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Strategic Marketing Questa dispensa & scritta da studenti senza alcuna intenzione di sostituire i
and Analytics materiali universitari. Essa costituisce uno strumento utile allo studio della materia
ma non garantisce una preparazione altrettanto esaustiva e completa quanto il
materiale consigliato dall’Universita.

STRATEGIC MARKETING & ANALYTICS

DATA & ANALYTICS FOR STRATEGIC MARKETING DECISIONS

Setting the scene

Betty

A
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Betty is a runner, and she might be exposed on some target adv, through a post as, for example, buy a new
running pair of shoes.

The post triggers her attention because she is considering buying a new pair of running shoes, so she goes
walk to the city centre, enters the Nike store and try’s them on, but she is not sure if they are fit or not, so she
postponed thinking about it.

In the meanwhile, she is using a free run activity tracker in which she is exposed to an Asis adv, which
proposes to register to the newsletter in order to have a discount on the first purchase.

After a while she takes her decision opting for a Nike pair of shoes but not at the Nike store but online cause
she can customize them by choosing the color and so on.

She receives the shoes, but the color is not what she ordered, so she phones the customer service saying
that there is an issue with her order.

The customer service fixes the problem and asks Betty if her want to receive the new pair at home or if she
prefers to collect it at the store. Betty decides to pick them to the store.

In the meanwhile, Asis keep emailing her with possible new offers, but at the end the transaction is for Nike.

What this example tells us?

This is the description of the decision process -> when we buy something new, we pass through different
phases:

1) search for alternatives

2) purchase

3) evaluation of your purchase

->this is called customer journey which is the decision process from the very beginning until the end.

Company can track each phase of the customer journey, even the searching initial phase. Customers can be
tracked at the same time from different company. Acquire the ability to analyze data to answer relevant
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marketing questions and support decision is a fundamental part of marketing manager work. Data and
analytics are used in marketing to try to create efficient and effective marketing strategies.

Which marketing question when analysing data?

How do channels

impact a brand’s .
Distribution P increase the Brand Choice

choice and likelihood that
customer brand x is chosen?

How can we

decision-making?

Who are our customers? Consumer

Who is most likely to purchase? Analysis and

Which product variant are they most likely to Targeting

buy? Value of the

Customer
Base

Can discounts
. ) effectively lead new
Marketing Actions customers to make their Are our customers

initial purchase? profitable? Are our

customers loyal?

How can we increase
the profitability of the
customer base?

S E P H O R A Objective: Encourage purchases from consumers who have not used
the loyalty card in the last six months.

""'-""

4
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¢ Iree Shipping P
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G o e How are these evaluations made?

Which Strategy is more Effective?

BEAUTY
TEMPTATION

Exclusive sale ends Feb 22. Up to 50% off select products.

Don't miss out!

Why do we need analytics in marketing?
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Statistic helps managers in dealing with uncertainty -> managers can make smart decisions and lead staff
more effectively.

Data and analytics reduce uncertainty -> if ’'m a manager | don’t want to risk, so if | can provide empirical
evidence, it will be so much better; moreover, you need to test your idea -> in this way is highly recommend
use data.

Prior: Managers' intuition Decision

Decisions based on managers intuition.
The management provides preliminary estimates (prior) about the probability that the event will occur
following a strategy.

Prior = The management expects a 10% increase in
purchases by customers with loyalty cards through the email and smartphone free shipping campaign.
Pay attention to:

e Avaiability bias

e Overconfidence

In statistics (Bayesian theory) Prior.
Refers to the initial estimate or probability one has regarding an event
before considering new information or data

Posterior: Data

Decisions Based on Data Analysis.

We can gather information and use it to refine the preliminary (prior) estimates regarding the probability that
an event will occur.

Collect Data > Posterior

Posterior= After analyzing data, we estimate that 5% of loyalty card customers will respond positively to the
free shipping campaign promoted via email and smartphone notifications.

In statistics (Bayesian Theory) Posterior:
The updated probability of an event after considering new data or information.

Value of analytics in marketing
e You can collect information that is used to refine the prior estimate of the probability that an event
occurs.
Prior -> Collect Data> Posterior
[Prior you get for “free”; and maybe it’s enough]
e Statistics should reduce uncertainty associated with predicting future events.
Prior(variance) > Posterior(Variance)
e Reliability of information is notignored
e Statistic should help you to quantify the consequences of a planned business action.
ChiaraTua
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Choose the action that maximizes some decision rule

Consider Both Approaches

Managers' intuition Dd = Driven Dalsions
Decisions
Prior Posterior
Marketing
Research
Perspective

Marketing Actions

DATA-DRIVEN DECISIONS
Data & Analytics <-——->Data Challenges | Privacy | Fairness

The final aim is to create value for both the company and the customers.

Big data & customer journey

Data in Marketing: What data?

Making decisions about the types of data is a “measurement problem”.
We can have 2 distinct macro classes of data:
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e Primary data: can be collected in 2 different ways and for a specific purpose (and this is the main
difference with secondary data):

o Qualitative research (focus group, observation, in-depth interviews)
o Quantitative research (market surveys, lab experiment)

e Secondary data: refers to data that has been previously collected, so they are already available, and
for some other purpose. These data are not collected specifically for a study at hand but can be
utilized to gain insights.

Secondary data are the data that can be derived from both internal and external sources such as
social media pages, loyalty cards, website, corporate CMR, e-commerce, and physical stores. -> we
don’t have to pay for them, and it is here data marketing analytics was born

Field experiment: experimental part combined with secondary data

The Customer journey

REVIEWS

POTENTIAL
CUSTOMER

TARGET

Remember the example of Betty

The CompIeX|ty of the Customer Journey

Need Phase Search Phase ——» Purchase » Post-Purchase
. 4 == a

: - J
E 3 e 5D
Ou=rm  Jasics DL Saswcs .

| Acquisition Pre- Behavior | Purc::rsce.{::epeat ] Post-Purchase | Value Retention?
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Need Phase » Search Phase » Purchase » Post-Purchase

Current Customer Experience (t)
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Customer Jourmey
The relationship between customer journey and data analysis is really strong, because all the interaction
between a firm and its clients can be tracked becoming data to analyzed.
More formally the kind of behavior that we can track is a pre-acquisition behavior -> we can have search
data before purchasing, we can have data about the purchase occasion and then we can have data about
post-purchase occasion, so what happened after.

We have a pre-purchase stage -> we can have data collected thanks to different touch points such as social
media, the store and so on, and also it is interesting to understand if those touch points are owned by the
brand of managed by a partner.

Example: Procter & Gamble

We decide to do a partnership with Amazon for a specific product, for example Gillette.

In this case, Amazon is a partner so the channel is the e-commerce (touch point) but it is not owned but the
brand.

Thinking about the customer journey, which data can be considered as the most relevant?
e Time spent on the website
e The arrival channel (social media, corporate page, an influencer page...)
e (Customers’ opinion post-purchase
e Response to promotions
e If customers purchase or not
e What customer purchased
e Through which channel customers interacted with (social media, store, online website, call centre...)

Key element of the Customer Journey
1. Digital channels & touchpoints and integration with physical channels (Brand-owned, Partner-owned
or Customer-owned touchpoints)
Omnichannel perspective
o Social media
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o Physical store
o Online channel

e These are just example of the possible touch points that we can track and analyzed give the firm
relevant information

2. Data

3. Analytics & Better targeting

CHANNELS & TOUCHPOINTS
The Channels in the Customer Journey E‘

l |
) & Qe \@
’X e 2N > s

Online & Ofﬂipe /

BN

Track the presence within the store is very difficult -> for every single purchase occasion we can track HOW
the customer interacts with the different touch points and channels not only for the first purchase occasion,

but also for the cumulative purchase occasion or search sessions that the customer comulates interacting
with us.

The channels "complicate" the customer journey...

Need Phase Search Purchase Post-Purchase Value

Channel A, Firm
1

J

A Channel 8, Firm |

Customer

Problem

Recognitio

Profitability

Frequency

Channel A, Firm

Amount Spent
k

n

Retention

Channel I, Firm

t, Acquisition Purchase Retention Firms' Value >

t, | Pre-Purchase Purchase Retention Firms'Value

Example: Walmart retail channel strategy?
o Store
o Online store
o Website
o Pick-up service
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o Front door delivery

o Smart door lockers

o Walmart + -> a subscription service similar to Amazon Prime that gives members express
delivery, discounted petrol and other perks

Customers have more choices than ever before when it comes to how they get their groceries. They can shop
with us in stores, order online for free pickup, or have groceries delivered to their front doors. Customers can

also order fresh groceries and everyday essentials and have them delivered directly into the kitchen or garage
fridge

Walmart partnered with TikTok to pioneer innovation for the
fastest growing digital community. They brought a shoppable live
stream experience to U.S.

TikTok users for the very first time. The TikTok community enjoyed
shopping while engaging with their favorite creators. During the
event, we netted 7X more views than anticipated and grew our
TikTok followers by 25%.

Walmart>2 | o TikTok

SPRING

SHOP-ALQON
BEAUTY EDITION

MARCH 1L 9PM ET / 6PM PT
SHOP SEAUTY NUST HAVES!
FOLLOW @WALMARYT YO TUNE IN

March 9, 2021 William White, Chief Marketing Officer, Walmart U.S.

The company gave clues to its reasoning, saying TikTok's integration of ecommerce and advertising
"was a clear benefit to creators and users" and would "provide Walmart with an important way for us to reach
and serve omnichannel customers as well as grow our third-party marketplace and advertising businesses".

=>This is an example of channel segmentation
Example: Sephora channel strategy

o Catalog
o Community
o Store
o Smartphone
NEED SEARCH PURCHASE POST
STORE I need something | | search my Itis easier finalize | They give you
and | go to the product, and, in the purchase in samples which
store the meanwhile, | store incentive you to
find something buy again
else
SOCIAL MEDIA | see apostand| | |see something Possibility to da Newsletter,
find new desire through the social | an Adv which surveys, analyse
and I wantto buy | facilitate the insights,
it purchase actions | broadcast
channels
MAKE-UP ROOM | You need that You see the It facilitates the They usually ask
service, or you products and purchase after you feedback
trying the
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want to learn want to learn products, about the
something more about them | moreover you experience
paid for the
experience itself
WEBSITE I need something | While I’'m Possibility to buy | Loyalty cards
but | don’t have searching a online
time to go to the product, I’ll also
store have correlated
products
How did all start? Omnichannel... Past 15 years
Web & Sales Multichannel Mobile Omnichannel
Cannibalization Marketing Special Issue "Mobile Marketing
Marketing in the ! )
Deleersnyder, Tesser 2002 Retailing Environment” Special Issue “From Multi-

Channel Retailing to Omni-
Channel Retailing” Journal of
Retailing 2015

Ailawadi, Ferris 2017

Geyskens, Gielens e
Dekimpe 2002

Special Issue “Multichannel
Marketing” journal of Interactive
Marketing 2005

Thomas e Sullivan 2005

Neslin et al. 2006

Venkatesan, Kumar, Ravishanker
2007

Konus, Verhoef e Neslin 2008
Neslin e Shankar 2009

Valentini, Montaguti, Neslin 2011
Kushwaha e Shankar 2013
Konus, Neslin, Verhoef 2014
Montaguti, Neslin, Valentini 2016
Cambra-Fierro et al. 2016

Journal of Interactive
Marketing 2010
Andrews et al 2015

Back to Offline

Avery, Steenburgh, Deighton e
Bell 2014 Location is Still
Everything

Customer Journey
Research Shopping, Lemon & Verhoef 2016
Showrooming
Webrooming

Verhoef, Neslin, Vroomen 2007
Gensler, Neslin, Verhoef 2017

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 201720182019 2020

Why omnichannel?
As a company we can have multiple advantages:
1. Some channels can be more costly for some customers
2. ltis possible to shape and orient the customer journey of the customers towards channels that
provide more margin for the brand
3. To expand customer base (Sephora is active on social media even through the purchase button
because probably they realise that they want to reach a specific target, the younger generation, that
usually buy through this channel -> to reach them the company must adapt to their preferences)
It can be a tool to increase customer satisfaction, because | can reach all the customer in different
way, moment and occasion

4. ltcan be atooltoincrease customer satisfaction, because | can reach all the customer in different
way, moment and occasion
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An organization can tailor its omnichannel approach by mapping each customer journey to a quadrant
of the matrix and focusing on only two or three in the top-right corner.

High
Steer customers to
most channels with
the most efficient
issue resolution while
ensuring their basic
functionality

Propensity to use
multiple channels

Ensure functionality
of primary channel
that creates
moments of delight to
optimes customer
experience

Low

Low High

Importance of journey to
customers

Omnichannel Opportunities Omnichannel Threats

Right channeling: high margin channels Cannibalization: profits cannibalization
can produce a significant reduction in costs | across channels: increase the number,
same profits, more channel

Customer satisfaction: provide customer a | Brand value erosion: the brand value could

better service/experience be eroded if channels are not well managed
Expansion customer base: the % of online | Channel coordination: the company
and mobile shopping has increased and should be able to effectively manage
continues to increase different channels -> decrease in consumer

satisfaction, customer retention...

Increase profits

N.B. Use multiple channels can also be dangerous depending on the kind of products that the company is
selling.
A growing interest in the omnichannel strategy...

70% of Saks customers purchasing
online also purchase in stores

The multi-channel customers spend
from 3-4 times more than the single
channel
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Several businesses decide to implement different channels because they find evidence that customers tend
to be more profitable for the brands -> of course this is not a rule valid for every firm and industry, so it is
important to verify this behavior before investing in this marketing activity.

Is there a relationship between channel choice and customer profitability?

Do multichannel customers buy more?

Average Annual Dollars Spent
per Customer

$1,000.00 $887.00
800.00 s
gsoo.oo $446.00 $485.00 sl
S400.00 $201.00 5157 00 S195 00
$200.00 —
$0.00
N X e "
(z}o e«“c \\s\@ " z\" ,,;9‘ q:\o
<& & & & & & »°
\(‘ \&‘ \.’b\ (:& .
2 McKinsey Quarterly 2011

“The promise of multichannel retailing”

Replicated by: Loftus, Mulliken and Sharp 2008; Myers, Pickersgill, and van Metre 2004; Thomas and
Sullivan 2005; Kumar and Venkatesan 2005; Venkatesan, Kumar, and Ravishanker 2007; Ansari, Mela,
and Neslin 2008; Boehm 2008; Campbell and Frei 2010; Xue, Hitt, and Chen 2011; Gensler, Leeflang,
& Skiera 2012; Kushwaha and Shankar 2013, Montaguti, Neslin, Valentini 2016.

DATA
Data -> available data are big, that is why they are so interesting

Mapping the Journey...and Volume of Data

Need Phase Search Purchase Post Purchase Value

Channel A, Hrm
|

{

Channel ), Firm |

Customer
Profitability

Frequency

Problem

Recognitio

Channel A, Firm

S
% Amount Spent

Retention

t, = Acquisition Purchase Retention Firms' Value >

t, | Pre-Purchase Purchase Retention Firms' Value )
Vv

Nowadays we have the possibility to enter in contact with several secondary data -> the volume of
disposable data in huge, but remember that we don’t necessarily need a lot of data, but what is more
important is have good data available now!
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3 V's of Big Data

Volume
Big

Velocit:yData Variety

Volume: data are big, we have a lot of information (less interesting: in principles we don’t need a
lot of data, but good data)

Velocity: | can have the data now -> we don’t need anymore to do surveys even though they are
still useful -> we can now opt for an instant marketing strategy

Variety: also, text are data (through Python | can transform a text into data) that can be analysed;
even photos can be data, about our preferences, emotions, age, gender, vocal audios

Low

Variety Q-

= Grateful and Happy After a Week’s Stay! oot
[ . 1 L]
4 a I 4% Review of Rambo Homestay
OOO®® roiionod June v 2020 [Jvia mobils
l"hl':/ We thoroughly enjoyed our stay. The room was spacious with comfortable beds. The vibe was

w minutes to many

The

My Stay ... really sad
Review of Astoria Inn
Missing features! QOO00 Reviewed 24 March 2012

Reviewed in the United States on April 14, 2020

Although this Is a very good air purifier, and the HEPAT3 c | stayed at this hotel, had ANTS cr¢ old and showed them lady
filtration combined with lonizer is really great to have, | was very smiled and OHHWEHAD T
disappointed in the fact there were significant missing features to floor hine brok

on the actual shipped product! ge he morning
N We

tighten down

es in Knox .. .but this will not

happy, try and stay somewhere else if yo

be a good one
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Linguistic <
Inquiry and — A
Word Count i

Book by James W
Pennebaker and Martha E

Francis

amazon Hekoonition
N1 b

Variety

Example: Booking.com,

Tripadvisor can classity UGC with
labels associated to the presence of
specific elements (e.g. swimming pool,
mountain

TR < !
Demographic Data MA ety Sentimf ,Expressed'

‘ " Eyes are open

BT . < /100%
Facial Landmarks Happy

- )
E ge;o«»fum
Smiling “ " Mustache

Image Quality 96.3% e ;?/100".:,

\ Brightness: 25.84 Beard General Attributes

Sharpness: 160 L 65.3% ,., L N 3

»

More info: https://www.youtube.com/watch?v=fk-TxySUAzw
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Google Now Cortana

What Data are Voice Assistants Collecting

ANALYTICS & DATA-DRIVEN DECISIONS

Big data and the information derived from them can be used anytime.
Big data and analytics work basing on

algorithms -> as a whole these practices work

How does it work?

What do we know?

- What impacts the choice of
channel/touchpoints, why
different customers choose
different channels?

« How and when is
marketing effective in
shaping and influencing
channel preferences, and
how the impact of
marketing changes over

I Bisogno Ric 1o cquisto Post-Acquisto Valore per Limpresa

Verhoef and Donkers 2005 Journal of Interactive Marketing
Thomas and Sullivan 2005 Journal of Marketing tlme’)

Ansari, Mela, Neslin 2008 Journal of Marketing Research - . A

Campbell and Frei 2010, Management Science elatlonshlp betW een
Valentini, Montaguti, Neslin 2011 Journal of Myrketing annel ChOiCG and
Kushwaha and Shankar 2013 Journal of Marketing < o
Venakatesan, Kumar and Ravishanker 2007 Journal of Markting customer profltablhty.

Ansari, Mela, Neslin 2008 Journal of Marketing Research « What is the effect of the
Montaguti, Neslin Valentini 2016 Marketing Science iy
acquisition channel on

customer loyalty?

e HHOW CANL @
__ business increase
e | its chances of

pN_T_ ' gaining a new
--------- customer?

rkering Which marketing strategies

L~ are most effective in
: s maximizing attraction and

leading customers to their
first purchase?

What is the role of the
- customer's pre-purchase
o =0 behavior?

Post-Acquisto

Riconoscim

ento del

Problema
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The challenge... Map and analyze the entire customer journey.
e How can customers be segmented based on their journey?
e What are the predominant patterns?
e Which types of marketing activities work best?
e What leads to higher profitability?

Analytics: “What can you obtain from them?”

By using analytics to create highly personalized experiences, operators can
overhaul their approach to customer value management (CVM): the process of
maximizing value at every stage of the customer life cycle.

Best-in-class tel n operators engag: tomers at key points
Proactive Retention
data driven Reactive intervention
cross-sell upsell based by dedicated  Proactive win
based on on change “save team” back with
360 risk customer in behaviour informed by personalised
assessment web search and usage usage change offers
l = -
1 - \ Advanced
Customer | _— \ | -~ Analytics-
Lifetime | |\ /  driven CVM
Value ! 4
{
Classic CVM
approach
- Activation Deactivation
Acquisition Development Retention Win-back . :
{upsell and cross-sell) [churn) Souce: McKinse uarterl

Why Data Science and Analytics?
Data Analytics can be seen as Bottom Line, but which is the impact on the customer’s value?

Overwiev: Why do | receive these?

BUOUNI SCONTO,

IN ESCLUSIVA PER TE!

Us tuona ties fanee. Seantatnl

ECOMTD SPEEA  SCOMTO SPESA BCOWTD SFESA
ESSELUNGA

| Vissslizza | "M place”
| acclas Lospents 8 runveng brdnese coaQv
Alrevhia Semiih Comaeon rogce

undersrmour Carramagia Urder Armour
A O O & @ Fly Fast 2.0 Mesh 7/B h donna Geigio
TU ACCEND! IL MOTORE

A QO & O©o @)

Scopri come avere una pelle dall'aspetto piu radioso. ‘
@ Estee Lauder <caiasauderitn er com> (esteelaudenide.it estestauder.com)
, 2

ESTEE LAUDER

0 S
Qv - 2]
. yoax DOLCE & GABBANA
—~—~—
p—

|
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Product Recommendations

flélﬁh ':éwun'

YOU MAY ALSO LIKE

DESIONERS  FORME T

MEEOIT  CLOTHING  GWOES  BAGS  JEWELAY  ACCESSC

i
LS
®
®

How is this done? Market Basket Analysis

= Data: 1,000,000s page visit records

= Compute probability Pr(view product B | view product A)

= [f the customer view product A, recommend product B’s with maximum probability p(B|A)

Does this pay off? EXAMPLE 1

Field Test
# Buyers Revenues

S0000 $8.400,000
17500 $5.100 000
25000 54_800 000
12600 54,500,000 -

° $4.200,000

Current Practice Market Basket Current Practice Market Basket
Recommendation Recommendation

* # Buyers up 22.6%; Revenues up 15.3%.
« $ Millions in increased revenue on an annual basis.

Example 2 | NPTB (Direct Email)
Bank wants to cross-sell home improvement loan
= Cross-selling: loan =
Idea: use next-product-to-buy model (NPTB) to identify those customers with an high probability to
“buy” a loan
Compute probability:
= Pr(Buy Loan Next | Demos, Previous products bought)
= Data: 100,000 customer purchase records for estimation
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Does this pay off? EXAMPLE 2
Field Test

s

oasn

O sow

oI

ooow

Incremental Response Rate
vs. Control
Current practice NPTB

Incremental Revenues per
Customer vs. Control

Current practice NPT

* NPTB model produced more responses and more revenues per
customer.
* NPTB model produced 530% ROI, vs. -16% for current practice

How is this done? The basic intuition
A simple predictive model for targeting

SEPHORA

Tl

Targeting analysis: lift-based app

Number of offers mailed: 1,000,000
Profit contribution per response: $80
Cost per mailing: $.70
Response rate: 1%

Profit = 1,000,000 x .01 x $80 — 1,000,000 x $.70

effective!

Number
Decile of Pros ts
100,000
100,000
100,000
100,000
100,000
100,000
100,000
100,000
100,000
100,000

© 0ONOO A WNS

-
o

$800,000 - $700,000
$100,000

The direct marketing Most of the investment
@ campaign is @ in direct marketing is

wasted!

roach

170000= (3%*100000*80)-(100000*0.7)

PredictResp

Rate
3.00%
2.00%
1.40%
1.15%
1.00%
0.60%
0.40%
0.30%
0.10%
0.05%

Cumulative

Profit Profit
$170,000 $170,000
$ 90,000 $ 260,000
$ 42,000 $ 302,000
$ 22,000 $ 324,000
$ 10,000 $ 334,000
$ -22,000 $ 312,000
$ -38,000 $ 274,000
$ -46,000 $ 228,000
$ -62,000 $ 166,000
$ -66,000 $ 100,000

=> Profits improvement >$100,000 __ >$334,000

We must stop at the fifth decile otherwise we will start losing profits.
Return on marketing investment: ROI
ROI_1=$100,000/$700,000 = 14.3%
ROI_2=$334,000/$350,000 = 95.4%

Chiara Tua
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How do it practically?
Barnes & Noble targeting strategy

< 50% OFF HUNDREDS OF THE BIGGEST BOOKS

@ STORES & EVENTS COVID SAFETY MEMBERSHIP COUPONS & DEALS BESTSELLERS

BARNES&NOBLE MU | Scarch by T, Authr, Keyword or 1B

Books Fiction Nonfiction eBooks & NOOK Teens & YA Kids Toys & Games

BOOK HAUL IS BACK AND 500/” THE BlGGEST BOOKS

BETTER THAN EVER
WHAT WILL YOU HAUL?

e B&N want to send an offer for the purchase of the book “The art of Florence” to a sample of 1,000
customer in their CMR
e The sample is randomly selected
o DATA: For these customers, they have information on previous purchase
o Number of months since the last purchase (recency)
o Number of art book previously purchased (art)
Objective: estimate the probability that a generic customer in the target buys the book "The Art of Florence".
Method: Regressive type - Regression (Logit)
Outcome variable of the model: dummy 0/1 (1=buys, 0O=does not buy).
Independent variables: Recency, Art.

Logistic regression Number of obs = 1000
LR chi2 (2) = 69.14

Prob > chi2 = 0.0000

Log likelihood = -251.46648 Pseudo R2 = 0.1209
purchase | Coef Std. Err z P>|z| [95% Conf Interval]
_____________ o ——— - - - - - - - — - - - - - - - - -
recency | =.0707172 .0192297 -3.68 0.000 -.10840867 -.0330277

art | .9890522 .1346605 7.34 0.000 . 7251224 1.252982

_cons | =2.225636 .2389241 -9.32 0.000 -2.693918 =1 157353

INTERPRETATION:

a. Checkp-value:isitrelevant? -> As the fact that for both regency and art it is 0.000 the estimation is really
reliable
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b. Coefficients: regencyis -0.707172, while art is 0.9890622 so they have different effects on purchases. =>
Regency is going to decrease the likelihood to purchase by 7%, while Art is going to increase the
likelihood to purchase by 9.89%

c. Constanttells us that as awhole, itis really unlikely to purchase the products together.

We trust the model, so we can now predict the future and they way in which customer will behave.

Let's take two consumers: Mario (id.21) and Anna (id.145).

Mario made his last purchase 6 months ago. Also, Mario has previously bought an art book.

Anna made her last purchase 18 months ago, and she has never purchased from the product category (art
books).

What is the difference in terms of the likelihood of purchasing the book "The Art of Florence" for the
two customers?

Mario (X,=6, X,=1) Anna (X,=18, X,=0)

Umnario=-2.22+-0.07*6+0.98*1= Unnna=-2.22+-0.07*18+0.98*0=
=-1.66 =-3.48

- exp(-1.66) 0.16 o = exp(-3.48)

T [+exp(-1.66)] (+exp(—348)]

Mario Anna
16% 3%

Who should be included in the target?

We know that: the cost of sending the offer is $1 for each customer.

The net profit generated from a book purchase by a customer is $6 (net of the cost spent on sending the offer
by mail).

($6)*pac + (-$1)*(1-pac) >0 => pac > 1/7 => Purchase probability > 14%
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Customer acquisition

Marketing Actions

DATA-DRIVEN DECISIONS
Data & Analytics <--->Data Challenges | Privacy | Fairness

Mobile shopping app user acquisition rate Vodafone cuts outlook after weak performance
i inG ANY  NoveMBER 1, 200
worldwide from 2017 to 2020 In Germany

In Germany, which accounts for 30 per cent of group revenue, adjusted ebitda

fell 7.4 per cent to €2.68bn, in part due to losses in broadband customers and

higher customer Sequisition costs

Naked Wines shares dive on profitability concemns
“If we are spending £40mn-plus on customer acquisition each vear then we
have to be clear that we are going to get a satisfactory return on that

investment,” he said. Jonathan Eley SEPFTEMBER 14 2022

| Mobile shopping app user acquisition
s eomnnn. costs worldwide, by type

Characteristic Cost-to-install Cost-to-register Cost-to-purchase
shopping apps (NET) 287 B.7¢
The average cost of customer / S 3
acquisition varies by industry. N~
Insurance customer acquisition rose =~ "R
to $900 per customer SUpon b reward apg

Acquisition phase: our task as manager is to acquire new customers.
What can we do?

e we can use marketing tools in order to obtain the results

e datacan be atooldepending on which data we have -> if our problem is an acquisition problem and

we want to use secondary data probably we have information about the search pattern.

The acquisition phase is an extremely relevant aspect of the customer journey and a possibility to improve
revenues and expand our audience with new individuals and customers. It is a very delicate phase -> it is the
more expensive one because we need to convince someone who doesn’t know us to purchase our products.
So we need to calibrate our action very carefully because they have to be effective.

Customer acquisition: Background
Customer acquisition -> the first time a new customer purchases from a firm or subscribes to a service.

Chiara Tua 20
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We can distinguish between to distinct worlds:
a. member/contract/subscription-based business (Netflix, Disney +, Spotify, ...) -> you know exactly
when the customer was acquired because they sign a contract
b. you need something within your business in order to define if you have acquired a new customer -> a
way to define it is to track the very first purchase as acquisition, but it is not possible for every
business (ex. Sephora and in-store purchases -> that is why they usually try to convince you to
subscribe to the loyalty card, so in this way they can track if you are doing repeated purchase or not)

Does the first purchase really represent the first interaction with the brand? NO, but it represents the first
engaged interactions with the brand.

In fact, the first purchase rarely represents the firm’s first contact with a customer -> first interaction usually
came from website registration, email/catalog opt-in like on social media online reviews app download

N.B. We call lead or prospects those individuals that are engaged with the firm (social media, newsletter) but
never purchase, be as soon as they start to purchase they become acquire => this means that there is a per-
acquisition and a post-acquisition phase with different data

a Mark Lead, Prospect Retention
kA

[ Y
a Acquisition ] Ay
: Campaign T J% 4 ‘

4 sa I —
First ?cqtgxm?on ‘ End of the

Interaction S kaasa i relationship

Website reqistration

Email/Catalog Opt-in

Like on Social Media

Online reviews

App Download

v

Customer acquisition is a crucial phase of Customer Relationship Management (CRM) because, before
focusing on retention and customer satisfaction, a company must identify the customers who are most likely

to be acquired and who are worth acquiring

T 'ﬁ'g LEADS
Customer
e _ ad
Acquisition () eroseects
+ Dati ' puEALUATON
+Analytics : ‘m; — % CUSTOMERS
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?uslomsuhare
- "Data help marketing and sales teams identify
indicators of high CLV and low CAC (customer 5
acquisition costs) respectively, and tailor
marketing campaigns to individual cohorts."
10
- Example "cohort analysis" >
5 High CLV
LowCLY lHustrative consumers
Muatratve conaument *Aged 251035
» Aged 40 5 & <CLV>€3500
—_ ‘;..'-.,u . S Customer types
‘0 « 1000 2,500 so0p | -ovacu '”:,,'CJ::,M
A o ame cranne
THINGS ARE DIFFERENT TODAY! By vrary o b #vg 2,800

Most firms and organizations can:

1. Identify the first purchase

2. Track pre-acquisition behavior (e.g. search activity);
3. Monitor marketing activity at customer-level

What impacts the likelihood of acquiring a new customer?

Evidence from

scientific literature Social Contagion
Customer characteristics

Marketing Customer

Advertising / Acquisition

Direct Marketing
Promotions
Pre-purchase behavior data

Example: pre-acquisition data

Chiara Tua
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Web Sessions
8,257,803

g

No Reqistration, no newsletter Registration, newsletter

2,035,901 (24.65%) 6,221,902 (75.35%)

« User identification based on cookies and email ID

Dreambox Add Number of products added to the Dreambox in each period
Dreambox Drop Number of products deleted from the Dreambox in each peried
Device Number of devices used in each penod
Website Sessions Number of website sessions in each period
Website Session Length Average website session time length in each period
m-site Sessions Number of m-site sessions in each period
m-Site Session Length Average m-site session time length in each period
Average Pages/screens Average number of pages/screens seen in each session
Average Products Average number of products seen in each session
Average Suggested Products Average number of suggested products (similar/same designer) seen in each period
Average Clicks Average number of clicks in each session
Average Filters Average number of filters used in each searching session
Total Pages/screens Total number of pages/screens seen in each peniod
Total Products Total number of products seen in each period
Total Suggested Products Total number of suggested preducts (similar/same designer) seen in each period
Total Clicks Total number of clicks in each session
Total Filters Total number of searching sessions with filters in each period
Ranking Type Number of times the user has used each type of ranking in each period
Web Sessions
8,257,803
/ \\
No Registration, no newsletter Registration, website/ newsletter
2,035,901 (24.65%) 6,221,902 (75.35%)

For 75% of users, the firm begins
monitoring their behavior (also
prior to their acquisition)

« User identification based on cookies and email ID
SOURCE: Anonymous Company
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There is a phase in which for the company we are a cookie, and ID that is interacting with them -> in that
phase, even before purchasing, the incentive of the business is try to incentivise some form of registration
(social media registration, newsletter, download the app) -> they try to push us to do these actions, in order
to start collecting data about us, our preferences and our habits.

For 75% OF USERS the firm begins monitoring their behaviour (also prior to their acquisition) -> even if
you share a fake email, or a mail that you never use the information that you are sharing with them is still
relevant because they will be able to analyse your behavior and linked your device with an ID number ->
we you register the company start to have the right to collect data about you because when you do the
registration you always accept privacy terms!

Marketing Analytics to Acquire the Customer: what to DO and NOT to do
What TO DO (Do) and what NOT to do (don't):

Do: Believe in the value of Data.

Do: Invest in Data first, then in the Method.

Do: Think "across channels."

Don’t: Forget the BranD

Don’t: Ignore Privacy

Don't: Believe in the Big Data trend "without critical thinking." = (Identifying the right marketing strategies
and the right data is not easy.)

Don't forget the Brand!
Manage together - Brand Equity & Customer Equity

Brand Equity: Customer Equity:
« Differentiation « Acquisition
Relevance * « Retention
Knowledge + Profit
Positive Attitude

Marketing:

»  Adv
Promotions
Price

Exercise:
Try to register / understand how to register on the Website / Newsletter of two brands or companies =
Alternatively, check your email account to find requests for newsletter registration / renewal of privacy terms

Chiara Tua

e New balance:
1) accept cookies
2) do you want to receive new info before the others?
3) insert the email address
e Dove:
1) cookies
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2) Itis possible to register through the uk website (no italian):
= Age>=16
= Email address

The registration phase leads us, which is strictly related to customer acquisition, to three strategic decisions:
How to ask to register

Depending on the country we could have different regulation

What information ask

This is a key phase cause a first occasion to target our audience

g en =

What does PRIVACY have to do with marketing?

WHY?

e DATA > Better Targeting > Customized Marketing Strategy
CHALLENGES

e Profiling and targeting

e Data collection and retention

e How will the way of retaining and collecting data change

In Europe we have GDPR

Privacy & Marketing: Key Actors

‘ Regulator

3

FIRMS: PRIVACY AS BUSINESS PROBLEM
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2 McKinsey Quartely, Nov 2021
Marketing In The New Era Of
Data privé’cy Collect data throughout the

customer journey

...... Mo D g
foeted bus Count! N
1o e To estimate the current and future value of customers and keeping privacy

~
l'()rl)L‘S regulations in mind, companies need to collect relevant data points on as

many customers and their behavior as possible er multiple years. This is

responding analytical mode dent on the

sufficient amounts of information to ide

y relevant

A customer-centric
approach to

patterns. The greater the volume of data available, the more meaningful

and accurate the analyses. Three categories of data are required:

marketing in a How Big Tech uses data

privacy-first world

Wy

privacy concerns for market
dominance

As consumers we are more aware about the importance of privacy -> we might be sensitive about the
information that we want to share.

Annual number of data and d ds in the United States from 2005

to 2019 (in millions)

DATA BREACHES » AN

Surprising increase in the number of Data Breach
events since 2015.

Increase awareness value of data ' A o A
«o~ Data broaches e Million records exposed 3.86m USD

LARGEST OATA B8

AdBonal infommation Yahoo (3t

Do oF WIORT CONCIRNED ABOUT
NLINE PUIVACY THAN A YEAR AGO

53%

If a brand is involved in a data breach than of course is a signal for us to be more aware about our data.

Netflix's Race-Based Marketing
Shows Potential For
Anticompetitive Data Abuses

The most recent example of Netflix's abuse of personal data is its alleged
‘“ Adam Candeub Contributor : s ; o
Al Washington Bytes Cont promoting to African Americans of videos that show black characters.
M Batic Without denying its discriminatory marketing, Netflix responded that, “We

don’t ask members for their race, gender or ethnicity, so we cannot use this
information to personalize their individual Netflix experience. The only

information we use is a member’s viewing history.”

Source: https//www forbes.com/sites/washingtonbytes/2018/10/30/netflixs-race-
based-marketing-shows-potential-for-anticompetitive-data-
abuses/?sh=7ed48b173f48

In 2018, Netflix faced criticism when users discovered that the algorithm was sometimes categorizing content by race,
leading to problematic recommendations

Chiara Tua
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The answer of Netflix in that case was that they were just using data and algorithms -> the algortim maybe
was biased, which means that data can also be problematic regarding to privacy; algortihms can be super
useful but at the same time they can create problems

Big Tech, Big Fines
Highest fined for breaching ane ar more artiches
afl the GDPR (in million .S, dollars)
Amazan ‘:_ Trust in Companies to Protect Personal Data
hare of U.S. adults who trust the following to keep their personal data secure and private
Whatsagy & 2672
Googl @ . 59,3 . 66% 05% e
B 50% .
HEM (B .-n f N\
/ 49%
m.«"'uu )
Beitah Aeways $8 l?n‘- 2 | ] 34%
. - |
Marnon pr—
.:.unn‘:’.v"’.:c e l)““ |“- V— l“‘
wini Trw ) 1o
T RR L IR AN OUT . e
@O statista %a
- . our cell phone
am?zon "nar‘vum("u'ry Go gle ‘ ’
Amazan hit yith $860m fine for pleoed data law broach - BRC
Amaren O 1y It AT e S 00 My e 150 seuw iy Ira @@@ b € B statlsta§

gt Larast ot potedbot lmen The e e

Amazon's Gender-Biased Algorithm

In 2018, it was reported that Amazon's recruiting tool, which used machine
learning to review resumes and identify top candidates, showed a gender bias.
The algorithm favored male candidates over female candidates, reflecting the
gender disparities present in the tech industry.

Data-breaches and fines

Instagram: $403 million

In September 2022, Ireland’s Data Protection Commissioner (DPC) fined Instagram for violating children’s
privacy under the terms of the GDPR.

T-Mobile: $350 million (July 2022)

WhatsApp: $255 million

Facebook-owned messaging service WhatsApp was fined €225 million ($255 million) in August 2021 for a
series of GDPR cross-border data protection infringements in Ireland.
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Concerns about privacy

47%
45%
40%
2 40%
& aon
B
s 25%
§20%
g 15%
& 10%
5%
0%

There is some kind of privacy concern among

9 2% of users worldwide.

I..-___-_

Personad information  Sensflive personal
will be exposed na  information will be
data breach and S0k fo 3rd parties

Don'tknowwhat  Location informaton Persond information  Other citizens” Nothing, | have no
companies will do wil get Info the wiong  will be used o personal information concems
with my persoral hanads and allow Inapproprately will be used o

compromised by  and used In deasion-  information inthe  somecne 1o find and  Influence how | volte nappropriaiely

cyber crimnals making processes
without my consent

future harm me in an eection Influence how ey
volke in an elecion

and theretore

infivence the

“Privacy Paradox”

« Both millennials and
non-millennials are
not particularly
receptive to sharing
personal
information

* But are more open
to sharing personal
information if the
benefits are clear

% AGREE
-0 mMillennials W35+

N~

70%

40%

NO ONE SHOULD EVER BE [ AM OK WITH SHARING

ALLLOWED TO HAVE INFORMATION WITH
ACCESS TO MY PERSONAL COMPANIES AS LON AS ]
DATA OR WEB BEHAVIOR GET SOMETHING IN

RETURN

The value of personal information

We are moving towards a world where consumers will have to allow the use of personal information: What
will individuals do? Which individuals will be more inclined to give up personal information? Consumers are
heterogeneous in terms of privacy preferences > The data and opt-ins collected might not represent the

entire population (Lin 2021).

= The 'privacy paradox' exists! > Businesses need to better understand consumer behavior and their
intention to share personal information (Kim Barasz and John 2021) - difference between third party

and first party

Chiara Tua
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This explains why privacy has become a marketing strategy -> the way they ask you to accept the privacy
conditions has a marketing strategy behind.

Particularly in Europe this is really relevant because if you don’t accept the privacy they MUST stop tracking
you ->the data about you are not available anymore, so for firms is fundamental to have customers that
accept privacy conditions by structuring a successful marketing strategy linked to it.

APP TRACKING TRASPARENCY: APPLE

SERN AR -
Surdey Apek 25 [P — T Dunkin' Donuts Online
o Tepr Do Peber Lo o Lo sl Cndeend Services Terms of Use
Caso Apple ¥ G 7 i S bk S e e ki
Am 0 cwctally Scdem nppey Ag Crire Sarvicas Terra of U
130 Last Usddttus Octeiner 2010
? m 2 BB WACT v w1 AE T P TeTErT e W) eleT PR PLEASK STAD THESE TERME OF L2 [TORWS Y
- e el b Fbminy [P ohbmns ool ¥ o epweret CAREFULLY FESCNE LGNS ANY OF THE Bunew
Q Rockes 12 . b ko 10 K S A b BRANDS OMOLUTING DOsoad DORLTS AND

dlenn Pegt i Ay e s gy et we o e BASUN-POMNED WEBRES A9PUCATIONS,

W R e - BLATFORME, LOYALTY FROGIAME. STOMD
[ 7 Yo

waLy 5
Aliow “MLB" 10 track your Alow "Kolw's” 10 track your :' AT Allow “Dunkin'* to track your

a

o i P 0
s .. uwmy_acr'mw:r” e “"""?““““m At activity e
companies’ spps carpanies’ apps L """" othes
R websites? TR (s websites? U mvnﬁnn oo d
3 : 2
Tour dwth wd be e ) el your 13 4bow you perscesiced contert e 118 L
h D‘ et Severd ¢ Fraractees W comseds bachig seivisien e N Py Yoot fela W a0 by
% 200w third 3arty e 38 placforms, L P - 8.7 Bemsocekred 332 1 pou bo
M Firsd Mo e
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Pecomerend that yod print St 0 Sty of Mass
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Apple products
are designed
to protect

your privacy.

At Apple, we beleve privacy is a fundamental
human right

And s0 much of your personal iInformation —
Information you have a right to keep private —
Iives on your Apple devices

Your heart rate after a run. Which naws stories you
read first. Where you bought your last cotfee, What
websites you visit. Who you call, emall, or message

Every Apple product is designed from the ground up
to peotect that Information. And to empower you to
choose what you share and with whom

We've proved time and again that great experiences
don't have to come at the expense of your privacy
and security. Instead, they can support them

The interesting thing about this campaign is that Apple is informing you that we dealing with partner company
you can choose whether share your personal information our not, but this is not valid for them who keep
tracking you.
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Dear Mrs Richens
LET'S STAY FRIENDS,
W3 £330 e = peana s e e v T3 i 8 peme e My R A o W

e e et o s Ve ases Surs apeersa

“re WO S =

Detianas K3, seie Adogroy o of K naat BTy proeam o o ae o 1oy S04 8 T RS e e
+ s - wtrows s ey e o e

Pt o3t A 5 vt et ot e v
Syl i .

