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1. What is Data Warehouse? (10%)

Ans: “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.

Ref: 992DW04 p.4, pp.5-9

Inmon

What is 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

April 25,2011 Data Mining: Concepts and Techniques

Data Warehouse—
Subject-Oriented

¢ Organized around major subjects, such as customer, product,

Data Warehouse—
Integrated

¢ Constructed by integrating multiple, heterogeneous data

sources
sales

— relational databases, flat files, on-line transaction records

* Focusing on the modeling and analysis of data for decision * Data cleaning and data integration techniques are applied.

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

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

* 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— Data Warehouse—
Time Variant Nonvolatile
¢ The time horizon for the data warehouse is significantly longer ¢ A physically separate store of data transformed from the

than that of operational systems operational environment

— Operational database: current value data « Operational update of data does not occur in the data

— Data warehouse data: provide information from a historical warehouse environment
perspective (e.g., past 5-10 years) — Does not require transaction processing, recovery, and

* Every key structure in the data warehouse concurrency control mechanisms

— Contains an element of time, explicitly or implicitly — Requires only two operations in data accessing:

— But the key of operational data may or may not contain

e initial loading of data and access of data
“time element”
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2. How is a data warehouse different from a database? How are they similar? (10%)
Ans:
Ref: 992DW03 p.10, p.11

Differences between
a data warehouse and a database

e Data warehouse:

— A data warehouse is a repository of information collected
from multiple sources over a history of time stored under a
unified schema and used for data analysis and decision
support

— There could be multiple heterogeneous databases where
the schema of one database may not agree with the
schema of another.

e Database:

— A database is a collection of interrelated data that
represents the current status of the stored data.

— A database system supports ad-hoc query and on-line
transaction processing.

Similarities between
a data warehouse and a database

* Both are repositories of information
storing huge amounts of persistent data.
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Ans:

Ref: 992DW04 p.11, p.12

e OLTP (on-line transaction processing)

line analytical processing)

— Data analysis and decision making
¢ Distinct features (OLTP vs. OLAP):

Data Warehouse vs. Operational DBMS

— Major task of traditional relational DBMS

— User and system orientation: customer vs. market

Data contents: current, detailed vs. historical, consolidated
Database design: ER + application vs. star + subject

View: current, local vs. evolutionary, integrated

Access patterns: update vs. read-only but complex queries

3. What are OLTP and OLAP? What are the differences between OLTP and OLAP? (10%)

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

e OLAP (on-

— Major task of data warehouse system

April 25, 2011 Data Mining: Concepts and Techniques 11

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

#users thousands hundreds

DB size 100MB-GB 100GB-TB

metric transaction throughput query throughput, response

April 25, 2011 Data Mining: Concepts and Techniques 12
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4. What is the knowledge discovery (KDD) process? (10%)
Ans:
Ref: 992DW02 p.3 (992DWO01 p.5)

Knowledge Discovery (KDD) Process

* Data Warehouse: fundamental _ K led
process for Data Mining and Evaluation and nowieage

Presentation
* Data mining: core of knowledge I .

discovery process

Data Mining Patterns

Selection and
Transformation

Cleaning and

Integration
T[] >
E 1] =1 | : : :
Databases : Flatfiles .......... R L Y
Source: Han & Kamber (2006) 3
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Ans:

5. What are the relationships between Data Warehouse, Data Mining, and Business Intelligence? (10%)

Ref: 992DW02 p.4 (992DWO01 p.6)

to support

Data Warehouse
Data Mining and

S
Increasing potential
business decisions End User
Data Presentation Business
) o ] Analyst
Visualization Techniques
Data Mining Data
Information Discovery Analyst
Data Exploration
Statistical Summary, Querying, and Reporting
Data Preprocessing/Integration, Data Warehouses
Data Sources DBA
Paper, Files, Web documents, Scientific experiments, Database Systems

Source: Han & Kamber (2006)
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6. What is the typical framework of a data warehouse? What is the multi-tiered architecture of data
warehouse? (10%)

