yahoo!, Wikipedia

|te>d analytics

GROK | Search Options

ED Email Map...
D Export Map...

Search within the map:

by keyword

r Exclude
by date
all rmost recent

= outline View 1[ "% Map View | 145 tatal results

Expand View
S

. b 1 1 w

\0 ] Recognition | L i

n B .
W =)

n < —"J D 1
5 2 I} 4 ! ol T 1
% Title Alias-i LingPipe 2.1

Detail: Less Mediurm More Expand Detail

-

Matural lanquace processing
Addd to Working List | Post to delicio.us | Bookmark |
Ernail
Matural language processing
httpffenwikipedia.orgfwikifMatural_language_process
- Thursday, April 19, 2007
source: Wikipedia

The European Text Analytics Summit 2007
Add to Working List | Post to delicio.us | Bookmark |
Ernail

The European Text Analytics Surmit 2007 is the
first commercial event in Europe .. Text Analytics
applies linguistic, statistical, and machine leaming

by source Ge Rel o With J atural Language technigues ...
A ease ava 3 it .
7 podfwnaw textanalyticsnews comfeurope0?f - 30k
I( > vl " 3
All sources n I iourct_a for T:xt L | - Sunday, March 25, 2007
B nalytics an Source: Yahoo!
by domain Y ]L Hatural Language )
I(AH daoraing> 'l ) L Processing Tegpoalies 3. http#forojects ldc.upennedus .
Date hdar 29, 2007 bl Y Addd to Working List | Post to del.icio.us | Bookmark |
Text Mining Rank a1 Ernail
Hide Tools a L] SOUrce *fahoo! 1 = httpedfprajects.ldeupenn.eduface ACE (LDC)..
= httpeffprojects ldcupenn. eduface) - Thursday, April
oLt c : Textdnaltics Soluti... 19, 2007
Layowe @ O Color W[ Coreference h ‘o -\_I:fa Source: Wikipedia
= ] ‘ J =L Text Mining, Text Analysis, Unstructured
g 9 ‘ - Data, Docurment Classification, Customer
[ ] Churn
Infarmation .)") Text Analysis bl to Working List | Post to delicio.us | bookmark |
Ernail
text analytics Specializing in text analysis, unstructured data,
document classification and ... Read about other how
arganizations use Predictive Text Analytics here. ..
httpod v spss com/predictive_text_analyticsfindex b
- 13k - Tuesday, February 27, 2007 =
« | 3
2006 Groxis Inc,, All Rights Reserved.
4 Find: Ibean {3 Mext {0 Previous [ Highlight all |~ Match case

‘ http: fflive. grokker.comfgrokker html?query=text analyticsd ahoo=truewikipedia=truefnumResults=250
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A dynamic
network viz.:
the Touch-
Graph
Google-

