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1 Introduction

The ultimate goal of advanced data analysis isd&ardecisions that lead as directly as
possible to benefits. Myths are common concerngig evarehousing, data mining and
decision support techniqgues. Many enterprises sormasttake unnecessary risks by
trying to apply these techniques too soon (i.egrpgo understanding, cleaning, unifying

information sources; defining business goals; atacating users) or by thinking that

these techniques could be set loose on their date sind automatically uncover

knowledge gold mines.

The process leading from data to decisions is @aigs path involving three main IT

disciplines: database and infrastructure techngloggta mining, and Business

Intelligence (BI).

Historically, Bl systems have evolved through thmegn phases (see Figure 1.1):

* Phase 1. In the first phase, enterprises startquutan place structured data stores
filing data relevant to their needs. In the 198fksision support tasks were performed
centrally, with highly skilled individuals analyzimmainframe-resident data. The results
were delivered to management as hard-copy repodtg@aphs.

* Phase 2. Competitive factors pushed enterpriseartba better leverage of the data
and they adopted Decision Support Systems (DS$shenied, offline, by data analysis
techniques such as statistics, creating a focusee of data with subject matter from at
most two or three operational sources.

* Phase 3. Finally, to cope with the multiplicity awliversity of the data stores,

enterprises are starting to unify and rationalizeesé through data warehouse
frameworks. In addition to this effort and due to iacreased competitive pressure,
advanced data analysis techniques are also imptethém leverage further — and gain

business advantages — the resulting and ever ggoavirount of data.
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2 DataWarehousing and Data Mining

Data warehousing technology and architectures amorbing a mainstream activity,
with mission-critical implementations in some eadglopter sites. However, many
enterprises face the high cost of implementatiaheperience difficulty in quantifying

benefits and the return on investment. In additiba,vast majority of effort to build and
manage a data warehouse still requires in-houséoroumation of products, thus

consuming significant resources.

2.1 Data Warehousing

A data warehouse is an architecture, and entegptis® focus on a single product for
implementing a data warehouse increase the ridiloire. A data warehouse is more
than a single product and requires significant ipilag of five essential components:

» Operational data source

» Data conversion and extraction

» Data warehouse database management system (DBMS)

» Data warehouse administration

* Business Intelligence tools

Operational Data Sourcdata administration must take an active role éphplan

extracts and to work with the business administregalefine the data needs. The data
administrator can help gather the information altbet operational data and assist in
designing the data model that will be used fordh warehouse DBMS.

Data Conversion and ExtractioA data warehouse architecture should includeaesdr

of operational data that are “frozen views of infiation” trapped in time capsules,
which in some cases have some level of summarizatia history associated with the

view of information. Applications should provide ethcapabilities to perform the



complex task of integrating data from multiple szms to create a consolidated view of
the data, as well as the transformation of dataiserby Bl applications.
Data Warehouse DBMS he RDBMS vendors (e.g., Oracle, IBM, and Micritsbave

significantly increased the amount of research @dexklopment to improve support for

data warehousing and complex DSS applications. Tirvsestment is geared toward
providing strong support of complex database schemiéh databases approaching
several hundred terabytes.

Data Warehouse AdministratioBata warehousing brings many complex administnatio

issues that are much different from handling tratisaal applications and “stovepipe”
DSSs of the past. New administration requiremeredrextensive planning to provide
data usage auditing, business data model, direatmapagement, summary tables,
security, request control, query catalog and suttsmn services, and managing of
operational data extracts.

Business IntelligenceBl empowers enterprises with systems that fatdlithe access

and analysis of data contained in the data warehduslata warehouse in combination
with the right Bl tools can be an important partsapporting a business mission. The
selection of Bl tools needs to be done after arlyaisaof the business and enterprise
needs have been performed.

Structure of DW in broad sense can be summarizttedtg 2.1.
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Figure 2.1: Data Warehouse in broad sense




Implementation difficulties
With most market size estimates reaching as higBGasillion, it is clear that data

warehousing has captured the imagination of thesesasBut very important to keep n
mind some crucial properties of DW systems, such as
B DW can’t be taken from a shelf — has to be compisihg a variety of
components
B Clear idea of goals and benefits is a necessity
DW is an architecture, not a product
B Can’t be bought — need to be built

2.2 DataMining

Data mining is the process of discovering meaninggw correlations, patterns and
trends by sifting through large amounts of dataestan repositories, using pattern
recognition technologies and statistical and mattaal techniques. The mining of
databases is a horizontal application — that iss mot specific to any industry. The
common ingredients are a number of structured sketsaand the willingness to explore
the possibility of hidden knowledge that residethie data.