£1 any 3t e w ey v S ey e e e

Our promise 1o you

WP 0 38 A (T TN et T T AR T B BT e | e S0 e ST e S g

Example: Field Test - How to get Opt-ins

Informative High

Persuasive High
It always seems impossible until it's done: Get It always seems Impossible untll it's done: Get
mw-mmmmmgu..—n|w-m I takes s 1ok in wbleter be sericusty Sees ta 4 traiming tool with

Tre QEEETETESTTI ports mattress was created by fstening 10 the aseds of its undisputed e 1 matiress was crasted by bitening 10 the needs of its undisoeted
Protaganists: athistes.  Tell us something about yourselr, your lifestyle, and yous training style. e VS OTING PSS yeumel yune Wislytay ol Jous Sratinw siyle aens:-
You'll be the first in line to receive:
Your personal data are safe with us. We use Incredibly transparent data Our exclusive offers
management tools. We clearly and unambiguously inform you about how the data
are processed, what  use we make of them, as well as all the subjects involved In
the w"n”‘mh to guarantee your privacy and ensure full The Information you want on lnlnln; Innovations from our professional
In data coaches

Our great partners offers

Fealse your Nand i you want 10 be with ws! We will commit 1o Imprave puur spert serformance.

Please, fill out this simple form and stay in tosch with us. We will protect your data. Plaase, fill out this simple form and you will receive an exclusive gift,

The image used in the field test removed

: Field Test Groups

Persuasive

Informative Low Moderate High

Sconto & Framing

Sconto
Low G1 Generic Message G3 Moderately
Total contacts=2339 Persuasive

Total contacts=2340

G5 Highly Persuasive
Total contacts=2340

High G2 Informative G4 Informative &
Total contacts=2340 Moderately Persuasive
Total contacts=2340

G6 Informative & Highly

Persuasive
Total contacts=2379

Chiara Tua
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Field Test: Logistic Regression (n=14078) DV=accept privacy=1, 0 otherwise

Coef. z p-value
Informative 0.35 1.48 0.138
Moderately Persuasive Discount 1.04 4.97 0.000
Highly Persuasive Discount + Framing -0.17 -0.66 0.512
Moderately Persuasive * Informative -0.19 -0.70 0.487
Highly Persuasive * Informative 0.68 2.09 0.037
Constant -4.28 -24.03 0.000

Number of Observations=14,078
LR £*(5) = 83.32, p-value=0.000

As a company you can not only use data but you can also think about seling data -> that is why a marketing

strategy about privacy is fundamental!

ARTEA: DESINING TARGETING STRATEGIES HARVARD BUSINESS REVIEW - CASE

HBR Artea: a customer acquistion problem

e Industry: Clothing and Accessories

e Data Driven Culture — Data Science Team — Customer Dashboard

e Business Problem:

O
O
O

O
O

87% of those who visited the site have never made a transaction.

Engagement metrics (e.g. time spent on the site, reviews, etc.) are okay.

CEO Alex Campbel wants to increase sales by leveraging the data available from the pre-
acquisition phase coming from the website.

What could Artea do to improve acquisition?

Wait for them to purchase or use strategies to encourage the first purchase?

e Action: Alex asked the data science team to explore the possibility of incentivizing purchases,
and in this way also improving acquisition, by sending discount coupons to users registered on
the site. He decided to run a FIELD test by sending out a 20% discount coupon

Dati field test (AKA A/B test)

5,000 website users

2,502 > treatment group (received the coupon)
2,498 > control group (did not receive the coupon)

Available information:
= dataset containing information on past behavior (purchase and browsing)

Chiara Tua
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What is a Field Test?

Control Group Treatment Group
(A) (B)
Artea website Artea website

Outcome: 100 Outcome: 150

Important Considerations:

1. The assignment to groups is random.

2. One variant (or experimental manipulation) at a time or factorial design.
3. Statistical Significance: the difference between groups.

If 1-3 are met, we can say that the additional 50 in the outcome of the
treatment aroup is due to the 20% off coupon

A Field test is an experiment, whiich is a procedure in which one or more variables (treatments) are
manipulated, and OBSERVED data related to an "outcome" variable of interest (e.g., choice, amount spent,
purchase frequency) are collected, while controlling for other variables that might distort the result (e.g.,
consumer characteristics, etc.).

= Without experimentation, there is an association but not causation

FIELD Test Logic: A simple example

FIELD Test Logic: Causation
Necessary requirements to say that X ---->Y: ¢
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(1) X must occur before Y

(2) There must be evidence of an association between Xand Y

(3) Control for other factors.

In an experiment:

(1) Xis typically manipulated.

(2) The relationship between X and Y can be estimated by collecting data.
(3) This is typically done through randomization.

Example:

¢ Color Packaging --------- > Choice

A simple example

Choice
70%
60%
50%
40%
30%
20%
10%

0%
Fructis Verde Fructis Blu

Does packaging have an effect on choice?

Experiments:

Manipulation: The practice related to the creation of different levels of a variable X. Jargon: the
variable X is manipulated.

Independent Variable (X): Variable X manipulated or altered by the "researcher." Example: X= color of
the packaging.

Dependent Variable (O): Variable for which the "experimenter" expects a change following the
manipulation of X. The success of the experiment will be evaluated based on the level of O.
Example: Choice of Brand X (e.g. Fructis)

Experimental Group (EG): The group of individuals subjected to the experiment
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b Connecticut

e Extraneous or Confounding: Variables that, in addition to X, can have an impacton O (e.g.,
competitors' reactions).

e Selection Bias: A problem that occurs if the experimental group is systematically different in relevant
aspects from the control group. In other words, if subjects assigned to the experimental group
systematically differ from subjects assigned to the control group

Connecticut Florida

e Randomization (R): Procedure through which subjects/units are randomly assigned to groups
(experimental and control)
e Treatment Effect: Result of the experiment
(e.g. Blue Choice - Green Choice =0.6 - 0.4 = 20%)
e Experimental Design: Set of procedures that guide the experimental study.
6 Relevant Steps:
1. Which variables do you want to manipulate/check (e.g. packaging)
2. Which levels of variable X need to be manipulated (e.g. color)
3. What is the dependent variable (e.g. choice)
4. How to select the units to be tested
5. How to control for selection bias
6. How to minimize the influence of external factors.
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Artea: Data

Nome Descrizione

id Unique identification code of the customer or potential customer

trans_after Number of transactions after the experiment

reven-ue_after Total revenues ($) after the experiment

test_coupon Dummy variable that takes the value of 1 if the customer or potential customer received the
coupon

num_past_purch Number of previous purchases

spent_last_purchase Total amount spent (S) in previcus purchases

weeks_since_visit Number of waeks since the last visit to the site

browsing_minutes Total minutes spent on the site during the last visit

shopping__-cart Indicates if the user added a product to the cart during the last visit but did not make a

purchase (1=yes, O=no)

Channel of Acquisition |Refers to the channel corresponding to the first contact with Artea (registration on
the site), therefore acquired as a prospect and not as a customer:
channel_Facebook|!ndicates if the customer was acguired via Facebook (1=yes, 0=no)
channel_Instagram|indicates if the customer was acguired via Instagram (1=yes, 0=no)
channel_Referral|Indicates if the customer was acguired via Referral (1=yes, 0=no)
channel_Other|Indicates if the customer was acguired through other channels (1=yes, 0=no)

Questions

1. Could Artea increase transactions due to this
campaign? Can Artea increase the average spending (S)
per customer? If so, by how much?

2.Who among the registered users should receive the
coupon?

Artea: Designing Targeting Strategy

SUGGESTED STEPS IN THE ANALYSIS:
Step 0: Open the dataset 'Artea.xls'

#Step 0:0pen dataset Artea.xls
db_artea = pd.read_excel( 'DataArtea.xlsx")
db_artea.head()

id trans_after revenue_after test_coupon num_past purch spent_last_ purchase weeks_since_visit browsing_minutes shopping_cart channel _Facebook channel |

0 6001 0 0.0 0 6 62.99 6 1 0 1
1 6002 0 0.0 1 2 53.99 0 7 1 0
2 6003 0 0.0 1 3 88.98 3 4 0 1
3 6004 0 0.0 0 1 68.99 1 19 0 1
4 6005 0 0.0 1 3 66.49 - 20 0 0
4 4

db_artea.shape

(5000, 14)

Step 1: Verify the random assignment
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Objective: We calculate the average values of the observable variables before the field test, comparing them
between the control group and the treatment group. If the allocation is random, we should expect two nearly
identical groups.

# Step 1: Check for correct random allocation in the Control vs. Experimental (or coupon) group
desc = ['num_past_purch', ‘'spent_last_purchase', ‘weeks_since_visit', ‘browsing_minutes', ‘shopping_cart®', ‘'channel_Facebook', ‘channel_Instagram®, 'cha
db_artea.groupby("test_coupon")[desc].mean()

{ »
num_past_purch spent_last_purchase weeks_since_visit browsing_minutes shopping cart channel_Facebook channel_Instagram channel_Referral channel.

test_coupon

0 2.019616 56.6894380 3.182946 13.707366 0.299840 0.206165 0.314251 0.045236 0.
1 2.091527 58.155823 3.256994 13.670663 0.285771 0.217426 0.306555 0.049960 0.
»

We compared the control group with the experimental group for observable variables before the field test
experiment. We note that there are no evident differences in the averages. This seems to confirm that the
groups were correctly selected randomly, but we can still test this formally. We could choose single t-tests
that compare the coupon=1 group vs. coupon=0. (See the results in Table 2 as an example with one variable).

# Step 1: we can run a t-test for each variable

import statsmodels.stats.weightstats as smws

# Split the data into two groups based on 'test_coupon’

groupl = db_artea[db_artea[ 'test_coupon'] == @][ 'num_past_purch']

group2 = db_artea[db_artea[ 'test_coupon'] == 1][ "num_past_purch']

# Perform t-test

t_stat, p_value, df = smws.ttest_ind(groupl, group2, alternative='two-sided', usevar='pooled')

print(f"T-statistic: {t_stat}")
print(f"P-value: {p_value}")

T-statistic: -0.9930013925760496
P-value: 0.3207573469477@35

# step 1: try with channel facebook, which is a dummy so we need a t-test for proportions:
from statsmodels.stats.proportion import proportions_ztest
# Calculate the number of successes (channel_Facebook = 1) for each group

count_groupl = db_artea[db_artea[ "test_coupon'] ==
count_group2 = db_artea[db_artea['test_coupon'] ==

@][ 'channel_Facebook"® ].sum()
1][

‘channel_Facebook®].sum()

# Calculate the total number of observations for each group
nobs_groupl = len(db_artea[db_artea['test_coupon'] == 0])
nobs_group2 = len(db_artea[db_artea['test_coupon'] == 1])

# Perform the z-test for proportions
z_stat, p_value = proportions_ztest([count_groupl, count_group2], [nobs_groupl, nobs_group2])

print(“Z-statistic:", z_stat)
print("P-value:", p_value)

Z-statistic: -0.9744409774178499
P-value: 0.3298376316653264
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db_artea.groupby("test_coupon")[[ 'trans_after', ‘revenue_after']].mean()

trans_after revenue_after

test_coupon
0 0.125701 7.780168
1 0.151878 7.538673

Note that the difference is not significant. This is the result we expected. Randomization ensures that the two
groups are identical, meaning there are no significant differences in characteristics and behaviors prior to
the field test between the treated group and the control group.

Step 2: Model Free Evidence:
Check the effect of Coupon through descriptive statistics

Objective: We want to check if the variables observed after the experimental treatment, namely
"trans_after" and "revenues_after", show different average values for the Treated vs. Control group.

Let's start with a descriptive analysis and observe the difference in means to determine if noticeable
differences exist.

#Step 2: Model Free Evidence — Effectiveness of the COUPON
db_artea.groupby("test_coupon™)[[ 'trans_after’', 'revenue_after']].mean().plot.bar(subplots=True, layout=(1,2))

#The parameter ‘subplots=True' splits the result into two separate plots, one for 'trans_after' and the other for ‘revenue_after’.
#Using 'layout=(1,2)' organizes the two plots in g single row and two side-by-side columns.

array ([ [<AxesSubplot:title={'center': 'trans_after'}, xlabel="test_coupon'>,
<AxesSubplot:title={'center': 'revenue_after'}, xlabel="test_coupon'>]],
dtype=object)

trans_after revenue_after

84
N trans_after B revenue_after

0.14 - 7
0.12 4 6
0.10 - 5
0.08 - 4]
0.06 34
0.04 - 2
0.02 1 14
0.00 - 0-

o — o —

test_coupon test_coupon

The difference between the average "trans_after" of the treatment group and the control group is

13% -10% = 3%.

3% represents the effect of the experimental treatment (also called TREATMENT EFFECT).

The difference between the average "revenues_after" of the experimental group and the control group is 7.78
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-7.53=0.24.
The differences appear very small. We will check in step 3 if they are statistically significant.

Step 2: Model Free Evidence — Efficacia del Coupon

Descriptive Statistics

Average # of transactions Average Revenues per
after the Field Test Purchase After Field Test
(Trans_after) (Revenues_after)
; -? ; E
- - Control =No Treatment =
+ 2%  Are these differences significant? -0.24

What is the error associated with the estimate?

Step 3: Test the effect of coupons on consumer behavior

We can then more "formally" test using a statistical test to compare means of independent samples if the
difference in means is "statistically significant". In this case, given it's a randomized experiment, we can
perform a t-test for independent samples for each outcome variable. Alternatively, two regressions can be
conducted with dependent variables first being "trans_after" and then "revenues_after", and the independent
variable being "test_coupon". The results will align.
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# STEP 3: TEST COUPON EFFECTIVENESS ON TRANS _AFTER USING A REGRESSION
import statsmodels.formula.api as smf
model = smf.ols(formula="trans_after ~ test_coupon®, data=db_artea).fit()

print(model.summary())

OLS Regression Results

Dep. Variable: trans_after R-squared: 2.001

Model: oLs Adj. R-squared: 2.001
Method: Least Squares F-statistic: 4.872
Date: Tue, 24 Sep 2024 Prob (F-statistic): 2.0273
Time: 91:56:56 Log-Likelihood: -2748.1
No. Observations: 5000 AIC: 5500.
Df Residuals: 4998 BIC: 5513.
Df Model: 1
Covariance Type: nonrobust

coef std err t P>|t| [@.025 ©.975]
Intercept ©.1257 ©.0038 14.9382 ©.000 ©.1e9 2.142
test_coupon ©.8262 ©.012 2.207 ©.e27 ©.0@3 2.049

Omnibus: 3814.872 Durbin-Watson: 1.963
Prob(Omnibus): 2.000 Jarque-Bera (JB): 66979.526
Skew: 3.610 Prob(JB): 2.00
Kurtosis: 19.413 Cond. No. 2.62
Notes:

[1] Standard Errors assume that the covariance matrix of the errors is correctly specified.

# Step 3: we can run a t-test alternatively

import statsmodels.stats.weightstats as smws

# Split the data into two groups based on 'test_coupon’
groupl = db_artea[db_artea[ 'test_coupon'] == @][ "trans_after"']

group2 = db_artea[db_artea[ 'test_coupon'] == 1][ "trans_after"']

# Perform t-test
t_stat, p_value, df = smws.ttest_ind(groupl, group2, alternative="two-sided', usevar='pooled')

print(f"T-statistic: {t_stat}")
print(f"P-value: {p_value}™)

T-statistic: -2.207188281608223
P-value: 0.027346183300061674
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# STEP 3: TEST COUPON EFFECTIVENESS ON REVENUES AFTER USING A REGRESSION

model = smf.ols(formula='revenue_after ~ test_coupon', data=db_artea).fit()

print(model.summary())

OLS Regression Results

Dep. Variable: revenue_after R-squared: 9.000
Model: OLS Adj. R-squared: -9.000
Method: Least Squares F-statistic: 9.1306
Date: Tue, 24 Sep 2024 Prob (F-statistic): 9.718
Time: ©02:00:55  Log-Likelihood: -22906.
No. Observations: 5000 AIC: 4.582e+04
Df Residuals: 4998 BIC: 4.583e+04
Df Model: 1
Covariance Type: nonrobust

coef std err t P>|t| [0.025 0.975]
Intercept 7.7802 9.473 16.456 0.000 6.853 8.707
test_coupon -0.2415 0.668 -9.361 0.718 -1.552 1.069
Omnibus: 3946.015 Durbin-Watson: 1.968
Prob(Omnibus): ©.000 Jarque-Bera (JB): 74926.257
Skew: 3.764 Prob(JB): 2.00
Kurtosis: 20.406 Cond. No. 2.62

Notes:
[1] Standard Errors assume that the covariance matrix of the errors is correctly specified.

STEP 3: Effect of Coupon # of Transactions

Y= # of transactions after Field Test

Standard
Coefficients Error t Stat P-value
ntercept 0.13 0.01 1295 0.00
test_coupon 0.03 0.01 22 0.03
E Transactions
Cosf EE fStat  F value
hannel_Other 0.18 0.04) 434 0.00
hanne. 013 0.03 496 0.00
We can include more hanne 0.1 0.0} 339 0.04
variables to control the effect channe g 1] g 0l 1183 g gc
on Y, but since the coupon Mopging, catt Y 03 A 0
: . s WSIing_minutes 0.00 0.00 301 0.00
tgst B 'a”d°’"'z?d' !ts impact Wweeks_since_visit -0.07 0.00 -85 0.00
will not change significantly Epent_last_purchas
3 0 og 0.00 -343 0.0
pum_past_purch g0 0.0J 24 62 0.04
kest_coupon 0.03 0.01 2.38 0.02
[nisrcept -0.09 0.02] 356 0.0
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STEP 3: Test effect of coupon

Y= # of transactions after Field Test

Standard
Coefficients Error TSt BP-vzlus
Iniercept _013 0.01 14 08 000
test_coupon ( 0.03 0.01 2.2 ( 0.03
Y= revenues after Field Test
Standard
Cosfficienis Error 1St o-valus
ntercept 77 A7 1644 0.00
test_coupon (-024 0.67 -0.39 (¢ 072

STEP 3: Effect of Coupon # of Transactions

Y= # of transactions after Field Test

Standard
Coefficients Error t Stat P-value
Intercept 013 0.0 %09 0.00
test_coupon 0.03 0.01 221 0.03
E fransactions _
sost SE k Stat P value
\) Fhannel Other B 004 4 3§ 500
! : ] 213 003 2 96 0.00
We can include more ! {_1 0.1 0.01 239 0.00
variables to control the effect |_Fz ; 0.1 0.0 7.23 0 :JE
on Y, but since the coupon g.c J 17 0.0l 1;‘ 41 31 20
test is randomized, its impact 503 500 3 .gg, 5 EJ
will not change significantly > == .

0.00 0.00 {3 0.00
2.08 0.00 24 62 0.00
0.03 0.0]] 2.39 0.0
-007 0.02) 356 0.00

The coupon causes a 0.03 pp increase in transaction likelihood.
The coupon does not have a significant effect on revenues.

Step 4: Heterogeneity in responsiveness to coupon

Purpose: understand if the Coupon is more/less effective for customers with certain

observable characteristics. We can start by looking at the effect of the coupon by different channels of
acquisition

We have variables in the database capturing whether the customer was acquired via

Instagram, Facebook, Referral, etc.
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#Step 4: Explore customer heterogeneity
# start with different channels of acquisition
db_artea.groupby([“channel™, ‘test_coupon'])[['trans_after', 'revenue_after']].mean()

trans_after revenue_after

channel test_coupon

Facebook 0 0.159223 9.814913
1 0.220588 10.895294

Google 0 0.078870 4922288

1 0.058532 2.803897

Instagram 0 0.146497 9.171783
1 0.204694 10.337346

Other 0 0.258621 14859483

1 0.241379 12.756690

Referral 0 0.185841 11.179558

1 0.240000 11.518080

Channels of Acquisition

lnstagram Facebook  Referral Other
Acquisition Channel

2,000 1

-
“o
3

-
=]
3

Number of Users

8

0
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— Model Free- Evidence:

— By comparing different sub-groups of the population across treatment and

control we can learn which groups are most effected by the intervention

Acquired via Instagram
Control Coupon Difference
Trans_after 015 0.20 6%
Revenues_after 917 1034 117
Total 1552
Acquired via Google
Control Coupon Difference
Trans_after 0.08 0.06 -2%
Revenues_after 402 2.80 -212
Tot Cusiomers 2035
#regression with interaction effects channels
model = smf.ols(formula="trans_after ~ test_coupon + num_past_purch + spent_last_purchase + weeks_since_visit + browsing_minutes+ shopping_cart + channe:

print(model.summary())

OLS Regressi

on Results

Dep. Variable: trans_after R-squared: ©.179
Model: OLS  Adj. R-squared: ©.177
Method: Least Squares F-statistic: 77.66
Date: Tue, 24 Sep 2024 Prob (F-statistic): 2.96e-201
Time: ©2:07:24 Log-Likelihood: -2257.3
No. Observations: 5000 AIC: 4545.
Df Residuals: 49385 BIC: 4642.
Df Model: 14
Covariance Type: nonrobust

coef std err t P>|t] [@.025 9.975]
Intercept -90.0461 2.019 -2.379 ©.017 -2.034 -9.0038
test_coupon -0.0112 2.017 -90.663 ©.507 -2.044 @.022
num_past_purch 9.0571 2.002 24.613 ©.000@ ©.053 @.e62
spent_last_purchase -9.0084 ©.000 -3.434 ©.001 -9.001 -2.200
weeks_since_visit -90.0203 2.002 -8.527 ©.000 -2.025 -9.21s
browsing_minutes ©.0030 2.001 3.859 ©.000 2.001 @.0e5
shopping_cart ©.1723 2.012 14.374 ©.000 ©.149 @.1%6
channel_Facebook ©.03870 2.021 4.232 ©.000 2.047 9.127
channel_Instagram 0.0724 ©.018 4.005 0.000 9.037 @.108
channel_Referral 9.0926 ©.038 2.452 9.014 9.019 9.167
channel_Other 9.1627 9.051 3.166 9.002 9.062 @.263
test_coupon:channel_Facebook 9.0521 9.029 1.802 9.072 -9.005 @.109
test_coupon:channel_Instagram ©.0726 9.026 2.828 ©.005 9.022 @.123
test_coupon:channel_Referral 0.0724 9.052 1.386 9.166 -9.030 9.175
test_coupon:channel_Other -0.0076 9.073 -0.124 9.917 -9.150 9.135
Omnibus: 3189.104 Durbin-Watson: 1.960
Prob(Omnibus): 2.000 Jarque-Bera (JB): 45914.220
Skew: 2.847 Prob(JB): 2.00
Kurtosis: 16.710 Cond. No. 1.26e+03
Notes:

[1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
[2] The condition number is large, 1.26e+@3. This might indicate that there are
strong multicollinearity or other numerical problems.

model = smf.ols(formula='revenue_after ~ test_coupon + num_past_purch + spent_last_purchase + weeks_since_visit + browsing_minutes+ shopping_cart + chan

print(model.summary())
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OLS Regression Results

Dep. Variable: revenue_after R-squared: ©.172
Model: oLs Adj. R-squared: e.170
Method: Least Squares F-statistic: 73.94
Date: Tues, 24 Sep 2024 Prob (F-statistic): 4.96e-192
Time: ©92:97:32 Log-Likelihood: -22435.
No. Observations: 5000 AIC: 4.492e+04
Df Residuals: 4985 BIC: 4.500=+04
Df Model: 14
Covariance Type: nonrobust

coef std err t P>t [e.e25 9.975]
Intercept -2.1951 1.085 -2.0e4 @©.045 -4.343 -92.048
test_coupon -1.6230 ©.955 -1.699 ©.089 -3.495 @.242
num_past_purch 3.1716 ©.131 24.1385 ©.000 2.915 3.429
spent_last_purchase -92.0144 ©.0086 -2.378 ©.017 -2.026 -2.003
weeks_since_visit -1.1121 ©.135 -8.241 ©.000 -1.377 -9.848
browsing_minutes ©.1586 2.045 3.551 ©.0002 2.071 @.246
shopping_cart 9.2953 ©.678 13.7e86 ©.00@ 7.9686 1@.625
channel_Facebook 5.2746 1.163 4.536 ©.000 2.995 7.554
channel_Instagram 4.5153 1.023 4.413 ©.000 2.510 6.521
channel_Referral 5.4818 2.136 2.566 ©.01@ 1.294 9.669
channel_Other 9.0358 2.906 3.1e9 ©.002 3.338 14.734
test_coupon:channel_Facebook 1.5461 1.634 ©.946 ©.344 -1.657 4.749
test_coupon:channel_Instagram 2.9593 1.452 2.e39 ©.042 2.114 5.805
test_coupon:channel_Referral 2.3094 2.954 ©.782 ©.434 -3.431 8.100
test_coupon:channel_Other -9.6657 4.112 -9.162 9.871 -8.726 7.395
Omnibus: 33@7.920 Durbin-Watson: 1.961
Prob(Omnibus): 2.000 Jarque-Bera (JB): 48295.917
Skew: 2.995 Prob(3JB): 2.00
Kurtosis: 16.998 Cond. No. 1.26e+03
Notes:

[1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
[2] The condition number is large, 1.26e+83. This might indicate that there are
strong multicollinearity or other numerical problems.

By including in the regression interaction effects (i.e. 0 1 variables that identify whether the customer was
acquired via a specific channel & received the coupon) we can estimate the differential impact.

To whom should the coupon be sent?

[Y= Number of transactions after the| Y=revenues after field test
field test (trans_after (revenues_after)

nt: Coefficients P-value
ntercept -220 0.05
ltest_coupon 009
num_past_purch 0.00
spent_last_purchase 0.02
weeks_since_visit 0.00
orowsing_minutes 0.00
hopping_cart 0.00
channel_Facebook 0.00
channel_Instagram 0.00
channel_Referral 0.01
channel_Other 0.00
acebook & Coupon 034
%tagram & Coupon 0.04
eferral & Coupon 043
[Other & Coupon 087

Number of Transactions

)
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# INTERACTION EFFECTS WITH SHOPPING CART
formula = ‘"trans_after ~ test_coupon + num_past_purch + spent_last_purchase + weeks_since_wvisit + browsing_minutes + channel_Facebook + channel_Instagra
ols_model = smf.ols(formula, data=db_artea).fit()

print(ols_model.summary2())

Results: Ordinary least squares

Model: oLs Adj. R-squared: 9.178
Dependent Variable: trans_after AIC: 4535.4102
Date: 2024-09-24 02:07 BIC: 4613.6165

No. Observations: 5600 Log-Likelihood: -2255.7

Df Model: 11 F-statistic: 99.26

Df Residuals: 4988 Prob (F-statistic): 6.45e-205
R-sguared: @.188 Scale: ©.144869

Coef. Std.Err t P>t [e.025 ©.975]
Intercept ©.0528 0.9185 -2.8553 @.0043 -0.0392 -0.0166
test_coupon 0.0009 0.8128 0.8687 @.9452 -0.0242 0.0260
num_past_purch 2.0572 0.9023 24.7021 @.0000 0.0527 0.0618
spent_last_purchase 2.0004 ©.0001 -3.3973 @,0007 -0.0006 -0.0002
weeks_since_visit 9.0206 ©.8824 -8.6255 0.0000 -0.0252 -8.0159
browsing_minutes 2.0032 0.98088 3.9951 @.2201 0.0016 0.0047
channel_Facebook 2.1116 0.9144 7.7301 @.0000 ©.0833 0.1398
channel_Instagram 9.1080 ©.9122 8.3752 ©.9000 ©.0827 ©.1333
channel_Referral 8.1299 0.8261 4.9785 @.2200 0.07338 0.1811
channel_other 2.159%@ ©.8363 4.3787 @.0000 ©.0878 0.2302
shopping_cart 2.1312 ©.9167 7.3592 @.0000 ©@.0935 0.1640
shopping_cart:test coupon ©.0846 ©.9237 3.5716 @.2004 ©.0381 0.1318

Oomnibus: 3183.367 Durbin-Watson: 1.958
b(Omnibus): 000 Jarque-Bera (JB): 45608.537

84 Prob(JB): 0.200

i Condition No.: 549

Customer development & retention

Weareinthe middle phase ofthecustomerjourney.

Wrap-up: Artea

The purpose of the Artea case was to focusing on the beginning of the journey in order to find astrategyto
acquire new customerswho are notengaged with ourfirm.
Whatconclusions haveyoudrawnfromthiscase?

e CustomerAcquisition->findawaytoincrease acquisitionandthe numberofnewcustomers.
Inthis casetheyimplemented discounts (newadvcampaign, pricing strategy, testimonialcould
beotherideas).

e Randomized Field Test can be used to evaluate marketing effectiveness -> They were creating two
groups, one (Experimentalgroup)was associated withthe discountthe otherone (Controlgroup)
no, in order to understand the number of new customers in both groups and so verify isthe strategy
proposedwaseffectiveornot.

e Strategies for managing customer heterogeneity (diversity of the individuals) -> overall the
discount,whichwasthe strategyimplementedtoacquire newcustomers, butwhatwewantto
verify here is whether the strategy is significant for all the customers or not. Usually anything fit
perfectly to everybody, so that is why we have to divide the dataset in groups in order to verify for
which groups the strategy is effective basing on the groups’ characteristics => BETTER TARGETING:
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itis important to managing customer heterogeneity because the strategy is never successfulfor
everybody, soweneedtoidentifygroupswithdifferentresponsetothe

discounts,todosowe havetoruninPythoninteractivevariables. The maingoalistobetter
customizetheexperienceforthecustomersaccordingtotheircharacteristics, behaviorand
expectat

How is this done? The basic intuition Better
A simple predictive model for targeting

Targeting

SEPHORA Number of offers mailed: 1,000,000
Profit contribution per response: $80

-1 Cost per mailing: $.70

- | m Response rate: 1%

Profit = 1,000,000 x .01 x $80 — 1,000,000 x $.70
$800,000 - $700,000

$100,000
The direct marketing Most of the investment
@ campaign is @ in direct marketing is
effective! wasted!

The campaignhas positive profits, anditis effective, butatthe sametime, interms of marketing
investmentsisnot profitable becausetheamountofmoneyspentistohigh.

So how can we do better? -> if we are able to find those individuals who responds more and
targetedthem,wewillbe abletoreduce costs, whilestillincreasing profits.

Targeting analysis: lift-based approach

170000= (3%*100000*80)-(100000*0.7)

Number  PredictResp Cumulative

Decile of Prospects Rate Profit Profit

1 100,000 3.00% ($170,0000  $170,000

2 100,000 2.00% § 50,660 $ 260,000

3 100,000 1.40% $ 42,000 $ 302,000

4 100,000 1.15% $22,000 $ 324,000

5 100,000 1.00% $ 10,000 $ 334,000

6 100,000 0.60% $-22,000 $ 312,000

7 100,000 0.40% $ -38,000 $ 274,000

8 100,000 0.30% $ -46,000 $ 228,000 Better
9 100,000 0.10% $ -62,000 $ 166,000 Targeting
10 100,000 0.05% $ -66,000 $ 100,000

- Profits Improvement - $100,000~> $334,000

Fromgroup 6we startlosingmoney, soifwe stopatgroup 5the cumulative profitis
somuchbetterthan before simple because we are saving moneywhile gaining
334,000$ more.
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Acquisition: Number of Netflix paid
subscribers worldwide

Only one metric seems to
matter to Netflix investors:
. subscriber numbers

o Subscriber growth is a crucial

- indication of prospects for the
business. More subscribers means
higher revenues, more cash to

& spend on content, which attracts
new subscribers, and the wheels
roll round and round.

But the subs number is not the only
figure that matters for the
streaming business.

Financial Times
Netflix: The quality of quantity at Netflix

The company is advertising a lot, particularly to the investors who are growing in terms of numbers of
subscribers.

Butthentheyfocusedonadifferentelement: “Is this enough?” Actuallyno!->Acquisitionis notthe only
importantmetrictotakeinaccount, forexamplewhenwetalkaboutNetflix’s subscriberwe willnot only
want to know how many new customers we are to acquire but also the average profits providedbyeach
ofthe newcostumersisveryimportant.

Netflix: The quality of quantity at Netflix

» Aeﬁtnnlngansvemgeclmmmteofll%

— Source: https://www.ft.com/content/81645c0c-50 1b-3ecd-9d0c-6a5ae818f011

Toacquireanewcustomer,theyspendalotof money.
Haswecanseetheprofitsforcustomerarenotthatgreat...theyaredeclining.
Customerlifetimevalue=isametricthattakesintoaccountnotonlytheprofitbutalsothe likelihood of
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customertostaywiththecompanyalongside->itisaveryimportantmetric, akey performance
indicatorabletotellthe managerofafirmhowmucheachcustomerthatwehave
acquiredisgoingtovalueforusinthefuture. Aswe canseealsothismetrichasadecliningtrend.

Wecanalsocombinethesetwometricstocreateanewmetric, whichistheratiobetweenthe costofacquisition
andthecustomerlifetimevalue

Netflix: LTV/CAC

v What does this graph tell us?

Source: FT, The quality of quantity at Netflix, October 2018

Thisvalueis pretty stable, butdefinitely notthatgreatastheacquisitionrateis
increasing.

Acquisition & Retention: Key Metrics for Business
Health

Weneedtoacquirenewcustomerifwewanttogrow, butatthe sametimewewant
tomakesurethatweareabletoretainthose customers->islessexpensivefora
firmtoworkonthecurrentcustomer base.

Low retention rates + high customer acquisition costs
= significant financial impact

e Inkeysectorsliketelecom, TV streaming, finance/insurance,andhealth,
customerretentionisparamount

e Annualretention rates in wireless phone providers typically range from
70% to 85% (which is not super: the company loses, atthe end of each
year, 30% of their customer. This means thattheyhavetoacquire atleast
thesameamountofcustomerthatdecidetoleavethebusiness.
Buteveniftheareabletoacquirethesameamountlossisnotgood,
becauseacquire newcustomerismore expensivethanretaincurrent
customerbase)
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Mappmg the Custg

Customer Development
Customer Retention
Customer Profitability

Customer
Acquisition

Marketing A. ‘ions

DATA-DRIVEN DECISIONS
Data & Analytics <--->Data Challenges | Privacy | Fairness

CUSTOMER DEVELOPMENT: Whatdo we mean?

Creatingvalueforboththe customerandtheorganization (increasingcustomerlifetime
value): How?

>
>

Customerlifetimevalue mustincrease ->how profitableis eachcustomerforus
Inordertoincrease customerlifetimevaluewe haveto createvalueforthe
customermeans that we are in a good shape in terms of retention -> if

customer are satisfied, even the firm willbe satisfy, soitisawin-winsituation

CUSTOMER DEVELOPMENT:
WHAT DO WE MEAN?

* Increase Customer Lifetime Value: aka CLV or LTV (lifetime value of a customer)

« Different ways to compute it:

Chiara Tua

The CLV calculation is an

estimate of the expected value of

CLV - Z (14 4)t-1
=Revenues - Costs e=1 :

v m{l —c) m(l +6)
d=Discount rate ST+t T (640
r= Retention
c=1-r=Churn .

churn
CLV = —m(l * d) Biaottberg et al (2008)
1+d—-r

the customer's value over time

It's a forward-looking
concept that focuses on
the future instead of the
past to evaluate or
measure a customer's
profitability.
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First,defineeachcomponentofthe metric:

Margin (m)=revenues-cost(includeallkind of costs, sobothfixed andvariable one,aswellasbothproduction
costsand marketingcostslinkedtothe product)

Delta (d) = discount of rate (financial concept ->if | have this money now which will be their value inthe
future->timevalue ofthe money)

Retention rate (r) =retention (a value always between 0 and 1 -> likelihood for each consumer to beretained)
Churn rate (c) = 1-r=churn (likelihood for each consumer to live the business in the nextyear)

Time (t) =years

Some assumptions:
e marginmustbeconstantsoeverythingcanbesimplifiedin

m(1+d)

el o=

CUSTOMER DEVELOPMENT:

What do we mean? Vi
Creating value for both the customer and the organization: @ =
How? ;
S @ Creating VALUE EE
= Better Targeting
= Customer Satisfaction: understanding customers’ needs - @
* |Increasing CLV:

= Frequency of Purchase o8 O | o}

= Volume spent ($) 5 m

= SOW (Share of Wallet)

= Retention / Reduce Churn / Loyalty Q*D D@

[ 3 e O UPSELL CROSS SELL

2 00000
rreRRRYR N’

Chiara Tua 50



Strategic Marketing
and Analytics

We canimpactpositivelythe customerlifetimevalue by:

e better targeting: we know that the same marketing strategy can be better and more effectivefor
certaincustomersratherthantheothers->ifweareabletocutmarketingcostsinacleverway, we
canreduce costinthe parameter m of customerlifetimevalue

e increasecustomersatisfaction: positiveimpact, eventhoughitisaindirecteffect,onthe
likelihoodtoberetained

e increasefrequencyofpurchase:ifcustomersarespendingmore,wecanincreasethe
spending component (m) of the customer lifetime value thanks to higher revenues

e increase the volume of each purchase occasion (instead of spending 100 spend now 200)
e shareofwallet:increasetheportionofpurchasesforourbrandwhilereducing,indoingso,the

amountspentatourcompetitors
Wecantrytohandupwiththe strategythatincreaseupsellingandcross selling

Cross-selling:lhaveaniPhonebutnotaMac;ifthecompanycaninducemetobuyalsothe laptopthisis
acrossselling

Upselling is inducing the customer to buy a better version of the same item (iPhone 15 ->iPhone 16)

Average I
| . ery

Vi
Satisfied

High-Value Customers

e Customer Profitability —

Auerage

L __sme PN —. -
: ne
Very ol )
Dissatisfied e b 4 - Intention NOT to repurchase

Negative WOM

I
£
i
|

Verysatisfied customersare more profitable customers, while low satisfied customersarenotonlyless
profitable, buttheycanalsonegativelyimpactonthebrandbydoingbadreviews,andsoon.

Chiara Tua
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High-value customers =
Satisfied Customers

Customer Customer Sl Customer Percent Gross  Retention Customer
Satisfaction Percent  Score Revenue Margin Profit Cost Profit

~ - -

Very Satisfied 25% 100  $1,200 60%  $720
Satisfied 35% 80  $800 50%  $400
Somewhat Satisfied 20% 60  $300 0%  $120 $100
Somewhat Dissatisfied 15% 40 $80 40% $32 $100  -$68
Dissatisfied 3% 20 $60 40% $24 $100
Very Dissatisfied 2% 0 $50 40% $20 $100

72

Satisfaction & Customer Development-> Increase Value of the Customer

High-value customers =
Satisfied Customers

Retained

- 90% — 63,000
Satisfied <
10%
i ¢ =L ¢
Do Complain
10% (3,000) —
Customer | 20% 30010
100,000 30% (30,000) +
e i

On average acquiring new customers costs more than retaining them

Chiara Tua
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N.B. Satisfactionisnotequaltoretention, sowe willalways lose also satisfied customer.

Dissatisfiedcustomerswhocomplaincanberetainifwe have agreatcustomerservice, butiftheydonot
complainissomuchharderforthecompanytoimplementstrategiestoretainthem->theystay onlyif
searchingandswitchingcostaretoohighforthemtochangebusiness.
Ifwe have customerthatdocomplainthatmeansthatwestillhave possibilitiestodobetterandfixthese
problem->IMPLEMENTASTRONG SERVICE RECOVERY: givethe customers, the possibilityand the
private space to complain, without using the web in order to then implement the best strategiesto

fixtheproblemsraised.

RETENTION OR CHURN

Customer Lifetime=1/(1-RetentionRATE)

Churn Rate=1-Retention Rate

CLV & CHURN: CONVEX FUNCTION
CLv

$2,500.0
$2,000.0
. $1,500.0
© $1,000.0
$500.0
$0.0

oo oo oo oo oo oo oo o oo o

R P H PR SE P

Churn Rate

Chiara Tua

Customer Customer

Year Retention Life
2002 72% 3.6
2003 77% 4.3
2004 80% 5.0
2005 82% 5.6
2006 85% 6.7

m(1+d)

CLV =
1+d-—r
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Thisfunctionisconvex,whichmeansthatifwe areabletoreducethechurnratewecangainmuch more
interms ofcustomerlifetimevalue->Asmallincreaseintermsorretentionisgoingto produceagreat
increaseintermsoflifetimevalue.

CLV VARIATION IN CHURN AND MARGIN

= Churn 20% = Churn 15%
- CLV=(500'(1+0.14))/(0.14+0.20)=1676 $ . CLV=(500'(1+0.14))/(0.14+o.15)= 1965 $

Effect of a -5% reduction in the churn rate

(1965-1676)=%$289 = CLV difference per customer
5000000 = Customer Base
$1,445,233,265.72 = Incremental Profit

Thedifferenceintermsof CLVissmallwhenreducingthe churnrate,ifwe considerthesingle
customer, butwhenwe computethetotalincrementalprofit,we canseeahugeimprovement, eventough
thechurnratereductionwasreallysmall.

CLV: How to Compute it /Industry

o Grocery Shopping Credit cards

'g E Doctor Visits Telecomunication
o ‘g’ Hotel Stay Services Usage

9 O

O

_5 Event Participation Streaming Content
Y o Subscription

2 o

g o

Ha

Non contractual Contractual
Customer Transaction Type

Adapted from: Schmittiein, David €., Donald G. Morrison, and Richard Colombo (1987), *Counting Your Customers: Who Are
They and What Will They Do Next?® Management Science, 33 (January), 1-24,

To compute CLV we necessarily need the churn rate or otherwise the retention rate.

So,ifweareinacontractualbusiness,itis prettyeasytocomputeit,becauseweknowthe numberof
contractseachyear->attheend ofeachyearthe company perfectly knowthe numberofcustomers that
theywereabletoretain.
Thisisnottrueinnot-contractualbusinesses becausewithoutacontractisdifficultforthe businessto
understandandfigure outwhenthe customerleavesthebusiness->inthiscasethemeasure of CLVis
notofcourseaprecisevalue.
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CUSTOMER DEVELOPMENT

e.g. Up-selling, Cross-Selling,
» Frequency of purchase, SOW,
Customer Profitability

m(1+d)
e Lya-
LTV T

Reduce Churn,
Work on Retention & Loyalty

Bettertargetingisanotherstrategythatcanreducethecostsandsoincrease m. Different
strategiescanhavedifferentimpactonsomekeycomponentofthe CLV.

* How do companies react to having a ‘churn problem' or a problematic

LTV/CAC ratio

Churn Management

Objective: Focus on the 'Retention' Component of LTV
Unit of Analysis: Customer

e Churn;=Probability that an individual j will leave the company in a given period (ex. The end ofthe
year)
Unit of Analysis: Firm

® Churn=percentage of the customer base that leaves the company in a given period

® Churn=c=1-Retention Rate=1-r

Factors that Cause Churn

Whatleadstochurn?What T
arethe contributingfactors? o

Inerzia /
Switching
Costs

Customer . - C h u rn

Characteristics

Marketing

Competition
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Value for the client

e Servicequality

* Fittoneeds

e Satisfaction/expectations
®* Price

e ifservices/productshaveavalueforme,ifI’msatisfiedwiththem,iflfindthe priceinlinewithmy
expectationaboutit.

