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Customer Gender Location
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What is Machine Learning (ML) ?

*Machine learning is a branch of computer science that
allows computers to automatically infer patterns from
data without being explicitly told what these patterns
are.”

- https://www.akkio.com/beginners-guide-to-machine-learning

hittp://www.datacubeth.ai http://www.datacubeth.ai
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e Artificial Intelligence (Al)

e The theory and development of computer systems
able to perform tasks normally requiring human

iIntelligence
e Machine Learning (ML)

e (Gives computers “the ability to learn without being

explicitly programmed”
e Deep Learning (DL)

e Machine learning algorithms with brain-like logical

structure of algorithms called artificial neural

reference: https://levity.ai/blog/difference-machine-learning-deep-learning networks

http://www.datacubeth.ai hitp://www.datacubeth.ai




{ARTECH EXP II CUBE Analytics
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Prescriptive -
Analytics Optimization
“What’s the best that can happen?”
Experimental design
“What happen if we try this?”

Predictive Predictive modeling
2} Analytics “What will happen next?”
©
S Forecasting/extrapolation
>
S “What if these trends continue?”
D
>
= Statistical analysis
Gé “Why is this happening ?”
@
O Descriptive Alerts

Analytics “What action are needed?”

Query/drill down
“What exactly is the problem?”
Ad hoc reports
“How many, how often, where?”
Standard reports
“What happened?”
>
Sophistication of intelligence
hittp://www.datacubeth.ai http://www.datacubeth.ai
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e Descriptive analytics (aka business intelligence [Bl]

or performance reporting)

e provides access to historical and current data. It
provides ability to alert, explore, and report using both
iInternal and external data from variety of sources.

e Predictive analytics

® uses quantitative techniques (e.g., propensity,
segmentation, network analysis and econometric
forecasting) and technologies (such as models and rule-
base systems) that use past data to predict the future

e Prescriptive analytics

e uses a variety of quantitative techniques (such as
optimization) and technologies (e.g., models, machine
learning and recommendation engines) to specify
optimal behaviors and actions

hittp://www.datacubeth.ai
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Optimization

“What’s the best that can happen?”

Analytics
Experimental design
“What happen if we try this?”
Predictive Predictive modeling
Analytics “What will happen next?”
Forecasting/extrapolation
“What if these trends continue?”
Statistical analysis
“Why is this happening?”
Descriptive Alerts
Analytics “What action are needed?”

Query/drill down
“What exactly is the problem?”

Ad hoc reports
“How many, how often, where?”

Standard reports
“What happened?”

Sophistication of intelligence

Reference: Competing on Analytics: The New Science of Winning, 2nd Edition

http://www.datacubeth.ai
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Churn Prediction

Predict which customers are likely to
cancel and proactively take action
on them.

Sales  Support ' Marketing

\/

/\

L €)]

Credit Risk Scoring

Predict loan repayment and default
rates on new inbound customers.

Finance  Marketing ' Operations

Fraud Detection

Instantly predict fraudulent
transactions and proactively take
action.

Finance Operations  Support

http://www.datacubeth.ai

Reference: Obviously Al
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Property Prices

Predict property prices based on
historical valuation and
demographics.

Finance Operations Marketing

Employee Attrition

Predict which employees are at risk
of leaving and engage with them
more closely.

Operations Finance Product

Cross Selling

Predict future cost selling
opportunities with existing
customers.

Sales ' Marketing ' Finance

http://www.datacubeth.ai

Reference: Obviously Al
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Lead Conversion Dynamic Pricing Insurance Costs
Predict which leads have the most Predict willingness to pay and setup Predict individual insurance costs
propensity to convert. Uber-like dynamic pricing. based on historical health data.
Sales  Marketing ' Product Product ' Sales Finance Operations Finance Sales
Reference: Obviously Al
hittp://www.datacubeth.ai http://www.datacubeth.ai
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Time Series - How to Time Series - Predicting Time Series - Energy
Predict Revenue Sales Consumption
Rapidly build a time series machine Build a time series machine learning Predict electricity demand using
learning model that predicts model that predicts sales quickly your historical data and make
revenue using your historical data. using your historical data. decisions in power system planning

and operation.
Reference: Obviously Al
hittp://www.datacubeth.ai http://www.datacubeth.ai
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@ Business _— @ Data —_— @ Data
Understanding Understanding Preparation

