
UNIT I: DATA WAREHOUSING 

Introduction to Data warehouse 

 A data warehouse is a collection of data marts representing historical data from 

different operations in the company. This data is stored in a structure optimized for querying and 

data analysis as a data warehouse. Table design, dimensions and organization should be 

consistent throughout a data warehouse so that reports or queries across the data warehouse are 

consistent. A data warehouse can also be viewed as a database for historical data from different 

functions within a company.  

 The term Data Warehouse was coined by Bill Inmon in 1990, which he defined in the 

following way: "A warehouse is a subject-oriented, integrated, time-variant and non-volatile 

collection of data in support of management's decision making process". He defined the terms in 

the sentence as follows: 

Subject Oriented: Data that gives information about a particular subject instead of about a 

company's ongoing operations.  

Integrated:  Data that is gathered into the data warehouse from a variety of sources and merged 

into a coherent whole.  

Time-variant:  All data in the data warehouse is identified with a particular time period.  

Non-volatile:  Data is stable in a data warehouse. More data is added but data is never removed.  

This enables management to gain a consistent picture of the business. It is a single, complete and 

consistent store of data obtained from a variety of different sources made available to end users 

in what they can understand and use in a business context. It can be 

 Used for decision Support 

 Used to manage and control business 

 Used by managers and end-users to understand the business and make judgments  

Data Warehousing is an architectural construct of information systems that provides users with 

current and historical decision support information that is hard to access or present in traditional 

operational data stores 

Other important terminology 

Enterprise Data warehouse: It collects all information about subjects (customers, products, 

sales, assets, personnel) that span the entire organization 

Data Mart: Departmental subsets that focus on selected subjects. A data mart is a segment of a 

data warehouse that can provide data for reporting and analysis on a section, unit, department or 

operation in the company, e.g. sales, payroll, production. Data marts are sometimes complete 

individual data warehouses which are usually smaller than the corporate data warehouse. 

Decision Support System (DSS):  Information technology to help the knowledge worker 

(executive, manager, and analyst) makes faster & better decisions 

Drill-down: Traversing the summarization levels from highly summarized data to the underlying 

current or old detail 

Metadata: Data about data. Containing location and description of warehouse system 

components: names, definition, structure… 

Benefits of data warehousing 

 Data warehouses are designed to perform well with aggregate queries running on large 

amounts of data. 

 The structure of data warehouses is easier for end users to navigate, understand and query 

against unlike the relational databases primarily designed to handle lots of transactions. 

 Data warehouses enable queries that cut across different segments of a company's 

operation. E.g. production data could be compared against inventory data even if they 

were originally stored in different databases with different structures. 

www.rejinpaul.com

Get useful study materials from www.rejinpaul.com



 Queries that would be complex in very normalized databases could be easier to build and 

maintain in data warehouses, decreasing the workload on transaction systems.  

 Data warehousing is an efficient way to manage and report on data that is from a variety 

of sources, non uniform and scattered throughout a company.  

 Data warehousing is an efficient way to manage demand for lots of information from lots 

of users.  

 Data warehousing provides the capability to analyze large amounts of historical data for 

nuggets of wisdom that can provide an organization with competitive advantage. 

Operational and informational Data 

• Operational Data:  

 Focusing on transactional function such as bank card withdrawals and deposits 

 Detailed 

 Updateable 

 Reflects current data 

• Informational Data:  

 Focusing on providing answers to problems posed by decision makers 

 Summarized 

 Non updateable 

DATA WAREHOUSE ARCHITECTURE AND ITS SEVEN COMPONENTS 

1. Data sourcing, cleanup, transformation, and migration tools 

2. Metadata repository 

3. Warehouse/database technology 

4. Data marts 

5. Data query, reporting, analysis, and mining tools 

6. Data warehouse administration and management 

7. Information delivery system 

1 Data warehouse database 

This is the central part of the data warehousing environment. This is the item number 2 in the 

above arch. diagram. This is implemented based on RDBMS technology. 

2 Sourcing, Acquisition, Clean up, and Transformation Tools 

This is item number 1 in the above arch diagram. They perform conversions, summarization, key 

changes, structural changes and condensation. The data transformation is required so that the 

information can by used by decision support tools. The transformation produces programs, 

control statements, JCL code, COBOL code, UNIX scripts, and SQL DDL code etc., to move the 

data into data warehouse from multiple operational systems.  

The functionalities of these tools are listed below: 

 To remove unwanted data from operational db 

 Converting to common data names and attributes 

 Calculating summaries and derived data 

 Establishing defaults for missing data 

 Accommodating source data definition changes 

 

 

3 Meta data 

It is data about data. It is used for maintaining, managing and using the data warehouse. It is 

classified into two: 

Technical Meta data: It contains information about data warehouse data used by warehouse 

designer, administrator to carry out development and management tasks. It includes, 
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 Info about data stores 

 Transformation descriptions. That is mapping methods from operational db to warehouse 

db 

 Warehouse Object and data structure definitions for target data 

 The rules used to perform clean up, and data enhancement 

 Data mapping operations 

 Access authorization, backup history, archive history, info delivery history, data 

acquisition history, data access etc., 

Business Meta data: It contains info that gives info stored in data warehouse to users. It 

includes, 

 Subject areas, and info object type including queries, reports,  images, video, audio clips 

etc. 

 Internet home pages 

 Info related to info delivery system 

 Data warehouse operational info such as ownerships, audit trails etc., 

4 Access tools 

Its purpose is to provide info to business users for decision making. There are five categories: 

 Data query and reporting tools 

 Application development tools 

 Executive info system tools (EIS) 

 OLAP tools 

 Data mining tools 

5 Data marts 

Departmental subsets that focus on selected subjects. They are independent used by 

dedicated user group. They are used for rapid delivery of enhanced decision support functionality 

to end users. Data mart is used in the following situation: 

 Extremely urgent user requirement 

 The absence of a budget for a full scale data warehouse strategy 

 The decentralization of business needs 

 The attraction of easy to use tools and mind sized project 

Data mart presents two problems: 

1. Scalability: A small data mart can grow quickly in multi dimensions. So that while 

designing it, the organization has to pay more attention on system scalability, consistency 

and manageability issues 

2. Data integration 

6 Data warehouse admin and management 

The management of data warehouse includes, 

 Security and priority management 

 Monitoring updates from multiple sources 

 Data quality checks 

 Managing and updating meta data 

 Auditing and reporting data warehouse usage and status  

 Purging data 

 Replicating, sub setting and distributing data 

 Backup and recovery  

 Data warehouse storage management which includes capacity planning, hierarchical 

storage management and purging of aged data etc., 
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7 Information delivery system 

• It is used to enable the process of subscribing for data warehouse info. 

• Delivery to one or more destinations according to specified scheduling algorithm 

 

Building a Data warehouse: 

There are two reasons why organizations consider data warehousing a critical need. In 

other words, there are two factors that drive you to build and use data warehouse. They are: 

Business factors:   

 Business users want to make decision quickly and correctly using all available data. 

Technological factors:  

 To address the incompatibility of operational data stores 

 IT infrastructure is changing rapidly. Its capacity is increasing and cost is decreasing so 

that building a data warehouse is easy 

There are several things to be considered while building a successful data warehouse 

Business considerations:  

Organizations interested in development of a data warehouse can choose one of the 

following  two approaches:  

 Top - Down Approach (Suggested by Bill Inmon) 

 Bottom - Up Approach (Suggested by Ralph Kimball) 

Top - Down Approach 

In the top down approach suggested by Bill Inmon, we build a centralized repository to 

house corporate wide business data. This repository is called Enterprise Data Warehouse (EDW). 

The data in the EDW is stored in a normalized form in order to avoid redundancy. 

The central repository for corporate wide data helps us maintain one version of truth of 

the data. The data in the EDW is stored at the most detail level. The reason to build the EDW on 

the most detail level is to leverage  

1. Flexibility to be used by multiple departments.  

2. Flexibility to cater for future requirements.  

The disadvantages of storing data at the detail level are 

1. The complexity of design increases with increasing level of detail.  

2. It takes large amount of space to store data at detail level, hence increased cost.  

Once the EDW is implemented we start building subject area specific data marts which contain 

data in a de normalized form also called star schema. The data in the marts are usually 

summarized based on the end users analytical requirements.  

The reason to de normalize the data in the mart is to provide faster access to the data for 

the end users analytics. If we were to have queried a normalized schema for the same analytics, 

we would end up in a complex multiple level joins that would be much slower as compared to 

the one on the de normalized schema. 

We should implement the top-down approach when 

1.  The business has complete clarity on all or multiple subject areas data warehosue 

requirements.  

2. The business is ready to invest considerable time and money.  

The advantage of using the Top Down approach is that we build a centralized repository to cater 

for one version of truth for business data. This is very important for the data to be reliable, 

consistent across subject areas and for reconciliation in case of data related contention between 

subject areas. 
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The disadvantage of using the Top Down approach is that it requires more time and initial 

investment. The business has to wait for the EDW to be implemented followed by building the 

data marts before which they can access their reports. 

Bottom Up Approach 

The bottom up approach suggested by Ralph Kimball is an incremental approach to build 

a data warehouse. Here we build the data marts separately at different points of time as and when 

the specific subject area requirements are clear.  The data marts are integrated or combined 

together to form a data warehouse. Separate data marts are combined through the use of 

conformed dimensions and conformed facts. A conformed dimension and a conformed fact is 

one that can be shared across data marts. 

A Conformed dimension has consistent dimension keys, consistent attribute names and 

consistent values across separate data marts. The conformed dimension means exact same thing 

with every fact table it is joined.  

A Conformed fact has the same definition of measures, same dimensions joined to it and 

at the same granularity across data marts. 

The bottom up approach helps us incrementally build the warehouse by developing and 

integrating data marts as and when the requirements are clear. We don’t have to wait for 

knowing the overall requirements of the warehouse. We should implement the bottom up 

approach when 

1.  We have initial cost and time constraints.  

2. The complete warehouse requirements are not clear. We have clarity to only one data 

mart.  

The advantage of using the Bottom Up approach is that they do not require high initial costs 

and have a faster implementation time; hence the business can start using the marts much earlier 

as compared to the top-down approach. 

The disadvantages of using the Bottom Up approach is that it stores data in the de normalized 

format, hence there would be high space usage for detailed data. We have a tendency of not 

keeping detailed data in this approach hence losing out on advantage of having detail data .i.e. 

flexibility to easily cater to future requirements. 

Bottom up approach is more realistic but the complexity of the integration may become a 

serious obstacle. 

Design considerations 

To be a successful data warehouse designer must adopt a holistic approach that is 

considering all data warehouse components as parts of a single complex system, and take into 

account all possible data sources and all known usage requirements. 

Most successful data warehouses that meet these requirements have these common 

characteristics:  

 Are based on a dimensional model 

 Contain historical and current data 

 Include both detailed and summarized data 

 Consolidate disparate data from multiple sources while retaining consistency 

Data warehouse is difficult to build due to the following reason: 

 Heterogeneity of data sources 

 Use of historical data 

 Growing nature of data base 

Data warehouse design approach muse be business driven, continuous and iterative engineering 

approach. In addition to the general considerations there are following specific points relevant to 

the data warehouse design: 
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Data content 

The content and structure of the data warehouse are reflected in its data model. The data 

model is the template that describes how information will be organized within the integrated 

warehouse framework. The data warehouse data must be a detailed data. It must be formatted, 

cleaned up and transformed to fit the warehouse data model. 

Meta data  

It defines the location and contents of data in the warehouse. Meta data is searchable by 

users to find definitions or subject areas. In other words, it must provide decision support 

oriented pointers to warehouse data and thus provides a logical link between warehouse data and 

decision support applications. 

Data distribution 

One of the biggest challenges when designing a data warehouse is the data placement and 

distribution strategy. Data volumes continue to grow in nature. Therefore, it becomes necessary 

to know how the data should be divided across multiple servers and which users should get 

access to which types of data. The data can be distributed based on the subject area, location 

(geographical region), or time (current, month, year). 

Tools 

A number of tools are available that are specifically designed to help in the 

implementation of the data warehouse. All selected tools must be compatible with the given data 

warehouse environment and with each other. All tools must be able to use a common Meta data 

repository. 

Design steps 

The following nine-step method is followed in the design of a data warehouse: 

1. Choosing the subject matter 

2. Deciding what a fact table represents 

3. Identifying and conforming the dimensions 

4. Choosing the facts 

5. Storing pre calculations in the fact table 

6. Rounding out the dimension table 

7. Choosing the duration of the db 

8. The need to track slowly changing dimensions 

9. Deciding the query priorities and query models 

 

Mapping the Data Warehouse to a Multiprocessor Architecture 

Shared Memory Architecture 

Tightly coupled shared memory systems, illustrated in following figure have the following 

characteristics: 

 Multiple PUs share memory. 

 Each PU has full access to all shared memory through a common bus. 

 Communication between nodes occurs via shared memory. 

 Performance is limited by the bandwidth of the memory bus. 
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Symmetric multiprocessor (SMP) machines are often nodes in a cluster. Multiple SMP 

nodes can be used with Oracle Parallel Server in a tightly coupled system, where memory is 

shared among the multiple PUs, and is accessible by all the PUs through a memory bus. 

Examples of tightly coupled systems include the Pyramid, Sequent, and Sun SparcServer. 

Performance is potentially limited in a tightly coupled system by a number of factors. These 

include various system components such as the memory bandwidth, PU to PU communication 

bandwidth, the memory available on the system, the I/O bandwidth, and the bandwidth of the 

common bus. 

Parallel processing advantages of shared memory systems are these: 

 Memory access is cheaper than inter-node communication. This means that internal 

synchronization is faster than using the Lock Manager. 

 Shared memory systems are easier to administer than a cluster. 

A disadvantage of shared memory systems for parallel processing is as follows: 

 Scalability is limited by bus bandwidth and latency, and by available memory. 

Shared Disk Architecture 

Shared disk systems are typically loosely coupled. Such systems, illustrated in following 

figure, have the following characteristics: 

 Each node consists of one or more PUs and associated memory. 

 Memory is not shared between nodes. 

 Communication occurs over a common high-speed bus. 

 Each node has access to the same disks and other resources. 

 A node can be an SMP if the hardware supports it. 

 Bandwidth of the high-speed bus limits the number of nodes (scalability) of the system. 
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The cluster illustrated in figure is composed of multiple tightly coupled nodes. The 

Distributed Lock Manager (DLM ) is required. Examples of loosely coupled systems are 

VAXclusters or Sun clusters. 

Since the memory is not shared among the nodes, each node has its own data cache. 

Cache consistency must be maintained across the nodes and a lock manager is needed to 

maintain the consistency. Additionally, instance locks using the DLM on the Oracle level must 

be maintained to ensure that all nodes in the cluster see identical data. 

There is additional overhead in maintaining the locks and ensuring that the data caches 

are consistent. The performance impact is dependent on the hardware and software components, 

such as the bandwidth of the high-speed bus through which the nodes communicate, and DLM 

performance. 

Parallel processing advantages of shared disk systems are as follows: 

 Shared disk systems permit high availability. All data is accessible even if one node dies. 

 These systems have the concept of one database, which is an advantage over shared 

nothing systems. 

 Shared disk systems provide for incremental growth. 

Parallel processing disadvantages of shared disk systems are these: 

 Inter-node synchronization is required, involving DLM overhead and greater dependency 

on high-speed interconnect. 

 If the workload is not partitioned well, there may be high synchronization overhead. 

 There is operating system overhead of running shared disk software. 

Shared Nothing Architecture 

Shared nothing systems are typically loosely coupled. In shared nothing systems only one 

CPU is connected to a given disk. If a table or database is located on that disk, access depends 

entirely on the PU which owns it. Shared nothing systems can be represented as follows: 

 
 

Shared nothing systems are concerned with access to disks, not access to memory. 

Nonetheless, adding more PUs and disks can improve scaleup. Oracle Parallel Server can access 

the disks on a shared nothing system as long as the operating system provides transparent disk 

access, but this access is expensive in terms of latency. 

Shared nothing systems have advantages and disadvantages for parallel processing: 

Advantages 

 Shared nothing systems provide for incremental growth. 

 System growth is practically unlimited. 

 MPPs are good for read-only databases and decision support applications. 

 Failure is local: if one node fails, the others stay up. 

Disadvantages 

 More coordination is required. 
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 More overhead is required for a process working on a disk belonging to another node. 

 If there is a heavy workload of updates or inserts, as in an online transaction processing 

system, it may be worthwhile to consider data-dependent routing to alleviate contention. 

 
 

Parallel DBMS features 

 Scope and techniques of parallel DBMS operations 

 Optimizer implementation 

 Application transparency 

 Parallel environment which allows the DBMS server to take full advantage of the 

existing facilities on a very low level 

 DBMS management tools help to configure, tune, admin and monitor a parallel RDBMS 

as effectively as if it were a serial RDBMS 

 Price / Performance: The parallel RDBMS can demonstrate a non linear speed up and 

scale up at reasonable costs. 

 

DBMS schemas for decision support 

: The basic concepts of dimensional modeling are: facts, dimensions and measures. A fact 

is a collection of related data items, consisting of measures and context data. It typically 

represents business items or business transactions. A dimension is a collection of data that 

describe one business dimension. Dimensions determine the contextual background for the facts; 

they are the parameters over which we want to perform OLAP. A measure is a numeric attribute 

of a fact, representing the performance or behavior of the business relative to the dimensions.  

 

Considering Relational context, there are three basic schemas that are used in dimensional 

modeling: 

1. Star schema 

2. Snowflake schema  

3. Fact constellation schema 

 

Star schema 

 

The multidimensional view of data that is expressed using relational data base semantics is 

provided by the data base schema design called star schema. The basic of stat schema is that 

information can be classified into two groups: 

 Facts 

 Dimension 

Star schema has one large central table (fact table) and a set of smaller tables (dimensions) 

arranged in a radial pattern around the central table. 

Facts are core data element being analyzed while dimensions are attributes about the facts. 
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The determination of which schema model should be used for a data warehouse should be based 

upon the analysis of project requirements, accessible tools and project team preferences. 

 
 

What is star schema? The star schema architecture is the simplest data warehouse schema. It is 

called a star schema because the diagram resembles a star, with points radiating from a center. 

The center of the star consists of fact table and the points of the star are the dimension tables. 

