
What Motivated Data Mining? Why Is It Important?
Necessity is the mother of invention. —Plato

Data mining has attracted a great deal of attention in the information 
industry and in society as a whole in recent years, due to the wide availability of 
huge amounts of data and the imminent need for turning such data into useful 
information and knowledge. 

The information and knowledge gained can be used for applications ranging 
from market analysis, fraud detection, and customer retention, to production 
control and science exploration.

Data mining can be viewed as a result of the natural evolution of information
technology. The database system industry has witnessed an evolutionary path in 
the development of the following functionalities (Figure 1.1): data collection and 
database creation, data management (including data storage and retrieval, and 
database transaction processing), and advanced data analysis (involving data 
warehousing and data mining). 



On-line transaction processing (OLTP), where a query is viewed as a read-
only transaction, have contributed substantially to the evolution and wide 
acceptance of relational technology as a major tool for efficient storage, retrieval, 
and management of large amounts of data. 

The steady and amazing progress of computer hardware technology in the 
past three decades has led to large supplies of powerful and affordable computers, 



data collection equipment, and storage media. This technology provides a great 
boost to the database and information industry, and makes a huge number of 
databases and information repositories available for transaction management, 
information retrieval, and data analysis. Data can now be stored in many different 
kinds of databases and information repositories. One data repository architecture 
that has emerged is the data warehouse, a repository of multiple heterogeneous 
data sources organized under a unified schema at a single site in order to facilitate 
management decision making. Data warehouse technology includes data cleaning, 
data integration, and on-line analytical processing (OLAP), that is, analysis 
techniques with functionalities such as summarization, consolidation, and 
aggregation as well as the ability to view information from different angles. 
Although OLAP tools support multidimensional analysis and decision making, 
additional data analysis tools are required for in-depth analysis, such as data 
classification, clustering, and the characterization of data changes over time. In 
addition, huge volumes of data can be accumulated beyond databases and data 
warehouses. Typical examples include the World Wide Web and data streams, 
where data flow in and out like streams, as in applications like video surveillance, 
telecommunication, and sensor networks. The effective and efficient analysis of 
data in such different forms becomes a challenging task.

The abundance of data, coupled with the need for powerful data analysis 
tools, has been described as a data rich but information poor situation. The fast-
growing, tremendous amount of data, collected and stored in large and numerous 
data repositories, has far exceeded our human ability for comprehension without 
powerful tools (Figure 1.2)



As a result, data collected in large data repositories become “data 
tombs”—data archives that are seldom visited. Consequently, important decisions 
are often made based not on the information-rich data stored in data repositories, 
but rather on a decision maker’s intuition, simply because the decision maker does 
not have the tools to extract the valuable knowledge embedded in the vast amounts 
of data. In addition, consider expert system technologies, which typically rely on 
users or domain experts to manually input knowledge into knowledge bases. 
Unfortunately, this procedure is prone to biases and errors, and is extremely time-
consuming and costly. Data mining tools perform data strategies, knowledge bases, 
and scientific and medical research. The widening gap between data and 
information calls for a systematic development of data mining tools that will turn 
data tombs into “golden nuggets” of knowledge.

So, What Is Data Mining?
Data mining refers to extracting or “mining” knowledge from large amounts

of data. The term is actually a misnomer. Remember that the mining of gold from 
rocksor sand is referred to as gold mining rather than rock or sand mining. Thus, 
data mining should have been more appropriately named “knowledge mining from 
data,” which is unfortunately somewhat long. “Knowledge mining,” a shorter term, 
may not reflect the emphasis on mining from large amounts of data. Nevertheless, 



mining is a vivid term characterizing the process that finds a small set of precious 
nuggets from a great deal of  raw material (Figure 1.3). Thus, such a misnomer that 
carries both “data” and “mining” became a popular choice. Many other terms carry 
a similar or slightly different meaning to data mining, such as knowledge mining 
from data, knowledge extraction, data/pattern analysis, data archaeology, and data 
dredging.

Many people treat data mining as a synonym for another popularly used term, 
Knowledge Discovery from Data, or KDD. Alternatively, others view data mining 
as simply an analysis and may uncover important data patterns, contributing 
greatly to business essential step in the process of knowledge discovery. 
Knowledge discovery as a process is depicted in Figure 1.4 and consists of an 
iterative sequence of the following steps:



1. Data cleaning (to remove noise and inconsistent data)
2. Data integration (where multiple data sources may be combined)



3. Data selection (where data relevant to the analysis task are retrieved from the 
database)
4. Data transformation (where data are transformed or consolidated into forms 
appropriate for mining by performing summary or aggregation operations, for 
instance)   
5. Data mining (an essential process where intelligent methods are applied in order 
to extract data patterns)
6. Pattern evaluation (to identify the truly interesting patterns representing 
knowledge based on some interestingness measures; Section 1.5)
7. Knowledge presentation (where visualization and knowledge representation 
techniques are used to present the mined knowledge to the user)

Steps 1 to 4 are different forms of data preprocessing, where the data are 
prepared for mining. The data mining step may interact with the user or a 
knowledge base. The interesting patterns are presented to the user and may be 
stored as new knowledge in the knowledge base. Note that according to this view, 
data mining is only one step in the entire process, albeit an essential one because it 
uncovers hidden patterns for evaluation.

We agree that data mining is a step in the knowledge discovery process. 
However, in industry, in media, and in the database research milieu, the term data 
mining is becoming more popular than the longer term of knowledge discovery 
from data. We adopt a broad view of data mining functionality: data mining is the 
process of discovering interesting knowledge from large amounts of data stored in 
databases, data warehouses, or other information repositories.

Based on this view, the architecture of a typical data mining system may 
have the following major components (Figure 1.5):



Database, data warehouse,WorldWideWeb, or other information 
repository: This is one or a set of databases, data warehouses, spreadsheets, or 
other kinds of information repositories. Data cleaning and data integration 
techniques may be performed on the data.

Database or data warehouse server: The database or data warehouse 
server is responsible for fetching the relevant data, based on the user’s data mining 
request. 

Knowledge base: This is the domain knowledge that is used to guide the 
search or evaluate the interestingness of resulting patterns. Such knowledge can 
include concept hierarchies, used to organize attributes or attribute values into 
different levels of abstraction. Knowledge such as user beliefs, which can be used 
to assess a pattern’s interestingness based on its unexpectedness, may also be 
included. Other examples of domain knowledge are additional interestingness 
constraints or thresholds, and metadata (e.g., describing data from multiple 
heterogeneous sources).

Data mining engine: This is essential to the data mining system and ideally 
consists of a set of functional modules for tasks such as characterization, 
association and correlation analysis, classification, prediction, cluster analysis, 
outlier analysis, and evolution analysis.



Pattern evaluation module: This component typically employs 
interestingness measures  and interacts with the data mining modules so as to focus 
the search toward interesting patterns. It may use interestingness thresholds to filter
out discovered patterns. Alternatively, the pattern evaluation module may be 
integrated with the mining module, depending on the implementation of the data
mining method used. For efficient data mining, it is highly recommended to push 
the evaluation of pattern interestingness as deep as possible into the mining process 
so as to confine the search to only the interesting patterns. 

User interface: This module communicates between users and the data 
mining system, allowing the user to interact with the system by specifying a data 
mining query or task, providing information to help focus the search, and 
performing exploratory data mining based on the intermediate data mining results. 
In addition, this component allows the user to browse database and data warehouse 
schemas or data structures, evaluate mined patterns, and visualize the patterns in 
different forms.

From a data warehouse perspective, data mining can be viewed as an 
advanced stage of on-line analytical processing (OLAP). However, data mining 
goes far beyond the narrow scope of summarization-style analytical processing of 
data warehouse systems by incorporating more advanced techniques for data 
analysis.

Although there are many “data mining systems” on the market, not all of 
them can perform true data mining. A data analysis system that does not handle 
large amounts of data should be more appropriately categorized as a machine 
learning system, a statistical data analysis tool, or an experimental system 
prototype. A system that can only perform data or information retrieval, including 
finding aggregate values, or that performs deductive query answering in large 
databases should be more appropriately categorized as a database system, an 
information retrieval system, or a deductive database system.

Data mining involves an integration of techniques from multiple disciplines 
such as database and data warehouse technology, statistics, machine learning, high-
performance computing, pattern recognition, neural networks, data visualization, 
information retrieval, image and signal processing, and spatial or temporal data 
analysis. We adopt a database perspective in our presentation of data mining in this 
book. That is, emphasis is placed on efficient and scalable data mining techniques. 
For an algorithm to be scalable, its running time should grow approximately 
linearly in proportion to the size of the data, given the available system resources 
such as main memory and disk space.



By performing data mining, interesting knowledge, regularities, or high-
level information can be extracted from databases and viewed or browsed from 
different angles. The discovered knowledge can be applied to decision making, 
process control, information management, and query processing. Therefore, data 
mining is considered one of the most important frontiers in database and 
information systems and one of the most promising interdisciplinary developments 
in the information technology.

Data Mining—On What Kind of Data?
In principle, data mining should be applicable to any kind of data repository, 

as well as to transient data, such as data streams. Thus the scope of our 
examination of data repositories will include relational databases, data warehouses,
transactional databases, advanced database systems, flat files, data streams, and the
World Wide Web. Advanced database systems include object-relational databases 
and specific application-oriented databases, such as spatial databases, time-series 
databases, text databases, and multimedia databases. The challenges and 
techniques of mining may differ for each of the repository systems.

Relational Databases
A database system, also called a database management system (DBMS), 

consists of a collection of interrelated data, known as a database, and a set of 
software programs to manage and access the data. The software programs involve 
mechanisms for the definition of database structures; for data storage; for 
concurrent, shared, or distributed data access; and for ensuring the consistency and 
security of the information stored, despite system crashes or attempts at 
unauthorized access.

A relational database is a collection of tables, each of which is assigned a 
unique name. Each table consists of a set of attributes (columns or fields) and 
usually stores a large set of tuples (records or rows). Each tuple in a relational 
table represents an object identified by a unique key and described by a set of 
attribute values. A semantic data model, such as an entity-relationship (ER) data 
model, is often constructed for relational databases. An ER data model represents 
the database as a set of entities and their relationships.
Consider the following example.
Example 1.1 A relational database for AllElectronics. The AllElectronics company 
is described by the following relation tables: customer, item, employee, and 
branch. Fragments of the tables described here are shown in Figure 1.6.



The relation customer consists of a set of attributes, including a unique customer 
identity number (cust ID), customer name, address, age, occupation, annual 
income, credit information, category, and so on. Similarly, each of the relations 
item, employee, and branch consists of a set of attributes describing their 
properties. Tables can also be used to represent the relationships between or among 
multiple relation tables. For our example, these include purchases (customer 
purchases items, creating a sales transaction that is handled by an employee), items 
sold (lists the items sold in a given transaction), and works at (employee works at a 
branch of AllElectronics).

Relational data can be accessed by database queries written in a relational 
query language, such as SQL, or with the assistance of graphical user interfaces. A 



given query is transformed into a set of relational operations, such as join, 
selection, and projection, and is then optimized for efficient processing. A query 
allows retrieval of specified subsets of the data. Suppose that your job is to analyze 
the AllElectronics data. Through the use of relational queries, you can ask things 
like “Show me a list of all items that were sold in the last quarter.” Relational 
languages also include aggregate functions such as sum, avg (average), count, max
(maximum), and min (minimum). These allow you to ask things like

 “Show me the total sales of the last month, grouped by branch,” or 
“How many sales transactions occurred in the month of December?” or 
“Which sales person had the highest amount of sales?”
When data mining is applied to relational databases, we can go further by 

searching for trends or data patterns. For example, data mining systems can 
analyze customer data to predict the credit risk of new customers based on their 
income, age, and previous credit information. Data mining systems may also detect 
deviations, such as items whose sales are far from those expected in comparison 
with the previous year. Such deviations can then be further investigated (e.g., has 
there been a change in packaging of such items, or a significant increase in price?).
Relational databases are one of the most commonly available and rich information
repositories, and thus they are a major data form in our study of data mining.

DataWarehouses
Suppose that AllElectronics is a successful international company, with 

branches around the world. Each branch has its own set of databases. The president 
of AllElectronics has asked you to provide an analysis of the company’s sales per 
item type per branch for the third quarter. This is a difficult task, particularly since 
the relevant data are spread out over several databases, physically located at 
numerous sites. If AllElectronics had a data warehouse, this task would be easy. A 
data warehouse is a repository of information collected from multiple sources, 
stored under a unified schema, and that usually resides at a single site. Data 
warehouses are constructed via a process of data cleaning, data integration, data 
transformation, data loading, and periodic data refreshing. 
Figure 1.7 shows the typical framework for construction and use of a data 
warehouse for AllElectronics.



To facilitate decision making, the data in a data warehouse are organized around
major subjects, such as customer, item, supplier, and activity. The data are stored 
to provide information from a historical perspective (such as from the past 5–10 
years) and are typically summarized. For example, rather than storing the details of 
each sales transaction, the data warehouse may store a summary of the transactions 
per item type for each store or, summarized to a higher level, for each sales region.
A data warehouse is usually modeled by a multidimensional database structure, 
where each dimension corresponds to an attribute or a set of attributes in the 
schema, and each cell stores the value of some aggregate measure, such as count or 
sales amount. The actual physical structure of a data warehouse may be a relational 
data store or a multidimensional data cube. A data cube provides a 
multidimensional view of data and allows the precomputation and fast accessing of 
summarized data.
Example 1.2 A data cube for AllElectronics. A data cube for summarized sales 
data of AllElectronics is presented in Figure 1.8(a).



 The cube has three dimensions: address (with city values Chicago, New York, 
Toronto, Vancouver), time (with quarter values Q1, Q2, Q3, Q4), and item(with 
item type values home entertainment, computer, phone, security). The aggregate
value stored in each cell of the cube is sales amount (in thousands). For example, 
the total sales for the first quarter,Q1, for items relating to security systems in 
Vancouver is$400,000, as stored in cell (Vancouver, Q1, security). Additional 
cubes may be used to store aggregate sums over each dimension, corresponding to 
the aggregate values obtained using different SQL group-bys (e.g., the total sales 
amount per city and quarter, or per city and item, or per quarter and item, or per 
each individual dimension).



“I have also heard about data marts. What is the difference between a 
datawarehouse and a data mart?” you may ask. 

A data warehouse collects information about subjects that span an 
entire organization, and thus its scope is enterprise-wide. 

A data mart, is a department subset of a data warehouse. It focuses on 
selected subjects, and thus its scope is department-wide.

By providing multidimensional data views and the precomputation of summarized
data, data warehouse systems are well suited for on-line analytical processing, or 
OLAP.  OLAP operations use background knowledge regarding the domain of the
data being studied in order to allow the presentation of data at different levels of 
abstraction. Such operations accommodate different user viewpoints. Examples of
OLAP operations include drill-down and roll-up, which allow the user to view the
data at differing degrees of summarization, as illustrated in Figure 1.8(b). For 
instance, we can drill down on sales data summarized by quarter to see the data 
summarized by month. Similarly, we can roll up on sales data summarized by city 
to view the data summarized by country.

Transactional Databases
A transactional database consists of a file where each record represents a 

transaction. A transaction typically includes a unique transaction identity number 
(trans ID) and a list of the items making up the transaction (such as items 
purchased in a store).The transactional database may have additional tables 
associated with it, which contain other information regarding the sale, such as the 
date of the transaction, the customer ID number, the ID number of the salesperson 
and of the branch at which the sale occurred, and so on.
Example 1.3 A transactional database for AllElectronics. Transactions can be 
stored in a table, with one record per transaction. A fragment of a transactional 
database for AllElectronics is shown in Figure 1.9. From the relational database 
point of view, the sales table in Figure 1.9 is a nested relation because the attribute 
list of item IDs contains a set of items.



Because most relational database systems do not support nested relational 
structures, the transactional database is usually either stored in a flat file in a 
format similar to that of the table in Figure 1.9 or unfolded into a standard relation 
in a format similar to that of the items sold table in Figure 1.6.

Advanced Data and Information Systems and Advanced 
Applications

The new database applications include handling spatial data (such as maps),
engineering design data (such as the design of buildings, system components, or 
integrated circuits), hypertext and multimedia data (including text, image, video, 
and audio data), time-related data (such as historical records or stock exchange 
data), stream data (such as video surveillance and sensor data, where data flow in 
and out like streams), and the World Wide Web (a huge, widely distributed 
information repository made available by the Internet). These applications require 
efficient data structures and scalable methods for handling complex object 
structures; variable-length records; semistructured or unstructured data; text, 
spatiotemporal, and multimedia data; and database schemas with complex 
structures and dynamic changes. In response to these needs, advanced database 
systems and specific application-oriented database systems have been developed. 
These include object-relational database systems, temporal and time-series 
database systems, spatial and spatiotemporal database systems, text and 
multimedia database systems, heterogeneous and legacy database systems, data 
stream management systems, and Web-based global information systems.

Object-Relational Databases
Object-relational databases are constructed based on an object-relational 

data model. This model extends the relational model by providing a rich data type 
for handling complex objects and object orientation. Because most sophisticated 
database applications need to handle complex objects and structures, object-
relational databases are becoming increasingly popular in industry and 
applications. Conceptually, the object-relational data model inherits the essential 
concepts of object-oriented databases, where, in general terms, each entity is 
considered as an object. Following the AllElectronics example, objects can be 
individual employees, customers, or items. Data and code relating to an object are 
encapsulated into a single unit. Each object has associated with it the following:

A set of variables that describe the objects. These correspond to attributes in 
the entity-relationship and relational models.



A set of messages that the object can use to communicate with other objects, 
or with the rest of the database system.

A set of methods, where each method holds the code to implement a 
message. Upon receiving a message, the method returns a value in response. For 
instance, the method for the message get photo(employee) will retrieve and return a 
photo of the given employee object.

Objects that share a common set of properties can be grouped into an object 
class. Each object is an instance of its class. Object classes can be organized into 
class/subclass hierarchies so that each class represents properties that are common 
to objects in that class. For instance, an employee class can contain variables like 
name, address, and birthdate.

Suppose that the class, sales person, is a subclass of the class, employee. A 
sales person object would inherit all of the variables pertaining to its super class of 
employee. In addition, it has all of the variables that pertain specifically to being a 
salesperson (e.g., commission). Such a class inheritance feature benefits 
information sharing. For data mining in object-relational systems, techniques need 
to be developed for handling complex object structures, complex data types, class 
and subclass hierarchies, property inheritance, and methods and procedures.

Temporal Databases, Sequence Databases, and Time-Series Databases
A temporal database typically stores relational data that include time-related 

attributes. These attributes may involve several timestamps, each having different 
semantics. 

A sequence database stores sequences of ordered events, with or without a 
concrete notion of time. Examples include customer shopping sequences, Web 
click streams, and biological sequences. 

A time-series database stores sequences of values or events obtained over 
repeated measurements of time (e.g., hourly, daily, weekly). Examples include data
collected from the stock exchange, inventory control, and the observation of 
natural phenomena (like temperature and wind). Data mining techniques can be 
used to find the characteristics of object evolution, or the trend of changes for 
objects in the database. Such information can be useful in decision making and 
strategy planning. For instance, the mining of banking data may aid in the 
scheduling of bank tellers according to the volume of customer traffic. Stock 
exchange data can be mined to uncover trends that could help you plan investment 
strategies (e.g., when is the best time to purchase AllElectronics stock?). Such 
analyses typically require defining multiple granularity of time. For example, time 



may be decomposed according to fiscal years, academic years, or calendar years. 
Years may be further decomposed into quarters or months.

Spatial Databases and Spatiotemporal Databases
Spatial databases contain spatial-related information. Examples include 

geographic (map) databases, very large-scale integration (VLSI) or computed-
aided design databases, and medical and satellite image databases. Spatial data 
may be represented in raster format, consisting of n-dimensional bit maps or pixel 
maps. For example, a 2-D satellite image may be represented as raster data, where 
each pixel registers the rainfall in a given area. Maps can be represented in vector 
format, where roads, bridges, buildings, and lakes are represented as unions or 
overlays of basic geometric constructs, such as points, lines, polygons, and the 
partitions and networks formed by these components. Geographic databases have 
numerous applications, ranging from forestry and ecology planning to providing 
public service information regarding the location of telephone and electric cables, 
pipes, and sewage systems. In addition, geographic databases are commonly used 
in vehicle navigation and dispatching systems. An example of such a system for 
taxis would store a city map with information regarding one-way streets, suggested
routes for moving from region A to region B during rush hour, and the location of 
restaurants and hospitals, as well as the current location of each driver.
“What kind of data mining can be performed on spatial databases?” you may ask.  
Data mining may uncover patterns describing the characteristics of houses located 
near a specified kind of location, such as a park, for instance. Other patterns may 
describe the climate of mountainous areas located at various altitudes, or describe 
the change in trend of metropolitan poverty rates based on city distances from 
major highways. The relationships among a set of spatial objects can be examined 
in order to discover which subsets of objects are spatially auto-correlated or 
associated. Clusters and outliers can be identified by spatial cluster analysis. 
Moreover, spatial classification can be performed to construct models for 
prediction based on the relevant set of features of the spatial objects. Furthermore,
“spatial data cubes” may be constructed to organize data into multidimensional 
structures and hierarchies, on which OLAP operations (such as drill-down and roll-
up) can be performed.

A spatial database that stores spatial objects that change with time is called a
spatiotemporal database, from which interesting information can be mined. For 
example, we may be able to group the trends of moving objects and identify some 
strangely moving vehicles, or distinguish a bioterrorist attack from a normal 
outbreak of the flu based on the geographic spread of a disease with time.



Text Databases and Multimedia Databases
Text databases are databases that contain word descriptions for objects. 

These word descriptions are usually not simple keywords but rather long sentences 
or paragraphs, such as product specifications, error or bug reports, warning 
messages, summary reports, notes, or other documents. Text databases may be 
highly unstructured (such as some Web pages on the World Wide Web). Some text 
databases may be somewhat structured, that is, semistructured (such as e-mail 
messages and many HTML/XML Web pages), whereas others are relatively well 
structured (such as library catalogue databases). Text databases with highly regular 
structures typically can be implemented using relational database systems.
“What can data mining on text databases uncover?” By mining text data, one may
uncover general and concise descriptions of the text documents, keyword or 
content associations, as well as the clustering behavior of text objects. To do this, 
standard data mining methods need to be integrated with information retrieval 
techniques and the construction or use of hierarchies specifically for text data (such 
as dictionaries and thesauruses), as well as discipline-oriented term classification 
systems (such as in biochemistry, medicine, law, or economics).

Multimedia databases store image, audio, and video data. They are used in 
applications such as picture content-based retrieval, voice-mail systems, video-on-
demand systems, the World Wide Web, and speech-based user interfaces that 
recognize spoken commands. Multimedia databases must support large objects, 
because data objects such as video can require gigabytes of storage. Specialized 
storage and search techniques are also required. Because video and audio data 
require real-time retrieval at a steady and predetermined rate in order to avoid 
picture or sound gaps and system buffer overflows, such data are referred to as 
continuous-media data. For multimedia data mining, storage and search techniques 
need to be integrated with standard data mining methods. Promising approaches 
include the construction of multimedia data cubes, the extraction of multiple 
features from multimedia data, and similarity-based pattern matching.

Heterogeneous Databases and Legacy Databases
A heterogeneous database consists of a set of interconnected, autonomous 

component databases. The components communicate in order to exchange 
information and answer queries. Objects in one component database may differ 
greatly from objects in other component databases, making it difficult to assimilate 
their semantics into the overall heterogeneous database.



Many enterprises acquire legacy databases as a result of the long history of 
information technology development (including the application of different 
hardware and operating systems). A legacy database is a group of heterogeneous 
databases that combines different kinds of data systems, such as relational or 
object-oriented databases, hierarchical databases, network databases, spreadsheets, 
multimedia databases, or file systems. The heterogeneous databases in a legacy 
database may be connected by intra or inter-computer networks.

