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1.Introduction

This book is an introduction to the young and fast-growing field of data mining (also
known as knowledge discovery from data, or KDD for short). The book focuses on
fundamental data mining concepts and techniques for discovering interesting patterns from
data in various applications. In particular, we emphasize prominent techniques for
developing effective, efficient, and scalable data mining tools.

This chapter is organized as follows. In Section 1.1, you will learn why data mining is in
high demand and how it is part of the natural evolution of information technology. Section
1.2 defines data mining with respect to the knowledge discovery process. Next, you will
learn about data mining from many aspects, such as the kinds of data that can be mined
(Section 1.3), the kinds of knowledge to be mined (Section 1.4), the kinds of technologies
to be used (Section 1.5), and targeted applications (Section 1.6). In this way, you will gain
a multidimensional view of data mining. Finally, Section 1.7 outlines major data mining
research and development issues.

1.1. Why Data Mining?
Necessity, who is the mother of invention. — Plato

We live in a world where vast amounts of data are collected daily. Analyzing such data is
an important need. Section 1.1.1 looks at how data mining can meet this need by providing
tools to discover knowledge from data. In Section 1.1.2, we observe how data mining can
be viewed as a result of the natural evolution of information technology.

1.1.1. Moving toward the Information Age
“We are living in the information age” is a popular saying; however, we are actually living
in the data age. Terabytes or petabytes’ of data pour into our computer networks, the
World Wide Web (WWW), and various data storage devices every day from business,

. A petabyte is a unit of information or computer storage equal to 1 quadrillion bytes, or a thousand
terabytes, or 1million gigabytes.
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society, science and engineering, medicine, and almost every other aspect of daily life.
This explosive growth of available data volume is a result of the computerization of our
society and the fast development of powerful data collection and storage tools. Businesses
worldwide generate gigantic data sets, including sales transactions, stock trading records,
product descriptions, sales promotions, company profiles and performance, and customer
feedback. For example, large stores, such as Wal-Mart, handle hundreds of millions of
transactions per week at thousands of branches around the world. Scientific and
engineering practices generate high orders of petabytes of data in a continuous manner,
from remote sensing, process measuring, scientific experiments, system performance,
engineering observations, and environment surveillance.

Global backbone telecommunication networks carry tens of petabytes of data traffic every
day. The medical and health industry generates tremendous amounts of data from medical
records, patient monitoring, and medical imaging. Billions of Web searches supported by
search engines process tens of petabytes of data daily. Communities and social media have
become increasingly important data sources, producing digital pictures and videos, blogs,
Web communities, and various kinds of social networks. The list of sources that generate
huge amounts of data is endless.

This explosively growing, widely available, and gigantic body of data makes our time truly
the data age. Powerful and versatile tools are badly needed to automatically uncover
valuable information from the tremendous amounts of data and to transform such data into
organized knowledge. This necessity has led to the birth of data mining. The field is young,
dynamic, and promising. Data mining has and will continue to make great strides in our
journey from the data age toward the coming information age.

Data mining turns a large collection of data into knowledge

A search engine (e.g., Google) receives hundreds of millions of queries every day. Each
query can be viewed as a transaction where the user describes her or his information need.
What novel and useful knowledge can a search engine learn from such a huge collection of
queries collected from users over time? Interestingly, some patterns found in user search
queries can disclose invaluable knowledge that cannot be obtained by reading individual
data items alone. For example, Google's Flu Trends uses specific search terms as indicators
of flu activity. It found a close relationship between the number of people who search for
flu-related information and the number of people who actually have flu symptoms. A
pattern emerges when all of the search queries related to flu are aggregated. Using
aggregated Google search data, Flu Trends can estimate flu activity up to two weeks faster
than traditional systems can.

This example shows how data mining can turn a large collection of data into knowledge
that can help meet a current global challenge.

1.1.2. Data Mining as the Evolution of Information Technology
Data mining can be viewed as a result of the natural evolution of information technology.
The database and data management industry evolved in the development of several critical
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). The early development of
data collection and database creation mechanisms served as a prerequisite for the later
development of effective mechanisms for data storage and retrieval, as well as query and
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transaction processing. Nowadays numerous database systems offer query and transaction
processing as common practice. Advanced data analysis has naturally become the next
step.
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Figure 1.1

The evolution of database system technology.

Since the 1960s, database and information technology has evolved systematically from
primitive file processing systems to sophisticated and powerful database systems. The
research and development in database systems since the 1970s progressed from early
hierarchical and network database systems to relational database systems (where data are
stored in relational table structures; see Section 1.3.1), data modeling tools, and indexing
and accessing methods. In addition, users gained convenient and flexible data access
through query languages, user interfaces, query optimization, and transaction management.
Efficient methods for online transaction processing (OLTP), where a query is viewed as a
read-only transaction, 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.

After the establishment of database management systems, database technology moved
toward the development of advanced database systems, data warehousing, and data
mining for advanced data analysis and web-based databases. Advanced database systems,
for example, resulted from an upsurge of research from the mid-1980s onward. These
systems incorporate new and powerful data models such as extended-relational, object-
oriented, object-relational, and deductive models. Application-oriented database systems
have flourished, including spatial, temporal, multimedia, active, stream and sensor,
scientific and engineering databases, knowledge bases, and office information bases. Issues
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related to the distribution, diversification, and sharing of data have been studied
extensively.

Advanced data analysis sprang up from the late 1980s onward. The steady and dazzling
progress of computer hardware technology in the past three decades 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 it enables a
huge number of databases and information repositories to be available for transaction
management, information retrieval, and data analysis. Data can now be stored in many
different kinds of databases and information repositories.

One emerging data repository architecture is the data warehouse (Section 1.3.2). This is a
repository of multiple heterogeneous data sources organized under a unified schema at a
single site to facilitate management decision making. Data warehouse technology includes
data cleaning, data integration, and online 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—for example, data mining tools that provide data classification,
clustering, outlier/anomaly detection, and the characterization of changes in data over time.

Huge volumes of data have been accumulated beyond databases and data warehouses.
During the 1990s, the World Wide Web and web-based databases (e.g., XML databases)
began to appear. Internet-based global information bases, such as the WWW and various
kinds of interconnected, heterogeneous databases, have emerged and play a vital role in the
information industry. The effective and efficient analysis of data from such different forms
of data by integration of information retrieval, data mining, and information network
analysis technologies is a challenging task.

In summary, the abundance of data, coupled with the need for powerful data analysis tools,
has been described as a data rich but information poor situation (Figure 1.2). 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.
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. Efforts have been made to develop
expert system and knowledge-based technologies, which typically rely on users or domain
experts to manually input knowledge into knowledge bases.
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Figure 1.2

The world is data rich but information poor.

Unfortunately, however, the manual knowledge input procedure is prone to biases and
errors and is extremely costly and time consuming. The widening gap between data and
information calls for the systematic development of data mining tools that can turn data
tombs into “golden nuggets” of knowledge.

1.2. What Is Data Mining?

It is no surprise that data mining, as a truly interdisciplinary subject, can be defined in
many different ways. Even the term data mining does not really present all the major
components in the picture. To refer to the mining of gold from rocks or sand, we say gold
mining instead of rock or sand mining. Analogously, data mining should have been more
appropriately named “knowledge mining from data,” which is unfortunately somewhat
long. However, the shorter term, knowledge mining 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 carrying both “data” and “mining” became a popular choice.
In addition, many other terms have a similar meaning to data mining—for example,
knowledge mining from data, knowledge extraction, data/pattern analysis, data
archaeology, and data dredging.

Figure 1.3

Data mining—searching for knowledge (interesting patterns) in data.
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Many people treat data mining as a synonym for another popularly used term, knowledge
discovery from data, or KDD, while others view data mining as merely an essential step in
the process of knowledge discovery. The knowledge discovery process is shown in Figure
1.4 as an iterative sequence of the following steps:

1.
2.

Data cleaning (to remove noise and inconsistent data)

Data integration (where multiple data sources may be combined) A popular trend in the
information industry is to perform data cleaning and data integration as a preprocessing step,
where the resulting data are stored in a data warehouse.

Data selection (where data relevant to the analysis task are retrieved from the database)
Data transformation (where data are transformed and consolidated into forms
appropriate for mining by performing summary or aggregation operations) Sometimes
data transformation and consolidation are performed before the data selection process,
particularly in the case of data warehousing. Data reduction may also be performed to obtain a
smaller representation of the original data without sacrificing its integrity.

Data mining (an essential process where intelligent methods are applied to extract data
patterns)

Pattern evaluation (to identify the truly interesting patterns representing knowledge
based on interestingness measures —see (Section 1.4.6)

Knowledge presentation (where visualization and knowledge representation techniques
are used to present mined knowledge to users)
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Figure 1.4

Data mining as a step in the process of knowledge discovery.
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Steps 1 through 4 are different forms of data preprocessing, where 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.

The preceding view shows data mining as one step in the knowledge discovery process,
albeit an essential one because it uncovers hidden patterns for evaluation. However, in
industry, in media, and in the research milieu, the term data mining is often used to refer to
the entire knowledge discovery process (perhaps because the term is shorter than
knowledge discovery from data). Therefore, we adopt a broad view of data mining
functionality: Data mining is the process of discovering interesting patterns and knowledge
from large amounts of data. The data sources can include databases, data warehouses, the
Web, other information repositories, or data that are streamed into the system dynamically.

1.3. What Kinds of Data Can Be Mined?

As a general technology, data mining can be applied to any kind of data as long as the data
are meaningful for a target application. The most basic forms of data for mining
applications are database data (Section 1.3.1), data warehouse data (Section 1.3.2), and
transactional data (Section 1.3.3). The concepts and techniques presented in this book
focus on such data. Data mining can also be applied to other forms of data (e.g., data
streams, ordered/sequence data, graph or networked data, spatial data, text data,
multimedia data, and the WWW). We present an overview of such data in Section 1.3.4.
Techniques for mining of these kinds of data are briefly introduced in Chapter 13. In-depth
treatment is considered an advanced topic. Data mining will certainly continue to embrace
new data types as they emerge.

1.3.1. Database Data
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 provide mechanisms for defining
database structures and data storage; for specifying and managing concurrent, shared, or
distributed data access; and for ensuring 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.

A relational database for AllElectronics

The fictitious AllElectronics store is used to illustrate concepts throughout this book. The
company is described by the following relation tables: customer, item, employee, and
branch. The headers of the tables described here are shown in Figure 1.5. (A header is also
called the schema of a relation.)
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m The relation customer consists of a set of attributes describing the customer information,
including a unique customer identity number (cust_.5ptID), customer name, address, age,
occupation, annual income, credit information, and category.

m Similarly, each of the relations item, employee, and branch consists of a set of attributes
describing the properties of these entities.

m Tables can also be used to represent the relationships between or among multiple
entities. In our example, these include purchases (customer purchases items, creating a
sales transaction handled by an employee), items_sold (lists 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
(e.g., 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 use aggregate functions such as sum, avg
(average), count, max (maximum), and min (minimum). Using aggregates allows you to
ask: ““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 salesperson had the highest

sales?”
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Figure 1.5 Relational schema for a relational database, AllElectronics

When mining 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—that is, items with sales that are far from those
expected in comparison with the previous year. Such deviations can then be further
investigated. For example, data mining may discover that there has been a change in
packaging of an item or a significant increase in price.

Relational databases are one of the most commonly available and richest information
repositories, and thus they are a major data form in the study of data mining.

