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UNIT-I 

An Introduction to Data Mining                           (CO1) 

Discovering hidden value in your data warehouse 

Overview: Data mining, the extraction of hidden predictive 

information from large databases, is a powerful new technology 
with great potential to help companies focus on the most 
important information in their data warehouses. Data mining 
tools predict future trends and behaviors, allowing businesses to 
make proactive, knowledge-driven decisions. The automated, 
prospective analyses offered by data mining move beyond the 
analyses of past events provided by retrospective tools typical of 
decision support systems. Data mining tools can answer 
business questions that traditionally were too time consuming to 
resolve. They scour databases for hidden patterns, finding 
predictive information that experts may miss because it lies 
outside their expectations. 

Most companies already collect and refine massive quantities of 
data. Data mining techniques can be implemented rapidly on 
existing software and hardware platforms to enhance the value 

 



of existing information resources, and can be integrated with 
new products and systems as they are brought on-line. When 
implemented on high performance client/server or parallel 
processing computers, data mining tools can analyze massive 
databases to deliver answers to questions such as, "Which 
clients are most likely to respond to my next promotional 
mailing, and why?" 

This white paper provides an introduction to the basic 
technologies of data mining. Examples of profitable applications 
illustrate its relevance to today’s business environment as well 
as a basic description of how data warehouse architectures can 
evolve to deliver the value of data mining to end users. 

The Foundations of Data Mining 

Data mining techniques are the result of a long process of 
research and product development. This evolution began when 
business data was first stored on computers, continued with 
improvements in data access, and more recently, generated 
technologies that allow users to navigate through their data in 
real time. Data mining takes this evolutionary process beyond 
retrospective data access and navigation to prospective and 
proactive information delivery. Data mining is ready for 
application in the business community because it is supported by 
three technologies that are now sufficiently mature:  

 Massive data collection  
 Powerful multiprocessor computers  
 Data mining algorithms  



Commercial databases are growing at unprecedented rates. A 
recent META Group survey of data warehouse projects found 
that 19% of respondents are beyond the 50 gigabyte level, while 
59% expect to be there by second quarter of 1996.1 In some 
industries, such as retail, these numbers can be much larger. The 
accompanying need for improved computational engines can 
now be met in a cost-effective manner with parallel 
multiprocessor computer technology. Data mining algorithms 
embody techniques that have existed for at least 10 years, but 
have only recently been implemented as mature, reliable, 
understandable tools that consistently outperform older 
statistical methods. 

In the evolution from business data to business information, 
each new step has built upon the previous one. For example, 
dynamic data access is critical for drill-through in data 
navigation applications, and the ability to store large databases is 
critical to data mining. From the user’s point of view, the four 
steps listed in Table 1 were revolutionary because they allowed 
new business questions to be answered accurately and quickly. 
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Table 1. Steps in the Evolution of Data Mining. 

The core components of data mining technology have been 
under development for decades, in research areas such as 
statistics, artificial intelligence, and machine learning. Today, 
the maturity of these techniques, coupled with high-performance 
relational database engines and broad data integration efforts, 
make these technologies practical for current data warehouse 
environments. 



The Scope of Data Mining                                      (CO1) 

Data mining derives its name from the similarities between 
searching for valuable business information in a large database 
— for example, finding linked products in gigabytes of store 
scanner data — and mining a mountain for a vein of valuable 
ore. Both processes require either sifting through an immense 
amount of material, or intelligently probing it to find exactly 
where the value resides. Given databases of sufficient size and 
quality, data mining technology can generate new business 
opportunities by providing these capabilities:  

 Automated prediction of trends and behaviors. Data 
mining automates the process of finding predictive 
information in large databases. Questions that traditionally 
required extensive hands-on analysis can now be answered 
directly from the data — quickly. A typical example of a 
predictive problem is targeted marketing. Data mining uses 
data on past promotional mailings to identify the targets 
most likely to maximize return on investment in future 
mailings. Other predictive problems include forecasting 
bankruptcy and other forms of default, and identifying 
segments of a population likely to respond similarly to 
given events.  

 Automated discovery of previously unknown patterns. 
Data mining tools sweep through databases and identify 
previously hidden patterns in one step. An example of 
pattern discovery is the analysis of retail sales data to 
identify seemingly unrelated products that are often 
purchased together. Other pattern discovery problems 
include detecting fraudulent credit card transactions and 



identifying anomalous data that could represent data entry 
keying errors.  

         

Data mining techniques can yield the benefits of automation on 
existing software and hardware platforms, and can be 
implemented on new systems as existing platforms are upgraded 
and new products developed. When data mining tools are 
implemented on high performance parallel processing systems, 
they can analyze massive databases in minutes. Faster 
processing means that users can automatically experiment with 
more models to understand complex data. High speed makes it 
practical for users to analyze huge quantities of data. Larger 
databases, in turn, yield improved predictions.  

Databases can be larger in both depth and breadth:  

 More columns. Analysts must often limit the number of 
variables they examine when doing hands-on analysis due 
to time constraints. Yet variables that are discarded because 
they seem unimportant may carry information about 
unknown patterns. High performance data mining allows 
users to explore the full depth of a database, without 
preselecting a subset of variables.  

 More rows. Larger samples yield lower estimation errors 
and variance, and allow users to make inferences about 
small but important segments of a population.  

A recent Gartner Group Advanced Technology Research Note 
listed data mining and artificial intelligence at the top of the five 
key technology areas that "will clearly have a major impact 



across a wide range of industries within the next 3 to 5 years."2 
Gartner also listed parallel architectures and data mining as two 
of the top 10 new technologies in which companies will invest 
during the next 5 years. According to a recent Gartner HPC 
Research Note, "With the rapid advance in data capture, 
transmission and storage, large-systems users will increasingly 
need to implement new and innovative ways to mine the after-
market value of their vast stores of detail data, employing MPP 
[massively parallel processing] systems to create new sources of 
business advantage (0.9 probability)."3  

The most commonly used techniques in data mining are:  

 Artificial neural networks: Non-linear predictive models 
that learn through training and resemble biological neural 
networks in structure.  

 Decision trees: Tree-shaped structures that represent sets 
of decisions. These decisions generate rules for the 
classification of a dataset. Specific decision tree methods 
include Classification and Regression Trees (CART) and 
Chi Square Automatic Interaction Detection (CHAID) .  

 Genetic algorithms: Optimization techniques that use 
processes such as genetic combination, mutation, and 
natural selection in a design based on the concepts of 
evolution.  

 Nearest neighbor method: A technique that classifies each 
record in a dataset based on a combination of the classes of 
the k record(s) most similar to it in a historical dataset 



(where k ³ 1). Sometimes called the k-nearest neighbor 
technique.  

 Rule induction: The extraction of useful if-then rules from 
data based on statistical significance.  

Many of these technologies have been in use for more than a 
decade in specialized analysis tools that work with relatively 
small volumes of data. These capabilities are now evolving to 
integrate directly with industry-standard data warehouse and 
OLAP platforms. The appendix to this white paper provides a 
glossary of data mining terms. 

How Data Mining Works 

How exactly is data mining able to tell you important things that 
you didn't know or what is going to happen next? The technique 
that is used to perform these feats in data mining is called 
modeling. Modeling is simply the act of building a model in one 
situation where you know the answer and then applying it to 
another situation that you don't. For instance, if you were 
looking for a sunken Spanish galleon on the high seas the first 
thing you might do is to research the times when Spanish 
treasure had been found by others in the past. You might note 
that these ships often tend to be found off the coast of Bermuda 
and that there are certain characteristics to the ocean currents, 
and certain routes that have likely been taken by the ship’s 
captains in that era. You note these similarities and build a 
model that includes the characteristics that are common to the 
locations of these sunken treasures. With these models in hand 
you sail off looking for treasure where your model indicates it 



most likely might be given a similar situation in the past. 
Hopefully, if you've got a good model, you find your treasure. 

This act of model building is thus something that people have 
been doing for a long time, certainly before the advent of 
computers or data mining technology. What happens on 
computers, however, is not much different than the way people 
build models. Computers are loaded up with lots of information 
about a variety of situations where an answer is known and then 
the data mining software on the computer must run through that 
data and distill the characteristics of the data that should go into 
the model. Once the model is built it can then be used in similar 
situations where you don't know the answer. For example, say 
that you are the director of marketing for a telecommunications 
company and you'd like to acquire some new long distance 
phone customers. You could just randomly go out and mail 
coupons to the general population - just as you could randomly 
sail the seas looking for sunken treasure. In neither case would 
you achieve the results you desired and of course you have the 
opportunity to do much better than random - you could use your 
business experience stored in your database to build a model. 

As the marketing director you have access to a lot of 
information about all of your customers: their age, sex, credit 
history and long distance calling usage. The good news is that 
you also have a lot of information about your prospective 
customers: their age, sex, credit history etc. Your problem is that 
you don't know the long distance calling usage of these 
prospects (since they are most likely now customers of your 
competition). You'd like to concentrate on those prospects who 
have large amounts of long distance usage. You can accomplish 



this by building a model. Table 2 illustrates the data used for 
building a model for new customer prospecting in a data 
warehouse. 

  Customers Prospects 

General information 

(e.g. demographic 

data) 

Known Known 

Proprietary 

information (e.g. 

customer 

transactions) 

Known Target 

Table 2 - Data Mining for Prospecting 

The goal in prospecting is to make some calculated guesses 
about the information in the lower right hand quadrant based on 
the model that we build going from Customer General 
Information to Customer Proprietary Information. For instance, 
a simple model for a telecommunications company might be: 

98% of my customers who make more than $60,000/year spend 
more than $80/month on long distance 

This model could then be applied to the prospect data to try to 
tell something about the proprietary information that this 
telecommunications company does not currently have access to. 



With this model in hand new customers can be selectively 
targeted. 

Test marketing is an excellent source of data for this kind of 
modeling. Mining the results of a test market representing a 
broad but relatively small sample of prospects can provide a 
foundation for identifying good prospects in the overall market. 
Table 3 shows another common scenario for building models: 
predict what is going to happen in the future. 