Usually the fact tables in a star schema are in third normal form(3NF) whereas dimensional 

tables are de-normalized. Despite the fact that the star schema is the simplest architecture, it is 

most commonly used nowadays and is recommended by Oracle. 

 

Fact Tables: 

 

A fact table is a table that contains summarized numerical and historical data (facts) and a 

multipart index composed of foreign keys from the primary keys of related dimension tables.  

 

A fact table typically has two types of columns: foreign keys to dimension tables and measures 

those that contain numeric facts. A fact table can contain fact's data on detail or aggregated level.  

 

Dimension Tables: 

 

Dimensions are categories by which summarized data can be viewed. E.g. a profit summary in a 

fact table can be viewed by a Time dimension (profit by month, quarter, year), Region dimension 

(profit by country, state, city), Product dimension (profit for product1, product2). 

 

A dimension is a structure usually composed of one or more hierarchies that categorizes data. If 

a dimension hasn't got a hierarchies and levels it is called flat dimension or list. The primary 

keys of each of the dimension tables are part of the composite primary key of the fact table. 

Dimensional attributes help to describe the dimensional value. They are normally descriptive, 

textual values. Dimension tables are generally small in size then fact table. 

 

Typical fact tables store data about sales while dimension tables data about geographic region 

(markets, cities), clients, products, times, channels. 
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Measures: 

a. Measures are numeric data based on columns in a fact table. They are the primary data 

which end users are interested in. E.g. a sales fact table may contain a profit measure which 

represents profit on each sale. 

b. Aggregations are pre calculated numeric data. By calculating and storing the answers to a 

query before users ask for it, the query processing time can be reduced. This is key in 

providing fast query performance in OLAP. 

c. Cubes are data processing units composed of fact tables and dimensions from the data 

warehouse. They provide multidimensional views of data, querying and analytical 

capabilities to clients. 

The main characteristics of star schema:  

 Simple structure -> easy to understand schema  

 Great query effectives -> small number of tables to join  

 Relatively long time of loading data into dimension tables -> de-normalization, 

redundancy data caused that size of the table could be large.  

 The most commonly used in the data warehouse implementations -> widely 

supported by a large number of business intelligence tools 

Snowflake schema: is the result of decomposing one or more of the dimensions. The many-to-

one relationships among sets of attributes of a dimension can separate new dimension tables, 

forming a hierarchy. The decomposed snowflake structure visualizes the hierarchical structure of 

dimensions very well. 

Fact constellation schema: For each star schema it is possible to construct fact constellation 

schema (for example by splitting the original star schema into more star schemes each of them 

describes facts on another level of dimension hierarchies). The fact constellation architecture 

contains multiple fact tables that share many dimension tables.  

The main shortcoming of the fact constellation schema is a more complicated design because 

many variants for particular kinds of aggregation must be considered and selected. Moreover, 

dimension tables are still large.  

Multi relational Database: 

The relational implementation of multidimensional data base systems are referred to as multi 

relational database systems 

Data Cleaning 

 Remove noise 

 Correct inconsistencies. 

 By filling missing values, smoothing noisy data 

 Identify outliers 

 Resolve inconsistencies  

Metadata: 

• Location & Description of data warehouse system and data components. 

• Names, definitions, structure & content of data warehouse. 

• Identification of authorized sources. 

• Subscription information 

• Data warehouse operational information 

• Security authorization & access control list 

• Integration & transformation rules. 

• Mapping methods 

– Meta data used for maintaining, building, managing and using data warehouse. 

– Helps the user to understand the data 
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Meta Data Interchange Initiative: 

• To develop the standard specification for meta data inter change format and support its 

mechanism called meta data interchange initiative.  

Goal of a Charter: 

• Creating a vendor independent, industry defined and maintained standard access 

mechanism. 

• Enabling the users to control and manage the access manipulate the meta data by using 

interchange complaint tools. 

• Allow the users to build the tools to meet their needs 

• Enabling the tools to satisfy their meta data access requirements freely. 

• Define clear and simple infrastructure. 

• Minimize the amount of modification. 

• Creating a procedure for establishing, maintaining, extending, updating.  

Core set components: 

• Represent the minimum common denominator of the meta data element. 

• Represent minimum point of integration. 

• Approve optional and extension components. 

Defines 2 distinct meta models. 

• Application meta model. 

– Load the meta data for particular application. 

• Meta data meta model. 

– Set of objects to describe meta data. 

Meta Data Interchange Standard Framework: 

• Approaches: 

– Procedural approach. 

– ASCII batch approach 

– Hybrid approach. 

Meta Data Interchange Standard Framework: 

 
 

• Standard Meta Data Model: 

– Refers to the ASCII file format Used to represent the meta data. 

• Standard Access Frame Work: 

– Describe the minimum number of API function. 
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• Tool Profile: 

– Provides by tool vendor. 

– Mention the aspect of interchange standard meta model. 

• User Configuration: 

– Mention the interchange path. 

– Allow the customers to control the flow of meta data from tool to tool 

Meta Data Repository 

• Meta data is housed in and manages by meta data repository. 

• Meta data repository management software can be used to map the source data request to 

the target database, generate code, integrate, transform the data control. 

• Meta data defines the location of data in the ware house, business view relationships 

between operational data ware house. 

• Meta data provides logic link between ware house and application. 

• Provides decision support. 

• All access paths to the warehouse should have meta data as an entry point. 

• Data warehouse should have a mechanism to populate and maintain the repository.  

Various paths available to the warehouse: 

• The data warehouse should not provide direct access. 

• Via meta data. 

Benefits of data warehouse framework: 
• Provides a suite of tools for meta data management, 

• Reduces redundancy. 

• Reduces inconsistency. 

• Simplifies management. 

• Improves organization control. 

• Increases identification. 

• Understanding co-ordination. 

• Increase flexibility 

• Provides effective data management. 

• Enforces CASE development. 

 

Meta Data Integration Points 
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Meta data management: 

 The data warehousing is the inability to communicate to the end users. 

 The users and application should be provided with a road map to the information stored 

the warehouse. The road map is meta data. 

 Meta data defines all the elements, attributes, data sources, timing and the rules that 

govern data use and the data transformation. 

 Copy of meta data will be available to all tools. 

 Meta data should guide the users in data warehouse  

Implementation Examples: 

• Platinum technologies 

• R & O 

• Prism 

• Logic Works  

1. Platinum Repository: 

a. Client/server repository 

b. Open system solution 

c. Allows the company to manage, maintain and access corporate data application. 

d. Users and data warehouse administrators can manage data by the integration. 

e. Platinum has a global data dictionary a data junction to all corporate information  

f. Gives a consistent view 

g. Supported in OS/2 windows 95, NT, UNIX, Sun Solaris. 

 

2. R & O Repository 

a. Client/server repository 

b. Supports many platforms. 

c. Performance: sub second response time. 

d. Scalability  Laptop to mainframe 

e. Capacity: support very large repository. 

f. Drawback: 

g. Meta data storage.  

3. Prism 

a. Prism’s directory manager is meta data. 

i. Import business models 

ii. Import meta data from ware house manager. 

iii. Export meta data into catalogs. 

iv. Create flexible customized views. 

b. Directory manager has three components: 
i. Information builder  all entries  

ii. Directory builder  meta data relationships  

iii. Directory navigator  provides extensive view & gives better understanding.  

Prism directory manager answers question like: 

• What data exists 

• Where to find data 

• What are the original sources of data.  

Advantages of single integration point 

• Simplifies the population of data 

• Accuracy 

• Navigation and access is so easiest task. 
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4. Logic Works Universal Directory 

• Meta data repository tool 

• Acts as a hub 

• Centralizing meta data 

– Improves the way of managing. 

• Activities: 

– Inventorying source data 

– Designing the data warehouse 

– Mapping source to target data 

– Populating the ware house 

– Analyzing the data in the data warehouse 

– Evolving the data warehouse content. 

Universal directory components: 

• Universal explorer 

– Provides the users with a set of tools (browsing) 

– Act as a search engine 

– Allow the user to visualize the data warehouse using STAR schema. 

• Directory administrator Maintain security 
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UNIT II 

 

BUSINESS ANALYSIS 

 

Reporting Query tools and Applications 

 

The data warehouse is accessed using an end-user query and reporting tool from Business 

Objects. Business Objects provides several tools to securely access the data warehouse or 

personal data files with a point-and-click interface including the following: 
 BusinessObjects (Reporter and Explorer) ? a Microsoft Windows based query and reporting tool. 

 InfoView - a web based tool, that allows reports to be refreshed on demand (but can not create 
new reports). 

 InfoBurst - a web based server tool, that allows reports to be refreshed, scheduled and 

distributed. It can be used to distribute reports and data to users or servers in various formats (e.g. 

Text, Excel, PDF, HTML, etc.). For more information, see the documentation below:  
o InfoBurst Usage Notes (PDF) 

o InfoBurst User Guide (PDF) 

 Data Warehouse List Upload  - a web based tool, that allows lists of data to be uploaded into 
the data warehouse for use as input to queries. For more information, see the documentation 

below:  

o Data Warehouse List Upload Instructions (PDF)  

WSU has negotiated a contract with Business Objects for purchasing these tools at a 

discount. View BusObj Rates. 

Selecting your Query Tool: 

 

a. The query tools discussed in the next several slides represent the most commonly used 

query tools at Penn State. 

b. A Data Warehouse user is free to select any query tool, and is not limited to the ones 

mentioned.   

c. What is a ―Query Tool‖? 

d. A query tool is a software package that allows you to connect to the data warehouse from 

your PC and develop queries and reports.  

 

There are many query tools to choose from.  Below is a listing of what is currently being 

used on the PC: 

 

1. Microsoft Access 

2. Microsoft Excel   

3. Cognos Impromptu 

Data Warehousing Tools and Technologies 

 

a. Building a data warehouse is a complex task because there is no vendor that provides 

an ‗end-to-end‘ set of tools. 

b. Necessitates that a data warehouse is built using multiple products from different 

vendors.  

c. Ensuring that these products work well together and are fully integrated is a major 

challenge.  
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Cognos impromptu 

 

Query Tabs: 

Data 

 Identify what to query 

 Click and drag  

Sort  
 Hierarchy presentation 

 Ascending or descending order  

Group 

 Summarized data by group order 

Filter 

 Defines criteria 

 Specifies query range 

Administrative 
 Access 

 Profile 

 Client/Server 

Generating reports: 

 

 
Edit features on the toolbar allowed changes to report data after the query has been 

completed 
 Modify existing data 

 Format numerical and date fields 

 Perform calculations 

 Group data 

 Sort columns. 
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Catalog Query: 

 
 

General Ledger System Data: 

 Data Elements 

 Table Format 
 Balances – Summary information 

 Lines – Journal entry detail 

 Numeric  

 Detail and summary 

 Include calculations 

 Descriptive 
 Accounting string segment values 

 

Cognous Impromptu 

 

What is impromptu? 

Impromptu is an interactive database reporting tool. It allows Power Users to query data without 

programming knowledge. When using the Impromptu tool, no data is written or changed in the 

database. It is only capable of reading the data. 
 

Impromptu's main features includes, 

 

 Interactive reporting capability  
 Enterprise-wide scalability  

 Superior user interface  

 Fastest time to result  
 Lowest cost of ownership  
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Catalogs 

Impromptu stores metadata in subject related folders.  This metadata is what will be used to 

develop a query for a report. The metadata set is stored in a file called a ‗catalog‘. The catalog 

does not contain any data. It just contains information about connecting to the database and the 

fields that will be accessible for reports. 

A catalog contains: 

• Folders—meaningful groups of information representing columns from one or more 

tables 

• Columns—individual data elements that can appear in one or more folders 

• Calculations—expressions used to compute required values from existing data 

• Conditions—used to filter information so that only a certain type of information is 

displayed 

• Prompts—pre-defined selection criteria prompts that users can include in reports they 

create 

• Other components, such as metadata, a logical database name, join information, and 

user classes 

You can use catalogs to 

• view, run, and print reports 

• export reports to other applications 

• disconnect from and connect to the database 

• create reports 

• change the contents of the catalog 

• add user classes 

 

Online Analytical Processing (OLAP), OLAP  Need,  Multidimensional Data Model: 

 

The Multidimensional data Model 

 

The multidimensional data model is an integral part of On-Line Analytical Processing, or OLAP. 

Because OLAP is on-line, it must provide answers quickly; analysts pose iterative queries during 

interactive sessions, not in batch jobs that run overnight. And because OLAP is also analytic, the 

queries are complex. The multidimensional data model is designed to solve complex queries in 

real time. 

 

Multidimensional data model is to view it as a cube. The cable at the left contains detailed sales 

data by product, market and time. The cube on the right associates sales number (unit sold) with 

dimensions-product type, market and time with the unit variables organized as cell in an array. 

 

This cube can be expended to include another array-price-which can be associates with all or 

only some dimensions. As number of dimensions increases number of cubes cell increase 

exponentially. 

 

Dimensions are hierarchical in nature i.e. time dimension may contain hierarchies for years, 

quarters, months, weak and day. GEOGRAPHY may contain country, state, city etc. 
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In this cube we can observe, that each side of the cube represents one of the elements of the 

question. The x-axis represents the time, the y-axis represents the products and the z-axis 

represents different centers. The cells of in the cube represents the number of product sold or can 

represent the price of the items.  

 
 

This Figure also gives a different understanding to the drilling down operations. The relations 

defined must not be directly related, they related directly. 

 

The size of the dimension increase, the size of the cube will also increase exponentially. The 

time response of the cube depends on the size of the cube.  

 

Operations in Multidimensional Data Model: 

 

• Aggregation (roll-up) 

– dimension reduction:  e.g., total sales by city 

– summarization over aggregate hierarchy: e.g., total sales by city and year -> total 

sales by region and by year 

• Selection (slice) defines a subcube  

– e.g., sales where city = Palo Alto and date = 1/15/96 

• Navigation to detailed data (drill-down) 

– e.g., (sales - expense) by city, top 3% of cities by average income 

• Visualization Operations (e.g., Pivot or dice) 

OLAP 

 

OLAP stands for Online Analytical Processing. It uses database tables (fact and dimension 

tables) to enable multidimensional viewing, analysis and querying of large amounts of data. E.g. 
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OLAP technology could provide management with fast answers to complex queries on their 

operational data or enable them to analyze their company's historical data for trends and patterns. 

Online Analytical Processing (OLAP) applications and tools are those that are designed to ask 

―complex queries of large multidimensional collections of data.‖ Due to that OLAP is 

accompanied with data warehousing. 

 

Need  

 

The key driver of OLAP is the multidimensional nature of the business problem. These problems 

are characterized by retrieving a very large number of records that can reach gigabytes and 

terabytes and summarizing this data into a form information that can by used by business 

analysts.  

 

One of the limitations that SQL has, it cannot represent these complex problems. A query will be 

translated in to several SQL statements. These SQL statements will involve multiple joins, 

intermediate tables, sorting, aggregations and a huge temporary memory to store these tables. 

These procedures required a lot of computation which will require a long time in computing. The 

second limitation of SQL is its inability to use mathematical models in these SQL statements. If 

an analyst, could create these complex statements using SQL statements, still there will be a 

large number of computation and huge memory needed. Therefore the use of OLAP is preferable 

to solve this kind of problem. 

 

CATEGORIES OF OLAP TOOLS 

MOLAP 

This is the more traditional way of OLAP analysis. In MOLAP, data is stored in a 

multidimensional cube. The storage is not in the relational database, but in proprietary formats. 

That is, data stored in array-based structures. 

Advantages:  

 Excellent performance: MOLAP cubes are built for fast data retrieval, and are optimal for 

slicing and dicing operations.  

 Can perform complex calculations: All calculations have been pre-generated when the 

cube is created. Hence, complex calculations are not only doable, but they return quickly.  

Disadvantages:  

 Limited in the amount of data it can handle: Because all calculations are performed when 

the cube is built, it is not possible to include a large amount of data in the cube itself. This 

is not to say that the data in the cube cannot be derived from a large amount of data. 

Indeed, this is possible. But in this case, only summary-level information will be included 

in the cube itself.  

 Requires additional investment: Cube technology are often proprietary and do not already 

exist in the organization. Therefore, to adopt MOLAP technology, chances are additional 

investments in human and capital resources are needed.  
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Examples:  Hyperion Essbase, Fusion (Information Builders) 

ROLAP 

 

This methodology relies on manipulating the data stored in the relational database to give the 

appearance of traditional OLAP's slicing and dicing functionality. In essence, each action of 

slicing and dicing is equivalent to adding a "WHERE" clause in the SQL statement. Data stored 

in relational tables 

Advantages:  

 Can handle large amounts of data: The data size limitation of ROLAP technology is the 

limitation on data size of the underlying relational database. In other words, ROLAP 

itself places no limitation on data amount.  

 Can leverage functionalities inherent in the relational database: Often, relational database 

already comes with a host of functionalities. ROLAP technologies, since they sit on top 

of the relational database, can therefore leverage these functionalities.  

Disadvantages:  

 Performance can be slow: Because each ROLAP report is essentially a SQL query (or 

multiple SQL queries) in the relational database, the query time can be long if the 

underlying data size is large.  

 Limited by SQL functionalities: Because ROLAP technology mainly relies on generating 

SQL statements to query the relational database, and SQL statements do not fit all needs 

(for example, it is difficult to perform complex calculations using SQL), ROLAP 

technologies are therefore traditionally limited by what SQL can do. ROLAP vendors 

have mitigated this risk by building into the tool out-of-the-box complex functions as 

well as the ability to allow users to define their own functions.  

 

Examples:  Microstrategy Intelligence Server, MetaCube (Informix/IBM) 

 

HOLAP (MQE: Managed Query Environment) 
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HOLAP technologies attempt to combine the advantages of MOLAP and ROLAP. For 

summary-type information, HOLAP leverages cube technology for faster performance. It stores 

only the indexes and aggregations in the multidimensional form while the rest of the data is 

stored in the relational database. 

 
Examples: PowerPlay (Cognos), Brio, Microsoft Analysis Services, Oracle Advanced Analytic 

Services. 

 

OLAP Guidelines: 

 

Dr. E.F. Codd the ―father‖ of the relational model, created a list of rules to deal with the OLAP 

systems. Users should priorities these rules according to their needs to match their business 

requirements (reference 3). These rules are: 

1) Multidimensional conceptual view: The OLAP should provide an appropriate 

multidimensional Business model that suits the Business problems and Requirements. 

