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> Introduction

¢ When acompany has recelved/accumul ated
data, it often wants areport
< to get asummary, to visualize, to make
decisions
¢ Thisis often done with some I T tools

¢ Mainframe systems (old and new)
¢ SQL, ODBC, JDBC, €tc
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¢ Report design (making) can take along
time with traditional systems

< does not facilitate explorative views on the
data

< with large data sets and tricky queries many
tables may be involved (many locations)

¢ Changesin reports can require
modificationsin legacy applications
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Data Warehousing

& “ A datawarehouse is a subject-oriented, integrated, time-

variant, and_nonvolatile collection of datain support of

management’ s decision making process.” --- W. H. Inmon

¢ A datawarehouseis
& A decision support database that is maintained separately from the
organization’ s operational databases.

+ Itintegrates datafrom multiple heterogeneous sources to support the
continuing need for structured and /or ad-hoc queries, analytical
reporting, and decision support.
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¥ ) \What is OLAP

¢ OLAP:On-Line Analytic Processing

& Starts with “summarizing” the data before it is
possible to execute the queries (to recelve a
report)

e thisis building “the cube”
+ this can take along time
+ both more efficient response for analysis queries

& Data (summarization) is represented as cubes

and subcubes
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) OLAP vs Data Mining

¢ Data Mining: Finding patternsin data

¢ OLAP: reporting data, visualizing data,
Interaction with views of the data.
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¥ ) Database terminology

¢ Atuple (datavaue) isasingledatafiedina
database. It can be a date, a name, a number, €tc.

¢ Arecord isaset of tuples. All tuplesin arecord
are information about an entity

¢ A tableisaset of records al from the same

domain. Each row in atable is a unique record and
each column is the specific tuple (or attribute)
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) Data Models

¢ Datais either denormalized or normalized
4 Denormalized: Multiple rows repeat the same
information
¢ Normalized: Only one row has the information

¢ Star Schema
¢ Developed by R. Kimball
¢ A denormalized approach

¢ Starts with a central fact table that corresponds to facts
about a business
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m!ﬂ LJNI"-"EHSIW © Vladimir Estivill -Castro 8




¥ ) Central Fact Table

& Facts about the business

& Each row contains a combination of facts that
makes it unique

¢ The keysto make it unique are called
dimensions

¢ Each dimension is associated with a dimension
table that contains information specific to the

dimension.
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Example of Star Schema

Time Dimension Table es Fact Table
Product Dimension Tabl
Many Time Attributes Ti ey
\‘ Many Product Attributes
oduct K
Store Dimension Table Store Key "wcanon Dimension Table
Many Store Attributes Location Key Many L ocation Attributes

/ unit sales
dollar_sales
Meawrements\

Yen sdes
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Example of a Showflake Schema

Supplier_Key
Time Dimension Table Sales Fact Table Product Dimensi le
Many Time Attributes {___ Time Key A Supplier_Key
"‘\Rgdrmt_@,/ Product_Key
Store Dimension Table ore \L_ocation Dimension Table
Many Store Attributes Location_Key Location Key
unit_sales
dollar_sales Country
M easurements Location_Key
Yen_sdes
Region
Location_Key
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) General Sructure

‘D' jon Table | [Dimension Table

Dimension Tahle ) L ) Dimension Tahle
le
Dimension Tahle Dimension Tahle
Dimension Table Dimension Tahle
Dimension Table Dimension Table

—
Q.
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A Sar-Net Query Moddl
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Construction of Data Cubes

Amount All Amount
. BC. - - - -<Z1sum, E - '
Province Prairj Comp_Method
Ontari 4
sum Database
| T “ | Discipline

I .
L L |

o Each dimension contains a hierarchy of valuesfor one attribute

o A cube cell stores aggregate values, e.g., count, sum, max, etc.

e A “sum” cell storesdimension summation values.

o Sparse-cube technology and MOLAP/ROLAP integration.

e “Chunk”-based multi-way aggregation and single-pass computation.
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" View of Warehouse & Hierarchies
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Efficient Data Cube Computation
Methods

¢ Data cube can be viewed as alattice of cuboids
¢ The bottommost cuboid is the base cube.
& The top most cuboid contains only one cell.