Information exchange across such databases is difficult because it would 
require precise transformation rules from one representation to another, 
considering diverse semantics. Consider, for example, the problem in exchanging 
information regarding student academic performance among different schools. 
Each school may have its own computer system and use its own curriculum and 
grading system. One university may adopt a quarter system, offer three courses on 
database systems, and assign grades from A+ to F, whereas another may adopt a 
semester system, offer two courses on databases, and assign grades from 1 to 10. It 
is very difficult to work out precise course-to-grade transformation rules between 
the two universities, making information exchange difficult.

Data mining techniques may provide an interesting solution to the 
information exchange problem by performing statistical data distribution and 
correlation analysis, and transforming the given data into higher, more generalized, 
conceptual levels (such as fair, good, or excellent for student grades), from which 
information exchange can then more easily be performed.

Data Streams
Many applications involve the generation and analysis of a new kind of data, 

called stream data, where data flow in and out of an observation platform (or 
window) dynamically. Such data streams have the following unique features: huge 
or possibly infinite volume, dynamically changing, flowing in and out in a fixed 
order, allowing only one or a small number of scans, and demanding fast (often 
real-time) response time. Typical examples of data streams include various kinds 
of scientific and engineering data, time-series data, and data produced in other 
dynamic environments, such as power supply, network traffic, stock exchange, 
telecommunications, Web click streams, video surveillance, and weather or 
environment monitoring.

Because data streams are normally not stored in any kind of data repository, 
effective and efficient management and analysis of stream data poses great 
challenges to researchers. Currently, many researchers are investigating various 
issues relating to the development of data stream management systems. A typical 



query model in such a system is the continuous query model, where predefined 
queries constantly evaluate incoming streams, collect aggregate data, report the 
current status of data streams, and respond to their changes.

Mining data streams involves the efficient discovery of general patterns and 
dynamic changes within stream data. For example, we may like to detect intrusions 
of a computer network based on the anomaly of message flow, which may be 
discovered by clustering data streams, dynamic construction of stream models, or 
comparing the current frequent patterns with that at a certain previous time. Most 
stream data reside at a rather low level of abstraction, whereas analysts are often 
more interested in higher and multiple levels of abstraction. Thus, multilevel, 
multidimensional on-line analysis and mining should be performed on stream data 
as well.

The World Wide Web
The World Wide Web and its associated distributed information services, 

such as Yahoo!, Google, America Online, and AltaVista, provide rich, worldwide, 
on-line information services, where data objects are linked together to facilitate 
interactive access. Users seeking information of interest traverse from one object 
via links to another. Such systems provide ample opportunities and challenges for 
data mining. For example, understanding user access patterns will not only help 
improve system design (by providing efficient access between highly correlated 
objects), but also leads to better marketing decisions (e.g., by placing 
advertisements in frequently visited documents, or by providing better 
customer/user classification and behavior analysis). Capturing user access patterns 
in such distributed information environments is called Web usage mining (or 
Weblog mining).

Although Web pages may appear fancy and informative to human readers, 
they can be highly unstructured and lack a predefined schema, type, or pattern. 
Thus it is difficult for computers to understand the semantic meaning of diverse 
Web pages and structure them in an organized way for systematic information 
retrieval and data mining. Web services that provide keyword-based searches 
without understanding the context behind the Web pages can only offer limited 
help to users. For example, a Web search based on a single keyword may return 
hundreds of Web page pointers containing the keyword, but most of the pointers 
will be very weakly related to what the user wants to find. Data mining can often 
provide additional help here than Web search services. For example, authoritative 
Web page analysis based on linkages among Web pages can help rank Web pages



based on their importance, influence, and topics. Automated Web page clustering 
and classification help group and arrange Web pages in a multidimensional manner 
based on their contents. Web community analysis helps identify hidden Web social 
networks and communities and observe their evolution. Web mining is the 
development of scalable and effective Web data analysis and mining methods. It 
may help us learn about the distribution of information on the Web in general, 
characterize and classify Web pages, and uncover Web dynamics and the 
association and other relationships among different Web pages, users, 
communities, and Web-based activities. 

Data Mining Functionalities—What Kinds of Patterns Can 
Be Mined?

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

. In general, data mining tasks can be classified into two categories: 
descriptive and predictive. 

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

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

In some cases, users may have no idea regarding what kinds of patterns in 
their data may be interesting, and hence may like to search for several different 
kinds of patterns in parallel. Thus it is important to have a data mining system that 
can mine multiple kinds of patterns to accommodate different user expectations or 
applications. 

Furthermore, data mining systems should be able to discover patterns at 
various granularity (i.e., different levels of abstraction). Data mining systems 
should also allow users to specify hints to guide or focus the search for interesting 
patterns. Because some patterns may not hold for all of the data in the database, a 
measure of certainty or “trustworthiness” is usually associated with each 
discovered pattern. 

Concept/Class Description: Characterization and Discrimination
Data can be associated with classes or concepts. For example, in the 

AllElectronics store, classes of items for sale include computers and printers, and 
concepts of customers include bigSpenders and budgetSpenders. It can be useful to 
describe individual classes and concepts in summarized, concise, and yet precise 



terms. Such descriptions of a class or a concept are called class/concept 
descriptions. These descriptions can be derived via
(1)data characterization, by summarizing the data of the class under study (often 

called the target class) in general terms, or 
(2)data discrimination, by comparison of the target class with one or a set of 

comparative classes (often called the contrasting classes), or
(3) both data characterization and discrimination.

Data characterization is a summarization of the general characteristics or 
features of a target class of data. The data corresponding to the user-specified class 
are typically collected by a database query. For example, to study the 
characteristics of software products whose sales increased by 10% in the last year, 
the data related to such products can be collected by executing an SQL query. 
There are several methods for effective data summarization and characterization.
The data cube–based OLAP roll-up operation (Section 1.3.2) can be used to 
perform user-controlled data summarization along a specified dimension. 

An attribute-oriented induction technique can be used to perform data 
generalization and characterization without step-by-step user interaction. The 
output of data characterization can be presented in various forms. Examples 
include pie charts, bar charts, curves, multidimensional data cubes, and 
multidimensional tables, including crosstabs. The resulting descriptions can also be 
presented as generalized relations or in rule form(called characteristic rules). 
Example 1.4 Data characterization. A data mining system should be able to 
produce a description summarizing the characteristics of customers who spend 
more than $1,000 a year at AllElectronics. The result could be a general profile of 
the customers, such as they are 40–50 years old, employed, and have excellent 
credit ratings. The system should allow users to drill down on any dimension, such 
as on occupation in order to view these customers according to their type of 
employment.

Data discrimination is a comparison of the general features of target class 
data objects with the general features of objects from one or a set of contrasting 
classes. The target and contrasting classes can be specified by the user, and the 
corresponding data objects retrieved through database queries. For example, the 
user may like to compare the general features of software products whose sales 
increased by 10% in the last year with those whose sales decreased by at least 30% 
during the same period. The methods used for data discrimination are similar to 
those used for data characterization.



“How are discrimination descriptions output?” The forms of output presentation 
are similar to those for characteristic descriptions, although discrimination 
descriptions should include comparative measures that help distinguish between 
the target and contrasting classes. Discrimination descriptions expressed in rule 
form are referred to as discriminant rules.
Example 1.5 Data discrimination. A data mining system should be able to 
compare two groups of AllElectronics customers, such as those who shop for 
computer products regularly (more than two times a month) versus those who 
rarely shop for such products (i.e., less than three times a year). The resulting 
description provides a general comparative profile of the customers, such as 80% 
of the customers who frequently purchase computer products are between 20 and 
40 years old and have a university education, whereas 60% of the customers who 
infrequently buy such products are either seniors or youths, and have no university 
degree. Drilling down on a dimension, such as occupation, or adding new 
dimensions, such as income level, may help in finding even more discriminative 
features between the two classes.

Mining Frequent Patterns, Associations, and Correlations
Frequent patterns, as the name suggests, are patterns that occur frequently in 

data. There are many kinds of frequent patterns, including itemsets, subsequences, 
and substructures.

A frequent itemset typically refers to a set of items that frequently appear 
together in a transactional data set, such as milk and bread. 

A frequently occurring subsequence, such as the pattern that customers tend 
to purchase first a PC, followed by a digital camera, and then a memory card, is a 
(frequent) sequential pattern. 

A substructure can refer to different structural forms, such as graphs, trees, 
or lattices, which may be combined with itemsets or subsequences. If a 
substructure occurs frequently, it is called a (frequent) structured pattern. 

Mining frequent patterns leads to the discovery of interesting associations 
and correlations within data.
Example 1.6 Association analysis. Suppose, as a marketing manager of 
AllElectronics, you would like to determine which items are frequently purchased 
together within the same transactions. An example of such a rule, mined from the 
AllElectronics transactional database, is 

where X is a variable representing a customer. A confidence, or certainty, of 50% 
means that if a customer buys a computer, there is a 50% chance that she will buy 



software as well. A 1% support means that 1% of all of the transactions under 
analysis showed that computer and software were purchased together. This 
association rule involves a single attribute or predicate (i.e., buys) that repeats. 
Association rules that contain a single predicate are referred to as single-
dimensional association rules. Dropping the predicate notation, the above rule can 
be written simply as .
Suppose, instead, that we are given the AllElectronics relational database relating 
to purchases. A data mining system may find association rules like      

 
The rule indicates that of the AllElectronics customers under study, 2% are 20 

to 29 years of age with an income of 20,000 to 29,000 and have purchased a CD 
player at AllElectronics. There is a 60% probability that a customer in this age and 
income group will purchase a CD player. Note that this is an association between 
more than one attribute, or predicate (i.e., age, income, and buys). Adopting the 
terminology used in multidimensional databases, where each attribute is referred to 
as a dimension, the above rule can be referred to as a multidimensional association 
rule. Typically, association rules are discarded as uninteresting if they do not 
satisfy both a minimum support threshold and a minimum confidence threshold. 
Additional analysis can be performed to uncover interesting statistical correlations 
between associated attribute-value pairs.

Classification and Prediction
Classification is the process of finding a model (or function) that describes 

and distinguishes data classes or concepts, for the purpose of being able to use the 
model to predict the class of objects whose class label is unknown. The derived 
model is based on the analysis of a set of training data (i.e., data objects whose 
class label is known).

“How is the derived model presented?” The derived model may be 
represented in various forms, such as classification (IF-THEN) rules, decision 
trees, mathematical formulae, or neural networks (Figure 1.10). 



A decision tree is a flow-chart-like tree structure, where each node denotes a test 
on an attribute value, each branch represents an outcome of the test, and tree leaves 
represent classes or class distributions. Decision trees can easily be converted to 
classification rules. A neural network, when used for classification, is typically a 
collection of neuron-like processing units with weighted connections between the
units. There are many other methods for constructing classification models, such as 
naïve Bayesian classification, support vector machines, and k-nearest neighbor 
classification. 

Whereas classification predicts categorical (discrete, unordered) labels, 
prediction models continuous-valued functions. That is, it is used to predict 
missing or unavailable numerical data values rather than class labels. Although the 
term prediction may refer to both numeric prediction and class label prediction, in 
this book we use it to refer primarily to numeric prediction. 

Regression analysis is a statistical methodology that is most often used for 
numeric prediction, although other methods exist as well. Prediction also 
encompasses the identification of distribution trends based on the available data. 
Classification and prediction may need to be preceded by relevance analysis, 
which attempts to identify attributes that do not contribute to the classification or 
prediction process. These attributes can then be excluded.
Example 1.7 Classification and prediction. Suppose, as sales manager of 
AllElectronics, you would like to classify a large set of items in the store, based on 
three kinds of responses to a sales campaign: good response, mild response, and no 



response. You would like to derive a model for each of these three classes based 
on the descriptive features of the items, such as price, brand, place made, type, and 
category. The resulting classification should maximally distinguish each class from 
the others, presenting an organized picture of the data set. Suppose that the 
resulting classification is expressed in the form of a decision tree. The decision 
tree, for instance, may identify price as being the single factor that best 
distinguishes the three classes. The tree may reveal that, after price, other features 
that help further distinguish objects of each class from another include brand and 
place made. Such a decision tree may help you understand the impact of the given 
sales campaign and design a more effective campaign for the future. Suppose 
instead, that rather than predicting categorical response labels for each store item, 
you would like to predict the amount of revenue that each item will generate 
during an upcoming sale at AllElectronics, based on previous sales data. This is an 
example of (numeric) prediction because the model constructed will predict a 
continuous-valued function, or ordered value.
Cluster Analysis

“What is cluster analysis?”
Unlike classification and prediction, which analyze class-labeled data 

objects, clustering analyzes data objects without consulting a known class label. In 
general, the class labels are not present in the training data simply because they are
not known to begin with. Clustering can be used to generate such labels. The 
objects are clustered or grouped based on the principle of maximizing the 
intraclass similarity and minimizing the interclass similarity. That is, clusters of 
objects are formed so that objects within a cluster have high similarity in 
comparison to one another, but are very dissimilar to objects in other clusters. Each 
cluster that is formed can be viewed as a class of objects, from which rules can be 
derived. Clustering can also facilitate taxonomy formation, that is, the organization 
of observations into a hierarchy of classes that group similar events together.
Example 1.8 Cluster analysis. Cluster analysis can be performed on AllElectronics 
customer data in order to identify homogeneous subpopulations of customers. 
These clusters may represent individual target groups for marketing. Figure 1.11 
shows a 2-D plot of customers with respect to customer locations in a city. Three 
clusters of data points are evident.



Outlier Analysis
A database may contain data objects that do not comply with the general 

behavior or model of the data. These data objects are outliers. Most data mining 
methods discard outliers as noise or exceptions. However, in some applications 
such as fraud detection, the rare events can be more interesting than the more 
regularly occurring ones. The analysis of outlier data is referred to as outlier 
mining. Outliers may be detected using statistical tests that assume a distribution or 
probability model for the data, or using distance measures where objects that are a 
substantial distance from any other cluster are considered outliers. Rather than 
using statistical or distance measures, deviation-based methods identify outliers by 
examining differences in the main characteristics of objects in a group.
Example 1.9 Outlier analysis. Outlier analysis may uncover fraudulent usage of 
credit cards by detecting purchases of extremely large amounts for a given account 
number in comparison to regular charges incurred by the same account. Outlier 
values may also be detected with respect to the location and type of purchase, or 
the purchase frequency.

Evolution Analysis
Data evolution analysis describes and models regularities or trends for 

objects whose behavior changes over time. Although this may include 
characterization, discrimination, association and correlation analysis, classification, 



prediction, or clustering of time related data, distinct features of such an analysis 
include time-series data analysis, sequence or periodicity pattern matching, and 
similarity-based data analysis.
Example 1.10 Evolution analysis. Suppose that you have the major stock market 
(time-series) data of the last several years available from the New York Stock 
Exchange and you would like to invest in shares of high-tech industrial companies. 
A data mining study of stock exchange data may identify stock evolution 
regularities for overall stocks and for the stocks of particular companies. Such 
regularities may help predict future trends in stock market prices, contributing to 
your decision making regarding stock investments.

Are All of the Patterns Interesting?
A data mining system has the potential to generate thousands or even 

millions of patterns, or rules.
“So,” you may ask, “are all of the patterns interesting?” Typically 

not—only a small fraction of the patterns potentially generated would actually be 
of interest to any given user. This raises some serious questions for data mining. 

“What makes a pattern interesting? 
To answer the first question, a pattern is interesting if it is 
(1) easily understood by humans, 
(2) valid on new or test data with some degree of certainty, 
(3) potentially useful, and 
(4) novel. 
A pattern is also interesting if it validates a hypothesis that the user sought

to confirm. An interesting pattern represents knowledge. Several objective 
measures of pattern interestingness exist. These are based on the structure of 
discovered patterns and the statistics underlying them. An objective measure for 
association rules of the form X=>Y is rule support, representing the percentage of 
transactions from a transaction database that the given rule satisfies. This is taken 
to be the probability P(X UY),where X UY indicates that a transaction contains both 
X and Y, that is, the union of itemsets X and Y. Another objective measure for 
association rules is confidence, which assesses the degree of certainty of the 
detected association. This is taken to be the conditional probability P(Y|X), that is, 
the probability that a transaction containing X also contains Y. More formally, 
support and confidence are defined as



                                         
In general, each interestingness measure is associated with a threshold, which may 
be controlled by the user. For example, rules that do not satisfy a confidence 
threshold of, say, 50% can be considered uninteresting. Rules below the threshold 
likely reflect noise, exceptions, or minority cases and are probably of less value.
Although objective measures help identify interesting patterns, they are insufficient
unless combined with subjective measures that reflect the needs and interests of a 
particular user. For example, patterns describing the characteristics of customers 
who shop frequently at AllElectronics should interest the marketing manager, but 
may be of little interest to analysts studying the same database for patterns on 
employee performance. Furthermore, many patterns that are interesting by 
objective standards may represent common knowledge and, therefore, are actually 
uninteresting. Subjective interestingness measures are based on user beliefs in the 
data. These measures find patterns interesting if they are unexpected (contradicting 
a user’s belief) or offer strategic information on which the user can act. In the latter 
case, such patterns are referred to as actionable. Patterns that are expected can be 
interesting if they confirm a hypothesis that the user wished to validate, or 
resemble a user’s hunch.

The second question—“Can a data mining system generate all of the interesting 
patterns?”—refers to the completeness of a data mining algorithm. 

It is often unrealistic and inefficient for data mining systems to generate all 
of the possible patterns. Instead, user-provided constraints and interestingness 
measures should be used to focus the search. For some mining tasks, such as 
association, this is often sufficient to ensure the completeness of the algorithm. 
Association rule mining is an example where the use of constraints and 
interestingness measures can ensure the completeness of mining. 

Finally, the third question—“Can a data mining system generate only interesting 
patterns?”— is an optimization problem in data mining.

It is highly desirable for data mining systems to generate only interesting 
patterns. This would be much more efficient for users and data mining systems, 
because neither would have to search through the patterns generated in order to 
identify the truly interesting ones. Progress has been made in this direction; 
however, such optimization remains a challenging issue in data mining.



Measures of pattern interestingness are essential for the efficient discovery 
of patterns of value to the given user. Such measures can be used after the data 
mining step in order to rank the discovered patterns according to their 
interestingness, filtering out the uninteresting ones. More importantly, such 
measures can be used to guide and constrain the discovery process, improving the 
search efficiency by pruning away subsets of the pattern space that do not satisfy 
prespecified interestingness constraints. 

Classification of Data Mining Systems
Data mining is an interdisciplinary field, the confluence of a set of 

disciplines, including database systems, statistics, machine learning, visualization, 
and information science (Figure 1.12).

Moreover, depending on the data mining approach used, techniques from other 
disciplines may be applied, such as neural networks, fuzzy and/or rough set theory,
knowledge representation, inductive logic programming, or high-performance 
computing. Depending on the kinds of data to be mined or on the given data 
mining application, the data mining system may also integrate techniques from 
spatial data analysis, information retrieval, pattern recognition, image analysis, 
signal processing, computer graphics, Web technology, economics, business, 
bioinformatics, or psychology.

Because of the diversity of disciplines contributing to data mining, data 
mining research is expected to generate a large variety of data mining systems. 
Therefore, it is necessary to provide a clear classification of data mining systems, 
which may help potential users distinguish between such systems and identify 
those that best match their needs. 

Data mining systems can be categorized according to various criteria, as 
follows:



Classification according to the kinds of databases mined: A data mining 
system can be classified according to the kinds of databases mined. Database 
systems can be classified according to different criteria (such as data models, or the 
types of data or applications involved), each of which may require its own data 
mining technique. Data mining systems can therefore be classified accordingly. 
For instance, if classifying according to data models, we may have a relational, 
transactional, object-relational, or data warehouse mining system. If classifying 
according to the special types of data handled, we may have a spatial, time-series, 
text, stream data, multimedia data mining system, or a World Wide Web mining 
system.

Classification according to the kinds of knowledge mined: Data mining 
systems can be categorized according to the kinds of knowledge they mine, that is, 
based on data mining functionalities, such as characterization, discrimination, 
association and correlation analysis, classification, prediction, clustering, outlier 
analysis, and evolution analysis. A comprehensive data mining system usually 
provides multiple and/or integrated data mining functionalities. Moreover, data 
mining systems can be distinguished based on the granularity or levels of 
abstraction of the knowledge mined, including generalized knowledge (at a high 
level of abstraction),primitive-level knowledge (at a raw data level), or knowledge
at multiple levels (considering several levels of abstraction). An advanced data 
mining system should facilitate the discovery of knowledge at multiple levels of 
abstraction. Data mining systems can also be categorized as those that mine data 
regularities (commonly occurring patterns) versus those that mine data 
irregularities (such as exceptions, or outliers). In general, concept description, 
association and correlation analysis, classification, prediction, and clustering mine 
data regularities, rejecting outliers as noise. These methods may also help detect 
outliers.

Classification according to the kinds of techniques utilized: Data mining 
systems can be categorized according to the underlying data mining techniques 
employed. These techniques can be described according to the degree of user 
interaction involved (e.g., autonomous systems, interactive exploratory systems, 
query-driven systems) or the methods of data analysis employed (e.g., database-
oriented or data warehouse– oriented techniques, machine learning, statistics, 
visualization, pattern recognition, neural networks, and so on). A sophisticated data 
mining system will often adopt multiple data mining techniques or work out an 
effective, integrated technique that combines the merits of a few individual 
approaches.



Classification according to the applications adapted: Data mining systems 
can also be categorized according to the applications they adapt. For example, data 
mining systems may be tailored specifically for finance, telecommunications, 
DNA, stock markets, e-mail, and so on. Different applications often require the 
integration of application-specific methods. Therefore, a generic, all-purpose data 
mining system may not fit domain-specific mining tasks.

Data Mining Task Primitives
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 data mining task primitives. These primitives allow the user to interactively 
communicate with the data mining system during discovery in order to direct the 
mining process, or examine the findings from different angles or depths. The data
mining primitives specify the following, as illustrated in Figure 1.13.



The set of task-relevant data to be mined: This specifies the portions of the 
database or the set of data in which the user is interested. This includes the 
database attributes or data warehouse dimensions of interest (referred to as the 
relevant attributes or dimensions).
The kind of knowledge to be mined: This specifies the data mining functions to be 
performed, such as characterization, discrimination, association or correlation 
analysis, classification, prediction, clustering, outlier analysis, or evolution 
analysis.



The background knowledge to be used in the discovery process: This knowledge 
about the domain to be mined is useful for guiding the knowledge discovery 
process and for evaluating the patterns found. Concept hierarchies are a popular 
form of background knowledge, which allow data to be mined at multiple levels of 
abstraction. An example of a concept hierarchy for the attribute (or dimension) age 
is shown in Figure 1.14.

User beliefs regarding relationships in the data are another form of background
knowledge.

The interestingness measures and thresholds for pattern evaluation: They may 
be used to guide the mining process or, after discovery, to evaluate the discovered 
patterns. Different kinds of knowledge may have different interestingness 
measures. For example, interestingness measures for association rules include 
support and confidence. Rules whose support and confidence values are below 
user-specified thresholds are considered uninteresting. 

The expected representation for visualizing the discovered patterns: This refers to 
the form in which discovered patterns are to be displayed, which may include 
rules, tables, charts, graphs, decision trees, and cubes. 

A data mining query language can be designed to incorporate these 
primitives, allowing users to flexibly interact with data mining systems. Having a 
data mining query language provides a foundation on which user-friendly 
graphical interfaces can be built. This facilitates a data mining system’s 
communication with other information systems and its integration with the overall 
information processing environment. 



Designing a comprehensive data mining language is challenging because 
data mining covers a wide spectrum of tasks, from data characterization to 
evolution analysis. Each task has different requirements. The design of an effective 
data mining query language requires a deep understanding of the power, limitation, 
and underlying mechanisms of the various kinds of data mining tasks.

