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Executive Overview

Oracle Data Mining (ODM) is a priced option to the Oracle Database 11g
Enterprise Edition. Mining runs directly in the database, removing issues associated
with data movement, data duplication, security, and scalability. Moreover, ODM has
been designed to fit well with the SQL language. While other data mining products
need to utilize complex and non-performant operations when trying to mine data in
star schemas — such as transposing from transactional form to a flat, relational form -
ODM is designed to leave the data in its natural form and mine it directly. Such an

approach yields simplicity, power, and improved performance.
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Section 1: Introduction

A churn analysis case study [CACS] performed by Telecom Italia Lab presents a real-
world solution for mining a star schema to identify customer churn in the
telecommunications industry. [CACS] provides some background on the churn
problem, and a detailed methodology describing the data processing steps required
to predict churn. [CACS] is a natural fit for Oracle Data Mining and serves to show
the power and simplicity of using ODM to mine a star schema. This white paper is
heavily based on [CACS], and though this white paper can be read stand-alone, it is
recommended that the reader become acquainted with the original case study.

Steps for implementing the methodology using the Oracle Data Mining API,
together with additional SQL, are available in a blog three-post series [AOB]. This
white paper is intended for an audience that uses Oracle Data Miner, the graphical
user interface for ODM, which is available from within SQL Developer 3.0.

This white paper has two goals:
e Demonstrate a telco churn case study using Oracle Data Miner
e [Explain the case study workflow methodology

Sections 2, 3, and 4 demonstrate the case study by preparing a database schema and
importing a pre-made Oracle Data Miner workflow. At the conclusion of Section 4,
a fully functional implementation of the churn methodology is made available.
Section 5 describes the workflow in detail, relating the operations performed in the
workflow to the methodology described in [CACS]. Sections 6 and 7 capture final
comments and references.
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Section 2: Preparing the Schema

Step 1: Create the User

A user who performs data mining must be granted a few database privileges. The
create mining model privilege is necessary in order to train a data mining model
using ODM. In addition, the user needs the create table and create view privileges
to perform the necessary operations associated with training mining models. For the
purpose of this white paper example, the user will need the create procedure
privilege so that the data generation procedure can be installed in the user’s schema.
Finally, the user must have the create session privilege and be granted tablespace
to hold the contents of the tables and mining models.

A sample statement to create a data mining user is provided below. Such a statement
must be issued by a privileged user. Contact your DBA if you need assistance with

this step.
grant create session, create table, create view,
create mining model, create procedure,
unlimited tablespace
to telco identified by telco;

For simplicity, future references to the data mining user’s schema will assume that
the schema is named telco, as in the example above.

Once the user is created, you can create a database connection for this user from
within the SQL Developer connection navigator.

%, New / Select Database Connection

[connection Mame Connection Details Copnection Mame  |keloo_local
‘* TSR | Username telca

Password eane

Sawe Password

Oracle | pccess

Connection Ty¥pe IBasic v| Role IdeFauIt "
Hostname ||0ca|h05t

Part 15821

arcl

() Service name

[] 5 Authentication [ | kerberas Authentication [ | Prawy Connection

Status @ Success

Help | Save ’}‘ | Clear | I Test | | Connect | | Cancel
Lt
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Step 2: Create and Populate the Tables

The example in this white paper involves five database tables. Four of them map,
column for column, to the tables described in [CACS]: CUSTOMERS,
SERVICES, CDR_T, and REVENUES. The fifth table, CHURN_RISK is
included to facilitate deployment of results. In addition, a procedure named
telco_load is used to generate customer data.

The ODMtelcosetup.sql script (available in the companion .zip download for this
white paper) should be run from within the telco schema. This script will create the
five tables, create the procedure for data generation, and invoke the procedure to
generate data corresponding to 10,000 customers. The ODMtelcosetup.sql script
can be loaded into the SQL Worksheet of SQL Developer and invoked from there.
Make sure that the script is run from within the telco schema.