1.3.2. Data Warehouses
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
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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 usually residing at a single site. Data warehouses are constructed via a process of data
cleaning, data integration, data transformation, data loading, and periodic data refreshing.
This process is discussed in Chapter 3 and Chapter 4. Figure 1.6 shows the typical
framework for construction and use of a data warehouse for AllElectronics.
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Figure 1.6 Typical framework of a data warehouse for AllElectronics.

To facilitate decision making, the data in a data warehouse are organized around major
subjects (e.g., customer, item, supplier, and activity). The data are stored to provide
information from a historical perspective, such as in the past 6 to 12 months, 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 data structure, called a data
cube, in which 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
sum(sales_amount). A data cube provides a multidimensional view of data and allows the
precomputation and fast access of summarized data.

A data cube for AllElectronics

A data cube for summarized sales data of AllElectronics is presented in Figure 1.7(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 the items related 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
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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).
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Figure 1.7A multidimensional data cube, commonly used for data warehousing, (a) showing summarized data for AllElectronics and (b)
showing summarized data resulting fromdrill-down and roll-up operations on the cube in (a). For improved readability, only some of the
cube cell values are shown.

By providing multidimensional data views and the precomputation of summarized data,
data warehouse systems can provide inherent support for OLAP. Online analytical
processing operations make use of background knowledge regarding the domain of the
data being studied 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 1.7(b). For instance, we can drill down on sales data
summarized by quarter to see data summarized by month. Similarly, we can roll up on
sales data summarized by city to view data summarized by country.

Although data warehouse tools help support data analysis, additional tools for data mining
are often needed for in-depth analysis. Multidimensional data mining (also called
exploratory multidimensional data mining) performs data mining in multidimensional
space in an OLAP style. That is, it allows the exploration of multiple combinations of
dimensions at varying levels of granularity in data mining, and thus has greater potential
for discovering interesting patterns representing knowledge. An overview of data
warehouse and OLAP technology is provided in Chapter 4. Advanced issues regarding
data cube computation and multidimensional data mining are discussed in Chapter 5.
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1.3.3. Transactional Data

In general, each record in a transactional database captures a transaction, such as a
customer's purchase, a flight booking, or a user's clicks on a web page. A transaction
typically includes a unique transaction identity number (trans_ID) and a list of the items
making up the transaction, such as the items purchased in the transaction. A transactional
database may have additional tables, which contain other information related to the
transactions, such as item description, information about the salesperson or the branch, and
SO on.

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 1.8. From the relational
database point of view, the sales table in the figure 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 the table in Figure 1.8 or unfolded into a standard relation in
a format similar to the items_sold table in Figure 1.5.
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Figure 1.8 Fragment of a transactional database for sales at AllElectronics.

As an analyst of AllElectronics, you may ask,“Which items sold well together?”” This kind
of market basket data analysis would enable you to bundle groups of items together as a
strategy for boosting sales. For example, given the knowledge that printers are commonly
purchased together with computers, you could offer certain printers at a steep discount (or
even for free) to customers buying selected computers, in the hopes of selling more
computers (which are often more expensive than printers). A traditional database system is
not able to perform market basket data analysis. Fortunately, data mining on transactional
data can do so by mining frequent itemsets, that is, sets of items that are frequently sold
together. The mining of such frequent patterns from transactional data is discussed in
Chapter 6 and Chapter 7.

1.3.4. Other Kinds of Data
Besides relational database data, data warehouse data, and transaction data, there are many
other kinds of data that have versatile forms and structures and rather different semantic
meanings. Such kinds of data can be seen in many applications: time-related or sequence
data (e.g., historical records, stock exchange data, and time-series and biological sequence
data), data streams (e.g., video surveillance and sensor data, which are continuously
transmitted), spatial data (e.g., maps), engineering design data (e.g., the design of
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buildings, system components, or integrated circuits), hypertext and multimedia data
(including text, image, video, and audio data), graph and networked data (e.g., social and
information networks), and the Web (a huge, widely distributed information repository
made available by the Internet). These applications bring about new challenges, like how
to handle data carrying special structures (e.g., sequences, trees, graphs, and networks) and
specific semantics (such as ordering, image, audio and video contents, and connectivity),
and how to mine patterns that carry rich structures and semantics.

Various kinds of knowledge can be mined from these kinds of data. Here, we list just a
few. Regarding temporal data, for instance, we can mine banking data for changing trends,
which 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., the best time to purchase AllElectronics stock). We could mine
computer network data streams to detect intrusions based on the anomaly of message
flows, which may be discovered by clustering, dynamic construction of stream models or
by comparing the current frequent patterns with those at a previous time. With spatial data,
we may look for patterns that describe changes in 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 autocorrelated or
associated. By mining text data, such as literature on data mining from the past ten years,
we can identify the evolution of hot topics in the field. By mining user comments on
products (which are often submitted as short text messages), we can assess customer
sentiments and understand how well a product is embraced by a market. From multimedia
data, we can mine images to identify objects and classify them by assigning semantic
labels or tags. By mining video data of a hockey game, we can detect video sequences
corresponding to goals. Web mining can help us learn about the distribution of information
on the WWW 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.

It is important to keep in mind that, in many applications, multiple types of data are
present. For example, in web mining, there often exist text data and multimedia data (e.qg.,
pictures and videos) on web pages, graph data like web graphs, and map data on some web
sites. In bioinformatics, genomic sequences, biological networks, and 3-D spatial structures
of genomes may coexist for certain biological objects. Mining multiple data sources of
complex data often leads to fruitful findings due to the mutual enhancement and
consolidation of such multiple sources. On the other hand, it is also challenging because of
the difficulties in data cleaning and data integration, as well as the complex interactions
among the multiple sources of such data.

While such data require sophisticated facilities for efficient storage, retrieval, and updating,
they also provide fertile ground and raise challenging research and implementation issues
for data mining. Data mining on such data is an advanced topic. The methods involved are
extensions of the basic techniques presented in this book.

1.4. What Kinds of Patterns Can Be Mined?
We have observed various types of data and information repositories on which data mining
can be performed. Let us now examine the kinds of patterns that can be mined. There are a
number of data mining functionalities. These include characterization and discrimination
(Section 1.4.1); the mining of frequent patterns, associations, and correlations (Section
1.4.2); classification and regression (Section 1.4.3); clustering analysis (Section 1.4.4); and
outlier analysis (Section 1.4.5). Data mining functionalities are used to specify the kinds of
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patterns to be found in data mining tasks. In general, such tasks can be classified into two
categories: descriptive and predictive. Descriptive mining tasks characterize properties of
the data in a target data set. Predictive mining tasks perform induction on the current data
in order to make predictions.

Data mining functionalities, and the kinds of patterns they can discover, are described
below. In addition, Section 1.4.6 looks at what makes a pattern interesting. Interesting
patterns represent knowledge.

1.4.1. Class/Concept Description: Characterization and Discrimination

Data entries 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 using (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 query. For example, to study the characteristics of software products with
sales that increased by 10% in the previous year, the data related to such products can be
collected by executing an SQL query on the sales database.

There are several methods for effective data summarization and characterization. Simple
data summaries based on statistical measures and plots are described in Chapter 2. 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. This process is further detailed
in Chapter 4 and Chapter 5, which discuss data warehousing. An attribute-oriented
induction technique can be used to perform data generalization and characterization
without step-by-step user interaction. This technique is also described in Chapter 4.

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).

Data characterization

A customer relationship manager at AllElectronics may order the following data mining
task: Summarize the characteristics of customers who spend more than $5000 a year at
AllElectronics. The result is a general profile of these customers, such as that they are 40 to
50 years old, employed, and have excellent credit ratings. The data mining system should
allow the customer relationship manager to drill down on any dimension, such as on
occupation to view these customers according to their type of employment.

Data discrimination is a comparison of the general features of the target class data objects
against the general features of objects from one or multiple contrasting classes. The target
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and contrasting classes can be specified by a user, and the corresponding data objects can
be retrieved through database queries. For example, a user may want to compare the
general features of software products with sales that increased by 10% last year against
those with sales that 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 to distinguish between the target and contrasting
classes. Discrimination descriptions expressed in the form of rules are referred to as
discriminant rules.

Data discrimination

A customer relationship manager at AllElectronics may want to compare two groups of
customers—those who shop for computer products regularly (e.g., more than twice a
month) and those who rarely shop for such products (e.g., less than three times a year). The
resulting description provides a general comparative profile of these customers, such as
that 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 like occupation, or adding a new dimension like
income_level, may help to find even more discriminative features between the two classes.

Concept description, including characterization and discrimination, is described in Chapter
4,

1.4.2. 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 frequent itemsets, frequent subsequences
(also known as sequential patterns), and frequent substructures. A frequent itemset
typically refers to a set of items that often appear together in a transactional data set—for
example, milk and bread, which are frequently bought together in grocery stores by many
customers. A frequently occurring subsequence, such as the pattern that customers, tend to
purchase first a laptop, followed by a digital camera, and then a memory card, is a
(frequent) sequential pattern. A substructure can refer to different structural forms (e.g.,
graphs, trees, or lattices) that 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.

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.

Frequent itemset mining is a fundamental form of frequent pattern mining. The mining of
frequent patterns, associations, and correlations is discussed in Chapter 6 and Chapter 7,
where particular emphasis is placed on efficient algorithms for frequent itemset mining.
Sequential pattern mining and structured pattern mining are considered advanced topics.

Association analysis
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Suppose that, as a marketing manager at AllElectronics, you want to know which items are
frequently purchased together (i.e., within the same transaction). An example of such a
rule, mined from the AllElectronics transactional database, is

buys| X Ccomputer”) = bhuys (X sofiware”) [.'-:.!fppnrf = 1% confidence = ."'IU“}.*].

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 the transactions under analysis show that
computer and software are 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 rule can be written simply as “computer = software [1%, 50%].”

Suppose, instead, that we are given the AllElectronics relational database related to
purchases. A data mining system may find association rules like

apel X, 2002970 A dncome [ X, “HOK 49K = buys( X, “laptop™]
[suppert = 2%, confidence = 60%|.

The rule indicates that of the AllElectronics customers under study, 2% are 20 to 29 years
old with an income of $40,000 to $49,000 and have purchased a laptop (computer) at
AllElectronics. There is a 60% probability that a customer in this age and income group
will purchase a laptop. Note that this is an association involving 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.

1.4.3. Classification and Regression for Predictive Analysis
Classification is the process of finding a model (or function) that describes and
distinguishes data classes or concepts. The model are derived based on the analysis of a set
of training data (i.e., data objects for which the class labels are known). The model is used
to predict the class label of objects for which the the class label is unknown.

“How is the derived model presented?”” The derived model may be represented in various
forms, such as classification rules (i.e., IF-THEN rules), decision trees, mathematical
formulae, or neural networks (Figure 1.9). A decision tree is a flowchart-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
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Figure 1.9 A classification model can be represented in various forms: (a) IF-THEN rules, (b) a decision tree, or (c) a neural network.

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
naive Bayesian classification, support vector machines, and k-nearest-neighbor
classification. Whereas classification predicts categorical (discrete, unordered) labels,
regression models continuous-valued functions. That is, regression is used to predict
missing or unavailable numerical data values rather than (discrete) class labels. The term
prediction refers to both numeric prediction and class label prediction. Regression analysis
is a statistical methodology that is most often used for numeric prediction, although other
methods exist as well. Regression also encompasses the identification of distribution trends
based on the available data.

Classification and regression

Suppose as a sales manager of AllElectronics you want 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 want 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 as 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, in addition to price, other features that help to further
distinguish objects of each class from one 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 in 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
the previous sales data. This is an example of regression analysis because the regression
model constructed will predict a continuous function (or ordered value.)