There are several proposals on data mining languages and standards. We use 
a data mining query language known as DMQL (Data Mining Query Language), 
which was designed as a teaching tool, based on the above primitives. Examples of 
its use to specify data mining queries appear throughout this book. The language 
adopts an SQL-like syntax, so that it can easily be integrated with the relational 
query language, SQL. 
Example 1.11 Mining classification rules. Suppose, as a marketing manager of 
AllElectronics, you would like to classify customers based on their buying patterns. 
You are especially interested in those customers whose salary is no less than 
$40,000, and who have bought more than $1,000 worth of items, each of which is 
priced at no less than $100. In particular, you are interested in the customer’s age, 
income, the types of items purchased, the purchase location, and where the items 
were made. You would like to view the resulting classification in the form of rules. 
This data mining query is expressed in DMQL3 as follows, where each line of the 
query has been enumerated to aid in our discussion.

 

       
The data mining query is parsed to form an SQL query that retrieves the set of 
task-relevant data specified by lines 1 and 4 to 8. That is, line 1 specifies the All-
Electronics database, line 4 lists the relevant attributes (i.e., on which mining is to 
be performed) from the relations specified in line 5 for the conditions given in lines 
6 and 7. Line 2 specifies that the concept hierarchies location hierarchy and age 
hierarchy be used as background knowledge to generalize branch locations and 
customer age values, respectively. Line 3 specifies that the kind of knowledge to 
be mined for this task is classification. Note that we want to generate a 
classification model for “promising customers” versus “non promising customers.” 



In classification, often, an attribute may be specified as the class label attribute, 
whose values explicitly represent the classes. However, in this example, the two 
classes are implicit. That is, the specified data are retrieved and considered 
examples of “promising customers,” whereas the remaining customers in the 
customer table are considered as “non-promising customers.” Classification is 
performed based on this training set. Line 9 specifies that the mining results are to 
be displayed as a set of rules. Microsoft’s OLE DB for Data Mining includes 
DMX, an XML-styled data mining language. Other standardization efforts include 
PMML (Programming data Model Markup Language) and CRISP-DM (CRoss-
Industry Standard Process for Data Mining).



















 DMQL::= (DMQL Statement);{(DMQL Statement)}
 (DMQL Statement)::= (Data_Mining _Statement)



   |    (Concept_Hierarchy_Definition_Statement)
    |   (Visualization_and_Presentation)

 (Data_Mining _Statement) ::=
                   use database (database_name) | use datawarehouse (data_warehouse_name)
                    {use hierarchy (hierarchy_name) for (attribute_or_dimension)}
                    (Mine_Knowledge_Specification)

        in relevane to (attribute_or_dimension-list)
         from (relation/cube)
         [where (condition)]
         [order by(order-list)]
         [group by(grouping_list)]
         [having (condition)]
    [with [(internest_measure_name)] threshold =(threshold_value) for(attributes)]]

 (Mine_Knowledge_Specification) ::= (Mine_Char) | (Mine_Discr) | Mine_Assoc) | (Mine_Class) |             
(Mine_Pred)

 (Mine-Char) ::=    mine characteristics [as (pattern_name)]    
analyse(measures)

 (Mine_Discr)::=  mine comparision [as (patten_name)]
  for (target_class)where (target_condition)

{versus (contrast_class_i) where (contrast_condition_i)}
 analyze (measeures)}

 (Mine_Assoc) ::=  mine association [as pattern_name)]
[matching (metapattern)]

 (Mine_Class) ::=  mine classification [as pattern_name)]
analyze (classifying_attribute_or_dimension)

 (Mine_Pred)::=    mine prediction [as pattern_name)]
analyze (prediction_attribute_or_dimension)
{set {(attribute_or_dimension_i)=value_i)}}

 (Concept_Hierarchy_Definition_Statement)::= 
define Hierarchy (hierarchy_name)  
[for(attribute_or_dimension)] 
on (relation-or_cube_or_hierarchy) 
as (hierarchy_description) 
[where (condition)]

 (Visualization_and_Presentation) ::=   display as (result_form)
        | roll up on (attribute_or_dimension)
        | drill down on (attribute_or_dimension)
      | add (attribute_or_dimension)
      | drop (attribute_or_dimension) 

Customer Table: income, cust_id, age, address
Item Table: name,price,item_id, brand, type, place_made, supplier
Purchases table : trans_id,cust_id, emp_id, date, method_paid



Items_sold table :item_id, trans_id
Supplier table: name, type, headquarter_location, owner, size, assets, revenue
Worksat table: emp_id, branch_id
Branch table: branch_id, address

Ex1: DMQL to specify the task_relevant data described for the mining of 
associations between items frequently purchased at AllElectronics by Canadian 
customers, with respect to customer income and age. In addition, the user specifies 
that she would like the data to be grouped by date. The data are retrieved from a 
relational database.

use database AllElectronics_db
in relevance to I.name, I.price, C.income, C. age
from customer C, item I, purchase P, items_sold S
where I.item_id=S.item_id and S.trans_ID=P.trans_id and P.cust_id=C.cust_id and     
C.address = “Canada”
group by P.date

Ex2: Characteristic description describing customer purchasing habits. For each 
characteristic, the percentage of task-relevant tuples satisfying that characteristiv is 
to be displayed

mine characteristics as customerpurchasing
analyze count%

Ex3: The user may define categories of customers and then mine descriptions of 
each category. For instance, a user may define bigSpenders as customers who 
purchase items that cost $100 or more on average, and budgetSpenders as 
customers who purchase items at less than $100 on average. The mining of 
discriminant descriptions for customers from each of these categories can be 
specified in DMQL as shown below. The count of task-relevant tuples satisfying 
each description is to be displayed

mine comparison as purchaseGroups 
for bigSpenders where avg(I.price)>=$100
versus budgetSpenders where avg(I.price)<$100
analyze count



Ex4: A user studying the buying habits of AllElectronics customers may choose to 
mine association rules of the form P(X:customer, W) ^ Q(X,Y)=> buys(X,Z)

mine associations as buyingHabits
matching P(X:customer, W) ^ Q(X,Y) => buys(X,Z)

User can specify rules using support and confidence

with support threshold=0.05
with confidence threshold=0.7

Ex5: To mine patterns classifying customer credit rating where credit rating is 
determined by the attribute credit info, the following DMQL is used

mine classification as classifyCustomerCreditRating
analyze credit_info

Ex6: To predict retail price of a new item at AllElectronics, the following DMQL 
is used

mine prediction as predictItemPrice
analyze price
set category=”TV” and brand=”SONY”

Ex7: Define a schema hierarchy for address as street<city<state<country

define hierarchy location_hierarchy on address as [street,city,state,country]

Ex8:Concept hierarchy definition can involve several relations
define hierarchy item_hierarchy on item,supplier as
[item_id,brand,item_supplier,item.type,supplier.type]
where item.supplier=supplier.name

Ex9:Define set grouping hierarchy for age
define hierarchy age_hierarchy for age on customer as 

level1: {young,middle_aged,senior}<level0:all
level2: {20,….39} < level1:young



level2: {40,….,59} < level1:middle_aged
level2: {60,….,89} < level1: senior

Ex10: Define operation derived hierarchies using clustering 
define hierarchy age_hierarchy for age on customer as 

{age_category(1),……age_category(5)}:=cluster(default,age,5)<all(age)

Ex11: define rule based hierarchy
define hierarchy profit_margin_hierarchy on item as
level_1: low_profit_margin < level0:all if (price_cost)<$50
level_1: medium_profit_margin < level0:all if ((price_cost)>$50) and 
((price_cost)<=$250))
level_1: high_profit_margin < level0:all if (price_cost)>$250
 
Complete Example
Suppose, a marketing manager of AllElectronics, you would like to characterize 
the buying habits of customers who purchase items priced at no less than $100, 
with respect to the customer’s age, the type of item purchased, and the place in 
which the item was made. For each characteristic discovered, you would like to 
know the percentage of customers having that characteristic. In particular, you are 
only interested in purchases made in Canada, and paid for with an American 
Expess(“AmEx”) credit card. You would like to view the resulting descriptions in 
the form of a table. 

use database AllElectronics_db
use hierarchy location_hierarchy for B.address
mine characteristics as customerPruchasing analyze count%
in relevance to C.age, I.type, I.place_made
from Customer C, Item I, Purchase P, Items_sold S, Worksat W, Branch B
where I.item_id=S.item_id and S.trans_id=P.trans_id and P.cust_id=C.cust_id and 
P.method_paid= “AmEx” and P.emp_id=W.emp_id and 
W.branch_id=B.branch_id and B.address= “Canada” and I.price>=100
with noise threshold=0.05
display as table

age type place_made count%

30-39 home security USA 19



system
-- -- -- --

100%

Major Issues in Data Mining
Mining methodology and user interaction issues: These reflect the kinds of 
knowledge mined, the ability to mine knowledge at multiple granularities, the use 
of domain knowledge, ad hoc mining, and knowledge visualization.

Mining different kinds of knowledge in databases: Because different users 
can be interested in different kinds of knowledge, data mining should cover a wide
spectrum of data analysis and knowledge discovery tasks, including data 
characterization, discrimination, association and correlation analysis, classification,
prediction, clustering, outlier analysis, and evolution analysis (which includes 
trend and similarity analysis). These tasks may use the same database in different
ways and require the development of numerous data mining techniques.

Interactive mining of knowledge at multiple levels of abstraction: Because it 
is difficult to know exactly what can be discovered within a database, the data 
mining process should be interactive. For databases containing a huge amount of 
data, appropriate sampling techniques can first be applied to facilitate interactive 
data exploration. Interactive mining allows users to focus the search for patterns, 
providing and refining data mining requests based on returned results. Specifically, 
knowledge should be mined by drilling down, rolling up, and pivoting through the 
data space and knowledge space interactively, similar to what OLAP can do on 
data cubes. In this way, the user can interact with the data mining system to view 
data and discovered patterns at multiple granularities and from different angles.

Incorporation of background knowledge: Background knowledge, or 
information regarding the domain under study, may be used to guide the discovery 
process and allow discovered patterns to be expressed in concise terms and at 
different levels of abstraction. Domain knowledge related to databases, such as 
integrity constraints and deduction rules, can help focus and speed up a data 
mining process, or judge the interestingness of discovered patterns.

Data mining query languages and ad hoc data mining: Relational query 
languages (such as SQL) allow users to pose ad hoc queries for data retrieval. In a 



similar vein, high-level data mining query languages need to be developed to allow 
users to describe ad hoc data mining tasks by facilitating the specification of the 
relevant sets of data for analysis, the domain knowledge, the kinds of knowledge to
be mined, and the conditions and constraints to be enforced on the discovered 
patterns. Such a language should be integrated with a database or data warehouse
query language and optimized for efficient and flexible data mining.

Presentation and visualization of data mining results: Discovered 
knowledge should be expressed in high-level languages, visual representations, or 
other expressive forms so that the knowledge can be easily understood and directly 
usable by humans. This is especially crucial if the data mining system is to be 
interactive. This requires the system to adopt expressive knowledge representation 
techniques, such as trees, tables, rules, graphs, charts, crosstabs, matrices, or 
curves.

Handling noisy or incomplete data: The data stored in a database may 
reflect noise, exceptional cases, or incomplete data objects. When mining data 
regularities, these objects may confuse the process, causing the knowledge model 
constructed to overfit the data. As a result, the accuracy of the discovered patterns 
can be poor. Data cleaning methods and data analysis methods that can handle 
noise are required, as well as outlier mining methods for the discovery and analysis 
of exceptional cases.

Pattern evaluation—the interestingness problem: A data mining system can 
uncover thousands of patterns. Many of the patterns discovered may be 
uninteresting to the given user, either because they represent common knowledge 
or lack novelty. Several challenges remain regarding the development of 
techniques to assess the interestingness of discovered patterns, particularly with 
regard to subjective measures that estimate the value of patterns with respect to a 
given user class, based on user beliefs or expectations. The use of interestingness 
measures or user-specified constraints to guide the discovery process and reduce 
the search space is another active area of research.

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

Efficiency and scalability of data mining algorithms: To effectively extract 
information from a huge amount of data in databases, data mining algorithms must 
be efficient and scalable. In other words, the running time of a data mining 
algorithm must be predictable and acceptable in large databases. From a database 
perspective on knowledge discovery, efficiency and scalability are key issues in 
the implementation of data mining systems. Many of the issues discussed above 



under mining methodology and user interaction must also consider efficiency and 
scalability.

Parallel, distributed, and incremental mining algorithms: The huge size of 
many databases, the wide distribution of data, and the computational complexity of
some data mining methods are factors motivating the development of parallel and 
distributed data mining algorithms. Such algorithms divide the data into partitions,
which are processed in parallel. The results from the partitions are then merged. 
Moreover, the high cost of some data mining processes promotes the need for 
incremental data mining algorithms that incorporate database updates without 
having to mine the entire data again “from scratch.” Such algorithms perform 
knowledge modification incrementally to amend and strengthen what was 
previously discovered.

Issues relating to the diversity of database types:
Handling of relational and complex types of data: Because relational 

databases and data warehouses are widely used, the development of efficient and 
effective data mining systems for such data is important. However, other databases 
may contain complex data objects, hypertext and multimedia data, spatial data, 
temporal data, or transaction data. It is unrealistic to expect one system to mine all 
kinds of data, given the diversity of data types and different goals of data mining. 
Specific data mining systems should be constructed for mining specific kinds of 
data. Therefore, one may expect to have different data mining systems for different 
kinds of data.

Mining information from heterogeneous databases and global information 
systems: Local- and wide-area computer networks (such as the Internet) connect 
many sources of data, forming huge, distributed, and heterogeneous databases. The 
discovery of knowledge from different sources of structured, semistructured, or 
unstructured data with diverse data semantics poses great challenges to data 
mining. Data mining may help disclose high-level data regularities in multiple 
heterogeneous databases that are unlikely to be discovered by simple query 
systems and may improve information exchange and interoperability in 
heterogeneous databases. Web mining, which uncovers interesting knowledge  
about Web contents, Web structures, Web usage, and Web dynamics, becomes a 
very challenging and fast-evolving field in data mining.

The above issues are considered major requirements and challenges for the further



evolution of data mining technology. Some of the challenges have been addressed 
in recent data mining research and development, to a certain extent, and are now 
considered requirements, while others are still at the research stage. The issues, 
however, continue to stimulate further investigation and improvement. 

Data Preprocessing

Why Preprocess the Data?
Imagine that you are a manager at AllElectronics and have been charged 

with analyzing the company’s data with respect to the sales at your branch. You 
notice that several of the attributes for various tuples have no recorded value. 
Furthermore, users of your database system have reported errors, unusual values, 
and inconsistencies in the data recorded for some transactions. In other words, the 
data you wish to analyze by data mining techniques are incomplete (lacking 
attribute values or certain attributes of interest, or containing only aggregate data), 
noisy (containing errors, or outlier values that deviate from the expected), and 
inconsistent (e.g., containing discrepancies in the department codes used to 
categorize items).
 Incomplete data can occur for a number of reasons.

 Attributes of interest may not always be available, such as customer 
information for sales transaction data. 

 Other data may not be included simply because it was not considered 
important at the time of entry. 

 Relevant data may not be recorded due to a misunderstanding, or because of 
equipment malfunctions. 

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

 Data that were inconsistent with other recorded data may have been deleted.
 Furthermore, the recording of the history or modifications to the data may 

have been overlooked. 

There are many possible reasons for noisy data (having incorrect attribute 
values). 

 The data collection instruments used may be faulty. 
 There may have been human or computer errors occurring at data entry. 

Errors in data transmission can also occur. 



 There may be technology limitations, such as limited buffer size for 
coordinating synchronized data transfer and consumption. 

 Incorrect data may also result from inconsistencies in naming conventions or 
data codes used, or inconsistent formats for input fields, such as date.

 Duplicate tuples also require data cleaning.

Data cleaning routines work to “clean” the data by 
 filling in missing values, 
 smoothing noisy data, 
 identifying or removing outliers, and 
 resolving inconsistencies. 

Figure 2.1 summarizes the data preprocessing steps described here. 

In summary, real-world data tend to be dirty, incomplete, and inconsistent. 
Data preprocessing techniques can improve the quality of the data, thereby helping 
to improve the accuracy and efficiency of the subsequent mining process. 

Data preprocessing is an important step in the knowledge discovery process, 
because quality decisions must be based on quality data. 



Detecting data anomalies, rectifying them early, and reducing the data to be 
analyzed can lead to huge payoffs for decision making.
 
Data Cleaning

Real-world data tend to be incomplete, noisy, and inconsistent. Data 
cleaning (or data cleansing) routines attempt to fill in missing values, smooth out 
noise while identifying outliers, and correct inconsistencies in the data. 

Missing Values
Imagine that you need to analyze AllElectronics sales and customer data. 

You note that many tuples have no recorded value for several attributes, such as 
customer income. How can you go about filling in the missing values for this 
attribute? 
1. Ignore the tuple: This is usually done when the class label is missing (assuming 
the mining task involves classification). This method is not very effective, unless 
the tuple contains several attributes with missing values. It is especially poor when 
the percentage of missing values per attribute varies considerably.
2. Fill in the missing value manually: In general, this approach is time-consuming 
and may not be feasible given a large data set with many missing values.
3. Use a global constant to fill in the missing value: Replace all missing attribute 
values by the same constant, such as a label like “Unknown” or -∞. If missing 
values are replaced by, say, “Unknown,” then the mining program may mistakenly 
think that they form an interesting concept, since they all have a value in 
common—that of “Unknown.” Hence, although this method is simple, it is not 
foolproof.
4. Use the attribute mean to fill in the missing value: For example, suppose that 
the average income of AllElectronics customers is $56,000. Use this value to 
replace the missing value for income.
5. Use the attribute mean for all samples belonging to the same class as the given 
tuple: For example, if classifying customers according to credit risk, replace the 
missing value with the average income value for customers in the same credit risk 
category as that of the given tuple.
6. Use the most probable value to fill in the missing value: This may be 
determined with regression, inference-based tools using a Bayesian formalism, or 
decision tree induction. For example, using the other customer attributes in your 
data set, you may construct a decision tree to predict the missing values for 
income. 



Methods 3 to 6 bias the data. The filled-in value may not be correct. Method 
6, however, is a popular strategy. In comparison to the other methods, it uses the 
most information from the present data to predict missing values. By considering 
the values of the other attributes in its estimation of the missing value for income, 
there is a greater chance that the relationships between income and the other 
attributes are preserved. It is important to note that, in some cases, a missing value 
may not imply an error in the data! For example, when applying for a credit card, 
candidates may be asked to supply their driver’s license number. Candidates who 
do not have a driver’s license may naturally leave this field blank. Forms should 
allow respondents to specify values such as “not applicable”. Software routines 
may also be used to uncover other null values, such as “don’t know”, “?”, or 
“none”. Ideally, each attribute should have one or more rules regarding the null 
condition. The rules may specify whether or not nulls are allowed, and/or how such 
values should be handled or transformed. Fields may also be intentionally left 
blank if they are to be provided in a later step of the business process. Hence, 
although we can try our best to clean the data after it is seized, good design of 
databases and of data entry procedures should help minimize the number of 
missing values or errors in the first place.

Noisy Data
“What is noise?” Noise is a random error or variance in a measured 

variable. Given a numerical attribute such as, say, price, how can we “smooth” out 
the data to remove the noise? Let’s look at the following data smoothing 
techniques:
1. Binning: Binning methods smooth a sorted data value by consulting its 
“neighborhood,” that is, the values around it. The sorted values are distributed into 
a number of “buckets,” or bins. Because binning methods consult the 
neighborhood of values, they perform local smoothing. The example illustrates 
some binning techniques. In the example below, the data for price are first sorted 
and then partitioned into equal-frequency bins of size 3 (i.e., each bin contains 

three values). 
Sorted data for price (in dollars): 4, 8, 15, 21, 21, 24, 25, 28, 34
*  Partition into equal-frequency (equi-depth) bins:
      - Bin 1: 4, 8, 15
      - Bin 2: 21, 21, 24
      - Bin 3: 25, 28, 34
*  Smoothing by bin means:



      - Bin 1: 9, 9, 9
      - Bin 2: 22, 22, 22
      - Bin 3: 29, 29, 29
*  Smoothing by bin boundaries:
      - Bin 1: 4, 4, 15
      - Bin 2: 21, 21, 24
      - Bin 3: 25, 25, 34

In smoothing by bin means, each value in a bin is replaced by the mean 
value of the bin. For example, the mean of the values 4, 8, and 15 in Bin 1 is 9. 
Therefore, each original value in this bin is replaced by the value 9. Similarly, 
smoothing by bin medians can be employed, in which each bin value is replaced by 
the bin median. In smoothing by bin boundaries, the minimum and maximum 
values in a given bin are identified as the bin boundaries. Each bin value is then 
replaced by the closest boundary value. In general, the larger the width, the greater 
the effect of the smoothing. Alternatively, bins may be equal-width, where the 
interval range of values in each bin is constant. Binning is also used as a 
discretization technique.

2. Regression: Data can be smoothed by fitting the data to a function, such as with
regression. Linear regression involves finding the “best” line to fit two attributes 
(or variables), so that one attribute can be used to predict the other. Multiple linear
regression is an extension of linear regression, where more than two attributes are
involved and the data are fit to a multidimensional surface. 

3. Clustering: Outliers may be detected by clustering, where similar values are 
organized into groups, or “clusters.” Intuitively, values that fall outside of the set 
of clusters may be considered outliers. 



Many methods for data smoothing are also methods for data reduction involving
discretization. For example, the binning techniques described above reduce the
number of distinct values per attribute. This acts as a form of data reduction for
logic-based data mining methods, such as decision tree induction, which repeatedly
make value comparisons on sorted data. Concept hierarchies are a form of data 
discretization that can also be used for data smoothing. A concept hierarchy for 
price, for example, may map real price values into inexpensive, moderately priced, 
and expensive, thereby reducing the number of data values to be handled by the 
mining process. Some methods of classification, such as neural networks, have 
built-in data smoothing mechanisms. 

Data Cleaning as a Process
Missing values, noise, and inconsistencies contribute to inaccurate data. 

“But data cleaning is a big job. What about data cleaning as a process? How 
exactly does one proceed in tackling this task? Are there any tools out there to 
help?”

The first step in data cleaning as a process is discrepancy detection. 
Discrepancies can be caused by several factors, 

 including poorly designed data entry forms that have many optional fields,



 human error in data entry, 
 deliberate errors (e.g., respondents not wanting to divulge information about 

themselves), 
 data decay (e.g., outdated addresses).
 inconsistent data representations and the inconsistent use of codes. 
 Errors in instrumentation devices that record data, and system errors. Errors 

can also occur when the data are (inadequately) used for purposes other than 
originally intended. 

 There may also be inconsistencies due to data integration (e.g.,where a given 
attribute can have different names in different databases). 

“So, how can we proceed with discrepancy detection?”
As a starting point, use any knowledge you may already have regarding 

properties of the data. Such knowledge or “data about data” is referred to as 
metadata. For example, what are the domain and data type of each attribute? What 
are the acceptable values for each attribute? What is the range of the length of 
values? Do all values fall within the expected range? Are there any known 
dependencies between attributes? The descriptive data summaries are useful here 
for grasping data trends and identifying anomalies. For example, values that are 
more than two standard deviations away from the mean for a given attribute may 
be flagged as potential outliers. In this step, you may write your own scripts and/or 
use some of the tools that we discuss further below. From this, you may find noise, 
outliers, and unusual values that need investigation. As a data analyst, you should 
be on the lookout for the inconsistent use of codes and any inconsistent data 
representations (such as “2004/12/25” and “25/12/2004” for date). 

Field overloading is another source of errors that typically results when 
developers squeeze new attribute definitions into unused (bit) portions of already 
defined attributes (e.g., using an unused bit of an attribute whose value range uses 
only, say, 31 out of 32 bits). 