S0L Worksheet | Histary
>EEwE B &4,
Worksh{ R SeriE (757 Lilder

Elcreate table custoners
[cuztomer id number,

age number , =
gender char(l)); ¥, Select Connection

. Choose an existing conneckion or create a new one to
E create table serwvices proceed

[cust_id namber,
handset varchar?(30), Connection: |a telco_local v| o
l 0 3 numher,

dropped_calls mumber, l Help ] [ ok | Cancel |
tariff type varchar? (30}, - : N
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Section 3: Importing the Workflow

The Oracle Data Miner interface provides a mechanism for exporting and importing
workflows that capture complex data mining methodologies. The next step in this
example is to create a project and import a pre-defined workflow into the telco
schema. The workflow, ODMTelcoChurn3_0.xml (available in the companion .zip
download for this white paper) should be run from within the telco schema. This
workflow contains all of the logic necessary to train a model to predict churn and
score the model to identify high-valued customers who are at-risk for churn.
Alternate workflows are provided for more recent versions of SQL Developer.

NOTE: When you first try to connect to telco from the Data Miner navigator
panel (available in the SQL Developer Tools menu), you will need to perform
some setup. Ifit is the first time you are ever connecting to the database
using a Data Miner navigator connection, you will be guided through
installation of the Data Miner repository. Ifit is the first time you are
connecting as a particular user, Data Miner will guide you through the steps
of granting necessary privileges and, optionally, installing demo data. You
will need the password for the SYS account to proceed, so contact your DBA
if you need assistance with these steps.

To create the project and import the workflow, right-click in the Data Miner
navigator as shown in the two images below. The first step will create a new project,

and the second will perform the import of the pre-defined workflow,
ODMTelcoChurn.xml.

[E4Data Miner =) ([Fpata Miner =
Wl + @
% Connection a Connection
Elﬂ sys_|ocal EI - svs_local
-1y kelea [=)-1e% telco_local
& Discannect Iﬂ;ﬂ e ey
=R Mew Connection, . a MNews WorkFlow, .
o R ) | o e Project...
oK Delete 3¢ oelete
T properties... @ properties. ..
Rename. ..
~ Irnpark
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Once imported, the workflow should look like the picture below:
@
|% m!s%lr _'Ijﬁ‘ = __L —3 [=T=1

2 B M-8 M o g

i PART QUCIN  DENSE COR PNOT
| % CHURN_MAT CHURN
DISTINCT M T— r— o . - W— L R—— N
| B '
— —E'd— — B — e —
SERVICES FILTER SVC BIN 8VC CUST PROFILE CURRENT SCORE HIGH RISK CHURN_RISK

CUSTOMERS

& _§

REVENUES COLLECT REV HIGH VALUE
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Section 4: Running the Workflow

Now that the underlying tables are populated and the workflow is loaded, it is time
to mine the customer data and identify high-valued, at-risk customers. This section
jumps right into running the workflow. The following section will go step-by-step

through the different components of the workflow to explain exactly what is being
performed, and why.

Right-click the CHURN_RISK node (far right node in the workflow) and select Run
from the menu.

- ﬁ @\ Conneck Ctrl-0r

HIZHRISK  CHURN_F Edit...
Farce Run ! ]
Deploy 3

Generake Apply Chain

3 cut Ctrl-,
Copy Ctrl-C

Select Al Ctrl-&

Show Event Log

Mayigate ]

This action will start a job in the database that will:
1. Prepare the customer data
Train and test a classification model named CHURN
Score current, high-valued customers with the CHURN model

Identify those current, high-valued customers who are at-risk for churn

AR N

Store the at-risk customers in the CHURN_RISK table

The contents of this table can be viewed through any desired tool, such as OBIEE,
SQL Developer, etc., or can be processed as part of other database operations. To
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yield a more dynamic result, instead of persisting results in the table, the workflow
can be modified to create a view leveraging the CHURN model. Whenever the view
is queried, the model will be scored against up-to-date customer data, enabling real-
time identification of churn risk.
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Section 5: Understanding the Workflow

The methodology as captured in the ODMTelcoChurn3_0.xml workflow mirrors
much of the work done in [CACS]. Most of [CACS] revolves around data
preparation, and some of it is quite complex due to the need to transform star
schema data into a pivoted, flat view for mining. The corresponding steps using
ODM are much simpler since ODM is capable of mining the star schema data in its
natural form. [CACS] leaves a few details open to interpretation, and in those cases
we take a best guess as to the intended operation.

