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Figure 2.

Annual Size of the Global Datasphere
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If each gigabyte in a zettabyte
were a brick, we would build 14
Great Walls of China a day.
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The Prescription
Is Cognitive
Marketing
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Marketing that Learns



Using Al & ML Technologies
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@ Center on the Developing Child
HARVARD UNIVERSITY

Human Brain Development
Neural Connections for Different Functions Develop Sequentially

Language
Sensory Pathways \
(Vision, Hearing) \

N

Higher Cognitive Function
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Center on the Developing Child
@ HARVARD UNIVERSITY

Where Machine Learning and AI Are Going

Machine \Learmng Deep Learning

Algorithms

N

General Purpose Al
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Supervised Learning




gt

brain+trust ©

TS

LR



L

MD Anderson Cancer Conter  ONcology Expert Advisor. powered by IBM Watson

—

Home Patients Cohorts Therapy
Patient List > Raymond Svenson Patient: Raymond Svenson
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Unsupervised Learning
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Machine Learning
Is Mostly Math & Statistics



Example Machine Learning Techniques:

Clustering Algorithms

Decision Trees .

Ensemble Methods - Cognitive
Independent Component Analysis ' Interaction
K-means

Linear Regression

Logistic Regression

Naive Bayes Classification
Ordinary Least Squares Regression
Principal Component Analysis
Random Forests

Singular Value Decomposition
Support Vector Machines

http.//www.kdnuggets.com/2016/08/10-algorithms-
machine-learning-engineers.html

uuuuuu




Deep Learning



Many Layers of Machine
Learning

Deep Learning



Machines that think like us

faster

... only better
cheaper
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The stratosphere extends from about
10km to about SOkm in altitude.
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Artificial Intelligence

Algorithms

Machine Learning
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Where Machine
Learning and Al
Are Not Going
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. «« Markov Chain Model - Attribution by Goal Value - All Goals
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Topic 1

3.06%

marketing
definition
business
examples
strategies
strategy
research
degree
review
consumer
overview
sales
customer
content
principles
process
services
techniques
business-to-business
types
automation
information
distribution
consumers
behavior

Topic 2

2.86%

consumer
markets
business-to-business
market
decision
business
target
purchase
companies
marketing
customers
products
key

buying
marketers
transactions
marketer
segments
individual
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edit

price
consumers
emotional
largest

Topic 3
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marketing
content
advertising
social
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business
social_media
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facebook
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campaign
instagram
engage
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business
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brand

page
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management
sale
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issues
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sell
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business
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salesperson
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purchasing
required
rebuy
stores

Topic 6

1.31%

lesson
courses
custom
lessons
share
account
learn
video
tweet
college
add
start
study
people
exams
free_trial
plan
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reply
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cancel
page
content
exam

Topic 7

product
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terms
marketing
policy
technology
cart
privacy
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require
technical
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yyyy
flashca
organizat
reviews

Topic 8 Topic 9 Topic10
1.06% 1.00% 0.94% 0.81%
worksheet search ago
industry brands days
specific online hours
news marketing  account
buyers social marketingb
materials internet marketingverified
life content boston
names rights
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Engineering
Google
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[text259, 17] salad, and
[text302, 64] like putting 6
[text318, 69] unlimited salads,
[text351, 160 They also get
[text371, 21] salad, and
[text377, 37] endless soup salad
[text381, 4] Soup salad and
[text389, 8] - drinks,
[text514, 16 salad, and
[ text532, 43 Salad, and
[ text552, 24] , Soups,
[text583, 4] Soup salad and
[text712, 26] one time.The endless
[text712, 43] You are a
[text726, 8] soup, and

brain-+trust

breadsticks
breadsticks
breadsticks
breadsticks
breadsticks
breadsticks
breadsticks
breadsticks
breadsticks
Breadsticks
breadsticks
breadsticks
breadsticks
breadsticks
breadsticks

, and sometimes
will run a

in a basket

, and soups

. As many

. Hard work

, just to

are the worst

, Soups,

. There are

( Lunch promotion
, and pasta

1s a hassle

and salad 1is
slave and a

sucks




Prediction



Group

BraintTrust Insights : G'tLab Predictive Forecast - Expires 30 April 2018
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Campaign Forecast

Week of Ds marketing-courses media-training
April 8, 2018
April 15, 2018
April 22,2018
April 29,2018
May 6, 2018
May 13, 2018
May 20, 2018
May 27, 2018
June 3, 2018
June 10, 2018
June 17, 2018
June 24, 2018
July 15, 2018
July 22, 2018
July 29, 2018
August 5,2018
August 12,2018
August 19, 2018
Auqust 26, 2018
September 2, 2.,
September 9, 2..
September 16, ..
September 23, ..
September 30, ..
October 7, 2018
October 14, 20.. .
October 21, 20.. 39.44
Octaber 28, 20..

