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This document is a collection of user scenarios, esses and derived requirements for ADMIRE.
This is a live document and will be developed tiglwaut the course of the project as new data mining
scenarios are discovered.

The first two scenarios have a special place irptiogect, being derived from the two ADMIRE pilot
applications of Analytical CRM and Flood Simulatibtodelling being developed as a part of Work
Package 6.

Each scenario is analysed to identify a number igh-level use cases. These use cases are
documented in the second part of this documengusistandard template. Analysis of these use cases
gives rise to functional requirements which are uthoented in the third part using a standard
“MoSCoW” notation (Must, Should, Could, Won't). AMDRE will focus initially on identifying
commorrequirements across use cases, and these willdvessed as a priority.

C &+

The key words “MUST”, “MUST NOT", “REQUIRED”, “SHAL”", “SHALL NOT”, “SHOULD”,
“‘SHOULD NOT”, “RECOMMENDED”, “MAY”, and “OPTIONAL" in this document are to be
interpreted according to the definitions below. té&that this remark applies to these key words as

written, i.e. capitalised. Where these words appea-capitalised their meaning does not necegsaril
follow these definitions.

MUST This word, or the terms “REQUIRED” or “SHALL'mean that the definition is an absolute
requirement of the project.

MUST NOT This phrase, or the phrase “SHALL NOT"eam that the definition is an absolute
prohibition of the project.

SHOULD This word, or the adjective “RECOMMENDEDhean that there may exist valid reasons
in particular circumstances to ignore a particitam, but the full implications must be
understood and carefully weighed before choosidifferent course.

SHOULD NOT This phrase, or the phrase “NOT RECOMMMED” mean that there may exist valid
reasons in particular circumstances when the pdatibehaviour is acceptable or even useful,
but the full implications should be understood ahe& case carefully weighed before
implementing any behaviour described with this labe

MAY This word, or the adjective “OPTIONAL”, meahadt an item is truly optional. The inclusion
of optional items may enhance the associated ptduluctheir non-inclusion will not impair
any critical functionality — the implications of tignal items are cosmetic or genuinely
additional to the project’s objectives.

These definitions derive from those in IETF RFC @14S. Bradner, RFC 2119
http://www.ietf.org/rfc/rfc2119.txt

(*, !
The format chosen to describe use cases is the aathat used in the IBM Rational Unified Process
(described in www.dama-nj.org/presentations/TQ%A0Mg%20G0o0d%20Use%20Cases.pdf).
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The Comarch CRM for Telcess a CRM application suite which was designeduidlif the specific
telecommunication companies’ requirements and ppau all general-purpose CRM system features.
The system consists of two logical modules — ojmrat and analytical.

Operational CRMsupports various front office processes invohiimgractions between the company
and its customers. The operational part of the RNt only a business process supporter — it also
collects historical information related to custosidrehavior, thus itself becomes a valuable soafce
data.

Analytical CRMaims to utilize such information, enabling the maing, analyzing and finally
optimization of customer relationships. It's desdnto support the operational part of the CRM
system. One can take maximum advantage of the Ci&tkerm only when both parts are deeply
integrated and are well cooperating.

Typically during the deployment of the analyticdRK2 system a customata Warehousés built and
then appropriate data mining models are preparddaalyses are based on data from the Data
Warehouse. The implementation based on the ADMIREgsm will take quite a different approach.

C( r-)r -
The terms cross-selling and up-selling are ofteedus sales and marketing areas, but the actual

meaning of these terms may vary significantly aad multiple understandings. In this document we
are using these terms in the following context:

Cross-selling — providing additional products or services to existing customer. These
products fulfill other needs than the productsadsebought by the client, however very often
these products may be complimentary (i.e. selliogPVservices to the client that already is a
broadband internet connection subscriber);

Up-selling — providing more expensive and higher class (gdafiroducts or services to an
existing customer. These additional (or alternatpr@ducts or services fulfill the same client’s
needs, however are more profitable for the company selling internet connection with the
higher transfer rate — 4Mb/s instead of 2Mb/s).

When a marketing campaign is developed, up-selimgj cross-selling sales techniques may be used
to prepare théarget group(the group of people that the marketing campasgaiimed at). Revealing
the characteristicsof the customer that may potentially be interesteduying additional products is
also valuable information. These particular usiethese techniques give us two general use cases:
generating a target group, and; gathering usei@sof

(5

One of the most oft-quoted marketing slogans is, thham the enterprise point of view, keeping
existing customers is much cheaper than acquiravg ones. The process of customers moving to a
competitor is callecdhurning. In the telecommunication industry switching segvprovider is very
simple and easy for the customer. This is the reagfoy for telecommunication companies, churn
prediction becomes a very important functionalifytlee analytical CRM system. Churn prediction
will be the third use case for the CRM application.




,*(*0 _
The initial idea is to utilize decision tree algbm from supervised learning algorithms family. &in

decision trees are “white box” type of method titenpossible to apply decision trees to receivéhbo
groups of matching customers and profiles of thelevigroup.

The whole process should be split into the two phas
Model creation
Applying the model.

)

Part of the data stored in the source system wellubed to create a decision tree model. Since
confusion matrix may be easily parameterized, usgy dynamically adapt the quality of the created
model. The representation of the model should peo¥he possibility to inspect the structure of the
decision tree (node rules, etc.).

$- )
If the created model meets the level of qualityirdeaf by the user it may be utilized in two follogin
ways:
For scoring the data from the currently analyzeth dset in the case of customer group
generation. This is a direct application of the elod

Providing list of the attributes describing thetomser’s profile. This means transforming the
data tree rules into the appropriate, human-readaipresentation.

1*1 1 -

The number of possible analytical CRM usage scesds very high. Only the most often utilized
have been selected as use cases that we propose tsupported by the ADMIRE-based
implementation. Following use cases have been elividto two groups. First one consists of business
use cases that are driven by the business goal gioinew. Second group consists of use cases that
are describing technical activities that are urad@m during all of the business use cases andtiiem
technical point of view are common for all of them.

The business use cases:
Use Case UCL1.1: Generating target groups with lipgend cross-selling sales techniques;

Use Case UC1.2: Gathering user characteristicsypitbelling and cross-selling sales
techniques;

Use Case UCL1.3: Churn prediction.
Technical use cases describe a sub flow of thergkimesiness use cases:
Use Case UCL1.4: Decision Tree model creation {trgjn
Use Case UCL1.5: Decision tree models browsing
Use Case UCL1.6: Scoring data with decision treeeinod
Use Case UC1.7: Preparing filter for customers deta

*0 1 - -- 21) /-3
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In this case the user wants to generate a lisptdrpial customers for either an up-selling or sfos
selling marketing campaign.
*0*
1. CRM Analyst
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1) SELECT PRODUCT(UP-SELLING CAMPAIGN)

In the case of up-selling campaign the Analystcielenly one product (meaning product or a
service) that is going to be promoted. It isn'tomeern for the system which product to select. It
may be a result of some analysis or an arbitragjyahdecision.

2) REQUEST CUSTOMER LIST
The Analyst asks the analytical CRM for the listtbé customers that may be interested in
upgrading their products (or services) to the setbproduct. The system has the knowledge,
about product dependencies (which products areshigkrsions of which products) which was
either provided by the user (Alternate flow 1) oregp in advance (e.g. ontology).

3) MODEL PREPARATION

User creates a new model which is suitable fotdbk. Detailed description of the main flow of
this process is provided in section 3.6. The coeab@del may be stored by the user in the
repository for the further reuse.

4) RECEIVE TARGET GROUP LIST
The Analyst receives the result of the data miir@ress — the target group of customers. The
results should contain not only basic informatidsow customer (name, surname and contact
data) but also probability of buying the new (crssHling) or higher class/quality (up-selling)
products.

! 1

1) SELECT DEPENDANT PRODUCTS
At MF SELECT PRODUCT If such knowledge (about produand their higher and lower
class/quality equivalents) isn't provided by thetsyn or some changes are needed, the Analyst
selects products that are related (may be upgraettye previously selected product that is
going to be promoted.

2) CROSSSELLING CAMPAIGN

At MF SELECT PRODUCT The Analyst selects two pragduthe first one is the base product —
only users that have already bought this produtto®iconcerned — and the second product will
be the additional product that the company triesetbto the customer.

3) SELECTMODEL

At MF MODEL PREPARATIONUSer may load a previously trained model from #pository
instead of creating and training a new one.

0% | )
1) THE USER IS IDENTIFIED AND AUTHENTICATED TO THE SYSHM
2) THE USER HAS MADE THE OPERATIONAL(PRODUCTIOI\) DATABASE AVAILABLE
a. INCLUDING TRAINING/TEST DATA SETS IF NEW MODEL IS CREATED
b. INCLUDING ALREADY TRAINED MODELS IF THE ANALYST IS WILLING TO USE SUCH
3) THE SYSTEM HAS BEEN INSTANTIATED AND READY TO BE USEBY THE USER

05 /)
1) NEW MODELS AND FILTERS THAT WERE CREATED MAY BE SAVED INHE REPOSITORY
06 & 7

N/A

*0*8 9

N/A
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’*4*(
In this case the user wants to collect not theokshdividual customers but the genechhlracteristics
of such potential customers. The characteristicallshhave a form of the ordered list of the most

remarkable attributes along with the attribute galor scopes. For example, the result attribusgs li
could be:

Age in [16,28]
Gender is Male

The results might also be provided in the natusslguage form as the customer target group
description.

4,

1. CRM Analyst
*4*0 tl

K

1) SELECT PRODUCT(UP-SELLING CAMPAIGN)
In the case of up-selling campaign the Analystaslenly one product (meaning product or a
service) that is going to be promoted. It isn’tcmeern for the system which product to select. It
may be a result of some analysis or an arbitrasjyahdecision.