Browser

applet

touchgraph.com/
TGGoogleBrowser.php
estart=text%20analytics
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o/
File Edit Mew History Bookmarks Tools  Help  del.icio.us
\, - ‘l/ - @ A | ﬁ} E TG 5‘-.‘- http:ftouchgraph.comy TaGoogleBrowser . php?start=inteligententerprise.com | Y| }] |" ennie-sheralee-garcia.info |\<~]
Edit View Tools Display
Info | Help : Keywords or URL ‘text analytics || Go | Edlit | Keep H Hide " Expand |
Data Mining, Text Mining and Web Mini Label Shows @ Title () URL Tools @
Sofiware
ity frorwe, egaputer comn/ Zoom: [4] T ] [»| Spacing: [4] T[] [ ] g
Megaputer offers data mining, text mining, and web
data mining software tools for e-commerce,
database marketing, and CRM, seminars, training
and consulting ..
Filter
Shor Hidden Hame
= |
Mame URL St [.. 7
& Data Mining, Text Mining ... |megaputer.c... 1
& |5 |545 | Data Mining and Te... [sas.camitec... 1 -
& mational Centre for Text b |nacterm.ac.uk 1
] text mining and weh-bas... |fileboxvtedu... 1
& QEA A Bummary of Text .. |users.oxac.... 1
& [The BioMinT project horm... |biormint.org 1
& r‘, Data Mining and Anahtic ... [thearling.com 1
& Text Analysis Infa textanalysis.i.. 1
@ [Test Mining Research Gr.. |cswaikato.a. 1 N |I=
& | W | Texd analytics - Wikipedia, . |en wikipedia 10 ™
& | & [The Mew York Tirmes - Br... |nytimes.corm 1
& | Jy [Slashdot Mews for nerds...|slashdotorg 1
| & |me | The Internet Movie Datab... |imdb.com 1
] o |[EEC MEWS | Mews Front ... \news. bbe.co.. 1 y
- B Elogger: Create your Blog...|blogger.cam 1 — /
& |[163 W ediziki - Mediawiki e diawiki.org 1 il / m
& oW [CHMN.corm - Breaking Me... [cnn.com 1 Brincipleluf) .
& |®® \elcome to Flickr - Photo...[flickr.com 1 Blashiot
& Google Mews news.googl... 1
& what does this mean help.blogger... 1
| WCAI 2007 Workshop on .. |research.iho... 10
& [BE|HP Labs India hpl.hp.carmi.. 1
& | |voice Extensible Markup . [w3.orgiTRIv 1 Bi“i“rm““(s
] Google Alerts google.comi. 1
@ [[])JcA07 - LICAD? jjeai-07.0rg 1 m@g
& |L&# | Catalist, the official catal... [lsofcomicat... 1 / ~ | ,E@E
& PromoteResearch promoteres. . 1 . £ | T
& [ Mathijs de Weerdt| Home |st.ewitudelt. 1 5.1. m@;&nﬁ
& | |[DAVIESIMEH] Carpus de.. |corpusdeles... 1 | "'TQHChGPﬂPh —
& The International Associa...[iapr.org 1 [aT - L I '|l
@) Donel
Applet com.touchgraph. googlebrowser. GoogleApplet started 4
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Filter

Showy Hidden Harne

O |
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& Data Mining, Text Mining ... [megaputer.c... 1
& | % |SAS | Data Mining and Te.. |sas.comitec... 1
& Mational Centre for Text M. |nacterm.ac.uk 1
& text mining and web-has... (fileboxyt edu.. 1
& CLEA A Summary of Text .. (users.oxac... 1
& The BioMinT project hom... (biomint.org 1
& ¥ |Data Mining and Analytic .. |thearling.com 1
o Text Analysis Info textanalysis.i.. 1
o Text Mining Research Gr. [cswaikatoa. . 1
] Text anahtics - Wikipedia,..|enwikipedia... 10
] The Mew York Times - Br... [mydimes.com 1
] Slashdot Mews for nerds. . |slashdot.org 1
o The Internet Movie Datab... |[imdb.com 1
BEC MEWS | Mews Front ... |news . bbc.co... 1
1] Blogger: Create your Blog.. |blodder.cam 1
1] Mediatiki - Medialiki rmediawikiarg 1
] CHM.caom - Breaking Me... [chn.com 1
o YWelcorme to Flickr - Phaoto. . (flickr.com 1
] Google Mews newes goagl.. 1
] what does this mean help blogoer... 1
[+ LIC:al 2007 Winrkshinh e Iresearch ihin 10
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Text Analytics

So text analytics enhances search, a.k.a.
Information Retrieval.

It recognizes patterns in search queries to enable basic question
answering,

It recognizes patterns in search results to enable clustering of
results.

We want to get beyond IR to Information
Extraction (1E).

First, #ime out to summarize and provide some
definitions...
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Glossary

Text analytics automates what researchers, writers,
scholars, and all the rest of us have been doing
for years. Text analytics —

Applies linguistic and/or statistical techniques to extract
concepts and patterns that can be applied to categorize and
classify documents, andio, video, images.

Transforms “unstructured” information into data for
application of traditional analysis techniques.

Unlocks meaning and relationships in large volumes of
information that were previously unprocessable by computer.
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Glossary

Text Analytics 1s perhaps a superset of Text Mining.

Information Extraction (IE) involves pulling features — entities
& their attributes, facts, relationships, etc. — out of textual
sources.

