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UNIT-I 

DATA WAREHOUSING 

  PART-A 

1. What are the uses of multifeature cubes? (Nov/Dec 2007)  
 

multifeature cubes, which compute complex queries involving multiple dependent aggregates at 

multiple granularity. These cubes are very useful in practice. Many complex data mining queries 

can be answered by multifeature cubes without any significant increase in computational cost, in 

comparison to cube computation for simple queries with standard data cubes.  

2. Compare OLTP and OLAP Systems. (Apr/May 2008), (May/June 2010)  
 

If an on-line operational database systems is used for efficient retrieval, efficient storage and 

management of large amounts of data, then the system is said to be on-line transaction 

processing.Data warehouse systems serves users (or) knowledge workers in the role of data 

analysis and decision-making. Such systems can organize and present data in various formats. 

These systems are known as on-line analytical processing systems.  

3. What is data warehouse metadata? (Apr/May 2008)  
 

Metadata are data about data. When used in a data warehouse, metadata are the data that define 

warehouse objects. Metadata are created for the data names and definitions of the given 

warehouse. Additional metadata are created and captured for time stamping any extracted data, 

the source of the extracted data, and missing fields that have been added by data cleaning or 

integration processes.  

4. Explain the differences between star and snowflake schema. (Nov/Dec 2008)  
 

The dimension table of the snowflake schema model may be kept in normalized  

form to reduce redundancies. Such a table is easy to maintain and saves storage space.  

5. In the context of data warehousing what is data transformation? (May/June 2009)  
 

`In data transformation, the data are transformed or consolidated into forms appropriate for 

mining. Data transformation can involve the following:  

Smoothing, Aggregation, Generalization, Normalization, Attribute construction  

6. Define Slice and Dice operation. (May/ June 2009)  
The slice operation performs a selection on one dimension of the cube resulting in  

a sub cube.The dice operation defines a sub cube by performing a selection on two (or) more 

dimensions.  

7. List the characteristics of a data ware house. (Nov/Dec 2009)  
 

There are four key characteristics which separate the data warehouse from other major 

operational systems:  

1. Subject Orientation: Data organized by subject  

2. Integration: Consistency of defining parameters  

3. Non-volatility: Stable data storage medium  

4. Time-variance: Timeliness of data and access terms  
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8. What are the various sources for data warehouse? (Nov/Dec 2009)  
 

Handling of relational and complex types of data: Because 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.  

9. What is bitmap indexing? (Nov/Dec 2009)  
 

The bitmap indexing method is popular in OLAP products because it allows quick searching in 

data cubes. The bitmap index is an alternative representation of the record ID (RID) list.  

10. What is data warehouse? (May/June 2010)  
 

A data warehouse is a repository of multiple heterogeneous data sources organized under a 

unified schema at a single site to facilitate management decision making . (or)A data warehouse 

is a subject-oriented, time-variant and nonvolatile collection of data in support of management’s 

decision-making process.  

11. Differentiate fact table and dimension table. (May/June 2010)  
 

Fact table contains the name of facts (or) measures as well as keys to each of the  

related dimensional tables.  

A dimension table is used for describing the dimension. (e.g.) A dimension table  

for item may contain the attributes item_ name, brand and type.  

12. Briefly discuss the schemas for multidimensional databases. (May/June 2010)  
 

Stars schema: The most common modeling paradigm is the star schema, in which the data 

warehouse contains (1) a large central table (fact table) containing the bulk of the data, with no 

redundancy, and (2) a set of smaller attendant tables (dimension tables), one for each dimension.  

Snowflakes schema: The snowflake schema is a variant of the star schema model, where  

some dimension tables are normalized, thereby further splitting the data into additional tables. 

The resulting schema graph forms a shape similar to a snowflake.  

Fact Constellations: Sophisticated applications may require multiple fact tables to share  

dimension tables. This kind of schema can be viewed as a collection of stars, and hence is called 

a galaxy schema or a fact constellation.  

13. How is a data warehouse different from a database? How are they similar? (Nov/Dec 

2007, Nov/Dec 2010)  
 

Data warehouse is a repository of multiple heterogeneous data sources, organized under a unified 

schema at a single site in order to facilitate management decision-making. A relational databases 

is a collection of tables, each of which is assigned a unique name. Each table consists of a set of 

attributes(columns or fields) and usually stores a large set of tuples(records or rows). Each tuple 

in a relational table represents an object identified by a unique key and described by a set of 

attribute values. Both are used to store and manipulate the data.  
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14. What is descriptive and predictive data mining? (Nov/Dec 2010)  
 

Descriptive data mining, which describes data in a concise and summarative manner and 

presents interesting general properties of the data. 

predictive data mining, which analyzes data in order to construct one or a set of models and 

attempts to predict the behavior of new data sets. Predictive data mining, such as classification, 

regression analysis, and trend analysis. 

15. List out the functions of OLAP servers in the data warehouse architecture. (Nov/Dec 

2010)  
 

The OLAP server performs multidimensional queries of data and stores the results in its 

multidimensional storage. It speeds the analysis of fact tables into cubes, stores the cubes until 

needed, and then quickly returns the data to clients.  

16. Differentiate data mining and data warehousing. (Nov/Dec 2011)  
 

data mining refers to extracting or “mining” knowledge from large amounts of data. The term 

is actually a misnomer. Remember that the mining of gold from rocks or sand is referred to as 

gold mining rather than rock or sand mining. Thus, data mining should have been more 

appropriately named “knowledge mining from data,”  

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.  

17. What do you understand about knowledge discovery? (Nov/Dec 2011)  
 

people treat data mining as a synonym for another popularly used term, Knowledge Discovery 

from Data, or KDD. Alternatively, others view data mining as simply an essential step in the 

process of knowledge discovery. Knowledge discovery as a process and an iterative sequence of 

the following steps:  

1. Data cleaning (to remove noise and inconsistent data)  

2. Data integration (where multiple data sources may be combined)  

3. Data selection (where data relevant to the analysis task are retrieved from the database)  

4. Data transformation (where data are transformed or consolidated into forms appropriate for 

mining by performing summary or aggregation operations, for instance)  

5. Data mining (an essential process where intelligent methods are applied in order to  

extract data patterns)  

6. Pattern evaluation (to identify the truly interesting patterns representing knowledge  

based on some interestingness measures)  

7. Knowledge presentation (where visualization and knowledge representation techniques  

are used to present the mined knowledge to the user) 
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     PART-B 

1. Explain  warehouse Architecture and its seven components 

 

 Data sourcing, cleanup, transformation, and migration tools 

 Metadata repository 

 Warehouse/database technology 

 Data marts 

 Data query, reporting, analysis, and mining tools 

 Data warehouse administration and management 

 Information delivery system 

 

 
 

Data warehouse is an environment, not a product which is based on relational database 

management system that functions as the central repository for informational data. 

The central repository information is surrounded by number of key components designed to 

make the environment is functional, manageable and accessible. 

 

The data source for data warehouse is coming from operational applications. The data entered 

into the data warehouse transformed into an integrated structure and format. The transformation 

process involves conversion, summarization, filtering and condensation. The data warehouse 

must be capable of holding and managing large volumes of data as well as different structure of 

data structures over the time. 
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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 

 

Issues to be considered while data sourcing, cleanup, extract and transformation: 

 

Data heterogeneity: It refers to DBMS different nature such as it may be in different data 

modules, it may have different access languages, it may have data navigation methods, 

operations, concurrency, integrity and recovery processes etc., 

 

Data heterogeneity: It refers to the different way the data is defined and used in different 

modules. 

 

Some experts involved in the development of such tools: 

 

Prism Solutions, Evolutionary Technology Inc., Vality, Praxis and Carleton 

 

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, 

 Info about data stores 
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 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., 

 

Meta data helps the users to understand content and find the data. Meta data are stored in a 

separate data stores which is known as informational directory or Meta data repository which 

helps to integrate, maintain and view the contents of the data warehouse. The following lists the 

characteristics of info directory/ Meta data: 

 It is the gateway to the data warehouse environment 

 It supports easy distribution and replication of content for high performance and 

availability 

 It should be searchable by business oriented key words 

 It should act as a launch platform for end user to access data and analysis tools 

 It should support the sharing of info 

 It should support scheduling options for request 

 IT should support and provide interface to other applications 

 It should support end user monitoring of the status of the data warehouse environment 

 

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 

 

Query and reporting tools are used to generate query and report.  There are two types of 

reporting tools. They are: 

 Production reporting tool used to generate regular operational reports 

 Desktop report writer are inexpensive desktop tools designed for end users. 

 

Managed Query tools: used to generate SQL query. It uses Meta layer software in between users 

and databases which offers a point-and-click creation of SQL statement. This tool is a preferred 
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choice of users to perform segment identification, demographic analysis, territory management 

and preparation of customer mailing lists etc. 

 

Application development tools: This is a graphical data access environment which integrates 

OLAP tools with data warehouse and can be used to access all db systems 

 

OLAP Tools: are used to analyze the data in multi dimensional and complex views. To enable 

multidimensional properties it uses MDDB and MRDB where MDDB refers multi dimensional 

data base and MRDB refers multi relational data bases. 

 

Data mining tools: are used to discover knowledge from the data warehouse data also can be 

used for data visualization and data correction purposes. 

 

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., 

 

7 Information delivery system 
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• It is used to enable the process of subscribing for data warehouse info. 

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

 

 

2. Explain issues in building a Data warehouse and design considerations in 

building datawarehous. 

 

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.  
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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. 