2) Transparency: The OLAP tool should provide transparency to the input data for the users. 

3) Accessibility: The OLAP tool should only access the data required only to the analysis 

needed. 

4) Consistent reporting performance: The Size of the database should not affect in any way 

the performance. 

5) Client/server architecture: The OLAP tool should use the client server architecture to 

ensure better performance and flexibility. 

6) Generic dimensionality: Data entered should be equivalent to the structure and operation 

requirements. 

7) Dynamic sparse matrix handling: The OLAP too should be able to manage the sparse 

matrix and so maintain the level of performance. 

8) Multi-user support: The OLAP should allow several users working concurrently to work 

together. 

9) Unrestricted cross-dimensional operations: The OLAP tool should be able to perform 

operations across the dimensions of the cube. 

10) Intuitive data manipulation. ―Consolidation path re-orientation, drilling down across 

columns or rows, zooming out, and other manipulation inherent in the consolidation path 

outlines should be accomplished via direct action upon the cells of the analytical model, 

and should neither require the use of a menu nor multiple trips across the user 

interface.‖(Reference 4) 

11) Flexible reporting: It is the ability of the tool to present the rows and column in a manner 

suitable to be analyzed. 

12) Unlimited dimensions and aggregation levels: This depends on the kind of Business, 

where multiple dimensions and defining hierarchies can be made. 
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In addition to these guidelines an OLAP system should also support: 

 Comprehensive database management tools:  This gives the database management to 

control distributed Businesses 

 The ability to drill down to detail source record level: Which requires that The OLAP 

tool should allow smooth transitions in the multidimensional database. 

 Incremental database refresh: The OLAP tool should provide partial refresh. 

 Structured Query Language (SQL interface): the OLAP system should be able to 

integrate effectively in the surrounding enterprise environment. 

 

OLTP vs OLAP 

 

OLTP stands for On Line Transaction Processing and is a data modeling approach 

typically used to facilitate and manage usual business applications. Most of applications you see 

and use are OLTP based. OLTP technology used to perform updates on operational or 

transactional systems (e.g., point of sale systems) 

  

OLAP stands for On Line Analytic Processing and is an approach to answer multi-

dimensional queries. OLAP was conceived for Management Information Systems and Decision 

Support Systems. OLAP technology used to perform complex analysis of the data in a data 

warehouse. 

 

The following table summarizes the major differences between OLTP and OLAP system 

design. 

 

 

OLTP System  

Online Transaction Processing  

(Operational System) 

OLAP System  

Online Analytical Processing  

(Data Warehouse) 

Source of data 
Operational data; OLTPs are the 

original source of the data. 

Consolidation data; OLAP data comes 

from the various OLTP Databases 

Purpose of 

data 

To control and run fundamental 

business tasks 

To help with planning, problem solving, 

and decision support 

What the data 
Reveals a snapshot of ongoing 

business processes 

Multi-dimensional views of various 

kinds of business activities 

Inserts and 

Updates 

Short and fast inserts and updates 

initiated by end users 

Periodic long-running batch jobs refresh 

the data 

Queries 

Relatively standardized and simple 

queries Returning relatively few 

records 

Often complex queries involving 

aggregations 

Processing 

Speed 
Typically very fast 

Depends on the amount of data involved; 

batch data refreshes and complex queries 

may take many hours; query speed can 

be improved by creating indexes 

Space 

Requirements 

Can be relatively small if historical 

data is archived 

Larger due to the existence of 

aggregation structures and history data; 

requires more indexes than OLTP 
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Database 

Design 
Highly normalized with many tables 

Typically de-normalized with fewer 

tables; use of star and/or snowflake 

schemas 

Backup and 

Recovery 

Backup religiously; operational data 

is critical to run the business, data 

loss is likely to entail significant 

monetary loss and legal liability 

Instead of regular backups, some 

environments may consider simply 

reloading the OLTP data as a recovery 

method 

 

 Multidimensional versus Multi relational OLAP, Categories of Tools 
 

Notes: 

Representation of Multi-Dimensional Data: 

 OLAP database servers use multi-dimensional structures to store data and relationships between data.  

  Multi-dimensional structures are best-visualized as cubes of data, and cubes within cubes of data. Each 

side of a cube is a dimension. 

 

 

 
 

 

 

 
 

 

 
 

 Multi-dimensional databases are a compact and easy-to-understand way of visualizing and 

manipulating data elements that have many inter-relationships.  
 The cube can be expanded to include another dimension, for example, the number of sales staff in 

each city. 

 

 
 

 

 
 

 

 
 

 The response time of a multi-dimensional query depends on how many cells have to be added on-

the-fly.  

 As the number of dimensions increases, the number of cube‘s cells increases exponentially.  

Multi-dimensional OLAP supports common analytical operations, such as: 

o Consolidation: involves the aggregation of data such as ‗roll-ups‘ or complex expressions 

involving interrelated data. Foe example, branch offices can be rolled up to cities and 
rolled up to countries. 

o Drill-Down: is the reverse of consolidation and involves displaying the detailed data that 

comprises the consolidated data. 

o Slicing and dicing: refers to the ability to look at the data from different viewpoints. 
Slicing and dicing is often performed along a time axis in order to analyze trends and find 

patterns. 

Relational OLAP (ROLAP) 
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 ROLAP is the fastest-growing type of OLAP tools. 

 ROLAP supports RDBMS products through the use of a metadata layer, thus avoiding the 
requirement to create a static multi-dimensional data structure. 

 This facilitates the creation of multiple multi-dimensional views of the two-dimensional relation. 

 To improve performance, some ROLAP products have enhanced SQL engines to support the 

complexity of multi-dimensional analysis, while others recommend, or require, the use of highly 
denormalized database designs such as the star schema. 

 The development issues associated with ROLAP technology: 

 Performance problems associated with the processing of complex queries that require 
multiple passes through the relational data. 

 Development of middleware to facilitate the development of multi-dimensional 

applications. 
 Development of an option to create persistent multi-dimensional structures, together with 

facilities o assist in the administration of these structures.  

 

OLAP Tools and the Internet 

 

Categorization of OLAP Tools 

OLAP tools are designed to manipulate and control multi-dimensional databases and help the 
sophisticated user to analyze the data using clear multidimensional complex views. Their typical 

applications include product performance and profitability, effectiveness of a sales program or a 

marketing campaign, sales forecasting, and capacity planning. 

 
Describes The Relation of the MOLAP  with the server and end user. 

  

ROLAP 
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OLAP Tools and the internet: 

The mainly comprehensive premises in computing have been the internet and data warehousing thus 
the integration of these two giant technologies is a necessity. The advantages of using the Web for access 

are inevitable.(Reference 3) These advantages are: 

 The internet provides connectivity between countries acting as a free resource. 

 The web eases administrative tasks of managing scattered locations. 

 The Web allows users to store and manage data and applications on servers that can be managed, 

maintained and updated centrally. 

These reasons indicate the importance of the Web in data storage and manipulation. The Web-enabled 
data access has many significant features, such as: 

 The first 

 The second 

 The emerging third 

 HTML publishing 

 Helper applications 

 Plug-ins 

 Server-centric components 

 Java and active-x applications 

 

Products for OLAP 
Microsoft Analysis Services (previously called OLAP Services, part of SQL Server), IBM's DB2 

OLAP Server, SAP BW and products from Brio, Business Objects, Cognos, Micro Strategy and others. 

Companies using OLAP 

MIS AG Overview 

MIS AG is the leading European provider of business intelligence solutions and services, 

providing development, implementation, and service of systems for budgeting, reporting, 

consolidation, and analysis. MIS AG products include industry and platform independent 

software for efficient corporate controlling.  

Poet Overview 

With FastObjects™, German Poet Software GmbH (Poet) provides developers with a flexible 

Object-oriented Database Management System (ODBMS) solution optimized for managing 

complexity in high-performance applications using Java technology, C++ and .NET. 
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                                                                   UNIT III  

DATA MINING             

                .  
What motivated data mining? Why is it important? 

The major reason that data mining has attracted a great deal of attention in information industry in recent 

years is due to the wide availability of huge amounts of data and the imminent need for turning such data 

into useful information and knowledge. The information and knowledge gained can be used for 

applications ranging from business management, production control, and market analysis, to engineering 

design and science exploration. 

The evolution of database technology  

 

What is data mining? 

Data mining refers to extracting or mining" knowledge from large amounts of data. There are many other 

terms related to data mining, such as knowledge mining, knowledge extraction, data/pattern analysis, data 

archaeology, and data dredging. Many people treat data mining as a synonym for another popularly used 

term, Knowledge Discovery in Databases", or KDD 

Essential step in the process of knowledge discovery in databases 

Knowledge discovery as a process is depicted in following figure and consists of an iterative sequence of 

the following steps: 
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 data cleaning: to remove noise or irrelevant data 

 data integration: where multiple data sources may be combined 

 data selection: where data relevant to the analysis task are retrieved from the database 

 data transformation: where data are transformed or consolidated into forms appropriate for 

mining by performing summary or aggregation operations 

 data mining :an essential process where intelligent methods are applied in order to extract data 

patterns 

  Pattern evaluation to identify the truly interesting patterns representing knowledge based on 

some interestingness measures knowledge presentation: where visualization and knowledge 

representation techniques are used to present the mined knowledge to the user.  

 

Architecture of a typical data mining system/Major Components  

Data mining is the process of discovering interesting knowledge from large amounts of data stored either 

in databases, data warehouses, or other information repositories. Based on this view, the architecture of a 

typical data mining system may have the following major components: 

1. A database, data warehouse, or other information repository, which consists of the set of 

databases, data warehouses, spreadsheets, or other kinds of information repositories 

containing the student and course information. 

2. A database or data warehouse server which fetches the relevant data based on users‟ data 

mining requests. 

3. A knowledge base that contains the domain knowledge used to guide the search or to evaluate 

the interestingness of resulting patterns. For example, the knowledge base may contain 

metadata which describes data from multiple heterogeneous sources. 
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4. A data mining engine, which consists of a set of functional modules for tasks such as 

classification, association, classification, cluster analysis, and evolution and deviation 

analysis. 

5. A pattern evaluation module that works in tandem with the data mining modules by 

employing interestingness measures to help focus the search towards interestingness patterns. 

6. A graphical user interface that allows the user an interactive approach to the data mining 

system. 

 

 

 

 

 

 

 

 

 

 

 

 

How is a data warehouse different from a database? How are they similar? 

• Differences between a data warehouse and a database: 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; whereas a database, is a collection of interrelated data that represents the 

current status of the stored data. There could be multiple heterogeneous databases where the schema of 

one database may not agree with the schema of another. A database system supports ad-hoc query and on-

line transaction processing. For more details, please refer to the section “Differences between 

operational database systems and data warehouses.” 

• Similarities between a data warehouse and a database: Both are repositories of information, storing huge 

amounts of persistent data. 

Data mining: on what kind of data?  

 Describe the following advanced database systems and applications: object-relational databases, 

spatial databases, text databases, multimedia databases, the World Wide Web. 

In principle, data mining should be applicable to any kind of information repository. This includes 

relational databases, data warehouses, transactional databases, advanced database systems,  
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flat files, and the World-Wide Web. Advanced database systems include object-oriented and object-

relational databases, and special c application-oriented databases, such as spatial databases, time-series 

databases, text databases, and multimedia databases. 

Flat files: Flat files are actually the most common data source for data mining algorithms, especially at 

the research level. Flat files are simple data files in text or binary format with a structure known by the 

data mining algorithm to be applied. The data in these files can be transactions, time-series data, scientific 

measurements, etc. 

Relational Databases: a relational database consists of a set of tables containing either values of entity 

attributes, or values of attributes from entity relationships. Tables have columns and rows, where columns 

represent attributes and rows represent tuples. A tuple in a relational table corresponds to either an object 

or a relationship between objects and is identified by a set of attribute values representing a unique key. In 

following figure it presents some relations Customer, Items, and Borrow representing business activity in 

a video store. These relations are just a subset of what could be a database for the video store and is given 

as an example. 

 

The most commonly used query language for relational database is SQL, which allows retrieval and 

manipulation of the data stored in the tables, as well as the calculation of aggregate functions such as 

average, sum, min, max and count. For instance, an SQL query to select the videos grouped by category 

would be:  

SELECT count(*) FROM Items WHERE type=video GROUP BY category. 

Data mining algorithms using relational databases can be more versatile than data mining algorithms 

specifically written for flat files, since they can take advantage of the structure inherent to relational 

databases. While data mining can benefit from SQL for data selection, transformation and consolidation, 

it goes beyond what SQL could provide, such as predicting, comparing, detecting deviations, etc. 
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Data warehouses 

A data warehouse is a repository of information collected from multiple sources, stored under a unified 

schema, and which usually resides at a single site. Data warehouses are constructed via a process of data 

cleansing, data transformation, data integration, data loading, and periodic data refreshing. The figure 

shows the basic architecture of a data warehouse 

 

In order to facilitate decision making, the data in a data warehouse are organized around major subjects, 

such as customer, item, supplier, and activity. The data are stored to provide information from a historical 

perspective and are typically summarized. 

A data warehouse is usually modeled by a multidimensional database structure, where each dimension 

corresponds to an attribute or a set of attributes in the schema, and each cell stores the value of some 

aggregate measure, such as count or sales amount. The actual physical structure of a data warehouse may 

be a relational data store or a multidimensional data cube. It provides a multidimensional view of data and 

allows the pre computation and fast accessing of summarized data. 
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The data cube structure that stores the primitive or lowest level of information is called a base cuboid. Its 

corresponding higher level multidimensional (cube) structures are called (non-base) cuboids. A base 

cuboid together with all of its corresponding higher level cuboids form a data cube. By providing 

multidimensional data views and the precomputation of summarized data, data warehouse systems are 

well suited for On-Line Analytical Processing, or OLAP. OLAP operations make use of background 

knowledge regarding the domain of the data being studied in order to allow the presentation of data at 

different levels of abstraction. Such operations accommodate different user viewpoints. Examples of 

OLAP operations include drill-down and roll-up, which allow the user to view the data at differing 

degrees of summarization, as illustrated in above figure. 

Transactional databases 

In general, a transactional database consists of a flat file where each record represents a transaction. A 

transaction typically includes a unique transaction identity number (trans ID), and a list of the items 

making up the transaction (such as items purchased in a store) as shown below: 

 

Advanced database systems and advanced database applications 

• An objected-oriented database is designed based on the object-oriented programming paradigm where 

data are a large number of objects organized into classes and class hierarchies. Each entity in the database 

is considered as an object. The object contains a set of variables that describe the object, a set of messages 

that the object can use to communicate with other objects or with the rest of the database system and a set 

of methods where each method holds the code to implement a message. 

• A spatial database contains spatial-related data, which may be represented in the form of raster or 

vector data. Raster data consists of n-dimensional bit maps or pixel maps, and vector data are represented 

by lines, points, polygons or other kinds of processed primitives, Some examples of spatial databases 

include geographical (map) databases, VLSI chip designs, and medical and satellite images databases. 

• Time-Series Databases: Time-series databases contain time related data such stock market data or 

logged activities. These databases usually have a continuous flow of new data coming in, which 

sometimes causes the need for a challenging real time analysis. Data mining in such databases commonly 

includes the study of trends and correlations between evolutions of different variables, as well as the 

prediction of trends and movements of the variables in time. 

• A text database is a database that contains text documents or other word descriptions in the form of 

long sentences or paragraphs, such as product specifications, error or bug reports, warning messages, 

summary reports, notes, or other documents. 
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• A multimedia database stores images, audio, and video data, and is used in applications such as picture 

content-based retrieval, voice-mail systems, video-on-demand systems, the World Wide Web, and 

speech-based user interfaces. 

• The World-Wide Web provides rich, world-wide, on-line information services, where data objects are 

linked together to facilitate interactive access. Some examples of distributed information services 

associated with the World-Wide Web include America Online, Yahoo!, AltaVista, and Prodigy. 

Data mining functionalities/Data mining tasks:  what kinds of patterns can be mined? 

Data mining functionalities are used to specify the kind of patterns to be found in data mining tasks. In 

general, data mining tasks can be classified into two categories:  

• Descriptive  

• predictive 

Descriptive mining tasks characterize the general properties of the data in the database.  Predictive mining 

tasks perform inference on the current data in order to make predictions.   

 

 
 

Describe data mining functionalities, and the kinds of patterns they can discover  

(or)  

Define each of the following data mining functionalities: characterization, discrimination, association and 

correlation analysis, classification, prediction, clustering, and evolution analysis. Give examples of each 

data mining functionality, using a real-life database that you are familiar with. 

 

 

1 Concept/class description: characterization and discrimination  

Data can be associated with classes or concepts.  It describes a given set of data in a concise and 

summarative manner, presenting interesting general properties of the data. These descriptions can be 

derived via  

1. data characterization, by summarizing the data of the class under study (often called the 

target class) 

2. data discrimination, by comparison of the target class with one or a set of comparative 

classes  
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3. both data characterization and discrimination 

Data characterization 

It is a summarization of the general characteristics or features of a target class of data.  

Example:  

A data mining system should be able to produce a description summarizing the characteristics of a student 

who has obtained more than 75% in every semester; the result could be a general profile of the student. 

Data Discrimination is a comparison of the general features of target class data objects with the general 

features of objects from one or a set of contrasting classes.  

 

Example 

 

The general features of students with high GPA‟s may be compared with the general features of students 

with low GPA‟s. The resulting description could be a general comparative profile of the students such as 

75% of the students with high GPA‟s are fourth-year computing science students while 65% of the 

students with low GPA‟s are not. 

 

The output of data characterization can be presented in various forms. Examples include pie charts, bar 

charts, curves, multidimensional data cubes, and multidimensional tables, including crosstabs. The 

resulting descriptions can also be presented as generalized relations, or in rule form called characteristic 

rules. 

Discrimination descriptions expressed in rule form are referred to as discriminant rules. 

2 Association  

 

It is the discovery of association rules showing attribute-value conditions that occur frequently together in 

a given set of data. For example, a data mining system may find association rules like 

major(X, “computing science””) ⇒ owns(X, “personal computer”)  

[support = 12%, confidence = 98%] 

where X is a variable representing a student. The rule indicates that of the students under study, 12% 

(support) major in computing science and own a personal computer. There is a 98% probability 

(confidence, or certainty) that a student in this group owns a personal computer. 

