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Data Warehouse Architecture And Design
Data Warehouse Architectures

Inmon's Corporate Information Fagctory Inmon's Corporate Information Factory

. house is not intended to be queried directly
hub-and-spoke archiiteCtiare ‘ ik e ‘

3, business intelligence tools, or the like

ngle repository called the 'Enterprise Data

ed additional data stores dedicated to a variety of

i + Inmon advocates the use of third normal form database design for
yratediey Ory*or atomic aata the enterprise data warehouse
graieq ram thevariou perational systen * Inmon uses tf

e term ETL only for the movement of data from the
operational systems into the enterprise data warehouse
y 3 thediata
iy Siieaata BTN S vy il + He describes the movement of information from the enterprise data
déetail pessible warehouse into data marts as "data delivery’
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Inmon's Corporate Information Factory
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Data Marts

ERENE

Dss
Applications

)
)

Exploration
and Mining

i

Integrated repository
Operational of atomic data
Systems Normalised format

Kimball's Dimensional Data Warehouse

Kimball is largely responsible for popularising star
schema design in the 1990's

Kimball developed an enterprise architecture for the data
warehouse, built on the concept of dimensional design

Sometimes referred to as the "bus architecture"

Shares many characteristics of Inmon's Corporate
Information Factory

Kimball's Dimensional Data Warehouse

ETL =

Integrated repository Data Mart:
Operational of atomic data Subject area within
Systems Dimensional format the data warehouse

Kimball and Inmon Similarities

Separation of the operational and analytic systems

ETL process to consolidate, integrate and load the data
into a single repositofy:

Data goes into@an integrated repository of atomic data

Kimball and Inmon differences

The dimensional data warehouse is designed according
to the principles of dimensional modelling. It consist§'ofa
series of star schemas or cubes, which capture
information at the lowest level of information possible

The enterprise data warehouse is designe@iusingithe
principles of ER (entity-relationship) m@delling.

The dimensional data warehouse may bexaceessed
directly by analytic systems. The datamart becomes a
logical distinction; it is a subjectarea within the data
warehouse

Kimball and Inmon Variations

+ An intermediate step with a set of tables in third normal form to make the ETL
easier is acceptable for Kimball

+ These are usually staging tables and should be accessed directly only by the ETL
process

- This makes the Kimball solution more like the Inmon solution, with a normalised
repository of data not accessed by applications

+ Another variant is where the dimensional data warehouse is not accessed directly
by analytic applications

- New data marts are constructed by extracting data from the dimensional data
warehouse

+ This increases the resemblance to the Corporate Information Factory, where data
marts are separate entities from the integrated repository of atomic data

Stand-Alone Data Marts

» Gan achiéve rapidi@nd inexpensive results in the short term

* The stand-alone data'mart is an analytic data store that has not been
designahin an enterprise context

+ Its focused exclusively on a subject area
- One ef more operational systems feed a database called a data mart

+ Analytical tools or applications query it directly, bringing information to end
users

+ Data marts may be offered as part of packaged (operational) applications

+ Sometimes they are built within user organisations, outside of the IT
department

Architecture and Dimensional Design

known as Role of Di

Description

Architecture Advocate Al

Corporate Bil Inmon

Raiph Kimball +

Stand-Alone
Data Mart
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Operational Data Store

Contains current or near current integrated data
Subject oriented

Limited amount of historical data

Volatile

Speed of data updates varies from seconds to a day
Quick updating limits transformation possibilities

Comes in different types with different levels of integration and quality

Data Warehouse Architecture Exercise

You are asked by your company to propose a data
warehouse architecture:

+ The director for a company wide solution

+ The manager of a department to give him specific
information

The Operations Manager to help him to manage his
operation

Propose an architecture and explain your chqig¢e

Dimensional Modelling

Purpose of Analytic Databases

Operational systems support the execution ofBusiness processes
Analytic systems support théevalliation of processes

