Building Efficient Data Warehouses:
Understanding the Issues of Data Summarization and Partitioning
Susan Tideman, SAS Institute Inc.

Robert Chu, SAS institute Inc.

ABSTRACT

An afficient data warehouse enables better and faster decisions.
Ta build an efficient data warahousa, you need 10 know how best
to summarize daia and how best to partition the summanzad
resuits.

By mastening the fundamental issues discussed in this paper, you
will increase the retum on your organization’s investment in data
warehouses, such as onas that you can build with the
about-it-be-rgieased SAS data warehouse softwars.

INTRODUCTION

First, this paper provides some background on:

O data warahouse subjects
3 what a data warehouse contains about subjects

Q how a data warehcusae is different from an operational
database
I e steps for building anc using a data warehouse,

Naxt, this paper discusses tha following steps in mora detail:
3 data summarnzation (logical aspects ot data crganization)
@ data paritioning (physical aspects of data organization).
Finally, this paper gives you soma pointers on:

1 other issuas reiated to data warehouses.

SACKGROUND
What is A Data Warehouse Subject?
A data warehousae typically contains muitipie subfacts.

A subjact Is a logical grouping of information that serves at least
one businass purpose.

T Forinstance, the following could be the sutjects in a finance
data warshouse: invoicas, customer profiles, vandor profiles,
amployesas, benefits, pengions, short-term dabt, long-term
debt, and s0 on.

8 And the following couid be the subjects in a sales and
marketing data warsticusa: competitors, customers, products,
staif, new leads, sales, retum on product deveiopment
investments, and so on.

o Or a single, organization-wida warehouse couid contain all of
these subjects.

Subjects do nat necessarity have a ona-to-one carrespondence to
data sourcas.

S Cne data source ¢an provide data o muitiple supjects. For
ingtanca, the on-lina transaction pracassing (OLTP) data
sourcs on product purchases could contribute 10 subjects such
as sales, customers, retum on product development
investmaent, and so on.

g One subject can receive data from muitiple data sources. Tha
sales subjact could receive data from muitiple QLTP data
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sources such as product purchases, training purchases,
consulting purchasas, and so on,

What Does A Data Warehouse Contain About A Subject?

For a given subject, a data warehouse may contain

Q detail data (for axampie. transaction-criented data)

O summary statistics {sometimes caliad summary data)

O data for subsetting (selecting), mapping (locking up one vaiue
to find anather value), ordaring (sorting) the detail and
summary data, and data for weighting the summary data. For
an example of subsetting, mapping, and ardering data, see
Figura 1 and ths notes associatad with Figura 1.

O matadata (such as: data on data sources; data type, format,
and length of detail vaniables; the summary period for
summary statistics; the critena 0 use for subsetting, mapping,
ordering, and weighting; the age limits for keeping data in the
data warshouse; data on data archives; and so on)

T tookup data (a special king of detail data, often dated, that
provides descriptive data), For example, customer information
could contain customer id, date, company name, industry,
parant corporation, subsidianies, contact people. phone
numbers, names, addrasses, and so on).

Let's take a simple exampie. Suppose each detail record from the
saies subject comains data on the sale date, salas persen,
customer id, product, price, and quantity.

3 A saigs anaiyst couid need to see the total sales (sum of
prices) by product. and within product. by month. and within
month, by region. In this case, the summary statistics are
sums.

Q A marketing anatyst couid need to sae the count of sales by
product, and within product by industry, and within industry by
salas person, and within sales parson by month. in this casae,
the summary statistics are counts.

Q The anatysts ara iikely 1©
2 first, look at the summary statistics
Q second. decide what, if anything, nesds to be further
researched

O third, drill down as far as the datail data or aven as far ag
tha OLTP data source, it necassary.

Typicatly the data are availatie as tollows:

0 Tha records or ohservations from data sources typicaily
provide the detail data and the data for subsetting, mapping,
ordering, and weighting.

