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1. Introduction

he concept of the Data Warehouse emerged in the 1980s as technology enabled organizations to

integrate data from a range of sources into a common data model. Integrated data promised to provide

insight into operational processes and open up new possibilities for leveraging data to make decisions
and create organizational value. As importantly, data warehouses were seen as a means to reduce the
proliferation of decision support systems (DSS), most of which drew on the same core enterprise data. The
concept of an enterprise warehouse promised a way to reduce data redundancy, improve the consistency of
information, and enable an enterprise to use its data to make better decisions.
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Data Warehousing and Business Intelligence

Definition: Planning, implementation, and managing an integrated data system to support
knowledge workers engaged in reporting, query, and analysis.

Goals:

|.To build and maintain the data system with the technical and business requirements needed to deliver

integrated data that supports operational functions, compliance, and business intelligence.
2.To create insights to support and enable effective business analysis and decision making.
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Figure 79 Context Diagram: DW /BI

Data warehouses began to be built in earnest in the 1990s. Since then (and especially with the co-evolution of
Business Intelligence as a primary driver of business decision-making), data warehouses have become
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‘mainstream’. Most enterprises have data warehouses and warehousing is the recognized core of enterprise data
management.®® Even though well established, the data warehouse continues to evolve. As new forms of data
are created with increasing velocity, new concepts, such as data lakes, are emerging that will influence the
future of the data warehouse. See Chapters 8 and 15.

1.1 Business Drivers

The primary driver for data warehousing is to support operational functions, compliance requirements, and
Business Intelligence (BI) activities (though not all BI activities depend on warehouse data). Increasingly
organizations are being asked to provide data as evidence that they have complied with regulatory
requirements. Because they contain historical data, warehouses are often the means to respond to such
requests. Nevertheless, Business Intelligence support continues to be the primary reason for a warehouse. BI
promises insight about the organization, its customers, and its products. An organization that acts on knowledge
gained from BI can improve operational efficiency and competitive advantage. As more data has become
available at a greater velocity, BI has evolved from retrospective assessment to predictive analytics.

1.2 Goals and Principles
Organizations implement data warehouses in order to:

e Support Business Intelligence activity
e Enable effective business analysis and decision-making
¢ Find ways to innovate based on insights from their data

The implementation of a Data Warehouse should follow these guiding principles:

e Focus on business goals: Make sure DW serves organizational priorities and solves business
problems.

e Start with the end in mind: Let the business priority and scope of end-data-delivery in the BI space
drive the creation of the DW content.

e Think and design globally; act and build locally: Let end-vision guide the architecture, but build and
deliver incrementally, through focused projects or sprints that enable more immediate return on
investment.

¢ Summarize and optimize last, not first: Build on the atomic data. Aggregate and summarize to meet
requirements and ensure performance, not to replace the detail.

e Promote transparency and self-service: The more context (Metadata of all kinds) provided, the
better able data consumers will be to get value out of the data. Keep stakeholders informed about the
data and the processes by which it is integrated.

e Build Metadata with the warehouse: Critical to DW success is the ability to explain the data. For
example, being able to answer basic questions like “Why is this sum X?” “How was that computed?”

83 http://bit.ly /2sVPIYr.
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and “Where did the data come from?” Metadata should be captured as part of the development cycle
and managed as part of ongoing operations.

e Collaborate: Collaborate with other data initiatives, especially those for Data Governance, Data
Quality, and Metadata.

¢ One size does not fit all: Use the right tools and products for each group of data consumers.

1.3 Essential Concepts

1.3.1 Business Intelligence

The term Business Intelligence (BI) has two meanings. First, it refers to a type of data analysis aimed at
understanding organizational activities and opportunities. Results of such analysis are used to improve
organizational success. When people say that data holds the key to competitive advantage, they are articulating
the promise inherent in Business Intelligence activity: that if an organization asks the right questions of its own
data, it can gain insights about its products, services, and customers that enable it to make better decisions about
how to fulfill its strategic objectives. Secondly, Business Intelligence refers to a set of technologies that support
this kind of data analysis. An evolution of decisions support tools, BI tools enable querying, data mining,
statistical analysis, reporting, scenario modeling, data visualization, and dashboarding. They are used for
everything from budgeting to advanced analytics.

1.3.2 Data Warehouse

A Data Warehouse (DW) is a combination of two primary components: An integrated decision support
database and the related software programs used to collect, cleanse, transform, and store data from a variety of
operational and external sources. To support historical, analytical, and BI requirements, a data warehouse may
also include dependent data marts, which are subset copies of data from the warehouse. In its broadest context,
a data warehouse includes any data stores or extracts used to support the delivery of data for BI purposes.

An Enterprise Data Warehouse (EDW) is a centralized data warehouse designed to service the BI needs of the
entire organization. An EDW adheres to an enterprise data model to ensure consistency of decision support

activities across the enterprise.

1.3.3 Data Warehousing

Data Warehousing describes the operational extract, cleansing, transformation, control, and load processes that
maintain the data in a data warehouse. The data warehousing process focuses on enabling an integrated and
historical business context on operational data by enforcing business rules and maintaining appropriate
business data relationships. Data warehousing also includes processes that interact with Metadata repositories.

Traditionally, data warehousing focuses on structured data: elements in defined fields, whether in files or tables,
as documented in data models. With recent advances in technology, the Bl and DW space now embraces semi-
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structured and unstructured data. Semi-structured data, defined as electronic elements organized as semantic
entities with no required attribute affinity, predates XML but not HTML; an EDI transfer could serve as an
example. Unstructured data refers to data that is not predefined through a data model. Because unstructured
data exists in a range of formats and encompasses items such as e-mail, free format text, business documents,
videos, photos, and web pages to name a few, defining a feasible storage construct that sustains analytic
workloads within warehousing governance has been a challenge yet to be overcome.

1.3.4 Approaches to Data Warehousing

Much of the conversation about what constitutes a data warehouse has been driven by two influential thought
leaders — Bill Inmon and Ralph Kimball — who have different approaches to modeling and developing
warehouses. Inmon defines a data warehouse as “a subject-oriented, integrated, time-variant and non-volatile
collection of data in support of management’s decision-making process.”® A normalized relational model is
used to store and manage data. Kimball defines a warehouse as “a copy of transaction data specifically
structured for query and analysis.” Kimball’s approach calls for a dimensional model. (See Chapter 5.)

While Inmon and Kimball advocate different approaches to building warehouses, their definitions recognize
similar core ideas:

e Warehouses store data from other systems

e The act of storage includes organizing the data in ways that increase its value

e Warehouses make data accessible and usable for analysis

e Organizations build warehouses because they need to make reliable, integrated data available to
authorized stakeholders

e Warehouse data serves many purposes, from support of workflow to operational management to
predictive analytics

1.3.5 Corporate Information Factory (Inmon)

Bill Inmon’s Corporate Information Factory (CIF) is one of the two primary patterns for data warehousing. The
component parts of Inmon’s definition of a data warehouse, “a subject oriented, integrated, time variant, and
nonvolatile collection of summary and detailed historical data,” describe the concepts that support the CIF and
point to the differences between warehouses and operational systems.

e Subject-oriented: The data warehouse is organized based on major business entities, rather than
focusing on a functional or application.

e Integrated: Data in the warehouse is unified and cohesive. The same key structures, encoding and
decoding of structures, data definitions, naming conventions are applied consistently throughout the
warehouse. Because data is integrated, Warehouse data is not simply a copy of operational data.
Instead, the warehouse becomes a system of record for the data.

64 http://bit.ly/1FtgelL, last accessed 2,/27/2016.
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¢ Time variant: The data warehouse stores data as it exists in a set point in time. Records in the DW
are like snapshots. Each one reflects the state of the data at a moment of time. This means that
querying data based on a specific time period will always produce the same result, regardless of when
the query is submitted.

e Non-volatile: In the DW, records are not normally updated as they are in operational systems.
Instead, new data is appended to existing data. A set of records may represent different states of the
same transaction.

e Aggregate and detail data: The data in the DW includes details of atomic level transactions, as well
as summarized data. Operational systems rarely aggregate data. When warehouses were first
established, cost and space considerations drove the need to summarize data. Summarized data can
be persistent (stored in a table) or non-persistent (rendered in a view) in contemporary DW
environments. The deciding factor in whether to persist data is usually performance.

e Historical: The focus of operational systems is current data. Warehouses contain historical data as
well. Often they house vast amounts of it.

