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Abstract

Data warehouse technology has been successfudigrated into the information
infrastructure of major organizations as poterg@ution for eliminating redundancy and
providing for comprehensive data integration. Raadj the importance of a data
warehouse as the main data repository within aarorgtion, this dissertation addresses
different aspects related to the data warehousgtacture and performance issues.

Many data warehouse architectures have been peeskeytindustry analysts and
research organizations. These architectures vany the independent and physical
business unit centric data marts to the centratiseetier hub-and-spoke data warehouse.
The operational data store is a third tier whicts wHered later to address the business
requirements for inter-day data loading. Whileitigustry-available architectures are all
valid, | found them to be suboptimal in efficien@pst) and effectiveness (productivity).

In this dissertation, | am advocating a new arciibee (The Hybrid Architecture)
which encompasses the industry advocated archieeckhe hybrid architecture demands
the acquisition, loading and consolidation of gmtise atomic and detailed data into a
single integrated enterprise data store (The Enserpata Warehouse) where business-
unit centric Data Marts and Operational Data St¢@d3S) are built in the same instance
of the Enterprise Data Warehouse.

For the purpose of highlighting the role of dataet@uses for different
applications, we describe an effort to developta eaarehouse for a geographical
information system (GIS). We further study the impoce of data practices, quality and

governance for financial institutions by commentargthe RBC Financial Group case.



The development and deployment of the Enterprida B&arehouse based on the
Hybrid Architecture spawned its own issues andlehgkes. Organic data growth and
business requirements to load additional new dgtafieantly will increase the amount
of stored data. Consequently, the number of usérgharease significantly. Enterprise
data warehouse obesity, performance degradationaridation difficulties are chief
amongst the issues and challenges.

Association rules mining and social networks haserbadopted in this thesis to
address the above mentioned issues and challéMgedescribe an approach that uses
frequent pattern mining and social network techegjio discover different communities
within the data warehouse. These communities irecheds of tables frequently accessed
together, sets of tables retrieved together mostefime and sets of attributes that
mostly appear together in the queries. We concentratables in the discussion;
however, the model is general enough to discoveratommunities. We first build a
frequent pattern mining model by considering eaodrgas a transaction and the tables
as items. Then, we mine closed frequent itemsetisbdés; these itemsets include tables
that are mostly accessed together and hence sheutdated as one unit in storage and
retrieval for better overall performance. We uélgocial network construction and
analysis to find maximum-sized sets of relatedasihis is a more robust approach as
opposed to a union of overlapping itemsets. Wevddhe Jaccard distance between the
closed itemsets and construct the social netwotkldés by adding links that represent
distance above a given threshold. The constructesank is analyzed to discover
communities of tables that are mostly accessedhegerhe reported test results are

promising and demonstrate the applicability andaiveness of the developed approach.
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Chapter OnefNTRODUCTION

In an effort to encapsulate data within an orgareraunder a single umbrella, the
enterprise data warehouse is an effective andcttteastructure for data storage and
retrieval. To continue the success stories of thigyan enterprise data warehouse as the
basic ingredient in the information infrastructofean organization, it is necessary for
experts and practitioners to understand bettedifferent aspects of data warehouse
development and utilization. Once an enterprisa datrehouse is functional, employing
machine learning and social network constructicsh amalysis techniques would help in
improving the performance of queries, which is @oses and major attraction for

accepting a new data repository. These are covertbis dissertation.

1.1 Problem Definition and the Motivation

The rapid growth in the volume of data produceaiganizations and the
diversity in the sources of such data necessitatedevelopment of powerful integration
tools that are capable of systematically combinirggdata to produce comprehensive
answers to user queries [14]. A data warehouseciespéed as the main structure that
could successfully satisfy the target. However,dbeelopment of a data warehouse is a
challenging task that requires a number of skitld qualifications be possessed by
members of the design team who will accomplishpttoeess.

Practical experience in the design, developmentampibyment of the enterprise

data warehouse at RBC Financial Group providedjéimesis for this thesis which



reports the novel architecture that | have fourartiost appropriate based on my
investigation of the technology over the past twoatles as described next.

In the early 1990s, building business-unit speafta marts was recommended
as the architecture which generates quick buswvedsg at a reduced cost. The expensive
cost of hardware and software, especially the bagt of disk storage lured the majority
of data warehouse practitioners to adopt the dara anchitecture. Advancements in
customers’ needs and requirements for consistgrerence across various business
units and at all touch points for the same busiceagpelled business to combine
customer data from all business units and dom@&aassequently, information
management executives were asked to standardissoardlidate customer data in a
manner which enables easy and fast access to seaméintegrated data.

During mid 1990s, industry analysts and gurus endata warehousing space
offered “the Enterprise Data Warehouse Architectaral the central repository of the
enterprise’s data and the “Single Version of Thatf’t. However, it was recommended
to maintain/build business-unit specific data makiscording to this “hub and spoke”
architecture, data are to be extracted, standakrdise loaded into the enterprise data
warehouse. Business-unit specific data requirenaeetso be sourced from the enterprise
data warehouse. During that period, business reqpaints to increase the frequency of
data loads into the warehouse spawned a new mutattidata warehouse architecture.
Operational Data Stores (ODS) became the new lbutteiindustry. It was
recommended that data should be loaded into the @Sninimal latency from the
time a transaction taking place to enable operatigporting. At a later time, ODS data

should be standardised, integrated and then loatiethe enterprise data warehouse.



Subsequently, enterprise data warehouse dataeviiimed out as requested to the
business-unit specific data marts. In effect ODS waoping architecture with slow CPU
and data retrieval. However, advancement in CRUd#sk speed allowed enterprise
data warehouses to act as an operational datafstaperational reporting while
providing a platform for enterprise decision makargl analytics.

As business units realized the value of storingphisal data, data marts began to
reproduce like rabbits. However, managing them agdifficult as herding cats. High
cost and difficulty in managing data Marts becanmearand more evident.

Closely watching and living the development asinatl above, | realized the
need for a comprehensive solution. Thus the maméhof the work described in this
dissertation is to propose the hybrid architecag@an integrated solution for data
warehouse development and accordingly outline dyeskeps to be applied in
constructing, developing and designing a data waarefr Once a data warehouse is
functional based on the hybrid architecture, thislg focuses on data practices, quality
and governance. A concise and comprehensive covefahese topics is required to
guide the development of an enterprise data wassh@\fter a data warehouse is built,
effective query processing becomes imperative. ¢bisdd be satisfied by considering the
history of queries to predict tables that are etgukto be accessed together in the same
upcoming query. To sum up, the aims of this thesidd be outlined as follows. First,
from my research and industrial experience | redlithe need for the development of a
hybrid data warehouse approach; this aim has leesfied by the material covered in
Chapters 2-5. Second, once a data warehouse iis practice performance issues raise

problems; hence my second aim is to develop amapfprthat could lead to improved
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performance by benefitting from the current develepts in pattern mining and social

networks; this aim is achieved by the material @nésd in Chapters 6 and 7.

1.2 Methodology

While pondering ways and means to contain datalvearging cost and increasing
its value, | proposed the “Hybrid Data Warehousehitecture”. The main theme of this
proposal is to consolidate all the data for thegrtse on a single database platform.
Existing business-unit specific data marts areetdolok-lifted into the enterprise data
warehouse platform. Data marts became logical agdipal grouping of tables. New
data marts are to be designed and constructedjiasllintegrated data constructs.

Building the enterprise data warehouse congruettit tve hybrid architecture and
eliminating the need for building physical data teatielded a new class of issues which
are not evident in smaller data marts. Obesityicdit to navigate and slower query turn-
around time are chief among several others. Wiiteiti architecture solved many
issues on integration and standardization, it pos®d performance challenges.

Traditionally, one of the ways IT professional hiadperformance issues is to
augment the existing platform with additional haatlevand new and improved releases
of software. This approach is reactive and cos#yeraging existing tried and true
approaches such as frequent pattern mining ansbitial network model are the
approaches tested in this thesis.

Data mining provides a set of powerful techniquegpfediction. Data mining
techniques utilize existing and past experiengar¢dlict future behaviour. Frequent

pattern mining is the most fitting technique tasfgtthis purpose. Frequent pattern
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mining is the first and most time consuming stepseociation rules mining which was
developed in 1993 by Agrawal et al. [1, 2] for netrkasket analysis. The main
motivation was to identify items that are sold tbge most of the time. For this purpose,
a table is constructed as the input to the modehEolumn represents an item and each
row corresponds to a transaction which includest @iitems bought by a customer in
one visit to the market. Entries in the table mayelther binary or quantitative. Binary
representation reflects whether an item has beaghi®@r not. Quantitative values reflect
the actual quantity of items bought by a custoribe set of transactions is processed to
find sets of items that appear in most of the @atiens. These sets of items are called
frequent itemsets once they satisfy a minimum sugpeeshold specified mostly by
experts. Automated methods may be applied to daterminimum support threshold;
such methods are out of the scope of this disgamntat

Support is the percentage of transactions thaagoan itemset. A frequent
itemset is said to be closed if its frequency fiedent from its supersets. Concentrating
on closed frequent itemsets will reduce the nunob@emsets without losing any
information. In this study, a transactional dat&btmsbe mined for frequent itemsets by
accepting each query as a transaction and eachitathle warehouse as an item.

Frequent itemsets do overlap and taking the uni@verlapping itemsets may
not be effective in identifying tables that are thoaccessed together. The outcome
depends on how much overlapping should be two dléeguent itemsets in order to be
merged. For this purpose, the problem was modeledaal network where closed
frequent itemsets are the actors and a link isatloléhe network based on the Jaccard

distance between the actors. The Jaccard distapsnds on the intersection and union
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between two itemsets where the more overlappitigeisntersection the closer are the
two itemsets. Building such a social network wilba us to discover sets of tables that
are mostly accessed together.

Results from the work described in Chapters 6 aack#ery attractive and
promising. These results enable database profedsinoluding database administrators,
to construct and organize the tables in a manraifalgilitates optimal response to
gueries and report generation while maintainingeiotetal cost.

Finally, business intelligence involves many datamsive and computationally
intensive analytics which test the scalability gedformance of any software/hardware
platforms. The application of frequent pattern mgnand the social network model are

very innovative way in constructing efficient arfteetive multi Terabyte databases.

1.3 Contributions

The work described in this dissertation comprehatgisatisfies two main
themes. It first covers the data warehouse consinyaevelopment and design process
by proposing a hybrid architecture, and then irgag frequent pattern mining and social
network techniques to improve the performance efrigs. It has several contributions
that could be enumerated as follows:

1) A concise and clean hybrid architecture is desdriloe data warehouse
construction, development and design [63, 64].

2) An application of data warehouses in the GIS dornspresented [5].

3) Data practices, quality and governance are disdumse related issues are

highlighted [65]



4) A frequent pattern mining based model has beenloleed for identifying
frequently accessed tables
5) A social network model has been constructed foerdahing a wider scope of
tables forming communities based on the historguaries that have been
executed on the data warehouse.
Finally, it is worth mentioning that the last tworntributions (4) and (5) are still
to be submitted for publication.

1.4 Organization of the thesis

In addition to this introduction chapter, there five chapters in this thesis.

Chapter 2 describes the data warehouse constrymioaess; different modeling
aspects are described and the data warehouse pensibprocess is highlighted.
Chapter 3 covers metadata management in data weseleovironment. Chapter 4
presents the development of a data warehouse ®a@plication. Chapter 5 discusses
data practices, quality and governance. Chaptee€epts the data mining model that
identifies tables which are expected to mostly appethe same query. This chapter also
includes a brief overview of the basic data miringcepts required to understand the
developed model. Chapter 7 presents the socialonkmvodel that uses the outcome
from Chapter 6 as actors and analyzes the netwadistover more comprehensive sets
of tables that are candidates to be accessed tgatfuture queries. Chapter 8 is

summary, conclusions and future research directions



Chapter TwWoDATA WAREHOUSE ARCHITECTURE, DEVELOPMENT AND
DESIGN

2.1 Introduction

A data warehouse is as attractive as the main iteppsf an organization's
historical data; it is optimized for reporting aacalysis. In this chapter, the process of
data warehouse architecture, development and desligme presented. The different
aspects that are required for building a data wareé are highlighted. These range from
data store characteristics to data modeling angrineiples to be considered for
effective data warehouse architecture.

This chapter is organized in six sections. Secidncovers basic business
requirements for data warehouse design. Sectiood¥@rs data warehouse design.
Section 2.3 presents data warehouse data storgrsSe.4 describes the data model.
Section 2.5 outlines enterprise data warehousguigsinciples. Section 2.6 covers data

sharing in a data warehouse environment. Sectibm2ludes some concluding remarks.

2.2 Business Requirements

Business communities all across organizations ecerbing increasingly
dependent on their ability to quickly access, gassie, effectively share and efficiently
maintain quality and timely business informationieththey need to help achieve success
in their business objectives. Meeting these neetisei basis of the business requirements
for the creation and implementation of a data wawsk environment, which will
contain, and enable easy access to, all the rebbusiness information. These

requirements include business user needs for:
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1) More consistent, quality information on all aspesftthe company's business;

2) Greater capability to work with information diregtand therefore quickly
satisfy varying informational requirements;

3) Aclear and concise capability to determine, andeustand in their terms,
what information is available and how to access it;

4) Less dependency on IT professionals;

5) Increased ability to access and work with enteepaista;

6) Increased ability to create and share enterprite da

7) The ability to add value to data when producinginfation for analysis or
decision-making.

Extemal Dats

Internal Data

Load
specific
data

Capture and
Transform

Reporting

operational
data

Data Warehouse: Data Mart:

An enterprise collection of data from multiple A business

source (internal and external). The data is unit/department
scrubbed and integrated and is easy to access collection of data. The
and use. The Enterprise Data Warehouse data is collected and
provides a consolidated view of the enterprise designed to serve the
client. It is the ™ corporate memory and needs of that
facilitates a “single version of the truth” business/functional unit

Figure 2.1 General enterprise data warehouse

Data warehousing processes are used to desigreaetbd data repositories for
efficient enterprise reporting and decision suppgstems; data warehouse design and
development already attracted the attention ofre¢vesearchers, e.qg., [4, 12, 13, 14, 24,

25, 28, 35, 46, 49]. Sen and Sinha conducted datah@use related comparative analysis
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[48]. Kimball states that a data warehouse is ay@lte presentation for enterprise data
and that this presentation must not be based @mtty-relation model [14, 26]. Data
warehouses have become a very important aspeetahthnagement for businesses.
There is no de facto standard for data warehousictgniques but the basic methods and
processes outlined by Kimball [26], Chaudhuri ara/&l are an excellent place to start
[25].

This chapter presents the requirements for a datahwuse architecture that
meets the above-enumerated needs effectively. Hie motivation for choosintp build
a data warehouse is to enable users to reportctoaband strategic information. In other
words, the enterprise data warehouse (see Figlyeist have a robust, flexible,
adaptable and scalable design and data architedGtoisedata architecture is essentially
the enterprise's data infrastructure, which manstaiata on important historical and
current business information. The data is struckimean easy to use and access manner
for servicing the direct and immediate analysis dadision support needs of business
users at all levels of the enterprise using metlaodstechniques considerably different
from those used by existing transactional produacsipplications for maintaining and

accessing transactional data.

2.3 Data Warehouse Construction

Enterprise data warehouse (EDW) data originates fovariety of different sources.
These could include: 1) The EDW database needs tiebigned and integrated in a way
which will eliminate many of the inconsistenciesigthhave evolved over the years in
many of the legacy system operational databasetoaealdapplication data stores. 2)

Metadata (technical and business information atheutlata) is an integral component of
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a robust Data Warehouse infrastructure. Withouwt ithfiormation, it will be extremely
difficult for both administrators of the Data Wacelse and users of the data to know and
understand the data means and its appropriate .Udatgdata is also vital for the
administrators for change management and impatysasa

sData Process Data standard s«Data
Warehouse E—
i ructures
sSource-Target *Copybooks sDomains
Mappings - sLogical models *Sequential
sBusiness Rules .
sPhysical «IMS

*Programs

#Calc. Rules
models

|| » Relational

NN NS\

Figure 2.2 Metadata repository contents

3) A metadata repository (see Figure 2.2) is reguio maintain descriptive
information of all available data in the informativarehouse. The structure of the
metadata enables business users with easy retargiaccess to the required information
in a manner, which is easily understood in busitesss.

The data quality of these data stores should beagethby a process of
certification, by the owners of the data, to assalirenterested users that the data has met
the minimum threshold levels of acceptable qualityportant factors of quality, which
need to be monitored, include timeliness and cotapéss of the data stored in the data
warehouse. Performance indicators are requiredable monitoring.

Some important design characteristics of inforrmati@rehouse data-stores

which distinguish them from existing production cgg@nal data stores include:
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1) None Volatile Real time updates occur to selective data warshdata
stores. Most data stores are refreshed in bat¢ches®than every 24 hours.
Time consistent context of data across differente®s need to be
maintained.

2) Time Variant A 3 to 7 year time horizon for maintaining daganormal for
the information warehouse. The 7 year retentiagpgcally driven by
regulatory requirements for the retention of datee data is periodic and
maintained as a series of snapshots, taken asna smment in time. The key
structure of data tables must contain some eleofdirhe.

3) Granularized structureData is maintained at various levels of grantyaand
summarization. Frequently accessed data can b@ipted and summarized
to enable quick turnaround on queries and repDegailed and atomic level
data will be maintained alongside summarized aeecpiculated data. New
approaches to data storage are evolving. Usagedneg determines
approaches to data storage to minimize costs agedavith maintaining
large and multi-year business data. The concephteémulti-temperature’
data storage strategies is to optimize data adoessore frequently used data
and isolating infrequently accessed data [66].

EDW minimizes the need to maintain historical imi@tion within the
operational application data stores. Operationtd-tases in the production environment
will only maintain historic information if it is awlutely required for processing in
“transaction-based” production applications. Othsewall historical data beyond

"current value" will be maintained in the EDW datares for access and use by business
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users for informational analysis and reporting pggs. Costs for storing history data will
be optimized by using tables containing differevels of summarization.

A successful approach in migrating towards an &ffely architected enterprise
warehouse environment is the one which requireshrgueater levels of involvement
from business users than those typically requinetié development of operational based
applications in production. The best approach wmeeldesigning and building the
warehouse data environment one increment at a Tilis.way, technical and business
community staff can work closely together througbr@cess of continuous iteration, to
design and implement each component of the warehants the structure and content of
the data, in each component, meets the satisfagtithe business.

The starting point for the migration is the creatad an EDW data model.

Initially the model will include the definition antbnfirmation of subject areas (business
and application specific) and high-level list otigas for the information warehouse data
model. This level of the model will help to chunktahe planned warehouse data
environment into components prioritized by businesgiirements, specific needs of
business user groups, and the readiness of the toserove ahead with this initiative.

The design of each enterprise warehouse componkimwelve a number of
transformation and refinement activities to thatet areas of the EDW.

Once the design is complete, and agreed upon byusieess users, the tables
will be generated and populated in small incremertss will allow users to immediately
test the data and report their satisfaction orestjtor changes.

Data Management standards and guidelines needdstélelished and maintained

for ensuring the quality and integrity of the det@he enterprise warehouse. Procedures
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and guidelines also need to be established forlimgndiata stewardship, data sharing and

change management for data stores within the irdbam warehouse environment.

Source Systems  Staging Store

- |~

f'—> Standardizg L:fb"
Int r Access Tools Ml
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Scrub
Information Catalogue (Metadata Repository)

System and Data Management

Figure 2.3 High level distinctions between leveld @ DW

2.4 Enterprise Data Warehouse Data Stores

The design, construction and effective implemeatatif an EDW represents a
significant variation from the structure and desigthe operational database tables
maintained in the existing operational environmehtse structure of the warehouse will
consist of data stores categorized into two diffefevels (see Figure 2.3). Each level is
distinguished by the need to either share thestata across the enterprise or share the
data within a business-unit.

Significant differences exist between the propsréied characteristics of
operational data-stores in production environmantsthose of the EDW data-stores.
These stem from differences in the intended stoaageusage of data in the two
environments. Operational data stores are typitadlysaction orientated, detailed, and

accurate at the moment of access. The data warehdasa stores are analytical and



15
reporting orientated; they may include summarizecebned data and snapshots of data
over defined periods of time.

The following points describe the key charactessstif corporate-wide shared
EDW data stores [65]:

. EDW is a collection of shared data-stores whichsalgect oriented,
integrated, and non-volatile and time variant.

. EDW data-stores are organized within major datgestilareas. These are
defined in the Enterprise Data Model and coulddslty include areas of
common business interest such as customer, pragiuahgements etc.

. Integration of the EDW data-stores eliminates maiye inconsistencies
which have evolved over many years from the maffgrdint designs of
applications developed and implemented. Exampl@&scohsistencies include
encoding, naming conventions, physical attributés,

. Integration occurs when data passes from the atjgicoriented operational
environment to the data warehouse. For each opeedtapplication, routines
are developed and run to eliminate data inconsiggsribetween individual
application data-stores before added to EDW.

. EDW data-stores are non-volatile as compared topleeational environment
data-stores. EDW data is loaded in a series ohhgtdates and accessed on-
line or in batch. No real-time update to this dataurs in the EDW
environment. In contrast, operational data is radylaccessed, manipulated

and updated a record at a time.
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An important distinguishing characteristic of ED\&ta is that it is time

variant. This shows up in several ways:

The time horizon for the data warehouse is sigaifity longer than that of
operational systems. A 1 to 2 year time horizomosnal for operational
systems based on the average lifecycle of tramsegta 3 to 7 year time
horizon of data is normal for the EDW.

Operational databases contain "current value" ddéda whose accuracy is
valid as of the moment of access. As such, cumaioe data can be
updated. By contrast, EDW data is a series of starsi snapshots, taken as
of some moment in time such as end-of-day, endedkyand end-of-
month as required enabling analytics about thenessi

The key structure of operational data may or maycoatain some element of
time, such as year; month days, etc. The key streictf the data warehouse
always contains some element of time.