Classification and regression may need to be preceded by relevance analysis, which
attempts to identify attributes that are significantly relevant to the classification and
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regression process. Such attributes will be selected for the classification and regression
process. Other attributes, which are irrelevant, can then be excluded from consideration.

Chapter 8 and Chapter 9 discuss classification in further detail. Regression analysis is
beyond the scope of this book. Sources for further information are given in the
bibliographic notes.

1.4.4. Cluster Analysis

Unlike classification and regression, which analyze class-labeled (training) data sets,
clustering analyzes data objects without consulting class labels. In many cases, class-
labeled data may simply not exist at the beginning. Clustering can be used to generate class
labels for a group of data. 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 rather dissimilar to objects in other clusters. Each
cluster so 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.

Cluster analysis

Cluster analysis can be performed on AllElectronics customer data to identify
homogeneous subpopulations of customers. These clusters may represent individual target
groups for marketing. Figure 1.10 shows a 2-D plot of customers with respect to customer
locations in a city. Three clusters of data points are evident.
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Figure 1.10 A 2-D plot of customer data with respect to customer locations in a city, showing three data clusters.

Cluster analysis forms the topic of Chapter 10 and Chapter 11.

1.4.5. Outlier Analysis
A data set may contain objects that do not comply with the general behavior or model of
the data. These data objects are outliers. Many data mining methods discard outliers as
noise or exceptions. However, in some applications (e.g., 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 analysis or anomaly mining.

28



[DATA MINING: CONCEPTS AND TECHNIQUES 3RD EDITION]

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 remote from any
other cluster are considered outliers. Rather than using statistical or distance measures,
density-based methods may identify outliers in a local region, although they look normal
from a global statistical distribution view.

Outlier analysis

Outlier analysis may uncover fraudulent usage of credit cards by detecting purchases of
unusually 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
locations and types of purchase, or the purchase frequency.

Outlier analysis is discussed in Chapter 12.

1.4.6. Are All Patterns Interesting?
A data mining system has the potential to generate thousands or even millions of patterns,
or rules.You may ask, “Are all of the patterns interesting?”” Typically, the answer is no—
only a small fraction of the patterns potentially generated would actually be of interest to a
given user.

This raises some serious questions for data mining. You may wonder, “What makes a
pattern interesting? Can a data mining system generate all of the interesting patterns? Or,
Can the system generate only the interesting ones?”” 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 XY where x U¥ 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 #¥X) that is, the probability that a transaction
containing X also contains Y. More formally, support and confidence are defined as

support(X = ¥Y) = P(XUY),
confidence(X = Y) = P(Y|X).

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.

Other objective interestingness measures include accuracy and coverage for classification
(IF-THEN) rules. In general terms, accuracy tells us the percentage of data that are
correctly classified by a rule. Coverage is similar to support, in that it tells us the
percentage of data to which a rule applies. Regarding understandability, we may use
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simple objective measures that assess the complexity or length in bits of the patterns
mined.

Although objective measures help identify interesting patterns, they are often insufficient
unless combined with subjective measures that reflect a particular user's needs and
interests. For example, patterns describing the characteristics of customers who shop
frequently at AllElectronics should be interesting to the marketing manager, but may be of
little interest to other analysts studying the same database for patterns on employee
performance. Furthermore, many patterns that are interesting by objective standards may
represent common sense and, therefore, are actually uninteresting.

Subjective interestingness measures are based on user beliefs in the data. These measures
find patterns interesting if the patterns 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. For example, patterns like “a large earthquake often follows a
cluster of small quakes” may be highly actionable if users can act on the information to
save lives. Patterns that are expected can be interesting if they confirm a hypothesis that
the user wishes to validate or they 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 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. The methods involved are
examined in detail in Chapter 6.

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 efficient for users and
data mining systems because neither would have to search through the patterns generated
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 by
target users. Such measures can be used after the data mining step to rank the discovered
patterns according to their interestingness, filtering out the uninteresting ones. More
important, 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. Examples of such a constraint-based
mining process are described in Chapter 7 (with respect to pattern discovery) and Chapter
11 (with respect to clustering).

Methods to assess pattern interestingness, and their use to improve data mining efficiency,
are discussed throughout the book with respect to each kind of pattern that can be mined.

1.5. Which Technologies Are Used?
As a highly application-driven domain, data mining has incorporated many techniques
from other domains such as statistics, machine learning, pattern recognition, database and
data warehouse systems, information retrieval, visualization, algorithms, high-performance
computing, and many application domains (Figure 1.11). The interdisciplinary nature of
data mining research and development contributes significantly to the success of data
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mining and its extensive applications. In this section, we give examples of several
disciplines that strongly influence the development of data mining methods.
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Figure 1.11 Data mining adopts techniques from many domains.

1.5.1. Statistics
Statistics studies the collection, analysis, interpretation or explanation, and presentation of
data. Data mining has an inherent connection with statistics.

A statistical model is a set of mathematical functions that describe the behavior of the
objects in a target class in terms of random variables and their associated probability
distributions. Statistical models are widely used to model data and data classes. For
example, in data mining tasks like data characterization and classification, statistical
models of target classes can be built. In other words, such statistical models can be the
outcome of a data mining task. Alternatively, data mining tasks can be built on top of
statistical models. For example, we can use statistics to model noise and missing data
values. Then, when mining patterns in a large data set, the data mining process can use the
model to help identify and handle noisy or missing values in the data.

Statistics research develops tools for prediction and forecasting using data and statistical
models. Statistical methods can be used to summarize or describe a collection of data.
Basic statistical descriptions of data are introduced in Chapter 2. Statistics is useful for
mining various patterns from data as well as for understanding the underlying mechanisms
generating and affecting the patterns. Inferential statistics (or predictive statistics) models
data in a way that accounts for randomness and uncertainty in the observations and is used
to draw inferences about the process or population under investigation.

Statistical methods can also be used to verify data mining results. For example, after a
classification or prediction model is mined, the model should be verified by statistical
hypothesis testing. A statistical hypothesis test (sometimes called confirmatory data
analysis) makes statistical decisions using experimental data. A result is called statistically
significant if it is unlikely to have occurred by chance. If the classification or prediction
model holds true, then the descriptive statistics of the model increases the soundness of the
model.

Applying statistical methods in data mining is far from trivial. Often, a serious challenge is
how to scale up a statistical method over a large data set. Many statistical methods have
high complexity in computation. When such methods are applied on large data sets that are
also distributed on multiple logical or physical sites, algorithms should be carefully
designed and tuned to reduce the computational cost. This challenge becomes even tougher
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for online applications, such as online query suggestions in search engines, where data
mining is required to continuously handle fast, real-time data streams.

1.5.2. Machine Learning
Machine learning investigates how computers can learn (or improve their performance)
based on data. A main research area is for computer programs to automatically learn to
recognize complex patterns and make intelligent decisions based on data. For example, a
typical machine learning problem is to program a computer so that it can automatically
recognize handwritten postal codes on mail after learning from a set of examples.

Machine learning is a fast-growing discipline. Here, we illustrate classic problems in
machine learning that are highly related to data mining.

Supervised learning is basically a synonym for classification. The supervision in the
learning comes from the labeled examples in the training data set. For example, in the
postal code recognition problem, a set of handwritten postal code images and their
corresponding machine-readable translations are used as the training examples, which
supervise the learning of the classification model.

e Unsupervised learning is essentially a synonym for clustering. The learning process
IS unsupervised since the input examples are not class labeled. Typically, we may
use clustering to discover classes within the data. For example, an unsupervised
learning method can take, as input, a set of images of handwritten digits. Suppose
that it finds 10 clusters of data. These clusters may correspond to the 10 distinct
digits of 0 to 9, respectively. However, since the training data are not labeled, the
learned model cannot tell us the semantic meaning of the clusters found.

e Semi-supervised learning is a class of machine learning techniques that make use of
both labeled and unlabeled examples when learning a model. In one approach,
labeled examples are used to learn class models and unlabeled examples are used to
refine the boundaries between classes. For a two-class problem, we can think of the
set of examples belonging to one class as the positive examples and those belonging
to the other class as the negative examples. In Figure 1.12, if we do not consider the
unlabeled examples, the dashed line is the decision boundary that best partitions the
positive examples from the negative examples. Using the unlabeled examples, we
can refine the decision boundary to the solid line. Moreover, we can detect that the
two positive examples at the top right corner, though labeled, are likely noise or
outliers.

e Active learning is a machine learning approach that lets users play an active role in
the learning process. An active learning approach can ask a user (e.g., a domain
expert) to label an example, which may be from a set of unlabeled examples or
synthesized by the learning program. The goal is to optimize the model quality by
actively acquiring knowledge from human users, given a constraint on how many
examples they can be asked to label.
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Figure 1.12

Semi-supervised learning.

You can see there are many similarities between data mining and machine learning. For
classification and clustering tasks, machine learning research often focuses on the accuracy
of the model. In addition to accuracy, data mining research places strong emphasis on the
efficiency and scalability of mining methods on large data sets, as well as on ways to
handle complex types of data and explore new, alternative methods.

1.5.3. Database Systems and Data Warehouses
Database systems research focuses on the creation, maintenance, and use of databases for
organizations and end-users. Particularly, database systems researchers have established
highly recognized principles in data models, query languages, query processing and
optimization methods, data storage, and indexing and accessing methods. Database
systems are often well known for their high scalability in processing very large, relatively
structured data sets.

Many data mining tasks need to handle large data sets or even real-time, fast streaming
data. Therefore, data mining can make good use of scalable database technologies to
achieve high efficiency and scalability on large data sets. Moreover, data mining tasks can
be used to extend the capability of existing database systems to satisfy advanced users'
sophisticated data analysis requirements.

Recent database systems have built systematic data analysis capabilities on database data
using data warehousing and data mining facilities. A data warehouse integrates data
originating from multiple sources and various timeframes. It consolidates data in
multidimensional space to form partially materialized data cubes. The data cube model not
only facilitates OLAP in multidimensional databases but also promotes multidimensional
data mining (see Section 1.3.2).

1.5.4. Information Retrieval
Information retrieval (IR) is the science of searching for documents or information in
documents. Documents can be text or multimedia, and may reside on the Web. The
differences between traditional information retrieval and database systems are twofold:
Information retrieval assumes that (1) the data under search are unstructured; and (2) the
queries are formed mainly by keywords, which do not have complex structures (unlike
SQL queries in database systems).
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The typical approaches in information retrieval adopt probabilistic models. For example, a
text document can be regarded as a bag of words, that is, a multiset of words appearing in
the document. The document's language model is the probability density function that
generates the bag of words in the document. The similarity between two documents can be
measured by the similarity between their corresponding language models.

Furthermore, a topic in a set of text documents can be modeled as a probability distribution
over the vocabulary, which is called a topic model. A text document, which may involve
one or multiple topics, can be regarded as a mixture of multiple topic models. By
integrating information retrieval models and data mining techniques, we can find the major
topics in a collection of documents and, for each document in the collection, the major
topics involved.

Increasingly large amounts of text and multimedia data have been accumulated and made
available online due to the fast growth of the Web and applications such as digital libraries,
digital governments, and health care information systems. Their effective search and
analysis have raised many challenging issues in data mining. Therefore, text mining and
multimedia data mining, integrated with information retrieval methods, have become
increasingly important.