Uniess the data are old enough to have baen aged out of the
data warshousa into archives, the data are alraady avaijlable
whan needad. [f the data have baen agad cut into archives,
e data may be available with a delay of soma sort,

O The data warehousa typically providas summary statistics,
Summary statistics are statistics such as mean, median,
mode, sum, count, and so on. The process of caicuiating
summary statistics is cailed data summarization.

Summary statistics that have been raquested in advance are
automatically catculated by the data warehouse and ihus are



already available witen needad. Summary statistics that have
not been requested in agvance are caiculated on an ad hoc
basis and thus avaiiable with a daelay of some sort.

How is A Data Warehousa Different from an Operationai
Database?

in casa tha tarm data warehousa is not entirety familiar to you,
let's pause a moment and compare it with the ierm operational
dgalabass.

A data warshousa is a special type of database. The following
charactaristics heip distinguish a typical data warehouse (DW)
from a typical operationai database (CC8):

a

Purpose

g DW: Decision making

Q ODB: Routine business operations

Number

O DWw: Typically ons main OW and one test OW per
arganization, division, or depariment

o ODB: Typically one ODB per appiication, thus many ODBs
per arganization, division, or deparment

Typicat Usar

O Dw: Business analyst
g QODB: Clarical worker

Structure

a OW: Usually organized by subject and tims period: usually
pre-summarized. pre~indaxed, and $o an, in ways that
comasgond 1o analysis purposes

O ODE: Usually organized for use with a specific transaction
appiication; usually pre-indexed in ways that cormespond to
operational puiposes

Number of Data Sourcas

Q DwW: Many

O CDB: Few

Data Encoging

O DW: Doas recoding if necessary for data consistency
0 ©QDB: Uses original encading

Volatility

O DW: pradictable updates at pradictable intarvals: typically,
weakly, daily, or perhaps hourly

O ODE: unpredictabie updates at unpredictabie intervals;
typically, minutes or seconds or less

Data Accass

S DW: Typicaily read-only access for analysts

T ODB: Typically read-cnly or update access ior operational
users

Summary Statistics (Data Summarization)

o DW: Typically aiready caiculated but sometimes caleulated
on ad hoc basis: typically statistics cover current and
long-term data (five to ten years)

O QOB: Typically calculated on an ad hoc basis; typically
statistics cover current data only (sixty 10 ninety days)

Fate of oid data

C DW: Typicaity archived
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3 ODB: Typically deleted,

What Are the Steps for Building and Using a Data
Warehouse?

Let's briefly walk thraugh the staps for building and using a data
warehouse. They are listed here in a typical order, but the order is
not stict. Some steps can ba done in parailel of in another order
ar iteratively,

The steps are as follows:

1.

3.

Decide an the subjects that are appropniate for your data
warenouse.

The anaiysts who will use the data warehousae can tell you
what subjects they naed and the type of data they need about
each subject.

This step may taka a considarabte amount of ime if you need
to iogk at the entire organization.

Find out how the anafysts nead 0 have the data surmmarized.

Each analyst may need diffarent summary statistics on the
same or differant subjects and may need the data sortad by
different criteria in diffarent ordars. Similarty, each analyst may
nead 10 subset cr map tha data on one ar more subjects by
different criteria.

For exampia, you may find that a purchasing analyst neads
vandar dara summarized by month, and within month by
vendor nama. And 2 sales manager needs customer data
summarized by week, and within week by ragion. Anc a
performance anatyst needs inquiry data summarized by hour,
andg within hour by systam. And the CEQ and board need
vendor and customer data summarized by country, ang within
country by fiscal year.

Locata data sourcss for the subjects and for subsetting,
mapping, ordenng, and so on.

A data scures is a fils, library, database managament system
(DBMS), and 50 on that contains some or ail of the data about
a subiect,

For instance, your vendor database couid provide data needed
for the vendor subject. And a leased database on national
corporations could provide data needed for the invoices
subject and the new-leads subject.

. Choose a common ancoding schama and weite programs that

axiract gata from the data sources, transtorm (recods) the
data if necessary, and load the data as detaif data in the data
warehouse,

It is often tha case that different data sources use different
encoding schemes. A data warghouse uses a commen
encoding scheme.