2) REQUEST CUSTOMER PROFILE
The Analyst asks the analytical CRM for the profile customers that may be interested in
upgrading their products (or services) to the seteproduct. The system has the knowledge,
about product dependencies (which products areshighrsions of which products) which was
either provided by the user (Alternate flow 1) orem in advance (e.g. ontology).

3) MODEL PREPARATION

User creates a new model which is suitable fortdakk. Detailed description of the main flow of
this process is provided in section 3.6. The ccba®del may be stored by the user in the
repository for the further reuse.

4) RECEIVE CUSTOMER PROFILE
The Analyst receives the result of the data mimpngcess - the list of characteristic attributes
along with their values. As an additional optior #inalyst may request to receive also customer
profile description in the natural language.

! 1

1) SELECT DEPENDANT PRODUCTS
At MF SELECT PRODUCT If such knowledge (about produand their higher and lower
class/quality equivalents) isn’t provided by thetsyn or some changes are needed, the Analyst

selects products that are related (may be upgraet)e previously selected product that is
going to be promoted.

2) CROSSSELLING CAMPAIGN
At MF SELECT PRODUCTthe Analyst selects two products: the first onthésbase product — only
users that have already bought this product wilttecerned — and the second product will be
the additional product that the company tries tbteghe customer.

4) SELECTMODEL

At MF MODEL PREPARATIONUser may load a previously trained model from tepository
instead of creating and training a new one.

& n C D ?
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1) THE USER IS IDENTIFIED AND AUTHENTICATED TO THE SYSEM
2) THE USER HAS MADE THE OPERATIONALPRODUCTION DATABASE AVAILABLE
a. INCLUDING TRAINING/TEST DATA SETS IF NEW MODEL IS CREATED
b. INCLUDING ALREADY TRAINED MODELS IF THE ANALYST IS WILLING TO USE SUCH
3) THE SYSTEM HAS BEEN INSTANTIATED AND READY TO BE USEBY THE USER

45 ] )

1) NEW MODELS AND FILTERS THAT WERE CREATED MAY BE SAVEDN THE REPOSITORY
46 & 7

N/A

*4*8 9
N/A

5 (*0. )

’*5*(
Here the Analyst wants to get the profile and/er likt of the customer that are likely to churrthe
given time horizon. As in the case of marketingipaigns, the analytical CRM should provide the

functionality of retrieving the list of individualustomers that are likely to churn, and the praffléhe
risk group.

5,

1. CRM Analyst
,*5*0 tl

|

1) SELECT THE PREDICTION HORIZON
The Analyst selects the prediction time horizonatlineans the Analyst is interested in gathering
information about potential churns that may takacelin the defined period in the future (for
example next 2 months).

2) REQUEST CUSTOMER PROFILE
The Analyst asks the analytical CRM for the pot@Entustomers profile that are likely to churn
given the analysis parameters (time horizon, prigjuc

3) MODEL PREPARATION

4) User creates a new model which is suitable fortdbk. Detailed description of the main flow of
this process is provided in section 3.6. The ccba®del may be stored by the user in the
repository for the further reuse.

5) RECEIVE CUSTOMER PROFILE
Analyst receives the list of characteristic atttdsualong with their values (that means running
scoring data process, see 2.8).

! 1
1) SELECT PRODUCT

At MF SELECT THE PREDICTION HORIZONhe Analyst may also select one or a group of prtsdu
(meaning products and services) to see if custothatdiad bought them are likely to churn.

2) REQUEST CUSTOMER LIST

At MF REQUEST CUSTOMER PROFILEhe Analyst instead asks the analytical CRM ferltbt of
the customers that are judged likely to churn iardfie prediction horizon.

& % C D ? 8



3) RECEIVE TARGET GROUP LIST
At MF RECEIVE CUSTOMER PROFILEhe Analyst instead receives the result of tha dahing
process — in this flow the target group.

554 [ )
1) THE USER IS IDENTIFIED AND AUTHENTICATED TO THE SYSHM
2) THE USER HAS MADE THE OPERATIONAL(PRODUCTIOI\) DATABASE AVAILABLE
a. INCLUDING TRAINING/TEST DATA SETS IF NEW MODEL IS CREATED
b. INCLUDING ALREADY TRAINED MODELS IF THE ANALYST IS WILLING TO USE SUCH
3) THE SYSTEM HAS BEEN INSTANTIATED AND READY TO BE USEBY THE USER

555 [ )

1) NEW MODELS AND FILTERS THAT WERE CREATED MAY BE SAVED INHE REPOSITORY
56 & 7

N/A

5*8 9
N/A

*6 (*4. ) 2 -3

,*6*(
User wants to create a new model. The model creétiaining) use case is a utilized in the business

use cases (UC1.1-UC1.4) as a part of the prodassfar the sake of clarity such basic interactias
been extracted as a separate use case.

*6*
CRM Analyst

,*6*0 o

1) DEFINING MODEL TRAINING TASK

User defines (indirectly) the model training tasiddills the confusion matrix used as model

verification method. In the planned Analytical CRMplication all the questions are binary

(customers is in the target group/churn risk groupot), so the confusion matrix will be just a

two-dimensional square matrix and only 4 contralapaeters should be exposed to the end-
user. Default values should be proposed and inglidated.

2) MODEL TRAINING

Decision tree is trained using the algorithms erddsy ADMIRE platform and the data from
learning data sets.

3) MODEL VERIFICATION
a. SCORING THE TEST DATA
Model is used for scoring the test data sets.
b. CONFUSION MATRIX

Results are evaluated using the confusion matiiedfiwith values supplied by the
user.
4) MODEL ACCEPTANCE

Decision tree model visualization and confusionriravaluation results are presented to the
user, who can decide if the model is satisfyingair

& n C D ?



5) DESCRIBING THE MODEL

User must provide the metadata of the model cantithe name of the accepted model
(compulsory), and (optionally) may provide addiibrdescription, such as creation date,
training set description, reason for the modelttwaa

6) MODEL STORAGE
Accepted model is saved for the further use imtioelel repository.

1) DEFINING MODEL TRAINING TASK — ADVANCED
At MF DEFINING MODEL TRAINING TASK user may use advanced model creation options:
a. ALGORITHM TWEAKS
User sets options and control parameters relatethéodecision tree algorithm,
depending on the functionality provided by the ADRNE data mining API.
Manual adjustment should not be required; instdagl $ystem should provide
reasonable defaults.
Similar functionality may be provided for definirsglditional control parameters for
the model training task.
{Defining additional control parameters for modelihing task}
b. DYNAMIC APPLYING RESTRICTIONS TO THE DATA SETS
User requests restricting training data sets tetiset representing customers having
specified properties, for example “new customegistered in the last 6 months that
spent more than 100€ on the multimedia services”.
The user should be able to visually build the qasing visual query builder) or load
a specified, named query (see 2.9).
2) LIMITED MODEL TRAINING
At MF MoDEL TRAINING the training data set is limited to thebset of customers having
specified properties, according to the user’s fjpation.
3) LiIMmITED MODEL VERIFICATION
At MF MODEL VERIFICATION the test data set is limited to thebset of customers having
specified properties, according to the user’s gjpation.
4) MODEL REJECTION
AT MF MODEL ACCEPTANCE if the trained and model after validation againatidation
data set doesn’'t meet the requirements statedrifusion matrix the user is asked to provide
new input for confusion matrix or define new orilied (AF 2, 3) training set.

{Model rejection handling}

*6*4 | )
1) THE USER IS IDENTIFIED AND AUTHENTICATED TO THE SYSHM
2) THE USER HAS MADE THE OPERATIONAL(PRODUCTIOI\) DATABASE AVAILABLE
a. INCLUDING TRAINING/TEST DATA SETS IF NEW MODEL IS CREATED
b. INCLUDING ALREADY TRAINED MODELS IF THE ANALYST IS WILLING TO USE SUCH
C. INCLUDING NAMED QUERIES STORED IN THE REPOSITORY
3) THE SYSTEM HAS BEEN INSTANTIATED AND READY TO BE USEBY THE USER

65 /)
1) NEW MODELS AND FILTERS THAT WERE CREATED MAY BE SAVED INHE REPOSITORY
66 & 7

N/A
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{Defining additional control parameters for modelihing task}
{Model rejection handling}

8 (*5. ) -
78
Use case describes user’s interactions during atisigethe decision tree model.
<8,
1. CRM Analyst
,*8*0 tl

[

1) MODELS LIST REQUEST
User requests a presentation of the availableadyré&ained models.
2) MODEL LIST BROWSING

The retrieved list of models is presented in a fofrlist, displaying common properties for the
models (name, creation date, model purpose — dmug€lling/cross-selling, description,
limitation criterion if defined etc.).

3) MODEL SELECTION
User selects a model to be displayed
4) MODEL PRESENTATION

Model is displayed in a form of tree. The tree dife represents decision tree structure and
presents information like rules, splitting critars) etc.

{Alterations of model presentation}

1) MODEL SELECTION

At MF MODEL LIST BROWSINGUser may perform additional operations — deletdehachange
its description, initiate scoring the data etc.

84 )
1) THE USER IS IDENTIFIED AND AUTHENTICATED TO THE SYSHM
2) THE USER HAS MADE THE OPERATIONAL(PRODUCTIOI\) DATABASE AVAILABLE
a. INCLUDING TRAINING/TEST DATA SETS
b. INCLUDING ALREADY TRAINED MODELS IF THE ANALYST IS WILLING TO USE SUCH
C. AT LEAST ONE ALREADY CREATED MODEL MUST BE AVAILABLE
3) THE SYSTEM HAS BEEN INSTANTIATED AND READY TO BE USEBY THE USER

85 [ )
N/A

86 & 7
N/A

*8*8 9

{Alterations of model presentation}
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User scores fresh data using existing decisionnregel.