1.6. Which Kinds of Applications Are Targeted?

Where there are data, there are data mining applications As a highly application-driven
discipline, data mining has seen great successes in many applications. It is impossible to
enumerate all applications where data mining plays a critical role. Presentations of data
mining in knowledge-intensive application domains, such as bioinformatics and software
engineering, require more in-depth treatment and are beyond the scope of this book. To
demonstrate the importance of applications as a major dimension in data mining research
and development, we briefly discuss two highly successful and popular application
examples of data mining: business intelligence and search engines.

1.6.1. Business Intelligence
It is critical for businesses to acquire a better understanding of the commercial context of
their organization, such as their customers, the market, supply and resources, and
competitors. Business intelligence (BI) technologies provide historical, current, and
predictive views of business operations. Examples include reporting, online analytical
processing, business performance management, competitive intelligence, benchmarking,
and predictive analytics.

“How important is business intelligence?”” Without data mining, many businesses may not
be able to perform effective market analysis, compare customer feedback on similar
products, discover the strengths and weaknesses of their competitors, retain highly
valuable customers, and make smart business decisions.

Clearly, data mining is the core of business intelligence. Online analytical processing tools
in business intelligence rely on data warehousing and multidimensional data mining.
Classification and prediction techniques are the core of predictive analytics in business
intelligence, for which there are many applications in analyzing markets, supplies, and
sales. Moreover, clustering plays a central role in customer relationship management,
which groups customers based on their similarities. Using characterization mining
techniques, we can better understand features of each customer group and develop
customized customer reward programs.
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1.6.2. Web Search Engines

A Web search engine is a specialized computer server that searches for information on the
Web. The search results of a user query are often returned as a list (sometimes called hits).
The hits may consist of web pages, images, and other types of files. Some search engines
also search and return data available in public databases or open directories. Search
engines differ from web directories in that web directories are maintained by human
editors whereas search engines operate algorithmically or by a mixture of algorithmic and
human input.

Web search engines are essentially very large data mining applications. Various data
mining techniques are used in all aspects of search engines, ranging from crawling® (e.g.,
deciding which pages should be crawled and the crawling frequencies), indexing (e.g.,
selecting pages to be indexed and deciding to which extent the index should be
constructed), and searching (e.g., deciding how pages should be ranked, which
advertisements should be added, and how the search results can be personalized or made
“context aware”).

Search engines pose grand challenges to data mining. First, they have to handle a huge and
ever-growing amount of data. Typically, such data cannot be processed using one or a few
machines. Instead, search engines often need to use computer clouds, which consist of
thousands or even hundreds of thousands of computers that collaboratively mine the huge
amount of data. Scaling up data mining methods over computer clouds and large
distributed data sets is an area for further research.

Second, Web search engines often have to deal with online data. A search engine may be
able to afford constructing a model offline on huge data sets. To do this, it may construct a
query classifier that assigns a search query to predefined categories based on the query
topic (i.e., whether the search query “apple” is meant to retrieve information about a fruit
or a brand of computers). Whether a model is constructed offline, the application of the
model online must be fast enough to answer user queries in real time.

Another challenge is maintaining and incrementally updating a model on fast-growing data
streams. For example, a query classifier may need to be incrementally maintained
continuously since new queries keep emerging and predefined categories and the data
distribution may change. Most of the existing model training methods are offline and static
and thus cannot be used in such a scenario.

Third, Web search engines often have to deal with queries that are asked only a very small
number of times. Suppose a search engine wants to provide context-aware query
recommendations. That is, when a user poses a query, the search engine tries to infer the
context of the query using the user's profile and his query history in order to return more
customized answers within a small fraction of a second. However, although the total
number of queries asked can be huge, most of the queries may be asked only once or a few
times. Such severely skewed data are challenging for many data mining and machine
learning methods.

1. A Web crawler is a computer program that browses the Web in a methodical, automated manner.
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1.7. Major Issues in Data Mining
Life is short but art is long. — Hippocrates

Data mining is a dynamic and fast-expanding field with great strengths. In this section, we
briefly outline the major issues in data mining research, partitioning them into five groups:
mining methodology, user interaction, efficiency and scalability, diversity of data types,
and data mining and society. Many of these issues have been addressed in recent data
mining research and development to a certain extent and are now considered data mining
requirements; others are still at the research stage. The issues continue to stimulate further
investigation and improvement in data mining.

1.7.1. Mining Methodology

Researchers have been vigorously developing new data mining methodologies. This
involves the investigation of new kinds of knowledge, mining in multidimensional space,
integrating methods from other disciplines, and the consideration of semantic ties among
data objects. In addition, mining methodologies should consider issues such as data
uncertainty, noise, and incompleteness. Some mining methods explore how user-specified
measures can be used to assess the interestingness of discovered patterns as well as guide
the discovery process. Let's have a look at these various aspects of mining methodology.

e Mining various and new kinds of knowledge: Data mining covers a wide spectrum
of data analysis and knowledge discovery tasks, from data characterization and
discrimination to association and correlation analysis, classification, regression,
clustering, outlier analysis, sequence analysis, and trend and evolution analysis.
These tasks may use the same database in different ways and require the
development of numerous data mining techniques. Due to the diversity of
applications, new mining tasks continue to emerge, making data mining a dynamic
and fast-growing field. For example, for effective knowledge discovery in
information networks, integrated clustering and ranking may lead to the discovery
of high-quality clusters and object ranks in large networks.

e Mining knowledge in multidimensional space: When searching for knowledge in
large data sets, we can explore the data in multidimensional space. That is, we can
search for interesting patterns among combinations of dimensions (attributes) at
varying levels of abstraction. Such mining is known as (exploratory)
multidimensional data mining. In many cases, data can be aggregated or viewed as
a multidimensional data cube. Mining knowledge in cube space can substantially
enhance the power and flexibility of data mining.

e Data mining—an interdisciplinary effort: The power of data mining can be
substantially enhanced by integrating new methods from multiple disciplines. For
example, to mine data with natural language text, it makes sense to fuse data
mining methods with methods of information retrieval and natural language
processing. As another example, consider the mining of software bugs in large
programs. This form of mining, known as bug mining, benefits from the
incorporation of software engineering knowledge into the data mining process.

e Boosting the power of discovery in a networked environment: Most data objects
reside in a linked or interconnected environment, whether it be the Web, database
relations, files, or documents. Semantic links across multiple data objects can be
used to advantage in data mining. Knowledge derived in one set of objects can be
used to boost the discovery of knowledge in a “related” or semantically linked set
of objects.
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Handling uncertainty, noise, or incompleteness of data: Data often contain noise,
errors, exceptions, or uncertainty, or are incomplete. Errors and noise may confuse
the data mining process, leading to the derivation of erroneous patterns. Data
cleaning, data preprocessing, outlier detection and removal, and uncertainty
reasoning are examples of techniques that need to be integrated with the data
mining process.

Pattern evaluation and pattern- or constraint-guided mining: Not all the patterns
generated by data mining processes are interesting. What makes a pattern
interesting may vary from user to user. Therefore, techniques are needed to assess
the interestingness of discovered patterns based on subjective measures. These
estimate the value of patterns with respect to a given user class, based on user
beliefs or expectations. Moreover, by using interestingness measures or user-
specified constraints to guide the discovery process, we may generate more
interesting patterns and reduce the search space.

1.7.2. User Interaction
The user plays an important role in the data mining process. Interesting areas of research
include how to interact with a data mining system, how to incorporate a user's background
knowledge in mining, and how to visualize and comprehend data mining results. We
introduce each of these here.

Interactive mining: The data mining process should be highly interactive. Thus, it
Is important to build flexible user interfaces and an exploratory mining
environment, facilitating the user's interaction with the system. A user may like to
first sample a set of data, explore general characteristics of the data, and estimate
potential mining results. Interactive mining should allow users to dynamically
change the focus of a search, to refine mining requests based on returned results,
and to drill, dice, and pivot through the data and knowledge space interactively,
dynamically exploring “cube space” while mining.

Incorporation of background knowledge: Background knowledge, constraints,
rules, and other information regarding the domain under study should be
incorporated into the knowledge discovery process. Such knowledge can be used
for pattern evaluation as well as to guide the search toward interesting patterns.

Ad hoc data mining and data mining query languages: Query languages (e.g.,
SQL) have played an important role in flexible searching because they allow users
to pose ad hoc queries. Similarly, high-level data mining query languages or other
high-level flexible user interfaces will give users the freedom to define ad hoc data
mining tasks. This should facilitate 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. Optimization
of the processing of such flexible mining requests is another promising area of
study.

Presentation and visualization of data mining results: How can a data mining
system present data mining results, vividly and flexibly, so that the discovered
knowledge can be easily understood and directly usable by humans? This is
especially crucial if the data mining process is interactive. It requires the system to
adopt expressive knowledge representations, user-friendly interfaces, and
visualization techniques.
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1.7.3. Efficiency and Scalability
Efficiency and scalability are always considered when comparing data mining algorithms.
As data amounts continue to multiply, these two factors are especially critical.

Efficiency and scalability of data mining algorithms: Data mining algorithms must
be efficient and scalable in order to effectively extract information from huge
amounts of data in many data repositories or in dynamic data streams. In other
words, the running time of a data mining algorithm must be predictable, short, and
acceptable by applications. Efficiency, scalability, performance, optimization, and
the ability to execute in real time are key criteria that drive the development of
many new data mining algorithms.

Parallel, distributed, and incremental mining algorithms: The humongous size of
many data sets, the wide distribution of data, and the computational complexity of
some data mining methods are factors that motivate the development ofparallel and
distributed data-intensive mining algorithms. Such algorithms first partition the
data into “pieces.” Each piece is processed, in parallel, by searching for patterns.
The parallel processes may interact with one another. The patterns from each
partition are eventually merged.

Cloud computing and cluster computing, which use computers in a distributed and
collaborative way to tackle very large-scale computational tasks, are also active research
themes in parallel data mining. In addition, the high cost of some data mining processes
and the incremental nature of input promote incremental data mining, which incorporates
new data updates without having to mine the entire data “from scratch.” Such methods
perform knowledge modification incrementally to amend and strengthen what was
previously discovered.

1.7.4. Diversity of Database Types
The wide diversity of database types brings about challenges to data mining. These include

Handling complex types of data: Diverse applications generate a wide spectrum of
new data types, from structured data such as relational and data warehouse data to
semi-structured and unstructured data; from stable data repositories to dynamic data
streams; from simple data objects to temporal data, biological sequences, sensor
data, spatial data, hypertext data, multimedia data, software program code, Web
data, and social network data. It is unrealistic to expect one data mining system to
mine all kinds of data, given the diversity of data types and the different goals of
data mining. Domain- or application-dedicated data mining systems are being
constructed for in-depth mining of specific kinds of data. The construction of
effective and efficient data mining tools for diverse applications remains a
challenging and active area of research.