For exampte, you may find that one data source uses sex
codas of M and F, and ancther data source usas a sex codes
of 0 and 1. Similarty, you may find that cne data source
abbreviates company namas and another data source
containg compiete company names.

You can use products such as SAS/ACCESS (R), the SAS
SQL procadure in basa SAS software, and SAS/CONNECT
(A} to extract, transform, and transport data.

Plan hew to partition (physically separate and store) the data.

Although the data warshouse is one entily logicatly, the
amount of data in it probably is much oo much to store in a
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singie DBMS or on a singia disk. it may even ba toc much to
Stora on a single system.

For example, you may need the detail data on saies int an
ORACLE (R) DBMS on a Unix machine, the deiail data on
finance in a SAS (A} data library on a mainframe. the
summary data on sales on a saerver that you can access with a
Macintosh, the summary data on finance in a
mutti-dimensional database (MDD8) that you can access with
PCs, customer tcokup data on cantral Unix sarver, and vendor
lookuzp data on another central Unix sarver. ’

Even if you could store the data together. you would stiit want
to partition the data for performance sfficiency.

For exampie, you are likely to want t0 saparate recent data
from older data. And you are likely to want to separate
oftan-requested data from infraguently-requested data.
Craate an emply cata warehouse and deline the required
meatacala.

You will have metadata on the detail data, summary data,
lookup data, and criteria for subsetting, mapping, ordering, and
weighting. Simiiarly vou will have metadata on partiticning.

For axample, you will have metadata on data sources, data
variabies, data attributes, patterns of encoding, one analyst's
critaria for a subject, another analyst's criteria for that subject,
criteria for aging out detail data and aging cut summary data,
data archives, and $0 on,

Craats and schedule cne or mara pariodic (weskly, daily, or ir
soma cases perhaps hourly) jobs.

Pericdically, vou nised to ioad new data, incomorate the new
data into the summary statistics, and backup and report on the
data warehouse. You couid have one long sequental job. Or
more typically you would have a first set of concurrant jobs
followad by a second set of concurrent jobs followad by a third
sat of concurrent jobs.

For axample, you could have:

o anumber of conourrent jobs that run your programs that
axtract, transform, and icad the data as detsil data in your
data warahousal(s).

3 anumber of concurrent jobs that run thae data warehouss
programs that use the metadata to calculate or upcate the
raquested summary statistics.

@ anumber of concurrent jobs that back up the data in the
data warshouse, generate reports on the data in the data
warehousa, and, optionally, create one or mora datamaris.

A datamart is a lemporary collection (for exampie, fora
week) of read-oniy data that is usually a subset of the
summary statistics and a subset of data for subsetting,
mapping, ordening, and weighting. The physical
impiementation of a2 datamart can vary. For instance, a
datamart can be a library of SAS data sets ora
multi-dimensional database (MDD8) such as the type
created by the SAS MDDB procadura.

Remamber 1o plan for recovery in casa a job fails. For
nstance, 2 job may fail due to a power ocutage, lack of disk
space, and 30 on. To ba practical, make recovery procegures
granular. For instance, recaver by subject not by the entire
data warehouse.

Use existing imterfaces or design new interfaces lo view andior
generate reports on ihe data.

The interfaces can range from simple data browsers 0
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axecutive information systems. You can usa one interface for
averything or cifferent intarfaces for different pumoses.

For instance, you ¢an use SAS reporting tools like
SAS/ASSIST (R) and programs developed with SAS/EIS (R),
QRACLE reporting tools like programs devaeloped with
PowerObject (R}, and so on.

9. Plan how o archive the data in a manner that convenisntly
allows you 19 access the archived data when necessary, and
white the programs that archive and retrieve dala.

Typicaily, oigar data are migrated from on-line disks to off-line
disks or 10 tapas. if possible, use a method that enabies you to
ratrieve the archived data and 10 integrate the archived data
and currant data transparantly.