*k

1. CRM Analyst

0 o

*-

1

1) MODELS LIST REQUEST
User requests a presentation of the availableadyraained models.
2) MODEL LIST BROWSING

The retrieved list of models is presented in a foiffrist, displaying common properties for the
models (name, creation date, model purpose — alpus€lling/cross-selling, description etc.).

3) MODEL SELECTION

User selects a model to be used for scoring data.
4) SCORING THE DATA

The data from the production database is beingedaosing selected model.
5) SCORED DATA PRESENTATION

The scored data is presented to the user in adbtist sorted by relevance (the customers that
are more likely to buy product/churn go first). tHe model has bound customer filtering
criterion, it is applied to the data from the protion database before running scoring process.

1) LIMITING DATA SET TO BE SCORED
At MF SCORING THE DATA user changes filtering criterions for customelisdpscored.
2) RESULTS EXPORT

At MF SCORED DATA PRESENTATIONuser exports the result to the external file (fearaple
Excel file).

*8. -1 I )

*-*(

User prepares filter for customers data set (fangde to limit the customers to the ones already
subscribing particular service). This task showdditally let the business user create any dateesubs
(query) using a simple visual interface (visual Sililder). (Technical note: Comarch reporting and
analytical tool should perfectly fit for this task)

* ok

1. CRM Analyst

50 !

1

1) NEW FILTER CREATION
User creates new filter.

&
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2) CUSTOMERSLIST PREVIEW

System presents the preview — list of customers.

3) MODYFING THE FILTER

User graphically modifies the filter adding or renmg criterions on customer’s attributes,
subscribed services, services usage etc. Filtegriasshould not require writing SQL query,
instead operating on business objects and itbatts should be supported.

After each modification of the filter the previeistlis regenerated.

4) FILTER ACCEPTANCE

User accepts the filter.

1) LOADING EXISTING FILTER

At MF NEW FILTER CREATIONuser may load existing filter instead.

2) SAVING FILTER

At MF FILTER ACCEPTANCEuUSer saves the filter for further user in a fitlgpository as a named
filter with optionally provided description.

4 )

1)
2)

THE USER IS IDENTIFIED AND AUTHENTICATED TO THE SYSHM

THE USER HAS MADE THE OPERATIONAIPRODUCTION DATABASE AVAILABLE
a. INCLUDING TRAINING/TEST DATA SETS IF NEW MODEL IS CREATED
b. INCLUDING ALREADY TRAINED MODELS IF THE ANALYST IS WILLING TO USE SUCH
C. INCLUDING NAMED QUERIES STORED IN THE REPOSITORY

3) THE SYSTEM HAS BEEN INSTANTIATED AND READY TO BE USEBY THE USER
4) BUSINESS VIEW OF THE CRM DATABASEDIGESTIBLE FOR A BUSINESS USERS PREPARED AS A
MAPPING OF THE CRM DATABASE TO SOME FORM OF BUSINESBJECTS
%5 )
1) NEW MODELS AND FILTERS THAT WERE CREATED MAY BE SAVED INHE REPOSITORY
2) CUSTOMERS FILTER IS READY TO BE USED IN MODEL TRAINING OR DATACORING TASK
6 & 7
N/A
%8 9
N/A
*ake n
LA - ) ) )
The three main entities are present in the inpt# dendel:
Entity Entity description
Customer Represents company’s client, contains personatrnrdton about the
customer and various financial general statistics.
Service Individual services.
Subscription Represents subscriptions of a service by a customer
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This scenario is concerned with the water balancéhé river Vah. Its main components are the

historical data sets of discharge of waterworksttanriver and rainfall data. First we describe the
basic workings of the scenario, then several istarg data mining scenarios.

This scenario uses part of the well-known Earthégew cyclé to model the relationships between the
accumulated rainfall in a river’s drainage area,riker’s discharge, and another major factor imewa
movement — evapotranspiration. Evapotranspiragaimé process by which groundwater is extracted
by plants (via their roots), transferred into legvand from there back into the atmosphere by
evaporation. As we can see in Figure 1, the rdinfahe river’s drainage area is partly absorb&d i
the ground-water, partly evaporates back into thesphere by evapotranspiration, and partly flows
into the river, affecting its level and dischardéese major factors affect the water balance of the
river's drainage area.

Evapo
-transpiration

Absorption

Figure 1. The conceptual scheme of transformation of rainfat runoff

\ (@) Water balancédccumulated rainfall = Runoff + absorption + evapotanspiration

YWater cycle. Article at Wikipedianttp://en.wikipedia.org/wiki/Water_cycle
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Absorption = (soil water potential, ( accumulated rainfall over x past days ), sqkly

Evapotranspiration = (Direct sunshine, temperature, wind speed, folimyghness, root depth, soil
water potential)

Principal factors:

Accumulated rainfall (mm/day) — measured meteoiokigparameter

Direct sunshine (hours/day) — measured meteora@bgerameter

Foliage roughness — constant phenological parameter

Foliage area ratio(ffm?) — constant phenological parameter

Root depth (m) — constant phenological parameter

Wind speed (m/s) — measured meteorological paramete

Soil water potential (cfcn?®) — measured/computed hydrological parameter
Temperature (°C) — measured meteorological paramete

Soil type — unknown constant

\ (b) Runoff = accumulated rainfall — absorption — evaptvanspiration

Drainage area 1112

Liptovska Mara
Besenova
Orava

Tvrdosin
Krpelany
Turéek

= N 5 LI M =

A Ruzomberok Silina
B Kral’tiwany Mova Bystrica
C Martin Hricowv -
D Zilina Noéire
E -?r:: g:: Dolné Kocékovce
T Trencianske Biskupice
G Piestany Srahoves
H Zelenice Kralova
I Sala Selice 4
J Komarno SHLE

Figure 2. The river Vah cascade. See also
http://maps.google.com/maps/ms?ie=UTF&msa=0&msid3881285281031070524.000453a1¢c96740c899351

0*(*( < )
There are 15 major waterworks on the river Vah isanain tributaries — see the map in Figure 2.
The rainfall-runoff scheme (Figure 1) is applicabteeach part of the river between two waterworks.
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Additionally, the outflow of each waterworks is paf the inflow of the next one in the cascade. So
we can say that

| (c) Outflow,., = Outflow,, + RUNOff,_ i

0%, ’*(. _ _

O*’*(
As seen in formula (a) above, foliage is a majatdain the rainfall-runoff relationship, since it
affects evapotranspiration of water into the atrhesp. Defoliation and deforestation of the river's

drainage area can be estimated based on the hadt@siculated runoff for the past 10 years. The
scenario for this case is:

1. Find in historical data time segments with simitegteorological conditions for several weeks
(similar amount of total accumulated rainfall, asdnilar amount of total sunshine),
containing sufficient amount of rainfall.

2. For each of these segments, compute the runoffg€iignore minor effects, it is basically
outflow,.; — outflow, according to formula (c)).

3. For similar meteorological conditions, the rundfbald be also similar. Changes in the runoff
mean, that either the level of ground-water hasiged (which is not likely), or that the effect
of evapotranspiration has changed — and this siented mainly by foliage properties.
Increasing runoff with time means decreasing amotifilliage.

0* *,
User - a hydrological expert.
0*,*0 tl

X

1) TARGETAREA SELECTION
The user selects using a visual tool availablbénADMIRE user interface the geographical area
of interest, concretely a river basin.

2) MINING PARAMETERS DEFINITION
The user defines several important parameterseafialia mining process, like the length of the
deciding interval for meteorological similarity, mminum and maximum amounts of accumulated
rainfall and sunshine. These parameters then thivelata mining process.

3) METEOROLOGICALDATA PREPROCESSING
The system then starts preprocessing of the almitabteorological data, trying to find time
intervals with meteorological conditions suitabde further processing — which conform to the
parameters given by the user.

4) RUNOFFCOMPUTATION
After the time intervals from step 3 are availalthe system then proceeds towards computing
actual runoffs from the data available on hydratagconditions of the river’'s basin, the levels of
the waterworks on the river, and the inflow-outfloanditions of the waterworks.

5) DATA INTERPRETATION

An important step is the interpretation of the rifidata. The user reviews the output data, and
draws conclusions as to the evolution of foliageap®eters in the target river basin.

1) METEOROLOGICALDATA ACQUISITION
If the meteorological data necessary for step ‘8 @milable, part of it (the rainfall) may be
obtained by simulation from basic meteorologicabmeements.
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o*x4 /)
The system has to be able to locate the necesaty d

The meteorological data — rainfall, or boundary dittans from which the rainfall can be
computed

Hydrological data — inflows, outflows, and watevdés of waterworks in the target area

0**5 /)
Runoff data for the target area has been compatetimay be stored in a repository.
If the meteorological data has been computed, yt atso be stored for later reuse.

0**6 & 7
N/A

0**8 9
N/A

0*0 ) )y

0*0%(
The Slovak Hydrometeorological Institute issuesdavarnings based on a predefined table assigning
flood threat level to a certain water level meadurea hydrological statién

It is interesting to try to forecast the effectscohtinuing deforestation (see previous scenaringth
results may be extrapolated and used in this sic@rar the future runoff and water levels. Usingada
from hydrological stations, we can assign actuabwigvel to a waterworks outflow, and from this we
may predict flood threat levels for certain amouwftsainfall. Data from hydrological stations, asliv
as set flood warning levels are available.

1. Build a set of relations between a developmentutfi@v of a waterworks and the river level
evolution at the nearest hydrological station feilog the waterworks.