Entty. Typically a name (person, place, organization, etc.) or a
patterned composite (phone number, e-mail address).

Concept: An abstract entity or collection of entities.
Facr. A relationship between two entities.
Sentiment. A valuation at the entity or higher level.

Opinion: A fact that involves a sentiment.
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Glossary

Semantics: A fancy word for meaning, as distinct from Syntax,
which is structuring,

Natural Language Processing (NLP): Computers hear humans.
Parsing: Evaluating the contents of a document.
Tokenization: 1dentification of distinct elements within a text.

Stemming/ Lemmatization : Reducing variants of word bases
created by conjugation, declension, case, pluralization, etc.

Tagging: Wrapping XML tags around distinct text elements, a.k.a.
text augmentation.

POS Tagging: Specifically identifying parts of speech.
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Glossary

Categorization: Specification of ways like items can be grouped.
Clustering: Creating categories according to statistical criteria.

Taxonomy: An exhaustive, hierarchical categorization of entities
and concepts, either specified or generated by clustering.

Classification: Assigning an item to a category, perhaps using a
taxonomy.

Taxonomy: A hierarchical categorization of entities and
concepts.

Accuracy: How well an IE or IR task has been performed,
computed as an F-score weighting Precision & Recall
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Text Analytics

Typical steps in text analytics include —
Retrieve documents for analysis.

Apply statistical &/ linguistic &/ structural techniques to
identify, tag, and extract entities, concepts, relationships,
and events (features) within document sets.

Apply statistical pattern-matching & similarity techniques to
classify documents and organize extracted features according
to a specified or generated categorization / taxonomy.

— via a pipeline ot statistical & linguistic steps.
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Text Analytics

So text analytics looks for structure that is
inherent in the textual source materials. Let's
look at some of the steps.

