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CUSTOMER DATA

The KEY to unlock Customer VALUE



C V M  &  I N S I G H T S

AGENDA

I n t r o d u c t i o n

H o w  d o  w e  c o l l e c t  d a t a ?

W h a t  d o  w e  d o ?

H o w  d o  w e  u s e  d a t a ?

O n l i n e  D a t a



INTRODUCTION



KNOWING OUR CUSTOMERS

T h e i r  p r o d u c t / b r a n d  p r e f e r e n c e s

I n  o t h e r  c o n t e x t s ,  w h e r e  
b u s i n e s s e s  a r e  s m a l l e r  a n d  
l o c a l ,  b u s i n e s s  o w n e r s  k n o w  
t h e i r  c u s t o m e r s :

F i n a n c i a l  a v a i l a b i l i t y

F a m i l y  s t r u c t u r e

O t h e r  a s p e c t s  f r o m  t h e i r  l i v e s  
t h a t  c o u l d  i n f l u e n c e  t h e i r  
c h o i c e s



WHAT DO 
CUSTOMERS

Simplicity

Convenience

Save Time and Money

Feel unique 

WANT?



TO BE A DIGITAL 
RETAILER WITH PHYSICAL 
STORES AND A HUMAN 
TOUCH

OUR VISION



O N E  O N G O I N G

Effortless interactions,
which may flow over
different moments
and different channels

Each interaction must 
flow from the last as if
it was an uninterrupted
conversation

C O N V E R S A T I O N



O N E  L O N G

UNINTERRUPTED CONVERSATION

C O N S I S T E N C Y AG I L I T Y C O N V E N I E N C E P R O - AC T I V I T Y



DATA ANALYSIS

T r a n s f o r m i n g  d a t a  i n t o  
k n o w l e d g e

To

C r e a t e  a  3 6 0 º  v i e w  o f  
c u s t o m e r s .

C U S T O M E R - C E N T R I C

C U L T U R E



HOW DO WE COLLECT DATA?



C U S T O M E R  D A T A

FROM DIFFERENT SOURCES

T O  C O L L E C T RELEVANT D ATA 

THERE ARE MANY OPPORTUNITIES

What they tell us 
(NPS/NSS and other 

surveys)

Their purchase 
habits (On&Offline)

Browsing, Reviews 
and Favourites

Other interactions 
(repairs, complaints, 

installations…)



WHAT DO WE DO?



C V M  &  I N S I G H T S

C U S T O M E R

VALUE MANAGEMENT

D E F I N E  

S T R A T E G I E S  T O  

M A X I M I Z E  T H E  

C U S T O M E R  

V A L U E

W E L C O M E

A n a l y z e a n d u n d e r s t a n d
c u s t o m e r s e g m e n t s

T e s t t a r g e t e d
c o m m u n i c a t i o n s a l o n g t h e
c u s t o m e r ’ s l i f e c y c l e

S h a r e  g a t h e r e d i n s i g h t s  
w i t h t h e c o m p a n y



DIRECT MARKETING
C A M P A I G N M A N A G E M E N T

S M S  A N D  N E W S L E T T E R S  C O M M U N I C A T I O N

C U S T O M E R  
D A T A

I N S I G H T S  
I N C O R P O R A T I O N

T A R G E T E D  
S E G M E N T A T I O N  
& C O M M U N I C A T I O N

R E S U L T S  
M O N I T O R I Z A T I O N



CUSTOMER
SEGMENTATION

VA L U E

P R O D U C T

L I F E C Y C L E

P U R C H A S E  C H A N N E L

DIRECT MARKETING
C A M P A I G N M A N A G E M E N T

S M S  A N D  N E W S L E T T E R S  C O M M U N I C A T I O N



HOW DO WE USE DATA?



4 TYPES OF 
DATA ANALYSIS

They should be integrated so that they maximize the return 
(value) they bring to a company

Descriptive
What happened?

Diagnosis 
Why did it happen?

