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Forbes - Real Time Most Popular

TECH | 2/16/20 2 1,549,799 viev

How Target Figured Out A Teen
Girl Was Pregnant Before Her
Father Did

Every time you go shopping, you share
intimate details about your consumption
patterns with retailers. And many of those
retailers are studying those details to figure out
what you like, what you need, and which
coupons are most likely to make you happy.
Target, for example, has figured out how to
data-mine its way into your womb, to figure
out whether you have a baby on the way long
before you need to start buying diapers.

Charles Duhigg outlines in the New York TAR G E T

Times how Target tries to hook parents-to-be o
at that crucial moment before they turn into Target has gt you in it aim
rampant — and loval — buyers of all things
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journal of advertising research

Guest Editorial:
The Shape of Marketing Research in 2021
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The Shape of MR in 2021- The River g

The fundamemaLpLe_Lsg LS that research in 2021 will
represent a contmuousanderganlc flow of knowledge-

There-are 1,000's of tributaries that feed the river. These —
tributaries represent individual information sources

In our new world, the knovviedge 'e-)ests before the-business

question is formed == e S

There will be a fundamental shift in how we approach business
decision making and influence of strategy..\We move away from
a project onent(u.on_toward an ongoing pﬁcess of knowledge
access and g.tmzanon Value creatierris catalyzed from the
organic knowledge-found in the flow of the river

Where Do We Stand on Using Social Media 4 gotmbi
for Business Decisions? ahod

School

Lots of counting, not enough evaluating
Too much ‘data’, not enough ‘solutions’
Thinking Big Data is primarily an IT challenge

Some success stories...

POTTERYBARN

About to take some phone calls in our call
center to help with the holiday volume. 1f
you call Zappos today you just might get
me answering!

twes ZAPPOS
™= Pazpot.com OO0 <Fony




Mine Your Own Business: Market Structure Surveillance
(Netzer, Feldman, Goldenberg, and Fresko 2012)

Can we use the Web as a marketing research
playground?

Can we quantify the rich, yet unstructured,
information consumers post on the web?

U

Uncovering market structure from information
consumers are posting on the Web

Columbia
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School

What Are We Going to Do?

Text mine consumer postings

Use network analysis framework and other co-
occurrence methods of analysis to reveal the
underlying market structure

T s s e — compact sport old
ﬂ Audi AG 67 345 56 N
g gy ‘ Honda 1384 539 245 ) .
T RIS Civic L
- E Toyota 451 128 211
] Corolla

Text Mining
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Co-occurrence and

Network Analysis Methods
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Text Mining Background S

A rapid flow (river) of information
available in digital format

Managers have less time to absorb
more information

Mining Consumer Forums g

Opportunities
A combination of observational and descriptive marketing research
Permits both qualitative and quantitative information
Non-invasive (no demand effect)
Minimizes recall error
Very rich data
Sample size is not an issue
Real time data

Difficulties
Massive amount of data
Data is all over the Web
Data is unstructured
Population may not be representative
Topic of discussion may not be representative

10/9/2012
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Let Text Mining Do the Legwork for You s

Interner  Text Mining

Find Material rj [.l'..[‘.“
- (o —
onaersang () o, [
Consolidate @ q - ;-“
sosoro st () —

. o %Coll._lrnbia
The Text Mining Process Susness

Downloading: html-pages are downloaded from a given
forum site

Cleaning: html-like tags and non-textual information like
images, commercials, etc. are cleaned from the downloaded
pages

Chunking: the textual parts are divided into informative
units like threads, messages, and sentences

Information Extraction: products and product attributes are
extracted from the messages

Comparisons between products are extracted: either by
using co-occurrence analysis or by utilizing learned
comparison patterns =

10/9/2012
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The Text Mining Part B

| <Brand>Honda</Brand> |
Edmunds.com sedan foru
= | <Model>Honda Accord</Model> |
Hdmundsﬁ
[ <Brand>Toyota </Brand>
where smart car buyers start s

I <Model>Toyota Camry</Model>

| <Term>Sedans</Term>

— | <Term>Competent</Term>

|
|
|
— | <Term>Best</Term> |
|
|

. | <Term>Price</Term>

| <Term>Love</Term> |

— | <Term>Best selling</Term> |

| <Term>Best</Term> |

Major Issues + g

Handling Negation

= Prevent bone loss

Deciding if a phrase is positive or negative, verbs alone are
not enough, and nouns alone are not enough.