 

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. 
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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 loosing 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: 

 

Get useful study materials from www.rejinpaul.com

www.rejinpaul.com



 

 

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 
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Technical considerations 

 

A number of technical issues are to be considered when designing a data warehouse 

environment. These issues include: 

 The hardware platform that would house the data warehouse 

 The dbms that supports the warehouse data 

 The communication infrastructure that connects data marts, operational systems and end 

users 

 The hardware and software to support meta data repository 

 The systems management framework that enables admin of the entire environment 

 

Implementation considerations 

 

The following logical steps needed to implement a data warehouse: 

 Collect and analyze business requirements 

 Create a data model and a physical design 

 Define data sources 

 Choose the db tech and platform 

 Extract the data from operational db, transform it, clean it up and load it into the 

warehouse 

 Choose db access and reporting tools 

 Choose db connectivity software 

 Choose data analysis and presentation s/w 

 Update the data warehouse 

 

Access tools 

 

Data warehouse implementation relies on selecting suitable data access tools.  The best way to 

choose this is based on the type of data can be selected using this tool and the kind of access it 

permits for a particular user. The following lists the various type of data that can be accessed: 

 Simple tabular form data 

 Ranking data 

 Multivariable data 

 Time series data 

 Graphing, charting and pivoting data 

 Complex textual search data 

 Statistical analysis data 

 Data for testing of hypothesis, trends and patterns 

 Predefined repeatable queries 

 Ad hoc user specified queries 
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 Reporting and analysis data 

 Complex queries with multiple joins, multi level sub queries and sophisticated search 

criteria 

 

Data extraction, clean up, transformation and migration 

 

A proper attention must be paid to data extraction which represents a success factor for a data 

warehouse architecture. When implementing data warehouse several the following selection 

criteria that affect the ability to transform, consolidate, integrate and repair the data should be 

considered: 

 Timeliness of data delivery to the warehouse 

 The tool must have the ability to identify the particular data and that can be read by 

conversion tool 

 The tool must support flat files, indexed files since corporate data is still in this type 

 The tool must have the capability to merge data from multiple data stores 

 The tool should have specification interface to indicate the data to be extracted  

 The tool should have the ability to read data from data dictionary 

 The code generated by the tool should be completely maintainable 

 The tool should permit the user to extract the required data 

 The tool must have the facility to perform data type and character set translation 

 The tool must have the capability to create summarization, aggregation and derivation of 

records 

 The data warehouse database system must be able to perform loading data directly from 

these tools 

 

Data placement strategies 

 

– As a data warehouse grows, there are at least two options for data placement. One is to 

put some of the data in the data warehouse into another storage media.  

– The second option is to distribute the data in the data warehouse across multiple servers. 

 

User levels 

The users of data warehouse data can be classified on the basis of their skill level in accessing 

the warehouse. There are three classes of users: 

 

Casual users: are most comfortable in retrieving info from warehouse in pre defined formats and 

running pre existing queries and reports. These users do not need tools that allow for building 

standard and ad hoc reports 

 

Power Users: can use pre defined as well as user defined queries to create simple and ad hoc 

reports. These users can engage in drill down operations. These users may have the experience of 

using reporting and query tools. 
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Expert users: These users tend to create their own complex queries and perform standard 

analysis on the info they retrieve. These users have the knowledge about the use of query and 

report tools 

 

 

 

3. Explain in detail manner for Mapping the data warehouse architecture to 

Multiprocessor architecture 

 

The functions of data warehouse are based on the relational data base technology. The relational 

data base technology is implemented in parallel manner. There are two advantages of having 

parallel relational data base technology for data warehouse: 

 

Linear Speed up: refers the ability to increase the number of processor to reduce response time 

Linear Scale up: refers the ability to provide same performance on the same requests as the 

database size increases 

 

Types of parallelism 

 

There are two types of parallelism: 

 

Inter query Parallelism: In which different server threads or processes handle multiple requests 

at the same time.  

 

Intra query Parallelism: This form of parallelism decomposes the serial SQL query into lower 

level operations such as scan, join, sort etc. Then these lower level operations are executed 

concurrently in parallel.  

 

Intra query parallelism can be done in either of two ways: 

 

Horizontal parallelism: which means that the data base is partitioned across multiple disks and 

parallel processing occurs within a specific task that is performed concurrently on different 

processors against different set of data 

 

Vertical parallelism: This occurs among different tasks. All query components such as scan, 

join, sort etc are executed in parallel in a pipelined fashion. In other words, an output from one 

task becomes an input into another task. 
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Data partitioning: 

 

Data partitioning is the key component for effective parallel execution of data base operations. 

Partition can be done randomly or intelligently. 

 

Random portioning includes random data striping across multiple disks on a single server. 

Another option for random portioning is round robin fashion partitioning in which each record is 

placed on the next disk assigned to the data base.  

 

Intelligent partitioning assumes that DBMS knows where a specific record is located and does 

not waste time searching for it across all disks. The various intelligent partitioning include: 

 

Hash partitioning: A hash algorithm is used to calculate the partition number based on the value 

of the partitioning key for each row 

 

Key range partitioning: Rows are placed and located in the partitions according to the value of 

the partitioning key. That is all the rows with the key value from A to K are in partition 1, L to T 

are in partition 2 and so on. 

 

Schema portioning: an entire table is placed on one disk; another table is placed on different disk 

etc. This is useful for small reference tables. 

 

User defined portioning: It allows a table to be partitioned on the basis of a user defined 

expression. 
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4. Explain various schema 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. 

 

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. 
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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. 

 

Measures 

 

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. 

 

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. 

 

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.  
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 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 
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 UNIT-II 

                                            IT6702-Datawarehousing and Data mining 

 

PART-A 

 

1. What is the need for preprocessing the data? (Nov/Dec 2007)  

Incomplete, noisy, and inconsistent data are commonplace properties of large real world databases and data 

warehouses. Incomplete data can occur for a number of reasons. Attributes of interest may not always be 

available, such as customer information for sales transaction data. Other data may not be included simply 

because it was not considered important at the time of entry. Relevant data may not be recorded due to a 

misunderstanding, or because of equipment malfunctions. Data that were inconsistent with other recorded data 

may have been deleted. Furthermore, the recording of the history or modifications to the data may have been 

overlooked. Missing data, particularly for tuples with missing values for some attributes, may need to be 

inferred.  

  2. What is parallel mining of concept description? (Nov/Dec 2007) (OR) What is concept description? 

(Apr/May 2008)  

 

Data can be associated with classes or concepts. It can be useful to describe individual classes and concepts in 

summarized, concise, and yet precise terms. Such descriptions of a class or a concept are called class/concept 

descriptions. These descriptions can be derived via (1) data characterization, by summarizing the data of the 

class under study (often called the target class) in general terms, or (2) data discrimination, by comparison of 

the target class with one or a set of comparative classes (often called the contrasting classes), or (3) both data 

characterization and discrimination.  

3. What is dimensionality reduction? (Apr/May 2008)  

    In dimensionality reduction, data encoding or transformations are applied so as to obtain a reduced or 

“compressed” representation of the original data. If the original data can be reconstructed from the compressed 

data without any loss of information, the data reduction is called lossless.  

4. Mention the various tasks to be accomplished as part of data pre-processing.  

(Nov/ Dec 2008)  

1. Data cleaning  

2. Data Integration  

3. Data Transformation  

4. Data reduction  

5. What is data cleaning? (May/June 2009)  
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Data cleaning means removing the inconsistent data or noise and collecting necessary information of a 

collection of interrelated data.  

6. Define Data mining. (Nov/Dec 2008)  

Data mining refers to extracting or “mining” knowledge from large amounts of data. The term is actually a 

misnomer. Remember that the mining of gold from rocks or sand is referred to as gold mining rather than rock 

or sand mining. Thus, data mining should have been more appropriately named “knowledge mining from data,”  

7. What are the types of concept hierarchies? (Nov/Dec 2009)  

A concept hierarchy defines a sequence of mappings from a set of low-level concepts to higher-level, more 

general concepts. Concept hierarchies allow specialization, or drilling down ,where by concept values are 

replaced by lower-level concepts.  

8. List the three important issues that have to be addressed during data integration.  

 

(May/June 2009) (OR) List the issues to be considered during data integration. (May/June 2010)  

There are a number of issues to consider during data integration. Schema integration and object matching can 

be tricky. How can equivalent real-world entities from multiple data sources be matched up? This is referred to 

as the entity identification problem.  

Redundancy is another important issue. An attribute (such as annual revenue, for instance) may be redundant if 

it can be “derived” from another attribute or set of attributes. Inconsistencies in attribute or dimension naming 

can also cause redundancies in the resulting data set.  

A third important issue in data integration is the detection and resolution of data value conflicts. For 

example, for the same real-world entity, attribute values from different sources may differ. This may be due to 

differences in representation, scaling, or encoding. For instance, a weight attribute may be stored in metric units 

in one system and British imperial units in another.  

9. Write the strategies for data reduction. (May/June 2010)  

1. Data cube aggregation  

2. Attribute subset selection  

3. Dimensionality reduction  

4. Numerosity reduction  

5. Discretization and concept hierarchy generation.  

10. Why is it important to have data mining query language? (May/June 2010)  

The design of an effective data mining query language requires a deep understanding of the power, limitation, 

and underlying mechanisms of the various kinds of data mining tasks.  

A data mining query language can be used to specify data mining tasks. In particular, we examine how to define 

data warehouses and data marts in our SQL-based data mining query language, DMQL.  
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11. List the five primitives for specifying a data mining task. (Nov/Dec 2010)  

The set of task-relevant data to be mined  

The kind of knowledge to be mined:  

The background knowledge to be used in the discovery process The interestingness measures and thresholds for 

pattern evaluation  

The expected representation for visualizing the discovered pattern  

12. What is data generalization? (Nov/Dec 2010)  

It is process that abstracts a large set of task-relevant data in a database from a relatively low conceptual levels 

to higher conceptual levels 2 approaches for Generalization.  

1) Data cube approach 2) Attribute-oriented induction approach  

 

13. How concept hierarchies are useful in data mining? (Nov/Dec 2010)  

A concept hierarchy for a given numerical attribute defines a discretization of the attribute. Concept hierarchies 

can be used to reduce the data by collecting and replacing low-level concepts (such as numerical values for the 

attribute age) with higher-level concepts (such as youth, middle-aged, or senior). Although detail is lost by such 

data generalization, the generalized data may be more meaningful and easier to interpret.  

14. How do you clean the data? (Nov/Dec 2011)  

Data cleaning (or data cleansing) routines attempt to fill in missing values, smooth out noise while identifying 

outliers, and correct inconsistencies in the data.  

For Missing Values  

1. Ignore the tuple  

2. Fill in the missing value manually  

3. Use a global constant to fill in the missing value  

4. Use the attribute mean to fill in the missing value:  

5. Use the attribute mean for all samples belonging to the same class as the given tuple  

6. Use the most probable value to fill in the missing value  

For Noisy Data  

1. Binning: Binning methods smooth a sorted data value by consulting its “neighborhood,” that is, the values 

around it.  

