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TextMiner 1IEN oS

Apps
Demo
(page server, user analyzer, updater, ctr, ...)
TextMiner API
. Ttoketn EKetywcct}rd IIE'(EVW c{;rd LDA Classifier
xtractor xtractor Xpander Document

Protobuf
Message

Segmenter (tokenizer, POS tagger, Normalize, ...)

Data Resource (dictionaries & models)

1 TextMiner FREFZEFaE]
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LDA Topic Modeling

Topics

gene 0.04
dna 0.02
genetic 0.01

i

Topic proportions and

Documents assignments

life 0.02

evolve 0.01
organism 0.01

—_—

brain 0.04
neuron 0.02
nerve 0.01

.

-

data 0.02
number 0.02
computer 0.01

R |

Seeking Life’s Bare (Genetic) Necessities

COLD SPRING HARBOR, NEW YORK— “are not all thar far apart,” especially @
How many Joes an DEEERE ol comparison to the 75,000 in the hu
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LDA Topic Modeling
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Peacock: KRB #
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NA1L : QQE SEM
$ U\Rﬁ 271Zi+
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“EpRRR , —3£ 100+455 , MaxEnt Model  #RFE85 QQ &
B BRITN
) — 4TIV e/ & b 4
IS WREAN  BWE  BEE | WREAN EHE BEE
BOW/(bag of words) 12987 82.33% |80.14% 12454  179.96%(79.96%
peacock topics 12987 51.94% |57.07% 12454  [39.43%(37.20%
BOW + peacock topics 12987 86.82% |84.18% 12454 |83.05%|79.20%

BOW+ topics + userprofile
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SimilarAudiences Google

AdWords

Already In Remarketing List

AdWords looks at browsing activity on Display Network sites
over the last 30 days, and uses this, along with our contextual
engine, to understand the shared interests and characteristics
of the people in your remarketing list.

Interests & Remarketing

Ti :“:K::I ".-J-iinlllxrl'lll:w = [:-M'l f{ ®Show Similar Audiences 5:?:::2 = d;:::a::n;:ink > Beverages
i s st vigrs G e
Performance highlights:
60% More Impressions
o 48% More Clicks
41% More Conversions
=N - *Google Internal data 2013

https://support.google.com/adwords/answer/2676774?hl=en 26



https://support.google.com/adwords/answer/2676774?hl=en
https://support.google.com/adwords/answer/2676774?hl=en

lookalike BelG:nE ]

“Lookalike audiences let you reach new people who are
likely to be interested in your business because they are
similar to a customer list you care about.”

Facebook analyzes your Custom Audience list and creates a
new segment that is optimized based on either Similarity or
Greater Reach.

Custom Audiences

#» ¥ m ] o T

Find Similar Profiles

Create Similar Audience

Find other people on Facebook who are similar to "Top Customers - October”
and create a new custom audience so that you can reach them with your ads.

Country: (7] | United States x
Optimize for: () Similarity [*]

) Greater reach [7

Your new audience will not include people from your original audience.
Audience creation may take up to 48 hours.

Learn how this works.

Custom Audience Terms (o /F1.0 Close

27
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