m  Reducing losses vs. Reducing forecasts

Anaphora Resolution

= The company

= The 3" biggest US oil producer (COP)

Catching Meaningful Phrases
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Information Extraction Approach el

® Rules are written by inspecting the text

Hand- e Requires linguistic and domain experts
Crafted e Can’t manually list all patterns /—\
Rules e Can take a lot of time
o Skilled programmer is need
Hybrid
Approach

e Training data is tagged manually

. e Conditional Random Fields are applied
Supervised on training data

Machine ® The trained system is applied on the full - 4

Learning dataset
e The system is language independent

e Large training data is sometimes needed

%Columbia

Some Text Mining Difficulties Snge

We are interested in:

Brand names (e.g., car companies)

Model names (e.g., car models)

Some common terms (mostly noun-phrases and adjectives)
Brand names - are relatively easy

Need to deal with abbreviations and spelling mistakes
Models - are more complex

Variations in writing styles

Honda Civic could be written as “Honda Civic”; “Civic”; “Honda Civic
LS”; “Honda Civic LE”; “LE”; “H. Civic”; “Hondah Sivik”

Model numbers can be written as: 5, V, Five

“The Audi A6 is great! the 6 is better than the 4”

Model can be referred to as numbers but numbers do not always
refer to models (e.g., “1010 for New Balance 1010”, but $1010)

10/9/2012
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How Accurate Are We? e
Information - Overall
Recall Precision
Type Accuracy
Car Brands 98% 98% 98%
Car Models 88% 95% 91%
Drugs 89% 100% 94%
Side Effects 74% 90% 82%
Drug--Side Effect 60% 96% 74%
- o & Gobmtia
Empirical Applications

RUNNERS

where smart car buyers start =

STANDARD
&POOR’S

REUTERS B
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Empirical Applications Busiaes

Where smait car buyers

%Columbia

Sedan Cars Application: Edmunds.com &=

where smart car BUyers sfart =

“ Honda Accords and Toyota Camrys are nice sedans, but hardly the best car
on the road (for many people). It's just that they are very compentant in their
price range. So, a love fest of the best selling may not tell you what is "best".
That depends very much on what is important to you. A car could have a
quirk, that you would just love, but not be popular to many people. Thus, the
best car for you might not sell many. If you are looking for resale value, then
it might be a factor."

10/9/2012
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Product Co-occurrence Data
Civic vs. . .
Corolla by mcmanus Jul 21, AUd!A6 Honda Civic 252
2007 (4:05 pm) Audi A6 Toyota Corolla 101
Yes DrFill, the Honda car model is Honda Civic Audi 6 252
sporty, reliable, and economical vs $onda g'V'C” ,I\O?fecoroua 5(7)?2
the Corolla that is just reliable and oyota Corolla udi
Sust re Toyota Corolla Honda Civic 2762

economical. Ironically its Toyota
that is supplying 1.8L turbo ... Neon
to his 16 year old brother. | drove it Associative Network
about 130 miles today. Boy does
that put all this Civic vs. Corolla

back in perspective! The Neon is Toyota
very crudely designed and built, Audi A6 Honda Civic Corolla
with no low ...
Audi A6 --- 252 101
Honda Civic 252 - 2762
dmunds‘ﬁli Toyota 101 2762
Where smart car buyers start = Corolla
/ lift(A.B) = _P(AB) _ C(AB)

P(A)xP(B) C(A)xC(B)

. . %Colqmbia
Cars That Are Most Central to the Discussion i
) No. of
Car model Degree Betweenness Eigenvector
occurrences
1| Honda Accord 100.00 0.954 13.56 60,546
2 | Toyota Camry 99.41 0.891 13.54 36,038
3 | Volkswagen Passat 99.41 0.861 13.53 17,151
4| BMW 3-Series 98.81 0.710 13.48 34,595
51 Llexus ES 98.81 0.794 13.45 10,630
6] Nissan Altima. 98 81 0.441 13.49 13191
7| Nissan Maxima 93 81 0385 1351 11,501
8| Toyota Avalon 98.81 0.412 13.48 13,153
9| Honda Civic 98.21 0.402 13.39 25,037
10| Infiniti G35 98.21 0.417 13.47 24,131
11| Mazda 6 97.02 0.372 13.29 10,664
12| Acura TL 96.43 0.363 13.36 27,262
13| BMW 5-Series 96.43 0.402 13.32 27,075
14 | Chrysler 300 95.83 0.411 13.28 5,658
15 | Toyota Corolla 95.83 0.342 13.21 7,256
16| Cadillac CTS 95.24 0.352 13.24 6,582
17| Lexus GS 95.24 0.284 13.12 8,843
18 | Audi A4 94.64 0.298 13.18 11,974
19 | Audi A6 94.64 0.278 13.13 13,848
20 [ Mercedes-Benz E-Class 94.64 0.325 13.12 9,220