The data should also be examined regarding unique rules, consecutive rules, 
and null rules. A unique rule says that each value of the given attribute must be 
different from all other values for that attribute. A consecutive rule says that there 
can be no missing values between the lowest and highest values for the attribute, 
and that all values must also be unique (e.g., as in check numbers). A null rule 
specifies the use of blanks, question marks, special characters, or other strings that 
may indicate the null condition (e.g., where a value for a given attribute is not 
available), and how such values should be handled. As mentioned reasons for 
missing values may include



(1) the person originally asked to provide a value for the attribute refuses and/or 
finds that the information requested is not applicable (e.g., a license-number 
attribute left blank by nondrivers); 

(2) the data entry person does not know the correct value; or 
(3) the value is to be provided by a later step of the process. 

The null rule should specify how to record the null condition, for example, such as 
to store zero for numerical attributes, a blank for character attributes, or any other 
conventions that may be in use (such as that entries like “don’t know” or “?” 
should be transformed to blank).

There are a number of different commercial tools that can aid in the step of 
discrepancy detection. Data scrubbing tools use simple domain knowledge (e.g., 
knowledge of postal addresses, and spell-checking) to detect errors and make 
corrections in the data. These tools rely on parsing and fuzzy matching techniques 
when cleaning data from multiple sources. Data auditing tools find discrepancies 
by analyzing the data to discover rules and relationships, and detecting data that 
violate such conditions. They are variants of data mining tools. For example, they 
may employ statistical analysis to find correlations, or clustering to identify 
outliers. They may also use the descriptive data summaries. Some data 
inconsistencies may be corrected manually using external references. For example, 
errors made at data entry may be corrected by performing a paper trace. Most 
errors, however, will require data transformations. This is the second step in data 
cleaning as a process. That is, once we find discrepancies, we typically need to 
define and apply (a series of) transformations to correct them.
Commercial tools can assist in the data transformation step. Data migration tools 
allow simple transformations to be specified, such as to replace the string 
“gender” by “sex”. ETL (extraction/transformation/loading) tools allow users to 
specify transforms through a graphical user interface (GUI). These tools typically 
support only a restricted set of transforms so that, often, we may also choose to 
write custom scripts for this step of the data cleaning process.

The two-step process of discrepancy detection and data transformation (to 
correct discrepancies) iterates. This process, however, is error-prone and time-
consuming. Some transformations may introduce more discrepancies. Some nested 
discrepancies may only be detected after others have been fixed. For example, a 
typo such as “20004” in a year field may only surface once all date values have 
been converted to a uniform format. Transformations are often done as a batch 
process while the user waits without feedback. Only after the transformation is 



complete can the user go back and check that no new anomalies have been created 
by mistake. Typically, numerous iterations are required before the user is satisfied. 
Any tuples that cannot be automatically handled by a given transformation are 
typically written to a file without any explanation regarding the reasoning behind 
their failure. As a result, the entire data cleaning process also suffers from a lack of 
interactivity. New approaches to data cleaning emphasize increased interactivity. 
Potter’s Wheel, for example, is a publicly available data cleaning tool (see 
http://control.cs.berkeley.edu/abc) that integrates discrepancy detection and 
transformation. Users gradually build a series of transformations by composing and 
debugging individual transformations, one step at a time, on a spreadsheet-like 
interface. The transformations can be specified graphically or by providing 
examples. Results are shown immediately on the records that are visible on the 
screen. The user can choose to undo the transformations, so that transformations 
that introduced additional errors can be “erased.” The tool performs discrepancy 
checking automatically in the background on the latest transformed view of the 
data. Users can gradually develop and refine transformations as discrepancies are 
found, leading to more effective and efficient data cleaning. Another approach to 
increased interactivity in data cleaning is the development of declarative languages 
for the specification of data transformation operators. Such work focuses on 
defining powerful extensions to SQL and algorithms that enable users to express 
data cleaning specifications efficiently. As we discover more about the data, it is 
important to keep updating the metadata to reflect this knowledge. This will help 
speed up data cleaning on future versions of the same data store.

Data Integration and Transformation
Data Integration
There are a number of issues to consider during data integration
Entity Identification Problem: For example, how can the data analyst or the 
computer be sure that customer id in one database and cust number in another refer 
to the same attribute? Examples of metadata for each attribute include the name, 
meaning, data type, and range of values permitted for the attribute, and null rules 
for handling blank, zero, or null values. Such metadata can be used to help avoid 
errors in schema integration.
Redundancy is another important issue. An attribute (such as annual revenue, for
instance) may be redundant if it can be “derived” from another attribute or set of
attributes. Inconsistencies in attribute or dimension naming can also cause 
redundancies in the resulting data set. Some redundancies can be detected by 

http://control.cs.berkeley.edu/abc


correlation analysis. Given two attributes, such analysis can measure how strongly 
one attribute implies the other, based on the available data. For numerical 
attributes, we can evaluate the correlation between two attributes, A and B, by 
computing the correlation coefficient (also known as Pearson’s product moment
coefficient, named after its inventer, Karl Pearson). This is

                       

where N is the number of tuples, 
ai and bi are the respective values of A and B in tuple i,
A and B are the respective mean values of A and B,
 are the respective standard deviations of A and B 

 is the sum of the AB cross-product (that is, for each tuple, the value for A is 
multiplied by the value for B in that tuple).

Note that  If > 0, then A and B are positively correlated, meaning 
that the values of A increase as the values of B increase. The higher the value, the 
stronger the correlation (i.e., the more each attribute implies the other). Hence, a 
higher value may indicate that A (or B) may be removed as a redundancy. If the 
resulting value is equal to 0, then A and B are independent and there is no 
correlation between them. If the resulting value is less than 0, then A and B are 
negatively correlated, where the values of one attribute increase as the values of 
the other attribute decrease. This means that each attribute discourages the other. 
Scatter plots can also be used to view correlations between attributes. Note that 
correlation does not imply causality. That is, if A and B are correlated, this does not 
necessarily imply that A causes B or that B causes A. For example, in analyzing a
demographic database, we may find that attributes representing the number of 
hospitals and the number of car thefts in a region are correlated. This does not 
mean that one causes the other. Both are actually causally linked to a third 
attribute, namely, population. 
For categorical (discrete) data, a correlation relationship between two attributes, A 
and B, can be discovered by a (chi-square) test. Suppose A has c distinct values, 
namely . B has r distinct values, namely . The data tuples 
described by A and B can be shown as a contingency table, with the c values of A 
making up the columns and the r values of B making up the rows. Let  
denote the event that attribute A takes on value ai and attribute B takes on value bj, 



that is, where . Each and every possible  joint event has its own 
cell (or slot) in the table. The value (also known as the Pearson statistic) is 
computed as:

                                        

where oi j is the observed frequency (i.e., actual count) of the joint event   

and ei j is the expected frequency of  , which can be computed as

                                    

where N is the number of data tuples, count(A=ai) is the number of tuples having 
value ai for A, and count(B = bj) is the number of tuples having value bj for B. 
Table 2.2 A 2X2 contingency table for the data of Example 2.1.
Are gender and preferred Reading correlated?

The statistic tests the hypothesis that A and B are independent. The test is based 
on a significance level, with  degrees of freedom. We will illustrate 
the use of this statistic in an example below. If the hypothesis can be rejected, then 
we say that A and B are statistically related or associated.
Let’s look at a concrete example.

Example 2.1 Correlation analysis of categorical attributes using . Suppose that 
a group of 1,500 people was surveyed. The gender of each person was noted. Each 
person was polled as to whether their preferred type of reading material was fiction 
or nonfiction. Thus, we have two attributes, gender and preferred reading. The 
observed frequency (or count) of each possible joint event is summarized in the 
contingency table shown in above table, where the numbers in parentheses are the 
expected frequencies (calculated based on the data distribution for both attributes 
using above equation. Using above Equation, we can verify the expected 



frequencies for each cell. For example, the expected frequency for the cell (male, 
fiction) is 

                     
and so on. Notice that in any row, the sum of the expected frequencies must equal 
the total observed frequency for that row, and the sum of the expected frequencies 
in any column must also equal the total observed frequency for that column. Using 

computation, we get

For this 2X2 table, the degrees of freedom are (2-1)(2-1) = 1. For 1 degree of 
freedom, the  value needed to reject the hypothesis at the 0.001 significance 
level is 10.828 (taken from the table of upper percentage points of the 
distribution, typically available from any textbook on statistics). Since our 
computed value is above this, we can reject the hypothesis that gender and 
preferred reading are independent and conclude that the two attributes are 
(strongly) correlated for the given group of people.

In addition to detecting redundancies between attributes, duplication should also
be detected at the tuple level (e.g., where there are two or more identical tuples for 
a given unique data entry case). The use of denormalized tables (often done to 
improve performance by avoiding joins) is another source of data redundancy. 
Inconsistencies often arise between various duplicates, due to inaccurate data entry 
or updating some but not all of the occurrences of the data. For example, if a 
purchase order database contains attributes for the purchaser’s name and address 
instead of a key to this information in a purchaser database, discrepancies can 
occur, such as the same purchaser’s name appearing with different addresses 
within the purchase order database.

A third important issue in data integration is the detection and resolution of data
value conflicts. For example, for the same real-world entity, attribute values from
different sources may differ. This may be due to differences in representation, 
scaling, or encoding. For instance, a weight attribute may be stored in metric units 
in one system and British imperial units in another. For example, the total sales in 
one database may refer to one branch of All Electronics, while an attribute of the 
same name in another database may refer to the total sales for All Electronics 
stores in a given region.



The semantic heterogeneity and structure of data pose great challenges in data 
integration. Careful integration of the data from multiple sources can help reduce 
and avoid redundancies and inconsistencies in the resulting data set. This can help 
improve the accuracy and speed of the subsequent mining process.

Data Transformation





















Principal Components Analysis
Suppose that the data to be reduced consist of tuples or data vectors 

described by n attributes or dimensions. Principal components analysis, or PCA 
(also called the Karhunen-Loeve, or K-L, method), searches for k n-dimensional 
orthogonal vectors that can best be used to represent the data, where k <= n. The 
original data are thus projected onto a much smaller space, resulting in 
dimensionality reduction. Unlike attribute subset selection, which reduces the 
attribute set size by retaining a subset of the initial set of attributes, PCA 
“combines” the essence of attributes by creating an alternative, smaller set of 
variables. The initial data can then be projected onto this smaller set. PCA often 
reveals relationships that were not previously suspected and thereby allows 
interpretations that would not ordinarily result.
The basic procedure is as follows:
1. The input data are normalized, so that each attribute falls within the same range. 

This step helps ensure that attributes with large domains will not dominate 
attributes with smaller domains.

2. PCA computes k orthonormal vectors that provide a basis for the normalized 
input data. These are unit vectors that each point in a direction perpendicular to 
the others. These vectors are referred to as the principal components. The input 
data are a linear combination of the principal components.

3. The principal components are sorted in order of decreasing “significance” or 
strength. The principal components essentially serve as a new set of axes for the  
data, providing important information about variance. That is, the sorted axes are 
such that the first axis shows the most variance among the data, the second axis 
shows the next highest variance, and so on. For example, Figure 2.17 shows the 
first two principal components, Y1 and Y2, for the given set of data originally 
mapped to the axes X1 and X2. This information helps identify groups or 
patterns within the data.



4. Because the components are sorted according to decreasing order of 
“significance,” the size of the data can be reduced by eliminating the weaker 
components, that is, those with low variance. Using the strongest principal 
components, it should be possible to reconstruct a good approximation of the 
original data. 

 PCA is computationally inexpensive, 
 PCA can be applied to ordered and unordered attributes, and 
 PCA can handle sparse data and skewed data. Multidimensional data of 

more than two dimensions can be handled by reducing the problem to two 
dimensions. 

 Principal components may be used as inputs to multiple regression and 
cluster analysis. 

 In comparison with wavelet transforms, PCA tends to be better at handling 
sparse data, whereas wavelet transforms are more suitable for data of high 
dimensionality.

Numerosity Reduction
“Can we reduce the data volume by choosing alternative, ‘smaller’ forms of data 
representation?”

Techniques of numerosity reduction can indeed be applied for this purpose. 
These techniques may be parametric or nonparametric. 

 For parametric methods, a model is used to estimate the data, so that 
typically only the data parameters need to be stored, instead of the actual 
data. (Outliers may also be stored.) Log-linear models, which estimate 
discrete multidimensional probability distributions, are an example.

 Nonparametric methods for storing reduced representations of the data 
include histograms, clustering, and sampling.

Regression and Log-Linear Models
Regression and log-linear models can be used to approximate the given data.

 In (simple) linear regression, the data are modeled to fit a straight line. For 
example, a random variable, y (called a response variable), can be modeled as a 
linear function of another random variable, x (called a predictor variable), with the 
equation 

y = wx+b, 



where the variance of y is assumed to be constant. In the context of data 
mining, x and y are numerical database attributes. The coefficients, w and b (called 
regression coefficients), specify the slope of the line and the Y-intercept, 
respectively. These coefficients can be solved for by the method of least squares, 
which minimizes the error between the actual line separating the data and the 
estimate of the line. 

 Multiple linear regression is an extension of (simple) linear regression, 
which allows a response variable, y, to be modeled as a linear function of two or 
more predictor variables.

 Log-linear models approximate discrete multidimensional probability 
distributions. Given a set of tuples in n dimensions (e.g., described by n attributes), 
we can consider each tuple as a point in an n-dimensional space. 

 Log-linear models can be used to estimate the probability of each point in a 
multidimensional space for a set of discretized attributes, based on a smaller subset 
of dimensional combinations. This allows a higher-dimensional data space to be 
constructed from lower dimensional spaces. 

 Log-linear models are therefore also useful for dimensionality reduction 
(since the lower-dimensional points together typically occupy less space than the 
original data points) and data smoothing (since aggregate estimates in the lower-
dimensional space are less subject to sampling variations than the estimates in the 
higher-dimensional space).

 Regression and log-linear models can both be used on sparse data, although 
their application may be limited. 

 While both methods can handle skewed data, regression does exceptionally 
well. 

 Regression can be computationally intensive when applied to high 
dimensional data, whereas log-linear models show good scalability for up to 10 or 
so dimensions. 

Histograms
Histograms use binning to approximate data distributions and are a popular 

form of data reduction. A histogram for an attribute, A, partitions the data 
distribution of A into disjoint subsets, or buckets. If each bucket represents only a 
single attribute-value/frequency pair, the buckets are called singleton buckets. 
Often, buckets instead represent continuous ranges for the given attribute.



Example: The following data are a list of prices of commonly sold items at 
AllElectronics (rounded to the nearest dollar). The numbers have been sorted: 1, 1, 
5, 5, 5, 5, 5, 8, 8, 10, 10, 10, 10, 12, 14, 14, 14, 15, 15, 15, 15, 15, 15, 18, 18, 18, 
18, 18, 18, 18, 18, 20,20, 20, 20, 20, 20, 20, 21, 21, 21, 21, 25, 25, 25, 25, 25, 28, 
28, 30, 30, 30.

Figure above shows a histogram for the data using singleton buckets. To further 
reduce the data, it is common to have each bucket denote a continuous range of 
values for the given attribute. 
In Figure Below, each bucket represents a different $10 range for price.



“How are the buckets determined and the attribute values partitioned?” There are 
several partitioning rules, including the following:
Equal-width: In an equal-width histogram, the width of each bucket range is 
uniform (such as the width of $10 for the buckets in Figure above).
Equal-frequency (or equidepth): In an equal-frequency histogram, the buckets are
created so that, roughly, the frequency of each bucket is constant (that is, each 
bucket contains roughly the same number of contiguous data samples).
V-Optimal: If we consider all of the possible histograms for a given number of 
buckets, the V-Optimal histogram is the one with the least variance. Histogram 
variance is a weighted sum of the original values that each bucket represents, 
where bucket weight is equal to the number of values in the bucket.
MaxDiff: In a MaxDiff histogram, we consider the difference between each pair of
adjacent values. A bucket boundary is established between each pair for pairs 
having the β-1 largest differences, where β is the user-specified number of buckets.

 V-Optimal and MaxDiff histograms tend to be the most accurate and 
practical. 

 Histograms are highly effective at approximating both sparse and dense data, 
as well as highly skewed and uniform data. 

 The histograms described above for single attributes can be extended for 
multiple attributes. 



 Multidimensional histograms can capture dependencies between attributes. 
Such histograms have been found effective in approximating data with up to 
five attributes. More studies are needed regarding the effectiveness of 
multidimensional histograms for very high dimensions. Singleton buckets 
are useful for storing outliers with high frequency.

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

objects into groups or clusters, so that objects within a cluster are “similar” to one 
another and “dissimilar” to objects in other clusters. Similarity is commonly 
defined in terms of how “close” the objects are in space, based on a distance 
function. The “quality” of a cluster may be represented by its diameter, the 
maximum distance between any two objects in the cluster. 

Centroid distance is an alternative measure of cluster quality and is defined 
as the average distance of each cluster object from the cluster centroid (denoting 
the “average object,” or average point in space for the cluster). 

In data reduction, the cluster representations of the data are used to replace 
the actual data. The effectiveness of this technique depends on the nature of the 
data. It is much more effective for data that can be organized into distinct clusters 
than for smeared data.

In database systems, multidimensional index trees are primarily used for 
providing fast data access. They can also be used for hierarchical data reduction, 
providing a multiresolution clustering of the data. This can be used to provide 
approximate answers to queries. An index tree recursively partitions the 
multidimensional space for a given set of data objects, with the root node 
representing the entire space. Such trees are typically balanced, consisting of 
internal and leaf nodes. Each parent node contains keys and pointers to child nodes 
that, collectively, represent the space represented by the parent node. Each leaf 
node contains pointers to the data tuples they represent (or to the actual tuples).
An index tree can therefore store aggregate and detail data at varying levels of 
resolution or abstraction. It provides a hierarchy of clusterings of the data set, 
where each cluster has a label that holds for the data contained in the cluster. If we 
consider each child of a parent node as a bucket, then an index tree can be 
considered as a hierarchical histogram. For example, consider the root of a B+-
tree as shown in Figure below, with pointers to the data keys 986, 3396, 5411, 
8392, and 9544. 



Suppose that the tree contains 10,000 tuples with keys ranging from 1 to 9999. The 
data in the tree can be approximated by an equal-frequency histogram of six 
buckets for the key ranges 1 to 985, 986 to 3395, 3396 to 5410, 5411 to 8391, 8392 
to 9543, and 9544 to 9999. Each bucket contains roughly 10,000/6 items. 
Similarly, each bucket is subdivided into smaller buckets, allowing for aggregate 
data at a finer-detailed level. The use of multidimensional index trees as a form of 
data reduction relies on an ordering of the attribute values in each dimension. 

Two-dimensional or multidimensional index trees include R-trees, quad-
trees, and their variations. They are well suited for handling both sparse and 
skewed data. There are many measures for defining clusters and cluster quality. 

Sampling
Sampling can be used as a data reduction technique because it allows a large 

data set to be represented by a much smaller random sample (or subset) of the data. 
Suppose that a large data set, D, contains N tuples. Let’s look at the most common 
ways that we could sample D for data reduction, as illustrated in Figure 2.21

.



 Simple random sample without replacement (SRSWOR) of size s: This is 
created by drawing s of the N tuples from D (s < N), where the probability of 
drawing any tuple in D is 1=N, that is, all tuples are equally likely to be sampled.

 Simple random sample with replacement (SRSWR) of size s: This is similar 
to SRSWOR, except that each time a tuple is drawn from D, it is recorded and then
replaced. That is, after a tuple is drawn, it is placed back in D so that it may be 
drawn again.

 Cluster sample: If the tuples in D are grouped into M mutually disjoint 
“clusters,” then an SRS of s clusters can be obtained, where s < M. For example, 
tuples in a database are usually retrieved a page at a time, so that each page can be 
considered a cluster. A reduced data representation can be obtained by applying, 
say, SRSWOR to the pages, resulting in a cluster sample of the tuples. Other 
clustering criteria conveying rich semantics can also be explored. For example, in a 
spatial database, we may choose to define clusters geographically based on how 
closely different areas are   located.



 Stratified sample: If D is divided into mutually disjoint parts called strata, a 
stratified sample of D is generated by obtaining an SRS at each stratum. This helps 
ensure a representative sample, especially when the data are skewed. For example, 
a stratified sample may be obtained from customer data, where a stratum is created 
for each customer age group. In this way, the age group having the smallest 
number of customers will be sure to be represented.

An advantage of sampling for data reduction is that the cost of obtaining a 
sample is proportional to the size of the sample, s, as opposed to N, the data set 
size. Hence, sampling complexity is potentially sublinear to the size of the data. 
Other data reduction techniques can require at least one complete pass through D. 
For a fixed sample size, sampling complexity increases only linearly as the number 
of data dimensions, n, increases, whereas techniques using histograms, for 
example, increase exponentially in n.

When applied to data reduction, sampling is most commonly used to estimate 
the answer to an aggregate query. It is possible (using the central limit theorem) to 
determine a sufficient sample size for estimating a given function within a 
specified degree of error. This sample size, s, may be extremely small in 
comparison to N. Sampling is a natural choice for the progressive refinement of a 
reduced data set. Such a set can be further refined by simply increasing the sample 
size.

Data Discretization and Concept Hierarchy Generation
Data discretization techniques can be used to reduce the number of values 

for a given continuous attribute by dividing the range of the attribute into intervals. 
Interval labels can then be used to replace actual data values. Replacing numerous 
values of a continuous attribute by a small number of interval labels thereby 
reduces and simplifies the original data. This leads to a concise, easy-to-use, 
knowledge-level representation of mining results

Discretization techniques can be categorized based on how the discretization 
is performed, such as whether it uses class information or which direction it 
proceeds (i.e., top-down vs. bottom-up). 

If the discretization process uses class information, then we say it is 
supervised discretization. Otherwise, it is unsupervised. 

If the process starts by first finding one or a few points (called split points or 
cut points) to split the entire attribute range, and then repeats this recursively on the 
resulting intervals, it is called top-down discretization or splitting. This contrasts 
with bottom-up discretization or merging, which starts by considering all of the 



continuous values as potential split-points, removes some by merging 
neighborhood values to form intervals, and then recursively applies this process to 
the resulting intervals. 

Discretization can be performed recursively on an attribute to provide a 
hierarchical or multiresolution partitioning of the attribute values, known as a 
concept hierarchy. 

Concept hierarchies are useful for mining at multiple levels of abstraction. A 
concept hierarchy for a given numerical attribute defines a discretization of the 
attribute. Concept hierarchies can be used to reduce the data by collecting and 
replacing low-level concepts (such as numerical values for the attribute age) with 
higher-level concepts (such as youth, middle-aged, or senior). Although detail is 
lost by such data generalization, the generalized data may be more meaningful and 
easier to interpret. This contributes to a consistent representation of data mining 
results among multiple mining tasks, which is a common requirement. In addition, 
mining on a reduced data set requires fewer input/output operations and is more 
efficient than mining on a larger, ungeneralized data set. Because of these benefits, 
discretization techniques and concept hierarchies are typically applied before data 
mining as a preprocessing step, rather than during mining.

An example of a concept hierarchy for the attribute price is given in Figure 
2.22.

More than one concept hierarchy can be defined for the same attribute in 
order to accommodate the needs of various users.

Manual definition of concept hierarchies can be a tedious and time-
consuming task for a user or a domain expert. 

Fortunately, several discretization methods can be used to automatically 
generate or dynamically refine concept hierarchies for numerical attributes. 
Furthermore, many hierarchies for categorical attributes are implicit within the 
database schema and can be automatically defined at the schema definition level.



Discretization and Concept Hierarchy Generation for Numerical 
Data

It is difficult and laborious to specify concept hierarchies for numerical 
attributes because of the wide diversity of possible data ranges and the frequent 
updates of data values. Such manual specification can also be quite arbitrary.

Concept hierarchies for numerical attributes can be constructed 
automatically based on data discretization. We examine the following methods: 
binning, histogram analysis, entropy-based discretization, -merging, cluster 
analysis, and discretization by intuitive partitioning. 