Example: 

A grocery store retailer to decide whether to but bread on sale. To help determine the impact of this 

decision, the retailer generates association rules that show what other products are frequently purchased 

with bread. He finds 60% of the times that bread is sold so are pretzels and that 70% of the time jelly is 

also sold. Based on these facts, he tries to capitalize on the association between bread, pretzels, and jelly 

by placing some pretzels and jelly at the end of the aisle where the bread is placed. In addition, he decides 

not to place either of these items on sale at the same time. 
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3 Classification and prediction 

Classification: 

Classification:   

 It predicts categorical class labels 

 It classifies data (constructs a model) based on the training set and the values (class labels) in a 

classifying attribute and uses it in classifying new data 

 Typical Applications 

o credit approval 

o target marketing 

o medical diagnosis 

o treatment effectiveness analysis 

Classification can be defined as the process of finding a model (or function) that describes and 

distinguishes data classes or concepts, for the purpose of being able to use the model to predict the class 

of objects whose class label is unknown. The derived model is based on the analysis of a set of training 

data (i.e., data objects whose class label is known). 

Example: 

An airport security screening station is used to deter mine if passengers are potential terrorist or criminals. 

To do this, the face of each passenger is scanned and its basic pattern(distance between eyes, size, and 

shape of mouth, head etc) is identified. This pattern is compared to entries in a database to see if it 

matches any patterns that are associated with known offenders 

A classification model can be represented in various forms, such as  

1) IF-THEN rules, 

student ( class , "undergraduate") AND concentration ( level, "high") ==> class A 

student (class ,"undergraduate") AND concentrtion (level,"low") ==> class B 

student (class , "post graduate") ==> class C 

2) Decision tree 
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3) Neural network. 

 

Prediction: 

Find some missing or unavailable data values rather than class labels referred to as prediction. Although 

prediction may refer to both data value prediction and class label prediction, it is usually confined to data 

value prediction and thus is distinct from classification. Prediction also encompasses the identification of 

distribution trends based on the available data. 

Example: 

Predicting flooding is difficult problem. One approach is uses monitors placed at various points in the 

river. These monitors collect data relevant to flood prediction: water level, rain amount, time, humidity 

etc. These water levels at a potential flooding point in the river can be predicted based on the data 

collected by the sensors upriver from this point. The prediction must be made with respect to the time the 

data were collected. 

Classification vs. Prediction 

Classification differs from prediction in that the former is to construct a set of models (or functions) that 

describe and distinguish data class or concepts, whereas the latter is to predict some missing or 

unavailable, and often numerical, data values. Their similarity is that they are both tools for prediction: 

Classification is used for predicting the class label of data objects and prediction is typically used for 

predicting missing numerical data values. 

4 Clustering analysis 

Clustering analyzes data objects without consulting a known class label.  

The objects are clustered or grouped based on the principle of maximizing the intraclass similarity and 

minimizing the interclass similarity.  

Each cluster that is formed can be viewed as a class of objects.  

Clustering can also facilitate taxonomy formation, that is, the organization of observations into a 

hierarchy of classes that group similar events together as shown below: 
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Are All the “Discovered” Patterns Interesting? 

 A data mining system/query may generate thousands of patterns, not all of them are interesting. 

o Suggested approach: Human-centered, query-based, focused mining 

 Interestingness measures: A pattern is interesting if it is easily understood by humans, valid on new or 

test data with some degree of certainty, potentially useful, novel, or validates some hypothesis that a user 

seeks to confirm  

 Objective vs. subjective interestingness measures:  

o Objective: based on statistics and structures of patterns, e.g., support, confidence, etc. 

o Subjective: based on user‟s belief in the data, e.g., unexpectedness, novelty, actionability, etc. 

  Find all the interesting patterns: Completeness 

o Can a data mining system find all the interesting patterns? 

o Association vs. classification vs. clustering 

 Search for only interesting patterns: Optimization 

o Can a data mining system find only the interesting patterns? 

o Highly desirable, progress has been made, but still a challenge 

o Approaches 

 First general all the patterns and then filter out the uninteresting ones. 

 Generate only the interesting patterns—mining query optimization  

Pattern evaluation: refers to interestingness of pattern: A data mining system can uncover thousands 

of patterns. Many of the patterns discovered may be uninteresting to the given user, representing common 

knowledge or lacking novelty. Several challenges remain regarding the development of techniques to 

assess the interestingness of discovered patterns, 

 Performance issues. These include efficiency, scalability, and parallelization of data mining 

algorithms. 

  Efficiency and scalability of data mining algorithms: To effectively extract information from 

a huge amount of data in databases, data mining algorithms must be efficient and scalable. 

 Parallel, distributed, and incremental updating algorithms: Such algorithms divide the data 

into partitions, which are processed in parallel. The results from the partitions are then merged. 

 3. Issues relating to the diversity of database types 

www.rejinpaul.com

Get useful study materials from www.rejinpaul.com



 Handling of relational and complex types of data: Since relational databases and data 

warehouses are widely used, the development of efficient and effective data mining systems for 

such data is important. 

 _ Mining information from heterogeneous databases and global information systems:  Local 

and wide-area computer networks (such as the Internet) connect many sources of data, forming 

huge, distributed, and heterogeneous databases. The discovery of knowledge from different 

sources of structured, semi-structured, or unstructured data with diverse data semantics poses 

great challenges to data mining. 

Consider a classic example of the following rule: 

 IF (patient is pregnant) THEN (patient is female). 

 This rule is very accurate and comprehensible, but it is not interesting, since it represents the 

obvious. Another Example from real world data set, 

 IF (used_seat_belt = „yes‟) THEN (injury = „no‟).......................................................(1) 

 IF ((used_seat_belt = „yes‟) Λ (passenger = child)) THEN (injury = „yes‟)...............(2) 

 Rule (1) is a general and an obvious rule. But rule (2) contradicts the knowledge represented 

by rule (1) and so the user's belief. This kind of knowledge is unexpected from users preset 

beliefs and it is always interesting to extract this interesting (or surprising) knowledge from 

data sets. “Unexpectedness” means knowledge which is unexpected from the beliefs of users 

i.e. A decision rule is considered to be interesting (or surprising) if it represents knowledge 

that was not only previously unknown to the users but also contradicts the original beliefs of 

the users. 

 I hope, these examples may help you to understand the concept more clearly. 

 Edit 

Yes, firstly, discover the general rules and then discover exceptions to these general rules. 

For example, 

 A general rule : If bird then fly 

 However, there are few exceptional birds like emu and penguin that do not fly. It would 

definitely be valuable to discover such exceptions along with the rule, making the rule more 

accurate, comprehensible as well as interesting. 
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Classification of data mining systems 

There are many data mining systems available or being developed. Some are specialized systems 

dedicated to a given data source or are confined to limited data mining functionalities, other are more 

versatile and comprehensive. Data mining systems can be categorized according to various criteria among 

other classification are the following: 

· Classification according to the type of data source mined: this classification categorizes data mining 

systems according to the type of data handled such as spatial data, multimedia data, time-series data, text 

data, World Wide Web, etc. 

· Classification according to the data model drawn on: this classification categorizes data mining 

systems based on the data model involved such as relational database, object-oriented database, data 

warehouse, transactional, etc. 

· Classification according to the king of knowledge discovered: this classification categorizes data 

mining systems based on the kind of knowledge discovered or data mining functionalities, such as 

characterization, discrimination, association, classification, clustering, etc. Some systems tend to be 

comprehensive systems offering several data mining functionalities together. 

· Classification according to mining techniques used: Data mining systems employ and provide 

different techniques. This classification categorizes data mining systems according to the data analysis 

approach used such as machine learning, neural networks, genetic algorithms, statistics, visualization, 

database oriented or data warehouse-oriented, etc. The classification can also take into account the degree 

of user interaction involved in the data mining process such as query-driven systems, interactive 

exploratory systems, or autonomous systems. A comprehensive   system would provide a wide variety of 

data mining techniques to fit different situations and options, and offer different degrees of user 

interaction. 

Five primitives for specifying a data mining task 

• Task-relevant data: This primitive specifies the data upon which mining is to be performed. It involves 

specifying the database and tables or data warehouse containing the relevant data, conditions for selecting 

the relevant data, the relevant attributes or dimensions for exploration, and instructions regarding the 

ordering or grouping of the data retrieved. 

• Knowledge type to be mined: This primitive specifies the specific data mining function to be 

performed, such as characterization, discrimination, association, classification, clustering, or evolution 

analysis. As well, the user can be more specific and provide pattern templates that all discovered patterns 

must match. These templates or meta patterns (also called meta rules or meta queries), can be used to 

guide the discovery process.  

• Background knowledge: This primitive allows users to specify knowledge they have about the domain 

to be mined. Such knowledge can be used to guide the knowledge discovery process and evaluate the 

patterns that are found. Of the several kinds of background knowledge, this chapter focuses on concept 

hierarchies. 

• Pattern interestingness measure: This primitive allows users to specify functions that are used to 

separate uninteresting patterns from knowledge and may be used to guide the mining process, as well as 

to evaluate the discovered patterns. This allows the user to confine the number of uninteresting patterns 
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returned by the process, as a data mining process may generate a large number of patterns. Interestingness 

measures can be specified for such pattern characteristics as simplicity, certainty, utility and novelty. 

• Visualization of discovered patterns: This primitive refers to the form in which discovered patterns 

are to be displayed. In order for data mining to be effective in conveying knowledge to users, data mining 

systems should be able to display the discovered patterns in multiple forms such as rules, tables, cross 

tabs (cross-tabulations), pie or bar charts, decision trees, cubes or other visual representations. 

Major issues in data mining 

Major issues in data mining is regarding mining methodology, user interaction, performance, and diverse 

data types 

1 Mining methodology and user-interaction issues: 

_ Mining different kinds of knowledge in databases: Since different users can be interested in different 

kinds of knowledge, data mining should cover a wide spectrum of data analysis and knowledge discovery 

tasks, including data characterization, discrimination, association, classification, clustering, trend and 

deviation analysis, and similarity analysis. These tasks may use the same database in different ways and 

require the development of numerous data mining techniques. 

_ Interactive mining of knowledge at multiple levels of abstraction: Since it is difficult to know 

exactly what can be discovered within a database, the data mining process should be interactive. 

_ Incorporation of background knowledge: Background knowledge, or information regarding the 

domain under study, may be used to guide the discovery patterns. Domain knowledge related to 

databases, such as integrity constraints and deduction rules, can help focus and speed up a data mining 

process, or judge the interestingness of discovered patterns. 

_ Data mining query languages and ad-hoc data mining: Knowledge in Relational query languages 

(such as SQL) required since it allow users to pose ad-hoc queries for data retrieval. 

_ Presentation and visualization of data mining results: Discovered knowledge should be expressed in 

high-level languages, visual representations, so that the knowledge can be easily understood and directly 

usable by humans 

_ Handling outlier or incomplete data: The data stored in a database may reflect outliers: noise, 

exceptional cases, or incomplete data objects. These objects may confuse the analysis process, causing 

over fitting of the data to the knowledge model constructed. As a result, the accuracy of the discovered 

patterns can be poor. Data cleaning methods and data analysis methods which can handle outliers are 

required. 

_ Pattern evaluation: refers to interestingness of pattern: A data mining system can uncover 

thousands of patterns. Many of the patterns discovered may be uninteresting to the given user, 

representing common knowledge or lacking novelty. Several challenges remain regarding the 

development of techniques to assess the interestingness of discovered patterns, 

2. Performance issues. These include efficiency, scalability, and parallelization of data mining 

algorithms. 
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_ Efficiency and scalability of data mining algorithms: To effectively extract information from a huge 

amount of data in databases, data mining algorithms must be efficient and scalable. 

_ Parallel, distributed, and incremental updating algorithms: Such algorithms divide the data into 

partitions, which are processed in parallel. The results from the partitions are then merged. 

3. Issues relating to the diversity of database types 

_ Handling of relational and complex types of data: Since relational databases and data warehouses are 

widely used, the development of efficient and effective data mining systems for such data is important. 

_ Mining information from heterogeneous databases and global information systems:  Local and 

wide-area computer networks (such as the Internet) connect many sources of data, forming huge, 

distributed, and heterogeneous databases. The discovery of knowledge from different sources of 

structured, semi-structured, or unstructured data with diverse data semantics poses great challenges to 

data mining. 

 

Data Integration Information 

Data Integration 

Data integration involves combining data from several disparate sources, which are stored using various 

technologies and provide a unified view of the data. Data integration becomes increasingly important in 

cases of merging systems of two companies or consolidating applications within one company to provide 

a unified view of the company's data assets. 

Data Migration 

Data Migration is the process of transferring data from one system to another while changing the storage, 

database or application. In reference to the ETL (Extract-Transform-Load) process, data migration always 

requires at least Extract and Load steps. 

Data Synchronization 

Data Synchronization is a process of establishing consistency among systems and subsequent continuous 

updates to maintain consistency. The word 'continuous' should be stressed here as the data 

synchronization should not be considered as a one-time task. 

ETL 

ETL comes from Data Warehousing and stands for Extract-Transform-Load. ETL covers a process of 

how the data are loaded from the source system to the data warehouse.  

Business Intelligence 

Business Intelligence (BI) is a set of tools supporting the transformation of raw data into useful 

information which can support decision making. Business Intelligence provides reporting functionality, 
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tools for identifying data clusters, support for data mining techniques, business performance management 

and predictive analysis.  

Master Data Management 

Master Data Management (MDM) represents a set of tools and processes used by an enterprise to 

consistently manage their non-transactional data.  

DW and OLAP are essential elements of decision support. They are complementary technologies 

- a DW stores and manages data while OLAP transforms the data into possibly strategic information. 

Decision support usually requires consolidating data from many heterogeneous sources: these might 

include external sources in addition to several operational databases. The different sources might contain 

data of varying quality, or use inconsistent representations, codes and formats, which have to be 

reconciled. Since data warehouses contain consolidated data, perhaps from several operational databases, 

over potentially long periods of time, they tend to be orders of magnitude larger than operational 

databases. In data warehouses historical and summarized data is more important than detailed. Many 

organizations want to implement an integrated enterprise warehouse that collects information about all 

subjects spanning the whole organization. Some organizations are settling for data marts instead, which 

are departmental subsets focused on selected subjects (e.g., a marketing data mart, personnel data mart). 

A popular conceptual model that influences the front-end tools, database design, and the query 

engines for OLAP is the multidimensional view of data in the warehouse. In a multidimensional data 

model, there is a set of numeric measures that are the objects of analysis. Examples of such measures are 

sales, revenue, and profit. Each of the numeric measures depends on a set of dimensions, which provide 

the context for the measure. For example, the dimensions associated with a sale amount can be the store, 

product, and the date when the sale was made.  

The dimensions together are assumed to uniquely determine the measure. Thus, the 

multidimensional data views a measure as a value in the multidimensional space of dimensions. Often, 

dimensions are hierarchical; time of sale may be organized as a day-month-quarter-year hierarchy, 

product as a product-category-industry hierarchy [4].  

Typical OLAP operations, also called cubing operation, include rollup (increasing the level of 

aggregation) and drill-down (decreasing the level of aggregation or increasing detail) along one or more 

dimension hierarchies, slicing (the extraction from a data cube of summarized data for a given dimension-

value), dicing (the extraction of a “sub-cube”, or intersection of several slices), and pivot (rotating of the 

axes of a data cube so that one may examine a cube from different angles). Other technology, that can be 

used for querying the warehouse is Data Mining. 

Knowledge Discovery (KD) is a nontrivial process of identifying valid, novel, potentially useful, 

and ultimately understandable patterns from large collections of data [6]. One of the KD steps is Data 

www.rejinpaul.com

Get useful study materials from www.rejinpaul.com

http://www.dataintegration.info/master-data-management


Mining (DM). DM is the step that is concerned with the actual extraction of knowledge from data, in 

contrast to the KD process that is concerned with many other things like understanding and preparation of 

the data, verification of the mining results etc. In practice, however, people use terms DM and KD as 

synonymous.   

 

 

 

 

 

 

 

  

Mining Methodology & User Interaction Issues 

1. Mining different kinds of knowledge in database. 

 Different users-different knowledge-different way (with same database) 

  

 

 

 

 

 

 

 

 

 

2. Interactive Mining of knowledge at multiple levels of abstraction. 

 Focus the search patterns. 

 Different angles. 

Toronto 

STORE ALL 

ALL 

food 

books 

2001 2002 2003 2004 ALL 

P
R

O
D

U
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TIME 

sports 

clothing 

(ALL, ALL, ALL) 

(ALL, clothing, ALL) 

(ALL, books, Sofia) 

Sofia 
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3. Incorporation of background knowledge. 

 Background & Domain knowledge. 

 

 

 

4. Data mining query languages and ad hoc data mining 

 High level data mining query language 

 Conditions and constraints. 

 

 

 

 

 

 

 

5. Presentation and visualization of data mining results. 

 Use visual representations. 

 Expressive forms like graph, chart, matrices, curves, tables, etc…   

6. Handling noisy or incomplete data. 

 Confuse the process 

 Over fit the data (apply any outlier analysis, data cleaning methods) 
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7. Pattern evaluation- the interestingness problem. 

 Pattern may be uninteresting to the user. 

 Solve by user specified constraints.  

Performance Issues 

• Efficiency and scalability of data mining algorithms. 

 Running time. 

 Should be opt for huge amount of data. 

• Parallel, Distributed and incremental mining algorithms. 

 Huge size of database 

 Wide distribution of data 

 High cost 

 Computational complexity 

 Data mining methods 

 Solve by; efficient algorithms.  

Diversity of data Types Issues 

• Handling of relational and complex types of data. 

 One system-> to mine all kinds of data 

 Specific data mining system should be constructed. 

• Mining information from heterogeneous databases and global information systems. 

 Web mining uncover knowledge about web contents, web structure, web usage and 

web dynamics  

Data preprocessing 

Data preprocessing describes any type of processing performed on raw data to prepare it for another 

processing procedure. Commonly used as a preliminary data mining practice, data preprocessing 

transforms the data into a format that will be more easily and effectively processed for the purpose of the 

user. 

Data preprocessing describes any type of processing performed on raw data to prepare it for another 

processing procedure. Commonly used as a preliminary data mining practice, data preprocessing 

transforms the data into a format that will be more easily and effectively processed for the purpose of the 

user 
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Why Data Preprocessing? 

