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There is a lot of theory and hype around the topics of social media, recommendation engines
and real time modeling, but until now nahany practical examples that can be measured in
terms of ROI. KNIME AG and Zementis have joined together to provide this white paper,
which summarizes a practical case study that combines all three topics, and delivers a
measured and solid business case.

Social media isf course very hot even if no longer ay Ségé¢ G 2LIAOD Ly 2 d:
media provides not only a mechanism for individuals to communicate and share over
common touchpointsof their choicebut also to collect that information so that can be

used to provide a better experience.

Recommendation engines are not newthey take forms from market basket analysis in
retail to advanced analytic systems providing next best offer or next best activity
suggestions. They are also very pap@ibr making suggestiorgsor recommendationg, of
similar items when a particular product or offering is selected. Amazon is probably the most
famous example that uses recommendation engine analytics. In the past, all types of
recommendatiorbased amalytics were quite difficult to automate as the data preprocessing
and model creation and maintenancequiredwere complex and generally needed different
systems working togetheKNIME, as a robust analytics platform, simplifies this process by
providing all core functionality in one workflow necessary to create a recommendation
engine.

RealTime Model Execution has a number of different connotations. In general, it moves the

use of statistics from a fixed activity on historical data to a process & li A y 3 da NB I f
RFEFGFEZT NYzyyAy3d GKS FLILINBLINARIFGS Fyrfedaoaz |
based on those new results. The classic examples ofimealmodel execution include

looking for fraudulent transactions when using a credit cardine and generating trend
information on the stock market. In other areas, the advantages oftim@& have not

always been as clear.

For manyend consumersthe perception that something was done immediately to generate

a specific or personalized fef action is what is important. Ret#ne execution can be
implemented extremely well by combining the KNIME analytics platform and the Zementis
ADAPAeattime decision engine.

The Predictive Model Markup Language (PMML) is thtad® standard fothe exchange of

data mining models supported by all major commercial vendors and open source platforms.
In a first step, we use KNIME to generate initial models in PMMie PMML models are
then passed to ADAPA for-alemand execution with redime dataas it appears.
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[ SGQa A Y rAriyigsa buisifiess thSsells downloadable musiine.  One of our
differentiators is being able to show selected music artist, but also the popularity of that

music artist andvhich other music artists are also listened &bongsidethe chosen artist

This is alassic recommendation topic that adds value to a listener (and possible purchaser).

ld GKS aryS GAYS Fa LINPGARAY3IA 2dzNJ NBfc2 YYSYRI
viewers to buy from us rather than going somewhere else.

Both the Recommendations and the Pricing are classic topics for advanced analytic
modeling and both offer possibilities fareaktime scoring, as the more accurate our models,
the more acarate both the recommendations and the prices we can offéfhereas there

ARE examples of recommendation engines that need trehktime scored (and the KNIME

/ ADAPA combination is very capabledofngthat), our case studynly occasionallygets the
complex data neededadir calculating recommendations and therefore will focusreaktime
pricing.

Pricing can be veryolatile and fast changingRel-time pricing decisions ar¢herefore
extremely important to the organization trying to sell a productvesll as show related
artists. Ourcompanyd 32 € 2 F O2 dzNhoth fotal safeANDnfargih. @ & Y I EA

Pricing elasticity is well documented in the literature. When an item is desired, there is

more of a willingness to pay a premium price. Whan item is less desired, the price will

LI & |y AYLRNLOFIYG LINIG Ay GKS RSOAaA2Y (G2 Yz
are a classic way of helping customers not only choose a particular supplier, but to help a
customer move from undecided fourchase.

At the same time, discounts are expensive. They eat into the profit a company makes. In an
ideal world, we would use an understanding of the desirability of a product, and use
discounts appropriately.

For desirabletems, such as in our example focusing on the top sehlimgic artists, we

would offer a competitive (but not discounted) price. For medium selling items, we would
IAGS || ayYltf RA&AO2dzyd (G2 aGydzRIS¢ OdzalirgYSNAE A
well at all, we would offer a heavy discount sale with a small margin being preferable to

no sale at all.

In our example, we have recent (but historical) sales data for each of the artists available.

We can use clustering to determine three catage of musicians, and provide the relevant

message for eachéevery day IowLINRA OS¢ X G mME15: RRA @Daxday §i ¢ NI &€ 2 N.
moment when we created and ran our model, these decisions would always have maximized

our revenue and profit.
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to those external factorso that wecouldcontinue to
a) Maximizeour sales and
b) Maximizeour margin

This is a classic case for rtale decisioning. If we constantly receive the new sales data,
we can automatically reclassify each musician dynamically into the appropriate discount
class, and therefore ensurbdt we are constantly maximizing not only sales but margin.