For axample, you may want daily tapes that contain the data
agad out that day. You may want one tape per subject of one
tape per some other meaningful subset of that day’s data, Or
you may want daily increments (of subsets of the data) on
weakly or monthly tapes.

MORE ABOUT DATA SUMMARIZATION AND PARTITIONING
Data Summarization

You can write or ind programs or procadures or tnais (like the
SAS SUMMARY procedure, the SAS SQL procedurs, or the
ORACLE 3QL"Pius tool) that caiculate summary statistics.
However, the more data that you have in your warehousa, the
longer it takes to run the programs and tha more space they
raquire for intermediate files. So the more detail data you hava,
the more carefuily you need fo plan

O what statistics the data warehouse will caiculate automaticaily

O mora importanily, how the data on which the statistics are
caiculatad should be subsst, mappad, ordered, and weightad

a aven mora impartantly, how to caicuiate as many statistics as
possible without reading through ali of the detail data
(espaciaily tha archived detail data) every time you do the
calculations.

if appropriate provisions ara made ahead of time, the anafysts
using the data warehouse can gat answars quickly even when
large quantities of cetail data and summanzed data are invoived.

Here are examples of the types of summary siatistics that
analysts are fikefy to ask jor:

mean, mecian, and mode

count and number missing

sum and weighted sum

stancard deviation and variance

maximum, minimum, and range

percentite,

Note that the calculation of some of these depends on context (for
axampies, ses the appendix of this paper).

aoaoooagon

Anatysts often need to see the statistics only for a specified
subsat or mapping or arder of the data. Here are exampies of the
ways that analys:s are likely to need 0 sse the data:

Q by day, by week, by biwaek, by month, by quartar, and/or by
year

G by person, by department, by division, by company, by parent
company, and/or by ingustry

QO by cily, by state, by region, and/ar ty country



2 and combinations of the above.

Hara is a checklist to get you started planning the calcuiation ot

summary statistics:

3 The data warehouse myst carry the cata on which the
statisties ara cajcuiated. Remember 10 have it aiso carty the
data an which the statistics can be subset, magped, ordered,
and weighted.

A Allow analysts to request variables whose values are
caicuiated from or looked up from the data in the data
warshouse. PFor axample, suppose an analyst is looking into
the need for more fax equipment and wants statistics on
incoming and outgoing fax traffic per hour. You can calcuiate
hour rom the tmestamp on the fax records. Siinilarty, suppose
an analyst wants to analyze customers by industry and the
data sourcas do not carry a vaniabie for industry. You can have
lookup data that allows you to retriave the industrias for
sustomers and use the incustries for subsatting, mapping, and
S0 on.

O Allow for variations on the definition of a subset or mapping.
For instance, one analyst may need 10 see data by calendar
month and another may need 1o see data by biweeidy pay
period. Similarty, one may need calendar years and another
may need fiscal years. And one may need to see cusiomer
data by parent company while another needs 10 see customer
data by industry.

S Base your choics of statisics on what is most meaningfui
and/or what has been requested. For exampte, suppose a
group handles telephone calls and is looking &t the issue of
staffing. An analyst working on the issue would probably be
interasted in the pattem of calls per hour rather than in the
total count of calls. Similarly, suppose a group handies
marketing and is looking at the issue of agvertising. An analyst
working on the issue would probably not be as intarastad in
the monthiy sales figures per state (say, $1M in Vermont and
$2M in California) as in the monthly sales figures waighted by
(in this case, divided by) stats population.

a Avoid gverdoing the statistics you calcutate. Offer 1o subset
and map and ordar and weight, but avoid automatically
calculating every combination and permutation. There are far
too many to calcuiate statistics automatically for them all. The
only ones worth calcuiating automaticatly are the ones that
have been requested.

o Avoid putting artificial limits on the subsstting, mapping,
ordering, and weighting that people request. if two pecple
nead 1o use similar but not identical weighting, subsatting, eic..
it is much better to give each analyst the vanation requested
than 10 get anaiysts to agree to share statistics that are not
quite wnat they need to see. The ime and cost 10 caiculats
another et of summary statistics is much lass that the time
and cost to try to interpret statistics thal are not guite what is
needed.