Inmon, Claudia Imhoff, and Ryan Sousa describe data warehousing in the context of the Corporate Information
Factory (CIF). See Figure 80. CIF components include:

e Applications: Applications perform operational processes. Detail data from applications is brought
into the data warehouse and the operational data stores (ODS) where it can be analyzed.

e Staging Area: A database that stands between the operational source databases and the target
databases. The data staging area is where the extract, transform, and load effort takes place. It is not
used by end users. Most data in the data staging area is transient, although typically there is some
relatively small amount of persistent data.

e Integration and transformation: In the integration layer, data from disparate sources is transformed
so that it can be integrated into the standard corporate representation / model in the DW and ODS.

e Operational Data Store (ODS): An ODS is integrated database of operational data. It may be sourced
directly from applications or from other databases. ODS’s generally contain current or near term data
(30-90 days), while a DW contains historical data as well (often several years of data). Data in ODS’s
is volatile, while warehouse data is stable. Not all organizations use ODS’s. They evolved as to meet
the need for low latency data. An ODS may serve as the primary source for a data warehouse; it may
also be used to audit a data warehouse.

e Data marts: Data marts provide data prepared for analysis. This data is often a sub-set of warehouse
data designed to support particular kinds of analysis or a specific group of data consumers. For
example, marts can aggregate data to support faster analysis. Dimensional modeling (using
denormalization techniques) is often used to design user-oriented data marts.

e Operational Data Mart (OpDM): An OpDM is a data mart focused on tactical decision support. It is
sourced directly from an ODS, rather than from a DW. It shares characteristics of the ODS: it contains

current or near-term data. Its contents are volatile.
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Data Warehouse: The DW provides a single integration point for corporate data to support
management decision-making, and strategic analysis and planning. The data flows into a DW from the
application systems and ODS, and flows out to the data marts, usually in one direction only. Data that
needs correction is rejected, corrected at its source, and ideally re-fed through the system.

Operational reports: Reports are output from the data stores.

Reference, Master, and external data: In addition to transactional data from applications, the CIF
also includes data required to understand transactions, such as reference and Master Data. Access to
common data simplifies integration in the DW. While applications consume current master and
Reference Data, the DW also requires historical values and the timeframes during which they were
valid (see Chapter 10).

Figure 80 depicts movement within the CIF, from data collection and creation via applications (on the left) to
the creation of information via marts and analysis (on the right). Movement from left to right includes other

changes. For example,

The purpose shifts from execution of operational functions to analysis

End users of systems move from front line workers to decision-makers

System usage moves from fixed operations to ad hoc uses

Response time requirements are relaxed (strategic decisions take more time than do daily operations)
Much more data is involved in each operation, query, or process

The data in DW and marts differs from that in applications:

Data is organized by subject rather than function

Data is integrated data rather than ‘siloed’

Data is time-variant vs. current-valued only

Data has higher latency in DW than in applications

Significantly more historical data is available in DW than in applications

Historical

Reference Data

Reference Data

Applications Data Marts
3 Analysis
> 1 &
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O — App +— g Exploratory
c | .
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Figure 80 The Corporate Information Factory
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1.3.6 Dimensional DW (Kimball)

Kimball’s Dimensional Data Warehouse is the other primary pattern for DW development. Kimball defines a
data warehouse simply as “a copy of transaction data specifically structured for query and analysis” (Kimball,
2002). The ‘copy’ is not exact, however. Warehouse data is stored in a dimensional data model. The
dimensional model is designed to enable data consumers to understand and use the data, while also enabling
query performance.® It is not normalized in the way an entity relationship model is.

Often referred to as Star Schema, dimensional models are comprised of facts, which contain quantitative data
about business processes (e.g., sales numbers), and dimensions, which store descriptive attributes related to fact
data and allow data consumers to answer questions about the facts (e.g., how many units of product X were
sold this quarter?) A fact table joins with many dimension tables, and when viewed as a diagram, appears as a
star. (See Chapter 5.) Multiple fact tables will share the common, or conformed, dimensions via a ‘bus’, similar
to a bus in a computer.® Multiple data marts can be integrated at an enterprise level by plugging into the bus
of conformed dimensions.

The DW bus matrix shows the intersection of business processes that generate fact data and data subject areas
that represent dimensions. Opportunities for conformed dimensions exist where multiple processes use the
same data. Table 27 is a sample bus matrix. In this example, the business processes for Sales, Inventory, and
Orders all require Date and Product data. Sales and Inventory both require Store data, while Inventory and
Orders require Vendor data. Date, Product, Store, and Vendor are all candidates for conformed dimensions. In
contrast, Warehouse is not shared; it is used only by Inventory.

Table 27 DW-Bus Matrix Example

Subject Areas
Business Processes Date Product Store Vendor Warehouse
Sales X X X
Inventory X X X X X
Orders X X X
Conformed Dimension Candidate | Yes Yes Yes Yes No

The enterprise DW bus matrix can be used to represent the long-term data content requirements for the
DW/BI system, independent of technology. This tool enables an organization to scope manageable
development efforts. Each implementation builds an increment of the overall architecture. At some point,
enough dimensional schemas exist to make good on the promise of an integrated enterprise data warehouse
environment.

Figure 81 represents Kimball’s Data Warehouse Chess Pieces view of DW /BI architecture. Note that Kimball’s
Data Warehouse is more expansive than Inmon’s. The DW encompasses all components in the data staging and
data presentation areas.

85 http://bit.ly/1udtNC8.

66 The term bus came from Kimball’s electrical engineering background, where a bus was something providing common power to a number
of electrical components.
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e Operational source systems: Operational / transactional applications of the Enterprise. These create
the data that is integrated into the ODS and DW. This component is equivalent to the application
systems in the CIF diagram.

e Data staging area: Kimball’s staging includes the set of processes needed to integrate and transform
data for presentation. It can be compared to a combination of CIF’s integration, transformation, and
DW components. Kimball’s focus is on efficient end-delivery of the analytical data, a scope smaller
than Inmon’s corporate management of data. Kimball’s enterprise DW can fit into the architecture of
the data staging area.

e Data presentation area: Similar to the Data Marts in the CIF. The key architectural difference being
an integrating paradigm of a ‘DW Bus,’ such as shared or conformed dimensions unifying the multiple
data marts.

e Data access tools: Kimball’s approach focuses on end users’ data requirements. These needs drive the
adoption of appropriate data access tools.

Data Staging Data Data Access
Area Presentation Tools
Area

Operational
Source
Systems

SERVICES:
» Clean
» Combine ‘ .
w > Standardize Load Data Mart #| Access ADTP:(?ECS
» Conform QUERIES
Dimensions
o QUEnEs T e geem,
o WRITERS
o
=4
DATA STORE: g
> Flat Files g g
> Relational Tables Q-S ANALYTICAL
> XML Datasets _Load g2 Access APPLICATIONS
g w
2
PROCESSING: i ) MODELS:
m >W Load Data Mart # Access > Fore.castlng
> Sequencing » Scoring

» Data Mining

Figure 81 Kimball's Data Warehouse Chess Pieces®”

1.3.7 DW Architecture Components

The data warehouse environment includes a collection of architectural components that need to be organized
to meet the needs of the enterprise. Figure 82 depicts the architectural components of the DW /BI and Big Data
Environment discussed in this section. The evolution of Big Data has changed the DW /BI landscape by adding
another path through which data may be brought into an enterprise.