There are significant differences in the levelslefail of data within the data-

stores of the two different environments:

Operational data-stores contain complete levetietdil of the most current

data as captured in the specific transaction dh eperational application.

EDW contains data structured at various levelsatéitl This could include an

older level of detailed data (usually in bulk akatistorage), a current level of

detailed data, a level of lightly summarized datad a level of highly

summarized data. Usually a significant amountaigformation of data
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occurs as data is moved from detailed operati@val to various levels of

summarized detail in information warehouse level.

2.4.1Business Unit Data Stores

EDW consists of data stores both at the enterpnsethe business unit levels.
The following include high-level guidelines for tpesitioning, development and
implementation of business unit data-stores:

. Business unit level data stores (data marts) wilinodeled, implemented,
maintained jointly with the business unit. Thisludes those business users
who are specifically interested and have the pymaed for the data in the
business unit data mart.

. The business unit also assumes the role of thestiatardship of this data.
They will be primarily responsible for "certifyindhe integrity and quality of
the data if it is needed for sharing by other bessnunits across the enterprise.

. These business unit data stores will generally fianvited interface needs
with other business unit data marts. They will pbgiy reside on the same
technology platform alongside the EDW and otheliress unit data marts.
The capability of access from other data martsaslable for authorized users
from other business units.

. A single enterprise data-model would contain adireld and non-shared data
marts, although strict rules of "de-coupling” woblkel employed to ensure

operational independence of various entity typekiwithe model.
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2.4 .2Historical Data

One of the major impacts of establishing and imgetimg EDW will be in the
handling of historical data. Currently, the operaél data stores in the production
environment handle and maintain both "current vatunel historical data based on the
specific applications for which the data store esrWith the implementation of an
effectively designed EDW, the need to maintaindmisal data in the operational
application data stores will change.

Historic information should only be maintained lve toperational data-bases to a
limited degree, if it is absolutely necessary fog processing of any production
applications which have been built for updating;emsing or using transaction based
operational data.

In all other cases, historic information and otfedated derived information will
be maintained in appropriately designed data-bagbs the Data Warehouse
Environment. This is especially the case for histdata needed for analytical, data
mining and reporting purposes. The purging of dathe Data Warehouse Environment
is determined by the need of the enterprise to tamistory and regulatory
specifications for the retention of data.

At first glance, this may appear to significanthgiease the volume of, and hence
the cost to maintain a large amount of data inltag@ Warehouse Environment.
Although, the volume will increase, the costs carsignificantly minimized by using
effective designs through the use of different Iewé summarization and the elimination

of data duplication generated by disparate aptinat
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2.5Enterprise Data Model

An important starting point for designing, buildiagd implementing an EDW is
the design and construction of an appropriate Madel for this environment.

However, the creation and construction of an adegData-Model for the Data
Warehouse will require the adoption of new or cleghgchniques from the Classical
Data-Modeling techniques which have been geneuslid for modeling the Operational
Environments.

Classical data modeling techniqgues make no distinstoetween operational and
informational/analytical environments. These teghes merely try to gather and
synthesize the informational needs of the orgaimimaesulting in an Enterprise
Corporate Data Model which adequately covers tlegaipnal data needs of the
enterprise, but which does not capture the stratheeds of data which will be stored in
the EDW. Another classic difference is the extemsiumber of additional data
relationships that are to be considered for ar@piirposes.

Enterprise Data Model forms the foundation of theegrise’s existing and ‘to-
be’ data architecture. They represent the exisiperational data needs of the enterprise
as well provide a template for the integration eivsubject matter data across the
enterprise. It is specific in its scope for represg the structural data requirements of
the data warehouse based on the characteristickoahational/analytical data.

The Enterprise Data Model for the operational esrwinent requires extensive
transformations and further refinements if it iseftectively represent the data

requirements of the Data Warehouse. Before prongeddith the design and construction
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of the Data Warehouse data model it is importaninterstand, and take into
consideration, the following three different levefsdata-models:

. The conceptual data modelThis is typically called the entity relationship
model (ERD); it was proposed by Chen in late 7@8.J1This level
determines the models "Subject Area" and defineswinat” entities (at the
highest level) belong in each of these areas. @& blso establishes the
"scope of integration” which defines the boundaaktthe data model. This
scope must be agreed by the data architect, mamsgexnd the ultimate user
of the data, before the modeling process commeiitesis the level of the
enterprise ERD, which is a composite of many irdiral ERDs that reflect
the different views of people across the enterprise

. The logical data model.This level further expands on the detail withig th
subject areas and high-level entities defined énhigh-level data model. Very
rarely are mid level models developed at once.rltklevel data model for
one major subject area is expanded, then the mé& heodel is fleshed out,
and so forth. Constructing the logical data modehe first step towards the
data-base design for the project application.

. The physical data modelThis is created from the logical data model merely
by extending the logical ERD to include keys angigital characteristics of
the model. This is the level at which most of tteasformation takes place for
refining the ERD and constructing the Data Warebaqlsysical model.

The Enterprise Data Model is a very good placddd ghe process of building a

Data Warehouse. However, there is some amount ¢ tkat needs to be done on this
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model in order for it to be readied for the builgliof the Data Warehouse. A certain
amount of transformation must occur to create thieiprise Warehouse Data Model
from. The activities in the transformation are médt next.

. The removal of purely application specific operaibdata;

. The addition of an element of time to the key durcee of the Data Warehouse
if one is not already present;

. The addition of appropriate derived data;

. The transformation of data relationships into datafacts. Artefacts are a
way of capturing snapshots of relationships betwasgities which change
over time.

. Accommodating the different levels of granularibwihd in the data
warehouse;

. Merging like data from different tables together;

. Creation of arrays of data. Arrays are createdttiygng together multiple
occurrences of any given entity in the operatiatzh store, and creating only
one record in the Data Warehouse. This reduceantioeint of indexing
required to retrieve multiple occurrences of thmsantity, and can
significantly reduce the cost for data summarizang accessing for
informational reporting.

. The separation of data attributes according ta stability characteristics.
This is the act of grouping attributes of data tbhgebased on their propensity

for change.
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This list clearly indicates that a significant, efally planned and coordinated,
effort must be undertaken in order to effectivaly-fine” Enterprise Data Model for
constructing the Data warehouse Data Model.

An important premise, which cannot be overlookedhat the Enterprise Data
Model must be current and up-to-date before praogedslith its refinement. If the
Enterprise Data Model does not adequately représemhost current business needs and
requirements, a lot of wasted work may go into twasing the Data Warehouse’s Data

Model.

2.6 Enterprise Data Warehouse Principles

The primary objective of the EDW is to create aegnated and standardized
enterprise data foundation which facilitates imgawanalytics and reporting, leading to
better decision making and problem solving capiadsli It must be flexible to enable
knowledge workers to ask new questions and poneleramd different approaches to
address new needs and requirements, thereby umgwew customer needs and
changing business dynamics. The underlying infolonanfrastructure provides for:

. Data acquisition: to implement a holistic integthgad consistent view of the
enterprise’s data.

. Data dissemination: the integrated data foundatigpiemented by the data
acquisition above provisions for directing intuditbusiness users’ access
tools and technologies, making data available eédotlsiness in a timely and

cost-effective manner.
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To achieve the objective for building the EDW regsithat the data contained in
it to be, not only of high quality but also religldnd consistently interpreted by Business
users. The guiding principles in this section afieta outline those characteristics which
should be incorporated into the EDW in order toi@eh that vision. It highlights the
importance of common standards and practices idé¢kelopment of the various
components of the EDW as well as some of the awgagaps and pitfalls.

There is another objective of an EDW which has baegely adopted by the
majority of corporations. This objective is tha¢ tBDW provides a framework and
environment for the capture, retention and repgrtihoperational transactional data of
the corporation. This implies that rather than eggplication being individually
responsible for the archival of its data, the EDWul, in addition to providing for
analytics and reporting of this data, also prodd&arehousing service" for those
applications with all of the controls, security aetrieval capabilities necessary to meet
the strategic, tactical and operational busineggsirements. The EDW will satisfy the
audit and governmental responsibilities of the ocaion for the retention of this data.

The Mission of the Data Warehouse is to an integratonsistently defined and
timely data to improve the effectiveness, efficign€ business operations.

The mission of the information management team cujng the warehouse
environment is “ensure operational excellence ennttanagement of the organization’s
Information Assets. Maximize the value, usefulnessgssibility and security of
Information. Efficiently architect, build and suppaformation solutions.

The EDW is an integrated data foundation offered asrvice by Information

Technology groups to all business units within ocogtions. All objects implemented
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within the EDW (i.e. architecture, models, progranetabases, software) must adhere to

data and technical standards and be developedstemswith approved procedures.

2.6.1Technology and Data Principles

It has been said and written at ad-nauseam thagehia the only constant in
business. Additionally, the number of informatiord&nowledge workers is growing.
Industry research groups such as Gartner and Fertesve written about the business
needs for improved knowledge of the customer, djaral insights, compliance and
regulatory requirements drive an increase in tHermae and variety and periodicity of
data stored in an EDW. Recently, The Economist&voot the cover page of February
27"-March 5" 2010 about “The data deluge”. The article dessrthe quantity of data
created by mankind “According to one estimate, ntahkreated 150 exabytes (billion
gigabytes) of data in 2005. This year, it will dee&,200 exabytes. Consequently, the
number and complexity of queries are on an expaaldrdjectory commensurate with
increase in data and users. The EDW, thereforet have the technical capabilities and
characteristics which support the aforementionedcegse and requirements. The success
of the EDW and optimal business value of the EDWependent on some technical
principles: extensibility, scalability, and resiiee.

Business organization should have defined standardpractices for databases’
construction and maintenance. The design and oreafidatabases within the EDW
should conform to the enterprise-defined standandispractices. The population of
databases within the EDW should be done using mderstandard tools. The extract-

transform-load programs should follow accepted elinngés and procedures regardless of
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the source of the data. All databases within th&\Efhould be data- modeled in
compliance enterprise data standards. An operatargual for the databases within the
EDW should be established. The operating manualldhaefine such rules as: the
frequency of update/refresh, availability and datantion.

The metadata for each object contained in the EDWVIsl contain not only
information about the data structures and busindss, but also information about the
specific data in the database (i.e. data sourda,tdeyet, data quality, summarization
rules, data vintage & retention, etc.).

Any data standardization must occur prior to theeplg of the data in the EDW.
Direct updating of databases within EDW by any nseather than the documented

update procedure should be prohibited.

2.6.2Guiding Principles
This section defines the guiding principles apptethe organization’s data
architecture strategy.

. Data should be captured accurately and completehegooint of contact.

. Metadata need to be integrated across the orgamzab that it allows end
users to communicate more effectively with IT atldvafor increased
efficiency in reporting processes.

. Regardless of where we store data within the orgdioin, the data must be
consistent throughout the organization. Data maselenterprise-wide

integrity.



26
An enterprise strategy should be developed to nedatn, information and
knowledge assets.
Develop a data quality strategy that addressemtbemation needs of the
business.
A clear and consistent definition of data shoulgsbpported through the
creation of an enterprise-wide data model.
Corporate data standards should be implementddrimate redundancy and
enhance data integrity.
Data is owned by the organization and a data sttaad a data custodian
should be assigned to it.
Information accessibility and security should b&edained by data stewards.
The data steward needs to clearly articulate dassification, access, data

definition, rules, security and privacy.

2.6.3Data Usage

In an organization, data is gathered, exchangedhaitd. It produces analytical

information, which is managed to produce knowledgmording to literature from

industry research groups, leading organizations@eledge, support and fully leverage

their data assets [64]. Data assets are groupea® ityppes, based on their purpose:

Data: which supports business processes; it is systea#gps relevant.
Information which supports the analysis, reporting and denisnaking;
information is created by aggregating and summagidata. It has a common,

user understandable definition.
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. Knowledge which provides the decision support and learmisgbvery;
knowledge is created by synthesizing and categuayimiformation. It is self-
describing. (i.e. Business Intelligence Data)
In any organization, data has to be assessed atyrad based on its usage.
Technical infrastructure supports data retentiarfuiture business needs. As the usage

changes, the architecture should be reviewed assilgy revised.

2.6.4Data Quality

Information is an important asset that everyongéorganization has
responsibility to maintain and improve. The dagnstrd should provide guidance and
leadership to individuals creating and maintairdiaga. The data Steward should publish
data quality guidelines and mandate focusing on:

. Data AccuracyIndividuals who enter, update or delete dataesponsible
for quality and accuracy of the data.

. Data ConsistencySame data should have consistent definition tyinout the
organization. For improved data quality, an orgatan needs to:

. Consider other users of the data and the busirass of that information to
the organization as a whole.

. Have the information supplier (e.g. the customatidate the information.

. Use data items from information systems in the reafor which they were
intended. For example, comment fields should naidesl for storing codes.
The system should be changed to match business.need

. Measure the quality of data and establish progtanmaprove that quality.
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. Enhance the Data Stewardship function to monitdriarprove data quality.
The resulting support for data quality will enharice accuracy, completeness

and timeliness of data. This enhanced data qualgycritical building block for future
initiatives. A robust data governance foundation camplement other initiatives, such
as simplifying ongoing conversions to new applimasi, extending the life-span of key

legacy applications, effective business partnesship enhancing shared service support.

2.7 Data Modeling Guidelines and Assumptions — Enterpge Data Warehouse

The following are guidelines and assumptions faigieng, modeling and
implementing enterprise Data Warehouse environment:

. The Data Warehouse Environment is a set of alghatted Data Marts (IDM).
The IDMs should contain data which has been appragehe authoritative
source and official corporate record.

. The design, creation and population of IDMs shdaddnanaged by a Data
Warehouse management function. The creation of §dbuld be done using
standard Data Warehouse development and managé&résttechnologies
and processes.

. All Integrated Data Marts (IDMs) should be archiegtand modeled by the
DWE management function and adhere to corporatelatds with respect to
naming conventions, recommended usage and shditiegonly exception to
that rule would be in the implementation of a prefary 3rd party package.

. A data model per each IDM should be spawned fraEthterprise Data

Model. A single Enterprise Data Model should inéwdl IDMs although
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rules of "de-coupling” should be employed to enghecoperational

independence of the various entity types withinrticelel.

2.7.1Data Granularity, Summarization and Archival Guidels

There are some important specific steps which shbealfollowed to effectively

design the right levels of granularity. An outlioleach is described as follows:

2.7.1.1Determine Raw Estimates

According to common database construction practibesstarting point for
determining the appropriate levels of granulartya do a raw estimate of the number of
rows of data and the DASD that will be requiredha warehouse [64]. It is sufficient for
this estimate, at this stage, to be only an orfleragnitude.

There is an algorithmic path to calculating thecgpaccupied by the information
warehouse. These steps include:

. Identify all the tables that will be built,

. Estimate the size of the row in each table. likisly that the exact size will
not be known. Lower-bound and upper-bound estimatesufficient.

. On the one year-year horizon, estimate the maximumber of rows and
minimum number of rows in each warehouse table eldping this estimate
can be quite challenging and usually give the gstatifficulty. Good

judgment will have to be used. For example:

If the table is for customers, use today's estimataistomers, factoring in

business conditions and the corporate business plan
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. If there is no existing business today, estimagetdiial market,
. If the market share is unpredictable, use an ettimiawhat the computer has
achieved,
In short, start with a reasonable estimate of custs gathered from more one or
more sources. Once the estimate is completed éoornle-year horizon, repeat the process

for the five-year horizon.

2.7.1.2Determine what levels of Granularity are needed

Once the estimates are made, the next step is¢omae exactly what level of
granularity is to be. The starting point is comnsense and a certain amount of intuition.

The first step necessary is to determine whethal alusingular levels of
granularity are needed. This is dependent on tiaéniamber of rows that have been
estimated to be in the data warehouse environrBdhtnmon "Data Warehouse and
Design page 108", includes a chart which showsédlaionship between the total
number of estimated rows and the granularity regljifor data in both the one year and
five year span.

Briefly this chart shows that, on the one-year ram if there will be less than
10,000 rows, then practically any design and imgletation of the warehouse database
environment will work or if there will be more thdn000,000 rows then dual levels of
granularity will be called for. For data in thediyear horizon, the totals shift by an order
of magnitude of about ten (i.e. dual levels of giarty being required if total rows

estimates are greater than 10,000,000).
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Creating a lightly summarized level of data thattis very low level of detail
doesn't make sense because too many resourcdgewdbuired to process the data.
Alternatively, creating a lightly summarized lewéldata that is too high in detail means
that too much analysis should be done at the trclaal level (i.e., the detailed level of
data that has been stored in archive). So theclittsat the lightly summarized level of
granularity is to be made as an educated guess.

But an educated guess is only the starting poirgfine the guess; a certain
amount of iterative analysis is needed. The ordy &y to do this is to put the data in
front of the end user and use the feedback lodmigqoes suggested below. It is only

after the end user has actually seen the data tihefinitive answer can be given.

2.7.1.3Implement levels of Granularity - Feedback Loop Areques

The following are mechanisms for applying the fesedkotechniques when
working with end-users for establishing levels drgularity:

. Build the first parts of the data warehouse in \v@nall, very fast steps, and
carefully listen to the end users' comments. Beamed to make adjustments
quickly.

. Use prototyping if such a tool is available, andwlthe feedback loop to
function using observations from the prototype.

. Go through the feedback process with an experieasedwho is aware of the
process that is occurring.

. There are many ways that the data going into threleuse can be

summarized based on the granularity establishedeSbese include:
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. Average or otherwise calculate data as it goesthedarget

. Push highest/lowest set values into the target;

Push only data that is obviously needed into thgeta
. Use conditional logic to select only a subset obrds to go into the target.

There are no limits as to how data may be lightiysharized. The key is to
address the business opportunities creatively.

There is one important point. In classical requieais systems development, it is
unwise to proceed until the vast majority of thguieements are identified. But in
building the data warehouse, it is unwise not tcped after at least half of the
requirements for the warehouse data are identifiredther words, if in building the
warehouse the developer waits until many requirésnare identified, then the
warehouse will never be built. It is vitally impartt that the feedback loop with the end-

users be initiated as soon as possible.

2.7.1.4Determine Archival Requirements

In true archival level of data, every detailed relcof data is stored. This archived
data is stored on a medium suited to the bulk memagt of data. Note that not all fields
of data are transported to the true archival leDely those fields of data needed for legal
reasons and informational are stored. Operatiocsal that has further use, even in an
archival mode, is purged from the operational systs the data is passed to the archival
level.

Archived data can be held in a single medium, sicinagnetic tape which is

inexpensive for storage and slower for access. Wewyé is also possible to store
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portions of the archived data on-line, when thera probability that the data be needed
more regularly.

The determination of which informational data id®archived Archival
requirement should be jointly determined with émel-users on an iterative basis,
allowing their feedback to help establish whichadatnot so frequently required and can

be stored on a low-cost medium.

2.7.2Enterprise Data Warehouse - Data Quality, Data Owh& and Data Sharing

During the initial design, implementation and ie thn-going management of the
data warehouse environment important consideratiost given to data quality, data
ownership and data sharing.

Data quality includes the implementation and fobawrough of procedures and
standards to ensure that all the data in the datalwuse is maintained at the highest
quality standards required by the company.

Responsibility for Data Ownership must be establistaccepted and controlled.
This requires that each of the data marts havdfactige owner who is responsible for
the integrity and quality of the data within thairg.

Effective Data Sharing mechanisms, procedures anttas must be
implemented enabling business end-users to eagiBsa and/or analyse any of the data
stored in the warehouse for meeting their needs.

The following is a brief outline of some of the iorpant data quality, ownership
and sharing guidelines for the information wareteoUshese will be expanded in more

detail in subsequent phases:
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. All system project teams and end-user staff invdblvethe design,
construction and implementation of Data WarehousarBnment must
ensure that the appropriate data quality managepmenoédures have been
followed. Briefly these include:

. Adequate definition and documentation to standétilisiness needs;

. Ensure all data requirements are defined and doateni¢o standard,;

. Ensure all roles and responsibilities for maintagnilata quality are
adequately filled;

. Ensure all data modeling and data base designslgamestablished data
standards;

. Ensure Metadata is prepared and captured to estedlstandards;

. Data Stewards will be identified and requestecdettify the integrity and
quality of their data which is being maintaineddata Warehouse
Environment and is therefore made available foriBjaamongst all end-

users who may have a need for it.

2.7.3Updating the Data Warehouse Environment

The frequency of updating data in the Enterpriseadarehouse will be far less
than in the operational data stores. One of the isaues that govern this is the
“cyclicity” of the data being passed into the Eptese Data Warehouse.

Cyclicity of data refers to the length of time anlhe of data in the operational
environment takes to be reflected in the warehoddeen a change of any particular data

item comes into the operational environment thagkas reflected immediately in the
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data base. Once this occurs, the change also tebdgeflected in the related constructs

in the Enterprise Data Warehouse.

2.7.4Data Naming and Definition

Information warehouse - Entity Type Standards- Beistion defines the
standards for naming entity types in the Data Wawmeh Environment.

Entity Type names in the Data Warehouse Environrsleotild be as descriptive
as possible, and have as much meaning as possithle €nd users. However, Entity
Types which are brought over directly and compjetedm the Operational Environment
and are direct copies of entity types there shbalte the same name as in the
Operational Environment. In general, Entity Typenea should be first proposed by the

development team, approved by data modeling gradpfeen endorsed by the end users.

2.7.5Data Warehouse Environment - Metadata Structurad€lines

The following is a high-level description of theportant guidelines for
structuring the metadata.
. The structure of the data warehouse metadata riiosstfar easy retrieval
and access to all business end-users in a mannen adsumes them to have
a low degree of computer literacy;
. A high level catalogue of all available data eastin the Enterprise Data
Warehouse must be available with easy indexirfgrtber details of each of

the entities if and when required;
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. Clear easy to understand names, definition andigésas, in business terms,
of all available data entities must be made avklaBood examples should
also be available on their meaning and how the dauild be made available
in a shared environment. The business data stevidheé data should also be
clearly identified and kept up-to-date if any chesi@ccur;

. Complete details on the data's system of recoediréimsformation details,
granularity levels, summarization rules and itsctral history, as described
above, must be maintained in a clear easy to aecgbanderstand manner.