& Materialization of data cube
& Materialize every (cuboid), none, or %

+ Algorithms for selection of which c JBoiES o
materialize.
+ Based on size, sharing, and “ﬁ E
< Efficient cube computati nethotk
¢ ROLAP agorithms.

____# Array-based cubing algorithm.
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OLAP: On-Line Analytical Processing
A multidimensional, LOGICAL view of the data.
# Interactive analysis of the data: drill, pivot, slice_dice,
filter.

¢ Summarization and aggregations at every dimension
intersection.

¢ Retrieval and display of datain 2-D or 3-D crosstabs,
charts, and graphs, with easy pivoting of the axes.

¢ Anaytical modeling: deriving ratios, variance, etc. and
involving measurements or numerical data across many
dimensions.

& Forecasting, trend analysis, and statistical analysis.

* Requi rement: Quick response to OLAP queries.

luu] UNT":'EESIT‘hr’ © Vladimir Estivill -Castro

OLAP Architecture

# Logical architecture:

¢ OLAP view: multidimensional and logic presentation of the
datain the data warehouse/mart to the business user.

& Data store technology: The technology options of how and
where the dataiis stored.
< Three services components:
& datastore services
¢ OLAP services, and
& user presentation services.

& Two data store architectures:

€ Multidimensional datastore: (MOLAP).
¢ Relational datastore: Relational OLAP (ROLAP).
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¥ ) Cubes for representing data

¢ OLAP considerstwo types of columnsin
denormalized data:

¢ Dimensional columns
¢ Contain information used for summarization
¢ Takeafixed number of values (categorical)
¢ Oftenitsvalueispart of ahierarchy
+ location-code, postal code, state, region
& Aggregate columns
¢ Calculated amounts like counts, averages and sums
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) Design of a cube

¢ Deciding which columns will be designated
as dimensions and which will be designated

as aggregates
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¥ ) An example database

Name

Amy

Andrew M

Andy

27

25

34

Gender Age Source Movie

Oberlin  Independence Day

Oberlin 12 Monkeys

Oberlin  TheBirdcage
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.\, Examples of questions (on-
\/ linequeries)

¢ What are the number of people and their
ages by source?

\
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1

103

3141

2

23

39.35

3

54

4

28
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., Examples of questions (on-
line queries)

¢ What are the number of people from the
two most populated sources by gender?

1 Female 55

1 Male 48

2 Female 16

2 Male 17
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N Movield AverageAq
More examples

48 4600

0 4600

& For what moviesis 3 4513
5 2480

the average age of the o a0

viewers over 35?
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¥ ) More examples [T e

13 14
. 26 12
¢ The number of times 60 1
each movie was seen 32 10
for movies seen more 22 9
than five times
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» Moviegoers database

¢ There are 3 candidates for dimensions
¢ the movie
+ the gender of movie goers
< the source of information (branch)

¢ There are two candidates for aggregations
< the number of times that each movie was seen
< the average age of the moviegoers
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* - The moviegoersinto a cube

Each dimensions corresponds to an axisin
the cube

¢ One dimension is the gender which split the
axis into half since there are only two types of
genders

¢ The source of information is split into four
parts since there are four different sources

& The cube contains S cellswhere
& S=#ofSources ™ #of Gender ©  #of Movields
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The Moviegoers cube
/

/
Source 1 /

/
Source 2 //
Sourc /’—| /VA
Sour e4| | Female Male

N

MovielD

Source 3, Movield 2, Gender F,

Count 5, SumAge =215
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) Notes on cubes

¢ The number of subcubes (cells) will not change
unless the number of movies, genders or sources
changes

& Thismakes it possible to have an unlimited number of
people in the cube

& Each cdll contains aggregate information

@ Thecell key isits coordinates
& movie_id, source, gender

& The aggregate information are statistics
& The sum of the ages, the number of rows with given key
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L' ) Notes on cubes

& Cubes have natural subcubes

¢ All the front cdlls for a sub-cube that
correspond

Sourcel
Source 2

Source 3

Source 4

mwﬁrifﬁt—h_ Imir estivill- TO

NIVERSITY MovielD -

Female

30

Male




) The Cube Data Mode!

& Each record must land in only one cdll.
¢ The Data Model varies when attributes are
numerical
& continues values
¢ Thereisan assumption about hierarchical
dimensions
& Movies. action, comedy, drama

& Problems with dimensions that span multiple
fields.
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.. Core Operations of OLAP
Systems:

< Rollup: an aggregation on the data cube by either moving up
the concept hierarchy or by the reduction of a dimension.