T Look for a way to rause the same detaii cata for different
analysts, Avoid duplicating dstait data just because diffarant
analysts need 1o caiculate different summary siatistics or need
to subset, map, order or weight them differently.

O Whanevar possible use incremental calculations for summary
statistics. For instance, instead of calculating the mean by
running against ali of the data, update a cumuiative sum with
the most recant day's (or hour's or week's) data and update a
cumuiative count with the most recant day's (or hour's or
waoel’s) data, and calcutate the mean by dividing the
cumuiative sum by the cumulative count.

Avoiding the reading of oid data not onfy saves time. It also
means that the detail data can be archived (or defated it the
amount is too massive 10 archive} as soon as e analysis are

64

a

untikaly 10 need the data fraquanty (or dght away). Another
way to say that is ihat incremental calculations enable you o
have up-ic-date summary siatistics that include data that are
no {onger on-line,

Look for a way 10 keep the summary statistics for ditferent
periods independent of each cther. For instanca, if you need
ilte maan over a week and the mean over a month, keap a
cumidative sum and count for the week and a cumulative sum
and count for the month. By keeping the periods independent
of each other, you allow more flexibility, For exampie, you can
avoid

@ keseping daily statistics that no one has raquested just
because weekly statistics and monthiy statistics have besn
requested, and s¢ on.

@ keeping daily statstics for 31 days when anatysts only
need them for the last few days, just becausa you need o
caiculate weekly statistics anct monthly statistics, and so
on.

a cafculating daily statistics on one pass, and then using
another pass {0 caiculate weekly and monthly statistics,
and then another pass to calculate biweekly and quarterly
statistics, anc so on.

Remember that you can backload praviousty-collected data.
Suppose your periodic jobs load a day's worth of data each
day. At that rate, it may be a long time before there is encugh
data in the data warehouss to analyze trends. You can
backioad eartior days, weeks, months, and even years of data
into the data warehouse (and ingluce that detail data in the
summary statistics) if anaiysts need to do trend analysis now,

Consider some way to keep data on the usage of the detaii
data, summary data, and subsstting, mapping, ordering, and
weighting data. Analysts’ needs will change over time. For
instancae, analysts may be subsatting, mapping, oraering, and
weighting data in ways not anticipated eartier. and thus
submitting ad hoc requests (which retum answers more siowly
than requests for statisties that are aiready caiculated). !f you
can detect such a change, you can make the corresponding
changes fo the metadata so that thosga statistics, subsets, stc.
are included in the ones ihat ara provided automatically.

Or if you cannot kaep daia on usage, at least suggest to
analysts that thay review thaeir usage pattems from time 1o time
and iet you know of changes. That way you <an add and
deleta metagata o “une’ their rasponse times to theéir actual
usage.

ARemember t ptan how you will migrate changes in your test
data warehouse to your main data warghause.

The items in this checklist are not exhaustive, They will get you off
1o a good start and are foad for thought.

Data Partitioning

in principle, any kind of logical data (detail, summary, lookup, ete.)
in the data warahousa can ba stored as one or more partitions.
{The tenm tabig is sometimas used to refer to a partition.)

Partitioning is usually done to decreasa response time (by
dacreasing access time). You can partition data in a number of
ways, even within the same subject. For instance:

[=f

Platform partitions (platiorm tables) saparate the data likely to
be accassed from one platform from the data likely to be
accassed from another piatform,

Column partiticns {column tables) separate

frequently-requasted variables from infrequentty-requasted
varniables and/or frequently-requested statistics from



infrequently-requested statistics.

Q Row partitions {row iables) separate data based on a ranga or,
more generaily, on an expression. For Instancs, you can
separate the recent data from the oider data, or the data for
one siate from the data from another state, or a combination of
thess.