Both systems have contrasting usage profiles

Different principle®guidétheir design

Interaction #ith an analytic System takes place exclusively through
queries thatretrieve data

These queries @an involvelarge numbers of transactions

It supports the maltenance of historic data

The Star Schema

Dimensional design for a relational database
-+ Contains dimension and fact tables
- Dimension tables contain context for facts

- Dimensions are used to specify howsfactswillbe rolled
up

+ Dimension values may be used tQxfilterirgports

Dimension tables are adhin third normal form

The Star Schema

¥ Each dimension table is given a surrogate key, typically an integer

column name usually have the same sul

related dimension tables

Often a fact row can be uniquely identified by these foreign keys, but not alway

of detail of the fact alled the grair

table is ¢

formation in the fact tables is typically consumed in diffe

Main Guiding Design Principles

These twadesign principles are at the core of dimensional
modelling:

aecuracy
* gperformance
Accuracy: is it possible that facts can be aggregated in a way
that does not make sense? Is there a design alternative that

can prevent this?

Performance: dimensional designs are very good to providing
a rapid response to a wide range of unanticipated questions

Dimension Table Features - Keys

+ Each dimension table is assigned a surrogate key. It is created especially for
the data warehouse or data mart

+ Surrogate keys are usually inte jenerated and managed as part of the
ETL process that loads the star schema

*+ One or more natural keys will also be present in most dimension
The natural keys are identifiers carried over from source systems
They identify a corresponding entity in the source system

he data warehouse

The values in natural keys may have meaning to users

+ Even without significant meaning, the presence is needed for the ETL that load
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Dimension Table Features - Rich set of dimensions

queries in different combinations to answer a wide

- Dimension tables with a large number of attributes

1 be thought of as wide

mbinations of attributes ma

nding de: otion values

values into descriptive text

- Flags are translated from boolean

« Multi-p

d are

- Consider numeric attributes that can serve as dimensions

Dimension Table Features - Common
Combinations

s common practice data elements down to constituent parts

well. Uses:

ions of these elements ar

common combir
ases query performance

« Sort reports

+ Order data
+ Example:

First name, middle initial, last name

so full n nd Last-name rmat

+ St

+ Database administrators can index these columns

Dimension Table Features - Codes and Flags

In operational systems it is common to describe values in a domain using
codes

+ Both the codes and description may be useful dimensions

+ Store both in your dimension table so that users can filter, access and
organise in whatever way they see fit

Flags can be stored in source systems in different ways; boolean data
type, integer with value O or 1, character with "Y" or "N" or two values
indicating “True" or "False"

In a dimensional design, store the descriptive value of the flag options.
These are far more useful than 0/1 or Y/N and much clearer when
defining a query filter

Grouping Dimensions
Dimension attributes are growped int@itables that
represent major categorieg'of reférence.

+ Junk dimensions coll&et miscellaneous attributes that do
not share a natural affinity,

+ When princigles of nemmalisation are applied to a
dimension table, the result is'Called a snowflake

+ Snowflakes may & useful in the presence of specific
softwake tools. Dimensional design fully embraces
reddndantistorage of information (= no snowflakes)

Dimension Table Example

DIM_product
product key
product_code

product_name

product_group
DISI,

size

colour

cost_price

Dimension Table Features - Benefits of
Redundancy
+ The storage of redundant data element specific in dimensional modelling have
three advantages in an analytic environment
- performance
+ usability
- consistency

+ Precomputing and storing extra columns reduces the burden on the DBMS are
query time, optimise performance with indexes and other techniques

+ The redundant information makes it also easier for users to interact with the
analytic database

- Explicit storage of all dimensions guarantees they are consistent, regardless of the
application being used

Degenerate dimensions

Sometimes some dimensions associated with a business don't fit
into a neat set oftables

It maysbe apprapriate to store one or more dimensions in the fact
table. [tis then called a degenerate dimension

-VAlthough stored in the fact table, the column is still considered a
dimeénsion

Consider if the attribute is really a degenerate dimension. Often such
dimensions are better placed in junk dimensions.