67 Adapted from Kimball and Ross (2002). Used with permission.
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Figure 82 also depicts aspects of the data lifecycle. Data moves from source systems into a staging area where
it may be cleansed and enriched as it is integrated and stored in the DW and/or an ODS. From the DW, it may
be accessed via marts or cubes and used for various kinds of reporting. Big Data goes through a similar process
but with a significant difference: while most warehouses integrate data before landing it in tables, Big Data
solutions ingest data before integrating it. Big Data BI may include predictive analytics and data mining, as well
as more traditional forms of reporting. (See Chapter 14.)

1.3.7.1 Source Systems

Source Systems, on the left side of Figure 82, include the operational systems and external data to be brought
into the DW/BI environment. These typically include operational systems such as CRM, Accounting, and
Human Resources applications, as well as operational systems that differ based on industry. Data from vendors
and external sources may also be included, as may DaaS, web content, and any Big Data computation results.

1.3.7.2 Data Integration

Data integration covers Extract, Transform, and Load (ETL), data virtualization, and other techniques of getting
data into a common form and location. In a SOA environment, the data services layers are part of this
component. In Figure 82, all the arrows represent data integration processes. (See Chapter 8.)

Conceptual DW/BI and Big Data Architecture
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Figure 82 Conceptual DW /BI and Big Data Architecture
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1.3.7.3 Data Storage Areas
The warehouse has a set of storage areas:

e Staging area: A staging area is an intermediate data store between an original data source and the
centralized data repository. Data is staged so that it can be transformed, integrated, and prepped for
loading to the warehouse.

¢ Reference and Master Data conformed dimensions: Reference and Master Data may be stored in
separate repositories. The data warehouse feeds new Master Data and is fed by conformed dimension
contents from the separate repositories.

e Central Warehouse: Once transformed and prepped, the DW data usually persists in the central or
atomic layer. This layer maintains all historical atomic data as well as the latest instance of the batch
run. The data structure of this area is developed and influenced based on performance needs and use
patterns. Several design elements are brought to bear:

o The relationship between the business key and surrogate keys for performance
o Creation of indices and foreign keys to support dimensions
o Change Data Capture (CDC) techniques that are used to detect, maintain, and store history

e Operational Data Store (ODS): The ODS is a version of a central persisted store that supports lower
latencies and, therefore, operational use. Since the ODS contains a time window of data and not the
history, it can be refreshed much more quickly than a warehouse. Sometimes real-time streams are
snapshotted at predefined intervals into the ODS to enable integrated reporting and analysis. Over
time, with the increasing frequency of updates driven by business needs, and growing technology and
techniques to integrate real-time data into the DW, many installations have merged their ODS into
the existing DW or Data Mart architecture.

e Data marts: A data mart is a type of data store often used to support presentation layers of the data
warehouse environment. It is also used for presenting a departmental or functional sub-set of the DW
for integrated reporting, query, and analysis of historical information. The data mart is oriented to a
specific subject area, a single department, or a single business process. It can also form the basis of a
virtualized warehouse where the combined marts comprise the resulting warehouse entity. Data
integration processes will refresh, update, or expand the contents of the various marts from the
persistence layer.

e Cubes: Three classic implementation approaches support Online Analytical Processing (OLAP). Their
names relate to underlying database types, such as Relational, Multi-dimensional, and Hybrid.

1.3.8 Types of Load Processing

Data warehousing involves two main types of data integration processes: historical loads and ongoing updates.
Historical data is usually loaded only once, or a few times while working out data issues, and then never again.
Ongoing updates are consistently scheduled and executed to keep the data in the warehouse up-to-date.
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1.3.8.1 Historical Data

One advantage of a data warehouse is that it can capture detailed history of the data it stores. There are different
methods to capture this detail. An organization that wants to capture history should design based on
requirements. Being able to reproduce point-in-time snapshots requires a different approach than simply
presenting current state.

The Inmon data warehouse suggests that all data is stored in a single data warehouse layer. This layer will store
cleansed, standardized, and governed atomic level data. A common integration and transformation layer
facilitates reuse across the delivery implementations. An enterprise data model is required for success. Once
validated, this single store is available to different data consumers via a star structured data mart.

The Kimball data warehouse suggests that the data warehouse is composed of a combination of departmental
data marts containing cleansed, standardized, and governed data. The data marts will store the history at the
atomic level. Conformed dimensions and conformed facts will deliver enterprise level information.

Another approach, the Data Vault, also cleanses and standardizes as part of the staging process. History is stored
in a normalized atomic structure, dimensional surrogate, primary and alternate keys are defined. Ensuring that
the business and surrogate key relationship remains intact becomes the secondary role of the vault — this is the
data mart history. Facts are persisted here as atomic structures. The vault is then available to a variety of data
consumers via data marts. By retaining the history inside the vault, reloading facts is possible when later
increments introduce grain changes. It is possible to virtualize the presentation layer, facilitating agile
incremental delivery and collaborative development with the business community. A final materialization
process can implement a more traditional star data mart for production end user consumption.

1.3.8.2 Batch Change Data Capture

Data Warehouses are often loaded daily and serviced by a nightly batch window. The load process can
accommodate a variety of change detection, as each source system may require differing change capture
techniques.

Database log techniques are likely candidates for in-house developed applications as vendor purchased
applications are unlikely to tolerate modification with triggers or additional overhead. Time stamped or log
table loads are the most common. Full loads occur when dealing with legacy systems built without native time
stamping capabilities (yes, there are applications without databases) or when certain batch recovery conditions
apply. Table 28 summarizes the difference between change data capture techniques, including their relative
complexity and speed. The overlap column identifies whether there may be data duplication between source
system changes and the target environment. When Overlap is ‘Yes’, this change data may already be present.
When the Delete indicator is set to ‘Yes’, the Change Data Method will track any deletes that have occurred in
the source system — useful for expiring dimensions no longer in use. When Deletes are not tracked by the
source system, additional efforts are required to determine when they occur. (See Chapter 8.)
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Complexit

y

Dimensio
n
Load

Overlap Delete

S

Time Changes in the source system

stamped are stamped with the system Low Fast Fast Yes No

Delta Load | date and time.

Log Table | Source system changes are

Delta Load | captured and stored in log Medium Nomina | Nominal Yes Yes
tables 1

Database Database captures changes in

Transactio | the transaction log High Nomina | Nominal No Yes

n Log 1

Message Source system changes are

Delta published as [near] real-time Extreme Slow Slow No Yes
messages

Full Load No change indicator, tables
extracted in full and Simple Slow Nominal Yes Yes
compared to identify change

1.3.8.3 Near-real-time and Real-time

With the onset of Operational BI (or Operational Analytics) pushing for lower latency and more integration of
real-time or near-real-time data into the data warehouse, new architectural approaches emerged to deal with
the inclusion of volatile data. For example, a common application of operational BI is the automated banking
machine data provisioning. When making a banking transaction, historical balances and new balances resulting
from immediate banking actions need to be presented to the banking customer real-time. Two key design
concepts that are required for provisioning data in near-real-time are isolation of change and alternatives to
batch processing.

The impact of the changes from new volatile data must be isolated from the bulk of the historical, non-volatile
DW data. Typical architectural approaches for isolation include a combination of building partitions and using
union queries for the different partitions. Alternatives to batch processing handle the increasingly shorter
latency requirements for data availability in the DW. There are three main types: trickle feeds, messaging, and
streaming, which differ by where data is accumulated while waiting to be processed. (See Chapter 8.)

e Trickle feeds (Source accumulation): Rather than run on a nightly schedule, trickle feeds execute
batch loads on a more frequent schedule (e.g., hourly, every 5 minutes) or when a threshold is
reached (e.g., 300 transactions, 1G of data). This allows some processing to happen during the day,
but not as intensely as with a dedicated nightly batch process. Care is needed to ensure that if a
trickle feed batch takes longer to complete than the time between feeds, the next feed is delayed so
that the data is still loaded in proper order.

e Messaging (Bus accumulation): Message interaction in real-time or near-real-time is useful when
extremely small packets of data (messages, events, or transactions) are published to a bus as they
occur. Target systems subscribe to the bus, and incrementally process the packets into the warehouse
as needed. Source systems and target systems are independent of each other. Data-as-a-Service
(DaaS) frequently uses this method.
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e Streaming (Target accumulation): Rather than wait on a source-based schedule or threshold, a
target system collects data as it is received into a buffer area or queue, and processes it in order. The
result interaction or some aggregate may later appear as an additional feed to the warehouse.