Three main reasons motivate enterprises engaggatanrmining activities:

B Correcting data -
correction of Data
incompleteness and Crracilr)

contradictory information
B Discovering knowledge —
to determine  hidden
relationships, patterns and
correlations from data
B Visualizing data - to -
vASUEllZ
humanize the mass of data,
display the data
Figure 2.2: Reasons for data mining



2.2.1 Methodology
It is important to proceed with a methodology whdleveloping data mining solutions.

The main steps of the methodology are:
1. Database selection and preparation
» identification of databases and factors to be explo
» preparation includes filling in missing values ardtifying errors
2. Cluster and feature analysis
» database groups are divided using clustering teciesi
* more detailed feature analysis to find the maimndiac
3. Tool selection
* Many tools are available, but most are not compdeid often may have to be
combined with techniques or systems already deeelapthin the enterprise.
Buyers should make a thorough analysis before &oquia tool or a
technology by asking themselves the following goest
o How many examples can be handled at one time?
o How much processing is required?
o What are outputs?
o Simplicity of update?
4. Hypothesis testing and knowledge discovery. Thibe step most often associated

with the term data mining.
* hypotheses are formed and tested (top down)

* new relationships are discovered (bottom up)
» what-if analyses may be performed
5. Knowledge application
» tested rules created from the discovery procesdeattirectly added to either

procedural code or into a knowledge-based system.



2.2.2 Main approachesto data mining
Data mining is the process of discovering and tlannconcept of solving that type of

problems. A number of underlying techniques camajnaied to the various functions of
the data mining effort. Visualization, statisti@sduction and neural networks are the
most popular.

Visualization: Visualization relies heavily on the human aspédcamalysis. Even the
best set of rules or tables of data may reveal nrdmgmation when visualized with
color, relief or texture in two-dimensional (2-D3;D or 4-D (3-D with animation)
representations. Visualization techniques may leal ieroughout the data exploration
process, in combination with other techniques, saglnduction, where it might show
the number of rules generated as a result of cepiameter settings.

Disadvantages of visualization are the difficulfyrepresentation of relationships among
more than four variables and time series.

Statistics: Statistics are the most mainstream of techniqygdieal to data mining
problems. Statistics are used universally by trawoll and advanced technology
researchers to perform many functions, such asering, factor analysis and prediction.
Frequently used in combination with other technm@sgstatistics are often the technique
of choice for initial analysis to identify predieé factors. New statistical techniques are
constantly being developed, and this wide fieldticmes to play a major role in data
analysis. However, statistics often require up4fraasumptions and are difficult for
nonstatisticians to apply and interpret. In additistatistics are difficult to use with large
numbers of factors, particularly when nonlineasitze involved.

Induction: Induction is the process of reasoning from spedscts to reach a hypothesis.
The opposite of induction is deduction, which ias@ning from a hypothesis and trying
to prove it by specific facts. The facts in datanimg applications are database records,
and the hypothesis is usually a decision treedttampts to divide data in a meaningful
way. The decision tree can be used to create ddesrdrules), with the nodes serving
the decision points.

Neural Networks:Neural networks are multilayered network architee$ that “learn”

how to solve a problem based on examples. The ta@docategories of neural networks
are unsupervised and supervised. Unsupervised rietvace used initially to divide data

into groups or clusters according to rules sethieydeveloper. Supervised algorithms are
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used to create predictive models that capture tméimear interactions between factors.
Both types can evaluate large numbers of factodsaa@ able to ignore variables that do
not provide value.

Neural networks are used in a wide variety of aggpions. They have been used in all
facets of business from detecting the fraudulerg af credit cards and credit risk
prediction to increasing the hit rate of targeteailimgs. They also have a long history
of application in other areas such as the militboy the automated driving of an

unmanned vehicle to biological simulations suckeasning the correct pronunciation of
English words from written text.

On the negative side, neural networks require extendata preprocessing. Only
numeric input is possible, and the ranges of theabkes must be carefully scaled.
Neural networks require numerous parameter seftisgme as basic as network
structure and size, and these decisions can hastong influence on the results.
Another problem is that neural network is a bladk approach and very difficult to

interpret.