 

  Yesterday Today Tomorrow 

Static 

information and 

current plans 

(e.g. 

demographic 

data, marketing 

plans) 

Known Known Known 

Dynamic 

information (e.g. 

customer 

transactions) 

Known Known Target 

Table 3 - Data Mining for Predictions 



If someone told you that he had a model that could predict 
customer usage how would you know if he really had a good 
model? The first thing you might try would be to ask him to 
apply his model to your customer base - where you already 
knew the answer. With data mining, the best way to accomplish 
this is by setting aside some of your data in a vault to isolate it 
from the mining process. Once the mining is complete, the 
results can be tested against the data held in the vault to confirm 
the model’s validity. If the model works, its observations should 
hold for the vaulted data. 

An Architecture for Data Mining                               (CO1) 

To best apply these advanced techniques, they must be fully 
integrated with a data warehouse as well as flexible interactive 
business analysis tools. Many data mining tools currently 
operate outside of the warehouse, requiring extra steps for 
extracting, importing, and analyzing the data. Furthermore, 
when new insights require operational implementation, 
integration with the warehouse simplifies the application of 
results from data mining. The resulting analytic data warehouse 
can be applied to improve business processes throughout the 
organization, in areas such as promotional campaign 
management, fraud detection, new product rollout, and so on. 
Figure 1 illustrates an architecture for advanced analysis in a 
large data warehouse.  
  



 

Figure 1 - Integrated Data Mining Architecture 

The ideal starting point is a data warehouse containing a 
combination of internal data tracking all customer contact 
coupled with external market data about competitor activity. 
Background information on potential customers also provides an 
excellent basis for prospecting. This warehouse can be 
implemented in a variety of relational database systems: Sybase, 
Oracle, Redbrick, and so on, and should be optimized for 
flexible and fast data access. 

An OLAP (On-Line Analytical Processing) server enables a 
more sophisticated end-user business model to be applied when 
navigating the data warehouse. The multidimensional structures 
allow the user to analyze the data as they want to view their 
business – summarizing by product line, region, and other key 
perspectives of their business. The Data Mining Server must be 
integrated with the data warehouse and the OLAP server to 
embed ROI-focused business analysis directly into this 
infrastructure. An advanced, process-centric metadata template 
defines the data mining objectives for specific business issues 
like campaign management, prospecting, and promotion 
optimization. Integration with the data warehouse enables 
operational decisions to be directly implemented and tracked. As 



the warehouse grows with new decisions and results, the 
organization can continually mine the best practices and apply 
them to future decisions. 

This design represents a fundamental shift from conventional 
decision support systems. Rather than simply delivering data to 
the end user through query and reporting software, the 
Advanced Analysis Server applies users’ business models 
directly to the warehouse and returns a proactive analysis of the 
most relevant information. These results enhance the metadata 
in the OLAP Server by providing a dynamic metadata layer that 
represents a distilled view of the data. Reporting, visualization, 
and other analysis tools can then be applied to plan future 
actions and confirm the impact of those plans. 

Profitable Applications 

A wide range of companies have deployed successful 
applications of data mining. While early adopters of this 
technology have tended to be in information-intensive industries 
such as financial services and direct mail marketing, the 
technology is applicable to any company looking to leverage a 
large data warehouse to better manage their customer 
relationships. Two critical factors for success with data mining 
are: a large, well-integrated data warehouse and a well-defined 
understanding of the business process within which data mining 
is to be applied (such as customer prospecting, retention, 
campaign management, and so on).  

Some successful application areas include:  



 A pharmaceutical company can analyze its recent sales 
force activity and their results to improve targeting of high-
value physicians and determine which marketing activities 
will have the greatest impact in the next few months. The 
data needs to include competitor market activity as well as 
information about the local health care systems. The results 
can be distributed to the sales force via a wide-area network 
that enables the representatives to review the 
recommendations from the perspective of the key attributes 
in the decision process. The ongoing, dynamic analysis of 
the data warehouse allows best practices from throughout 
the organization to be applied in specific sales situations.  

 A credit card company can leverage its vast warehouse of 
customer transaction data to identify customers most likely 
to be interested in a new credit product. Using a small test 
mailing, the attributes of customers with an affinity for the 
product can be identified. Recent projects have indicated 
more than a 20-fold decrease in costs for targeted mailing 
campaigns over conventional approaches.  

 A diversified transportation company with a large direct 
sales force can apply data mining to identify the best 
prospects for its services. Using data mining to analyze its 
own customer experience, this company can build a unique 
segmentation identifying the attributes of high-value 
prospects. Applying this segmentation to a general business 
database such as those provided by Dun & Bradstreet can 
yield a prioritized list of prospects by region.  

 A large consumer package goods company can apply data 
mining to improve its sales process to retailers. Data from 
consumer panels, shipments, and competitor activity can be 
applied to understand the reasons for brand and store 



switching. Through this analysis, the manufacturer can 
select promotional strategies that best reach their target 
customer segments.  

Each of these examples have a clear common ground. They 
leverage the knowledge about customers implicit in a data 
warehouse to reduce costs and improve the value of customer 
relationships. These organizations can now focus their efforts on 
the most important (profitable) customers and prospects, and 
design targeted marketing strategies to best reach them. 

Conclusion 

Comprehensive data warehouses that integrate operational data 
with customer, supplier, and market information have resulted in 
an explosion of information. Competition requires timely and 
sophisticated analysis on an integrated view of the data. 
However, there is a growing gap between more powerful storage 
and retrieval systems and the users’ ability to effectively analyze 
and act on the information they contain. Both relational and 
OLAP technologies have tremendous capabilities for navigating 
massive data warehouses, but brute force navigation of data is 
not enough. A new technological leap is needed to structure and 
prioritize information for specific end-user problems. The data 
mining tools can make this leap. Quantifiable business benefits 
have been proven through the integration of data mining with 
current information systems, and new products are on the 
horizon that will bring this integration to an even wider audience 
of users. 



1 META Group Application Development Strategies: "Data 
Mining for Data Warehouses: Uncovering Hidden Patterns.", 
7/13/95 .  

2 Gartner Group Advanced Technologies and Applications 
Research Note, 2/1/95. 

3 Gartner Group High Performance Computing Research Note, 
1/31/95. 

Glossary of Data Mining Terms 

analytical model A structure and process for analyzing a 

dataset. For example, a decision tree is a 

model for the classification of a dataset.  

anomalous data Data that result from errors (for example, 

data entry keying errors) or that represent 

unusual events. Anomalous data should be 

examined carefully because it may carry 

important information. 

artificial neural 

networks 

Non-linear predictive models that learn 

through training and resemble biological 

neural networks in structure. 

CART Classification and Regression Trees. A 

decision tree technique used for 

classification of a dataset. Provides a set of 



rules that you can apply to a new 

(unclassified) dataset to predict which 

records will have a given outcome. 

Segments a dataset by creating 2-way splits. 

Requires less data preparation than CHAID. 

CHAID Chi Square Automatic Interaction 

Detection. A decision tree technique used 

for classification of a dataset. Provides a set 

of rules that you can apply to a new 

(unclassified) dataset to predict which 

records will have a given outcome. 

Segments a dataset by using chi square tests 

to create multi-way splits. Preceded, and 

requires more data preparation than, CART. 

classification The process of dividing a dataset into 

mutually exclusive groups such that the 

members of each group are as "close" as 

possible to one another, and different 

groups are as "far" as possible from one 

another, where distance is measured with 

respect to specific variable(s) you are trying 

to predict. For example, a typical 

classification problem is to divide a 

database of companies into groups that are 



as homogeneous as possible with respect to 

a creditworthiness variable with values 

"Good" and "Bad." 

clustering  The process of dividing a dataset into 

mutually exclusive groups such that the 

members of each group are as "close" as 

possible to one another, and different 

groups are as "far" as possible from one 

another, where distance is measured with 

respect to all available variables. 

data cleansing The process of ensuring that all values in a 

dataset are consistent and correctly 

recorded. 

data mining The extraction of hidden predictive 

information from large databases.  

data navigation The process of viewing different 

dimensions, slices, and levels of detail of a 

multidimensional database. See OLAP. 

data visualization  The visual interpretation of complex 

relationships in multidimensional data. 



data warehouse  A system for storing and delivering massive 

quantities of data. 

decision tree A tree-shaped structure that represents a set 

of decisions. These decisions generate rules 

for the classification of a dataset. See 

CART and CHAID. 

dimension In a flat or relational database, each field in 

a record represents a dimension. In a 

multidimensional database, a dimension is a 

set of similar entities; for example, a 

multidimensional sales database might 

include the dimensions Product, Time, and 

City. 

exploratory data 

analysis 

The use of graphical and descriptive 

statistical techniques to learn about the 

structure of a dataset. 

genetic algorithms Optimization techniques that use processes 

such as genetic combination, mutation, and 

natural selection in a design based on the 

concepts of natural evolution. 

linear model An analytical model that assumes linear 



relationships in the coefficients of the 

variables being studied.  

linear regression A statistical technique used to find the best-

fitting linear relationship between a target 

(dependent) variable and its predictors 

(independent variables). 

logistic regression A linear regression that predicts the 

proportions of a categorical target variable, 

such as type of customer, in a population. 

multidimensional 

database 

A database designed for on-line analytical 

processing. Structured as a 

multidimensional hypercube with one axis 

per dimension. 

multiprocessor 

computer 

A computer that includes multiple 

processors connected by a network. See 

parallel processing. 

nearest neighbor A technique that classifies each record in a 

dataset based on a combination of the 

classes of the k record(s) most similar to it 

in a historical dataset (where k ³ 1). 

Sometimes called a k-nearest neighbor 



technique. 

non-linear model An analytical model that does not assume 

linear relationships in the coefficients of the 

variables being studied. 