. A metadata repository should be created for ath dathe Enterprise Data

Warehouse which will contain all the above inforioat

2.8 Data Sharing

Data is a critical and extremely valuable busiressset. Sharing data among many
business domains and functions improves its vahgderaduces its cost to the enterprise.
As well, sharing ensures that data is used comsigtacross the business lines and
functions and improves agility in responding toihass events.

In many, if not most organizations, there are savactors that prohibit or make
it very difficult to share information. Data is stmften not documented
comprehensively or the documentation is not mawethito reflect accurate and current
state. There are often also issues of data latéiffeyences and referential inconsistency.
Data is also often fragmented and disbursed aerossnber of data structures and

database technology platforms. Security is a magare when it comes to sharing;
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however it is not covered within the scope of thissertation .While in the broad context,
the concept of sharing data sounds rather simpdeetare a number of data attributes that

will factor into determining if the data can beezffively shared and re-used.

2.8.1Prerequisites for reusability and sharing

There are two major issues that are at the heantaiing data fully shareable.
The first is producing rich and full documentatibout the data and the business
processes involved n the creation of the data.dadumentation enables effective
resource discovery (i.e., catalogues) of distridutata sources and enables more
informed re-use. The second challenge for sharatg i@ that of exposing data in the
most flexible way possible so as to enable multipéghods of accessibility and
innovative uses by various business groups.
Both challenges require that:

. data are collected to a high standard using apgatepsampling strategies,
rigorous data gathering methods and, where app@psystematic interview
transcription

. The business context of the data collection iswa&pt The biggest challenge
in providing accurate data is in the analysis amdeustanding of the available
data. Within the existing applications systemsadsibften extracted from
source, transformed and stored in another souxt&oted again and
transformed yet again and stored in yet anotherceoata is often not

properly documented and neither is the business used for the
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transformations or the computations. Determinindpauitativeness of data
presents a challenge.

. The richness of the structure and features of aladsare made available

. The interrelationships between data are made dl@ilauthoritative data
from most data sources is typically associated wigarticular product or
events that are tied to particular product or serafferings. More often than
not the information needs of business solutionsireglata to be linked from
a number of data sources. Linkage of this datftenamot possible in a time
and cost effective manner unless the data fronmthiéple sources is brought
to a common location and designed to facilitatelititeage.

. Data are disseminated in sensitive ways that gdtisf ethical and legal
requirements to which they are bound.

. Data are represented in business contextual wagtsstiare there is clarity on
the definition of the data and appropriate use.of i

. Since most applications are developed without #reebt of a standard
Information Model, similar data is often represehndéferently in different
systems with different formats and different desbues. To make effective

use of this data, a level of data transformatiosdsdo be performed.

2.8.2Sharing Levels

While the goal is to maximize the sharing of daia important to identify
exactly what level of sharing is required for anglividual piece of data. All data created

in the corporation is corporate data. However,evaryone needs to have every single
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piece of data in the organization at his/her fitiger The storage and management of
data should vary based on how widely the dataasesh Although there are many
gradations of sharing, data is divided into fouegaries:

. Personal
. Business Unit shared
. Enterprise shared

. Externally shared

2.8.2.1Personal

Personal data is information collected and usedrtgyperson. This data is usually
stored in an individual’s database/tables. Exaroplructures containing personal data

are that person’s tables containing sales and cesiom data.

2.8.2.2Business Unit Shared

Departmental or business unit data is used by asméss domain group. This
type of data is specifically designed, construeted maintained to meet the requirements
of that business unit. Business unit data store&@aown in the industry as data marts.

Examples of data marts that are business uniticaare sales and marketing data mart.

2.8.2.3Enterprise Shared

Enterprise-wide data is used by more than one basidomain. This type of data
is generally stored in the Enterprise Data Wareb@uml centrally managed by the IT

department on behalf of the enterprise. Examplekatibases containing enterprise-
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shared data are Customer Information databaseustdneer risk indicator. A multi-

business-units organization requires ONE custodwttification database.

2.8.2.4Externally Shared

Externally-shared data is acquired from, or progitte individuals or
organizations outside the corporation. Examplesuch data are regulatory and
compliance reports to the government or data aedurom publicly available data

providers such as Reuters, and Credit Bureaux.

2.8.3Classifying Data

One of the challenges of data management is taetisat enterprise data is
designed, constructed, secured and managed congistie the appropriate level of
sharing. Often data may be locally shared and nexhaga way that does not provide
adequate security and documentation for the lefivetharing. Business-Unit-shared data
may actually have the potential to be enterprisgevshared, but is not recognized as
such and is not available to others who could use i

Data may also move between the various levelsarrsi during its life. Data
records may be collected at a business unit lewetlshared there for a period of time
before some of the data is transferred to an emgerghared store.

Analysis and design of any portion of the data emment must take into
account all potential key users of the environment.

In order for sharing to take place, the data emwirent itself must be designed

with all users in mind. People generally want tarshdata; they do not want to incur the
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cost of developing and maintaining a separate datalf data already exists. However, if
the existing data is not defined as they requirs oot organized in a way that meets
their needs, they will go into the effort and ctwsbuild their own database/data mart.
This duplication of effort can be avoided by usihg integrated data view to analyze
data needs and by using analysis techniques, sugata modeling that identify
relationships between data based on business dmsatather than application needs.

Within the enterprise, awareness must be maintahedternal standards for the
creation of data or data structures.

External sharing of data, primarily by electronieans, can provide great savings
to the enterprise. In order for this sharing teetpkace, the data must meet requirements
set on it by bodies outside of the corporatiots itital, therefore, that those involved in
analyzing and designing the data environment beewfa and participate in, setting
industry standards for data and structures.

The single best source for all data will be ideatifand used in the capture of
data.Bestis defined to be the source closest to the redidwavent that the data
describes. Once captured, the data will have osguigted database that will be
considered the authoritative single version oftthéh source to be used by everyone in
the enterprise.

It is widely accepted that there are two prevaiisgpes in data environments in
most organization; data fragmentation and dupbeatand inconsistent representations
of the same data. A single type of data can gegdralfound in a number of different
data stores. Each creation point adds another plheee errors can occur. To avoid this

duplication and potential for error, one set ofadaust be established for the enterprise
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that can then be shared by all users. To elimipassible errors in interpretation and
timing, the data must be captured as close ashpjedsithe moment of creation in the
real world.

In order for sharing to work, the users of the datest understand exactly what
the data is. All data in the enterprise is crea®the result of the execution of a business
practice. The level of quality required for thealat another set of business practices. An
understanding of the business context of dataas ta its proper use. Wide accessibility
opens up the potential for misuse if data is usddscriminately.

The interface between the data structures andgpléecations that use them must
be built in such a way that changes to one willimgiact the other.

To make sharing a practical reality, it must besgae to design, construct and

maintain the data separate from the functions gptications they support.

2.8.4Accessing Sharable Data
There are a variety of strategies to be considieneenabling access to sharable

data that exists within an organization [64]:
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Figure 2.4 The need for consolidated, standardizeand integrated environment

Centralized Data Warehouse:

Consolidated, standardized and integrated datahwase solutions do provide a
more robust, scalable and extensible platformdadering data to be reusable and
sharable (see Figure 2.4). It enables a solidfdatadation which is fundamental to

effective sharing and re-use.

2.8.4.1Enterprise Information Integration:

Enterprise Information Integration (Ell) is a medgaldriven approach to
accessing data that is fragmented and distributezba a number of operational systems
of record databases. Since this solution doesqttire the procurement of database
software and hardware (disk storage) or the cocistruof physical databases, it is often

considered as a more cost-effective option. Tipdication of Ell solutions may be
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constrained and limited to very specific types mplacations. Consideration for
consistent data types and structures as well pllydata design and latency factors

contribute to the limitations and constraints.

2.8.4.20perational Data Stores (ODS):

The ODS concept is very similar to that of the Calited Data the ODS
warehouse with the main differences being scatgeof business focus and the
handling of historical data. Its application igitifore limited to a certain profile of

applications.

2.8.5Shared Data Governance

As noted previously, one of the critical pre-regeisfor data to be rendered as
sharable and re-usable, is that the documentatitirealata is required to be rich,
complete, accurate and have context that is eaesilgumable and its use and application
easily understandable by business users. Thefdhe Business Data Steward is critical
to this object. Further information on this is pided in the section on Data Governance.

Change Management is very significant and criticathe proper administration
of sharable data. As more and more business ugessiimie sharable data, it is vital that
the administrators understand who these usersdrb@w they are using this data. The
establishment of effective metadata managemennheswoery important. The metadata
management will be required to perform approprigact analysis when changes need

to be made to the data, its structure, definitain,
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2.8.6Benefits of Sharable Data

Aside from the obvious benefits derived from reagssharable data related to
cost effectiveness and data consistency, one sarcahsider implications where data
does not have the attributes required for effectivaring.

In the absence of understanding what data is dlaifar reuse and sharing, each
business group spends considerable time and effatyzing various sources of data to
establish the correct data that they need. Busingifity is often compromised as a
result.

Reference data such as Customer Information Héeskaown as (CIF) exist in
several formats and technology platforms withimngle enterprise that is comprised of
multiple business units. This issue is further cboaped by the inconsistent number of
fields and data types in each CIF. Business ingatsuch as Customer Relationship
Management (CRM) require combining data from midtipusiness units. Often the
efforts extended to profile and analyze the ClRdatrepeated time and again for each
business unit and or for each initiative [65]. Tasulting metadata resulting from this
analysis also most often not documented or shai@d.translates into considerable
unnecessary costs to the organization.

Given that we're in the age where regulatory gosece and compliance is
becoming more and more critical to all businestiescollection, standardization,
integration of data required for these compliangedives can also be reused for the
Customer Relationship Management (CRM), EntergRis& Management (ERM),
financial management, accounting management, franitil Money Laundering (AML),

etc. Inthe example outlined in Figure 2.5 therthalow, it can be easily seen the value
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to an organization that invests in the developnaadtimplementation of strategies,
standards and infrastructure to capitalize on Hiaesto be derived from the re-use of

sharable data.
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Figure 2.5 Importance of data re-use in building tle infrastructure

2.9 Concluding Remarks

The development of robust enterprise data warehancsgtecture is necessary to
eliminate redundancy and to avoid possible incoascy in the data stores of an
organization. A data warehouse provides for bétgring of integrated reports that
otherwise might require combining data spannintgciht operational applications
within the organization. A successful data warelkarghitecture and design should
consider and incorporate different principles amés to those which are followed in

constructing operational applications.
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Chapter ThreeMETADATA MANAGEMENT

3.1 Introduction

Metadata is defined as ‘data about data’. Metadesaribes how and when and
by whom a patrticular set of data was collected, ammbmpasses information about the
meaning, structure, movement, change and qualithatzf as held within the various
repositories within an organization. Metadata seesial for understanding information
stored in an organization’s databases.

While the importance of metadata is often diffidoleexplain to the various
stakeholders of any project, it is becoming incireglyg critical. Metadata is the recipe
for constructing databases, data models, prognapsrts, queries and data movement.
In fact, the ecosystem of enterprise informatiostamys is built using metadata. Thus, the
management of this environment is extremely imparta ensure the foundation of the
enterprise is maintained.

Metadata management is crucial for building datansive applications such as
Enterprise Data Warehouses. Values do always agisdw data; they start to have
meaning when organized according to some metadakee .name of a data element,
where the data values are kept, what system crésakata, what systems use the data;
all these are vital facts required for the managerogdata. This knowledge or data

about the data is called metadata.
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To provide the basis for a corporate shared enment, metadata must go
beyond just describing the physical location ofdlagéa. It must include the rules that are

used to create and measure the quality of the slath, as definitions, retention, source

and timeliness requirements for the data.
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Figure 3.2 Data versus metadata
Metadata administration fits with data managemevo ways: it supports the

management of data in the same way that data maresesupports the enterprise. Just
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as enterprise data provides the necessary infamatisupport the management of all
aspects of our business, metadata provides thes@ganformation to support data
management. Also, metadata itself is data that@tppart of the business. As such, it
must be managed using the same principles andgeactsed for all data management.
Performing data management activities for metagaaaother way of defining metadata
administration.

A robust metadata strategy is a must to supporeniberprise data management
defined in this thesis. This strategy has seve@lirements that must be accommodated
to manage the metadata environment in order torbe successful in delivering a truly

useful metadata.

3.2 Metadata Environment

A metadata environment includes:

3.2.1Business Metadata
Business metadata can be classified into two cagsgdousiness definitions and

business rules.

3.2.1.1Business Definitions

The primary goal of business definition metadata isecord the context of usage
for various business definitions (some of which rhaye the same name and mean
different things). This is also useful in ensurthg consistent definitions within various

parts of the organization, minimize variations ieaning, and validate the conformance
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of information requirements with business objectiMdetadata is also critical for
understanding and communication of the businegsitlehs and meaning that are used
to develop information management systems that@msistent with business goals.

In an enterprise data warehouse environment, aggnggnformation for
analysis and reporting has to deploy ways to tedesind align the different definitions
from one business domain to another to provideha&mmt overall picture of the
organization’s operations. This process is typycatimplex and time-consuming.
Documenting and standardizing business metadatasrthk above process easier and

less time consuming.

3.2.1.2Business Rules

In addition to the definition of the data itseliettransformation and calculation
rules that are used to manipulate this data acecalssidered metadata. The typical
complexity of business rules makes the problem a@htaining and versioning these
rules a significant challenge.

Business rules are very important as they havamatic affect on derived data
and how the data is used in calculations and agyjeets. Significant time and effort are
required by typical systems projects in clarifythg business definitions. These
clarifications sometimes result in the creatiomeiv business definitions and business

rules.
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3.3Technical Metadata

Data management takes place throughout the lifee ©f¢he data. To support this,
metadata is collected and managed during theyigéecin the initial planning and
design phase of the data life cycle, the metadataated concerns the conceptual
or logical representation (logical metadata) ofdaéa. At this stagiere are no
actual data values being described. Instead, weamementing a plan or model for
the data we will need to represent the busineskiwiorthe construction,
implementation and maintenance phases of theyifecthe logical model is
translated into actual file structures (physicatadata) that contain data values as

demonstrated by the example below:

Business MName: CUSTOMER IDEMTIFICATION

o "The mumber seqguenitialfy assrgred
Description: by Accounts Receivable which uniguely
rdenlifres alfl of our customers dncduding
wholesale and retail soross siF inferas!
business urifs ™

Preferred Mames: Headears:
COBOL: CU=T D Scoreen: CustlD
DEZ: CUsST_ID Report: Customer
Assembler: CU=STID

Damain: l[dentifier

Datatype/length:  Char 8

3.3.1Logical Metadata

Just as a design blueprint for a facility is a éagjior ideal representation of a
facility, a data model is a logical representatdlata that is required in the business.
This model may not ever appear exactly as drawhdmreal world, but it plays a valuable

role in allowing people to visualize the data amel telationships between data.
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When we are talking about the logical represematiodata, there are three major
metadata objects:

Entity type, which represents an object or evethereal world (e.g., a
customer, an account)

Attribute, which is an individual fact describingrse aspect of the entity (e.qg.,
the name of a customer, the account number)

Relationship, which is a description of how datttgiypes relate to one another
(e.g., an account number in the account entityrigedo a customer number in the
customer entity). Shown in Figure 3.3 is an exangpla logical data model a.k.a Entity

Relationship Diagram (ERD):

3.3.2Physical Metadata

During the construction, implementation and maiatere phases of the data life
cycle, these logical representations are transiatedphysical files. The metadata
collected here now represent real occurrencestaf\@ddues. This physical metadata can
be thought of as an inventory of the data resourEése corporation. Here are some
examples of physical metadata objects:

» File: which is a grouping of data that containsadfat one entity type, but it
may contain data for two or more entities (may ajppe different
technologies, e.g., a DB2 table or an ADABAS file).

» Element: which is the place in the file where tlaéues for an individual data

element are stores. It usually contains data fetrgue attribute.
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» Foreign key: which is a special type of elemeat ttontains data values that
relate a row in one file to row(s) in another filEf#is is the physical
representation of a relationship.

It is important to maintain a connection betweemnltygical and physical phase of
the data so that we can produce a complete piofutes full life cycle of the data. Figure
3.4*** shows an example of different metadata ot§end the metadata associated with
them.
3.3.3Domains

Domains are the concept that ties the logical dngipal representations of data
together. A domain is a description of a uniqueo$elata values. Each domain has
specific rules for the format and content of theadacontains. An example of a domain
would be ACCOUNT. By defining the domain of Acco8tatus to be only data that
falls within a certain range of values (O for Op€rfor close, D for Dormant) and is in a
certain formats char (2), we can easily determfiaediata value is an account status or
not. Account status C an allowable value of theant status domain and Char 2 is the
acceptable type and size. A domain is made up ®oomore of the following:

A range of allowable values

A format

A type

3.3.4Domains and Data Integration

The consistent and controlled use of domains isrg powerful tool in building

and maintaining an integrated data environmentgh@notes the shareability of data.
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The principle of inheritance of rules from one leokthe domain hierarchy to another
ensures that data of the same type is treatecathe way in every physical
implementation. This allows data sharing amongedéiiit users and greatly increases the
ability of the user to understand and apply datesistently. The domain hierarchy itself
becomes a data vocabulary for the corporation ande used by directory tools as a
means for the user to understand and find data.

It allows a user to combine and compare the data the two elements

In the future, if systems XYZ and ABC are combingw data for these two
elements can be easily integrated into one element

A user looking for all information in an organization PRODUCTS can use the

relationships in the domain hierarchy to locatalal elements that contain data of this

type

3.3.5Metadata Objects

The most basic type of metadata describes theeflateent. Data element
metadata contains information about a type of dabae. The technical metadata below

defines the data requirements for capturing custala:

Customer Identifier CUST-ID PIC(12)
Customer First Name CUST-Fname CHAR(20)
Customer Last Name CUST-Lname CHAR(20)

In addition to this, we also keep metadata thatmless how the data elements are
grouped together to describe business objects thewata for these objects are related

to one another and how they are physically storedagcessed.
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3.3.6Application Systems Interfaces

This information is important to metadata. Dataaregng how systems are
connected is a critical area of information buti¢gfly difficult to procure and manage.
In a large organization, there are hundreds or gvemsands of individual components
that interact with each other in complex ways. e&daxchange

The actual information that is exchanged betwestesys is also important and
related to connectivity. Data interchange betwegetesns can be complex, with vast
amounts of disparate data being interchanged. lgamformation on this exchange is

critical to tracing data back from a target systerits source.

3.4 Metadata Management Methodology

Metadata management requires the adoption of yifeeanethodology that
supports it. A metadata methodology has to be atexd and formally adopted as a key
component of Enterprise Data Management and thetreanion of the Enterprise Data
Warehouse. A methodology is composed of well-deffiset of principles an, guidelines

and best practices described below:

3.4.1Metadata Principles
. There are several principles to keep in mind wheslidg with metadata:
. Access to metadata should be provided to busimesseahnical staff in a

timely, consistent and meaningful manner.
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. Metadata should be created by individuals in tluggot teams that build the
applications and its data.

. The business owner of applications and its dataldhalidate Metadata.

. Metadata should be kept current and accurate thauighe lifecycle of the
application and its data.

. Metadata should be acquired and consolidatedatardingle metadata
repository which is important for maintaining catsncy

3.4.2Metadata Standards

. Any organization that strives to provide the higHesgel of value-add for its
metadata, need to engender and deploy metadatayamaeat standards to:

. Provide rules for abbreviation standards

. Provide procedures for creating definitions

. Provide consistent naming conventions

. Analyze/document required metadata attributes

. Determine business practices for metadata veridicat

. Determine responsibilities for all parties involwedh metadata during its life

cycle.

3.4.3Metadata Quality
. The metadata management process should plan fdeflleyment of quality
measures throughout the lifecycle of the metadataagement to:
. Establish consistent data definitions in partngrstith business users

. Coordinate and communicate changes in data deinsiti
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. Provide business stewards with the ability to reveéed modify data
definitions
. Utilize established data standards and guidelimesiablishing data
. Provide project consulting
. Provide specifications for building data dictionary
. Implement training sessions for metadata and tttodiary

3.5 Metadata Architecture

The strategic metadata architecture captures ppdata, system, and report
metadata using one centralized repository whi¢dadfrom several sources:

The process design tool captures process metadataing, enterprise, business

area, business capabilities and user(s).

The data-modeling tool captures both the logicé daodel and physical data
model:

The logical data model produces the business engitgtion, and attribute.

The physical data model produces the database, @tdl column name.

System analysts create System Metadata Files dhédio information about
systems, interfaces, and processes.

The Reporting Tool is used to capture report astiesy names.

3.5.1Metadata Architecture for Enterprise Data Warehouse

Extract, Transform and Load (ETL) tools are useddpture sources, targets and

mapping.
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The metadata repository will use a bridge/parsar¢an communicate with the
above tools to extract and/or push metadata outmmeated schedule.
The figure below (Figure 3.5) describes the roldletadata management in

implementing an enterprise data warehouse.
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Figure 3.5 Metadata in Enterprise Data Warehouse
. The following metadata repository functionalitiesaaninimum to support the
Enterprise Data Warehouse Requirements:
. Single Repository for all Metadata
. Source to Target Mapping (lineage)
. Documentation of Business Rules
. Documentation of Transformation Rules

. Documentation of Data Elements
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3.6 Metadata Services

Metadata provisions for the following services lboisiness users:

3.6.1Traceability

Business users such as statistical analysts, mssamalysts and information
workers require a facility which documents data#ige, business rule and calculation
formulas. In the case where a material differenddeé current month’s “outstanding
amount “ compared to previous month is noticed,ahalyst is required to investigate
the cause of the variance. The metadata data ealpfiorr that process should provide the
means to conduct the investigation. It should mte\source to target lineage and how the
data was transformed on its way to the target wbathid be the enterprise data

warehouse.