First, we’ll do a lexical analysis of a text file,
essentially a basic statistical analysis of the
words and multi-word terms...
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¥ keyword Density & Prominence Tool v1.5b - Mozilla Firefox I ]
File Edit Wiew History Bookmarks Tools Help  delicio.us
@ - - @ ﬁ ES 1aG & http:/fvnw.ranks, nlfcgi-bingranksnl)spider'spider. cgivlang= | B ' Google b,
Ranks Friends Lag in =
m.’ KEYWORD DENSITY & PROMINENCE v1.5b Mew Report
http:/ /altaplana.com/SentimentAnalysis.html | —More Domain /URLinfo— ] e
Details
Comparison form
Header data
HTRL
=]
1423 total words in the file.
644 unique words in the file, short words included
5 possible StopWord(s) @ an and the with www
Page elements
=
weord repeats density Prominence we o repeats density Prominence
sentiment 12 LI 1.26%0 45,93 for 17 L 1.19%0 34,44
that 15 1.05%0 5E.22 text 15 L 1.05% £3.77
analytics 1z L 0.84%0 52.83 fram 10 0.70% 71.16
management 9 H 0.63%0 50.37 analysis 9 LI 0.63% £0.61
our g 0.56%0 20.36 are g 0.56%0 56,38
influence 7 H 0.49% 75.46 customer 7 H 0.49% 33.75
which =] 0.42%0 63.18 understanding & 0.42% 47,34
she & 0.42%0 638.22 notes =} 0.42%0 51.18
have & 0.42%0 35.14 can =} 0.42%0 55,43
been =] 0.42%0 28.93 understand 5 0.35% 57.77
they = 0.35%0 54,28 sources = 0.35%0 87.31
not = 0.35%0 37.68 mare = 0.35%0 42,90
rmining = 0.35%0 55.84 rmail = 0.35%0 63,50
extraction g 0.35%0 40.15 enterprise 5 H 0.35% 40,59
i 3 4 0.28%0 23.61 tirme 4 0.28%0 20.59
take 4 0.28%0 14.78 SUMEYS 4 L 0.28%0 50,39
support 4 0.28%0 21.75 results 4 0.28% 38.58
potential 4 0.28% 39.97 positive 4 0.28% 56,36
S A n 300N s B | s el - A [} n 20NN ZFLC N2 ;I
| Dane v
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) keyword Density & Prominence Tool v1.5b - Mozilla Firefox =gl x|
File Edit Wiew Hiskory Bookmarks Tools Help  delicio.us
<: - - @ ﬁ Eﬁ 1AG & http: /v, ranks, nlfcgi-bingranksnl/spider/spider . cgitlang= v B ' Google =
= =
phrase repeats density Prominence
phrase repeats  density Prominence  customer experience management 3 H 0.63 % 52,99
text analytics 9 1.26 % 58.87  enterprise feedback management 3 H 0.63 % 52.73
of the ] 0.84 % 46.49 | of text analytics 3 0.63 % 46,78
and the + 0.56 % 48.45  analytics can be 2 0.42 0 a7.15
e mail + 0.56 % 62.86  analyze attitudinal information 2 0.42 0 6,66
fram sources 4 0.56 % 88.12  and analyze attitudinal 2 0.42 % 96.73
influence netwaorks 4 H 0.56 % 76.00 | and survey responses = 0.42 % O5.54
notes and 4 0.56 % 52.11  applied to extract 2 0.42 % 0F.94
of text + 0.56 % 52.37  articles blog postings 2 0.42 0 95,10
to the 4 0.56 % 60.17  as articles blog 2 0.42 % 06.17
to understand 4 0.56 % 63.55 | as varied as 2 0.42 % 06,31
by the 3 0.42 % 34.65 | attitudinal information from 2 0.42 % 965.59 (-
call center 3 0.42 % 68.96  he applied to = 0.42 % 97.01
can be 3 0.42 % 81.68  hlog postings e 2 0.42 % 96.03
customer experience 3H 0.42 %o 52.99 gl center notes 2 0.42 o a5, 75
enterprise feedback 3H 0.42 %% 52.73  can be applied o 0.42 % 97.02
experience an 0.42 9 go.gz  center notes and 2 0.42 0% 95.68
T EEIE cea of text 2 0.42 % 55.24
feedback management 3 H 0.42 % 52.66 eriiss ey sl 5 0.42 % 2 70
in the g W G 79 il call 2 0.42 % 95.89
of opinion 3 0.42 % £9.97 CEEEAEIEE MEnEEmERt
real time 3 0.42 % 17.01 | enterprise 2 H 0.42 % 52.65
seek to 3 0.42 % 28.58  gxtract and analyze 2 0.42 0 265,80
sentiment analysis 3 LI 0.42 % 69.52  focus on applications 2 0.42 % 97.96
sentiment extraction 3 0.42 % 37.29 | from linguamatics to = 0.42 % 21.52
the results 3 0.42 % 33.45  from sources as 2 0.42 % 96.45
triggered by 3 0.42 % 26.00  information from sources 2 0.42 0 95,52
a decision 2 0.28 % 20,41  ail call center 2 0.42 % 95.82
a new 2 0.28 % 65.21  management enterprise feedback 2 H 0.42 0 62.58
analytics can 2 0.28 % 97.15  notes and survey 2 0.42 % 95.61
analytics vendaor 2 0.28 % 55.02  of gpinion leadership 2 0.42 0 80.43
analyze attitudinal 2 0.28 % 96.66  anline consumer forums 2 0.42 % £5.90
and analyze 2 0.28 % 96.73 | postings e mail = 0.42 % 05,96
and _nthar = n ?a oo 27 7 el e oo I n_Aan o 1m

| Done
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Text Analytics

Those “tri-grams” are pretty good at describing
the Whatness ot the source text.

Lesson: “Structure” may not mattet.

Shallow parsing and statistical analysis can be enough, for
instance, to support classification. (But that’s not BI.)

It can help you get at meaning, for instance, by studying co-
occurrence of terms.

But statistical pattern matching — the bag/vector
of words approach — may fall short.
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The Need for Linguistics

Consider —

The Dow fe// 46.58, or 0.42 percent, to 11,002.14. The
Standard & Poort's 500 index fell 1.44, or 0.11 percent, to
1,263.85, and the Nasdaq composite gazned 6.84, or 0.32
percent, to 2,162.78.