2. Activities

2.1 Understand Requirements

Developing a data warehouse is different from developing an operational system. Operational systems depend
on precise, specific requirements. Data warehouses bring together data that will be used in a range of different
ways. Moreover, usage will evolve over time as users analyze and explore data. Take time in the initial phases
to ask questions related to capabilities and sources of data to support these capabilities. This time to design pays
off in reduced rework costs later when the data processing is being tested using the actual data sources.

In gathering requirements for DW /BI projects, begin with business goals and strategy. Identify and scope the
business areas, then identify and interview the appropriate business people. Ask what they do and why. Capture
specific questions they are asking now, and those they want to ask of the data. Document how they distinguish
between and categorize important aspects of the information. Where possible, define and capture key
performance metrics and calculations. These can uncover business rules that provide the foundation for
automation of Data Quality expectations.

Catalog requirements and prioritize them into those necessary for production go-live and adoption of the
warehouse and those that can wait. Look for items that are simple and valuable to jump-start the productivity
of the initial project release. A DW/BI project requirements write-up should frame the whole context of the
business areas and / or processes that are in scope.

2.2 Define and Maintain the DW/BI Architecture

The DW /BI architecture should describe where data comes from, where it goes, when it goes, why and how it
goes into a warehouse. The ‘how’ includes the hardware and software detail and the organizing framework to
bring all the activities together. Technical requirements should include performance, availability, and timing
needs. (See Chapters 4 and 8.)

2.2.1 Define DW/BI Technical Architecture

The best DW /BI architectures will design a mechanism to connect back to transactional level and operational
level reports in an atomic DW. This mechanism will protect the DW from having to carry every transactional
detail. An example is providing a viewing mechanism for key operational reports or forms based on a
transactional key, such as Invoice Number. Customers will always want all the detail available, but some of the
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operational data, such as long description fields, has value only in the context of the original report, and does
not provide analytic value.

A conceptual architecture is a starting point. Many activities are necessary to correctly align the non-functional
requirements to the business needs. Prototyping can quickly prove or disprove key points before making
expensive commitments to technologies or architectures. In addition, empowering the business community
with knowledge and adoption programs championed through a sanctioned change management team will assist
in transition and ongoing operational success.

A natural extension to this transformation process is the maintenance, or at least validation, with the enterprise
data model. Since the focus is on which data structures are in use by which organizational areas, check the
physical deployment against the logical model. Make any updates if omissions or errors arise.

2.2.2 Define DW/BI Management Processes

Address production management with a coordinated and integrated maintenance process, delivering regular
releases to the business community.

It is crucial to establish a standard release plan (see Section 2.6). Ideally, the warehouse project team should
manage each update to the deployed data product as a software release that provisions additional functionality.
Establishing a schedule for releases allows for an annual demand and resource plan and standard delivery
schedule. Use the internal release to tweak this standardized schedule, the resource expectations and estimate
sheets derived for it.

Establishing a functioning release process ensures that management understands this to be a data product-
centric proactive process and not an installed product addressed through reactive issue resolution. It is critical
to work pro-actively and collaboratively in a cross-functional team to continuously grow and enhancement
features — reactive support systems reduce adoption.

2.3 Develop the Data Warehouse and Data Marts
Typically, DW/BI projects have three concurrent development tracks:

e Data: The data necessary to support the analysis the business wants to do. This track involves
identifying the best sources for the data and designing rules for how the data is remediated,
transformed, integrated, stored, and made available for use by the applications. This step also
includes deciding how to handle data that doesn’t fit expectations.

e Technology: The back-end systems and processes supporting the data storage and movement.
Integration with the existing enterprise is fundamental, as the warehouse is not an island unto itself.
Enterprise Architectures, specifically Technology and Application specialties, usually manage this
track.

o Business Intelligence tools: The suite of applications necessary for data consumers to gain
meaningful insight from deployed data products.
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2.3.1 Map Sources to Targets

Source-to-target mapping establishes transformation rules for entities and data elements from individual
sources to a target system. Such mapping also documents lineage for each data element available in the BI
environment back to its respective source(s).

The most difficult part of any mapping effort is determining valid links or equivalencies between data elements
in multiple systems. Consider the effort to consolidate data into a DW from multiple billing or order
management systems. Chances are that tables and fields that contain equivalent data do not have the same
names or structures.

A solid taxonomy is necessary to map data elements in different systems to a consistent structure in the DW.
Most often, this taxonomy is the logical data model. The mapping process must also address whether data in
different structures is to be appended, changed in place, or inserted.

2.3.2 Remediate and Transform Data

Data remediation or cleansing activities enforce standards and correct and enhance the domain values of
individual data elements. Remediation is particularly necessary for initial loads where significant history is
involved. To reduce the complexity of the target system, source systems should be made responsible for data
remediation and correction.

Develop strategies for rows of data that are loaded but found to be incorrect. A policy for deleting old records
may cause some havoc with related tables and surrogate keys, expiring a row and loading the new data as a
completely new row may be a better option.

An optimistic load strategy may include creating dimension entries to accommodate fact data. Such a process
must account for how to update and expire such entries. Pessimistic load strategies should include a recycle
area for fact data that cannot be associated with corresponding dimension keys. These entries require
appropriate notification, alerting and reporting to ensure they are tracked, and reloaded later. Fact jobs should
consider first loading recycled entries, then processing newly arrived content.

Data transformation focuses on activities that implement business rules within a technical system. Data
transformation is essential to data integration. Defining the correct rules by which to integrate data often
requires direct involvement from Data Stewards and other SMEs. Rules should be documented so that they can
be governed. Data integration tools perform these tasks. (See Chapter 8.)

2.4 Populate the Data Warehouse

The largest part of the work in any DW/BI effort is the preparation and processing of the data. The design
decisions and principles for what data detail the DW contains are a key design priority for DW /Bl architecture.
Publishing clear rules for what data will be available via only operational reporting (such as in non-DW) is
critical to the success of DW /BI efforts.
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The key factors to consider when defining a population approach are required latency, availability of sources,
batch windows or upload intervals, target databases, dimensional aspects, and timeframe consistency of the
data warehouse and data mart. The approach must also address Data Quality processing, time to perform
transformations, and late-arriving dimensions and data rejects.

Another aspect to defining a population approach centers around change data capture process — detecting
changes in the source system, integrating those changes together, and aligning changes across time. Several
databases now provision log capture functionality that data integration tools can operate on directly, so the
database tells the user what has changed. Scripting processes can be written or generated where this function
is not available. Several techniques are available to the design and build teams for integration and latency
alignment across heterogeneous feeds.

The first increment paves the way for additional capability development and onboarding new business units.
Many new technologies, processes, and skills are necessary, as well as careful planning and attention to detail.
Downstream increments are to build on top of this foundational element, so more investments are
recommended to sustain high quality data, technical architecture, and transitioning to production. Create
processes to facilitate and automate timely identification of data errors with end user workflow integration.

2.5 Implement the Business Intelligence Portfolio

Implementing the BI Portfolio is about identifying the right tools for the right user communities within or
across business units. Find similarities through alignment of common business processes, performance analysis,
management styles, and requirements.

2.5.1 Group Users According to Needs

In defining the target user groups, there is a spectrum of BI needs. First, know the user groups and then match
the tool to the user groups in the company. On one end of the spectrum are IT developers concerned with
extracting data, who focus on advanced functionality. On the other end, information consumers may want fast
access to previously developed and executed reports. These consumers may want some degree of interactivity,
such as drill, filter, sort, or may only want to see a static report.