¢ Drill Down: the moving from the current data cube to a more
detailed data cube by either adding a dimension, or moving
down a concept hierarchy.

¢ Sice: thisiswhere you select a dimension from the cube and
display only it.

< Dice: creates a sub cube of the current cube by selecting one

or more dimensions and the ranges for the values to be
included.

& Pivot: this operation removes a dimension from a cube and
replaces it with another.

riffith N
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¥ ) Continuous Values

¢ They are clustered into ranges (for
efficiency)
¢ Ages grouped into
¢0<young <=22and 22 <old < 100
¢ Evenif ageischosen asadimension it can till

be used as an aggregate
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) Hierarchical dimensions

¢ A single dimension can some times seem
appropriate for more dimensions than one

< A date potentially represents information along
severa dimensions
+ day of the week, month, quarter and year

& One solution is to use different dimensions
+ break data model and lots of redundancy

¢ Second solution, organize into a hierarchy
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&) |llustration of hierarchies

Corn D
=
<> CavennD
<>
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2+ |llustration of the lattice of
cubes
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., Dimensions that span multiple
fields

< |f multiple columns correspond to asingle
dimension, preprocessing is required to
merge into one dimension
< |If month, day and year data detall exists, the

time dimension requires to consider these as
one dimension

* The preproc ng is guided by the interest of
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) Storage architectures

¢ ROLAPvsMOLAP

¢ ROLAP (relational OLAP) stores the cube
insdeaRDBMS
o takes advantage of many established features of the
relational database (security, concurrent access, etc.)
¢ MOLAP (multi-dimensional OLAP) storesthe
cube as multidimensiona database (array) that
Is designed for the features and performance
needs of OLAP
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& Offer apowerful visualization tools

¢ It provides fast, interactive response times
¢ Itisgood for analyzing time series

¢ It can be useful to find clusters and outliers
¢ There are many vendors of OLAP products
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) OLAP

& Setting up a cube can be difficult
< It does not handle continues values well
¢ Cubes can quickly become out of date

& Itisnot data mining

< It may involve dangerous exploration of the
data by users.

riffith N
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. Selective Materialization:

An Effective Method for Spatial Data
Cube Construction

Jiawei Han, Nebosja Stefanovic and Krysztof Koper ski

41

¥ ) dlective Materialization

¢ Pre-introduction
< Introduction
¢ A modd of spatia data warehouses

¢ Methods for Computing Spatial Measuresin
Spatial Data Cube Construction

& Performance Analysis
< Discussion
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%) Pre-introduction

¢ Spatial data are the datarelated to objects
that occupy space.

¢ A spatial database stores spatial objects
represented by spatial datatypes and spatial
rel ationships among such objects.

[http://fas. sfu.calcs/peopl e/ GradStudentgkoperski/personal/research/research.html]
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) Introduction

A lot of systems collect a huge amount of spatial
data

< Satellite telemetry systems

¢ Remote sensing systems

®€ic...

+ We want to develop efficient methods for analysis
and understanding of the data.

# In the paper, it is studied how to construct a
gpatial data warehouse and how to implement
efficient Spatial OLAP (OLAP=familiar...)
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' - Introduction - Two examples

¢ Example 1 - Regiona weather pattern analysis
& Over 3000 wesather probes recording temperature and
precipitation (rain, snow etc...) for adesignated area.
¢ A user may want to view weather patterns on a map by
month, by region or maybe find a specific pattern by
himself.
& Example 2 - Overlay of multiple thematic maps
& A database stores different thematic maps in a database,
such as maps of altitude, population and daily
temperature.

< A user may want to find relationships between
population and altitude for example
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% Two examples (Cont.)

& To satisfy the desired user tasks, there are a couple
of challenging issues to solve.
& Thefirst chalenge isto integrate al the data.
+ Data can be stored in different physical locations
< Data can have different format
+ Data can be stored in databases from different vendors

< Since this is implementation issues not related to the
paper, it is assumed that the issues above are solved.

riffith N
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¥ ) More chall enges

¢ The second challenge is the realisation of fast and
flexible OLAP.

# Different methods for storing and indexing spatia data
for efficient storing and accessing has been studied
intensively.