Mining dynamic, networked, and global data repositories: Multiple sources of data
are connected by the Internet and various kinds of networks, forming gigantic,
distributed, and heterogeneous global information systems and networks. The
discovery of knowledge from different sources of structured, semi-structured, or
unstructured yet interconnected data with diverse data semantics poses great
challenges to data mining. Mining such gigantic, interconnected information
networks may help disclose many more patterns and knowledge in heterogeneous
data sets than can be discovered from a small set of isolated data repositories. Web
mining, multisource data mining, and information network mining have become
challenging and fast-evolving data mining fields.
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1.7.5. Data Mining and Society
How does data mining impact society? What steps can data mining take to preserve the
privacy of individuals? Do we use data mining in our daily lives without even knowing
that we do? These questions raise the following issues:

e Social impacts of data mining: With data mining penetrating our everyday lives, it
IS important to study the impact of data mining on society. How can we use data
mining technology to benefit society? How can we guard against its misuse? The
improper disclosure or use of data and the potential violation of individual privacy
and data protection rights are areas of concern that need to be addressed.

e Privacy-preserving data mining: Data mining will help scientific discovery,
business management, economy recovery, and security protection (e.g., the real-
time discovery of intruders and cyberattacks). However, it poses the risk of
disclosing an individual's personal information. Studies on privacy-preserving data
publishing and data mining are ongoing. The philosophy is to observe data
sensitivity and preserve people's privacy while performing successful data mining.

e Invisible data mining: We cannot expect everyone in society to learn and master
data mining techniques. More and more systems should have data mining functions
built within so that people can perform data mining or use data mining results
simply by mouse clicking, without any knowledge of data mining algorithms.
Intelligent search engines and Internet-based stores perform such invisible data
mining by incorporating data mining into their components to improve their
functionality and performance. This is done often unbeknownst to the user. For
example, when purchasing items online, users may be unaware that the store is
likely collecting data on the buying patterns of its customers, which may be used to
recommend other items for purchase in the future.

These issues and many additional ones relating to the research, development, and
application of data mining are discussed throughout the book.

1.8. Summary
m Necessity is the mother of invention. With the mounting growth of data in every
application, data mining meets the imminent need for effective, scalable, and flexible data
analysis in our society. Data mining can be considered as a natural evolution of
information technology and a confluence of several related disciplines and application
domains.

m Data mining is the process of discovering interesting patterns from massive amounts of
data. As a knowledge discovery process, it typically involves data cleaning, data
integration, data selection, data transformation, pattern discovery, pattern evaluation, and
knowledge presentation.

m A pattern is interesting if it is valid on test data with some degree of certainty, novel,
potentially useful (e.g., can be acted on or validates a hunch about which the user was
curious), and easily understood by humans. Interesting patterns represent knowledge.
Measures of pattern interestingness, either objective or subjective, can be used to guide the
discovery process.

m We present a multidimensional view of data mining. The major dimensions are data,
knowledge, technologies, and applications.
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m Data mining can be conducted on any kind of data as long as the data are meaningful for
a target application, such as database data, data warehouse data, transactional data, and
advanced data types. Advanced data types include time-related or sequence data, data
streams, spatial and spatiotemporal data, text and multimedia data, graph and networked
data, and Web data.

m A data warehouse is a repository for long-term storage of data from multiple sources,
organized so as to facilitate management decision making. The data are stored under a
unified schema and are typically summarized. Data warehouse systems provide
multidimensional data analysis capabilities, collectively referred to as online analytical
processing.

m Multidimensional data mining (also called exploratory multidimensional data mining)
integrates core data mining techniques with OLAP-based multidimensional analysis. It
searches for interesting patterns among multiple combinations of dimensions (attributes) at
varying levels of abstraction, thereby exploring multidimensional data space.

m Data mining functionalities are used to specify the kinds of patterns or knowledge to be
found in data mining tasks. The functionalities include characterization and discrimination;
the mining of frequent patterns, associations, and correlations; classification and
regression; cluster analysis; and outlier detection. As new types of data, new applications,
and new analysis demands continue to emerge, there is no doubt we will see more and
more novel data mining tasks in the future.

m Data mining, as a highly application-driven domain, has incorporated technologies from
many other domains. These include statistics, machine learning, database and data
warehouse systems, and information retrieval. The interdisciplinary nature of data mining
research and development contributes significantly to the success of data mining and its
extensive applications.

m Data mining has many successful applications, such as business intelligence, Web
search, bioinformatics, health informatics, finance, digital libraries, and digital
governments.

m There are many challenging issues in data mining research. Areas include mining
methodology, user interaction, efficiency and scalability, and dealing with diverse data
types. Data mining research has strongly impacted society and will continue to do so in the
future.
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2. Getting to Know Your Data

It's tempting to jump straight into mining, but first, we need to get the data ready. This
involves having a closer look at attributes and data values. Real-world data are typically
noisy, enormous in volume (often several gigabytes or more), and may originate from a
hodgepodge of heterogenous sources. This chapter is about getting familiar with your data.
Knowledge about your data is useful for data preprocessing (see Chapter 3), the first major
task of the data mining process. You will want to know the following: What are the types
of attributes or fields that make up your data? What kind of values does each attribute
have? Which attributes are discrete, and which are continuous-valued? What do the data
look like? How are the values distributed? Are there ways we can visualize the data to get a
better sense of it all? Can we spot any outliers? Can we measure the similarity of some
data objects with respect to others? Gaining such insight into the data will help with the
subsequent analysis.

““So what can we learn about our data that's helpful in data preprocessing?" We begin in
Section 2.1 by studying the various attribute types. These include nominal attributes,
binary attributes, ordinal attributes, and numeric attributes. Basic statistical descriptions
can be used to learn more about each attribute's values, as described in Section 2.2. Given a
temperature attribute, for example, we can determine its mean (average value), median
(middle value), and mode (most common value). These are measures of central tendency,
which give us an idea of the “middle” or center of distribution.

Knowing such basic statistics regarding each attribute makes it easier to fill in missing
values, smooth noisy values, and spot outliers during data preprocessing. Knowledge of the
attributes and attribute values can also help in fixing inconsistencies incurred during data
integration. Plotting the measures of central tendency shows us if the data are symmetric or
skewed. Quantile plots, histograms, and scatter plots are other graphic displays of basic
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statistical descriptions. These can all be useful during data preprocessing and can provide
insight into areas for mining.

The field of data visualization provides many additional techniques for viewing data
through graphical means. These can help identify relations, trends, and biases “hidden” in
unstructured data sets. Techniques may be as simple as scatter-plot matrices (where two
attributes are mapped onto a 2-D grid) to more sophisticated methods such as tree-maps
(where a hierarchical partitioning of the screen is displayed based on the attribute values).
Data visualization techniques are described in Section 2.3.

Finally, we may want to examine how similar (or dissimilar) data objects are. For example,
suppose we have a database where the data objects are patients, described by their
symptoms. We may want to find the similarity or dissimilarity between individual patients.
Such information can allow us to find clusters of like patients within the data set. The
similarity/dissimilarity between objects may also be used to detect outliers in the data, or to
perform nearest-neighbor classification. (Clustering is the topic of Chapter 10 and Chapter
11, while nearest-neighbor classification is discussed in Chapter 9.) There are many
measures for assessing similarity and dissimilarity. In general, such measures are referred
to as proximity measures. Think of the proximity of two objects as a function of the
distance between their attribute values, although proximity can also be calculated based on
probabilities rather than actual distance. Measures of data proximity are described in
Section 2.4.

In summary, by the end of this chapter, you will know the different attribute types and
basic statistical measures to describe the central tendency and dispersion (spread) of
attribute data. You will also know techniques to visualize attribute distributions and how to
compute the similarity or dissimilarity between objects.

2.1. Data Objects and Attribute Types

Data sets are made up of data objects. A data object represents an entity—in a sales
database, the objects may be customers, store items, and sales; in a medical database, the
objects may be patients; in a university database, the objects may be students, professors,
and courses. Data objects are typically described by attributes. Data objects can also be
referred to as samples, examples, instances, data points, or objects. If the data objects are
stored in a database, they are data tuples. That is, the rows of a database correspond to the
data objects, and the columns correspond to the attributes. In this section, we define
attributes and look at the various attribute types.

2.1.1. What Is an Attribute?

An attribute is a data field, representing a characteristic or feature of a data object. The
nouns attribute, dimension, feature, and variable are often used interchangeably in the
literature. The term dimension is commonly used in data warehousing. Machine learning
literature tends to use the term feature, while statisticians prefer the term variable. Data
mining and database professionals commonly use the term attribute, and we do here as
well. Attributes describing a customer object can include, for example, customer_ID,
name, and address. Observed values for a given attribute are known as observations. A set
of attributes used to describe a given object is called an attribute vector (or feature vector).
The distribution of data involving one attribute (or variable) is called univariate. A
bivariate distribution involves two attributes, and so on.
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The type of an attribute is determined by the set of possible values—nominal, binary,
ordinal, or numeric—the attribute can have. In the following subsections, we introduce
each type.

2.1.2. Nominal Attributes
Nominal means “relating to names.” The values of a nominal attribute are symbols or
names of things. Each value represents some kind of category, code, or state, and so
nominal attributes are also referred to as categorical. The values do not have any
meaningful order. In computer science, the values are also known as enumerations.

Nominal attributes

Suppose that hair_color and marital_status are two attributes describing person objects. In
our application, possible values for hair_color are black, brown, blond, red, auburn, gray,
and white. The attribute marital_status can take on the values single, married, divorced,
and widowed. Both hair_color and marital_status are nominal attributes. Another example
of a nominal attribute is occupation, with the values teacher, dentist, programmer, farmer,
and so on.

Although we said that the values of a nominal attribute are symbols or “names of things,”
it is possible to represent such symbols or “names” with numbers. With hair_color, for
instance, we can assign a code of 0 for black, 1 for brown, and so on. Another example is
customor_ID, with possible values that are all numeric. However, in such cases, the
numbers are not intended to be used quantitatively. That is, mathematical operations on
values of nominal attributes are not meaningful. It makes no sense to subtract one customer
ID number from another, unlike, say, subtracting an age value from another (where age is a
numeric attribute). Even though a nominal attribute may have integers as values, it is not
considered a numeric attribute because the integers are not meant to be used quantitatively.
We will say more on numeric attributes in Section 2.1.5.

Because nominal attribute values do not have any meaningful order about them and are not
quantitative, it makes no sense to find the mean (average) value or median (middle) value
for such an attribute, given a set of objects. One thing that is of interest, however, is the
attribute's most commonly occurring value. This value, known as the mode, is one of the
measures of central tendency. You will learn about measures of central tendency in Section
2.2.

2.1.3. Binary Attributes
A binary attribute is a nominal attribute with only two categories or states: 0 or 1, where 0
typically means that the attribute is absent, and 1 means that it is present. Binary attributes
are referred to as Boolean if the two states correspond to true and false.

Binary attributes

Given the attribute smoker describing a patient object, 1 indicates that the patient smokes,
while 0 indicates that the patient does not. Similarly, suppose

the patient undergoes a medical test that has two possible outcomes. The attribute
medical_test is binary, where a value of 1 means the result of the test for the patient is
positive, while 0 means the result is negative.
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A binary attribute is symmetric if both of its states are equally valuable and carry the same
weight; that is, there is no preference on which outcome should be coded as 0 or 1. One
such example could be the attribute gender having the states male and female.

A binary attribute is asymmetric if the outcomes of the states are not equally important,
such as the positive and negative outcomes of a medical test for HIV. By convention, we
code the most important outcome, which is usually the rarest one, by 1 (e.g., HIV positive)
and the other by 0 (e.g., HIV negative).

2.1.4. Ordinal Attributes
An ordinal attribute is an attribute with possible values that have a meaningful order or
ranking among them, but the magnitude between successive values is not known.

Ordinal attributes

Suppose that drink_size corresponds to the size of drinks available at a fast-food restaurant.
This nominal attribute has three possible values: small, medium, and large. The values
have a meaningful sequence (which corresponds to increasing drink size); however, we
cannot tell from the values how much bigger, say, a medium is than a large. Other
examples of ordinal attributes include grade (e.g., A+, A, A—, B+, and so on) and
professional_rank. Professional ranks can be enumerated in a sequential order: for
example, assistant, associate, and full for professors, and private, private first class,
specialist, corporal, and sergeant for army ranks.