11



The Car Models Network = o
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Spring embedded
Kamada Kawai graph

only ties with significant lifts
(%2 p.value<0.01) are included
Jaguar XK
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Brand-Switching Map

. Volkswagen
CAudi /:‘)A:;Jra ® Subaru
Saab u
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Bmw Honda Mazda
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Perceptual Map of Brands

Brand-Switching Map
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« Similar results using survey-based
consideration set data

* Correlation=0.76
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BusinessWeek

The Second Coming Of Cadillac

Nov. 4, 2003
By David Welch

PUTTING A NEW SPIN ONCADDY

GM has taken significant strides toward making Cadillac a stronger
rival to luxury import cars:

IMAGE Ads featuring Led Zeppelin's rock music sefzed boomers' attention. Now Caddy will
1 biegin focusing more on its improved sporty ride and handling. It's also puttingits cars
front and center at glitzy events like the Oscars and Wimbledon.

QUALITY GMs highly automated $540 million Cadillac plant in Lansing, Mich., is one of
Z the most efficient auto factories inthe U.S, More important, the cars have earned
consistently high marks in the J.D. Power & Associates quality survey.

PERFORMANCE Beating BMW and Mercedes requires an upgrade under the hood. In
January, Cadillac will start selling the CTSV, a 400-horsepower version of the CTS that
will hit the racing circuit,

shawrooms to a more cutting-edge look that includes black porcelaintile floors and black

4 PRESENTATION A new incentive plan doubles bonuses for dea lers who upgrade
leather furnitura.

CAR=DRIMR.

2004 CADILLAC XLR
Cadillac stakes a claim in

the luxury-roadster arena.
June 2003
BY CSABA CSERE

“Looks like Cadillac intends to
become a full-service luxury
carmaker again.”

Cadillac Positioning — Time Trend “&&*

4.5
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Cadillac Positioning — TM vs.

Text-mining-based trend

——— Import Luxury

American Brands

Columbia

Sales *&m:

Sales-based trend

ar (Import Luxury)

--- Linear (American)
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Buick Positioning — Time Trend
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Buick Positioning — Sales vs. TM

Text-mining-based trend
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Sales-based trend

Import Luxury 18
—— American Brands
s Uinear (import Luxury) 16

erican Brands)

~===- Linear (Ame
.
//\ 14
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TN ~/ \V/ """ X /\\\ i

Import Luxury
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Linear (Import Luxury)
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1/1/2001
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Model-Term Data
Bold and Audi A6 compact 67
repulsive by eldaino Jul 20, 2007 Audi A6 sport 345
(9:33 am) Audi A6 old 56
i agree with what robertsmx has Honda Civic compact 1384
said; a bold design does not Honda Civic sport 539
guarantee a 'ooh thats hot!". | will Honda Civic old 245
say this; when i got my civic (06) i Toyota Corolla compact 451
went inside to a mcdonalds to eat Toyota Corolla sport 128
and a gentleman asked me if that Toyota Corolla old 211
was a new civic and he
commented on how sharp and
sporty it looked. The civic sedan
may not be as 'exciting' or 'sporty’
as the coupe, but ...
compact sport old
Audi A6 67 345 56
Honda Civic 1384 539 245
Toyota 451 128 211
Corolla

10/9/2012
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Model-Term Analysis — 2 Mode Network 4 Golumbia

Rusinass
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Model-Problem Analysis —2 Mode Network 4ol

Wsudge-problem fuel-problem

% Toyota Corolla
\

4
I!s'taning-problem hbaltery i pump-problem

belt-problem
power-problem
suspension-problem

| & Nissan Sentra™—“engine-problem
___~®Honda Civic

~®oil-consumption-problen

radio-problem

Business
School

All lifts are statistically
significant lifts (y2<0.01)

engine-hesitation-problem

performance-problem

10/9/2012
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Explaining the Car Models Discussion T

