IS 733 Lesson 4

Data Warehousing

Some slides based on those by Witten et al., Han et al., and James Foulds



Announcements

Homework 2 is up on course website, due 3/2/2021

Project proposal due today, 2/23! Please send this to
me by email, nroy@umbc.edu, and CC your teammates

Reminder: make use of BB discussion forum for asking
guestions!


mailto:nroy@umbc.edu

Data Warehouses support

applications.

on-line analytical
processing (OLAP)

on-line transaction
processing (OLTP)

.. Start the presentation to see live content. For screen share software, share the entire screen. Get help at pollev.com/app ..



According to Chaudhuri and Dayal (1997),
which of the following is NOT important for

data warehouses to handle effectively,

compared to operational databases?

Query intensive workloads, with many
complex queries

Managing concurrency conflicts in order
to maximize transaction throughput

High query throughput

Short response times for queries

Consolidating data from many
heterogeneous sources

.. Start the presentation to see live content. For screen share software, share the entire screen. Get help at pollev.com/app ..



To facilitate complex analyses and

visualization, the data in a data warehouse

is typically modeled

statistically
financially
transactionally

multidimensionally

.. Start the presentation to see live content. For screen share software, share the entire screen. Get help at pollev.com/app ..



Learning outcomes

By the end of the lesson, you should be able to:

 Enumerate the key differences between OLTP and
OLAP, and the corresponding benefits from the
use of a data warehouse

 Compute the number of cuboids in a data cube

* Select appropriate OLAP operations to obtain
relevant information from a data warehouse



Data warehousing

Basic concept
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What is a Data Warehouse?

Defined in many different ways, but not rigorously.

— A decision support database that is maintained separately from the

organization’s operational database

— Support information processing by providing a solid platform of

consolidated, historical data for analysis.

“A data warehouse is a subject-oriented, integrated, time-variant, and

nonvolatile collection of data in support of management’s decision-making

process.”—W. H. Inmon
Data warehousing:

— The process of constructing and using data warehouses
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Data Warehouse—Subject-Oriented

Organized around major subjects, such as customer, product,

sales

Focusing on the modeling and analysis of data for decision

makers, not on daily operations or transaction processing

Provide a simple and concise view around particular subject
issues by excluding data that are not useful in the decision

support process
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Data Warehouse—Integrated

Constructed by integrating multiple, heterogeneous data
sources

— relational databases, flat files, on-line transaction records
Data cleaning and data integration techniques are applied

— Ensure consistency in naming conventions, encoding
structures, attribute measures, etc. among different data
sources

e E.g., Hotel price: currency, tax, breakfast covered, etc.

— When data is moved to the warehouse, it is converted
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Data Warehouse—Time Variant

 The time horizon for the data warehouse is significantly longer
than that of operational systems

— Operational database: current value data

— Data warehouse data: provide information from a historical
perspective (e.g., past 5-10 years)

* Every key structure in the data warehouse
— Contains an element of time, explicitly or implicitly

— But the key of operational data may or may not contain
“time element”
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Data Warehouse—Nonvolatile

* A physically separate store of data transformed from the

operational environment

* Operational update of data does not occur in the data

warehouse environment

— Does not require transaction processing, recovery, and

concurrency control mechanisms
— Requires only two operations in data accessing:

e initial loading of data and access of data
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Data Warehouse vs.
Operational DBMS

OLAP (on-line analytical processing)
— Major task of data warehouse system

— Data analysis and decision making

OLTP (on-line transaction processing)
— Major task of traditional relational DBMS

— Day-to-day operations: purchasing, inventory, banking, manufacturing,
payroll, registration, accounting, etc.
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OLTP vs. OLAP

OLTP OLAP
users clerk, IT professional knowledge worker
function day to day operations decision support
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 prim. key
unit of work short, simple transaction complex query

# records accessed  |tens millions

#Husers thousands hundreds

DB size 100MB-GB 100GB-TB

metric transaction throughput query throughput, response
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Why a Separate Data Warehouse?

High performance for both systems

— DBMS— tuned for OLTP: access methods, indexing, concurrency control,
recovery

— Warehouse—tuned for OLAP: complex OLAP queries, multidimensional
view, consolidation

Different functions and different data:

— missing data: Decision support requires historical data which
operational DBs do not typically maintain

— data consolidation: DS requires consolidation (aggregation,
summarization) of data from heterogeneous sources

— data quality: different sources typically use inconsistent data
representations, codes and formats which have to be reconciled

Note: There are more and more systems which perform OLAP analysis
directly on relational databases
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Data Warehouse Usage