OLAP On-line analytical processing. Refers to 

array-oriented database applications that 

allow users to view, navigate through, 

manipulate, and analyze multidimensional 

databases. 

outlier A data item whose value falls outside the 

bounds enclosing most of the other 

corresponding values in the sample. May 

indicate anomalous data. Should be 

examined carefully; may carry important 

information. 

parallel 

processing 

The coordinated use of multiple processors 

to perform computational tasks. Parallel 

processing can occur on a multiprocessor 

computer or on a network of workstations 

or PCs. 

predictive model A structure and process for predicting the 



values of specified variables in a dataset. 

prospective data 

analysis 

Data analysis that predicts future trends, 

behaviors, or events based on historical 

data. 

RAID Redundant Array of Inexpensive Disks. A 

technology for the efficient parallel storage 

of data for high-performance computer 

systems. 

retrospective data 

analysis 

Data analysis that provides insights into 

trends, behaviors, or events that have 

already occurred. 

rule induction The extraction of useful if-then rules from 

data based on statistical significance. 

SMP Symmetric multiprocessor. A type of 

multiprocessor computer in which memory 

is shared among the processors. 

terabyte One trillion bytes. 

time series 

analysis 

The analysis of a sequence of 

measurements made at specified time 



intervals. Time is usually the dominating 

dimension of the data. 

What kind of information are we collecting? 

We have been collecting a myriad of data, from simple 
numerical measurements and text documents, to more complex 
information such as spatial data, multimedia channels, and 
hypertext documents. Here is a non-exclusive list of a variety of 
information collected in digital form in databases and in flat 
files. 

 Business transactions: Every transaction in the business 
industry is (often) "memorized" for perpetuity.  Such 
transactions are usually time related and can be inter-
business deals such as purchases, exchanges, banking, 
stock, etc., or intra-business operations such as 
management of in-house wares and assets. Large 
department stores, for example, thanks to the widespread 
use of bar codes, store millions of transactions daily 
representing often terabytes of data. Storage space is not 
the major problem, as the price of hard disks is 
continuously dropping, but the effective use of the data in a 
reasonable time frame for competitive decision-making is 
definitely the most important problem to solve for 
businesses that struggle to survive in a highly competitive 
world.  

 Scientific data:  Whether in a Swiss nuclear accelerator 
laboratory counting particles, in the Canadian forest 
studying readings from a grizzly bear radio collar, on a 



South Pole iceberg gathering data about oceanic activity, or 
in an American university investigating human psychology, 
our society is amassing colossal amounts of scientific data 
that need to be analyzed. Unfortunately, we can capture and 
store more new data faster than we can analyze the old data 
already accumulated.  

 Medical and personal data: From government census to 
personnel and customer files, very large collections of 
information are continuously gathered about individuals 
and groups. Governments, companies and organizations 
such as hospitals, are stockpiling very important quantities 
of personal data to help them manage human resources, 
better understand a market, or simply assist clientele. 
Regardless of the privacy issues this type of data often 
reveals, this information is collected, used and even shared.  
When correlated with other data this information can shed 
light on customer behaviour and the like.  

 Surveillance video and pictures: With the amazing 
collapse of video camera prices, video cameras are 
becoming ubiquitous. Video tapes from surveillance 
cameras are usually recycled and thus the content is lost. 
However, there is a tendency today to store the tapes and 
even digitize them for future use and analysis.  

 Satellite sensing:  There is a countless number of satellites 
around the globe: some are geo-stationary above a region, 
and some are orbiting around the Earth, but all are sending 
a non-stop stream of data to the surface. NASA, which 
controls a large number of satellites, receives more data 
every second than what all NASA researchers and 
engineers can cope with. Many satellite pictures and data 



are made public as soon as they are received in the hopes 
that other researchers can analyze them.  

 Games: Our society is collecting a tremendous amount of 
data and statistics about games, players and athletes. From 
hockey scores, basketball passes and car-racing lapses, to 
swimming times, boxer’s pushes and chess positions, all 
the data are stored. Commentators and journalists are using 
this information for reporting, but trainers and athletes 
would want to exploit this data to improve performance and 
better understand opponents.  

 Digital media: The proliferation of cheap scanners, 
desktop video cameras and digital cameras is one of the 
causes of the explosion in digital media repositories. In 
addition, many radio stations, television channels and film 
studios are digitizing their audio and video collections to 
improve the management of their multimedia assets. 
Associations such as the NHL and the NBA have already 
started converting their huge game collection into digital 
forms.  

 CAD and Software engineering data: There are a 
multitude of Computer Assisted Design (CAD) systems for 
architects to design buildings or engineers to conceive 
system components or circuits. These systems are 
generating a tremendous amount of data. Moreover, 
software engineering is a source of considerable similar 
data with code, function libraries, objects, etc., which need 
powerful tools for management and maintenance.  

 Virtual Worlds: There are many applications making use 
of three-dimensional virtual spaces. These spaces and the 
objects they contain are described with special languages 
such as VRML. Ideally, these virtual spaces are described 



in such a way that they can share objects and places. There 
is a remarkable amount of virtual reality object and space 
repositories available. Management of these repositories as 
well as content-based search and retrieval from these 
repositories are still research issues, while the size of the 
collections continues to grow.  

 Text reports and memos (e-mail messages): Most of the 
communications within and between companies or research 
organizations or even private people, are based on reports 
and memos in textual forms often exchanged by e-mail. 
These messages are regularly stored in digital form for 
future use and reference creating formidable digital 
libraries.  

 The World Wide Web repositories: Since the inception of 
the World Wide Web in 1993, documents of all sorts of 
formats, content and description have been collected and 
inter-connected with hyperlinks making it the largest 
repository of data ever built. Despite its dynamic and 
unstructured nature, its heterogeneous characteristic, and its 
very often redundancy and inconsistency, the World Wide 
Web is the most important data collection regularly used 
for reference because of the broad variety of topics covered 
and the infinite contributions of resources and publishers. 
Many believe that the World Wide Web will become the 
compilation of human knowledge.  

What are Data Mining and Knowledge Discovery?     (CO1) 

With the enormous amount of data stored in files, databases, and 
other repositories, it is increasingly important, if not necessary, 
to develop powerful means for analysis and perhaps 



interpretation of such data and for the extraction of interesting 
knowledge that could help in decision-making.  

Data Mining, also popularly known as Knowledge Discovery in 

Databases (KDD), refers to the nontrivial extraction of implicit, 
previously unknown and potentially useful information from 
data in databases. While data mining and knowledge discovery 
in databases (or KDD) are frequently treated as synonyms, data 
mining is actually part of the knowledge discovery process. The 
following figure (Figure 1.1) shows data mining as a step in an 
iterative knowledge discovery process. 

  

 

The Knowledge Discovery in Databases process comprises of a 
few steps leading from raw data collections to some form of new 
knowledge. The iterative process consists of the following steps: 



 Data cleaning: also known as data cleansing, it is a phase 
in which noise data and irrelevant data are removed from 
the collection.  

 Data integration: at this stage, multiple data sources, often 
heterogeneous, may be combined in a common source.  

 Data selection:  at this step, the data relevant to the 
analysis is decided on and retrieved from the data 
collection.  

 Data transformation: also known as data consolidation, it 
is a phase in which the selected data is transformed into 
forms appropriate for the mining procedure.  

 Data mining:  it is the crucial step in which clever 
techniques are applied to extract patterns potentially useful.  

 Pattern evaluation:  in this step, strictly interesting 
patterns representing knowledge are identified based on 
given measures.  

 Knowledge representation: is the final phase in which the 
discovered knowledge is visually represented to the user. 
This essential step uses visualization techniques to help 
users understand and interpret the data mining results.  

  

It is common to combine some of these steps together. For 
instance, data cleaning and data integration can be performed 
together as a pre-processing phase to generate a data warehouse. 
Data selection and data transformation can also be combined 
where the consolidation of the data is the result of the selection, 
or, as for the case of data warehouses, the selection is done on 
transformed data. 



The KDD is an iterative process. Once the discovered 
knowledge is presented to the user, the evaluation measures can 
be enhanced, the mining can be further refined, new data can be 
selected or further transformed, or new data sources can be 
integrated, in order to get different, more appropriate results. 

Data mining derives its name from the similarities between 
searching for valuable information in a large database and 
mining rocks for a vein of valuable ore. Both imply either sifting 
through a large amount of material or ingeniously probing the 
material to exactly pinpoint where the values reside. It is, 
however, a misnomer, since mining for gold in rocks is usually 
called "gold mining" and not "rock mining", thus by analogy, 
data mining should have been called "knowledge mining" 
instead. Nevertheless, data mining became the accepted 
customary term, and very rapidly a trend that even 
overshadowed more general terms such as knowledge discovery 
in databases (KDD) that describe a more complete process. 
Other similar terms referring to data mining are: data dredging, 
knowledge extraction and pattern discovery. 

What kind of Data can be mined? 

In principle, data mining is not specific to one type of media or 
data. Data mining should be applicable to any kind of 
information repository. However, algorithms and approaches 
may differ when applied to different types of data. Indeed, the 
challenges presented by different types of data vary 
significantly. Data mining is being put into use and studied for 
databases, including relational databases, object-relational 
databases and object-oriented databases, data warehouses, 
transactional databases, unstructured and semi-structured 



repositories such as the World Wide Web, advanced databases 
such as spatial databases, multimedia databases, time-series 
databases and textual databases, and even flat files. Here are 
some examples in more detail: 

 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: Briefly, a relational database 
consists of a set of tables containing either values of entity 
attributes, or values of attributes from entity relationships. 
Tables have columns and rows, where columns represent 
attributes and rows represent tuples. A tuple in a relational 
table corresponds to either an object or a relationship 
between objects and is identified by a set of attribute values 
representing a unique key. In Figure 1.2 we present some 
relations Customer, Items, and Borrow representing 
business activity in a fictitious video store OurVideoStore.  
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 as a storehouse, is a 
repository of data collected from multiple data sources 
(often heterogeneous) and is intended to be used as a whole 



under the same unified schema. A data warehouse gives the 
option to analyze data from different sources under the 
same roof. Let us suppose that OurVideoStore becomes a 
franchise in North America. Many video stores belonging 
to OurVideoStore company may have different databases 
and different structures. If the executive of the company 
wants to access the data from all stores for strategic 
decision-making, future direction, marketing, etc., it would 
be more appropriate to store all the data in one site with a 
homogeneous structure that allows interactive analysis. In 
other words, data from the different stores would be loaded, 
cleaned, transformed and integrated together. To facilitate 
decision-making and multi-dimensional views, data 
warehouses are usually modeled by a multi-dimensional 
data structure. Figure 1.3 shows an example of a three 
dimensional subset of a data cube structure used for 
OurVideoStore data warehouse.  