0 Format partitions {format tables) separate data based on the
format used for storage. For axampie. you can have detail
data within a subject stored in an ORACLE DBMS and
summary data within that subject stored in a SAS data library
or 8AS MDDBE.

Ideally, allow for all types of partitions.

Here i a checkiist 10 gat you started pianning the data
partitioning.

O Considar the locations of the analysts who are likely to use the
data,

For instancs, suppose you have Los Angeies (LA) daia and
New Yark (NY) data and the LA-basad analysts need 10 use
the LA data fraquently and the NY data infrequently, and vics
varsa. Store the LA data in a partition in LA and the NY data in
a partition in NY.

O Maka the panitioning as transparent as possible to the
anaiysts.

For instancs, suppase an analyst requests data and some of
the data ara an-iine and the rest have been archived. You
colid write a massage to the analyst explaining that thers will
ba a delay becausa such and such data are not on-ling and
then ask if the analyst wants to wait or 10 cancel. !f the analyst
choosas to wait, you need o have enough metadata about
archived data that you can access the requested data without
asking the analyst how and where oid data are stored,

3 Match the storage format to the analysts’ needs as closaly as
pessible.

For instance, if analysts have regquested muiti-dimensional
analysis or you anticipate frequent ad hoe multi-dimensional
analyses on certain data, consider storing that data in an
MDODB. You can sven saparate data within a subject (for
instance, to put some in a SAS library and some int a SAS
MDDB). To be practical, physicaily keep together the data that
anaiysts need to use together (for subsetiing, mapping,
ordering, anc weighting).

O <Consider the summary period {day, wesk. and so on).

To correspond tc the flexibility in caiculating daity, weekly, stc.
statistics, maintains flexibiiily in storing those pericds. The
easiest way 1o do that is to store sach period's statistics (and
associated data for ordering and weighting) in a different
partition.

o Consider some way 1o keep dam an the usage of the
partitons. Analysts may change how oitan ihey need cartain
data, what data thay subset, what data they map together, and
what periods thay need summary statistics on. Soma of tha
changes can be reflectad by changing the metadata in the
data warehouse. For exampis, if analysts often raquest certain
racently archived data, you can change the metadata to kesp
thase data on-line ionger hefora archiving.

Other changes will raguirs reparitioning. For axample, if two
tapias on the sarne drive are popuilar, you ¢an mova one 10
anocther drive, And if analysts often requast muiti-dimensional
analyses on data that are not in an MDDE, you may want 1o
move those data t an MDDB,

T Consider how to make repartitioning sasy.
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Ptan ahaad of ime how o merge and spiit data based on
piatformy partitions, column partitions, row partitions, and
format partitions. For instance. you yourself may want to
rapartition data affer you have some exparience with your
initiat partitions. And over ime analysts may need to group
together data that are currentty in two different MDDBS, or may
start doing freguent muitidimensional anatyses on data not
currently in an MDDB, or start using a period for summary
statistics that was not used before, and so on.

2 Consider repiicating (duplicating) popuiar tabies. For instance,
If fifty analysts use a ceriain table, you can decreasa average
respense time by having two capies of the tabls.

O Remamber to plan how you wil migrate changes in your test
data warehouse 0 your main data warahouss.

The items in this checkilst are not exhausiive. Thay will gst you off
o a good start and are food for thought.

What is the optimal data parstitioning in your data warghousa? is
there an optimal data partitioning scheme for your data
warehouse? How do you measure whather you have the
optimized data partitioning scheme deployed in your data
warahouse?

All these questions have no definite answars. Tradeoifs are
usually invotved. Thare are really no simpte guidsiines except that
business aspacts should take precedence over technicat aspects
as much as possible.

PQINTERS ON RELATED ISSUES

In-depth discussion of thesa issuas is beyond the scope of this
papar, but the issues are worth mentioning briefty.

Metadata and Associated Versioning issues

Cver ime, analysis' requirements for the data will changa, and
the data in the data sources and the partitioning of the data will
change. For axampia, records from a data source may cany a
new variable. Or summary data may be relocated.