3.6.2Impact Analysis

Business systems applications in any organizatiennéegrated or hemmed up
together through interfaces. Assessing the implaatobange to data element in one
application is important. A metadata repository saymificantly aid this effort by
showing the lineage of data elements from sourcarget. One can estimate the impact
of a change to a source system data field by ubmgnetadata store to trace this data
element through to the down-stream systems angznglthe systems and technical
rules that would be affected by the change. Basirtess and technical users should be
able to perform impact analyses independent ofrte&adata team by using online

metadata reports.
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3.6.3Data Standardization

Enterprise wide initiatives such as Customer Ratetiip Management (CRM)
require the consolidation of data from multiple s®s, internal and external. These
sources have been developed and evolved indepéndeat many years.
Standardization of data is imperative to arriva abnsistent meaning and data values.

The Accord brings with it some stringent imperasiver standardizing terms and
conventions used throughout the enterprise

Consolidation of information brings the issue oftatata into sharp focus. In a
financial institution, the term “Drawn Amount” migdiffers in meaning across business
lines; this difference may invalidate the calcuatof risk exposure. For example,
“Drawn Amount” in one business may include feesdtieer business does not, while
still referring to the amount in the same way.

Likewise standardizing on simple static data isaal for reporting purposes. For
example most systems will use ISO codes for cupdmat a few may not. The Metadata
for currency codes should clearly distinguish betvthe two types of codes so users will

have unambiguous information about the actual caritethese systems.

3.6.4Metadata Administration

Metadata administration is the collection, maintex@and dissemination of
information required for the management and udbetiata resources of an
organization.

Metadata administration fits with data managemevo ways: it supports the

management of data in the same way that data maresgeupports the enterprise. Just
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as enterprise data provides the necessary infamadisupport the management of all
aspects of our business, metadata provides thes@ganformation to support data
management. Also, metadata itself is data that@tppart of our business. As such, it

must be managed using the same principles andgeactsed for all data management.

3.7 Conclusion

Metadata management is a challenging task for eggnization. The
requirements implied by an implementation of errisgpdata warehouse take this
challenge to a new level due to the imperativesatd consolidation and dissemination.
Significant effort is required to capture, maintaimd publish existing and new metadata

to deliver on the requirements of building an aestted enterprise data warehouse.
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Chapter FourAPPLICATION DEVELOPMENT: DATA WAREHOUSE FOR GIS
SYSTEM

4.1 Introduction

Geo-data sets are built for use in geographicarmétion systems (GIS). The
data is modeled to suit the needs of data entrywel representations. They are
optimized for simplicity and speed of modificatiarhese models do not lend themselves
to efficiently produce enterprise reports. Henceop@ata sets can be very challenging to
guery and analyze. In this chapter, we create awlatehouse (DW) for a geo-dataset to
facilitate report generating processes. This appbn is intended to demonstrate the
power of data warehouse as the main repository afrganization's historical data and a
DW can be optimized for reporting and analysis.

The rest of this chapter is organized as follovexti®n 4.1 highlights GIS as a
potential application for DW development. Sectio2 gresents a study of data
warehouse systems, and how they are related toSeiSion 4.3 illustrates the
architecture of the developed data warehouse asutiles the entire process of creating
the said warehouse. It outlines the raw data udestribes the ETL (Extract, Transform,
and Load) process, and presents the physical nobde¢ GIS data warehouse through
defining its dimensions, facts, and data martsaliynit illustrates the reporting
capabilities and defines an example query. Sedtidrevaluates the data warehouse and
discusses the advantages of our implementatioioBet5 presents the potential areas
of improvement of the current warehouse statecti®@e4.6 includes some concluding

remarks.
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4.2 GIS as Potential Application

Information is the most valuable asset in an ozgion [5]. It is very crucial for
the process of decision making. Decision suppatesys [71, 72] are designed to allow
business end-users to perform analyses on thematon they have. In fact, GIS is
considered to be a spatial decision support sygl®in These systems help users to study
and analyze geographical problems in order to predisual results that would help
them in making better decisions. GIS is a tool #ilmws users to create interactive
gueries, analyze the spatial information, edit daitaps, and present the results of all
these operations. It can be used for scientifiestigations, resource and asset
management, cartography, marketing, and route gignkor example, a GIS might
allow emergency planners to easily calculate enmerngeesponse times in the event of a
natural disaster, a GIS might be used to find weldathat need protection from pollution,
or a GIS can be used by a company to find new piatazustomers similar to the ones
they already have and project sales due to expgmiatio that market.

On the other hand, GIS lacks the ability to produigi-quality descriptive
reports. The way GIS data is modeled restrictssusem easily creating informative
reports as it is usually modeled across heterogenseparate flat files. Moreover, GIS
systems are classified as operational systems Th8)y are dedicated to let users to add,
update and delete features in data layers.

Outside the realm of GIS there are many other g@tsupport tools, especially

for working with business data. More specificatlgta warehousing systems have
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evolved to meet the growing needs of managing eféidiently and effectively for
analysis and reporting for end-users.

In this chapter, we introduce a process for applgata warehousing techniques
to bring this powerful support system to geographitata analysis. The main motivation
for choosingo build a data warehouse is to enable users twtrep tactical and strategic

GIS information.

4.3 Background

Data warehousing processes are used to desigreaetbd data repositories for
efficient enterprise reporting and decision suppgstems. Kimball states that a data
warehouse is a queryable presentation for entergasa and that this presentation must
not be based on an entity-relation model [48, 4% ta warehouses have become a very
important aspect of data management for busineSdesre is no de facto standard for
data warehousing techniques but the basic methatipracesses outlined by Kimball
[48], Chaudhuri and Dayal are an excellent placaadat [14].

We have chosen to incorporate as much of the meltbgg and process
described inThe Data Warehouse Lifecycle Toolki®] because of the widespread
popularity of Kimball's approach to data warehogsamd the benefits that it gives.

Geographical Information Systems (GIS) allow fovgassing and displaying of
geographical data sets with a common feature faryn@S application to process spatial
data to create a visual representation. Therdasalist of GIS applications to choose
from with open source, commercial and proprietdfgrongs depending on your needs

and the geographical data you intend to use.
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There have been previous attempts to integratevaatshousing techniques and
geographical data sets but there is currently adstrd [28]. Also previous work, such
as GeoDWFrame [28], focuses on the integratiormpafial data into the data warehouse
while other approaches separate the task into teaep, the data warehouse for
descriptive information and leave the spatial data separate GIS application [28]. The
goals of the data warehouse in this chapter foout® data warehousing aspect in
relation to the descriptive attributes of the gapipical data. The use of spatial data is
open to future work and extensions of the curratesf the project and further research
into this area would need to be done to considdmgahis functionality. We offer this
approach in order to see how data warehousing igobsi might benefit GIS data and
end-users in querying and reporting, to see ifdfa@e benefits before attempting to
create a more complex data warehouse to suppospttel data in a geographical data

set.
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Figure 4.1 Data Warehousing Architecture



68

4.4 Architecture and End-to-End Process

Figure 4.1 shows the architecture we used for d8rdata warehouse. It
describes the necessary high level processesaicéryg, transforming and loading the
source TIGER/Line data files into a functional da@ehouse as well as the end goal of
producing enterprise reporting capabilities. Esigp in the end-to-end process is
executed manually; without the use of data warehgusols. In the following

subsections we detail these manual processes.

4.4.1ESRI Data Source

In this section, we shed light on the data we usexlir data warehouse. In fact,
all the datasets that are used in this chaptea@eired and manually downloaded from
ESRI ArcData website: http://arcdata.esri.com/dd@GER2000/TIGER_download.cfm.
Initially, we started working with data for Alame@ounty, California only. In general,
the acquired data can be categorized into two igr@aps: spatial and non-spatial data.

The spatial data is referred to as the Census 2ZO0BER/Line dataset. It comes in
ESRI shapefile format. The shapefile is a file-lbbdata model that stores geometry and
attribute information for spatial features in aadagt [25]. Shapefiles support point, line,
and area (polygon) features. Attributes are hel dBASE format file. Each attribute
record has a one-to-one relationship with the agsstshape record. In other words, a
shapefile consists of separate interrelated fée®bows: a main file (*.shp), an index
file (*.shx), and a dBASE table (*.dbf). For exarapl we have a county shapefile, we
would locate three physical files on the hard deskynty.shp, county.shx, and

county.dbf.
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The Census 2000 TIGER/Line shapefiles were crdaved the Topologically
Integrated Geographic Encoding and Referencing ER{zdatabase of the United States
Census Bureau. The shapefiles contain data abediblibwing features [24]

. Line Features: roads, railroads, hydrography, esnasportation and utility
lines.

. Boundary Features: statistical (e.g., census teawdsblocks); government
(e.g., places and counties); and administrati\g,(eongressional and school
districts).

. Landmark Features: point (e.g., schools and chgjcheea (e.g., parks and
cemeteries); and key geographic locations (e.@rtagent buildings and
factories).

The TIGER/Line data files follow a specific namiognvention to identify each
data layer. Each data file name is a combinatiam lafyer abbreviation (e.g. 'cty’) and a
5-digit County FIPS Code (e.g. '06001") and the diktension (e.g. ".shp’). For example,
the data layer ('tgr06001cty.shp’) that contaif@rmation about Alameda County,
California, contains a TIGER abbreviation prefixe(itgr') followed by the County FIPS
('06001") and layer abbreviation (e.g. ‘cty’). Béegefer to Appendix A for a list of the
abbreviations for each of the TIGERta layers.

It is worth to mention that in the scope of our DM are not interested in the
shape or the geometry of the features; rather eenare concerned about their
descriptive attributes. As a result, we will exautie spatial columns during the data

transformation process.
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Regarding the non-spatial data, it contains cedsusographical information in a
hierarchical sequence, each hierarchy level israggrhin an individual table, s&gror!
Reference source not found.However, for our DW'’s scope, we included only
demographic tables that correspond to Block lenesit is the finest\smallest grain in

the hierarchy, and the County level because a#iraflata layers relate to it.

Figure 4.1 Hierarchical Relationship of Census Geagphic Entities

Two types of demographical tables are availabl&8RI ArcData website,
Census Demographic PL94 (Public Law94-171) and @ebBemographic SF1
(Summary Filel). On one hand, PL94 demographietabbntain summary population
counts for two universes, total population and pafon 18 years and over. The data
were derived from basic questions asked on censestignnaires [12]. Basically, PL94
includes a count of all persons by race, a couttt@population 18 years and over by
race, a count of Hispanic or Latino and a countaifHispanic or Latino by race for all
persons, as well as a count of Hispanic or Latmibacount of not Hispanic or Latino by
race for the population 18 years and over. On therdhand, the SF1 tables include
population and housing characteristics, e.g. nuraberales and females in a household,

for the total population, population totals forextensive list of race (American Indian
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and Alaska Native tribes, Asian, and Native Hawaaad Other Pacific Islander) and

Hispanic or Latino groups [13].

Source Systems Data Staging Area “The Data Warehouse” End User Data Access
(Legacy)
Data Mart #1
Storage:
converted flat files | Subject oriented;
. load Dimensional; feed Ad Hoc Query
Processing: User group drivern;
Integrate; Conforms to DW Bus
Prune;
Remove duplicates;
ESRIData|  Extract Merge; Ioad Data Mart #2 feed Y Ad Hoc Query
Source Calculate; —l/
Conform dimensions;
Conform facts;
Archive;
Export to data Marts; load Data Mart #3 feed Ad Hoc Query
Calculated fields; l/

Figure 4.2 The ETL Process [49]

4.4.2 Extract Transform and Load
4.4.2.1 Extract

The extract process is our first step of gettingdato the data warehouse
environment. A typical extract process in the dedaehousing industry takes about 60%
of the warehouse development time, and it usuakgg two months elapsed time [49]. In
this project, we tried our best to extract data Weaneed in the scarce allocated time
given. Basically, this process consists mainlysafding and understanding the source
data, and copying the parts that are needed tdatarstaging area for more
transformation [49]. Our data source, ESRI cenf2lata, consists of information that
is needed to visually represent and describe gpbga information. For our data
warehouse, we only extracted descriptive data siat@ needed for visual representation
is no use for the purpose of our data warehouseh 8esscriptive data includes

information regarding state, counties, blocks, spa#mographics, and more. One of the
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main goals of our extract process is to analyzesource data so we can capture
information that will be essential for satisfyingtcal business users’ reporting and
analytical needs.

In this extract process, we load our data intodaia stagingarea. We describe
our staging area as the engine room of our datehwaise, where our data is loaded and
prepared for our transformation process. We keestaging area very close to the
image of our GIS tables. This allows us to quenysiaging area and our data warehouse
/ marts for QA (Quality Assurance) purposes. Thaeefwe see our staging area as a
snapshot of our data. We implement this processdryually downloading our pre-
selected GIS data files from the ESRI Census 20QER/Line file website. Specifically
for our project, the data we downloaded is for Adala, California, refer t&rror!

Reference source not found.

4.4.2.2 Transform

Once our staging area is ready, we begin our toamsition process. Our

transformation process involves the following steps

Integration

It is essential that our tables are integrated feporting. GIS tables were
designed for application use which makes the datagm to be dispersed. An example of
this is the Roads file. This file is divided indbles, and each table has the roads for a
certain block. This is not idea for our data warebke since we will have to query each

table and join them to get the list of all the read Alameda. Our best solution is to
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integrate these files into one table, and this wsemented using a GIS software called
ArcGIS.

Another issue that we encountered is that whenxtracted files for the Alameda
County, some tables (e.g. Line features) do nog lzewvindicator that it belongs to
Alameda. To fix this natural keys such as countyand state id where added to these
tables. In this way, when we load information fapther county, we will be able to

distinguish the county and state to which a rec@idngs.

Data Cleansing

In this step, we conduct data cleansing to fixaata in our tables before we load
them to our conceptually designed dimensions acig.fahe following shows the type of
transformations that was performed for this step:

1. Delete irrelevant rowsTo create our Landmark dimension, we neededdaren
that land marks that were not named were not imdud our loading process.

This is because these unnamed land marks do natlprealue for our reporting

and analysis. It is important that we always take account our business users’

needs. To a business user, it would not make tergeate a report of land
marks that have no name. Therefore, it would befigal to delete them since
this can reduce the number of records we join dsioers to facts in our queries.
2. Merge tables Tables that are identical to each other are somas best to be
merged into one table. One example of this scematite school district tables.
We have 4 school district tables in our stagingaeéementary, secondary,

middle, and unified. To retrieve a list of all sohdistricts in Alameda, we have
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to join these 4 tables. Joining them together ¢ater a school district dimension
by appending all rows from these four tables ardiregdan indicator field
optimizes querying and makes reporting easier.

3. Purge fields Fields that are unrelated to reporting and aredescriptive are
deleted from our tables. These fields include potygnd point coordinates.

4. De-duplicatingrows.Rows in our dimensions are de-duplicated to avoid
explicitly specifying a “distinct” command in oucts every time we want to
retrieve dimensional information. This also impreweir run time whenever we

join using our dimensions.

Calculation
It is essential that the data we present to oursus® in the correct format. For
example, we had to re-project (transform GIS ldg@n one coordinate system to
another) most of the polygon data layers in ordgarovide correct area values for each
polygon feature in meter square unit.
Null Values
In creating our fact tables, we have to add theogiate keys from our dimensions
that relate to our facts in our star schema. A lgrobarises when two scenarios apply
[48, 49]:
1) A fact row has no relationship to the dimension.
2) The dimension key cannot be derived from the sosystéem data. These
scenarios will lead a surrogate key for that dinmamé that fact table to be

NULL. Surrogate keys that are NULL can lead to spus results in
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calculations and/or loss of data in queries unhkessncorporate “outer joins”
in our queries.
As a solution to these scenarios, a physical unknmw is created in each
dimension table with an ID of -1. Unresolved faable rows are then mapped to this
special dimension row. In this way we force thedgaality between dimensions and facts

and we do not have to explicitly specify outer gJA9].

4.4.2.3 Loading and indexing

Our load process is implemented manually. So eanbrision and fact in the
data warehouse is loaded separately using SQL coansn&oad optimization is an
important part of our load process. This is donadging indices to each of our staging
tables. Indices are determined depending on tine joeéeded to create a dimension or a

fact.

4.4.3MySQL GIS Data Warehouse

To create the data warehouse we must go througbcags of identifying
possible dimension and fact tables based on thesadata. The end results are
physically created MySQL dimension and fact talol@staining clean, unambiguous and
conformed data to be used for our data marts.t Wesanalyze the source data to create
dimensions and then afterwards we look for fa&is/iding these two steps helps us
clearly define our process and avoids confusionnadang the data analysis for the first

time.
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4.4.3.1 Finding Our Dimensions

We analyze the source TIGER/line geographical filistiapicking out easily
identified dimensions. Most of our dimensions fesaturally from the county level
grain of the source data since most of the datersay the source are attributed to a
county within a state this is the lowest level cdig for which we can track these entities
[48]. Layers such as county, bodies of water ahdaicdistricts are all examples of data
which lends itself naturally to be defined as disiens. Each of these layers has the
granularity level of the county and has descrip#ttebutes that can be used in the
dimensional model.

Aside from the easily identified dimensions we hais®o chosen to create a state
dimension. While this dimension does not seenollow the county granularity we can
include it because each county recognizes thestatd it belongs to.

In addition the named feature dimension is derivech the line feature data layer
and does not occur naturally. This dimension éatad from the line feature dimension
and is useful because it gives a more clear sgdtaf The data source of the line features
includes many records which do not have a featareen We make the assumption that
this characteristic might be confusing to end-us@is so we instead identify only those
named features and include them in the named fedtarension.

Our final list of dimensions is quite small. Wevbaletermined eleven
dimensions; state, county, tract, block, designatade, geographic location, land mark,
line feature, named feature, school district andidmof water as seen in Figure 4.4

below.
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Figure 4.4 Source TIGER/line data layers to conforrad dimensions

4.4.3.2 Creating the Dimension Tables

The dimensional tables are physically created énddta warehouse so that they

may be accessed by multiple data marts throughsveva later stage in the data

warehousing process. In our implementation weNig8QL to realize the database for

the data warehouse, creating standard physicaltaés for each individual dimension.

As shown in Figure 4.4, we prefix each dimensidahle with ‘d_’ to indicate

that the table is a dimension. We continue thegixing convention throughout the data

warehouse so that we can easily identify and diffeate between separate types of

tables such as dimensions, facts and data marsview

When creating the dimensions we follow a standaittired by Kimball to ensure

that our dimensions are robust and reusable. Kimpbssents the basic structure of a

dimension as shown in Figure 4.5 and we use thesmasimal set of components for

each of our own dimensions [48].
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Dimension table dim 1

surrogate value  —— ) dim 1 key (PE)

Possibly multiple _
-
attribute 1
attribute 2
E attributes .<
attribute K

b

Figure 4.5 The basic structure of a dimension [48]

We present here a specific example from our datalveause to illustrate each of
the key components of this model. The ‘d_countyiehsion created from the ‘tgrcty’
source table has a surrogate key, natural keyslesctiptive attributes for a county. The
surrogate key is a unique incrementing integer ddadethat we do not need to rely on
consistently formatted natural keys. For instandbe future we may add records that
have a different format of natural key and thimeinsion would still be usable since
there will be a surrogate key used for joining.

This source table contains two natural keys thaineleide in our dimension, the
stateid and the countyid. It is important to kéegse keys in the dimension so that they
can help identify particular counties and whichiedahey belong to. There is a list of
attributes in the source table; STATE, COUNTY, Shdpngth, and Shape_area of
which we keep only STATE, COUNTY, and Shape_aresetan our assumptions that

these attributes will be the most useful to an eser. Finally, in order to make the
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dimension more end-user friendly we rename thdsbuwes state _desc, county desc
and area respectively.

Note that the area here appears to be data thalidsbe included as a measure in
a fact table rather than as a descriptive attribtitewever since this value is either static
or very slowly changing it may be used as a deseemttribute in the dimension or as a

measure in a fact [48].

4.4.3.3 Finding Our Facts

Deciding on facts for our data warehouse againiregjulata analysis. Fact tables
are based on the grain of the data and containurerasnts about a particular item in
relation to different dimensions. [4]. For the ge®f our data warehouse we have
decided on four fact tables relating to county,ntgulemographics, block demographics
and block summary. The county fact is createdfastiess fact, meaning that it does not
contain any measures because the dimensions aighstiorward and there are no
measurements to take. The other three facts iachehsures of different populations
based on the grain of the fact, either on the goanblock level.

The choice of which facts to create is based orassumptions of what
information we think is interesting and useful tbe data warehouse. In real business
use the choice of facts would be constrained acidtgid by business units, constraints

and rules.
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4.4.3.4 Creating the Fact Tables

We implement our fact tables physically in our MyiS@ata warehouse in a
similar fashion as our dimensions. Here a prefif 0 denotes a fact table and clear
names such as county and census summary are applgutwn in Figure 4.6. Included
in the fact tables basic structure are foreignémtyies to the relating dimensions
surrogate keys and measurements where they avameleThe four fact tables created
are f_county, f_dem_county, f dem_block, and f_osnsummary.

As previously mentioned there is a factless faatptinty, which does not include
any measurements as in Figure 4.6. This facsis alspecial case because we use it to
look at many dimensions that are not related th editzer. Consider taking a count of the
roads and also the bodies of water in a countye roads and the bodies of water do not
relate to each other except that they each belagcbunty. Our fact has the surrogate
keys to each of these dimensions and enablesquety these dimensions from our
single fact table. Since these two dimensionatalirectly related on any particular
record in the fact table we use a surrogate ke§ @fhich points to either a dummy road
or dummy body of water so that we do not accidgnpdrform a cross product or relate
information that does not make sense. We willrgo further detail of how these queries

are performed in the query section.
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f _county f dem_block

county key state_key

state_key county key

geographic_location_ke block_key

y Measures
P0010001

line_feature_key P0010002

Figure 4.6 Example fact tables from our data warehase. f_county is a factless
fact. f_dem_block is a fact with population measwes

Our fact tables that do contain measures arefalleecing population data. This
data is related by grain to either a county oraglbldepending on the fact. The
implementation of these tables is similar to theléss table since they include foreign
keys to the surrogate keys of the dimensions agdgfiowever here there is no need for
dummy surrogate keys in the fact. Since the dimoasdor these facts do directly relate
to each other, for instance county and block, weigaelude both surrogate keys on any
particular record. Along with the keys we also é&dve various population measures
relating to each particular dimension. Figurel#a6 an example fact, f_dem_block,
which is similar to the fact tables, f_dem_coumyg & census_summary, where
measures are included.