Predictive 
What will happen?

DATA ANALYSIS

Prescriptive 
How can we make it 

happen?

BIG DATA

AI & MACHINE LEARNING



FREQUENCY &  BASKET 
VALUE PREDICT ION

SPORADIC

REGULAR

CASUAL

INACTIVE

P r e d i c t  h o w  m u c h  a n d  
w h a t t h e  c u s t o m e r  w i l l  
p u r c h a s e  i n  t h e  f u t u r e

I d e n t i f y i n g  c u s t o m e r s  
m o v e s  b e t w e e n  p u r c h a s e s  
a l l o w s  u s  t o :

I d e n t i f y  a n d  
i n c e n t i v i z e  
c u s t o m e r  b e h a v i o r



CUSTOMER SEGMENTATION

To have a consistent and simple customer description we defined several

approaches to customer segmentation. These are 3 of them:

• Value/Frequency Segments: based on order frequency and average basket

value;

• Product Interest Segments: based on the types of product the customers buy;

• Trend Segments: a classification of customer activity/recency;



CUSTOMER SEGMENTATION
Value/Frequency

The Value/Frequency segment is computed by a k-medoids algorithm – a ‘k-means’ but where the cluster 
centroids have to be part of the sample. 

This process runs on these variables: 
• Average Yearly Order Frequency (# Orders)
• Average Basket Value (€)

The resulting clusters are the following:
• Casual: a customer with low frequency and basket value
• Sporadic: a customer with high basket value
• Regular: a customer with high frequency

A high frequency and high basket value cluster didn’t show up because the basket value tends to decrease with

frequency since it essentially is computed as Avg Basket Value =
𝑇𝑜𝑡𝑎𝑙 𝑉𝑎𝑙𝑢𝑒

𝑂𝑟𝑑𝑒𝑟 𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦



CUSTOMER SEGMENTATION
Value/Frequency

A look into the three segments for a sample of 20.000 customers



CUSTOMER SEGMENTATION

Migrating Casual customers to higher segments is very much of interest as the smaller

Sporadic and Regular segments make up more than 80% of the value spent by all

customers. This means creating a relationship where the customers trust us with their

high value purchases and frequently visit our stores.

Value/Frequency

Customers per segment Total value spent (€) per segment



CUSTOMER SEGMENTATION
Product Interest

To measure customer interest for product categories
we divided our products into 14 categories: 
• Big appliances
• Small appliances
• Telecom
• TV
• IT
• Audio
• Services
• Accessories
• Tickets
• Gaming
• Entertainment
• Photography
• Outdoors
• Marketplace Only

We found that interests would be skewed to be
higher for expensive items like big appliances if we
focused on value and higher for cheap things like
accessories if we focused on number of items
bought.

To balance this, for customer U we compute the
interest for a certain category C as follows:

Interest = 
(% of items U bought that belong to C) × (% of value
spent by U that belongs to C)

Then we apply a k-means algorithm on this 14-
dimensional space.



CUSTOMER SEGMENTATION

Product Interest – Cluster Centroids

Services

Big appliances Telecom General Tech Home

Small appliances Gaming Accessories

Big appliances

Telecom

IT

TV

Small appliances

Audio

Services

Accessories

Gaming

Photography

Entertainment

Marketplace Only

Tickets

Outdoors



CUSTOMER SEGMENTATION
Trend

To add to the information given by the value/frequency segments and the product interest segments, 

we classify the customers according to their activity based on the last 24 months with these labels:

Segment 12 to 24 months ago Last 12 months

New Unregistered First Purchase!

Recent First purchase!

