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Recommendation systems, from fancy ideas to rea
world practice
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Recommender systems
Data analytics
Custom projects

wkyR2Y LISNB2YIf ljdz20SY
R2Sa y20G NBIdzANBE (NI AYy .




Simple intro...

Estimate business case:
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Dream of a perfect recommender system...
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Ideally a perfect recommender system would:
For customer Add automatically all the desired products to the cart with minimal effort
For retailer- Maximize long and short term profit
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From idea to Recsys

What is the business
goal?

Support to physical
store

. . Increase physical
Increase alternatives Decrease search time Sell outlet products Phy
store revenue

Independent
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How one designs a recsys
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How the process works

Collect the ideas

Collect the data

Build the model

Optimize the model

Add business rules

Turn on the recsys

Everyone collects the money
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Collecting ideas

GOAL: find the optimal solution between what is wanted, needed and possible

Credit: freestockphotos
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Collecting data

CKAad Ad U6KSNB GKS Fdzy adl NI ax
And it just might be that you spend up to 90% of your project time dealing with issues
related to data Magento' Admin Panel

Bundle Products /% Virtual Products ~ +* *  Pending Orders %

@ Manage Products

Choose Store View: | Al Store Views : 12

Page 1 of 1 pages | View |20 : per page | Total 4 records found | E) No

Select All | Unselect All | Select Visible | Unselect Visible | 0 items selected -~
D 4 HName  Type Attrib. Set Hame SKU Price - |
[Any~] From: | | [Bur+] | =] From: -
To: l— Te -
-
] 887 My Bundle Default w8
Bundle  Product
Product
[&] 447 Pillow  Bundie e
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Build the model

No events or low event count + not all events are equal
Feature based models

Yy Word features WHAT llﬂ ﬂﬂSEn
Yy Image features
y' Categorial features ‘ ~
Abundance of events 2
" Event based models 0°
y"  Collaborative filtering -
Yy Session modeling Tnn Mn ‘ "s- &
Yy Intent detection modelling : =" m :
Hybrid models . ~T x>

Credit: gtihub, 20th century fox
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Few words on events
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BOT TRAFFIC REPORT 2016

BOTS OM M COMPRISE THE ¥ OF ONLINE
\SE IN GOCD BOT ACTVITY.

BOT ACTIVITY IS IN AN UPTREND, INCREASE IN GOOD BOT ACTIVITY,
after a three year decline. wiich went up by 4.4 percent.
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What are the business goals..

Eesti taluvéi 82%, 150 g Seastrooganov, 450 g
Estover Rakvere
8,60 €/kg 5,76 €kg

BTl 3,99 € 1,99 €
- Iy @

Ahjukanaliblikas voiga, kg Hakitud kalkuni kintsuliha, 450 g
Tallegg Rannaméisa
4,22 €kg

3,99 €
Sak
4
Rakvere Syberian Collection
8,60 €/kg 8,87 €/kg

w 2,49 €

Krabimaitseline riisisalat, 700 g
Selveri Kook
3,56 €kg

w 0,89 €
e

Koogi Tirgi jogurt 2,5%, 370 g
Fami
241 €/kg

B
[ 33% KR
AL sse

Kohvioad Presidentti Original Strong,
1kg
Paulig

e

m 1,29 €

Friikartul Zig-Zag, 750 g
Aviko
1,72 €/kg

=

Wewrild

LSS

w 2,89 €
———

Jahvatatud kohv Classic, 500 g
Menild
5,78 €/kg

Suhkur, 1 kg
Dan Sukker
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What can models easily do...

NIKKO 1:16 Citroen C-Elysee

Kood : 94137
«' f ] \/
= < e Hind pusikliendile: 44,99 € Nl KK
[ < -
Kogus: 1 S, /
\ NIKKO 1:16 Citroen C-Elysee Radioteel juhitav sdiduk

Kiirus kuni 8,5km/h

G+ | B saada sébrale

ROHKEM VAATEID

geo !n

PANASONIC PATAREID PANASONIC PATAREID "AA™ NIKKO VW POLO WRC 1/16 NIKKO WRC AUDI R8 1/16 NIKKO STREET CARS
AAA" 6 TK PAKIS + 4 TK 6TK PAKIS +4 TK TASUTA TANAVASOIDU AUTO
TASUTA
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What could possibly go wrong...

@ Similar items:

w You get the data and train contebiased filtering
model.

wLFT 0KS RFEOGF R2SayQid AyOoOf
the product similarity, the results will be bad!
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What could possibly go wrong...

...the client knows you know too much
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What could possibly go wrong...

KKKKKKKKKKKKKKKKKKK

w You get the data and train your collaborative
filtering model.

WLF LIS2LX S R2SayQi odz 27
get weird results. It is becauslee patterns in the
data are not statistically important
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What could possibly go wrong...

4
w If you find patterns based on historical data, you

will be making wrong recommendations if o
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