4.4.4 Data Marts

4.4.4.1 Data Mart and the Data Warehouse Bus Architecture

An issue that arose when creating our data warehisgygdanning the warehouse

construction. The problem was we were uncertaintidreve should build the whole
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data warehouse all at once or build separate sudnjeas. The plan we chose was the
hybrid of these two options, ti@ata Warehouse Bus Architectuapproach [49]. This
approach focuses on a step-by-step implementatiseparate data marts. This is done
by producing a master set of conformed dimensiodsstandardizing the definition of
facts. A conformed dimension, by definition, has #ame meaning with every potential
fact table to which it can be joined. Hence, idisntically the same dimension for all the
data marts. For example, our conformed dimensiomtyas the same dimension that is
used in our block census summary mart, county imébion mart, and block
demographics mart.

Table 4.1 shows the data warehouse bus architeciatrgx for our geo-data set.
The column headings on the y-axis list our confamenensions, and the x-axis lists
our data marts.

Each of our data marts is a logical subset of tmpiete data warehouse [35]. A
data mart is a complete “pie-wedge” of the ovedlatlh warehouse. In our case, our data
warehouse consists of the physical tables of onfocmed dimensions and conformed
facts. We show this in Figure 4.7. Notice in Fgdt7 that our data marts consist of
views of the conformed dimensions and conformetsfatour data warehouse. Each
data mart enforces a restriction of the data warsddo a single business group. This
enables us to control who gets access to eachrafata marts.

Table 4.1 The Data Warehouse Bus Architecture foour geo-data set
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Figure 4.7 Data warehouse and its constituent dataarts
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An important fact to note is that each of our datats has its own granularity.
For example, our Census Summary Mart does not theveame granularity as our
County information Mart. The granularity of our Gels Summary Mart is by block,
while the granularity of our County Information Ma&s by county. If a user wants to
guery information regarding blocks in a county ytkeuld have to access the Census

Summary Mart, and the County Information Mart foe tounty.

4.4.4.2 Dimensional Modeling

Each of our data marts is designed using a stansaldimensional model shown
in Figure 4.8. It is important that we choose theect dimensions and facts for each of
our data marts. We also have to make sure thagrmularity of each conformed
dimension and conformed fact is the same.

Dimensional modeling has many advantages that @h&P (Online
Transactional Processing) models lack. First isdiraensional modeling (using Star
schema) is a predictable, standard framework, stngiof dimensions and facts. The
model is designed to improve analytical procesgdssksimplicity. Judging from the
tables that we extracted from the ESRI websitetdbke structures are very disintegrated
since the modeling technique is centered on viemkesentation for GIS. For example,
our Line Feature is a combination of 7 tables in@LS source system. Creating a
dimension out of these 7 tables improves our gagrgince we do not have to join 7
tables when we require a list of all line featur8y. transforming it into a dimensional

model, we are able to create dimensions and faatsame can integrate using our bus
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architecture. The second strength of the dimenbkiondel is that it is scalable. It is easy

for us to add a fact or a dimension in our system.

f dem_county

FK1 | county_key
FK2 | block_key
FK3 |state_key

I g

4 _stale o » d_black
county key
PK | state key PK |block key
f_county
FK1 | geographic_location_key
d_designated_place FK2 | designated_place_key d_water_body
FK4 | county_key
PK |designated place key |4 FK5 |block_key | PK | water body key
FK6 |water_body_key
FK7 |named_feature_key
FK8 |line_feature key
d_geographic_location d_line feature d_named_feature
PK ographic_location ke PK |line feature key PK |[named feature key

Figure 4.8 Star schema for County data mart

4.4.5Query Reporting

When reporting we can simply choose a data marthwéiits our needs and
guery the measures and dimensions. We can cegaiets on many types of interesting
data such as the types of roads in a particulantgpnumber of elementary school
districts in a state, the highest population caménd any other related descriptive

attributes and measures.
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For reporting end-users generally require somed@pplication tools that
provide data access, spreadsheets, a graphicsgesald a user interface to simplify use
of the data warehouse [49]. Due to the scopeisfdtoject we did not include any
special end-user functionality except for direatess ad hoc SQL. Here we provide
some “template” or example SQL, such as Queryrlyge with our data warehouse

model to alleviate some of the problems with ad dpoery design.

Query 1. Selection of Number of Designated Places for Alan@ounty

SELECT e.state,
e.county,
e.designated_place_count
FROM
(SELECT s.state_desc as state,
c.county_desc as county,
count(d.designated_place_key) as designated _place_count
FROM dm_county f county f1,
dm_county_d_county c,
dm_county_d_state s,
dm_county_d_designated_place d
WHERE fl.county_key = c.county_key
AND fl.state_key = s.state_key
AND fl.designated_place_key = d.designated_p lace_key
AND d.designated_place_key !=-1
AND c.county_desc = 'Alameda’
GROUP BY state, county
)ase;

Query 1 will give a simple result of the total nuenlof designated places in
Alameda county and will also display the name efdtate which Alameda belongs to,
California, and also the name Alameda. To extérglguery onto any other dimensions
in dm_county data mart we can simply add sepatdiesslects for each dimension that
we wish to report on. The sub-selects are necgbsse because we are finding COUNT
information and we do not want to accidentally do@ss product and produce erroneous

results.
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4.5 Discussion

Due to the illustrative nature of this applicatiare are not targeting to accurately
describe or calculate differences in execution tihqueries against the source data and
the data warehouse tables. For instance the sdatadable for block demographics
contains more than 500,000 records but for our geep we loaded approximately 14,000
records and thus we cannot make fair comparisorggieries using these records.
Instead of discussing direct numerical analysisw¥einstead present the advantages of
our data warehouse process and model as is rétatd-user needs, ease of use, and

security.

4.5.1 GIS Comparison

The advantage of creating a data warehouse splyiffor a geo-data set is that
we were able to organize the data in a way thdtheibeneficial for reporting and
analysis. With the use of our bus architecture ehoack were able to create data marts
that suit the specific needs of our targeted pakbtisiness users. Also, for reporting
purposes, our star schema makes analysis simplause of its non-complex model. Star
schema modeling also helped us arrange our datpuésy performance. We also
performed data cleansing to help our intended usaisrstand the source data better.
Also another good trait of having a data warehdos&IS is that it is separate from the
source system. Meaning querying in the data warshtor information would not affect

transactional performance for the GIS.
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4.5.2 Business Needs

The great thing about creating a data warehous@8tis that it is independent
of the source system. If the business requiressttrae data had to be calculated or
modified, it is possible to do so in the data warede. Hence, it is easier to satisfy users’
requests. Having data marts in the data warehalsseenforces security since each data
mart corresponds to specific business users. Gensigof the data is also a remarkable
trait of the warehouse. In our project, we made shiat the granularity of our data marts
are on the same level. Also, we are sure thatidata warehouse, the data is a snap shot
of single point in time. This ensures that we doheve to worry about data

inconsistencies.

4.5.3 Data Integration

Despite the fact that our data marts have their s@aurity, granularity, and
intended business unit groups, it is still posstblentegrate them. In our project, if only
we have enough business users to define their nglswe should be able to link our
data marts together, or create more data martsbriidjet side is that our data marts are
open for integration.

Also, it is also possible to include external segrthat business users request. In
the source system, it is not convenient to dogimee we are always cautious of

corrupting our GIS data.



89

4.6 Possible Extensions

It is possible to expand on the work presentetiismi¢hapter. We have followed
many basic traditional data warehousing practioekthis leaves the availability to easily
extend the presented data warehouse. In the fafuheés project there would be a high
priority placed on loading additional data so &t data warehouse could have more real
world practical use. Also we would then be abledaoduct numerical analysis
comparisons between our data warehouse and theesdaita.

An issue with this chapter is the manual processgired to transform and load
the data into the data warehouse. There wouldrge benefits to introducing an
automated component of the data warehouse to aléethis time consuming process.
Additionally it will be important to make sure thabnt-end graphical user interfaces
could be used with the data warehouse to enabiereasess to the data.

The solutions presented within this chapter docootain processes for storing
any of the spatial data portions of geographictd dats. For a full solution to data
warehousing of GIS data we would need to incluggpett for spatial data and possibly a

component to visually display the geographical datather GIS applications would.

4.7 Concluding Remarks

This chapter presented the advantages of the dathause process and model as
it relates to end-user needs, ease of use, andtgetitends up with defining the benefits
of using a data warehouse model for GIS data.

We went through a standard ETL (Extract-Transforoad) process by extracting

data from our GIS data source to our data stagieg, &ransforming our extract data to
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conformed dimensions and conformed facts, and ihggilfiese to our data warehouse. A
standard process of finding our dimensions andg faets conducted by analyzing our
source GIS data.

In our transformation phase, we conducted datansleg by merging / splitting
tables, de-duplicating rows, creating calculatett8, purging unnecessary columns to
create our dimensions and facts which was loadedtaata warehouse. Indices were
also added to our data warehouse tables for quenmyiaation.

After the dimensions and facts were created, wevi@d a data warehouse bus
matrix approach to create our data marts. Thiscgmbr encouraged us to use conformed
dimensions and conformed facts into our data maré&ing our data integrated yet
separated by subject areas. Data marts were imptechasing SQL views from the
physical tables in our data warehouse. Each datalras is created for a particular
purpose and is dedicated for a specific busineggytwup - this was accomplished by
enforcing a star schema model for each data mart.

The construction of our data warehouse enables qadry and create reports
against our data marts in a simple and efficiemimea. Our queries are standardized
since querying in a star schema model involvedngidimensions and facts. This makes
it easier for our end users to analyze GIS datzedinowledge of the data source
structure is not necessary.

Our data warehouse is still on its beginning sta@hkere are still many
amendments that can be done to satisfy the busieests of our intended end users.

Further improvements to our data warehouse indo@ding of additional data, scripting
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manual processes for our ETL, incorporating a femd tool to improve usability and
analytical capabilities for our end users, and magdecurity to our data marts.

From this application we learned that the data a@uee is very beneficial for
improving decision making process such as repareiggion that are not appropriate for
our GIS processes. Data warehouse provide a reppsittransformed data that can be
reported without requiring any modification to $aurce system. Most of all, it allows
our intended business users to query and analjaemation without detail technical

knowledge of our data warehouse.
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Chapter FiveDATA GOVERNANCE: A KEY ISSUE IN BUILDING
ENTERPRISE DATA WAREHOUSE

5.1 Introduction

This chapter articulates data governance as otfeddey issue in building
Enterprise Data Warehouse. The key goals of trapteh are to: define a framework for
Data Governance processes and procedures [18jedéi scope of and identify major
components of the data governance processes [6&]P&ta Governance framework
must accord with the Enterprise Data Managemergrealin this thesis. Risk
management and compliance requirement motivatedetelopment and deployment of
IT Governance and Data Governance. Additionallg,dlent-centric focus of business
organizations coupled with aggressive attentiothéobottom line propelled initiatives
such as Data Governance to the top of the list @ind business executives [41]. The
recent financial crisis which spawned the worldwegenomic meltdown has been to a
great extent blamed on non-trustworthy and nonsparent data. It is becoming
progressively and patently evident that data meshbnaged like other assets such as
financial and human resources. It has to have eeéfand mandated set of controls where
compliance can be objectively measured and reported

The rest of this chapter is organized as follovexti®n 5.1 presents the
importance and role of data governance. Sectiomigldights the need for data
governance. Section 5.3 covers data governanceitgatodel. Section 5.4 presents
approaches for data governance framework. Sectioméludes some concluding

remarks.
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5.2 Importance and Role of Data Governance

Business communities all across organizations ecerning increasingly
dependent on their ability to quickly access, gassle, effectively share and efficiently
maintain, quality and timely business informationiet they need to help achieve
success in their business objectives. Meeting thesds is the basis of the business
requirements for the creation and implementatioa data warehouse environment
which will contain, and enable easy access tdhalrequired business information. Data
warehousing processes are used to design and gdedegim repositories for efficient
enterprise reporting and decision support systelais; warehouse design and
development already attracted the attention ofreévesearchers. Building data
warehouse [32, 36, 38, 48, 49, 54, 76, 77] is ingmarbut it is at least equally important
to maintain the quality of the data warehouse B33, Ballard et al. [4] discussed data
modeling techniques for building data warehouseaiifat et al. [6] described the
importance of data marts in designing data waretdben and Sinha [69] compared the
different methodologies for data warehouse devetpgmGolfarelli et al. [35] describe a
process for building a data warehouse from anyergiaitionship schema. Jukic [46]
discussed some modeling strategies for data wasehanojects. There is no de facto
standard for data warehousing techniques but thie baethods and processes outlined
by Kimball, Chaudhuri and Dayal [14] are an exadllelace to start [25]. However, data
governance becomes an important issue to consigen dealing with data sources and

utilization. In other words, one key issue courtteglards success is having data
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governance guiding and monitoring the design aneldpment of enterprise data
warehouses.

Data governance is important for maintaining datality [53, 61, 62, 67, 70]
Crié and Micheaux [16] discussed how it is possiblbest benefit from customer data.
Dember enumerated and discussed seven stages$eiciinvef data governance [18]. To
benefit best from data, organizations put hugereéfo data integration [21, 22].
Recently, IBM delivered data governance servicinair effort to help companies in
protecting sensitive information [42]; also, theGbvernance Institute delivered several
reports, e.g., [43, 44]. Data governance can bieeldfis the process by which decisions
are made around data investments in an enterprésétha management of the data as a
strategic corporate asset for competitive advantaggod data governance framework
typically answers questions about how decisionsreade, who makes the decisions, who
is held accountable, and how the results of datssame measured and monitored. Based
on this definition, everyone in an organization kase form of data governance
responsibilities. In organizations where the dgteernance process is ad hoc and
informal with a lack of consistency of data acrtissenterprise, accountability is weak
and there are no formal mechanisms to measure andanthe outcomes of the
decisions.

“IBM Council predicts data will become an assettbe balance sheet and Data
Governance a statutory requirement for companies the next four years” IBM Press

Room 2008-07-07
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5.2.1Importance of Data Governance

IT is critical to enterprise success, provides opputies to obtain a competitive
advantage and offers a means for increasing privitycOne of the key themes of large
enterprises is to leverage IT successfully to fians the enterprise and create value-
added products and services. IT is fundamentahmmaging enterprise resources,
dealing with suppliers and customers, and enalitiaigeasingly global and
dematerialized transactions. An ever larger peeggnbdf the market value of enterprises
has transitioned from the tangible (inventory, liies, etc.) to the intangible
(information, knowledge, expertise, reputationstypatents, etc.). Many of these assets
revolve around the use of IT. Moreover, a firmnkearently fragile if its value emanates
more from conceptual, as distinct from physicase#s. Good governance of IT therefore
is critical in supporting and enabling enterprisalg.

Data is a major component of Information Technoldgiias been widely
regarded is the only durable product of Informafl@chnology. As such, data must be
managed as a corporate asset. It Governace iscatbjch has been widely covered and
institutionalised. Data Governance gained recaahtibn and importance. How does IT
Governance relate to Data Governance? The Datar@ance Institute explains the
relation as follows “What's the difference betwdgia Governance and IT Governance?
Let’s start with another question: What's the diéfece between data/information and
information technology (IT)? Consider a plumbinglgy: IT is like the pipes and
pumps and storage tanks in a plumbing system. iBéitee the water flowing through
those pipes. Suppose you were afraid that the ilateing through your pipes was

poisoned. What type of plumber would you call? Nafeourse! Plumbers are
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specialists in the pipes and pumps and storage tamiot in what'’s flowing through
them. You’'d call in specialists who know how totties water quality — specialists who
could tell the difference between clean water aherotypes of clear liquids”..

The Wikipedia defines governace as “ the activitgaverning. It relates to
decisions that definexpectationsgrant power, or verify performance. It consisteer
of a separate process or of a specific part of gamant or leadership processes.
Sometimes people set up a government to admirnistee processes and systems.

In the case of a business or of a non-profit oigaton, governance relates to
consistent management, cohesive policies, processkdecision-rights for a given area
of responsibility ». Similar to the implemetatiohathe governance such as Corporate
Governance and IT Governance, Data Governancerescaiframework based on three
major elements:

. Organizational Structure: definition of roles and responsibilities. Who
makes the decisions? What structural organizatieesl to be created, who
will take part in these organizations?

. Operational Processwhat are the actions and activities to be unélerta
during the data lifecycle? What are the decisiomkingaprocesses for
proposing creation or extension of data assets?

. Performance Management How will the results of these processes and
decisions be tracked, monitored, measured, andtegffoWhat mechanisms

will be used to capture and communicate gaps tebktdders?
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5.2.2Role of Enterprise Data Governance

In the context of building the Enterprise Data Weangse, the data governance
component would typically involve determining regjteé process, procedures, policies
and organization structure required to effectivegnage all the data assets involved in
the Enterprise Data Warehouse. The data govermancesses addresses key points,
such as:

. Reviewing and approving organizational structureé famctions to facilitate
development of appropriate data architecture t@asrighe Enterprise Data
Warehouse.

. Establishing enterprise-wide data management fraomedefining policies,
governance, technology, standards and processded&esupport the
collection, maintenance, controls, and distributdprocessed data or
information.

. Ensuring that data maintenance processes provideitse integrity and
auditability of the data from its source to itsgigirin the Enterprise Data
Warehouse.

. Instituting internal audit programs, as appropri&dgorovide periodic
independent audits of data maintenance processefsiactions.

. Monitoring the enterprise-wide observance of thia daanagement
framework including ongoing updates to procedures@cumentation as

needed.
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. Establishing clear and comprehensive documentéiogata collection,
transformation, aggregation and definition thatudes data mapping to
source/aggregation routines and data schematics.

. Establishing standards, policies and procedurasardata cleansing,
validation of business rules, balancing to souata.d

. Establishing procedures for identifying and isaigtdata errors, including
data integrity issues with source, downstream arekternal systems.

. Establishing data quality threshold acceptancedeagrequired by business
rules

. Establishing standards and procedures for data learalling.

. Distribution of access control based on user rakesponsibilities and

consistent with data classification.

5.2.3 Key Recommendations

The following are the key recommendations for daative data governance
strategy to implement the Enterprise Data Warehouse
. Develop a comprehensive data governance guidelipareiples and policies
that the Enterprise Data Warehouse developmentsteamleverage to create
standardized, reusable data assets.
. Develop the organizational structure to supportdéia governance
framework.

. Develop rigorous processes and procedures to stujygoiramework.
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5.3The Need for Data Governance

Data governance can be defined as the processibii décisions are made
around data investments in an enterprise and tinageanent of the data as a strategic
corporate asset for competitive advantage. A gatd governance framework typically
answers questions about how decisions relatedtéoada made, who makes the
decisions, who is held accountable, and how thdteesf decisions are measured and
monitored. Based on this definition, everyone iroeganization has some form of data
governance responsibilities. In organizations whbe data governance process is ad
hoc and informal, with a lack of consistency ofadatross the enterprise, accountability
is weak and there are no formal mechanisms to measu monitor the outcomes of the
decisions.

Wikipedia defines data governance as a practidesti@mpasses the people,
processes and procedures required to create astamisenterprise view of an
organization’s data in order to:

. Increase consistency & confidence in decision ngakin
. Decrease the risk of regulatory fines

. Improve data security

. Maximize the income generation potential of data

Data Governance is a subset of overall Informatiechnology (IT) governance.
According to the IT Governance Institute, IT gowaroe “is an integral part of enterprise

governance and consists of the leadership and iaagaomal structures and processes that
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ensure that the organization’s IT sustains andnelstéhe organization’s strategies and
objectives.”

At the heart of the governance responsibilitiesaifing strategy, managing risks,
delivering value and measuring performance, arestdleeholder values, which drive the
enterprise and IT strategy. Sustaining the cufpesiness and growing into new business
models are certainly stakeholder expectations andaly be achieved with adequate
governance of the enterprise’s IT infrastructure.

Data governance, like other governance subjectegisesponsibility of the
executives. Data governance is not an isolatedptiise or activity, but rather is integral
to enterprise governance. It consists of the ledmlerand organizational structures and
processes that ensure that the enterprise’s deg¢samistain and extend the enterprise’s
strategies and objectives. Critical to the sucoés$isese structures and processes is
effective communication among all parties basedanstructive relationships, a
common language and a shared commitment to addgetbs issues.

Data governance responsibilities form part of aadrivamework of enterprise IT
and enterprise governance and should be addrekeexhly other strategic agenda. For
critically dependent data assets, governance shiuédfective, transparent and
accountable. This means that the executives shomulary clear about their
responsibilities, and should have a system in pla@®liver on those responsibilities.
These responsibilities generally relate to datatesggnment and use within all activities
of the enterprise, the management of technologtedlbusiness risks and the

verification of the value delivered by the use afalassets across the enterprise.
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5.3.1 Purpose
The purpose of data governance is to influencenlleavours and directs data-
intensive operations, to ensure that data perfocemameets the following objectives:
. Alignment of data assets with the enterprise I'essand realization of the
promised benefits.
. Leverage of data assets to enable the enterprisgdgiting opportunities
and maximizing benefits.
. Responsible use of data resources.

. Appropriate management of data related risks.

Data Governance Objectives and Interaction with Data Activities

Provide Direction

Y

Data Activities
Set Objectives *|mprove Data Quality
*Alignment of data assets *|mprove Automation
*Leverage of data assets — Compare *|mprove Availability
*Responsible use of data resources A *Centralize reference Data
*Management of data-related risks oStandardize Data

*Improve Audit and Traceability.