Three kinds of data warehouse applications

— Information processing
e supports querying, basic statistical analysis, and reporting using
crosstabs, tables, charts and graphs
— Analytical processing

 multidimensional analysis of data warehouse data

* supports basic OLAP operations, slice-dice, drilling, pivoting
— Data mining

* knowledge discovery from hidden patterns

* supports associations, constructing analytical models, performing
classification and prediction, and presenting the mining results

using visualization tools
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Data warehousing

Data Cubes and OLAP Operations
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From Tables and Spreadsheets
to Data Cubes

A data warehouse is based on a multidimensional data model which views

data in the form of a data cube

A data cube, such as sales, allows data to be modeled and viewed in

multiple dimensions

— Dimension tables, such as item (item_name, brand, type), or time(day,

week, month, quarter, year)

— Fact table contains measures (such as dollars_sold) and keys to each of

the related dimension tables

In data warehousing literature, an n-D base cube is called a base cuboid.
The top most 0-D cuboid, which holds the highest-level of summarization,

is called the apex cuboid. The lattice of cuboids forms a data cube.
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Flat view of Data

Data about items

home
entertainment

605

computer

825

phone

14

security

400

February 21, 2021

Data about Quarters

605
680
312
027

Data Mining: Concepts and Techniques
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Multidimensional data

time (quarter)

QI
Q2
Q3
Q4

February 21, 2021

location = “Vancouver”

item (type)

home
entertainment

C Ol’l’lpl]tﬂl’

Data Mining: Concepts and Techniques

phone

security
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Data for multiple locations
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Multidimensional view -3D
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Multidimensional view -4D
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Data Cube: A Lattice of Cuboids

0-D (apex) cuboid
1-D cuboids
2-D cuboids

3-D cuboids

4-D (base) cuboid

time, item, location, supplier
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How many cuboids are there in a data cube

with 5 dimensions (e.g. time, item, location,

supplier, branch)?

25
52
(5)
(5)
5!

.. Start the presentation to see live content. For screen share software, share the entire screen. Get help at pollev.com/app ..




How Many Cuboids
in a Data Cube?

0-D (apex) cuboid

1-D cuboids

2-D cuboids

3-D cuboids

4-D (base) cuboid

With 4 dimensions, there are 16 cuboids (count them!)

In general, there are 2" cuboids.
To see this, imagine encoding each cuboid with a binary

number, e.q. time, item, supplier=[1, 1, 0, 1].
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How many cuboids are there in a data cube

with 3 dimensions (e.g. time, item,

location)?

16

A W W 0

.. Start the presentation to see live content. For screen share software, share the entire screen. Get help at pollev.com/app ..



Conceptual Modeling of Data Warehouses

 Modeling data warehouses: dimensions & measures

— Measures: the guantities we are interested in (units sold, dollars sold,
average sales, etc). Usually a total or an average of something

e Stored in a fact table

— Dimensions: the dimensions on which the measures can vary (time, item

type, location, supplier, etc...)

* Each dimension has a dimension table encoding information about that dimension

— Different database schemas are possible with the fact and dimension tables

e Star schema, Snowflake schema, Fact constellations
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time

time_key

day

day of the week
month

quarter

year

branch

Star Schema

Star schema: A fact table in the middle connected

to a set of dimension tables

V...
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branch_key

branch_type

branch_name

Sales Fact Table

time_key
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location_keys..,
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street

city
state_or_province
country
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Snowflake Schema

Snowflake schema: A refinement of star schema where some
dimensional hierarchy is normalized into a set of smaller dimension

time tables, forming a shape similar to snowflake
time_key . | 1tem
day (*e, item_key supplier
day_(;]f_the_week . Sales Fact Table .’,4 Eemaname supl?)ﬁer_key
mont T : | 3 supplier_type
quarter time_key . type 1 pphier_typ
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branch_key _ .
branch_name ’ units_sold St_:eeik
R City_Kkey, :
branch_type dollars_sold o, Oy
A city key
B avg_sales city
state_or_province
Measures iy
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Fact Constellation

Fact constellations: Multiple fact tables share dimension tables, viewed as a

collection of stars, therefore called galaxy schema or fact constellation
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Multidimensional Data

e Sales volume as a function of product, month,

and region Dimensions: Product, Location, Time

S Hierarchical summarization paths
8 [T 7777 |
& JT LSS Industry Region Year
S S S S S S
// Category Country Quarte
= 1y /
S AV Product City Month Week
O %
o 1 :
yd Office Day

Month
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How Many Cuboids in a Data Cube
with a Concept Hierarchy?