2. Regression: Data can be smoothed by fitting the data to a function, such as with  

Regression  

3. Clustering: Outliers may be detected by clustering, where similar values are organized  

into groups, or “clusters.  

15. What is need of GUI? (Nov/Dec 2011)  
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 Commercial tools can assist in the data transformation step. Data migration tools allow simple 

transformations to be specified, such as to replace the string “gender” by “sex”. ETL 

(extraction/transformation/loading) tools allow users to specify transforms through a graphical user 

interface (GUI). These tools typically support only a restricted set of transforms so that, often, we may 

also choose to write custom scripts for this step of the data cleaning process. 

 

 

PART-A 

1. Explain multidimensional data cubes  used  in data warehouse?/List out the OLAP in 

multidimensional data model and explain with example.(Nov/Dec 2014) 

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 
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• 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) 

 

 

 

 

1. What is business analysis? List and discuss the basic features that are provided by 

reporting and query tools used for business analysis.(Nov/Dec 2011) 

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  

 

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. 
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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 

 

Prompts 

 

You can use prompts to 

• filter reports • calculate data items • format data 

 

Picklist Prompts 

 

A picklist prompt presents you with a list of data items from which you select one or more values, so 

you need not be familiar with the database. The values listed in picklist prompts can be retrieved from  

 a database via a catalog when you want to select information that often changes. 

 a column in another saved Impromptu report, a snapshot, or a HotFile 

A report can include a prompt that asks you to select a product type from a list of those available in the 

database. Only the products belonging to the product type you select are retrieved and displayed in 

your report. 
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Reports 

 

Reports are created by choosing fields from the catalog folders. This process will build a SQL 

(Structured Query Language) statement behind the scene. No SQL knowledge is required to use 

Impromptu. The data in the report may be formatted, sorted and/or grouped as needed. Titles, dates, 

headers and footers and other standard text formatting features (italics, bolding, and font size) are also 

available. 

 

Once the desired layout is obtained, the report can be saved to a report file.  

This report can then be run at a different time, and the query will be sent to the database. It is also 

possible to save a report as a snapshot. This will provide a local copy of the data. This data will not be 

updated when the report is opened. 

 

Cross tab reports, similar to Excel Pivot tables, are also easily created in Impromptu. 

 

Frame-Based Reporting 

 

Frames are the building blocks of all Impromptu reports and templates. They may contain report 

objects, such as data, text, pictures, and charts. 

 

There are no limits to the number of frames that you can place within an individual report or template. 

You can nest frames within other frames to group report objects within a report.  

 

Different types of frames and its purpose for creating frame based reporting 

 Form frame: An empty form frame appears. 

 List frame: An empty list frame appears. 

 Text frame: The flashing I-beam appears where you can begin inserting text. 

 Picture frame: The Source tab (Picture Properties dialog box) appears. You can use this tab to 

select the image to include in the frame. 

 Chart frame: The Data tab (Chart Properties dialog box) appears. You can use this tab to select 

the data item to include in the chart.  
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 OLE Object: The Insert Object dialog box appears where you can locate and select the file you 

want to insert, or you can create a new object using the software listed in the Object Type box. 

 

 

 Impromptu features 

Unified query and reporting interface: It unifies both query and reporting interface in a single user 

interface 

 Object oriented architecture: It enables an inheritance based administration so that more than 

1000 users can be accommodated as easily as single user 

 Complete integration with PowerPlay: It provides an integrated solution for exploring trends 

and patterns 

 Scalability: Its scalability ranges from single user to 1000 user 

 Security and Control: Security is based on user profiles and their classes. 

 Data presented in a business context: It presents information using the terminology of the 

business. 

 Over 70 pre defined report templates: It allows users can simply supply the data to create an 

interactive report 

 Frame based reporting: It offers number of objects to create a user designed report 

 Business relevant reporting: It can be used to generate a business relevant report through 

filters, pre conditions and calculations 

 Database independent catalogs: Since catalogs are in independent nature they require 

minimum maintenance 

2. Explain the typical OLAP operations with an example.? 

 

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. 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. 
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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 
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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.  

 

 

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.  
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 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) 

 

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 
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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. 

 

In addition to these guidelines an OLAP system should also support: 
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 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. 

 

3. Distinguish between Online Transaction Processing (OLTP) and Online Analytical 

Processing (OLAP). (Nov/Dec -2011/Nov 2014) 

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 Short and fast inserts and updates Periodic long-running batch jobs refresh the 
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Updates initiated by end users 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 

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 
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UNIT III      

PART A 

    DATA MINING 

 

 

1. Define frequent set and border set. (Nov/Dec 2007) 

 

A set of items is referred to as an itemset. An itemset that contains k items is a k-itemset. The set 

fcomputer, antivirus softwareg 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.Where each variation involves “playing” with the support threshold in a slightly different 

way.The variations, where nodes indicate an item or itemset that has been examined, and nodes with 

thick borders indicate that an examined item or itemset is frequent. 
 

2. How are association rules mined from large databases? (Nov/Dec 2007) 

 

Suppose, however, that rather than using a transactional database, sales and related information are 

stored in a relational database or data warehouse. Such data stores are multidimensional, by definition. For 

instance, in addition to keeping track of the items purchased in sales transactions, a relational database may 

record other attributes associated with the items, such as the quantity purchased or the price, or the branch 

location of the sale. Additional relational information regarding the customers who purchased the items, 

such as customer age, occupation, credit rating, income, and address, may also be stored. 
 
3. List two interesting measures for association rules. (April/May 2008) (OR) 

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 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. 
 
4. What are Iceberg queries? (April/May 2008) 

 

It computes an aggregate function over an attribute or set of attributes in order to find aggregate  
values above some specified threshold.Given relation R with attributes a1,a2,?..,an and b, and an  
aggregate function,agg_f, an 

iceberg query is the form. 

Select R.a1,R.a2,?..R.an,agg_f(R,b) 

From relation R 

Group by R.a1,R.a2,?.,R.an 

Having agg_f(R.b)>=threhold 

 

5. What is over fitting and what can you do to prevent it? (Nov/Dec 2008) 

Tree pruning methods address this problem of overfitting the data. Such methods typically use 

statistical measures to remove the least reliable branches. An unpruned tree and a pruned version of it. 

Pruned trees tend to be smaller and less complex and, thus, easier to comprehend. They are usually faster 

and better at correctly classifying independent test data (i.e., of previously unseen tuples) than unpruned 

trees. 
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6. In classification trees, what are surrogate splits, and how are they used? (Nov/Dec 2008)  

 Decision trees can suffer from repetition and replication, making them overwhelming to interpret. 

Repetition occurs when an attribute is repeatedly tested along a given branch of the tree (such as “age < 

60?” followed by “age < 45”? and so on). In replication, duplicate subtrees exist within the tree. These 

situations can impede the accuracy and comprehensibility of a decision tree. The use of Tree pruning 

methods address this problem of overfitting the data. Such methods typically use statistical measures to 

remove the least reliable branches. An unpruned tree and a pruned version of it. Pruned trees tend to be 

smaller and less complex and, thus, easier to comprehend. They are usually faster and better at correctly 

classifying independent test data (i.e., of previously unseen tuples) than unpruned trees. 

 

7.Explain the market basket analysis problem. (May/June 2009) 

 

Market basket analysis, which studies the buying habits of customers by searching for sets of items 

that are frequently purchased together (or in sequence). This process analyzes customer buying habits by 

finding associations between the different items that customers place in their “shopping baskets”. 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. 
 

8. Give the difference between Boolean association rule and quantitative  Association 

rule. (Nov/Dec 2009) 

 

Based on the types of values handled in the rule: If a rule involves associations between the 

presence or absence of items, it is a Boolean association rule. For example, the following three rules are 

Boolean association rules obtained from market basket analysis.  
Computer => antivirus software [support = 2%; confidence = 60%] buys(X, 

“computer”) => buys(X, “HP printer”) 

buys(X, “laptop computer”) => buys(X, “HP printer”) 

Quantitative association rules involve numeric attributes that have an implicit ordering among values (e.g., 

age). If a rule describes associations between quantitative items or attributes, then it is a quantitative 

association rule. In these rules, quantitative values for items or attributes are partitioned into intervals. 

Following rule is considered a quantitative association rule. Note that the quantitative attributes, age and 

income, have been discretized.  
age(X, “30: : :39”)^income(X, “42K....48K”) => buys(X, “high resolution TV”) 

 

9. List the techniques to improve the efficiency of Apriori algorithm. (May/June 2010) 

Hash based technique 

Transaction Reduction 

Portioning Sampling 

Dynamic item counting 

 

10. Define support and confidence in Association rule Mining.  
 

Support S is the percentage of transactions in D that contain AUB. 

Confidence c is the percentage of transactions in D containing A that also contain B. Support 

( A=>B)= P(AUB) 

Confidence (A=>B)=P(B/A) 
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11. What is FP growth? (May/June 2010) 

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. 

 

12.How Meta rules are useful in constraint based association mining. (May/June 2010)  

 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. 
 
13.Mention few approaches to mining Multilevel Association Rules. (Nov/Dec 2010) 

Multilevel association rules can be mined using several strategies, based on how minimum support 

thresholds are defined at each level of abstraction, such as uniform support, reduced support, and group-

based support. Redundant multilevel (descendant) association rules can be eliminated if their support and 

confidence are close to their expected values, based on their corresponding ancestor rules. 
 
14. How rules do help in mining? (Nov/Dec 2011) 

Based on the kinds of rules to be mined, categories include mining association rules and correlation rules. 

Many efficient and scalable algorithms have been developed for frequent itemset mining, from which 

association and correlation rules can be derived. These algorithms can be classified into three categories: 

(1) Apriori-like algorithms, 

(2) frequent pattern growth-based algorithms, such as FP-growth, and 

(3) algorithms that use the vertical data format. 
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   PART-B 
 

1. Explain 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: 

 
 

 data cleaning: to remove noise or irrelevantdata 

 data integration: where multiple data sources may becombined 

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

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

performing summary or aggregationoperations 

 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 theuser. 
 

 

 

 

 

2. Explain the 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: 
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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 

courseinformation. 

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

miningrequests. 

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 heterogeneoussources. 
 
 

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 interestingnesspatterns. 

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

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

spatial databases, text databases, multimedia databases, the World Wide Web. (or) What kind of data 

handled by the data mining alogorithm. 