Escaping Active (made purchases) Inactive (no purchases)

Regained Inactive Active

Lost Inactive Inactive

Stable Active Active (same Value/Frequency Segment as the other period)

Rising Active Active (stronger V/F segment)*

Declining Active Active (weaker V/F segment)*

* Casual < Sporadic < Regular



CUSTOMER SEGMENTATION

Customer Value/Frequency Product Interest Trend

#001 Sporadic Gaming New

#002 Regular Home Recent

#003 Casual Accessories Stable

#004 Sporadic Big Appliances Regained

#005 Inactive Telecom Lost

In the end these approaches together form a simple but accurate
description of the customer’s history



C V M  &  I N S I G H T S

NEXT BASKET
P R E D I C T I O N



C V M  &  I N S I G H T S

NEXT BASKET
P R E D I C T I O N



C V M  &  I N S I G H T S

NEXT BASKET
P R E D I C T I O N

Average Yearly Order Frequency - 1.71

Average Number of Distinct Products per 
Transaction – 1.45

PREDICTIONS USING STANDARD 

METHODS ARE VERY DIFFICULT TO 

OBTAIN



A N D  P E R S O N A L I Z AT I O N

TO THE NEXT LEVEL

TA K E  A D V I S O R Y

S T A T I S T I C A L  M O D E L S  
D E V E L O P M E N T  
A N D  A I

PURCHASE PROPENSITY

PROFILING
RECOMMENDATION

PROJECTS & ANALYTICS



RECOMMENDER SYSTEMS

Some implemented/studied approaches:

• Collaborative Filtering

• Sequential Collaborative Filtering (several variations)

• TransRec (He, Kang, McAuley – 2017)

• Item2vec (Barkan, Koenigstein – 2017)

• FPMC (Rendle, Freudenthaler, Schmidt-Thieme – 2010)

Software used: SAS, R, Python.



RECOMMENDER SYSTEMS
Item2Vec 

Embeddings Visualization in Tensorflow



RECOMMENDER SYSTEMS
Sequential Collaborative Filtering (item-to-item)

User Date Item

#001 1 A

#001 2 B

#001 2 C

#001 3 D

#002 1 C

#002 2 A

#002 2 D

Purchase History

Similarity(i1,i2) =
#𝑢𝑠𝑒𝑟𝑠 𝑡ℎ𝑎𝑡 𝑏𝑜𝑢𝑔ℎ𝑡 𝑖2 𝒂𝒇𝒕𝒆𝒓 𝑏𝑢𝑦𝑖𝑛𝑔 𝑖1

# 𝑢𝑠𝑒𝑟𝑠 𝑡ℎ𝑎𝑡 𝑏𝑜𝑢𝑔ℎ𝑡 𝑖1× #𝑢𝑠𝑒𝑟𝑠 𝑡ℎ𝑎𝑡 𝑏𝑜𝑢𝑔ℎ𝑡 𝑖2

A B C D

A - 0.707 0.5 0.5

B 0 - 0 0.707

C 0.5 0 - 1

D 0 0 0 -

Similarity Matrix

This approach was found to 
capture the customers’ 
general interests relatively
better than others. 

It generates recommended
items based on the
customer’s full purchase
history.



RECOMMENDER SYSTEMS
Consecutive Collaborative Filtering (item-to-item)

User Date Item

#001 1 A

#001 2 B

#001 2 C

#001 3 D

#002 1 C

#002 2 A

#002 2 D

Purchase History

Similarity(i1,i2) =
#𝑢𝑠𝑒𝑟𝑠 𝑡ℎ𝑎𝑡 𝑏𝑜𝑢𝑔ℎ𝑡 𝑖1 𝑎𝑛𝑑 𝑖2 𝑖𝑛 𝒄𝒐𝒏𝒔𝒆𝒄𝒖𝒕𝒊𝒗𝒆 𝒕𝒓𝒂𝒏𝒔𝒂𝒄𝒕𝒊𝒐𝒏𝒔 (𝑖1 𝑓𝑖𝑟𝑠𝑡)

# 𝑢𝑠𝑒𝑟𝑠 𝑡ℎ𝑎𝑡 𝑏𝑜𝑢𝑔ℎ𝑡 𝑖1× #𝑢𝑠𝑒𝑟𝑠 𝑡ℎ𝑎𝑡 𝑏𝑜𝑢𝑔ℎ𝑡 𝑖2

A B C D

A - 0.707 0.5 0

B 0 - 0 0.707

C 0.5 0 - 1

D 0 0 0 -

Similarity Matrix

This approach was found to 
capture the customers’ 
recent trends relatively better
than others. 