Remambar to pian how the metadata wiil reflect the cnanges, so
that summary caiculations and ad hoc requests (especiaity
calcuiations and reguests that incliude data both before and after
tha change) do not cause any errors. For instance, you may want
o have one sat of metadata that applies before the change date
and ancther set of metadata that applies after the changa date.

To pravent inconsistencies between the data and metadata, aiso
remembar to plan how you will block access to the metadata
during changes o the metadata. Or plan to use a product tike
SAS/SHARE (R) that enables updates 1o take place 0 one part of
the data and metadata while analysts are querying another part of
the data and metadata.

Lookup Data and Associated Versioning issues

Ovar tima, customers or vendors or sta¥f or equioment and so on
may move from one category to another. For example, a
customar may movae a plant from one region to another, so that
data bafore the change shouid be reflected in the statistics for one
region anc data after the change shouid be reflected in the
statgtics for the other region,

Remember to plan how the iookup data will reflact the changes,
so that summary caiculations and ad hoc requests (especially
caiculations and requests that include data Hoth before and after
the change) do not cause any arrors. For instance, you may want
to have 'implicil’ metadata in the sense of enahling the detection



of muitipie lookup records with the same key but different dates.

To prevent inconsistencies between the data and lookup daia,
also remember to pian how you will block access 1o the lookup
data quring changes 1o the lookup data. Or pian to use a product
like SAS/SHARE that anables updates to take place to one part of
the data anc metadata while analysts are querying ancther pan of
the data and metadata.

Data Compression

Usually data comprassion raduces the size of a partition (tabie).
but not always. The direction and size of the stfact depends on
{he nature of tha data.

Usuatly data compression slows response time {which includes
the time for decompression), but not always. Decreased O time
may eutwaigh incraased CPU time. Even if data comprassicn
slows rasponse time, that may act matter if the analysts at your
site tand to generate reports in batch rather than ta make inquiries
interactively.

You may want {0 experiment o see the effect of data
comprassion and then consider the tradeoffs. Regarciess of the
resuits of the experimant, you may want 1o repeat the experiment
from time to time in case tha effact is different due to changes in
the data, changes in the use of batch mode or interactive queries,
and so on. Because of possible changes, it is best to have one or
more switches that turn data compression on or off,

Indaxes on the Data

Almost always a data warehouse has indexes. Typically the
indexes on detail level are re~craated after the periodic jobs run
that foad the detail data. Typically the indexes on summary tevel
arae re-created after the periodic jobs run that calculate summary
statistics. Re-creating incexes takes production time and indexas
take storage space, but indexes can save analysts' ime
(especially it analysts use the data warahouse in interactive
moda).

Evaluate the tradeotfs and caratully select what to index. Later,
you may want {0 use the usage data 10 verify that you chose the
appropriate indexes.

Exception Reporting

An analysts may not need to check on certain staistics ragularty
but to be notified if the statistics change significantly. Simiiarty, an
analyst may need to know when a statistic exceeds the vaiue
pradicted basad on previous growth, or is fluctuating rapidly, or
behaving in an atypical way, Similarly, you may need to know
when the response time starts to get long because of an
increased analyst base or degraded accass o some partition.

Considar exception reporting that sends e-mali, runs programs,
ang/or generates reports if the data warshcuse detects data that
are behaving in ways that you and/or the analysts can descrite
with rules, That shouid save averyone much time spant
discovering that some of this day's, week's, and so on, daia are
quite similar 1o the praviocus cnas.

Data Security

You may want to have security access based on whole data
warehouses and datamarts, or whole subjects, ot partial subjects.
For exampie, you may need ta limit access tu empioyee salary
data while allowing free access to empioyes telephone axtension
data. Similarty, you may naed to limit access o privileged
information from vendors or customers or marketing parners.
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Data Mining

Data mining is a process that discovers information (usuaily from
data warehouses or operational databases) that traditional query
and reporting tools cannot effectively reveal. As data mining
becomas more popular, amicipate more use of your data
warehouse(s) and datamart(s) for daia mining, because so much
data are aiready gathared there, encoded consistently, and in an
sasily accessibia form.