¢ These methods cannot alone provide sufficient support
for OLAP for spatia data since OLAP operations
usually summarises data into dimensions with different
levels of abstraction
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" A model of spatial data

warehouses

& A data warehouse is often designed for OLAP and
usually adopts the star-schema model (centra fact
table and dimension tables).

& For a gpatial data warehouse this model is usually
agood choice aswell.

& A spatial data cube can be constructed according
to the dimensions and measures modelled in the
warehouse.

Griffith N
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ﬂ - Three cases of modelling
dimensionsin a spatial data cube

& Non-spatial dimension
& From first example temperature and precipitation can
be generalised as hot and wet
< Spatial to non-spatial dimension

& Starts with a high level dimension that is spatial but
after generalisation it becomes nonspatial. For
example, state can be represented as spatial but can be
generalised as north_west or big_state.

& Spatial to spatial dimension
+ Data that after generalisation still is spatial.
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Modelling measures

¢ A computed measure can be used as adimension
in adimension (measure-folded)
& A gpatid cube has two cases for modelling
measures
¢ Numerical measure - contains only numerical data

& Spatial measure - contains one or many pointer(s) to
spatial objects
< If temperature and precipitation are grouped into one cell,
then the spatial measure will contain pointers to the regions
that satisfy those values.
¢ A non-spatial cube contains only non-spatial

dimensions and numerical measures.
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) Sar modelling of example 1

® Four dimensions:
& temperature
# precipitation
¢ time
& region_name
® Three measures

¢ region_map (spatial)
Star model of a spatial DW J ¢ area (numerical)
? Hierarchy for temp. dimension ¢ count (numencal)
Temnperatare:

any 2 (cold, mild, kat)

cold = (Below =20, =30 4o —10, =10 to 0]
mild = {0 1o 10, 10 42 15, 15 to 20)

kol = (20 to 25, 25 to 30, 30 to 33, above 35)
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5 How OLAP operations perform
In a spatial data cube

< Slicing and dicing
¢ Selects a portion of the cube based on the constant(s) in
one or afew dimensions.
& Can be done with regular queries
< Pivoting
# Presents the measures in different cross-tabular layouts

¢ Can be implemented in a similar way as in non-spatia
cubes
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ﬂ - How OLAP operations perform
In a spatial data cube (Cont.)

< Roll-up

¢ Generalises one or afew dimensions and performs
appropriate aggregations in the corresponding measures

< For non spatial measures aggregation is implemented in
the same way as in nonspatia data cubes

< For spatial measures, the aggregate takes a collection of
gpatial pointers

+ Used for map-overlay

+ Performs spatial aggregation operations such as region merge
etc.
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MIVERSITY

" How OLAP operations perform
In a spatial data cube (Cont.)

& Drill-down

& Speciaises one or afew dimensions and presents low-
level data

¢ Can be viewed as a reverse operation of roll-up
¢ Can be implemented by saving alow-level cube and
performing a generalisation on it when necessary.
¢ Maor implementation issues
# Efficient construction of spatial cubes
+ Implementation of Roll-up and Drill-down operations
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ﬂ “How OLAP performed in the
example

& Starts with a Roll-up on the time dimension from
day to month
& After this, roll-up the temperature dimension

& It is measure folded (continuous)

+ Start with calculating the average temperature grouped
by month and by spatial region

& Generalise the values to ranges such as cold, mild,

wam...
+ Do the same as above with the precipitation
dimension
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-\, How OLAP performed in the
example (Cont.)

< Theresult of the roll-ups gives the following
structure of the table
¢ Timein month
& Temperature in monthly average
# Precipitation in monthly average
# One spatial measure which is a collection of
gpatial_id's
¢ Here the dimension region_nameisdropped
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¥ ) Results from the roll-up
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) Results fromthe roll-up (Cont.)