N
|
{
g
<
2
3

C

@ Deployment G @ Evaluation G @ Modeling
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STEP DESCRIPTION
Business Understanding Define the project.
Data Understanding Examine the data; identify problems in the data.
Data Preparation Fix problems in the data; create derived variables.
Modeling Build predictive or descriptive models.
Evaluation Assess models; report on the expected effects of models.
Deployment Plan for use of models.
http://www.datacubeth.ai http://www.datacubeth.ai
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| No-Code | Verticalized Offerings
END-TO-END E COMMERCE CAUSAL Al FINANCE CREATIVE Al E

0:0 Akkio ‘ Apteo causalLens PredictNow.ai runway
causaly ACCERN lobe ‘s

AUTOML E E
PREVISION 10 3

E Status Quo o Data Science Tools E
a 3 a
E 3 Google Cloud i E H2o & dotData :fAuger.AI E
PELTARION ; ] e . |
| SageMaker o |
. . : .+ C3.ai DataRobot  bigQ)
ObVI“USIY'aI E Azure Machine Learning E E E
L Levity i BV Watson 1 splunk>  dataiku mljar
Created by <% Akkio Reference: https://www.akkio.com/post/45-no-code-ai-tools-complete-guide
hittp://www.datacubeth.ai http://www.datacubeth.ai
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Marketing Technology & Innovation Expo

http://www.akkio.com

%"’ Akkio Platform v Solutions v Resources v Plans Docs Log In Try for Free -

Modern Business Runs on Al

Grow your business with data-driven decisions.
Go from data to Al'in 10 minutes — no code or data science sKills required.

Try for Free > Request a Demo >

AS SEEN IN

Harvard - . | —
Busi Ehe New Hork imes
orpes usiness Je N\NCW HOTK E1Mes ne
° [ ®
Review
< %°* Akkio Property Prices (® Get Support Not Deployed
@ Table Upload and configure datasets
Table
® Property Prices.csv Replace 4,550 rows, 18 columns No transforms applied
O PRODUCT HUNT %X write a description for each house id Al Interpretation (© Clone
#1 Product of the Day Create a new column in the dataset called 'description’ and fill it with a description of each house.

The description will include the number of bedrooms, bathrooms, sqft of living space, sqft of lot

space, floors, waterfront, view, condition, sqft above, sgft basement, year built, year renovated,
street, city, statezip. country, and price.

Cancel

hittp://www.datacubeth.ai http://www.datacubeth.ai
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Channel Preference

shdanA lonnatodudin
Customer 1000
Customer 789

Customer 101

PAM Machine Learning

Customer 20

Propensity to Buy

hittp://www.datacubeth.ai http://www.datacubeth.ai 20
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Channel Preference

PAM Machine Learning

hittp://www.datacubeth.ai http://www.datacubeth.ai 51
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+ Clustering WJunnsuwuvnauveyanianutusnang nulkod lunauldeonu
. LoNauanAaIUwWOanNssuNIssoduni
. anfhnveuBadusinnonvaanaliy

. anANNBdUBadUAINDUAQSIAN

. LWoNaUaNANIUWOAaNSSUNISSUVaNIIUUBOLNIVADY (channel preference)
. aNAINAUNBBUDIU LINE ua: email

. anANvouWaaULaWI: Email

hittp://www.datacubeth.ai http://www.datacubeth.ai 50




CUBE Analytics
{ARTECH EXP “ CONSULTING

Customer ID Email

C0001 10 3 1
C0002 1 10 2
C0003 1 1 10
C0004 8 2 1
C0005 10 1 1
C0006 2 9 1
PAM C0007 1 1 15 Machine Learning
C0008 0 1 9
http://www.datacubeth.ai http://www.datacubeth.ai
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Customer ID
LINE
C0007 1 1 15 LINE e
C0008 0] 1 9 LINE Email 3
C0001 10 3 1 Email g
SMS 3
C0004 8 2 1 Email §
g.
C0005 10 1 1 Email M
C0002 1 10 2 SMS
Website
C0006 2 9 1 SMS
hittp://www.datacubeth.ai http://www.datacubeth.ai
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Customer ID

C0003 1 1 10 LINE
LINE
C0007 1 1 15 LINE ;‘?
C0008 0] 1 9 LINE §_>
C0001 10 3 1 Email g
SMS 3
C0004 8 2 1 Email §
g.
C0005 10 1 1 Email M
C0002 1 10 2 SMS
Website
C0006 2 9 1 SMS
hittp://www.datacubeth.ai http://www.datacubeth.ai
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Customer ID