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

databases, data warehouses, trnsactional databases, advanced database systems 

 

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 
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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. 

 
 

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 
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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 abovefigure. 

 

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 amessage. 
 

• 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 imagesdatabases. 
 

• 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 intime. 

 

• 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 otherdocuments. 
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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 userinterfaces. 

 

• 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, andProdigy. 

 

4. Explain the various Data mining functionalities in detail. [Nov-Dec 2014] 
 

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 anddiscrimination 
 

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 

targetclass) 

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 anddiscrimination 

 
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 classlabels 

 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 newdata 

 TypicalApplications 

o creditapproval 

o targetmarketing 

o medicaldiagnosis 

o treatment effectivenessanalysis 

 

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 isknown). 

 
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-THENrules, 

 
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) Decisiontree 
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3) Neuralnetwork. 
 

 

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 Clusteringanalysis 

 
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 shownbelow: 
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5. Explainhow interesting patterns are identified ? (or) What is the significance of 
Interestingness measures in data mining system? Give example. [Nov-Dec 2011] 

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

o Suggested approach: Human-centered, query-based, focusedmining 
 

 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 toconfirm

 

 Objective vs. subjective interestingnessmeasures:
 

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

o Subjective:basedonuser‟sbeliefinthedata,e.g.,unexpectedness,novelty,actionability,etc. 
 

 Find all the interesting patterns:Completeness
 

o Can a data mining system find all the interestingpatterns? 
 

o Association vs. classification vs.clustering 
 

 Search for only interesting patterns:Optimization
 

o Can a data mining system find only the interestingpatterns? 
 

o Highly desirable, progress has been made, but still achallenge 
 

o Approaches 
 

 First general all the patterns and then filter out the uninterestingones. 
 

 Generate only the interesting patterns—mining queryoptimization 
 

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 andscalable.

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

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

 3. Issues relating to the diversity of databasetypes
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 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 isimportant.

 _ 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 datamining.

Consider a classic example of the following rule: 

 

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

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

obvious. Another Example from real world dataset,

 

 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 ofusers

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 moreclearly.

 
 Edit

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

Forexample, 

 A general rule : If bird thenfly

 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 asinteresting.

Get useful study materials from www.rejinpaul.com

www.rejinpaul.com



  

 
 

6. State and explain the various classification of data mining systems with example? [Nov-Dec 2014] 
 

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 functionalitiestogether. 

 

· 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 

dataretrieved. 

 

• 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 discoveryprocess. 
 

• 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  

toevaluatethediscoveredpatterns.Thisallowstheusertoconfinethenumberofuninterestingpatterns 
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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 visualrepresentations. 

 

7. Describe the  issues and challenges in the implementation of data mining system. 

[Nov-Dec 2011] 
 

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 discoveredpatterns. 
 

_ 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 discoveredpatterns, 
 

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 databasetypes 
 

_ 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  

datamining. 

 

8. List and discuss the steps for integrating a data mining system with a data warehouse.[Nov-

Dec 2011] 
 

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 dataassets. 

 

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-timetask. 

 

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 datawarehouse. 

 

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 complementarytechnologies 

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

 

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. 
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2001 2002 2003 2004 ALL 

TIME 

 

Mining Methodology & User Interaction Issues 
 

1. Mining different kinds of knowledge indatabase. 
 

 Different users-different knowledge-different way (with samedatabase) 
 

 
2. Interactive Mining of knowledge at multiple levels ofabstraction. 

 

 Focus the searchpatterns. 
 

 Differentangles. 
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3. Incorporation of backgroundknowledge. 
 

 Background & Domainknowledge. 

 

4. Data mining query languages and ad hoc datamining 
 

 High level data mining querylanguage 
 

 Conditions andconstraints. 

 

5. Presentation and visualization of data miningresults. 
 

 Use visualrepresentations. 
 

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

6. Handling noisy or incompletedata. 
 

 Confuse theprocess 
 

 Over fit the data (apply any outlier analysis, data cleaningmethods) 
 

7. Pattern evaluation- the interestingnessproblem. 
 

 Pattern may be uninteresting to theuser. 
 

 Solve by user specifiedconstraints. 
 

Performance Issues 
 

• Efficiency and scalability of data miningalgorithms. 
 

 Runningtime. 
 

 Should be opt for huge amount ofdata. 
 

• Parallel, Distributed and incremental miningalgorithms. 
 

 Huge size ofdatabase 
 

 Wide distribution ofdata 
 

 Highcost 
 

 Computationalcomplexity 
 

 Data miningmethods 
 

 Solve by; efficientalgorithms. 

 

Diversity of data Types Issues 
 

• Handling of relational and complex types ofdata. 
 

 One system-> to mine all kinds ofdata 
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 Specific data mining system should beconstructed. 
 

• Mining information from heterogeneous databases and global informationsystems. 
 

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

webdynamics 

 

8. Explain Data preprocessing and issues handled by preprocessing stage. 
 

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. 

 

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 miningresults. 

 

 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 moredifficult 

 

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 comefrom 

 “Not applicable” data value whencollected 

 Different considerations between the time when the data was collected and when it isanalyzed. 

 Human/hardware/softwareproblems 

 Noisy data (incorrect values) may comefrom 

 Faulty data collection byinstruments 

 Human or computer error at dataentry 

 Errors in datatransmission 

 Inconsistent data may comefrom 

 Different datasources 

 Functional dependency violation (e.g., modify some linkeddata) 
 

Major Tasks in Data Preprocessing 
 

 Datacleaning 
 

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

 Dataintegration 
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 Integration of multiple databases, data cubes, orfiles 
 

 Datatransformation 
 

 Normalization andaggregation 
 

 Datareduction 
 

 Obtains reduced representation in volume but produces the same or similar analyticalresults 
 

 Datadiscretization 
 

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

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 

variesconsiderably. 

(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 easilydetermined. 

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

(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 giventuple. 

(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 

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 localsmoothing. 

 

In this technique, 
 

1. The data for firstsorted 

2. Then the sorted list partitioned into equi-depth ofbins. 

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 thebin. 

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

 Example: Binning Methods for DataSmoothing 

oSorted 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 threevalues): 
- Bin 1: 4, 8, 9, 15 

 

- Bin 2: 21, 21, 24, 25 
 

- Bin 3: 26, 28, 29, 34 
 

o Smoothing by binmeans: 

- Bin 1: 9, 9, 9, 9 
 

- Bin 2: 23, 23, 23, 23 
 

- Bin 3: 29, 29, 29, 29 
 

o Smoothing by binboundaries: 
- Bin 1: 4, 4, 4, 15 

 

- Bin 2: 21, 21, 25, 25 
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- 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 he 

in 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 alreadysorted.) 

 

• 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 eachbin. 

 

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

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‟.Valuesthatfalloutsideofthesetofclustersmaybeconsideredoutliers. 
 

 

3 Regression :smooth by fitting the data into regressionfunctions. 
 

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

can be used to predict theother. 
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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 multidimensionalsurface. 
 

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 

 

PART-A 

1. What is tree pruning? (Nov/Dec 2007) 
 

Tree pruning attempts to identify and remove such branches, with the goal of 

improving classification accuracy on unseen data. 
 
2. List the requirements of clustering in data mining. (Nov/Dec 2007) 

 

Mining data streams involves the efficient discovery of general patterns and dynamic 

changes within stream data. For example, we may like to detect intrusions of a computer 

network based on the anomaly of message flow, which may be discovered by clustering data 

streams, dynamic construction of stream models, or comparing the current frequent patterns 

with that at a certain previous time. 

 

3. What is classification? (April/May 2008) (May/June 2009) 

Classification is 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). 
 
4. What is the objective function of the K-means algorithm? 

The k-means algorithm takes the input parameter, k, and partitions a set of n objects into 

k clusters so that the resulting intracluster similarity is high but the intercluster similarity is 

low.Cluster similarity is measured in regard to the mean value of the objects in a cluster, which 

can be viewed as the cluster’s centroid or center of gravity. 

First, it randomly selects k of the objects, each of which initially represents a cluster mean or 

center. For each of the remaining objects, an object is assigned to the cluster to which it is the 

most similar, based on the distance between the object and the cluster mean. It then computes the 

new mean for each cluster. This process iterates until the criterion function converges. Typically, 

the square-error criterion is used, defined as where E is the sum of the square error for all objects 

in the data set; p is the point in space representing a given object; and mi is the mean of cluster 

Ci (both p and mi are multidimensional). 
 
5. The naïve Bayes classifier makes what assumption that motivates its name? 

 

Studies comparing classification algorithms have found a simple Bayesian classifier 

known as the naïve Bayesian classifier to be comparable in performance with decision tree and 

selected neural network classifiers. 

Bayesian classifiers have also exhibited high accuracy and speed when applied to large 

databases. Naïve Bayesian classifiers assume that the effect of an attribute value on a given 

class is independent of the values of the other attributes. This assumption is called class 

conditional independence. It is made to simplify the computations involved and, in this sense, is 

considered “naïve.” 
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6. What is an outlier? (May/June 2009) (OR) 

Define outliers. List various outlier detection approaches. (May/June 2010) 

 

A database may contain data objects that do not comply with the general behavior or 

model of the data. These data objects are outliers. Most data mining methods discard outliers as 

noise or exceptions. These can be categorized into four approaches: the statistical approach, the 

distance-based approach, the density-based local outlier approach, and the deviation-based 

approach. 

 
7. Compare clustering and classification. (Nov/Dec 2009) 

 

Clustering techniques consider data tuples as objects. They partition the objects into 

groups or clusters, so that objects within a cluster are “similar” to one another and “dissimilar” 

to objects in other clusters. Similarity is commonly defined in terms of how “close” the objects 

are in space, based on a distance function. The “quality” of a cluster may be represented by its 

diameter, the maximum distance between any two objects in the cluster. Outliers may be 

detected by clustering, where similar values are organized into groups, or “clusters.” Intuitively, 

values that fall outside of the set of clusters may be considered outliers. 
 
8. What is meant by hierarchical clustering? (Nov/Dec 2009) 

 

A hierarchical method creates a hierarchical decomposition of the given set of data 

objects. A hierarchical method can be classified as being either agglomerative or divisive, 

based on how the hierarchical decomposition is formed. 