Transaction identifiers are commonly used as degenerate dimensions

Degenerate Dimension Example

FCT _order_line

order_date_key

customer_key
product_key
order_number
order_line
quantity_ordered

unit_price

discount_given
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Slowly Changing Dimensions

Information in a dimension table may change in the
operational source over time, through correction of errors
or updates.

Because the dimension tables have surrogate keys as
the primary key , it can handle changes different from the
source systems

How changes in source data are represented in
dimension tables is referred to as slowly changing
dimensions

Slowly Changing Dimensions - Type 2

+ Type 2 preserves the history of facts:
+ Facts that describe events before the change are associated with the old value
+ Facts that describe events after the change are associated with the new value

+ With type 2, a new row is inserted in the dimension table when there is a change in
the source data

+ This creates the effect of "versions" of a single dimension value in the dimension
table

+ These versions have the same natural key, but a different surrogate key value
+ You can add a "current” flag to indicate the current row of a given natural key value

+ To know when a version of a dimension row was valid, a date stamp is added

Slowly Changing Dimensions - Type 1

+ When the source of a dimension value changes, and it is not
necessary to preserve its history in the star schema, type 1 is used

+ The dimension (attribute) is simply overwritten with the new value

+ The star carries no hint that the column ever contained a different
value

+ Any associated facts from before the change have their historic
context altered

- Type 1 typically used for dimensions where a change is dstially
because of an error that is corrected (like birth date feFa person)

Choosing and Implementing Response Types

A single dimension may have a typ&l respense to some
changes and type 2 respgbnseie,othér changes

Most of the time a fpe 2 response is ost appropriate

There are situ@tions inWhich the change of a source element
may resuligdreither type'@f response. When the source
system regards thiereason for a change, you may choose to
treat a change@s typel in the case of an "error correction” or
type 2 otherwise

When,a dimensidn contains multiple response types, ETL
developers must factor in a variety of possible situations

Grouping Dimensions into Tables

A dimensional model does not expose every relationship,
between attributes as a join

Contextual relationships tend to pass through facttables

Natural affinities are represented by putting atttibuteS'in the
same dimension table

Dimensions are entities that cartbe rélated i multiple
contexts (in different stars)

Dimensions are grouped intotables based on natural affinity

Breaking Up Large Dimensions

« It is not uncommon for large dimensions to contain well over 100
attributes

+ A dimension table may become so wide that it may have an effect on the
database, like allocation of space or block size

« Large dimensions can be a concern for ETL developers. With many type
2 attributes, updates can become a tremendous bottleneck

+ You may solve this by splitting dimensions arbitrarily

+ An overwhelmingly large dimension may also be a sign that there are two
distinct dimensions. Put these in two tables

+ You can relocate free-form text fields to an outrigger

Dimension Roles and Aliasing

Measurement of a business process can involve more
thanene instance of a dimension

» These roles are represented in a fact table by multiple
foreign key references to the same dimension table

“"This is very common to happen with the date dimension

Avoiding the NULL

NULL can fail in WHERE clauses that lack a condition
specifically for the NULL

Never allow the storage of NULL in dimension columns.
Instead, choose a value that will be used when data is not
available (e.g. "Unknown")

When a fact can't be associated with a row in a dimension
table, we will use a special row in the dimension table

You may have special rows for different situations, like
invalid data or late-arriving data
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Fact Table Features Fact Tables and Business Processes

Dimensional models describe how people measure their world

+ Where dimer
many more rov

To be studied individually, each process should have its own
fact table

To determine if facts belong to one process, ask:

numbers ) : + Do these facts occur simultaneously?

+ The fact table should contain Are these facts at the same level of detail (or grain)?