Step 1: Missing value replacement in call data records

]

: 1#]
B &
COR_T DISTINGT CT = -] z
8 B 5
%ﬂ" PART OJOIN  DENSE COR MVR

DISTINCT M

Call data records, otherwise known as call detail records, often comprise the largest
amount of data in a telecommunications database. A separate record is captured for
each phone call. The records contain length and time of call, which can be used to
identify a call category, such as weekend, peak time, etc. In [CACS], the call category
is represented by the tariff column, and the data is pre-aggregated to the month level
per customer-tariff combination. Only the most recent five months per customer-
tariff combination are retained.

When performing data mining, intelligent treatment of missing values can lead to
models with improved accuracy. Missing data problems may arise from data
acquisition issues, data merging issues, cleansing problems, bad data entry, etc.

In [CACS], the missing value replacement step requires generating new rows
corresponding to customer-tariff combinations that have fewer than five months
recorded. The missing months will be populated with the average value of usage
minutes from the recorded months in each customer-tariff combination.

10
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Generating all applicable customer-tariff-month combinations can be achieved by
performing a Cartesian product (join with no join condition) between the distinct set
of months and the distinct set of customer-tariff combinations. By performing a
distinct on the customer-tariff combinations, we ensure that only valid, existing
customer-tariff combinations are present in the result set. This step is represented in
the workflow by three nodes: DISTINCT CT, DISTINCT M, and PART OJOIN.

8. Fdit Join Details

([ Join " Columns r Filter |

Cartesian Join

Source Modes

MNarne
== DISTIMCT CT
vzl DISTIMNCT M

Once the Cartesian product is complete, we can perform an outer join with the
original CDR_T dataset. The outer join will enable us to produce all desired
combinations while retaining the actual phone minute usage values from CDR_T
where rows exist, and producing NULLs for the rows which were missing. This step
is captured in the workflow by the DENSE CDR node.

%, Edit Join Datails

(Join | Columns. | Filter

[] Cartesian Jain

Join Columns ES i T :']
Column 1 Colurn 2 Join Type -

[E@) PART CIOIN,CUST_ID =) CDR_T.CUST_ID Left Outer

[=%3) PART QIOIN, TARIFF =3 CDR_T.TARIFF Left Outer

=3 PART CIOIN.MOMNTH =@ COR_T.MOMTH Left Cuter

At this point, we have generated rows to represent all the data, but we have NULLs
in places where there was no row present in the CDR_T table for a particular
customer-tariff-month combination. Oracle’s SQL syntax for window functions is a
perfect fit for the next step. This step is captured in the workflow by the MVR
node.

1
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%, Edit Transform

Source Colurmn; |Expressiu:un "’|
Transform Tvpe: |Custu:um "’|
Cutput Calurn: MINS_WITH_MYR | futko
Custam
Custom TransFarmation 7 KR If: R Find 45 ﬁ}u

rl{mins, ava(mins) over (parkition by cust_id, tarifF))

Yalidake
r Hiskogram F*ﬁg tistic
MINS WITH MVR
100
B0
E: ‘Bl
[T
o
v
& a0
20
1-307 6204 - 9301 12398 -15495 1859.2- 21689
3107 -6204 9301 -1239.8 15495 - 1859.2 3098 - 3407 7

[ ] Update Statistics when Finished

| Help Ok i | Zancel

E.

12
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The MVR node is a transformation workflow node with a custom expression. The
custom expression is as follows:

nvl(mins, avg(mins) over (partition by cust_id, tariff))

The partition by clause will segment the data into separate groups, one group per
customer-tariff combination. Within each of those groups, the average number of
minutes will be calculated based on the rows present in the CDR_T table. Finally,
the nvl function is used to replace the mins (phone usage minutes) column with this
average whenever the mins column is NULL - it will be NULL when it came from
the PART OJOIN node as opposed to the original CDR_T table.

At the conclusion of the MVR node processing, we will have filled in missing rows
corresponding to all valid customer-tariff combinations using an appropriate,
specialized computation.