2. Find examples of extensive rainfall in the histalimeteorological data.

3. Extrapolate the change of foliage parameters fonmidevious scenario into the future.

4. Apply the rainfall examples from point 2 with thet@polated foliage parameters from point
3 to the appropriate drainage sub-area, and comexpected evolution of waterworks
outflow.

5. Based on the results of point 4, find relevant datthe set mined in point 1 and output the
expected flood threat level.

0*0*
User — a hydrological expert
0*0*0 '!

! )

1) RIVER LEVEL —OUTFLOW RELATIONS

The river levels are subject of hydrological regitayeting mainly electricity production, but also
flood prevention and environmental protection. Teigime follows several standardized patterns,
and these patterns allow us to predict the evaiuticdhe river levels for several hours into the
future, based on the outflows of the river's watenikg. The user finds (using data mining
techniques) the most common outflow patterns aeddhctions of the river level to these patters.

Z See, for example, water level history of the Hidmhydrological measurement station:
http://www.shmu.sk/sk/?page=1&stanica=6475&id=hydrad_all
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2) SIGNIFICANT RAINFALL PATTERNS
Rainfall is a meteorological variable with locaipd seasonally characteristic minimum and
maximum values. The user finds these values fotatget area, and selects the patters which may
in his/her opinion lead to a possible flood threat.

3) EXTRAPOLATION OF RUNOFF CHANGE
The previous use case (Chapter 3.2) describegdlcess of mining and computing the change of
foliage parameters, which directly influence theaff of rainfall into the river. The user may
either follow the use case, or use already existatg on runoff to predict its further change for
several years into the future

4) COMPUTATION OF FUTURE OUTFLOW
The system computes the how the outflow patteep (8} change, if the runoff changes according
to step 3.

5) FLOOD THREAT LEVELS
Based on a table of flood warning levels, the systesplays possible flood warnings for each of
the rainfall patterns which the user has seleateévaluation (step 2).

2) COMPUTATION OFRUNOFFCHANGES

If the data from the previous use case is not albhlfor use in step 3, the user will have to fello
that use case and obtain the data.

0*0*4 /)

The system needs specifically this data:
Hydrological data — outflows and water levels otevevorks along the target river
Meteorological data — rainfall history
Table of flood threat warnings for different poimshe river basin

0*0*5 /)
There is available the prediction of future outflpatterns for different rainfall patterns. Thisalatay
be stored for later evaluation or reuse.

0*0*6 & 7
N/A

0*0*8 9
N/A

0*4 ) S )+ )

Meteorological radars measure radiolocation reffestand radial wind speed (using Doppler mode).
The measured values allow preparation of multipleteorological information: radiolocation
reflections, precipitation densities, upper levélradioecho, movement and development of storm
clouds (extrapolation of their position 30 min idvance), aggregate precipitation in time intervals,
vertical profile of wind speed and direction. Frameteorology science viewpoint, it would be
interesting to use ADMIRE DMI platform capabilities

1) Mine time sequence of radiolocation reflection datailable as PNG images) and
extrapolate location of radiolocation reflectionsti+15 min, t+30 min, t+45 min.
a. predict location of radiolocation reflections pyreh measured radiolocation data
b. predict location of radiolocation reflections basedmeasured radiolocation data and
additional parameters from meteorological modej.(€&pper-wind field)
2) Use model analysis of precipitation field and coregawith precipitation field measured by
radiolocation meteorology. Based on this informaticorrection of the predicted model
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(several hours in advance) according to the lagekblocation data is performed. This method
have to be adaptive to allow correction recompaotetvhen new radiolocation date become
available.

3) Use measured data (e.g. precipitation levels) fgooaund meteorological stations for

4) evaluation of described experiments.

Figure 3. Example of radiolocation reflection image. Courte$yslovak Hydrometeorological Institute
(SHMU)

Data sources:
Radiolocation data — produced by two radiolocatoiSlovakia. Data are available in 15 min
frequency, in PNG format; from 06. 2005.
Meteo model data — available in 1 hour intervaifr@6. 2004; data are in GRIB format.
Ground meteo station data — data available in 1fraguency

Scenario technical challenges:

data cleanness: non-homogeneity and missing daitaénsequences (due to malfunction of
monitoring equipment, data depreciation from nonenmlogical signals)

data preprocessing: removal of non-meteorologigalas from raw radiolocation reflection
data

model: identify suitable compute model/mining teigue suitable for radiolocation reflection
predictions (without/with additional model infornat)

General usage scenarios
Scenario includes two use-cases:
1) Radiolocation reflection prediction from radiolocat data sequence
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2) Model prediction correction based on radiolocatiata
0*5 0. ) ! )

0*5%(

The aim of this use-case is to predict radiolocatiflection based on the sequence of measured data
for t+15 min, t+30 min, t+45 min. The data areilade as images in PNG format. Two possible
predictions method should be considered: predidiesed purely on radiolocation data and prediction
using additional parameters from meteorological ehdel.g. Upper-wind field).

0*5*.
User - a meteorological expert.
0*5*0 ' !

|

1) AREA AND TIME PERIOD SELECTION
The user selects the area of interest. By defdudtiime sequence, of length k, ending with the
latest radiolocation data available is used; howefee training and evaluation purposes, other
time sequence might be specified by the user.

2) PREDICTION MODE DEFINITION
User selects prediction mode: purely based on i@azhton data, prediction enriched with
additional model parameters. In latter case, ustnes additional input parameters (default:
upper-wind values)

3) METEOROLOGICALDATA PREPROCESSING
Data preparation step involves removal of hon-nrelegical signal from raw radiolocation
reflection data. In addition, if user specified¢icdion mode enriched by additional meteo
model parameters, appropriate parameters musttizetd from model data and must be
associated with corresponding radiolocation data.

4) REFLECTIONPREDICTION
Prepared data are processed by prediction methethdd for radiolocation reflection
prediction was not specified within AMDIRE projeggt.

5) OUTPUT DELIVERY
Prediction output is delivered to the user andestdor possible future evaluation.

! )
N/A
0*5*4 [ )
The system has to be able to locate the necesaty d

Radiolocation reflection sequence
Required model parameters

0*5*5 /)
0*5*6 & 7

Data preprocessing: removal of non-meteorologigglad from raw radiolocation reflection data
0*5*8 9

Evaluation of prediction methods: observe the bmimawf predictions based on the input data
(radiolocation data only/ radilocation + model data
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0*6 4.) ) ) )

0*6%(

The aim of this use-case is to improve model af&lgé precipitation field (standard approach to
computational weather forecast). In the use-casesamnpare model prediction with precipitation field
measured by radiolocation meteorology. Based anitibrmation, correction of the predicted model
(several hours in advance) according to the |laseiblocation data is performed. This method have t
be adaptive to allow correction recomputation whew radiolocation date become available.

0*6*,
User - a meteorological expert.
0*6*0 '!

K

1) AREA AND TIME PERIOD SELECTION
The user selects the area of interest. By defdudttime sequence, of length k, ending with
the latest radiolocation data available is usedigwer, for training and evaluation purposes,
other time sequence might be specified by the user.
2) MODEL CORRECTIONCOMPUTATION
The correlation between model predictions and tadation reflections for k past hours is
computed.
3) MODEL RESULT CORRECTION
Current model prediction (for actual time periosiyorrected based on the results of step 2.
4) OUTPUT DELIVERY
Prediction output is delivered to the user andestdor possible future evaluation.
5) EVALUATION
After the measured vales from ground meteorologitations become available, the model
prediction and corrected model prediction is evielda

! )
N/A
0*6*4 /| )
The system has to be able to locate the necesaty d

Radiolocation reflection sequence
Model prediction results

0%6*5 [ )

N/A

0*6*6 & 7

Data preprocessing: removal of non-meteorologigglad from raw radiolocation reflection data
0*6*8 9

N/A
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From meteorological point of view, it would be irgsting to use the ADMIRE DMI platform to

utilize data mining techniques to discover and studelationship of parameters measured by

meteorological stations (and parameters predictgd nhbeteorological models) and certain

meteorological phenomena. Following studies weeatified to be of high interest to meteorological
community:

Mine for relations between chosen model predicbams measured meteorological values and
visibility parameter.

Using measured data from ground and aerologicabet mine for relations between selected
predictors and storm occurrences.

Mine for and observe the change of phenology phaseerding to selected meteorological
attributes (temperature, precipitation, snow cogerand others).

Mine for relations between cloud coverage and tamfiaflows; eventually between radiation
flows and other meteo parameters.

Volume of stratospheric ozone, it's variability fea of Slovakia and its relation to selected
parameters of meteorological parameters from agicdbprobes.

Data sources:
Meteo station data — are available in 1 hour feeay.
Visibility data - included in Meteo station data.
Storm occurrence data .
Phenology phases data — data available in 1 dgudrey.
Cloud coverage data - available in 1 hour frequency
Radiation flow data — highly heterogeneous fregiesn
Aerological probes data — available in 12 hourgquency.
Stratospheric ozone data — available in 12 haecency.

Scenario technical challenges:

data cleanness: non-homogeneity and missing datdime certain sequences (due to
malfunction of monitoring equipment, data depraciafrom non-meteorological signals).

data integration: different data sets use diffefleguencies of measured phenomena.
Identify/adopt/develop suitable techniques for mgngpatio-temporal meteorological data.

General usage scenarios

This scenario is used to study the meteorologichlienpmena and evaluate proposed
discovery/prediction methods.

0*: *5, ) $ / -

O*:*(
The aim of this use-case is to discover the raiatizetween parameters measured by meteo stations,

predicted by meteo model and defined meteorologmt®nomena, such as storm occurrences,
visibility, phenology phase change etc.
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0*:*’
User - a meteorological expert.
0*:*0 tl

K

1) AREA AND TIME PERIOD SELECTION
The user selects the area and time period of sttere

2) PARAMETERSDEFINITION
User selects data sources and parameters thdtenittegrated and mined in next phases. User
defines the predicor parameters and parametees poedlicted.