Data in the real world is dirty. It can be in incomplete, noisy and inconsistent from. These data needs to 

be preprocessed in order to help improve the quality of the data, and quality of the mining results.  

 If no quality data, then no quality mining results. The quality decision is always based on the quality 

data. 

 If there is much irrelevant and redundant information present or noisy and unreliable data, then 

knowledge discovery during the training phase is more difficult 

Incomplete data: lacking attribute values, lacking certain attributes of interest, or containing only 

aggregate data. e.g., occupation=“    ”. 

Noisy data: containing errors or outliers data. e.g., Salary=“-10” 

Inconsistent data: containing discrepancies in codes or names. e.g., Age=“42” Birthday=“03/07/1997” 

 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 by 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) 

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 
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Forms of Data Preprocessing 

 

Data cleaning: 

Data cleaning routines attempt to fill in missing values, smooth out noise while identifying outliers, and 

correct inconsistencies in the data. 

Various methods for handling this problem: 

 

The various methods for handling the problem of missing values in data tuples include: 

 

(a) Ignoring the tuple: This is usually done when the class label is missing (assuming the mining task 

involves classification or description). This method is not very effective unless the tuple contains several 

attributes with missing values. It is especially poor when the percentage of missing values per attribute 

varies considerably. 

(b) Manually filling in the missing value: In general, this approach is time-consuming and may not be a 

reasonable task for large data sets with many missing values, especially when the value to be filled in is 

not easily determined. 

(c) Using a global constant to fill in the missing value: Replace all missing attribute values by the same 

constant, such as a label like “Unknown,” or −∞. If missing values are replaced by, say, “Unknown,” then 

the mining program may mistakenly think that they form an interesting concept, since they all have a 

value in common — that of “Unknown.” Hence, although this method is simple, it is not recommended. 

 (d) Using the attribute mean for quantitative (numeric) values or attribute mode for categorical 

(nominal) values, for all samples belonging to the same class as the given tuple: For example, if 

classifying customers according to credit risk, replace the missing value with the average income value 

for customers in the same credit risk category as that of the given tuple. 

(e) Using the most probable value to fill in the missing value: This may be determined with regression, 

inference-based tools using Bayesian formalism, or decision tree induction. For example, using the other 
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customer attributes in your data set, you may construct a decision tree to predict the missing values for 

income. 

 

Noisy data: 

 

Noise is a random error or variance in a measured variable. Data smoothing tech is used for removing 

such noisy data. 

 

Several Data smoothing techniques: 

1 Binning methods: Binning methods smooth a sorted data value by consulting the neighborhood", or 

values around it. The sorted values are distributed into a number of 'buckets', or bins. Because binning 

methods consult the neighborhood of values, they perform local smoothing. 

In this technique, 

1. The data for first sorted  

2. Then the sorted list partitioned into equi-depth of bins. 

3. Then one can smooth by bin means, smooth by bin median, smooth by bin boundaries, etc. 

a. Smoothing by bin means: Each value in the bin is replaced by the mean value of the bin. 

b. Smoothing by bin medians: Each value in the bin is replaced by the bin median. 

c. Smoothing by boundaries: The min and max values of a bin are identified as the bin 

boundaries. Each bin value is replaced by the closest boundary value. 

 Example: Binning Methods for Data Smoothing 

o Sorted data for price (in dollars): 4, 8, 9, 15, 21, 21, 24, 25, 26, 28, 29, 34 

o Partition into (equi-depth) bins(equi depth of 3 since each bin contains three values): 

      - Bin 1:  4, 8, 9, 15 

      - Bin 2:  21, 21, 24, 25 

      - Bin 3:  26, 28, 29, 34 

o Smoothing by bin means: 

      - Bin 1:  9, 9, 9, 9 

      - Bin 2:  23, 23, 23, 23 

      - Bin 3:  29, 29, 29, 29 

o Smoothing by bin boundaries: 

      - Bin 1:  4, 4, 4, 15 

      - Bin 2:  21, 21, 25, 25 

      - Bin 3:  26, 26, 26, 34 

In smoothing by bin means, each value in a bin is replaced by the mean value of the bin. For example, the 

mean of the values 4, 8, and 15 in Bin 1 is 9. Therefore, each original value in this bin is replaced by the 

value 9. Similarly, smoothing by bin medians can be employed, in which each bin value is replaced by the 
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bin median. In smoothing by bin boundaries, the minimum and maximum values in a given bin are 

identified as the bin boundaries. Each bin value is then replaced by the closest boundary value. 

Suppose that the data for analysis include the attribute age. The age values for the data tuples are (in 

increasing order): 13, 15, 16, 16, 19, 20, 20, 21, 22, 22, 25, 25, 25, 25, 30, 33, 33, 35, 35, 35, 35, 36, 40, 

45, 46, 52, 70. 

(a) Use smoothing by bin means to smooth the above data, using a bin depth of 3. Illustrate your steps. 

Comment on the effect of this technique for the given data. 

The following steps are required to smooth the above data using smoothing by bin means with a bin 

depth of 3. 

• Step 1: Sort the data. (This step is not required here as the data are already sorted.) 

 

• Step 2: Partition the data into equidepth bins of depth 3. 

Bin 1: 13, 15, 16 Bin 2: 16, 19, 20 Bin 3: 20, 21, 22 

Bin 4: 22, 25, 25 Bin 5: 25, 25, 30 Bin 6: 33, 33, 35 

Bin 7: 35, 35, 35 Bin 8: 36, 40, 45 Bin 9: 46, 52, 70 

 

• Step 3: Calculate the arithmetic mean of each bin. 

 

• Step 4: Replace each of the values in each bin by the arithmetic mean calculated for the bin. 

Bin 1: 14, 14, 14 Bin 2: 18, 18, 18 Bin 3: 21, 21, 21  

Bin 4: 24, 24, 24 Bin 5: 26, 26, 26 Bin 6: 33, 33, 33 

Bin 7: 35, 35, 35 Bin 8: 40, 40, 40 Bin 9: 56, 56, 56 

2 Clustering: Outliers in the data may be detected by clustering, where similar values are organized into 

groups, or „clusters‟. Values that fall outside of the set of clusters may be considered outliers.  

 

3 Regression : smooth by fitting the data into regression functions.  

 Linear regression involves finding the best of line to fit two variables, so that one variable 

can be used to predict the other.  
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 Multiple linear regression is an extension of linear regression, where more than two 

variables are involved and the data are fit to a multidimensional surface.  

Using regression to find a mathematical equation to fit the data helps smooth out the noise. 

 

Field overloading: is a kind of source of errors that typically occurs when developers compress new 

attribute definitions into unused portions of already defined attributes. 

Unique rule is a rule says that each value of the given attribute must be different from all other values of 

that attribute 

Consecutive rule is a rule says that there can be no missing values between the lowest and highest values 

of the attribute and that all values must also be unique. 

Null rule specifies the use of blanks, question marks, special characters or other strings that may indicate 

the null condition and how such values should be handled. 
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UNIT IV 

 
ASSOCIATION RULE MINING AND CLASSIFICATION 

 

Market Basket Analysis: A Motivating Example 

 

  

A typical example of frequent itemset mining is market basket analysis. This process analyzes customer 

buying habits by finding associations between the different items that customers place in their ―shopping 

baskets‖ (Figure 5.1). The discovery of such associations can help retailers develop marketing strategies by 

gaining insight into which items are frequently purchased together by customers. For instance, if customers are 

buying milk, how likely are they to also buy bread (and what kind of bread) on the same trip to the supermarket? 

Such information can lead to increased sales by helping retailers do selective marketing and plan their shelf 

space. 

If we think of the universe as the set of items available at the store, then each item has a Boolean 

variable representing the presence or absence of that item. Each basket can then be represented by a Boolean 

vector of values assigned to these variables. The Boolean vectors can be analyzed for buying patterns that reflect 

items that are frequently associated or purchased together. These patterns can be represented in the form of 

association rules. For example, the information that customers who purchase computers also tend to buy 

antivirus software at the same time is represented in Association Rule (5.1) below: 

Computer =>antivirus software [support = 2%; confidence = 60%]   (5.1) 

Rule support and confidence are two measures of rule interestingness. They respectively reflect the usefulness and 

certainty of discovered rules. A support of 2% for Association Rule (5.1) means that 2% of all the transactions under 

analysis show that computer and antivirus software are purchased together. A confidence of 60% means that 60% of the 

customers who purchased a computer also bought the software. Typically, association rules are considered interesting if they 
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satisfy both a minimum support threshold and a minimum confidence threshold. Such thresholds can be set by users or 

domain experts. Additional analysis can be performed to uncover interesting statistical correlations between associated 

items. 

Frequent Itemsets, Closed Itemsets, and Association Rules 

 A set of items is referred to as an itemset. 

 An itemset that contains k items is a k-itemset. 

 The set {computer, antivirus software} is a 2-itemset. 

 The occurrence frequency of an itemset is the number of transactions that contain the itemset. 

This is also known, simply, as the frequency, support count, or count of the itemset. 

\ 

 

 

 Rules that satisfy both a minimum support threshold (min sup) and a minimum confidence 

threshold (min conf) are called Strong Association Rules. 

 

In general, association rule mining can be viewed as a two-step process: 

1. Find all frequent itemsets: By definition, each of these itemsets will occur at least as frequently as a 

predetermined minimum support count, min_sup. 

2. Generate strong association rules from the frequent itemsets: By definition, these rules must satisfy 

minimum support and minimum confidence. 

 

The Apriori Algorithm: Finding Frequent Itemsets Using Candidate Generation 

Apriori is a seminal algorithm proposed by R. Agrawal and R. Srikant in 1994 for mining frequent itemsets for 

Boolean association rules. The name of the algorithm is based on the fact that the algorithm uses prior knowledge 

of frequent itemset properties, as we shall see following. Apriori employs an iterative approach known as a level-

wise search, where k-itemsets are used to explore (k+1)-itemsets. First, the set of frequent 1-itemsets is found by 

scanning the database to accumulate the count for each item, and collecting those items that satisfy minimum 

support. The resulting set is denoted L1.Next, L1 is used to find L2, the set of frequent 2-itemsets, which is used to 

find L3, and so on, until no more frequent k-itemsets can be found. The finding of each Lk requires one full scan of 

the database. 

To improve the efficiency of the level-wise generation of frequent itemsets, an important property called the 

Apriori property, presented below, is used to reduce the search space. We will first describe this property, and then 

show an example illustrating its use.  

Apriori property: All nonempty subsets of a frequent itemset must also be frequent. 

A two-step process is followed, consisting of join and prune actions 
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Generating Association Rules from Frequent Itemsets 

Once the frequent itemsets from transactions in a database D have been found, it is straightforward to generate 

strong association rules from them (where strong association rules satisfy both minimum support and minimum 

confidence). This can be done using Equation (5.4) for confidence, which we show again here for completeness: 
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FP-Growth Method: Mining Frequent Itemsets without Candidate Generation 
 

As we have seen, in many cases the Apriori candidate generate-and-test method significantly reduces the size of 

candidate sets, leading to good performance gain.  

 

An interesting method in this attempt is called frequent-pattern growth, or simply FP-growth, which adopts a 

divide-and-conquer strategy as follows. First, it compresses the database representing frequent items into a 

frequent-pattern tree, or FP-tree, which retains the itemset association information. It then divides the compressed 

database into a set of conditional databases (a special kind of projected database), each associated with one 

frequent item or ―pattern fragment,‖ and mines each such database separately. You’ll see how it works with the 

following example. 

 

Example 5.5 FP-growth (finding frequent itemsets without candidate generation). We re-examine the mining of 

transaction database, D, of Table 5.1 in Example 5.3 using the frequent pattern growth approach. 
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Figure 5.7 An FP-tree registers compressed, frequent pattern information. 
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Figure 5.9 The FP-growth algorithm for discovering frequent item sets without candidate generation. 
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Mining Various Kinds of Association Rules 

1) Mining Multilevel Association Rules 
For many applications, it is difficult to find strong associations among data items at low or primitive levels of 

abstraction due to the sparsity of data at those levels. Strong associations discovered at high levels of abstraction may 

represent commonsense knowledge. Moreover, what may represent common sense to one user may seem novel to another. 

Therefore, data mining systems should provide capabilities for mining association rules at multiple levels of abstraction, 

with sufficient flexibility for easy traversal among different abstraction spaces. 

Let’s examine the following example. 

Mining multilevel association rules. Suppose we are given the task-relevant set of transactional data in Table for 

sales in an AllElectronics store, showing the items purchased for each transaction. The concept hierarchy for the items is 

shown in Figure 5.10. A concept hierarchy defines a sequence of mappings from a set of low-level concepts to higher level, 

more general concepts. Data can be generalized by replacing low-level concepts 

within the data by their higher-level concepts, or ancestors, from a concept hierarchy. 

 

 

Figure 5.10 A concept hierarchy for AllElectronics computer items. 

 

Association rules generated from mining data at multiple levels of abstraction are called multiple-level or 

multilevel association rules. Multilevel association rules can be mined efficiently using concept hierarchies under a support-

confidence framework. In general, a top-down strategy is employed, where counts are accumulated for the calculation of 

frequent itemsets at each concept level, starting at the concept level 1 and working downward in the hierarchy toward the 

more specific concept levels, until no more frequent itemsets can be found. For each level, any algorithm for discovering 

frequent itemsets may be used, such as Apriori or its variations. 

 Using uniform minimum support for all levels (referred to as uniform support): The same minimum 

support threshold is used when mining at each level of abstraction. For example, in Figure 5.11, a 
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minimum support threshold of 5% is used throughout (e.g., for mining from “computer” down to “laptop 

computer”). Both “computer” and “laptop computer” are found to be frequent, while “desktop 

computer” is not. 

When a uniform minimum support threshold is used, the search procedure is simplified. The method is 

also simple in that users are required to specify only one minimum support threshold. An Apriori-like 

optimization technique can be adopted, based on the knowledge that an ancestor is a superset of its 

descendants: The search avoids examining itemsets containing any item whose ancestors do not have 

minimum support. 

 

 Using reduced minimum support at lower levels (referred to as reduced support): Each level of 

abstraction has its own minimum support threshold. The deeper the level of abstraction, the smaller the 

corresponding threshold is. For example, in Figure, the minimum support thresholds for levels 1 and 2 are 

5% and 3%, respectively. In this way, “computer,” “laptop computer,” and “desktop computer” are all 

considered frequent. 

 Using item or group-based minimum support (referred to as group-based support): Because users or 

experts often have insight as to which groups are more important than others, it is sometimes more 

desirable to set up user-specific, item, or group based minimal support thresholds when mining multilevel 

rules. For example, a user could set up the minimum support thresholds based on product price, or on 

items of interest, such as by setting particularly low support thresholds for laptop computers and flash 

drives in order to pay particular attention to the association patterns containing items in these categories. 

2) Mining Multidimensional Association Rules from Relational Databases and DataWarehouses 
We have studied association rules that imply a single predicate, that is, the predicate buys. For instance, in mining our 

AllElectronics database, we may discover the Boolean association rule 

 

Following the terminology used in multidimensional databases, we refer to each distinct predicate in a rule as a 

dimension. Hence, we can refer to Rule above as a single dimensional or intra dimensional association rule because it 

contains a single distinct predicate (e.g., buys)with multiple occurrences (i.e., the predicate occurs more than once within the 

rule). As we have seen in the previous sections of this chapter, such rules are commonly mined from transactional data. 

Considering each database attribute or warehouse dimension as a predicate, we can therefore mine association rules 

containing multiple predicates, such as 

 

Association rules that involve two or more dimensions or predicates can be referred to as multidimensional 

association rules. Rule above contains three predicates (age, occupation, and buys), each of which occurs only once in the 

rule. Hence, we say that it has no repeated predicates. Multidimensional association rules with no repeated predicates are 

called inter dimensional association rules. We can also mine multidimensional association rules with repeated predicates, 

which contain multiple occurrences of some predicates. These rules are called hybrid-dimensional association rules. An 

example of such a rule is the following, where the predicate buys is repeated: 
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Note that database attributes can be categorical or quantitative. Categorical attributes have a finite number of 

possible values, with no ordering among the values (e.g., occupation, brand, color). Categorical attributes are also called 

nominal attributes, because their values are ―names of things.‖ Quantitative attributes are numeric and have an implicit 

ordering among values (e.g., age, income, price). Techniques for mining multidimensional association rules can be 

categorized into two basic approaches regarding the treatment of quantitative attributes. 

Mining Multidimensional Association Rules Using Static Discretization of 

Quantitative Attributes 

Quantitative attributes, in this case, are discretized before mining using predefined concept hierarchies or data 

discretization techniques, where numeric values are replaced by interval labels. Categorical attributes may also be 

generalized to higher conceptual levels if desired. If the resulting task-relevant data are stored in a relational table, then any 

of the frequent itemset mining algorithms we have discussed can be modified easily so as to find all frequent predicate sets 

rather than frequent itemsets. In particular, instead of searching on only one attribute like buys, we need to search through 

all of the relevant attributes, treating each attribute-value pair as an itemset. 

 

Mining Quantitative Association Rules 

Quantitative association rules are multidimensional association rules in which the numeric attributes are 

dynamically discretized during the mining process so as to satisfy some mining criteria, such as maximizing the confidence 

or compactness of the rules mined. In this section, we focus specifically on how to mine quantitative association rules 

having two quantitative attributes on the left-hand side of the rule and one categorical attribute on the right-hand side of the 

rule. That is, 

 

where Aquan1 and Aquan2 are tests on quantitative attribute intervals (where the intervals are dynamically determined), and 

Acat tests a categorical attribute from the task-relevant data. Such rules have been referred to as two-dimensional quantitative 

association rules, because they contain two quantitative dimensions. For instance, suppose you are curious about the 

association relationship between pairs of quantitative attributes, like customer age and income, and the type of television 

(such as high-definition TV, i.e., HDTV) that customers like to buy. An example of such a 2-D quantitative association rule 

is 
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Binning: Quantitative attributes can have a very wide range of values defining their domain. Just think about how big a 2-D 

grid would be if we plotted age and income as axes, where each possible value of age was assigned a unique position on one 

axis, and similarly, each possible value of income was assigned a unique position on the other axis! To keep grids down to a 

manageable size, we instead partition the ranges of quantitative attributes into intervals. These intervals are dynamic in that 

they may later be further combined during the mining process. The partitioning process is referred to as binning, that is, 

where the intervals are considered ―bins.‖ Three common binning strategies area as follows: 

 

Finding frequent predicate sets: Once the 2-D array containing the count distribution for each category is set up, it can be 

scanned to find the frequent predicate sets (those satisfying minimum support) that also satisfy minimum confidence. Strong 

association rules can then be generated from these predicate sets, using a rule generation algorithm. 
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From Association Mining to Correlation Analysis 

Most association rule mining algorithms employ a support-confidence framework. Often, many interesting rules 

can be found using low support thresholds. Although minimum support and confidence thresholds help weed out or exclude 

the exploration of a good number of uninteresting rules, many rules so generated are still not interesting to the users. 