N if some of the fac

Multiple-process fact tables can be useful when compd#ing
Some facts are nonadditive, like percentages or account balances processes

Facts That Have Different Timing - Example

Facts That Have Different Timing

Events may share the same dimensions and seem related,
but take place at different times. Then they are different

processes and should have separate fact tables day key customer key productkey quantfy-ardered guantity_shipped

123 777 111 100 0
123 777 222 200 0
When a fact table for example can contain shipments and/or e P a3 50 o
sl
e Hradandl et PRI ¢ S Tiariaikrate 20
o;dus. the "and/or" in the statement of grain is usually a sign e e " o 100
hleme 1o o
of problems to come 256 77 220 N 0 75
789 777 202 0 125

Querying on such a table may get unexpected result rows
that will confuse users Thesa zeros Wil cause trouble
Working around poor schema design may end up in an
example of boiling the frog

Facts That Have Different Timing - Example Facts That Have Different Grain

* When two or more facts describe events with different
Shipment Report - January 2008 - Customer 777 grain, they describe different processes

Different grain can be caused by a different number of

b Quritiy shipped related dimensions or different level of hierarchy in a
Proguct i1 19§ dimension (e.g. months versus days)
Product 222 200 h
Product 333 0
Page 1 0f 1

A zero appears because there was an order

Fact Table Types Transaction Fact Tables
The tfansaction fact table tracks individual activities or - Examples:
events that defife a business process
Booking of an order
+ dThe snapshot fact table periodically samples status
measdrements such as balances or levels - Shipment of a product

The accumulating snapshot table is used to track the - Payment on a policy
progress of an individual item through a series of steps
Each individual row describes the occurrence of an event

By storing facts and associated dimensional detail, they
allow activities to be studied individually and in aggregate
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Transaction Fact Table Grain

+ May be defined by referencing an actual transaction identifier,
such as an order line

+ May be specified in purely dimensional terms, as in "orders by
day, customer, product and salesperson”

- Sometimes the grain is already a summary instead of an
individual transaction, for instance because detail is available
elsewhere or because the transaction volume is too large

- Despite a clearly defined grain, also an optional relationship is
possible. Then the dimension contains a special row to
represent this missing relation, like "not applicable"

Transaction Fact Tables Are Sparse

Rows are only recorded for activities that take place, not
for every combination of dimension values

For instance rows are only created for those days when
there are orders, only those products that are ordered
and customers that place the orders

Transaction Fact Tables Contain Additive Facts

Most nonadditive measurements, like ratios, can and
should be broken down into fully additive components

This allows the granular data in the fact table to be
aggregated to any desired level of detail

If you can use the sum of each measurement in the fact
table in an aggregation, the fact is additive

Storing fully additive facts provide the most flexible
analytic solution

Transaction Fact Table Example

FCTorder_line
|ofder_date key |}
customer_key
prod‘l_.l_c'tfkey

order aumber

order_line
quantity_ordered |
unit_price

discount_given

Snapshot Fact Tables
Are used to describe the effect of a series of transagctions:
These effects are called status measurements

Some status measurements cannot be deseribedas the
effect of a series of transactions, for example,the Water
level in a reservair, the oxygen level ifrthedair

The snapshot fact table samplé€s the,meastrement in
question at a predetermined intepal

A snapshot fact eliminates the needto aggregate a long
chain of transactiopfhistory

Snapshot Fact Example

To know the balance of a bank account it is possible to
calculate this from the full transaction history

Over time this may involve thousands of transactions per
bank account

The account balance may be used to compute interest
fees for example

When Transaction Data Is Not Stored

It is\possibleithat transactions reach further back into the
past than is recorded in the data warehouse. For
examplea bank account that has been active for 50
years

*_The volume of transaction detail may be too large to
store in the data warehouse. For example the quality of
train tracks every 20 cm

A measurement may be status-oriented. For example
budgets, temperature readings, reservoir levels