Measure Performance 1€

Figure 5.1 Adapted from Board Briefing on IT Governance, 2ritién, the IT
Governance Institute®

Data governance usually occurs at different leweit) team leaders reporting to

and receiving direction from their managers, withnagers reporting up to the executive,



102
and the executive to the board of directors. Repbdt indicate deviation from targets
will usually include recommendations for actiorb®endorsed by the governing layer.
Clearly, this approach will not be effective unlegstegy and goals have first been
cascaded down into the organization. The followilugtration conceptually represents
the interaction of objectives and data activitfemn a data governance perspective that
can be applied among the different levels withm énterprise (Figure 5.1).

Objective Setting: The governance planning process starts with staleding the
objectives of the enterprise and identifying theangeby which data assets can support
those objectives. The executives set objectivegandtize activities based on value and
feasibility to execute.

Compare: From then on, a continuous loop is establishadisg with
comparison of the objectives which have been sta@urrent environment.

Provide Directions. Results of the comparison may identify gaps Wwhiould
drive improvements to the current processes.

Measure performance: The improvements to the current processes aiia aga
measured and compared to the objectives, resutiregirection of activities where
necessary and / or a change of objectives whemoppate.

While setting direction is primarily the responéstgiof the IT executives, and
performance measures that of data managemengutdent they should be developed in
concert so that the objectives are achievable anfdigmance measurement supports

objectives effectively.
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5.3.2 Objectives of Data Governance

There are four objectives that drive data goveraabata value and alignment,
accountability, performance measurement, and r@skagement. Each of these

objectives must be addressed as part of the datarggnce process

5.3.3 Data value and alignment

One of the primary goals of data governance is\suee alignment between the
business units and IT. By creating the necessaugtstes and processes around data
assets, management can ensure that only thosetgrthat are aligned with strategic
business objectives are approved, funded, andijorest. Furthermore, alignment also
deals with balance between investments that rusuhent business, grow existing
businesses, and have the potential to transforrhubkimess, while delivering value by
managing projects that are on time, on budgetdatder expected results. Delivering
value to the business typically means things ldgutatory compliance, growing
revenues, improving customer satisfaction, increpmarket share, reducing costs, and

enabling new products and/or services.

5.3.4 Data Risk management

As more of an organization’s value propositionudtion risks associated with
data, these are often the same as risks to thedsssiTherefore, managing data risk is
paramount. Data risks include security breachesngrirom hackers and denial of
service attacks, privacy risks arising from idegntitefts, recovery from disasters, and

resiliency of systems to outages, and the riskscgs®d with project failures.
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5.3.5 Accountability

Governance is about accountability. Regulatory irequents such as Basel 1l and
Sarbanes-Oxley legislation are intended to holdsexecutives accountable for the
integrity and credibility of their financial inforation and controls. Data governance
holds data management accountable for the retuits amvestment in data assets, as well

as the credibility of its own information and cais.

5.3.6 Performance measurement

Accountability in IT governance requires that yaeg score, typically by
implementing a form of balanced scorecard. The dlaBced Scorecard consists of four
perspectives: IT Value, User, Operational Excellerand Future Orientation. Two of
these perspectives contain measures for the twgdegrnance objectives: IT value and
risk management. The IT value perspective contgpesific measures for IT/business
alignment and IT value, while the operational elecele perspective contains specific

measures for managing IT risk.

5.4 Data Governance Foundation

Having established a working definition of goodadgbvernance, the next step is
to establish a foundation on which to build theadgtvernance framework. The
foundation consists of three parts: understandieggpvernance maturity level, knowing
how structural issues impact governance, and utadelisig the four objectives of data

governance.
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Data Governance Maturity Model

Level 1 Level 2 Level 3 Level 4 Level 5

AR R R AR RN RRRRRRARAAANY

0 1 2 3 4 5

= Level 1-Initial- Ad hoc application of processes

=  Level2-Repeatable -Some processes are maintained regularly
*  Level3-Defined - Processes are defined and documented

= Level4-Managed —processes are monitored and measured

= Level 5-Optimized — processes are focused on continuous improvement

Figure 5.2 An adaptation of the model publishedviarch 2002 edition of CMMI from
SEI), chapter 2 page 11.)

5.5 Data Governance Maturity Model

Organizations in the process of developing or engltheir current data
governance framework typically begin by conductingata governance maturity
assessment. Understanding the current state ofyjdasnance within an organization is
extremely helpful in trying to formulate a data gavance strategy. The Data
Governance Maturity Model is comprised of five lesv@-igure 5.2).

Level 1 - Initial/Ad Hoc

The concept of data governance does not exist ftyrraad oversight is based mostly on
management’s consideration of data-related issne@saase-by-case basis. The
governance of data depends on the initiative apémence of the IT management team,
with limited input from the rest of the organizatidxecutives are involved only when
there are major problems or successes. The measuirefidata asset performance is

typically limited to technical measures and onlyhivi the IT function.
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Level 2 - Repeatable but Intuitive
There is a realization that more formalized ovdrsaf data assets is required and needs
to be a shared management responsibility requihagupport of senior management.
Regular governance practices such as review meetngation of performance reports
and investigation into problems do occur. Howetlazse practices rely mostly on the
initiative of the IT management team, with voluigtar co-opted participation by key
business stakeholders, depending on current I'egopnd priorities. Data problems
identified are tackled on a project basis with tedarmed as necessary to undertake
improvements.
Level 3 - Defined Processes
An organizational and process framework has beéneatkfor oversight and
management of data-related activities and is bigitngduced to the organization as the
basis for data governance. The data managementi@smsued guidance, which has
been developed into specific procedures for managenovering key governance
activities. These include regular target settiegjaws of performance, assessments of
capability against planned needs, and project jptgnend funding for any necessary data
improvements. Previous informal but successfulfpzes have been institutionalized and
the techniques followed are relatively simple andaphisticated.
Level 4 - Managed and Measurable
Target setting has developed to a fairly sophisttatage with relationships between
outcome goals in business terms, and data andpiovement measures now well
understood. Real results have been communicatedmagement in the form of a

balanced scorecard. The enterprise’s managementisaaow working together for the
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common goal of maximizing data assets’ value defiaed managing data related risks.
There have been regular assessments of capakalitteprojects have been completed
that have delivered real improvements to overafigpance. Relationships among the
data functions, their users in the business comiyuamd external service providers are

now based on service definitions and service agee&n

Level 5 - Optimized

The data governance practices have developed suplasticated approach using
effective and efficient techniques. There is tmams$parency of data activities, and the
stakeholders are in control of the strategy. Delated activities have been optimally
directed toward real business priorities, and @lee/being delivered to the enterprise
can be measured and steps taken on a timely lbasisrect significant deviations or
problems.

The balanced scorecard approach has evolved imt¢ha is focused on the most
important measures relevant to the enterprise’satiMeusiness strategy. The effort spent
on data-related risk management (and on IT manageacévities generally) has been
streamlined through adoption of standardized aferevpossible, automated processes.
The practice of continuous improvement of dataigsgrocessing asset’s capabilities are
embedded in the culture and this includes reguiareal benchmarking and independent
audits providing positive assurance to management.

Overall, the cost of data management is monitofiedtevely and the organization is able
to achieve optimal spending through continuousinaieimprovements, the effective

outsourcing of selected services, and effectiveohagon with vendors. When dealing
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with external business partners or service progidée organization is able to

demonstrate first-class performance and demandobastices from others.
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Figure 5.3Characteristics of the maturity levels (adoptednfro
http://software.gsfc.nasa.gov/docs/What%20is%20C Npi)

5.6 Approaches for Developing Data Governance Framework

Any attempt at developing and enforcing data goaece requires an
understanding of the structural or organizationat@s of the framework. Four different
major types of data governance structures (congisti centralized, decentralized,
federated, or project based organizations) couldseel for developing the data
governance framework. Each organizational strugtuesents a different challenge in

implementing data governance as characterizedslettision-making process.
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5.6.1 Centralized

In a centralized organization, all data relatedsien making and the data budget
are in one place; because of this centralizedtstreicthey are much easier to manage and
require much less effort to organize. The CIO dreddata management executive can
take the lead in developing the governance prosease work directly with the
executive team. The challenge for centralized Jaaizations is to for the Data
Governance to become a policing exercise, andgorerthat business and function units

have a voice in the process.

5.6.2Decentralized

Decentralized organizations most often reach thgnfiented stage because each
decentralized data function has developed its oata governance processes, but there
are no formal processes across business unitdwede business units and corporate.
Data asset investment decisions may be optimiz#tediusiness unit level, but they are
not optimized across the enterprise. This oftenlteén duplicated infrastructure,

applications, databases, and little if any shaoihgystems or expertise.

5.6.3 Federated

These are hybrid organizations that have both akréd and decentralized
components. Most infrastructure and enterprise \&j#ications and data are centralized
in a corporate IT organization and operated aseeslservice with charge backs, while

business units retain control over BU-specific aations, data and development
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resources. This is an attempt to create the bdsitbfworlds; centralized control for
reduced costs, and applications development I¢fft the business units where it can be
more responsive. The challenge for federated I'mmmgtions is to balance the needs of
the business units for infrastructure investmeansl, to conform to enterprise architecture

and standards.

5.6.4Project-based

Project-based IT organizations are a relatively peenomenon and take their
lead from professional services firms. They arerenfof centralized IT in that all IT
resources are centrally located and report intorparate CIO, but they differ from the
other organizational structure types mostly indbeelopment area.

As distinguished from the traditional applicatiaes/elopment group, a project-
based organizational structure is built arounduwes®pools, often called competence
centers, each consisting of similar resources. Altraditional line manager is
replaced in favour of a resource manager or competeenter manager who heads up
each resource pool. This new role’s performancegasured on resource utilization and
the ability to loan out qualified staff in sufficiequantity as required by the project
portfolio and pipeline. For project-based IT orgations to be effective, they need a
strong governance mechanism in place to ensurehbaight projects are selected and
funded. The challenge in project-based organizatfoouses on the project selection,

funding, and prioritization processes.
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5.6.5Leveraging the Framework for Design and Optimizatio

5.6.5.1Critical roles for Data Governance

It is important for an organization to send a sfromessage that data governance
is important. By dedicating and holding seniorfséacountable for data governance,
continual focus is placed on the issue.

The Data Steward is responsible for acting asisolebetween Business and IT
and is accountable for communicating, and facihtatonsensus around, business data-
related requirements. The Data Steward is resplentsib

. Business Data DefinitionsFacilitate and ensure the documentation,

communication, and maintenance of business dataititefis, including:
Business Naming Standards, Business Attribute Rigiits, Business Rules,
Transformations & Calculations, Business Metadata

. Business Data RequirementBrovide support for ensuring that business data

requirements are complete

. Business Data Qualitytdentify and assess business data quality aradagec

initial improvement plans to remediation owners

. Business Data Issue$acilitate the resolution of business data isg¢egs,

data quality, missing data)

. Business Data PoliciesSupport the communication and enforcement of

business data policies (based on current, appéaddiia policies)

. Program SupportProvide support for data modeling, gap analyséraew

data definition
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. Other Business Requirement®ocument and communicate requirements for:

Data Access, Security, Availability and Recoverfp{based on Corporate
Data Policies) — in the cases where systems /cgtgns are created
specifically to support compliance
. Liaison: Act as the Data liaison between the BusinesdRtitciough the
Data Custodian
The Data Custodian plays an integral part in theeldg@ment and support
programs, ensuring use of appropriate data polistamdards, and strategies. The
Custodian helps improve the way the organizatidhpsdcess, protect, store, archive,
document and report on data by reviewing and negigsihere necessary existing data
policies, processes, procedures, guidelines, anldaudge. Ensures through effective
communication to all involved the best practicepanforming the data custodian role
that will help meet the data requirements, as @éefioy the business. The Data
Custodian is responsible for

. IT Data StandardsDefine data standards for IT in support of thsibess

requirements
. Data Security Provide adequate logical and physical data ggcas defined
by the Data Steward

. IT Data Quality Identify, analyze and consolidate IT data qualit

completeness issues and communicate appropriatéhg tousiness
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5.6.5.2Enterprise Data Warehouse Design and Operation

There are a number of key design premises behsut@ssful Enterprise Data
Warehouse deployment. Among them are:
. Recognition that the design must support usagesa@avide range of
business communities
. Business requirements will change and evolve cantisly
. Business users will want to access, use and exgatat in different ways
. Usage patterns should dictate design patterns
. Data quality, accuracy and consistency are param8uisiness user’s trust
must be earned. Data lineage information is @iitic the correct use of data
Data governance plays a pivotal role across theeeData Warehouse design,
development, operations and usage spectrum. Psinitpdretween IT and the business
communities enable effective prioritization of #g/ghancements and a clear
understanding of the implications of change andriportance of compliance with
standards.
The following list of touch points provides sometio¢ key areas of interest for
compliance and governance.
. Data Sourcing — Authoritative data
. Data standards
. Metadata (formats, structures, definition, lineage)
. Data Model integration

. Data Classification - Restricted, confidentiatemmal use, public domain
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. Data Retention standards
. Data Privacy and security

. Access and Auditability

5.7 Case Study — RBC Financial Group

To illustrate the value of governance we exantesituation at Royal Bank of
Canada both prior and post adoption of an enterpnifrmation Management and data

governance strategy.

5.7.1Prior to adoption of Enterprise Information Managem & Governance

Each application group within IT had responsibifity their own solution design
and development. Data and data management funetieresdistributed and part of each
application group. Standards were developed fan egplication and integration
requirements between applications were addressedpyng data from one system to
another. Technology choices were made specifiog@pplication and not always by the
IT group. Years of following this approached resdlin a wide range of technology and
tool deployments, and significant data fragmenta#ind inconsistent representation
across systems. In addition, data was replicateshdsvhen needed to satisfy new
business requirements and numerous formats, stescimd definitions of data were
created. Needless to note that this type of enment made it very difficult to establish
the authoritativeness of data and for our businegs to gain access to timely and

consistent information from across the variousesyst Costs for support and
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maintenance started growing significantly due tmptexities giving impetus to the need

for change.

5.7.2 Post Adoption of Enterprise Information Managem&i@overnance

In contrast to the foregoing, an organizationalrtesure brought together all
aspects of Data Management within a single funetignroup. The development life
cycle was enhanced to ensure standard and congist@nmanagement functions were
applied to all initiatives, an architectural formmas mandated and empowered to provide
guidance and direction to project initiatives & Wery on-start of the project. Since re-
development of extensive legacy was cost prohibjtiie Data Warehouse Environment
evolved as an atonement of the sins of the pgstotee information base with consistent,
standardized and integrated data. Centralizattangardization and integration are part
of the core principles that guide solution develepin Adoption of an Enterprise
Information Model provides the data modellers vgthdance on data design.
Technology decisions are made by IT. All of thés lenabled significant reuse of data
and process, made it much easier for the businggsin access to data and provided
them with more time to focus on business issudwrdhan technical data sourcing
issues. Costs for development and support wereretheced and growth projections

within the business are more easily supported.

5.8 Concluding Remarks

In conclusion, the Data Governance Program is éatie which touches the

enterprise systems and applications ecosystesalkey requirement to achieving “trust
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and transparency” which is fundamental in meetmgrnal and external bodies of audit
and regulations. Data Integration, the holy graihdormation Management programs is
solely dependent on Data Governance. It is thecleho track, monitor and report on all
Data Management policy, standards, best practit@gaidelines. Data Integration
initiatives such as Master Data Management (MDMjnether attempt at standardizing
data so it can be shared. Data Governance is titerpece in Master Data Management.
Successful implementing of the data governanceinié is predicated on a regimented
set of processes and procedures and mandatedarmlessponsibilities. Failing that,

Data Governance will —at best- be treated as sangethice —to-have” where success

will be sub-optimal.
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Chapter SIXEMPLOYING FREQUENT PATTERN MINING TO DISCOVER
COMMUNITIES OF TABLES

6.1 Introduction

Data mining is the process of discovering and tedj hidden and unknown
knowledge by analyzing known databases. It is tifiefrom conventional database
guerying in the sense that querying is a retripvatess, while mining is a discovery
process. Data mining has several applicationfdimg market analysis, pattern
recognition, gene expression data analysis, spdtal analysis, among others. Actually,
market basket analysis has been the motivatingcaioin that raised the interest in data
mining since its development by Rhesh Agrawal i@3L8t IBM research center [1, 2].
The basic idea is to analyse the log of transastioorder to find items that are
frequently purchased together. The outcome coulcesseveral purposes including
shelving of items by placing close by items that purchased together, developments of
advertisement campaigns, promotions, etc [1, 2].

Realizing the effectiveness of data mining in pecedn, this chapter investigates
the applicability of data mining techniques in iyping query performance. This is
possible by identifying tables that appear togethest frequently in queries. The
outcome could serve for better allocation of talalled for effective query processing.
First, a brief and general overview of data minmgresented followed by a specific
frequent pattern mining. Subsequently, the focuf$ssto closed frequent patterns and

how they could be employed to identify tables #rat mostly accessed together.
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Maximal-closed frequent itemsets will be closelyastigated because small frequent

itemsets are subsets of these maximal-closed itsmse

6.2 Association Rules Mining

Association rules mining is one of the most ativ&ctiata mining techniques [1,
2]; it was developed for market basket analysislatet has been adapted to different
interesting applications. Association rules minimgestigates the correlation between
items within the transactions in a given datab&se.any problem that can be modeled in
terms of transactions and items could be class#madng the applications of association
rules mining framework. Fortunately, the problemestigated in this dissertation could
benefit from association rules mining by considgiknown queries as transactions and
the tables defined in the data warehouse constitetset of items.

Given a database of transactions, such that eachaction contains a set of
items, the association rules mining process detesncorrelations of the form 3 Y,
such that X and Y are disjoint sets of items frowa investigated database. A correlation
X =>» Y is characterized by two parametesgpportandconfidence Support is the
percentage of transactions that contain all item$ U Y, by considering all the
transactions in the database. Confidence is theeptage of transactions that contain all
items in Y by considering only transactions thattam at least all the items in X. A rule
is worth further investigation if it has both highpport and high confidence as compared
to predefined minimum support and confidence valspscified mostly by the user who

is expected to be a domain expert. It is also ptssp derive the two parameters in an
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automated way by considering characteristics ofitita. However, this is outside the
scope of the work described in this dissertation.

Market basket analysis is one of the first appicet of association rules mining
[2]. Organizations that deal with transactionakdaitn at using the analysis outcome to
decide on better marketing strategies, to desi¢petygromotional activities, to make
better product shelving decisions, and above alstthese as a tool to gain competitive
advantage.

Agrawal et al [1] first introduced association radning or frequent itemset
mining in 1993, and since then it is one of thebpgms most investigated by researchers
in the data mining arena. During the past two desaskeveral research groups have
provided solutions to this problem in many différemays, e.g., [31, 40, 59, 60]. The time
and space scalability of the developed approacteztlyg vary based on their techniques
to mine the investigated databases. They mainfgrdii the number of database scans,
and hence the time consumed by the mining proesssegll as in the data structures they
use, which are mostly main memory resident. Allldteer mentioned performance
related issues are outside the scope of this théser because the main target is to
determine the maximal-closed frequent itemsetsrdégss of the performance of the

approach to be utilized.

6.3 Formal Definition

The immense popularity of the association rule ngmroblem lies in the fact
that it is probably one of the most practical neatld issues in recent applications. A

formal definition of the problem of associationewhining as given in [2, 31] can be
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stated as follows. Let I={j iz, ... , im} be a set of literals, called items, and let Dabset
of transactions, where each transaction T is afsegms such that[T I. Each transaction
in D is assigned a unique identifier, denoted TAQransaction T is said to contain an
itemset X if X T. The support of an itemset X in D, denoteg, is the fraction of
the total number of transactions in D that conkihet S(0<S<1) be a constant called
minimum support, mostly user-specified. An itemseés$ said to be frequent on D if
So(X) > S. The set of all frequent itemsets L(D,S) is miedi formally as,

L(D, S)={X| XOI1OSo(X) > S}

An association rule is a correlation of the formaXY, where XO I, Y O | and X
N'Y =@ The rule X=» Y has support Sin transactional database D 5% of the
transactions in D contains XUY. The rule=X Y holds in transactional dataset D with
confidence c if c% of the transactions that arB iand contain X also contain Y. Given a
set of transactions D, the problem of mining assam rules is to generate all
association rules that have support and confidgreater than (mostly user-specified)
minimum support (S) and minimum confidence (c)pessively. The association rule
mining task can be broken down into two steps:

Step lidentifies all frequent k-itemsets from the datsdyavhere k is the
cardinality of each itemset; and

Step 2generates rules from these large itemsets iratively straightforward
way. An association rule is specified as follows:

Rule form: “Body=>» Head [support, confidence]”.

These are two example associations:
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buys(x, “diapers”y® buys(x, “beers”) [0.5%, 60%)]

major(x, “CS”) ~ takes(x, “DB"y>» grade(x, “A”) [1%, 75%)]

A very naive and brute force approach for finditigraquent itemsets from a
particular database is to generate all possihhesigts from the database, and then check
the corresponding frequency of each itemset agtiesiatabase. But the problem with
this approach is that there can beandidate itemsets to be checked, and it is not
computationally or space efficient to determineftieguency of such huge number of
itemsets.

Over the past two decades, researchers in thisharesacome up with numerous
association rule mining algorithms in an attempeftaciently solve the problem, e.g.,

[31, 40, 59, 60]. Covering all association rule mgnapproaches is outside the scope of
this dissertation; interested readers may reféndditerature for comprehensive
coverage. In this chapter, the focus is describimg approach that has been extended for
finding maximal-closed itemsets which are the taojehe study covered in this

dissertation. Apriori is described as a simple atgm, though less efficient.