3) DATA PREPARATION
Data sets should be check by the expert for missahges and anomalies.

4) DATA INTEGRATION
It is necessary to integrate the data from muljolerces. Used data set can have different spatio-
temporal characteristics (e.g. different time frexggies, different spatial representation (e.g. size
of the grid)); thus data transformation can be sgagy in the data integration step.

5) RELATIONS MINING
User define the technique that will be used togrerfthe data mining of prepared meteo data and
perform data minig task

6) OUTPUTDELIVERY
Results of the data mining operation are delivéoetie user

! 1
N/A

oxx4 /)
The system has to be able to locate and accesssaggelata.

0**5 /)
N/A

0**6 & 7
N/A

0**8 9
N/A

0%; - - & ] ' %

As meteorological phenomena have deep impact oiv-seonomic activities, the ADMIRE DMI
platform will be used in this scenario to integréte meteorological data and spatio-temporal data
from other domains to mine for the hidden relatiamsl dependencies and to help asses the risk
associated with extreme weather.

Two main use-cases of the scenario are:

mine for relation of meteorological phenomenon anaduction of selected agricultural crops
(given yearly meteo data, land use data in seleeigidn and corps production statistics)

integration of vulnerability data (data on infrastiure, population in regions) and the results of
meteorological modeling (e.g. flood prediction).i§ ts purely data integration use-case, aimed
at facilitating the access to the vulnerabilityad&d the users in case the meto modeling yields
results indicating extreme weather conditions.
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Data sources:
Meteorological station data — are available in tirifoequency.

Regional statistical data — land use data, corpdymtion, demographics data — available from
Slovak regional database

Scenario technical challenges:
Data cleanness: possible non-homogeneity and rgisdata in time sequences (due to
malfunction of monitoring equipment, data deprecrafrom non-meteorological signals).
Data integration: different data sets use diffetené frequencies of measured phenomenas.
Data integration: different spatial representatiodifferent data sets.

Identify/adopt/develop suitable techniques for mgnispatio-temporal data for defined use-
cases.

General usage scenarios

This scenario is used to study the relation of orelegical phenomenas and spatio-temporal data
from other domains (e.g. crops production).

0*(> 6. + ! )

0*(>*(
The aim of this use-case is to mine for relatiomm@teorological phenomenon and production of

selected agricultural crops (given yearly metecadénd use data in selected region and corps
production statistics).

0*(>*’
User - a meteorological expert.
o*(>*0 '!

! L}

1) AREA AND TIME PERIOD SELECTION
The user selects the area and time period of sttere
2) PARAMETERSDEFINITION
User defines data sources and parameters thdienifitegrated and mined in next phases.
3) DATA PREPARATION
Data sets should be check by the expert for misgahges and anomalies.
4) DATA INTEGRATION
It is necessary to integrate the data from multjglerces. Used data set can have different
spatio-temporal characteristics (e.g. differenttiirequencies, different spatial representation
(e.g. size of the grid)); thus data transformationld be necessary in the data integration step.
5) RELATIONS MINING
Prepared data set is mined for the relations apdriéencies between given predictors and
prediction values (crops yields).
6) OUTPUTDELIVERY
Results of the data mining operation are delivéoettie user.

! 1
N/A
o*(>*4 [ )
The system has to be able to locate and accesssaegelata.
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0*(>*5 /)
N/A

0*(>*6 & 7
N/A

0%(>*8 9

The crops production data can be exchanged for afia sets describing phenomena affected by
weather conditions (e.g. productivity in constraotindustry).

0*(( 8. - $) !

0*((*(

The aim of this use-case is to integrate the vabiéty data (data on infrastructure, population in
regions) and the results of meteorological modeljagy. flood prediction). This is purely data
integration use-case, aimed at facilitating theeasdo the vulnerability data to the users in ¢thse
meteorological modeling yields results indicatixgreme weather conditions.

0*((*’
User - a meteorological expert.
ox((*0 !
! L}
1) SELECTION OFMETEOROLOGICALMODELING RESULT SET
The user selects the result set produced by mésggcal prediction model.
2) VULNERABILITY DATA INTEGRATION
Volatility data and meteorological data often ugéetent spatial representation (e.g.
demographic data are associated with settlemeng naeteorological data is localized by
longitude/latitude terms). Series of data transadram operation have to be defined and
performed to integrate the data.

3) OuTPUTDELIVERY
Results are delivered to the user

K
0*((*4 /)

The system has to be able to locate and accesssaggelata.
0*((*s /)

N/A

ox(6 & 7

N/A

0*((*8 9

N/A
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The main focus of these agro-meteorological scesasithe contents of soils and its relation torbyd
meteorological events and crop productions. Saifslme divided to several groups according to their
structures, e.g. clay, loamy, sandy. The structofethe soils can be affected by different natural
phenomenon like erosions, or by human actionsflikesting. These changes are often slowly over
years and gradually.

From the view of agriculture, it is interesting $tudy the nutrient contents of soils for vegetation

(water absorption, organic carbon, nitrogen). Thesatents are strongly affected by hydro-

meteorological factors (temperature, humidity, g#ation), by type of vegetation and also by human
actions (irrigation, fertilization, harvesting). &elationships are rather complicated and itfigcdit

to model them accurately. For example, the factédfscting water content in soils can be seen in
Figure 4.

Figure 4. The main concepts of agro-meteorological scenario

A factor, e.g. transpiration, can be dependent anyrparameters: sunlight, temperature, humidity,
wind, type of crop, characteristics of the cropighe seasons)... Therefore, data analysis and mining
techniques are suitable for studying these factors.

0*(0 k3 -7 %
0*(0%(

Crop production will take water, nitrogen and origazarbon from the soil. Although human actions
(irrigation, fertilization) can compensate the vokitaken by crop production, aggressive land use ca
slowly change the quality of soil and its contegt the time. Balancing the human actions and
conserving the soil content is important for stadid efficient crop production.
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The aim of this use case is to monitor the soilteon(carbon, nitrogen) over years and detect the
possible deflection of soil quality due to aggresdand use in order to make remedy on time. As the
soil content is changing periodically by seasons,deflection of soil quality can be detected dmjy
monitoring the soil content for at least severalrge

User — expert in soil science.
"

1) SOIL DATASET SELECTION
The user selects the location, type of the soij ime period they want to monitor. For
meaningful results, the user should choose the giem®d at long as possible, at least several
years.

2) DEFINITION OF MONITORED VARIABLES
The user defines which parameters (e.g. waternagarbon, NO3 content, ...) of the soil they
need to monitor.

3) DATA EXTRACTION
The system will extract the dataset containing tfanitored parameters for the selected soil
type, location for the time period.

4) DATA PREPARATION
Before starting mining process, the data shouldheeked by the user for anomalies.

5) DATA MINING
The mining process will analyze the dataset ané foo possible deflection of the monitored
parameters over the time period.

6) RESULT DELIVERY
The results are delivered to the user.
! 1
N/A

)

The system has to be able to locate the necesaty d
Values of the selected parameters for the seléatadion, soil type and time period

)
N/A

& 7
N/A

9
N/A

0*(4 . -9 !

O0*(4%(

Extreme values of soil content will have unpleassffeécts on economic and environmental system.
Too much water in the soil will indicate the dangéflood because the soil cannot absorb more water
from rain. Too less water will damage the crop paibn. Similarly, too much nitrogen in soil can
contaminate the ground water. It is crucial to rmmmithe extreme values and make necessary
prevention if needed.
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This use case is very similar to the first use case main difference is that instead of monitoring
overall values of the soil content over years, tisis case will focus only on extreme values.

User — expert in soil science.
"l
1) SOIL DATASET SELECTION

The user selects the location, type of the soifj &me period they want to monitor. For
meaningful results, the user should choose the par@d at long as possible, at least several
years.

2) DEFINITION OF MONITORED VARIABLES

The user defines which parameters (e.g. waternargaarbon, NO3 content, ...) of the soil they
need to monitor.

3) DATA EXTRACTION

The system will extract the dataset containingrtioaitored parameters for the selected soil type,
location for the time period.

4) DATA PREPARATION
Before starting mining process, the data shouldheeked by the user for anomalies.
5) DATA MINING

The mining process will analyze the dataset andyaed the extreme values of the monitored
parameters over the time period.

6) RESULT DELIVERY
The results are delivered to the user.

! 1
N/A

)

The system has to be able to locate the necesatay d
Values of the selected parameters for the seléatadion, soil type and time period

)
N/A

& 7
N/A

9
N/A

0*(5 ) !

0*(5*(
Prediction of soil content is very important foraphing human actions (irrigation, fertilization,
seeding, and harvest) and also for making necegsavgntion against extreme situations.

This use case requires analysis of a large amolhistorical data and search for relationships
between the meteorological factors and soil costértten it will try to predict the future soil cemnt
using the present content and weather predictions.
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User — expert in soil science.

!
1) SOIL DATASET SELECTION

The user selects the location, type of the soid &me period they want to analyze. For
meaningful results, the user should choose the per@d at long as possible, at least several
years.

2) DATA EXTRACTION

The system will extract the dataset containingdbi¢ content for the given type of soil for the
selected location and time period. Additionallye thistorical meteorological data for the selected
location and time period is also extracted.

3) DATA PREPARATION FOR MINING
Before starting mining process, the data shouldhaeked by the user for anomalies.
4) DATA MINING

The mining process will analyze the dataset and foorelationship between meteorological data
and soil content.