Here is how we would do that using KNIME and ADAPA using social media data publicly
available fromwvww.Last.FM

For our example, we will usgocial Media data from the popular music site www.last.Bmt use
a predictive analytics technique to make music preference recommendations for the top artists in the
F2NY GhGKSNBR 6K2 fA1S - Ffaz2z fA]1SXPedD

First, wetransform the Social Media data to make it suitable for asginei, perform an advanced
association analysiand uilize the resulting statistics to select lists of attisand recommendations,
combinethis list with overall fats about the sample and enhamthe artist data with pictures to
create a dynamic muklinedia report.

Association Split Collection
GroupBy Rule Learner Column Rename Math Formula Sorter Data to Report
= T = G = £ 33 b bt - DE;i
grup artists by transaction  leamn rules ungroup antecedents  rename antec. rule quality antecedents, g... association rules
GroupBy Sorter Row Sampling Read PNG Images  Data to Report
L > B LB b > gt b—|Lady Gaga
count artists played most played filter top 50 read the artist image] e,
Joiner Data to Report
Lo
= D—DE]
Table Dimensions
553
o
P a3
KINHVIE 5
0

Figurel: Recommendation Engine Example

This workflow and a corresponding report are availabletid://knime.org/node/52703

*This dataset contains social networking, tagging, and music artist listening information from a set of 2K users fronomlast. frrusic
system. http://www.last.fm
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The dataset is released in the framework of the 2mrnational Workshop on Information Heterogeneity and Fusion in Recommender
Systems (HetRec 2011) http://ir.i.uam.es/hetrec2011 at the 5th ACM Conference on Recommender Systems (RecSys 2011)
http://Irecsys.acm.org/2011

Next we need to utilize musicrA 3 14 Q &l t Sa -k piiding sirategy@eNgy ddysSlow? dzNJ o
LINA OS¢ X damm:asRA RO A OFoidp this, yw& have takenfie of fictitious

G al f S &or éut atiss and run a 4means clustering algorithm to assign each of our
artists to a alisterand to assigra label to each of our clusters. The resulting flow and data
would look like this:

€SV Reader
k-Means Cell Replacer

@ {:ﬁb b;ﬁ]>

Table Creator
_ _
Read Sales Data
Calculate Pricing Cluster Associate Labels

Discount labels
PMML Writer
A Table with replaced column - 467 - Cell Replacer {Associate Labels) L= | B edum)
File
Save Model
Table “defauit” - Rows: 47 | spec - Columns: 3 | Properties | Flow Variables|
Row ID D Total Sales 8 Cluster | 8 original special
30 Seconds to Mars 2,157.8% duster_1 10% off Today Only! o
Amy Winehouse 1,948.05 duster_1 10% off Today Only!
Arctic Monkeys 2,477.52 duster_1 10% off Today Only!
‘Avril Lavigne [4,165.83 duster_2 leveryday low price! £
Beyonce 3,966.03 duster_2 leveryday low price!
Black Eyed Peas 3,036.96 duster_0 15% off Today Only!
Britney Spears 5,214.78 duster_2 leveryday low price!
Christina Aguilera 14,065.93 duster_2 leveryday low price!
Coldplay 3,686.31 duster_2 leveryday low price!
David Bowie 1,978.02 duster_1 10% off Today Only!
Depeche Mode 2,817.18 duster_0 15% off Today Only!
Eminem 2,037.98 duster_1 10% off Today Only!
Evanescence 2,257.74 duster_1 10% off Today Only!
Glee Cast 2,437.51 duster_1 10% off Today Only!
Green Day 2,357.64 duster_1 10% off Today Only!
TARTIR AT Jennifer Lopez 2,087.91 duster_1 10% off Today Only!
K_N IM]Z Katy Perry 4,725.27 duster_2 leveryday low price! o
< [ »

Figure 2: Pricing Model Example

At this point, we have both a solid recommendation engine and a solid pricing model that we can use

on our website. And for that first day, our pricing model will be as accurate as possible. However,

over the coming days and months, our pricing categorization will not necessarily be entirely accurate

as the popularity of an artist and the effect of our competigopricingwill be constantly changing

purchase behavior C2 NJ SEIl YL ST AT ¢S dals|dsta andilooRat fusione ¥ Y dza
Ydza A OAl Yy Q& fdr eathSvé sey aliyt of SaNdtion:

Total Daily Sales

Without accounting for this
variation in popularity in our pricing
strategy, we will either not sell
music that we could have sold,
because the perception is that our
LINAOS A& aid22 KA
with a too-high discaint that, being
popular, would have sold anyway.

THIS is where the power atal
time comes in to play!

O 1 2 3 4 5 6 7 8 9 30333213334351613713823920212223324%5227% 28

Fiaure 4: Dailv Salegariationfor one Artist over 30 davs.
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In Figure 3, you will notice that we also created and stored a PMML model of our clustering.  This
accurate model can beerun within KNIME as new data becomes available. However, the PMML
model can also be used by the ADAR@altime Engineto not only rescore oumusiciansbut
instantly take appropriate action based on that new scorinigat s what we will do here.

Thepower of ADAPA standardmsedreaktime scoring engine is in the execution. When new data is
availableg daily, hourly, by the minute or even triggerettantaneously the ADAPA scoring engine
used the PMML model to recalculate instantly, eithedatabase, orsite or in the cloud.

