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Traditional OLTP

 DBMS used for on-line transadion pocessng
(OLTP)

— order entry: pull up order xx-yy-zz and updite
statusfield

— banking: transfer $100 from accourt no XXX to
account no. YY'Y
* clericd data processingtasks
* detail ed upto-date data
* structured, repetiti ve tasks
* short transadions are the unit of work
* read and/or upcate afew records
* isolation, recovery and integrity are aiticd




OLTPvs. OLAP

OLTP OLAP
users Clerk, IT professonal Knowledge worker
function day to day operations dedision suppart
DB design application-oriented subject-oriented
data current, up-to-date historical,
detailed, flat relational summarized, multidimensional
isolated integrated, consolidated
usage repetitive ad-hoc
access read/write lots of scans
index/hash on pgim. key
unit of work short, simple transaction complex query
# recor ds accessed tens millions
#users thousands hundreds
DB size 100MB-GB 100GB-TB
metric transaction throughpu query throughpu, response

On-Line Analytic Procesang
(OLAP)

Anayze (summarize, consolidate, view, process) along
multiple levels of abstradion and from diff erent angles
— Datain databases are often expressed at primitive levels.
— Knowledge is usually expressed at high levels.
— Datamay imply concepts at multiple levels:

Tom Jackson [] CSgrad O student O person.

Mining knavledge just at single astraction level ?
— Toolow level? -- Raw dataor weak rules.

— Too high level? -- Not novel, common sense?
Mining knavledge at multiple levels:

— Provides different views and dff erent abstractions.

— Progressvely focuses on "interesting” spots
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"+ Each dmension represents generalized values for one dtribute
* « A cubecell stores aggregate values, e.g., court, amourt
"« A“sum” cell storesdimension summation values
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Sample Operations

* Roll up: summarize data

— total sales volume last year by product category
by region

* Roll down, drill down, drill through: go from
higher level to lower level summary For the
product category, find the detailed sales data
for each salesperson by date

» Sliceand dce: select and pojed
— Sales of beveragesin the West over last 6 months

e Pivot: reorient cube

Data Cube

» Popular model for OLAP

» Two kinds of attributes
— measures (numeric atributes)

— dimensions
store product country
/st;ate cj‘egory country

store name type / T \
/ / China India  Japan
city UPC code




Cubad Lattice

Data aibe can be R
viewed as a lattice of |
cubads D)

The bottom-most /

cubad isthe base (A,B,C) (A D) (B,C,D)

cube. W%{\
The top most z . P >< >~ [~

cubad contains
only ore cdl. \

(all)

Cube Computation -- Array Based
Algorithm

* An MOLAP approach: the base cuboid is gored
as multidimensional array.

» Read in anumber of cdlsto compute partial
cuboids B {ABC}

{AB}
{AC}
{BC}
{A}
{B}
{C}
{}

(A, B) (AQ) (A D) (B ©) BD) (CD)




ROLAP versus MOLAP

* ROLAP
—Exploits srvices of relational engine
—Provides additional OLAP services

* designtoalsfor DSS schema
* performance analysistool to pick aggregates
to materialize
— Some SQL queries are hard to formulate
and can be time mnsuming to execute

ROLAP versus MOLAP

« MOLAP

— the storage model is an n-dimensional array

— Front-end multidimensional queries map to
server cgpabiliti esin a straightforward way

— Direct addressing abilities

— Handling sparse datain array representationis
expensive

— Poor storage utilization when the datais sparse




"+ Methodologies of Multiple Level Data Mining

s * Progressive generdlization (roll-up: easy to implement).
'« Progressive deepening (drill-down: conceptually desirable).

( — Start a a rather high level, find strong regularities at

& such a leve
r — Sdectively and progressively deepen the knowledge
N mining process down to deeper levels to find regularities

at lower leves.
Interactive up and down:
5 — Roll-up and drill-down to different levels, including
setting different thresholds and focuses.
Implementation: save a "minimally generalized relation”.
— Specidization of a generdized relation: Generalize the
minimally generalized relation to appropriate levels.