The Dow gained 46.58, or 0.42 percent, to 11,002.14. The
Standard & Poor's 500 index fell 1.44, or 0.11 percent, to

1,263.85, and the Nasdaq composite fe// 6.84, or 0.32 percent,
to 2,162.78.

Example from Luca Scagliarini, Expert System.
Let’s try syntactic analysis of a bit of text...
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¥ Cconnexor - Technology - Machinese - Demo - Machinese Syntax - demo - Mozilla Firefox - |EI|£|

File Edit Wiew History Bookmarks Tools Help delicio.us

</_:| - @ - @] ﬁ EE TAG ||_| htkp: ffrnan, connesxar , euftechnology fmachinese/demof syntasx) |"’| [}] "'|GDDI;||E

oy

connexor ! stomp

natural knowledge

Campany Solutions

Partrners Zonkack

Technology > Machinese > Demo = Machinese Synkax - demo

b Machinese .
Machinese Metadata MﬂChlﬂESE Syl‘ltﬂx
Machinese Syntax

Machinese Semartics Machinese Syntax is a syntactic parser that returns base forms and compound structure,

produces part-of-speech classes, inflectional tags, noun phrase markers and syntactic
dependencies. Syntactic dependencies show functional relations between words and phrases in
sentences,

Machinese Phrase Tagger

Dema

What*= the best price for new laptop that I1ll use for business trips
and around the cffice?

|Eng|ishte>d j Apply Syntax |

Thiz demo 15 mtended for evaluation purposes only.

1| | 2+
A

| Done
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¥J Connexor - Technology - Machinese - Demo - Machinese Syntax - demo - Mozilla Firefox = |EI|5|

File Edit Yiew History Bookmarks Tools Help  delicio.us

<E| - - @ ﬁ_l‘ !- TAG ||_| hitkps ffwne, connesxor, euftechnology fmachinese/demo)syntax) |‘| D‘] "|Google *\]

connexor 1 Sitemap
natural knowledge

Technology > Machinese > Demo = Machinese Syntax - demo

P Machinese Analysis of Machinese Syntax for English:

Machinese Metadata

Machinese Syntax
Machinese Semantics
Machinese Phrase Tagger

Demo

Note: The Connexor Machinese demos are intended for evaluation purposes only. [ _ILI
3

|

Connexor Oy, Helsinki Business and Science Park, Finland, info@connexor.com
Connexor Oy, Powered by ToimiSait

4 |

| Applet Dtree started

A=
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¥JConnexor - Technology - Machinese - Demo - Machinese Phrase Tagger - demo - Mozilla Firefox - | Ellll
Eile Edt Wiew History Bookmarks Tools Help  delicio.us
<.E| - @ - @ E Eﬁ TAG | L1 http:f v, connesxor euftechnology/machinese/demo tagger! | ¥ | [ ] ' '|G009|E S ]
connexor 1 Sitemap
natural knowledge
Technology = Machinese = Demo = Machinese Phrase Tagger - demo
[ - —
» Wachinese English Machinese Phrase Tagger 4.6
Machinese Metadata .
Machinese Syntax analysls .
Machinese Semantics
Marchinese Phrase Tagger
- Text  Baseform Phrase syntax and part-of-speech
What  what notningl head, pro-nominal
s be main verb, indicative present
the the premodifier, determiner
best good premodifier, supertlative adjective, noun phrase begins
price price notminal head, noun, noun phrase contines
for for postmodifier, preposition, noun phrase contines
new new premodifier, adjective, noun phrase contines
laptop  lap top notminzl head, noun, noun phrase ends
that that notninal head, pro-nominal
I I notninal head, pro-notmnal
il will auziliary verb, indicative present
use use main verb, miintrre
for for preposed marker, preposition
business busmess  premodifier, noun, noun phraze beging
trips trip notninal head, plural noun, noun phrase ends
R | - d [V, U R, P LI
Connexaor Oy, Helsinki Business and Science Park, Finland, info@connexar,.com
Connexor Oy, Powered by ToimiSait
| Dane v
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Information Extraction