Inertia/switching cost:

® physical)->sometimeswe have problemstochangewithapositiveimpactonretention
® psychological -> inertia

Competition:

e withinproduct/service category
® betweenproduct/service categories

* themorecompetitorswehaveinamarket,the moredifficult,evenforthe bestfirm,istoretain
customers

Marketing:

* |oyalty

® promotions

® price

® personalization

e ifthe marketing actions are effective, they have a negative impact on churn by increasing
retention.

Customer characteristic:

® riskaversion

® variety seeking
® dealproneness
® experts

e ifwe understand thata groupis more likely to churn, we have to understand how to
acquirethembringingtheminourbusiness.
Theseareallthe macrofactorthatwe knowforsurehaveanimpactonretention.Soas
astrategywecandecidetofocusononeormoreofthem.
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How to Manage Churn?

\\', Churn
Management
'\

We identify the most x V| Actions not directly aimed
at-risk customers and ( ’ at churn. Example:
take action to prevent Targeted & Untarg eted increase satisfaction or

them from leaving switching costs,

0e® Reactive Proactive
Ta®
We expect the customer to notify us First, churn-prone customers are
that she will not renew, then we identified, and a targeted action is
make the customer an offer to stay considered for them

There are two macro strategy that we can adopt:

1. Hand up with churn management untargeted strategy -> the key idea if that action are not
directlyaimedatchurn->lidentifyanactiontodonotdirectlyaimedtoreducechurn, butto
increasesomethingelsetohaveapositiveimpactonchurn(ex.Increase customersatisfaction
becauseiflincreasethatindirectlylhopetohaveapositiveinreducingchurn;increase
switchingcosttoindirectlyhaveapositiveimpactonchurn)

2. Hand up with churn management targeted strategy -> completely different mindset becausethe
firstpurposeistoidentifytheconsumersthatareatriskof churn. We effectively create a strategy
toreducetheriskofchurnapplyingittoonlythose customersatriskofchurn.lhave twooptionto
react:

a. Targeted reactive: we don’t do anything until the customers notify us that they want to
leave, andinthatmoment, we applyour strategy -> ex. Sky

b. Targeted proactive:lhave a metric, so | knowwho at rick on churn, but before they
contactme,’'mgonnadosomethingbecauselfellthatwaitingisrisking.

M Churn
Management
@ C
Targeted J Untargeted

0e® Reactive Proactive
Ta®
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They key step is we wantto apply this strategy is to identify in advance those who are at risk of churnbyusing
apredictive model:

1. Predictive model: goalisto predictindividual-levelchurn
2. Proactive churn managementactions by usingcreative strategies

The ‘process’ of developing a predictive model

Thedevelopmentofapredictive modelis primarilyaprocess (hereiswherewe candemonstrate our
abilityas manager), whichextends beyond mere modelestimationand consists of severalphases:
a. problemdefinition

b. datapreparation
C. modelestimation
d. modelevaluation
e. verificationofpredictive capability...

e Whatisthe key question we wantto answer?

e Whatdatadolneedto make these predictions? -> Now we have a dataset provided by the
teachersbutmaybeitwillnotbethecaseinthefutureandhaveto provide evidencethat the
datathewewanttobuyarecrucialforthe purpose ofretaincustomers

e Whatstatisticaltechnique shouldluse?

e Doesitwork/Do I trust the model? -> Develop a predictive model the works well is
fundamental

e Doesithaveanymanagerialrelevance?Canlusetheresults?"

1. DEFINING THE RPOBLEM
a. Defining the managerial problem
2. PREPARING THE DATA
a. ldentifying the behavior ton predict
b. Constructing the dataset
c. Preprocessing the data
3. ESTIMATING THE MODEL
a. Selecting predictors
b. Choosing the modeling technique
c. Estimating the model
d. Evaluating the model
4. PREDCTIVE VALIDITY
a. Calibration and Validation
5. TARGETING
a. Lift(e.g.>1) cutoff
b. Individual scores
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EXAMPLE - FitLife Gym predictive churn model: PREPARING THE DATA

Wehavetoprepareapredictive modelforFitLine Gym,which meanslistallthedatathatwethinkcouldbe
usefultopredicttheriskofchurninthisindustryandforthisfirm.

1) Usage Patterns: Customerswhohaven'tvisitedthe gyminthe pastmonthandhave adeclining
trendintheirmonthly attendance mightbe atrisk of churning.

2) CustomerDemographics: Youngprofessionals orstudents mightbe morelikelytochurndueto
changingschedules, location, orfinancialconstraints (we cangetthese databythe subscriptionthat
theyfilltosubscribetothe gym).

3) CustomerInteraction: Customerswhohaveraised complaintsorconcernsthroughthe gym's
feedbacksystemmultiple timeswithoutsatisfactoryresolution mightbe dissatisfiedand consideringleaving.
4) Member Engagement: Assessingthe level ofengagement, such as class attendance, participationin
fitnesschallenges, orapp usageforworkouttracking, can provideinsightsintoamember's

likelihoodto continue orchurn

5) Communication: Evaluatingthe effectiveness of communication channels (e.g., email, SMS, app
notifications)inengagingandretainingcustomers.

6) Referral Source: Analyzing how members were acquired (e.g., referral, marketing campaign, walk-ins).
Membersreferred by existing satisfied customers mayhave lowerchurnrates

Attheendofthisphase,wewillbeabletocreatethe model.
Question: Which factors can help predict churn?

X,

Customer
characteristics Y

I Usage Pattems FITGYM

CHURN
Customer

Interaction

Firm
Communication
Strategies
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SELECTING PREDICTORS (I.E. Xs)

o

L8]

H

n

-

Average Usage (1-7 Scale)
w

o

EDA Common  Stepwise Theory Factor Cluster

Analysi Anal
EDA=Exploratory data analysis Batee D N

Variable Selection Method

Neslin et al. 2006

Methods most used by o sample consisting of 50% academics and
50% managers

Howdolselecttalkingabouttheindependentvariablesin my predictionmodel?
Both statisticaltheory andintuition couldbeuseinordertoselectthe Xs ofthe model.

Example: Among the independent variable we have age, but the only values registered in the datasetare 25-
26->itisbasicallyaconstant,soldon’thavetoaddthisvariableinmymodel.

Oragainwe have anapparentlyinterestinginformationaboutthe numberofindividualsacquired

through referral (1% of the sample. It means that we have a dummy variable that is always 0 except fora tiny
portion of 1 ->itis basically constant; it seems interesting but because it does not vary it is betternot
includethem.

We mightexclude somevariablethatdon’tchangeverymuchinordertohaveabettermodelwithjustrelevant
information.

Commonsense coulduseaswell->1thinkthatmaybe somevariables are useful, soladdtheminthe
model.

Moreover,we havetheorythatcanhelpusinchoosingourvariables.

Whenwe have ahuge numberofXsistypicaltohave problemswhenincludingalloftheminthemodel,
especiallythe multicollinearityone duetothe possible correlationamongvariables ->

sometimes people want to reduce the dimension by creating common factors or cluster analysis.
Stepwise is another possible approach: the regression is done step by step, introducing all the
variableintheliststep-by-steptryingtounderstandthe bestmodelwith onlysignificantvariables by
analysingthe R%everytime->theteacheris skepticaltousethismodelasafirstapproach;ifadopting this
modelweneedto payattentioninordertoaddonlywhatis significantwithoutskipinginformation that
couldbeus

Chiara Tua
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SELECTING PREDICTORS (l.E. Xs)

Typically, we checkthe RZandthenwe select

the solutionwiththevaribale whichoptimizes . ) )
= All possible variable subsets (e.g., X1, X2, X3). Selection

it. based on R2, AIC, BIC
RememberthatwhenweuselLogitwe have

justapseudoR?andnottherealvalue e T;?fje?;m@ L’Z%E?? 3,*0@;2‘ s
associatedtothisparameter. A SRR N i o
Thevalueofthe R?tenttoincreasewhenwe BIC =-2LL+2In(N)k g ZI_EL—AJ
havealotofvariables,and mustbebiased Rzzm

whichmeansthathaveto manyvariablesisnot
alwaysgoodforourmodel, notthatourmodel
explainsbetterthe situation.

To avoid the biased R? that we can get when we have to many varibales we use AIC and BIC.LListhe
maximumlikelihood calculatedthroughthe Logitfunction.

SELECTING PREDICTORS (l.E. Xs)

iz DevErrore
DevTot

Issues?e

Too many predictors vs. Too few predictors

llustration of two
important
conceptsin the

g } development of a
= | predictive model:
vy
g - Overfitting
ug_' - Underfitting
ob-- = . i
0

Complexity of calibration model

Underfitting: notenough varibale in order to fitthe model.
Overfitting: we include in the model too many varibales. The model runs, butitis not significant;some
varibalearecorrelatedtoeachother,orsomeofthemaretoosimilar.

Estimating the model: choosing the modelling technique

Wecanchoose amongdifferent possibilities:
e OLSREGRESSION
e Logit/Probit
e MNL/MNP/Conditional
e Multivariate Logit/Probit
e Tobit(l,1l)
e Hazard—Poisson,NBD
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EVERYTHING (or almost everything) DEPENDS ON Y! ->We have to understand which type of variableisYin

ordertounderstandwhichistherightmodel touse

‘The dependent variable is a continuous quantitative variable
Common Practice: OLS

Advanced: Tobit, Ordered Logit Customer Satisfaction
40 -
ANl 30 +
Sales \ ] 20 ~~I B
10 +
N N | I | l 1 _
I\ 1 2 3 a 5 6 7

% Soddisfazione

Customer Satisfaction # Search

Brand Reputation ,:.~‘.’."" T T i

We willuse an OLS if the data are normally distributed.

L —_
Y is a count variable

CORCPASY)

@ o 5 k3
¥ y, Y T
# Like n T j’!

# Comments, tweet, shares

# visualizations

1,000,382,639 A

o 6,124,639 g 443712

# Fan, followers
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Inthiscasethebestmodeltousecouldbe OLS afteratransformationofthe data, orotherwiseuse

more advance models.
Possible alternative when the dependent variable is a count variable

Istogramma # Like Istogramma # Ln Like

40

150 200

100

0 2000 4000 5000 4
ke 0 2 4 & 8
In_like

Advanced: Poisson, NBD, ZIP, ZINB Ln(Like) OLS Regression

InthiscasewhereOand1arejustlabels,wecanonlyapplyalogit model.
= Ytelluswhichmodelistherightonetouse

Calibration & Validation

Ourpurposeistodevelop astrategyto manage churn, more specificallytargeted proactivewhich means
identifyinadvancethosethatareatriskofchurn->weneedto predictwhoismorelikelyto churn,sohere
thetaskistocreate agreatpredictive model,andwe needtotestthe predictability ofthe model.

The depéndent variable is a qualitative nominal variable with 2 categories

Click , .
I'irough

Click (Yes=1, NO=0)

;‘\ﬁ.‘, 2 N
' W' MJ Purchase(1=SI, 0=NO)

Comment Valence(1=Negative, 0=0Other)

Brand Choice Retained (1=YES, 0=NO)

Models: Logit / Probit

Chiara Tua 63



Strategic Marketing
and Analytics

Howtodoit?

Typically, we have a dataset; imagine a dataset of 100 customers. Of course, whatever we have in the
datasethappenedinthe pastwhichmeansthatlcanusepreviousdatatodevelopapredictive modelthat
maybe is able to predict the behavior of the customer this year. To do this | have to take the data, dividethe
datasetintotwosub-samples->onetoestimatethe modelandthe otheroneto checkif the prediction
modelpredictswell:

A-a«calibration» sample also known as in-sample

B -a«validation» sample also known as out-sample, on which testing the model

The development of a predictive model

Total N=100
Calibration
Sample:

INN=75 / (in-sample)
Estimating the
coefficients

Validation Sample:
out N =25 (out-sample;

holdout sample)
Using coefficients
to predict the Y

Step 1 -In-sample (Calibration): estimate coefficients (using only 75 individuals and not 100): Yn=a+
b1 X1ini+b2X2in+baX3ini+emi

Step 2-0ut-sample (Validation): using obtained parameters (a, b1, bz, bs) at step 1to predict Y_hatouri (the
predictedy)

Step 3—comparetheestimatedvalueswiththe observedonesandcalculatethe predictionerroras=(Your
-Y_hatouri)

Beforedoingthisprocesstherearetoquestiontoanswer:
1. Whatshouldbethe samplesize?

e thecalibrationsamplemustbehigherthanthevalidationoneifthe modelislowerthan500
observations -> Calibration sample = 75% of the total number of the observations, whilethe
validation sample = 25% ofthe observation

e Otherwise,ifthemodelhasalargenumberofobservationsthecalibrationsamplesize
mustbeselectrandomlybecausewewanttocreatetogroupsthatareidenticalinevery
dimension->Calibration sample=validation sample=50%

2. Howmuchofthe sample should be allocatedto calibration?

Chiara Tua
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e N<500 (sample size is relatively small) calibration sample =75%, validation sample= 25%.
Why?
e Forsizes >=500, any 'reasonable' split works well (Steckel and Vanhonacker 1993).
Howtochoosethevalidationandcalibrationsamples?->RANDOM

Calibration and Validation: EXAMPLE

v » e T T N=100
Y= const4bX if CALIBRATION==1

Source S8 df MS Number of obag = -
-------------------------------------------- F{ 1, 73) = 184.02
Model 740.79458 1 740.7%4¢ Probh > F - 0.,.C000
Residual 293.872087 73 4.0258447¢ R-sguared - 0.7160
-------------------------------------------- AdYy R-squared - 0.7121
Total 1034.6868087 14 13.981982 Root MSE - 2.0084
Y Coaf Std. Err t S t [65% Conf Intervall
______________________________________________________________________________
1.6035073 11B3215 13.57 0.000 1.369258 1_B4088B
cons 15.35343 1.171641 13.10 0.000 13.01835 17,6885

Y= SALES
X= Amount Spent ADS ($)
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Y=sales a=15.35
X=ADV b=1.6

Iwanttopredictsalestakingintoconsiderationaspecificlevel ofadvertising.
Sales_hat=15.35+1.6*35(=x1) =>here we willhave the predicted value of advertising forthis level ofsales.

Predicting CHURN

Usingthe modelparameters,youcanestimatethe churnrateattheindividualcustomerlevel
The Lift Chart

= Onewaytoevaluate predictive capabilitywhile also consideringa proactive approachistouse lift
logic
= Logic:

- lidentify different distinct groups based on the prediction of the dependent variable (Y_hat).
Example: 2 groups, 5 groups, 10 groups (quintiles, deciles, etc.) -> the standard is 10 group, and in
group number 10 we will have those that are very unlikely to churn while in group 1 therearethose
whoare mostlikelytochurn.

- lcheckthe mean of the observed variable (Y) in each of these groups.

- ldothisforboththecalibrationandvalidationmodels->predictboththe sample_inandthe

sampe_out.
» Lift = average response of the (k-th) group, heervad
relative to the average response of the sample Decile Churn Lift
r,.= Average response of the group k (k-le) 1 35% 302
rg= Average response across the entire sample 2 30% 259
3 25% 216
1, = Tk 4 12% 103
k — T_ 5 8% 0.69
0 6 5% 043
7 1% 0.09
= What does a very high lift indicate? g 0%d0.00
= it is possible to significantly increase the 9 0% 0.00
response probability by targeting the group that is 10 0% 0.00
more likely to respond compared to the entire
samp[e‘ Totale 12%]
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Thistableiscalledlifttable.Inobserved churncolumnwehavetherealvariable whilethedecilecolumnis
whatwe predict.
Ifourmodeltellsusthatwe havetheoneswhoare morelikelytochangeingroup, wewillexpectahigher

averagethanthelastgroupwhere mymodelshould puttheonesatlessriskofchurn.
Example : Y=Churn Cliente i

Decil| Observed
Lift Chart e Churn Lift
1 35% 3.02
= 40% 2 30% 259
= ‘ 3 25% 216
T 20% 4 12% 103
O mc I I 5 8% 069
g I I s _ 6 5% 043
= T 1%)| 0.09
o 345678910 8 0% 0.00
= Decile 9 0% 0.00
© 10 0% 000
Example Lift del Top-Decile=3 Total
Itis about 3 fimes more likely for customers included in the top decile to L_€ 12%]

churn compared to the average

Whit theliftchartwe canimmediatelyunderstandifthe modelisgoodornot->infact,themodel is good
whenin group 1 we have those who are at more risk with a higher average and, aswe go up in terms of group,
we can see howboththe % of risk of churn and the average value decrease.

How do you interpret this LIFT CHART?

@ Calibration & Validation

Fine.lwouldlovetohavethischart. We canuseittoidentifyinadvancethosewhoareinriskofchurn.
How do you interpret this LIFT CHART?

Lift Chart
Revenues | Multichannel

€100
m IN-sample ® OUT-sample

€60
@0 I
@ - - . - - - v .
1 2 3 4 s 6 7 8 9 10

Decile

Average expenditure per purchase occasion
o
&

Soandsobecauseitisflat->notgood news becausethe modelis not
C abletodiscriminateamonggroups. The same is when the model is
neither increasing nor decreasing
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How do you interpret this LIFT CHART?

Ifourmodelgivesthisresultwearefineandwe canuseto predictfuture p—
trendsandbehavoir. Multichannel Shopping

mN-sample mOUT-sample

Howdoyouidentifycustomerswhoare much morelikelytochurn?
Targeting:

e Lift(e.g.>1) cutoff

¢ IndividualScores e

%of multichannel customers

Churn Management: Proactive Management

N= Total number of clients

Using an incentive to a=Probablity that the customer wil be contacted as part of

h
retain the customer? 8 chum program

p=Probability that the customer is a churner | has been
contacted

Y =Probabibty the customer is retained| Chumer

p=Probabity that a non-chumer recelves the incentives

S N Take Incentive A = Increase in LTV among non-chumers who received

N \n* W | ALTV<-5 the Incentive
ustomens s

Churne:
“’I""" o c= cost of contacting the customer

&= cost of the incentive

Contact . Don't Take Incentive g
(la) To 1 v

Profit fram s proactive action aimed ot reducing churn

IT = N{agy(LVC —c=b)+ai(l = 9)(=c)+all " (ALVC —c—4)
+a(l = 3)(1 —v)(—c))
= Naf(By+ (1 -B)WA)LVC - 3(By+ (1 - B)) —¢) (24.8)

Churn Management: Proactive

N= Total number of clients

a=Probability that the customer will be
J contacted as part of a chum program

B=Probability that the customer is a chumer |

' has been contacted
|
v v v v Y=Probability the customer is retained|
Incremental profit Increment Cost of Chumer
from recovered f incentives for
customers elighted chumers and y=Probablity that a non-chumer receives the
h non-chumers incentives

5 A =increase in LTV among non-churners
Maximum who received the incentive
incentive cost
c= cost of contacting the customer

~ (By+ (1= BWALTV — (1 +p) o= coskol hencanthe

) <
! (14 p)(By+ (1= 73))

Theselasttwoslidesarenotintheexam.

Chiara Tua 68



Strategic Marketing
and Analytics

BOOKSRUS: CASESTUDY -PREDICTING CHURN

Caso BooksRUs: Churn Management

—RBookRus is a major multichannel European book retailer. The company
sells books through stores, mail-order, phone and the Internet.

—Subscription base business. Membership renews at the end of each year.
—The firm mails a print catalog to the customer base five times per year

—The company opted for an omnichannel strategy providing members
several possibilities to purchase: the physical stores, the website,
mail/order or phone, the app

Step 1: Open the dataset DataCohort1.xlIsx.

# Importing necessary libraries
import pandas as pd

import statsmodels.formula.api as smf
import matplotlib.pyplot as plt
import numpy as np

import os

#Step 0:0pen dataset DataCohortl.xls

file_path = r'C:\Users\ValentiniS\DataCohortl.x1lsx"

df = pd.read_excel(file_path)

df.head()
id churn profits multichannel age female street_.agent north early_email bigcity mean_city franchi initi epromo  ini e
0 17051200 0 76.169998 1 330 1 1 1 1 0 0 0 0 1 0
1 17137573 0 123.320000 0 610 0 0 0 1 0 1 0 0 0 1
2 17071854 0 49.459999 0 230 1 0 0 1 0 0 0 0 1 0
3 17126628 1 42689999 0 67.0 1 0 1 1 0 0 0 0 1 0
4 17126606 0  49.060001 0 460 1 0 1 1 0 0 1 0 1 0
4 »
df.columns
Index(['id", ‘churn', ‘profits’, 'multichannel’, ‘age', ‘female’,
‘street_agent', 'north’, 'early_email', 'bigcity’, 'mean_city’,
‘franchisee', 'initialstorepromo', ‘initialweb', ‘initialstore’,
"initialmobile’, ‘'initialrevenues', 'initialreturns'],
dtype="object")
| | month sfer scgutsition)

Step 2: Estimate a logit model with the dependent variable (DV) = churn, and
identify the factors that have the greatest impact on churn.

# Step 1: Run logit DV=churn
# create a quadratic effect for the variable "initialreturns,”
df["initialreturns2”] = df["initialreturns"]**2

Chiara Tua
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Creatingaquadratic effectinaregression canbeusefulforcapturingnon-linearrelationshipsbetween
the predictorvariable andtheresponsevariable.Inmanyreal-world scenarios, the
relationshipbetweenvariablesis notalwayslinearand canexhibitcurvesorbends.
Here are a few reasons why using a quadratic effect (or higher-order polynomial terms) might be
beneficialinaregressionanalysis:

¢ Non-linearRelationships: Aquadratic effectallowsthe modeltoaccountforsituationswhere
the response variable does not change linearly with the predictor. For instance, some
phenomenamayshowaninitialincrease atadecreasingrate orviceversa.

e Capturing Curvature: WhenthereisaU-shapedorinverted U-shapedrelationshipbetweenthe
predictorandtheresponse,aquadratictermcanhelp capturethis curvature more
accurately.

o Better Prediction: In cases where the true relationship is indeed quadratic, incorporating a
quadratictermcanleadtobetterpredictionsbyaligningthe modelmore closelywiththe
underlyingdatadistribution.

However,it'sessentialtoexercise cautionwhenusinghigher-orderpolynomialterms, astheycan
introduce overfitting, makingthe modeltoo complexandlessgeneralizabletonewdata.

# Step 2: Run logit DV=churn

formula = ('churn ~ multichannel + age + female + street_agent + '

‘north + early_emsil + bigcity + mean_city + franchisee + '
‘initialstorepromo + initialweb + initialstore + initialmobile + '

‘initialrevenues + initialreturns + initialreturns2')
model = smf.logit(formula, data=df).fit()

print(model.summary2())

Optimization terminated successfully.
Current function value: ©.313075
Iterations 7

Model: Logit Pseudo R-squared: ©0.037
Dependent Variable: churn AIC: 22194.0395
Date: 2023-10-09 17:28 BIC: 22338.1511
No. Observations: 35391 Log-Likelihood: -11080.
Df Model: 16 LL-Null: -1150@.
Df Residuals: 35374 LLR p-value: 1.2991e-168
Converged: 1.0000 Scale: 1.0000
No. Iterations: 7.0000

Coef. Std.Err z P>z [e.825 ©.975]
Intercept -1.4676 0.0738 -19.8916 ©.0000 -1.6122 -1.3230
multichannel -1.0227 ©.1131 -9.0401 ©.0000 -1.2445 -2.301@
age -9.0126 0.0012 -10.5132 ©.0000 -0.0150 -2.0103
female -9.4504 9.0367 -12.2635 ©.0000 -0.5224 -0.3784
street_agent -9.3603 ©.0392 -9.2463 0.0000 -9.4367 -0.2340
north ©.1753 0.0517 3.3918 0.0007 0©.0740 ©.2766
early_email -9.0514 ©.0388 -1.3263 ©.1847 -0.1274 ©.0246
bigcity 2.73864 9.0594 13.2274 ©.0000 0.6698 ©.9029
mean_city ©9.1454 0.0701 2.07456 ©.0380 0.0030 0.2828
franchisee -9.0500 0.0387 -1.2920 ©0.1964 -0.1258 ©.0258
initialstorepromo ©.4627 0.0823 5.6243 ©.0000 0.3015 @.6240
initialweb -9.1298 ©.19220 -0.6833 ©.4944 -0.5023 ©.2426
initialstore -0.5876 ©.0833 -7.054% 0.0000 -9.7509 -0.4244
initialmobile -9.3554 ©.1405 -2.5296 ©.0114 -9.6308 -2.0300
initialrevenues 2.0064 0.0021 3.0102 9.0026 @.0022 ©.0105
initialreturns -0.0229 9.0133 -1.7185 ©.0857 -0.04%0 ©.0032
initialreturns2 ©.0003 0.0001 1.7563 ©.8790 -0.0000 ©.0005

Chiara Tua



Strategic Marketing
and Analytics

Weincluded atfirsteverythingaswedon’thavetomanyvaribles.

p-value of multichannelis 0.000->itis significant, whichmeansthatthisvaribalehassomeimpact on
churn. To understand the impact we have to check the sigh of the coefficient; in this case is negative
whichisagoodnewsbecauseithasanegativeimpactonchurn->reducingchurnis exactlywhatweare
lookingfor.

On the other hand, initialstorepromo, even though it is significant due to a p-value equalto 0 has a
positiveimpactonchurn,whichmeansthatthosewhoreceivesapromoatthe beginnigare moe likelyto
churn.

Howtointerpretthe coefficientinalLogistic Regression? POSSIBILITY-COMPUTE OR (exponantialofthe
coefficients)

The modelassumesthat:
Yi=1 with probability pi
Owith probability 1-pi
¢ pj represents the probability thatthe event occurs (e.g. Yi=1=“YES”)

e If an event occurs with probability pi, then the odds ratio (OR) will be pi/(1- pi) -> average impact of
thevariable. When OR=1thisisthe benckmark oftheindiffrence position

Take these two coefficients as examples:

B uiichenne=-1.002 Diinizt proame=0.4627
Odds Ratio (OR): Exp(-1.002) = 0.353 The odds ratio is Odds Ratio (OR): Exp(0.4627) = 1.588
calculated by taking the exponential of the coefficient. An The odds ratio is calculated by taking the exponential of the

0dds ratio of 0.359 means that for a one-unitincrease inthe  oefficient. An odds ratio of approximately 1.588 means
"multichannel” variable (i.e. beir‘.g multichannel), the odds taking advantage of a promotion in the initial period
of churn decrease by approximately 645 (because 1-035%  jnereases the odds of churn by about 1.588 times compared

= 0.641, or about 64%). to not being in the "initial promo” category.

In simpler terms, being in the "multichgnnel” category in simpler terms, taking advantage of a promo at the
decreases the odds of churn by approximately 643 beginning of the relationship with the firm increases the
compared to not being in the "multichannel” category. odds of churn by approximately 58.8% compared to not

taking advantage of a promo at the beginning.
Interpreting Coefficients in a Logistic
Regression Model: odds ratio

Imagine x, = age

« If B, is positive—for example if B, =1, e'=2.7:

* We can say that a one-unit increase in age increases the
probability of your binary variable y (e.g. retention) by a
factor of 2.7 {or 170%), keeping all other factors constant

« if 3, is negative— for example if B, =-1, =34,

« we can say that a one-unit increase in age decreases the
probability of your binary variable y {e.g. retention) by a
factor of 0.36 (or 64% less), keeping all other factors
constant.
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Step 3: Estimate a model with the DV = profits.

#Step 3: Run OLS reg DV=profits
formula = ('profits ~ multichannel + age + female + street_agent + °
‘north + early email + bigcity + mean_city + franchisee + *

*initialstorepromo + initialweb + initialstore + initialmobile + -

*initislrevenues + initialreturns + initialreturns2’)

model = smf.ols(formula,

print(model . .summary2()})

data=df).fit()

Results: Ordinary least squares

©.3386

287822.9759©
287973.1367
-1.4350e+@5

Model:

Dependent Variable:

Date:

No. Observations:
Df Model:

Df Residuals:
R-squared:

BIC:
Log-Likelihood:
F-statistic:

Prob (F-statistic):

Scale:

5 t

Intercept
multichannel
age

femzle
street_sagent
north

early email
bigcity
mean_city
franchisee
initialstorepromo
initialweb
initialstore
initialmobile
initialrevenues
initialreturns
initialreturns2

6 14.7718 ©.0002
7 85.3373 ©.0000
8 31.4897 ©.0000
3 7.4482 ©.0009Q
5 19.9766 ©.000Q
2 G.5889 ©.0000

@.1644 11.1769 ©.0002

9 ©.5952 6.5517
1 2.9873 e.5304
& 2.334¢ ©.0046
7 -5.354¢ ©.0200@
S 14.38539 ©.0009
4 -3.4724 ©.0002
2 18.3326 ©.000Q
6 61.5933 ©.0009
1 -2.3126 ©.0000
8 2.7236 ©.6065

Omnibus:

Prob (Omnibus):
Skew:
Kurtosis:

OLS
profits
2022-12-82 17:28
35391
16
352374
©.337
Coef. Std.Err
4.6234 2.311
20.9517 2.320
9.15e9 a.eo4
1.2885 2.162
3.1672 @.158
1.9387 2.202
1.8377
@2.1535 @.257
2.8237 8.271
2.4522 a.15%9
-1.8296 2.341
11.2348 2.742
-2.5538 @.301
10.8674 2.549
2.53e8 2.e03
-@.583% @.254
9.8e21 2.200
1176e.265
2.00a
1.468
9.295

Durbin-Watson:

Jarque-Bera (JB):

Prob(3B):
Condition No.:

1122.
e.e0
199.23
[0.825 ©.975]
3.9926 5.2142
2©.3231 21.5802
©.1415 ©.1603
©.8905 1.5265
2.8565 3.478@
1.5424 2.3349
1.5154 2.1599
-2.3519 ©.658%
-2.5076 ©.555@
©2.1394 ©.7649
-2.4994 -1.1598
9.5788 12.4909
-3.1446 -1.963@
8.9910 11.1438
2.5139 ©.5476
-2.6099 -0.3978
2.0006 ©.0036
2.016
71137.918
2.000
1630

* The condition number is large (2e+©3). This might indicate

strong multicollinearity or other numerical problems.
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Step 4: Focus on churn and test if the model has predictive ability. Use:
« Calibration and Validation
« Lift Chart

Step4involvesassessingthe model'sabilityto predictchurnevents.

One of the evaluation techniques mentioned is the use of a lift chart, which visually represents the model's
predictive performance. However, please note that there are alternative approaches to evaluate the model,
besidestheliftchart,thatcanalsobeeffective.

The evaluation process utilizesbothin-sample and out-of-sample. In-sampleisthe portionusedtotrainorfitthe
modelout-of-sampleisheldseparatelyto evaluate howwellthe modelperformsonunseendata.

The creationofin-sample and out-of-sampledatainvolvesarandom selection process. Thisrandomness
ensuresthattheselected samplesarerepresentative and unbiased, providingafairevaluation ofthe model's
performance. Randomlyselectingdataforbothin-sample and out-of-sample evaluationsenhancesthe

robustness ofthe assessment.

# Step 4: Generate random data

df["random™] = np.random.uniform(size=df.shape[@])
df["random” ].describe()

# Calculate the median as the cutoff value

cut_off = np.median(dfi"random™])

# Print the cutoff value

print("Cutoff value:", cut_off)

Cutoff wvalue: ©.4963136276443664

mple' dummy variable

# Create the 'ou J
= np.where(df[ ‘random’] > cut_off, 1, @)

df["out_sample”]

# Calculate the frequency table for the 'out sample’ column

frequency table = df['out_sample'].value_counts()

# Calculate the percentage for each value

percentage_table = (df['out_sample'].value_counts(normalize=True) * 100).round(1)

# Print the frequency & percentage tables

print(frequency_table)
print(percentage_table)

df.head()
id churn profits multichannel age female street agent north early email bigcity .. franchisee initialstorepromo initialweb initialstore initialm
0 0 1 1 0 1
1 0 0 0 0 1 o . 0 0 0 1
2 234 1 1 0
3 0 670 1 0 1 1 0 0 0 1 o
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# I don't need the variable random anymore
df.drop(columns=["random’], inplace=True)

df.head()

id chur
0 17051200
1 17137573
17071854

17126628

s wWwN

17126606

0

profits multichannel

76.169998

123.320000

49459999

42.689999

49.060001

1

0

0

and i will drop it

age female street_agent

330

61.0

23.0

67.0

46.0

1

0

1

1

0

0

1

0

0

north early_email

1

1

1

bigcity mean_city

0

0

0

0

1

0

franchisee
0
0

0

initialstorepromo initialweb initialstore

0 1 0
0 0 1
0 1 0
0 1 0
0 1 0

»

T# We re-éestimate the churn modeLl onLy jor the in-sampie

# Filter the DataFrame for in-sample

in_sample_df = df[df[‘out_sample'] == @]
# Define your formula
formula = ('churn ~ multichannel + age + female + street_agent + °

‘north + early email + bigcity + mean_city + franchisee + '

‘initialstorepromo + initialweb + initialstore + initialmobile + '

‘initialrevenues + initialreturns + initialreturns2‘)
# Estimate the model using the filtered DataFrame
model = smf.logit(formula, data=in_sample_df).fit()
# Print the model summary
print(model.summary2())

Optimization terminated successfully.
Current function value: ©.321471

Iterations 7

Results: Logit

Model: Logit Pseudo R-squared: ©.937
Dependent Variable: churn AIC: 11411.5144
Date: 2023-10-09 17:32 BIC: 11543.793@
No. Observations: 17696 Log-Likelihood: -5688.8
Df Model: 16 LL-Null: -5905.8
Df Residuals: 17679 LLR p-value: 2.5165e-82
Converged: 1.0200 Scale: 1.0000
No. Iterations: 7.0002

Coef. Std.Err z P>z [@.025 ©.975]
Intercept -1.4283 ©.1036 -13.7920 ©.0000 -1.6312 -1.2253
multichannel -1.06938 ©.1593 -6.7150 @.0ee0 -1.3820 -©.7575
age -8.0127 ©.0017 -7.6206 ©.0000 -9.0160 -0.0095
female -9.4564 ©.0512 -8.9524 9.0000 -0.5563 -0.3564
street_agent -9.3519 ©.0541 -6.5016 ©.0200 -0.4580 -0.2458
north ©.2048 ©.0729 2.8075 ©.0050 ©0.096183 ©.3478
early email -2.0697 ©.0541 -1.2880 ©.1977 -0.1757 ©.0364
bigcity e.7713 0.0342 9.1309 ©.0000 0.6067 0.936@
mean_city ©.1572 ©.0980 1.6036 ©.1088 -0.0349 0.3492
franchisee -2.9509 ©.05383 -0.9452 @.3446 -9.1564 ©.0546
initialstorepromo ©.5114 ©.1126 4.5431 @.0000 ©.2903 ©.7321
initialweb ©.0523 ©.2454 ©0.2132 ©.8311 -0.4286 0©.5333
initialstore -0.5728 ©.1154 -4.9626 ©.0200 -0.7991 -0.3466
initialmobile -2.2103 ©.1892 -1.1144 @.2651 -0.5815 @.1599
initialrevenues ©.0050 ©.0030 1.69%6 ©.0892 -0.0008 ©.0109
initialreturns -2.9396 ©@.9212 -1.8817 2.8599 -0.8308 0.0016
initialreturns2 2.0003 0.00@2 1.4655 ©.1428 -2.0001 ©.0007
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# MY MODEL previously estimated logistic regression model

# Predict probabilities for both in-sample and out-sample
# Predict probabilities for the entire dataset
df['y_hat'] = model.predict(df)

df.head()
id churn profits multichannel age female street_agent north early_email bigcity .. franchi initialstorepromo initial
0 17051200 0 76.169998 1 330 1 1 1 1 o .. 0 ]
1 17137573 0 123.320000 0 610 0 0 0 1 0 = 0 0
2 17071854 0  49.459999 0 230 1 0 0 1 0 .. 0 0
3 17126628 1  42.689999 0 670 1 0 1 1 = 0 0
4 17126606 0  49.060001 0 460 1 0 1 1 o . 1 0

5 rows x 21 columns

# create decide for OUT SAMPLE
# Filter the DataFrame for in-sample
out_sample df = df[df['out_sample'] == 1]

df.loc[df[ 'out_sample'] == 1, 'decile out'] = pd.qcut(out_sample df['y hat'], 18, labels=False)
#CHECK IF DECILES ARE CREATED CORRECTLY
df{["decile out”, "y hat"]].groupby("decile out").mean()

y_hat

decile_out

0.0 0.036700
1.0 0.057600
2.0 0.070239
3.0 0.080519
4.0 0088334
5.0 0.099676
6.0 0112738
7.0 0.127526
8.0 0.152104
9.0 0.206303

#DECILE=1 SHOULD HAVE THE HIGHEST Y_HAT AND 1@ THE LOWEST

df.loc[df['out_sample®] == 1, ’decile out'] = 10 - df.loc[df['out_sample’'] == 1, ‘decile _out']
#CHECK IF DECILES ARE CREATED CORRECTLY

df{["decile_out™, "y hat"]].groupby("decile out").mean()

y_hat
decile_out

1.0 0.206303
2.0 0.152104
3.0 0.127526
4.0 0.112738
5.0 0.099676
6.0 0.088854
7.0 0.080519
8.0 0.07023¢
9.0 0.057600
10.0 0.036700
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The first group has 20% probability to churn. Now we have to compare the model with the realy which is churn.

#LIFT TABLE WITH OBSERVED CHURN
df{["decile_out”™, “churn™]].groupby("decile out™).mean()

churn
decile_out

1.0 0.238389
2.0 0.151806
3.0 0.090234
4.0 0.020604
5.0 0.064699
6.0 0.0684262
7.0 0.068977
8.0 0.066102
9.0 0.056529

10.0 0.065537

# create the Lift chart

df[["decile_out™, ™“churn™]].groupby("decile_out™).mean().plot.bar()

<AxesSubplot:xlabel="decile_out'>

0.25
B churn
0.20 1
0.15 4
0.10 +
0.05 A
0.00 -
o o o o o o o o o o
— o~ m < A [te) ~ © o)) .9.
decile_out
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Thismodelisabletodistinguish prettywellthefirstfour/five groups, thentheresults are pretty muchthe same,sonow

wewanttousejustthesignificantgroups.
# Lift with 5 groups instead of 1@

# Assuming you want to assign 5 groups for ‘decile out5'
out_sample_df = df[df['out_sample'] == 1]

# Calculate deciles for the out-sample with 5 groups

df.loc[df] 'out_sample'] == 1, 'decile out5'] = pd.qcut(out_sample df[’'y hat'], 5, labels=False)
df.loc[df[ 'out_sample‘] == 1, 'decile out5'] = 5 - df.loc[df['out_sample'] == 1, 'decile out5']

# CHART WITH 5 GROUPS

df[["decile out5", “churn"]].groupby("decile out5").mean().plot.bar()

<AxesSubplot:xlabel="'decile_out5'>

0.200

0.175 A

0.150 A

0.125 A

0.100 A

0.075 A

B churn

decile_out5
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#oper dataset cohort 2

df2_path = r'C:\Users\ValentiniS\2023_05_Marketing AXA\Lab 1 Session2_BooksRUS_Churn\DataCohort2.xlsx"

df2 = pd.read_excel(df2_path)

df2.head()
id profits churn_observed multichannel age female north bigcity mean_city early_email franchisee street agent initialweb initialstore initialmobil
0 1 39.040001 0 0 38720001 1 1 0 0 1 0 0 0 0
1 2 53.080002 0 1 38720001 0 1 0 [ 1 0 0 1 0
2 3 0.000000 0 0 62.000000 1 1 0 0 1 1 0 1 0
3 4 56.049999 1 1 34.000000 0 1 0 0 1 1 0 1 0
4 5 9.290000 0 0 38.720001 1 1 0 0 1 1 0 0 0
<« I —— 4
NOW | OPEN A NEW DATASET BECAUSE | WANT TO PREDICT CHURN IN THIS NEW DATASET USING THE PARAMETER OF THE MODEL JUST ESTIMATED
# Step4:
### Predict churn on a new dataset, df2
### using the parameters from the logistic regression model estimated on dataset db_c1.
# Add a new column “"churn_hat" to df2 containing the churn predictions.
df2['churn_hat'] = model.predict(df2)
df2.head()
id profits churn_observed multichannel age female north bigcity mean_city early_email .. street_agent lweb initial: initialmobile initial
0 1 39.040001 0 0 38720001 1 1 0 0 1 0 0 0
1 2 53.080002 0 1 38720001 0 1 0 0 1 0 1 0
2 3 0.000000 0 0 62.000000 1 1 0 0 1 0 1 0
3 4 56.049999 1 1 34.000000 0 1 0 0 1 0 1 0
4 5 9290000 0 0 38720001 1 1 0 0 1 0 0 0

5 rows x 21 columns

# Step4:

# create DECILE

#CHECK IF DECILES ARE CREATED CORRECTLY

df2[*decile’'] = pd.qcut(df2[ 'churn_hat'], 1@, labels=False)
df2['decile’] = 10 - df2['decile’]

df2.head()

id profits churn_observed multichannel

age female north bigcity mean_city

early_email

... initialweb

initialstore

initialmobile initialstorepromo

0 1 39.040001 0 0 38720001 1
1 2 53.080002 0 1 38.720001 0
2 3 0.000000 0 0 62.000000 1
3 4 56.049999 1 1 34.000000 0
4 5 9.290000 0 0 38720001 1

5 rows x 22 columns

< | —

# Step4:

# LIFT TABLE
df2[["decile™, “"churn_observed™”]].groupby(“decile").mean()

churn_observed

decile

-

0.349201
0.245854
0.214728
0.198307
0.154173
0.144524
0.140196
0.111003

0.090407

O VW O N O N A W N

-

0.054054

# Step4:

C

1

0

0

0

df2[["decile™, "churn_observed”]].groupby(“decile").mean().plot.bar()

1

1

0

1

0

1

0

0

0
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Step 6: Use the estimates to predict churn in a new dataset,
DataCohort2.xlsx.

Whom would you include in the 'Targeted Proactive' action? Why?

<AxesSubplot:xlabel="decile'>

0.35 B churn_observed

0.30 A
0.25 A
0.20
0.15 A
0.10 A

0.05 A

0.00 -

decile

Evaluate the effectiveness of marketing actions

Ourtaskisnotonlydevelopingamarketingplan,butalsobeabletoreassurethe managementthatour
marketingplanisgoingtobe effective.

Overview: Example 1 New York Times

Why are some articles from The New York Times more shared than others and become
viral? What are some potential factors that contribute to explaining their success?