Ordinal attributes are useful for registering subjective assessments of qualities that cannot
be measured objectively; thus ordinal attributes are often used in surveys for ratings. In one
survey, participants were asked to rate how satisfied they were as customers. Customer
satisfaction had the following ordinal categories: 0: very dissatisfied, 1: somewhat
dissatisfied, 2: neutral, 3: satisfied, and 4: very satisfied.

Ordinal attributes may also be obtained from the discretization of numeric quantities by
splitting the value range into a finite number of ordered categories as described in Chapter
3 on data reduction.

The central tendency of an ordinal attribute can be represented by its mode and its median
(the middle value in an ordered sequence), but the mean cannot be defined.

Note that nominal, binary, and ordinal attributes are qualitative. That is, they describe a
feature of an object without giving an actual size or quantity. The values of such qualitative
attributes are typically words representing categories. If integers are used, they represent
computer codes for the categories, as opposed to measurable quantities (e.g., 0 for small
drink size, 1 for medium, and 2 for large). In the following subsection we look at numeric
attributes, which provide quantitative measurements of an object.

2.1.5. Numeric Attributes
A numeric attribute is quantitative; that is, it is a measurable quantity, represented in
integer or real values. Numeric attributes can be interval-scaled or ratio-scaled.
Interval-Scaled Attributes

Interval-scaled attributes are measured on a scale of equal-size units. The values of
interval-scaled attributes have order and can be positive, 0, or negative. Thus, in addition to
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providing a ranking of values, such attributes allow us to compare and quantify the
difference between values.

Interval-scaled attributes

A temperature attribute is interval-scaled. Suppose that we have the outdoor temperature
value for a number of different days, where each day is an object. By ordering the values,
we obtain a ranking of the objects with respect to temperature. In addition, we can quantify
the difference between values. For example, a temperature of 20°C is five degrees higher
than a temperature of 15°C. Calendar dates are another example. For instance, the years
2002 and 2010 are eight years apart.

Temperatures in Celsius and Fahrenheit do not have a true zero-point, that is, neither 0°C
nor O°F indicates “no temperature.” (On the Celsius scale, for example, the unit of
measurement is 1/100 of the difference between the melting temperature and the boiling
temperature of water in atmospheric pressure.) Although we can compute the difference
between temperature values, we cannot talk of one temperature value as being a multiple of
another. Without a true zero, we cannot say, for instance, that 10°C is twice as warm as
5°C. That is, we cannot speak of the values in terms of ratios. Similarly, there is no true
zero-point for calendar dates. (The year 0 does not correspond to the beginning of time.)
This brings us to ratio-scaled attributes, for which a true zero-point exits.

Because interval-scaled attributes are numeric, we can compute their mean value, in
addition to the median and mode measures of central tendency.

Ratio-Scaled Attributes

A ratio-scaled attribute is a numeric attribute with an inherent zero-point. That is, if a
measurement is ratio-scaled, we can speak of a value as being a multiple (or ratio) of
another value. In addition, the values are ordered, and we can also compute the difference
between values, as well as the mean, median, and mode.

Ratio-scaled attributes

Unlike temperatures in Celsius and Fahrenheit, the Kelvin (K) temperature scale has what
is considered a true zero-point (0°K = —273.15°C): It is the point at which the particles that
comprise matter have zero kinetic energy. Other examples of ratio-scaled attributes include
count attributes such as years_of experience (e.g., the objects are employees) and
number_of words (e.g., the objects are documents). Additional examples include attributes
to measure weight, height, latitude and longitude

coordinates (e.g., when clustering houses), and monetary quantities (e.g., you are 100 times
richer with $100 than with $1).

2.1.6. Discrete versus Continuous Attributes
In our presentation, we have organized attributes into nominal, binary, ordinal, and
numeric types. There are many ways to organize attribute types. The types are not mutually
exclusive.

Classification algorithms developed from the field of machine learning often talk of
attributes as being either discrete or continuous. Each type may be processed differently. A
discrete attribute has a finite or countably infinite set of values, which may or may not be
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represented as integers. The attributes hair_color, smoker, medical_test, and drink_size
each have a finite number of values, and so are discrete. Note that discrete attributes may
have numeric values, such as 0 and 1 for binary attributes or, the values 0 to 110 for the
attribute age. An attribute is countably infinite if the set of possible values is infinite but
the values can be put in a one-to-one correspondence with natural numbers. For example,
the attribute customer_ID is countably infinite. The number of customers can grow to
infinity, but in reality, the actual set of values is countable (where the values can be put in
one-to-one correspondence with the set of integers). Zip codes are another example.

If an attribute is not discrete, it is continuous. The terms numeric attribute and continuous
attribute are often used interchangeably in the literature. (This can be confusing because,
in the classic sense, continuous values are real numbers, whereas numeric values can be
either integers or real numbers.) In practice, real values are represented using a finite
number of digits. Continuous attributes are typically represented as floating-point
variables.

2.2. Basic Statistical Descriptions of Data
For data preprocessing to be successful, it is essential to have an overall picture of your
data. Basic statistical descriptions can be used to identify properties of the data and
highlight which data values should be treated as noise or outliers.

This section discusses three areas of basic statistical descriptions. We start with measures
of central tendency (Section 2.2.1), which measure the location of the middle or center of a
data distribution. Intuitively speaking, given an attribute, where do most of its values fall?
In particular, we discuss the mean, median, mode, and midrange.

In addition to assessing the central tendency of our data set, we also would like to have an
idea of the dispersion of the data. That is, how are the data spread out? The most common
data dispersion measures are the range, quartiles, and interquartile range; the five-number
summary and boxplots; and the variance and standard deviation of the data These
measures are useful for identifying outliers and are described in Section 2.2.2.

Finally, we can use many graphic displays of basic statistical descriptions to visually
inspect our data (Section 2.2.3). Most statistical or graphical data presentation software
packages include bar charts, pie charts, and line graphs. Other popular displays of data
summaries and distributions include quantile plots, quantile—quantile plots, histograms,
and scatter plots.

2.2.1. Measuring the Central Tendency: Mean, Median, and Mode
In this section, we look at various ways to measure the central tendency of data. Suppose
that we have some attribute X, like salary, which has been recorded for a set of objects. Let
T1.vz.-.-.% pe the set of N observed values or observations for X. Here, these values may
also be referred to as the data set (for X). If we were to plot the observations for salary,
where would most of the values fall? This gives us an idea of the central tendency of the
data. Measures of central tendency include the mean, median, mode, and midrange.

The most common and effective numeric measure of the “center” of a set of data is the
(arithmetic) mean. Let 1.%2.....%~ pe a set of N values or observations, such as for some
numeric attribute X, like salary. The mean of this set of values is

(2.1)
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This corresponds to the built-in aggregate function, average (avg() in SQL), provided in
relational database systems.

Mean

Suppose we have the following values for salary (in thousands of dollars), shown in
increasing order: 30, 36, 47, 50, 52, 52, 56, 60, 63, 70, 70, 110. Using

Eq. (2.1)

, we have

0+36+47+50+52+52+ 56+ 60+ 63+ 70+ 70+ 110

12

696
———s3
12

Thus, the mean salary is $58,000.

Sometimes, each value x; in a set may be associated with a weight w; for { =1..--.N' The
weights reflect the significance, importance, or occurrence frequency attached to their
respective values. In this case, we can compute

(2.2)
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This is called the weighted arithmetic mean or the weighted average.Although the mean is
the singlemost useful quantity for describing a data set, it is not always the best way of
measuring the center of the data. A major problem with the mean is its sensitivity to
extreme (e.g., outlier) values. Even a small number of extreme values can corrupt the
mean. For example, the mean salary at a company may be substantially pushed up by that
of a few highly paid managers. Similarly, the mean score of a class in an exam could be
pulled down quite a bit by a few very low scores. To offset the effect caused by a small
number of extreme values, we can instead use the trimmed mean, which is the mean
obtained after chopping off values at the high and low extremes. For example, we can sort
the values observed for salary and remove the top and bottom 2% before computing the
mean. We should avoid trimming too large a portion (such as 20%) at both ends, as this
can result in the loss of valuable information.

For skewed (asymmetric) data, a better measure of the center of data is the median, which
is the middle value in a set of ordered data values. It is the value that separates the higher
half of a data set from the lower half.

In probability and statistics, the median generally applies to numeric data; however, we
may extend the concept to ordinal data. Suppose that a given data set of N values for an
attribute X is sorted in increasing order. If N is odd, then the median is the middle value of
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the ordered set. If N is even, then the median is not unique; it is the two middlemost values
and any value in between. If X is a numeric attribute in this case, by convention, the
median is taken as the average of the two middlemost values.

Median

Let's find the median of the data from Example 2.6. The data are already sorted in
increasing order. There is an even number of observations (i.e., 12); therefore, the median
is not unique. It can be any value within the two middlemost values of 52 and 56 (that is,

within the sixth and seventh values in the list). By convention, we assign the average of the

two middlemost values as the median: that is, —+ =% =3 Thus, the median is

$54,000.

Suppose that we had only the first 11 values in the list. Given an odd number of values, the
median is the middlemost value. This is the sixth value in this list, which has a value of
$52,000.

The median is expensive to compute when we have a large number of observations. For
numeric attributes, however, we can easily approximate the value. Assume that data are
grouped in intervals according to their x; data values and that the frequency (i.e., number of
data values) of each interval is known. For example, employees may be grouped according
to their annual salary in intervals such as $10-20,000, $20-30,000, and so on. Let the
interval that contains the median frequency be the median interval. We can approximate
the median of the entire data set (e.g., the median salary) by interpolation using the formula
(2.3)

N/2— (Y fre
median = L1 + (ﬁ) width,

. 'r'rv"'i"n.'.-'u'.l. 1

where L; is the lower boundary of the median interval, N is the number of values in the
entire data set, (L/7#4); js the sum of the frequencies of all of the intervals that are lower
than the median interval, freqmegian 1S the frequency of the median interval, and width is the
width of the median interval.

The mode is another measure of central tendency. The mode for a set of data is the value
that occurs most frequently in the set. Therefore, it can be determined for qualitative and
quantitative attributes. It is possible for the greatest frequency to correspond to several
different values, which results in more than one mode. Data sets with one, two, or three
modes are respectively called unimodal, bimodal, and trimodal. In general, a data set with
two or more modes is multimodal. At the other extreme, if each data value occurs only
once, then there is no mode.

Mode
The data from Example 2.6 are bimodal. The two modes are $52,000 and $70,000.

For unimodal numeric data that are moderately skewed (asymmetrical), we have the
following empirical relation:

(2.4)

mean — mode &= 3 % (mean — median).
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This implies that the mode for unimodal frequency curves that are moderately skewed can
easily be approximated if the mean and median values are known.

The midrange can also be used to assess the central tendency of a numeric data set. It is the
average of the largest and smallest values in the set. This measure is easy to compute using
the SQL aggregate functions, max() and min().

Midrange

A0,000+110,000
The midrange of the data of Example 2.6 is 2

=§70,000

In a unimodal frequency curve with perfect symmetric data distribution, the mean, median,
and mode are all at the same center value, as shown in Figure 2.1(a).
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Figure 2.1

Mean, median, and mode of symmetric versus positively and negatively skewed data.

Data in most real applications are not symmetric. They may instead be either positively
skewed, where the mode occurs at a value that is smaller than the median (Figure 2.1b), or
negatively skewed, where the mode occurs at a value greater than the median (Figure
2.1c).