In general, each method assumes that the values to be discretized are sorted
in ascending order.

Binning
Binning is a top-down splitting technique based on a specified number of 

bins. We discussed binning methods for data smoothing in Data Cleaning. These 
methods are also used as discretization methods for numerosity reduction and 
concept hierarchy generation.  Binning does not use class information and is 
therefore an unsupervised discretization technique. It is sensitive to the user-
specified number of bins, as well as the presence of outliers.

Histogram Analysis
Like binning, histogram analysis is an unsupervised discretization technique 

because it does not use class information. Histograms partition the values for an 
attribute, A, into disjoint ranges called buckets. 

Histograms were already discussed earlier. The histogram analysis algorithm 
can be applied recursively to each partition in order to automatically generate a 
multilevel concept hierarchy, with the procedure terminating once a prespecified 
number of concept levels has been reached. A minimum interval size can also be 
used per level to control the recursive procedure.

This specifies the minimum width of a partition, or the minimum number of
values for each partition at each level. Histograms can also be partitioned based on 
cluster analysis of the data distribution, as described below.

Entropy-Based Discretization
Entropy is one of the most commonly used discretization measures. 
It was first introduced by Claude Shannon in pioneering work on 

information theory and the concept of information gain. 
Entropy-based discretization is a supervised, top-down splitting technique. 



It explores class distribution information in its calculation and determination
of split-points (data values for partitioning an attribute range). 

To discretize a numerical attribute, A, the method selects the value of A that 
has the minimum entropy as a split-point, and recursively partitions the resulting 
intervals to arrive at a hierarchical discretization. Such discretization forms a 
concept hierarchy for A. 

Let D consist of data tuples defined by a set of attributes and a class-label 
attribute. The class-label attribute provides the class information per tuple. The 
basic method for entropy-based discretization of an attribute A within the set is as 
follows:
1. Each value of A can be considered as a potential interval boundary or split-point
(denoted split_point) to partition the range of A. That is, a split-point for A can 
partition the tuples in D into two subsets satisfying the conditions A<=split_point 
and A > split_point, respectively, thereby creating a binary discretization.
2. Entropy-based discretization, as mentioned above, uses information regarding 
the class label of tuples. To explain the intuition behind entropy-based 
discretization, we must take a glimpse at classification. Suppose we want to 
classify the tuples in D by partitioning on attribute A and some split-point. Ideally, 
we would like this partitioning to result in an exact classification of the tuples. For 
example, if we had two classes, we would hope that all of the tuples of, say, class 
C1 will fall into one partition, and all of the tuples of class C2 will fall into the other 
partition. However, this is unlikely. For example, the first partition may contain 
many tuples of C1, but also some of C2. 

How much more information would we still need for a perfect classification, 
after this partitioning? This amount is called the expected information requirement 
for classifying a tuple in D based on partitioning by A. It is given by

                                       
where D1 and D2 correspond to the tuples in D satisfying the conditions 
A<=split_point and A > split_point, respectively;
 |D| is the number of tuples in D, and so on. 

The entropy function for a given set is calculated based on the class 
distribution of the tuples in the set. For example, given m classes, C1,C2,…,Cm, 
the entropy of D1 is



where pi is the probability of class Ci in D1, determined by dividing the 
number of tuples of class Ci in D1 by |D1|, the total number of tuples in D1. 
Therefore, when selecting a split-point for attribute A, we want to pick the attribute 
value that gives the minimum expected information requirement (i.e., 
min(InfoA(D))). This would result in the minimum amount of expected information 
(still) required to perfectly classify the tuples after partitioning by A<=split_point 
and A>split_point. This is equivalent to the attribute-value pair with the maximum 
information gain. Note that the value of Entropy(D2) can be computed similarly as 
in Equation as above.

“But our task is discretization, not classification!”, you may exclaim. This 
is true. We use the split-point to partition the range of A into two intervals, 
corresponding to A<=split_point and A > split_point.
3. The process of determining a split-point is recursively applied to each partition 
obtained, until some stopping criterion is met, such as when the minimum 
information requirement on all candidate split-points is less than a small threshold, 
ε, or when the number of intervals is greater than a threshold, max_interval.

Entropy-based discretization can reduce data size. Unlike the other methods 
mentioned here so far, entropy-based discretization uses class information. This 
makes it more likely that the interval boundaries (split-points) are defined to occur 
in places that may help improve classification accuracy. The entropy and 
information gain measures described here are also used for decision tree induction. 

Interval Merging by Analysis
ChiMerge is a -based discretization method. 
ChiMerge employs a bottom-up approach by finding the best neighboring 

intervals and then merging these to form larger intervals, recursively. 
The method is supervised in that it uses class information. The basic notion 

is that for accurate discretization, the relative class frequencies should be fairly 
consistent within an interval. Therefore, if two adjacent intervals have a very 
similar distribution of classes, then the intervals can be merged. Otherwise, they 
should remain separate.

ChiMerge proceeds as follows.
Initially, each distinct value of a numerical attribute A is considered to 

be one interval.  tests are performed for every pair of adjacent intervals. 
Adjacent intervals with the least  values are merged together, because low 

values for a pair indicate similar class distributions. This merging process 
proceeds recursively until a predefined stopping criterion is met.



The  statistic was introduced in data integration, where we explained its 
use to detect a correlation relationship between two categorical attributes 
Because ChiMerge treats intervals as discrete categories, Equation 

 can be applied. The statistic tests the hypothesis that two 
adjacent intervals for a given attribute are independent of the class. 

(Example: Correlation analysis of categorical attributes using . Suppose that a 
group of 1,500 people was surveyed. The gender of each person was noted. Each 
person was polled as to whether their preferred type of reading material was fiction 
or nonfiction. Thus, we have two attributes, gender and preferred reading. The 
observed frequency (or count) of each possible joint event is summarized in the 
contingency table shown in above table, where the numbers in parentheses are the 
expected frequencies (calculated based on the data distribution for both attributes 
using above equation. Using above Equation, we can verify the expected 
frequencies for each cell. For example, the expected frequency for the cell (male, 
fiction) is 

                     
and so on. Notice that in any row, the sum of the expected frequencies must equal 
the total observed frequency for that row, and the sum of the expected frequencies 
in any column must also equal the total observed frequency for that column. Using 

computation, we get

For this 2X2 table, the degrees of freedom are (2-1)(2-1) = 1. For 1 degree of 
freedom, the  value needed to reject the hypothesis at the 0.001 significance 
level is 10.828 (taken from the table of upper percentage points of the 
distribution, typically available from any textbook on statistics). Since our 
computed value is above this, we can reject the hypothesis that gender and 
preferred reading are independent and conclude that the two attributes are 
(strongly) correlated for the given group of people.)

Following the method in Example above we can construct a contingency table for 
our data. The contingency table has two columns (representing the two adjacent 
intervals) and m rows, where m is the number of distinct classes.



Applying Equation  here, the cell value oij is the count of tuples 
in the ith interval and jth class. Similarly, the expected frequency of oij is eij = 
(number of tuples in interval i) x (number of tuples in class j) / N, where N is the 
total number of data tuples. Low values for an interval pair indicate that the 
intervals are independent of the class and can, therefore, be merged.

The stopping criterion is typically determined by three conditions. 
 First, merging stops when values of all pairs of adjacent intervals exceed 

some threshold, which is determined by a specified significance level. A too 
(or very) high value of significance level for the test may cause over 
discretization, whereas a too (or very) low value may lead to under 
discretization. Typically, the significance level is set between 0.10 and 0.01.

 Second, the number of intervals cannot be over a prespecified max-interval, 
such as 10 to 15. 

 Finally, recall that the premise behind ChiMerge is that the relative class 
frequencies should be fairly consistent within an interval. In practice, some 
inconsistency is allowed, although this should be no more than a 
prespecified threshold, such as 3%, which may be estimated from the 
training data. 

 This last condition can be used to remove irrelevant attributes from the data 
set.

Cluster Analysis
Cluster analysis is a popular data discretization method. 
A clustering algorithm can be applied to discretize a numerical attribute, A, 

by partitioning the values of A into clusters or groups. 
Clustering takes the distribution of A into consideration, as well as the 

closeness of data points, and therefore is able to produce high-quality discretization 
results.

Clustering can be used to generate a concept hierarchy for A by following 
either a topdown splitting strategy or a bottom-up merging strategy, where each 
cluster forms a node of the concept hierarchy. In the former, each initial cluster or 
partition may be further decomposed into several subclusters, forming a lower 
level of the hierarchy. In the latter, clusters are formed by repeatedly grouping 
neighboring clusters in order to form higher-level concepts. 



Discretization by Intuitive Partitioning
Although the above discretization methods are useful in the generation of 

numerical hierarchies, many users would like to see numerical ranges partitioned 
into relatively uniform, easy-to-read intervals that appear intuitive or “natural.” For 
example, annual salaries broken into ranges like ($50,000, $60,000] are often more 
desirable than ranges like ($51,263.98, $60,872.34], obtained by, say, some 
sophisticated clustering analysis.

The 3-4-5 rule can be used to segment numerical data into relatively 
uniform, natural seeming intervals. In general, the rule partitions a given range of 
data into 3, 4, or 5 relatively equal-width intervals, recursively and level by level, 
based on the value range at the most significant digit.
 The rule is as follows:

 If an interval covers 3, 6, 7, or 9 distinct values at the most significant 
digit, then partition the range into 3 intervals (3 equal-width intervals 
for 3, 6, and 9; and 3 intervals in the grouping of 2-3-2 for 7).

 If it covers 2, 4, or 8 distinct values at the most significant digit, then 
partition the range into 4 equal-width intervals.

 If  it covers 1, 5, or 10 distinct values at the most significant digit, 
then partition the range into 5 equal-width intervals.

The rule can be recursively applied to each interval, creating a concept 
hierarchy for the given numerical attribute. Real-world data often contain 
extremely large positive and/or negative outlier values, which could distort any 
top-down discretization method based on minimum and maximum data values. For 
example, the assets of a few people could be several orders of magnitude higher 
than those of others in the same data set. Discretization based on the maximal asset 
values may lead to a highly biased hierarchy. Thus the top-level discretization can 
be performed based on the range of data values representing the majority (e.g., 5th 
percentile to 95th percentile) of the given data. The extremely high or low values 
beyond the top-level discretization will form distinct interval(s) that can be handled 
separately, but in a similar manner.

The following example illustrates the use of the 3-4-5 rule for the automatic 
construction of a numerical hierarchy.
Example: Numeric concept hierarchy generation by intuitive partitioning. Suppose 
that profits at different branches of AllElectronics for the year 2004 cover a wide 
range, from -$351,976.00 to $4,700,896.50. A user desires the automatic 
generation of a concept hierarchy for profit. For improved readability, we use the 



notation (l...r] to represent the interval (l, r]. For example, (-$1,000,000...$0] 
denotes the range from -$1,000,000 (exclusive) to $0 (inclusive).
Suppose that the data within the 5th percentile and 95th percentile are between 
-$159,876 and $1,838,761. The results of applying the 3-4-5 rule are shown in
Figure 2.23.

1. Based on the above information, the minimum and maximum values are MIN =
-$351,976.00, and MAX = $4,700,896.50. The low (5th percentile) and high (95th
percentile) values to be considered for the top or first level of discretization are 
LOW =-$159,876, and HIGH = $1,838.761.
2. Given LOW and HIGH, the most significant digit (msd) is at the million dollar 
digit position (i.e., msd = 1,000,000). Rounding LOW down to the million dollar 
digit, we get LOW′= -$1,000,000; rounding HIGH up to the million dollar digit, we 
get HIGH′ = +$2,000,000.



3. Since this interval ranges over three distinct values at the most significant digit, 
that is, (2,000,000-(-1,000,000))/1,000,000 = 3, the segment is partitioned into 
three equal-width subsegments according to the 3-4-5 rule: (-$1,000,000….$0], 
($0…$1,000,000], and ($1,000,000…$2,000,000]. This represents the top tier of 
the hierarchy.
4. We now examine the MIN and MAX values to see how they “fit” into the first-
level partitions. Since the first interval (-$1,000,000…$0] covers the MIN value, 
that is, LOW′ < MIN, we can adjust the left boundary of this interval to make the 
interval smaller. The most significant digit of MIN is the hundred thousand digit 
position. Rounding MIN down to this position, we get MIN′= -$400,000. 
Therefore, the first interval is redefined as (-$400,000…0].
Since the last interval, ($1,000,000…$2,000,000], does not cover the MAX value, 
that is, MAX > HIGH′, we need to create a new interval to cover it. Rounding up 
MAX at its most significant digit position, the new interval is 
($2,000,000….$5,000,000]. Hence, the topmost level of the hierarchy contains 
four partitions,(-$400,000…$0], ($0…$1,000,000], ($1,000,000…$2,000,000], 
and ($2,000,000…$5,000,000].
5. Recursively, each interval can be further partitioned according to the 3-4-5 rule 
to form the next lower level of the hierarchy:

 The first interval, (-$400,000. . . $0], is partitioned into 4 subintervals: 
(-$400,000…-$300,000], (-$300,000…-$200,000], (-$200,000….-
$100,000], and (-$100,000…$0].

 The second interval, ($0…$1,000,000], is partitioned into 5 subintervals: 
($0…$200,000],($200,000. . . $400,000],($400,000. . . $600,000],($600,000. 
. . $800,000], and ($800,000. . . $1,000,000].

 The third interval, ($1,000,000…$2,000,000], is partitioned into 5 
subintervals: ($1,000,000…$1,200,000],($1,200,000.. 
$1,400,000],($1,400,000…$1,600,000],($1,600,000…$1,800,000], and 
($1,800,000…$2,000,000].

 The last interval, ($2,000,000…$5,000,000], is partitioned into 3 
subintervals: ($2,000,000. . . $3,000,000], ($3,000,000. . . $4,000,000], and 
($4,000,000. . . $5,000,000].

Similarly, the 3-4-5 rule can be carried on iteratively at deeper levels, as necessary.

Concept Hierarchy Generation for Categorical Data
Categorical data are discrete data. 
Categorical attributes have a finite (but possibly large) number of distinct 

values, with no ordering among the values. Examples include geographic location, 



job category, and item type. There are several methods for the generation of 
concept hierarchies for categorical data.

Specification of a partial ordering of attributes explicitly at the schema level by 
users or experts: Concept hierarchies for categorical attributes or dimensions 
typically involve a group of attributes. A user or expert can easily define a concept 
hierarchy by specifying a partial or total ordering of the attributes at the schema 
level. For example, a relational database or a dimension location of a data 
warehouse may contain the following group of attributes: street, city, province_or_ 
state, and country. A hierarchy can be defined by specifying the total ordering 
among these attributes at the schema level, such as street < city < 
province_or_state < country.

Specification of a portion of a hierarchy by explicit data grouping: This is 
essentially the manual definition of a portion of a concept hierarchy. In a large 
database, it is unrealistic to define an entire concept hierarchy by explicit value 
enumeration. On the contrary, we can easily specify explicit groupings for a small 
portion of intermediate-level data. For example, after specifying that province and 
country form a hierarchy at the schema level, a user could define some 
intermediate levels manually, such as “{Alberta, Saskatchewan, Manitoba}  
prairies_Canada” and “{British Columbia, prairies Canada}  
Western_Canada”.

Specification of a set of attributes, but not of their partial ordering: A user may 
specify a set of attributes forming a concept hierarchy, but omit to explicitly state 
their partial ordering. The system can then try to automatically generate the 
attribute ordering so as to construct a meaningful concept hierarchy. “Without 
knowledge of data semantics, how can a hierarchical ordering for an arbitrary set 
of categorical attributes be found?” Consider the following observation that since 
higher-level concepts generally cover several subordinate lower-level concepts, an 
attribute defining a high concept level (e.g., country) will usually contain a smaller 
number of distinct values than an attribute defining a lower concept level (e.g., 
street). Based on this observation, a concept hierarchy can be automatically 
generated based on the number of distinct values per attribute in the given attribute 
set. The attribute with the most distinct values is placed at the lowest level of the 
hierarchy. The lower the number of distinct values an attribute has, the higher it is 
in the generated concept hierarchy. This heuristic rule works well in many cases. 



Some local-level swapping or adjustments may be applied by users or experts, 
when necessary, after examination of the generated hierarchy.
Example: Concept hierarchy generation based on the number of distinct values per 
attribute. Suppose a user selects a set of location-oriented attributes, street, 
country, province_or_state, and city, from the AllElectronics database, but does 
not specify the hierarchical ordering among the attributes.

A concept hierarchy for location can be generated automatically, as 
illustrated in Figure below.

First, sort the attributes in ascending order based on the number of distinct 
values in each attribute. This results in the following (where the number of distinct 
values per attribute is shown in parentheses): country (15), province_or_state(365), 
city (3567), and street (674,339). 

Second, generate the hierarchy from the top down according to the sorted 
order, with the first attribute at the top level and the last attribute at the bottom 
level. 

Finally, the user can examine the generated hierarchy, and when necessary, 
modify it to reflect desired semantic relationships among the attributes. In this 
example, it is obvious that there is no need to modify the generated hierarchy.

Note that this heuristic rule is not foolproof. For example, a time dimension 
in a database may contain 20 distinct years, 12 distinct months, and 7 distinct days 
of the week. However, this does not suggest that the time hierarchy should be 
“year < month < days of the week”, with days_of_the_week at the top of the 
hierarchy



Specification of only a partial set of attributes: Sometimes a user can be sloppy 
when defining a hierarchy, or have only a vague idea about what should be 
included in a hierarchy. Consequently, the user may have included only a small 
subset of the relevant attributes in the hierarchy specification. For example, instead 
of including all of the hierarchically relevant attributes for location, the user may 
have specified only street and city. To handle such partially specified hierarchies, it 
is important to embed data semantics in the database schema so that attributes with 
tight semantic connections can be pinned together. In this way, the specification of 
one attribute may trigger a whole group of semantically tightly linked attributes to 
be “dragged in” to form a complete hierarchy. Users, however, should have the 
option to override this feature, as necessary.
Example: Concept hierarchy generation using prespecified semantic connections. 
Suppose that a data mining expert (serving as an administrator) has pinned together 
the five attributes number, street, city, province or state, and country, because they 
are closely linked semantically regarding the notion of location. If a user were to 
specify only the attribute city for a hierarchy defining location, the system can 
automatically drag in all of the above five semantically related attributes to forma 
hierarchy. The user may choose to drop any of these attributes, such as number and 
street, from the hierarchy, keeping city as the lowest conceptual level in the 
hierarchy.
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Unit –III
Classification

Classification and prediction are two forms of data analysis that can be used 
to extract models describing important data classes or to predict future data trends. 
Such analysis can help provide us with a better understanding of the data at large. 
Whereas classification predicts categorical (discrete, unordered) labels, prediction 
models 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. 

Discrete Data
Discrete Data can only take certain values.

Example: the number of students in a class
We can't have half a student!

Example: the results of rolling 2 dice
Only has the values 2, 3, 4, 5, 6, 7, 8, 9, 10, 11 and 12

Continuous Data

Continuous Data can take any value (within a range)
Examples:

 A person's height: could be any value (within the range of human heights), 
not just certain fixed heights,

 Time in a race: you could even measure it to fractions of a second,



 A dog's weight,
 The length of a leaf,

Many classification and prediction methods have been proposed by 
researchers in machine learning, pattern recognition, and statistics. 

Most algorithms are memory resident, typically assuming a small data size. 
Recent data mining research has built on such work, developing scalable 
classification and prediction techniques capable of handling large disk-resident 
data.

Classification and prediction have numerous applications, including fraud 
detection, target marketing, performance prediction, manufacturing, and medical 
diagnosis.

What Is Classification? What Is Prediction?
A bank loans officer needs analysis of her data in order to learn which loan 

applicants are “safe” and which are “risky” for the bank. 
A marketing manager at AllElectronics needs data analysis to help guess 

whether a customer with a given profile will buy a new computer.
A medical researcher wants to analyze breast cancer data in order to predict 

which one of three specific treatments a patient should receive. 
In each of these examples, the data analysis task is classification, where a 

model or classifier is constructed to predict categorical labels, such as “safe” or 
“risky” for the loan application data; “yes” or “no” for the marketing data; or 
“treatment A,” “treatment B,” or “treatment C” for the medical data. These 
categories can be represented by discrete values, where the ordering among values 
has no meaning. For example, the values 1, 2, and 3 may be used to represent 
treatments A, B, and C, where there is no ordering implied among this group of 
treatment regimes.

Suppose that the marketing manager would like to predict how much a given 
customer will spend during a sale at AllElectronics. This data analysis task is an 
example of numeric prediction, where the model constructed predicts a continuous-
valued function, or ordered value, as opposed to a categorical label. This model is 
a predictor. Regression analysis is a statistical methodology that is most often used 
for numeric prediction



General Approach to Classification
“How does classification work? 

Data classification is a two-step process, as shown for the loan 
application data of Figure below

In the first step, a classifier is built describing a predetermined set of data 
classes or concepts. This is the learning step (or training phase), where a 



classification algorithm builds the classifier by analyzing or “learning from” a 
training set made up of database tuples and their associated class labels. A tuple, X, 
is represented by an n-dimensional attribute vector,  X = (x1, x2, … , xn), depicting n 
measurements made on the tuple from n database attributes, respectively, A1, A2,…, 
An. Each tuple, X, is assumed to belong to a predefined class as determined by 
another database attribute called the class label attribute.  The class label attribute 
is discrete-valued and unordered. It is categorical in that each value serves as a 
category or class. The individual tuples making up the training set are referred to as 
training tuples and are selected from the database under analysis. In the context of 
classification, data tuples can be referred to as samples, examples, instances, data 
points, or objects. Because the class label of each training tuple is provided, this 
step is also known as supervised learning (i.e., the learning of the classifier is 
“supervised” in that it is told to which class each training tuple belongs). It 
contrasts with unsupervised learning (or clustering), in which the class label of 
each training tuple is not known, and the number or set of classes to be learned 
may not be known in advance. For example, if we did not have the loan decision 
data available for the training set, we could use clustering to try to determine 
“groups of like tuples,” which may correspond to risk groups within the loan 
application data.

This first step of the classification process can also be viewed as the learning 
of a mapping or function, y = f (X), that can predict the associated class label y of a 
given tuple X. In this view, we wish to learn a mapping or function that separates 
the data classes. Typically, this mapping is represented in the form of classification 
rules, decision trees, or mathematical formulae. In our example, the mapping is 
represented as classification rules that identify loan applications as being either 
safe or risky (Figure 6.1(a)). The rules can be used to categorize future data tuples, 
as well as provide deeper insight into the database contents. They also provide a 
compressed representation of the data.

“What about classification accuracy?” 
In the second step (Figure 6.1(b)), the model is used for classification. First, 

the predictive accuracy of the classifier is estimated. If we were to use the training 
set to measure the accuracy of the classifier, this estimate would likely be 
optimistic, because the classifier tends to overfit the data (i.e., during learning it 
may incorporate some particular anomalies of the training data that are not present 



in the general data set overall). Therefore, a test set is used, made up of test tuples 
and their associated class labels. These tuples are randomly selected from the 
general data set. They are independent of the training tuples, meaning that they are 
not used to construct the classifier. The accuracy of a classifier on a given test set 
is the percentage of test set tuples that are correctly classified by the classifier. The 
associated class label of each test tuple is compared with the learned classifier’s 
class prediction for that tuple.

If the accuracy of the classifier is considered acceptable, the classifier can be 
used to classify future data tuples for which the class label is not known. (Such 
data are also referred to in the machine learning literature as “unknown” or 
“previously unseen” data.) For example, the classification rules learned in Figure 
6.1(a) from the analysis of data from previous loan applications can be used to 
approve or reject new or future loan applicants.