The agglomerative approach, also called the bottom-up approach, starts with each object forming 

a separate group. It successively merges the objects or groups that are close to one another, until 

all of the groups are merged into one (the topmost level of the hierarchy), or until a termination 

condition holds. The divisive approach, also called the top-down approach, starts with all of the 

objects in the same cluster. In each successive iteration, a cluster is split up into smaller clusters, 

until eventually each object is in one cluster, or until a termination condition holds. 

 
9. What is Bayesian theorem? (May/June 2010) 

Let X be a data tuple. In Bayesian terms, X is considered “evidence.” As usual, it is 

described by measurements made on a set of n attributes. Let H be some hypothesis, such as 

that the data tuple X belongs to a specified class C. For classification problems, we want to 

determine P(HjX), the probability that the hypothesis H holds given the “evidence” or 

observed data tuple X. In other words, we are looking for the probability that tuple X belongs 

to class C, given that we know the attribute description of X. 
 

10. What is Association based classification? (Nov/Dec 2010)  

Association-based classification, which classifies documents based on a set of associated, 

frequently occurring text patterns. Notice that very frequent terms are likely poor 

discriminators. Thus only those terms that are not very frequent and that have good 

discriminative power will be used in document classification. Such an association-based 

classification method proceeds as follows: First, keywords and terms can be extracted by 

information retrieval and simple association analysis techniques. Second, concept hierarchies 

of keywords and terms can be obtained using available term classes, such asWordNet, or 

relying on expert knowledge, or some keyword classification systems. 
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11. Why tree pruning useful in decision tree induction? (May/June 2010) (Nov/Dec 2010) 

When a decision tree is built, many of the branches will reflect anomalies in the training 

data due to noise or outliers. Tree pruning methods address this problem of overfitting the 

data. Such methods typically use statistical measures to remove the least reliable branches. 
 
12. Compare the advantages of and disadvantages of eager classification (e.g., decision 

tree) versus lazy classification (k-nearest neighbor) (Nov/Dec 2010) 

 

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. Imagine a 

contrasting lazy approach, in which the learner instead waits until the last minute before doing 

any model construction in order to classify a given test tuple. That is, when given a training 

tuple, a lazy learner simply stores it (or does only a little minor processing) and waits until it is 

given a test tuple. 
 
13. What is called Bayesian classification? (Nov/Dec 2011) 

 

Bayesian classifiers are statistical classifiers. They can predict class membership 

probabilities, such as the probability that a given tuple belongs to a particular class. Bayesian 

classification is based on Bayes’ theorem, described below. Studies comparing classification 

algorithms have found a simple Bayesian classifier known as the naïve Bayesian classifier to be 

comparable in performance with decision tree and selected neural network classifiers. Bayesian 

classifiers have also exhibited high accuracy and speed when applied to large databases. 

PART-B 

 

1. Explain how data mining used in Market Basket analysis 
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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, rules  are interesting if they 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 anitemset. 

 An itemset that contains k items is ak-itemset. 
 The set {computer, antivirus software} is a2-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 theitemset. 

\ 

 

 

 

 Rules that satisfy both a minimum support threshold (min sup) and a 

minimum confidence threshold (min conf) are called Strong 

AssociationRules. 
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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 asa predetermined minimum support count,min_sup. 

2. Generate strong association rules from the frequent itemsets: By definition, these 

rules must satisfy minimum support and minimumconfidence. 

 

 

2. Explain the apriori algorithm for finding Finding Frequent Itemsets with suitable 

example?[Nov-Dec 2014] 

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 

Lkrequires one full scan of thedatabase. 

 

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 itsuse. 

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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3. Explain 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  

frequentitemor―patternfragment,‖andmineseachsuchdatabaseseparately.You’llseehowitworkswith

the followingexample. 

 

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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4. Explain Mining Various Kinds of Association Rules used in data mining system? 

 
1) Mining Multilevel AssociationRules 

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 abstractionspaces. 

 

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 AllElectronicsstore, 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. 

 

 

 

 A concept hierarchy for AllElectronicscomputer items. 

 

 

 

Association rules generated from mining data at multiple levels of abstraction are called 
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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 itsvariations. 

 

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 

minimumsupport. 

 

 

 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 consideredfrequent. 

 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 

thesecategories. 
2) Mining Multidimensional Association Rules from Relational Databases 

andDataWarehouses 
We have studied association rules that imply a single predicate, that is, the predicate buys. For 
instance, in mining our 

AllElectronicsdatabase, 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 
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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: 

 

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 anitemset. 
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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, 

 

 

whereAquan1 and Aquan2 are tests on quantitative attribute intervals (where the intervals are 

dynamically determined), and  Acattests 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 

 
 

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, wheretheintervalsareconsidered―bins.‖Threecommonbinningstrategiesareaasfollows: 
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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 rulemining. 

 

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, 

objectiveinterestingnessmeasures,basedonthestatistics―behind‖thedata,canbeusedasonesteptowardthegoal

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 itemsetsA 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 

unrelatedoruninterestingtotheusers.Often,usershaveagoodsenseofwhich―direction‖ofminingmayleadtoint

eresting 

patternsandthe―form‖ofthepatternsorrulestheywouldliketofind.Thus,agoodheuristicistohavetheusersspeci

fy 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: 
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1) Metarule-Guided Mining of AssociationRules 

“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. 

 

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.Ametarule can be used to specify this information describing the form of 

rules you are interested in finding. An example of such a metaruleis 

 

 

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 RuleConstraints 

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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5. What is Classification? With an example and explain how support vector machine can be 

used classification [Nov/Dec 2011] 

 

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 AllElectronicsneeds 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,‖ 

―treatmentB,‖or―treatmentC‖forthemedicaldata.Thesecategoriescanberepresentedbydiscretevalue

s, 

wheretheorderingamongvalueshasnomeaning.Forexample,thevalues1,2,and3maybeusedtorepresent 

treatmentsA,B,andC,wherethereisnoorderingimpliedamongthisgroupoftreatmentregimes. 

 

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 duringlearning. 

 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,whenaddedtothetimespentonlearningfromtheresulting―reduced‖attribute(orfeature) 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 andscalability. 

 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 binaryattributes). 
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Comparing Classification and Prediction Methods 

 

Classification and prediction methods can be compared and evaluated according to the following 

criteria: 

 

 Accuracy 

 Speed 

 Robustness 

 Scalability 

 Interpretability 

 

Learning Systems 

 

 Learning systemsconsider 

 

 Solved cases - cases assigned to aclass 

 

 Information from the solved cases - general decisionrules 

 

 Rules - implemented in amodel 

 

 Model - applied to newcases 

 

 Different types of models - present their results in variousforms 

 

 Linear discriminant model - mathematical equation (p = ax1 + bx2 + cx3 + dx4 + ex5). 

 

 Presentationcomprehensibility 

 

6. Explain how Decision Trees are used in prediction? 

 

1. Let Tbe the set of traininginstances. 

 

2. Choose an attribute that best differentiates the instances contained inT. 

 

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 

theinstances intosubclasses 

 

4. For each subclass created in step3: 

 

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 

decisionpath. 

 

b. If the subclass does not satisfy the predefined criteria and there is at least one attribute 

tofurther subdivide the path of the tree, let T be the current set of subclass instances and return to 

step2. 
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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, 

 
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. 
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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 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 notallowed. 

 

• 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 descendentsubtrees. 

 

• Trees created from numeric datasets can be quite complex as attribute splits for numeric 

data are typicallybinary. 
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Classification by Decision Tree Induction 

 

• Decisiontree 

 

– A flow-chart-like treestructure 

 

– Internal node denotes a test on anattribute 

 

– Branch represents an outcome of thetest 
– Leaf nodes represent class labels or classdistribution 

 

• Decision tree generation consists of twophases 

 

– Treeconstruction 

 

• At start, all the training examples are at theroot 

 

• Partition examples recursively based on selectedattributes 

 

– Tree pruning 

 

• Identify and remove branches that reflect noise oroutliers 

 

o Use of decision tree: Classifying an unknown sample Test the attribute values 

of the sample against the decision tree. 

 

7. Explain how Bayesian Belief Networks is used in data mining? 

 

 

Bayesian Belief Networks (II) 

 

 Bayesian belief network allows a subset of the variables conditionallyindependent 

 A graphical model of causalrelationships 

 Several cases of learning Bayesian beliefnetworks 

o Given both network structure and all the variables:easy 

o Given network structure but only somevariables 

o When the network structure is not known inadvance. 
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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 attributetests 

(A1 = v1) and (A2 = v2) and … and (An = vn) 

� y is the classlabel 

– LHS: rule antecedent orcondition 

– RHS: ruleconsequent 

 

 

 

8. Explain how neural networks used in classification? 

 Advantages 

 

o prediction accuracy is generallyhigh 

 

o robust, works when training examples containerrors 

 

o output may be discrete, real-valued, or a vector of several discrete or real-valuedattributes 

 

o fast evaluation of the learned targetfunction 

 

 Criticism 

 

o long trainingtime 

 

o difficult to understand the learned function(weights) 

 

o not easy to incorporate domainknowledge 
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A  Neuron: 

 The n-dimensional input vector x is mapped into variable y by means of the scalar 

product and a nonlinear functionmapping 

 

Network Training: 

 

 The ultimate objective oftraining 

 

o obtain a set of weights that makes almost all the tuples in the training data 

classifiedcorrectly 

 

 Steps 

 

o Initialize weights with randomvalues 

 

o Feed the input tuples into the network one byone 
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o For eachunit 

 

 Compute the net input to the unit as a linear combination of all the inputs to theunit 

 

 Compute the output value using the activationfunction 

 

 Compute theerror 

 

 Update the weights and thebias. 

 

Multi-Layer Perceptron 

 

 

Network Pruning and Rule Extraction: 

 

 Networkpruning 

 

o Fully connected network will be hard toarticulate 

 

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 

thenetwork 

 

 Extracting rules from a trainednetwork 

 

o Discretize activation values; replace individual activation value by the cluster 

average maintaining the networkaccuracy 

 

o Enumerate the output from the discretized activation values to find rules 

betweenactivation value andoutput 

 

o Find the relationship between the input and activationvalue 
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o Combine the above two to have rules relating the output toinput. 