Main argument: The emotional content of the article -> unboots the engagement, understanding which
aretheelementwhichallowsacontenttobecomeviral
1. Textanalysistoquantifythe article’semotionalcontent

2. Text analysis to quantify the type of emotions evoked by the article (anger, anxiety, sadness, joy,
humoretc.)

3. Experiment where they «manipulate» the emotional content of an ADV

Chiara Tua
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They have a brand and their managerial Analysis of more than three months of New York Times articles
)

task is to develop a social media

Objective: Understand which Anger (+1S0) ] ae%

H H H types of content are more likely to . s

marketing campaign for thatbrand with o iraliewiR S wy — s
. Awe (+150) T ) 90%
the purpose toincrease engagement -> pem—
they can create a contentthatis ableto Emotonainy (+150) ) o
generate . ‘
emotions, becausehopefullythiskind Practcal Vau (+150) ] 0% of
contentwouldbemorelikelytobe e apt
h(wvemgﬁr,-vsu)_ 20%

shared. P

% Change in Fitted Probability of Making the List

e [Fxperiment->to check if
generating emotion could increase engagement; in principle we wanttolinkourbrandwith positive
emotion, butitisnotalwaysthecase
e Twoversions of an ADV that differed on how much humor they evoked
e High-or low-amusement version of a story about a recent advertising campaign for Jimmy
Deansausages
e Thetwo versions were pre-tested to verify that they are perceived differently in terms of humor
levels
e Likelihoodtosharethe ADV:
o high-amusement(M=3.97)versus low-amusement(M=2.92; p<.005)
o}
PunchLine->Predictive models andfield experimentsarecommonly used alsotogethertogenerateand
testthe effectiveness of marketing actions and strategies.

These methodscan providevaluableinsightsforidentifying possible marketing strategiesandimproving
overalleffectiveness, before actually enteringthe market.
How can they be used in the context of Churn Management?

. Churn
Management
We identifyfthe most J
at-risk custymers and
take action f§ prevent ( )) Targeted
them from Mavi

7~ Actions not directly aimed
at churn. Example:

l) Untargeted  jncrease satisfaction or

switching costs,

o0 Reach @ Proactive
oD

We expect the customer to notify us
that she will not renew, then we
make the customer an offer to stay

First, churn-prone customers are
identified, and a targeted action is
considered for them

Liftchartisaperfecttooltopredictifmycustomersarelikelyornottoleave.

Example

Ascarza,lyengarand Schleicher(2016)“Proactive ChurnPrevention UsingPlanRecommendations:Evidence
fromaField Experiment.” Journalof MarketingResearch
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Proactive Churn Prevention (Ascarzaetal.)

Field experiment (A/B test) with a telecom provider in South America
Intervention:
e Select~65kcustomersactiveinQ12011
e 15%ofcustomersleftasideasacontrolgroup
e Treatment consists of calling the customers (high risk churn) and offering to upgrade to either
$47 or $63 plan
o Noothercommitments/Nofine print

o Ifaccepted, extra $15 during the following 3 months
Forallcustomers,includingthoseinthecontrolcondition,one orboth ofthefeatured planswould have

been better than their current plan. To incentivize customers to upgrade to the suggested plans,the
company offered an additional credit of $15 for each of the following three months if they agreed to

upgradetooneofthefeaturedplans.

Proactive Churn Prevention (Ascarza et al.)

Initial Sample

84,147 customers|

Random Allocation

1

Treatment

o5
Accept the Reject the
Promation Promotion

828 customens | L_| 53261 customens

CASE 3 PILGRIM: TRAGETED PROACTIVE COMPAIGN

Context

Industry: Banking, Pilgrim
BankSample: 31,634
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e Forthesecustomers,achurnmodelwasestimated. Hence, each customeris associatedwitha
churnprobability, estimated atthetime of acquisitionthrough aninternallyconsolidated model.

e Each customer is assigned a decile (1=customers with the highest churn risk, 10=lowest).

e The company has decided to focus a targeted proactive strategy on the customers in the first 3
deciles. They were the subject of a field test. Following one year after the field test, information on
churnwascollectedfortheentire sampleof31,634 customers.

Field Test

10 |
guantiles |
of |
churn_hat | Freqg Percent Cum
____________ e L T e e e e e e e e e i L
E 3,163 10.00 10.00
2 | 3,163 10.00 20.00
3 |1 3,164 10.00 30.00
4 | 3,163 10.00 40.00
5 | 3,164 10.00 50.00
6 | 3,163 10.00 60.00
g 9 3,163 10.00 70.00
8 | 3,164 10.00 80.00
9 | 3,163 10.00 90.00
10 | 3,164 10.00 100.00
____________ +________________________._________.__
Total | 31,634 100.00

Chiara Tua
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Dataset: PilgrimTargetedField.xls

id Customer identifier code

decile Decile of beionging derived from the churn mode!

target proactive 1 = included in the churn program (peoactive). O = control {random selection)
retention i=retained, O=chum

MainlyOnline_bank _previous |1 indicates if the customer predominantly uses ooline banking 0 if not

District District of residence (USA)

Tenure Number of years as a customer

[AboveMedian_Tenure_Target |[Variable indicating whether tenure is above tha median of customers = 1, or baiow the median =0
age Age in classes, O indicates missing

agemiss Variadie that takes 3 value of L if age is missing, O otherwise

e income, O indicates missing

fincmiss Variabie that takes 3 value of 1 if income is missing 0 otherwise

dist1100 [Dummy variables identifying the 3 districts of residence for analysis

dist1200 Dummy variables identifying the 3 districts of residence for analysis

dist1300 Dummy variables identifying the 3 districts of residence for analysis
churn_hat |prediction of chumn from predictive mode! {made before observing actual chum)

Decileand churn hatcolumnswerecreated before observingtheactualretention.

Field test > Variable Targeted Proactive

/ Did not Receive Anything

Purpose

Field Teste—" # of Customers

0=Control Group 4,394
1= Receive Incentivex 5,096
Missing= Not included in the field 22,144
Total R 31,634

oses: If retained,
nalized financial
1g expert, a free
fit abroad and

Afield experiment designed to address the following key questions:
1. Isthe target proactive strategy effective?

2. Yes, no,why? Carefullyjustifytheresponse
3.CASE PILGRIM: FIELD TEST

Suggested Steps:

Step 0: Open the dataset PilgrimTargetedField.xls.

import pandas as pd

import statsmodels.formula.api as smf
import matplotlib.pyplot as plt

import numpy as np
import os

Chiara Tua
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#Step 0:0pen dataset PilgrimTargetedField.xls

file_path = r'C:\Users\ValentiniS\PilgrimTargetedField.xls"
db_pilgrim = pd.read_excel(file_path)

db_pilgrim.head()

#note variable DECILE is already created

id decile target proactive retention MainlyOnline_bank_previous District Tenure AboveMedian_Tenure_Target age agemiss inc incmiss dist1100 dist120/

0 8197 1 0.0 1 1 1200 9 0 0 1 0 1 0
1 4270 1 1.0 0 0 1200 2 0 0 1 0 1 0
2 4598 8 NaN 1 0 1200 4 0 2 0 6 0 0
3 30687 1 0.0 0 0 1200 5 0 0 1 0 1 0
4 20042 3 1.0 1 0 1200 9 0 1 0 1 0 0
4 4

db_pilgrim.shape

(31634, 16)

Step 1la: Check: the lift chart to verify if the predictive model worked using the already
created decile variable and observed retention. Remember, deciles are
created based on the predicted churn.

Step 1b: Check: verify the random assignment of the Targeted Proactive variable.

#I have the observed retention, therefore compute the observe Churn
db_pilgrim['Churn’] = 1-db_pilgrim[ retention’]
db_pilgrim.head()

id decile target proactive retention MainlyOnline_bank_previous District Tenure AboveMedian_Tenure_Target age agemiss inc incmiss dist1100 dist1200

0 8197 1 0.0 1 1 1200 9 o] 0 1 0 1 0 1
1 4270 1 1.0 0o (o] 1200 2 0 o 1 o] 1 (o] 1
2 4598 8 NaN 1 o] 1200 4 o] 2 0 6 0 0 1
3 30687 1 0.0 o] (o] 1200 5 o] o 1 o] 1 (o] 1
4 29042 3 1.0 1 [o] 1200 9 o] 1 0 1 0 0 1
4 >

#descriptive table associated to the Lift chart: Average Observed Churn per decile
db_pilgrim [["decile”, "Churn"]].groupby("decile").mean()

Churn

decile

-

0.451470

0.406892

0.219027

0.102118

0.095449

0.083465

0.073032

0.066056

w O NV AW N

0.056908

-
o

0.050885

Churn=1-retention.
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# Create the Lift chart: Churn
db_pilgrim [[“"decile™, "Churn"]].groupby("decile™).mean().plot.bar()

<AxesSubplot:xlabel="decile"'>

BN Churn
0.4 1
0.3 1
0.2 1
0.1
0.0 -
- o~ m s '] o ~ © (=2} 3

decile

Thismodelissuperintermsofpredictionvalidity!

# Step 1b: Check Random Assignment

mask = db_pilgrim[{db_pilgrim[ decile”]<4]

formula = ('target_proactive ~ MainlyOnline_bank previous + Tenure +°'
‘age + agemiss + inc + incmiss + dist1100 + distl1299°)

model = smf.logit(formula, data = mask).fit()

print(model.summary2())

Optimization terminated successfully.
Current function value: ©2.69022¢
Iterations 4

Results: Logit

Model: Logit Pseudo R-squared: 9.2e0
Dependent Variable: target_proactive AIC: 13118.3732
Date: 2823-1@-15 22:e7 BIC: 13182.7951
No. Obserwvations: c49e Log-Likelihood: -6558.2
Df Model: 8 LL-Null: -6552.0
Df Residuals: 9481 LLR p-value: ©.89257
Converged: 1.2000 Scale: 1.2220
No. Iterations: 4.0800

Coef. Std.Err z P>z [@.025 ©.975]
Intercept ©.0759 ©.1606 ©.4723 ©.6367 -2.2389 ©.3906
MainlyOnline_bank_previous ©.0938S ©.8669 @.4557 ©.6486 -2.1007 ©.18617
Tenure 9.0031 ©.2242 -2.7531 2.4514 -2.0113 ©.0059
age ©.00e77 ©.8381 @.202° ©.8392 -2.067¢ 2.0825
agemiss ©.0127 ©.1326 ©.8958 9.9237 -2.2471 ©.2725
inc ©.0168 @.8236 @@.7134 ©.4756 -2.0294 ©.063@
incmiss ©.0254 ©.1183 ©.2147 ©.8300 -©.2064 2.2572
distliee ©.82186 ©.8829 ©.2607 ©.7943 -©.1489 2.1841
disti2ee 2.06384 ©.2603 1.1332 ©.2571 -2.2492 ©.1866

Wedon’tneedtocreatearandomvariable, becauseitwascreatedbythe managementinthis
case.The two group are identified by the value of the target_proactive variable (0 means control
group, 1 experimentalgroup). Ifmypurposesistorandomize.
Werunalogitmodelwithasdependentvariabletarget_proactiveandasindependent
variablesallthecustomer’s characteristicinorderto assignap-valuetoverifyifthereisa
likelihoodtobeincludedin thecontrolgrouporinthe experimentalgroup.

Chiara Tua
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Example

Age: p-value (whichis the amount of tolerated errorin the estimate)=0.8392 -> itis not significant andwith
arehappyaboutthatbecausewedon’twantthatageisassociatedinanypossible waytothe likelihood to
belong to the control group or the experimental group -> if it is not significant that meansthatage doesnot
explainthelikelihoodtobeincludedinthe controlgroup orinthe experimental
group.Ifthep-valueinthistestissignificantwillbeaproblem->ifageincreases,itismorelikelytobeaddin
theexperimentalgroupwhichmeansabiasandwehavenotrandomized)

Step 2: Model Free Evidence: Verify if the targeted proactive campaign worked.

# Step 2: Results of the Field test: Model Free Evidence

db_pilgrim[['target_proactive’, "retention"]].loc[db_pilgrim['decile’]<4].groupby("target_proactive™).mean()

retention
target_proactive
0.0 0.652025
1.0 0.631279
db_pilgrim[['target_proactive’, "retention”]].loc[db_pilgrim['decile’]<4].groupby("target_proactive”).mean().plot.bar()

<AxesSubplot:xlabel="target_proactive’>

0.6
0.5 A

0.4

Thetwo outputarethe sameinterms of
meaning, butwe simplyusetwodifferent
tools.

B retention

target_proactive

Wecansaythatthecampaignis noteffective becausetheresultsisprettymuchthesame
inbothgroups, and above allin the experimentalgroup is even lower thaninthe control group.

Step 3: Test: Test if the targeted proactive campaign worked and comment on the
results.
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Thevariabletarget_proactivereducesretentionofabout10% ->OR=Exp(-0.10)=0.90~>1-0.90=0.10

# Filter the DataFrame considering only the FIRST 3 DECILES

# not needed already done in previous step, but copy and paste here for
#illustrative purposes

mask = db_pilgrim[db_pilgrim[‘decile’]<4]

# Define your formula

formula = ('retention ~ target proactive + MainlyOnline_ bank previous +°
‘Tenure + age + agemiss + inc + incmiss + dist1108 + disti2ee” )

# Estimate the model using the filtered DataFrame

model = smf.logit(formula, data=mask).fit()

# Print the model summary

print(model.summary2())

Optimization terminated successfully.
Current function value: ©.604497
Iterations 6

Results: Logit

Model: Logit Pseudo R-squared: @.e74
Dependent Variable: retention AIC: 11493.3463
Date: 2023-19-15 22:11 BIC: 11564.9263
No. Observations: 24992 Log-Likelihood: -5736.7
Df Model: 9 LL-Null: -6196.1
Df Residuals: 9480 LLR p-value: 5.4128s-192
Converged: 1.2000 Scale: 1.2e20
No. Iterations: 6.2220

Coef. Std.Err. z P>|z [@.225 ©.975]
Intercept 1.6@386 ©.2536 6.3242 ©.0000 1.1066 2.106@6
target_proactive -9.10e8 ©.8449 -2.2453 2.8247 -©.1887 -0.09128
MainlyOnline_bank_previous ©.1994 ©.0748 2.6646 ©.2077 ©.0527 ©.3461
Tenure 2.9594 ©.2246 13.2154 ©.0000 ©.0505 0.0634
age 9.e683 ©.2659 1.8369 ©.2998 -£.9608 ©.1975
agemiss -1.095@ ©.2096 -5.2243 ©.€000 -1.5058 -0.86342
inc 2.e73e ©.8323 1.8572 @.2633 -2.0042 ©.15e2
incmiss -9.788%9 ©.1752 -4.5034 ©.2000 -1.1323 -0.4456
distiiee ©.0866 ©.8899 @.9638 ©.3352 -©.9895 ©0.2627
distl2ee 2.121@ ©.0650 1.85294 ©.8630 -2.0065 0.2434

Step 4: Reflect on customer heterogeneity and try to explore.

Exploring customer heterogeneity means understand how different are the individuals within a sample-
>whateveractionwedowillhave adifferentimpactonindividualsbecause eachofusisdifferentfrom
theother.

Sothisprocess meanscheckingiftherearegroupsofindividualsthatresponddifferentlytoour
campaign.

# Step 4: Focus on Tenure [one can explore with other and more variables]
# Results of the Field test distinct by Tenure
# Descriptive Statistics

db_pilgrim[["AboveMedian_Tenure Target", “Tenure"]].groupby("AboveMedian_Tenure_ Target").agg({"Tenure": ["mean", "min", 'max', ‘std', "count"]})
Tenure
mean min max std count

AboveMedian_Tenure_Target
0 531706 o 9 2382365 15117

1 13.85639 9 19 2613972 16517

#Step 4

# Create sub-dataframe based on Tenure

mask_tenure_low = db_pilgrim[db_pilgrim[ ‘AboveMedian_Tenure_Target']
mask_tenure_high = db_pilgrim[db_pilgrim[ 'AboveMedian_Tenure Target']

#Logit only for those TENURE LOW

# Define your formula

formula = ('retention ~ target_proactive + MainlyOnline bank_previous +'
‘Tenure + age + agemiss + inc + incmiss + dist1100 + dist1200' )

# Estimate the model using the filtered DataFrame

model = smf.logit(formula, data=mask_tenure_low).fit()

# Print the model summary

print(model.summary2())
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Optimization terminated successfully.
Current function value: ©.617853
Iterations 7

Model: Logit Pseudo R-squared: ©.881
Dependent Variable: retention AIC: 5883.4237
Date: 29023-10-15 22:25 BIC: 5248.0721
No. Observations: 4745 Log-Likelihood: -2931.7
Df Model: 9 LL-Null: -3190.6
Df Residuals: 4735 LLR p-value: 9.1360e-186
Converged: 1.2000 Scale: 1.9e0
No. Iterations: 7 .2000

Coef Std.Err z P>|z [@.025 ©.975]

Intercept
target_proactive

1 %) 3 a 1.

) %) 1 a 0.
MainlyOnline_bank_previous ©.0543 ©.1914 @.5356 ©.5922 -©.1444 0.2529
Tenure ©.1115 ©.2125 8.9393 ©.0000 ©.087¢@¢ ©.1359
age ©.160@6 ©.12015 1.5826 ©.1135 -©.0383 ©.3596
agemiss -1.0793 ©.2966 -3.6383 ©.0003 -1.6606 -0.4979
inc ©.9753 ©.8558 1.3479 ©.1777 -©.03242 0.1847
incmiss -9.7588 ©.2481 -3.€5%0 ©.0022 -1.2450 -0.2726
distliee ©.1858 ©.1264 ©.8371 ©.4025 -©.1419 ©.3536

%) %) 1 a 0.

distl2e0

Tenure could explain a different response in terms of incentive because it divides the
customer betweenshort-termandlong-term customers. Forsurewhentalkingaboutlong-
termcustomerwecanconsiderinertia,whichis somethingthatwe cannotconsiderwhen
analysingshort-term
customersbehavior. Moreover, somemarketingactionscannotbe proposedtoshort-term
customersbecauseitcanbedangerousandviceversa.
To dothis pointwe can actin three ways:
1. Descriptive statistic
2. Useinteractionterm
3. Dividethe datasetintwo sub-datasets: inthis case lowtenure (0<x<9) and high tenure
(x>=9).Andthencreatearegressionin ordertounderstandtheimpactofthisvariable
onretention.
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TENURE LOW: Positive impact of target_proactive of 13% on retention OR=exp(0.1209)=1.13
Before, whenwe analyzed the entire sample the effect was negative (reduction of 10%).

#logit only for those TENURE HIGH

# Define your formula

formula = ('retention ~ target_proactive + MainlyOnline_bank previous +°
‘Tenure + age + agemiss + inc + inomiss + dist116@ + disti2e9" )

# Estimate the model using the filtered DataFrame

model = smf.logit(formula, data=mask_tenure_high).fit()

# Print the model summary

print(model.summary2())

Optimization terminated successfully.
Current function value: ©.582142
Iterations 6

Results: Logit

Model: Logit Pseudo R-squared: 9.7
Dependent Variable: retention AIC: 5544.5229
Date: 2023-10-15 22:26 BIC: 5609.1714
No. Observations: 4745 Log-Likelihood: -2762.3
Df Model: 2 LL-Null: -2973.4
Df Residuals: 4735 LLR p-value: 2.3145e-85
Converged: 1.2000 Scale: 1.0000
No. Iterations: 5.2000

Coef. Std.Err. z P>|z| [@.225 ©.9275]
Intercept 9.2913 9.4930 2.2364 ©.253 ©.1114 1.86°912
target_proactive -9.3431 9.8653 -5.2508 ©.2000 -0.4712 -0.2150
MainlyOnline_bank_previous ©.3565 9.1136 3.1381 ©.2017 ©.1338 ©.5791
Tenure 9.1138 9.0130 8.7456 0.9000 ©.0383 ©.1393
age 9.0127 ©.98386 ©.1436 9.8858 -2.1609 ©.1863
agemiss -1.0885 @.3835 -3.2966 0.201@ -1.5953 -0.4056
inc ©.0763 @.8552 1.3825 ©.1668 -©.0319 ©0.1845
incmiss -8.8254 ©.2480 -3.3284 ©.2009 -1.3115 -0.3394
dist1190 9.0542 9.1294 @.4185 ©.6756 -2.1995 ©.3078
distl2eo 0.0680 9.9944 @.7206 ©.4712 -2.117¢ ©.2531

TENURE HIGH: Negative Impact oftarget_proactive on Retention-29% Why? -> «Broken Inertia»

#how to ask odds ratio as output

# Access the model parameters (coefficients)
model params = model.params

# Compute the odds ratios (exponentiate the coefficients)
odds_ratios = np.exp(model_params)

# Creagte a DataFrame to display the odds ratios with their respective nomes
odds_ratios_df = pd.DataFrame({'Odds Ratio"': odds_ratios, 'Coefficient': model params})

# Print the DataFrame with odds ratios

print(odds_ratios_df)

Odds Ratio Coefficient

Intercept 3.352995 1.209854
target_proactive 1.132372 ©.124314
MainlyOnline_bank_previous 1.855731 9.254231
Tenure 1.1179835 @.111484
age 1.174261 ©.16e639
agemiss ©.339847 -1.87925%9
inc 1.e78157 ©.875252
incmiss ©.468218 -0.758821
distliee 1.11318616 ©9.185815
dist126e 1.186546 @.171e486

Step 5: Comment on the results of your explorations.
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WRAP UP:

e Atargetedproactiveactionaimedatreducingchurnactuallyhasanegative effecton
retention, reducingitoverallbyabout10%.

e Byexaminingdifferentresponse probabilitiesforvarious customergroups, itisnotedthat
tenure moderates the effect; those with low tenure respond positively, while long-term
customersrespond negatively.

e The inertia effect may explain the result, in line with the literature by Ascarza, lyengar, and

Schleicher (2016) titled 'The Wrong Way to Reduce Churn'in Idea Watch, HarvardBusiness
Review.

TakeHome:

. The probability of churn and the probability of
response to a specific marketing actionshould be
consideredin conjunction!

e Randomized field tests if possible and/or the development of marketing response models
combined with churn probabilities

UNTARGETED CHURN REDUCTION STRATEGY —-CASE 4: BOOKS R US ->
FIELD TEST

Management

Actions not directly aimed

7~
—— 2t churn. Example:
KJ L-‘-ta-':»etEd increase satisfaction or

switching costs,

We identify the most

at-risk customers an O/ P

take action to prevent! - i
them from leaving

.i ‘i Reactive @ Proactive
L AN

We expect the customer to notify us First, churn-prone customers are
that she will not renew, then we identified, and a targeted action is
make the customer an offer to stay considered for them

Inthiscasewejustwanttoreducethechurnratebyapplyingactionsthatwedobelievethatcouldhavea
positiveimpactonthelikelihoodtochurn.

Channels, touchpoints and profits...

Customer
Profitability

Channel Choice
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Do multichannel customers buy more?

Average Annual Dollars Spent per Customer

5887.00
il I I
> > " . e e
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o3
° McKinsey Quarterly 2011

< “The promise of multichannel retailing”

&

Replicated by: Loftus, Mulliken and Sharp 2008; Myers, Pickersgill, and van Metre 2004; Thomas and
Sullivan 2005; Kumar and Venkatesan 2005; Venkatesan, Kumar, and Ravishanker 2007; Ansari, Mela,
and Neslin 2008; Boehm 2008; Campbell and Frei 2010; Xue, Hitt, and Chen 2011; Gensler, Leeflang,
& Skiera 2012; Kushwaha and Shankar 2013, Montaguti, Neslin, Valentini 2016.

MANAGERIALIMPLICATION: firms should use marketingto create more multichannelcustomersLogic,

e Marketinginduces more customerstobecome multichannel.

e Multichannelcustomersare more profitablethantheywouldhavebeenhadtheynotbeen
multichannel.

e Asaresult,average profitpercustomershouldincrease.

IsthisACTIONABLE?

Case 4 BooksRUs: Summary

Can marketing actions create more multichannel customers?
Will this increase the profitability of the customer base?

If yes, how?

—By reducing churn?

—By increasing spending volume?
—By increasing purchase frequency?

Case 4 BooksRUs:

Can Marketing Induce Multichannel Buying and More Profitable Customers?
“Untargeted strategy”

— BookRus is a major multichannel European book retailer. The company sells books through stores,
mail-order, phone and the Internet.
— The firm mails a print catalog to the customer base five times per year

— The company opted for an omnichannel strategy providing members several possibilities to purchase:
the physical stores, the website, mail/order or phone, the app

— Despite the efforts of providing more channels to purchase the core customer base was still strongly
related to the physical store without exploring other available channels (70% of customers purchased
mainly using only the Physical Store)

— Additionally. the management wasn't sure about how much effective an omnichannel strategy could
be in increasing average customer profitability

Chiara Tua
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Indoing this, Roberta is attempting to implement an "UNTARGETED" strategy aimed atreducing churn
and increasing customer base profitability. The approachis indirect; therefore, the campaignand field
testneedtobecarefullydesigned.

CASE OBJECTIVES

BooksRUsimplementafield experimenttoaddressfourquestions:

1. Canamarketingcampaign be designedto create more multichannelcustomers?

2. Ifso,aremultichannelcustomers more profitable thantheywould have beenhadtheynotbeen
multichannel?

3. Whatistheimpactonchurn?

4. What types of marketing campaigns work best, and why?

DATA

Thecompanyselectedon3cohortsof customerswho lived within atleastone store’s service areaand
were acquired in the last period of the year (September - December): Cohort 1, Cohort 2 and Cohort3.
Allcustomersincludedinthese cohortwere observedsincetheveryfirstpurchase:

Cohorts1and2wereusedtotestif multichannelcustomersare associatedwith higherprofitsandless
churn.Cohort3wasselectedtoconductthefieldtest

Before running the Field Test Roberta wanted to have a first correlational empirical evidence that the use of

multiple channels was associated with more profits. She used data of Cohort 1 to conductthisanalysis.

Phase 0 - Are Multichannel Customers More
Profitable Customers?

Average Profits per Customer per Year

€4288

£ 2000 €16.34

Serg
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Phase 0 - Are Multichannel Customers More

Profitable Customers? _

Case 2 Results

ults: Oxdinzry lea=t sguazes

kelihood:
F-statzs=tic:

35374 Pzcb (F-statistic):
0.337 Scale:

Coes. 3zd.Exr. © B>icl [0.035 0.975]
mszitickerrel ©.0000 20.3231 21.5802
age 0. 1415 0.1803
fea=le o. -8905 1.526S
street_agent 0 .8565 3.4780
0. -5424 2.3349
o -5154 2.159¢%
9 0.€58%
9 0.5550
0. -1394 ©.7649
g -4994 -1.1598
o. 5788 12.4509
o -144€ -1.9630
o. 5910 11.1438
0. 5139 0.5476
o .6099% -0.3978
0. -000€ 0.0036&

.S82€ 5.2142

Phase 0 - Are Multichannel Customers More

Profitable Customers?

Case 2 Results

Chiara Tua

0.33€
287829.07S0
287873.1367
=1.4390e+0S
i122.
0.00
1s8s.23
Coes. Szd.Err. t B>ici [0.035 0.975]
mzlitickarrel -0000 20.3231 21.5802
age cooo -1415 0.1603
feasle cooo -8905 1.5265
street agent -0oco -8565 3.4780
cooo -5424 2.3349
1 -0000 -5154 2.159%
-257¢ 0.5552 5517 —0.3519 0.6589
. city - [} -0.5076 0.5550
franchisee -1394 ©.764S

.4994 -1.1598
.5788 12.4509
1446 -1.5630
.5910 11.1438
-5139 0.5476
-6035% -0.3978
000 0.0036
.892€ 5.2142

initislstoxepromo

|
WOO0OWYLNOOOMMKNO O

-313€6-1
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PHASE 0 - ARE MULTICHANNEL CUSTOMERS
MORE PROFITABLE CUSTOMERS?

CLV PERSPECTIVE
She also computed the CLV using this (Cohort 1) :

(1+d)

CLV = mm—

Average CLV=Customer Lifetime Value

Discount rate=0.12 €97.19

r=retention rate=1-churn rate
d=discount rate
AC=acquisition cost=10 €

€30.85

Single

Design of the field test

This figure depicts how marketing communication can induce customers to become
multichannel shoppers who in turn are more profitable.

Direct Route
A
25 ™
Multichannel > Multichanoel
Cognitions Attitudes

Marketing / \ [ Multichannel 5 Customer

Communication \ /] Behavior Profits

Purchase Multichannel Multichanoe!

Frequency Cognitions Attitudes

o - PP
Indirect Route
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ACTIONABILITY

FO U R CAM PAI G N s: IS MULTICHANNEL CUSTOMER STRATEGY ACTIONABLE?

«Multichannel Message» promoting multichannel shopping

Direct
Route

Indirect
Route

«\/alue Proposition Messages» promoting the company

IMPLEMENTATION OF THE FIELD TEST

Group Number of

customers
MNF 6810
MF 6831
VPNF 6829
VPF 6821
Control 3419
30710

Chiara Tua

Perind S

Recruit

Assign to
Experimental
Group

Period 1 Perad 2

Marketing  Marketing
Campaign  Campaign

Period 3 Parind 4 Period 5

J

T
Observe Buying Behavior
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Caso BooksRUs: Field Test

Step 0: Open the dataset Cohort3.xIs.

import pandas as pd

import statsmodels.api as sm

import statsmodels.formula.api as smf

import numpy as np

import researchpy as rp

import os

from statsmodels.stats.proportion import proportions_ztest

#Step 0:

#0Open dataset Cohort3BooksFieldTest.xls

file_path = r'C:\Users\ValentiniS\Cohort3BooksFieldTest.xls
df = pd.read_excel(file_path)

df.head()
id groups profits churn_observed multichannel mf mnf vpf vpnf ¢ .. mean_city early email franchisee street agent initialweb initialstore initialmol
0 1 Control 39.040001 0 0 0 0 0 01 . 0 1 0 0 0 0
1 2 mnf 53.080002 0 1 0 1 0 00 . 0 1 0 0 1 0
2 3 vpnf  0.000000 0 0 0 0 0 10 = 0 1 1 0 1 0
3 4 mnf 56.049999 1 1 0 1 0 00 . 0 1 1 0 1 0
4 5 Control 9.290000 0 0 0 0 0 01 . 0 1 1 0 0 0

5 rows x 24 columns
4 »
df.shape

(30710, 24)

Step 1: Model Free Evidence: Check if and which of the campaigns

# Step 1: Model Free Evidence: Check if and which of the campaigns generated the most multichannel customers

df.groupby(“groups™)[ ‘multichannel’].mean()
-
c

groups
Control ©.069903
mf @.072757
mnf @.032085
vpf @.070224
vpnf 9.071753

Name: multichannel, dtype: float64

# Step 1: Model Free Evidence: chart
df.groupby(“groups™)[ ‘multichannel’].mean().plot.bar()

[T

£

<AxesSubplot:xlabel="groups'>

0.08 A
0.07 A
0.06 -
0.05 A
0.04 A
0.03 A
0.02 A
0.01 A
0.00 -
S

E

mi
vp

Control

groups
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#impact on churn: model-free evidence
df.groupby("groups™)[ "churn_observed® ] .mean().plot.bar()

<AxesSubplot:xlabel="groups'>

0.175 A

0.150 -

0.125

0.100 -

0.075 -

0.050 -

0.025 -

0.000 -
g = £ 5 5
8

groups

#impact on churn
df.groupby("groups™)[ "churn_observed’].mean()

groups

Control 8.1745612
mf @.173327
mnf 9.158737
vpf @.174168
vpnf 2.170019

Name: churn_observed, dtype: floaté4

#impact on profits
df.groupby("groups™)[ 'profits'].mean().plot.bar()

<AxesSubplotixlabel="groups'>

20-
151
10 -
5
ol
£

N N
€ =

g
groups

vp

Control
mi

#impact on profits
df.groupby(“groups")[ "churn_observed"].mean()

groups

Control 8.174612
mf ©.173327
mnf 9.158737
vpf ©.174168
vpnf 2.170010

Name: churn_observed, dtype: floaté64
Chiara Tua
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Step 2: Statistical Test: Test if and which of the campaigns generated the
most multichannel customers.

# Step 2: Results of the Field test: TEST
formula = ('multichannel ~ mf + mnf + vpf + vpnf’)

model = smf.logit(formula, data = df).fit()

print(model.summary2())

Optimization terminated successfully.
Current function value: ©.263012
Iterations 7

Results: Logit

Model: Logit Pseudo R-squared: ©.801
Dependent Variable: multichannel AIC: 16164.1787
Date: 2023-1©-16 9e:35 BIC: 162@5.38404
No. Observation 3e71e Log-Likelihood: -8077.1

Df Model: 4 LL-Null: -8081.7

Df Residuals: 30705 LLR p-value: 2.956010
Converged: 1.000@e Scale: 1.0eee

No. Iterations: 7 .o02e

Intercept -2.5882 ©.2671 -38.5884 ©.929020 -2.7196 -2.4567
mf ©.2431 @.es817 ©.5275 ©.5979 -e.1170 ©.2031
mnt ©.1738 e.ese3 2.1648 ©.03e4 2.0164 ©.3312
vpf ©.0849 @.e821 ©.0600 ©.9522 -@.1560 ©.1659
vpnf ©.0281 @.es81s8 ©.3434 ©.7313 -9.1323 ©.1885

Remembertoexcludethe controlgroup.

# Step 2: Results of the Field test: test
#HHEHE#ZEE CHURN
formula = ('churn_observed ~ mf + mnf + vpf + vpnf®)

model = smf.logit(formula, data = df).fit()

print(model.summary2())

Optimization terminated successfully.
Current function value: ©.455253
Iterations 6

Results: Logit

©.000
27971.6567
28013.3185
-13981.
-13985.
©.088281
1.00092

Model: Logit Pseudo R-squared:
Dependent Variable: churn_observed AIC:
Date: 2023-10-16 @2:36 BIC:
No. Observations: 3e71e Log-Likelihood:
Df Model: 4 LL-Null:
Df Residuals: 30795 LLR p-value:
Converged: 1.0002 Scale:
No. Iterations: 6.0000

Coef. Std.Err. P>
Intercept -1.5533 ©.28450 -34.4802 ©0.92e2 -1.6416 -1.4650@
mf -9.0e89 @.e552 -9.161% ©.8714 -©.1172 ©.09293
mnf -9.1144 8.e559 -2.9446 ©.9429 -©.2240 -0.9047
vpf -9.0831 @.9552 -©.0559 ©.9554 -0.1113 2.1e51
vpnf -e.e323 ©.8554 -©.5827 ©.5621 -2.14e8 2.9763

Theeffectshouldbeindirect->wewantto observeifthe newlycreated multichannelcustomerarenow

abletoreducechurnandimprove profits.

# Step 2: Results of the Field test: Test

#uppse profits

formula = ('profits ~ mf + mnf + vpf + vpnf’')

model = smf.ols(formula,

print(model.summary2())

data = df

). fit()

Results: Ordinary least squares

Model: oLs Adj. R-squared: ©.020
Dependent Variable: profits AIC: 273197.3616
Date: 2022-10-16 @9:36 BIC: 273239.0233
No. Observations: 38710 Log-Likelihood: -1.3659e+@5
Df Model: 4 F-statistic: 2.319
Df Residuals: 30705 Prob (F-statistic): ©.@546
R-squared: e.000 Scale: 427.52

Coef Std.Err. t P>|t| [e.025 9.975]
Intercept 20.8947 ©.3536 59.0891 2.2200 20.2016 21.5878
mf ©.2598 2.4332 ©.5998 2.5486 -0.5892 1.1e88
mnf 1.2367 2.4334 2.3921 ©.2168 ©.1872 1.8861
vpf ©.1476 @.4333 9.34097 ©.7333 -2.7016 9.9963
vpnf ©.2300 @9.4332 9.64564 9.51380 -2.569@ 1.1291
Omnibus: 5182.527 Durbin-kWatson: 1.840
Prob(Omnibus): 0.080 Jarque-Bera (JB): 10331.001
Skew: 1.e29 Prob(38): @.e00
Kurtosis: 4.959 Condition No.: 8
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Step 3: Test if and which of the 4 campaigns had an effect on churn, and
reflect on which variables to include in the test.

#check if multichannl impacts Churn

formula = ('churn_observed ~ multichannel’)

model = smf.logit(formula, data = df).fit()

print(model.summary2())

Optimization terminated successfully.

Current function value: ©.458568

Iterations 7

Results: Logit

Model: Logit Pseudo R-squared: ©.911
Dependent Variable: churn_observed AIC 27677 .4182
Date: 2023-1©-16 @2:38 BIC: 27694.03829
No. Observations: 30710 Log-Likelihood: -13837.
Df Model: 1 LL-Null: -13985.

Df Residuals: 30798 LLR p-value: 2.0765e-66
Converged: 1.0082 1.0082

No. Iterations: 7 .0028

Coef. Std.Err. z

Intercept -1.5238 2.9155 -98.5823 ©.9220 -1.5541 -1.4935
multichannel -1.3417 ©.9944 -14.2192 ©.2220 -1.5266 -1.1557

Beingmultichannelis associated with lesschurnand higher profits.

Step 4: Test if and which of the 4 campaigns had an effect on profits, and
reflect on which variables to include in the test.

#check if multichannl impacts profits
formula = ('profits ~ multichannel')
model = smf.ols(formula, data = df).fit()

print(model.summary2())

Results: Ordinary least squares

Model: oLs Adj. R-squared: ©.169
Dependent Variable: profits aIC: 267496.2869
Date: 2023-10-16 90:38 BIC: 267512.9516
No. Observations: 30710 Log-Likelihood: -1.3375e+05
Df Model: 1 F-statistic: 6268.
Df Residuals: 30708 Prob (F-statistic): @.ee

R-squared 355.12

Intercept 18.8756 ©.1117 168.9365 ©.0000 15.6566 19.0946
multichannel 32.5797 ©.4115 79.1714 ©.0000 31.7731 33.3863
Omnibu: 4764.087 Durbin-Watso: 1.840
Prob(Omnibus): ©.000 Jarque-Bera (J8): 8454.467
Skew: 1.006 Prob(JB): 2.9200

Kurtosis: 4.599 Condition No.: 4

*** please note you can control also for other variables but result would not change dramatically, since it is a result of a randomized field test
#check if multichannl impacts Churn and profits

formula = ('churn_observed ~ multichannel + age +
‘north + female +°
‘bigcity + mean_city + early_email +°
‘franchisee + street_agent +°
‘initialweb + initialstore + initialmobile + initialstorepromo +°
‘initialreturns + initialrevenues'

model = smf.logit(formula, data = df).fit()
print(model.summary2())

Optimization terminated successfully.
Current function value: ©.430332
Iterations 7

Results: Logit

Model: Logit Pseudo R-squared: ©.855
Dependent Variable: churn_observed AIC: 26462.9731
Date: 2023-10-16 88:44 BIC: 26596.2906
No. Observations: 30710 Log-Likelihood:  -13215.
Df Model: 1s LL-Null: -13985.

Of Residuals: 30694 LLR p-value: o.2000
Converged: 1.0008 Scale: 1.0000

No. Iterations: 7.0002

Intercept -2.6497 ©.0683 -9.5120 ©.0000 -2.7836 -©.5159
multichannel -1.3793  ©.0962 -14.3423 ©.8800 -1.5678 -1.1908
age -2.0163  ©.0211 -14.09633 ©.0000 -2.0184 -2.0142
north ©.28%0 ©.0413 6.9938 ©.0000 ©.2080 ©.3700
female -2.5703  ©.0327 -17.4175 ©.0000 -2.6345 -0.5061
bigcity 1.0623 ©.0503 20.8806 ©.0000 ©.9626 1.1620
mean_city ©.2255 ©.0734 3.0724 ©.0021 ©.9817 ©.3694
early email -9.9667 ©.0333 -1.9676 ©.2491 -8.1332 -9.0003
franchises -9.9674 ©.0333 -2.0232 ©.0431 -9.1327 -90.0021
street_agent -©.4389  ©.0332 -13.2206 ©.0000 -2.5040 -©.3739
initialweb -9.1024 ©.1239 -0.5260 ©.4088 -0.3453 ©.1406
initialstore -1.2206 ©.6032 -2.0234 ©.0430 -2.4030 -©.0383
initialmobile -.3960 ©.1319 -3.8022 ©.8827 -8.6545 -0.1375
initialstorepromo 1.0329 ©.6041 1.7100 ©.8873 -©.1510 2.2169
initialreturns -0.0080 ©.0057 -1.3911 ©.1642 -8.8192 ©.0033
initialrevenues ©.0099 ©.0011 9.2757 ©.0000 ©.2078 ©.0120
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Step 5: Which campaign worked better? Why?

MNF (reactancetheory)isthe campaignwhichworked better; the value proposition optionsdon’t
tellcustomersthepresence of multichannel. Discountmeansthatthereissomethingforyou, but
inthis case, MFforceyoutopurchase, butalsoonwhichchannelsdothepurchase->itisreally
manipulatingandithave anegative effectoncustomers.

Theory of planned behavior -> perceived behavioral control is associated to an increase in
positive attitudetowardanaction. Inthis contextthisconceptcanbereassumedinthefactthat
justthe

knowledge ofthe presence of multiple channelsishelpfulforourpurpose.

Mean Ratings of Each Communication (1-5 scale)

Mean Rating (1-5 scale)

* MNF produce less “reactance” and increased “perceived control”!

Multichannel customers are more profitable:
further analyses

Industry: Books

Average annual Profit per customer, distinct by frequency of

purchase

Number of 2 3 4 5 8 7 8 9 >9
Purchase

occasions
Single Channel €20.28 €29.18 €36.27 €37.68 €34.14 €36.26 €38.03 €43.20 €50.11

Multichannel o, »5 €37.05 €45.14 €52.92 €59.96 €60.37 €57.34 €67.97 €63.34

Difference €3.08 €787 €887 €1523 €2583 €24.01 €£€19.31 €2477 €13.23
p-value 0006 0000 0000 0000 0000 0000 0003 0105 0173
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margins...

Store 31% 79%
Internet, Mail, Mobile 69% 21%

However, TT > 0 even for combinations of high margin channels

Multichannel Single Channel TT=Difference in Profits

Internet/Mobile Internet £8.52
Internet/Mobile Mobile £17.54
Internet/Mobile Mail Order £564
Internet/Mail Order Internet €1231
Internet/Mail Order Mail £13 64
Internet/Mail Order Mobile £2334
Phone/Mail Order Mobile £€18.00
Phone/Mail Order Mail £€8.00
Phone/Mail Order Internet £7.23

Post-testsurveyconductedonthe company'scustomers: 2,068 respondents->LabExperiment:each
respondentwasexposedtoonlyoneofthefourcommunicationsusinganexperimental logic
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Strategic Marketing Questa dispensa & scritta da studenti senza alcuna intenzione di sostituire i
and Analytics materiali universitari. Essa costituisce uno strumento utile allo studio della materia
ma non garantisce una preparazione altrettanto esaustiva e completa quanto il
materiale consigliato dall’Universita.