Step 2: Call data record processing

]

N

COLLECT COR

This step gets to the root of how Oracle Data Mining is able to mine a star schema -
and why the ODM in-database approach is so simple and powerful. This step
requires only 1 node with a very small specification, yet it is sufficiently powerful to
capture the impact of telephone usage at different levels in the call data records
hierarchy. The corresponding step as presented in [CACS] requires 37 nodes (see the
diagram from step 3.2.3 in [CACS], and note that some of the flow in that diagram is
omitted for brevity).

In [CACS], the first step is to pivot data from transactional to relational form.
Separate columns are generated for each tariff-month combination. With five
months and four tariff types, that yields twenty new columns. Those values are also
rolled-up across months, yielding four more columns at a coarser level of granularity.
Specifying and representing this transformation is burdensome, and there is
significant performance impact associated with moving data from one representation
to another. Further, this approach does not scale as the number of categories, and
category combinations, increases.

13
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The database stores the CDR_T table in transactional form. This is natural, and is a
good representation for data that may be sparse. ODM enables mining such data
without having to transpose the data out of transactional form.

The Data Miner workflow aggregation node can be used to roll the CDR_T data up
to the customer level, which is necessary when performing mining on a customer
basis. The simplest roll-up is to aggregate all the way to a single, scalar value per
customer, such as total number of minutes of usage for that customer. While such
information is useful, a finer level of granularity may be much more valuable for
identifying churn. For example, it is possible that the number of peak minutes used
in the most recent month is a key indicator of churn. In order to let the data mining
algorithm process data at a finer level of granularity, we must produce information
that is not aggregated to the top. This can be done using the sub-group by feature of
the Oracle Data Miner aggregation workflow node.

In the specification below, the COLLECT CDR node will generate two new nested
columns:

e Number of minutes per customer, broken out by tariff-month combination
e Number of minutes per customer, rolled up to the tariff level

This straightforward specification can represent data at the customer level while
retaining a fine level of detail which may yield rich information for mining. It is
straightforward to specify, and the evaluation of this step does not suffer from the
cost of transposing data.

14
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%, Edit Aggregation E'
Group By: | | Edit |
Aggregation Columns E:E, ﬁ’? ﬁ 4' E.
Source Outpuk Funckion Sub Group By -
=] MIMS_WITH_MYF MIMNS_PER_TARIFF... SUM() TARIFF,MOMTH
& MIMS_WITH_MYR MINS_PER_TARIFF  SUMO) TARIFF

| Help ok J | Cancel

Step 3: Revenue processing

8- 8 -

REVEMLES COLLECT REY HIGH WAaLUE

Once again, ODM’s approach is greatly simplified as compared to traditional tools.
[CACS] uses 8 nodes (see the diagram from step 3.2.4 in [CACS]), but all of that
work is collapsed into the single COLLECT REV node. This node will compute the
revenue per month for each customer, which will be fed to the mining algorithm. In
addition, the COLLECT REV node does more — it also rolls up the total revenue
per customer, which is the basis for identifying high-valued customers. That
corresponding operation occurs in a separate step (3.2.5) in [CACS].

15
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%, Edit Aggregation

Group By: | | Edit |

Aggregation Columns E?:, j" 3% 4' @
Source Outpuk Funckion Sub Group By -

== REVEMILE REY_PER._MCM SR MONTH

=¥z REVEMUE REY_TOT_SUM SLR)

| Help | ok J | Cancel |

Following the COLLECT REV node is a row filter workflow node, HIGH VALUE,
to retrieve only the high-valued customers. This step is a divergence from [CACS] to
enable discussion of a simple, meaningful deployment scenario. The same replicated
operations performed in [CACS] for modeling customers at different value levels can
be achieved with Oracle Data Miner, with approximately the same additional amount
of complexity.

Step 4: Create usage measures

While Oracle Data Mining is designed to analyze data in its native, transactional
form, in some cases it is simpler to express new attributes using pivoted data. The
usage measures from [CACS]| provide such a scenario.

16
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The PIVOT node aggregates to the customer level and generates five new columns.
The columns are computed by conditional summing. The first column, M1, is
computed by summing the minutes for each customer where the month column is 1.
The other four months are computed in a similar fashion. As a result of the PIVOT
node, five new columns are generated.