 

9. What is classification? With an example and explain how support vector machine can be 

used for classification? [Nov-Dec 2011] 

 

• What do we mean with classification, why is ituseful 

 

• Machine learning- basicconcept 

 

• Support Vector Machines(SVM) 

 

– Linear SVM – basic terminology and someformulas 

 

– Non-linear SVM – the Kerneltrick 

 

• An example: Predicting protein subcellular location withSVM 

 

• Performancemeasurments 

 

Classification 

 

• Everyday, all the time we classifythings. 

 

• Eg crossing the street: 

 

– Is there a carcoming? 

 

– At whatspeed? 

 

– How far is it to the otherside? 

 

– Classification: Safe to walk ornot!!! 

 

Classification tasks 

 

• LearningTask 

 

– Given: Expression profiles of leukemia patients and healthypersons. 

 

– Compute: A model distinguishing if a person has leukemia from expressiondata. 

 

• ClassificationTask 

 

– Given: Expression profile of a new patient + a learnedmodel 

 

– Determine: If a patient has leukemia ornot. 
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Problems in classifying data 

 

• Often high dimension ofdata. 

 

• Hard to put up simplerules. 

 

• Amount ofdata. 

 

• Need automated ways to deal with thedata. 

 
• Usecomputers–

dataprocessing,statisticalanalysis,trytolearnpatternsfromthedata(MachineLearning) 
 

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 forprediction. 

 

 

Tennis example 2 
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Linearly Separable Classes 

 

 

 

 

 

 

 

 

 

 

 

Linear Support Vector Machines 

 

Selection of a Good Hyper-Plane: 

 

 

Problems with linear SVM 
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10. Explain other Classification Methods 

 k-nearest neighborclassifier 

 case-basedreasoning 

 Geneticalgorithm 

 Rough setapproach 

 Fuzzy setapproaches 

 

1) k-Nearest-NeighborClassifiers 

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 

tuplesthatareclosesttotheunknowntuple.Thesektrainingtuplesarethek―nearestneighbors‖oftheunknown 

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 
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2) Case-BasedReasoning 

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 

newcase.Ifincompatibilitiesarisewiththeindividualsolutions,then backtracking tosearch for 

other.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-basedlearning: 

o Store training examples and delay the processing (“lazy evaluation”) until a new 

instance must beclassified 

 Typical approaches 

o k-nearest neighborapproach 

 Instances represented as points in a Euclideanspace. 

o Locally weightedregression 

 Constructs localapproximation 

o Case-basedreasoning 

 Uses symbolic representations and knowledge-basedinference 

 

 

Remarks on Lazy vs. Eager Learning 

 Instance-based learning:  lazyevaluation 

 Decision-tree and Bayesian classification:  eagerevaluation 
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 Keydifferences 

o Lazy method may consider query instance xqwhen deciding how to generalize beyond 

the training dataD 

o Eager method cannot since they have already chosen global approximation when seeing 

the query 

 Efficiency: Lazy - less time training but more timepredicting 

 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 targetfunction 

o Eager: must commit to a single hypothesis that covers the entire instancespace 

 

 

 

11. What are the prediction technique supported by a data mining system? [Nov-Dec 2014] 

 Prediction is similar toclassification 

o First, construct amodel 

o Second, use model to predict unknownvalue 

 Major method for prediction isregression 

 Linear and multipleregression 

 Non-linearregression 

 

 Prediction is different fromclassification 

o Classification refers to predict categorical classlabel 

o Prediction models continuous-valuedfunctions 

 Predictive modeling: Predict data values orconstruct generalized linear models based on 

thedatabase data. 

 One can only predict value ranges or categorydistributions 

 Methodoutline: 

 Minimalgeneralization 

 Attribute relevanceanalysis 

 Generalized linear modelconstruction 

 Prediction 

 Determine the major factors which influence theprediction 

o Data relevance analysis: uncertainty measurement, entropy analysis, expert 

judgement,etc. 

 Multi-level prediction: drill-down and roll-upanalysis 
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Prediction: Categorical Data: 
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UNIT V 

     

CLUSTERING, APPLICATIONS AND TRENDS IN DATA MINING 

PART-A 

 

1. What do you go for clustering analysis? (Nov/Dec 2011)Clustering can be used to generate a 

concept hierarchy for A by following either a top down splitting strategy or a bottom- up merging 

strategy, where each cluster forms a node of the concept hierarchy. In the former, each initial cluster 

or partition may be further decomposed into several subclusters, forming a lower level of the 

hierarchy. In the latter, clusters are formed by repeatedly grouping neighboring clusters in order to 

form higher- level concepts. 

 
2. What are the requirements of cluster analysis? (Nov/Dec 2010) 

• Scalability 

• Ability to deal with different types of attributes Discovery of clusters with arbitrary shape  
• Minimal requirements for domain knowledge to determine input parameters 

Ability to deal with noisy data 

• Incremental clustering and insensitivity to the order of input records 

High dimensionality 

• Constraint-based clustering   

 
3. What is mean by cluster analysis? (April/May 2008) 

A cluster analysis is the process of analyzing the various clusters to organize the different objects into 

meaningful and descriptive object. 
 
4. Define CLARANS. 

CLARANS(Cluster Large Applications based on Randomized Search) to improve the quality of 

CLARA we go for CLARANS. It Draws sample with some randomness in each step of search. It 

overcome the problem of scalability that K-Medoids suffers from. 

 

5.Define BIRCH,ROCK and CURE. 

  BIRCH(Balanced Iterative Reducing and Clustering Using Hierarchies): Partitions objects 

hierarchically using tree structures and then refines the clusters using other clustering methods.it defines 

a clustering feature and an associated tree structure that summarizes a cluster.The tree is a height 

balanced tree that stores cluster information. BIRCH doesn’t Produce spherical Cluster and may produce 

unintended cluster.  
ROCK(RObust Clustering using links): Merges clusters based on their interconnectivity. Great for 

categorical data. Ignores information about the looseness of two clusters while emphasizing 

interconnectivity. 

CURE(Clustering Using Representatives): Creates clusters by sampling the database and shrinks them 

toward the center of the cluster by a specified fraction. Obviously better in runtime but lacking in 

precision. 
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6. What is meant by web usage mining? (Nov/Dec 2007)(April/May 2008)(Nov/Dec2009) 

(May/June 2010) 

Web usage mining is the process of extracting useful information from server logs i.e. users 

history.Web usage mining is the process of finding out what users are looking for on the Internet. 

Some users might be looking at only textual data, whereas some others might be interested in 

multimedia data. 

7.  What is mean by audio data mining? (Nov/Dec 2007) 

Audio data mining uses audio signals to indicate the patterns of data or the features of data mining 

results. Although visual data mining may disclose interesting patterns using graphical displays, it 

requires users to concentrate on watching patterns and identifying interesting or novel features within 

them. This can sometimes be quite tiresome. If patterns can be transformed into sound and music, then 

instead of watching pictures, we can listen to pitches, rhythms, tune, and melody in order to identify 

anything interesting or unusual. This may relieve some of the burden of visual concentration and be 

more relaxing than visual mining. Therefore, audio data mining is an interesting complement to visual 

mining. 
 
8. Define visual data mining. (April/May 2008) 

Visual data mining discovers implicit and useful knowledge from large data sets using data and/or 

knowledge visualization techniques. The human visual system is controlled by the eyes and brain, the 

latter of which can be thought of as a powerful, highly parallel processing and reasoning engine 

containing a large knowledge base. Visual data mining essentially combines the power of these 

components, making it a highly attractive and effective tool for the comprehension of data distributions, 

patterns, clusters, and outliers in data. 
 
9. What is mean by the frequency item set property? (Nov/Dec 008) 

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. 
 
10. Mention the advantages of hierarchical clustering. (Nov/Dec 2008) 

Hierarchical clustering (or hierarchic clustering) outputs a hierarchy, a structure that is more 

informative than the unstructured set of clusters returned by flat clustering. Hierarchical clustering does 

not require us to prespecify the number of clusters and most hierarchical algorithms that have been used 

in IR are deterministic. These advantages of hierarchical clustering come at the cost of lower efficiency. 
 
11. Define time series analysis. (May/June 2009) 

Time series analysis comprises methods for analyzing time series data in order to extract 

meaningful statistics and other characteristics of the data. Time series forecasting is the use of a 

model to predict future values based on previously observed values. Time series are very frequently 

plotted via line charts. 
 
12. What is mean by web content mining? (May/June 2009) 

Web content mining, also known as text mining, is generally the second step in Web data mining. 

Content mining is the scanning and mining of text, pictures and graphs of a Web page to determine the 

relevance of the content to the search query. This scanning is completed after the clustering of web pages 

through structure mining and provides the results based upon the level of relevance to the suggested 

query. With the massive amount of information that is available on the World Wide Web, content mining 

provides the results lists to search engines in order of highest relevance to the keywords in the query. 
 
13. Write down some applications of data mining.(Nov/Dec 2009) 

Financial Data Analysis, Retail Industry, Telecommunication Industry, Biological Data 
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Analysis, Scientific Applications, Intrusion Detection 

 

14. List out the methods for information retrieval. (May/June 2010) 

They generally either view the retrieval problem as a document selection problem or as a 

document ranking problem. In document selection methods, the query is regarded as specifying 

constraints for selecting relevant documents. A typical method of this category is the Boolean retrieval 

model, in which a document is represented by a set of keywords and a user provides a Boolean 

expression of keywords, such as “car and repair shops,” “tea or coffee” .  
Document ranking methods use the query to rank all documents in the order of relevance. For 

ordinary users and exploratory queries, these methods are more appropriate than document selection 

methods. 
 
15. What is the categorical variable? (Nov/Dec 2010) 

A categorical variable is a generalization of the binary variable in that it can take on more than 

two states. For example, map color is a categorical variable that may have, say, five states: red, yellow, 

green, 

pink, and blue. Let the number of states of a categorical variable be M. The states can be denoted by 

letters, symbols, or a set of integers, such as 1, 2, ..., M. Notice that such integers are used just for data 

handling and do not represent any specific ordering. 
 
16. What is the difference between row scalability and column scalability? (Nov/Dec 2010) 

  Data mining has two kinds of scalability issues: row (or database size) scalability and column (or 

dimension) scalability. A data mining system is considered row scalable if, when the number of rows is 

enlarged 10 times, it takes no more than 10 times to execute the same data mining queries. A data 

mining system is considered column scalable if the mining query execution time increases linearly with 

the number of columns (or attributes or dimensions). Due to the curse of dimensionality, it is much more 

challenging to make a system column scalable than row scalable. 
 