Users may move from one class to another as their skills increase or as they perform different functions. A
supply chain manager, for example, may want to view a static report on financials but a highly interactive report
for analyzing inventory. A financial analyst and a line manager responsible for expenses may be power users
when analyzing total expenses, but are satisfied with a static report of one phone bill. Executives and managers
will use a combination of fixed reports, dashboards, and scorecards. Managers and power users tend to want to
drill into these reports slice and dice the data to identify the root causes of problems. External customers may
use any of these tools as part of their experience.
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2.5.2 Match Tools to User Requirements

The marketplace offers an impressive range of reporting and analytics tools. Major BI vendors offer classic
pixel-perfect report capabilities that were once the domain of application reports. Many application vendors
offer embedded analytics with standard content fetched from pre-populated cubes or aggregate tables.
Virtualization has blurred the lines between on-premises data sources and external purchased or open data,
and in some cases provisions user-controlled report-centric integration on demand. In other words, it is
prudent for companies to use common infrastructure and delivery mechanisms. These include the web, email,
and applications for the delivery of all kinds of information and reports, of which DW/BI is a subset.

Many vendors are now combining related BI Tools, through mergers and acquisitions or net new development,
and offering BI Suites. Suites are the primary option at the Enterprise Architecture level but given that most
organizations have already purchased individual tools, or embraced open source tools, questions around
replacement versus co-existence are likely to surface. Remember that every BI tool comes with a price,
requiring system resources, support, training, and architectural integration.

2.6 Maintain Data Products

An implemented warehouse and its customer-facing BI tools is a data product. Enhancements (extensions,
augmentations, or modifications) to an existing DW platform should be implemented incrementally.

Maintaining the scope for an increment, and executing a critical path for key work items, can be a challenge in
a dynamic work environment. Set priorities with business partners and focus work on mandatory

enhancements.

2.6.1 Release Management

Release Management is critical to an incremental development processes that grows new capabilities, enhances
the production deployment, and ensures provision of regular maintenance across the deployed assets. This
process will keep the warehouse up-to-date, clean, and operating at its best. However, this process requires the
same alignment between IT and Business as between the Data Warehouse model and the BI capabilities. It is a
continual improvement effort.

Figure 83 illustrates an example release process, based on a quarterly schedule. Over the year, there are three
business-driven releases and one technology-based release (to address requirements internal to the
warehouse). The process should enable incremental development of the warehouse and management of the
backlog of requirements.
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Figure 83 Release Process Example

2.6.2 Manage Data Product Development Lifecycle

While data consumers are using the existing DW, the DW team is preparing for the next iteration, with the
understanding that not all items will go to production. Align the iterations to releases with a backorder work
list prioritized by the business units. Each iteration will extend an existing increment or add new functionality
by onboarding a business unit. Releases will align functionality to the business unit, whereas the iteration will
align the functionality to the configuration itself managed by the product manager.

Those items that business believes ready and feasible for further investigation can be reviewed, adjusted if
necessary, and then promoted to a pilot or sandbox environment, where business users investigate new
approaches, experiment with new techniques, or develop new models or learning algorithms. This area may
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see less governance and supervision than other business-facing areas but some form of sandbox prioritizing is
necessary.

Akin to the traditional quality assurance or testing environment, scrutinize items in the pilot area for fit into
the production world. How well pilot items perform determines their next steps. Take care not to promote
blindly and without regard to downstream Data Quality or governance issues. The lifespan in production is just
an existential measure: it must be of the highest practical quality to be in production.

Items passing the pilot and deemed production-ready by both business and IT representatives can be promoted
to production as new data products. This completes one iteration.

Items not passing pilot can be rejected entirely or returned to development for fine-tuning. Perhaps additional
support from the DW team is needed at this time to advance the item in the next promotion iteration.

2.6.3 Monitor and Tune Load Processes

Monitor load processing across the system for bottlenecks and dependencies. Employ database tuning
techniques where and when needed, including partitioning, tuned backup, and recovery strategies. Archiving
is a difficult subject in data warehousing.

Users often consider the data warehouse as an active archive due to the long histories that are built and are
unwilling, particularly if the On Line Analytical Processing (OLAP) sources have dropped records, to see the
data warehouse engage in archiving. (See Chapter 6.)

2.6.4 Monitor and Tune Bl Activity and Performance

A best practice for BI monitoring and tuning is to define and display a set of customer-facing satisfaction
metrics. Average query response time and the number of users per day, week, or month are examples of useful
metrics. In addition to the statistical measures available from the systems, it is useful to survey DW/BI
customers regularly.

Regular review of usage statistics and patterns is essential. Reports providing frequency and resource usage of
data, queries, and reports allow prudent enhancement. Tuning BI activity is analogous to the principle of
profiling applications in order to know where the bottlenecks are and where to apply optimization efforts. The
creation of indexes and aggregations is most effective when done according to usage patterns and statistics.
Tremendous performance gains can come from simple solutions such as posting the completed daily results to
a report that runs hundreds or thousands of times a day.

Transparency and visibility are the key principles that should drive DW /BI monitoring. The more one can
expose the details of the DW /BI activities, the more data consumers can see and understand what is going on
(and have confidence in the BI), and less direct end-customer support will be required. Providing a dashboard
that exposes the high-level status of data delivery activities, with drill-down capability, is a best practice that
allows an on-demand-pull of information by both support personnel and customers.

Order 84500 by thomas warren on August 13, 2026.
For use on purchaser device only.
Contains DRM with visible and invisible purchaser identifiers.



DATA WAREHOUSING AND BUSINESS INTELLIGENCE o 381

The addition of Data Quality measures will enhance the value of this dashboard where performance is more
than just speed and timing. Use heat maps to visualize workload on infrastructure, data throughput, and
compliance to operating agreement levels.

3. Tools

Choosing the initial set of tools can be a long process. It includes attempting to satisfy near-term requirements,
non-functional specifications, and the as-yet to be created next generation requirements. Decision criteria tool
sets, process implementation tools, and professional services offerings can facilitate and expedite this activity.
It is critical to evaluate not only the conventional build or buy positions, but also the rent option provisioned
as Software-as-a-Service. Renting SaaS tools and the associated expertise is weighed against the cost of building
from scratch or deploying purchased products from vendors. Consider ongoing upgrade and potential
replacement costs as well. Alignment to a set OLA (Operational Level Agreement) can bridge forecasted costs,
and provide input into setting compelling fees and penalties for term violations.

3.1 Metadata Repositories

Large organizations often find themselves with many tools from different vendors, each deployed potentially
at differing versions. Key to this effort is the ability to stitch Metadata together from a variety of sources.
Automating and integrating population of this repository can be achieved with a variety of techniques. (See
Chapter 13.)

3.1.1 Data Dictionary / Glossary

A data dictionary is necessary to support the use of a DW. The dictionary describes data in business terms and
includes other information needed to use the data (e.g., data types, details of structure, and security
restrictions). Often, the content for the data dictionary comes directly from the logical data model. Plan for
high quality Metadata by ensuring modelers take a disciplined approach to managing definitions as part of the
modeling process.

In some organizations, business users actively participate in the development of the data dictionary by
supplying, defining, and then stewarding corrections to definitions of subject area data elements. Embrace this
activity through a collaboration tool, monitor activities through a Center of Excellence, and ensure that content
created through this activity is retained in the logical model. Ensuring agreement between the business-facing
content and the technical-facing physical data model will reduce the risk of downstream errors and rework.
(See Chapter 13.)
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3.1.2 Data and Data Model Lineage

Many data integration tools offer lineage analysis that considers both the developed population code and the
physical data model and database. Some offer web interfaces to monitor and update definitions and other
Metadata. Documented data lineage serves many purposes:

e Investigation of the root causes of data issues
e Impact analysis for system changes or data issues
e Ability to determine the reliability of data, based on its origin

Look to implement an integrated impact and lineage tool that can understand all the moving parts involved in
the load process, as well as end user reporting and analytics. Impact analysis reports will outline which
components are affected by a potential change, expediting and streamlining estimating and maintenance tasks.

Many key business processes, relationships, and terminologies are captured and explained during development
of the data model. The logical data model holds much of this information, which is often lost or ignored during
development or production deployment. It is critical to ensure that this information is not discarded and that
the logical and physical models are updated after deployment and are in sync.