“How is (numeric) prediction different from classification?” 
Data prediction is a two step process, similar to that of data classification 

However, for prediction, we lose the terminology of “class label attribute” because 
the attribute for which values are being predicted is continuous-valued (ordered) 
rather than categorical (discrete-valued and unordered). The attribute can be 
referred to simply as the predicted attribute.

Suppose that, in our example, we instead wanted to predict the amount (in 
dollars) that would be “safe” for the bank to loan an applicant. The data mining 
task becomes prediction, rather than classification. We would replace the 
categorical attribute, loan decision, with the continuous-valued loan amount as the 
predicted attribute, and build a predictor for our task.

Note that prediction can also be viewed as a mapping or function, y= f (X), 
where X is the input (e.g., a tuple describing a loan applicant), and the output y is a 
continuous or ordered value (such as the predicted amount that the bank can safely 
loan the applicant).

Prediction and classification also differ in the methods that are used to build 
their respective models. 

As with classification, the training set used to build a predictor should not be 
used to assess its accuracy. An independent test set should be used instead. 



The accuracy of a predictor is estimated by computing an error based on the 
difference between the predicted value and the actual known value of y for each of 
the test tuples, X.

Issues Regarding Classification and Prediction
Preparing the Data for Classification and Prediction

The following preprocessing steps may be applied to the data to help 
improve the accuracy, efficiency, and scalability of the classification or prediction 
process.

Data cleaning: This refers to the preprocessing of data in order to remove or 
reduce noise (by applying smoothing techniques, for example) and the treatment of 
missing values (e.g., by replacing a missing value with the most commonly 
occurring value for that attribute, or with the most probable value based on 
statistics). Although most classification algorithms have some mechanisms for 
handling noisy or missing data, this step can help reduce confusion during 
learning.

Relevance analysis: Many of the attributes in the data may be redundant. 
Correlation analysis can be used to identify whether any two given attributes are 
statistically related. For example, a strong correlation between attributes A1 and A2 
would suggest that one of the two could be removed from further analysis. A 
database may also contain irrelevant attributes. Attribute subset selection can be 
used in these cases to find a reduced set of attributes such that the resulting 
probability distribution of the data classes is as close as possible to the original 
distribution obtained using all attributes. Hence, relevance analysis, in the form of 
correlation analysis and attribute subset selection, can be used to detect attributes 
that do not contribute to the classification or prediction task. Including such 
attributes may otherwise slow down, and possibly mislead, the learning step. 
Ideally, the time spent on relevance analysis, when added to the time spent on 
learning from the resulting “reduced” attribute (or feature) subset, should be less 
than the time that would have been spent on learning from the original set of 
attributes. Hence, such analysis can help improve classification efficiency and 
scalability.

Data transformation and reduction: The data may be transformed by 
normalization, particularly when neural networks or methods involving distance 



measurements are used in the learning step. Normalization involves scaling all 
values for a given attribute so that they fall within a small specified range, such as 
-1.0 to 1.0, or 0.0 to 1.0. In methods that use distance measurements, for example, 
this would prevent attributes with initially large ranges (like, say, income) from out 
weighing attributes with initially smaller ranges (such as binary attributes). 
The data can also be transformed by generalizing it to higher-level concepts. 
Concept hierarchies may be used for this purpose. This is particularly useful for 
continuous valued attributes. For example, numeric values for the attribute income 
can be generalized to discrete ranges, such as low, medium, and high. Similarly, 
categorical attributes, like street, can be generalized to higher-level concepts, like 
city. Because generalization compresses the original training data, fewer 
input/output operations may be involved during learning. Data can also be reduced 
by applying many other methods, ranging from wavelet transformation and 
principle components analysis to discretization techniques, such as binning, 
histogram analysis, and clustering.

Comparing Classification and Prediction Methods
Classification and prediction methods can be compared and evaluated 

according to the following criteria:
Accuracy: The accuracy of a classifier refers to the ability of a given 

classifier to correctly predict the class label of new or previously unseen data (i.e., 
tuples without class label information). Similarly, the accuracy of a predictor refers 
to how well a given predictor can guess the value of the predicted attribute for new 
or previously unseen data. Accuracy can be estimated using one or more test sets 
that are independent of the training set.

Speed: This refers to the computational costs involved in generating and 
using the given classifier or predictor.

Robustness: This is the ability of the classifier or predictor to make correct 
predictions given noisy data or data with missing values.

Scalability: This refers to the ability to construct the classifier or predictor 
efficiently given large amounts of data.

Interpretability: This refers to the level of understanding and insight that is 
provided by the classifier or predictor. Interpretability is subjective and therefore 
more difficult to assess. 































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

the training data due to noise or outliers. Tree pruning methods address this 
problem of overfitting the data. Such methods typically use statistical measures to 
remove the least reliable branches. 

An unpruned tree and a pruned version of it are shown in Figure below.

Pruned trees tend to be smaller and less complex and, thus, easier to 
comprehend. 

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

“How does tree pruning work?”
 There are two common approaches to tree pruning: 
  prepruning and postpruning.

In the prepruning approach, a tree is “pruned” by halting its 
construction early (e.g., by deciding not to further split or partition the subset of 
training tuples at a given node). Upon halting, the node becomes a leaf. The leaf 
may hold the most frequent class among the subset tuples or the probability 
distribution of those tuples.

When constructing a tree, measures such as statistical significance, 
information gain, Gini index, and so on can be used to assess the goodness of a 
split. If partitioning the tuples at a node would result in a split that falls below a 
prespecified threshold, then further partitioning of the given subset is halted. There 
are difficulties, however, in choosing an appropriate threshold. High thresholds 
could result in oversimplified trees, whereas low thresholds could result in very 
little simplification.



The second and more common approach is postpruning, which removes 
subtrees from a “fully grown” tree. A subtree at a given node is pruned by 
removing its branches and replacing it with a leaf. The leaf is labeled with the most 
frequent class among the subtree being replaced. 

For example, notice the subtree at node “A3?” in the unpruned tree of Figure 
above. Suppose that the most common class within this subtree is “class B.” In the 
pruned version of the tree, the subtree in question is pruned by replacing it with the 
leaf “class B.” 

The cost complexity pruning algorithm used in CART is an example of the 
postpruning approach. This approach considers the cost complexity of a tree to be 
a function of the number of leaves in the tree and the error rate of the tree (where 
the error rate is the percentage of tuples misclassified by the tree). It starts from the 
bottom of the tree. For each internal node, N, it computes the cost complexity of 
the subtree at N, and the cost complexity of the subtree at N if it were to be pruned 
(i.e., replaced by a leaf node). The two values are compared. If pruning the subtree 
at node N would result in a smaller cost complexity, then the subtree is pruned. 
Otherwise, it is kept. A pruning set of class-labeled tuples is used to estimate cost 
complexity. This set is independent of the training set used to build the unpruned 
tree and of any test set used for accuracy estimation.

The algorithm generates a set of progressively pruned trees. In general, the 
smallest decision tree that minimizes the cost complexity is preferred.

C4.5 uses a method called pessimistic pruning, which is similar to the cost 
complexity method in that it also uses error rate estimates to make decisions 
regarding subtree pruning. Pessimistic pruning, however, does not require the use 
of a prune set. Instead, it uses the training set to estimate error rates. Recall that an 
estimate of accuracy or error based on the training set is overly optimistic and, 
therefore, strongly biased. The pessimistic pruning method therefore adjusts the 
error rates obtained from the training set by adding a penalty, so as to counter the 
bias incurred.

Rather than pruning trees based on estimated error rates, we can prune trees 
based on the number of bits required to encode them. The “best” pruned tree is the 
one that minimizes the number of encoding bits. This method adopts the Minimum 
Description Length (MDL) principle,

The basic idea is that the simplest solution is preferred. Unlike cost 
complexity pruning, it does not require an independent set of tuples.



Alternatively, prepruning and postpruning may be interleaved for a 
combined approach. Postpruning requires more computation than prepruning, yet 
generally leads to a more reliable tree. No single pruning method has been found to 
be superior over all others. Although some pruning methods do depend on the 
availability of additional data for pruning, this is usually not a concern when 
dealing with large databases.

Although pruned trees tend to be more compact than their unpruned 
counterparts, they may still be rather large and complex. Decision trees can suffer 
from repetition and replication( as shown in figure below)

making them overwhelming to interpret. Repetition occurs when an attribute is 
repeatedly tested along a given branch of the tree (such as “age < 60?”, followed 
by “age < 45”?, and so on). In replication, duplicate subtrees exist within the tree. 
These situations can impede the accuracy and comprehensibility of a decision tree. 
The use of multivariate splits (splits based on a combination of attributes) can 
prevent these problems. Another approach is to use a different formof knowledge 
representation, such as rules, instead of decision trees



Scalability and Decision Tree Induction
“What if D, the disk-resident training set of class-labeled tuples, does not fit 

in memory?
In other words, how scalable is decision tree induction?” 
The efficiency of existing decision tree algorithms, such as ID3, C4.5, and 

CART, has been well established for relatively small data sets. Efficiency becomes 
an issue of concern when these algorithms are applied to the mining of very large 
real-world databases. The pioneering decision tree algorithms that we have 
discussed so far have the restriction that the training tuples should reside in 
memory. In data mining applications, very large training sets of millions of tuples 
are common. Most often, the training data will not fit in memory! Decision tree 
construction therefore becomes inefficient due to swapping of the training tuples in
and out of main and cache memories. More scalable approaches, capable of 
handling training data that are too large to fit in memory, are required. Earlier 
strategies to “save space” included discretizing continuous-valued attributes and 
sampling data at each node. These techniques, however, still assume that the 
training set can fit in memory. More recent decision tree algorithms that address 
the scalability issue have been proposed. 

Algorithms for the induction of decision trees from very large training sets 
include SLIQ and SPRINT, both of which can handle categorical and continuous 
valued attributes. 

Both algorithms propose presorting techniques on disk-resident data sets that 
are too large to fit in memory. Both define the use of new data structures to 
facilitate the tree construction. 

SLIQ employs disk-resident attribute lists and a single memory-resident 
class list. The attribute lists and class list generated by SLIQ for the tuple data of 
Table 6.2.



are shown in Figure below.

Each attribute has an associated attribute list, indexed by RID (a record 
identifier). Each tuple is represented by a linkage of one entry from each attribute 
list to an entry in the class list (holding the class label of the given tuple), which in 
turn is linked to its corresponding leaf node in the decision tree. The class list 
remains in memory because it is often accessed and modified in the building and 
pruning phases. The size of the class list grows proportionally with the number of 
tuples in the training set. When a class list cannot fit into memory, the performance 
of SLIQ decreases.

SPRINT uses a different attribute list data structure that holds the class and 
RID information, as shown in Figure below.

When a node is split, the attribute lists are partitioned and distributed among 
the resulting child nodes accordingly. When a list is partitioned, the order of the 
records in the list is maintained. Hence, partitioning lists does not require resorting. 
SPRINT was designed to be easily parallelized, further contributing to its 
scalability.

While both SLIQ and SPRINT handle disk-resident data sets that are too 
large to fit into memory, the scalability of SLIQ is limited by the use of its 
memory-resident data structure.



SPRINT removes all memory restrictions, yet requires the use of a hash tree 
proportional in size to the training set. This may become expensive as the training 
set size grows.

To further enhance the scalability of decision tree induction, a method called 
Rain- Forest was proposed. It adapts to the amount of main memory available and 
applies to any decision tree induction algorithm. The method maintains an AVC-
set (where AVC stands for “Attribute-Value, Class label”) for each attribute, at 
each tree node, describing the training tuples at the node. The AVC-set of an 
attribute A at node N gives the class label counts for each value of A for the tuples 
at N. Figure below shows AVC-sets for the tuple data of database discussed above. 

The set of all AVC-sets at a node N is the AVC-group of N. The size of an 
AVC-set for attribute A at node N depends only on the number of distinct values of 
A and the number of classes in the set of tuples at N. Typically, this size should fit
in memory, even for real-world data. RainForest has techniques, however, for 
handling the case where the AVC-group does not fit in memory. RainForest can 
use any attribute selection measure and was shown to be more efficient than earlier 
approaches employing aggregate data structures, such as SLIQ and SPRINT.

BOAT (Bootstrapped Optimistic Algorithm for Tree Construction) is a 
decision tree algorithm that takes a completely different approach to scalability—it 
is not based on the use of any special data structures. Instead, it uses a statistical 
technique known as “bootstrapping” to create several smaller samples (or subsets) 
of the given training data, each of which fits in memory. Each subset is used to 
construct a tree, resulting in several trees. The trees are examined and used to 
construct a newtree, T’, that turns out to be “very close” to the tree that would have 
been generated if all of the original training data had fit in memory. BOAT can use 
any attribute selection measure that selects binary splits and that is based on the 
notion of purity of partitions, such as the gini index. BOAT uses a lower bound on 



the attribute selection measure in order to detect if this “very good” tree, T’, is 
different from the “real” tree, T, that would have been generated using the entire 
data. It refines T’ in order to arrive at T.

BOAT usually requires only two scans of D. This is quite an improvement, 
even in comparison to traditional decision tree algorithms (such as the basic 
algorithm in decision tree), which require one scan per level of the tree! BOAT 
was found to be two to three times faster than RainForest, while constructing 
exactly the same tree. An additional advantage of BOAT is that it can be used for 
incremental updates. That is, BOAT can take new insertions and deletions for the 
training data and update the decision tree to reflect these changes, without having 
to reconstruct the tree from scratch.

Bayesian Classification
“What are Bayesian classifiers?” 

 Bayesian classifiers are statistical classifiers. 
 They can predict class membership probabilities, such as the probability that 

a given tuple belongs to a particular class.
 Bayesian classification is based on Bayes’ theorem
 Studies comparing classification algorithms have found a simple Bayesian 

classifier known as the naïve Bayesian classifier to be comparable in 
performance with decision tree and selected neural network classifiers. 

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



Naïve Bayesian classifiers assume that the effect of an attribute value on a 
given class is independent of the values of the other attributes. This assumption is 
called class conditional independence. It is made to simplify the computations 
involved and, in this sense, is considered “naïve.” 

Bayesian belief networks are graphical models, which unlike naïve Bayesian 
classifiers, allow the representation of dependencies among subsets of attributes.
Bayesian belief networks can also be used for classification.

Bayes’ Theorem
Bayes’ theorem is named after Thomas Bayes, a nonconformist English 

clergyman who did early work in probability and decision theory during the 18th 
century. 

Let X be a data tuple. In Bayesian terms, X is considered “evidence.” As 
usual, it is described by measurements made on a set of n attributes. 

Let H be some hypothesis, such as that the data tuple X belongs to a 
specified class C. 

For classification problems, we want to determine P(H | X), the probability 
that the hypothesis H holds given the “evidence” or observed data tuple X. In other 
words, we are looking for the probability that tuple X belongs to class C, given that 
we know the attribute description of X.

P(H | X), is the posterior probability, or a posteriori probability, of H 
conditioned on X. For example, suppose our world of data tuples is confined to 
customers described by the attributes age and income, respectively, and that X is a 
35-year-old customer with an income of $40,000. Suppose that H is the hypothesis 
that our customer will buy a computer. Then P(H | X), reflects the probability that 
customer X will buy a computer given that we know the customer’s age and 
income.

In contrast, P(H) is the prior probability, or a priori probability, of H. For 
our example, this is the probability that any given customer will buy a computer, 
regardless of age, income, or any other information, for that matter. 

The posterior probability, P(H | X), is based on more information (e.g., 
customer information) than the prior probability, P(H), which is independent of X.



Similarly, P(X | H) is the posterior probability of X conditioned on H. That 
is, it is the probability that a customer, X, is 35 years old and earns $40,000, given 
that we know the customer will buy a computer.

P(X) is the prior probability of X. Using our example, it is the probability 
that a person from our set of customers is 35 years old and earns $40,000.

“How are these probabilities estimated?” 
P(H), P(X | H), and P(X) may be estimated from the given data, as we shall 

see below. Bayes’ theorem is useful in that it provides a way of calculating the 
posterior probability, P(H | X), from P(H), P(X | H), and P(X).
Bayes’ theorem is

Naïve Bayesian Classification
The naïve Bayesian classifier, or simple Bayesian classifier, works as follows:
1. Let D be a training set of tuples and their associated class labels. As usual, each 
tuple is represented by an n-dimensional attribute vector, X = (x1, x2, … , xn), 
depicting n measurements made on the tuple from n attributes, respectively, A1, A2, 
…., An.
2. Suppose that there are m classes, C1,C2,…,Cm. Given a tuple, X, the classifier will 
predict that X belongs to the class having the highest posterior probability, 
conditioned on X. That is, the naïve Bayesian classifier predicts that tuple X 
belongs to the class Ci if and only if

Thus we maximize P(Ci | X). The class Ci for which P(Ci | X) is maximized is 
called the maximum posteriori hypothesis. By Bayes’ theorem,

3. As P(X) is constant for all classes, only P(X | Ci)P(Ci) need be maximized. If the 
class prior probabilities are not known, then it is commonly assumed that the 
classes are equally likely, that is, P(C1) = P(C2) = …. = P(Cm), and we would 
therefore maximize P(X | Ci). Otherwise, we maximize P(X | Ci)P(Ci). Note that 



the class prior probabilities may be estimated by P(Ci) = |Ci,D| / |D\, where |Ci,D|  is 
the number of training tuples of class Ci in D.
4. Given data sets with many attributes, it would be extremely computationally 
expensive to compute P(X | Ci). In order to reduce computation in evaluating 
P(X | Ci), the naive assumption of class conditional independence is made. This 
presumes that the values of the attributes are conditionally independent of one 
another, given the class label of the tuple (i.e., that there are no dependence 
relationships among the attributes). Thus,

We can easily estimate the probabilities P(x1|Ci), P(x2|Ci),…, P(xn|Ci) from the 
training tuples. Recall that here xk refers to the value of attribute Ak for tuple X. For 
each attribute, we look at whether the attribute is categorical or continuous-valued. 
For instance, to compute P(X | Ci), we consider the following:

(a) If Ak is categorical, then P(xk | Ci) is the number of tuples of class Ci in D having  
the value xk for Ak, divided by |Ci,D|, the number of tuples of class Ci in D.
(b) If Ak is continuous-valued, then we need to do a bit more work, but the 
calculation is pretty straightforward. A continuous-valued attribute is typically 
assumed to have a Gaussian distribution with a mean μ and standard deviation σ, 
defined by

so that

These equations may appear daunting, but hold on! We need to compute μCi and
σCi , which are the mean (i.e., average) and standard deviation, respectively, of the 
values of attribute Ak for training tuples of class Ci. We then plug these two 

quantities into Equation  , together with xk, in order to 
estimate P(xk | Ci). 



For example, let X = (35, $40,000), where A1 and A2 are the attributes age 
and income, respectively. Let the class label attribute be buys_computer. The 
associated class label for X is yes (i.e., buys_computer = yes). Let’s suppose that 
age has not been discretized and therefore exists as a continuous-valued attribute. 
Suppose that from the training set, we find that customers in D who buy a 
computer are 38 12 years of age. In other words, for attribute age and this class, 
we have μ=38 years and σ=12. We can plug these quantities, along with x1 = 35 for 

our tuple X into Equation  in order to estimate P(age=35 | 
buys_computer=yes). 
5. In order to predict the class label of X, P(X | Ci)P(Ci) is evaluated for each class 
Ci. The classifier predicts that the class label of tuple X is the class Ci if and only if

In other words, the predicted class label is the class Ci for which P(X | Ci)P(Ci) is 
the maximum.

“How effective are Bayesian classifiers?” 
Various empirical studies of this classifier in comparison to decision tree and 

neural network classifiers have found it to be comparable in some domains. 
In theory, Bayesian classifiers have the minimum error rate in comparison to 

all other classifiers. 
However, in practice this is not always the case, owing to inaccuracies in the 

assumptions made for its use, such as class conditional independence, and the lack 
of available probability data. 

Bayesian classifiers are also useful in that they provide a theoretical 
justification for other classifiers that do not explicitly use Bayes’ theorem. For 
example, under certain assumptions, it can be shown that many neural network and 
curve-fitting algorithms output the maximum posteriori hypothesis, as does the 
naïve Bayesian classifier.

Example:  Predicting a class label using naïve Bayesian classification: We wish 
to predict the class label of a tuple using naïve Bayesian classification, given the 
same training data as in decision tree induction.



 The training data is as follows 

The data tuples are described by the attributes age, income, student, and 
credit_rating. The class label attribute, buys_computer, has two distinct values 
(namely, {yes, no}). 

Let C1 correspond to the class buys_computer = yes and C2 correspond to 
buys_computer = no. The tuple we wish to classify is

X = (age = youth, income = medium, student = yes, credit_rating = fair)
We need to maximize P(X | Ci)P(Ci), for i = 1, 2. P(Ci), the prior probability of 
each class, can be computed based on the training tuples:
P(buys_computer = yes) = 9/14 = 0.643
P(buys_computer = no) = 5/14 = 0.357
To compute P(X | Ci), for i=1,2,we compute the following conditional 
probabilities:
P(age = youth | buys_computer = yes) = 2/9 = 0.222
P(age = youth | buys_computer = no) = 3/5 = 0.600
P(income = medium | buys_computer = yes) = 4/9 = 0.444
P(income = medium | buys_computer = no) = 2/5 = 0.400
P(student = yes | buys_computer = yes) = 6/9 = 0.667
P(student = yes | buys_computer = no) = 1/5 = 0.200
P(credit_rating = fair | buys_computer = yes) = 6/9 = 0.667



P(credit_rating = fair j buys_computer = no) = 2/5 = 0.400

Using the above probabilities, we obtain

Similarly,

To find the class, Ci, that maximizes P(X | Ci)P(Ci), we compute

Therefore, the naïve Bayesian classifier predicts buys_computer = yes for tuple X.

“What if I encounter probability values of zero?” 

Recall that in Equation , we estimate 
P(X | Ci) as the product of the probabilities P(x1 | Ci), P(x2 | Ci),…., P(xn | Ci),
based on the assumption of class conditional independence. These probabilities can
be estimated from the training tuples (step 4). We need to compute P(X | Ci) for 
each class (i=1,2,…, m) in order to find the class Ci for which P(X | Ci)P(Ci) is the 
maximum (step 5). Let’s consider this calculation. For each attribute-value pair 
(i.e., Ak = xk, for k = 1, 2,…, n) in tuple X, we need to count the number of tuples 
having that attribute-value pair, per class (i.e., per Ci, for i=1,…, m). In Example 

, we have two classes (m = 2), 
namely buys_computer = yes and buys_computer = no. Therefore, for the 
attribute-value pair student = yes of X, say, we need two counts — the number of 
customers who are students and for which buys_computer = yes (which contributes
to P(X | buys_computer = yes)) and the number of customers who are students and 
for which buys_computer = no (which contributes to P(X | buys_computer = no)). 



But what if, say, there are no training tuples representing students for the class 
buys_computer = no, resulting in P(student = yes | buys_computer = no)=0? In 
otherwords, what happens if we should end up with a probability value of zero for 
some P(xk | Ci)? Plugging this zero value into Equation 

 would return a zero probability for 
P(X | Ci), even though, without the zero probability, we may have ended up with a 
high probability, suggesting that X belonged to class Ci! A zero probability cancels 
the effects of all of the other (posteriori) probabilities (on Ci) involved in the 
product.

There is a simple trick to avoid this problem. We can assume that our 
training database, D, is so large that adding one to each count that we need would 
only make a negligible difference in the estimated probability value, yet would 
conveniently avoid the case of probability values of zero. This technique for 
probability estimation is known as the Laplacian correction or Laplace estimator, 
named after Pierre Laplace, a French mathematician who lived from 1749 to 1827. 
If we have, say, q counts to which we each add one, then we must remember to add 
q to the corresponding denominator used in the probability calculation. We 
illustrate this technique in the following example.