Unfortunately, this is especially true when mining at low support thresholds or mining for long patterns. This has been one 

of the major bottlenecks for successful application of association rule mining. 

1)Strong Rules Are Not Necessarily Interesting: An Example 

Whether or not a rule is interesting can be assessed either subjectively or objectively. Ultimately, only the user can 

judge if a given rule is interesting, and this judgment, being subjective, may differ from one user to another. However, 

objective interestingness measures, based on the statistics ―behind‖ the data, can be used as one step toward the goal of 

weeding out uninteresting rules from presentation to the user. 

The support and confidence measures are insufficient at filtering out uninteresting association rules. To tackle this 

weakness, a correlation measure can be used to augment the support-confidence framework for association rules. This leads 

to correlation rules of the form 

 

That is, a correlation rule is measured not only by its support and confidence but also by the correlation between 

itemsets A and B. There are many different correlation measures from which to choose. In this section, we study various 

correlation measures to determine which would be good for mining large data sets. 

Constraint-Based Association Mining 

A data mining process may uncover thousands of rules from a given set of data, most of which end up being 

unrelated or uninteresting to the users. Often, users have a good sense of which ―direction‖ of mining may lead to interesting 

patterns and the ―form‖ of the patterns or rules they would like to find. Thus, a good heuristic is to have the users specify 

such intuition or expectations as constraints to confine the search space. This strategy is known as constraint-based mining. 

The constraints can include the following: 

 

1) Metarule-Guided Mining of Association Rules 
“How are metarules useful?” Metarules allow users to specify the syntactic form of rules that they are interested in 

mining. The rule forms can be used as constraints to help improve the efficiency of the mining process. Metarules may be 

based on the analyst’s experience, expectations, or intuition regarding the data or may be automatically generated based on 

the database schema. 
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Metarule-guided mining:- Suppose that as a market analyst for AllElectronics, you have access to the data describing 

customers (such as customer age, address, and credit rating) as well as the list of customer transactions. You are interested 

in finding associations between customer traits and the items that customers buy. However, rather than finding all of the 

association rules reflecting these relationships, you are particularly interested only in determining which pairs of customer 

traits promote the sale of office software.A metarule can be used to specify this information describing the form of rules you 

are interested in finding. An example of such a metarule is 

 

where P1 and P2 are predicate variables that are instantiated to attributes from the given database during the mining 

process, X is a variable representing a customer, and Y and W take on values of the attributes assigned to P1 and P2, 

respectively. Typically, a user will specify a list of attributes to be considered for instantiation with P1 and P2. Otherwise, a 

default set may be used. 

2) Constraint Pushing: Mining Guided by Rule Constraints 
Rule constraints specify expected set/subset relationships of the variables in the mined rules, constant initiation of 

variables, and aggregate functions. Users typically employ their knowledge of the application or data to specify rule 

constraints for the mining task. These rule constraints may be used together with, or as an alternative to, metarule-guided 

mining. In this section, we examine rule constraints as to how they can be used to make the mining process more efficient. 

Let’s study an example where rule constraints are used to mine hybrid-dimensional association rules. 

Our association mining query is to “Find the sales of which cheap items (where the sum of the prices is less than $100) 

may promote the sales of which expensive items (where the minimum price is $500) of the same group for Chicago 

customers in 2004.” This can be expressed in the DMQL data mining query language as follows, 
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Classification and Prediction 

What Is Classification? What Is Prediction? 

 A bank loans officer needs analysis of her data in order to learn which loan applicants are ―safe‖ and 

which are ―risky‖ for the bank. A marketing manager at AllElectronics needs data analysis to help guess whether 

a customer with a given profile will buy a new computer. A medical researcher wants to analyze breast cancer 

data in order to predict which one of three specific treatments a patient should receive. In each of these examples, 

the data analysis task is classification, where a model or classifier is constructed to predict categorical labels, 

such as ―safe‖ or ―risky‖ for the loan application data; ―yes‖ or ―no‖ for the marketing data; or ―treatment A,‖ 

―treatment B,‖ or ―treatment C‖ for the medical data. These categories can be represented by discrete values, 

where the ordering among values has no meaning. For example, the values 1, 2, and 3 may be used to represent 

treatments A, B, and C, where there is no ordering implied among this group of treatment regimes. 

Suppose that the marketing manager would like to predict how much a given customer will spend during 

a sale at AllElectronics. This data analysis task is an example of numeric prediction, where the model constructed 

predicts a continuous-valued function, or ordered value, as opposed to a categorical label. This model is a 

predictor 

“How does classification work? Data classification is a two-step process, as shown for the loan 

application data of Figure 6.1. (The data are simplified for illustrative purposes. In reality, we may expect many 

more attributes to be considered.) In the first step, a classifier is built describing a predetermined set of data 

classes or concepts. This is the learning step (or training phase), where a classification algorithm builds the 

classifier by analyzing or ―learning from‖ a training set made up of database tuples and their associated class 

labels.  
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Issues Regarding Classification and Prediction 

 Data cleaning: This refers to the preprocessing of data in order to remove or reduce noise (by applying 

smoothing techniques, for example) and the treatment of missing values (e.g., by replacing a missing 

value with the most commonly occurring value for that attribute, or with the most probable value based 

on statistics). Although most classification algorithms have some mechanisms for handling noisy or 

missing data, this step can help reduce confusion during learning. 

 Relevance analysis: Many of the attributes in the data may be redundant. Correlation analysis can be 

used to identify whether any two given attributes are statistically related. For example, a strong 

correlation between attributes A1 and A2 would suggest that one of the two could be removed from 

further analysis. A database may also contain irrelevant attributes. Attribute subset selection4 can be 

used in these cases to find a reduced set of attributes such that the resulting probability distribution of the 

data classes is as close as possible to the original distribution obtained using all attributes. Hence, 

relevance analysis, in the form of correlation analysis and attribute subset selection, can be used to detect 

attributes that do not contribute to the classification or prediction task. Including such attributes may 

otherwise slow down, and possibly mislead, the learning step. Ideally, the time spent on relevance 

analysis, when added to the time spent on learning from the resulting ―reduced‖ attribute (or feature) 

subset, should be less than the time that would have been spent on learning from the original set of 

attributes. Hence, such analysis can help improve classification efficiency and scalability. 

 Data transformation and reduction: The data may be transformed by normalization, particularly when 

neural networks or methods involving distance measurements are used in the learning step. 

Normalization involves scaling all values for a given attribute so that they fall within a small specified 

range, such as -1.0 to 1.0, or 0.0 to 1.0. In methods that use distance measurements, for example, this 

would prevent attributes with initially large ranges (like, say, income) from out weighing attributes with 

initially smaller ranges (such as binary attributes). 

Comparing Classification and Prediction Methods 

Classification and prediction methods can be compared and evaluated according to the following criteria: 

 Accuracy 

 Speed 

 Robustness 

 Scalability 

 Interpretability 
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Learning Systems 

 Learning systems consider 

 Solved cases - cases assigned to a class 

 Information from the solved cases - general decision rules 

 Rules - implemented in a model  

 Model - applied to new cases 

 Different types of models - present their results in various forms 

 Linear discriminant model - mathematical equation (p = ax1 + bx2 + cx3 + dx4 + ex5).   

 Presentation comprehensibility 

Decision Trees 

An Algorithm for Building Decision Trees  

1. Let T be the set of training instances.  

2. Choose an attribute that best differentiates the instances contained in T.  

3. Create a tree node whose value is the chosen attribute. Create child links from this node where each link 

represents a unique value for the chosen attribute. Use the child link values to further subdivide the instances 

into subclasses 

4. For each subclass created in step 3:  

 a. If the instances in the subclass satisfy predefined criteria or if the set of remaining attribute choices for 

this path of the tree is null, specify the classification for new instances following this decision path. 

 b. If the subclass does not satisfy the predefined criteria and there is at least one attribute to further 

subdivide the path of the tree, let T be the current set of subclass instances and return to step 2.  

Information gain 

ID3 uses information gain as its attribute selection measure. 

 

 

Information gain is defined as the difference between the original information requirement (i.e., based on just the 

proportion of classes) and the new requirement (i.e., obtained after partitioning on A). That is,  
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In other words, Gain(A) tells us how much would be gained by branching on A. It is the expected reduction in the 

information requirement caused by knowing the value of A. The attribute A with the highest information gain, (Gain(A)), is 

chosen as the splitting attribute at node N. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

www.rejinpaul.com

Get useful study materials from www.rejinpaul.com



 

 

 

 

 

 

 

 

Decision Tree Rules  

IF Age <= 43 & Sex = Male & Credit Card Insurance = No  

THEN Life Insurance Promotion = No  

IF Sex = Male & Credit Card Insurance = No 

THEN Life Insurance Promotion = No  

General Considerations  

Here is a list of a few of the many advantages decision trees have to offer. 

 Decision trees are easy to understand and map nicely to a set of production rules. 

 Decision trees have been successfully applied to real problems. 

 Decision trees make no prior assumptions about the nature of the data. 

Decision trees are able to build models with datasets containing numerical as well as categorical data. 

As with all data mining algorithms, there are several issues surrounding decision tree usage. Specifically,  

•  Output attributes must be categorical, and multiple output attributes are not allowed. 

•  Decision tree algorithms are unstable in that slight variations in the training data can result in different 

attribute selections at each choice point with in the tree. The effect can be significant as attribute choices 

affect all descendent subtrees. 

•  Trees created from numeric datasets can be quite complex as attribute splits for numeric data are 

typically binary.  

Classification by Decision Tree Induction 

• Decision tree  

– A flow-chart-like tree structure 

– Internal node denotes a test on an attribute 

– Branch represents an outcome of the test 
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– Leaf nodes represent class labels or class distribution 

• Decision tree generation consists of two phases 

– Tree construction 

• At start, all the training examples are at the root 

• Partition examples recursively based on selected attributes 

– Tree pruning 

• Identify and remove branches that reflect noise or outliers 

• Use of decision tree: Classifying an unknown sample 

Test the attribute values of the sample against the decision tree. 

Classification in Large Databases 

• Classification—a classical problem extensively studied by statisticians and machine learning researchers 

• Scalability: Classifying data sets with millions of examples and hundreds of attributes with reasonable 

speed 

• Why decision tree induction in data mining? 

– relatively faster learning speed (than other classification methods) 

– convertible to simple and easy to understand classification rules 

– can use SQL queries for accessing databases Comparable classification accuracy with other 

methods 
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Bayesian Classification: Why? 

 Probabilistic learning:  Calculate explicit probabilities for hypothesis, among the most practical 

approaches to certain types of learning problems 

 Incremental: Each training example can incrementally increase/decrease the probability that a 

hypothesis is correct.  Prior knowledge can be combined with observed data. 

 Probabilistic prediction:  Predict multiple hypotheses, weighted by their probabilities 

 Standard: Even when Bayesian methods are computationally intractable, they can provide a standard of 

optimal decision making against which other methods can be measured 

Bayesian Theorem 

 Given training data D, posteriori probability of a hypothesis h, P(h|D) follows the Bayes theorem 

 

 

 MAP (maximum posteriori) hypothesis 

 

 

 Practical difficulty: require initial knowledge of many probabilities, significant computational cost 

Naïve Bayes Classifier (I) 

 A simplified assumption: attributes are conditionally independent: 

 

 Greatly reduces the computation cost, only count the class distribution. 

Naive Bayesian Classifier (II) 

 Given a training set, we can compute the probabilities 
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Outlook P N Humidity P N

sunny 2/9 3/5 high 3/9 4/5

overcast 4/9 0 normal 6/9 1/5

rain 3/9 2/5

Tempreature Windy

hot 2/9 2/5 true 3/9 3/5

mild 4/9 2/5 false 6/9 2/5

cool 3/9 1/5
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Bayesian classification 

 The classification problem may be formalized using a-posteriori probabilities: 

 P(C|X)  = prob. that the sample tuple     X=<x1,…,xk> is of class C. 

 E.g. P(class=N | outlook=sunny,windy=true,…) 

 Idea: assign to sample X the class label C such that P(C|X) is maximal 

Estimating a-posteriori probabilities 

 Bayes theorem: 

o P(C|X) = P(X|C)·P(C) / P(X) 

 P(X) is constant for all classes 

 P(C) = relative freq of class C samples 

 C such that P(C|X) is maximum =  

C such that P(X|C)·P(C) is maximum 

 Problem: computing P(X|C) is unfeasible!  

Naïve Bayesian Classification 

 Naïve assumption: attribute independence 

o P(x1,…,xk|C) = P(x1|C)·…·P(xk|C) 

 If i-th attribute is categorical: 

P(xi|C) is estimated as the relative freq of samples having value xi as i-th attribute in class C 

 If i-th attribute is continuous: 

P(xi|C) is estimated thru a Gaussian density function  

 Computationally easy in both cases  

Play-tennis example: estimating P(xi|C) 

 

 

 

 

 

 

 

 

 

Outlook Temperature Humidity Windy Class

sunny hot high false N

sunny hot high true N

overcast hot high false P

rain mild high false P

rain cool normal false P

rain cool normal true N

overcast cool normal true P

sunny mild high false N

sunny cool normal false P

rain mild normal false P

sunny mild normal true P

overcast mild high true P

overcast hot normal false P

rain mild high true N

Outlook Temperature Humidity Windy Class

sunny hot high false N

sunny hot high true N

overcast hot high false P

rain mild high false P

rain cool normal false P

rain cool normal true N

overcast cool normal true P

sunny mild high false N

sunny cool normal false P

rain mild normal false P

sunny mild normal true P

overcast mild high true P

overcast hot normal false P

rain mild high true N
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P(p) = 9/14  

P(n) = 5/14  

Play-tennis example: classifying X 

 An unseen sample X = <rain, hot, high, false> 

 P(X|p)·P(p) =  

P(rain|p)·P(hot|p)·P(high|p)·P(false|p)·P(p) = 3/9·2/9·3/9·6/9·9/14 = 0.010582  

 P(X|n)·P(n) =  

P(rain|n)·P(hot|n)·P(high|n)·P(false|n)·P(n) = 2/5·2/5·4/5·2/5·5/14 = 0.018286  

 Sample X is classified in class n (don’t play)  

The independence hypothesis… 

 … makes computation possible 

 … yields optimal classifiers when satisfied 

 … but is seldom satisfied in practice, as attributes (variables) are often correlated. 

 Attempts to overcome this limitation: 

o Bayesian networks, that combine Bayesian reasoning with causal relationships between 

attributes 

o Decision trees, that reason on one attribute at the time, considering most important 

attributes first  

Bayesian Belief Networks (I) 

 

 

 

 

 

 

 

Bayesian Belief Networks (II) 

 Bayesian belief network allows a subset of the variables conditionally independent 

 A graphical model of causal relationships 

 Several cases of learning Bayesian belief networks 

o Given both network structure and all the variables: easy 

o Given network structure but only some variables 

o When the network structure is not known in advance. 

www.rejinpaul.com

Get useful study materials from www.rejinpaul.com



 

Classification Rules 

� “if…then…” rules 

(Blood Type=Warm) ∧ (Lay Eggs=Yes) → Birds 

(Taxable_Income < 50K) ∧ (Refund=Yes) → Evade=No 

� Rule: (Condition) → y 

– where 

� Condition is a conjunction of attribute tests 

(A1 = v1) and (A2 = v2) and … and (An = vn) 

� y is the class label 

– LHS: rule antecedent or condition 

– RHS: rule consequent 

Rule-based Classifier (Example) 
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Neural Networks 

 Advantages 

o prediction accuracy is generally high 

o robust, works when training examples contain errors 

o output may be discrete, real-valued, or a vector of several discrete or real-valued attributes 

o fast evaluation of the learned target function 

 Criticism 

o long training time 

o difficult to understand the learned function (weights) 

o not easy to incorporate domain knowledge 

A  Neuron: 

 

 The n-dimensional input vector x is mapped into  variable y by means of the scalar product and a 

nonlinear function mapping 

Network Training: 

 The ultimate objective of training  

o obtain a set of weights that makes almost all the tuples in the training data classified correctly  

 Steps 

o Initialize weights with random values  

o Feed the input tuples into the network one by one 
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o For each unit 

 Compute the net input to the unit as a linear combination of all the inputs to the unit 

 Compute the output value using the activation function 

 Compute the error 

 Update the weights and the bias. 

Multi-Layer Perceptron 

 

Network Pruning and Rule Extraction: 

 Network pruning 

o Fully connected network will be hard to articulate 

o N input nodes, h hidden nodes and m output nodes lead to h(m+N) weights 

o Pruning: Remove some of the links without affecting classification accuracy of the network 

 Extracting rules from a trained network 

o Discretize activation values; replace individual activation value by the cluster average 

maintaining the network accuracy 

o Enumerate the output from the discretized activation values to find rules between activation 

value and output 

o Find the relationship between the input and activation value  

o Combine the above two to have rules relating the output to input. 
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Outline 

• What do we mean with classification, why is it useful 

• Machine learning- basic concept 

• Support Vector Machines (SVM) 

– Linear SVM – basic terminology and some formulas 

– Non-linear SVM – the Kernel trick 

• An example: Predicting protein subcellular location with SVM 

• Performance measurments 

Classification 

• Everyday, all the time we classify things. 

•  Eg crossing the street:  

– Is there a car coming? 

– At what speed? 

– How far is it to the other side? 

– Classification: Safe to walk or not!!! 

Classification tasks 

• Learning Task 

– Given: Expression profiles of leukemia patients and healthy persons. 

– Compute: A model distinguishing if a person has leukemia from expression data. 

• Classification Task 

– Given: Expression profile of a new patient + a learned model  

– Determine: If a patient has leukemia or not. 

Problems in classifying data 

• Often high dimension of data. 

• Hard to put up simple rules. 

• Amount of data. 