3.2 Data Integration Tools

Data integration tools are used to populate a data warehouse. In addition to doing the work of integrating data,
they enable scheduling of jobs in ways that account for complex data delivery from multiple sources. In
selecting a tool, also account for these features that enable management of the system:

e Process audit, control, restart, and scheduling

e The ability to selectively extract data elements at execution time and pass that extract to a
downstream system for audit purposes

e Controlling which operations can or cannot execute and restarting a failed or aborted run (see
Chapter 8)

A variety of data integration tools also offer integration capabilities with the BI portfolio, supporting import
and export of workflow messages, email, or even semantic layers. Workflow integration can drive Data Quality
defect identification, resolution, and escalation processes. Messaging through email or alert processing driven
from email is a common practice especially for mobile devices. In addition, the ability to provision a data target
as a semantic layer can be a data virtualization candidate for agile implementations.

3.3 Business Intelligence Tools Types

The maturity of the BI market, and a wide range of available BI tools, makes it rare for companies to build their
own BI tools.®® The purpose of this section is to introduce the types of tools available in the BI marketplace,
and provide an overview of their chief characteristics with information to help match the tools to the

% The material in this section is primarily from “The Business Intelligence Market” by Cindi Howson, BIScorecard®, http://bit.ly /2tNirv5;
used by permission, with minor changes and additions.
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appropriate customer-level capabilities. BI tools are evolving quickly, enabling a transition from IT-led,
standardized reporting to self-service, business-driven data exploration.®’

e Operational reporting is the application of BI tools to analyze business trends, both short-term
(month-over-month) and longer-term (year-over-year). Operational reporting can also help discover
trends and patterns. Use Tactical BI to support short-term business decisions.

¢ Business performance management (BPM) includes the formal assessment of metrics aligned with
organizational goals. This assessment usually happens at the executive level. Use Strategic BI to
support long-term corporate goals and objectives.

e Descriptive, self-service analytics provides BI to the front lines of the business, where analytical
capabilities guide operational decisions. Operational analytics couples BI applications with
operational functions and processes, to guide decisions in near-real-time. The requirement for low
latency (near real-time data capture and data delivery) will drive the architectural approach to
operational analytics solutions. Service-oriented Architecture (SOA) and Big Data become necessary
to support operational analytics fully (see Chapters 8 and 15).

3.3.1 Operational Reporting

Operational Reporting involves business users generating reports directly from transactional systems,
operational applications, or a data warehouse. This is typically an application functionality. Often business areas
will start to use a DW for operational reporting, especially if DW /BI governance is poor, or the DW contains
additional data that enhances the operational, transaction data. Often the reports will appear as ad-hoc queries,
when in fact they are simple reports or are used to initiate workflow. From a data management perspective, the
key is to understand if the data necessary for this reporting exists within the application itself, or if it requires
data enhancements from the DW or operational data store.

Data exploration and reporting tools, sometimes called ad-hoc query tools, enable users to author their own
reports or create outputs for use by others. They are less concerned with the precise layout because they are
not trying to generate an invoice or the like. However, they do want to include charts and tables quickly and
intuitively. Often the reports created by business users become standard reports, not exclusively used for ad
hoc business questions.

The needs within business operations reporting are often different from the needs within business query and
reporting. With business query and reporting, the data source is usually a data warehouse or data mart (though
not always). While IT develops production reports, power users and ad hoc business users develop their own
reports with business query tools. Use reports generated with business query tools individually,
departmentally, or enterprise-wide.

89 Dataversity refers to this trend as the “democratization of data technologies.” See Ghosh, Paramita. “A Comparative Study of Business
Intelligence and Analytics Market Trends.” Dataversity. January 17, 2017. http://bit.ly /2sTgXTJ (accessed 2017-01-22).
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Production reporting crosses the DW/BI boundary and often queries transactional systems to produce
operational items such as invoices or bank statements. The developers of production reports tend to be IT
personnel.

Traditional BI tools cover some data visualization methods such as tables, pie charts, line charts, area charts,
bar charts, histograms, turnkey box (candlestick) as examples fairly well. Data visualizations can be delivered
in a static format, such as a published report, or a more interactive online format; and some support end-user
interaction where drilling or filtering capabilities facilitate analysis of data within the visualization. Others allow
the visualization to be changed by the user on demand. (See Chapter 14.)

3.3.2 Business Performance Management

Performance management is a set of integrated organizational processes and applications designed to optimize
execution of business strategy; applications include budgeting, planning, and financial consolidation. There
have been a number of major acquisitions in this segment, as ERP vendors and BI vendors see great growth
opportunities here and believe BI and Performance Management are converging. How frequently customers
buy BI and performance management from the same vendor depends on product capabilities.

Broadly speaking, Performance Management technology enables processes to help meet organizational goals.
Measurement and a feedback loop with positive reinforcement are key elements. Within the BI space, this has
taken the form of many strategic enterprise applications, such as budgeting, forecasting, or resource planning.
Another specialization has formed in this area: creating scorecards driven by dashboards for user interaction.
Dashboards, like those found in automobiles, provide the necessary summary or aggregate information to the
end user with most recent updates (Eckerson, 2005).

3.3.3 Operational Analytic Applications

Henry Morris of IDC coined the term Analytic Applications in the 1990s, clarifying how they are different from
general OLAP and BI tools (Morris, 1999). Analytic applications include the logic and processes to extract data
from well-known source systems, such as vendor ERP systems, a data model for the data mart, and pre-built
reports and dashboards. They provide businesses with a pre-built solution to optimize a functional area (people
management, for example) or industry vertical (retail analytics, for example). Different types of analytic
applications include customer, financial, supply chain, manufacturing, and human resource applications.

3.3.3.1 Multi-dimensional Analysis — OLAP

Online Analytical Processing (OLAP) refers to an approach to providing fast performance for multi-dimensional
analytic queries. The term OLAP originated, in part, to make a clear distinction from OLTP, Online
Transactional Processing. The typical output of OLAP queries is in a matrix format. The dimensions form the
rows and columns of the matrix, and the factors, or measures, are the values inside the matrix. Conceptually,
this illustrates as a cube. Multi-dimensional analysis with cubes is particularly useful where there are well-
known ways analysts want to look at summaries of data.
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A traditional application is financial analysis, where analysts want to repeatedly traverse known hierarchies to
analyze data; for example, date (such as Year, Quarter, Month, Week, Day), organization (such as Region,
Country, Business Unit, Department), and product hierarchy (such as Product Category, Product Line,
Product). Many tools today embed OLAP cubes into their software footprint and some even seamlessly
automate and integrate the definition and population process. This means that any user in any business process
can slice and dice their data. Align this capability with the power users in the subject area communities and
deliver it along a self-service channel empowering these selected users to analyze their data their way.

Typically, OLAP tools have both a server component and an end user client-facing component installed on the
desktop, or available on the web. Some desktop components are accessible from within a spreadsheet appearing
as an embedded menu or function item. The architecture selected (ROLAP, MOLAP, HOLAP) will guide the
development efforts but common to all will be definition of cube structure, aggregate needs, Metadata
augmentation and analysis of data sparsity.

Structuring the cube to provision desired functional requirements may require splitting larger dimensions into
separate cubes to accommodate storage, population, or calculation requirements. Use levels of aggregation to
ensure calculation and retrieval of desired formulas occurs within agreed upon response times. End user
augmentation of hierarchies enable fulfillment the aggregation, calculation, or population requirements. In
addition, sparsity of cube data may require addition or removal of aggregate structures or refine materialization
needs in the warehouse data layer provisioning it.

Provisioning role-based security or multi-language text within the cube may require extra dimensions,
additional functions, calculations, or sometimes creating separate cube structures. Striking a balance between
end user flexibility, performance, and server workloads means some negotiating is to be expected. The
negotiation typically occurs during the loading processes and may require hierarchy changes, aggregate
structure changes or additional warehouse materialized data objects. Strike the right balance among cube count,
server workload, and delivered flexibility, so that the refresh occurs in a timely manner, and cubes provide
reliable and consistent queries without high storage or server utilization costs.

