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What Do We Do? We Focus on Episodic

Business Verticals
Now in our 5% year implementing

Oracle Cloud Solutions - DXM
provides growing companies m
affordable access to enterprise level

data and analytics so they can DXM

execute digital marketing programs
with greater confidence and

compete more effectively.

Revealing greater insights that
leverage more successful
engagement.
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What drives our DXM marketing platform?

OCI-ADW - OAC-0IC Oracle Data Cloud - ODC Oracle Data Cloud - ODC

Data Partners, Analytics & Customer [dentity Graph/OnRamp
Data Platform (CDP)

Data Management Platform (DMP)

Y . SallySmith1981@gmail.com

SallyS1981@yahoo.com
Twitter; @sally1983yeah

- Name +
Postal
Facebook: Susan X. Smith
Snapchat: SS1983Yeah
Pinterest: SSYeahFoodie
Instagram: SSYeah1983Now
IDFA3245
IDs

9000 0000 0000 0000 AdID 6687
Home: 124 Main Street, Albany NY
Work: 123 Corporate Park, Albany NY

IE ID Device 1 67543

Chrome ID Device1 87546
Chrome ID Device2 98766
I.P.Address: 148.87.13.11
|.P. Address: 148.89.33.22

100's of data partnersand
millions of domain activity
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90% of Onlineldentities
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Why Oracle Machine Learning is important to the data flow process

Campaign &
Responder Data

US Consumer Data Client Data Predictive Models
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Client CRM data for Custom predictive
profiles and models: Look-alikes
analyses

and campaign logs

DX M =)




Leveraging ADW/OAC’s Explain Function

* Financial Svcs — Identifying relevant
behaviors from 70,000+ DMP data points.

* Telecom - What consumer variables
reflects better ability to pay?

* Retail — What is the Quad relationship

Some questions

WE’ e tryl N g TO between performance and potential?
: s « Real Estate — Does a click on the ad raise
dNSWer Wlth OML o8 the propensity for a conversion?

* Urgent Care — Does distance to the clinic
matter? What ads produce the most
conversions? How do we prove it?




Urgent Care spatial analyses: hundreds of trade area distances correlated with
DNNAI
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Density Map of \ Urgent Care Location
Prospects A , | 12303 San Jose Bivd, Jacksonville, FL 32223

Health Care/Urgent Care

Correlation of distance traveled with
optimal Return on Marketing Investment
with modeled prospect audience

o, e $16 to $1 ROMI

s = Optimizes at 5.91
R | Mile

Ommave Thrveeont -

5.91

How far do they travel
for treatment?

DXM
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Typical Attribution Method — Advertising Messages

Triggers are credited with one conversion if the converting prospect was served an ad based on the trigger

Unique
Prospects

ProspectJourney 1:
Trigger1 + Trigger 2 + Trigger3

Conversions Conversions % CPC

Trigger Total Cost

Back To School $13,277 145,070 3,298 N 2.27% $4.03 $29.81
Contextual $1,574 38104 [ 33 0.88% $4.71 | $25.46 Prospect Journey 2:
General $30,761 480,040 6,420 1.34% $4.79 $25.04 Trigger 3+ Trigger 2+ Trigger 1
Health Researchers $24,653 345,961 4,174 1.21% $5.91 $20.32

ProspectJourney 3:

Cold-Allergy-Sinus | $27,322 335,518 4,559 1.36% $5.99 $20.02 _ \ _
Trigger1 + Trigger 3 + Trigger 2

4
New Movers $28,269 314,094 /\4,133 / 1.32% \ $6.84 $17.54 )

N
Total $129560 | 675418 7,076 10s%  Ng1831 | 3655/ ,

a /

Prospects are served ads based on Order and interaction of the triggers is not considered.
multiple triggers, so the sum of the Above prospectjourneys may convert at a differentrate,
conversions by trigger is greater than the but they are all considered equal under the current method
actual number of conversions

”

All triggers appear to outperform
the overall campaign

A prospect journey includes the triggers that resulted in an ad served to a prospect
throughout the campaign in the order they were served and the result of the journey

(conversion vs. no conversion) PAGE 7
DXM
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Attribution Method Comparison — Easy Math —No ML

Heuristic Methods
First-Touch — All credit for the conversion goes to first ad on prospectjourney
Last-Touch — All credit for the conversiongoes to last ad on prospectjourney
Linear Touch— Creditis split evenly between all ads on prospectjourney

h modl <- hewuristic _models(PL_Final, war_path = 'path', var _conv = 'conv')
all models <- merge{h _modl, modlisresult, by.x = 'channel name', by.¥ = 'channel name']
colnames (all_models) [c(3)] <- c{'"markov_chain method")