6.4 Apriori: A simple algorithm for finding frequent it emsets

The Apriori algorithm, see (Figure 6.1) makes nulétipasses over the data to
find frequent itemsets of all lengths. In the fpsiss, it counts the support (frequency) of
individual items and determines which ones of tleemlarge, i.e., satisfy the minimum
support constraint. In each subsequent pass,stthedarge itemsets generated from the
previous pass to produce the new potentially catdithrge itemsets, and counts the

support of these candidate itemsets to find owetlibat are indeed frequent.
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The Apriori Algorithm

Join Step: Cy is generated by joining L, ;with itself
Prune Step: Any (k-1)-itemset that is not frequent cannot be a subset of a frequent k-itemset

Pseudo-code:
Cy: Candidate itemset of size k

Ly : frequent itemset of size k

L, = {frequent items};
for (k = 1; Ly !=@; k++) do begin
Ck+1 = candidates generated from Ly;
for each transaction t in database do
increment the count of all candidates in C,,;, that are contained in t
Ly+; = candidates in Cy,; with min_support
end

return Uy Ly;

To understand how,., is generated from,, consider the following five frequent
itemsetsl;={abc, abd, acd, ace, bgdy self-joining: Ls*L 3, we produce the following
guadrables:

. abcd from abc and abd
. acde from acd and ace
Applying the pruning phase will eliminagéedebecaus@adeis not inLs; and as a

results, the outcome will b@,={abcdis a candidate that needs its frequency be checked
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Figure 6.1 Finding frequent itemsets from a set dive queries on six tables

The Apriori algorithm generates candidate itemsethe current pass by
considering large itemsets from the previous pasg @ he intuition behind this is based
on what is known as the Apriori-heuristic, whichtes that an itemset may be frequent if
all its subset itemsets are frequent. This candoe dby a self-join of the itemsets ir L
(frequent itemsets of length k) with itself and then pruning from the result any itemset
which all of its subsets are not ir.[This process results in generating a much smaller
number of candidate itemsets. Therefore, candgketteration consists of two steps: the
join step and the pruning step. After the prunitepsthe remaining candidates are
checked by scanning the database to determineftbgurencies. This process is
recursively repeated until it is not possible tagstouct more frequent itemsets.

The Apriori algorithm is level wise in nature. équires multiple database scans
to find the support count for a potentially largadidate itemset; this can be very time

consuming. Moreover, the Apriori algorithm requigenerating a large number of
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candidate itemsets at each level, especially ®tdthiels two and three; these can also be
considered as CPU and memory intensive tasks.

There are several other Apriori-like algorithms;tsias DHP [60], DCP [58], and
DCI [59], which mainly focus on improving the pemieance of mining by reducing the
candidate generation and/or by introducing speta structures that reduce the time for
counting the support of candidates. On the othedhalgorithms like DIC [9] and
CARMA [40] try to improve the performance by redugithe number of database scans.

The Apriori algorithm (as formally given next) iséwn as a candidate
generation-and-test approach method:

. Generate lengthké1) candidate itemsets from lendtlirequent itemsets
. Test the candidates against the DB

To illustrate the Apriori algorithm within the so@jpf this dissertation, consider
the example database of five queries shown in Eigut. Each query runs by utilizing
the tables listed in its row in the database ofigsgsee upper-left table in the Figure
6.1). This is a transactional database where #eeqfueries are the transactions and the
six tables are the items. The Apriori algorithmgdareturn sets of tables that are
frequently accessed together. The algorithm pracasdollows. First, the six singleton
candidate itemsets are determined with the frequeheach specified; only those that
satisfy the minimum support of 2 are retained agudent to be used in generating
candidate itemsets of size two. Then, the datafedgke five transactions) is scanned to
find the frequency of the latter candidate itemsgetsrder to keep only frequent pairs;
only four pairs survive as frequent and are usegkimerating the frequent itemset {T2,

T3, T5}; the other two triplets {T1, T2, T3} and {I T3, T5} are not frequent. As a
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result, by omitting the four singleton frequentitgets, we get five frequent itemsets,

namely {T1, T3}, {T2, T3}, {T2, T5}, {T3, T5} and {T2, T3, T5}.

6.5 Finding Maximal-Closed Frequent Itemsets

Redundancy is the main problem with keeping allfteguent itemsets as
described and enumerated in Section 6.3. In otleedsy the number of frequent itemsets
is directly related to the overlap between thedaations. As the overlap between the
transactions increases, the number of frequensiésnincreases. However, many of the
frequent itemsets may share the same frequencgatiaing this would help in
minimizing the number of frequent itemsets to maimby keeping only closed frequent
itemsets.

A frequent itemset is said to be closed if and ahitg support is different from
all its frequent supersets. An unclosed frequem#et has the same frequency as its
immediate closed frequent superset. Therefore glepikg only closed frequent itemsets
we will not lose any information. This is true basa the support of any itemset is less
than or equal to the support of its subsets andainatemset is frequent all its subsets
are also frequent. We are even not interested tlaged itemsets, we are rather
interested only in maximal-closed frequent items€kss will lead to the largest set of
tables that are frequently accessed together, whittte target of our study.

A frequent itemset is maximal-closed if and onlit it closed and none of its
supersets is frequent. Based on this, we keepdrgqiemsets of maximum size. By
considering the example in Figure 6.1, out of time ®numerated frequent itemsets only

six are closed frequent itemsets, namely {T3}, J{b1, T3}, {T2, T5}, {T3, T5} and
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{T2, T3, T5}. Finally, only {T1, T3} and {T2, T3, B} are maximal-closed frequent
itemsets.

The identified maximal-closed frequent itemsetd &l sufficient for determining
the frequency of each set of tables that are masttgssed together. This allows us to
concentrate only on sets of tables that either kl#fferent frequency, or once have same
frequency they do not totally overlap, i.e., nohéhem subsumes the other. From our
experience and as demonstrated by the conductitbtebe query performance has
been positively affected by considering closeddesy itemsets of maximum. In other
words, frequent itemsets, which are closed by tiedras but are subsumed by other
closed and maximal frequent itemsets have lesstaffethe performance compared to

the maximal-closed frequent itemsets.

6.6 Testing and Analysis

To demonstrate the effectiveness of the proposprbaph in practice, we
conducted some experiments using a synthetic caetrgf 1000 queries on 50 tables;
finding real data is very hard because this typeaté is very sensitive and hence highly
confidential. We have generated the data by réisigithe number of tables that could
appear in the same query was limited to be at 2@sthat is, one query may require
accessing at most 20 different tables, thoughactpre it is not more than four or five
tables. The aim is to demonstrate how the largebeunrof tables affects the result. This
experiment is intended to demonstrate the scalgbapplicability and effectiveness of
the proposed approaches for large database enwerdnd small database example is

illustrated in Figure 6.1 and the related analisiacluded in Section 6.5. Finally it is
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essential to mention that the actual structuth@tables and their attributes (columns)
do not directly affect the experiments as conductddis thesis because our main
concentration is on the usage of the tables. E#ldk ts treated as a single unit. Columns
and rows will be important to consider in the fet@nce we extend this work to consider
the columns and rows in the developed approaches.

The query set was generated to include queridsediorm:

Select *
FromT,, Ty, ..., Th

and each table Ti has the following structuréAi, A, -..,Aim)

wheren is an integer between 1 and 50 and e§cis an attribute with domain type
numeric or text; the number of attributes in eald ranges between 5 and 15 and the
number of tuples per table ranges between 1K af#.10he where clause is omitted in
the queries because we concentrate only on the wddgbles in the queries. The select
and where clauses will be considered in the futoek when we will expand the work to
cover columns and rows. Each of the 1000 quesed tn this experiment is generated
as follows. First, | generate a random number anchalize it into an integer, say
between 1 and 20 (maximum number of tables allowedquery). Second, | generate
random numbers and map each into a unique inteiee between 1 and 50 (number of
tables in the database). Third, | add to the geach table that corresponds to one of the
n integer values generated in the second step.|¥itla¢se three steps are repeated 1000
times for generating the 1000 queries to be usdgei®xperiments. An alternative way to
produce the query set could be by using the pratessribed in Agrawal et al. [2] for
generating transactional databases simulatingfdataarket basket analysis. The

nomenclature for the synthetic data produced byadgt et al.’s approach is TxxlyyDzz,
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where xx is the average transaction size, yyasatrerage size of maximal potentially
frequent itemset and zz is the size of the databdghin the realm of my application,
average transaction size corresponds to averagbaruwhtables per query, average size
of the maximal potentially frequent itemset is 8Bles and database size is 1000 queries.
| decided not to use this approach from Agrawall ebecause it was developed merely to
serve market basket analysis and hence it would haen a risk to overload it for

serving my target of producing queries for the expents conducted in this thesis.

800000

400000 \

200000 L

Number of Frequent Itemsets

Minimum Support Threshold (over1000)

Figure 6.2 Number of Frequent itemsets when supporange changes between 2 and
200 out of 1000

The model was constructed by using queries andgdblstand for transactions
and items, respectively. Thus, the produced trdimgeecitems matrix has two types of
entries: 1 to indicate that the table is used enghery and O otherwise. Then Apriori was
invoked with the mentioned matrix as input. The imum support threshold was varied

from 2 to 200 out of 1000 queries in order to disdhe most frequent sets of tables that
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appear together in at leastueries, whera varies from 2 to 200 queries. The result is
plotted in Figure 6.2, which shows how the numldrexjuent itemsets (tables that are
frequently accessed together) decreases as therstimgshold increases; singleton
frequent itemsets are not counted in the numbenaisin Figure 6.2. A large number of
frequent itemsets is produced for low values ofttireshold, and the number of frequent
itemsets sharply decreases as the threshold vadusases; it somehow stabilizes as the
minimum threshold approaches 60; it hits zero wiherminimum threshold value
increase above 175 (the number of frequent itentetieases to less than 10 after the
threshold increases beyond 150). This demonstiia¢eseed to consider only closed and
maximal frequent itemsets. For each threshold vaheelatter itemsets form smaller
subset compared to the total number of frequemntséts.

The curve plotted in Figure 6.2 is not very infotima as it reflects the whole
number of frequent itemsets. Instead, the curviguan Figure 6.3 shows the number of
frequent itemsets that are closed and maximal |dtker curve is more realistic to draw
conclusions from and to use as a basis for produmirery processing strategies.

The target is to find the tables that are mostbeased together. This will guide
the process by making the rest of the tables readg one of them is processed.
However, in practical scenarios, not more than fables are utilized in the same query
in practice. Thus, only maximal closed itemsets sehsize ranges from 2 to 5 could be

informative and hold the promise of practical vallleese are shown in Figure 6.4.



1200

1000 \

an N
300 %

Number of Maximal-closed Frequent ltemsets
{,
[}
[

Minimum Support Threshold (over 1000)

130

Figure 6.3 Number of maximal and closed Frequenté@msets when support range

changes between 2 and 200 out of 1000
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The domain expert who is going to apply this methogy is expected to specify
the minimum threshold value by deciding on hisfireference regarding the number of
gueries in which the tables in a given itemset napgiear together in order for the
itemset to qualify as frequent. By considering rieeximal-closed frequent itemsets of
size four, a small number of itemsets will be cdased. For the 1000 queries and 50
tables dataset, the minimum threshold value iats#00, 110 and 120. This approach
produced maximal closed itemsets of 32, 25 angpeaively and whose size ranges
from 2 to 5.Analyzing all the results plotted iretthree graphs obviously demonstrates
that considering a minimum threshold of 100 is adjohoice. Furthermore, this
approach affords the opportunity to concentrateenoor the analysis of a dataset of
manageable size. These itemsets are beneficiédidoptter for the tables that are mostly
retrieved together. Later on in Chapter sevenillabtrates how the maximal-closed
frequent itemsets of arbitrary size could be usetbnhstruct a social network that help in
better planning for the retrieval of tables that anostly utilized in the same queries.
However, it requires some extra work, but the dowawork analysis based approach as
described in Chapter seven forms a systematic attmhapproach for identifying
communities of tables that are mostly retrieveatbgr and in addition, the method

locates key tables in the system.
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Chapter SeverBUILDING AND ANALYZING SOCIAL NETWORK OF CLOSED
ITEMSETS OF TABLES

7.1 Introduction

The study of social networks started in sociolaggalyze social communities
of humans within different contexts, including sddnteractions, business
communications, international relations, politicedvements, etc. However, it is
applicable to every domain where the interacticgtsvben items can be represented
using a kind of network. The basic and the mosétamnsuming step in the process is to
build the social network. This is analogous todagabase design process where most of
the time is spent on understanding the problempaoducing the conceptual model.
Once built, the remaining steps of the databasgui@socess would follow a systematic
way to implement the database and put it into pracThe same is true for social
networks because the first step is model constmctind hence it is necessary to decide
correctly and clearly on elements of the model, elgrthe actors and the interactions
between them. Once built, we can apply different-adefined and tested measures to
study the characteristics of the social networlotimer words, social networks do exist
around us and we only need some skills and expddimodel them first and later on
analyse them for knowledge discovery.

Social networks are mostly analysed to discovelascommunities. Forming
communities is natural and common in different domaStationary actors
(interchangeably called individuals) whether talitequeries, words in documents,

pieces of code in projects, software developeesgompany, authors of manuscripts,
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items in stock, routers in a network, etc, couldybmuped together into social
communities. Graphs form the most attractive repregion to describe social networks.
Edges in the graph may represent social interagtiomganizational structures, physical
proximity, collaboration, or even more abstracemttions such as hyperlinks, similarity,
coexistence, etc.

The interesting part of social network analysis amading is the requirement for
multidisciplinary domain expertise from sociologyl], behavioural science, psychology,
statistics, mathematics, computer science, etdifkgna harmony between these
expertises is by itself challenging and requiréofeeffort. Researchers have already
applied this methodology to different domains, ,eageb mining [29, 50] and biological
networks [34], among others. The analysis leadslgable discoveries that may have
essential social and economical impact. From spaedpective, the discoveries may
highlight terrorism groups [17, 51, 56], common b&s, family relationships, social
functions, occupations, friendship, disease biomaketc [45]. From economical
perspective, the analysis may lead to certain tamggomer groups [47], the
development of effective drugs, identifying sucteissoftware development teams, etc.

For this thesis work, we have adapted the sociafor& model to study
communities of tables as social network. Our taigetalizing tables into social
communities for better analysis of their utilizatim queries for better system
performance in allocation of related tables in otdaetrieve them effectively once
needed.

We construct the social network of tables basetheroutcome from the mining

process described earlier in Chapter 6. Actually,developed model is general enough
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to be applied to any domain because it involvesrivain steps that are capable of
deriving the social network for any kind of datattfits the requirements of the frequent
itemset mining model. For instance, to identifycssful software development teams,
we can consider all the history of the so far catg projects. Each project represents a
transaction and all the software developers workanghe company are the items. We
use these transactions and items as the inpué taniting process described in Chapter 6
and the outcome will be the maximal-closed setoftivare developers who participated
together in most of the completed projects. Thearimal-closed itemsets could guide
us to decide on a successful team for the nexegr.ddowever, it is difficult, if at all
possible, to make decisions based directly on theimmal-closed frequent itemsets
because the process returns a large number of rakglosed frequent itemsets as
demonstrated by the test results described in @h&ptConsequently, we can use these
maximal-closed itemsets to construct a social ndtwbthe software developers; then
we can analyse the social network to find the Kayers and the communities of

software developers.

/ T3
T2

@
T6 T4

TS

Figure 7.1 The Social network for the six tables sl in the illustrative example in
Chapter 6
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As the scope of our work is data warehouse cornstruand development, we
have applied the same model to develop the soetalark of tables. Shown in Figure 7.1
is the social network for the six tables used mitlustrative example in Chapter 6. There
are two isolated tables, namely T4 and T6. On therchand, T3 is a key player table; it
is connected to T1 and it participates in a cligith T2 and T5. There are four
communities in this network: {T1, T3}, {T2, T3, T5JT4}, and {T6}. This result
happened to coincide with the result from the agialyn Chapter 6. This is not surprising
because small number of maximal-closed frequentséts have been used in building
the model. For a real larger setting, the resotnfthe social network would be more
compact and informative as demonstrated in the tegiorted later on in this chapter. In
other words, the results from the social networkletavould be at least as good as the
results from the maximal-closed frequent itemsetsieh

To construct the social network of tables, we higenhaximal-closed frequent
itemsets produced by the process described in €héptn other words, we produce a
matrix representation of the social network from thaximal-closed frequent itemsets by
finding for each pair of tables the number of maaditiosed frequent itemsets in which
the two tables occur together. Using the latterimatve construct the social network of
tables; then we analyse the network to find théeseommunities of tables. The
conducted experiment revealed interesting results.

The rest of this chapter is organized as follovexti®n 7.2 is an overview of the

social networks methodology. Section 7.3 describegproposed methodology for
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constructing the social network of tables. Sec@ighreports the analysis results on the 50

tables used in the experiments conducted in Chépter

7.2 Basic Methodology for Social Network Analysis

The study of social networks starts by definingghaup of items, called actors,
to be investigated; it is possible to have evamtsddition to actors; the latter setting
leads to different model. In other words, we mayehsocial networks modeling
interactions within one group of actors, or intéi@ts may cross to relate actors to events
and even to other actor groups. The former is dallee mode network and the latter
form a group of n-mode networks with n=2 as thetnsosnmonly used setting.

After identifying the actors, the second step idécide on how to model the
interactions between them; the latter decision dép®n different attributes to be picked
carefully; the process is application dependentitusddirectly related to the scope of the
study to be conducted. Given a group of actors\{iddals, animals, terms, plants, etc),
social network analysis examines the structureoias relationships in the given group
in order to discover the informal links between itheolved actors.

Joseph Moreno may be considered as the fatheic@ swtwork analysis
research due to his seminal work in 1934 [55]. Hmvethe area started to attract more
attention starting in the 1970s, and more recehtyinterest in social networks in
booming due to the evolution of online social netgo The main question could be
whether there will be tools and methods to effedyiymnodel and analyze the
exponentially growing social networks? In other dgyrwill the improvement and

advancement in the tools and methods evolve dtdsasst as the social networks
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themselves do? This is a legitimate question @iaes serious concerns because
discoveries due to social network analysis are eegeto shape the economy, the
research and every aspect of the daily life.

Graph theory [20] could be identified as encapsulaihe most powerful
concepts for modeling social networks; it couldsben as the main driving force for the
research related to social network analysis. Thougdn be directed a network is
generally modelled as an undirected graph wheresiogpresent actors/events in the
network and links simulate the interactions betwi#enactors/events. The links may
reflect either binary relationships (a missing linlicates no relationship) or weighted
connections to indicate the degree of the relabigm@vhich may be negative or
positive). A graph that represents a social ngtvisogenerally calledociogram

Once the model is constructed, social network amalyould be classified into
two categories, individual centric and group cenffine former starts the analysis from a
single actor as a key player in the network andistuits vicinity. The latter, on the other
hand, considers the whole group at once and sttitgaisteractions within the group as a
whole. The choice of which approach to follow deggenn whether the interest is in
studying the whole group at once or in identifyindividual leaders and use them to
influence the whole group. For instance, we magsthe correlation between different
terms in a course by analyzing how frequent thesesccur together in the same chapter
of the book; we may even fine-tune to considerigastor paragraphs instead of
chapters. We may also study the social commurofiestors in a play by the analysis of
how often they come together in the same scenketels Finally, it is possible to have a

social network represented as partite graph (bipagtaph is the most common) when it
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is intended to analyze the relationships betweengreups of entities, namely actors and
events or even two different groups of actors. Begmting social networks as bipartite
graphs is essential for some interesting applinatldke the patterns of patients' visits to
clinics, the referral of general practitioners pesialists, individuals visiting/joining
social clubs, link between genes and diseases, etc.

Formally a social network is represented as a gvagihweights, denoted
G=(V,E,W), whereV is the set of actors in the netwokkis the set of edges connecting
the actors to indicate relationship, aldis a V/|x|V| matrix of real values representing
the weights of the different links between tfpdctors; Wis neglected in a social
network with binary relationships between the atéor totally connected graphs,
E=(VxV), but in generalE[J(VxV). Once the graph is constructed, different metires
employed in the analysis for knowledge discovetye Tost commonly used metrics
include density, centrality [8, 27], and cliquentification (where every node is
connected to every other node in a clique).

Density is measured as the ratio of the numbedgés inE over the total number
of edges in a complete graph (whichM|(|V|-1) for a complete directed graph); density
gives an idea about cohesion. Density may alsqpkeal to subgroups by considering
subgraphs instead of the whole graph. Within a mafidy density measures in the
subgraph the ratio of the actual connections tp@dkible connections. Measuring the
density between two groups (subgraphs) is alsalpess

Centrality generally refers to the importance afiwidual actors in a given group.
Centrality may be also measured in terms of dedpetsyeenness [7, 37, 57], closeness

and eigenvector, which are demonstrated in Figiteegree is a simple measure
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realized for actoA as the number of actors connected wivided by the total number of

actors minus one (i.ew); degree is distinguished as in-degree and outedeof

V-1
each node in directed graphs. In case graph Gightegl, any of the three values in-
degree weight, out-degree weight, or gain in weaghitid be used to measure the degree
centrality. For actoA, and by considering each other adtdhe latter three weighted

measures are computed as:

in-degee(a) = ) Wia
out-degeg(a) = » Wali

gairHin-degee(a) = Z(\Nia—WaD

Closeness Centrality —
On the average close to

(] everyone else o ®
® ®
/ Betweenness Centrality 2 ®
Degree Centrality — - Gatekeepers Eigenvector Centrality
Well connected hubs — Who does (who you

know) know?

Figure 7.2 The four measures of centrality

Anthonisse [3] and Freeman [30] independently ohticed betweenness as a
measure of centrality for the analysis of sociaiwoeks; this measure only considers the

shortest paths in the graph. It refers to how amiactor could be considered as the hub
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of the network; this is determined by the numbesladrtest paths that pass via the given
actor. In other words, other actors do not haveadiink and must communicate via the

given actor. Formally, ladij be the shortest distance between two actansl],

VI V]
Oij(a) = ZZ(dij) is the set of shortest paths between all pairgtirai andj in the

[ |

VI V]
social network, andliaj = ZZ(dia+ daj) is the set of shortest paths that pass via actor

i

A and connedittoj, i.e., Uiaj O 0] ; the betweenness of actis computed as:

beéweennes®) = DD'—:?J

By considering connected actors (whether direatlydirectly), closeness
centrality can be computed by measuring of how ibmgll take information to spread
from a given actor to other reachable actors im#tevork. It is the ratio of the number of
links that an actor must follow to visit each oé tbther reachable actors in the network;
the actor is considered more central when its i@tidoseness is closer to 1, i.e., it is
directly connected to all reachable actors. Ondevidual groups are identified, it is
possible to study their overlapping members in otddigure out the interactions
between the different communities within the nekvdfaving interrelated communities
is preferred to isolated ones; this is equivalertaving fuzzy clustering which is a more
natural way of expressing membership for most weald applications.