  

 



The figure shows summarized rentals grouped by film 
categories, then a cross table of summarized rentals by film 
categories and time (in quarters).  The data cube gives the 
summarized rentals along three dimensions: category, time, and 
city. A cube contains cells that store values of some aggregate 
measures (in this case rental counts), and special cells that store 
summations along dimensions. Each dimension of the data cube 
contains a hierarchy of values for one attribute. 

Because of their structure, the pre-computed summarized data 
they contain and the hierarchical attribute values of their 
dimensions, data cubes are well suited for fast interactive 
querying and analysis of data at different conceptual levels, 
known as On-Line Analytical Processing (OLAP). OLAP 
operations allow the navigation of data at different levels of 
abstraction, such as drill-down, roll-up, slice, dice, etc. Figure 
1.4 illustrates the drill-down (on the time dimension) and roll-up 
(on the location dimension) operations. 
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                                         UNIT-2 

   Introduction                                                              (CO2) 

•A popular misconception about data mining is to expect that 
data mining systems can autonomously dig out all of the 
valuable knowledge that is embedded in a given large databases, 
without human intervention or guidance.  
 
•A more realistic scenario is to expect that users can 
communicate with the data mining system using a set of data 
mining primitives designed in order to facilitate efficient and 
fruitful knowledge discovery. Such primitives include the 
specification of the portions of the database or the set of the data 
in which the user is interested (including the database attributes 
or data warehouse dimensions of interest), the kinds of 
knowledge to be mined, background knowledge useful in 
guiding the discovery process, interestingness measures for 
pattern evaluation, and how the discovered knowledge should be 
visualized. 

 



 Data mining primitives:                                            (CO2) 

What defines a data mining task 

 

•A data mining query language can be designed to incorporate 
the primitives, allowing users to flexibly interact with data 
mining systems. 
•Each user will have a data mining task in mind, that is, some 
form of data  analysis that he/she would like to have performed. 
A data mining task can be specified in the form of a data mining 
query, which is input to the data mining system. A data mining 
query is defined in terms of the following primitives. 

 Data mining primitives:                                              (CO2)         

What defines a data mining task 

• How do I want the discovered patterns to be presented? 

      What defines a data mining task 

      What defines a data mining task 

• Interestingness measures: These functions are used to separate 
uninteresting patterns from knowledge. 

• Presentation and visualization of discovered patterns: This 
refers to the form in which discovered patterns are to be 
displayed. 



 Task-relevant data                                               (CO2)         

It is impractical to indiscriminately mine the entire database, 
particularly since the number of patterns generated could be 
exponential with respect to the database size. Furthermore, many 
of the patterns found would be irrelevant to the interests of the 
user. 

•Database or data warehouse name 
•Database tables or data warehouse cubes 
•Conditions for data selection 
•Relevant attributes or dimensions 
•Data grouping criterion 

 The kind of knowledge to be mined                         (CO2)         

It is important to specify the kind of knowledge to be mined, as 
this determines the data mining function to be performed. The 
kinds of knowledge include concept description 
(characterization and discrimination), association, classification, 
prediction, clustering, and evolution analysis. 

•Characterization 
•Discrimination 
•Association 
•Classification/prediction 
•Clustering 

X: key of the customer relation 



P,Q: predicate variables that can be instantiated to the relevant 
attributes or dimensions specified as part of the task-relevant 
data 

W, Y, Z: object variables that can take on the values of their 
respective predicates for customer X 

EX 1: 

Age(X, “30…39”)  income(X, “40K…49K”) 

 buys(X, “VCR”)  [2.2%, 60%] 

EX 2: 

Occupation(X, “student”)  age(X, “20…29”)  

 buys(X, “computer”)   [1.4%, 70%] 

 Background knowledge: concept hierarchies             (CO2)                 

Background knowledge is information about the domain to be 
mined that can be useful in the discovery process. In this 
section, we focus our attention on a simple yet powerful form of 
background knowledge known as concept hierarchies. Concept 
hierarchies allow the discovery of knowledge at multiple levels 
of abstraction. 

•Concept hierarchies 
•User beliefs about relationships in the data 

A concept hierarchy for dimension location is mapping low-
level concepts to more general concepts. 



There are four major types of concept hierarchies.  

•Schema hierarchies: A schema hierarchy (or more rigorously, a 
schema-defined hierarchy) is a total or partial order among 
attributes in the database schema. 

EX: Given the schema of a relation for address containing the 
attributes street, city, province_or_state, and country, we can 
define a location schema hierarchy by the following total order: 

street < city < province_or_state < country 

•Set-grouping hierarchies: A set-grouping hierarchy organizes 
values for a given attribute or dimension into groups of 
constants or range values. Set-grouping hierarchies can be used 
to refine or enrich schema-defined hierarchies, when the two 
types of hierarchies are combined. 

EX: A set-grouping hierarchy for the attribute age can be 
specified in terms of ranges, as in the following: 

{young, middle_aged, senior}  all(age) 

{20…39}  young 

{40…59}  middle_aged 

{60…89}  senior 

•Operation-driven hierarchies: An operation-driven hierarchy is 
based on operations specified by users, experts, or the data 
mining system. 



EX: An e-mail address or a URL of the WWW may contain 
hierarchy information relating department, universities (or 
companies), and countries. Decoding operations can be defined 
to extract such information to form concept hierarchies. 

EX 1: dmbook@cs.sfu.ca  gives the partial order “login-name < 
department < university < country,” forming a concept hierarchy 
for e-mail address. 

EX 2: http://www.cs.sfu.ca/research/DB/DBMiner can be 
decoded so as to provide a partial order that forms the base of a 
concept hierarchy for URLs. 

•Rule-based hierarchies: A rule-based hierarchy occurs when 
either a whole concept hierarchy or a portion of it is defined by a 
set of rules and is evaluated dynamically based on the current 
database data and the rule definition. 

EX: price(X, P1)  cost(X, P2)  ((P1-P2)<$50)  
Low_profit_margin(X) 

 Interestingness measures                                         (CO2)         

Only a small fraction of patterns will actually be of interest to 
the given user. Thus, users need to further confine the number of 
uninteresting measures that estimate the simplicity, certainty, 
utility, and novelty of patterns. 

In general, each measure is associated with a threshold that can 
be controlled by the user. Rules that do not meet the threshold 
are considered uninteresting, and hence are not presented to the 
user as knowledge. 



•Simplicity 
•Certainty (e.g., confidence) 
•Utility (e.g., support) 
•Novelty 
• Simplicity: A factor contributing to the interestingness of a 

pattern is the pattern’s overall simplicity for human 
comprehension. For example, rule length is a simplicity 
measure. 

• Certainty: Each discovered pattern should have a measure of 
certainty associated with it that assesses the validity or 
“trustworthiness” of the pattern. 

• Utility: The potential usefulness of a pattern is a factor 
defining its interestingness. It can be estimated by a utility 
function, such as support. 

• Novelty: Novel patterns are those that contribute new 
information or increased performance to the given pattern set. 
For example, a data exception may be considered novel in that 
it differs from that expected based on a statistical model or 
user beliefs. 

Presentation and visualization of discovered patterns (CO2)         

Designing graphical user interfaces based on a data mining 

query language                                                                  (CO2)         

A data mining GUI may consist of the following functional 
components. 

•Data collection and data mining query composition: This 
component allows the user to specify task-relevant data sets and 
to compose data mining queries. 



•Presentation of discovered patterns: This component allows the 
display of the discovered patterns in various forms, including 
tables, graphs, charts, curves, and other visualization techniques. 
•Hierarchy specification and manipulation: This component 
allows for concept hierarchy specification, either manually by 
the user or automatically (based on analysis of the data at hand). 
•Manipulation of data mining primitives: This component may 
allow the dynamic adjustment of data mining thresholds, as well 
as the selection, display, and modification of concept hierarchy. 
•Interactive multilevel mining: This component should allow 
roll-up or drill-down operations on discovered patterns. 
•Other miscellaneous information: This component may include 
on-line help manuals, indexed search, debugging, and other 
interactive graphical facilities. 
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                                             UNIT-3 

         INTRODUCTION                                    (CO 3 ) 

  There are two forms of data analysis that can be used for 
extracting models describing important classes or to predict 
future data trends. These two forms are as follows − 

 Classification 

 Prediction 

Classification models predict categorical class labels; and 
prediction models predict continuous valued functions. For 
example, we can build a classification model to categorize bank 
loan applications as either safe or risky, or a prediction model to 
predict the expenditures in dollars of potential customers on 
computer equipment given their income and occupation. 

What is classification? 

Following are the examples of cases where the data analysis 
task is Classification − 

 A bank loan officer wants to analyze the data in order to 
know which customer (loan applicant) are risky or which 
are safe. 

 



 A marketing manager at a company needs to analyze a 
customer with a given profile, who will buy a new 
computer. 

In both of the above examples, a model or classifier is 
constructed to predict the categorical labels. These labels are 
risky or safe for loan application data and yes or no for 
marketing data. 

What is prediction? 

Following are the examples of cases where the data analysis 
task is Prediction − 

Suppose the marketing manager needs to predict how much a 
given customer will spend during a sale at his company. In this 
example we are bothered to predict a numeric value. Therefore 
the data analysis task is an example of numeric prediction. In 
this case, a model or a predictor will be constructed that 
predicts a continuous-valued-function or ordered value. 