STRATEGIC MARKETING & ANALYTICS

DATA & ANALYTICS FOR STRATEGIC MARKETING DECISIONS

Setting the scene

Betty

A
WWW Jasics

NRE
— > GFasks

O Jasics >

Betty is a runner, and she might be exposed on some target adv, through a post as, for example, buy a new
running pair of shoes.

The post triggers her attention because she is considering buying a new pair of running shoes, so she goes
walk to the city centre, enters the Nike store and try’s them on, but she is not sure if they are fit or not, so she
postponed thinking about it.

In the meanwhile, she is using a free run activity tracker in which she is exposed to an Asis adv, which
proposes to register to the newsletter in order to have a discount on the first purchase.

After a while she takes her decision opting for a Nike pair of shoes but not at the Nike store but online cause
she can customize them by choosing the color and so on.

She receives the shoes, but the color is not what she ordered, so she phones the customer service saying
that there is an issue with her order.

The customer service fixes the problem and asks Betty if her want to receive the new pair at home or if she
prefers to collect it at the store. Betty decides to pick them to the store.

In the meanwhile, Asis keep emailing her with possible new offers, but at the end the transaction is for Nike.

What this example tells us?

This is the description of the decision process -> when we buy something new, we pass through different
phases:

1) search for alternatives

2) purchase

3) evaluation of your purchase

->this is called customer journey which is the decision process from the very beginning until the end.

Company can track each phase of the customer journey, even the searching initial phase. Customers can be
tracked at the same time from different company. Acquire the ability to analyze data to answer relevant
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marketing questions and support decision is a fundamental part of marketing manager work. Data and
analytics are used in marketing to try to create efficient and effective marketing strategies.

Which marketing question when analysing data?

How do channels

impact a brand’s .
Distribution P increase the Brand Choice

choice and likelihood that
customer brand x is chosen?

How can we

decision-making?

Who are our customers? Consumer

Who is most likely to purchase? Analysis and

Which product variant are they most likely to Targeting

buy? Value of the

Customer
Base

Can discounts
. ) effectively lead new
Marketing Actions customers to make their Are our customers

initial purchase? profitable? Are our

customers loyal?

How can we increase
the profitability of the
customer base?

S E P H O R A Objective: Encourage purchases from consumers who have not used
the loyalty card in the last six months.

""'-""

4

e

¢ Iree Shipping P

/ ¢

7S

G o e How are these evaluations made?

Which Strategy is more Effective?

BEAUTY
TEMPTATION

Exclusive sale ends Feb 22. Up to 50% off select products.

Don't miss out!

Why do we need analytics in marketing?

Chiara Tua
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Statistic helps managers in dealing with uncertainty -> managers can make smart decisions and lead staff
more effectively.

Data and analytics reduce uncertainty -> if ’'m a manager | don’t want to risk, so if | can provide empirical
evidence, it will be so much better; moreover, you need to test your idea -> in this way is highly recommend
use data.

Prior: Managers' intuition Decision

Decisions based on managers intuition.
The management provides preliminary estimates (prior) about the probability that the event will occur
following a strategy.

Prior = The management expects a 10% increase in
purchases by customers with loyalty cards through the email and smartphone free shipping campaign.
Pay attention to:

e Avaiability bias

e Overconfidence

In statistics (Bayesian theory) Prior.
Refers to the initial estimate or probability one has regarding an event
before considering new information or data

Posterior: Data

Decisions Based on Data Analysis.

We can gather information and use it to refine the preliminary (prior) estimates regarding the probability that
an event will occur.

Collect Data > Posterior

Posterior= After analyzing data, we estimate that 5% of loyalty card customers will respond positively to the
free shipping campaign promoted via email and smartphone notifications.

In statistics (Bayesian Theory) Posterior:
The updated probability of an event after considering new data or information.

Value of analytics in marketing
e You can collect information that is used to refine the prior estimate of the probability that an event
occurs.
Prior -> Collect Data> Posterior
[Prior you get for “free”; and maybe it’s enough]
e Statistics should reduce uncertainty associated with predicting future events.
Prior(variance) > Posterior(Variance)
e Reliability of information is notignored
e Statistic should help you to quantify the consequences of a planned business action.
ChiaraTua



Strategic Marketing
and Analytics

Choose the action that maximizes some decision rule

Consider Both Approaches

Managers' intuition Dd = Driven Dalsions
Decisions
Prior Posterior
Marketing
Research
Perspective

Marketing Actions

DATA-DRIVEN DECISIONS
Data & Analytics <-——->Data Challenges | Privacy | Fairness

The final aim is to create value for both the company and the customers.

Big data & customer journey

Data in Marketing: What data?

Making decisions about the types of data is a “measurement problem”.
We can have 2 distinct macro classes of data:

Chiara Tua
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e Primary data: can be collected in 2 different ways and for a specific purpose (and this is the main
difference with secondary data):

o Qualitative research (focus group, observation, in-depth interviews)
o Quantitative research (market surveys, lab experiment)

e Secondary data: refers to data that has been previously collected, so they are already available, and
for some other purpose. These data are not collected specifically for a study at hand but can be
utilized to gain insights.

Secondary data are the data that can be derived from both internal and external sources such as
social media pages, loyalty cards, website, corporate CMR, e-commerce, and physical stores. -> we
don’t have to pay for them, and it is here data marketing analytics was born

Field experiment: experimental part combined with secondary data

The Customer journey

REVIEWS

POTENTIAL
CUSTOMER

TARGET

Remember the example of Betty

The CompIeX|ty of the Customer Journey

Need Phase Search Phase ——» Purchase » Post-Purchase
. 4 == a

: - J
E 3 e 5D
Ou=rm  Jasics DL Saswcs .

| Acquisition Pre- Behavior | Purc::rsce.{::epeat ] Post-Purchase | Value Retention?
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Need Phase » Search Phase » Purchase » Post-Purchase

Current Customer Experience (t)

Propurchass Purchase Postpirchase
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Customer Jourmey
The relationship between customer journey and data analysis is really strong, because all the interaction
between a firm and its clients can be tracked becoming data to analyzed.
More formally the kind of behavior that we can track is a pre-acquisition behavior -> we can have search
data before purchasing, we can have data about the purchase occasion and then we can have data about
post-purchase occasion, so what happened after.

We have a pre-purchase stage -> we can have data collected thanks to different touch points such as social
media, the store and so on, and also it is interesting to understand if those touch points are owned by the
brand of managed by a partner.

Example: Procter & Gamble

We decide to do a partnership with Amazon for a specific product, for example Gillette.

In this case, Amazon is a partner so the channel is the e-commerce (touch point) but it is not owned but the
brand.

Thinking about the customer journey, which data can be considered as the most relevant?
e Time spent on the website
e The arrival channel (social media, corporate page, an influencer page...)
e (Customers’ opinion post-purchase
e Response to promotions
e If customers purchase or not
e What customer purchased
e Through which channel customers interacted with (social media, store, online website, call centre...)

Key element of the Customer Journey
1. Digital channels & touchpoints and integration with physical channels (Brand-owned, Partner-owned
or Customer-owned touchpoints)
Omnichannel perspective
o Social media

Chiara Tua 6
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o Physical store
o Online channel

e These are just example of the possible touch points that we can track and analyzed give the firm
relevant information

2. Data

3. Analytics & Better targeting

CHANNELS & TOUCHPOINTS
The Channels in the Customer Journey E‘

l |
) & Qe \@
’X e 2N > s

Online & Ofﬂipe /

BN

Track the presence within the store is very difficult -> for every single purchase occasion we can track HOW
the customer interacts with the different touch points and channels not only for the first purchase occasion,

but also for the cumulative purchase occasion or search sessions that the customer comulates interacting
with us.

The channels "complicate" the customer journey...

Need Phase Search Purchase Post-Purchase Value

Channel A, Firm
1

J

A Channel 8, Firm |

Customer

Problem

Recognitio

Profitability

Frequency

Channel A, Firm

Amount Spent
k

n

Retention

Channel I, Firm

t, Acquisition Purchase Retention Firms' Value >

t, | Pre-Purchase Purchase Retention Firms'Value

Example: Walmart retail channel strategy?
o Store
o Online store
o Website
o Pick-up service

Chiara Tua 7
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o Front door delivery

o Smart door lockers

o Walmart + -> a subscription service similar to Amazon Prime that gives members express
delivery, discounted petrol and other perks

Customers have more choices than ever before when it comes to how they get their groceries. They can shop
with us in stores, order online for free pickup, or have groceries delivered to their front doors. Customers can

also order fresh groceries and everyday essentials and have them delivered directly into the kitchen or garage
fridge

Walmart partnered with TikTok to pioneer innovation for the
fastest growing digital community. They brought a shoppable live
stream experience to U.S.

TikTok users for the very first time. The TikTok community enjoyed
shopping while engaging with their favorite creators. During the
event, we netted 7X more views than anticipated and grew our
TikTok followers by 25%.

Walmart>2 | o TikTok

SPRING

SHOP-ALQON
BEAUTY EDITION

MARCH 1L 9PM ET / 6PM PT
SHOP SEAUTY NUST HAVES!
FOLLOW @WALMARYT YO TUNE IN

March 9, 2021 William White, Chief Marketing Officer, Walmart U.S.

The company gave clues to its reasoning, saying TikTok's integration of ecommerce and advertising
"was a clear benefit to creators and users" and would "provide Walmart with an important way for us to reach
and serve omnichannel customers as well as grow our third-party marketplace and advertising businesses".

=>This is an example of channel segmentation
Example: Sephora channel strategy

o Catalog
o Community
o Store
o Smartphone
NEED SEARCH PURCHASE POST
STORE I need something | | search my Itis easier finalize | They give you
and | go to the product, and, in the purchase in samples which
store the meanwhile, | store incentive you to
find something buy again
else
SOCIAL MEDIA | see apostand| | |see something Possibility to da Newsletter,
find new desire through the social | an Adv which surveys, analyse
and I wantto buy | facilitate the insights,
it purchase actions | broadcast
channels
MAKE-UP ROOM | You need that You see the It facilitates the They usually ask
service, or you products and purchase after you feedback
trying the
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want to learn want to learn products, about the
something more about them | moreover you experience
paid for the
experience itself
WEBSITE I need something | While I’'m Possibility to buy | Loyalty cards
but | don’t have searching a online
time to go to the product, I’ll also
store have correlated
products
How did all start? Omnichannel... Past 15 years
Web & Sales Multichannel Mobile Omnichannel
Cannibalization Marketing Special Issue "Mobile Marketing
Marketing in the ! )
Deleersnyder, Tesser 2002 Retailing Environment” Special Issue “From Multi-

Channel Retailing to Omni-
Channel Retailing” Journal of
Retailing 2015

Ailawadi, Ferris 2017

Geyskens, Gielens e
Dekimpe 2002

Special Issue “Multichannel
Marketing” journal of Interactive
Marketing 2005

Thomas e Sullivan 2005

Neslin et al. 2006

Venkatesan, Kumar, Ravishanker
2007

Konus, Verhoef e Neslin 2008
Neslin e Shankar 2009

Valentini, Montaguti, Neslin 2011
Kushwaha e Shankar 2013
Konus, Neslin, Verhoef 2014
Montaguti, Neslin, Valentini 2016
Cambra-Fierro et al. 2016

Journal of Interactive
Marketing 2010
Andrews et al 2015

Back to Offline

Avery, Steenburgh, Deighton e
Bell 2014 Location is Still
Everything

Customer Journey
Research Shopping, Lemon & Verhoef 2016
Showrooming
Webrooming

Verhoef, Neslin, Vroomen 2007
Gensler, Neslin, Verhoef 2017

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 201720182019 2020

Why omnichannel?
As a company we can have multiple advantages:
1. Some channels can be more costly for some customers
2. ltis possible to shape and orient the customer journey of the customers towards channels that
provide more margin for the brand
3. To expand customer base (Sephora is active on social media even through the purchase button
because probably they realise that they want to reach a specific target, the younger generation, that
usually buy through this channel -> to reach them the company must adapt to their preferences)
It can be a tool to increase customer satisfaction, because | can reach all the customer in different
way, moment and occasion

4. ltcan be atooltoincrease customer satisfaction, because | can reach all the customer in different
way, moment and occasion

Chiara Tua
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An organization can tailor its omnichannel approach by mapping each customer journey to a quadrant
of the matrix and focusing on only two or three in the top-right corner.

High
Steer customers to
most channels with
the most efficient
issue resolution while
ensuring their basic
functionality

Propensity to use
multiple channels

Ensure functionality
of primary channel
that creates
moments of delight to
optimes customer
experience

Low

Low High

Importance of journey to
customers

Omnichannel Opportunities Omnichannel Threats

Right channeling: high margin channels Cannibalization: profits cannibalization
can produce a significant reduction in costs | across channels: increase the number,
same profits, more channel

Customer satisfaction: provide customer a | Brand value erosion: the brand value could

better service/experience be eroded if channels are not well managed
Expansion customer base: the % of online | Channel coordination: the company
and mobile shopping has increased and should be able to effectively manage
continues to increase different channels -> decrease in consumer

satisfaction, customer retention...

Increase profits

N.B. Use multiple channels can also be dangerous depending on the kind of products that the company is
selling.
A growing interest in the omnichannel strategy...

70% of Saks customers purchasing
online also purchase in stores

The multi-channel customers spend
from 3-4 times more than the single
channel

Chiara Tua 10
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Several businesses decide to implement different channels because they find evidence that customers tend
to be more profitable for the brands -> of course this is not a rule valid for every firm and industry, so it is
important to verify this behavior before investing in this marketing activity.

Is there a relationship between channel choice and customer profitability?

Do multichannel customers buy more?

Average Annual Dollars Spent
per Customer

$1,000.00 $887.00
800.00 s
gsoo.oo $446.00 $485.00 sl
S400.00 $201.00 5157 00 S195 00
$200.00 —
$0.00
N X e "
(z}o e«“c \\s\@ " z\" ,,;9‘ q:\o
<& & & & & & »°
\(‘ \&‘ \.’b\ (:& .
2 McKinsey Quarterly 2011

“The promise of multichannel retailing”

Replicated by: Loftus, Mulliken and Sharp 2008; Myers, Pickersgill, and van Metre 2004; Thomas and
Sullivan 2005; Kumar and Venkatesan 2005; Venkatesan, Kumar, and Ravishanker 2007; Ansari, Mela,
and Neslin 2008; Boehm 2008; Campbell and Frei 2010; Xue, Hitt, and Chen 2011; Gensler, Leeflang,
& Skiera 2012; Kushwaha and Shankar 2013, Montaguti, Neslin, Valentini 2016.

DATA
Data -> available data are big, that is why they are so interesting

Mapping the Journey...and Volume of Data

Need Phase Search Purchase Post Purchase Value

Channel A, Hrm
|

{

Channel ), Firm |

Customer
Profitability

Frequency

Problem

Recognitio

Channel A, Firm

S
% Amount Spent

Retention

t, = Acquisition Purchase Retention Firms' Value >

t, | Pre-Purchase Purchase Retention Firms' Value )
Vv

Nowadays we have the possibility to enter in contact with several secondary data -> the volume of
disposable data in huge, but remember that we don’t necessarily need a lot of data, but what is more
important is have good data available now!
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Chiara Tua

3 V's of Big Data

Volume
Big

Velocit:yData Variety

Volume: data are big, we have a lot of information (less interesting: in principles we don’t need a
lot of data, but good data)

Velocity: | can have the data now -> we don’t need anymore to do surveys even though they are
still useful -> we can now opt for an instant marketing strategy

Variety: also, text are data (through Python | can transform a text into data) that can be analysed;
even photos can be data, about our preferences, emotions, age, gender, vocal audios

Low

Variety Q-

= Grateful and Happy After a Week’s Stay! oot
[ . 1 L]
4 a I 4% Review of Rambo Homestay
OOO®® roiionod June v 2020 [Jvia mobils
l"hl':/ We thoroughly enjoyed our stay. The room was spacious with comfortable beds. The vibe was

w minutes to many

The

My Stay ... really sad
Review of Astoria Inn
Missing features! QOO00 Reviewed 24 March 2012

Reviewed in the United States on April 14, 2020

Although this Is a very good air purifier, and the HEPAT3 c | stayed at this hotel, had ANTS cr¢ old and showed them lady
filtration combined with lonizer is really great to have, | was very smiled and OHHWEHAD T
disappointed in the fact there were significant missing features to floor hine brok

on the actual shipped product! ge he morning
N We

tighten down

es in Knox .. .but this will not

happy, try and stay somewhere else if yo

be a good one
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Linguistic <
Inquiry and — A
Word Count i

Book by James W
Pennebaker and Martha E

Francis

amazon Hekoonition
N1 b

Variety

Example: Booking.com,

Tripadvisor can classity UGC with
labels associated to the presence of
specific elements (e.g. swimming pool,
mountain

TR < !
Demographic Data MA ety Sentimf ,Expressed'

‘ " Eyes are open

BT . < /100%
Facial Landmarks Happy

- )
E ge;o«»fum
Smiling “ " Mustache

Image Quality 96.3% e ;?/100".:,

\ Brightness: 25.84 Beard General Attributes

Sharpness: 160 L 65.3% ,., L N 3

»

More info: https://www.youtube.com/watch?v=fk-TxySUAzw
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Google Now Cortana

What Data are Voice Assistants Collecting

ANALYTICS & DATA-DRIVEN DECISIONS

Big data and the information derived from them can be used anytime.
Big data and analytics work basing on

algorithms -> as a whole these practices work

How does it work?

What do we know?

- What impacts the choice of
channel/touchpoints, why
different customers choose
different channels?

« How and when is
marketing effective in
shaping and influencing
channel preferences, and
how the impact of
marketing changes over

I Bisogno Ric 1o cquisto Post-Acquisto Valore per Limpresa

Verhoef and Donkers 2005 Journal of Interactive Marketing
Thomas and Sullivan 2005 Journal of Marketing tlme’)

Ansari, Mela, Neslin 2008 Journal of Marketing Research - . A

Campbell and Frei 2010, Management Science elatlonshlp betW een
Valentini, Montaguti, Neslin 2011 Journal of Myrketing annel ChOiCG and
Kushwaha and Shankar 2013 Journal of Marketing < o
Venakatesan, Kumar and Ravishanker 2007 Journal of Markting customer profltablhty.

Ansari, Mela, Neslin 2008 Journal of Marketing Research « What is the effect of the
Montaguti, Neslin Valentini 2016 Marketing Science iy
acquisition channel on

customer loyalty?

e HHOW CANL @
__ business increase
e | its chances of

pN_T_ ' gaining a new
--------- customer?

rkering Which marketing strategies

L~ are most effective in
: s maximizing attraction and

leading customers to their
first purchase?

What is the role of the
- customer's pre-purchase
o =0 behavior?

Post-Acquisto

Riconoscim

ento del

Problema
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The challenge... Map and analyze the entire customer journey.
e How can customers be segmented based on their journey?
e What are the predominant patterns?
e Which types of marketing activities work best?
e What leads to higher profitability?

Analytics: “What can you obtain from them?”

By using analytics to create highly personalized experiences, operators can
overhaul their approach to customer value management (CVM): the process of
maximizing value at every stage of the customer life cycle.

Best-in-class tel n operators engag: tomers at key points
Proactive Retention
data driven Reactive intervention
cross-sell upsell based by dedicated  Proactive win
based on on change “save team” back with
360 risk customer in behaviour informed by personalised
assessment web search and usage usage change offers
l = -
1 - \ Advanced
Customer | _— \ | -~ Analytics-
Lifetime | |\ /  driven CVM
Value ! 4
{
Classic CVM
approach
- Activation Deactivation
Acquisition Development Retention Win-back . :
{upsell and cross-sell) [churn) Souce: McKinse uarterl

Why Data Science and Analytics?
Data Analytics can be seen as Bottom Line, but which is the impact on the customer’s value?

Overwiev: Why do | receive these?

BUOUNI SCONTO,

IN ESCLUSIVA PER TE!

Us tuona ties fanee. Seantatnl

ECOMTD SPEEA  SCOMTO SPESA BCOWTD SFESA
ESSELUNGA

| Vissslizza | "M place”
| acclas Lospents 8 runveng brdnese coaQv
Alrevhia Semiih Comaeon rogce

undersrmour Carramagia Urder Armour
A O O & @ Fly Fast 2.0 Mesh 7/B h donna Geigio
TU ACCEND! IL MOTORE

A QO & O©o @)

Scopri come avere una pelle dall'aspetto piu radioso. ‘
@ Estee Lauder <caiasauderitn er com> (esteelaudenide.it estestauder.com)
, 2

ESTEE LAUDER

0 S
Qv - 2]
. yoax DOLCE & GABBANA
—~—~—
p—

|
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Product Recommendations

flélﬁh ':éwun'

YOU MAY ALSO LIKE

DESIONERS  FORME T

MEEOIT  CLOTHING  GWOES  BAGS  JEWELAY  ACCESSC

i
LS
®
®

How is this done? Market Basket Analysis

= Data: 1,000,000s page visit records

= Compute probability Pr(view product B | view product A)

= [f the customer view product A, recommend product B’s with maximum probability p(B|A)

Does this pay off? EXAMPLE 1

Field Test
# Buyers Revenues

S0000 $8.400,000
17500 $5.100 000
25000 54_800 000
12600 54,500,000 -

° $4.200,000

Current Practice Market Basket Current Practice Market Basket
Recommendation Recommendation

* # Buyers up 22.6%; Revenues up 15.3%.
« $ Millions in increased revenue on an annual basis.

Example 2 | NPTB (Direct Email)
Bank wants to cross-sell home improvement loan
= Cross-selling: loan =
Idea: use next-product-to-buy model (NPTB) to identify those customers with an high probability to
“buy” a loan
Compute probability:
= Pr(Buy Loan Next | Demos, Previous products bought)
= Data: 100,000 customer purchase records for estimation
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Does this pay off? EXAMPLE 2
Field Test

s

oasn

O sow

oI

ooow

Incremental Response Rate
vs. Control
Current practice NPTB

Incremental Revenues per
Customer vs. Control

Current practice NPT

* NPTB model produced more responses and more revenues per
customer.
* NPTB model produced 530% ROI, vs. -16% for current practice

How is this done? The basic intuition
A simple predictive model for targeting

SEPHORA

Tl

Targeting analysis: lift-based app

Number of offers mailed: 1,000,000
Profit contribution per response: $80
Cost per mailing: $.70
Response rate: 1%

Profit = 1,000,000 x .01 x $80 — 1,000,000 x $.70

effective!

Number
Decile of Pros ts
100,000
100,000
100,000
100,000
100,000
100,000
100,000
100,000
100,000
100,000

© 0ONOO A WNS

-
o

$800,000 - $700,000
$100,000

The direct marketing Most of the investment
@ campaign is @ in direct marketing is

wasted!

roach

170000= (3%*100000*80)-(100000*0.7)

PredictResp

Rate
3.00%
2.00%
1.40%
1.15%
1.00%
0.60%
0.40%
0.30%
0.10%
0.05%

Cumulative

Profit Profit
$170,000 $170,000
$ 90,000 $ 260,000
$ 42,000 $ 302,000
$ 22,000 $ 324,000
$ 10,000 $ 334,000
$ -22,000 $ 312,000
$ -38,000 $ 274,000
$ -46,000 $ 228,000
$ -62,000 $ 166,000
$ -66,000 $ 100,000

=> Profits improvement >$100,000 __ >$334,000

We must stop at the fifth decile otherwise we will start losing profits.
Return on marketing investment: ROI
ROI_1=$100,000/$700,000 = 14.3%
ROI_2=$334,000/$350,000 = 95.4%

Chiara Tua
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How do it practically?
Barnes & Noble targeting strategy

< 50% OFF HUNDREDS OF THE BIGGEST BOOKS

@ STORES & EVENTS COVID SAFETY MEMBERSHIP COUPONS & DEALS BESTSELLERS

BARNES&NOBLE MU | Scarch by T, Authr, Keyword or 1B

Books Fiction Nonfiction eBooks & NOOK Teens & YA Kids Toys & Games

BOOK HAUL IS BACK AND 500/” THE BlGGEST BOOKS

BETTER THAN EVER
WHAT WILL YOU HAUL?

e B&N want to send an offer for the purchase of the book “The art of Florence” to a sample of 1,000
customer in their CMR
e The sample is randomly selected
o DATA: For these customers, they have information on previous purchase
o Number of months since the last purchase (recency)
o Number of art book previously purchased (art)
Objective: estimate the probability that a generic customer in the target buys the book "The Art of Florence".
Method: Regressive type - Regression (Logit)
Outcome variable of the model: dummy 0/1 (1=buys, 0O=does not buy).
Independent variables: Recency, Art.

Logistic regression Number of obs = 1000
LR chi2 (2) = 69.14

Prob > chi2 = 0.0000

Log likelihood = -251.46648 Pseudo R2 = 0.1209
purchase | Coef Std. Err z P>|z| [95% Conf Interval]
_____________ o ——— - - - - - - - — - - - - - - - - -
recency | =.0707172 .0192297 -3.68 0.000 -.10840867 -.0330277

art | .9890522 .1346605 7.34 0.000 . 7251224 1.252982

_cons | =2.225636 .2389241 -9.32 0.000 -2.693918 =1 157353

INTERPRETATION:

a. Checkp-value:isitrelevant? -> As the fact that for both regency and art it is 0.000 the estimation is really
reliable
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b. Coefficients: regencyis -0.707172, while art is 0.9890622 so they have different effects on purchases. =>
Regency is going to decrease the likelihood to purchase by 7%, while Art is going to increase the
likelihood to purchase by 9.89%

c. Constanttells us that as awhole, itis really unlikely to purchase the products together.

We trust the model, so we can now predict the future and they way in which customer will behave.

Let's take two consumers: Mario (id.21) and Anna (id.145).

Mario made his last purchase 6 months ago. Also, Mario has previously bought an art book.

Anna made her last purchase 18 months ago, and she has never purchased from the product category (art
books).

What is the difference in terms of the likelihood of purchasing the book "The Art of Florence" for the
two customers?

Mario (X,=6, X,=1) Anna (X,=18, X,=0)

Umnario=-2.22+-0.07*6+0.98*1= Unnna=-2.22+-0.07*18+0.98*0=
=-1.66 =-3.48

- exp(-1.66) 0.16 o = exp(-3.48)

T [+exp(-1.66)] (+exp(—348)]

Mario Anna
16% 3%

Who should be included in the target?

We know that: the cost of sending the offer is $1 for each customer.

The net profit generated from a book purchase by a customer is $6 (net of the cost spent on sending the offer
by mail).

($6)*pac + (-$1)*(1-pac) >0 => pac > 1/7 => Purchase probability > 14%
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Customer acquisition

Marketing Actions

DATA-DRIVEN DECISIONS
Data & Analytics <--->Data Challenges | Privacy | Fairness

Mobile shopping app user acquisition rate Vodafone cuts outlook after weak performance
i inG ANY  NoveMBER 1, 200
worldwide from 2017 to 2020 In Germany

In Germany, which accounts for 30 per cent of group revenue, adjusted ebitda

fell 7.4 per cent to €2.68bn, in part due to losses in broadband customers and

higher customer Sequisition costs

Naked Wines shares dive on profitability concemns
“If we are spending £40mn-plus on customer acquisition each vear then we
have to be clear that we are going to get a satisfactory return on that

investment,” he said. Jonathan Eley SEPFTEMBER 14 2022

| Mobile shopping app user acquisition
s eomnnn. costs worldwide, by type

Characteristic Cost-to-install Cost-to-register Cost-to-purchase
shopping apps (NET) 287 B.7¢
The average cost of customer / S 3
acquisition varies by industry. N~
Insurance customer acquisition rose =~ "R
to $900 per customer SUpon b reward apg

Acquisition phase: our task as manager is to acquire new customers.
What can we do?

e we can use marketing tools in order to obtain the results

e datacan be atooldepending on which data we have -> if our problem is an acquisition problem and

we want to use secondary data probably we have information about the search pattern.

The acquisition phase is an extremely relevant aspect of the customer journey and a possibility to improve
revenues and expand our audience with new individuals and customers. It is a very delicate phase -> it is the
more expensive one because we need to convince someone who doesn’t know us to purchase our products.
So we need to calibrate our action very carefully because they have to be effective.

Customer acquisition: Background
Customer acquisition -> the first time a new customer purchases from a firm or subscribes to a service.
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We can distinguish between to distinct worlds:
a. member/contract/subscription-based business (Netflix, Disney +, Spotify, ...) -> you know exactly
when the customer was acquired because they sign a contract
b. you need something within your business in order to define if you have acquired a new customer -> a
way to define it is to track the very first purchase as acquisition, but it is not possible for every
business (ex. Sephora and in-store purchases -> that is why they usually try to convince you to
subscribe to the loyalty card, so in this way they can track if you are doing repeated purchase or not)

Does the first purchase really represent the first interaction with the brand? NO, but it represents the first
engaged interactions with the brand.

In fact, the first purchase rarely represents the firm’s first contact with a customer -> first interaction usually
came from website registration, email/catalog opt-in like on social media online reviews app download

N.B. We call lead or prospects those individuals that are engaged with the firm (social media, newsletter) but
never purchase, be as soon as they start to purchase they become acquire => this means that there is a per-
acquisition and a post-acquisition phase with different data

a Mark Lead, Prospect Retention
kA

[ Y
a Acquisition ] Ay
: Campaign T J% 4 ‘

4 sa I —
First ?cqtgxm?on ‘ End of the

Interaction S kaasa i relationship

Website reqistration

Email/Catalog Opt-in

Like on Social Media

Online reviews

App Download

v

Customer acquisition is a crucial phase of Customer Relationship Management (CRM) because, before
focusing on retention and customer satisfaction, a company must identify the customers who are most likely

to be acquired and who are worth acquiring

T 'ﬁ'g LEADS
Customer
e _ ad
Acquisition () eroseects
+ Dati ' puEALUATON
+Analytics : ‘m; — % CUSTOMERS
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?uslomsuhare
- "Data help marketing and sales teams identify
indicators of high CLV and low CAC (customer 5
acquisition costs) respectively, and tailor
marketing campaigns to individual cohorts."
10
- Example "cohort analysis" >
5 High CLV
LowCLY lHustrative consumers
Muatratve conaument *Aged 251035
» Aged 40 5 & <CLV>€3500
—_ ‘;..'-.,u . S Customer types
‘0 « 1000 2,500 so0p | -ovacu '”:,,'CJ::,M
A o ame cranne
THINGS ARE DIFFERENT TODAY! By vrary o b #vg 2,800

Most firms and organizations can:

1. Identify the first purchase

2. Track pre-acquisition behavior (e.g. search activity);
3. Monitor marketing activity at customer-level

What impacts the likelihood of acquiring a new customer?

Evidence from

scientific literature Social Contagion
Customer characteristics

Marketing Customer

Advertising / Acquisition

Direct Marketing
Promotions
Pre-purchase behavior data

Example: pre-acquisition data

Chiara Tua
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Web Sessions
8,257,803

g

No Reqistration, no newsletter Registration, newsletter

2,035,901 (24.65%) 6,221,902 (75.35%)

« User identification based on cookies and email ID

Dreambox Add Number of products added to the Dreambox in each period
Dreambox Drop Number of products deleted from the Dreambox in each peried
Device Number of devices used in each penod
Website Sessions Number of website sessions in each period
Website Session Length Average website session time length in each period
m-site Sessions Number of m-site sessions in each period
m-Site Session Length Average m-site session time length in each period
Average Pages/screens Average number of pages/screens seen in each session
Average Products Average number of products seen in each session
Average Suggested Products Average number of suggested products (similar/same designer) seen in each period
Average Clicks Average number of clicks in each session
Average Filters Average number of filters used in each searching session
Total Pages/screens Total number of pages/screens seen in each peniod
Total Products Total number of products seen in each period
Total Suggested Products Total number of suggested preducts (similar/same designer) seen in each period
Total Clicks Total number of clicks in each session
Total Filters Total number of searching sessions with filters in each period
Ranking Type Number of times the user has used each type of ranking in each period
Web Sessions
8,257,803
/ \\
No Registration, no newsletter Registration, website/ newsletter
2,035,901 (24.65%) 6,221,902 (75.35%)

For 75% of users, the firm begins
monitoring their behavior (also
prior to their acquisition)

« User identification based on cookies and email ID
SOURCE: Anonymous Company
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There is a phase in which for the company we are a cookie, and ID that is interacting with them -> in that
phase, even before purchasing, the incentive of the business is try to incentivise some form of registration
(social media registration, newsletter, download the app) -> they try to push us to do these actions, in order
to start collecting data about us, our preferences and our habits.

For 75% OF USERS the firm begins monitoring their behaviour (also prior to their acquisition) -> even if
you share a fake email, or a mail that you never use the information that you are sharing with them is still
relevant because they will be able to analyse your behavior and linked your device with an ID number ->
we you register the company start to have the right to collect data about you because when you do the
registration you always accept privacy terms!

Marketing Analytics to Acquire the Customer: what to DO and NOT to do
What TO DO (Do) and what NOT to do (don't):

Do: Believe in the value of Data.

Do: Invest in Data first, then in the Method.

Do: Think "across channels."

Don’t: Forget the BranD

Don’t: Ignore Privacy

Don't: Believe in the Big Data trend "without critical thinking." = (Identifying the right marketing strategies
and the right data is not easy.)

Don't forget the Brand!
Manage together - Brand Equity & Customer Equity

Brand Equity: Customer Equity:
« Differentiation « Acquisition
Relevance * « Retention
Knowledge + Profit
Positive Attitude

Marketing:

»  Adv
Promotions
Price

Exercise:
Try to register / understand how to register on the Website / Newsletter of two brands or companies =
Alternatively, check your email account to find requests for newsletter registration / renewal of privacy terms

Chiara Tua

e New balance:
1) accept cookies
2) do you want to receive new info before the others?
3) insert the email address
e Dove:
1) cookies
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2) Itis possible to register through the uk website (no italian):
= Age>=16
= Email address

The registration phase leads us, which is strictly related to customer acquisition, to three strategic decisions:
How to ask to register

Depending on the country we could have different regulation

What information ask

This is a key phase cause a first occasion to target our audience

g en =

What does PRIVACY have to do with marketing?

WHY?

e DATA > Better Targeting > Customized Marketing Strategy
CHALLENGES

e Profiling and targeting

e Data collection and retention

e How will the way of retaining and collecting data change

In Europe we have GDPR

Privacy & Marketing: Key Actors

‘ Regulator

3

FIRMS: PRIVACY AS BUSINESS PROBLEM
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2 McKinsey Quartely, Nov 2021
Marketing In The New Era Of
Data privé’cy Collect data throughout the

customer journey

...... Mo D g
foeted bus Count! N
1o e To estimate the current and future value of customers and keeping privacy

~
l'()rl)L‘S regulations in mind, companies need to collect relevant data points on as

many customers and their behavior as possible er multiple years. This is

responding analytical mode dent on the

sufficient amounts of information to ide

y relevant

A customer-centric
approach to

patterns. The greater the volume of data available, the more meaningful

and accurate the analyses. Three categories of data are required:

marketing in a How Big Tech uses data

privacy-first world

Wy

privacy concerns for market
dominance

As consumers we are more aware about the importance of privacy -> we might be sensitive about the
information that we want to share.

Annual number of data and d ds in the United States from 2005

to 2019 (in millions)

DATA BREACHES » AN

Surprising increase in the number of Data Breach
events since 2015.

Increase awareness value of data ' A o A
«o~ Data broaches e Million records exposed 3.86m USD

LARGEST OATA B8

AdBonal infommation Yahoo (3t

Do oF WIORT CONCIRNED ABOUT
NLINE PUIVACY THAN A YEAR AGO

53%

If a brand is involved in a data breach than of course is a signal for us to be more aware about our data.

Netflix's Race-Based Marketing
Shows Potential For
Anticompetitive Data Abuses

The most recent example of Netflix's abuse of personal data is its alleged
‘“ Adam Candeub Contributor : s ; o
Al Washington Bytes Cont promoting to African Americans of videos that show black characters.
M Batic Without denying its discriminatory marketing, Netflix responded that, “We

don’t ask members for their race, gender or ethnicity, so we cannot use this
information to personalize their individual Netflix experience. The only

information we use is a member’s viewing history.”

Source: https//www forbes.com/sites/washingtonbytes/2018/10/30/netflixs-race-
based-marketing-shows-potential-for-anticompetitive-data-
abuses/?sh=7ed48b173f48

In 2018, Netflix faced criticism when users discovered that the algorithm was sometimes categorizing content by race,
leading to problematic recommendations

Chiara Tua
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The answer of Netflix in that case was that they were just using data and algorithms -> the algortim maybe
was biased, which means that data can also be problematic regarding to privacy; algortihms can be super
useful but at the same time they can create problems

Big Tech, Big Fines
Highest fined for breaching ane ar more artiches
afl the GDPR (in million .S, dollars)
Amazan ‘:_ Trust in Companies to Protect Personal Data
hare of U.S. adults who trust the following to keep their personal data secure and private
Whatsagy & 2672
Googl @ . 59,3 . 66% 05% e
B 50% .
HEM (B .-n f N\
/ 49%
m.«"'uu )
Beitah Aeways $8 l?n‘- 2 | ] 34%
. - |
Marnon pr—
.:.unn‘:’.v"’.:c e l)““ |“- V— l“‘
wini Trw ) 1o
T RR L IR AN OUT . e
@O statista %a
- . our cell phone
am?zon "nar‘vum("u'ry Go gle ‘ ’
Amazan hit yith $860m fine for pleoed data law broach - BRC
Amaren O 1y It AT e S 00 My e 150 seuw iy Ira @@@ b € B statlsta§

gt Larast ot potedbot lmen The e e

Amazon's Gender-Biased Algorithm

In 2018, it was reported that Amazon's recruiting tool, which used machine
learning to review resumes and identify top candidates, showed a gender bias.
The algorithm favored male candidates over female candidates, reflecting the
gender disparities present in the tech industry.

Data-breaches and fines

Instagram: $403 million

In September 2022, Ireland’s Data Protection Commissioner (DPC) fined Instagram for violating children’s
privacy under the terms of the GDPR.

T-Mobile: $350 million (July 2022)

WhatsApp: $255 million

Facebook-owned messaging service WhatsApp was fined €225 million ($255 million) in August 2021 for a
series of GDPR cross-border data protection infringements in Ireland.
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Concerns about privacy

47%
45%
40%
2 40%
& aon
B
s 25%
§20%
g 15%
& 10%
5%
0%

There is some kind of privacy concern among

9 2% of users worldwide.

I..-___-_

Personad information  Sensflive personal
will be exposed na  information will be
data breach and S0k fo 3rd parties

Don'tknowwhat  Location informaton Persond information  Other citizens” Nothing, | have no
companies will do wil get Info the wiong  will be used o personal information concems
with my persoral hanads and allow Inapproprately will be used o

compromised by  and used In deasion-  information inthe  somecne 1o find and  Influence how | volte nappropriaiely

cyber crimnals making processes
without my consent

future harm me in an eection Influence how ey
volke in an elecion

and theretore

infivence the

“Privacy Paradox”

« Both millennials and
non-millennials are
not particularly
receptive to sharing
personal
information

* But are more open
to sharing personal
information if the
benefits are clear

% AGREE
-0 mMillennials W35+

N~

70%

40%

NO ONE SHOULD EVER BE [ AM OK WITH SHARING

ALLLOWED TO HAVE INFORMATION WITH
ACCESS TO MY PERSONAL COMPANIES AS LON AS ]
DATA OR WEB BEHAVIOR GET SOMETHING IN

RETURN

The value of personal information

We are moving towards a world where consumers will have to allow the use of personal information: What
will individuals do? Which individuals will be more inclined to give up personal information? Consumers are
heterogeneous in terms of privacy preferences > The data and opt-ins collected might not represent the

entire population (Lin 2021).

= The 'privacy paradox' exists! > Businesses need to better understand consumer behavior and their
intention to share personal information (Kim Barasz and John 2021) - difference between third party

and first party

Chiara Tua
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This explains why privacy has become a marketing strategy -> the way they ask you to accept the privacy
conditions has a marketing strategy behind.

Particularly in Europe this is really relevant because if you don’t accept the privacy they MUST stop tracking
you ->the data about you are not available anymore, so for firms is fundamental to have customers that
accept privacy conditions by structuring a successful marketing strategy linked to it.

APP TRACKING TRASPARENCY: APPLE

SERN AR -
Surdey Apek 25 [P — T Dunkin' Donuts Online
o Tepr Do Peber Lo o Lo sl Cndeend Services Terms of Use
Caso Apple ¥ G 7 i S bk S e e ki
Am 0 cwctally Scdem nppey Ag Crire Sarvicas Terra of U
130 Last Usddttus Octeiner 2010
? m 2 BB WACT v w1 AE T P TeTErT e W) eleT PR PLEASK STAD THESE TERME OF L2 [TORWS Y
- e el b Fbminy [P ohbmns ool ¥ o epweret CAREFULLY FESCNE LGNS ANY OF THE Bunew
Q Rockes 12 . b ko 10 K S A b BRANDS OMOLUTING DOsoad DORLTS AND

dlenn Pegt i Ay e s gy et we o e BASUN-POMNED WEBRES A9PUCATIONS,

W R e - BLATFORME, LOYALTY FROGIAME. STOMD
[ 7 Yo

waLy 5
Aliow “MLB" 10 track your Alow "Kolw's” 10 track your :' AT Allow “Dunkin'* to track your

a

o i P 0
s .. uwmy_acr'mw:r” e “"""?““““m At activity e
companies’ spps carpanies’ apps L """" othes
R websites? TR (s websites? U mvnﬁnn oo d
3 : 2
Tour dwth wd be e ) el your 13 4bow you perscesiced contert e 118 L
h D‘ et Severd ¢ Fraractees W comseds bachig seivisien e N Py Yoot fela W a0 by
% 200w third 3arty e 38 placforms, L P - 8.7 Bemsocekred 332 1 pou bo
M Firsd Mo e
3 o ! pout sk s Nat 16 T o
o A Ape Not 10 Traek o Atk Ace Not 1o Traek TSw Ask App Nat 1o Trich a
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: Yrru . com Niow
2 -

A b e ks » it 204 Ly . sl e Aok Theae Tarma 22mtitne im S semven! etween

$ Toms 0 i e et 1Mo e e Cunkn Brarde.fr. ond s atfbanes [cofecthly
D i s bt 1) W) et “DankiY Bends” o0 “we" W8] ond e We
Pecomerend that yod print St 0 Sty of Mass
u n 0 B Turres fuar yore resatds
VilBrnis Rokivnte 1o e o] KA "W o o prnal
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Apple products
are designed
to protect

your privacy.