5) DATA PREPARATION FOR PREDICTION

For prediction, the present soil content and wegthediction is needed. It may require to running
meteorological models if the weather predictionds available yet.

6) SOIL CONTENT PREDICTION
The system will try to predict soil content usimig trelationship found from step 4 and data from
step 5.

The relationship from step 4) can be saved ancategly used for steps 5-6.

Optional step 7) CALIBRATION: The prediction willebcompared with the real measured data for
further improvement of the prediction.

)

The system has to be able to locate the necesaty d

Soil contents for the selected location, soil typd time period

Weather forecasting data, other input data neededmieteorological model for making
weather prediction.

N/A

N/A

N/A
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Eurexpress-1l (http://www.eurexpress.org) is a BRBFproject that ends December 2008. Its aim is to
build a transcriptome-wide atlas database for tredoping mouse embryo established by RNA in situ
hybridisation. The reality is that the project riess to one stage of development. For that ongesta
they use automated processes for in situ hybridisatn all genes. The outcome of these are many
images, which are then annotated by human curaitees.annotations consists of tagging each file
with terms from the ontology for mouse anatomy dgwment. If an image is tagged with a term it
means that that anatomical component is “expre’sshmg gene that was hybridised against. (Not
really expressing the gene, but this requires tamhmbiological background to explain, which is
irrelevant here.)

4*(*(

Data consists of image files and a database (in
MySQL) that describes these images. Each
image contains one section of a mouse embryo
on which in-situ hybridisation has been
performed on one gene. This reveals a purple
stain such as shown in Figure 5. With these
components two more things are provided: a
measure of strength of expression (weak,
moderate, strong) and a type of pattern
(homogeneous, spotted, regional, graded,
single cell, ubiquitous, other) to explain the
shape of the pattern. Each image undergoes a
curation process, which in the context of this
project refers to create data associated with the
image to explain which anatomical
components are expressing the corresponding
gene. These components are selected from the
EMAP’s ontology for the developing The
whole database depicted in Figure 6 consists of
much more information, most of which
describes the image data’s provenance. The
origin of the experiments is collected, which
contains among other things the machines used
and the sites at which these machines are being

Figure 1: Example of result dfi-situ
hybridisation on a mouse emb

kept. Also, experiment details are kept such as Figure 5. Example of result of in-situ
the protocol used, the probe used for detecting hybridisation on a mouse embryo
RNA, etc.

The database schema has grown organically. Nogfoilays were used and the database was linked
using the filenames of the images. Since then twoenpeople have made changes to the schema to
make it more useable, but as is clear from thersaha, many tables remain unlinked and therefore
require good understanding of the database to akivaction of useful information.




Figure 6. Database schema

4*(*’ $

A copy of the database is available (currently anaJs laptop). The image files take up much more
space and are hosted at the MRC Human GeneticsirJBidinburgh. They own the data and would
like to perform data mining on these. However, tteda cannot become public until they have
published a number of papers.

4**0 # $

Some preliminary data mining was done on the Yiession of the database. This involved extracting
association rules. The disadvantage of this metlggidn this context is that a large number of sule
show relationships between genes that have symhalies that are not named by individually human
researchers (similar to the numbering scheme wseabfects by astronomy). These names are hard to
relate to third-party data as not much researcpubuxists yet. Recently, a hierarchical clusteand

a bi-clustering have been performed on the datasditame up with interesting results according to
Richard Baldock (MRC Human Genetics Unit).

4*(*4
The EURExpress-Il data is ideal for visualisatigxll of the data collected involves the same

developmental stage of the embryo (Theiler Stage283Theiler Stages exist, TS23 is 15 dpc; the
average number of days to birth is 19 dpc). AsSEMAP project has 3D models of all stages, it is
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possible to project results back on the TS23 mtaifdr example show which anatomical components
are expressing genes or where clusters of expregsies are.

4%, 1 -
We identify two data mining tasks that pose différehallenges:

Use Case 3.1: Automating classification and aniutadf gene expression of images, and
Use Case 3.2: Gene pattern extraction

40 0%(. - L) -

4*0*(
This is essentially a typical classification ta¥ke goal is to automatically classify and annothate
gene expression pattern of images to reduce wéwkt ef biologists.

In the existing EUREXxpress’s database, 75% images heen manually classified and annotated with
different gene expression and corresponding terimgies of anatomical components. 25% of the rest
have to be automatically classified and annotatesketh on the classifiers to be produced in the
ADMIRE project.

The input is the set of image files. the outputdach image should be correctly identificationhf t
anatomical components that exhibit gene expressaiterns in the image. A more advanced task
would also identify the strength and type of pattdrhe challenges posed by this task are primarily
dealing with large data volumes, as the imageslange and there are many of them, and the
complexity of the classification task itself. AtettMRC Human Genetics Unit, much expertise exists
on image processing, which may lower the complexitthe task by first pre-processing the images.
These pre-processing tasks may pose interestinigeiches to the design of the data fetching and
integration processes.

4*0*
Biologist and Computer Scientist

400 ' |

TRAINING PHASE
1) PREPROCESSING IMAGES
Obtaining embryo images via a service

Image processing of the embryo images and theiancda¢d, i.e., curation features. Image
processing may include geometric transformationg,, @nlargement and reduction, image
segmentation, and interpolation. Primary metadathe annotation from curators, which tell
us which anatomical components present in the imaigéhe embryo are expressing a
particular gene. These gene expressions are infaitme of stains created fronm-situ
hybridisation wet-lab experiments

2) SELECTING FEATURES OF GENE EXPRESSION PATTERN IN EACHARIE
Feature selection for each gene expression fronrdkelt of the pre-processing stage e.g.
using one or more feature selection methods, irchiyithe amount of resources required to
describe a large set of data accurately will beokfiad.

3) MODELING GENE EXPRESSION PATTERN
Constructing models for automatically classifyirgng expression in images. In other words,
the model extracted here can for a given pre-pestkgmage answer the question, does this
embryo have gene expression stains in a partiani@omical component?

4) CONSTRUCTING CLASSIFIERS FOR EACH GENE BASED ON TRAININGATASET

& % 9C E:x 1 2 ?7? 99



Constructing classifiers that can classify genaesgion and annotate the terms of anatomical
component.

5) TESTING AND VALIDATING THE CLASSIFIER BASED ON THE TESTSETS
a. Using a typical validation method, suchrafld validation, check whether the accuracy
of the prediction of the models is sufficient, vath overfitting to the data.

IDENTIFICATION PHASE
6) AUTOMATIC CLASSIFICATION AND ANNOTATION OF GENE EXPRESION OF UNKNOWN IMGAES
Selecting an image without any annotation of anatahcomponent on the image

Selecting a method from a list of image processireghods created in the training phase.
Extracting features of gene expression
Selecting classifiers to identify and annotate gexpression of the image

OPTIMIZATION PHASE
7) BASED ON THE RESULT OF IDENTIFICATIONAND FURTHER OPTIMIZING THE CLASSIFICATION
ALGORITHM
Based on the result of classifications, performihg optimisation of the classification
algorithm

N/A

40*4 | )
1) THE USER IS IDENTIFIED AND AUTHENTICATED TO THE SYSTE
2) THE USER HAS MADE THE INPUT FILE$E.G. IMAGES) FOR TRAINING PURPOSEIDENTIFICATION
AND OPTIMIZATION PHASES AVAILABLE
3) THE SYSTEM HAS BEEN INSTANTIATED AND READY TO BE USEBY THE USER

4%0*5 | )

1) THE OUTPUTS ARE AVAILATBLE TO EXECUTION OF REQUEST AFTEETHE EXECUTION OF REQUEST
FROM USER ARE SUCCESSFUL

4*0*6 & 7
N/A

4*0*8 9
N/A

4x4 0*.1 9 9

4x4%(
This task is to extract and discover corelationshiptween genes and anatomical components based

on the expressions of genes in these anatomicgdaoents. This exercise allows us to extract hidden
patterns in the data by searching for associafednvation and patterns.
The input is a set of embryo images framsitu hybridisation studies that are all annotated feoset

of anatomical components (organised as in an aggdlorhe output will be relationships between
spatial regions, anatomical components and genes.

For example, by using association rules, a uses to find patterns that have sufficient annotation
and gene expressions that satisfy the predefineghmam support and confidence from the database.
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4*4*
Biologist and Computer Scientist

4*4x0 ' I

1

6) PROCEESSING DATA OF GENE EXPRESSIONS IN THE DATABASE
Inconsistency checking

Data transformation, the data needs to be in a &witable for the modelling activity, such as
association rules.

7) RUNNING DATA MINING ALGORITHM GENERATED IN THE PROJECT
Constructing the data mining algorithm, in the ¢ca&sg. association rule

Predefining the parameters of the modelling teaetigninimum support of frequent item
sets and the confidence of association rules

Executing the association rule algorithm
Generating the association rules

8) EVALUATION OF THE RESULTS
Prioritising the output results and filter rules

Significant results selection

Interpreting and visualizing output results by imkiresults to third party data such as gene
ontology

The main flow will not change much. However, soniesub-flows may change if running different

data mining algorithms. Step 2 in the main flow nteve to be run multiple times with different
parameters for the modelling algorithm.

44+4 | )
1) THE USER IS IDENTIFIED AND AUTHENTICATED TO THE SYSTHE

2) THE USER HAS MADE THE INPUTSE.G. GENE EXPRESSIONBAVAILABLE
3) THE SYSTEM HAS BEEN INSTANTIATED AND READY TO BE USEBY THE USER

4*4%5 | )

1) THE OUTPUTS ARE AVAILATBLE TO EXECUTION OF REQUEST AFTEETHE EXECUTION OF
REQUESTS FROM THE USER ARE SUCCESSFUL

4*4*6 & 7
N/A

4*4*8 9

N/A

& % 9C E: 1 =2 ?°? 9



5 & 4. -
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This scenario describes a fictional data mininggmto that is based on similar projects carriedlyut
EPCC for commercial companies. The data and sesidilsuch projects are typically confidential

hence the fictional nature of this report. Theteanhof this report is however based on work thas w
actually carried out and the types of patternsweat detected in data sets.