Ans:
Ref: 992DW03 p.3; 992DW04 p.37

Typical framework of
a data warehouse

[ Se—

L]

Data source in Chicago

\. pre - = "
— — [ Client )
- ” \ _— 2 F R
_________ \
! \
L — ! Clean A
2 - 1 \ SR =
Data source in New York | f;”“?:;"" \ Data | Query and
e (o famstom ] Warehouse | Analysis Tools
S —— : Load n (S
Refresh 1 \
] f -
 e— TEmEeTETh. —— g ERE
— I [} ™11 ]
Data source in Toronta \L Client )

<

==
Data source In Vancouver

Data Warehouse: A Multi-Tiered Architecture

C D Monitor
:
\ Integrator

5"

23

LAP Servi
Other

sources

35

Operational
DBs

Analysis

Query
Reports

Extract
Transform
Load

Refresh
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7. What is the architecture of a typical data mining system? (10%)
Ans:
Ref: 992DWO03 p.6

Architecture of a typical
data mining system
| t

Graphical User Interface

' 1

Pattern Evaluation
| |
Data Mining Engine

v |

Database or
Data Warehouse Server

— SN |

data cleaning, integration, and selection

Knowledge-Base
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8. Why is data preprocessing important? What are the major tasks in data preprocessing? (10%)
Ans:
(1) Why is data preprocessing important?

» No quality data, no quality mining results!

- Quiality decisions must be based on quality data

. e.g., duplicate or missing data may cause incorrect or even misleading statistics.

- Data warehouse needs consistent integration of quality data

 Data extraction, cleaning, and transformation comprises the majority of the work of building a data

warehouse

(2) What are the major tasks in data preprocessing?

 Data cleaning

- Fill in missing values, smooth noisy data, identify or remove outliers, and resolve
inconsistencies

Data integration

- Integration of multiple databases, data cubes, or files

Data transformation

- Normalization and aggregation

Data reduction

- Obtains reduced representation in volume but produces the same or similar analytical results

Data discretization

- Part of data reduction but with particular importance, especially for numerical data

Related (Optional):
Why Data Preprocessing?
 Data in the real world is dirty

- incomplete: lacking attribute values, lacking certain attributes of interest, or containing only
aggregate data

. e.g., occupation=""
- noisy: containing errors or outliers
. e.g., Salary="-10"
- inconsistent: containing discrepancies in codes or names
. e.g., Age=“42" Birthday="03/07/1997”
. e.g., Was rating “1,2,3”, now rating “A, B, C”
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. e.g., discrepancy between duplicate records

* Why Is Data Dirty?

* Incomplete data may come from

- “Not applicable” data value when collected

- Different considerations between the time when the data was collected and when it is analyzed.
- Human/hardware/software problems

* Noisy data (incorrect values) may come from

- Faulty data collection instruments

— Human or computer error at data entry

— Errors in data transmission

* Inconsistent data may come from

— Different data sources

- Functional dependency violation (e.g., modify some linked data)
» Duplicate records also need data cleaning

Ref: 992DWO03 p.14, p. 16, (p.12, p.13)

Why Is Data Preprocessing Important?

* No quality data, no quality mining results!
— Quality decisions must be based on quality data

e e.g., duplicate or missing data may cause incorrect or
even misleading statistics.

— Data warehouse needs consistent integration of quality data

e Data extraction, cleaning, and transformation comprises the
majority of the work of building a data warehouse
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Major Tasks in

Data Preprocessing

e Data cleaning

— Fill in missing values, smooth noisy data, identify or remove outliers,

and resolve inconsistencies

* Data integration

— Integration of multiple databases, data cubes, or files

e Data transformation
— Normalization and aggregation

e Data reduction

— Obtains reduced representation in volume but produces the same or

similar analytical results

e Data discretization

— Part of data reduction but with particular importance, especially for

numerical data

Why Data Preprocessing?

e Data in the real world is dirty
— incomplete: lacking attribute values, lacking
certain attributes of interest, or containing only
aggregate data
* e.g., occupation=
— noisy: containing errors or outliers
* e.g., Salary="-10"
— inconsistent: containing discrepancies in codes or
names
* e.g., Age="42" Birthday="03/07/1997"
* e.g., Was rating “1,2,3”, now rating “A, B, C”
¢ e.g., discrepancy between duplicate records

wn

Why Is Data Dirty?