The value of On Line Analytical Processing (OLAP) Tools and cubes is reduction of the chance of confusion
and erroneous interpretation, by aligning the data content with the analyst’s mental model. The analyst can
navigate through the database and screen for a particular subset of the data, changing the data’s orientation and
defining analytical calculations. Slice-and-dice is the user-initiated process of navigation by calling for page
displays interactively, through the specification of slices via rotations and drill down / up. Common OLAP
operations include slice and dice, drill down, drill up, roll up, and pivot.

e Slice: A slice is a subset of a multi-dimensional array corresponding to a single value for one or more
members of the dimensions not in the subset.

e Dice: The dice operation is a slice on more than two dimensions of a data cube, or more than two
consecutive slices.

e Drill down / up: Drilling down or up is a specific analytical technique whereby the user navigates
among levels of data, ranging from the most summarized (up) to the most detailed (down).

e Roll-up: A roll-up involves computing all of the data relationships for one or more dimensions. To do
this, define a computational relationship or formula.
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e Pivot: A pivot changes the dimensional orientation of a report or page display.
Three classic implementation approaches support Online Analytical Processing.

e Relational Online Analytical Processing (ROLAP): ROLAP supports OLAP by using techniques that
implement multi-dimensionality in the two-dimensional tables of relational database management
systems (RDBMS). Star schema joins are a common database design technique used in ROLAP
environments.

e  Multi-dimensional Online Analytical Processing (MOLAP): MOLAP supports OLAP by using
proprietary and specialized multi-dimensional database technology.

e Hybrid Online Analytical Processing (HOLAP): This is simply a combination of ROLAP and
MOLAP. HOLAP implementations allow part of the data to be stored in MOLAP form and another
part of the data to be stored in ROLAP. Implementations vary on the control a designer has to vary
the mix of partitioning.

4. Techniques

4.1 Prototypes to Drive Requirements

Quickly prioritize requirements before the implementation activities begin by creating a demonstration set of
data and applying discovery steps in a joint prototype effort. Advances in data virtualization technologies can
alleviate some of the traditional implementation pains through collaborative prototyping techniques.

Profiling the data contributes to prototyping and helps reduces risk associated with unexpected data. The DW
is often the first place where the pain of poor quality data in source systems or data entry functions becomes
apparent. Profiling also discloses differences between sources that may present obstacles to data integration.
Data may be of high quality within its sources, but because sources differ, the data integration process becomes
more complicated.

Evaluation of the state of the source data leads to more accurate up-front estimates for feasibility and scope of
effort. The evaluation is also important for setting appropriate expectations. Plan to collaborate with the Data
Quality and Data Governance team(s) and to draw on the expertise of other SMEs to understand data
discrepancies and risks. (See Chapters 11 and 13.)

4.2 Self-Service Bl

Self-service is a fundamental delivery channel within the BI portfolio. This typically funnels user activity within
a governed portal where, depending on the privileges of the user, a variety of functionality is provided ranging
from messaging, alerts, viewing scheduled production reports, interacting with analytic reports, developing ad
hoc reporting and of course dash boarding and score carding. Reports can be pushed to the portal on standard
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schedules, to be retrieved by the users at their leisure. Users can also pull data by executing reports from within
the portal. These portals share content across organizational boundaries. Extending the collaboration tool
outwards toward the user community can also provide self-service tips and tricks, an integrated communique
on load status, overall performance, and release progress as well as dialog forums. Mediate forum content
through the support channel and then facilitate with user group sessions through the maintenance channel.

Visualization and statistical analysis tooling allows for rapid data exploration and discovery. Some tools allow
for business-centric construction of dashboard like objects that can be rapidly shared, reviewed, and
revitalized. Once the domain of IT and developers only, many data shaping, calculation, and visualization
techniques can now be employed by the business community. This offers a degree of workload distribution
and integration efforts can be feasibly prototyped through business channels and then materialized and
optimized by IT.

4.3 Queryable Data

In order to maintain lineage, all structures and processes should have the capability to create and store audit
information at a grain useful for tracking and reporting. Allowing users to query this audit data enables the
users to verify for themselves the condition and arrival of the data, which improves user confidence. Audit
information also allows for more detailed trouble-shooting when data issues arise.

5. Implementation Guidelines

A stable architecture that can scale to meet future requirements is paramount to the success of a data
warehouse. A production support team capable of dealing with the daily loading, analysis, and end user
feedback is mandatory. In addition, to sustain success, ensure that the warehouse and the business unit teams
are aligned.

5.1 Readiness Assessment / Risk Assessment

There may be a gap between when an organization embraces a new venture, and when it has the ability to
sustain that venture. Successful projects start with a Prerequisite Checklist. All IT projects should have business
support, be aligned with strategy, and have a defined architectural approach. In addition, a DW should:

e Define data sensitivity and security constraints
e Perform tool selection
e Secure resources

e Create an ingestion process to evaluate and receive source data
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Identify and inventory sensitive or restricted data elements in the warehouse. This data will need to be masked
or obfuscated to prevent access by unauthorized personnel. Additional constraints may apply when
considering outsourcing for implementation or maintenance activities.

Account for security constrains before selecting tools and assigning resources. Ensure Data Governance
processes for review and approval have been followed. DW/BI projects risk refocus or total cancellation due
to these overarching factors.

5.2 Release Roadmap

Because they require a large development effort, warehouses are built incrementally. Whatever method chosen
to implement, be it waterfall, iterative or agile, it should account for the desired end state. That is why a
roadmap is a valuable planning tool. The method combined with the maintenance processes can be both flexible
and adaptive to balance the pressures of individual project delivery with overall goals of re-usable data and

infrastructure.

An incremental approach leveraging the DW bus matrix as a communication and marketing tool is suggested.
Use business-determined priorities tethered by exposure metrics to determine how much rigor and overhead
to apply to each increment; a small single-sourced delivery may afford rule relaxation especially when limited
exposure is felt should those issues be realized by the organization. Each increment will modify existing
capabilities or add brand new capabilities typically aligned with a newly onboarded business unit. Apply a
consistent needs and abilities process to determine the next business unit to onboard. Maintain a back-order or
work item list to identify outstanding capabilities and the business-facing priorities. Determine any technical
dependencies that require delivery in a different order. Then package this work into a software release. Each
release can be delivered at an agreed-upon pace: quarterly, monthly, weekly, or even faster when appropriate.
Manage the releases with the business partners by assembling a roadmap: a listing of releases by date by
capabilities.

5.3 Configuration Management

Configuration management aligns with the release roadmap and provides the necessary back office stitching
and scripts to automate development, testing, and transportation to production. It also brands the model by the
release at the database level, and ties the codebase to that brand in an automated manner so that manually
coded, generated programs and semantic layer content is harmonized across the environment and is versioned
controlled.

5.4 Organization and Cultural Change

Starting with and keeping a consistent business focus throughout the DW /BI lifecycle is essential to success.
Looking at the value chain of the enterprise is a good way to understand the business context. The specific
business processes in a company’s value chain provide a natural business-oriented context in which to frame
areas of analysis.
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Most importantly, align projects behind real business needs and assess the necessary business support,
considering these critical success factors:

e Business sponsorship: Is there appropriate executive sponsorship, i.e., an identified and engaged
steering committee and commensurate funding? DW /BI projects require strong executive
sponsorship.

e Business goals and scope: Is there a clearly identified business need, purpose, and scope for the
effort?

e Business resources: Is there a commitment by business management to the availability and
engagement of the appropriate business subject matter experts? The lack of commitment is a
common point of failure and a good enough reason to halt a DW /BI project until commitment is
confirmed.

e Business readiness: Is the business partner prepared for a long-term incremental delivery? Have they
committed themselves to establishing centers of excellence to sustain the product in future releases?
How broad is the average knowledge or skill gap within the target community and can that be crossed

within a single increment?

e Vision alignment: How well does the IT Strategy support the Business Vision? It is vital to ensure
that desired functional requirements correspond to business capabilities that are or can be sustained
in the immediate IT roadmap. Any significant departures or material gaps in capability alignment can
stall or stop a DW /BI program.