Nota that data mining often involves stadstical analyses, so the
SAS Systam with all its statistical procedures ¢an be quite useful.

CONCLUSION

Mastering the issues of data summarization and data partitioning
is necassary to build efficient data warshouses.

Yau can yse existing SAS procecures to build data warehouses,
But the about-to-be-released SAS daita warehouse software can
help you auiomate many of the steps. Some of tha iopics
discussed hers are agdressed in the inflal reisase of the SAS
data warahouse software. Most, it not all, of the remaining topics
will be addressed in upcaming releases of he SAS data
warehouse softwara.

APPENDIX ON SUMMARY STATISTICS CALCULATIONS

Suppose we have three cbsarvations:

date stock_prica_at_clasing rate_changed
028EP95 330

03SEPIS S&0 100%
04SEP9S 330 -50%

Nate that rata_changed doubles and then haives.

Without tha Concept of Variable (nterpretation

if an analyst requests averages, the averagas woulid be

@ fer stock_price_at_closing, ($30 + $60 +330)/3 = 540

a for rate_changad, (100% «+ (-50%))/2 = 25%.

Note that the simple average (anthmaetic average) is assumed for

both numeric averages here. But the average of rate_changed
{25%) Is incorrect.

With the Concept of Variable Interpretation

if an anaiyst requasts averages, the averages wauid be

C for stock_price_at_closing, interpreted as a ‘reguiar” numeric,
(330 + $60 +$30)/3 = 540

Cc for rate_changed, interprated as a “daita rate’ numeric,
SQRT(1+100%)(1-50%)) - 1 = 0%.

Note that the arithmetic average is assumed for the ‘regutar’
numaric and tha geometric average is assumed for the “deita rate’
numeric. The average of rata_ctianged (C%) is correct.
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NOTES FOR FIGURE 1

Thera are four hisrarchicat lavais in this figure:
QO Level 1 - Data Warehouse

Q tLogically, a data warehouse is a container for subjects.

C Physically, a data warehouse 'owns' metadata for level 1
{for example, the name of the data warehouse support
person, the data warehouse description, the data
warshouse creation date, and 50 on).

0 Level 2 - Subjacts

O Logically, a subjact is a container for summary grougs.

O Physically, a subject 'owns' metadata for levei 2 (for
axampia, the name and description of the subject, the
names and descriptions and properiies of the variabies, the
data sources and daia archives for cetail data, and so on)
and 'owns’ the detail data for the subject.

a Level 3 - Summary Groups

Q Logically, a summary group Is a container for summary
levais. Summary groups can have zero ar mors critaria for
subsetting and zarc or more critaria for mapping.

O Physicaily, 2 summary group ‘owns' metadata lor fevel 3
(for axampise, the #st of which periads are in use, the
subsetting and mapping ¢ritenia, if any, and so on}.

C Level 4 - Summary Lavels

O Logically, a summary {evei is a comainer for statistics and
the associated data for crdaring ang weighting. (Ordaring
vanables are often catleg class variables.)

Q Physically, a summary level ‘owns' metadata for level 4 (for
axample, the list of ordering variables, the period, the list of
statistics requested, weights to be used for those statistics,
and so en) and ‘owns' the statistics and copies of the
associated data for ordering and weighting.



subject
data —
warehouse
= COmMpettors
= suppliers
= employees

—_revel3 Level 4
summary group summary class
1 all sales with no by region and prodnct
Mngwmppingtbymmdmm
2 all sales with no by product
subsetting or mapping by product
by product
3 afl sales with no by region and
subsetting or mapping salesperson
by state and product
4 consulting sales by customer _id and
no mapping applied product
1o customer_id by prodict and
salesperson
5 software saies — by cOUMNLTY 2nd
mapping customer_id product_type and
10 customer_name customer_name
6 software sales s by country and
mapping customer_id product_type and
to industry industry

Figure l: Example of a Logical Data Warshouse Structure
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