• Need automated ways to deal with the data. 

• Use computers – data processing, statistical analysis, try to learn patterns from the data (Machine Learning) 
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Black box view of Machine Learning 

Training data: -Expression patterns of some cancer + expression data from healty person 

Model:          - The model can distinguish between healty and sick persons. Can be used for prediction. 

 

Tennis example 2 

 

 

 

 

 

 

 

 

 

Linearly Separable Classes 
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Linear Support Vector Machines 

 

 

 

 

 

 

Selection of a Good Hyper-Plane: 

  

 

 

 

 

 

 

 

 

Problems with linear SVM  
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Associative Classification: Classification by Association Rule Analysis 

Frequent patterns and their corresponding association or correlation rules characterize interesting 

relationships between attribute conditions and class labels, and thus have been recently used for effective 

classification. Association rules show strong associations between attribute-value pairs (or items) that occur 

frequently in a given data set. Association rules are commonly used to analyze the purchasing patterns of 

customers in a store. Such analysis is useful in many decision-making processes, such as product placement, 

catalog design, and cross-marketing.  

The discovery of association rules is based on frequent item set mining. Many methods for frequent item 

set mining and the generation of association rules were described in Chapter 5. In this section, we look at 

associative classification, where association rules are generated and analyzed for use in classification. The 

general idea is that we can search for strong associations between frequent patterns (conjunctions of attribute-

value pairs) and class labels. Because association rules explore highly confident associations among multiple 

attributes, this approach may overcome some constraints introduced by decision tree induction, which considers 

only one attribute at a time. In many studies, associative classification has been found to be more accurate than 

some traditional classification methods, such as C4.5. In particular, we study three main methods: CBA, CMAR, 

and CPAR. 

Association-Based Classification: 

 

 Several methods for association-based classification  

o ARCS: Quantitative association mining and clustering of association rules (Lent et al’97) 

 It beats C4.5 in (mainly) scalability and also accuracy 

o Associative classification: (Liu et al’98)   

 It mines high support and high confidence rules in the form of ―cond_set => y‖, where y 

is a class label 

o CAEP (Classification by aggregating emerging patterns) (Dong et al’99) 

 Emerging patterns (EPs): the itemsets whose support increases significantly from one 

class to another 

 Mine Eps based on minimum support and growth rate.  

Lazy Learners (or Learning from Your Neighbors) 

The classification methods discussed so far in this chapter—decision tree induction, Bayesian 

classification, rule-based classification, classification by back propagation, support vector machines, and 

classification based on association rule mining—are all examples of eager learners. Eager learners, when given a 

set of training tuples, will construct a generalization (i.e., classification) model before receiving new (e.g., test) 

tuples to classify. We can think of the learned model as being ready and eager to classify previously unseen 

tuples. 
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Other Classification Methods 

 k-nearest neighbor classifier  

 case-based reasoning  

 Genetic algorithm 

 Rough set approach 

 Fuzzy set approaches 

1) k-Nearest-Neighbor Classifiers 

The k-nearest-neighbor method was first described in the early 1950s. The method is labor intensive when 

given large training sets, and did not gain popularity until the 1960s when increased computing power became 

available. It has since been widely used in the area of pattern recognition. 

Nearest-neighbor classifiers are based on learning by analogy, that is, by comparing a given test tuple 

with training tuples that are similar to it. The training tuples are described by n attributes. Each tuple represents a 

point in an n-dimensional space. In this way, all of the training tuples are stored in an n-dimensional pattern 

space. When given an unknown tuple, a k-nearest-neighbor classifier searches the pattern space for the k training 

tuples that are closest to the unknown tuple. These k training tuples are the k ―nearest neighbors‖ of the unknown 

tuple. 

―Closeness‖ is defined in terms of a distance metric, such as Euclidean distance. The Euclidean distance 

between two points or tuples, say, X1 = (x11, x12, : : : , x1n) and X2 = (x21, x22, : : : , x2n), is 

 

 

2) Case-Based Reasoning 

Case-based reasoning (CBR) classifiers use a database of problem solutions to solve new problems. 

Unlike nearest-neighbor classifiers, which store training tuples as points in Euclidean space, CBR stores the 

tuples or ―cases‖ for problem solving as complex symbolic descriptions. Business applications of CBR include 

problem resolution for customer service help desks, where cases describe product-related diagnostic problems. 

CBR has also been applied to areas such as engineering and law, where cases are either technical designs or legal 

rulings, respectively. Medical education is another area for CBR, where patient case histories and treatments are 

used to help diagnose and treat new patients. 

When given a new case to classify, a case-based reasoner will first check if an identical training case 

exists. If one is found, then the accompanying solution to that case is returned. If no identical case is found, then 

the case-based reasoner will search for training cases having components that are similar to those of the new 

case. Conceptually, these training cases may be considered as neighbors of the new case. If cases are represented 

as graphs, this involves searching for subgraphs that are similar to subgraphs within the new case. The case-

based reasoner tries to combine the solutions of the neighboring training cases in order to propose a solution for 

the new case. If incompatibilities arise with the individual solutions, then backtracking to search for other 
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solutions may be necessary. The case-based reasoner may employ background knowledge and problem-solving 

strategies in order to propose a feasible combined solution. 

 

Instance-Based Methods 

 Instance-based learning:  

o Store training examples and delay the processing (“lazy evaluation”) until a new instance 

must be classified 

 Typical approaches  

o k-nearest neighbor approach  

 Instances represented as points in a Euclidean space. 

o Locally weighted regression  

 Constructs local approximation 

o Case-based reasoning  

 Uses symbolic representations and knowledge-based inference 

 

Remarks on Lazy vs. Eager Learning 

 Instance-based learning:  lazy evaluation  

 Decision-tree and Bayesian classification:  eager evaluation 

 Key differences 

o Lazy method may consider query instance xq when deciding how to generalize beyond the 

training data D  

o Eager method cannot since they have already chosen global approximation when seeing the 

query 

 Efficiency: Lazy - less time training but more time predicting 

 Accuracy 

o Lazy method effectively uses a richer hypothesis space since it uses many local linear functions 

to form its implicit global approximation to the target function 

o Eager: must commit to a single hypothesis that covers the entire instance space 

What Is Prediction? 

 Prediction is similar to classification 

o First, construct a model 

o Second, use model to predict unknown value 

 Major method for prediction is regression 

 Linear and multiple regression 

 Non-linear regression 
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 Prediction is different from classification 

o Classification refers to predict categorical class label 

o Prediction models continuous-valued functions 

 Predictive modeling: Predict data values or construct   generalized linear models based on the database 

data. 

 One can only predict value ranges or category distributions 

 Method outline: 

 Minimal generalization 

 Attribute relevance analysis 

 Generalized linear model construction 

 Prediction 

 Determine the major factors which influence the prediction 

o Data relevance analysis: uncertainty measurement, entropy analysis, expert judgement, etc. 

 Multi-level prediction: drill-down and roll-up analysis 

 

Prediction: Categorical Data:  
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UNIT V 

CLUSTERING, APPLICATIONS AND TRENDS IN DATA MINING 

What is Cluster Analysis? 

 Cluster: a collection of data objects 

 Similar to one another within the same cluster 

 Dissimilar to the objects in other clusters 

 Cluster analysis 

 Grouping a set of data objects into clusters 

 Clustering is unsupervised classification: no predefined classes 

 Typical applications 

 As a stand-alone tool to get insight into data distribution  

 As a preprocessing step for other algorithms 

General Applications of Clustering: 

 Pattern Recognition 

 Spatial Data Analysis  

 create thematic maps in GIS by clustering feature spaces 

 detect spatial clusters and explain them in spatial data mining 

 Image Processing 

 Economic Science (especially market research) 

 WWW 

 Document classification 

 Cluster Weblog data to discover groups of similar access patterns 

Examples of Clustering Applications: 

 Marketing: Help marketers discover distinct groups in their customer bases, and then use this knowledge 

to develop targeted marketing programs 

 Land use: Identification of areas of similar land use in an earth observation database 

 Insurance: Identifying groups of motor insurance policy holders with a high average claim cost 
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 City-planning: Identifying groups of houses according to their house type, value, and geographical 

location 

 Earth-quake studies: Observed earth quake epicenters should be clustered along continent faults 

 

What Is Good Clustering? 

 A good clustering method will produce high quality clusters with 

 high intra-class similarity 

 low inter-class similarity  

 The quality of a clustering result depends on both the similarity measure used by the method and its 

implementation. 

 The quality of a clustering method is also measured by its ability to discover some or all of the hidden 

patterns. 

Requirements of Clustering in Data Mining: 

 Scalability 

 Ability to deal with different types of attributes 

 Discovery of clusters with arbitrary shape 

 Minimal requirements for domain knowledge to determine input parameters 

 Able to deal with noise and outliers 

 Insensitive to order of input records 

 High dimensionality 

 Incorporation of user-specified constraints 

 Interpretability and usability 

What is Cluster Analysis? 

The process of grouping a set of physical or abstract objects into classes of similar objects is called 

clustering. A cluster is a collection of data objects that are similar to one another within the same cluster 

and are dissimilar to the objects in other clusters. A cluster of data objects can be treated collectively as 

one group and so may be considered as a form of data compression.  Although classification is an 

effective means for distinguishing groups or classes of objects, it requires the often costly collection and 

labeling of a large set of training tuples or patterns, which the classifier uses to model each group. It is 

often more desirable to proceed in the reverse direction: First partition the set of data into groups based on 

data similarity (e.g., using clustering), and then assign labels to the relatively small number of groups. 

Additional advantages of such a clustering-based process are that it is adaptable to changes and helps 

single out useful features that distinguish different groups. 

www.rejinpaul.com

Get useful study materials from www.rejinpaul.com



 

 Clustering is a challenging field of research in which its potential applications pose their own special 

requirements. The following are typical requirements of clustering in data mining: Scalability: Many 

clustering algorithms work well on small data sets containing fewer than several hundred data objects; 

however, a large database may contain millions of objects. Clustering on a sample of a given large data 

set may lead to biased results. Highly scalable clustering algorithms are needed. 

 

 Ability to deal with different types of attributes: Many algorithms are designed to cluster interval-based 

(numerical) data. However, applications may require clustering other types of data, such as binary, 

categorical (nominal), and ordinal data, or mixtures of these data types. 

 

 Discovery of clusters with arbitrary shape: Many clustering algorithms determine clusters based on 

Euclidean or Manhattan distance measures. Algorithms based on such distance measures tend to find 

spherical clusters with similar size and density. However, a cluster could be of any shape. It is important 

to develop algorithms that can detect clusters of arbitrary shape. Minimal requirements for domain 

knowledge to determine input parameters: Many clustering algorithms require users to input certain 

parameters in cluster analysis (such as the number of desired clusters). The clustering results can be quite 

sensitive to input parameters. Parameters are often difficult to determine, especially for data sets 

containing high-dimensional objects. This not only burdens users, but it also makes the quality of 

clustering difficult to control. 

 

 Ability to deal with noisy data: Most real-world databases contain outliers or missing, unknown, or 

erroneous data. Some clustering algorithms are sensitive to such data and may lead to clusters of poor 

quality. Incremental clustering and insensitivity to the order of input records: Some clustering algorithms 

cannot incorporate newly inserted data (i.e., database updates) into existing clustering structures and, 

instead, must determine a new clustering from scratch. Some clustering algorithms are sensitive to the 

order of input data. That is, given a set of data objects, such an algorithm may return dramatically 

different clustering’s depending on the order of presentation of the input objects. It is important to 

develop incremental clustering algorithms and algorithms that are insensitive to the order of input. 

 

 High dimensionality: A database or a data warehouse can contain several dimensions or attributes. Many 

clustering algorithms are good at handling low-dimensional data, involving only two to three dimensions. 

Human eyes are good at judging the quality of clustering for up to three dimensions. Finding clusters of 

data objects in high dimensional space is challenging, especially considering that such data can be sparse 

and highly skewed.  Constraint-based clustering:  Real-world applications may need to perform clustering 

under various kinds of constraints. Suppose that your job is to choose the locations for a given number of 

new automatic banking machines (ATMs) in a city. To decide upon this, you may cluster households 

while considering constraints such as the city’s rivers and highway networks, and the type and number of 

customers per cluster. A challenging task is to find groups of data with good clustering behavior that 

satisfy specified constraints. 

 

 Interpretability and usability: Users expect clustering results to be interpretable, comprehensible, and 

usable. That is, clustering may need to be tied to specific semantic interpretations and applications. It is 

important to study how an application goal may influence the selection of clustering features and 

methods. 
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Type of data in clustering analysis: 

Data Structures: 

 Data matrix 

 (two modes) 

 

 Dissimilarity matrix  

 (one mode) 

 

 

Measure the Quality of Clustering: 

 Dissimilarity/Similarity metric: Similarity is expressed in terms of a distance function, which is typically 

metric:  d(i, j) 

 There is a separate “quality” function that measures the “goodness” of a cluster. 

 The definitions of distance functions are usually very different for interval-scaled, boolean, categorical, 

ordinal and ratio variables. 

 Weights should be associated with different variables based on applications and data semantics.  

 It is hard to define “similar enough” or “good enough”  

  The answer is typically highly subjective. 

Type of data in clustering analysis: 

 Interval-scaled variables: 

 Binary variables: 

 Nominal, ordinal, and ratio variables: 

 Variables of mixed types:  

Interval-valued variables: 

 Standardize data 

 Calculate the mean absolute deviation: 

 

Where  
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 Calculate the standardized measurement (z-score) 

  

 

 Using mean absolute deviation is more robust than using standard deviation  

Similarity and Dissimilarity between Objects: 

 Distances are normally used to measure the similarity or dissimilarity between two data objects 

 Some popular ones include: Minkowski distance: 

 

 

 

where  i = (xi1, xi2, …, xip) and j = (xj1, xj2, …, xjp) are two p-dimensional data objects, and q is a positive integer 

 If q = 1, d is Manhattan distance  

 

 If q = 2, d is Euclidean distance: 

 

 

 Properties 

 d(i,j)  0  

 d(i,i) = 0  

 d(i,j) = d(j,i)  

 d(i,j)  d(i,k) + d(k,j)  

 Also one can use weighted distance, parametric Pearson product moment correlation, or other 

dissimilarity measures. 

Nominal Variables: 

 A generalization of the binary variable in that it can take more than 2 states, e.g., red, yellow, blue, green 

 Method 1: Simple matching  

 m: # of matches, p: total # of variables  
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 Method 2: use a large number of binary variables 

 creating a new binary variable for each of the M nominal states 

Ordinal Variables: 

 An ordinal variable can be discrete or continuous 

 order is important, e.g., rank 

 Can be treated like interval-scaled  

 replacing xif  by their rank  

 map the range of each variable onto [0, 1] by replacing i-th object in the f-th variable by 

 

 

 

 compute the dissimilarity using methods for interval-scaled variables 

Major Clustering Approaches: 

 Partitioning algorithms: Construct various partitions and then evaluate them by some criterion 

 Hierarchy algorithms: Create a hierarchical decomposition of the set of data (or objects) using some 

criterion 

 Density-based: based on connectivity and density functions 

 Grid-based: based on a multiple-level granularity structure  

 Model-based: A model is hypothesized for each of the clusters and the idea is to find the best fit of that 

model to each other.  

A Categorization of Major Clustering Methods: 

 Partitioning approach:  

 Construct various partitions and then evaluate them by some criterion, e.g., minimizing the sum 

of square errors 

 Typical methods: k-means, k-medoids, CLARANS 

 Hierarchical approach:  

 Create a hierarchical decomposition of the set of data (or objects) using some criterion 

 Typical methods: Diana, Agnes, BIRCH, ROCK, CHAMELEON 

 Density-based approach:  
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 Based on connectivity and density functions 

 Typical methods: DBSCAN, OPTICS, DenClue  

 Grid-based approach:  

 based on a multiple-level granularity structure 

 Typical methods: STING, WaveCluster, CLIQUE 

 Model-based:  

 A model is hypothesized for each of the clusters and tries to find the best fit of that model to 

each other 

 Typical methods: EM, SOM, COBWEB 

 Frequent pattern-based: 

 Based on the analysis of frequent patterns 

 Typical methods: pCluster  

 User-guided or constraint-based:  

 Clustering by considering user-specified or application-specific constraints 

 Typical methods: COD (obstacles), constrained clustering 

Typical Alternatives to Calculate the Distance between Clusters: 

 Single link:  smallest distance between an element in one cluster and an element in the other, i.e.,  dis(Ki, 

Kj) = min(tip, tjq) 

 Complete link: largest distance between an element in one cluster and an element in the other, i.e.,  

dis(Ki, Kj) = max(tip, tjq) 

 Average: avg distance between an element in one cluster and an element in the other, i.e.,  dis(Ki, Kj) = 

avg(tip, tjq) 

 Centroid: distance between the centroids of two clusters, i.e.,  dis(Ki, Kj) = dis(Ci, Cj) 

 Medoid: distance between the medoids of two clusters, i.e.,  dis(Ki, Kj) = dis(Mi, Mj) 

 Medoid: one chosen, centrally located object in the cluster 

Centroid, Radius and Diameter of a Cluster (for numerical data sets): 

 Centroid:  the “middle” of a cluster 
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 Radius: square root of average distance from any point of the cluster to its centroid  

 

 

 

 Diameter: square root of average mean squared distance between all pairs of points in the cluster 

 

 

 

 

Partitioning Methods: 

 Partitioning method: Construct a partition of a database D of n objects into a set of k clusters, s.t., some 

objective is minimized. E.g., min sum of squared distance in k-means 

 

 

 Given a k, find a partition of k clusters that optimizes the chosen partitioning criterion 

 Global optimal: exhaustively enumerate all partitions 

 Heuristic methods: k-means and k-medoids algorithms 

 k-means (MacQueen’67): Each cluster is represented by the center of the cluster 

 k-medoids or PAM (Partition around medoids) (Kaufman & Rousseeuw’87): Each cluster is 

represented by one of the objects in the cluster   

The K-Means Clustering Method: 

 Given k, the k-means algorithm is implemented in four steps: 

 Partition objects into k nonempty subsets 

 Compute seed points as the centroids of the clusters of the current partition (the centroid is the 

center, i.e., mean point, of the cluster) 

 Assign each object to the cluster with the nearest seed point   

 Go back to Step 2, stop when no more new assignment 
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The K-Means Clustering Method: 

 

Comments on the K-Means Method: 

 Strength: Relatively efficient: O(tkn), where n is # objects, k is # clusters, and t  is # iterations. 