5.4.1 Dedicated Team

Many organizations have a dedicated team to manage the ongoing operations of the production environment.
(See Chapter 6). A separate set of hands operating the delivered data product is beneficial to workload
optimization as this group has repeating tasks on a calendar cycle and may be further used for any escalation
items whereas the maintenance channel will see workload spikes aligned to specific deliverables.

A front office support group interacts with the maintenance team to foster inter-department relationships and
ensure critical activities are addressed in upcoming releases. It notifies the team of any deficiencies to be
addressed. A back office support team in operations will ensure that production configuration has executed as
required. They will escalate alerts and report on throughput status.

6. DW/BI Governance

Industries that are highly regulated and need compliance-centric reporting will benefit greatly from a well-
governed data warehouse. Critical to ongoing support and vital to release planning is ensuring that governance
activities are completed and addressed during the implementation. More and more organizations are extending
their Software Development Lifecycle with specific deliverables aimed at addressing governance needs.
Warehouse governance processes should be aligned with risk management. They should be business-driven,
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since different kinds of businesses have different needs (e.g., marketing and advertising companies will use
their data differently from financial institutions). Governance processes should mitigate risk, not curtail
execution.

The most critical functions are those that govern the business-operated discovery or refinement area, and those
that ensure pristine quality within the warehouse itself. As the refinement area leads all initiative boundaries,
handshaking and well running procedures are necessary to instantiate, operate, transfer, and discard the data
in these areas. Data archival and time horizons are key elements in boundary agreements as they help avoid
sprawl. Monitoring of these environments and schedules to determine longevity terms are included in user
group sessions as well as management meetings. Loading data into the warehouse means assigning time,
resources, and programming efforts to see remediated, credible, high quality data arrive to the end user

community, in a timely manner of course.

Consider one-off or limited-use events as part of the lifecycle, and perhaps curtail them within the pilot area
itself, or within a user-controlled ‘sandbox’ area. Real-time analysis processes can feed time-aligned aggregate
results back into the data warehouse through an automated process. Policy is defined for the procedures
enacted upon the real-time environment, and governance applies to the brokerage of results into the warehouse

for organizational consumption.

Apply data discrimination to known or cataloged items managed through a risk exposure mitigation matrix.
Those items with a deemed high exposure, and low mitigation or difficult early detection, warrant governance
functions to curtail the associated risk. Depending on the sensitivity of the data being examined, a separate
workspace for selected local personnel may also be required. A thorough review with corporate security and
legal personnel during policy formation creates a final safety net.

6.1 Enabling Business Acceptance

A key success factor is business acceptance of data, including the data being understandable, having verifiable
quality, and having a demonstrable lineage. Sign-off by the Business on the data should be part of the User
Acceptance Testing. Perform structured random testing of the data in the BI tool against data in the source
systems over the initial load, and after a few update load cycles, to meet sign-off criteria. Meeting these
requirements is paramount for every DW/BI implementation. Consider, up-front, a few critically important
architectural sub-components, along with their supporting activities:

e Conceptual Data Model: What information is core to the organization? What are the key business
concepts and how are they related to each other?

e Data Quality feedback loop: How are data issues identified and remediated? How are owners of the
systems in which issues originate informed about problems and held accountable for fixing them?
What is the remediation process for issues that are caused by the DW data integration processes?

¢ End-to-end Metadata: How does the architecture support the integrated end-to-end flow of
Metadata? In particular, is access to meaning and context designed into the architecture? How do data
consumers answer basic questions like "What does this report mean?" or "What does this metric

mean?"
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¢ End-to-end verifiable data lineage: Are the items exposed to business users traceable to the source
systems in an automated, maintained manner? Is a system of record identified for all data?

6.2 Customer / User Satisfaction

Perceptions of the quality of data will drive customer satisfaction but satisfaction is dependent on other factors
as well, such as data consumers’ understanding of the data and the operations team’s responsiveness to
identified issues. Collecting, understanding, and acting on customer feedback can be facilitated through
regularly scheduled meetings with user representatives. Such interaction can also help the warehouse team
share information about the release roadmap and understand how data consumers are using the warehouse.

6.3 Service Level Agreements

Business and technical expectations for the environments should be specified in Service Level Agreements
(SLAs). Often, the response time, data retention, and availability requirements differ greatly between classes
of business needs and their respective supporting systems (e.g., ODS versus DW versus data mart).

6.4 Reporting Strategy

Ensure that a reporting strategy exists within and across the BI Portfolio. A reporting strategy includes
standards, processes, guidelines, best practices, and procedures. It will ensure users have clear, accurate, and
timely information. The reporting strategy must address

e Security access to ensure that only entitled users will gain access to sensitive data elements

e Access mechanisms to describe how users want to interact, report, examine, or view their data

e User community type and appropriate tool to consume it with

e Nature of the reports summary, detailed, exception as well as frequency, timing, distribution, and
storage formats

e DPotential use of visualization capabilities to provision graphical output

e Trade-offs between timeliness and performance

Standard reports should be evaluated periodically to ensure they are still providing value, as just executing
reports incurs cost in storage and processing. Implementation and maintenance processes and management
activities are critical. Aligning the appropriate reporting tools to the business community is a critical success
factor. Depending on the size and nature of the organization, there are probably many different reporting tools
used in a variety of processes. Ensure that the audience is capable of making the best use of the reporting tools;
users that are more sophisticated will have increasingly complex demands. Maintain a decision matrix based
on these demands to determine upgrades or future tool selection.

Data source governance monitoring and control are also vital. Ensure that appropriate levels of data are
provisioned securely for authorized personnel, and that subscription data is accessible according to agreed-
upon levels.
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A Center of Excellence can provide training, start-up sets, design best practices, data source tips and tricks and
other point solutions or artifacts to help empower business users towards a self-service model. In addition to
knowledge management, this center can provide timely communications across the developer, designer,

analyst and subscribing user communities.

6.5 Metrics

6.5.1 Usage Metrics

DW usage metrics typically include the number of registered users, as well as connected users or concurrent
connected users. These metrics show how many people within the organization are using the data warehouse.
How many user accounts are licensed for each tool is a great start, especially for the auditors. However, how
many actually connect with that tool is a better measurement, and how many queries (or query equivalents)
are dispatched by a user community per timeframe is an even better technical measurement, especially for
capacity planning. Allow for multiple analysis metrics such as audit users, generated user query capacity, and

consuming users.

6.5.2 Subject Area Coverage Percentages

Subject area coverage percentages measure how much of the warehouse (from a data topology perspective) is
being accessed by each department. They also highlight which data is shared across departments, and which is
not, but could be.

Mapping operational source(s) to targets is another natural extension, which enforces and validates the lineage
and Metadata already collected, and can provide penetration analysis for which source systems are in analytical
use by which departments. This can help focus tuning efforts on those high impact analytic queries by
mitigating any changes to heavily used sourced objects.

6.5.3 Response and Performance Metrics

Most query tools measure response time. Retrieve response or performance metrics from tools. This data will
inform metrics about the number and type of users.

Harvest load times for each data product in raw format from the population processes. These should also be
expressed as a percentage of expected support: so a mart that is expected to be refreshed daily and loaded in a
four-hour window is 100% supported when it loads in four hours. Apply this process to any extracts generated
for downstream processing too.

Most tools will retain, in a log or repository, query records, data refresh, and data extract times for the objects
provided to the users. Divide this data into scheduled and executed objects, and express as raw counts both
attempted and succeeded. Highly popular objects or queries performing poorly are likely in-need of attention
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before satisfaction metrics suffer. This can guide defect analysis, maintenance planning, as well as capacity
planning if a group of objects is failing regularly. Remediation may vary depending on the tool, but sometimes
creating or dropping one index can result in great improvements. (See Chapter 6.)

A natural follow on for this is the validation and adjustment of service levels. Adjust items that have
consistently failed in the next release, or in the absence of necessary funding, the support level must be reduced.
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