Example Using the Laplacian correction to avoid computing probability values of 
zero. Suppose that for the class buys_computer = yes in some training database, D, 
containing 1,000 tuples, we have 0 tuples with income = low, 990 tuples with 
income = medium, and 10 tuples with income = high. The probabilities of these 
events, without the Laplacian correction, are 0, 0.990 (from 999/1000), and 0.010 
(from 10/1,000), respectively. Using the Laplacian correction for the three 
quantities, we pretend that we have 1 more tuple for each income-value pair. In  
this way, we instead obtain the following probabilities (rounded up to three 
decimal places):

respectively. The “corrected” probability estimates are close to their “uncorrected” 
counterparts, yet the zero probability value is avoided.



Bayesian Belief Networks
The naïve Bayesian classifier makes the assumption of class conditional 

independence, that is, given the class label of a tuple, the values of the attributes 
are assumed to be conditionally independent of one another. This simplifies 
computation. When the assumption holds true, then the naïve Bayesian classifier is 
the most accurate in comparison with all other classifiers. In practice, however, 
dependencies can exist between variables.

Bayesian belief networks specify joint conditional probability distributions. 
They allow class conditional independencies to be defined between subsets of 
variables. They provide a graphical model of causal relationships, on which 
learning can be performed.

Trained Bayesian belief networks can be used for classification. Bayesian 
belief networks are also known as belief networks, Bayesian networks, and 
probabilistic networks. For brevity, we will refer to them as belief networks.

A belief network is defined by two components—a directed acyclic graph 
and a set of conditional probability tables. Each node in the directed acyclic graph 
represents a random variable. The variables may be discrete or continuous-valued. 
They may correspond to actual attributes given in the data or to “hidden variables” 
believed to form a relationship (e.g., in the case of medical data, a hidden variable 
may indicate a syndrome, representing a number of symptoms that, together, 
characterize a specific disease). Each arc represents a probabilistic dependence. If 
an arc is drawn from a node Y to a node Z, then Y is a parent or immediate 
predecessor of Z, and Z is a descendant of Y. Each variable is conditionally 
independent of its nondescendants in the graph, given its parents.



  
Figure above is a simple belief network, adapted from [RBKK95] for six 

Boolean variables. The arcs in Figure (a) allow a representation of causal 
knowledge. For example, having lung cancer is influenced by a person’s family 
history of lung cancer, as well as whether or not the person is a smoker. Note that 
the variable PositiveXRay is independent of whether the patient has a family 
history of lung cancer or is a smoker, given that we know the patient has lung 
cancer. In other words, once we know the outcome of the variable LungCancer, 
then the variables FamilyHistory and Smoker do not provide any additional 
information regarding PositiveXRay. The arcs also show that the variable 
LungCancer is conditionally independent of Emphysema, given its parents, 
FamilyHistory and Smoker.

A belief network has one conditional probability table (CPT) for each 
variable. The CPT for a variable Y specifies the conditional distribution 
P(Y | Parents(Y)), where Parents(Y) are the parents of Y. 

Figure(b) shows a CPT for the variable LungCancer. The conditional 
probability for each known value of LungCancer is given for each possible 
combination of values of its parents. For instance, from the upper leftmost and
bottom rightmost entries, respectively, we see that



Let X = (x1,…, xn) be a data tuple described by the variables or attributes 
Y1,…, Yn, respectively. Recall that each variable is conditionally independent of its 
nondescendants in the network graph, given its parents. This allows the network to 
provide a complete representation of the existing joint probability distribution with 
the following equation:

where P(x1,…, xn) is the probability of a particular combination of values of X, and 
the values for P(xi | Parents(Yi)) correspond to the entries in the CPT for Yi.

A node within the network can be selected as an “output” node, representing 
a class label attribute. There may be more than one output node. Various 
algorithms for learning can be applied to the network. Rather than returning a 
single class label, the classification process can return a probability distribution 
that gives the probability of each class.

Training Bayesian Belief Networks
“How does a Bayesian belief network learn?”
 In the learning or training of a belief network, a number of scenarios are 

possible. 
 The network topology (or “layout” of nodes and arcs) may be given in 

advance or inferred from the data. 
 The network variables may be observable or hidden in all or some of the 

training tuples. 
 The case of hidden data is also referred to as missing values or incomplete 

data. 
Several algorithms exist for learning the network topology from the training 

data given observable variables. The problem is one of discrete optimization.
Human experts usually have a good grasp of the direct conditional 

dependencies that hold in the domain under analysis, which helps in network 
design. Experts must specify conditional probabilities for the nodes that participate 



in direct dependencies. These probabilities can then be used to compute the 
remaining probability values.

If the network topology is known and the variables are observable, then 
training the network is straightforward. It consists of computing the CPT entries, as 
is similarly done when computing the probabilities involved in naive Bayesian 
classification.

When the network topology is given and some of the variables are hidden, 
there are various methods to choose from for training the belief network. We will 
describe a promising method of gradient descent. For those without an advanced 
math background, the description may look rather intimidating with its calculus-
packed formulae.

However, packaged software exists to solve these equations, and the general 
idea is easy to follow.

Let D be a training set of data tuples, X1, X2, . . . , X| D |. 
Training the belief network means that we must learn the values of the CPT 

entries. 
Let wijk be a CPT entry for the variable Yi = yij having the parents Ui = uik, 

where wijk≡ P(Yi = yij | Ui = uik). For example, if wijk is the upper leftmost CPT entry 
of Figure(b) above, then Yi is LungCancer; yij is its value, “yes”; Ui lists the parent 
nodes of Yi, namely, {FamilyHistory, Smoker}; and uik lists the values of the parent 
nodes, namely, {“yes”, “yes”}. The wijk are viewed as weights, analogous to the 
weights in hidden units of neural networks. The set of weights is collectively 
referred to as W. The weights are initialized to random probability values. A 
gradient descent strategy performs greedy hill-climbing. At each iteration, the 
weights are updated and will eventually converge to a local optimum solution. A 
gradient descent strategy is used to search for the wijk values that best model the 
data, based on the assumption that each possible setting of wijk is equally likely. 
Such a strategy is iterative. It searches for a solution along the negative of the 
gradient (i.e., steepest descent) of a criterion function. We want to find the set of 
weights,W, that maximize this function. To start with, the weights are initialized to 
random probability values.

The gradient descent method performs greedy hill-climbing in that, at each 
iteration or step along the way, the algorithm moves toward what appears to be the 
best solution at the moment, without backtracking. The weights are updated at each 
iteration. Eventually, they converge to a local optimum solution.



For our problem, we maximize . This can be done by 
following the gradient of lnPw(S), which makes the problem simpler. Given the 
network topology and initialized wijk, the algorithm proceeds as follows:

1. Compute the gradients: For each i, j, k, compute

                                 
The probability in the right-hand side of Equation is to be calculated for each 
training tuple, Xd, in D. For brevity, let’s refer to this probability simply as p. When 
the variables represented by Yi and Ui are hidden for some Xd, then the 
corresponding probability p can be computed from the observed variables of the 
tuple using standard algorithms for Bayesian network inference such as those 
available in the commercial software package HUGIN (http://www.hugin.dk).

2. Take a small step in the direction of the gradient: The weights are updated 
by

                                                               

where l is the learning rate representing the step size and  is 
computed from Equation above in step1. The learning rate is set to a small constant 
and helps with convergence.

3. Renormalize the weights: Because the weights wijk are probability values, 
they must be between 0.0 and 1.0, and ∑ j wijk must equal 1 for all i, k. These 
criteria are achieved by renormalizing the weights after they have been updated by 
Equation in step2

Algorithms that follow this form of learning are called Adaptive 
Probabilistic Networks. Belief networks are computationally intensive. Because 



belief networks provide explicit representations of causal structure, a human expert 
can provide prior knowledge to the training process in the form of network 
topology and/or conditional probability values. This can significantly improve the 
learning rate.

K- Nearest neighbor classification-Algorithm and 
Characteristics

The classification methods discussed so far — decision tree induction, 
Bayesian classification etc are all examples of eager learners. 

Eager learners, when given a set of training tuples, will construct a 
generalization (i.e., classification) model before receiving new (e.g., test) tuples to 
classify.

We can think of the learned model as being ready and eager to classify 
previously unseen tuples.

Imagine a contrasting lazy approach, in which the learner instead waits until 
the last minute before doing any model construction in order to classify a given test 
tuple. That is, when given a training tuple, a lazy learner simply stores it (or does 
only a little minor processing) and waits until it is given a test tuple. Only when it 
sees the test tuple does it perform generalization in order to classify the tuple based 
on its similarity to the stored training tuples. Unlike eager learning methods, lazy 
learners do less work when a training tuple is presented and more work when 
making a classification or prediction. Because lazy learners store the training 
tuples or “instances,” they are also referred to as instance based learners, even 
though all learning is essentially based on instances.



When making a classification or prediction, lazy learners can be 
computationally expensive. They require efficient storage techniques and are well-
suited to implementation on parallel hardware. They offer little explanation or 
insight into the structure of the data. 

Lazy learners, however, naturally support incremental learning. They are 
able to model complex decision spaces having hyper polygonal shapes that may 
not be as easily describable by other learning algorithms (such as hyper-rectangular 
shapes modeled by decision trees). 

One examples of lazy learners is k-nearest neighbor classifiers 

k-Nearest-Neighbor Classifiers
The k-nearest-neighbor method was first described in the early 1950s. The 

method is labor intensive when given large training sets, and did not gain 
popularity until the 1960s when increased computing power became available. It 
has since been widely used in the area of pattern recognition.

Nearest-neighbor classifiers are based on learning by analogy, that is, by 
comparing a given test tuple with training tuples that are similar to it. The training 
tuples are described by n attributes. Each tuple represents a point in an n-
dimensional space. In this way, all of the training tuples are stored in an n-
dimensional pattern space. When given an unknown tuple, a k-nearest-neighbor 
classifier searches the pattern space for the k training tuples that are closest to the 
unknown tuple. These k training tuples are the k “nearest neighbors” of the 
unknown tuple.

“Closeness” is defined in terms of a distance metric, such as Euclidean 
distance. The Euclidean distance between two points or tuples, say, 

and  is

In other words, for each numeric attribute, we take the difference between 
the corresponding values of that attribute in tuple X1 and in tuple X2, square this 
difference, and accumulate it. The square root is taken of the total accumulated 
distance count.

Typically, we normalize the values of each attribute before using Equation 
above. This helps prevent attributes with initially large ranges (such as income) 



from outweighing attributes with initially smaller ranges (such as binary 
attributes). Min-max normalization, for example, can be used to transform a value 
v of a numeric attribute A to v′ in the range [0, 1] by computing 

where minA and maxA are the minimum and maximum values of attribute A. There 
are other methods for data normalization as a form of data transformation as given 
in data preprocessing.

For k-nearest-neighbor classification, the unknown tuple is assigned the 
most common class among its k nearest neighbors. When k = 1, the unknown tuple 
is assigned the class of the training tuple that is closest to it in pattern space. 

Nearest neighbor classifiers can also be used for prediction, that is, to return 
a real-valued prediction for a given unknown tuple. In this case, the classifier 
returns the average value of the real-valued labels associated with the k nearest 
neighbors of the unknown tuple.

“But how can distance be computed for attributes that not numeric, but 
categorical, such as color?” 

The above discussion assumes that the attributes used to describe the tuples 
are all numeric. For categorical attributes, a simple method is to compare the 
corresponding value of the attribute in tuple X1 with that in tuple X2. 

If the two are identical (e.g., tuples X1 and X2 both have the color blue), then 
the difference between the two is taken as 0. 

If the two are different (e.g., tuple X1 is blue but tuple X2 is red), then the 
difference is considered to be 1. 

Other methods may incorporate more sophisticated schemes for differential 
grading (e.g., where a larger difference score is assigned, say, for blue and white 
than for blue and black).

“What about missing values?”
 In general, if the value of a given attribute A is missing in tuple X1 and/or in 

tuple X2, we assume the maximum possible difference. 
Suppose that each of the attributes have been mapped to the range [0, 1]. 



For categorical attributes, we take the difference value to be 1 if either one 
or both of the corresponding values of A are missing. 

If A is numeric and missing from both tuples X1 and X2, then the difference is 
also taken to be 1. If only one value is missing and the other (which we’ll call v′) is 
present and normalized, then we can take the difference to be either |1- v′| or
|0- v′| (i.e., 1- v′ or v′), whichever is greater.

“How can I determine a good value for k, the number of neighbors?” 
This can be determined experimentally. Starting with k = 1, we use a test set 

to estimate the error rate of the classifier. This process can be repeated each time 
by incrementing k to allow for one more neighbor. The k value that gives the 
minimum error rate may be selected. In general, the larger the number of training 
tuples is, the larger the value of k will be (so that classification and prediction 
decisions can be based on a larger portion of the stored tuples). As the number of 
training tuples approaches infinity and k =1, the error rate can be no worse then 
twice the Bayes error rate (the latter being the theoretical minimum).

If k also approaches infinity, the error rate approaches the Bayes error rate.
Nearest-neighbor classifiers use distance-based comparisons that intrinsically 
assign equal weight to each attribute. They therefore can suffer from poor accuracy 
when given noisy or irrelevant attributes. The method, however, has been modified 
to incorporate attribute weighting and the pruning of noisy data tuples. The choice 
of a distance metric can be critical. The Manhattan (city block) distance, or other 
distance measurements, may also be used.

Nearest-neighbor classifiers can be extremely slow when classifying test 
tuples. If D is a training database of |D| tuples and k = 1, then O(|D|) comparisons 
are required in order to classify a given test tuple. By presorting and arranging the 
stored tuples into search trees, the number of comparisons can be reduced to 
O(log(|D|). 

Parallel implementation can reduce the running time to a constant, that is 
O(1), which is independent of |D|. 

Other techniques to speed up classification time include the use of partial 
distance calculations and editing the stored tuples. In the partial distance method, 
we compute the distance based on a subset of the n attributes. If this distance 
exceeds a threshold, then further computation for the given stored tuple is halted, 



and the process moves on to the next stored tuple. The editing method removes 
training tuples that prove useless. This method is also referred to as pruning or 
condensing because it reduces the total number of tuples stored.

Accuracy and Error Measures
You would like an estimate of how accurately the classifier can predict the 

purchasing behavior of future customers, that is, future customer data on which the 



classifier has not been trained. You may even have tried different methods to build 
more than one classifier (or predictor) and now wish to compare their accuracy.

But what is accuracy? 
How can we estimate it? 
Are there strategies for increasing the accuracy of a learned model? 
These questions are addressed in the next few sections. 

Classes buys computer = yes buys computer = no Total Recognition (%)
buys computer = yes 6,954 46 7,000 99.34
buys computer = no 412 2,588 3,000 86.27
Total 7,366 2,634 10,000 95.52
Figure 6.27 A confusion matrix for the classes buys computer = yes and buys 
computer = no, where an
entry is row i and column j shows the number of tuples of class i that were labeled 
by the
classifier as class j. Ideally, the nondiagonal entries should be zero or close to zero.
6.12.1 Classifier Accuracy Measures
Using training data to derive a classifier or predictor and then to estimate the 
accuracy
of the resulting learned model can result in misleading overoptimistic estimates 
due to
overspecialization of the learning algorithm to the data. (We’ll say more on this in 
a
moment!) Instead, accuracy is better measured on a test set consisting of class-
labeled
tuples that were not used to train the model. The accuracy of a classifier on a given 
test
set is the percentage of test set tuples that are correctly classified by the classifier. 
In the
pattern recognition literature, this is also referred to as the overall recognition rate 
of the
classifier, that is, it reflects how well the classifier recognizes tuples of the various 
classes.
We can also speak of the error rate or misclassification rate of a classifier,M, which 
is



simply 1 Acc(M), where Acc(M) is the accuracy ofM. If we were to use the 
training set
to estimate the error rate of a model, this quantity is known as the resubstitution 
error.
This error estimate is optimistic of the true error rate (and similarly, the 
corresponding
accuracy estimate is optimistic) because the model is not tested on any samples 
that it
has not already seen.
The confusion matrix is a useful tool for analyzing how well your classifier can 
recognize
tuples of different classes. A confusion matrix for two classes is shown in Figure 
6.27.
Given m classes, a confusion matrix is a table of at least size m by m. An entry, 
CMi, j in
the first m rows and m columns indicates the number of tuples of class i that were 
labeled
by the classifier as class j. For a classifier to have good accuracy, ideally most of 
the tuples
would be represented along the diagonal of the confusion matrix, from entry CM1, 
1 to
entry CMm, m, with the rest of the entries being close to zero. The table may have 
additional
rows or columns to provide totals or recognition rates per class.
Given two classes, we can talk in terms of positive tuples (tuples of the main class 
of
interest, e.g., buys computer = yes) versus negative tuples (e.g., buys computer = 
no).13
True positives refer to the positive tuples that were correctly labeled by the 
classifier,
while true negatives are the negative tuples that were correctly labeled by the 
classifier.
False positives are the negative tuples that were incorrectly labeled (e.g., tuples of 
class



buys computer = no for which the classifier predicted buys computer = yes). 
Similarly,
6.12 Accuracy and Error Measures 361
Predicted class
C1 C2
Actual class C1 true positives false negatives
C2 false positives true negatives
Figure 6.28 A confusion matrix for positive and negative tuples.
false negatives are the positive tuples that were incorrectly labeled (e.g., tuples of 
class
buys computer = yes for which the classifier predicted buys computer = no). These 
terms
are useful when analyzing a classifier’s ability and are summarized in Figure 6.28.
“Are there alternatives to the accuracy measure?” Suppose that you have trained a 
classifier
to classify medical data tuples as either “cancer” or “not cancer.” An accuracy 
rate
of, say, 90% may make the classifier seem quite accurate, but what if only, say, 
3–4% of
the training tuples are actually “cancer”? Clearly, an accuracy rate of 90% may 
not be
acceptable—the classifier could be correctly labelling only the “not cancer” 
tuples, for
instance. Instead, we would like to be able to access how well the classifier can 
recognize
“cancer” tuples (the positive tuples) and how well it can recognize “not cancer” 
tuples
(the negative tuples). The sensitivity and specificity measures can be used, 
respectively,
for this purpose. Sensitivity is also referred to as the true positive (recognition) 
rate (that
is, the proportion of positive tuples that are correctly identified), while specificity 
is the
true negative rate (that is, the proportion of negative tuples that are correctly 
identified).



In addition, we may use precision to access the percentage of tuples labeled as 
“cancer”
that actually are “cancer” tuples. These measures are defined as
sensitivity =
t pos
pos
(6.55)
specificity =
t neg
neg
(6.56)
precision =
t pos
(t pos+ f pos) (6.57)
where t pos is the number of true positives (“cancer” tuples that were correctly 
classified
as such), pos is the number of positive (“cancer”) tuples, t neg is the number of 
true
negatives (“not cancer” tuples that were correctly classified as such), neg is the 
number of
negative (“not cancer”) tuples, and f pos is the number of false positives (“not 
cancer”
tuples that were incorrectly labeled as “cancer”). It can be shown that accuracy is 
a function
of sensitivity and specificity:
accuracy = sensitivity
pos
(pos+neg)
+specificity
neg
(pos+neg) : (6.58)
The true positives, true negatives, false positives, and false negatives are also 
useful
in assessing the costs and benefits (or risks and gains) associated with a 
classification



model. The cost associated with a false negative (such as, incorrectly 
predicting that a
cancerous patient is not cancerous) is far greater than that of a false positive 
(incorrectly
yet conservatively labeling a noncancerous patient as cancerous). In such cases, we 
can
outweigh one type of error over another by assigning a different cost to each. 
These
costs may consider the danger to the patient, financial costs of resulting therapies, 
and
other hospital costs. Similarly, the benefits associated with a true positive decision 
may
be different than that of a true negative. Up to now, to compute classifier accuracy, 
we
have assumed equal costs and essentially divided the sum of true positives and true
negatives by the total number of test tuples. Alternatively, we can incorporate costs
and benefits by instead computing the average cost (or benefit) per decision. Other
applications involving cost-benefit analysis include loan application decisions and 
target
marketing mailouts. For example, the cost of loaning to a defaulter greatly exceeds
that of the lost business incurred by denying a loan to a nondefaulter. Similarly, in 
an
application that tries to identify households that are likely to respond to mailouts of
certain promotional material, the cost of mailouts to numerous households that do 
not
respond may outweigh the cost of lost business from not mailing to households that
would have responded. Other costs to consider in the overall analysis include the 
costs
to collect the data and to develop the classification tool.
“Are there other cases where accuracy may not be appropriate?” In classification 
problems,
it is commonly assumed that all tuples are uniquely classifiable, that is, that each
training tuple can belong to only one class. Yet, owing to the wide diversity of data
in large databases, it is not always reasonable to assume that all tuples are uniquely



classifiable. Rather, it is more probable to assume that each tuple may belong to 
more
than one class. How then can the accuracy of classifiers on large databases be 
measured?
The accuracy measure is not appropriate, because it does not take into account
the possibility of tuples belonging to more than one class.
Rather than returning a class label, it is useful to return a probability class 
distribution.
Accuracy measures may then use a second guess heuristic, whereby a class 
prediction
is judged as correct if it agrees with the first or second most probable class.
Although this does take into consideration, to some degree, the nonunique 
classification
of tuples, it is not a complete solution.
6.12.2 Predictor Error Measures
“How can we measure predictor accuracy?” Let DT be a test set of the form (X1, 
y1),
(X2,y2), : : : , (Xd, yd), where the Xi are the n-dimensional test tuples with 
associated
known values, yi, for a response variable, y, and d is the number of tuples in DT . 
Since
predictors return a continuous value rather than a categorical label, it is difficult to 
say
exactly whether the predicted value, y0
i, for Xi is correct. Instead of focusing on whether
y0
i is an “exact” match with yi, we instead look at how far off the predicted value is 
from
the actual known value. Loss functions measure the error between yi and the 
predicted
value, y0
i. The most common loss functions are:
Absolute error : jyi y0
ij (6.59)
Squared error : (yi y0



i)2 (6.60)
Based on the above, the test error (rate), or generalization error, is the average loss
over the test set. Thus, we get the following error rates.
Mean absolute error :
då
i=1
jyi y0
ij
d (6.61)
Mean squared error :
då
i=1
(yi y0
i)2
d (6.62)
The mean squared error exaggerates the presence of outliers, while the mean 
absolute
error does not. If we were to take the square root of the mean squared error, the 
resulting
error measure is called the root mean squared error. This is useful in that it allows
the error measured to be of the same magnitude as the quantity being predicted.
Sometimes, we may want the error to be relative to what it would have been if we
had just predicted y, the mean value for y from the training data, D. That is, we can
normalize the total loss by dividing by the total loss incurred from always 
predicting
the mean. Relative measures of error include:
Relative absolute error :
då
i=1
jyi y0
ij
då
i=1
jyi yj
(6.63)