Eigenvector centrality measures the importancenafaor in a social network. It
is computed based on the adjacency ma&triwhere entnAij=1 if i andj represent

adjacent (directly connected) actors in the sawédvork andAij=0 otherwise. On the
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other handAij=Wij for weighted graphs. The eigenvector centralityasuee for actoA,

denotedEa, is computed as:

1 1
Ea=—y TTw
A D (E)  AD (A xE))
i=1 j%a i=1

where A is a constant which is called the eigenvalue wherabove equation is written
in vector notation ade=A ; we are interested in the largest valueloaind the produced
eigenvectoiE will contain the eigenvector centrality measunedotorA.

For the study described in this thesis, we comthgenumber of times two tables
occur together in the same maximal-closed freqitemiset. This leads to a matrix that
represents a graph that links tables by considenihg connections that represent number
of occurrences greater than the average of albtbarrences reported in the matrix.
Then we try to find the communities of tables. Wmimate links that have frequency
below the average frequency in the model becaustamyet is to find important tables
that play a key role according to the trend presetite test set of queries. This is
analogous to failing students who score below tlegage in the exam. It is more
effective than dropping links based on a prespatifhreshold value. Actually, the

average is a built-in threshold that incorporatesracteristics of the analyzed domain.

7.3 Constructing Social network of Tables

The outcome from the maximal-closed frequent itémsaing process is a rich

source of information for constructing a sociahnatk.
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Assume the frequent itemset mining process produnaximal-closed frequent
itemsets, saMC;, MC,, ..., MC,. Using this information, we use the existimgables,
sayTy, Ty, ..., Ty, to construct a matrix Mmaxm to include one row and one column per
table. Entries in matrix M are computed by considgeach maximal-closed frequent
itemset MG (k=1,n) and increment M(i,j) by 1 if the pair of tablesahd Tj exist inside
the same maximal-closed frequent itemset. In atloeds, M(i,j)=r, for all Ki<m and
1<j<m, where &r<n is the number of maximal-closed frequent itemsetghich the pair
of tables (Ti,Tj) exist together. It is obvious tid(i,i)=n for all 1<i<m; but we drop this
self reference from consideration by setting tmzal entries along the diagonal of the
matrix. After all entries in M are determined, wantpute the average, say Av of all the
values in M as follows:

> YMED)

AV— i:l =1
m

2

Based on the comparison of each entry in M with e reset some entries in M
to zero; we mainly set M(i,j)=0 if and only if Mjji<Av.

The revised matrix M represents the adjacency mafrihe actual social network
where there exists an edge between tables Ti arfcai@ only if M(i,j)>0. After M is
transformed into adjacency matrix, we construai@as network. Then we analyze the
social network in order to discover the major comitias of tables and the key players
as individual tables.

In the rest of this chapter, we discuss the cortliekperiments. We highlight the

results of our approach and evaluate its effecagsrand applicability. We applied the
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methodology described above on the 50 tables dethisady utilized in the experiments
conducted in Chapter 6. We used the maximal-clfreegient itemsets produced when
the minimum support threshold was set at 10%,areitemset of tables is frequent if its
tables appear together in 100 of the given 1000iegieNe have chosen 10% because the
curves plotted in Figures 6.2, 6.3 and 6.4 staddie smoother at around 10%.

Using a smaller threshold will increase the amadntformation to be processed
and increasing the threshold value will limit theaunt of information to be used in
constructing the network and hence will not leadftective and informative results. In
other words, the minimum support threshold increasethe number of maximal-closed
frequent itemsets decreases and vice versa.

From the conducted tests, it is obvious that 108gsod choice to get enough

links in the network. The constructed network iewh in Figure 7.3.

‘T3 5

Figure 7.3 The Social network for the 50 tables uslen the experiment; the links
reflect the correlation between the tables when théreshold is set to 10% in the
mining process described in Chapter 6
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The outcome from the process is a set of 20 oveitgpcommunities. The
communities do overlap because some tables ardynutiized together in queries and
the same table may belong to two different comniemivith a degree of membership per
community. This degree of membership is computeddmsidering the number of ties a
particular table has within the community. All ttadles within a community share the
100% degree of membership in the community. Fohn éalgle, we compute its degree of
membership in the community by dividing its degogethe sum of the degrees of the
tables in the community. We present in Sectiom7ofe analysis of the individual tables

and their role in the social network. There are fxample communitiegTs, T8, T9, T22,

T23,T24,T33}-{T6,T9, T21, T37, T42, T45} — {T5, T6, T11, T13, T14, T16, T19} - {T6, T7,
T9, T10, T12, T13, T19}.

The distribution of tables into overlapping comntigs in some sense resembles
fuzzy clustering where an object may belong to ntlbam one cluster. The overlapping
reflects a natural phenomenon rather than forcaw ¢able to belong to one community.
We analyzed further the communities and the tab&sfigured out that each table has
high degree of membership in only a limited nhumifesommunities. This method
produces a more stable result compared to thenfieshod, which produced the maximal-
closed frequent itemsets, though this method requirore effort and processing time.
Determining the maximal-closed frequent itemsetcisially a pre-processing step that
prepared the data for this social network basedhoaetThen it is the choice of the

domain expert whether to depend on the maximakddsequent itemsets and analyze
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them directly (merging them based on Jaccard disjaior to derive a social network and
then analyze the social network for more comprefkerdiscoveries.

Comparing the results produced by the two methedsecognized the overlap
between the communities and some of the maximakeddrequent itemsets. However,
the social network analysis based approach repoaddition to the result a membership
degree in the community; this gives the domain ebqueidea of how much a given table
is linked to its community. On the other hand, saaheasure is missing in the maximal-
closed itemsets based approach. Hence, we coulé #ngt it might be worth spending
the extra effort to get the extra informative knedde out of the communities in the

social network.

7.4 Analyzing the Social network of Tables

We can gain more knowledge about the analyzedgddylé¢horough investigation
of the constructed social network. For this purpeseevaluated the location of the
tables in the network by computing a number of messsthat will help us in revealing
the importance of the different tables. In otherdgp these measures give us insight into
the various roles and groupings of the tablesemtttwork, including the connectors,
major and periphery tables, bridges, etc.

By considering the network shown in Figure 7.3, tvaales (tables) are said to be
connected if they are frequently used togethehnéndueries. For instance, the analysis of
the 1000 input queries revealed the fact that $28gularly used together with T32, but
not with T4. Therefore, T25 and T32 are connedbeitthere is no direct link between

T32 and T4. The effectiveness of this network igdseinderstood by considering the
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different analysis measures, namely degree cenptraktweenness centrality, closeness

centrality and clustering coefficient.

7.4.1Degree Centrality

For ease of computation, we use degree centraitg@number of direct
connections a node has; the rightmost two columisble 7.1 report the degree of
every table in the network. Nineteen tables haygakeseven; these tables have the most
direct connections in the network. Each of them @®nnector or hub in this network.
Hubs are nodes with high degree and betweenessligntA network centralized
around a well connected hub can fail abruptly &@tthub is disabled or removed; this
concept does not apply in our case because we@einterested in how tightly the

tables are linked together.

Degree centrality is only one aspect of the evaugtrocess. That is, other
measures will lead to a complete analysis of theork and will help in reporting the
most important tables. For instance, the clustecogfficient (covered in Section 7.4.4)
explains the value of a degree because a high el@egtle high clustering coefficient
value is good indicator of a key node in the nekwdihe relationship between the

centralities of all nodes can reveal much aboubtrerall network structure.

7.4.2Betweenness Centrality

The betweenness centrality is concerned with tbation of every table in the
network. Such tables should be handled differdoylynaking their access easier and

more flexible compared to the other tables; they beneeded the most.



Table 7.1 Major centrality measures and clusteringoefficient for nodes of the
social network shown in Figure 7.3

Table | Closeness [§| Table | Betweenness Table | Clustering Coefficient |§| Table Degree
T6 0.60 T6 0.10 T6 0.44 T6 7
T7 0.56 T25 0.10 T8 0.27 T7 7
T21 0.54 T39 0.10 T19 0.24 T8 7
T45 0.54 T42 0.09 T9 0.23 T9 7
T8 0.53 T45 0.07 T7 0.22 Ti1 7
T9 0.52 T21 0.07 T13 0.13 T13 7
T16 0.51 T20 0.06 T14 0.12 T14 7
T19 0.51 T7 0.05 T21 0.12 T15 7
T20 0.51 T33 0.04 T16 0.11 T16 7
T13 0.50 T16 0.04 T45 0.10 T17 7
T14 0.49 T13 0.04 Ti1 0.08 T18 7
T24 0.49 T34 0.04 T42 0.08 T19 7
T22 0.48 T8 0.04 T18 0.08 T21 7
T25 0.48 T14 0.03 T24 0.07 T22 7
T42 0.48 T9 0.03 T25 0.07 T23 7
T17 0.47 T24 0.03 T23 0.06 T24 7
T23 0.47 T38 0.03 T15 0.06 T25 7
T39 0.47 T37 0.03 T22 0.06 T33 7
T5 0.47 T15 0.02 T17 0.05 T45 7
Ti1 0.47 T1 0.02 T1 0.04 T10 6
T10 0.46 T5 0.02 T20 0.04 T42 6
T15 0.46 T19 0.02 T41 0.04 T1 5
T18 0.46 T17 0.01 T33 0.03 T5 5
T46 0.45 T18 0.01 T38 0.03 T20 5
T37 0.44 T46 0.01 T10 0.03 T32 5
T38 0.44 T44 0.01 T40 0.02 T34 5
T41 0.43 T32 0.01 T43 0.01 T37 5
T44 0.43 T22 0.01 T39 0.01 T38 5
T1 0.43 T23 0.01 T46 0.01 T39 5
T32 0.43 T41 0.01 T2 0.01 T40 5
T33 0.42 Ti1 0.01 T12 0.01 T41 5
T40 0.41 T29 0.01 T44 0.01 T43 5
T12 0.40 T2 0.01 T37 0.01 T44 5
T34 0.40 T43 0.00 T34 0.01 T46 5
T43 0.40 T10 0.00 T32 0.00 T12 4
T47 0.40 T40 0.00 T47 0.00 T2 4
T48 0.38 T47 0.00 T5 0.00 T47 4
T2 0.36 T26 0.00 T48 0.00 T3 3
T3 0.36 T3 0.00 T26 0.00 T29 3
T29 0.35 T50 0.00 T27 0.00 T30 3
T30 0.35 T49 0.00 T28 0.00 T48 3
T36 0.34 T30 0.00 T29 0.00 T26 2
T49 0.33 T48 0.00 T3 0.00 T36 2
T50 0.33 T36 0.00 T30 0.00 T49 2
T4 0.32 T12 0.00 T31 0.00 T50 2
T31 0.32 T27 0.00 T35 0.00 T4 1
T26 0.30 T28 0.00 T36 0.00 T27 1
T27 0.28 T31 0.00 T4 0.00 T31 1
T28 0.00 T35 0.00 T49 0.00 T28 0
T35 0.00 T4 0.00 T50 0.00 T35 0

147
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A table is important by considering the betweenmesgrality if it is a real
connector, i.e., once dropped will lead to discatioa in the network. The overall
betweenness centrality of the network shown in legu3 is 0.08. Only four tables have
betweenness centrality higher than this reportégdork betweenness centrality. So, it is
worth commenting on their importance in connectiotin the degree centrality. For
instance, the two tables T23 and T6 have high @ecgatrality. While table T6 maintains
its leadership under betweenness centrality, Tapmkd to the bottom side of the list as
shown in Table 7.1. On the other hand, T39 is gromant node by considering the
betweenness centrality though it is not in theligtreported by the degree centrality.
Actually, a node with high betweenness centralég reat influence over what flows
and what does not flow in the network; it may bareecting at least two partitions in the
network. Thus, dropping some nodes with high behmess centrality may partition the
network. These may be looked at as service tabdsate needed together with tables in

each group.

7.4.3Closeness Centrality

Closeness centrality gives information about diegad indirect connectivity
within the network. A table with high closenesstcality is close to all the tables in the
network; it has the shortest paths to all otheris.ihvolved in most queries. Surprisingly,
T6 has the highest closeness centrality and thi&roos the key role played by T6 in the
gueries used in constructing the social networku&lty, this network is well connected;
its diameter is five, which is the longest of tihedest paths in the network; it extends

between T2 and T27.
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7.4.4Clustering Coefficients

The clustering coefficient of a node in a graphrdiii@s how close its neighbours
are to being a clique (complete graph). Two clustecoefficient measures are supported
by most of the social network tools, namely CC1 @&P which are computed by

considering 1-neighbourhood and 2-neighbourho@heetively. Formally,

where E| is the number of links connecting vertices whach direct neighbours of vertex
v, [F| is the number of links connecting vertices whach direct neighbours efor direct
neighbours of the direct neighbourswpaindd(v) is the number of links directly
connected to vertex

In this study, we used onfyC1 This measure reflects the connectivity of each
table with its direct neighbour tables. Again, $6he table most connected to its

neighbours, i.e., its participation in the queigehigh.

7.5 Conclusion

The study described in this chapter demonstrategadohver of the social network
model as a powerful framework for knowledge disecgv&he different measures
computed lead to a clear understanding of the ladiwas between the actors in the social

network, tables in the study covered in this chapising maximal-closed frequent
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itemsets for deriving the links in the social netkgproduced consistent results because
the link between any two tables directly refletts humber of maximal-closed itemsets
hosting both tables. Thus, links reflect the corhpresive correlations between the tables.
Therefore, the discoveries reported by the so@alkark model based approach
described in this chapter would serve as excefjartte to the database administrator
(DBA) while deciding on the storage and retrievialables. Tables that form social
communities or are alternatively members of theesalbsed-maximal itemset should be
stored in the same storage level such that thepeatcessed together with minimum
latency. Without such analysis, the DBA will hawecalue how the tables should be
organized in secondary storage. This will havatp@simpact on the overall

performance.
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Chapter EightSUMMARY, CONCLUSIONS AND FUTURE RESEARCH
DIRECTIONS

The work undertaken in this dissertation has oetliand emphasized the data
warehouse as a need for organizations willing teelem effective and attractive
information repository. Related to data warehalesign and development, the different
aspects that should be considered by experts auatitmner are described in the
dissertation. An application in the GIS field h&eb presented to demonstrate the power
of data warehouse development. At the end, thestiedudes two different approaches
that could successfully identify sets or commusiti¢ tables that are mostly accessed

together in order to prepare for better performasmoee one of them is accessed.

8.1 Summary and Conclusions

The work presented in this dissertation could he@d reference for developers,
users and practitioners interested in improvingy thi®rage and retrieval capabilities.
Maintaining consistency, minimizing redundancy, ang@roving performance may be
enumerated among the main factors that should pieitkkenind while developing
database solutions for large organizations. Regasdiow comprehensive and acceptable
a database design is, it immediately losses iexgifeness and becomes unacceptable
and harmful once the database consistency is gunestie. In other words, no one will
keep and maintain an inconsistent database; gdkess and misleading.

Consistency is directly related to redundancy. ifioee redundant a database

design is, the more the contents are subject torbednconsistent. Therefore, one of the
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main themes to keep in mind before starting a @allesign project is how to minimize
redundancy. Redundancy could be directly minimizggtaying away from isolate
database applications within a large organizattogood and solid design would rather
bring all database requirements of the organizatimer the same umbrella. Though this
is time and effort consuming at the very early esagt is very rewarding once it comes to
put the database in practice and it is very aitradater on when database maintenance
becomes a need.

Data warehouse development has been discusseel finsthpart of this
dissertation as a very effective approach thataceutcessfully lead to minimized
redundancy. The best design is the one that al&ise most duplicating primary keys
of tables in using them as foreign keys to simuliates/relationships between different
entities. A data warehouse collects all databasgonents of the organization. Then it
becomes more flexible to utilize the data for pradyg at large reports.

Having a data store that satisfies the consistandyminimized redundancy
requirements is essential and vital but not enoBginformance turn into a major issue
once a consolidated and integrated data store@ext. Thus, the second part of this
dissertation is dedicated to some novel solutibaswould help in tackling the
performance issue with large databases. The maxdloséd frequent itemsets mining
approach combined with the Jaccard distance basegration produced satisfactory
results for deciding on storage and retrieval sgeaahat would lead to better
performance. However, the social network model thaggproach leads to more concise
and comprehensive results that are at least asapthe first approach. In other words,

the maximal-closed frequent itemsets based apprisacpre-processing step for the
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social network model based approach. The two appesawould produce almost the
same result for small datasets as demonstratedume=7.1 which coincides with the
result from Chapter 6. However, the result fromghbeial network model based approach
becomes more attractive to consider once the $iteaataset grows large.

Frequent pattern mining and social network analgsisstruction and analysis
outcomes identify candidate tables and table @ratiips for adjustments in design
patterns focused on usage or query performancmigatiion. DBA design principles are
predominantly geared toward storage optimizatiath aescommodation of known or
predicted usage patterns. Frequent pattern mimdgacial network analysis elaborates
on the known and predicted usage patterns to fge¢he unpredicted linkages. Resulting
design pattern optimization can take many form$ sickey and index realignment, in-
memory placement, targeted aggregation, etc. Diksuecome is holistic view of usage
patterns dictating design patterns.

To sum up, this dissertation could be a self coethireference for data
warehouse development. It covers everything froenbidsics to more advance
performance related issues. The GIS applicationdvoe a good guide for how it is
possible to incorporate data warehouse as effestgion. Every chapter is almost self
contained and this turns the document into moracitve source for readers who are
interested in particular problems address in tlesifh) they would pick and read particular

chapter(s) to their interest instead of forcingihe read the whole document at once.
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8.2 Future Work

This document though self contained, it lays doleliasics for a number of
research problems that could be investigated.

Similar to the GIS application, several other aggtibns could be developed
using the hybrid data warehouse architecture artiodelogy described in this thesis.
We plan to apply the same methodology in the bankimd finance domains.

Though the approaches presented and discussedpteZlé and Chapter 7 have
been demonstrated on tables, the maximal-closegdédre itemsets approach and the
social network model based method are general énimuige applied to columns and
rows of tables as well as to other domains. Orteefirst tasks | am planning to
accomplish is to concentrate on columns and rowsobgidering the same datasets used
in the experiments described in Chapter 6 and @nhaptThis may lead to better vertical
and horizontal partitions of the tables. After exting the frequent pattern mining model
and the social network method to cover columnsrand, we will apply the outcome on
the GIS tables described in Chapter 4 as well lasr@pplication domains. Such an
extended approach is anticipated to lead to impofiadings that could guide the DBA
as well as the database designer. The databagmeesiill get an insight about the
columns that are mostly used together and hendemiduce a better database vertical
partitioning and design. The outcome from the zaifion of rows will guide the DBA
while deciding on the horizontal partitioning oflimidual tables. As a result, though the
frequent pattern mining and social network basedetsohave been developed for
performance improvement within the realm of therit/blata warehouse environment

described in this thesis, they are very usefutieractual database design and will be
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used in building a comprehensive tool capable etkimg an existing design and
suggesting revised design to be adapted while miaing an existing database design.

Away from the database design, we will investigaeeapplicability of the two
approaches presented in Chapter 6 and Chaptah@ lmusiness domain by developing a
solution capable of suggesting the best developtean for the next software project as
outlined in Chapter 7. This is a very crucial apalion that would highly benefit from

the combined.
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APPENDIX

A list of the abbreviations for each of the Topabtadly Integrated Geographic Encoding

and Referencing (TIGER) data layers described iap@dr 4.

Layer Name Abbreviation
Line Features - Roads kA
Line Features - Rails kB
Line Features - Misc. Transport IkC
Line Features - Landmarks kD
Line Features — Physical IkE
Line Features — Non-visible IkF
Line Features — Hydrography IkH
Line Features — Unknown kX
County 1990 cty
County - Current ctycu
County 2000 cty00
Census Tracts 1990 trt
Census Tracts 2000 trt00
Block Groups 1990 arp
Block Groups 2000 grp00




Census Blocks 1990 blk
Census Blocks 2000 blk0O
Designated Places 1990 plc
Designated Places 2000 plcO0
Designated Places — Current plccu
County Census Divisions — Current ccdcu
County Census Divisions 2000 ccd0o
Voting Districts vot
Voting Districts 2000 vot00
Indian/Alaska Native Areas air00
American Indian Tribal Subdivisions aits
American Indian/Alaska Native Areas air
American Indian/Alaska Native Areas - Currgaitcu
Alaskan Native Regional Corporations arc
Key Geographic Locations kgl
Landmark Polygons Ipy
Landmark Points Ipt
Traffic Analysis Zones taz
Urban Areas urb
Consolidated Cities city
School Districts — Elementary elm
School Districts — Middle mid
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School Districts — Secondary sec
School Districts — Unified uni
Water Polygons wat
CMSA/MSA Polygons 2000 msa00
PMSA Polygons 2000 pms00
Congressional Districts — 166 cd106
Congressional Districts — Current cdc
State House Districts hse
State Senate Districuts sen
Oregon Urban Growth Area uga
Census 2000 Collection Blocks colblk
ZIP Code Tabulation Areas zcta
State Legislative District Lower Chamber | sldl
State Legislative District Upper Chamber |sldu
Alternate Feature Names alt
Address Matching Info add2
ZIP+4 Left and Right Info zip
Key Geographic Location Addresses add
Landmark Polygon Names Ipy2
Landmark Polygons — Multi-landmark Ipy3
Water Polygons — Multi-names wat2
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