Don't Store the Balance with Each Transaction

The transaction fact table is sparse. When there is no
activity on a certain day, the balance will not be recorded
when stored with transactions

When there is more than one transaction, there will be
double-counting in queries
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The Snapshot Model
Snapshots are dense

A snapshot model contains at least one fact that is semi-
addiditive

The grain of a snapshot must include the periodicity at
which status will be sampled and a definition of what is
being sampled

The grain of a snapshot fact table is usually declared in
dimensional terms (definition of what is being sampled)

Semi-Additivity

A semi-additive fact cannot be summed meaningfully
across the time (date) dimension

The fact can be additive across other dimensions
The semi-additive fact can be summarised across
periods in other ways, like minimum, maximum and

average

Some status measurements are not additive at all. For
example water level or ambient temperature

Snapshot Fact Table Example

FCT_bank_balance
PONOd KOV: - ocovorminosy
rbank account_key
branch_key

account_balance

Pairing Transaction and Snapshot Designs
Many processes can be modelled bath in ai@nsaction
and a snapshot fact

When a design will ingltide both a trangaction fact table
and a periodic snapshat, the snapshat'can and should be
designed to usedhe transaction fact table as a source

This eliminateg,duplicative ETL. processing of the source
data

It ensures that dimemsional data will be identified and
loaded consistently

Accumulating Fact Tables
Focuses on time between events in a process

The grain is a unit that goes through the business
process, like a loan application

The fact table will have exactly one row foreachiunit

It will have multiple keys to the Date dimensionifor
completion of each stage of the pfecess

Each row has a group of factsithat measure the number
of days spent on each stage

Accumulating Fact Tables
+ The active rows are updated regularly

Fact for the duration of the active step is incremented at
each load

Each time a stage is completed, the appropriate end date
key is set

When the design for a business process includes both a
transactional star and an accumulating snapshot, the
accumulating snapshot should use the transaction star as
its source

Dimensional Modelling Exercise

+ You are approache@\by one department of your company to create a data
mart for one,of theif Processes

+ AcGounting sibookkeeping
* Sales sproduct sales
« Hufman Resources - employees
+ Specific to company:
+ Production
+ Client product development

+ Customer activity (telecom)

Querying Dimensional Models
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Using a Star Schema

+ Most queries against a star schema follow a consistent pattern:

+ One or mor
provide the

ts are requested, along with the dimensional attributes that
red context

+ The facts will be summarised in accordance with the dimensions present in the
query

- Dimension values are used to limit the scope of the query (filter)

+ The star schema can be used in this way with any
dimensions (in the star)

ation of facts and

+ Note that the ability to report facts is primarily limited by the level of detail at which
they are stored

+ Various aggregations are sum, average, count

Typical Star Schema Query Example

SELECT store_location, month_name, SUM(sales_price) AS
total_sales, SUM(discount) AS total_discount
FROM fact_sales fs

JOIN dim_date dd

ON dd.date_key = fs.date_key

JOIN dim_sales_people dp

ON dp.sales_people_key = fs.sales_people_key
WHERE year = 2015

AND country = 'Belarus'

GROUP BY store_location, month_name
ORDER BY month_number

see: aggregation, relate fact table to dimension tables, filters, arder

Typical Star Schema Query Example Alternative

SELECT store_location, month_name, SUM(sales_price) AS
total_sales, SUM(discount) AS total_discount

FROM fact_sales fs, dim_date dd, dim_sales_people dp
WHERE dd.date_key = fs.date_key

AND dp.sales_people_key = fs.sales_people_key

AND country = 'Belarus'

AND year = 2015

GROUP BY store_location, month_name

ORDER BY month_number

Analysing Facts From More Than One Fact Table

When comparing facts from different fact tables, it is
important to collect then from,separate SELECT clauses

When you use a single SELECT, there is risk of double
counting, or werse

The twosStep proeess Used is called drilling across,
stepping fromé®ne star td another