%, Edit Aggregation

Group By: lcUsT _ID | [ Edt |
Aggreqgation Colurns E‘?} j” ﬁ@ 4' @
Source Qutput | Funckion  Sub G, w

=7 SUM{DECODE(MONTH, 1, MIMNS_WITH_MYR,MULLY) M1
8 SUM{DECODE(MONTH, 2! MINS_WITH_MVR,MNULLY) M2
SUM{DECODE(MONTH, 3 MINS_WITH_MVR,NULLY M3
8 SUM{DECODE(MONTH, 4, MINS_WITH_MYR,NULLY M4
=8 SUM{DECODE(MONTH,'S' MINS_WITH_MYR,MNULLY) M5

| Help | | O J | Cancel |

The USAGE workflow node takes the output of the PIVOT node and generates five
new values that are to be fed into the mining algorithm. One such value,
ALL_DV51, is computed by taking the difference between the minutes used in
month 5 and the minutes used in month 1, on a per-customer basis. The other new
columns are computed in a similar manner using the custom expression type of the
transformation workflow node.

17



Oracle White Paper— Oracle Data Mining 11g Release 2: Mining Star Schemas, A Telco Churn Case Study

%, Edit Transform

Source Colurmn; |Expressiu:un "’|

Transform Tvpe: |Custu:um "’|

Cutput Calurn: BLL_DYS1 | futko
Custan

Custom Transfarmation gﬁ’ x 'f:ﬁ Find {«I’ ﬁs'

ST - MY

Yalidake
a0
E
5 60
o
o
o4n
20
1]
i T | Vo | L TEiE, am ok =
==y o= el Lot %U—" H% .:-G = T En:\c- HE
S 82 @ W Sy @ D®m thi@ R3dn @0 kR) Do
oo ol Ok LT coin Mg SRR @R WD
el S e = A A b M VR
it =l ' ' 3 , 5

[ ] Update Statistics when Finished

| Help Ok i | Zancel

E.
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Step 5: Process Services

2 & B

SERVICES FILTER SW'C BIN SWC

The SERVICES table contains information about the services subscribed to by each
customer. There is a 1-to-1 relationship between the rows in the SERVICES table
and the rows in the CUSTOMERS table.

[CACS] restricts mining to the ‘CAT” and ‘PLAY” tariff plans. This step is easily

performed by FILTER SVC, a workflow row filter node. By providing a simple
filter predicate, undesirable rows can be easily removed.

%, Fdit Row Filter Details

[ Filter || Calumns |

Click the Expression Builder icon in the tool bar

"TARIFF_PLAN" IM {'CAT','PLAY")

[CACS] also bins the length of service and quality of service (dropped calls) before
feeding the data to the mining algorithm. This step is performed by the BIN SVC
workflow transformation node. The transformation node has built-in support for
common transformation, such as equi-width binning, making them easy to specify.

19
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%, Edit Transform

Source Colurnn: EaaEs "’|
Transform Tvpe: lBinning "’|
Cutput Calurn: IL_0_5_BAND | futko
Binning
Binning Tvpe: IBin Equal Width {MNurnber "’|
Bin Counk:
Ein Labels: IRE‘”QE %
r Hiskogram F*ﬁg tistic
LOS L O S BAND
100 100
a0 80
£ B0 5 B0
8 S
E 40 & 40
20 20 I I
0 w e e e
i thh O th O O O 5
O- 24. 45 72- 95- 120 e e
12 36 60 B4 108 - "EgHE3FES -7
L) B % )
132 o
[ ] Update Statistics when Finished
| Help Ok i | Zancel

E.
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Step 6: Bring it together into a complete customer profile
]
L
COLLECT COR
LSAGE

B

BN SWC CLUST PROFILE

(v

@

CUSTOMERS

N7 p—

HIGH VALUE

Finally, all of the data is brought together into a single place, including customer
demographics, services, usage patterns, and revenue. This is the full customer
profile. The join between CUSTOMERS and SERVICES will remove all customers
that do not satisfy the FILTER SVC node. The outer join with CDR_T (both the
usage information and the granular aggregate information) ensures that
CUSTOMERS will not be eliminated if they happen to have no data available in
CDR_T —in this case, other attributes can still be used to predict churn. Finally, the
join to the REVENUES data will reduce the data for mining to only the high valued

customers.

