Customer centric
data science
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Focus on the Right Customers for

Strategic Advantage

Customers are
individuals

Customers are different
to each other

Not about customer
service — that’s
separate dimension



Great approach for data science

* Wonderful dataset to work with
* Solve problems in novel ways

e Solve a real human problem



How to get a customer centric
dataset



(user ido, timestampo, event detailso)
(user id4, timestamp1, event details1)

(user idz, timestampz, event detailsy)

(user idn, timestampn, event detailsn)
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(user idn, timestampn, event detailsn)



(user ido, timestampo, event detailso)
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(user idn, timestampn, event detailsn)



(user ido, timestampo, event detailso)
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(user ido, timestampo, event detailso)
(user id1, timestamp1, event details1)
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No silos

(user idn, timestampn, event detailsn)
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(user ido, timestampo, event detailso)

(user id4, timestamp1, event details1)

Avoid personal
data

(user idz, timestamp2, event detailsy)

(user idn, timestampn, event detailsn)



Why is this so great?



Perfect dataset for personal
recommendations



user embeddings

iem embeddings

sigmoid

O Embeddings

https://www.youtube.com/watch?v=ZkBQ6YA9E40



In [19]: movie = model.get layer( 'movie embedding')
movie weights = movie.get weights()[0]
movie lengths = np.linalg.norm(movie weights, axis=1)
normalized movies = (movie weights.T / movie lengths).T

def similar movies(movie):
dists = np.dot(normalized movies, normalized movies[movie to idx[movie]])
closest = np.argsort(dists)[-10:]
for ¢ in reversed(closest):
print(c, movies[c][0], dists[c])

similar movies( Rogue One')

29 Rogue One 0.9999999

3349 Star Wars: The Force Awakens 0.9722805

101 Prometheus (2012 f£ilm) 0.9653338

140 Star Trek Into Darkness 0.9635347

22 Jurassic World 0.962336

25 Star Wars sequel trilogy 0.95218825

659 Rise of the Planet of the Apes 0.9516557

62 Fantastic Beasts and Where to Find Them (film) 0.94662267
42 The Avengers (2012 film) 0.94634

37 Avatar (2009 film) 0.9460137

https://github.com/dataewan/filimrecommendations-trail



Understand different
longitudinal behaviours
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https://github.com/dataewan/customer-centric-ds/blob/master/notebooks/exploratory_cdwow.ipynb
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https://github.com/dataewan/customer-centric-ds/blob/master/notebooks/exploratory_cdwow.ipynb
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https://github.com/dataewan/customer-centric-ds/blob/master/notebooks/exploratory_cdwow.ipynb



100 -
o A

o
<2
o* ® °
Q ' ‘ o
75 - & ¢ o2 '..r'ﬂ,. =
- “ ., - . '\ T
- e e ¥ ‘{ ’ . 4 o

® °® ® o . | o™ : .,‘.,. q;O ® ¢
P IR N~ 5 T C
. ® - ° I ® 0 ¢ o s o ®%°e¢ o o’
e e e ustomer
' ) JC.’ ) e%..° ® o ‘e W ©e%2 » ': >N .o. ¢ * @ ®
% o’ . e R B e
. "’ - °. o 3°7 :. " .. . ) Q”. '-.o LA ¢ ’. . PY .
‘f :::‘ o 2b Tl o ..::. o \\‘\\ .-\' :.0
of e . %y cn el . ° ‘ N TR e,
:‘ g e e e . o f wte ®
o * o2 & ‘ , o A o . . .
% B R segments
. Rl L " .:.o o ~ ‘.\’ 3 -”0 ‘:-. .’vo..
.‘ 0‘ . ® "o . g !v .. ’t ., . ;.‘ % ‘ ' 3 . .v $.7.% o . .’
- " B o y - f . L. °
25 S "f_ e Vo ¢ . /“ d *e*”® o
- o . “c‘ N ¢ : o s i ® e ’
¢ o v i $ - L .\.v-.' 3"-." ’ o
® : . 'r » ) ‘ & .
¢ v ‘ ‘ vy ) o Y
-50 . .‘° . \"” . “
a ~ o ’,‘ ’
& \ ° . a B
- e /
) \ _,// 4 ’ 'S
75 &
e <
« & ¢ . & ~
e 5

o ’ ) ®

https://github.com/dataewan/customer—centric-gs/blob/master/notebooks/segmentation_cdwow.ipynb
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Customer lifetimes



Probability Customer is Alive,
boy Frequency and Recency of a Customer

) Predicting
- probability
S wo of churn

I I I
0 25 50 /5 100 125 150
Customer's Historical Frequency

https://github.com/dataewan/customer-centric-ds/blob/master/notebooks/lifetimes.ipynb



P alive

P alive
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https://github.com/dataewan/customer-centric-ds/blob/master/notebooks/lifetimes.ipynb
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networks
B for churn

https://ragulpr.github.io/2016/12/22/WTTE-RNN-Hackless-churn-modeling/



Customer Centric Data Science

(Good data Solves a real
sclence human
perspective problem