Lift(Y;,Y;) = f (same_brand, same _manuf ,country _of _origin,car _size,used)

Observations are correlated — cannot use simple regression
Converted Lift(Y,,Y;) to log(d+ Lift(Y,Y,))
Used Dekker Semi-Partialling QAP Regression

Coefficient Standardized Pseudo P.value
Coefficient
Intercept 0.2204 -- 0.000
Same brand 0.3423 0.2031 0.000
Same manufacturer 0.1732 0.1708 0.000
Same country of origin 0.0903 0.1259 0.000
Same size class 0.1325 0.1826 0.100
Price Difference -0.0054 -0.1629 0.000

Columbia

Explaining the Car Models Discussion Fi

log(1+ Lift(Y;,Y;)) = f (terms used to describe the cars)

Use factor analysis to reduce the dimensionality of the terms
Six main factors found

MSRP Styling Fun Value Fuel (neg.) Ride
Premium Interior Handle/handling Quality Power (neg.) Room
Bad (neg.) Nice Drive Consumer Engine (neg.) Suspension

Luxury Looks Manual Reliability Love Back-Seats
Navigation Speed Great Leather

Sports Automatic Board Seats

Comment

10/9/2012

18



Explaining the Car Models Discussion N

log(1+ Lift(Y;,Y;)) = f (terms used to describe the cars)

Coefficient Standardized Pseudo P.value
Coefficient
Intercept 0.5104 -- 0.000
Occurrence 0.0003 0.0176 0.161
Factors
Upscale -0.0904 -0.2374 0.000
Looks -0.0302 -0.0829 0.000
Driving experience -0.0216 -0.0598 0.004
Consumer value -0.0530 -0.1490 0.000
Forum sentiment -0.0312 -0.0899 0.000
Comfortable ride 0.0022 0.0057 0.358

Columbia
Business
School

Columbia

. . . . 4-Coly
Explaining the Car Models Discussion s

Coefficient Standardized Significance
Coefficient

Intercept 0.3952 - 0.000
Same brand 0.3197 0.1897 0.000
Same manufacturer 0.1778 0.1754 0.000
Same country of origin 0.0765 0.1067 0.000
Same size class 0.1332 0.1836 0.000
Price Difference -0.0029 -0.0866 0.000
Occurrence -0.0003 -0.0609 0.000
Factors

Upscale -0.0708 -0.1860 0.000

Looks -0.0326 -0.0897 0.000

Driving experience -0.0096 -0.0267 0.1259

Consumer value -0.0396 -0.1114 0.000

Forum sentiment -0.0287 -0.0827 0.000

Comfortable ride 0.0061 0.0163 0.2324

10/9/2012
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Robustness Check 1

%golgmbia
How Much Data is Needed? School
# of messages Correlation with
g the Full Dataset
1/16 of the messages 54,261 0.983
1/8 of the messages 108,52 0.989
1/4 of the messages 217,044 0.995
1/2 of the messages 434,088 0.997
Robustness Check 2 £ Columbi

How Much Training Data is Needed?

Recall Precision 2:::?3"(:‘, (F)
276 messages 91% 90% 90%
138 messages 86% 90% 87%
69 messages 84% 87% 86%
34 messages 81% 86% 83%
17 messages 73% 86% 79%

Business
School

10/9/2012
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Robustness Check 3 pR—
Business
Are all Forum Participants Equal? Scheo
™. B
;i , ‘\\“\\“\ . .
H 1I .\‘:\\\\.
10% of the users post over 80% of the content
Participation in the forum follows the power law
The correlation between “heavy” users and “light” users is r=0.79
The correlation between short and long messages is r=0.96
Robustness Check 4 4 gotmbi

Alternative Measures of Association and Similarity s

Other association and similarity measures

Jaccard Index Xij
Jaccard; =—————
X+ X =X
Cosine Similarity  Cosine. = ——1__
! X X

TF-IDF Co(tf —idf), =y (tf,, —idf; xtf,, —idf,)
tf, =X, /N,  idf,=log(D/M,)

Pearson Correlation Py =correl(X;, X;)

10/9/2012
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Robustness Check 4
Alternative Measures of Association and Similarity s