Note − Regression analysis is a statistical methodology that is 
most often used for numeric prediction. 

How Does Classification Works? 

With the help of the bank loan application that we have 
discussed above, let us understand the working of classification. 
The Data Classification process includes two steps − 

 Building the Classifier or Model 

 Using Classifier for Classification 

Building the Classifier or Model 

 This step is the learning step or the learning phase. 

 In this step the classification algorithms build the classifier. 



 The classifier is built from the training set made up of 
database tuples and their associated class labels. 

 Each tuple that constitutes the training set is referred to as a 
category or class. These tuples can also be referred to as 
sample, object or data points. 

 

Using Classifier for Classification 

In this step, the classifier is used for classification. Here the test 
data is used to estimate the accuracy of classification rules. The 
classification rules can be applied to the new data tuples if the 
accuracy is considered acceptable. 

 

Classification and Prediction Issues 

The major issue is preparing the data for Classification and 
Prediction. Preparing the data involves the following activities 
− 

 Data Cleaning − Data cleaning involves removing the 
noise and treatment of missing values. The noise is 
removed by applying smoothing techniques and the 
problem of missing values is solved by replacing a missing 
value with most commonly occurring value for that 
attribute. 

 Relevance Analysis − Database may also have the 
irrelevant attributes. Correlation analysis is used to know 
whether any two given attributes are related. 

 Data Transformation and reduction − The data can be 
transformed by any of the following methods. 



o Normalization − The data is transformed using 
normalization. Normalization involves scaling all 
values for given attribute in order to make them fall 
within a small specified range. Normalization is used 
when in the learning step, the neural networks or the 
methods involving measurements are used. 

o Generalization − The data can also be transformed 
by generalizing it to the higher concept. For this 
purpose we can use the concept hierarchies. 

Note − Data can also be reduced by some other methods such 
as wavelet transformation, binning, histogram analysis, and 
clustering. 

Comparison of Classification and Prediction Methods 

Here is the criteria for comparing the methods of Classification 
and Prediction − 

 Accuracy − Accuracy of classifier refers to the ability of 
classifier. It predict the class label correctly and the 
accuracy of the predictor refers to how well a given 
predictor can guess the value of predicted attribute for a 
new data. 

 Speed − This refers to the computational cost in generating 
and using the classifier or predictor. 

 Robustness − It refers to the ability of classifier or 
predictor to make correct predictions from given noisy 
data. 

 Scalability − Scalability refers to the ability to construct 
the classifier or predictor efficiently; given large amount of 
data. 



 Interpretability − It refers to what extent the classifier or 
predictor understands. 

A decision tree is a structure that includes a root node, 
branches, and leaf nodes. Each internal node denotes a test on 
an attribute, each branch denotes the outcome of a test, and 
each leaf node holds a class label. The topmost node in the tree 
is the root node. 

The following decision tree is for the concept buy_computer 
that indicates whether a customer at a company is likely to buy 
a computer or not. Each internal node represents a test on an 
attribute. Each leaf node represents a class. 

 

The benefits of having a decision tree are as follows − 

 It does not require any domain knowledge. 

 It is easy to comprehend. 

 The learning and classification steps of a decision tree are 
simple and fast. 

Decision Tree Induction Algorithm 

A machine researcher named J. Ross Quinlan in 1980 
developed a decision tree algorithm known as ID3 (Iterative 
Dichotomiser). Later, he presented C4.5, which was the 
successor of ID3. ID3 and C4.5 adopt a greedy approach. In this 
algorithm, there is no backtracking; the trees are constructed in 
a top-down recursive divide-and-conquer manner. 

Generating a decision tree form training tuples of data partition 
D 
Algorithm : Generate_decision_tree 



 
Input: 
Data partition, D, which is a set of training tuples  
and their associated class labels. 
attribute_list, the set of candidate attributes. 
Attribute selection method, a procedure to determine the 
splitting criterion that best partitions that the data  
tuples into individual classes. This criterion includes a  
splitting_attribute and either a splitting point or splitting subset. 
 
Output: 
 A Decision Tree 
 
Method 
create a node N; 
 
if tuples in D are all of the same class, C then 
   return N as leaf node labeled with class C; 
    
if attribute_list is empty then 
   return N as leaf node with labeled  
   with majority class in D;|| majority voting 
    
apply attribute_selection_method(D, attribute_list)  
to find the best splitting_criterion; 
label node N with splitting_criterion; 
 
if splitting_attribute is discrete-valued and 
   multiway splits allowed then  // no restricted to binary trees 
 
attribute_list = splitting attribute; // remove splitting attribute 



for each outcome j of splitting criterion 
 
   // partition the tuples and grow subtrees for each partition 
   let Dj be the set of data tuples in D satisfying outcome j; // a 
partition 
    
   if Dj is empty then 
      attach a leaf labeled with the majority  
      class in D to node N; 
   else  
      attach the node returned by Generate  
      decision tree(Dj, attribute list) to node N; 
   end for 
return N; 

Tree Pruning 

Tree pruning is performed in order to remove anomalies in the 
training data due to noise or outliers. The pruned trees are 
smaller and less complex. 

Tree Pruning Approaches 

There are two approaches to prune a tree − 

 Pre-pruning − The tree is pruned by halting its 
construction early. 

 Post-pruning - This approach removes a sub-tree from a 
fully grown tree. 

Cost Complexity 

The cost complexity is measured by the following two 
parameters − 

 Number of leaves in the tree, and 



 Error rate of the tree. 

Bayesian classification is based on Bayes' Theorem. Bayesian 
classifiers are the statistical classifiers. Bayesian classifiers can 
predict class membership probabilities such as the probability 
that a given tuple belongs to a particular class. 

Baye's Theorem 

Bayes' Theorem is named after Thomas Bayes. There are two 
types of probabilities − 

 Posterior Probability [P(H/X)] 

 Prior Probability [P(H)] 

where X is data tuple and H is some hypothesis. 

According to Bayes' Theorem, 

P(H/X)= P(X/H)P(H) / P(X) 

Bayesian Belief Network 

Bayesian Belief Networks specify joint conditional probability 
distributions. They are also known as Belief Networks, 
Bayesian Networks, or Probabilistic Networks. 

 A Belief Network allows class conditional independencies 
to be defined between subsets of variables. 

 It provides a graphical model of causal relationship on 
which learning can be performed. 

 We can use a trained Bayesian Network for classification. 

There are two components that define a Bayesian Belief 
Network − 

 Directed acyclic graph 

 A set of conditional probability tables 



Directed Acyclic Graph 

 Each node in a directed acyclic graph represents a random 
variable. 

 These variable may be discrete or continuous valued. 

 These variables may correspond to the actual attribute 
given in the data. 

Directed Acyclic Graph Representation 

The following diagram shows a directed acyclic graph for six 
Boolean variables. 

 
The arc in the diagram allows representation of causal 
knowledge. For example, lung cancer is influenced by a 
person's family history of lung cancer, as well as whether or not 
the person is a smoker. It is worth noting that the variable 
PositiveXray is independent of whether the patient has a family 
history of lung cancer or that the patient is a smoker, given that 
we know the patient has lung cancer. 

Conditional Probability Table 

The conditional probability table for the values of the variable 
LungCancer (LC) showing each possible combination of the 
values of its parent nodes, FamilyHistory (FH), and Smoker (S) 
is as follows − 

 IF-THEN Rules 

Rule-based classifier makes use of a set of IF-THEN rules for 
classification. We can express a rule in the following from − 

IF condition THEN conclusion 
Let us consider a rule R1, 



R1: IF age = youth AND student = yes  

   THEN buy_computer = yes 

Points to remember − 

 The IF part of the rule is called rule 

antecedent or precondition. 

 The THEN part of the rule is called rule consequent. 

 The antecedent part the condition consist of one or more 
attribute tests and these tests are logically ANDed. 

 The consequent part consists of class prediction. 

Note − We can also write rule R1 as follows − 

R1: (age = youth) ^ (student = yes))(buys computer = yes) 

If the condition holds true for a given tuple, then the antecedent 
is satisfied. 

Rule Extraction 

Here we will learn how to build a rule-based classifier by 
extracting IF-THEN rules from a decision tree. 

Points to remember − 

To extract a rule from a decision tree − 

 One rule is created for each path from the root to the leaf 
node. 

 To form a rule antecedent, each splitting criterion is 
logically ANDed. 

 The leaf node holds the class prediction, forming the rule 
consequent. 

Rule Induction Using Sequential Covering Algorithm 



Sequential Covering Algorithm can be used to extract IF-THEN 
rules form the training data. We do not require to generate a 
decision tree first. In this algorithm, each rule for a given class 
covers many of the tuples of that class. 

Some of the sequential Covering Algorithms are AQ, CN2, and 
RIPPER. As per the general strategy the rules are learned one at 
a time. For each time rules are learned, a tuple covered by the 
rule is removed and the process continues for the rest of the 
tuples. This is because the path to each leaf in a decision tree 
corresponds to a rule. 

Note − The Decision tree induction can be considered as 
learning a set of rules simultaneously. 

The Following is the sequential learning Algorithm where rules 
are learned for one class at a time. When learning a rule from a 
class Ci, we want the rule to cover all the tuples from class C 
only and no tuple form any other class. 

Algorithm: Sequential Covering 
 
Input:  
D, a data set class-labeled tuples, 
Att_vals, the set of all attributes and their possible values. 
 
Output:  A Set of IF-THEN rules. 
Method: 
Rule_set={ }; // initial set of rules learned is empty 
 
for each class c do 
    
   repeat 



      Rule = Learn_One_Rule(D, Att_valls, c); 
      remove tuples covered by Rule form D; 
   until termination condition; 
    
   Rule_set=Rule_set+Rule; // add a new rule to rule-set 
end for 
return Rule_Set; 

Rule Pruning 

The rule is pruned is due to the following reason − 

 The Assessment of quality is made on the original set of 
training data. The rule may perform well on training data 
but less well on subsequent data. That's why the rule 
pruning is required. 