Normally, k, t << n. 

 Comparing: PAM: O(k(n-k)
2
 ), CLARA: O(ks

2
 + k(n-k))  

 Comment: Often terminates at a local optimum. The global optimum may be found using techniques 

such as: deterministic annealing and genetic algorithms  

 Weakness  

 Applicable only when mean is defined, then what about categorical data? 

 Need to specify k, the number of clusters, in advance 

 Unable to handle noisy data and outliers  

 Not suitable to discover clusters with non-convex shapes 

Variations of the K-Means Method: 

 A few variants of the k-means which differ in 

 Selection of the initial k means 

 Dissimilarity calculations 

 Strategies to calculate cluster means 
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 Handling categorical data: k-modes (Huang’98) 

 Replacing means of clusters with modes  

 Using new dissimilarity measures to deal with categorical objects 

 Using a frequency-based method to update modes of clusters 

 A mixture of categorical and numerical data: k-prototype method 

What Is the Problem of the K-Means Method?:  

 The k-means algorithm is sensitive to outliers ! 

 Since an object with an extremely large value may substantially distort the distribution of the 

data. 

 K-Medoids:  Instead of taking the mean value of the object in a cluster as a reference point, medoids can 

be used, which is the most centrally located object in a cluster.  

 

 

 

 

 

 

The K-Medoids Clustering Method: 

 Find representative objects, called medoids, in clusters 

 PAM (Partitioning Around Medoids, 1987) 

 starts from an initial set of medoids and iteratively replaces one of the medoids by one of 

the non-medoids if it improves the total distance of the resulting clustering 

 PAM works effectively for small data sets, but does not scale well for large data sets 

 CLARA (Kaufmann & Rousseeuw, 1990) 

 CLARANS (Ng & Han, 1994): Randomized sampling 

 Focusing + spatial data structure (Ester et al., 1995) 
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A Typical K-Medoids Algorithm (PAM): 

 

 

What Is the Problem with PAM? 

 PAM is more robust than k-means in the presence of noise and outliers because a medoid is less 

influenced by outliers or other extreme values than a mean 

 Pam works efficiently for small data sets but does not scale well for large data sets. 

 O(k(n-k)
2
 ) for each iteration  

   where n is # of data, k is # of clusters 

 Sampling based method,  

 CLARA(Clustering LARge Applications) 

CLARA (Clustering Large Applications) (1990): 

 CLARA (Kaufmann and Rousseeuw in 1990) 

 Built in statistical analysis packages, such as S+ 

 It draws multiple samples of the data set, applies PAM on each sample, and gives the best 

clustering as the output 

 Strength: deals with larger data sets than PAM  

 Weakness:  
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 Efficiency depends on the sample size 

 A good clustering based on samples will not necessarily represent a good clustering of the 

whole data set if the sample is biased 

CLARANS (“Randomized” CLARA) (1994): 

 CLARANS (A Clustering Algorithm based on Randomized Search)  (Ng and Han’94) 

 CLARANS draws sample of neighbors dynamically 

 The clustering process can be presented as searching a graph where every node is a potential 

solution, that is, a set of k medoids  

 If the local optimum is found, CLARANS starts with new randomly selected node in search for a 

new local optimum 

 It is more efficient and scalable than both PAM and CLARA  

 Focusing techniques and spatial access structures may further improve its performance (Ester et 

al.’95)  

Hierarchical Clustering: 

 Use distance matrix.  This method does not require the number of clusters k as an input, but needs 

a termination condition  

 

AGNES (Agglomerative Nesting): 

 Introduced in Kaufmann and Rousseeuw (1990) 

 Implemented in statistical analysis packages, e.g., Splus  
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 Use the Single-Link method and the dissimilarity matrix.   

 Merge nodes that have the least dissimilarity 

 Go on in a non-descending fashion 

 Eventually all nodes belong to the same cluster 

Dendrogram: Shows How the Clusters are Merged : 

Decompose data objects into a several levels of nested partitioning (tree of clusters), called a dendrogram.  

A clustering of the data objects is obtained by cutting the dendrogram at the desired level, then each 

connected component forms a cluster. 

DIANA (Divisive Analysis): 

 Introduced in Kaufmann and Rousseeuw (1990) 

 Implemented in statistical analysis packages, e.g., Splus  

 Inverse order of AGNES 

 Eventually each node forms a cluster on its own 

Recent Hierarchical Clustering Methods: 

 Major weakness of agglomerative clustering methods 

 do not scale well: time complexity of at least O(n
2
), where n is the number of total objects 

 can never undo what was done previously 

 Integration of hierarchical with distance-based clustering 

 BIRCH (1996): uses CF-tree and incrementally adjusts the quality of sub-clusters  

 ROCK (1999): clustering categorical data by neighbor and link analysis 

 CHAMELEON (1999): hierarchical clustering using dynamic modeling 

BIRCH (1996): 

 Birch: Balanced Iterative Reducing and Clustering using Hierarchies (Zhang, Ramakrishnan & 

Livny, SIGMOD’96) 

 Incrementally construct a CF (Clustering Feature) tree, a hierarchical data structure for 

multiphase clustering 

 Phase 1: scan DB to build an initial in-memory CF tree (a multi-level compression of the 

data that tries to preserve the inherent clustering structure of the data)   

 Phase 2: use an arbitrary clustering algorithm to cluster the leaf nodes of the CF-tree  
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 Scales linearly: finds a good clustering with a single scan and improves the quality with a few 

additional scans 

 Weakness: handles only numeric data, and sensitive to the order of the data record. 

Clustering Feature Vector in BIRCH : 

Clustering Feature:  CF = (N, LS, SS)  

N: Number of data points 

LS (linear sum): N
i=1 Xi 

SS (square sum): N
i=1 Xi

2
  

 

CF-Tree in BIRCH: 

 Clustering feature:  

 summary of the statistics for a given subcluster: the 0-th, 1st and 2nd moments of the 

subcluster from the statistical point of view.  

 registers crucial measurements for computing cluster and utilizes storage efficiently  

 A CF tree is a height-balanced tree that stores the clustering features for a hierarchical clustering  

 A nonleaf node in a tree has descendants or “children” 

 The nonleaf nodes store sums of the CFs of their children 

 A CF tree has two parameters 

 Branching factor: specify the maximum number of children. 

 threshold: max diameter of sub-clusters stored at the leaf nodes 
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 If memory not enough, rebuild the tree from leaf node by adjusting threshold 

Clustering Categorical Data: The ROCK Algorithm: 

 ROCK: RObust Clustering using linKs  

 S. Guha, R. Rastogi & K. Shim, ICDE’99 

 Major ideas 

 Use links to measure similarity/proximity 

 Not distance-based 

 Computational complexity: 

 Algorithm: sampling-based clustering 

 Draw random sample 

 Cluster with links 

 Label data in disk 

 Experiments 

 Congressional voting, mushroom data  

Similarity Measure in ROCK: 

 Traditional measures for categorical data may not work well, e.g., Jaccard coefficient 

 Example: Two groups (clusters) of transactions 

 C1. <a, b, c, d, e>: {a, b, c}, {a, b, d}, {a, b, e}, {a, c, d}, {a, c, e}, {a, d, e}, {b, c, d}, {b, 

c, e}, {b, d, e}, {c, d, e} 

 C2. <a, b, f, g>: {a, b, f}, {a, b, g}, {a, f, g}, {b, f, g} 

 Jaccard co-efficient may lead to wrong clustering result 

 C1: 0.2 ({a, b, c}, {b, d, e}} to 0.5 ({a, b, c}, {a, b, d})  

 C1 & C2: could be as high as 0.5  ({a, b, c}, {a, b, f})  

 Jaccard co-efficient-based similarity function: 

 Ex.  Let T1 = {a, b, c}, T2 = {c, d, e} 
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Link Measure in ROCK: 

 Links: # of common neighbors 

 C1 <a, b, c, d, e>: {a, b, c}, {a, b, d}, {a, b, e}, {a, c, d}, {a, c, e}, {a, d, e}, {b, c, d}, {b, 

c, e}, {b, d, e}, {c, d, e} 

 C2 <a, b, f, g>: {a, b, f}, {a, b, g}, {a, f, g}, {b, f, g} 

 Let T1 = {a, b, c}, T2 = {c, d, e}, T3 = {a, b, f} 

 link(T1, T2) = 4, since they have 4 common neighbors 

 {a, c, d}, {a, c, e}, {b, c, d}, {b, c, e} 

 link(T1, T3) = 3, since they have 3 common neighbors 

 {a, b, d}, {a, b, e}, {a, b, g}  

 Thus link is a better measure than Jaccard coefficient 

CHAMELEON: Hierarchical Clustering Using Dynamic Modeling (1999): 

 CHAMELEON: by G. Karypis, E.H. Han, and V. Kumar’99  

 Measures the similarity based on a dynamic model 

 Two clusters are merged only if the interconnectivity and closeness (proximity) between 

two clusters are high relative to the internal interconnectivity of the clusters and 

closeness of items within the clusters  

 Cure ignores information about interconnectivity of the objects,  Rock ignores 

information about the closeness of two clusters  

 A two-phase algorithm 

 Use a graph partitioning algorithm: cluster objects into a large number of relatively small 

sub-clusters 

 Use an agglomerative hierarchical clustering algorithm: find the genuine clusters by 

repeatedly combining these sub-clusters 
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Overall Framework of CHAMELEON: 

 

Density-Based Clustering Methods: 

 Clustering based on density (local cluster criterion), such as density-connected points 

 Major features: 

 Discover clusters of arbitrary shape 

 Handle noise 

 One scan 

 Need density parameters as termination condition 

 Several interesting studies: 

 DBSCAN: Ester, et al. (KDD’96) 

 OPTICS: Ankerst, et al (SIGMOD’99). 

 DENCLUE: Hinneburg & D. Keim  (KDD’98) 

 CLIQUE: Agrawal, et al. (SIGMOD’98) (more grid-based) 
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DBSCAN: The Algorithm: 

 Arbitrary select a point p  

 Retrieve all points density-reachable from p w.r.t. Eps and MinPts. 

 If p is a core point, a cluster is formed. 

 If p is a border point, no points are density-reachable from p and DBSCAN visits the next point 

of the database. 

 Continue the process until all of the points have been processed.  

Grid-Based Clustering Method: 

 Using multi-resolution grid data structure 

 Several interesting methods 

 STING (a STatistical INformation Grid approach) by Wang, Yang and Muntz (1997) 

 WaveCluster by Sheikholeslami, Chatterjee, and Zhang (VLDB’98) 

 A multi-resolution clustering approach using wavelet method 

 CLIQUE: Agrawal, et al. (SIGMOD’98) 

 On high-dimensional data (thus put in the section of clustering high-dimensional 

data 

STING: A Statistical Information Grid Approach: 

 Wang, Yang and Muntz (VLDB’97) 

 The spatial area area is divided into rectangular cells 

 There are several levels of cells corresponding to different levels of resolution 

The STING Clustering Method: 

 Each cell at a high level is partitioned into a number of smaller cells in the next lower 

level 

 Statistical info of each cell  is calculated and stored beforehand and is used to answer 

queries 

 Parameters of higher level cells can be easily calculated from parameters of lower level 

cell 

 count, mean, s, min, max  

 type of distribution—normal, uniform, etc. 

 Use a top-down approach to answer spatial data queries 
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 Start from a pre-selected layer—typically with a small number of cells 

 For each cell in the current level compute the confidence interval 

Comments on STING: 

 Remove the irrelevant cells from further consideration 

 When finish examining the current layer, proceed to the next lower level  

 Repeat this process until the bottom layer is reached 

 Advantages: 

 Query-independent, easy to parallelize, incremental update 

 O(K), where K is the number of grid cells at the lowest level  

 Disadvantages: 

 All the cluster boundaries are either horizontal or vertical, and no diagonal boundary is 

detected 

Model-Based Clustering?: 

 What is model-based clustering? 

 Attempt to optimize the fit between the given data and some mathematical model  

 Based on the assumption: Data are generated by a mixture of underlying probability 

distribution 

 Typical methods 

 Statistical approach 

 EM (Expectation maximization), AutoClass  

 Machine learning approach 

 COBWEB, CLASSIT 

 Neural network approach 

 SOM (Self-Organizing Feature Map) 

Conceptual Clustering: 

 Conceptual clustering 

 A form of clustering in machine learning 

 Produces a classification scheme for a set of unlabeled objects 

 Finds characteristic description for each concept (class) 
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 COBWEB (Fisher’87)  

 A popular a simple method of incremental conceptual learning 

 Creates a hierarchical clustering in the form of a classification tree 

 Each node refers to a concept and contains a probabilistic description of that concept 

Neural Network Approach: 

 Neural network approaches 

 Represent each cluster as an exemplar, acting as a “prototype” of the cluster 

 New objects are distributed to the cluster whose exemplar is the most similar according to 

some distance measure 

 Typical methods 

 SOM (Soft-Organizing feature Map) 

 Competitive learning 

 Involves a hierarchical architecture of several units (neurons) 

 Neurons compete in  a “winner-takes-all” fashion for the object currently being 

presented  

CLIQUE: The Major Steps: 

 Partition the data space and find the number of points that lie inside each cell of the partition. 

 Identify the subspaces that contain clusters using the Apriori principle 

 Identify clusters  

 Determine dense units in all subspaces of interests 

 Determine connected dense units in all subspaces of interests. 

 Generate minimal description for the clusters  

 Determine maximal regions that cover a cluster of connected dense units for each cluster 

 Determination of minimal cover for each cluster 

Frequent Pattern-Based Approach: 

 Clustering high-dimensional space (e.g., clustering text documents, microarray data) 

 Projected subspace-clustering: which dimensions to be projected on? 

 CLIQUE, ProClus  

 Feature extraction: costly and may not be effective? 
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 Using frequent patterns as “features”  

 “Frequent” are inherent features 

 Mining freq. patterns may not be so expensive 

 Typical methods 

 Frequent-term-based document clustering 

 Clustering by pattern similarity in micro-array data (pClustering) 

Why Constraint-Based Cluster Analysis?: 

 Need user feedback: Users know their applications the best 

 Less parameters but more user-desired constraints, e.g., an ATM allocation problem: obstacle & 

desired clusters 

A Classification of Constraints in Cluster Analysis: 

 Clustering in applications: desirable to have user-guided (i.e., constrained) cluster analysis 

 Different constraints in cluster analysis: 

 Constraints on individual objects (do selection first) 

 Cluster on houses worth over $300K 

 Constraints on distance or similarity functions 

 Weighted functions, obstacles (e.g., rivers, lakes) 

 Constraints on the selection of clustering parameters 

 # of clusters, MinPts, etc. 

 User-specified constraints  

 Contain at least 500 valued customers and 5000 ordinary ones 

 Semi-supervised: giving small training sets as “constraints” or hints  

Clustering with User-Specified Constraints: 

 Example: Locating k delivery centers, each serving at least m valued customers and n ordinary 

ones  

 Proposed approach 

 Find an initial “solution” by partitioning the data set into k groups and satisfying user-

constraints 
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 Iteratively refine the solution by micro-clustering relocation (e.g., moving δ μ-clusters 

from cluster Ci to Cj) and “deadlock” handling (break the microclusters when necessary) 

 Efficiency is improved by micro-clustering 

  How to handle more complicated constraints? 

 E.g., having approximately same number of valued customers in each cluster?! — Can 

you solve it? 

What Is Outlier Discovery?: 

 What are outliers? 

 The set of objects are considerably dissimilar from the remainder of the data 

 Example:  Sports: Michael Jordon, Wayne Gretzky, ... 

 Problem: Define and find outliers in large data sets 

 Applications: 

 Credit card fraud detection 

 Telecom fraud detection 

 Customer segmentation 

 Medical analysis 

Outlier Discovery: Statistical Approaches 

 Assume a model underlying distribution that generates data set (e.g. normal distribution)  

 Use discordancy tests depending on  

 data distribution 

 distribution parameter (e.g., mean, variance) 

 number of expected outliers 

 Drawbacks 

 most tests are for single attribute 

 In many cases, data distribution may not be known 

Outlier Discovery: Distance-Based Approach: 

 Introduced to counter the main limitations imposed by statistical methods 

 We need multi-dimensional analysis without knowing data distribution 
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 Distance-based outlier: A DB(p, D)-outlier is an object O in a dataset T such that at least a 

fraction p of the objects in T lies at a distance greater than D from O 

 Algorithms for mining distance-based outliers   

 Index-based algorithm 

 Nested-loop algorithm  

 Cell-based algorithm 

Density-Based Local Outlier Detection: 

 Distance-based outlier detection is based on global distance distribution 

 It encounters difficulties to identify outliers if data is not uniformly distributed 

 Ex. C1 contains 400 loosely distributed points, C2 has 100 tightly condensed points, 2 outlier 

points o1, o2 

 Distance-based method cannot identify o2 as an outlier 

 Need the concept of local outlier 

Outlier Discovery: Deviation-Based Approach: 

 Identifies outliers by examining the main characteristics of objects in a group 

 Objects that “deviate” from this description are considered outliers 

 Sequential exception technique  

 simulates the way in which humans can distinguish unusual objects from among a series 

of supposedly like objects 

 OLAP data cube technique 

 uses data cubes to identify regions of anomalies in large multidimensional data 

Summary: 

 Cluster analysis groups objects based on their similarity  and has wide applications 

 Measure of similarity can be computed for various types of data 

 Clustering algorithms can be categorized into partitioning methods, hierarchical methods, 

density-based methods, grid-based methods, and model-based methods 

 Outlier detection and analysis are very useful for fraud detection, etc. and can be performed by 

statistical, distance-based or deviation-based approaches 

 There are still lots of research issues on cluster analysis 
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Problems and Challenges: 

 Considerable progress has been made in scalable clustering methods 

 Partitioning: k-means, k-medoids, CLARANS 

 Hierarchical: BIRCH, ROCK, CHAMELEON 

 Density-based: DBSCAN, OPTICS, DenClue  

 Grid-based: STING, WaveCluster, CLIQUE 

 Model-based: EM, Cobweb, SOM 

 Frequent pattern-based: pCluster  

 Constraint-based: COD, constrained-clustering 

 Current clustering techniques do not address all the requirements adequately, still an active area 

of research 
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