2.2.2. Measuring the Dispersion of Data: Range, Quartiles, Variance, Standard

Deviation, and Interquartile Range
We now look at measures to assess the dispersion or spread of numeric data. The measures
include range, quantiles, quartiles, percentiles, and the interquartile range. The five-number
summary, which can be displayed as a boxplot, is useful in identifying outliers. Variance
and standard deviation also indicate the spread of a data distribution.

Range, Quiartiles, and Interquartile Range

To start off, let's study the range, quantiles, quartiles, percentiles, and the interquartile
range as measures of data dispersion. Let *1:¥2:-...%v be a set of observations for some
numeric attribute, X. The range of the set is the difference between the largest (max()) and
smallest (min()) values.

Suppose that the data for attribute X are sorted in increasing numeric order. Imagine that
we can pick certain data points so as to split the data distribution into equal-size
consecutive sets, as in Figure 2.2. These data points are called quantiles. Quantiles are
points taken at regular intervals of a data distribution, dividing it into essentially equal-size
consecutive sets. (We say “essentially” because there may not be data values of X that
divide the data into exactly equal-sized subsets. For readability, we will refer to them as
equal.) The kth g-quantile for a given data distribution is the value x such that at most k/q
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of the data values are less than x and at most (q — k)/q of the data values are more than x,
where K is an integer such that 0 < k < g. There are g — 1 g-quantiles.

Figure 2.2

A plot of the data distribution for some attribute X. The quantiles plotted are quartiles. The three quartiles divide the distribution into
four equal-size consecutive subsets. The second quartile corresponds to the median.

The 2-quantile is the data point dividing the lower and upper halves of the data
distribution. It corresponds to the median. The 4-quantiles are the three data points that
split the data distribution into four equal parts; each part represents one-fourth of the data
distribution. They are more commonly referred to as quartiles. The 100-quantiles are more
commonly referred to as percentiles; they divide the data distribution into 100 equal-sized
consecutive sets. The median, quartiles, and percentiles are the most widely used forms of
quantiles.

The quartiles give an indication of a distribution's center, spread, and shape. The first
quartile, denoted by Q1, is the 25th percentile. It cuts off the lowest 25% of the data. The
third quartile, denoted by Qs, is the 75th percentile—it cuts off the lowest 75% (or highest
25%) of the data. The second quartile is the 50th percentile. As the median, it gives the
center of the data distribution.

The distance between the first and third quartiles is a simple measure of spread that gives
the range covered by the middle half of the data. This distance is called the interquartile
range (IQR) and is defined as

(2.5)
IOR = Qs — Q1.

Interquartile range

The quartiles are the three values that split the sorted data set into four equal parts. The
data of Example 2.6 contain 12 observations, already sorted in increasing order. Thus, the
quartiles for this data are the third, sixth, and ninth values, respectively, in the sorted list.
Therefore, Q1 = $47,000 and Q3 is $63,000. Thus, the interquartile range is IQR = 63 — 47
= $16,000. (Note that the sixth value is a median, $52,000, although this data set has two
medians since the number of data values is even.)

Five-Number Summary, Boxplots, and Outliers

No single numeric measure of spread (e.g., IQR) is very useful for describing skewed
distributions. Have a look at the symmetric and skewed data distributions of Figure 2.1. In
the symmetric distribution, the median (and other measures of central tendency) splits the
data into equal-size halves. This does not occur for skewed distributions. Therefore, it is
more informative to also provide the two quartiles Q; and Qs, along with the median. A
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common rule of thumb for identifying suspected outliers is to single out values falling at
least 1.5 x IQR above the third quartile or below the first quartile.

Because Qs, the median, and Qs together contain no information about the endpoints (e.g.,
tails) of the data, a fuller summary of the shape of a distribution can be obtained by
providing the lowest and highest data values as well. This is known as the five-number
summary. The five-number summary of a distribution consists of the median (Qy), the
quartiles Q; and Qs, and the smallest and largest individual observations, written in the
order of Minimum, Q;, Median, Qz, Maximum. Boxplots are a popular way of visualizing a
distribution. A boxplot incorporates the five-number summary as follows:

m Typically, the ends of the box are at the quartiles so that the box length is the
interquartile range.

m The median is marked by a line within the box.

m Two lines (called whiskers) outside the box extend to the smallest (Minimum) and largest
(Maximum) observations.

When dealing with a moderate number of observations, it is worthwhile to plot potential
outliers individually. To do this in a boxplot, the whiskers are extended to the extreme low
and high observations only if these values are less than 1.5 x IQR beyond the quartiles.
Otherwise, the whiskers terminate at the most extreme observations occurring within 1.5 x
IQR of the quartiles. The remaining cases are plotted individually. Boxplots can be used in
the comparisons of several sets of compatible data.

Boxplot

Figure 2.3 shows boxplots for unit price data for items sold at four branches of
AllElectronics during a given time period. For branch 1, we see that the median price of
items sold is $80, Q; is $60, and Qs is $100. Notice that two outlying observations for this
branch were plotted individually, as their values of 175 and 202 are more than 1.5 times
the IQR here of 40.
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Figure 2.3 Boxplot for the unit price data for items sold at four branches of AllElectronics during a given time period.
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Boxplots can be computed in O(n log n) time. Approximate boxplots can be computed in
linear or sublinear time depending on the quality guarantee required.

Variance and Standard Deviation

Variance and standard deviation are measures of data dispersion. They indicate how spread
out a data distribution is. A low standard deviation means that the data observations tend to
be very close to the mean, while a high standard deviation indicates that the data are spread
out over a large range of values.

The variance of N observations, *1-¥2:----tx for a numeric attribute X is
(2.6)

| I o )
ol = -""-'_',Eii.r; —it = N E\f — I,

i=1

where ¥ is the mean value of the observations, as defined in Eq. (2.1). The standard
deviation, o, of the observations is the square root of the variance, o°.

Variance and standard deviation
In Example 2.6, we found x = $58,000 using Eq. (2.1) for the mean. To determine the

variance and standard deviation of the data from that example, we set N = 12 and use Eq.
(2.6) to obtain
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The basic properties of the standard deviation, o, as a measure of spread are as follows:

@

&

m o measures spread about the mean and should be considered only when the mean is
chosen as the measure of center.

m o = 0 only when there is no spread, that is, when all observations have the same value.
Otherwise, o > 0.

Importantly, an observation is unlikely to be more than several standard deviations away
from the mean. Mathematically, using Chebyshev's inequality, it can be shown that at least

1— L = 100% ) .
( M') * of the observations are no more than k standard deviations from the mean.

Therefore, the standard deviation is a good indicator of the spread of a data set.

The computation of the variance and standard deviation is scalable in large databases.

2.2.3. Graphic Displays of Basic Statistical Descriptions of Data
In this section, we study graphic displays of basic statistical descriptions. These include
quantile plots, quantile—quantile plots, histograms, and scatter plots. Such graphs are
helpful for the visual inspection of data, which is useful for data preprocessing. The first
three of these show univariate distributions (i.e., data for one attribute), while scatter plots
show bivariate distributions (i.e., involving two attributes).
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Quantile Plot

In this and the following subsections, we cover common graphic displays of data
distributions. A quantile plot is a simple and effective way to have a first look at a
univariate data distribution. First, it displays all of the data for the given attribute (allowing
the user to assess both the overall behavior and unusual occurrences). Second, it plots
quantile information (see Section 2.2.2). Let x;, for i = 1 to N, be the data sorted in
increasing order so that x; is the smallest observation and xy is the largest for some ordinal
or numeric attribute X. Each observation, x;, is paired with a percentage, fi, which indicates
that approximately f; x 100% of the data are below the value, x;. We say *“approximately”
because there may not be a value with exactly a fraction, f;, of the data below x;. Note that
the 0.25 corresponds to quartile Q4, the 0.50 is the median, and the 0.75 is Qs.

Let (2.7)
i—0.5

i= .

N

These numbers increase in equal steps of 1/N, ranging from ™ (which is slightly above 0)

to !~ (which is slightly below 1). On a quantile plot, x; is graphed against f;. This allows
us to compare different distributions based on their quantiles. For example, given the
quantile plots of sales data for two different time periods, we can compare their Qq,
median, Qs, and other f; values at a glance.

Figure 2.4 shows a quantile plot for the unit price data of Table 2.1.
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Figure 2.4 A quantile plot for the unit price data of Table 2.1.
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Table 2.1A Set of Unit Price Data for Items Sold at a Branch of AllElectronics

Unit price ($) Count of items sold
40 275
43 300
47 250
74 360
75 515
78 540
115 320
117 270
120 350

Quantile—Quantile Plot

A gquantile—quantile plot, or g-q plot, graphs the quantiles of one univariate distribution
against the corresponding quantiles of another. It is a powerful visualization tool in that it
allows the user to view whether there is a shift in going from one distribution to another.

Suppose that we have two sets of observations for the attribute or variable unit price, taken
from two different branch locations. Let *1:---:*% be the data from the first branch, and
yi.---.¥M pe the data from the second, where each data set is sorted in increasing order. If
M = N (i.e., the number of points in each set is the same), then we simply plot y; against x;,
where y; and x; are both (i — 0.5)/N quantiles of their respective data sets. If M <N (i.e., the
second branch has fewer observations than the first), there can be only M points on the g-q
plot. Here, y; is the (i — 0.5)/M quantile of the y data, which is plotted against the (i —
0.5)/M quantile of the x data. This computation typically involves interpolation.

Quantile—quantile plot

Figure 2.5 shows a quantile—quantile plot for unit price data of items sold at two branches
of AllElectronics during a given time period. Each point corresponds to the same quantile
for each data set and shows the unit price of items sold at branch 1 versus branch 2 for that
quantile. (To aid in comparison, the straight line represents the case where, for each given
quantile, the unit price at each branch is the same. The darker points correspond to the data
for Q,, the median, and Qs, respectively.)

We see, for example, that at Q, the unit price of items sold at branch 1 was slightly less
than that at branch 2. In other words, 25% of items sold at branch 1 were less than or equal
to $60, while 25% of items sold at branch 2 were less than or equal to $64. At the 50th
percentile (marked by the median, which is also Q;), we see that 50% of items sold at
branch 1 were less than $78, while 50% of items at branch 2 were less than $85. In general,
we note that there is a shift in the distribution of branch 1 with respect to branch 2 in that
the unit prices of items sold at branch 1 tend to be lower than those at branch 2.
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Figure 2.5 A g-q plot for unit price data from two AllElectronics branches.

Histograms

Histograms (or frequency histograms) are at least a century old and are widely used.
“Histos” means pole or mast, and “gram” means chart, so a histogram is a chart of poles.
Plotting histograms is a graphical method for summarizing the distribution of a given
attribute, X. If X is nominal, such as automobile_model or item_type, then a pole or vertical
bar is drawn for each known value of X. The height of the bar indicates the frequency (i.e.,
count) of that X value. The resulting graph is more commonly known as a bar chart.

If X is numeric, the term histogram is preferred. The range of values for X is partitioned
into disjoint consecutive subranges. The subranges, referred to as buckets or bins, are
disjoint subsets of the data distribution for X. The range of a bucket is known as the width.
Typically, the buckets are of equal width. For example, a price attribute with a value range
of $1 to $200 (rounded up to the nearest dollar) can be partitioned into subranges 1 to 20,
21 to 40, 41 to 60, and so on. For each subrange, a bar is drawn with a height that
represents the total count of items observed within the subrange. Histograms and
partitioning rules are further discussed in Chapter 3 on data reduction.