Data mining techniques summary is shown at thedi@.2

Techniques for DM:

m Visualization 0 colored 2-D — 4-D
. representation
m Statistics Pr - :
lusteri 0 Choice for initial analysis
" clustering . Identification predictive
« factor analysis factors
= prediction
m Induction 0 Reasoning from specific

. Decision tree facts to reach a hypothesis

= Neural Networks Multilayered network

+ Unsupervised architectures that learn how
+ supervised to solve a problem

O

Figure 2.3: Techniques for DM
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3 Business Intelligence and SAP
| mplementation

3.1 Business I ntelligence processes

To make sure the IT environment fully addressesrganization’s needs at each stage
of analytical competition, companies must incorp@ranalytics and other business
intelligence technologies into their overall IT laitecture. Technologists use the term
“business intelligence” (often shortened as Blletwompass analytics as well as the
processes and technologies used for collecting,agiag, and reporting decision-
oriented data. The business intelligence architect{a subset of the overall IT
architecture) is an umbrella term for an enterpwsie set of systems, applications, and
governance processes that enable sophisticategtiasaby allowing data, content and
analyses to flow to those who need them, when rieeg them.

The BI architecture must be able to quickly providgsers with reliable, accurate
information and help them make decisions of widelyying complexity. Responsibility
for getting the data that provides a clear picfréhe business, major trends, risks and
opportunities as well as technology and procesghbsis the job of the IT architect. This
executive (working closely with the CIO) must detere how the components of the IT
infrastructure as a whole (hardware, software aativorks) will work together to
provide the data, technology and support needdtélipusiness.

Breaking the business intelligence architecture it six elements can help IT
executives leverage the analytical power of thEinvestment.

1. Data management that defines how the rightidatequired and managed.

2. Transformation tools and processes that destwlethe data is extracted, cleaned,
transmitted and loaded to “populate” databases.

3. Repositories that organize data and metaddiaifiation about the data) and store it

for use.
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4. Applications and other software tools used falgsis.

5. Presentation tools and applications that addressinformation workers and non-IT
analysts will access, display, visualize and maaieudlata.

6. Operational processes that address how impogdministrative activities such as

security, error handling, “auditability,” archivirand privacy are resolved.

Bl processes and tasks can be summarized as folfmy8.1):

» Understand the business problem to be addressed

* Design the warehouse

* Learn how to extract source data and transfoffor ithe warehouse

* Implement extract-transform-load (ETL) processes

 Load the warehouse, usually on a scheduled basis

» Connect users and provide them with tools

* Provide users a way to find the data of inteireghhe warehouse

* Leverage the data (use it) to provide informatmd business knowledge
* Administer all these processes

* Document all this information in meta-data

Business Intelligence Processes
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Figure 3.1: Business Intelligence Processes
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Bl processes extract the appropriate data from abip@al systems. Data is then
cleansed, transformed and structured for decisiakimy. Then the data is loaded in a
data warehouse and/or subsets are loaded into datHs) and made available to
advanced analytical tools or applications for nauttientional analysis or data mining.
Meta-data captures the detail about the transfeomand origins of data and must be
captured to ensure it is properly used in the datimaking process. It must be sourced
and maintained across a heterogeneous environmdngrad users must have access to
it.

3.2 SAP and the Information Factory

3.2.1 SAP Development

1. The first introduction of SAP to most corporasois as an ERP vendor. ERP
technology allows organizations to get a handl¢henintegration and modernization of

daily transactions that run the operations of th&irfess.
There are several reasons why basic transactianglabt enough to run the business:

o Not all data is incorporated in the ERP installatio
0 Basic transaction data needs to be summarizedyzathlaggregated in order for

management to be able to see beyond the detalil

2. SAP's first response to the need for informabegond that that is available at the
transaction level was to supply the customers véthform of multidimensional

technology - InfoCubes.
The overarching goals of multi-dimensional modes a

o To present information to the business analyst way that corresponds to his

normal understanding of his business

o To offer the basis for a physical implementatioattthe software recognizes (the

OLAP engine), thus allowing a program to easilyesscthe data required.
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The most popular physical implementation of muitirdnsional models on relational
database system-based data warehouses is theclstanasimplementation. Bl uses the
Star schema approach and extends it to suppograiten within the data warehouse, to

offer easy handling and allow high performance tsofs.

3. The next step SAP took was to initiate a datael@use in support of the
informational needs of its customer base. The éwmpluo an architected environment is
measured by the different releases of SAP. A Uuisfory of the SAP BW release
pattern looks like:

BW 1.2b - introduction of InfoCubes and Businessit€at

BW 2.0b - introduction of ODS

BW 2.1c - analytical components

BW 3.0 - further enhancement of ODS into a dataeWaunse, along with the creation of
analytical applications, partnerships, and so forth

The architectural differences from one releasdnéortext are very significant. One very
important and positive architectural component tbunthe newer releases of the SAP
BW product is that of the ODS which is now to amdhat it fulfills the role of a data
warehouse, addressing many problems that arose taenwere only InfoCubes.