21
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%, Edit Join Details

[2cin | Columns | Filker

[] Carkesian Jain

Jain Calumns g 3 (@8- o )
Calurnn 1 Colurin 2 Jain Type -
=2 CUSTOMERS. CUSTOMER_ID =@ BIMN SWC.CUST_ID Inner

=8 CUSTOMERS. CUSTOMER_ID =@ COLLECT COR.CUST_ID Left Quter

=3 CUSTOMERS. CUSTOMER_ID =@ USAGE,CUST_ID Left Outer

CUSTOMERS, CUSTOMER_ID [&E HIGH Y&LUE, CUST _ID Inner

At this point, all of the data is brought together, and there is one row in the CUST
PROFILE data source corresponding to each customer of interest. The aggregate
information from the CDR_T and REVENUES tables are carried along, but they
remain in their natural, sparse, transactional form. The difficult part — data
transformation - is now complete.

Step 7: Modeling

4 +
-

CHURK_MAT CH |.I|R 7]

The Oracle Data Miner user interface provides a model build node that is simple and
powerful. With one node, analysts can build multiple models, specify different
algorithms and settings, vary the selected input, separate the data into train and test
samples for accuracy testing, and compare the results across models to identify the
best model for the given problem. This white paper example builds a single model, a
model to predict churn, using the Generalized Linear Model algorithm with default
settings.

The CHURN_MAT materialization step is not strictly necessary, but it can make
iterative model training runs more performant. When training and analyzing models,
it is often the case that the analyst may want to tweak settings and rerun, so
materialization can be helpful for this common scenario.

After building a model, it is necessary to assess how well the model addresses our

goals. Oracle Data Miner’s default behavior of splitting the input data into train and
test datasets is used in this example so as to enable that assessment. Part of the data

22



Oracle White Paper— Oracle Data Mining 11g Release 2: Mining Star Schemas, A Telco Churn Case Study

is used to train the model, and then the remaining, held-aside data is passed through
the model and scored. The model’s predictions are compared to the actual, known
values of churn, resulting in a measure of model accuracy. There are many measures
of accuracy (overall accuracy, average accuracy, lift, etc.). One measure of accuracy
highlighted by Oracle Data Miner is the predictive confidence value. This measure
compares the model’s accuracy against a naive model. For a model which has no
improvement over the naive model, the value for predictive confidence will be zero.
Anything larger indicates that the model has some incremental benefit.

2 .
%
| .
ot B Conneck Ctrl-C
CHURN_MAT CHURM
Edit...
- Advanced Setkings...

> [ > @ﬁ Bun

Force Run ]
CURRENT SC0ORE

Wi Models

Generake Apply Chain

36 cut Ctil-x

Copy Ctrl-C
Select Al Ctrl-2

Show Event Log
Mayigate ]
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‘Petformance Performance Matrix |ROC |Life | Profic

Measure: | All Measures x Sork By |Name

Predictive Confidence (%) Averag:
100 100
80 80 |-
0 B0 [

LE] L

=2 =

o B

- -
40 40 -
20 20 -

0 oL
CHURN

Overall Accuracy (%)

100 | |

In this case, the Generalized Linear Model has a very clear benefit over the naive
model, so it definitely has predictive power. To gain more insight into the reasons
for churn, you can inspect the contents of the model.

AT

L = |
E = — % Connect Ctrl-
CHURK MAT CHURM Ed...
l Advanced Settings...
T — . I_ B ‘
| Eun
+*| % —'| Force Run ]
CURRENT S00ORE
Wiew Test Results
Generate Apply Chain
& cut Chil-
Copy Cirl-C
Select All Ctrl-&

MNayigate

Showe Event Log
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You can identify the attributes which have the strongest contribution towards churn
(target value °Y’) by looking at the standardized coefficients stored in the Generalized
Linear Model. Length of service and age are both important indicators.
Furthermore, the number of weekend usage minutes in a recent month is also a
strong indicator of churn. Recall that the minutes of usage per tariff-month
combination comes from the CDR_T transactional table in the star schema, which is
joined into the customer profile to enrich the data.