Relative squared error :
då
i=1
(yi y0
i)2
då
i=1
(yi y)2
(6.64)
where y is the mean value of the yi’s of the training data, that is y = åt
i=1 yi
d
. We can
take the root of the relative squared error to obtain the root relative squared error so
that the resulting error is of the same magnitude as the quantity predicted.
In practice, the choice of error measure does not greatly affect prediction model
selection.
6.13 Evaluating the Accuracy of a Classifier or Predictor
How can we use the above measures to obtain a reliable estimate of classifier 
accuracy
(or predictor accuracy in terms of error)? Holdout, random subsampling, 
crossvalidation,

and the bootstrap are common techniques for assessing accuracy based on
Chapter 6 Classification and Prediction
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Figure 6.29 Estimating accuracy with the holdout method.
randomly sampled partitions of the given data. The use of such techniques to 
estimate



accuracy increases the overall computation time, yet is useful for model selection.
6.13.1 Holdout Method and Random Subsampling
The holdout method is what we have alluded to so far in our discussions about 
accuracy.
In this method, the given data are randomly partitioned into two independent
sets, a training set and a test set. Typically, two-thirds of the data are allocated to 
the
training set, and the remaining one-third is allocated to the test set. The training set 
is
used to derive the model, whose accuracy is estimated with the test set (Figure 
6.29).
The estimate is pessimistic because only a portion of the initial data is used to 
derive
the model.
Random subsampling is a variation of the holdout method in which the holdout
method is repeated k times. The overall accuracy estimate is taken as the average 
of the
accuracies obtained from each iteration. (For prediction, we can take the average of 
the
predictor error rates.)
6.13.2 Cross-validation
In k-fold cross-validation, the initial data are randomly partitioned into k mutually
exclusive subsets or “folds,” D1, D2, : : : , Dk, each of approximately equal size. 
Training
and testing is performed k times. In iteration i, partition Di is reserved as the test
set, and the remaining partitions are collectively used to train the model. That is, in
the first iteration, subsets D2, : : : , Dk collectively serve as the training set in order 
to
obtain a first model, which is tested on D1; the second iteration is trained on 
subsets
D1, D3, : : : , Dk and tested on D2; and so on. Unlike the holdout and random 
subsampling
methods above, here, each sample is used the same number of times for training
and once for testing. For classification, the accuracy estimate is the overall number 
of



correct classifications from the k iterations, divided by the total number of tuples in 
the
initial data. For prediction, the error estimate can be computed as the total loss 
from

the k iterations, divided by the total number of initial tuples.
Leave-one-out is a special case of k-fold cross-validation where k is set to the 
number
of initial tuples. That is, only one sample is “left out” at a time for the test set. In
stratified cross-validation, the folds are stratified so that the class distribution of the
tuples in each fold is approximately the same as that in the initial data.
In general, stratified 10-fold cross-validation is recommended for estimating 
accuracy
(even if computation power allows using more folds) due to its relatively low bias
and variance.
6.13.3 Bootstrap
Unlike the accuracy estimation methods mentioned above, the bootstrap method
samples the given training tuples uniformly with replacement. That is, each time a
tuple is selected, it is equally likely to be selected again and readded to the training 
set.
For instance, imagine a machine that randomly selects tuples for our training set. In
sampling with replacement, the machine is allowed to select the same tuple more 
than
once.
There are several bootstrap methods. A commonly used one is the .632 bootstrap,
which works as follows. Suppose we are given a data set of d tuples. The data set is
sampled d times, with replacement, resulting in a bootstrap sample or training set 
of d
samples. It is very likely that some of the original data tuples will occur more than 
once
in this sample. The data tuples that did not make it into the training set end up 
forming
the test set. Suppose we were to try this out several times. As it turns out, on 
average,
63.2% of the original data tuples will end up in the bootstrap, and the remaining 
36.8%



will form the test set (hence, the name, .632 bootstrap.)
“Where does the figure, 63.2%, come from?” Each tuple has a probability of 1=d 
of
being selected, so the probability of not being chosen is (1 1=d). We have to 
select d
times, so the probability that a tuple will not be chosen during this whole time is 
(1
1=d)d. If d is large, the probability approaches e 1 = 0:368.14 Thus, 36.8% of 
tuples
will not be selected for training and thereby end up in the test set, and the 
remaining
63.2% will form the training set.
We can repeat the sampling procedure k times, where in each iteration, we use the
current test set to obtain an accuracy estimate of the model obtained from the 
current
bootstrap sample. The overall accuracy of the model is then estimated as
Acc(M) =
kå
i=1
(0:632_Acc(Mi)test set +0:368_Acc(Mi)train set ); (6.65)
where Acc(Mi)test set is the accuracy of the model obtained with bootstrap sample 
i
when it is applied to test set i. Acc(Mi)train set is the accuracy of the model 
obtained with
bootstrap sample i when it is applied to the original set of data tuples. The 
bootstrap

method works well with small data sets.
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Figure 6.30 Increasing model accuracy: Bagging and boosting each generate a set 
of classification or
prediction models, M1, M2, : : : , Mk. Voting strategies are used to combine the 
predictions
for a given unknown tuple.
6.14 Ensemble Methods—Increasing the Accuracy
In Section 6.3.3, we saw how pruning can be applied to decision tree induction to 
help
improve the accuracy of the resulting decision trees. Are there general strategies 
for
improving classifier and predictor accuracy?
The answer is yes. Bagging and boosting are two such techniques (Figure 6.30). 
They
are examples of ensemble methods, or methods that use a combination of models. 
Each
combines a series of k learned models (classifiers or predictors), M1, M2, : : : , Mk, 
with
the aim of creating an improved composite model, M_. Both bagging and boosting 
can
be used for classification as well as prediction.
6.14.1 Bagging
We first take an intuitive look at how bagging works as a method of increasing 
accuracy.
For ease of explanation, we will assume at first that our model is a classifier. 
Suppose
that you are a patient and would like to have a diagnosis made based on your 
symptoms.
Instead of asking one doctor, you may choose to ask several. If a certain diagnosis 
occurs
more than any of the others, you may choose this as the final or best diagnosis. 
That



is, the final diagnosis is made based on a majority vote, where each doctor gets an
equal vote. Now replace each doctor by a classifier, and you have the basic idea 
behind
bagging. Intuitively, a majority vote made by a large group of doctors may be more
reliable than a majority vote made by a small group.
Given a set, D, of d tuples, bagging works as follows. For iteration i (i = 1, 2, : : : , 
k), a
training set,Di, of d tuples is sampled with replacement fromthe original set of 
tuples,D.
Note that the termbagging stands for bootstrap aggregation.Eachtraining set is 
abootstrap

sample, as described in Section 6.13.3. Because sampling with replacement 
is used, some
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Algorithm: Bagging. The bagging algorithm—create an ensemble of models 
(classifiers or predictors)
for a learning scheme where each model gives an equally-weighted prediction.
Input:
D, a set of d training tuples;
k, the number of models in the ensemble;
a learning scheme (e.g., decision tree algorithm, backpropagation, etc.)
Output: A composite model, M_.
Method:
(1) for i = 1 to k do // create k models:
(2) create bootstrap sample, Di, by sampling D with replacement;
(3) use Di to derive a model, Mi;
(4) endfor
To use the composite model on a tuple, X:
(1) if classification then
(2) let each of the k models classify X and return the majority vote;
(3) if prediction then
(4) let each of the k models predict a value for X and return the average predicted 
value;
Figure 6.31 Bagging.



of the original tuples ofDmay not be included inDi,whereas othersmay occurmore 
than
once. A classifier model, Mi, is learned for each training set, Di. To classify an 
unknown
tuple, X, each classifier, Mi, returns its class prediction, which counts as one vote. 
The
bagged classifier, M_, counts the votes and assigns the class with the most votes to 
X.
Bagging can be applied to the prediction of continuous values by taking the 
average value
of each prediction for a given test tuple. The algorithm is summarized in Figure 
6.31.
The bagged classifier often has significantly greater accuracy than a single 
classifier
derived from D, the original training data. It will not be considerably worse and is
more robust to the effects of noisy data. The increased accuracy occurs because the
composite model reduces the variance of the individual classifiers. For prediction, 
it
was theoretically proven that a bagged predictor will always have improved 
accuracy
over a single predictor derived from D.
6.14.2 Boosting
We now look at the ensemble method of boosting. As in the previous section, 
suppose
that as a patient, you have certain symptoms. Instead of consulting one doctor, you
choose to consult several. Suppose you assign weights to the value or worth of 
each

doctor’s diagnosis, based on the accuracies of previous diagnoses they have 
made. The
final diagnosis is then a combination of the weighted diagnoses. This is the essence
behind boosting.
In boosting, weights are assigned to each training tuple. A series of k classifiers is
iteratively learned. After a classifier Mi is learned, the weights are updated to allow 
the



subsequent classifier,Mi+1, to “pay more attention” to the training tuples that were 
misclassified
by Mi. The final boosted classifier, M_, combines the votes of each individual
classifier, where the weight of each classifier’s vote is a function of its accuracy. 
The
boosting algorithm can be extended for the prediction of continuous values.
Adaboost is apopularboosting algorithm. Supposewewould like toboost the 
accuracy
of some learning method. We are given D, a data set of d class-labeled tuples, (X1, 
y1),
(X2, y2), : : :, (Xd, yd),where yi is the class label of tupleXi. Initially,Adaboost 
assigns each
training tuple an equal weight of 1=d. Generating k classifiers for the ensemble 
requires
k rounds through the rest of the algorithm. In round i, the tuples from D are 
sampled to
forma training set,Di, of size d. Sampling with replacement is used—the same 
tuple may
be selected more than once. Each tuple’s chance of being selected is based on its 
weight.
A classifier model,Mi, is derived fromthe training tuples ofDi. Its error is then 
calculated
usingDi as a test set. Theweights of the training tuples are then adjusted according 
to how
they were classified. If a tuple was incorrectly classified, its weight is increased. If 
a tuple
was correctly classified, its weight is decreased. A tuple’s weight reflects how hard 
it is to
classify—the higher the weight, the more often it has been misclassified. These 
weights
will be used to generate the training samples for the classifier of the next round. 
The basic
idea is that when we build a classifier, we want it to focus more on the 
misclassified tuples



of the previous round. Some classifiers may be better at classifying some “hard” 
tuples
than others. In this way, we build a series of classifiers that complement each 
other. The
algorithm is summarized in Figure 6.32.
Now, let’s look at some of the math that’s involved in the algorithm. To compute
the error rate of model Mi, we sum the weights of each of the tuples in Di that Mi
misclassified. That is,
error(Mi) =
dåj
wj _err(Xj); (6.66)
where err(Xj) is the misclassification error of tuple Xj: If the tuple was 
misclassified,
then err(Xj) is 1. Otherwise, it is 0. If the performance of classifier Mi is so poor 
that
its error exceeds 0.5, then we abandon it. Instead, we try again by generating a new 
Di
training set, from which we derive a new Mi.
The error rate ofMi affects howtheweights of the training tuples are updated. If a 
tuple
in round i was correctly classified, its weight ismultiplied by 
error(Mi)=(1 error(Mi)).
Once the weights of all of the correctly classified tuples are updated, the weights 
for all
tuples (including the misclassified ones) are normalized so that their sum remains 
the
same as it was before. To normalize a weight, wemultiply it by the sum of the old 
weights,
divided by the sum of the new weights. As a result, the weights of misclassified 
tuples are
increased and the weights of correctly classified tuples are decreased, as described 
above.
“Once boosting is complete, how is the ensemble of classifiers used to predict the 
class



label of a tuple, X?” Unlike bagging, where each classifier was assigned an 
equal vote,
Algorithm: Adaboost. A boosting algorithm—create an ensemble of classifiers. 
Each one gives
a weighted vote.
Input:
D, a set of d class-labeled training tuples;
k, the number of rounds (one classifier is generated per round);
a classification learning scheme.
Output: A composite model.
Method:
(1) initialize the weight of each tuple in D to 1=d;
(2) for i = 1 to k do // for each round:
(3) sample D with replacement according to the tuple weights to obtain Di;
(4) use training set Di to derive a model, Mi;
(5) compute error(Mi), the error rate of Mi (Equation 6.66)
(6) if error(Mi) > 0:5 then
(7) reinitialize the weights to 1=d
(8) go back to step 3 and try again;
(9) endif
(10) for each tuple in Di that was correctly classified do
(11) multiply the weight of the tuple by error(Mi)=(1 error(Mi)); // update 
weights
(12) normalize the weight of each tuple;
(13) endfor
To use the composite model to classify tuple, X:
(1) initialize weight of each class to 0;
(2) for i = 1 to k do // for each classifier:
(3) wi = log 1 error(Mi)
error(Mi) ; // weight of the classifier’s vote
(4) c = Mi(X); // get class prediction for X from Mi
(5) add wi to weight for class c
(6) endfor
(7) return the class with the largest weight;
Figure 6.32 Adaboost, a boosting algorithm.



boosting assigns a weight to each classifier’s vote, based on how well the classifier 
performed.
The lower a classifier’s error rate, the more accurate it is, and therefore, the
higher its weight for voting should be. The weight of classifier Mi’s vote is
log
1 error(Mi)

error(Mi) (6.67)
For each class, c, we sum the weights of each classifier that assigned class c to X. 
The class
with the highest sum is the “winner” and is returned as the class prediction for 
tuple X.
“How does boosting compare with bagging?” Because of the way boosting 
focuses on
the misclassified tuples, it risks overfitting the resulting composite model to such 
data.
Therefore, sometimes the resulting “boosted” model may be less accurate than a 
single
model derived from the same data. Bagging is less susceptible to model overfitting.
While both can significantly improve accuracy in comparison to a single model, 
boosting

tends to achieve greater accuracy.







































































 

 
 



 

 
 



 

 
 



 

 
 



 

 
 



 

 
 



 

 
 



 

 
 



 

 
 



 

 
 



 

 

 



 

 



 

 
 

Text Mining 
Due to the continuous growth of the volumes of text data, 

automated extraction of implicit, previously unknown, and 

potentially useful information becomes more necessary to 

properly utilize this vast source of knowledge.  

Text mining, therefore, corresponds to the extension of 

the data mining approach to textual data and is concerned with 

various tasks, such as extraction of information implicitly 

contained in collection of documents, or similarity-based 

structuring. 

The text expresses a vast range of information, but encodes 

the information in a form that is difficult to decipher 

automatically. 

When the data is structured it is easy to define the set of 

items and hence, it becomes easy to employ the traditional mining 

techniques. Identifying individual items or terms is not so obvious 

in a textual database.  

            Thus, unstructured data, particularly free-running text, 

places a new demand on data mining methodology.  

Specific techniques, called text mining techniques, have to 

be developed to process the unstructured textual data to aid in 

knowledge discovery. 

          The inherent nature of textual data, namely unstructured  

characteristics, motivates the development of separate text mining 

techniques.  



 

 

 

Other Related Areas 
It is important to study the relationship between areas like  

information retrieval (IR), information extraction (IE), and 

computational linguistics with text data mining.  

 

Information Retrieval 

IR is concerned with finding and ranking documents that  

match the users’ information needs.  

          The way of dealing with textual information by the IR 

community is a keyword- based document representation.  

A body of text is analyzed by its constituent words, and  

various techniques are used to build the core words for  a 

document. 

The goals are 

 To find documents that are similar, based on some 

specification of the user. 

 To find the right index terms in a collection, so that 

querying will return the appropriate document. 

 

What is still missing are tools providing assistance for an 

explorative search and pattern finding.  

 Actually, IR is the automatic retrieval of all relevant 

documents while at the Name time retrieving as few of the non-

relevant ones as possible.  

 IR has the primary goals of indexing the text and searching 

for useful documents in a collection.  

 However, recent trends in IR research include modelling, 



 

document classification and categorization, user interfaces, data 

visualization, filtering, etc.. The task that can be considered to be 

an instance of text mining is document classification or 

categorization, which could be used for indexing. Viewed in this 

respect, text mining is part of the IR process. However, we 

should note that not all of the indexing tasks use data mining 

techniques. 

 

Information Extraction 

          IE has the goal of transforming a collection of documents, 

usually with the help of an IR system, into information that is 

more readily digested and analyzed.  

       IE extracts relevant facts from the documents, while IR 

selects relevant documents.  

      Thus, in general, IE works at a finer granularity level than IR 

does on the documents.  

        Most IE systems use machine learning or data mining 

techniques to learn the extraction patterns or rules for documents 

semi-automatically or automatically. Within this view, text mining 

is part of the IE process. 

 The results of the IE process could be in the form of a 

structured database, or could be a compression or summary of the 

original text or documents. One could view for the former that IE 

is a kind of  pre-processing stage in the text mining  process, which 

is the step after the IR process and before data mining techniques 

are performed.  

 In a similar view, IE can also be used to improve the 

indexing process, which is part of the IR process. In an another 

viewpoint, IE is an instance of text mining, since the summary or 



 

the compressed form of a document is a form of information that 

did not exist before. 

 

Computational Liguistics 

           Corpus-based computational linguistics computes statistics 

over large text collections in order to discover useful patterns. 

These patterns are used to inform algorithms for various 

subproblems within natural language processing, such as part-òf-

speech tagging, word-sense disambiguation, etc. The aims of text 

data mining are also rather similar to this. However, within the 

computational linguistics framework, patterns are discovered to aid 

other problems within the same domain, whereas text data mining is 

aimed at discovering unknown information for different 

applications. 

 

  

UNSTRUCTURED TEXT 
 Unstructured documents are free texts, such as news 

stones. Traditionally, most of research uses bags of words to 

represent unstructured documents and extract different features from 

it. 

 

Features 
 For an unstructured document, features are extracted to convert 

it to a structured form. Some of the important features are listed 

below. 

 

Word Occurrences 



 

 The bag of words or vector representation takes single 

words found in the training corpus as features ignoring the sequence 

in which the words occur. This representation is based on the 

statistic about single words in isolation. Such a feature is said to 

be Boolean, if we consider whether a word either occurs or does not 

occur in a document. 

  The feature is said to be frequency based if the frequency of 

the word in a document is taken into consideration. 

 

Stop-Words 

 The feature selection includes removing the case, punctuation, 

infrequent words, and stop words. A good site for the set of stop-

words for the English language is 

 
 

Latent Semantic Indexing 

 Latent Semantic Indexing (LSI) transforms the original 

document vectors to a lower dimensional space by analyzing the 

correlational structure of terms in the document collection, such 

that similar documents that do not share terms are placed in the same 

topic. 

 

Stemming 

 Stemming is a process which reduces words to their 

morphological roots. For example, the words “informing”, 

“information ”, “informer”, and “informed” would be stemmed to 

their  common root “inform”, and only  the latter word is used as 

the  feature instead of the former four. 

 



 

n-GRAM 

 Other feature representations are also possible, such as 

using information about word positions in the  document, or using 

n-grams representation (word sequences of length up to n) (In 

WEBSOM). 

 

Part –Of - Speech 

 One important feature is the POS. There can be 25 possible 

values for POS tags. Most common tags are noun, verb, adjective and 

adverb. Thus, we can assign a number 1, 2, 3, 4 or 5, depending on 

whether the word is a noun, verb, adjective, adverb or any other,  

respectively. 

 

Positional Collocations 

 The values of this type of feature are the words that occur one 

or two position to the  right or left of the given word. 

 

Higher Order Features 

 Other features include phrases,, document concept categories, 

terms, hypernyms, named entities, dates, email addresses, 

locations, organizations, or URLs. These features could be reduced 

further by applying some other feature selection techniques, such as 

information gain, mutual information, cross entropy, or odds ratio. 

 Once the features are extracted, the text is represented as 

structured data, and traditional data mining techniques can be used. 

The techniques include discovering frequent sets, frequent 

sequences and episode rules. We describe below the 

preprocessing stage to fund frequent episodes. 



 

Episode Rule Discovery for Texts 
 Ahonen et al. propose to apply sequence mining techniques for text data. 

They consider text as sequential data which consists of a sequence of pairs (feature 

vector, index), where the feature vector is an ordered set of features and the index 

contains information about the position of the word in the sequence. A feature can 

be any of the textual features described above. 

 Define a text episode as a pair   

 where U is a collection of feature vectors and  is a partial order on V. 

Given a text sequence S, a text episode occurs within S if there is a 

way of satisfying the feature vectors in V, using the feature vectors in S so that the 

partial order  is respected. In other words, the feature vectors of V can be found 

within S in an order that satisfies  

 For example, the text Pathfinder photographs Mars can be represented as  

  
 Similarly, the text knowledge discovery in databases can be represented as 

the sequence  

 
 Instead of considering all occurrences of the episode, a restriction is set that 

the episode must occur within a prespecified window of size, w. Thus, we examine 

the substrings S' of S such that the difference of the indices in S' is at most w. 

 For w = 2, the subsequence 

 is an episode 

contained in the window, but the subsequence (knowledge_noun_singular, 

databases_noun_plural) is not contained within the window. 

 The support of  in S is defined as the number of minimal occurrences of 

 in S. With this formalism, the episode discovery technique of sequence mining 

can be used to discover frequent episodes in a text. Ahonen et al. {Ahonen, 1998, 

1999  also propose a technique of discovering maximal frequent subsequences in 



 

the text. 

 

 

HIERARCHY OF CATEGORIES 
 When a user enters a query into a search engine, the system often brings 

back many different pages.  

 It is then necessary to organize the documents into meaningful groups. There 

are many different ways in which we can show how a set of documents are related 

to one another. One way is to group together all documents written by the same 

author, or all documents written in the same year, or published by the same 

publisher. We can group them according to subject matter as well. Libraries 

organize some of their information this way, using classification systems like the 

Dewey Decimal. 

 A problem with assigning documents to single categories within a hierarchy 

(as seen in, for example, Yahoo), is that most documents discuss several different 

topics simultaneously. A better solution is to describe documents by a set  of 

categories as well as attributes (such as source, date, genre, and author), and 

provide good interfaces. for manipulating these labels. 

 For this purpose, Feldman et al. propose an elegant data structure of concept 

hierarchy. Concept hierarchy is a directed acyclic graph of concepts, where each of 

the concept is identified by a unique name. An arc from concept a to b denotes that 

a is a more general concept than b. We can tag the text with concepts. Each text 

document is tagged by a set of concepts that correspond to its content. 

 Tagging a document with a concept implicitly entails its tagging with all the 

ancestors of the concept hierarchy. It is, therefore, desired that a document should 

be tagged with the lowest concepts possible. The method to automatically tag the 

document to the hierarchy is a top-down approach. An evaluation function 

determines whether a ‹document currently tagged to a node can also be tagged to 

any of its child nodes. If so, then the tag moves down the hierarchy till it cannot 

be moved any further. 

 The outcome of this process is a hierarchy of  documents and, at each node, 

there is  a set of documents having a common concept associated with the node. 

The hierarchy of documents resulting from the tagging process is useful for many 

text  mining process. It is assumed that the hierarchy of concepts is known a priori. 



 

We can even have such a hierarchy of documents without a concept hierarchy, by 

using any hierarchical clustering algorithm which results in such a hierarchy. 

Popescul et al. pose a related problem of tagging key words to the set of 

documents arranged in a hierarchy. The method is a two-phase principle. It starts 

with a bag of  key words at the leaf level and moves up the hierarchy. The set of 

key words for a non- leaf node is obtained by combining all the key words to all its 

child nodes. After finding the set of key words for the root node, the process starts 

with a top-down approach. If a key word at any node is also equally probable for 

all of its child nodes, then the key word is associated with the current (parent) node 

and not with any of the child nodes. Otherwise, if the key word is more probable 

for a child node, it is moved down to the most probable set of child nodes. 

 

TEXT CLUSTERING 
 Text clustering is another important task of text mining. Once the features of 

an unstructured text are identified or the structured data of the text is available, text 

clustering can be done by employing any of the clustering techniques. 

 One popular text clustering algorithm is Ward’s Minimum Variance method. 

It is an agglomerative hierarchical clustering technique and it tends to generate 

very compact clusters. We shall discuss the essential features of this method. We 

can take either the Euclidean metric or Hamming distance as the measure of 

dissimilarities between feature vectors. The clustering method begins with n 

clusters, one for each text. At any stage, two clusters are merged to generate a new 

cluster. The clusters, 

 based on the 

following criterion: 

  
 

 



 

  

SCATTER/GATHER 

 It is a method of grouping the documents using clustering.  

 The scatter/gather interface uses text clustering as a way to group documents, 

according to the overall similarities in their content.  

 Scatter/gather is so named because it allows the user to scatter documents 

into clusters, or groups, then gather a subset of these groups and re-scatter them to 

form new groups. Each cluster in scatter/gather is represented by a list of topical 

terms, that is, a list of words that attempt to give the user the gist of what the 

documents in the cluster are about. The user can also look at the titles of the 

documents in each group. The documents in the cluster can have other 

representations as well, such as summaries. If a cluster still has too many 

documents, the user can re-cluster the documents in the cluster; that is, re-group that 

subset of documents into still smaller groups. This re-grouping process tends to 

change the kinds of themes of the clusters, because the documents in a subcollection 

discuss a different set of topics than all the documents in the larger collection. 