 The rule is pruned by removing conjunct. The rule R is 
pruned, if pruned version of R has greater quality than 
what was assessed on an independent set of tuples. 

FOIL is one of the simple and effective method for rule 
pruning. For a given rule R, 

FOIL_Prune = pos - neg / pos + neg 
where pos and neg is the number of positive tuples covered by 
R, respectively. 

Note − This value will increase with the accuracy of R on the 
pruning set. Hence, if the FOIL_Prune value is higher for the 
pruned version of R, then we prune R. 
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                                     UNIT-4 

    INTRODUCTION                                   (CO 4)     

Cluster is a group of objects that belongs to the same class. In 
other words, similar objects are grouped in one cluster and 
dissimilar objects are grouped in another cluster. 

What is Clustering? 

Clustering is the process of making a group of abstract objects 
into classes of similar objects. 

Points to Remember 

 A cluster of data objects can be treated as one group. 

 While doing cluster analysis, we first partition the set of 
data into groups based on data similarity and then assign 
the labels to the groups. 

 The main advantage of clustering over classification is that, 
it is adaptable to changes and helps single out useful 
features that distinguish different groups. 

Applications of Cluster Analysis 

 



 Clustering analysis is broadly used in many applications 
such as market research, pattern recognition, data analysis, 
and image processing. 

 Clustering can also help marketers discover distinct groups 
in their customer base. And they can characterize their 
customer groups based on the purchasing patterns. 

 In the field of biology, it can be used to derive plant and 
animal taxonomies, categorize genes with similar 
functionalities and gain insight into structures inherent to 
populations. 

 Clustering also helps in identification of areas of similar 
land use in an earth observation database. It also helps in 
the identification of groups of houses in a city according to 
house type, value, and geographic location. 

 Clustering also helps in classifying documents on the web 
for information discovery. 

 Clustering is also used in outlier detection applications 
such as detection of credit card fraud. 

 As a data mining function, cluster analysis serves as a tool 
to gain insight into the distribution of data to observe 
characteristics of each cluster. 

Requirements of Clustering in Data Mining 

The following points throw light on why clustering is required 
in data mining − 

 Scalability − We need highly scalable clustering 
algorithms to deal with large databases. 

 Ability to deal with different kinds of attributes − 
Algorithms should be capable to be applied on any kind of 



data such as interval-based (numerical) data, categorical, 
and binary data. 

 Discovery of clusters with attribute shape − The 
clustering algorithm should be capable of detecting 
clusters of arbitrary shape. They should not be bounded to 
only distance measures that tend to find spherical cluster 
of small sizes. 

 High dimensionality − The clustering algorithm should 
not only be able to handle low-dimensional data but also 
the high dimensional space. 

 Ability to deal with noisy data − Databases contain noisy, 
missing or erroneous data. Some algorithms are sensitive 
to such data and may lead to poor quality clusters. 

 Interpretability − The clustering results should be 
interpretable, comprehensible, and usable. 

Clustering Methods 

Clustering methods can be classified into the following 
categories − 

 Partitioning Method 

 Hierarchical Method 

 Density-based Method 

 Grid-Based Method 

 Model-Based Method 

 Constraint-based Method 

Partitioning Method 

Suppose we are given a database of ‘n’ objects and the 
partitioning method constructs ‘k’ partition of data. Each 



partition will represent a cluster and k ≤ n. It means that it will 
classify the data into k groups, which satisfy the following 
requirements − 

 Each group contains at least one object. 

 Each object must belong to exactly one group. 

Points to remember − 

 For a given number of partitions (say k), the partitioning 
method will create an initial partitioning. 

 Then it uses the iterative relocation technique to improve 
the partitioning by moving objects from one group to 
other. 

Hierarchical Methods 

This method creates a hierarchical decomposition of the given 
set of data objects. We can classify hierarchical methods on the 
basis of how the hierarchical decomposition is formed. There 
are two approaches here − 

 Agglomerative Approach 

 Divisive Approach 

Agglomerative Approach 

This approach is also known as the bottom-up approach. In this, 
we start with each object forming a separate group. It keeps on 
merging the objects or groups that are close to one another. It 
keep on doing so until all of the groups are merged into one or 
until the termination condition holds. 

Divisive Approach 

This approach is also known as the top-down approach. In this, 
we start with all of the objects in the same cluster. In the 



continuous iteration, a cluster is split up into smaller clusters. It 
is down until each object in one cluster or the termination 
condition holds. This method is rigid, i.e., once a merging or 
splitting is done, it can never be undone. 

Approaches to Improve Quality of Hierarchical Clustering 

Here are the two approaches that are used to improve the 
quality of hierarchical clustering − 

 Perform careful analysis of object linkages at each 
hierarchical partitioning. 

 Integrate hierarchical agglomeration by first using a 
hierarchical agglomerative algorithm to group objects into 
micro-clusters, and then performing macro-clustering on 
the micro-clusters. 

Density-based Method 

This method is based on the notion of density. The basic idea is 
to continue growing the given cluster as long as the density in 
the neighborhood exceeds some threshold, i.e., for each data 
point within a given cluster, the radius of a given cluster has to 
contain at least a minimum number of points. 

Grid-based Method 

In this, the objects together form a grid. The object space is 
quantized into finite number of cells that form a grid structure. 

Advantages 

 The major advantage of this method is fast processing 
time. 

 It is dependent only on the number of cells in each 
dimension in the quantized space. 



Model-based methods 

In this method, a model is hypothesized for each cluster to find 
the best fit of data for a given model. This method locates the 
clusters by clustering the density function. It reflects spatial 
distribution of the data points. 

This method also provides a way to automatically determine the 
number of clusters based on standard statistics, taking outlier or 
noise into account. It therefore yields robust clustering methods. 

Constraint-based Method 

In this method, the clustering is performed by the incorporation 
of user or application-oriented constraints. A constraint refers to 
the user expectation or the properties of desired clustering 
results. Constraints provide us with an interactive way of 
communication with the clustering process. Constraints can be 
specified by the user or the application requirement. 

Text databases consist of huge collection of documents. They 
collect these information from several sources such as news 
articles, books, digital libraries, e-mail messages, web pages, 
etc. Due to increase in the amount of information, the text 
databases are growing rapidly. In many of the text databases, 
the data is semi-structured. 

For example, a document may contain a few structured fields, 
such as title, author, publishing_date, etc. But along with the 
structure data, the document also contains unstructured text 
components, such as abstract and contents. Without knowing 
what could be in the documents, it is difficult to formulate 
effective queries for analyzing and extracting useful 
information from the data. Users require tools to compare the 
documents and rank their importance and relevance. Therefore, 



text mining has become popular and an essential theme in data 
mining. 

Information Retrieval 

Information retrieval deals with the retrieval of information 
from a large number of text-based documents. Some of the 
database systems are not usually present in information retrieval 
systems because both handle different kinds of data. Examples 
of information retrieval system include − 

 Online Library catalogue system 

 Online Document Management Systems 

 Web Search Systems etc. 

Note − The main problem in an information retrieval system is 
to locate relevant documents in a document collection based on 
a user's query. This kind of user's query consists of some 
keywords describing an information need. 

In such search problems, the user takes an initiative to pull 
relevant information out from a collection. This is appropriate 
when the user has ad-hoc information need, i.e., a short-term 
need. But if the user has a long-term information need, then the 
retrieval system can also take an initiative to push any newly 
arrived information item to the user. 

This kind of access to information is called Information 
Filtering. And the corresponding systems are known as 
Filtering Systems or Recommender Systems. 

Basic Measures for Text Retrieval 

We need to check the accuracy of a system when it retrieves a 
number of documents on the basis of user's input. Let the set of 
documents relevant to a query be denoted as {Relevant} and the 



set of retrieved document as {Retrieved}. The set of documents 
that are relevant and retrieved can be denoted as {Relevant} ∩ 
{Retrieved}. This can be shown in the form of a Venn diagram 
as follows − 

 

There are three fundamental measures for assessing the quality 
of text retrieval − 

 Precision 

 Recall 

 F-score 

Precision 

Precision is the percentage of retrieved documents that are in 
fact relevant to the query. Precision can be defined as − 

Precision= |{Relevant} ∩ {Retrieved}| /  |{Retrieved}| 
Recall 

Recall is the percentage of documents that are relevant to the 
query and were in fact retrieved. Recall is defined as − 

Recall = |{Relevant} ∩ {Retrieved}| /  |{Relevant}| 
F-score 

F-score is the commonly used trade-off. The information 
retrieval system often needs to trade-off for precision or vice 
versa. F-score is defined as harmonic mean of recall or 
precision as follows  
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 Transaction Databases: A transaction database is a set of 
records representing transactions, each with a time stamp, an 
identifier and a set of items. Associated with the transaction 
files could also be descriptive data for the items. For example, 
in the case of the video store, the rentals table such as shown 
in Figure 1.5, represents the transaction database. Each record 
is a rental contract with a customer identifier, a date, and the 
list of items rented (i.e. video tapes, games, VCR, etc.). Since 
relational databases do not allow nested tables (i.e. a set as 
attribute value), transactions are usually stored in flat files or 
stored in two normalized transaction tables, one for the 
transactions and one for the transaction items. One typical 
data mining analysis on such data is the so-called market 
basket analysis or association rules in which associations 
between items occurring together or in sequence are studied.  

  

 



 

  

 Multimedia Databases: Multimedia databases include video, 
images, audio and text media. They can be stored on extended 
object-relational or object-oriented databases, or simply on a 
file system. Multimedia is characterized by its high 
dimensionality, which makes data mining even more 
challenging. Data mining from multimedia repositories may 
require computer vision, computer graphics, image 
interpretation, and natural language processing 
methodologies.  