First use case focuses primarily on what has tddme to the data prior to running the data mining
algorithm on the final set of data. It has beemtbto consume most of the project time. This ws®C
thus demonstrates the highly interactive natura déita mining project.

Second use case is the actual application of tkee miining model on the final set of data. It also
involves the gathering of the results.

Although commercial data cannot be made availabtbd Admire project we could provide a dummy
data set that has the properties described hereamdins some correlations that we would expect to
discover using data mining techniques.

This scenario shows how in some cadasta mining processes are strongly influenced by &
results of preliminary data analysis held by the bainess users

5*(( ) -
Data mining projects have typically used SPSS falipinary data analysis such as frequency

analysis and graph generation. C5.0 from Ruleqiresearch (http://www.rulequest.com/) is
generally used to perform the actual data mining.

5*(*’
In this fictional project several end of year srayis of two database tables were supplied. The firs

table contains customer data (call it thestomertable) and the second table contains product data
(call it theproducttable).

The customer table contains a variety of fieldatiey to the customer, including:
Customer ID

Records for customers holding a product for lontdm a year would appear in more than one
snapshot. Once duplicate customers had been rentbeee were approximately 500,000 unique
customer records.

This product table contains a variety of fieldstielg to the product sold to the customer, inclgdin
Customer ID
Product sequence number (specific to that custdnir3...)
Shop identifier
Product code
Start date
Cost
Contract duration
End date (NULL if contract still running)
Contract code — code specifying various types atrect used.
In total there were approximately 25 fields in gmeduct table.

Most customers have a single ‘main’ product butesa@ustomers have additional secondary products.
As with the customer data, records in the prodaldietmay appear in more than one snapshot.




5, 1 -
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In the initial analysis stage the data was examaradi decisions were made to exclude some records

from the study based on what was found. Here @ntify where significant discoveries were found.
Typically all the fields are analysed in a simieay to look for unexpected values.

t)
The number of products held by each customer wasigred and a table like the following was
produced:

Products 0 1 2 3 4 >=5
Percentage| 1% 50% 30% 10% 6% 3%
Customers with zero products were considered tnbenalies and were excluded from the study.
)

A histogram of contract duration was plotted. Teak value was X months with other peaks at Y,
and Z. There was also a peak at 9999 due to ampih-ended, product that is no longer sold. From
studying this histogram it was decided to removeeords where the contract duration was greater
than X+12 months.

& ) !

The ratio of open contracts to closed contracts giwp identifier was examined to identify, for

example, shops with an unusually high number ohogerounts. Shops with identifiers larger than
500 showed a higher volatility in this ratio. Fet investigation of this within the company

discovered that these identifiers were being usednsistently for a variety of other reasons and it
was agreed to exclude all records with a shop ifilengreater than 500 from the study.

Analysis of the cost field showed that some proslbeid a zero cost. It was discovered that alnibst a
of these records came from three shop identifiénsrther discussions with the company showed that
these records related to contracts obtained frawmotzers. It was decided to exclude contracts with
zero cost from the study.

5*’*’ _— -

To produce a single record for each customer we teeaggregate the possibly multiple records that
appear in the product table for each customewast decided to include all the fields corresponding
the primary product (product sequence number =nt) @ include an additional extra field that
contains the number of products the customer hesexp

5* *0 - )
The goal of the data mining task was to classifstemers into those that will abandon the product

early and those that will not. A definition of ‘ddrhad to be devised. This definition requires
business knowledge and also an understanding dfaginabe calculated from the data.

Let's assume the following definition:

Population Yes: customers with an initial contra€tl8 months or greater for their main
product but who abandoned this product within 121ths.

Population No: customers with an initial contraét1® months or greater for their main
product and did not abandon their main productiwitt2 months.

Population Unknown: customers with an initial cant of 18 months or greater for their
main product and have not yet held this producfifbmonths.

Population Unsuitable: customers whose initial caettis for less than 18 months.




Having come up with this definition it is necess#wydiscover how well this definition divides the
data. This requires linking the customer data whign product data corresponding to the customer’'s
main product (product sequence number = 1). Ircage this divides the customer data as follows:

Population Yes: 20%

Population No: 15%

Population Unknown: 50%

Population Unsuitable: 15%
It is essential that the application user can @ayund with the definition and observe how this
partitions the data.

The rest of the data mining exercise will conceertan mining the Yes and No populations to produce
a prediction model. The prediction model can thenused to classify customers in the Unknown
population to predict which of the Yes or No popiglas they will enter.

The prediction model will be rule-based and theegsuproduced will be examined to discover
knowledge about what makes a customer belong t¥dékeor No populations.

For those records in the Yes population the aataatract duration was calculated and a histogram
plotted. Examining the plot gave confidence tha¢msible definition of ‘early’ was being used.

5% %4 ) -
At this point we have our first data set that cobkl mined. We have a single record for each
customer that contains:

The fields from the customers table.

The fields from the products table that correspmnithe customer’s main product.
A field containing the total number of products thustomer has opened

A field containing the classification of that reddo population Yes, No.

This data set has approximately 500,000 cases apigitoximately 280,000 in population Yes and
approximately 220,000 in population No.

Some fields were excluded because they were knowretvery strongly correlated to the desired
classification or we wished to provide a classifma system that was independent of them. For
example, absolute dates were excluded from they siadause we wished to produce a classification
independent of time.

The various fields were examined one at a timee® Isow they are distributed for each of the
populations. Typically a histogram showing theqtrency distribution of the field values was
produced for each of the populations and plottethersame graph. Sometimes the ratio of Yes to No
was plotted for each field value.

The plots were examined to gain useful insights e data and also to detect any anomalies or
proxies.

)

The contract duration field was examined and shopeaks at regular 6 month intervals. This
observation led to the suggestion that these vahasbe binned into 6 month windows later in the
analysis.

& ) !

Examination of the shop identifier field using bgtams showed that one identifier contained only

customers in the Yes population. When this wasudised with the business experts it was discovered
that this shop had opened within the last 18 mosthsould not yet have any customers known to be
part of the No population. It was decided to reenpecords with this shop identifier from the study.

In addition to viewing histograms the C5.0 data imgnalgorithm was also run to build classifiers
using only this field. The rules produced by thgoathm show very clearly which shop identifierge ar
effectively proxies for the desired classificatidror example the following was produced:
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Rule 1: (34534 cases)
Shopld = 367
-> class = Yes [1.000]

It seems surprising to me now that the study iretludny records for products opened in the last 18
months since this may introduce a bias into tha.ddthis must have been discussed at the time and
the choices made for sound business reasons.

)

Examination of the contract code field using histmgs showed that some codes were very predictive.
For example, contracts with code ‘A’ had not besedufor four years. Our data set only contains

product that have been open as some point in #t¢Heee years — closed accounts are automatically
deleted after a certain period. Thus any produat llas a contract code of ‘A’ must have been open
for at least one year in order to have made it ouo data set. Thus there is a high likelihood of

products with this contract code belonging to rdson the No population.

Similar the contract code ‘K’ has only been in tise 12 months so it is not possible for it to be
associated with any records in the No population.

After observing the histograms the C5.0 data mirafgprithm was run on the data using only the
contract code field. The rules produced clearlgwadd that this field is effectively a proxy for the
desired classification.

It was agreed to exclude the contract code fi@thfthe study.

5*’*5 $ _ -
The previous stages produce a collection of recolassified as Yes or No and cleaned to remove
anomalies and proxies. This data set can now hednising the data mining algorithms.

The data mining algorithm was run using various sétinput fields. Initially the algorithm was run
using each field individually to discover whichlfie were most strongly predictive alone. None of
the fields has a particularly high accuracy whesduslone.

The data mining algorithm was then run using varisets of input fields initially looking at custome
characteristics and then product characteristidse rules produced by C5.0 were analysed and used
to produce the final report sent to the company¢bemissioned the data mining project.

5**6 " 7 - )

A follow on project aimed to investigate if the gdigtion model could be improved by including data

from publicly available data sets. We wished t lour records with the Scottish Neighbourhood

Statistics (SNS) dataset (see http://www.sns.gdy.ukhe SNS dataset contains approximate 650
indicators for each of 6505 data zones in ScotlaFftese indicators are grouped into 12 topics. €om

topics and indicators are:

Access to services
o0 Drive time (in minutes) to a supermarket.
o Drive time (in minutes) to a secondary school.
Education
0 Percentage of pupils with 5 awards at SCQF lewawidabove.
o Primary percentage attendance rate.
Housing
o0 Percentage of dwellings with 4-6 rooms.
0 Percentage of dwellings which are semi detached.

The SNS website allows you to download the dataufpto 10 indicators. It looks like you can get
more data just by doing repeated downloads.

The customer table can be linked to the SNS datasey the postcode field. The mapping from
postcodes to data zones is maintained by The derRegister Office for Scotland (see
http://www.gro-scotland.gov.uk).
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If would be nice if the Admire tools and infrasttuie supported linking to public datasets suchiss t
even when that linking required an additional pubitaset to provide a mapping table.