Let's see tagging in action. We'll use GATE, an
open-source tool...
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S|® o 8 2|2
GATE Messages @ GATE document_D0020 |
fﬁ(— Applications IAnnotation Sets IAnnotations Co-reference Editorl Ia Ql
Sentiment Analysis: A Focus on Applications - 4
.g-ﬁ Language Resources w Original markups
: Iby Seth Grimes
Publizhed: February 19, 2008 O Bl
- #&  Corpus for GATE docurme | [Text analytics can be applied to extract and analyze attitudinal information from
%& Processing Resources sources asvaried as articles, blog postings, e-mail, call-center notes and survey I hody
responses. [ br
- A% ANNIE Orthohatchar_001 I div
Last month, | looked at I em
%E AMMIE ME Transducer_0 | N promising a follow-on focus on applications. Its the breadth of opportunities -
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.E) ANNIE English Tokenisel e will explore three appllcatlpns —influence networks, agsessment of marketing
J response and customer expetience managementienterprize feedback management
0 Docurment Reset PR_oac | |- ¥ia mini-case studies.
. Influence Metworks
Data stares
Aafia Chaudhry, a physician who calls herself "a passionate enthusiast in the
science of opinion leadership in healthcare systems,” is president of 81gd , a New
Y ark company that consults an pharmaceutical life-cycle management. Chaudhry Ll
_——— | || Type Set Start| End Features
IMimeType :,v W a Original markups| 48| 88|{href=ichannelsiindex php?ilter_channel=1394, (*
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[ElGATE 4.0 build 2752

File Cptions Tools Help

=10 ]

|®

S

4|

p
p
P

@ Language Resources

- &7 GATE document_00020
- #&  Caorpus for GATE docurne
{é} Processing Resources

- A% ANNIE Orthohatchar_001
e AMMIE ME Transducer 0
'8 ANMIE POS Tagger_o0u:
- g AMMIE Sentence Splitter.
* dgg ANNIE Gazetteer_00030
'E; AMMIE English Tokenisel

O Document Reset PR_00C
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Messages' 467 GATE document_ 00020 GANNIE_DDDQEl'

~ Loaded Processing resources ——
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X

~ Selected Processing resources
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Type

& Document Reset PR_0002C

Document Reset PR
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AMMNIE English Tokeniser

€ ANNIE Gazetteer 00030

AMNIE Gazetteer

& AMNMIE Sentence Splitter_00031

AMNIE Sentence Splitter

@ AnNIE POS Tagger 00034

AMNIE POS Tagaer

'%E AMMNIE ME Transducer_00035

AMNIE ME Transducer

A & ANNIE Orthohatcher_00036
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=] -
[ GATE 4.0 build 2752 ~=olx|
File Options Tools Help

GATE Messages <§7 GATE document_D00Z0 | B Annie_ uuuzal

y' Applications

-~ & Corpus for GATE docume
%’ Frocessing Resources

A & ANNIE OrthoMatcher_001
% ANNIE NE Transducer_0
'8 ANNIE POS Tagger_ooD:
- g AMMIE Sentence Splitter,
g ANNIE Gazefteer_00030
'ﬁ, ANMIE English Tokenisel

@ Document Reset PR_DOC

& o:ta stores

Kl ] ©

IAnnntatinn Sets IAnnutatiuns Co-reference Editorl ITE}(t |

—wia mini-case studies.
Influence Metworks

=l

Aafia Chaudhry, a physician who calls herself “a passionate enthusiast in the
science of opinion leadership in healthcare systemns,” is president of B1gd , a Mew

-

[ Address

[T DEFAULT_TOKEM
[ Date

™ CivedDoroom

‘fork company that consults on pharmaceutical life-cycle managems PR )Z
applies text-analytics software from Linguamatics to perform targete

x

1)

influence-mapping studies. She seeks to understand the correlation || 5
sentiment, mined from sources that include event and interview tran

[

L” http:IMww.Bmd.comﬂﬂ

|| wiank ﬂﬂ
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| =1 x|

Jeff Catlin, CEQ of text-analytics vendor Lexalytics , describes similar work at Cisco,
‘which he characterizes as his company’s best success story. Cisco “used the
sentiment engine to determine which executives have the highest correlation to
pasitively moving the stock price when they deliver positive news. They found that
cerain executives had a positive influence on the markets, while others actually had
a negative influence hecause of the tone of their delivery

Aafia Chaudhry's 81gd clients are "ooking to develop relationships with key opinion
leaders,” and text-mining along with peer-ta-peer network analysis facilitate the task. :l

|
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Information Extraction

For content analysis, key in on extracting
information to databases.