Characterization

i - /dbminer - [Demo_Characterizer. DAL:2]
- File Edit Query Visw ‘Window Help 18] x|
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A [ B C D
[ 1 | 5400.00~11400.00 11400.00~13000.00 13000.00~15000.0!
~|__ 2 |East_NorthCentral
|3 |West NorthCentral 0.86 2.04 20
[ 4 |Middle_Atlantic 365 151 10
|5 |New England 0.54 1.08 19
[ 6 |East SouthCentral 1.29 1.4 0.3
_|__ 7 |South_Atlantic 183 385 30
|8 |west SouthCentra 323 237 0.6
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11_|Pacific_West o 0 0.1
12 |TOTAL 2118 2065 20.2
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24 from CIF_POPO D, CIF_INCOME E
25 where D.pop_rank92 > 0 AND D.pop90 = E.pop30
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Visudlization d aData Cube

EEOutdoof products
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Roll-up, Drill-down, Slicing, Dicing




Automatic Generation d Numeric Hierarchies

Count
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000-97000
2000-16000 6000-97000

2000-12000 12000-16000 16000-23000 3000-97000




Deviation Analysisin Large Databases

* Magjor trend and characteristics vs. deviations.

— E.g., mutua funds which perform much better (or worse) than average
» Datadeviation analysis: Discover and describe the set(s) of

data which deviate from mgjor trend/charaderistics

* A methodfor trend ceviation analysisin large databases

— A-Oinduction ontime for mining trends at multiple time scales.

— Generalization or removal of less relevant attributes.

— Findmgjor and minor trends by data dustering and deta distribution

analysis
— Smocthing, similarity matching, andtrend analysis

Exploration d OLAP Data Cubes

» Use Data Cube operations to examine data
» Look for surprises (deviation detection)

» Three values of interest
— SdfExp: Surprise value of speafic cell at
current level
— InExp: Degree of surprise beneah this cell
(max for al paths)
— PathExp: Degree of surprise for specific path
beneéah this cdl
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INExp Example

“highlight exceptions”

Vaueindicated by thicknessof box

Dimensions. Product, Region, and Time

Time

] (T TICICT e

Drill down Product large

SelfExp

large INExp values, valu
drill down aongRegion

S
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Drill down Region for a product

Determining Exceptions

e Consider variationin valuesfor al
dimensions of acdl

<Birch-B, Dec> --- exception
<Birch-B, Nov> --- nat exception

» Find exceptions at all levels of abstradion
<Birch-B, Oct> --- exception
No need to mark
<Birch-B, Oct, Massachusetts>
<Birch-B, Oct, NewHampshire>
<Birch-B, Oct, NewY ork>

* Maintain computational efficiency
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Anticipated and surprising values

* Anticipated value q,;, ;. at dimensiondr (1<r<n)
function f of various abstraction levels
« Vauey,;, ;,isan“exception” if 5, ; >T (=2.9)
Wii...in = 8aiz.inl

Oitio...in

o fcanreturn
— sum of arguments
— product of arguments

» O isestimated as mean value over all cellsraised
to paver p (maximum likelihoad principle)

Summarizing exceptions

¢ Se”:EXp Sliz...in>T

* InEXxp: Maximum SelfExp over al cdls
underneah this cell

o PathExp: Maximum of SelfExp over al cells
along ore path
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Algorithm

» Aggregate computation: Compute means,
stddev, etc., for each level of abstraction

* Model fitting: Find model parameters,
calculate residuals

e Summarize exceptions. similar to first pass

B {ABC}
Example A {AB)
A=2 c {AC}
{BC}
{A}
{B}
{C}
4l 1 3 4 3 0
Computing averages. {111} =5, {112} =2, .., {11*} =153=5,
{12*} =11/3=3.67, {1**} =4512=3.67
Computer coefficients (ElementAvg - CoefParents):
c{1*} =3.67,¢{11*} =5- ({1*} +{2*})=-2.25
Compute model parameters (I-values): {123} = c{***} + {1**}
+c{*2*} +c** 3} + {12*} +¢{1*3} + ¢[*23} +c{123}
Compute exceptions
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OLAP Mining (OLAM): An Integration
of Data Mining and Data Warehousing

* On-line anayticd mining d data warehouse data:
integration d mining and OLAP technaogies.

» Necessity of mining knavledge and petterns at
different levels of abstradion by dilli ng/rolling,
pivoting, slicing/dicing, etc.

* |nteradive characterization, comparison,
association, clasgfication, clustering, prediction.

 Integration of data mining functions, e.g., first
clustering and then association
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