¢ Incomplete data may come from
— “Not applicable” data value when collected

— Different considerations between the time when the data
was collected and when it is analyzed.

— Human/hardware/software problems
¢ Noisy data (incorrect values) may come from
— Faulty data collection instruments
— Human or computer error at data entry
— Errors in data transmission
¢ Inconsistent data may come from
— Different data sources
— Functional dependency violation (e.g., modify some linked data)

Duplicate records also need data cleaning
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9. What is the conceptual modeling of data warehouses? Please illustrate the major schemas used in data
warehouse. (10%)

Ans:

* Modeling data warehouses: dimensions & measures
— Star schema: A fact table in the middle connected to a set of dimension tables
— Snowflake schema: A refinement of star schema where some dimensional hierarchy is
normalized into a set of smaller dimension tables, forming a shape similar to snowflake
- Fact constellations: Multiple fact tables share dimension tables, viewed as a collection of
stars, therefore called galaxy schema or fact constellation
Ref: 992DW04 p.16, 17, 18, 19.

Conceptual Modeling of Data Warehouses

* Modeling data warehouses: dimensions & measures
— Star schema: A fact table in the middle connected to a set of
dimension tables

— Snowflake schema: A refinement of star schema where

some dimensional hierarchy is normalized into a set of
smaller dimension tables, forming a shape similar to
snowflake

— Fact constellations: Multiple fact tables share dimension

tables, viewed as a collection of stars, therefore called

galaxy schema or fact constellation

April 25,2011 Data Mining: Concepts and Techniques 16
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Example of Star Schema

Example of Snowflake Schema

time
time_key item
day item_key
day_of the week |5, Sales Fact Table item_name
month l...... N “‘ brand
quarter tme key . | iype
year item_key {*" supplier_type
| branch_key :
branch = - location
R location_key.., location K
branch_key |g** -.,...* ocation_key
branch_name units_sold s’g;eet
branch_type gy
= dollars_sold state_or_province
country
- avg_sales
April 25, 2011 Data Mining: Concepts and Techniques 17

Example of Fact

_ Constellation
time El ‘‘‘‘‘ | itom | , . bl
i ime_key | LT *,Shipping Fact Table
time_key A item gg)]'e_key “ item_ke: e
day ", item_key supplier day_of_the_week s * time_ke
oot ek ., SSFRTHE Al | (SRS (e, serere e .,
month ‘5 —— B brand ”,1 supplier_type | Quarter time_key e item_key
quarter » type R year +**" | supplier_type i
; . i R pplier_typ shipper_key |.....
year item_key supplier_key item_key
from_location
branch_key Hv—e - branch_key ‘ |
R ocation R - : to locati
branch oo location_key=«s. (o e location_key |., | location | oFlocation
branch_key - e Y branch key |4 units sold | Al location_key dollars_cost
branch_name units_sold &t Ly Erancﬂf ame = street units_shipped
_key,, ; ranch_type i L ;
LY dollars_sold 9 gy dollars_sold f,',‘gvmce orstae| —— ———— ¢
L avg_sales g:g_key r  avg sales country: B shipper |
Measures state_or_province W ............. shipper_kegl
country e shipper_name
""" location_key
nd T 11 Data Mining T Technique shipper_type
: J J » e
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10. What are the typical OLAP operations in data warehouse? (10%)
Ans:
Ref: 992DW04 p.31, 32
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
¢ Other operations
— drill across: involving (across) more than one fact table
— drill through: through the bottom level of the cube to its back-
end relational tables (using SQL)
Fig. 3.10 Typical
OLAP Operations
April 25, 2011 ‘ Data Mining: Concepts and Techniques o e 32
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