Drill-across Procedure
Phase 1: retrieve facts from each fact table, applying
appropriate filters, outputted in desired level of
dimensional detail
Phase 2: merge the intermediate results together
This process can be done with any'amount offfact tables
This can also be done across differentdatabases, as

long as the dimensions invelved Rave the same structure
and content

Data Vault

How to Query Semi-Additive Facts

When summing the semi-additive fact, the query must be
constrained (filtered) by a unique row in the nonadditive
dimension, or grouped by rows in the nonadditive
dimension

Consider the grain of the snapshot fact table to see if the
SQL AVG function can be used

Data Vault in a Data Warehouse Architecture

Source data
Data Marts & Cubes

iﬁ‘ |
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]
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Data Vault Fundamentals - Hub Data Vault Fundamentals - Hub

H_customer

h_customer_sid

h_customer_code

h_customer_Idts

h_customer_record_source

Data Vault Fundamentals - Link Data Vault Fundamentals - Link

A Link represents a natural business relationship betw

two or more business &\(“,:2

Just like the hub, it contains no descriptive information L_cdstomer_product_sale

Ihk_cps_sid

eated the first time a unique association Ink_custalh

+ Alink row is

between business keys is introduced to the Enterprise h_product sia
Data Warehouse Hisale sid
Ink  Idts

The link consists of the data warehouse IDs from the hubs Ink _Cp; record_source
that it is relating, with a data warehouse ID, a load date
timestamp and a record source

Data Vault Fundamentals - Satellite Data Vault Fundamentals - Satellite

te contains the descriptive information or context for a bu

satellites to describe a si

S_customer

jescribe only one key (hub or link

h_customer_sid

satellite is connected to a hub or link with the datafWaréhouseg ID of the s_customer_ldts

hub or link s_customer_ledts

omer_name

1 satellite row is the hub or link key @hd theidate-timestamp

ate\warel
e validity o

y using s_customer_record_source

Choosing Satellites Modelling With The Data Vault

-4 There'are different reasons to put attributes or context in " Identify business concepts
various ‘satellites: - E h the enterprise wide bus

' + Model the hubs
¥ subject area

- Ide

fy natural business relationships

“éte of change (do values change often or seldom)

ps Unit of

+ Model the links
+ source system (and arrival time of data)
+ Gather context attribt

- Establish criteria and design satellites

* Model the satellites
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Data Vault Modelling Challenges - Business Keys

A business key is a unique identifier according to a
business person

Some business concepts may lack a visible identifier

Data Vault Load Order

First load the hubs, so new keys are appointed to new
rows in the hubs

Secondly load the links, so new keys are appointed to
new rows and the correct hub data vault keys can be
assigned to each row

Lastly load the satellites, so the correct hub or link data
vault keys can be assigned to each row

Data Vault 1 or 2 - ID

The original Data Vault uses a meaningless sequence
(integer) per hub or link as an ID

The new Data Vault uses a hash key derived from the
business key

The hash key has the advantage that parallel loading of
hubs, links and satellites is possible

The hash key ID can cause key collisions (identical keys),
although the chance of this is tiny

Data Vault Advantages

- Uses mainly fast inserts into the databa$e instead\of slower updates
+ Restarting a load again aftéFan errori@anbe done Safely

- Using many-to-many felationships by default means no rework when
the relationship type changes

- Traceability with the load date-timestamp and record source columns

+ Use of varioUgisatéllites offers flexibility and means no rework when
new attributes'@re added or source systems change

- System of 'facts' asithere is (almost) no application of business rules,
cleansing or other transformations

Data Vault Considerations

Data Vault is bad for querying, it is no substitute for data
marts

The amount of tables is higher due to the ggparation in
hubs, links and satellites

Data Vault Exercise

Create a Data Vault model that fits the dimensional model
you created earlier

Do it step by step:
Hubs
Links
Satellites

Present and discuss results after each step
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