Details Coefficients Compare |Settings

TergetValuei  |v ~ | B ooy
[] Sort by absolute value Fetch Size:
Caefficients: 59 aut of 59 )
Attribute Yalue Coefficient « Standardized Coefficient ExplCosfficient)
L_O_S_BAND 90- 105 o -tmezsmser -0,21801024 0,25590892
L_O_S_BAND 75-90 . -osoFoetes | | -0.18806899 0.40370065
MULL 1 -0.01886304 | | -0.18253507 0.98131375
60-75 o -DsssseRe | ] -0.13423939 0.55678686

Q_0_5_BAND 0-25 [ £ 05 1493 | -0.07978390 0.6259311
L_0_5_BAND 45-60 I -0.35948960 || -0.06653952 0,69803245
HINS_PER _TARIFF_MON.OFFF -2 HULL -0.00063794 | -0.04973193 0.99936227
MINS_PER_TARIFF_MON.INT- 1 HULL -0.0004237L | -0.04734730 0.99957635
REV_PER_MON.2 HLLL -0.00130013 [ ] 004010516 0,99870066
L_0_5_BAND 105 - 120 I 45570 [ ] -0.03986359 0,62820502
REV_PER_MON.1 HULL -0.00134080 [ ] -0.03569990 0.9986601
MINS_PER _TARIFF_MON.WEEK - 3 HULL -0.00035937 [ ] -0.03535016 0.99954069
HANDSET Evo4g —_— -0.12638041 [ | -0.02773833 0.88127953
MINS_PER _TARIFF_MON.OFFP - 4 RULL -0.00025325 1 -0.02292275 0.99974675
MINS_PER_TARIFF_MON.CFFP -1 HULL -0.00030752 [] -0.02202418 0.99969253
HINS_PER _TARIFF_MON.OFFP -5 HULL -0.00019664 1 -0.01844189 0.99980338
Q_0_5 BAND: 25-5 || -0.08596254 1 -0.01662502 091761025
MINS_PER_TARIFF.QFFP HLL -0.00003415 1 -0.01362912 0,99996585
MINS_PER_TARIFF_MON.INT -2 HULL -0.00007937 -0.00961551 0.9990206%
MINS_PER,_TARIFF.WEEK HLLL -0.00001526 -0,007 30446 0,99998474
_O_5_BAND: 15-17.5 [ ] -0.0691434% -0.00552575 0.93319277
TARIFF_PLAN pLAY 1 -0.01576917 -0.00415852 0,98435451
TARIFF_TYPE 2 | -0.01576917 -0.00415832 0.98435451
Q_O_5_BAND 17.5-20 [ -0.07147890 -0.00223824 0.93101593
<Intercept> HULL 0.60989574 0.00000000 1.84023953
MINS_PER _TARIFF_MON.WEEK - 1 HULL 0.00000203 0.00028391 1.00000203
MINS_PER _TARIFF_MON.INT -4  HULL 0.01194398 0,00030554 1.01201559
ALL_DYS1 HLL 0.00000615 000097219 1.00000615
MINS_PER _TARIFF_MON.PEAK -3 HULL 004674013 000146359 1.04784967
MINS_PER_TARIFF.PEAK HULL 002511309 0.00311164 1.02851199
MINS_PER_TARIFF.INT HULL 0L03635563 0,00566047 1.03702457
REV_TOT_SUM HULL £.0001 1507 0,00894012 1.0001150%
MINS_PER_TARIFF_MON.INT -5 HULL 0.00005557 0,01305034 1.00005557
MINS_PER_TARIFF.WEEK HULL 0.00023427 0.01305034 1.00023429
MINS_PER_TARIFF.OFFP HULL 0.00004055 001343783 1.00004055
MINS_PER_TARIFF_MON.INT -2 HULL 0.00080272 0.01387899 1.00030276

Step 8: Deployment

]
x o @
CHURN_MAT CHURN
] -] (] 1]
- B — B %
CURRENT SCORE HIGH RISK CHURN_RISK
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Once a model is built, most of its value is realized through deployment. This step
enables the results of the churn methodology to be leveraged by the entire
organization through integration with business processes.