17. What are the major challenges faced in bringing data mining research to market? (Nov/Dec 

2010) 

The diversity of data, data mining tasks, and data mining approaches poses many challenging research 

issues in data mining. The development of efficient and effective data mining methods and systems, the 

construction of interactive and integrated data mining environments, the design of data mining languages, 

and the application of data mining techniques to solve large application problems are important tasks for 

data mining researchers and data mining system and application developers. 
 

18. What is mean by multimedia database? (Nov/Dec 2011) 

A multimedia database system stores and manages a large collection of multimedia data, such as 

audio, video, image, graphics, speech, text, document, and hypertext data, which contain text, text 

markups, and linkages. Multimedia database systems are increasingly common owing to the popular use 

of audio, video equipment, digital cameras, CD-ROMs, and the Internet. 
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PART-B 

 
1. Explain the  types of data in cluster analysis  and clustering in detail with example?[Nov/Dec 

2014] 

• Cluster: a collection of dataobjects 
 

o Similar to one another within the samecluster 
 

o Dissimilar to the objects in otherclusters 
 

• Clusteranalysis 
 

o Grouping a set of data objects intoclusters 
 

• Clustering is unsupervised classification: no predefinedclasses 
 

• Typicalapplications 
 

o As a stand-alone tool to get insight into datadistribution 
 

o As a preprocessing step for otheralgorithms 
 

• General Applications of Clustering: 
 

• PatternRecognition 
 

• Spatial DataAnalysis 
 

o create thematic maps in GIS by clustering featurespaces 
 

o detect spatial clusters and explain them in spatial datamining 
 

• ImageProcessing 
 

• Economic Science (especially marketresearch) 
 

• WWW 
 

o Documentclassification 
 

o Cluster Weblog data to discover groups of similar accesspatterns 
 

• Examples of Clustering Applications: 
 

• Marketing: Help marketers discover distinct groups in their customer bases, and then use this knowledge 

to develop targeted marketingprograms 
 

• Land use: Identification of areas of similar land use in an earth observationdatabase 
 

• Insurance: Identifying groups of motor insurance policy holders with a high average claimcost 
 
 

• 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 continentfaults 
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What Is Good Clustering? 
 

• A good clustering method will produce high quality clusterswith 
 

o high intra-classsimilarity 
 

o low inter-classsimilarity 
 

• 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 ofattributes 
 

• Discovery of clusters with arbitraryshape 
 

• Minimal requirements for domain knowledge to determine inputparameters 
 

• Able to deal with noise andoutliers 
 

• Insensitive to order of inputrecords 
 

• Highdimensionality 
 

• Incorporation of user-specifiedconstraints 
 

• Interpretability andusability 
 
 

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 differentgroups. 
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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 areneeded. 

 
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 tocontrol. 

 
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 ofinput. 

 
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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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 acluster. 
 

• The definitions of distance functions are usually very different for interval-scaled, boolean, categorical, 

ordinal and ratiovariables. 

 

• Weights should be associated with different variables based on applications and datasemantics. 
 

• It is hard to define “similar enough” or “goodenough” 
 

 The answer is typically highlysubjective. 
 

Type of data in clustering analysis: 
 

• Interval-scaledvariables: 
 

• Binaryvariables: 
 

• Nominal, ordinal, and ratiovariables: 
 

• Variables of mixedtypes: 
 

Interval-valued variables: 
 

 Standardizedata 
 

 Calculate the mean absolutedeviation: 

s 1(|x m ||x m |...|x m |) 
 
Where 

f n 1f f 2f f nf f 

1 
n 1f 2f 

 ... x
nf

). 
f 

m 


d(2,1)    
d(3,1) d (3,2) 0  
    

 : : :  
d(n,1) d (n,2) ... ... 0
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 Calculate the standardized measurement(z-score) 

z
if  


x m 
if f 

s 
f 

 Using mean absolute deviation is more robust than using standarddeviation 
 

Similarity and Dissimilarity between Objects: 
 

 Distances are normally used to measure the similarity or dissimilarity between two dataobjects 
 

 Some popular ones include: Minkowskidistance: 
 
 

d(i, j)






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 Manhattandistance 

d(i, j)|x x ||x x |...|x x | 
i1 j1 i2 j2 ip jp 

 If q = 2, d is Euclideandistance: 

 

d(i, j)


 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 

dissimilaritymeasures. 

 

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: Simplematching 
 

 m: # of matches, p: total # ofvariables 

 
d(i, j) pm 

q (|x 
i1 
x j1 

| |x 
q 

i2 
x j2 

| ...|x 
q q 

ip 
x 

jp 
|) 

(|x x 
i1 j1 |

2 |x 
i2 
 x 

j2 |
2 ...|x 

ip 
x |2) 

jp 
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 Method 2: use a large number of binaryvariables 
 

 creating a new binary variable for each of the M nominalstates 
 

Ordinal Variables: 
 

 An ordinal variable can be discrete orcontinuous 
 

 order is important, e.g.,rank 
 

 Can be treated likeinterval-scaled 
 

 replacing xif   by theirrank 

 

r {1,...,M } 
 

 map the range of each variable onto [0, 1] by replacing i-th object in the f-th variableby 
 

z
if  

r
if 
1 

M 1 
 
 

 compute the dissimilarity using methods for interval-scaledvariables 
 

2. Explain  various clustering  approaches used in data mining?[Nov/Dec 2014] 
 

 Partitioning algorithms: Construct various partitions and then evaluate them by somecriterion 
 

 Hierarchy algorithms: Create a hierarchical decomposition of the set of data (or objects) using some 

criterion 

 

 Density-based: based on connectivity and densityfunctions 
 

 Grid-based: based on a multiple-level granularitystructure 
 

 Model-based: A model is hypothesized for each of the clusters and the idea is to find the best fit of that 

model to eachother. 

 

 Partitioningapproach: 
 

o Construct various partitions and then evaluate them by some criterion, e.g., minimizing the sum 

of squareerrors 
 

o Typical methods: k-means, k-medoids,CLARANS 
 

 Hierarchicalapproach: 
 

o Create a hierarchical decomposition of the set of data (or objects) using somecriterion 
 

o Typical methods: Diana, Agnes, BIRCH, ROCK,CHAMELEON 
 

 Density-basedapproach: 
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o Based on connectivity and densityfunctions 
 

o Typical methods: DBSCAN, OPTICS,DenClue 
 

 Grid-basedapproach: 
 

o based on a multiple-level granularitystructure 
 

o Typical methods: STING, WaveCluster,CLIQUE 
 

 Model-based: 
 

o A model is hypothesized for each of the clusters and tries to find the best fit of that model to  

eachother 

o Typical methods: EM, SOM,COBWEB 
 

 Frequentpattern-based: 
 

o Based on the analysis of frequentpatterns 
 

o Typical methods:pCluster 
 

 User-guided orconstraint-based: 
 

o Clustering by considering user-specified or application-specificconstraints 
 

o Typical methods: COD (obstacles), constrainedclustering 
 

 



3. Explain Partitioning Method-K-mean clustering with example? 
 

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 ink-means 

4. k 

5. m1 tmi 

6. Km 

(Cm 

7. tmi ) 
2 
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Given a k, find a partition of k clusters that optimizes the chosen partitioningcriterion 
 

a. Global optimal: exhaustively enumerate allpartitions 
 

b. Heuristic methods: k-means and k-medoidsalgorithms 
 

c. k-means (MacQueen’67): Each cluster is represented by the center of thecluster 
 

d. k-medoidsor PAM (Partition around medoids) (Kaufman & Rousseeuw’87): Each 

cluster is represented by one of the objects in thecluster 

 

The K-Means Clustering Method: 
 

Given k, the k-means algorithm is implemented in foursteps: 
 

e. Partition objects into k nonemptysubsets 
 

f. Compute seed points as the centroids of the clusters of the current partition (the 

centroid is the center, i.e., mean point, of thecluster) 

 

g. Assign each object to the cluster with the nearest seedpoint 
 

h. Go back to Step 2, stop when no more newassignment 
 

 

 

 

The K-Means Clustering Method: 
 

 

 Comments on the K-Means Method: 
 

 Strength:  Relatively  efficient:  O(tkn),  where  n  is  #  objects,  k  is  #  clusters,andt

 is#iterations. Normally, k, t <<n. 

o 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 
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techniques such as: deterministic annealing and geneticalgorithms 

 

 Weakness 
 

o Applicable only when mean is defined, then what about categoricaldata? 
 

o Need to specify k, the number of clusters, inadvance 
 

o Unable to handle noisy data andoutliers 
 

o Not suitable to discover clusters with non-convexshapes 
 

 Variations of the K-Means Method: 
 

 A few variants of the k-means which differin 
 

o Selection of the initial kmeans 
 

o Dissimilaritycalculations 
 

o Strategies to calculate clustermeans 
 
 

 Handling categorical data: k-modes(Huang’98) 
 

o Replacing means of clusters withmodes 
 

o Using new dissimilarity measures to deal with categoricalobjects 
 

o Using a frequency-based method to update modes ofclusters 
 

o A mixture of categorical and numerical data: k-prototypemethod 
 

Disadvanage: 
 

 The k-means algorithm is sensitive to outliers! 
 

o 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 acluster. 

 

 

 
 The K-MedoidsClustering Method: 

 

 Find representative objects, called medoids, inclusters 
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 PAM (Partitioning Around Medoids,1987) 
 

o starts from an initial set of medoids and iteratively replaces one of the medoids 

by oneof the non-medoids if it improves the total distance of the 

resultingclustering 

o PAM works effectively for small data sets, but does not scale well for large datasets 
 

 CLARA (Kaufmann &Rousseeuw,1990) 
 

o CLARANS (Ng & Han, 1994): Randomizedsampling 
 

o Focusing + spatial data structure (Ester et al.,1995) 
 
 

A Typical K-Medoids Algorithm (PAM): 
 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Get useful study materials from www.rejinpaul.com

www.rejinpaul.com



 

 
 

 

4. Explain Hierarchical method clustering of classification with example?[Nov/Dec 2014] 
 

 Use distance matrix. This method does not require the number of clusters k as an input, 

but needs a terminationcondition 
 

 

AGNES (Agglomerative Nesting): 
 

 Introduced in Kaufmann and Rousseeuw(1990) 
 

 Implemented in statistical analysis packages, e.g.,Splus 
 

 Use the Single-Link method and the dissimilaritymatrix. 
 