5*,*8
The following notes and observations are added ipgeth and were not part of the original data
mining report:
All fields containing absolute dates were exclutfedh the data set.
In other data mining projects we have another towh Rulequest called GritBot to detect
anomalous data values. This tool identifies resoadd values that may require further
examination to see if they should be included anfthal data set.
Before giving the data set to C5.0 the type of dataach field has to be described as one of
the following:
0 Numeric value
Date
Time
Timestamp
Set of N unordered discrete values
Label (simply used to identify a record)
In many cases code as used in that data which eamingless to the readers. For example
contract code = ‘A’. Typically the mapping from #eecodes to meaningful terms does not
reside in the database but instead in paper dodsrtiet describe the database schema.

5%0 4% ) ) - L2 )
) $ )

5*0%(

This use case consists of preliminary data analgsid model building phases for knowledge
discovery in commercial data. It captures all tipec#fic tasks and activities basing on EPCC
knowledge and experience in commercial data mipirgjects. The use case should present more
generic and overall approach to data mining thaerotise cases described in this document as it is a
summary of experience in commercial projects. Ihas expected to cover all the project specific
details. The use case is captured in a way tlas$at contains information about held analysis &sd i
results to present detailed view adita mining processthatare strongly driven by data analysis
results.

5*0*
Business analyst.
5*0*0 !

1

O O O0OO0oOo

PRELIMINARY DATA ANALYSIS PHASE
1) DATA STATISTICS GENERATION(FREQUENCY ANALYSIS

a. REPORT CUSTOMER PRODUCTS
Business user creates a report presenting the muhipeoducts held by each customer.
Later (at MF 6.a) all the customers with zero paiduare considered anomalies and are
excluded from the study.

b. REPORT CONTRACT DURATION
Business user creates a histogram with contractidar In the fictional project three
peaks were found with main at the X point. Thers waother peak found at 9999 value
which was due to an old, open-ended product thao i®nger sold. Later (at MF 6.b) all
the records with contract duration grater than X-at2 going to be excluded from the
study.
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2)
3)

5)

6)

7

8)

C. REPORT OPEN TO CLOSED CONTRACTS PER SHOP RATIO
The ratio of open contracts to closed contractsspep identifier is examined by the
business user. The study showed that shops wititifiée grater than 500 have an
unusually high number of open contracts. Businésdysshowed that these identifiers
were used for some specific reasons and shoulddbeded from the study (at MF 6.¢)
d. REPORT PRODUCTS COST
Business user creates a report with the costs adugts. Study showed that some
products had zero cost. Business study revealddthkae products came from three
shops identifiers and were related to contractainétl from takeovers. . Later (at MF
6.d) all the records with contract cost equal z#egoing to be excluded from the study.
DATA GRAPH GENERATION
SIGNIFICANT DISCOVERIES IDENTIFICATION
UNEXPECTED VALUES IDENTIFICATION

DATA CLEANSING PHASE

DUPLICATE RECORDS REMOVA(CUSTOMERY

In this specific fictional project data sources teom several end of year snapshots of two tables:
for customer and product. Records for customergimgla product for longer than a year would
appear in more than one snapshot. The businesspusgares a filter with the visual query
builder that will exclude all the duplicate custasmi&om the data set.

NON-ESSENTIAL RECORDS EXCLUSION
Basing on that was found during the preliminaryadahalysis phase, i.e. anomalies, absolute
dates if we need to be time independent, are eadlfrdm the study by the business user.
a. EXCLUDE CUSTOMERS WITH ZERO PRODUCTS
Clients with zero products are considered to beraties and are excluded from the
study. The business user prepares a filter withvibigal query builder that will exclude
all these customers from the data set.
b. EXCLUDE OLD PRODUCTS
All the records with contract duration grater thatl2 months duration (X identified at
MF 1.b) are excluded from the study. The business prepares a filter with the visual
qguery builder that will exclude all these recondsti the data set.
C. EXCLUDE INVALID SHOP IDENTIFIERS
All the shops with identifiers grater than 500 (itéed at MF 1.c) are excluded from the
study. The business user prepares a filter withvibigal query builder that will exclude
all these records from the data set.
d. EXCLUDE CONTRACTS WITH ZERO COST
All the contracts with zero cost (identified at M) are excluded from the study. The
business user prepares a filter with the visuarybeilder that will exclude all these
records from the data set.
DATA AGGREGATION
Multiple records that appear in the product tabledach customer are aggregated to produce a
single record for each customer. An extra fielchwite number of products that the customer had
opened is added. This both tasks may be held wélvisual query builder by the business user.
DATA MINING GOALS DEFINITION
The classification task goal was to classify cugmarinto those that will abandon the product
early and those that will not. A definition of ‘édrhad to be devised.
a. CUSTOMERS POPULATIONS DEFINITION
User must input the definition of the desired costo population. In the described
fictional project the task was to segment custormacsfollowing groups:
Population Yes: customers with an initial contrattLl8 months or greater for their
main product but who abandoned this product wiff#irmonths.
Population No: customers with an initial contrattl8 months or greater for their
main product and did not abandon their main prodiittin 12 months.

% C D ?7?



2)

Population Unknown: customers with an initial gant of 18 months or greater for
their main product and have not yet held this pebvdior 12 months.
Population Unsuitable: customers whose initial @ettis for less than 18 months.
b. LINKING CUSTOMERS TO PRODUCTS
Customer data must be linked to the product dateesponding to customer’s main
product to see how well this definition divides theda.
Cc. DATADIVISION RESULTS
The results of data division (customer populatiomsist be reported. In the following
example the results were:
Population Yes: 20%
Population No: 15%
Population Unknown: 50%
Population Unsuitable: 15%
d. POPULATIONS TUNING
The business user may change the populations tigfinito make the data division
better.

PREDICTION MODEL GENERATION
a. RULES GENERATION
Yes and No populations are mined to produce a giiedi model that is rule based.
Rules may further be used to produce the modelig¢isn in the natural language.
b. UNKNOWN POPULATION CLASSIFICATION
The prediction model is used to classify custoniersinknown population to predict
which of the Yes or No populations they will enter.
FINAL SET OF RECORDS PREPARATION
This task is performed to further improve final setecords and remove those that may skew the
model. It is very similar to previous steps, howeitetakes into account also the results of
customers into populations division.
a. CORRELATED FIELDS REMOVAL
Some fields that are known to be strongly correlatéh the desired classification (and
the system is intended to be independent of thesaldhoe excluded from the model.
The business user prepares a filter with the viswary builder that will exclude all
these fields from the data set.
b. ABSOLUTE DATES EXCLUSION
Absolute dates should be excluded from the studgabse model is intended to be
independent of time. The business user preparnésrawith the visual query builder that
will exclude all these fields from the data set.
Cc. CONTRACT DURATION EXAMINATION
This attribute was examined to see how it is disted for each of the populations.
Histogram should be produced by the business us#e reporting tool (visual query
builder). The study showed peaks at regular 6 munénvals. It suggested later binning
these values into 6 month window.
d. SHOP IDENTIFIER EXAMINATION
This attribute was examined to see how it is disted for each of the populations.
Histogram should be produced by the business uste reporting tool (visual query
builder). The study showed that one identifier eoréd only customers from one
population. Further study showed that the shop epeed within the lat 18 months so
could not yet have any other customers. These godugentifiers was decided to be
excluded from the study. The business user prepefiier with the visual query builder
that will exclude all these records from the datia s
e. CONTRACT CODE EXAMINATION
This attribute was examined to see how it is disted for each of the populations.
Histogram should be produced by the business us#el reporting tool (visual query
builder). The field was also examined by running #igorithm on the data using only
this attribute. The rules produced showed a veapngtcorrelation of this attribute with
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the desired classification. It was decided to edelthe attribute from the study. The
business user prepares a filter with the visuarygbeilder that will exclude all these
records from the data set.

1) LINKING TO EXTERNAL DATA
At MF FINAL SET OF RECORDS PREPARATIONhe business user may link the data with external
resources. In the fictional project the data wasgew with publicly available data sets of the
Scottish Neighbourhood Statistics (SNS). These datg be also examined as were the fields
from generic data source.

5¥0*4 [ )

1) THE USER IS IDENTIFIED AND AUTHENTICATED TO THE SYSHM

2) THE USER HAS MADE THE OPERATIONAL(PRODUCTIOI\) DATABASE AVAILABLE

3) THE SYSTEM HAS BEEN INSTANTIATED AND READY TO BE USEBY THE USER

4) BUSINESS VIEW OF THE PRODUCTION DATABASEDIGESTIBLE FOR A BUSINESS USE):EIS
PREPARED AS A MAPPING OF THE PRODUCTION DATABASE TO BB FORM OF BUSINESS OBJECTS
FOR BUSINESS USERS TO EASILY PERFORM REPORTING

5) EXTERNAL DATABASES AND RESOURCES ARE AVAILABLE

5%0*5 /)
N/A

5*0*6 & 7
N/A

5*0*8 9
N/A

54 4*,. )y 9 12 ) $
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5*4*(
This use case presents the data mining phase efi&ge discovery in commercial data. The model
built in the previous use case is executed herdlanckesults are collected.

5*4*
Business analyst.

5*4*0 '

1

ALGORITHM EXECUTION
1) DATA MINING ALGORITHM APPLICATION

a. SET OF INPUT FIELDS DEFINITION
The previous stages produced a collection of ocolassified as Yes or No and cleaned
to remove anomalies and proxies. It should be ddfias a consolidated filter (SQL
qguery) that will extract the desired data set. ®asi versions of multiple fields
combination should be chosen to run the algorithm o

b. RESULT REPORT PREPARATION
After running the algorithm on various sets of dlthe business user analyses the
results and prepares the final report.




N/A

5*4*4 | )

1) THE DATA MINING MODEL IS AVAILABLE
5*4*5 [ )

N/A

5*4*6 & 7

N/A

5%4*8 9

N/A

& % C D ?7?



%

?7?