Entities and concepts (features) are like dimensions in a
standard BI model. Both classes of object are hierarchically
organized and have attributes.

We can have both discovered and predetermined
classifications (taxonomies) of text features.
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Information Extraction

Data integration via information extraction.

Numbers

app + data Data
Warehouse

Extraction

“lpje Text source
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Information Extraction

XMI.-annotated text is an intermediate format.

<?xml version='l.0' encoding='windows-1252"'?>
<GateDocument>
<!-- The document's features-->

<GateDocumentFeatures>
<Feature>
<Name className="java.lang.String">MimeType</Name>
<Value className="java.lang.String">text/html</Value>
</Feature>
<Feature>
<Name className="java.lang.String">gate.SourceURL</Name>
<Value className="java.lang.String">http://altaplana.com/SentimentAnalysis.html</Value>
</Feature>
</GateDocumentFeatures>
<!-- The document content area with serialized nodes -->

<TextWithNodes><Node id="0" />Sentiment<Node id="9" /> <Node id="10" />Analysis<Node id="18" />:<Node
id="19" /> <Node id="20" />A<Node id="21" /> <Node id="22" />Focus<Node id="27" /> <Node id="28"
/>on<Node 1d="30" /> <Node id="31" />Applications<Node id="43" />
<Node id="44" />
<Node 1d="45" />by<Node id="47" /> <Node 1d="48" />Seth<Node id="52" /> <Node id="53" />Grimes<Node
id="59" />
<Node id="60" />Published<Node id="69" />:<Node id="70" /> <Node id="71" />February<Node id="79" />
<Node id="80" />19<Node id="82" />,<Node i1d="83" /> <Node id="84" />2008<Node id="88" />
<Node 1d="89" />Text<Node id="93" /> <Node id="94" />analytics<Node id="103" />

<material cut>
</TextWithNodes>
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Information

XMI.-annotated text...

<!-- The default annotation set -->
<AnnotationSet>

<Annotation Id="67" Type="Token" StartNode="48" EndNode="52">

<Feature>
<Name className="java.lang.String">length</Name>
<Value className="java.lang.String">4</Value>
</Feature>
<Feature>
<Name className="java.lang.String">category</Name>
<Value className="java.lang.String">NNP</Value>
</Feature>
<Feature>
<Name className="java.lang.String">orth</Name>
<Value className="java.lang.String">upperInitial</Value>
</Feature>
<Feature>
<Name className="java.lang.String">kind</Name>
<Value className="java.lang.String">word</Value>
</Feature>
<Feature>
<Name className="java.lang.String">string</Name>
<Value className="java.lang.String">Seth</Value>
</Feature>

</Annotation>

</AnnotationSet>

</Ga

Document>

50

Hxtraction

<material cut>

<material cut>

t
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Example: E-mail

What else can we extract? Let’s look at an e-mail

message —
Date: Sun, 13 Mar 2005 19:58:39 -0500

From: Adam L. Buchsbaum <alb@tesearch.att.com>
To: Seth Grimes <grimes@altaplana.com>

Subject: Re: Papers on analysis on streaming data

seth, you should contact divesh stivastava, divesh(@research.att.com

regarding at&t labs data streaming technology.

adam
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Example: E-mail

An e-mail message is “semi-structured.”

Semi=half. What’s “structured” and what’s not?
Is augmentation/tagging and entity extraction enough?

What categorization might you create from that example
message?