3.2.2 SAP highlights

The combination of SAP R/3, other mySAP componeamtsl, SAP BW, along with the
analytical capabilities currently existing make tB&AP support of the corporate
information factory very robust.

o SAP support of ERP. This is the easiest and mdstalacomponent of the corporate
information factory to be supported by SAP. In f&&P was the worlds pioneer in
this arena and there is no question of SAP's stjeoe. The ERP foundation gives
SAP a basis for gathering and managing data. Thiardage is the equivalent to the
being the head of the food chain. Once the dataesommder the management of
SAP, itis easy and natural to integrate the dathmigrate the data to other parts of
the corporate information factory.

0 SAP support of data warehouse. The first ODS tpaeared in early releases of
SAP was very much like a true ODS. But each newass adds on to the ODS so
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that in later releases the ODS starts to take ewcltlaracteristics of a data warehouse.
The latter release of the ODS contains granulaa tlat can be accessed in many
different fashions, a smattering of historical atata integrated from the SAP R/3
environment and elsewhere. As such the latter sel€@DS starts to look very much
like a data warehouse. Certainly from a functidgaitandpoint, it serves as a
warehouse. In addition the ODS operates in a mbdpenness, where access to the
warehouse is available in many forms, and wheréXd§& is operable with software
and technology from partnerships such as AscesidITealeaf.

SAP's support of the web environment. SAP has @dowery good job of supporting
the web through mySAP.com. mySAP.com has interf&oes the web to and from
the corporate infrastructure.

SAP support for data marts. SAP has its InfoCublss technology plays a robust
role of data mart support.

SAP support for DSS applications. While other a@aSAP are strong, this area is
perhaps the strongest and most sophisticated. S#Pods the concept of the
"cockpit" here. The cockpit approach is very apppeato management who has the
need for up to date information and a wide var@tinformation. SAP's offering of
SEM - Strategic Enterprises Management - provid&B #@ith superior support
here. SAP has divided its SEM into five components:

* SEM-BIC - the component for business informatiohemtion,

* SEM-BPS - the component for planning and simulation

* SEM-BCS - the component for business consolidation,

* SEM-CPM - the component for corporate performanoeitoring,

* SEM-SRM - the component for stakeholder relatiopshanagement.

SAP support for metadata, in particular distributestadata.

In order for the corporate information factory t@nkw seamlessly, in order for the
corporate information factory to become a cohesw®le, not a collection of
independently operating devices, there needs tdidiebuted metadata. Metadata
needs to be available and useful at each archisdatamponent and metadata needs
to be able to be transmitted across each compaoghé next component. In doing
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so, metadata forms the glue that holds the corpardbrmation factory together.
SAP uses a combination of XML for the transporintétadata across components
and industry conventions to decipher the metadata the metadata has arrived at
its destination and is freed from XML. In doing SAP has tied the different
architectural components together in a constructie@ner. This approach promises
to have long-term implications for the users of tlweporate information factory
which are very beneficial. It means that SAP hasstrocted their version of the
corporate information factory for the long termdahis can only be satisfying to the
long-term client of SAP.

Data Warehouse Operational Data Store Multidimensional Models
B Non volatile ® Operational Reporting = Multidimensional analysis
B Granular B Near Real-Time / Volatile ® Aggregated view

® Integrated = Granular W Integrated

m Historical foundation ® Built with ODS Objects B Built with InfoCubes

W Built with ODS Objects
» | » =

Figure 3.2: SAP Data Reorganization

Ar
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4 Summary

In modern businesses, increasing standards, automaind technologies have led to
vast amounts of data becoming available. Data vearsh technologies have set up
repositories to store these data. Improved Extteamisform, load (ETL) have increased
the speed of collecting the data. OLAP reportinght®logies have allowed faster
generation of new reports which analyze the datsirigss intelligence has now become
the art of sifting through large amounts of datetracting pertinent information, and

turning that information into knowledge from whiahbtions can be taken.

Business intelligence software incorporates thétalbo mine data, analyze, and report.
Some modern Bl software allows users to cross-areaynd perform deep data research
rapidly for better analysis of sales or performawce an individual, department, or
company level. In modern applications of businegslligence software, managers are
able to quickly compile reports from data for faastng, analysis, and business

decision-making.

In 1989 Howard Dresner, later a Gartner Group atapyopularized Bl as an umbrella
term to describe a set of concepts and methodspmove business decision-making by
using fact-based decision support systems. Nowattaysechnology is the important

part of successful business process.
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