 Merge nodes that have the leastdissimilarity 
 

 Go on in a non-descendingfashion 
 

 Eventually all nodes belong to the samecluster 
 

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 ofAGNES 
 

 Eventually each node forms a cluster on itsown 
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Recent Hierarchical Clustering Methods: 
 

 Major weakness of agglomerative clusteringmethods 
 

o do not scale well: time complexity of at least O(n
2
), where n is the number of 

totalobjects 
 

o can never undo what was donepreviously 
 

 Integration of hierarchical with distance-basedclustering 
 

o BIRCH (1996): uses CF-tree and incrementally adjusts the quality ofsub-clusters 
 

o ROCK (1999): clustering categorical data by neighbor and linkanalysis 
 

o CHAMELEON (1999): hierarchical clustering using dynamicmodeling 
 

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 multiphaseclustering 
 

o 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 thedata) 

o Phase 2: use an arbitrary clustering algorithm to cluster the leaf nodes of theCF-tree 
 
 

 Scales linearly: finds a good clustering with a single scan and improves the quality with a 

few additionalscans 

 

 Weakness: handles only numeric data, and sensitive to the order of the datarecord. 
 

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=1Xi 
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CF-Tree in BIRCH: 
 

• Clusteringfeature: 
 

• summary of the statistics for a given subcluster: the 0-th, 1st and 2nd moments of 

the subcluster from the statistical point ofview. 

 

• registers crucial measurements for computing cluster and utilizes storageefficiently 
 

A CF tree is a height-balanced tree that stores the clustering features for a 

hierarchicalclustering 
 

• A nonleaf node in a tree has descendants or“children” 
 

• The nonleaf nodes store sums of the CFs of theirchildren 
 

A CF tree has twoparameters 
 

• Branching factor: specify the maximum number ofchildren. 
 

• threshold: max diameter of sub-clusters stored at the leafnodes 
 
 

If memory not enough, rebuild the tree from leaf node by adjustingthreshold 
 

Clustering Categorical Data: The ROCK Algorithm: 
 

ROCK: RObust Clustering usinglinKs 
 

• S. Guha, R. Rastogi& K. Shim,ICDE’99 
 

Major ideas 
 

• Use links to measuresimilarity/proximity 
 

• Notdistance-based 
 

• Computationalcomplexity: 
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Algorithm: sampling-basedclustering 
 

• Draw randomsample 
 

• Cluster withlinks 
 

• Label data indisk 
 

• Experiments 
 

• Congressional voting, mushroomdata 
 

Similarity Measure in ROCK: 
 

5. Explain CHAMELEON: Hierarchical Clustering Using Dynamic  modeling? 
 

 

• Measures the similarity based on a dynamicmodel 
 

o 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 theclusters 
 

o Cure ignores information about interconnectivity of the objects, Rock 

ignores information about the closeness of twoclusters 

 

• A two-phasealgorithm 
 

o Use a graph partitioning algorithm: cluster objects into a large number of 

relativelysmall sub-clusters 

 

o Use an agglomerative hierarchical clustering algorithm: find the genuine 

clustersby repeatedly combining thesesub-clusters 

 

 

 

 

Overall Framework of CHAMELEON: 
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6. Explain Density-Based Clustering Methods of classification with example? 
 

 Clustering based on density (local cluster criterion), such as density-connectedpoints 
 

 Majorfeatures: 
 

o Discover clusters of arbitraryshape 
 

o Handlenoise 
 

o One scan 
 

o Need density parameters as terminationcondition 
 

 Several interestingstudies: 
 

o DBSCAN: Ester, et al.(KDD’96) 
 

o OPTICS: Ankerst, et al(SIGMOD’99). 
 

o DENCLUE: Hinneburg& D. Keim(KDD’98) 
 

o CLIQUE: Agrawal, et al. (SIGMOD’98) (moregrid-based) 
 
 

 DBSCAN: The Algorithm: 
 

o Arbitrary select a pointp 
 

o Retrieve all points density-reachable from p w.r.t. EpsandMinPts. 
 

o If p is a core point, a cluster isformed. 
 

o If p is a border point, no points are density-reachable from p and DBSCAN visits the next 

point of thedatabase. 

 

o Continue the process until all of the points have beenprocessed. 
 

o Grid-Based Clustering Method: 
 

o Using multi-resolution grid datastructure 
 

 Several interestingmethods 
 

o STING (a STatisticalINformation Grid approach) by Wang, Yang and Muntz(1997) 
 

o WaveCluster by Sheikholeslami, Chatterjee, and Zhang(VLDB’98) 
 

 A multi-resolution clustering approach using waveletmethod 
 

o 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: 
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o Wang, Yang and Muntz(VLDB’97) 
 

o The spatial area area is divided into rectangularcells 
 

o There are several levels of cells corresponding to different levels ofresolution 
 

 The STING Clustering Method: 
 

o Each cell at a high level is partitioned into a number of smaller cells in the 

nextlower level 

 

o Statistical info of each cell is calculated and stored beforehand and is used to 

answer queries 
 

o 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. 
 

o Use a top-down approach to answer spatial dataqueries 
 
 

o Start from a pre-selected layer—typically with a small number ofcells 
 

o For each cell in the current level compute the confidenceinterval 
 

Comments on STING: 
 

 Remove the irrelevant cells from furtherconsideration 
 

 When finish examining the current layer, proceed to the next lowerlevel 
 

 Repeat this process until the bottom layer isreached 
 

 Advantages: 
 

o Query-independent, easy to parallelize, incrementalupdate 
 

o O(K), where K is the number of grid cells at the lowestlevel 
 

 Disadvantages: 
 

o All the cluster boundaries are either horizontal or vertical, and no diagonal boundary is 

detected 

 

 

 EM (Expectation maximization),AutoClass 
 

 
 

 Conceptualclustering 
 

o A form of clustering in machinelearning 
 

o Produces a classification scheme for a set of unlabeledobjects 
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o Finds characteristic description for each concept(class) 
 
 

 COBWEB(Fisher’87) 
 

o A popular a simple method of incremental conceptuallearning 
 

o Creates a hierarchical clustering in the form of a classificationtree 
 

o Each node refers to a concept and contains a probabilistic description of thatconcept 
 

 Neural Network Approach: 
 

 Neural networkapproaches 
 

o Represent each cluster as an exemplar, acting as a “prototype” of thecluster 
 

o New objects are distributed to the cluster whose exemplar is the most similar according 

to some distancemeasure 

 

 Typicalmethods 
 

o SOM (Soft-Organizing featureMap) 
 

o Competitivelearning 
 

 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 thepartition. 
 

 Identify the subspaces that contain clusters using the Aprioriprinciple 
 

 Identifyclusters 
 

o Determine dense units in all subspaces ofinterests 
 

o Determine connected dense units in all subspaces ofinterests. 
 

 Generate minimal description for theclusters 
 

o Determine maximal regions that cover a cluster of connected dense units for eachcluster 
 

o Determination of minimal cover for eachcluster 
 

 Frequent Pattern-Based Approach: 
 

 Clustering high-dimensional space (e.g., clustering text documents, microarraydata) 
 

o Projected subspace-clustering: which dimensions to be projectedon? 
 

 CLIQUE,ProClus 
 

o Feature extraction: costly and may not be effective? 
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o Using frequent patterns as“features” 
 

 “Frequent” are inherentfeatures 
 

 Mining freq. patterns may not be soexpensive 
 

 Typicalmethods 
 

o Frequent-term-based documentclustering 
 

o Clustering by pattern similarity in micro-array data(pClustering) 
 

7. Explain Outlier analysis with example? 

• Assume a model underlying distribution that generates data set (e.g. normal distribution) 
 

• Use discordancy tests dependingon 
 

o datadistribution 
 

o distribution parameter (e.g., mean,variance) 
 

o number of expectedoutliers 
 

• Drawbacks 
 

o most tests are for singleattribute 
 

o In many cases, data distribution may not be known 

Outlier Discovery: Distance-BasedApproach: 

• Introduced to counter the main limitations imposed by statisticalmethods 
 

o We need multi-dimensional analysis without knowing datadistribution 
 
 

• 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 fromO 

 

• Algorithms for mining distance-basedoutliers 
 

o Index-basedalgorithm 
 

o Nested-loopalgorithm 
 

o Cell-basedalgorithm 
 

Density-Based Local Outlier Detection: 
 

• Distance-based outlier detection is based on global distancedistribution 
 

• It encounters difficulties to identify outliers if data is not uniformlydistributed 
 

• 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 anoutlier 
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• Need the concept of localoutlier 
 

Outlier Discovery: Deviation-Based Approach: 
 

• Identifies outliers by examining the main characteristics of objects in agroup 
 

• Objects that “deviate” from this description are consideredoutliers 
 

• Sequential exceptiontechnique 
 

o simulates the way in which humans can distinguish unusual objects from among a 

series of supposedly likeobjects 

 

• OLAP data cubetechnique 
 

o uses data cubes to identify regions of anomalies in large multidimensionaldata 
 

• Summary: 
 

• Cluster analysis groups objects based on their similarity  and has wideapplications 
 

• Measure of similarity can be computed for various types ofdata 
 

• Clustering algorithms can be categorized into partitioning methods, hierarchical 

methods, density-based methods, grid-based methods, and model-basedmethods 

 

• Outlier detection and analysis are very useful for fraud detection, etc. and can be 

performedby statistical, distance-based or deviation-basedapproaches 
 

• There are still lots of research issues on clusteranalysis 
 
 

Problems and Challenges: 
 

• Considerable progress has been made in scalable clusteringmethods 
 

o Partitioning: k-means, k-medoids,CLARANS 
 

o Hierarchical: BIRCH, ROCK,CHAMELEON 
 

o Density-based: DBSCAN, OPTICS,DenClue 
 

o Grid-based: STING, WaveCluster,CLIQUE 
 

o Model-based: EM, Cobweb,SOM 
 

o Frequent pattern-based:pCluster 
 

o 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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