It generates recommended
items based on the
customer’s latest order.



RECOMMENDER SYSTEMS
BEST RESULTS SO FAR

Ensemble Algorithm: Combined Similarities between Customers and Items from both models. 

hit@10 = 34.8% for Regular Customers

Sequential CF (to capture general interest) Consecutive CF (to capture recent trend)

?



C V M  &  I N S I G H T S

CAMPAIGN RESPONSE
P R E D I C T I O N

S T U D Y I N G  C U S T O M E R S ’  
H I S T O R I C A L  R E S P O N S E  T O  
C A M P A I G N S

P r e d i c t  f u t u r e  r e s p o n s e  r e s u l t s  
t o  t a r g e t  t h e  r i g h t  c u s t o m e r s

M a x i m i z e  i n c r e m e n t a l  s a l e s

M a x i m i z e  c u s t o m e r  s a t i s f a c t i o n



PERSONALIZAT ION

C r o s s - s e l l  n e w s l e t t e r s

P
e

r
s

o
n
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l
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z

e
d

 
c
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u

p
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n
s

CÓDIGO CÓDIGO



ONLINE DATA



SEARCH EN GINE
M A R K E T I N G

Search Query

Ranking

SEARCH ENGINE OPTIMIZATION (SEO)

SEARCH ENGINE ADVERTISING (SEA)

+

=
SEARCH ENGINE MARKETING (SEM)



SERP

S e a r c h

E n g i n e

R e s u l t

P a g e

SEO
S e a r c h  E n g i n e  O p t i m i z a t i o n

Search Query

Ranking

Based on KeyWords



SEARCH ENGINE

Google Search Console

CTR

M A R K E T I N G



SEARCH ENGINE

CTR – Click Through Rate

M A R K E T I N G



SEARCH ENGINE

Algorithms are frequently changed and not completely known, so constant

optimization is required.

CTR

M A R K E T I N G



Google Analytics

CTR

SEARCH ENGINE
M A R K E T I N G

The continuous optimization strategy aims at increasing relevant KPIs, such

as PageViews, PageSessions and Avg Sessions



SEA
Search Engine Advertising

CTR



S E A R C H  E N G I N E
M A R K E T I N G

Search Query

RankingA look on the Web Advertising providers’ side of the problem…



S E A R C H  E N G I N E
M A R K E T I N G

Search Query

RankingA look on the Web Advertising providers’ side of the problem…



S E A R C H  E N G I N E
M A R K E T I N G

Search Query

Ranking



S E A R C H  E N G I N E
M A R K E T I N G

Search Query

Ranking



S E A R C H  E N G I N E
M A R K E T I N G

Search Query

Ranking



S E A R C H  E N G I N E
M A R K E T I N G

Search Query

Ranking



S E A R C H  E N G I N E
M A R K E T I N G

Search Query

Ranking

There are several algorithms

used to solve this proble:

• Greedy Algorithm

• Balanced Algorithm

• …



ATTRIBUTION MODELS

Used to model customer behaviour and

understand what drives visits and conversions.

CTR

GOAL

GOAL

GOAL

GOAL



A continuous optimization problem…

CTR

ATTRIBUTION MODELS



BEHAVIOURAL 

SHIFT

PAGEVIEWS

FAVOURITES & 

BANNER CLICKS

Online customers’ 
information

PANDEMIC CONTEXT 
ACCELERATED 

eCOMMERCE GROWTH

NEW DIGITAL 
CHANNELS

&
AI TOOLS

L A R G E R  A M O U N T O F D ATA

TO PROFILE THE CUSTOMER

BIG DATA



QUESTIONS?