¢ Response time for the merging can only be
acceptable if appropriate pre-computation is done
< Definitions:
& A high-level view is called a cuboid
< A pre-computed (and saved) cuboid iscalled a
materialised view or a computed cuboid
¢ Some DW materialise every cuboid, some none,
and some only a part of the cube (some cuboids).
< Baancing is needed
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. Methods for computing spatial measures
" in spatial data cube construction

¢ There are (at |east) three choices for computation
of spatial measures
# Collect and store the corresponding spatial object
without pre-computation

< They have to be computed on the fly
+ Good for cubesin view-only mode

< Pre-compute and store rough approximations
+ Good for arough view
+ If higher precision needed, compute on the fly

& Selectively pre-compute spatial measures
+ Can require alarge pre-computation
¢ What to compute???
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¢ Methods for computing spatial
measures in spatial data cube

construction (Cont.)
+ Focus on how to select agroup of mergeable
gpatial objects for pre-computation is needed

# Three factors to consider when judging wether
materialisation should be done or not:
< Potential access frequency of the generated cuboid
¢ The size of the generated cuboid

& How the materialisation of one cuboid may benefit
computation of other cuboids

Griffith N
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- Methods for computing spatial
l ) measures in spatial data cube
construction (Cont.)

< There are two agorithms studied for this purpose
< Pointer Intersection algorithm
+ Object Connection agorithm

< Both agorithms are similar in the way that

¢ Given aset of cuboids associated with an estimated
access frequency (eaf) and a minimum access
frequency (min_freq) threshold

& A set of objects should be pre-computed if and only if
eaf >=maf

lou LJN'I-":'EESIT‘.-’h © Vladimir Estivill -Castro 61

) Theal gorithms (Cont.)

& The pointer intersection agorithm
# First computes the intersections among the objects

+ Secondly it performs the (threshold) filtering and examinesthe
object’ s corresponding spatial object’ s connections

& The object connection algorithm
+ Starts with examining the corresponding object’ s connections
+ Atlast it performs the threshold filtering

riffith N
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WA SRS |

The pointer intersection
algorithm

Lp FUR swbeids = L T mat.sbod D0

[ ] FUR cubeid J = subsild § TO moz suleid DO

% TR RALTH 2afli TH aubaid i DO

[EH] ot e St oo ooy [ e, il i e dablel;
(5 frosuengempaetng L futecing|sandidete felle)

[€F b ol s miabin sty fealving] Wdata tabie, Faal by ey
1T alurred parial s Pl con moot el by _telde mergol o taHe

18 populate ke[ eearpa d sbd_toblel

(1) PROCEDURE get.maz snterscetion(cell £, cubeid j, candidate table) {

@ eell § = get_first.eell(euboid f);
(8) remaining colldi = alls;
() WHILE (fremaining.cclt | > 1 AND ecll j #8) DO [
(5} interscaded portion = gef_maz dnterseet

(remaining el 4, cell §);
(6} IF |interseeted portion| > 1
(7} ‘THEN insert candidaic(interscded portion, candidate dable);
® remaining.eclld -= intersceted portion;
1] eell_j = get nest ccll(euboid 7);
(10) }
(11) }
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The object connection algorithm

(1)
2
(3
(1)

(5}
(6}

]

FOR acibeid i = 1 TO maz_cubeid DO

FOR cubsid_j = cubsid i TO mar cuboid DO

FOR EACH celis IN cubeidd DO
get maz connected intersccion
(eell i, eubetd j, candidate_conmedted obi table);

Frequency computing fz_fillering(candidatc connocted obj _table);
sharcd spatial merging(candidatc conmed od obj 1ablc,

merged_obj_teble);
populatc.cubc(merged obj tablc);
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Performance analysis

7
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Fig.4. Performance comparison for the algorithms
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) Performance anal ysis (Cont.)

¢ The benefit of the materialised groups is studied

¢ The number of pre-merged cuboids gets smaller with
the increase of frequency threshold

+ Only adight difference between effectiveness (between
the two algorithms)
+ The agorithms were tested with self- and non-
sf-intersection

& With salf-intersection, the benefit increased, but
without the disk-accesses decreased
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¥ ) Performance anal ysis (Cont.)

& Execution time was also examined (for pre-
computation)
& Maybe not as crucial as online running time, but it is
concerned because the need to DW maintenance.
< For the object connection algorithm execution
time was independent of the frequency threshold
< Since frequency filtering is the last step in the algorithm

< But, pointer frequency algorithm shows better
performance when the frequency threshold increases
due to fewer groups tested for spatial connectivity.
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Discussion

¢ What if the eaf does not exists

¢ One solution isto assign an initia access frequency
only to alevel in the lattice (less work), based on
assumption.

+ For example, assuming that medium level (county level
in a province map) are accessed most frequently.

¢ A frequency estimate can be adjusted based on later
accessing records
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