At Apple, we beleve privacy is a fundamental
human right

And s0 much of your personal iInformation —
Information you have a right to keep private —
Iives on your Apple devices

Your heart rate after a run. Which naws stories you
read first. Where you bought your last cotfee, What
websites you visit. Who you call, emall, or message

Every Apple product is designed from the ground up
to peotect that Information. And to empower you to
choose what you share and with whom

We've proved time and again that great experiences
don't have to come at the expense of your privacy
and security. Instead, they can support them

The interesting thing about this campaign is that Apple is informing you that we dealing with partner company
you can choose whether share your personal information our not, but this is not valid for them who keep
tracking you.
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Dear Mrs Richens
LET'S STAY FRIENDS,
W3 £330 e = peana s e e v T3 i 8 peme e My R A o W

e e et o s Ve ases Surs apeersa

“re WO S =

Detianas K3, seie Adogroy o of K naat BTy proeam o o ae o 1oy S04 8 T RS e e
+ s - wtrows s ey e o e

Pt o3t A 5 vt et ot e v
Syl i .

£1 any 3t e w ey v S ey e e e

Our promise 1o you

WP 0 38 A (T TN et T T AR T B BT e | e S0 e ST e S g

Example: Field Test - How to get Opt-ins

Informative High

Persuasive High
It always seems impossible until it's done: Get It always seems Impossible untll it's done: Get
mw-mmmmmgu..—n|w-m I takes s 1ok in wbleter be sericusty Sees ta 4 traiming tool with

Tre QEEETETESTTI ports mattress was created by fstening 10 the aseds of its undisputed e 1 matiress was crasted by bitening 10 the needs of its undisoeted
Protaganists: athistes.  Tell us something about yourselr, your lifestyle, and yous training style. e VS OTING PSS yeumel yune Wislytay ol Jous Sratinw siyle aens:-
You'll be the first in line to receive:
Your personal data are safe with us. We use Incredibly transparent data Our exclusive offers
management tools. We clearly and unambiguously inform you about how the data
are processed, what  use we make of them, as well as all the subjects involved In
the w"n”‘mh to guarantee your privacy and ensure full The Information you want on lnlnln; Innovations from our professional
In data coaches

Our great partners offers

Fealse your Nand i you want 10 be with ws! We will commit 1o Imprave puur spert serformance.

Please, fill out this simple form and stay in tosch with us. We will protect your data. Plaase, fill out this simple form and you will receive an exclusive gift,

The image used in the field test removed

: Field Test Groups

Persuasive

Informative Low Moderate High

Sconto & Framing

Sconto
Low G1 Generic Message G3 Moderately
Total contacts=2339 Persuasive

Total contacts=2340

G5 Highly Persuasive
Total contacts=2340

High G2 Informative G4 Informative &
Total contacts=2340 Moderately Persuasive
Total contacts=2340

G6 Informative & Highly

Persuasive
Total contacts=2379

Chiara Tua
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Field Test: Logistic Regression (n=14078) DV=accept privacy=1, 0 otherwise

Coef. z p-value
Informative 0.35 1.48 0.138
Moderately Persuasive Discount 1.04 4.97 0.000
Highly Persuasive Discount + Framing -0.17 -0.66 0.512
Moderately Persuasive * Informative -0.19 -0.70 0.487
Highly Persuasive * Informative 0.68 2.09 0.037
Constant -4.28 -24.03 0.000

Number of Observations=14,078
LR £*(5) = 83.32, p-value=0.000

As a company you can not only use data but you can also think about seling data -> that is why a marketing

strategy about privacy is fundamental!

ARTEA: DESINING TARGETING STRATEGIES HARVARD BUSINESS REVIEW - CASE

HBR Artea: a customer acquistion problem

e Industry: Clothing and Accessories

e Data Driven Culture — Data Science Team — Customer Dashboard

e Business Problem:

O
O
O

O
O

87% of those who visited the site have never made a transaction.

Engagement metrics (e.g. time spent on the site, reviews, etc.) are okay.

CEO Alex Campbel wants to increase sales by leveraging the data available from the pre-
acquisition phase coming from the website.

What could Artea do to improve acquisition?

Wait for them to purchase or use strategies to encourage the first purchase?

e Action: Alex asked the data science team to explore the possibility of incentivizing purchases,
and in this way also improving acquisition, by sending discount coupons to users registered on
the site. He decided to run a FIELD test by sending out a 20% discount coupon

Dati field test (AKA A/B test)

5,000 website users

2,502 > treatment group (received the coupon)
2,498 > control group (did not receive the coupon)

Available information:
= dataset containing information on past behavior (purchase and browsing)

Chiara Tua
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What is a Field Test?

Control Group Treatment Group
(A) (B)
Artea website Artea website

Outcome: 100 Outcome: 150

Important Considerations:

1. The assignment to groups is random.

2. One variant (or experimental manipulation) at a time or factorial design.
3. Statistical Significance: the difference between groups.

If 1-3 are met, we can say that the additional 50 in the outcome of the
treatment aroup is due to the 20% off coupon

A Field test is an experiment, whiich is a procedure in which one or more variables (treatments) are
manipulated, and OBSERVED data related to an "outcome" variable of interest (e.g., choice, amount spent,
purchase frequency) are collected, while controlling for other variables that might distort the result (e.g.,
consumer characteristics, etc.).

= Without experimentation, there is an association but not causation

FIELD Test Logic: A simple example

FIELD Test Logic: Causation
Necessary requirements to say that X ---->Y: ¢
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(1) X must occur before Y

(2) There must be evidence of an association between Xand Y

(3) Control for other factors.

In an experiment:

(1) Xis typically manipulated.

(2) The relationship between X and Y can be estimated by collecting data.
(3) This is typically done through randomization.

Example:

¢ Color Packaging --------- > Choice

A simple example

Choice
70%
60%
50%
40%
30%
20%
10%

0%
Fructis Verde Fructis Blu

Does packaging have an effect on choice?

Experiments:

Manipulation: The practice related to the creation of different levels of a variable X. Jargon: the
variable X is manipulated.

Independent Variable (X): Variable X manipulated or altered by the "researcher." Example: X= color of
the packaging.

Dependent Variable (O): Variable for which the "experimenter" expects a change following the
manipulation of X. The success of the experiment will be evaluated based on the level of O.
Example: Choice of Brand X (e.g. Fructis)

Experimental Group (EG): The group of individuals subjected to the experiment
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b Connecticut

e Extraneous or Confounding: Variables that, in addition to X, can have an impacton O (e.g.,
competitors' reactions).

e Selection Bias: A problem that occurs if the experimental group is systematically different in relevant
aspects from the control group. In other words, if subjects assigned to the experimental group
systematically differ from subjects assigned to the control group

Connecticut Florida

e Randomization (R): Procedure through which subjects/units are randomly assigned to groups
(experimental and control)
e Treatment Effect: Result of the experiment
(e.g. Blue Choice - Green Choice =0.6 - 0.4 = 20%)
e Experimental Design: Set of procedures that guide the experimental study.
6 Relevant Steps:
1. Which variables do you want to manipulate/check (e.g. packaging)
2. Which levels of variable X need to be manipulated (e.g. color)
3. What is the dependent variable (e.g. choice)
4. How to select the units to be tested
5. How to control for selection bias
6. How to minimize the influence of external factors.
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Artea: Data

Nome Descrizione

id Unique identification code of the customer or potential customer

trans_after Number of transactions after the experiment

reven-ue_after Total revenues ($) after the experiment

test_coupon Dummy variable that takes the value of 1 if the customer or potential customer received the
coupon

num_past_purch Number of previous purchases

spent_last_purchase Total amount spent (S) in previcus purchases

weeks_since_visit Number of waeks since the last visit to the site

browsing_minutes Total minutes spent on the site during the last visit

shopping__-cart Indicates if the user added a product to the cart during the last visit but did not make a

purchase (1=yes, O=no)

Channel of Acquisition |Refers to the channel corresponding to the first contact with Artea (registration on
the site), therefore acquired as a prospect and not as a customer:
channel_Facebook|!ndicates if the customer was acguired via Facebook (1=yes, 0=no)
channel_Instagram|indicates if the customer was acguired via Instagram (1=yes, 0=no)
channel_Referral|Indicates if the customer was acguired via Referral (1=yes, 0=no)
channel_Other|Indicates if the customer was acguired through other channels (1=yes, 0=no)

Questions

1. Could Artea increase transactions due to this
campaign? Can Artea increase the average spending (S)
per customer? If so, by how much?

2.Who among the registered users should receive the
coupon?

Artea: Designing Targeting Strategy

SUGGESTED STEPS IN THE ANALYSIS:
Step 0: Open the dataset 'Artea.xls'

#Step 0:0pen dataset Artea.xls
db_artea = pd.read_excel( 'DataArtea.xlsx")
db_artea.head()

id trans_after revenue_after test_coupon num_past purch spent_last_ purchase weeks_since_visit browsing_minutes shopping_cart channel _Facebook channel |

0 6001 0 0.0 0 6 62.99 6 1 0 1
1 6002 0 0.0 1 2 53.99 0 7 1 0
2 6003 0 0.0 1 3 88.98 3 4 0 1
3 6004 0 0.0 0 1 68.99 1 19 0 1
4 6005 0 0.0 1 3 66.49 - 20 0 0
4 4

db_artea.shape

(5000, 14)

Step 1: Verify the random assignment
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Objective: We calculate the average values of the observable variables before the field test, comparing them
between the control group and the treatment group. If the allocation is random, we should expect two nearly
identical groups.

# Step 1: Check for correct random allocation in the Control vs. Experimental (or coupon) group
desc = ['num_past_purch', ‘'spent_last_purchase', ‘weeks_since_visit', ‘browsing_minutes', ‘shopping_cart®', ‘'channel_Facebook', ‘channel_Instagram®, 'cha
db_artea.groupby("test_coupon")[desc].mean()

{ »
num_past_purch spent_last_purchase weeks_since_visit browsing_minutes shopping cart channel_Facebook channel_Instagram channel_Referral channel.

test_coupon

0 2.019616 56.6894380 3.182946 13.707366 0.299840 0.206165 0.314251 0.045236 0.
1 2.091527 58.155823 3.256994 13.670663 0.285771 0.217426 0.306555 0.049960 0.
»

We compared the control group with the experimental group for observable variables before the field test
experiment. We note that there are no evident differences in the averages. This seems to confirm that the
groups were correctly selected randomly, but we can still test this formally. We could choose single t-tests
that compare the coupon=1 group vs. coupon=0. (See the results in Table 2 as an example with one variable).

# Step 1: we can run a t-test for each variable

import statsmodels.stats.weightstats as smws

# Split the data into two groups based on 'test_coupon’

groupl = db_artea[db_artea[ 'test_coupon'] == @][ 'num_past_purch']

group2 = db_artea[db_artea[ 'test_coupon'] == 1][ "num_past_purch']

# Perform t-test

t_stat, p_value, df = smws.ttest_ind(groupl, group2, alternative='two-sided', usevar='pooled')

print(f"T-statistic: {t_stat}")
print(f"P-value: {p_value}")

T-statistic: -0.9930013925760496
P-value: 0.3207573469477@35

# step 1: try with channel facebook, which is a dummy so we need a t-test for proportions:
from statsmodels.stats.proportion import proportions_ztest
# Calculate the number of successes (channel_Facebook = 1) for each group

count_groupl = db_artea[db_artea[ "test_coupon'] ==
count_group2 = db_artea[db_artea['test_coupon'] ==

@][ 'channel_Facebook"® ].sum()
1][

‘channel_Facebook®].sum()

# Calculate the total number of observations for each group
nobs_groupl = len(db_artea[db_artea['test_coupon'] == 0])
nobs_group2 = len(db_artea[db_artea['test_coupon'] == 1])

# Perform the z-test for proportions
z_stat, p_value = proportions_ztest([count_groupl, count_group2], [nobs_groupl, nobs_group2])

print(“Z-statistic:", z_stat)
print("P-value:", p_value)

Z-statistic: -0.9744409774178499
P-value: 0.3298376316653264
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db_artea.groupby("test_coupon")[[ 'trans_after', ‘revenue_after']].mean()

trans_after revenue_after

test_coupon
0 0.125701 7.780168
1 0.151878 7.538673

Note that the difference is not significant. This is the result we expected. Randomization ensures that the two
groups are identical, meaning there are no significant differences in characteristics and behaviors prior to
the field test between the treated group and the control group.

Step 2: Model Free Evidence:
Check the effect of Coupon through descriptive statistics

Objective: We want to check if the variables observed after the experimental treatment, namely
"trans_after" and "revenues_after", show different average values for the Treated vs. Control group.

Let's start with a descriptive analysis and observe the difference in means to determine if noticeable
differences exist.

#Step 2: Model Free Evidence — Effectiveness of the COUPON
db_artea.groupby("test_coupon™)[[ 'trans_after’', 'revenue_after']].mean().plot.bar(subplots=True, layout=(1,2))

#The parameter ‘subplots=True' splits the result into two separate plots, one for 'trans_after' and the other for ‘revenue_after’.
#Using 'layout=(1,2)' organizes the two plots in g single row and two side-by-side columns.

array ([ [<AxesSubplot:title={'center': 'trans_after'}, xlabel="test_coupon'>,
<AxesSubplot:title={'center': 'revenue_after'}, xlabel="test_coupon'>]],
dtype=object)

trans_after revenue_after

84
N trans_after B revenue_after

0.14 - 7
0.12 4 6
0.10 - 5
0.08 - 4]
0.06 34
0.04 - 2
0.02 1 14
0.00 - 0-

o — o —

test_coupon test_coupon

The difference between the average "trans_after" of the treatment group and the control group is

13% -10% = 3%.

3% represents the effect of the experimental treatment (also called TREATMENT EFFECT).

The difference between the average "revenues_after" of the experimental group and the control group is 7.78
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-7.53=0.24.
The differences appear very small. We will check in step 3 if they are statistically significant.

Step 2: Model Free Evidence — Efficacia del Coupon

Descriptive Statistics

Average # of transactions Average Revenues per
after the Field Test Purchase After Field Test
(Trans_after) (Revenues_after)
; -? ; E
- - Control =No Treatment =
+ 2%  Are these differences significant? -0.24

What is the error associated with the estimate?

Step 3: Test the effect of coupons on consumer behavior

We can then more "formally" test using a statistical test to compare means of independent samples if the
difference in means is "statistically significant". In this case, given it's a randomized experiment, we can
perform a t-test for independent samples for each outcome variable. Alternatively, two regressions can be
conducted with dependent variables first being "trans_after" and then "revenues_after", and the independent
variable being "test_coupon". The results will align.
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# STEP 3: TEST COUPON EFFECTIVENESS ON TRANS _AFTER USING A REGRESSION
import statsmodels.formula.api as smf
model = smf.ols(formula="trans_after ~ test_coupon®, data=db_artea).fit()

print(model.summary())

OLS Regression Results

Dep. Variable: trans_after R-squared: 2.001

Model: oLs Adj. R-squared: 2.001
Method: Least Squares F-statistic: 4.872
Date: Tue, 24 Sep 2024 Prob (F-statistic): 2.0273
Time: 91:56:56 Log-Likelihood: -2748.1
No. Observations: 5000 AIC: 5500.
Df Residuals: 4998 BIC: 5513.
Df Model: 1
Covariance Type: nonrobust

coef std err t P>|t| [@.025 ©.975]
Intercept ©.1257 ©.0038 14.9382 ©.000 ©.1e9 2.142
test_coupon ©.8262 ©.012 2.207 ©.e27 ©.0@3 2.049

Omnibus: 3814.872 Durbin-Watson: 1.963
Prob(Omnibus): 2.000 Jarque-Bera (JB): 66979.526
Skew: 3.610 Prob(JB): 2.00
Kurtosis: 19.413 Cond. No. 2.62
Notes:

[1] Standard Errors assume that the covariance matrix of the errors is correctly specified.

# Step 3: we can run a t-test alternatively

import statsmodels.stats.weightstats as smws

# Split the data into two groups based on 'test_coupon’
groupl = db_artea[db_artea[ 'test_coupon'] == @][ "trans_after"']

group2 = db_artea[db_artea[ 'test_coupon'] == 1][ "trans_after"']

# Perform t-test
t_stat, p_value, df = smws.ttest_ind(groupl, group2, alternative="two-sided', usevar='pooled')

print(f"T-statistic: {t_stat}")
print(f"P-value: {p_value}™)

T-statistic: -2.207188281608223
P-value: 0.027346183300061674
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# STEP 3: TEST COUPON EFFECTIVENESS ON REVENUES AFTER USING A REGRESSION

model = smf.ols(formula='revenue_after ~ test_coupon', data=db_artea).fit()

print(model.summary())

OLS Regression Results

Dep. Variable: revenue_after R-squared: 9.000
Model: OLS Adj. R-squared: -9.000
Method: Least Squares F-statistic: 9.1306
Date: Tue, 24 Sep 2024 Prob (F-statistic): 9.718
Time: ©02:00:55  Log-Likelihood: -22906.
No. Observations: 5000 AIC: 4.582e+04
Df Residuals: 4998 BIC: 4.583e+04
Df Model: 1
Covariance Type: nonrobust

coef std err t P>|t| [0.025 0.975]
Intercept 7.7802 9.473 16.456 0.000 6.853 8.707
test_coupon -0.2415 0.668 -9.361 0.718 -1.552 1.069
Omnibus: 3946.015 Durbin-Watson: 1.968
Prob(Omnibus): ©.000 Jarque-Bera (JB): 74926.257
Skew: 3.764 Prob(JB): 2.00
Kurtosis: 20.406 Cond. No. 2.62

Notes:
[1] Standard Errors assume that the covariance matrix of the errors is correctly specified.

STEP 3: Effect of Coupon # of Transactions

Y= # of transactions after Field Test

Standard
Coefficients Error t Stat P-value
ntercept 0.13 0.01 1295 0.00
test_coupon 0.03 0.01 22 0.03
E Transactions
Cosf EE fStat  F value
hannel_Other 0.18 0.04) 434 0.00
hanne. 013 0.03 496 0.00
We can include more hanne 0.1 0.0} 339 0.04
variables to control the effect channe g 1] g 0l 1183 g gc
on Y, but since the coupon Mopging, catt Y 03 A 0
: . s WSIing_minutes 0.00 0.00 301 0.00
tgst B 'a”d°’"'z?d' !ts impact Wweeks_since_visit -0.07 0.00 -85 0.00
will not change significantly Epent_last_purchas
3 0 og 0.00 -343 0.0
pum_past_purch g0 0.0J 24 62 0.04
kest_coupon 0.03 0.01 2.38 0.02
[nisrcept -0.09 0.02] 356 0.0
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STEP 3: Test effect of coupon

Y= # of transactions after Field Test

Standard
Coefficients Error TSt BP-vzlus
Iniercept _013 0.01 14 08 000
test_coupon ( 0.03 0.01 2.2 ( 0.03
Y= revenues after Field Test
Standard
Cosfficienis Error 1St o-valus
ntercept 77 A7 1644 0.00
test_coupon (-024 0.67 -0.39 (¢ 072

STEP 3: Effect of Coupon # of Transactions

Y= # of transactions after Field Test

Standard
Coefficients Error t Stat P-value
Intercept 013 0.0 %09 0.00
test_coupon 0.03 0.01 221 0.03
E fransactions _
sost SE k Stat P value
\) Fhannel Other B 004 4 3§ 500
! : ] 213 003 2 96 0.00
We can include more ! {_1 0.1 0.01 239 0.00
variables to control the effect |_Fz ; 0.1 0.0 7.23 0 :JE
on Y, but since the coupon g.c J 17 0.0l 1;‘ 41 31 20
test is randomized, its impact 503 500 3 .gg, 5 EJ
will not change significantly > == .

0.00 0.00 {3 0.00
2.08 0.00 24 62 0.00
0.03 0.0]] 2.39 0.0
-007 0.02) 356 0.00

The coupon causes a 0.03 pp increase in transaction likelihood.
The coupon does not have a significant effect on revenues.

Step 4: Heterogeneity in responsiveness to coupon

Purpose: understand if the Coupon is more/less effective for customers with certain

observable characteristics. We can start by looking at the effect of the coupon by different channels of
acquisition

We have variables in the database capturing whether the customer was acquired via

Instagram, Facebook, Referral, etc.

Chiara Tua



Strategic Marketing
and Analytics

#Step 4: Explore customer heterogeneity
# start with different channels of acquisition
db_artea.groupby([“channel™, ‘test_coupon'])[['trans_after', 'revenue_after']].mean()

trans_after revenue_after

channel test_coupon

Facebook 0 0.159223 9.814913
1 0.220588 10.895294

Google 0 0.078870 4922288

1 0.058532 2.803897

Instagram 0 0.146497 9.171783
1 0.204694 10.337346

Other 0 0.258621 14859483

1 0.241379 12.756690

Referral 0 0.185841 11.179558

1 0.240000 11.518080

Channels of Acquisition

lnstagram Facebook  Referral Other
Acquisition Channel

2,000 1

-
“o
3

-
=]
3

Number of Users

8

0
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— Model Free- Evidence:

— By comparing different sub-groups of the population across treatment and

control we can learn which groups are most effected by the intervention

Acquired via Instagram
Control Coupon Difference
Trans_after 015 0.20 6%
Revenues_after 917 1034 117
Total 1552
Acquired via Google
Control Coupon Difference
Trans_after 0.08 0.06 -2%
Revenues_after 402 2.80 -212
Tot Cusiomers 2035
#regression with interaction effects channels
model = smf.ols(formula="trans_after ~ test_coupon + num_past_purch + spent_last_purchase + weeks_since_visit + browsing_minutes+ shopping_cart + channe:

print(model.summary())

OLS Regressi

on Results

Dep. Variable: trans_after R-squared: ©.179
Model: OLS  Adj. R-squared: ©.177
Method: Least Squares F-statistic: 77.66
Date: Tue, 24 Sep 2024 Prob (F-statistic): 2.96e-201
Time: ©2:07:24 Log-Likelihood: -2257.3
No. Observations: 5000 AIC: 4545.
Df Residuals: 49385 BIC: 4642.
Df Model: 14
Covariance Type: nonrobust

coef std err t P>|t] [@.025 9.975]
Intercept -90.0461 2.019 -2.379 ©.017 -2.034 -9.0038
test_coupon -0.0112 2.017 -90.663 ©.507 -2.044 @.022
num_past_purch 9.0571 2.002 24.613 ©.000@ ©.053 @.e62
spent_last_purchase -9.0084 ©.000 -3.434 ©.001 -9.001 -2.200
weeks_since_visit -90.0203 2.002 -8.527 ©.000 -2.025 -9.21s
browsing_minutes ©.0030 2.001 3.859 ©.000 2.001 @.0e5
shopping_cart ©.1723 2.012 14.374 ©.000 ©.149 @.1%6
channel_Facebook ©.03870 2.021 4.232 ©.000 2.047 9.127
channel_Instagram 0.0724 ©.018 4.005 0.000 9.037 @.108
channel_Referral 9.0926 ©.038 2.452 9.014 9.019 9.167
channel_Other 9.1627 9.051 3.166 9.002 9.062 @.263
test_coupon:channel_Facebook 9.0521 9.029 1.802 9.072 -9.005 @.109
test_coupon:channel_Instagram ©.0726 9.026 2.828 ©.005 9.022 @.123
test_coupon:channel_Referral 0.0724 9.052 1.386 9.166 -9.030 9.175
test_coupon:channel_Other -0.0076 9.073 -0.124 9.917 -9.150 9.135
Omnibus: 3189.104 Durbin-Watson: 1.960
Prob(Omnibus): 2.000 Jarque-Bera (JB): 45914.220
Skew: 2.847 Prob(JB): 2.00
Kurtosis: 16.710 Cond. No. 1.26e+03
Notes:

[1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
[2] The condition number is large, 1.26e+@3. This might indicate that there are
strong multicollinearity or other numerical problems.

model = smf.ols(formula='revenue_after ~ test_coupon + num_past_purch + spent_last_purchase + weeks_since_visit + browsing_minutes+ shopping_cart + chan

print(model.summary())
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OLS Regression Results

Dep. Variable: revenue_after R-squared: ©.172
Model: oLs Adj. R-squared: e.170
Method: Least Squares F-statistic: 73.94
Date: Tues, 24 Sep 2024 Prob (F-statistic): 4.96e-192
Time: ©92:97:32 Log-Likelihood: -22435.
No. Observations: 5000 AIC: 4.492e+04
Df Residuals: 4985 BIC: 4.500=+04
Df Model: 14
Covariance Type: nonrobust

coef std err t P>t [e.e25 9.975]
Intercept -2.1951 1.085 -2.0e4 @©.045 -4.343 -92.048
test_coupon -1.6230 ©.955 -1.699 ©.089 -3.495 @.242
num_past_purch 3.1716 ©.131 24.1385 ©.000 2.915 3.429
spent_last_purchase -92.0144 ©.0086 -2.378 ©.017 -2.026 -2.003
weeks_since_visit -1.1121 ©.135 -8.241 ©.000 -1.377 -9.848
browsing_minutes ©.1586 2.045 3.551 ©.0002 2.071 @.246
shopping_cart 9.2953 ©.678 13.7e86 ©.00@ 7.9686 1@.625
channel_Facebook 5.2746 1.163 4.536 ©.000 2.995 7.554
channel_Instagram 4.5153 1.023 4.413 ©.000 2.510 6.521
channel_Referral 5.4818 2.136 2.566 ©.01@ 1.294 9.669
channel_Other 9.0358 2.906 3.1e9 ©.002 3.338 14.734
test_coupon:channel_Facebook 1.5461 1.634 ©.946 ©.344 -1.657 4.749
test_coupon:channel_Instagram 2.9593 1.452 2.e39 ©.042 2.114 5.805
test_coupon:channel_Referral 2.3094 2.954 ©.782 ©.434 -3.431 8.100
test_coupon:channel_Other -9.6657 4.112 -9.162 9.871 -8.726 7.395
Omnibus: 33@7.920 Durbin-Watson: 1.961
Prob(Omnibus): 2.000 Jarque-Bera (JB): 48295.917
Skew: 2.995 Prob(3JB): 2.00
Kurtosis: 16.998 Cond. No. 1.26e+03
Notes:

[1] Standard Errors assume that the covariance matrix of the errors is correctly specified.
[2] The condition number is large, 1.26e+83. This might indicate that there are
strong multicollinearity or other numerical problems.

By including in the regression interaction effects (i.e. 0 1 variables that identify whether the customer was
acquired via a specific channel & received the coupon) we can estimate the differential impact.

To whom should the coupon be sent?

[Y= Number of transactions after the| Y=revenues after field test
field test (trans_after (revenues_after)

nt: Coefficients P-value
ntercept -220 0.05
ltest_coupon 009
num_past_purch 0.00
spent_last_purchase 0.02
weeks_since_visit 0.00
orowsing_minutes 0.00
hopping_cart 0.00
channel_Facebook 0.00
channel_Instagram 0.00
channel_Referral 0.01
channel_Other 0.00
acebook & Coupon 034
%tagram & Coupon 0.04
eferral & Coupon 043
[Other & Coupon 087

Number of Transactions

)
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# INTERACTION EFFECTS WITH SHOPPING CART
formula = ‘"trans_after ~ test_coupon + num_past_purch + spent_last_purchase + weeks_since_wvisit + browsing_minutes + channel_Facebook + channel_Instagra
ols_model = smf.ols(formula, data=db_artea).fit()

print(ols_model.summary2())

Results: Ordinary least squares

Model: oLs Adj. R-squared: 9.178
Dependent Variable: trans_after AIC: 4535.4102
Date: 2024-09-24 02:07 BIC: 4613.6165

No. Observations: 5600 Log-Likelihood: -2255.7

Df Model: 11 F-statistic: 99.26

Df Residuals: 4988 Prob (F-statistic): 6.45e-205
R-sguared: @.188 Scale: ©.144869

Coef. Std.Err t P>t [e.025 ©.975]
Intercept ©.0528 0.9185 -2.8553 @.0043 -0.0392 -0.0166
test_coupon 0.0009 0.8128 0.8687 @.9452 -0.0242 0.0260
num_past_purch 2.0572 0.9023 24.7021 @.0000 0.0527 0.0618
spent_last_purchase 2.0004 ©.0001 -3.3973 @,0007 -0.0006 -0.0002
weeks_since_visit 9.0206 ©.8824 -8.6255 0.0000 -0.0252 -8.0159
browsing_minutes 2.0032 0.98088 3.9951 @.2201 0.0016 0.0047
channel_Facebook 2.1116 0.9144 7.7301 @.0000 ©.0833 0.1398
channel_Instagram 9.1080 ©.9122 8.3752 ©.9000 ©.0827 ©.1333
channel_Referral 8.1299 0.8261 4.9785 @.2200 0.07338 0.1811
channel_other 2.159%@ ©.8363 4.3787 @.0000 ©.0878 0.2302
shopping_cart 2.1312 ©.9167 7.3592 @.0000 ©@.0935 0.1640
shopping_cart:test coupon ©.0846 ©.9237 3.5716 @.2004 ©.0381 0.1318

Oomnibus: 3183.367 Durbin-Watson: 1.958
b(Omnibus): 000 Jarque-Bera (JB): 45608.537

84 Prob(JB): 0.200

i Condition No.: 549

Customer development & retention

Weareinthe middle phase ofthecustomerjourney.

Wrap-up: Artea

The purpose of the Artea case was to focusing on the beginning of the journey in order to find astrategyto
acquire new customerswho are notengaged with ourfirm.
Whatconclusions haveyoudrawnfromthiscase?

e CustomerAcquisition->findawaytoincrease acquisitionandthe numberofnewcustomers.
Inthis casetheyimplemented discounts (newadvcampaign, pricing strategy, testimonialcould
beotherideas).

e Randomized Field Test can be used to evaluate marketing effectiveness -> They were creating two
groups, one (Experimentalgroup)was associated withthe discountthe otherone (Controlgroup)
no, in order to understand the number of new customers in both groups and so verify isthe strategy
proposedwaseffectiveornot.

e Strategies for managing customer heterogeneity (diversity of the individuals) -> overall the
discount,whichwasthe strategyimplementedtoacquire newcustomers, butwhatwewantto
verify here is whether the strategy is significant for all the customers or not. Usually anything fit
perfectly to everybody, so that is why we have to divide the dataset in groups in order to verify for
which groups the strategy is effective basing on the groups’ characteristics => BETTER TARGETING:
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itis important to managing customer heterogeneity because the strategy is never successfulfor
everybody, soweneedtoidentifygroupswithdifferentresponsetothe

discounts,todosowe havetoruninPythoninteractivevariables. The maingoalistobetter
customizetheexperienceforthecustomersaccordingtotheircharacteristics, behaviorand
expectat

How is this done? The basic intuition Better
A simple predictive model for targeting

Targeting

SEPHORA Number of offers mailed: 1,000,000
Profit contribution per response: $80

-1 Cost per mailing: $.70

- | m Response rate: 1%

Profit = 1,000,000 x .01 x $80 — 1,000,000 x $.70
$800,000 - $700,000

$100,000
The direct marketing Most of the investment
@ campaign is @ in direct marketing is
effective! wasted!

The campaignhas positive profits, anditis effective, butatthe sametime, interms of marketing
investmentsisnot profitable becausetheamountofmoneyspentistohigh.

So how can we do better? -> if we are able to find those individuals who responds more and
targetedthem,wewillbe abletoreduce costs, whilestillincreasing profits.

Targeting analysis: lift-based approach

170000= (3%*100000*80)-(100000*0.7)

Number  PredictResp Cumulative

Decile of Prospects Rate Profit Profit

1 100,000 3.00% ($170,0000  $170,000

2 100,000 2.00% § 50,660 $ 260,000

3 100,000 1.40% $ 42,000 $ 302,000

4 100,000 1.15% $22,000 $ 324,000

5 100,000 1.00% $ 10,000 $ 334,000

6 100,000 0.60% $-22,000 $ 312,000

7 100,000 0.40% $ -38,000 $ 274,000

8 100,000 0.30% $ -46,000 $ 228,000 Better
9 100,000 0.10% $ -62,000 $ 166,000 Targeting
10 100,000 0.05% $ -66,000 $ 100,000

- Profits Improvement - $100,000~> $334,000

Fromgroup 6we startlosingmoney, soifwe stopatgroup 5the cumulative profitis
somuchbetterthan before simple because we are saving moneywhile gaining
334,000$ more.
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Acquisition: Number of Netflix paid
subscribers worldwide

Only one metric seems to
matter to Netflix investors:
. subscriber numbers

o Subscriber growth is a crucial

- indication of prospects for the
business. More subscribers means
higher revenues, more cash to

& spend on content, which attracts
new subscribers, and the wheels
roll round and round.

But the subs number is not the only
figure that matters for the
streaming business.

Financial Times
Netflix: The quality of quantity at Netflix

The company is advertising a lot, particularly to the investors who are growing in terms of numbers of
subscribers.

Butthentheyfocusedonadifferentelement: “Is this enough?” Actuallyno!->Acquisitionis notthe only
importantmetrictotakeinaccount, forexamplewhenwetalkaboutNetflix’s subscriberwe willnot only
want to know how many new customers we are to acquire but also the average profits providedbyeach
ofthe newcostumersisveryimportant.

Netflix: The quality of quantity at Netflix

» Aeﬁtnnlngansvemgeclmmmteofll%

— Source: https://www.ft.com/content/81645c0c-50 1b-3ecd-9d0c-6a5ae818f011

Toacquireanewcustomer,theyspendalotof money.
Haswecanseetheprofitsforcustomerarenotthatgreat...theyaredeclining.
Customerlifetimevalue=isametricthattakesintoaccountnotonlytheprofitbutalsothe likelihood of
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customertostaywiththecompanyalongside->itisaveryimportantmetric, akey performance
indicatorabletotellthe managerofafirmhowmucheachcustomerthatwehave
acquiredisgoingtovalueforusinthefuture. Aswe canseealsothismetrichasadecliningtrend.

Wecanalsocombinethesetwometricstocreateanewmetric, whichistheratiobetweenthe costofacquisition
andthecustomerlifetimevalue

Netflix: LTV/CAC

v What does this graph tell us?

Source: FT, The quality of quantity at Netflix, October 2018

Thisvalueis pretty stable, butdefinitely notthatgreatastheacquisitionrateis
increasing.

Acquisition & Retention: Key Metrics for Business
Health

Weneedtoacquirenewcustomerifwewanttogrow, butatthe sametimewewant
tomakesurethatweareabletoretainthose customers->islessexpensivefora
firmtoworkonthecurrentcustomer base.

Low retention rates + high customer acquisition costs
= significant financial impact

e Inkeysectorsliketelecom, TV streaming, finance/insurance,andhealth,
customerretentionisparamount

e Annualretention rates in wireless phone providers typically range from
70% to 85% (which is not super: the company loses, atthe end of each
year, 30% of their customer. This means thattheyhavetoacquire atleast
thesameamountofcustomerthatdecidetoleavethebusiness.
Buteveniftheareabletoacquirethesameamountlossisnotgood,
becauseacquire newcustomerismore expensivethanretaincurrent
customerbase)
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Mappmg the Custg

Customer Development
Customer Retention
Customer Profitability

Customer
Acquisition

Marketing A. ‘ions

DATA-DRIVEN DECISIONS
Data & Analytics <--->Data Challenges | Privacy | Fairness

CUSTOMER DEVELOPMENT: Whatdo we mean?

Creatingvalueforboththe customerandtheorganization (increasingcustomerlifetime
value): How?

>
>

Customerlifetimevalue mustincrease ->how profitableis eachcustomerforus
Inordertoincrease customerlifetimevaluewe haveto createvalueforthe
customermeans that we are in a good shape in terms of retention -> if

customer are satisfied, even the firm willbe satisfy, soitisawin-winsituation

CUSTOMER DEVELOPMENT:
WHAT DO WE MEAN?

* Increase Customer Lifetime Value: aka CLV or LTV (lifetime value of a customer)

« Different ways to compute it:

Chiara Tua

The CLV calculation is an

estimate of the expected value of

CLV - Z (14 4)t-1
=Revenues - Costs e=1 :

v m{l —c) m(l +6)
d=Discount rate ST+t T (640
r= Retention
c=1-r=Churn .

churn
CLV = —m(l * d) Biaottberg et al (2008)
1+d—-r

the customer's value over time

It's a forward-looking
concept that focuses on
the future instead of the
past to evaluate or
measure a customer's
profitability.
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First,defineeachcomponentofthe metric:

Margin (m)=revenues-cost(includeallkind of costs, sobothfixed andvariable one,aswellasbothproduction
costsand marketingcostslinkedtothe product)

Delta (d) = discount of rate (financial concept ->if | have this money now which will be their value inthe
future->timevalue ofthe money)

Retention rate (r) =retention (a value always between 0 and 1 -> likelihood for each consumer to beretained)
Churn rate (c) = 1-r=churn (likelihood for each consumer to live the business in the nextyear)

Time (t) =years

Some assumptions:
e marginmustbeconstantsoeverythingcanbesimplifiedin

m(1+d)

el o=

CUSTOMER DEVELOPMENT:

What do we mean? Vi
Creating value for both the customer and the organization: @ =
How? ;
S @ Creating VALUE EE
= Better Targeting
= Customer Satisfaction: understanding customers’ needs - @
* |Increasing CLV:

= Frequency of Purchase o8 O | o}

= Volume spent ($) 5 m

= SOW (Share of Wallet)

= Retention / Reduce Churn / Loyalty Q*D D@

[ 3 e O UPSELL CROSS SELL

2 00000
rreRRRYR N’
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We canimpactpositivelythe customerlifetimevalue by:

e better targeting: we know that the same marketing strategy can be better and more effectivefor
certaincustomersratherthantheothers->ifweareabletocutmarketingcostsinacleverway, we
canreduce costinthe parameter m of customerlifetimevalue

e increasecustomersatisfaction: positiveimpact, eventhoughitisaindirecteffect,onthe
likelihoodtoberetained

e increasefrequencyofpurchase:ifcustomersarespendingmore,wecanincreasethe
spending component (m) of the customer lifetime value thanks to higher revenues

e increase the volume of each purchase occasion (instead of spending 100 spend now 200)
e shareofwallet:increasetheportionofpurchasesforourbrandwhilereducing,indoingso,the

amountspentatourcompetitors
Wecantrytohandupwiththe strategythatincreaseupsellingandcross selling

Cross-selling:lhaveaniPhonebutnotaMac;ifthecompanycaninducemetobuyalsothe laptopthisis
acrossselling

Upselling is inducing the customer to buy a better version of the same item (iPhone 15 ->iPhone 16)

Average I
| . ery

Vi
Satisfied

High-Value Customers

e Customer Profitability —

Auerage

L __sme PN —. -
: ne
Very ol )
Dissatisfied e b 4 - Intention NOT to repurchase

Negative WOM

I
£
i
|

Verysatisfied customersare more profitable customers, while low satisfied customersarenotonlyless
profitable, buttheycanalsonegativelyimpactonthebrandbydoingbadreviews,andsoon.
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High-value customers =
Satisfied Customers

Customer Customer Sl Customer Percent Gross  Retention Customer
Satisfaction Percent  Score Revenue Margin Profit Cost Profit

~ - -

Very Satisfied 25% 100  $1,200 60%  $720
Satisfied 35% 80  $800 50%  $400
Somewhat Satisfied 20% 60  $300 0%  $120 $100
Somewhat Dissatisfied 15% 40 $80 40% $32 $100  -$68
Dissatisfied 3% 20 $60 40% $24 $100
Very Dissatisfied 2% 0 $50 40% $20 $100

72

Satisfaction & Customer Development-> Increase Value of the Customer

High-value customers =
Satisfied Customers

Retained

- 90% — 63,000
Satisfied <
10%
i ¢ =L ¢
Do Complain
10% (3,000) —
Customer | 20% 30010
100,000 30% (30,000) +
e i

On average acquiring new customers costs more than retaining them
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N.B. Satisfactionisnotequaltoretention, sowe willalways lose also satisfied customer.

Dissatisfiedcustomerswhocomplaincanberetainifwe have agreatcustomerservice, butiftheydonot
complainissomuchharderforthecompanytoimplementstrategiestoretainthem->theystay onlyif
searchingandswitchingcostaretoohighforthemtochangebusiness.
Ifwe have customerthatdocomplainthatmeansthatwestillhave possibilitiestodobetterandfixthese
problem->IMPLEMENTASTRONG SERVICE RECOVERY: givethe customers, the possibilityand the
private space to complain, without using the web in order to then implement the best strategiesto

fixtheproblemsraised.

RETENTION OR CHURN

Customer Lifetime=1/(1-RetentionRATE)

Churn Rate=1-Retention Rate

CLV & CHURN: CONVEX FUNCTION
CLv

$2,500.0
$2,000.0
. $1,500.0
© $1,000.0
$500.0
$0.0

oo oo oo oo oo oo oo o oo o

R P H PR SE P

Churn Rate

Chiara Tua

Customer Customer

Year Retention Life
2002 72% 3.6
2003 77% 4.3
2004 80% 5.0
2005 82% 5.6
2006 85% 6.7

m(1+d)

CLV =
1+d-—r
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Thisfunctionisconvex,whichmeansthatifwe areabletoreducethechurnratewecangainmuch more
interms ofcustomerlifetimevalue->Asmallincreaseintermsorretentionisgoingto produceagreat
increaseintermsoflifetimevalue.

CLV VARIATION IN CHURN AND MARGIN

= Churn 20% = Churn 15%
- CLV=(500'(1+0.14))/(0.14+0.20)=1676 $ . CLV=(500'(1+0.14))/(0.14+o.15)= 1965 $

Effect of a -5% reduction in the churn rate

(1965-1676)=%$289 = CLV difference per customer
5000000 = Customer Base
$1,445,233,265.72 = Incremental Profit

Thedifferenceintermsof CLVissmallwhenreducingthe churnrate,ifwe considerthesingle
customer, butwhenwe computethetotalincrementalprofit,we canseeahugeimprovement, eventough
thechurnratereductionwasreallysmall.

CLV: How to Compute it /Industry

o Grocery Shopping Credit cards

'g E Doctor Visits Telecomunication
o ‘g’ Hotel Stay Services Usage

9 O

O

_5 Event Participation Streaming Content
Y o Subscription

2 o

g o

Ha

Non contractual Contractual
Customer Transaction Type

Adapted from: Schmittiein, David €., Donald G. Morrison, and Richard Colombo (1987), *Counting Your Customers: Who Are
They and What Will They Do Next?® Management Science, 33 (January), 1-24,

To compute CLV we necessarily need the churn rate or otherwise the retention rate.

So,ifweareinacontractualbusiness,itis prettyeasytocomputeit,becauseweknowthe numberof
contractseachyear->attheend ofeachyearthe company perfectly knowthe numberofcustomers that
theywereabletoretain.
Thisisnottrueinnot-contractualbusinesses becausewithoutacontractisdifficultforthe businessto
understandandfigure outwhenthe customerleavesthebusiness->inthiscasethemeasure of CLVis
notofcourseaprecisevalue.
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CUSTOMER DEVELOPMENT

e.g. Up-selling, Cross-Selling,
» Frequency of purchase, SOW,
Customer Profitability

m(1+d)
e Lya-
LTV T

Reduce Churn,
Work on Retention & Loyalty

Bettertargetingisanotherstrategythatcanreducethecostsandsoincrease m. Different
strategiescanhavedifferentimpactonsomekeycomponentofthe CLV.