Above and beyond all of the simplicity described in the previous steps, it is the
deployment strategy that separates Oracle Data Mining from its competitors. The
models are in the database. Scoring occurs in the database, alongside workloads for
on-line transaction processing, data warehousing, business intelligence, vertical
applications, and all other forms of production database usage. Mining results can
be integrated into any and all of these environments with minimal effort on the I'T
side. Scoring models can be performed in parallel, both on SMPs and RAC, as well
as pushed to the storage tier processing as part of Exadata Smart Scan. Real-time
what-if analysis can be embedded into applications, e.g., to produce immediate churn
risk updates as new information is conveyed to a telco CSR by its customer.

The deployment scenario in this white paper involves identifying high-valued
customers that are at-risk for churn. After the model has been trained using both
past and current customers, the model can be scored against current customers. The
CURRENT row filter node retrieves only current customers for scoring.

%, Fdit Row Filter Details

| Fiter | Calumns |

lick. the Expression Builder icon in the tool bar

"CHURM_ME" = "'

The next step is to apply, or score, the model against the customers of interest.
Oracle Data Mining has built-in SQL functions for scoring models, and those are
exposed through the Oracle Data Miner apply workflow node. The probability of a
specific outcome — in this case churn, identified by a value of Y’ — can be computed
when scoring a model.

8, Edit Apply Details

Apply Columns || Daka Columns |
[] Automatic Settings

Output &pply Columns HP7 K '_‘.'

Column Function Parameter(s) Model MNode -
CHURN_PROE_Y Prediction Probability Target: ¥ CHURM CHURN
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The next step in this deployment scenario is to filter the scored customers so as to
track only those customers that are most at-risk.

%, Fdit Row Filter Details

[ Filter || Columns |

lick. the Expression Builder icon in the tool bar

"CHURM_PROB_Y" = 0.5

Finally, the list of high-valued, at-risk customers can be fed into any arbitrary
process. In this white paper deployment scenario, the high-valued, at-risk customers
are inserted into a table called CHURN_RISK. Placing the results in a table makes
them available to a host of database tools, such as OBIEE and SQL Developer, as
well as enabling the information to be combined with other data in the database in
arbitrary and powerful ways.

¥, Edit Update Table

Mame:  TELCOLCHURM_RISK Browse Table... ]| Mew Table,., |

Auto Input Columns Selection
Drop Existing Rows

Datka f
Input Mame Target Mame Target Type -

%3 CUSTOMER_ID [E¥3 CUSTOMER _ID MNUMBER.

=g CHURM_PROE_Y =g CHURM_PROE_Y NUMBER.

Help QK | | Cancel
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The contents of this table can be inspected from within the workflow as well.

.. ﬂ
— E - @ Conneck Ctrl-Ir

HIGH RISK  CHURKN_F Edit...
Run

Force Run b

M

Deploy

Generake apply Chain

3 cut il
Copy Cirl-C

Select Al Ctrl-

Show Event Log

MNayigake b

The CHURN_DATA table is populated with the customer identifier and the
associated probability of churn.

Data' Columns | S0L

Eﬁ Fal Diats Sorks i [ Eilker{Enter Wihet

CUSTOMER_ID |CHURM_PROEB_Y
1 3,563 09168
2 2,401 0.58756
3 1,141 0,841
4 2,593 0.58356
] 3,129 0817
f 6,516 0.51
7 77 08025
g 4,145 07991
9 3,137 0.79333
10 331 0.7965
11 4,786 0.7303
1z 1,496 07845
13 7978 0.783
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Section 6: Conclusions

Oracle Data Mining (ODM) is a simple, yet powerful, feature of the Oracle
Database. ODM enables analysts to build models against data that is in a star
schema, while leaving the data in its natural form. This database-centric
representation yields simplicity of specification as well as performance benefits.
Deployment of resulting models and methodologies is instantaneous, and can be
combined with production database scenarios with ease.
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