% Columbia
Business

Correlations among similarity measures and with trade-ins

Lift Jaccard  Cosine tf-idf  Correlation | Cars Trade-ins
Lift -- 0.753
Jaccard Index 0.970 -- 0.708
Cosine 1.000 0.970 - 0.753
tf-idf 0961 0.919 0.961 -- 0.714
Correlation = 0.623  0.575 0.623  0.473 - 0.578
Robustness Check 4 4 Columbi

Business

Alternative Measures of Association and Similarity S

Jaccard Index
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Pharmaceutical Application: Diabetes Drugs

Five diabetes forums

diabetesforums.com gf Diabetesforums

healthboards.com HHeGIThBoqrds

EALTH MESSAGE BOARDS

forum.lowcarber.org

diabetes.blog.com

diabetesdaily.com m

Over 670K messages

-

b

School

4.— Columbia
Business

Side Effects of Diabetes Drugs

Text mining

WebMD

Text mining

%Columbia

Business

School

WebMD

WebMD WebMD
Drug Effect Lift* | F Severity Drug Effect Lift* | Frequency Severity
lActos Fluid retention 4.18 | Infrequent Severe umalog _ Kidney problem 9.40 Doesn't exist
|Actos Swelling 3.55 Infrequent Severe Humalog Allergic reaction 9.32 Common Severe
Actos Weight gain 2.98 Rare Severe Humalog _Lower blood count 7.99 Rare evere
|Avandia Edema 4.90 Rare Severe umalog Headache 673 Doesn't exist
lAvandia Heart problems 4.45 Rare Severe anuvia Irritability 11.93 Rare Severe
Avandia  Swelling 4.45 | Infrequent Severe Januvia Nausea 362 R. L
lAvandia Fluid retention 4.17 | Infrequent Severe 3 Meoed-probl 972 Boesm'texist
|Avandia Weight gain 2.19 Rare Severe Lantus Irritability 5.83 Rare Severe
Hair loss 4.20 Rare Less severe Lantus Lower blood count  4.86 Rare Severe
Constipation 3.15 Rare Less severe Lantus Hypoglycemia 243  Common Severe
Nause 3:6% COTTTITOTT tessevere Metformin - Muscle pain 412 Infrequent Less severe
Told symptoms 764 Doesn't exist Metformin Lactic acid 3.59 Rare Severe
Fatigue 2.40 Infrequent Less severe Metformin  Digestive disorders 3.09 Common Less severe
Glucophage Chest pain 13.16 | Infrequent  Less severe Metformin  Diarrhea 2.68 Common Lesssevere
Glucophage Leg pain 10.52 | Infrequent  Less severe Metformin  Leg pain 2.47 Infrequent Less severe
Glucophage Stomach cramps 4.30 Common Less severe Metformin Stomach cramps ~ 2.35  Common __Less severe
Glucophage Diarrhea 3.55 Common Less severe Novolog Allergic reaction 12.40 Rare severe
Glucophage Lactic acid 3.40 Rare Severe Novolog Cold symptoms 11.05 Doesn't exist

* Lift>1 (P.<0.05)

10/9/2012
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Drug Co-taking Analysis

Drug Co-taking with Byetta

brug | co-0ccurrence |_Lift |

Januvia 67 2.96
Symlin 48 1.90
Glucovance 13 1.55
Metformin 448 1.51
Amaryl 42 1.11
Starlix 12 1.02
Glipizide 23 0.92
Actos 46 0.82
Glyburide 24 0.76
Glucophage 24 0.53
Avandia 20 0.47
Lantus 86 0.26
Humalog 28 0.15

Byetta is mentioned as “taken

4.— Columbia
Business
School

together” more frequently than

chance (lift>1): with
e Januvia
* Symlin

¢ Metformin (generic name)

* Amaryl
* Starlix

Exploring What is Happening
at the Doctor’s Office

¢ Lifts larger than 0.5

** Width of edge reflects strength of lift

EEER

%Columbia

Business
School
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1 H Columbi
Time Trend Analysis “gohmee
chool
Mentions of Diabetes Byetta with "Cost"
3
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Deriving Insights...u

Competitive landscape
Building brand association maps
Competitive intelligence

Identifying customers (opinion leaders, potentially
profitable, at risk)

Brand monitoring
“structured” exploratory research
Tracking marketing campaign effectiveness

Utilizing other textual information
(e.g., call center)
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What’s Next?
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Contact information:  Oded Netzer
Columbia Business School
on2110@columbia.edu
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