* How do companies react to having a ‘churn problem' or a problematic

LTV/CAC ratio

Churn Management

Objective: Focus on the 'Retention' Component of LTV
Unit of Analysis: Customer

e Churn;=Probability that an individual j will leave the company in a given period (ex. The end ofthe
year)
Unit of Analysis: Firm

® Churn=percentage of the customer base that leaves the company in a given period

® Churn=c=1-Retention Rate=1-r

Factors that Cause Churn

Whatleadstochurn?What T
arethe contributingfactors? o

Inerzia /
Switching
Costs

Customer . - C h u rn

Characteristics

Marketing

Competition
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Value for the client

e Servicequality

* Fittoneeds

e Satisfaction/expectations
®* Price

e ifservices/productshaveavalueforme,ifI’msatisfiedwiththem,iflfindthe priceinlinewithmy
expectationaboutit.

Inertia/switching cost:

® physical)->sometimeswe have problemstochangewithapositiveimpactonretention
® psychological -> inertia

Competition:

e withinproduct/service category
® betweenproduct/service categories

* themorecompetitorswehaveinamarket,the moredifficult,evenforthe bestfirm,istoretain
customers

Marketing:

* |oyalty

® promotions

® price

® personalization

e ifthe marketing actions are effective, they have a negative impact on churn by increasing
retention.

Customer characteristic:

® riskaversion

® variety seeking
® dealproneness
® experts

e ifwe understand thata groupis more likely to churn, we have to understand how to
acquirethembringingtheminourbusiness.
Theseareallthe macrofactorthatwe knowforsurehaveanimpactonretention.Soas
astrategywecandecidetofocusononeormoreofthem.
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How to Manage Churn?

\\', Churn
Management
'\

We identify the most x V| Actions not directly aimed
at-risk customers and ( ’ at churn. Example:
take action to prevent Targeted & Untarg eted increase satisfaction or

them from leaving switching costs,

0e® Reactive Proactive
Ta®
We expect the customer to notify us First, churn-prone customers are
that she will not renew, then we identified, and a targeted action is
make the customer an offer to stay considered for them

There are two macro strategy that we can adopt:

1. Hand up with churn management untargeted strategy -> the key idea if that action are not
directlyaimedatchurn->lidentifyanactiontodonotdirectlyaimedtoreducechurn, butto
increasesomethingelsetohaveapositiveimpactonchurn(ex.Increase customersatisfaction
becauseiflincreasethatindirectlylhopetohaveapositiveinreducingchurn;increase
switchingcosttoindirectlyhaveapositiveimpactonchurn)

2. Hand up with churn management targeted strategy -> completely different mindset becausethe
firstpurposeistoidentifytheconsumersthatareatriskof churn. We effectively create a strategy
toreducetheriskofchurnapplyingittoonlythose customersatriskofchurn.lhave twooptionto
react:

a. Targeted reactive: we don’t do anything until the customers notify us that they want to
leave, andinthatmoment, we applyour strategy -> ex. Sky

b. Targeted proactive:lhave a metric, so | knowwho at rick on churn, but before they
contactme,’'mgonnadosomethingbecauselfellthatwaitingisrisking.

M Churn
Management
@ C
Targeted J Untargeted

0e® Reactive Proactive
Ta®

Chiara Tua 57



Strategic Marketing
and Analytics

They key step is we wantto apply this strategy is to identify in advance those who are at risk of churnbyusing
apredictive model:

1. Predictive model: goalisto predictindividual-levelchurn
2. Proactive churn managementactions by usingcreative strategies

The ‘process’ of developing a predictive model

Thedevelopmentofapredictive modelis primarilyaprocess (hereiswherewe candemonstrate our
abilityas manager), whichextends beyond mere modelestimationand consists of severalphases:
a. problemdefinition

b. datapreparation
C. modelestimation
d. modelevaluation
e. verificationofpredictive capability...

e Whatisthe key question we wantto answer?

e Whatdatadolneedto make these predictions? -> Now we have a dataset provided by the
teachersbutmaybeitwillnotbethecaseinthefutureandhaveto provide evidencethat the
datathewewanttobuyarecrucialforthe purpose ofretaincustomers

e Whatstatisticaltechnique shouldluse?

e Doesitwork/Do I trust the model? -> Develop a predictive model the works well is
fundamental

e Doesithaveanymanagerialrelevance?Canlusetheresults?"

1. DEFINING THE RPOBLEM
a. Defining the managerial problem
2. PREPARING THE DATA
a. ldentifying the behavior ton predict
b. Constructing the dataset
c. Preprocessing the data
3. ESTIMATING THE MODEL
a. Selecting predictors
b. Choosing the modeling technique
c. Estimating the model
d. Evaluating the model
4. PREDCTIVE VALIDITY
a. Calibration and Validation
5. TARGETING
a. Lift(e.g.>1) cutoff
b. Individual scores
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EXAMPLE - FitLife Gym predictive churn model: PREPARING THE DATA

Wehavetoprepareapredictive modelforFitLine Gym,which meanslistallthedatathatwethinkcouldbe
usefultopredicttheriskofchurninthisindustryandforthisfirm.

1) Usage Patterns: Customerswhohaven'tvisitedthe gyminthe pastmonthandhave adeclining
trendintheirmonthly attendance mightbe atrisk of churning.

2) CustomerDemographics: Youngprofessionals orstudents mightbe morelikelytochurndueto
changingschedules, location, orfinancialconstraints (we cangetthese databythe subscriptionthat
theyfilltosubscribetothe gym).

3) CustomerInteraction: Customerswhohaveraised complaintsorconcernsthroughthe gym's
feedbacksystemmultiple timeswithoutsatisfactoryresolution mightbe dissatisfiedand consideringleaving.
4) Member Engagement: Assessingthe level ofengagement, such as class attendance, participationin
fitnesschallenges, orapp usageforworkouttracking, can provideinsightsintoamember's

likelihoodto continue orchurn

5) Communication: Evaluatingthe effectiveness of communication channels (e.g., email, SMS, app
notifications)inengagingandretainingcustomers.

6) Referral Source: Analyzing how members were acquired (e.g., referral, marketing campaign, walk-ins).
Membersreferred by existing satisfied customers mayhave lowerchurnrates

Attheendofthisphase,wewillbeabletocreatethe model.
Question: Which factors can help predict churn?

X,

Customer
characteristics Y

I Usage Pattems FITGYM

CHURN
Customer

Interaction

Firm
Communication
Strategies
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SELECTING PREDICTORS (I.E. Xs)

o

L8]

H

n

-

Average Usage (1-7 Scale)
w

o

EDA Common  Stepwise Theory Factor Cluster

Analysi Anal
EDA=Exploratory data analysis Batee D N

Variable Selection Method

Neslin et al. 2006

Methods most used by o sample consisting of 50% academics and
50% managers

Howdolselecttalkingabouttheindependentvariablesin my predictionmodel?
Both statisticaltheory andintuition couldbeuseinordertoselectthe Xs ofthe model.

Example: Among the independent variable we have age, but the only values registered in the datasetare 25-
26->itisbasicallyaconstant,soldon’thavetoaddthisvariableinmymodel.

Oragainwe have anapparentlyinterestinginformationaboutthe numberofindividualsacquired

through referral (1% of the sample. It means that we have a dummy variable that is always 0 except fora tiny
portion of 1 ->itis basically constant; it seems interesting but because it does not vary it is betternot
includethem.

We mightexclude somevariablethatdon’tchangeverymuchinordertohaveabettermodelwithjustrelevant
information.

Commonsense coulduseaswell->1thinkthatmaybe somevariables are useful, soladdtheminthe
model.

Moreover,we havetheorythatcanhelpusinchoosingourvariables.

Whenwe have ahuge numberofXsistypicaltohave problemswhenincludingalloftheminthemodel,
especiallythe multicollinearityone duetothe possible correlationamongvariables ->

sometimes people want to reduce the dimension by creating common factors or cluster analysis.
Stepwise is another possible approach: the regression is done step by step, introducing all the
variableintheliststep-by-steptryingtounderstandthe bestmodelwith onlysignificantvariables by
analysingthe R%everytime->theteacheris skepticaltousethismodelasafirstapproach;ifadopting this
modelweneedto payattentioninordertoaddonlywhatis significantwithoutskipinginformation that
couldbeus

Chiara Tua

60



Strategic Marketing
and Analytics

SELECTING PREDICTORS (l.E. Xs)

Typically, we checkthe RZandthenwe select

the solutionwiththevaribale whichoptimizes . ) )
= All possible variable subsets (e.g., X1, X2, X3). Selection

it. based on R2, AIC, BIC
RememberthatwhenweuselLogitwe have

justapseudoR?andnottherealvalue e T;?fje?;m@ L’Z%E?? 3,*0@;2‘ s
associatedtothisparameter. A SRR N i o
Thevalueofthe R?tenttoincreasewhenwe BIC =-2LL+2In(N)k g ZI_EL—AJ
havealotofvariables,and mustbebiased Rzzm

whichmeansthathaveto manyvariablesisnot
alwaysgoodforourmodel, notthatourmodel
explainsbetterthe situation.

To avoid the biased R? that we can get when we have to many varibales we use AIC and BIC.LListhe
maximumlikelihood calculatedthroughthe Logitfunction.

SELECTING PREDICTORS (l.E. Xs)

iz DevErrore
DevTot

Issues?e

Too many predictors vs. Too few predictors

llustration of two
important
conceptsin the

g } development of a
= | predictive model:
vy
g - Overfitting
ug_' - Underfitting
ob-- = . i
0

Complexity of calibration model

Underfitting: notenough varibale in order to fitthe model.
Overfitting: we include in the model too many varibales. The model runs, butitis not significant;some
varibalearecorrelatedtoeachother,orsomeofthemaretoosimilar.

Estimating the model: choosing the modelling technique

Wecanchoose amongdifferent possibilities:
e OLSREGRESSION
e Logit/Probit
e MNL/MNP/Conditional
e Multivariate Logit/Probit
e Tobit(l,1l)
e Hazard—Poisson,NBD
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EVERYTHING (or almost everything) DEPENDS ON Y! ->We have to understand which type of variableisYin

ordertounderstandwhichistherightmodel touse

‘The dependent variable is a continuous quantitative variable
Common Practice: OLS

Advanced: Tobit, Ordered Logit Customer Satisfaction
40 -
ANl 30 +
Sales \ ] 20 ~~I B
10 +
N N | I | l 1 _
I\ 1 2 3 a 5 6 7

% Soddisfazione

Customer Satisfaction # Search

Brand Reputation ,:.~‘.’."" T T i

We willuse an OLS if the data are normally distributed.

L —_
Y is a count variable

CORCPASY)

@ o 5 k3
¥ y, Y T
# Like n T j’!

# Comments, tweet, shares

# visualizations

1,000,382,639 A

o 6,124,639 g 443712

# Fan, followers
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Inthiscasethebestmodeltousecouldbe OLS afteratransformationofthe data, orotherwiseuse

more advance models.
Possible alternative when the dependent variable is a count variable

Istogramma # Like Istogramma # Ln Like

40

150 200

100

0 2000 4000 5000 4
ke 0 2 4 & 8
In_like

Advanced: Poisson, NBD, ZIP, ZINB Ln(Like) OLS Regression

InthiscasewhereOand1arejustlabels,wecanonlyapplyalogit model.
= Ytelluswhichmodelistherightonetouse

Calibration & Validation

Ourpurposeistodevelop astrategyto manage churn, more specificallytargeted proactivewhich means
identifyinadvancethosethatareatriskofchurn->weneedto predictwhoismorelikelyto churn,sohere
thetaskistocreate agreatpredictive model,andwe needtotestthe predictability ofthe model.

The depéndent variable is a qualitative nominal variable with 2 categories

Click , .
I'irough

Click (Yes=1, NO=0)

;‘\ﬁ.‘, 2 N
' W' MJ Purchase(1=SI, 0=NO)

Comment Valence(1=Negative, 0=0Other)

Brand Choice Retained (1=YES, 0=NO)

Models: Logit / Probit

Chiara Tua 63



Strategic Marketing
and Analytics

Howtodoit?

Typically, we have a dataset; imagine a dataset of 100 customers. Of course, whatever we have in the
datasethappenedinthe pastwhichmeansthatlcanusepreviousdatatodevelopapredictive modelthat
maybe is able to predict the behavior of the customer this year. To do this | have to take the data, dividethe
datasetintotwosub-samples->onetoestimatethe modelandthe otheroneto checkif the prediction
modelpredictswell:

A-a«calibration» sample also known as in-sample

B -a«validation» sample also known as out-sample, on which testing the model

The development of a predictive model

Total N=100
Calibration
Sample:

INN=75 / (in-sample)
Estimating the
coefficients

Validation Sample:
out N =25 (out-sample;

holdout sample)
Using coefficients
to predict the Y

Step 1 -In-sample (Calibration): estimate coefficients (using only 75 individuals and not 100): Yn=a+
b1 X1ini+b2X2in+baX3ini+emi

Step 2-0ut-sample (Validation): using obtained parameters (a, b1, bz, bs) at step 1to predict Y_hatouri (the
predictedy)

Step 3—comparetheestimatedvalueswiththe observedonesandcalculatethe predictionerroras=(Your
-Y_hatouri)

Beforedoingthisprocesstherearetoquestiontoanswer:
1. Whatshouldbethe samplesize?

e thecalibrationsamplemustbehigherthanthevalidationoneifthe modelislowerthan500
observations -> Calibration sample = 75% of the total number of the observations, whilethe
validation sample = 25% ofthe observation

e Otherwise,ifthemodelhasalargenumberofobservationsthecalibrationsamplesize
mustbeselectrandomlybecausewewanttocreatetogroupsthatareidenticalinevery
dimension->Calibration sample=validation sample=50%

2. Howmuchofthe sample should be allocatedto calibration?

Chiara Tua
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e N<500 (sample size is relatively small) calibration sample =75%, validation sample= 25%.
Why?
e Forsizes >=500, any 'reasonable' split works well (Steckel and Vanhonacker 1993).
Howtochoosethevalidationandcalibrationsamples?->RANDOM

Calibration and Validation: EXAMPLE

v » e T T N=100
Y= const4bX if CALIBRATION==1

Source S8 df MS Number of obag = -
-------------------------------------------- F{ 1, 73) = 184.02
Model 740.79458 1 740.7%4¢ Probh > F - 0.,.C000
Residual 293.872087 73 4.0258447¢ R-sguared - 0.7160
-------------------------------------------- AdYy R-squared - 0.7121
Total 1034.6868087 14 13.981982 Root MSE - 2.0084
Y Coaf Std. Err t S t [65% Conf Intervall
______________________________________________________________________________
1.6035073 11B3215 13.57 0.000 1.369258 1_B4088B
cons 15.35343 1.171641 13.10 0.000 13.01835 17,6885

Y= SALES
X= Amount Spent ADS ($)
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Y=sales a=15.35
X=ADV b=1.6

Iwanttopredictsalestakingintoconsiderationaspecificlevel ofadvertising.
Sales_hat=15.35+1.6*35(=x1) =>here we willhave the predicted value of advertising forthis level ofsales.

Predicting CHURN

Usingthe modelparameters,youcanestimatethe churnrateattheindividualcustomerlevel
The Lift Chart

= Onewaytoevaluate predictive capabilitywhile also consideringa proactive approachistouse lift
logic
= Logic:

- lidentify different distinct groups based on the prediction of the dependent variable (Y_hat).
Example: 2 groups, 5 groups, 10 groups (quintiles, deciles, etc.) -> the standard is 10 group, and in
group number 10 we will have those that are very unlikely to churn while in group 1 therearethose
whoare mostlikelytochurn.

- lcheckthe mean of the observed variable (Y) in each of these groups.

- ldothisforboththecalibrationandvalidationmodels->predictboththe sample_inandthe

sampe_out.
» Lift = average response of the (k-th) group, heervad
relative to the average response of the sample Decile Churn Lift
r,.= Average response of the group k (k-le) 1 35% 302
rg= Average response across the entire sample 2 30% 259
3 25% 216
1, = Tk 4 12% 103
k — T_ 5 8% 0.69
0 6 5% 043
7 1% 0.09
= What does a very high lift indicate? g 0%d0.00
= it is possible to significantly increase the 9 0% 0.00
response probability by targeting the group that is 10 0% 0.00
more likely to respond compared to the entire
samp[e‘ Totale 12%]
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Thistableiscalledlifttable.Inobserved churncolumnwehavetherealvariable whilethedecilecolumnis
whatwe predict.
Ifourmodeltellsusthatwe havetheoneswhoare morelikelytochangeingroup, wewillexpectahigher

averagethanthelastgroupwhere mymodelshould puttheonesatlessriskofchurn.
Example : Y=Churn Cliente i

Decil| Observed
Lift Chart e Churn Lift
1 35% 3.02
= 40% 2 30% 259
= ‘ 3 25% 216
T 20% 4 12% 103
O mc I I 5 8% 069
g I I s _ 6 5% 043
= T 1%)| 0.09
o 345678910 8 0% 0.00
= Decile 9 0% 0.00
© 10 0% 000
Example Lift del Top-Decile=3 Total
Itis about 3 fimes more likely for customers included in the top decile to L_€ 12%]

churn compared to the average

Whit theliftchartwe canimmediatelyunderstandifthe modelisgoodornot->infact,themodel is good
whenin group 1 we have those who are at more risk with a higher average and, aswe go up in terms of group,
we can see howboththe % of risk of churn and the average value decrease.

How do you interpret this LIFT CHART?

@ Calibration & Validation

Fine.lwouldlovetohavethischart. We canuseittoidentifyinadvancethosewhoareinriskofchurn.
How do you interpret this LIFT CHART?

Lift Chart
Revenues | Multichannel

€100
m IN-sample ® OUT-sample

€60
@0 I
@ - - . - - - v .
1 2 3 4 s 6 7 8 9 10

Decile

Average expenditure per purchase occasion
o
&

Soandsobecauseitisflat->notgood news becausethe modelis not
C abletodiscriminateamonggroups. The same is when the model is
neither increasing nor decreasing
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How do you interpret this LIFT CHART?

Ifourmodelgivesthisresultwearefineandwe canuseto predictfuture p—
trendsandbehavoir. Multichannel Shopping

mN-sample mOUT-sample

Howdoyouidentifycustomerswhoare much morelikelytochurn?
Targeting:

e Lift(e.g.>1) cutoff

¢ IndividualScores e

%of multichannel customers

Churn Management: Proactive Management

N= Total number of clients

Using an incentive to a=Probablity that the customer wil be contacted as part of

h
retain the customer? 8 chum program

p=Probability that the customer is a churner | has been
contacted

Y =Probabibty the customer is retained| Chumer

p=Probabity that a non-chumer recelves the incentives

S N Take Incentive A = Increase in LTV among non-chumers who received

N \n* W | ALTV<-5 the Incentive
ustomens s

Churne:
“’I""" o c= cost of contacting the customer

&= cost of the incentive

Contact . Don't Take Incentive g
(la) To 1 v

Profit fram s proactive action aimed ot reducing churn

IT = N{agy(LVC —c=b)+ai(l = 9)(=c)+all " (ALVC —c—4)
+a(l = 3)(1 —v)(—c))
= Naf(By+ (1 -B)WA)LVC - 3(By+ (1 - B)) —¢) (24.8)

Churn Management: Proactive

N= Total number of clients

a=Probability that the customer will be
J contacted as part of a chum program

B=Probability that the customer is a chumer |

' has been contacted
|
v v v v Y=Probability the customer is retained|
Incremental profit Increment Cost of Chumer
from recovered f incentives for
customers elighted chumers and y=Probablity that a non-chumer receives the
h non-chumers incentives

5 A =increase in LTV among non-churners
Maximum who received the incentive
incentive cost
c= cost of contacting the customer

~ (By+ (1= BWALTV — (1 +p) o= coskol hencanthe

) <
! (14 p)(By+ (1= 73))

Theselasttwoslidesarenotintheexam.
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BOOKSRUS: CASESTUDY -PREDICTING CHURN

Caso BooksRUs: Churn Management

—RBookRus is a major multichannel European book retailer. The company
sells books through stores, mail-order, phone and the Internet.

—Subscription base business. Membership renews at the end of each year.
—The firm mails a print catalog to the customer base five times per year

—The company opted for an omnichannel strategy providing members
several possibilities to purchase: the physical stores, the website,
mail/order or phone, the app

Step 1: Open the dataset DataCohort1.xlIsx.

# Importing necessary libraries
import pandas as pd

import statsmodels.formula.api as smf
import matplotlib.pyplot as plt
import numpy as np

import os

#Step 0:0pen dataset DataCohortl.xls

file_path = r'C:\Users\ValentiniS\DataCohortl.x1lsx"

df = pd.read_excel(file_path)

df.head()
id churn profits multichannel age female street_.agent north early_email bigcity mean_city franchi initi epromo  ini e
0 17051200 0 76.169998 1 330 1 1 1 1 0 0 0 0 1 0
1 17137573 0 123.320000 0 610 0 0 0 1 0 1 0 0 0 1
2 17071854 0 49.459999 0 230 1 0 0 1 0 0 0 0 1 0
3 17126628 1 42689999 0 67.0 1 0 1 1 0 0 0 0 1 0
4 17126606 0  49.060001 0 460 1 0 1 1 0 0 1 0 1 0
4 »
df.columns
Index(['id", ‘churn', ‘profits’, 'multichannel’, ‘age', ‘female’,
‘street_agent', 'north’, 'early_email', 'bigcity’, 'mean_city’,
‘franchisee', 'initialstorepromo', ‘initialweb', ‘initialstore’,
"initialmobile’, ‘'initialrevenues', 'initialreturns'],
dtype="object")
| | month sfer scgutsition)

Step 2: Estimate a logit model with the dependent variable (DV) = churn, and
identify the factors that have the greatest impact on churn.

# Step 1: Run logit DV=churn
# create a quadratic effect for the variable "initialreturns,”
df["initialreturns2”] = df["initialreturns"]**2
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Creatingaquadratic effectinaregression canbeusefulforcapturingnon-linearrelationshipsbetween
the predictorvariable andtheresponsevariable.Inmanyreal-world scenarios, the
relationshipbetweenvariablesis notalwayslinearand canexhibitcurvesorbends.
Here are a few reasons why using a quadratic effect (or higher-order polynomial terms) might be
beneficialinaregressionanalysis:

¢ Non-linearRelationships: Aquadratic effectallowsthe modeltoaccountforsituationswhere
the response variable does not change linearly with the predictor. For instance, some
phenomenamayshowaninitialincrease atadecreasingrate orviceversa.

e Capturing Curvature: WhenthereisaU-shapedorinverted U-shapedrelationshipbetweenthe
predictorandtheresponse,aquadratictermcanhelp capturethis curvature more
accurately.

o Better Prediction: In cases where the true relationship is indeed quadratic, incorporating a
quadratictermcanleadtobetterpredictionsbyaligningthe modelmore closelywiththe
underlyingdatadistribution.

However,it'sessentialtoexercise cautionwhenusinghigher-orderpolynomialterms, astheycan
introduce overfitting, makingthe modeltoo complexandlessgeneralizabletonewdata.

# Step 2: Run logit DV=churn

formula = ('churn ~ multichannel + age + female + street_agent + '

‘north + early_emsil + bigcity + mean_city + franchisee + '
‘initialstorepromo + initialweb + initialstore + initialmobile + '

‘initialrevenues + initialreturns + initialreturns2')
model = smf.logit(formula, data=df).fit()

print(model.summary2())

Optimization terminated successfully.
Current function value: ©.313075
Iterations 7

Model: Logit Pseudo R-squared: ©0.037
Dependent Variable: churn AIC: 22194.0395
Date: 2023-10-09 17:28 BIC: 22338.1511
No. Observations: 35391 Log-Likelihood: -11080.
Df Model: 16 LL-Null: -1150@.
Df Residuals: 35374 LLR p-value: 1.2991e-168
Converged: 1.0000 Scale: 1.0000
No. Iterations: 7.0000

Coef. Std.Err z P>z [e.825 ©.975]
Intercept -1.4676 0.0738 -19.8916 ©.0000 -1.6122 -1.3230
multichannel -1.0227 ©.1131 -9.0401 ©.0000 -1.2445 -2.301@
age -9.0126 0.0012 -10.5132 ©.0000 -0.0150 -2.0103
female -9.4504 9.0367 -12.2635 ©.0000 -0.5224 -0.3784
street_agent -9.3603 ©.0392 -9.2463 0.0000 -9.4367 -0.2340
north ©.1753 0.0517 3.3918 0.0007 0©.0740 ©.2766
early_email -9.0514 ©.0388 -1.3263 ©.1847 -0.1274 ©.0246
bigcity 2.73864 9.0594 13.2274 ©.0000 0.6698 ©.9029
mean_city ©9.1454 0.0701 2.07456 ©.0380 0.0030 0.2828
franchisee -9.0500 0.0387 -1.2920 ©0.1964 -0.1258 ©.0258
initialstorepromo ©.4627 0.0823 5.6243 ©.0000 0.3015 @.6240
initialweb -9.1298 ©.19220 -0.6833 ©.4944 -0.5023 ©.2426
initialstore -0.5876 ©.0833 -7.054% 0.0000 -9.7509 -0.4244
initialmobile -9.3554 ©.1405 -2.5296 ©.0114 -9.6308 -2.0300
initialrevenues 2.0064 0.0021 3.0102 9.0026 @.0022 ©.0105
initialreturns -0.0229 9.0133 -1.7185 ©.0857 -0.04%0 ©.0032
initialreturns2 ©.0003 0.0001 1.7563 ©.8790 -0.0000 ©.0005

Chiara Tua



Strategic Marketing
and Analytics

Weincluded atfirsteverythingaswedon’thavetomanyvaribles.

p-value of multichannelis 0.000->itis significant, whichmeansthatthisvaribalehassomeimpact on
churn. To understand the impact we have to check the sigh of the coefficient; in this case is negative
whichisagoodnewsbecauseithasanegativeimpactonchurn->reducingchurnis exactlywhatweare
lookingfor.

On the other hand, initialstorepromo, even though it is significant due to a p-value equalto 0 has a
positiveimpactonchurn,whichmeansthatthosewhoreceivesapromoatthe beginnigare moe likelyto
churn.

Howtointerpretthe coefficientinalLogistic Regression? POSSIBILITY-COMPUTE OR (exponantialofthe
coefficients)

The modelassumesthat:
Yi=1 with probability pi
Owith probability 1-pi
¢ pj represents the probability thatthe event occurs (e.g. Yi=1=“YES”)

e If an event occurs with probability pi, then the odds ratio (OR) will be pi/(1- pi) -> average impact of
thevariable. When OR=1thisisthe benckmark oftheindiffrence position

Take these two coefficients as examples:

B uiichenne=-1.002 Diinizt proame=0.4627
Odds Ratio (OR): Exp(-1.002) = 0.353 The odds ratio is Odds Ratio (OR): Exp(0.4627) = 1.588
calculated by taking the exponential of the coefficient. An The odds ratio is calculated by taking the exponential of the

0dds ratio of 0.359 means that for a one-unitincrease inthe  oefficient. An odds ratio of approximately 1.588 means
"multichannel” variable (i.e. beir‘.g multichannel), the odds taking advantage of a promotion in the initial period
of churn decrease by approximately 645 (because 1-035%  jnereases the odds of churn by about 1.588 times compared

= 0.641, or about 64%). to not being in the "initial promo” category.

In simpler terms, being in the "multichgnnel” category in simpler terms, taking advantage of a promo at the
decreases the odds of churn by approximately 643 beginning of the relationship with the firm increases the
compared to not being in the "multichannel” category. odds of churn by approximately 58.8% compared to not

taking advantage of a promo at the beginning.
Interpreting Coefficients in a Logistic
Regression Model: odds ratio

Imagine x, = age

« If B, is positive—for example if B, =1, e'=2.7:

* We can say that a one-unit increase in age increases the
probability of your binary variable y (e.g. retention) by a
factor of 2.7 {or 170%), keeping all other factors constant

« if 3, is negative— for example if B, =-1, =34,

« we can say that a one-unit increase in age decreases the
probability of your binary variable y {e.g. retention) by a
factor of 0.36 (or 64% less), keeping all other factors
constant.
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Step 3: Estimate a model with the DV = profits.

#Step 3: Run OLS reg DV=profits
formula = ('profits ~ multichannel + age + female + street_agent + °
‘north + early email + bigcity + mean_city + franchisee + *

*initialstorepromo + initialweb + initialstore + initialmobile + -

*initislrevenues + initialreturns + initialreturns2’)

model = smf.ols(formula,

print(model . .summary2()})

data=df).fit()

Results: Ordinary least squares

©.3386

287822.9759©
287973.1367
-1.4350e+@5

Model:

Dependent Variable:

Date:

No. Observations:
Df Model:

Df Residuals:
R-squared:

BIC:
Log-Likelihood:
F-statistic:

Prob (F-statistic):

Scale:

5 t

Intercept
multichannel
age

femzle
street_sagent
north

early email
bigcity
mean_city
franchisee
initialstorepromo
initialweb
initialstore
initialmobile
initialrevenues
initialreturns
initialreturns2

6 14.7718 ©.0002
7 85.3373 ©.0000
8 31.4897 ©.0000
3 7.4482 ©.0009Q
5 19.9766 ©.000Q
2 G.5889 ©.0000

@.1644 11.1769 ©.0002

9 ©.5952 6.5517
1 2.9873 e.5304
& 2.334¢ ©.0046
7 -5.354¢ ©.0200@
S 14.38539 ©.0009
4 -3.4724 ©.0002
2 18.3326 ©.000Q
6 61.5933 ©.0009
1 -2.3126 ©.0000
8 2.7236 ©.6065

Omnibus:

Prob (Omnibus):
Skew:
Kurtosis:

OLS
profits
2022-12-82 17:28
35391
16
352374
©.337
Coef. Std.Err
4.6234 2.311
20.9517 2.320
9.15e9 a.eo4
1.2885 2.162
3.1672 @.158
1.9387 2.202
1.8377
@2.1535 @.257
2.8237 8.271
2.4522 a.15%9
-1.8296 2.341
11.2348 2.742
-2.5538 @.301
10.8674 2.549
2.53e8 2.e03
-@.583% @.254
9.8e21 2.200
1176e.265
2.00a
1.468
9.295

Durbin-Watson:

Jarque-Bera (JB):

Prob(3B):
Condition No.:

1122.
e.e0
199.23
[0.825 ©.975]
3.9926 5.2142
2©.3231 21.5802
©.1415 ©.1603
©.8905 1.5265
2.8565 3.478@
1.5424 2.3349
1.5154 2.1599
-2.3519 ©.658%
-2.5076 ©.555@
©2.1394 ©.7649
-2.4994 -1.1598
9.5788 12.4909
-3.1446 -1.963@
8.9910 11.1438
2.5139 ©.5476
-2.6099 -0.3978
2.0006 ©.0036
2.016
71137.918
2.000
1630

* The condition number is large (2e+©3). This might indicate

strong multicollinearity or other numerical problems.
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Step 4: Focus on churn and test if the model has predictive ability. Use:
« Calibration and Validation
« Lift Chart

Step4involvesassessingthe model'sabilityto predictchurnevents.

One of the evaluation techniques mentioned is the use of a lift chart, which visually represents the model's
predictive performance. However, please note that there are alternative approaches to evaluate the model,
besidestheliftchart,thatcanalsobeeffective.

The evaluation process utilizesbothin-sample and out-of-sample. In-sampleisthe portionusedtotrainorfitthe
modelout-of-sampleisheldseparatelyto evaluate howwellthe modelperformsonunseendata.

The creationofin-sample and out-of-sampledatainvolvesarandom selection process. Thisrandomness
ensuresthattheselected samplesarerepresentative and unbiased, providingafairevaluation ofthe model's
performance. Randomlyselectingdataforbothin-sample and out-of-sample evaluationsenhancesthe

robustness ofthe assessment.

# Step 4: Generate random data

df["random™] = np.random.uniform(size=df.shape[@])
df["random” ].describe()

# Calculate the median as the cutoff value

cut_off = np.median(dfi"random™])

# Print the cutoff value

print("Cutoff value:", cut_off)

Cutoff wvalue: ©.4963136276443664

mple' dummy variable

# Create the 'ou J
= np.where(df[ ‘random’] > cut_off, 1, @)

df["out_sample”]

# Calculate the frequency table for the 'out sample’ column

frequency table = df['out_sample'].value_counts()

# Calculate the percentage for each value

percentage_table = (df['out_sample'].value_counts(normalize=True) * 100).round(1)

# Print the frequency & percentage tables

print(frequency_table)
print(percentage_table)

df.head()
id churn profits multichannel age female street agent north early email bigcity .. franchisee initialstorepromo initialweb initialstore initialm
0 0 1 1 0 1
1 0 0 0 0 1 o . 0 0 0 1
2 234 1 1 0
3 0 670 1 0 1 1 0 0 0 1 o
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# I don't need the variable random anymore
df.drop(columns=["random’], inplace=True)

df.head()

id chur
0 17051200
1 17137573
17071854

17126628

s wWwN

17126606

0

profits multichannel

76.169998

123.320000

49459999

42.689999

49.060001

1

0

0

and i will drop it

age female street_agent

330

61.0

23.0

67.0

46.0

1

0

1

1

0

0

1

0

0

north early_email

1

1

1

bigcity mean_city

0

0

0

0

1

0

franchisee
0
0

0

initialstorepromo initialweb initialstore

0 1 0
0 0 1
0 1 0
0 1 0
0 1 0

»

T# We re-éestimate the churn modeLl onLy jor the in-sampie

# Filter the DataFrame for in-sample

in_sample_df = df[df[‘out_sample'] == @]
# Define your formula
formula = ('churn ~ multichannel + age + female + street_agent + °

‘north + early email + bigcity + mean_city + franchisee + '

‘initialstorepromo + initialweb + initialstore + initialmobile + '

‘initialrevenues + initialreturns + initialreturns2‘)
# Estimate the model using the filtered DataFrame
model = smf.logit(formula, data=in_sample_df).fit()
# Print the model summary
print(model.summary2())

Optimization terminated successfully.
Current function value: ©.321471

Iterations 7

Results: Logit

Model: Logit Pseudo R-squared: ©.937
Dependent Variable: churn AIC: 11411.5144
Date: 2023-10-09 17:32 BIC: 11543.793@
No. Observations: 17696 Log-Likelihood: -5688.8
Df Model: 16 LL-Null: -5905.8
Df Residuals: 17679 LLR p-value: 2.5165e-82
Converged: 1.0200 Scale: 1.0000
No. Iterations: 7.0002

Coef. Std.Err z P>z [@.025 ©.975]
Intercept -1.4283 ©.1036 -13.7920 ©.0000 -1.6312 -1.2253
multichannel -1.06938 ©.1593 -6.7150 @.0ee0 -1.3820 -©.7575
age -8.0127 ©.0017 -7.6206 ©.0000 -9.0160 -0.0095
female -9.4564 ©.0512 -8.9524 9.0000 -0.5563 -0.3564
street_agent -9.3519 ©.0541 -6.5016 ©.0200 -0.4580 -0.2458
north ©.2048 ©.0729 2.8075 ©.0050 ©0.096183 ©.3478
early email -2.0697 ©.0541 -1.2880 ©.1977 -0.1757 ©.0364
bigcity e.7713 0.0342 9.1309 ©.0000 0.6067 0.936@
mean_city ©.1572 ©.0980 1.6036 ©.1088 -0.0349 0.3492
franchisee -2.9509 ©.05383 -0.9452 @.3446 -9.1564 ©.0546
initialstorepromo ©.5114 ©.1126 4.5431 @.0000 ©.2903 ©.7321
initialweb ©.0523 ©.2454 ©0.2132 ©.8311 -0.4286 0©.5333
initialstore -0.5728 ©.1154 -4.9626 ©.0200 -0.7991 -0.3466
initialmobile -2.2103 ©.1892 -1.1144 @.2651 -0.5815 @.1599
initialrevenues ©.0050 ©.0030 1.69%6 ©.0892 -0.0008 ©.0109
initialreturns -2.9396 ©@.9212 -1.8817 2.8599 -0.8308 0.0016
initialreturns2 2.0003 0.00@2 1.4655 ©.1428 -2.0001 ©.0007
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# MY MODEL previously estimated logistic regression model

# Predict probabilities for both in-sample and out-sample
# Predict probabilities for the entire dataset
df['y_hat'] = model.predict(df)

df.head()
id churn profits multichannel age female street_agent north early_email bigcity .. franchi initialstorepromo initial
0 17051200 0 76.169998 1 330 1 1 1 1 o .. 0 ]
1 17137573 0 123.320000 0 610 0 0 0 1 0 = 0 0
2 17071854 0  49.459999 0 230 1 0 0 1 0 .. 0 0
3 17126628 1  42.689999 0 670 1 0 1 1 = 0 0
4 17126606 0  49.060001 0 460 1 0 1 1 o . 1 0

5 rows x 21 columns

# create decide for OUT SAMPLE
# Filter the DataFrame for in-sample
out_sample df = df[df['out_sample'] == 1]

df.loc[df[ 'out_sample'] == 1, 'decile out'] = pd.qcut(out_sample df['y hat'], 18, labels=False)
#CHECK IF DECILES ARE CREATED CORRECTLY
df{["decile out”, "y hat"]].groupby("decile out").mean()

y_hat

decile_out

0.0 0.036700
1.0 0.057600
2.0 0.070239
3.0 0.080519
4.0 0088334
5.0 0.099676
6.0 0112738
7.0 0.127526
8.0 0.152104
9.0 0.206303

#DECILE=1 SHOULD HAVE THE HIGHEST Y_HAT AND 1@ THE LOWEST

df.loc[df['out_sample®] == 1, ’decile out'] = 10 - df.loc[df['out_sample’'] == 1, ‘decile _out']
#CHECK IF DECILES ARE CREATED CORRECTLY

df{["decile_out™, "y hat"]].groupby("decile out").mean()

y_hat
decile_out

1.0 0.206303
2.0 0.152104
3.0 0.127526
4.0 0.112738
5.0 0.099676
6.0 0.088854
7.0 0.080519
8.0 0.07023¢
9.0 0.057600
10.0 0.036700
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The first group has 20% probability to churn. Now we have to compare the model with the realy which is churn.

#LIFT TABLE WITH OBSERVED CHURN
df{["decile_out”™, “churn™]].groupby("decile out™).mean()

churn
decile_out

1.0 0.238389
2.0 0.151806
3.0 0.090234
4.0 0.020604
5.0 0.064699
6.0 0.0684262
7.0 0.068977
8.0 0.066102
9.0 0.056529

10.0 0.065537

# create the Lift chart

df[["decile_out™, ™“churn™]].groupby("decile_out™).mean().plot.bar()

<AxesSubplot:xlabel="decile_out'>

0.25
B churn
0.20 1
0.15 4
0.10 +
0.05 A
0.00 -
o o o o o o o o o o
— o~ m < A [te) ~ © o)) .9.
decile_out
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Thismodelisabletodistinguish prettywellthefirstfour/five groups, thentheresults are pretty muchthe same,sonow

wewanttousejustthesignificantgroups.
# Lift with 5 groups instead of 1@

# Assuming you want to assign 5 groups for ‘decile out5'
out_sample_df = df[df['out_sample'] == 1]

# Calculate deciles for the out-sample with 5 groups

df.loc[df] 'out_sample'] == 1, 'decile out5'] = pd.qcut(out_sample df[’'y hat'], 5, labels=False)
df.loc[df[ 'out_sample‘] == 1, 'decile out5'] = 5 - df.loc[df['out_sample'] == 1, 'decile out5']

# CHART WITH 5 GROUPS

df[["decile out5", “churn"]].groupby("decile out5").mean().plot.bar()

<AxesSubplot:xlabel="'decile_out5'>

0.200

0.175 A

0.150 A

0.125 A

0.100 A

0.075 A

B churn

decile_out5
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#oper dataset cohort 2

df2_path = r'C:\Users\ValentiniS\2023_05_Marketing AXA\Lab 1 Session2_BooksRUS_Churn\DataCohort2.xlsx"

df2 = pd.read_excel(df2_path)

df2.head()
id profits churn_observed multichannel age female north bigcity mean_city early_email franchisee street agent initialweb initialstore initialmobil
0 1 39.040001 0 0 38720001 1 1 0 0 1 0 0 0 0
1 2 53.080002 0 1 38720001 0 1 0 [ 1 0 0 1 0
2 3 0.000000 0 0 62.000000 1 1 0 0 1 1 0 1 0
3 4 56.049999 1 1 34.000000 0 1 0 0 1 1 0 1 0
4 5 9.290000 0 0 38.720001 1 1 0 0 1 1 0 0 0
<« I —— 4
NOW | OPEN A NEW DATASET BECAUSE | WANT TO PREDICT CHURN IN THIS NEW DATASET USING THE PARAMETER OF THE MODEL JUST ESTIMATED
# Step4:
### Predict churn on a new dataset, df2
### using the parameters from the logistic regression model estimated on dataset db_c1.
# Add a new column “"churn_hat" to df2 containing the churn predictions.
df2['churn_hat'] = model.predict(df2)
df2.head()
id profits churn_observed multichannel age female north bigcity mean_city early_email .. street_agent lweb initial: initialmobile initial
0 1 39.040001 0 0 38720001 1 1 0 0 1 0 0 0
1 2 53.080002 0 1 38720001 0 1 0 0 1 0 1 0
2 3 0.000000 0 0 62.000000 1 1 0 0 1 0 1 0
3 4 56.049999 1 1 34.000000 0 1 0 0 1 0 1 0
4 5 9290000 0 0 38720001 1 1 0 0 1 0 0 0

5 rows x 21 columns

# Step4:

# create DECILE

#CHECK IF DECILES ARE CREATED CORRECTLY

df2[*decile’'] = pd.qcut(df2[ 'churn_hat'], 1@, labels=False)
df2['decile’] = 10 - df2['decile’]

df2.head()

id profits churn_observed multichannel

age female north bigcity mean_city

early_email

... initialweb

initialstore

initialmobile initialstorepromo

0 1 39.040001 0 0 38720001 1
1 2 53.080002 0 1 38.720001 0
2 3 0.000000 0 0 62.000000 1
3 4 56.049999 1 1 34.000000 0
4 5 9.290000 0 0 38720001 1

5 rows x 22 columns

< | —

# Step4:

# LIFT TABLE
df2[["decile™, “"churn_observed™”]].groupby(“decile").mean()

churn_observed

decile

-

0.349201
0.245854
0.214728
0.198307
0.154173
0.144524
0.140196
0.111003

0.090407

O VW O N O N A W N

-

0.054054

# Step4:

C

1

0

0

0

df2[["decile™, "churn_observed”]].groupby(“decile").mean().plot.bar()

1

1

0

1

0

1

0

0

0

78



Strategic Marketing
and Analytics

Step 6: Use the estimates to predict churn in a new dataset,
DataCohort2.xlsx.