N

In R - the ChannelAttribution package uses the

prospect journey data to calculate attribution based Attribution Method Comparison Output
On h eu riStiC meth Od S channel_name first_touch last_touch linear_touch markov_chain_method

Back To School 1026 924 983.41837 387.580933
Cold-Allergy-5inus | 1169 1317 1254 24155 143268403

Contextusal B4 a0 7995073 91.68422

Genarsl 2687 2480 251504961 180505623

Health Ressarchers | 1042 1204 118912479 138780154

Mew Movers 1032 1081 107419595 137388465
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ML Algorithm - Markov Chain — Evaluating the Prospect Journey

Markov Chain is a probabilistic method that begins by mapping the prospect journey. The simplified
example below compiles several prospect journeys into a probabilistic model. The probability of
conversion is calculated but adding up probabilities for each possible path to conversion.

Campaign Data
« 7,377,207 Impressions / ”
* 675,560 Prospects i 7% 18, 9% 1745%
« 5 Triggers /!
236,055 Prospect Journeys — ¥ ¥ 3/6% 23% W
o 7 076 C OnverSi ons New Movers —18:4% = Health Researchers -18.85 < Cold-Allergy-Sinus
’ A S — Y| N ’ 1

169% 3519% L@ scy/o c1 095 8.8%

1
While the concepts behind the Markov Chain method are Back To School j~ i

relatively straight forward, applying the concepts and 186% i 1@ 2% 0.2% 0.2%

doing the.math for_a digital campaign with thousands of oo . 60/ 54 o - 3

prospect journeys is not

DX M PAGE9 E
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Markov Chain Application - Results

While the ranking of ads is similar to the original method, the results are more comprehensive, intuitive and easier to interpret
« Sum of the conversions by trigger equals the total conversions
« Metrics can be evaluated in context with the campaign total
» Order and interaction of the triggers is considered in results
* Rotating ads is efficient and does produce positive ROMI — CMO Confidence!

- : : . .
ChannelAttribution Package output Trigger Total Cost Unique Prospects Conversions Conversions % CPC
Back To School $13,277 145,070 888 0.61% $14.95 $8.02
trigger total conversions General $30,761 480,040 1,896 0.39% $16.22 | $7.40
Back To School 287.88033
i E— Contextual $1,574 38,104 92 0.24% $17.17 | $6.99
Cold-Allargy-Sinus | 1432 63403 ﬂ Health Researchers | $24,653 345,961 1,388 0.40% $17.76 | $6.76
Health Ressarchers | 1387.00154 Cold-Allergy-Sinus | $27,322 335,518 1,439 0.43% $1899 | $6.32
aw Movers 1373 848 New Movers $28,269 314,004 1,374 / 0.44% \ $20.58 | $5.83
Contextual 01.68422
Total $129,560 675,413 7,oy 1.05% $1831 | $6.55 4
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Attribution Method Comparison

Factoring in the amount spent on each trigger allows for a comparison
of the efficiency of each trigger for each method

Method Comparison - ROMI
-[General: 10.48

General: 9.81

General: Q.ﬂ

[Back To School: 9.27)

(Back To School: 8.88)

[Back To School: 8.35 i

[Back To School: 8.03

: Contextual: 7.01| a#
Heaith Reseamhef?:/&
‘

........................................ [Heatﬂ!ResearchersSSﬁl"ﬁ
: & [Health Rese?érchers::s;ﬁgl

-Allergy-Sinus: 6.32

Health Rese;rchers: 553, ECOId-AIIergy-SInus: 5.78|
2 :

b1 =
[Cold-Allergy-Sinus: 5.51

(Cold-Allergy-Sinus: 5.13] : _~
o

Contextual: 4.?8 "

first_touch last_touch linear_touch markov_chain_method PAGE 11

Method
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URGENT CARE COVID-19 IMPACT SUMMARY
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COVID-19 Time Period

Y-0-Y Visit Comparison
2019 Dates: 3/17/19-7/27/19

COVID-19 Time Period
Monthly Visit Comparison

3/15-7/31
2020 Dates: 3/15/20 - 7/25/20
March April May June July
Brand 1 -21% Brand 1 -41% -59% -41% 13% 35%
Brand 2 -2% Brand 2 -31% -52% -21% 50% 45%
Brand 3 -38% Brand 3 -45% -56% -51% -23% -8%
Brand 4 -10% Brand 4 -39% -57% -21% 29% 36%
Brand 5 -10% Brand 5 -30% -53% -34% 39% 34%
Y-0-Y Weekly Visit Comparison
% Difference
B Brand1
M Brand 2
. Brand 3 ;
50% M Brand 4 \
.42 B Brands \
2
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Thank you 'fOr yoUr time.

Ray Owens Fopnder and CEQ
| ?Es /}d;ahametlng com
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