pr-courses

Group
pr-training

52.48

public-relations-cour.. social-media-courses sccial-media-training
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Fewer Humans Needed



m EMERGING TECH Coca-Cola Wants to Use Al Bots to Create Its Ads

EMERGING TECH

Coca-Cola Wants to Use Al Bots to
Create Its Ads

Algorithms can already pick music and write copy

By Lauren Johnson | February 28, 2017
y )




markaling lamplales

Al Imagas NawWE Vicaos

Abaout 43.400 000 resuls (0.92

The Ultimate Collection of Free Content Mar}
blog.hubspol comymarketing/Trec-conlent-crealion-ter
Nov 18, 2018 - Dscowvar 386+ templates that car |

marketing efforts -- from contant plannring to Infcqra

| |
Marketing Plan Templates and Free Sample !
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Releases of Business Marketing Templates A
business marketing meterisls.

Design and Marketing Proposal Templates - |
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17 Content Marketing Templates, Checklists
contentmarketinginetitute.com2013/06/es3antal-co

Jun 3, 2013 - By far, the most populsr post 'wa heva &

10 Must-Have Templates for Canfent Markelers

2016 Content Marketing Toolkit: 23 Chacklists
contentmarketinginstitute.comi2016/01/checkl sts-te
Jan 3, 2016 - Check cut this content markelin

achiave presler sucoess. — Conlen! Marketin

Marketing Plan Template: Exactly What To
weaw. forbes.comisides!. /2013097, f/marketing-plan-t



Faster Marketing






Hyper-Personal Marketing
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cup sriracha
. cup granulated sugar
« 1 t=p vanilla extract

« 1% cup frosting

« 7. whita chacniata ahine

With
Watson’

P
Copardny

The forecast calls for baking up one-of-a-kind fun
with Country Crock® and Watson.

Mix up favorite flavors and ingredients. Stir in imagination.
Create new cookie recipes everyone will love.

Watson invented Sriracha Cookie with sriracha,
granulated sugar, vanilla extract, frosting, white
chocolate chips, chocolate chips, Country Crock®
Original buttery spread, flour, egg

MADE WITH
Country Crock”™ Original buttery spread

GET A COUPON

Like Aecipa?

Walaon 'nmntcns_are ek kitchen besied, )
Plegse uss vour judgiment and remain mindfu’ of your food predaencas ard allagges.

Ingrediants Praparation

- chocolate chips
’;’2 cup Cauntry Grock® Original buttery spread
3 cup flour

1 egg



Higher Barriers to Entry
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iiramazon
1F webservices
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Google Cloud Platform
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Multidisciplinary Skills



The 10 most in-demand hard sKkills in 2018 via LinkedIn
1.Cloud and Distributed Computing

2.Statistical Analysis and Data Mining
3.Middleware and Integration Software

4 .\Web Architecture and Development Framework
5.User Interface Design

6.Software Revision Control Systems

/.Data Presentation

8.SEO/SEM Marketing

9.Mobile Development

10.Network and Information Security

.....



Algorithmic Thinking
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Machine Oversight






Outcome-Focused
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“Either you will manage the machines, or the
machines will manage you.” - @cspenn
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Who You'll Need



If Data Is The New Oil



Developers

brain+trust

Data Scientists

Marketing
Technologists



Developers

MAKE GIFS AT GIFSOUP COM



Data Scientists

Having learned parameter estimate 8, inference adoption probability is a relatively easier task. Given
parameter estimate 8 =< p;, jllpilsll»isllriml'ﬁo:jllo:):Elo'ismrimo >, by (12), we have

P(A, = 1)P(I;|A, = 1)P(E,;|A; = 1)P(S4|A, = 1)P(H, |4, = 1)
Ya=01P(Aq = a)P(I;|A, = a)P(E,|A, = a)P(S,|A, = a)P(H,|A, = a)

P(Aqg =1|l4,E;,Sq.Hy) =

_ ﬁlimexp(—/i”11q)15|1exp(—):5|15q)/15|1 exp(—}:SllSq)jHllexp(—iHllHq) (42)
Ya=0,1 ﬁaallanp(_Allalq)AEmeXp(_AElaEq)'15|aeXp(_Asmsq)’lHlanP(_;{Hlqu)

To compute adoption probability using (42), the only difficulty is the hidden variable H,. However, given

8, probability density of H, 1s known and we have

f(Hq|8) = f(HqlAq = 1,8)P(A, = 1|8) + f(H,|4, = 0,8)P(A, = 0]8). (43)
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Marketing Technologists

IR RN R NN N LR R R RN N

Customer Service Research &
Development

*— Marketing Tech
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* Tools
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Internally
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That future will be here




Are you ready to be an Al-
powered superhero?




Interested in a predictive forecast of your own? Grab one now:
https://braintrustinsights.com/services/insights-predict/marketing-gps-predictive-forecast/

Want to chat about your existing analytics issues? Grab a Table for Four:
https://braintrustinsights.com/services/insights-foundation/table-for-four-consultation-package/

! ~ - — - T — Y — — Tt s R S
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