0-D (apex) cuboid

Industry Region Year

1-D cuboids

ocation,supplier Category Country Quarte

2-D cuboids /

Product City Month Week

3-D cuboids

4-D (base) cuboid Ofﬁce Day

How many cuboids in an n-dimensional cube with L levels?
T = I (L +D)
=1

Imagine encoding each cuboid with an array, e.g.
quarter, category, country = [4, 2, 3, 0]. The +1 is for “all”,
i.e. removing the dimension. 39



How many cuboids are there in a data cube
with 3 dimensions (e.g. time, item,

location), and 4 levels of concept hierarchy

per dimension (e.g. day, month, quarter,
year)?

12
64
81

125

243

.. Start the presentation to see live content. For screen share software, share the entire screen. Get help at pollev.com/app ..



Efficient Data Cube Computation

e Materialization of data cube

— Materialize every (cuboid) (full materialization),
none (no materialization),
or some (partial materialization)

— Selection of which cuboids to materialize

* Based on size, sharing, access frequency, etc.
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Typical OLAP Operations

Roll up (drill-up): summarize data

— by climbing up hierarchy or by dimension reduction

Drill down (roll down): reverse of roll-up

— from higher level summary to lower level summary or detailed
data, or introducing new dimensions

Slice and dice: project and select

Pivot (rotate):

— reorient the cube, visualization, 3D to series of 2D planes
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Multidimensional view -3D
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e Roll up (drill-up): summarize data

— by climbing up hierarchy or by dimension reduction




Drill down (roll down): reverse of roll-up

— from higher level summary to lower level summary or
detailed data, or introducing new dimensions

DDA
RETERERRAN

A

wrniberbo | rrvervt
e (TP}

46



slice and dice: project and select
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e Pivot (rotate):

— reorient the cube, visualization, 3D to series of 2D

planes
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Starnet Query model
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Some examples

Suppose that a data warehouse consists of the three dimensions time, doctor, and patient, and the two
measures count and charge, where charge is the fee that a doctor charges a patient for a visit.

time doctor
dimension table fact table dimension table

time key time key dooctor id
day doctor 1d doctor name
day of week | patient 1d phone#
month / address
quarter /e 1a1ge sex
year / count
patient /

dimension table  /

T Eo— /
atient 1
%Jatialt:name Star SChema
phone #
sex
description

address 51




Starting with the base cuboid |day, doctor, patient], what specific OLAP operationsshould be performed

1 orcler to list the total fee collected by each doctor in 20047

time

dimension table

time key

day

fact table

time key

doctor
dimension table

dooctor_id

day of week

doctor id

doctor name

month

patient id

phone#

quarter

year

address
sex

patient

dimension table

patient id

patient name

phone #

sex

description

address

Roll-up on time from day to year.
Slice for time=2004.

Roll-up on patient from individual
patient to all.
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(b) Starting with the base cuboid [student, course, semester, instructor|, what specific OLAP operations
(e.g., roll-up from semester to year) should one perform in order to list the average grade of CS courses
for each Big University student.

course univ student areq
dimension table fact table dimension table dimension table
course id — student 1d student 1d | area 1d
course name ] course id student name | city
department semester 1d area 1d province
instructor_1d major COUntry
count status
semesier
) ) avg_grade university
dimension table -

semester 1d

instructor
semester dimension table
year
instructor 1d
dept
rank

53



(b) Starting with the base cuboid [student, course, semester, instructor|, what specific OLAP operations
(e.g., roll-up from semester to year) should one perform in order to list the average grade of CS courses
for each Big University student.

colrse

dimension table

univ
fact table

course 1id

student 1d

student
dimension table

course name

department

T4  cowrse id

student 1d

area
dimension table

| area_id

student name |

semester_id

semester
dimension table

instructor_id

area_id

city

major

province

count

avg_grade

status

country

umversity

semester id

semester

year

instructor
dimension table

mstructor_id

dept

rank

Roll-up on course from course id
to department.

Roll-up on student from student id
to university.

Roll-up on semester to all

Dice on course, student with
department=\CS" and university =
\Big University".

 Drill-down on student from

university to student name.
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Think-Pair-Share:
Weather Bureau Data Warehouse

* Design a data warehouse for a regional weather bureau. The
weather bureau has about 1000 probes, which are scattered
throughout various land and ocean locations in the region to
collect basic weather data, including air pressure, temperature,
and precipitation at each hour. Your design should facilitate
efficient querying and online analytical processing, and derive
general weather patterns in multidimensional space.

* Inyour design, consider the following, etc:
— Fact table(s), dimension tables, schema, measures
— Concept hierarchies

— How will you use this data warehouse for data mining and decision
support?



Project sharing

Please get together with your group and discuss, for
the next 5 minutes:

— The goals of your project

— Why it is important

— What data you plan to analyze
— What methods plan to use

Each group will then report to the class

If you don’t have a group yet, see me and we’ll see
about matching you up.
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