 Spatial Databases: Spatial databases are databases that, in 
addition to usual data, store geographical information like 
maps, and global or regional positioning. Such spatial 
databases present new challenges to data mining algorithms.  

 



 Time-Series Databases: Time-series databases contain time 
related data such stock market data or logged activities. These 
databases usually have a continuous flow of new data coming 
in, which sometimes causes the need for a challenging real 
time analysis. Data mining in such databases commonly 
includes the study of trends and correlations between 
evolutions of different variables, as well as the prediction of 
trends and movements of the variables in time. Figure 1.7 
shows some examples of time-series data.  

  

 

 World Wide Web: The World Wide Web is the most 
heterogeneous and dynamic repository available. A very large 
number of authors and publishers are continuously 
contributing to its growth and metamorphosis, and a massive 
number of users are accessing its resources daily. Data in the 
World Wide Web is organized in inter-connected documents. 



These documents can be text, audio, video, raw data, and even 
applications. Conceptually, the World Wide Web is 
comprised of three major components: The content of the 
Web, which encompasses documents available; the structure 
of the Web, which covers the hyperlinks and the relationships 
between documents; and the usage of the web, describing how 
and when the resources are accessed. A fourth dimension can 
be added relating the dynamic nature or evolution of the 
documents. Data mining in the World Wide Web, or web 
mining, tries to address all these issues and is often divided 
into web content mining, web structure mining and web usage 
mining.  

 What can be discovered? 

The kinds of patterns that can be discovered depend upon the 
data mining tasks employed. By and large, there are two types of 
data mining tasks: descriptive data mining tasks that describe 
the general properties of the existing data, and predictive data 

mining tasks that attempt to do predictions based on inference on 
available data. 

The data mining functionalities and the variety of knowledge 
they discover are briefly presented in the following list: 

 Characterization: Data characterization is a summarization 
of general features of objects in a target class, and produces 
what is called characteristic rules. The data relevant to a user-
specified class are normally retrieved by a database query and 
run through a summarization module to extract the essence of 
the data at different levels of abstractions. For example, one 
may want to characterize the OurVideoStore customers who 



regularly rent more than 30 movies a year. With concept 
hierarchies on the attributes describing the target class, the 
attribute-oriented induction method can be used, for example, 
to carry out data summarization. Note that with a data cube 
containing summarization of data, simple OLAP operations fit 
the purpose of data characterization.  

 Discrimination: Data discrimination produces what are called 
discriminant rules and is basically the comparison of the 
general features of objects between two classes referred to as 
the target class and the contrasting class. For example, one 
may want to compare the general characteristics of the 
customers who rented more than 30 movies in the last year 
with those whose rental account is lower than 5. The 
techniques used for data discrimination are very similar to the 
techniques used for data characterization with the exception 
that data discrimination results include comparative measures.  

 Association analysis: Association analysis is the discovery of 
what are commonly called association rules. It studies the 
frequency of items occurring together in transactional 
databases, and based on a threshold called support, identifies 
the frequent item sets. Another threshold, confidence, which 
is the conditional probability than an item appears in a 
transaction when another item appears, is used to pinpoint 
association rules. Association analysis is commonly used for 
market basket analysis. For example, it could be useful for the 
OurVideoStore manager to know what movies are often 
rented together or if there is a relationship between renting a 
certain type of movies and buying popcorn or pop. The 
discovered association rules are of the form: P -> Q [s,c], 
where P and Q are conjunctions of attribute value-pairs, and s 
(for support) is the probability that P and Q appear together in 



a transaction and c (for confidence) is the conditional 
probability that Q appears in a transaction when P is present. 
For example, the hypothetic association rule:  
RentType(X, "game") AND Age(X, "13-19") -> Buys(X, 

"pop") [s=2% ,c=55%] 
would indicate that 2% of the transactions considered are of 
customers aged between 13 and 19 who are renting a game 
and buying a pop, and that there is a certainty of 55% that 
teenage customers who rent a game also buy pop.  

 Classification: Classification analysis is the organization of 
data in given classes. Also known as supervised classification, 
the classification uses given class labels to order the objects in 
the data collection. Classification approaches normally use a 
training set where all objects are already associated with 
known class labels. The classification algorithm learns from 
the training set and builds a model. The model is used to 
classify new objects. For example, after starting a credit 
policy, the Our Video Store managers could analyze the 
customers’ behaviours vis-à-vis their credit, and label 
accordingly the customers who received credits with three 
possible labels "safe", "risky" and "very risky". The 
classification analysis would generate a model that could be 
used to either accept or reject credit requests in the future.  

 Prediction: Prediction has attracted considerable attention 
given the potential implications of successful forecasting in a 
business context. There are two major types of predictions: 
one can either try to predict some unavailable data values or 
pending trends, or predict a class label for some data. The 
latter is tied to classification. Once a classification model is 
built based on a training set, the class label of an object can be 
foreseen based on the attribute values of the object and the 



attribute values of the classes. Prediction is however more 
often referred to the forecast of missing numerical values, or 
increase/ decrease trends in time related data.  The major idea 
is to use a large number of past values to consider probable 
future values.  

 Clustering: Similar to classification, clustering is the 
organization of data in classes. However, unlike classification, 
in clustering, class labels are unknown and it is up to the 
clustering algorithm to discover acceptable classes. Clustering 
is also called unsupervised classification, because the 
classification is not dictated by given class labels. There are 
many clustering approaches all based on the principle of 
maximizing the similarity between objects in a same class 
(intra-class similarity) and minimizing the similarity between 
objects of different classes (inter-class similarity).  

 Outlier analysis: Outliers are data elements that cannot be 
grouped in a given class or cluster. Also known as exceptions 
or surprises, they are often very important to identify. While 
outliers can be considered noise and discarded in some 
applications, they can reveal important knowledge in other 
domains, and thus can be very significant and their analysis 
valuable.  

 Evolution and deviation analysis: Evolution and deviation 
analysis pertain to the study of time related data that changes 
in time. Evolution analysis models evolutionary trends in 
data, which consent to characterizing, comparing, classifying 
or clustering of time related data. Deviation analysis, on the 
other hand, considers differences between measured values 
and expected values, and attempts to find the cause of the 
deviations from the anticipated values.  



 It is common that users do not have a clear idea of the kind of 
patterns they can discover or need to discover from the data at 
hand. It is therefore important to have a versatile and inclusive 
data mining system that allows the discovery of different kinds 
of knowledge and at different levels of abstraction. This also 
makes interactivity an important attribute of a data mining 
system. 

Is all that is discovered interesting and useful? (CO 5 )(CO6) 

 

Data mining allows the discovery of knowledge potentially 
useful and unknown. Whether the knowledge discovered is new, 
useful or interesting, is very subjective and depends upon the 
application and the user. It is certain that data mining can 
generate, or discover, a very large number of patterns or rules. In 
some cases the number of rules can reach the millions. One can 
even think of a meta-mining phase to mine the oversized data 
mining results. To reduce the number of patterns or rules 
discovered that have a high probability to be non-interesting, 
one has to put a measurement on the patterns. However, this 
raises the problem of completeness. The user would want to 
discover all rules or patterns, but only those that are interesting. 
The measurement of how interesting a discovery is, often called 
interestingness, can be based on quantifiable objective elements 
such as validity of the patterns when tested on new data with 
some degree of certainty, or on some subjective depictions such 
as understandability of the patterns, novelty of the patterns, or 
usefulness.  



Discovered patterns can also be found interesting if they confirm 
or validate a hypothesis sought to be confirmed or unexpectedly 
contradict a common belief. This brings the issue of describing 
what is interesting to discover, such as meta-rule guided 
discovery that describes forms of rules before the discovery 
process, and interestingness refinement languages that 
interactively query the results for interesting patterns after the 
discovery phase. Typically, measurements for interestingness 
are based on thresholds set by the user. These thresholds define 
the completeness of the patterns discovered. 

Identifying and measuring the interestingness of patterns and 
rules discovered, or to be discovered, is essential for the 
evaluation of the mined knowledge and the KDD process as a 
whole. While some concrete measurements exist, assessing the 
interestingness of discovered knowledge is still an important 
research issue.  

How do we categorize data mining systems? 

There are many data mining systems available or being 
developed. Some are specialized systems dedicated to a given 
data source or are confined to limited data mining 
functionalities, other are more versatile and comprehensive. 
Data mining systems can be categorized according to various 
criteria among other classification are the following: 

 Classification according to the type of data source mined: 
this classification categorizes data mining systems according 
to the type of data handled such as spatial data, multimedia 
data, time-series data, text data, World Wide Web, etc.  



 Classification according to the data model drawn on: this 
classification categorizes data mining systems based on the 
data model involved such as relational database, object-
oriented database, data warehouse, transactional, etc.  

 Classification according to the king of knowledge 

discovered: this classification categorizes data mining 
systems based on the kind of knowledge discovered or data 
mining functionalities, such as characterization, 
discrimination, association, classification, clustering, etc. 
Some systems tend to be comprehensive systems offering 
several data mining functionalities together.  

 Classification according to mining techniques used: Data 
mining systems employ and provide different techniques. This 
classification categorizes data mining systems according to 
the data analysis approach used such as machine learning, 
neural networks, genetic algorithms, statistics, visualization, 
database-oriented or data warehouse-oriented, etc. The 
classification can also take into account the degree of user 
interaction involved in the data mining process such as query-
driven systems, interactive exploratory systems, or 
autonomous systems. A comprehensive system would provide 
a wide variety of data mining techniques to fit different 
situations and options, and offer different degrees of user 
interaction.  

Issues in Data Mining                                         (CO 5 ) (CO6) 

Data mining algorithms embody techniques that have sometimes 
existed for many years, but have only lately been applied as 
reliable and scalable tools that time and again outperform older 
classical statistical methods. While data mining is still in its 



infancy, it is becoming a trend and ubiquitous. Before data 
mining develops into a conventional, mature and trusted 
discipline, many still pending issues have to be addressed. Some 
of these issues are addressed below. Note that these issues are 
not exclusive and are not ordered in any way.  