From semi-structured text, it’s especially easy to
extract metadata.,

There are many forms of s-s information...
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Example: Survey

) Customer Service Survey Form - M fox =]
Fle Edit ¥iew History Bookmarks Tools Help  delidio.us
<@ - -@& G B el D nitpsitonm calepa.cagoviCustomenfCsFormasp | @ | B &
B
Who was the service provider?
Board, Department, | oot Bnard, Department. or Dffice ﬂ
or Office:
What was the nature of your contact with us?
" General Infarmation " Problem Resolution " Technical Assistance
1 Parmitting/Licansing Assistance  Dther:
Check as Appropriate
Statements Strongly | Agree | Disagree | Strongly No
Agree Disagree Comment
Staff was courteous and helpful. o) o) o) o) i
Staff provided complete, accurate (e} (e} (el (e} i
infarmation to you
A timely response was provided. el el el el e
My overall experience was positive (e} (e} (el (e} i
Please complete the section below if your contact with us involved
permitting/licensing/registration assistance.
The regulations were understandable. o) o) o) o) i
The application instructions were (e} (e} (e} (e} Lo
understandable.
The terms and conditions of the - - i - i
permit, license, or registration were
understandable.
Please indicate the name(s) of any staff person you would like to commend:
Comments: |
If you feel we fell short in meeting your service expectations, please describe the situation,
including name of the staff person involved and the date the incident occurred:
As a result of your experience with us, what service related improvements can you
recommend?
[

3 Find: [regarding

{3 Mext 1 Previous || Highlight all ™ Match case

[ Fane
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Example: Survey

In analyzing surveys, we typically look at
frequencies and distributions:

30

25

20

15 -

10 - m Series
5 _ I

D T T T T - T

Strongly Agree Disagree Strongly No
agree disagree comment

There may be fields that indicate what
product/service/person the coded rating applies to.

Comments may be linked to coded ratings.
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Example: Survey

The respondent is invited to explain his/her
attitud€: My overall experience was pasitive. | . | i | 8 | 8 | 8

Please complete the section helow if your contact with us involved
permitting/licensing/registration assistance.

The regulations were understandable. . 8 . 8 e
The application instructions were i 8 8 i i
understandable.

The terms and conditions aof the . @ e @ @
permit, license, or registration were

understandable.

Please indicate the nameis) of any staff person you would like to commend:

Comments:

If you feel we fell short in meeting your service expectations, please describe the situation,
including name of the staff person involved and the date the incident occurred:

Alt&l Plana Ot Plans Coporsion, 208 ‘Text Analytics Summit 2008 — Workshop




Text Analytics for Dummies 56

Example: Survey

A survey of this type, like an e-mail message, 1s

“semi-structured.”

Exploit what is structured in interpreting and using the free
text.

Use the metadata that describes the information and its
provenance.

Sentiment extraction comes into play for Voice of the
Customer / Customer Experience Management

applications.

Alt&l Plana Ot Plans Coporsion, 208 ‘Text Analytics Summit 2008 — Workshop



Text Analytics for Dummies 57

Sentiment Extraction

Sentiment (opinion) extraction —

Applications include:
Reputation management.
Competitive intelligence.
Quality improvement.
Trend spotting;

Sources include:
Wikis, blogs, forums, and newsgroups.
Media stories and product reviews.
Contact-center notes and transcripts.

Customer feedback via Web-site forms and e-mail.
Survey verbatims.
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Sentiment Extraction

We need to —

Identify and access candidate sources.
Extract sentiment to databases.

Correlate expressed sentiment to measures such as:
Sales by product, location, time, etc.

Defects by part, circumstances, etc.
And information such as —

Customer information and customer’s transactions.

Correlation depends on semantic agreement: are we
talking about the same things?
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Unitfied Analytics

Approaches build on familiar BI tools and
approaches...

Adding data and text mining...
Extracting entities, facts, sentiment, etc....
Relying on semantic integration...

..for true, 360° enterprise views.

You'll learn about lots of applications over the
next two days. Good luck.
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(Questions?

Discussion?

Thanks!

Seth Grimes

Alta Plana Corporation
301-270-0795 — http:/ [ altaplana.com
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