Whom would you include in the 'Targeted Proactive' action? Why?

<AxesSubplot:xlabel="decile'>

0.35 B churn_observed

0.30 A
0.25 A
0.20
0.15 A
0.10 A

0.05 A

0.00 -

decile

Evaluate the effectiveness of marketing actions

Ourtaskisnotonlydevelopingamarketingplan,butalsobeabletoreassurethe managementthatour
marketingplanisgoingtobe effective.

Overview: Example 1 New York Times

Why are some articles from The New York Times more shared than others and become
viral? What are some potential factors that contribute to explaining their success?

Main argument: The emotional content of the article -> unboots the engagement, understanding which
aretheelementwhichallowsacontenttobecomeviral
1. Textanalysistoquantifythe article’semotionalcontent

2. Text analysis to quantify the type of emotions evoked by the article (anger, anxiety, sadness, joy,
humoretc.)

3. Experiment where they «manipulate» the emotional content of an ADV

Chiara Tua

79



Strategic Marketing
and Analytics

They have a brand and their managerial Analysis of more than three months of New York Times articles
)

task is to develop a social media

Objective: Understand which Anger (+1S0) ] ae%

H H H types of content are more likely to . s

marketing campaign for thatbrand with o iraliewiR S wy — s
. Awe (+150) T ) 90%
the purpose toincrease engagement -> pem—
they can create a contentthatis ableto Emotonainy (+150) ) o
generate . ‘
emotions, becausehopefullythiskind Practcal Vau (+150) ] 0% of
contentwouldbemorelikelytobe e apt
h(wvemgﬁr,-vsu)_ 20%

shared. P

% Change in Fitted Probability of Making the List

e [Fxperiment->to check if
generating emotion could increase engagement; in principle we wanttolinkourbrandwith positive
emotion, butitisnotalwaysthecase
e Twoversions of an ADV that differed on how much humor they evoked
e High-or low-amusement version of a story about a recent advertising campaign for Jimmy
Deansausages
e Thetwo versions were pre-tested to verify that they are perceived differently in terms of humor
levels
e Likelihoodtosharethe ADV:
o high-amusement(M=3.97)versus low-amusement(M=2.92; p<.005)
o}
PunchLine->Predictive models andfield experimentsarecommonly used alsotogethertogenerateand
testthe effectiveness of marketing actions and strategies.

These methodscan providevaluableinsightsforidentifying possible marketing strategiesandimproving
overalleffectiveness, before actually enteringthe market.
How can they be used in the context of Churn Management?

. Churn
Management
We identifyfthe most J
at-risk custymers and
take action f§ prevent ( )) Targeted
them from Mavi

7~ Actions not directly aimed
at churn. Example:

l) Untargeted  jncrease satisfaction or

switching costs,

o0 Reach @ Proactive
oD

We expect the customer to notify us
that she will not renew, then we
make the customer an offer to stay

First, churn-prone customers are
identified, and a targeted action is
considered for them

Liftchartisaperfecttooltopredictifmycustomersarelikelyornottoleave.

Example

Ascarza,lyengarand Schleicher(2016)“Proactive ChurnPrevention UsingPlanRecommendations:Evidence
fromaField Experiment.” Journalof MarketingResearch
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Proactive Churn Prevention (Ascarzaetal.)

Field experiment (A/B test) with a telecom provider in South America
Intervention:
e Select~65kcustomersactiveinQ12011
e 15%ofcustomersleftasideasacontrolgroup
e Treatment consists of calling the customers (high risk churn) and offering to upgrade to either
$47 or $63 plan
o Noothercommitments/Nofine print

o Ifaccepted, extra $15 during the following 3 months
Forallcustomers,includingthoseinthecontrolcondition,one orboth ofthefeatured planswould have

been better than their current plan. To incentivize customers to upgrade to the suggested plans,the
company offered an additional credit of $15 for each of the following three months if they agreed to

upgradetooneofthefeaturedplans.

Proactive Churn Prevention (Ascarza et al.)

Initial Sample

84,147 customers|

Random Allocation

1

Treatment

o5
Accept the Reject the
Promation Promotion

828 customens | L_| 53261 customens

CASE 3 PILGRIM: TRAGETED PROACTIVE COMPAIGN

Context

Industry: Banking, Pilgrim
BankSample: 31,634
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e Forthesecustomers,achurnmodelwasestimated. Hence, each customeris associatedwitha
churnprobability, estimated atthetime of acquisitionthrough aninternallyconsolidated model.

e Each customer is assigned a decile (1=customers with the highest churn risk, 10=lowest).

e The company has decided to focus a targeted proactive strategy on the customers in the first 3
deciles. They were the subject of a field test. Following one year after the field test, information on
churnwascollectedfortheentire sampleof31,634 customers.

Field Test

10 |
guantiles |
of |
churn_hat | Freqg Percent Cum
____________ e L T e e e e e e e e e i L
E 3,163 10.00 10.00
2 | 3,163 10.00 20.00
3 |1 3,164 10.00 30.00
4 | 3,163 10.00 40.00
5 | 3,164 10.00 50.00
6 | 3,163 10.00 60.00
g 9 3,163 10.00 70.00
8 | 3,164 10.00 80.00
9 | 3,163 10.00 90.00
10 | 3,164 10.00 100.00
____________ +________________________._________.__
Total | 31,634 100.00
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Dataset: PilgrimTargetedField.xls

id Customer identifier code

decile Decile of beionging derived from the churn mode!

target proactive 1 = included in the churn program (peoactive). O = control {random selection)
retention i=retained, O=chum

MainlyOnline_bank _previous |1 indicates if the customer predominantly uses ooline banking 0 if not

District District of residence (USA)

Tenure Number of years as a customer

[AboveMedian_Tenure_Target |[Variable indicating whether tenure is above tha median of customers = 1, or baiow the median =0
age Age in classes, O indicates missing

agemiss Variadie that takes 3 value of L if age is missing, O otherwise

e income, O indicates missing

fincmiss Variabie that takes 3 value of 1 if income is missing 0 otherwise

dist1100 [Dummy variables identifying the 3 districts of residence for analysis

dist1200 Dummy variables identifying the 3 districts of residence for analysis

dist1300 Dummy variables identifying the 3 districts of residence for analysis
churn_hat |prediction of chumn from predictive mode! {made before observing actual chum)

Decileand churn hatcolumnswerecreated before observingtheactualretention.

Field test > Variable Targeted Proactive

/ Did not Receive Anything

Purpose

Field Teste—" # of Customers

0=Control Group 4,394
1= Receive Incentivex 5,096
Missing= Not included in the field 22,144
Total R 31,634

oses: If retained,
nalized financial
1g expert, a free
fit abroad and

Afield experiment designed to address the following key questions:
1. Isthe target proactive strategy effective?

2. Yes, no,why? Carefullyjustifytheresponse
3.CASE PILGRIM: FIELD TEST

Suggested Steps:

Step 0: Open the dataset PilgrimTargetedField.xls.

import pandas as pd

import statsmodels.formula.api as smf
import matplotlib.pyplot as plt

import numpy as np
import os
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#Step 0:0pen dataset PilgrimTargetedField.xls

file_path = r'C:\Users\ValentiniS\PilgrimTargetedField.xls"
db_pilgrim = pd.read_excel(file_path)

db_pilgrim.head()

#note variable DECILE is already created

id decile target proactive retention MainlyOnline_bank_previous District Tenure AboveMedian_Tenure_Target age agemiss inc incmiss dist1100 dist120/

0 8197 1 0.0 1 1 1200 9 0 0 1 0 1 0
1 4270 1 1.0 0 0 1200 2 0 0 1 0 1 0
2 4598 8 NaN 1 0 1200 4 0 2 0 6 0 0
3 30687 1 0.0 0 0 1200 5 0 0 1 0 1 0
4 20042 3 1.0 1 0 1200 9 0 1 0 1 0 0
4 4

db_pilgrim.shape

(31634, 16)

Step 1la: Check: the lift chart to verify if the predictive model worked using the already
created decile variable and observed retention. Remember, deciles are
created based on the predicted churn.

Step 1b: Check: verify the random assignment of the Targeted Proactive variable.

#I have the observed retention, therefore compute the observe Churn
db_pilgrim['Churn’] = 1-db_pilgrim[ retention’]
db_pilgrim.head()

id decile target proactive retention MainlyOnline_bank_previous District Tenure AboveMedian_Tenure_Target age agemiss inc incmiss dist1100 dist1200

0 8197 1 0.0 1 1 1200 9 o] 0 1 0 1 0 1
1 4270 1 1.0 0o (o] 1200 2 0 o 1 o] 1 (o] 1
2 4598 8 NaN 1 o] 1200 4 o] 2 0 6 0 0 1
3 30687 1 0.0 o] (o] 1200 5 o] o 1 o] 1 (o] 1
4 29042 3 1.0 1 [o] 1200 9 o] 1 0 1 0 0 1
4 >

#descriptive table associated to the Lift chart: Average Observed Churn per decile
db_pilgrim [["decile”, "Churn"]].groupby("decile").mean()

Churn

decile

-

0.451470

0.406892

0.219027

0.102118

0.095449

0.083465

0.073032

0.066056

w O NV AW N

0.056908

-
o

0.050885

Churn=1-retention.
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# Create the Lift chart: Churn
db_pilgrim [[“"decile™, "Churn"]].groupby("decile™).mean().plot.bar()

<AxesSubplot:xlabel="decile"'>

BN Churn
0.4 1
0.3 1
0.2 1
0.1
0.0 -
- o~ m s '] o ~ © (=2} 3

decile

Thismodelissuperintermsofpredictionvalidity!

# Step 1b: Check Random Assignment

mask = db_pilgrim[{db_pilgrim[ decile”]<4]

formula = ('target_proactive ~ MainlyOnline_bank previous + Tenure +°'
‘age + agemiss + inc + incmiss + dist1100 + distl1299°)

model = smf.logit(formula, data = mask).fit()

print(model.summary2())

Optimization terminated successfully.
Current function value: ©2.69022¢
Iterations 4

Results: Logit

Model: Logit Pseudo R-squared: 9.2e0
Dependent Variable: target_proactive AIC: 13118.3732
Date: 2823-1@-15 22:e7 BIC: 13182.7951
No. Obserwvations: c49e Log-Likelihood: -6558.2
Df Model: 8 LL-Null: -6552.0
Df Residuals: 9481 LLR p-value: ©.89257
Converged: 1.2000 Scale: 1.2220
No. Iterations: 4.0800

Coef. Std.Err z P>z [@.025 ©.975]
Intercept ©.0759 ©.1606 ©.4723 ©.6367 -2.2389 ©.3906
MainlyOnline_bank_previous ©.0938S ©.8669 @.4557 ©.6486 -2.1007 ©.18617
Tenure 9.0031 ©.2242 -2.7531 2.4514 -2.0113 ©.0059
age ©.00e77 ©.8381 @.202° ©.8392 -2.067¢ 2.0825
agemiss ©.0127 ©.1326 ©.8958 9.9237 -2.2471 ©.2725
inc ©.0168 @.8236 @@.7134 ©.4756 -2.0294 ©.063@
incmiss ©.0254 ©.1183 ©.2147 ©.8300 -©.2064 2.2572
distliee ©.82186 ©.8829 ©.2607 ©.7943 -©.1489 2.1841
disti2ee 2.06384 ©.2603 1.1332 ©.2571 -2.2492 ©.1866

Wedon’tneedtocreatearandomvariable, becauseitwascreatedbythe managementinthis
case.The two group are identified by the value of the target_proactive variable (0 means control
group, 1 experimentalgroup). Ifmypurposesistorandomize.
Werunalogitmodelwithasdependentvariabletarget_proactiveandasindependent
variablesallthecustomer’s characteristicinorderto assignap-valuetoverifyifthereisa
likelihoodtobeincludedin thecontrolgrouporinthe experimentalgroup.
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Example

Age: p-value (whichis the amount of tolerated errorin the estimate)=0.8392 -> itis not significant andwith
arehappyaboutthatbecausewedon’twantthatageisassociatedinanypossible waytothe likelihood to
belong to the control group or the experimental group -> if it is not significant that meansthatage doesnot
explainthelikelihoodtobeincludedinthe controlgroup orinthe experimental
group.Ifthep-valueinthistestissignificantwillbeaproblem->ifageincreases,itismorelikelytobeaddin
theexperimentalgroupwhichmeansabiasandwehavenotrandomized)

Step 2: Model Free Evidence: Verify if the targeted proactive campaign worked.

# Step 2: Results of the Field test: Model Free Evidence

db_pilgrim[['target_proactive’, "retention"]].loc[db_pilgrim['decile’]<4].groupby("target_proactive™).mean()

retention
target_proactive
0.0 0.652025
1.0 0.631279
db_pilgrim[['target_proactive’, "retention”]].loc[db_pilgrim['decile’]<4].groupby("target_proactive”).mean().plot.bar()

<AxesSubplot:xlabel="target_proactive’>

0.6
0.5 A

0.4

Thetwo outputarethe sameinterms of
meaning, butwe simplyusetwodifferent
tools.

B retention

target_proactive

Wecansaythatthecampaignis noteffective becausetheresultsisprettymuchthesame
inbothgroups, and above allin the experimentalgroup is even lower thaninthe control group.

Step 3: Test: Test if the targeted proactive campaign worked and comment on the
results.
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Thevariabletarget_proactivereducesretentionofabout10% ->OR=Exp(-0.10)=0.90~>1-0.90=0.10

# Filter the DataFrame considering only the FIRST 3 DECILES

# not needed already done in previous step, but copy and paste here for
#illustrative purposes

mask = db_pilgrim[db_pilgrim[‘decile’]<4]

# Define your formula

formula = ('retention ~ target proactive + MainlyOnline_ bank previous +°
‘Tenure + age + agemiss + inc + incmiss + dist1108 + disti2ee” )

# Estimate the model using the filtered DataFrame

model = smf.logit(formula, data=mask).fit()

# Print the model summary

print(model.summary2())

Optimization terminated successfully.
Current function value: ©.604497
Iterations 6

Results: Logit

Model: Logit Pseudo R-squared: @.e74
Dependent Variable: retention AIC: 11493.3463
Date: 2023-19-15 22:11 BIC: 11564.9263
No. Observations: 24992 Log-Likelihood: -5736.7
Df Model: 9 LL-Null: -6196.1
Df Residuals: 9480 LLR p-value: 5.4128s-192
Converged: 1.2000 Scale: 1.2e20
No. Iterations: 6.2220

Coef. Std.Err. z P>|z [@.225 ©.975]
Intercept 1.6@386 ©.2536 6.3242 ©.0000 1.1066 2.106@6
target_proactive -9.10e8 ©.8449 -2.2453 2.8247 -©.1887 -0.09128
MainlyOnline_bank_previous ©.1994 ©.0748 2.6646 ©.2077 ©.0527 ©.3461
Tenure 2.9594 ©.2246 13.2154 ©.0000 ©.0505 0.0634
age 9.e683 ©.2659 1.8369 ©.2998 -£.9608 ©.1975
agemiss -1.095@ ©.2096 -5.2243 ©.€000 -1.5058 -0.86342
inc 2.e73e ©.8323 1.8572 @.2633 -2.0042 ©.15e2
incmiss -9.788%9 ©.1752 -4.5034 ©.2000 -1.1323 -0.4456
distiiee ©.0866 ©.8899 @.9638 ©.3352 -©.9895 ©0.2627
distl2ee 2.121@ ©.0650 1.85294 ©.8630 -2.0065 0.2434

Step 4: Reflect on customer heterogeneity and try to explore.

Exploring customer heterogeneity means understand how different are the individuals within a sample-
>whateveractionwedowillhave adifferentimpactonindividualsbecause eachofusisdifferentfrom
theother.

Sothisprocess meanscheckingiftherearegroupsofindividualsthatresponddifferentlytoour
campaign.

# Step 4: Focus on Tenure [one can explore with other and more variables]
# Results of the Field test distinct by Tenure
# Descriptive Statistics

db_pilgrim[["AboveMedian_Tenure Target", “Tenure"]].groupby("AboveMedian_Tenure_ Target").agg({"Tenure": ["mean", "min", 'max', ‘std', "count"]})
Tenure
mean min max std count

AboveMedian_Tenure_Target
0 531706 o 9 2382365 15117

1 13.85639 9 19 2613972 16517

#Step 4

# Create sub-dataframe based on Tenure

mask_tenure_low = db_pilgrim[db_pilgrim[ ‘AboveMedian_Tenure_Target']
mask_tenure_high = db_pilgrim[db_pilgrim[ 'AboveMedian_Tenure Target']

#Logit only for those TENURE LOW

# Define your formula

formula = ('retention ~ target_proactive + MainlyOnline bank_previous +'
‘Tenure + age + agemiss + inc + incmiss + dist1100 + dist1200' )

# Estimate the model using the filtered DataFrame

model = smf.logit(formula, data=mask_tenure_low).fit()

# Print the model summary

print(model.summary2())
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Optimization terminated successfully.
Current function value: ©.617853
Iterations 7

Model: Logit Pseudo R-squared: ©.881
Dependent Variable: retention AIC: 5883.4237
Date: 29023-10-15 22:25 BIC: 5248.0721
No. Observations: 4745 Log-Likelihood: -2931.7
Df Model: 9 LL-Null: -3190.6
Df Residuals: 4735 LLR p-value: 9.1360e-186
Converged: 1.2000 Scale: 1.9e0
No. Iterations: 7 .2000

Coef Std.Err z P>|z [@.025 ©.975]

Intercept
target_proactive

1 %) 3 a 1.

) %) 1 a 0.
MainlyOnline_bank_previous ©.0543 ©.1914 @.5356 ©.5922 -©.1444 0.2529
Tenure ©.1115 ©.2125 8.9393 ©.0000 ©.087¢@¢ ©.1359
age ©.160@6 ©.12015 1.5826 ©.1135 -©.0383 ©.3596
agemiss -1.0793 ©.2966 -3.6383 ©.0003 -1.6606 -0.4979
inc ©.9753 ©.8558 1.3479 ©.1777 -©.03242 0.1847
incmiss -9.7588 ©.2481 -3.€5%0 ©.0022 -1.2450 -0.2726
distliee ©.1858 ©.1264 ©.8371 ©.4025 -©.1419 ©.3536

%) %) 1 a 0.

distl2e0

Tenure could explain a different response in terms of incentive because it divides the
customer betweenshort-termandlong-term customers. Forsurewhentalkingaboutlong-
termcustomerwecanconsiderinertia,whichis somethingthatwe cannotconsiderwhen
analysingshort-term
customersbehavior. Moreover, somemarketingactionscannotbe proposedtoshort-term
customersbecauseitcanbedangerousandviceversa.
To dothis pointwe can actin three ways:
1. Descriptive statistic
2. Useinteractionterm
3. Dividethe datasetintwo sub-datasets: inthis case lowtenure (0<x<9) and high tenure
(x>=9).Andthencreatearegressionin ordertounderstandtheimpactofthisvariable
onretention.
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TENURE LOW: Positive impact of target_proactive of 13% on retention OR=exp(0.1209)=1.13
Before, whenwe analyzed the entire sample the effect was negative (reduction of 10%).

#logit only for those TENURE HIGH

# Define your formula

formula = ('retention ~ target_proactive + MainlyOnline_bank previous +°
‘Tenure + age + agemiss + inc + inomiss + dist116@ + disti2e9" )

# Estimate the model using the filtered DataFrame

model = smf.logit(formula, data=mask_tenure_high).fit()

# Print the model summary

print(model.summary2())

Optimization terminated successfully.
Current function value: ©.582142
Iterations 6

Results: Logit

Model: Logit Pseudo R-squared: 9.7
Dependent Variable: retention AIC: 5544.5229
Date: 2023-10-15 22:26 BIC: 5609.1714
No. Observations: 4745 Log-Likelihood: -2762.3
Df Model: 2 LL-Null: -2973.4
Df Residuals: 4735 LLR p-value: 2.3145e-85
Converged: 1.2000 Scale: 1.0000
No. Iterations: 5.2000

Coef. Std.Err. z P>|z| [@.225 ©.9275]
Intercept 9.2913 9.4930 2.2364 ©.253 ©.1114 1.86°912
target_proactive -9.3431 9.8653 -5.2508 ©.2000 -0.4712 -0.2150
MainlyOnline_bank_previous ©.3565 9.1136 3.1381 ©.2017 ©.1338 ©.5791
Tenure 9.1138 9.0130 8.7456 0.9000 ©.0383 ©.1393
age 9.0127 ©.98386 ©.1436 9.8858 -2.1609 ©.1863
agemiss -1.0885 @.3835 -3.2966 0.201@ -1.5953 -0.4056
inc ©.0763 @.8552 1.3825 ©.1668 -©.0319 ©0.1845
incmiss -8.8254 ©.2480 -3.3284 ©.2009 -1.3115 -0.3394
dist1190 9.0542 9.1294 @.4185 ©.6756 -2.1995 ©.3078
distl2eo 0.0680 9.9944 @.7206 ©.4712 -2.117¢ ©.2531

TENURE HIGH: Negative Impact oftarget_proactive on Retention-29% Why? -> «Broken Inertia»

#how to ask odds ratio as output

# Access the model parameters (coefficients)
model params = model.params

# Compute the odds ratios (exponentiate the coefficients)
odds_ratios = np.exp(model_params)

# Creagte a DataFrame to display the odds ratios with their respective nomes
odds_ratios_df = pd.DataFrame({'Odds Ratio"': odds_ratios, 'Coefficient': model params})

# Print the DataFrame with odds ratios

print(odds_ratios_df)

Odds Ratio Coefficient

Intercept 3.352995 1.209854
target_proactive 1.132372 ©.124314
MainlyOnline_bank_previous 1.855731 9.254231
Tenure 1.1179835 @.111484
age 1.174261 ©.16e639
agemiss ©.339847 -1.87925%9
inc 1.e78157 ©.875252
incmiss ©.468218 -0.758821
distliee 1.11318616 ©9.185815
dist126e 1.186546 @.171e486

Step 5: Comment on the results of your explorations.

Chiara Tua

89



Strategic Marketing
and Analytics

WRAP UP:

e Atargetedproactiveactionaimedatreducingchurnactuallyhasanegative effecton
retention, reducingitoverallbyabout10%.

e Byexaminingdifferentresponse probabilitiesforvarious customergroups, itisnotedthat
tenure moderates the effect; those with low tenure respond positively, while long-term
customersrespond negatively.

e The inertia effect may explain the result, in line with the literature by Ascarza, lyengar, and

Schleicher (2016) titled 'The Wrong Way to Reduce Churn'in Idea Watch, HarvardBusiness
Review.

TakeHome:

. The probability of churn and the probability of
response to a specific marketing actionshould be
consideredin conjunction!

e Randomized field tests if possible and/or the development of marketing response models
combined with churn probabilities

UNTARGETED CHURN REDUCTION STRATEGY —-CASE 4: BOOKS R US ->
FIELD TEST

Management

Actions not directly aimed

7~
—— 2t churn. Example:
KJ L-‘-ta-':»etEd increase satisfaction or

switching costs,

We identify the most

at-risk customers an O/ P

take action to prevent! - i
them from leaving

.i ‘i Reactive @ Proactive
L AN

We expect the customer to notify us First, churn-prone customers are
that she will not renew, then we identified, and a targeted action is
make the customer an offer to stay considered for them

Inthiscasewejustwanttoreducethechurnratebyapplyingactionsthatwedobelievethatcouldhavea
positiveimpactonthelikelihoodtochurn.

Channels, touchpoints and profits...

Customer
Profitability

Channel Choice
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Do multichannel customers buy more?

Average Annual Dollars Spent per Customer

5887.00
il I I
> > " . e e
O < d N 3 &
& & ¢ & a° s s
» < & * &

s
3 x &
& o 3 ;
2 J P & & &
& & & & &
o3
° McKinsey Quarterly 2011

< “The promise of multichannel retailing”

&

Replicated by: Loftus, Mulliken and Sharp 2008; Myers, Pickersgill, and van Metre 2004; Thomas and
Sullivan 2005; Kumar and Venkatesan 2005; Venkatesan, Kumar, and Ravishanker 2007; Ansari, Mela,
and Neslin 2008; Boehm 2008; Campbell and Frei 2010; Xue, Hitt, and Chen 2011; Gensler, Leeflang,
& Skiera 2012; Kushwaha and Shankar 2013, Montaguti, Neslin, Valentini 2016.

MANAGERIALIMPLICATION: firms should use marketingto create more multichannelcustomersLogic,

e Marketinginduces more customerstobecome multichannel.

e Multichannelcustomersare more profitablethantheywouldhavebeenhadtheynotbeen
multichannel.

e Asaresult,average profitpercustomershouldincrease.

IsthisACTIONABLE?

Case 4 BooksRUs: Summary

Can marketing actions create more multichannel customers?
Will this increase the profitability of the customer base?

If yes, how?

—By reducing churn?

—By increasing spending volume?
—By increasing purchase frequency?

Case 4 BooksRUs:

Can Marketing Induce Multichannel Buying and More Profitable Customers?
“Untargeted strategy”

— BookRus is a major multichannel European book retailer. The company sells books through stores,
mail-order, phone and the Internet.
— The firm mails a print catalog to the customer base five times per year

— The company opted for an omnichannel strategy providing members several possibilities to purchase:
the physical stores, the website, mail/order or phone, the app

— Despite the efforts of providing more channels to purchase the core customer base was still strongly
related to the physical store without exploring other available channels (70% of customers purchased
mainly using only the Physical Store)

— Additionally. the management wasn't sure about how much effective an omnichannel strategy could
be in increasing average customer profitability
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Indoing this, Roberta is attempting to implement an "UNTARGETED" strategy aimed atreducing churn
and increasing customer base profitability. The approachis indirect; therefore, the campaignand field
testneedtobecarefullydesigned.

CASE OBJECTIVES

BooksRUsimplementafield experimenttoaddressfourquestions:

1. Canamarketingcampaign be designedto create more multichannelcustomers?

2. Ifso,aremultichannelcustomers more profitable thantheywould have beenhadtheynotbeen
multichannel?

3. Whatistheimpactonchurn?

4. What types of marketing campaigns work best, and why?

DATA

Thecompanyselectedon3cohortsof customerswho lived within atleastone store’s service areaand
were acquired in the last period of the year (September - December): Cohort 1, Cohort 2 and Cohort3.
Allcustomersincludedinthese cohortwere observedsincetheveryfirstpurchase:

Cohorts1and2wereusedtotestif multichannelcustomersare associatedwith higherprofitsandless
churn.Cohort3wasselectedtoconductthefieldtest

Before running the Field Test Roberta wanted to have a first correlational empirical evidence that the use of

multiple channels was associated with more profits. She used data of Cohort 1 to conductthisanalysis.

Phase 0 - Are Multichannel Customers More
Profitable Customers?

Average Profits per Customer per Year

€4288

£ 2000 €16.34

Serg
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Phase 0 - Are Multichannel Customers More

Profitable Customers? _

Case 2 Results

ults: Oxdinzry lea=t sguazes

kelihood:
F-statzs=tic:

35374 Pzcb (F-statistic):
0.337 Scale:

Coes. 3zd.Exr. © B>icl [0.035 0.975]
mszitickerrel ©.0000 20.3231 21.5802
age 0. 1415 0.1803
fea=le o. -8905 1.526S
street_agent 0 .8565 3.4780
0. -5424 2.3349
o -5154 2.159¢%
9 0.€58%
9 0.5550
0. -1394 ©.7649
g -4994 -1.1598
o. 5788 12.4509
o -144€ -1.9630
o. 5910 11.1438
0. 5139 0.5476
o .6099% -0.3978
0. -000€ 0.0036&

.S82€ 5.2142

Phase 0 - Are Multichannel Customers More

Profitable Customers?

Case 2 Results
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PHASE 0 - ARE MULTICHANNEL CUSTOMERS
MORE PROFITABLE CUSTOMERS?

CLV PERSPECTIVE
She also computed the CLV using this (Cohort 1) :

(1+d)

CLV = mm—

Average CLV=Customer Lifetime Value

Discount rate=0.12 €97.19

r=retention rate=1-churn rate
d=discount rate
AC=acquisition cost=10 €

€30.85

Single

Design of the field test

This figure depicts how marketing communication can induce customers to become
multichannel shoppers who in turn are more profitable.

Direct Route
A
25 ™
Multichannel > Multichanoel
Cognitions Attitudes

Marketing / \ [ Multichannel 5 Customer

Communication \ /] Behavior Profits

Purchase Multichannel Multichanoe!

Frequency Cognitions Attitudes

o - PP
Indirect Route
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ACTIONABILITY

FO U R CAM PAI G N s: IS MULTICHANNEL CUSTOMER STRATEGY ACTIONABLE?

«Multichannel Message» promoting multichannel shopping

Direct
Route

Indirect
Route

«\/alue Proposition Messages» promoting the company

IMPLEMENTATION OF THE FIELD TEST

Group Number of

customers
MNF 6810
MF 6831
VPNF 6829
VPF 6821
Control 3419
30710

Chiara Tua

Perind S

Recruit

Assign to
Experimental
Group

Period 1 Perad 2

Marketing  Marketing
Campaign  Campaign

Period 3 Parind 4 Period 5

J

T
Observe Buying Behavior
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Caso BooksRUs: Field Test

Step 0: Open the dataset Cohort3.xIs.

import pandas as pd

import statsmodels.api as sm

import statsmodels.formula.api as smf

import numpy as np

import researchpy as rp

import os

from statsmodels.stats.proportion import proportions_ztest

#Step 0:

#0Open dataset Cohort3BooksFieldTest.xls

file_path = r'C:\Users\ValentiniS\Cohort3BooksFieldTest.xls
df = pd.read_excel(file_path)

df.head()
id groups profits churn_observed multichannel mf mnf vpf vpnf ¢ .. mean_city early email franchisee street agent initialweb initialstore initialmol
0 1 Control 39.040001 0 0 0 0 0 01 . 0 1 0 0 0 0
1 2 mnf 53.080002 0 1 0 1 0 00 . 0 1 0 0 1 0
2 3 vpnf  0.000000 0 0 0 0 0 10 = 0 1 1 0 1 0
3 4 mnf 56.049999 1 1 0 1 0 00 . 0 1 1 0 1 0
4 5 Control 9.290000 0 0 0 0 0 01 . 0 1 1 0 0 0

5 rows x 24 columns
4 »
df.shape

(30710, 24)

Step 1: Model Free Evidence: Check if and which of the campaigns

# Step 1: Model Free Evidence: Check if and which of the campaigns generated the most multichannel customers

df.groupby(“groups™)[ ‘multichannel’].mean()
-
c

groups
Control ©.069903
mf @.072757
mnf @.032085
vpf @.070224
vpnf 9.071753

Name: multichannel, dtype: float64

# Step 1: Model Free Evidence: chart
df.groupby(“groups™)[ ‘multichannel’].mean().plot.bar()

[T

£

<AxesSubplot:xlabel="groups'>

0.08 A
0.07 A
0.06 -
0.05 A
0.04 A
0.03 A
0.02 A
0.01 A
0.00 -
S

E

mi
vp

Control

groups
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#impact on churn: model-free evidence
df.groupby("groups™)[ "churn_observed® ] .mean().plot.bar()

<AxesSubplot:xlabel="groups'>

0.175 A

0.150 -

0.125

0.100 -

0.075 -

0.050 -

0.025 -

0.000 -
g = £ 5 5
8

groups

#impact on churn
df.groupby("groups™)[ "churn_observed’].mean()

groups

Control 8.1745612
mf @.173327
mnf 9.158737
vpf @.174168
vpnf 2.170019

Name: churn_observed, dtype: floaté4

#impact on profits
df.groupby("groups™)[ 'profits'].mean().plot.bar()

<AxesSubplotixlabel="groups'>

20-
151
10 -
5
ol
£

N N
€ =

g
groups

vp

Control
mi

#impact on profits
df.groupby(“groups")[ "churn_observed"].mean()

groups

Control 8.174612
mf ©.173327
mnf 9.158737
vpf ©.174168
vpnf 2.170010

Name: churn_observed, dtype: floaté64
Chiara Tua
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Step 2: Statistical Test: Test if and which of the campaigns generated the
most multichannel customers.

# Step 2: Results of the Field test: TEST
formula = ('multichannel ~ mf + mnf + vpf + vpnf’)

model = smf.logit(formula, data = df).fit()

print(model.summary2())

Optimization terminated successfully.
Current function value: ©.263012
Iterations 7

Results: Logit

Model: Logit Pseudo R-squared: ©.801
Dependent Variable: multichannel AIC: 16164.1787
Date: 2023-1©-16 9e:35 BIC: 162@5.38404
No. Observation 3e71e Log-Likelihood: -8077.1

Df Model: 4 LL-Null: -8081.7

Df Residuals: 30705 LLR p-value: 2.956010
Converged: 1.000@e Scale: 1.0eee

No. Iterations: 7 .o02e

Intercept -2.5882 ©.2671 -38.5884 ©.929020 -2.7196 -2.4567
mf ©.2431 @.es817 ©.5275 ©.5979 -e.1170 ©.2031
mnt ©.1738 e.ese3 2.1648 ©.03e4 2.0164 ©.3312
vpf ©.0849 @.e821 ©.0600 ©.9522 -@.1560 ©.1659
vpnf ©.0281 @.es81s8 ©.3434 ©.7313 -9.1323 ©.1885

Remembertoexcludethe controlgroup.

# Step 2: Results of the Field test: test
#HHEHE#ZEE CHURN
formula = ('churn_observed ~ mf + mnf + vpf + vpnf®)

model = smf.logit(formula, data = df).fit()

print(model.summary2())

Optimization terminated successfully.
Current function value: ©.455253
Iterations 6

Results: Logit

©.000
27971.6567
28013.3185
-13981.
-13985.
©.088281
1.00092

Model: Logit Pseudo R-squared:
Dependent Variable: churn_observed AIC:
Date: 2023-10-16 @2:36 BIC:
No. Observations: 3e71e Log-Likelihood:
Df Model: 4 LL-Null:
Df Residuals: 30795 LLR p-value:
Converged: 1.0002 Scale:
No. Iterations: 6.0000

Coef. Std.Err. P>
Intercept -1.5533 ©.28450 -34.4802 ©0.92e2 -1.6416 -1.4650@
mf -9.0e89 @.e552 -9.161% ©.8714 -©.1172 ©.09293
mnf -9.1144 8.e559 -2.9446 ©.9429 -©.2240 -0.9047
vpf -9.0831 @.9552 -©.0559 ©.9554 -0.1113 2.1e51
vpnf -e.e323 ©.8554 -©.5827 ©.5621 -2.14e8 2.9763

Theeffectshouldbeindirect->wewantto observeifthe newlycreated multichannelcustomerarenow

abletoreducechurnandimprove profits.

# Step 2: Results of the Field test: Test

#uppse profits

formula = ('profits ~ mf + mnf + vpf + vpnf’')

model = smf.ols(formula,

print(model.summary2())

data = df

). fit()

Results: Ordinary least squares

Model: oLs Adj. R-squared: ©.020
Dependent Variable: profits AIC: 273197.3616
Date: 2022-10-16 @9:36 BIC: 273239.0233
No. Observations: 38710 Log-Likelihood: -1.3659e+@5
Df Model: 4 F-statistic: 2.319
Df Residuals: 30705 Prob (F-statistic): ©.@546
R-squared: e.000 Scale: 427.52

Coef Std.Err. t P>|t| [e.025 9.975]
Intercept 20.8947 ©.3536 59.0891 2.2200 20.2016 21.5878
mf ©.2598 2.4332 ©.5998 2.5486 -0.5892 1.1e88
mnf 1.2367 2.4334 2.3921 ©.2168 ©.1872 1.8861
vpf ©.1476 @.4333 9.34097 ©.7333 -2.7016 9.9963
vpnf ©.2300 @9.4332 9.64564 9.51380 -2.569@ 1.1291
Omnibus: 5182.527 Durbin-kWatson: 1.840
Prob(Omnibus): 0.080 Jarque-Bera (JB): 10331.001
Skew: 1.e29 Prob(38): @.e00
Kurtosis: 4.959 Condition No.: 8
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Step 3: Test if and which of the 4 campaigns had an effect on churn, and
reflect on which variables to include in the test.

#check if multichannl impacts Churn

formula = ('churn_observed ~ multichannel’)

model = smf.logit(formula, data = df).fit()

print(model.summary2())

Optimization terminated successfully.

Current function value: ©.458568

Iterations 7

Results: Logit

Model: Logit Pseudo R-squared: ©.911
Dependent Variable: churn_observed AIC 27677 .4182
Date: 2023-1©-16 @2:38 BIC: 27694.03829
No. Observations: 30710 Log-Likelihood: -13837.
Df Model: 1 LL-Null: -13985.

Df Residuals: 30798 LLR p-value: 2.0765e-66
Converged: 1.0082 1.0082

No. Iterations: 7 .0028

Coef. Std.Err. z

Intercept -1.5238 2.9155 -98.5823 ©.9220 -1.5541 -1.4935
multichannel -1.3417 ©.9944 -14.2192 ©.2220 -1.5266 -1.1557

Beingmultichannelis associated with lesschurnand higher profits.

Step 4: Test if and which of the 4 campaigns had an effect on profits, and
reflect on which variables to include in the test.

#check if multichannl impacts profits
formula = ('profits ~ multichannel')
model = smf.ols(formula, data = df).fit()

print(model.summary2())

Results: Ordinary least squares

Model: oLs Adj. R-squared: ©.169
Dependent Variable: profits aIC: 267496.2869
Date: 2023-10-16 90:38 BIC: 267512.9516
No. Observations: 30710 Log-Likelihood: -1.3375e+05
Df Model: 1 F-statistic: 6268.
Df Residuals: 30708 Prob (F-statistic): @.ee

R-squared 355.12

Intercept 18.8756 ©.1117 168.9365 ©.0000 15.6566 19.0946
multichannel 32.5797 ©.4115 79.1714 ©.0000 31.7731 33.3863
Omnibu: 4764.087 Durbin-Watso: 1.840
Prob(Omnibus): ©.000 Jarque-Bera (J8): 8454.467
Skew: 1.006 Prob(JB): 2.9200

Kurtosis: 4.599 Condition No.: 4

*** please note you can control also for other variables but result would not change dramatically, since it is a result of a randomized field test
#check if multichannl impacts Churn and profits

formula = ('churn_observed ~ multichannel + age +
‘north + female +°
‘bigcity + mean_city + early_email +°
‘franchisee + street_agent +°
‘initialweb + initialstore + initialmobile + initialstorepromo +°
‘initialreturns + initialrevenues'

model = smf.logit(formula, data = df).fit()
print(model.summary2())

Optimization terminated successfully.
Current function value: ©.430332
Iterations 7

Results: Logit

Model: Logit Pseudo R-squared: ©.855
Dependent Variable: churn_observed AIC: 26462.9731
Date: 2023-10-16 88:44 BIC: 26596.2906
No. Observations: 30710 Log-Likelihood:  -13215.
Df Model: 1s LL-Null: -13985.

Of Residuals: 30694 LLR p-value: o.2000
Converged: 1.0008 Scale: 1.0000

No. Iterations: 7.0002

Intercept -2.6497 ©.0683 -9.5120 ©.0000 -2.7836 -©.5159
multichannel -1.3793  ©.0962 -14.3423 ©.8800 -1.5678 -1.1908
age -2.0163  ©.0211 -14.09633 ©.0000 -2.0184 -2.0142
north ©.28%0 ©.0413 6.9938 ©.0000 ©.2080 ©.3700
female -2.5703  ©.0327 -17.4175 ©.0000 -2.6345 -0.5061
bigcity 1.0623 ©.0503 20.8806 ©.0000 ©.9626 1.1620
mean_city ©.2255 ©.0734 3.0724 ©.0021 ©.9817 ©.3694
early email -9.9667 ©.0333 -1.9676 ©.2491 -8.1332 -9.0003
franchises -9.9674 ©.0333 -2.0232 ©.0431 -9.1327 -90.0021
street_agent -©.4389  ©.0332 -13.2206 ©.0000 -2.5040 -©.3739
initialweb -9.1024 ©.1239 -0.5260 ©.4088 -0.3453 ©.1406
initialstore -1.2206 ©.6032 -2.0234 ©.0430 -2.4030 -©.0383
initialmobile -.3960 ©.1319 -3.8022 ©.8827 -8.6545 -0.1375
initialstorepromo 1.0329 ©.6041 1.7100 ©.8873 -©.1510 2.2169
initialreturns -0.0080 ©.0057 -1.3911 ©.1642 -8.8192 ©.0033
initialrevenues ©.0099 ©.0011 9.2757 ©.0000 ©.2078 ©.0120
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Step 5: Which campaign worked better? Why?

MNF (reactancetheory)isthe campaignwhichworked better; the value proposition optionsdon’t
tellcustomersthepresence of multichannel. Discountmeansthatthereissomethingforyou, but
inthis case, MFforceyoutopurchase, butalsoonwhichchannelsdothepurchase->itisreally
manipulatingandithave anegative effectoncustomers.

Theory of planned behavior -> perceived behavioral control is associated to an increase in
positive attitudetowardanaction. Inthis contextthisconceptcanbereassumedinthefactthat
justthe

knowledge ofthe presence of multiple channelsishelpfulforourpurpose.

Mean Ratings of Each Communication (1-5 scale)

Mean Rating (1-5 scale)

* MNF produce less “reactance” and increased “perceived control”!

Multichannel customers are more profitable:
further analyses

Industry: Books

Average annual Profit per customer, distinct by frequency of

purchase

Number of 2 3 4 5 8 7 8 9 >9
Purchase

occasions
Single Channel €20.28 €29.18 €36.27 €37.68 €34.14 €36.26 €38.03 €43.20 €50.11

Multichannel o, »5 €37.05 €45.14 €52.92 €59.96 €60.37 €57.34 €67.97 €63.34

Difference €3.08 €787 €887 €1523 €2583 €24.01 €£€19.31 €2477 €13.23
p-value 0006 0000 0000 0000 0000 0000 0003 0105 0173
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margins...

Store 31% 79%
Internet, Mail, Mobile 69% 21%

However, TT > 0 even for combinations of high margin channels

Multichannel Single Channel TT=Difference in Profits

Internet/Mobile Internet £8.52
Internet/Mobile Mobile £17.54
Internet/Mobile Mail Order £564
Internet/Mail Order Internet €1231
Internet/Mail Order Mail £13 64
Internet/Mail Order Mobile £2334
Phone/Mail Order Mobile £€18.00
Phone/Mail Order Mail £€8.00
Phone/Mail Order Internet £7.23

Post-testsurveyconductedonthe company'scustomers: 2,068 respondents->LabExperiment:each
respondentwasexposedtoonlyoneofthefourcommunicationsusinganexperimental logic
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