C0003 1 1 10 LINE
LINE
C0007 1 1 15 LINE e
C0008 0] 1 9 LINE Email 3
C0001 10 3 1 Email Eg
3
C0004 8 2 1 Email 2
g.
C0005 10 1 1 Email M
C0002 1 10 2 SMS
Website
C0006 2 ) 1 SMS
hittp://www.datacubeth.ai http://www.datacubeth.ai
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SHaanA lonnatodudn
Customer 1000
Customer 789

Customer 101

PAM Machine Learning

Customer 20

Propensity to Buy

hittp://www.datacubeth.ai http://www.datacubeth.ai 57
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The goal of propensity modeling is to find consumers who have a relatively high probability of

behaving in a certain way or committing a certain action in the future.

* Propensity to try a new product

Consumers who currently do not buy a certain product but have a high propensity to buy it in

the future are good targets for acquisition campaigns.

* Propensity for category expansion

- Consumers who have high propensity to switch from one category of products to another or
to try a new category are good targets for up-selling or cross-selling campaigns. An example of

such an audience are consumers who are likely to switch from casual to luxury products.

* Propensity to buy more

- Consumers who are likely to increase their average purchase quantity of a product are the

right targets for maximization campaigns.

Reference: INTRODUCTION TO ALGORITHMIC MARKETING

hittp://www.datacubeth.ai http://www.datacubeth.ai o8
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+ The goal of propensity modeling is to find consumers who have a relatively high probability of

behaving in a certain way or committing a certain action in the future.
* Propensity to churn

« Customers who are likely to unsubscribe from a service or stop buying a product can be

targeted in retention campaigns.
* Propensity to engage

- Propensity to engage is the probability of responding to a marketing action, for example, to

click on an email link.

Reference: INTRODUCTION TO ALGORITHMIC MARKETING

hittp://www.datacubeth.ai http://www.datacubeth.ai 9
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Internal Data

LINE
=1
— 3
Email i
I I o
O
~ ¢
§.
§.
PAM App Push
Machine Learning
Website
Data from PAM
hittp://www.datacubeth.ai http://www.datacubeth.ai
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- Download

< Ve’ Akkio

Product_Propensity.xlsx

@ Table upload and configure datasets

® Product_Propensity.xIsx Replace

1,528 rows, 41 columns

example data: https://tinyurl.com/4zby6cuv

No transforms applied

(® Get Support

Not Deployed

{ARTECH EXP)
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X
. Chat Data Prep
Predict ~ o @8 Download
. X buy sum_total_price sum_net_price frequency total_price_Alcohol total_price_Bakery total_price_Dairy, Juice
Category Number Number Number (Integer) Number (Integer) B : . o
Web App Akk. Prediction Column Outcome of Interest L oa Out
"' Io buy CATEGORY yes Edit og bu

no 63%

e yes 37% g .
— [ G Classification Summary

- e — - e [ — —
21.02 58655.43 | 21.02 5859131 1.0 750 |+ 00 1850.82 Below is a breakdown of how well the model predicted your outcome of interest
no 1416.24 1253.4599999999998 13.0 0.0
EXCELLENT
no 1632.4499999999998 1431.21 1.0 0.0 Overall Accuracy
yes 7167.080000000001 6042.93 43.0 0.0 82.4% Performance for @SS
/0 2.4x better than baseline
no 1048.6499999999999 835.29 50 oo TR R R ERREL NICLRENRE
252 out of 306 rows tested are classified correctly Rows predicted to be yes are 2.39x more

no 785.78 665.03 6.0 0.0 likely to be yes than the baseline rate.
no 1166.55 1052.93 6.0 0.0 > Seeaccuracy details
no 2267.5699999999997 2059.89 9.0 0.0
yes 5501.119999999999 4964.670000000002 31.0 0.0
no 2574.9500000000003 2288.93 17.0 0.0

= Top Fields

Fields ranked by their contribution to the prediction results

When total_price_Skin & Hair
Care is

total_price_Skin & Hair - 19.5%

Care Impact on likelihood of yes

total_price_Miscellaneous . 6.4% 0to 221.2 - 11.2%

221.2 t0 5852.34 +32.69%

frequency_Skin & Hair o
Care ' 5.2%

sum_net_price . 4.5%

hittp://www.datacubeth.ai http://www.datacubeth.ai
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facebook: http:facebook.com/datacube.th KSO http://facebook.com/sit.ake

website: http://www.datacubeth.ai

email: eakasit(@datacubeth.al

linelD: eakasitp
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