Security and social issues: Security is an important issue with 
any data collection that is shared and/or is intended to be used 
for strategic decision-making. In addition, when data is collected 
for customer profiling, user behaviour understanding, correlating 
personal data with other information, etc., large amounts of 
sensitive and private information about individuals or companies 
is gathered and stored. This becomes controversial given the 
confidential nature of some of this data and the potential illegal 
access to the information. Moreover, data mining could disclose 
new implicit knowledge about individuals or groups that could 
be against privacy policies, especially if there is potential 
dissemination of discovered information. Another issue that 
arises from this concern is the appropriate use of data mining. 
Due to the value of data, databases of all sorts of content are 
regularly sold, and because of the competitive advantage that 
can be attained from implicit knowledge discovered, some 
important information could be withheld, while other 
information could be widely distributed and used without 
control.  

User interface issues: The knowledge discovered by data 
mining tools is useful as long as it is interesting, and above all 
understandable by the user. Good data visualization eases the 
interpretation of data mining results, as well as helps users better 
understand their needs. Many data exploratory analysis tasks are 



significantly facilitated by the ability to see data in an 
appropriate visual presentation. There are many visualization 
ideas and proposals for effective data graphical presentation. 
However, there is still much research to accomplish in order to 
obtain good visualization tools for large datasets that could be 
used to display and manipulate mined knowledge.  The major 
issues related to user interfaces and visualization are "screen 
real-estate", information rendering, and interaction. Interactivity 
with the data and data mining results is crucial since it provides 
means for the user to focus and refine the mining tasks, as well 
as to picture the discovered knowledge from different angles and 
at different conceptual levels. 

Mining methodology issues: These issues pertain to the data 
mining approaches applied and their limitations. Topics such as 
versatility of the mining approaches, the diversity of data 
available, the dimensionality of the domain, the broad analysis 
needs (when known), the assessment of the knowledge 
discovered, the exploitation of background knowledge and 
metadata, the control and handling of noise in data, etc. are all 
examples that can dictate mining methodology choices. For 
instance, it is often desirable to have different data mining 
methods available since different approaches may perform 
differently depending upon the data at hand. Moreover, different 
approaches may suit and solve user's needs differently. 

Most algorithms assume the data to be noise-free. This is of 
course a strong assumption. Most datasets contain exceptions, 
invalid or incomplete information, etc., which may complicate, 
if not obscure, the analysis process and in many cases 
compromise the accuracy of the results. As a consequence, data 



preprocessing (data cleaning and transformation) becomes vital. 
It is often seen as lost time, but data cleaning, as time-
consuming and frustrating as it may be, is one of the most 
important phases in the knowledge discovery process. Data 
mining techniques should be able to handle noise in data or 
incomplete information.  

More than the size of data, the size of the search space is even 
more decisive for data mining techniques. The size of the search 
space is often depending upon the number of dimensions in the 
domain space. The search space usually grows exponentially 
when the number of dimensions increases. This is known as the 
curse of dimensionality. This "curse" affects so badly the 
performance of some data mining approaches that it is becoming 
one of the most urgent issues to solve. 

Performance issues: Many artificial intelligence and statistical 
methods exist for data analysis and interpretation. However, 
these methods were often not designed for the very large data 
sets data mining is dealing with today. Terabyte sizes are 
common. This raises the issues of scalability and efficiency of 
the data mining methods when processing considerably large 
data. Algorithms with exponential and even medium-order 
polynomial complexity cannot be of practical use for data 
mining. Linear algorithms are usually the norm. In same theme, 
sampling can be used for mining instead of the whole dataset. 
However, concerns such as completeness and choice of samples 
may arise. Other topics in the issue of performance are 
incremental updating, and parallel programming.  There is no 
doubt that parallelism can help solve the size problem if the 
dataset can be subdivided and the results can be merged later. 



Incremental updating is important for merging results from 
parallel mining, or updating data mining results when new data 
becomes available without having to re-analyze the complete 
dataset.  

Data source issues: There are many issues related to the data 
sources, some are practical such as the diversity of data types, 
while others are philosophical like the data glut problem. We 
certainly have an excess of data since we already have more data 
than we can handle and we are still collecting data at an even 
higher rate. If the spread of database management systems has 
helped increase the gathering of information, the advent of data 
mining is certainly encouraging more data harvesting. The 
current practice is to collect as much data as possible now and 
process it, or try to process it, later. The concern is whether we 
are collecting the right data at the appropriate amount, whether 
we know what we want to do with it, and whether we 
distinguish between what data is important and what data is 
insignificant. Regarding the practical issues related to data 
sources, there is the subject of heterogeneous databases and the 
focus on diverse complex data types. We are storing different 
types of data in a variety of repositories. It is difficult to expect a 
data mining system to effectively and efficiently achieve good 
mining results on all kinds of data and sources. Different kinds 
of data and sources may require distinct algorithms and 
methodologies. Currently, there is a focus on relational 
databases and data warehouses, but other approaches need to be 
pioneered for other specific complex data types. A versatile data 
mining tool, for all sorts of data, may not be realistic. Moreover, 
the proliferation of heterogeneous data sources, at structural and 



semantic levels, poses important challenges not only to the 
database community but also to the data mining community. 

Challenges in Web Mining                                                 (CO5)    

The web poses great challenges for resource and knowledge 
discovery based on the following observations − 

 The web is too huge − The size of the web is very huge 
and rapidly increasing. This seems that the web is too huge 
for data warehousing and data mining. 

 Complexity of Web pages − The web pages do not have 
unifying structure. They are very complex as compared to 
traditional text document. There are huge amount of 
documents in digital library of web. These libraries are not 
arranged according to any particular sorted order. 

 Web is dynamic information source − The information 
on the web is rapidly updated. The data such as news, 
stock markets, weather, sports, shopping, etc., are 
regularly updated. 

 Diversity of user communities − The user community on 
the web is rapidly expanding. These users have different 
backgrounds, interests, and usage purposes. There are 
more than 100 million workstations that are connected to 
the Internet and still rapidly increasing. 

 Relevancy of Information − It is considered that a 
particular person is generally interested in only small 
portion of the web, while the rest of the portion of the web 
contains the information that is not relevant to the user and 
may swamp desired results. 
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	A concept hierarchy for dimension location is mapping low-level concepts to more general concepts.
	There are four major types of concept hierarchies.
	• Schema hierarchies: A schema hierarchy (or more rigorously, a schema-defined hierarchy) is a total or partial order among attributes in the database schema.
	EX: Given the schema of a relation for address containing the attributes street, city, province_or_state, and country, we can define a location schema hierarchy by the following total order:
	street < city < province_or_state < country
	• Set-grouping hierarchies: A set-grouping hierarchy organizes values for a given attribute or dimension into groups of constants or range values. Set-grouping hierarchies can be used to refine or enrich schema-defined hierarchies, when the two types ...
	EX: A set-grouping hierarchy for the attribute age can be specified in terms of ranges, as in the following:
	{young, middle_aged, senior} ( all(age)
	{20…39} ( young
	{40…59} ( middle_aged
	{60…89} ( senior
	• Operation-driven hierarchies: An operation-driven hierarchy is based on operations specified by users, experts, or the data mining system.
	EX: An e-mail address or a URL of the WWW may contain hierarchy information relating department, universities (or companies), and countries. Decoding operations can be defined to extract such information to form concept hierarchies.
	EX 1: dmbook@cs.sfu.ca  gives the partial order “login-name < department < university < country,” forming a concept hierarchy for e-mail address.
	EX 2: http://www.cs.sfu.ca/research/DB/DBMiner can be decoded so as to provide a partial order that forms the base of a concept hierarchy for URLs.
	• Rule-based hierarchies: A rule-based hierarchy occurs when either a whole concept hierarchy or a portion of it is defined by a set of rules and is evaluated dynamically based on the current database data and the rule definition.
	EX: price(X, P1) ( cost(X, P2) ( ((P1-P2)<$50) ( Low_profit_margin(X)

	Interestingness measures                                         (CO2)
	Only a small fraction of patterns will actually be of interest to the given user. Thus, users need to further confine the number of uninteresting measures that estimate the simplicity, certainty, utility, and novelty of patterns.
	In general, each measure is associated with a threshold that can be controlled by the user. Rules that do not meet the threshold are considered uninteresting, and hence are not presented to the user as knowledge.
	• Simplicity
	• Certainty (e.g., confidence)
	• Utility (e.g., support)
	• Novelty
	• Simplicity: A factor contributing to the interestingness of a pattern is the pattern’s overall simplicity for human comprehension. For example, rule length is a simplicity measure.
	• Certainty: Each discovered pattern should have a measure of certainty associated with it that assesses the validity or “trustworthiness” of the pattern.
	• Utility: The potential usefulness of a pattern is a factor defining its interestingness. It can be estimated by a utility function, such as support.
	• Novelty: Novel patterns are those that contribute new information or increased performance to the given pattern set. For example, a data exception may be considered novel in that it differs from that expected based on a statistical model or user bel...

	Presentation and visualization of discovered patterns (CO2)
	Designing graphical user interfaces based on a data mining query language                                                                  (CO2)
	A data mining GUI may consist of the following functional components.
	• Data collection and data mining query composition: This component allows the user to specify task-relevant data sets and to compose data mining queries.
	• Presentation of discovered patterns: This component allows the display of the discovered patterns in various forms, including tables, graphs, charts, curves, and other visualization techniques.
	• Hierarchy specification and manipulation: This component allows for concept hierarchy specification, either manually by the user or automatically (based on analysis of the data at hand).
	• Manipulation of data mining primitives: This component may allow the dynamic adjustment of data mining thresholds, as well as the selection, display, and modification of concept hierarchy.
	• Interactive multilevel mining: This component should allow roll-up or drill-down operations on discovered patterns.
	• Other miscellaneous information: This component may include on-line help manuals, indexed search, debugging, and other interactive graphical facilities.
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