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a day in the life of Zuﬁe'j marketing

serve

launch

hundreds millions

of ads of impressions

++
ttt+ableau



how we achieved growth?

Analytics team Business users get real-time
can move fast access to key data
without needing without needing to involve
to involve IT analysts
in everyday activities. to generate basic insights.

self-service analytics




marketing analytics team growth
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marketing analytics team growth
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marketing analytics team growth
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building the
Tableau + Big Query
pipeline






zu&fy, Tableau + Big Query pipeline

Google
Big Query

b

data team

pushes all data —
structured and
unstructured,
real-time and batch
— into BigQuery

marketing analysts &
data scientists join

multiple data sources
using BigQuery’s SQL

analysts develop models
on BigQuery data marts
using a variety of
common data science
tools

as well as internal

ETL platforms

marketers and analysts
use Tableau for self-
service analytics

on data and

model results stored in

BigQuery



key centralized data in Tableau
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key centralized data in Tableau
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Key centralized data in Tableau

Notifications Overview - YoY  High Level Report - Date  High Level Report - Agg Metric
Data Refreshed As Of:
High Level Report by Date- View metrics at the channel-program level. The purpose of this report is T view metrics at 3 high level of granularity at a date
evel. Expand and collapse ¢o ns by hovering and clicking the (+/-) button over the column name to show programs. You ¢an also toggle the data between a
weekly and daily level by hover '*; c.ef the dates and clicking the (+/-) button. Please also note that this report does include manual costs. Data available
from 2014 onwards.
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intra-day self-service analytics

Meost Racent Orcer in Data
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intra-day self-service analytics
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holistic view of cross-company metrics
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our approach to marketing optimization



marketing analytics program components

1 2 4

customer lifecycle monitoring
acquisition management
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foundational data layer with one view

collect raw data
join to multiple traffic sources

determine visit source

add customer segmentation information




understand value of new customer

e \, Pproduce variables using data predict value days after
SRS g R science model acquisition

find existing high Which behaviors distinguish them Are new customers
value customers from others? showing these behaviors?

To what extent?

O
0 O

i




what goes into the zw&'@p predictive model?

What she uses to access zulily
What her first purchase was like
How she engages with us
Where she is located

How she found us

thousands dozens +85%

of variables considered of variables accuracy in predicting 1
for chosen using gradient year revenue
the model boosting machine

learning




optimize new customer acquisition

a/b testing:

L4
creative

What's all the hoopta for puliover hootes?
They're senously comfy. unconably 1035ty an

@ 2ulily
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miss oul on his Casushy

senous sleal 1 you order today

timing

[

shift budget
& bids

landing experience

paid vs unpaid

|

" l §13.79 ONE DAY ONLY Shop Now
$13.79 | ONE DAY ONLY | §- B
Shop Now oo... ' EK 158 Comments 2223 Shares
DR vs brand

ax

Y Like | " ommecnt ':- Share

Q0@ « 1S Comments 41 Shares #




2 lifecycle management targe'tEd messaging
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using personalization to optimize

)

Site and App E

Engagement

“v

Favorite brands

Purchase History

Love this
feature!

2

Email Behavior O

Text and Customer Service




optimization based on response

Email Performance Metrics YoY
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building the right models & tools
'
<J it

Purchase/Churn
Attribution Model

Propensity Modeling

___ Incrementality
S &

D |:| Customer Level

Profitability Modeling

Engagement Modeling Lookalike Modeling




how we track the brand

NPS
PeePeRP T 00

NPS =% PROMOTERS - % DETRACTORS

TV response

customer surveys & VOC

®)
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monitoring data science models
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monitoring data science models

Coefficient QA

Model Vanables
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monitoring data science models

Coefficient QA

Model Vanables
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monitoring data science models

Variable QA Choose Vatiable
Variable X Bin
Join Date Range
Jacaey 1 201 W
—
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monitoring data science models

Variable QA

Avg Varuable Coef




monitoring data science models

Variable QA

Avg Varuable Coef




monitoring inputs to data science models
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what’s next in marketing analytics



the future of Zufwy ...and the industry

R

Using self-service
philosophy to be
more efficient,

do “more
with less”

renewed focus on sustainable
growth,
o-term customer relationshj

ex: advanced attribution




Q&A