For our example, we have new sales data coming in for each musician daily, and we use the KNIME
created PMML model to instantly recalculate and rescore the price we will offer the potential
customer. Our sales data couldebcoming from a database raattime feed or another data source.

For demonstration purposes, we wilave the data coming from an Excel Spreadsheet that is made

available each day.

To execute ADAPA, we wilse ADAPA in the cloud via the free EX@&dittin, available under
https://myadapa.zementis.com/adapaconsole/ First, we load our model into ADAPA and make it

available for execution:

ans ZEMENTIS e o

Name Actions Description

v
¥ % | Multinor =
¥ X NeuralN Irpose
Upload one or more PMML files. If necessary and possible, uploaded files will be upgraded
and/or corrected to PMML version 4.0.
4 Add Files...
@ Select file(s) to upload by myadapa.zementis.com [
Lookin: [ ), Zements -] 0% @
B Name
- ¢ =
(" pmmi pricing model
| Recent Places
Disable selection o &) new full day data
! ) screen shots
|

No files have been d/|

Desktop ) fulldata with graph
- pmmlexample2

54 zementis =
Libraries £)Zementis Image
) whitepaper slides
&) Social Media V3

z
/I

Computer &) variation data
A &) fulldata with calc 1
Efulldata
&130davdata
2 i )
Fie name [pmmi prcng model = [oen |
Flesoftype:  [AlFies () | Cancel

Figure 5: Loading the PMML model into ADAPA
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Adaptive Decision Technology

In a production environment, this transfer of PMMiodel between KNIME and ADARZuld be
automated.

We thenpoint ADAPA to the source of onew sales data andutomaticallyrescore that data.

A a9 Tiscians duily vaies data [Compatily Mode] = Microsoft Excel
Home  inset  Pagelwout  Formuss  Data  Review  View Pretwin ADAPA | Acobat
4 & o
Setup  Apply | Support Abaut
Connection Madel  Biog Zementis
Score YourDats | satomation
£l v (& S| New Sales
| A C [ H | J K L M N
| 2 “Arctic Monkeys [ .0
[ 5 Avi Lavgne of 39572 o
|4 Beyoncs S Ayt 8
| 5 Black Eyed Peas of 3434
| Briney Spears of sam. 1. Seect Model
| 7 chostina Aquiera of 200460
| 8 Coldplay of 2288 Model - ||
| 9| Depsche Moce 1.1
[ 10 Glee Cast of 367349
| Jemnifer Lopez of 111810 2 Aesin Tabl Coksmnato Model ngut Faids
|12 Katy Peny of 659419 o bagu
[ 13 Kesha 316380
|18 Kelly Clarkson of 282910
[ 15 Kyle Minogue of 15 I L)
16 Lady Gaga 618182
| 17 | Led Zeppeiin 0 14758
Lily Allen of 1861 3. Roviow Output
Linkin Park of 190965
) Madonna of 283332 | Modal Oud i
| Mariah Carey of 23133 redciedisie
[22 Metatica 13441,
Misy Cyrus 404839
|20 nuse o 208369
Pink of 41340
Paramore of 413389
7| Pink Floyd of 3854
8| Radiohead of asss0
|23 Rinanna of  2s851
[ 36 Shakia of 202129
[31 TaylorSwit of 29
2 The Beatles of 6334 52f
| The Cure of 29383
| 3¢ The Killers 1960.40
The Pussycat Dolls of 46839
029
1030

&IPUE OW Z ¢ }E]JVP }pE % E] JvP u} o}lv v A C[s 8§
In our case, ADAPA automatically reruns the scoring every day and instantly makes thqséeimg
decisions available and, in our caseuldpush them to the web application for immediate use.

Here is how it might look for a user accessing the website on day 1 and again on day 7 for the same
artist:

(o>
V%" GleeCast EverydayLow Price! [ENTTEN

Find more information to Glee Cast on GOOGLE or LAST.fm.

There are a total of 249 users who have listened to Glee Cast.

Users who listen to Glee Cast often also listen to...

Artist Popularity Special Offer
Katy Perry 1 everyday low price!
6\1

KeS$ha 2 15% off Today Only! Q GleeCast [15% off Today only! [
Miley Cyrus 3 everyday low price! Find more information to Glee Cast on GOOGLE or LAST.fm.

There are a total of 249 users who have listened to Glee Cast.
Black Eyed Peas 4 15% off Today Only!

Users who listen to Glee Cast often also listen to...

\ Taylor Swift 5 10% off Today Only!
Artist Popularity  Special Offer

Katy Perry 1 15% off Today Only!
Ke$ha 2 everyday low price!
MieyCyrus 3 [ 15%off Today Only!

Black Eyed Peas 4 15% off Today Only!

Taylor Swift 5 15% off Today Only!

Figure7: Special Offers fdifferent daysbased onreal-time scoringof sales data
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