Figure 2.6 shows a histogram for the data set of Table 2.1, where buckets (or bins) are
defined by equal-width ranges representing $20 increments and the frequency is the count
of items sold.
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Figure 2.6
A histogram for the Table 2.1 data set.
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Although histograms are widely used, they may not be as effective as the quantile plot, g-q
plot, and boxplot methods in comparing groups of univariate observations.

Scatter Plots and Data Correlation

A scatter plot is one of the most effective graphical methods for determining if there
appears to be a relationship, pattern, or trend between two numeric attributes. To construct
a scatter plot, each pair of values is treated as a pair of coordinates in an algebraic sense
and plotted as points in the plane. Figure 2.7 shows a scatter plot for the set of data in

Table 2.1.
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Figure 2.7
A scatter plot for the Table 2.1 data set.

The scatter plot is a useful method for providing a first look at bivariate data to see clusters
of points and outliers, or to explore the possibility of correlation relationships. Two
attributes, X, and Y, are correlated if one attribute implies the other. Correlations can be
positive, negative, or null (uncorrelated). Figure 2.8 shows examples of positive and
negative correlations between two attributes. If the plotted points pattern slopes from lower
left to upper right, this means that the values of X increase as the values of Y increase,
suggesting a positive correlation (Figure 2.8a). If the pattern of plotted points slopes from
upper left to lower right, the values of X increase as the values of Y decrease, suggesting a
negative correlation (Figure 2.8b). A line of best fit can be drawn to study the correlation
between the variables. Statistical tests for correlation are given in Chapter 3 on data
integration (Eq. (3.3)).

Figure 2.9 shows three cases for which there is no correlation relationship between the two
attributes in each of the given data sets. Section 2.3.2 shows how scatter plots can be
extended to n attributes, resulting in a scatter-plot matrix.
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Figure 2.8 Scatter plots can be used to find (a) positive or (b) negative correlations between attributes.
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Figure 2.9 Three cases where there is no observed correlation between the two plotted attributes in each of the data sets.

In conclusion, basic data descriptions (e.g., measures of central tendency and measures of
dispersion) and graphic statistical displays (e.g., quantile plots, histograms, and scatter
plots) provide valuable insight into the overall behavior of your data. By helping to
identify noise and outliers, they are especially useful for data cleaning.

2.3. Data Visualization

How can we convey data to users effectively? Data visualization aims to communicate data
clearly and effectively through graphical representation. Data visualization has been used
extensively in many applications—for example, at work for reporting, managing business
operations, and tracking progress of tasks. More popularly, we can take advantage of
visualization techniques to discover that are otherwise not easily observable by looking at
the raw data. Nowadays, people also use data visualization to create fun and interesting
graphics.

In this section, we briefly introduce the basic concepts of data visualization. We start with
multidimensional data such as those stored in relational databases. We discuss several
representative approaches, including pixel-oriented techniques, geometric projection
techniques, icon-based techniques, and hierarchical and graph-based techniques. We then
discuss the visualization of complex data and relations.

2.3.1. Pixel-Oriented Visualization Techniques
A simple way to visualize the value of a dimension is to use a pixel where the color of the
pixel reflects the dimension's value. For a data set of m dimensions, pixel-oriented
techniques create m windows on the screen, one for each dimension. The m dimension
values of a record are mapped to m pixels at the corresponding positions in the windows.
The colors of the pixels reflect the corresponding values.

Inside a window, the data values are arranged in some global order shared by all windows.
The global order may be obtained by sorting all data records in a way that's meaningful for
the task at hand.

Pixel-oriented visualization

AllElectronics maintains a customer information table, which consists of four dimensions:
income, credit_limit, transaction_volume, and age. Can we analyze the correlation between
income and the other attributes by visualization?

We can sort all customers in income-ascending order, and use this order to lay out the
customer data in the four visualization windows, as shown in Figure 2.10. The pixel colors
are chosen so that the smaller the value, the lighter the shading. Using pixel-based
visualization, we can easily observe the following: credit_limit increases as income
increases; customers whose income is in the middle range are more likely to purchase more
from AllElectronics; there is no clear correlation between income and age.
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Figure 2.10

Pixel-oriented visualization of four attributes by sorting all customers in income ascending order.

In pixel-oriented techniques, data records can also be ordered in a query-dependent way.
For example, given a, we can sort all records in descending order of similarity to the.

Filling a window by laying out the data records in a linear way may not work well for a
wide window. The first pixel in a row is far away from the last pixel in the previous row,
though they are next to each other in the global order. Moreover, a pixel is next to the one
above it in the window, even though the two are not next to each other in the global order.
To solve this problem, we can lay out the data records in a space-filling curve

to fill the windows. A space-filling curve is a curve with a range that covers the entire n-
dimensional unit hypercube. Since the visualization windows are 2-D, we can use any 2-D
space-filling curve. Figure 2.11 shows some frequently used 2-D space-filling curves.
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Figure 2.11

Some frequently used 2-D space-filling curves.

Note that the windows do not have to be rectangular. For example, the circle segment
technique uses windows in the shape of segments of a circle, as illustrated in Figure 2.12.
This technique can ease the comparison of dimensions because the dimension windows are
located side by side and form a circle.
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Figure 2.12

The circle segment technique. (a) Representing a data record in circle segments. (b) Laying out pixels in circle segments.

2.3.2. Geometric Projection Visualization Techniques
A drawback of pixel-oriented visualization techniques is that they cannot help us much in
understanding the distribution of data in a multidimensional space. For example, they do
not show whether there is a dense area in a multidimensional subspace. Geometric
projection techniques help users find interesting projections of multidimensional data sets.
The central challenge the geometric projection techniques try to address is how to visualize
a high-dimensional space on a 2-D display.

A scatter plot displays 2-

D data points using Cartesian coordinates. A third dimension can

be added using different colors or shapes to represent different data points. Figure 2.13
shows an example, where X and Y are two spatial attributes and the third dimension is
represented by different shapes. Through this visualization, we can see that points of types
“+” and “x” tend to be colocated.
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Figure 2.13 Visualization of a 2-D data set using a scatter plot.

Source: www.cs.sfu.ca/jpei/publications/rareevent-geoinformatica06.pdf

A 3-D scatter plot uses three axes in a Cartesian coordinate system. If it also uses color, it
can display up to 4-D data points (Figure 2.14).
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Figure 2.14 Visualization of a 3-D data set using a scatter plot.

Source:http://upload.wikimedia.org/wikipedia/commons/c/c4/Scatter_plot.jpg.

For data sets with more than four dimensions, scatter plots are usually ineffective. The
scatter-plot matrix technique is a useful extension to the scatter plot. For an n-dimensional
data set, a scatter-plot matrix is an n x n grid of 2-D scatter plots that provides a
visualization of each dimension with every other dimension.

Figure 2.15 shows an example, which visualizes the Iris data set. The data set consists of
450 samples from each of three species of Iris flowers. There are five dimensions in the
data set: length and width of sepal and petal, and species.
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Figure 2.15 Visualization of the Iris data set using a scatter-plot matrix.

Source:http://support.sas.com/documentation/cdl/en/grstatproc/61948/HTML/default/images/gsgsc
mat.gif
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The scatter-plot matrix becomes less effective as the dimensionality increases. Another
popular technique, called parallel coordinates, can handle higher dimensionality. To
visualize n-dimensional data points, the parallel coordinates technique draws n equally
spaced axes, one for each dimension, parallel to one of the display axes.

A data record is represented by a polygonal line that intersects each axis at the point
corresponding to the associated dimension value (Figure 2.16).

Figure 2.16 Here is a visualization that uses parallel coordinates.

Source:www.stat.columbia.edu/~cook/movabletype/archives/2007/10/parallel_coordi.thml.

A major limitation of the parallel coordinates technique is that it cannot effectively show a
data set of many records. Even for a data set of several thousand records, visual clutter and
overlap often reduce the readability of the visualization and make the patterns hard to find.

2.3.3. Icon-Based Visualization Techniques
Icon-based visualization techniques use small icons to represent multidimensional data
values. We look at two popular icon-based techniques: Chernoff faces and stick figures.

Chernoff faces were introduced in 1973 by statistician Herman Chernoff. They display
multidimensional data of up to 18 variables (or dimensions) as a cartoon human face
(Figure 2.17). Chernoff faces help reveal trends in the data. Components of the face, such
as the eyes, ears, mouth, and nose, represent values of the dimensions by their shape, size,
placement, and orientation. For example, dimensions can be mapped to the following facial
characteristics: eye size, eye spacing, nose length, nose width, mouth curvature, mouth
width, mouth openness, pupil size, eyebrow slant, eye eccentricity, and head eccentricity.

Figure 2.17 Chernoff faces. Each face represents an n-dimensional data point (n < 18).

Chernoff faces make use of the ability of the human mind to recognize small differences in
facial characteristics and to assimilate many facial characteristics at once.

Viewing large tables of data can be tedious. By condensing the data, Chernoff faces make
the data easier for users to digest. In this way, they facilitate visualization of regularities
and irregularities present in the data, although their power in relating multiple relationships
is limited. Another limitation is that specific data values are not shown. Furthermore, facial
features vary in perceived importance. This means that the similarity of two faces
(representing two multidimensional data points) can vary depending on the order in which
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dimensions are assigned to facial characteristics. Therefore, this mapping should be
carefully chosen. Eye size and eyebrow slant have been found to be important.

Asymmetrical Chernoff faces were proposed as an extension to the original technique.
Since a face has vertical symmetry (along the y-axis), the left and right side of a face are
identical, which wastes space. Asymmetrical Chernoff faces double the number of facial
characteristics, thus allowing up to 36 dimensions to be displayed.

The stick figure visualization technique maps multidimensional data to five-piece stick
figures, where each figure has four limbs and a body. Two dimensions are mapped to the
display (x and y) axes and the remaining dimensions are mapped to the angle and/or length
of the limbs.

Invee

Figure 2.18 Census data represented using stick figures..

Figure 2.18 shows census data, where age and income are mapped to the display axes, and
the remaining dimensions (gender, education, and so on) are mapped to stick figures. If the
data items are relatively dense with respect to the two display dimensions, the resulting
visualization shows texture patterns, reflecting data trends.

2.3.4. Hierarchical Visualization Techniques
The visualization techniques discussed so far focus on visualizing multiple dimensions
simultaneously. However, for a large data set of high dimensionality, it would be difficult
to visualize all dimensions at the same time. Hierarchical visualization techniques partition
all dimensions into subsets (i.e., subspaces). The subspaces are visualized in a hierarchical
manner.

“Worlds-within-Worlds,” also known as n-Vision, is a representative hierarchical
visualization method. Suppose we want to visualize a 6-D data set, where the dimensions
are F:X1.-... X5 We want to observe how dimension F changes with respect to the other
dimensions. We can first fix the values of dimensions %3:%4+.45 to some selected values,
say, ©3:¢4:¢5, We can then visualize ¥X1:X2 using a 3-D plot, called a world, as shown in
Figure 2.19. The position of the origin of the inner world is located at the point '©3:¢4:¢5) in
the outer world, which is another 3-D plot using dimensions *3:%+:Xs5. A user can
interactively change, in the outer world, the location of the origin of the inner world. The
user then views the resulting changes of the inner world. Moreover, a user can vary the
dimensions used in the inner world and the outer world. Given more dimensions, more
levels of worlds can be used, which is why the method is called “worlds-within-worlds.”
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Figure 2.19“Worlds-within-Worlds” (also known as n-Vision).

As another example of hierarchical visualization methods, tree-maps display hierarchical data as
a set of nested rectangles. For example, Figure 2.20 shows a tree-map visualizing Google news
stories. All news stories are organized into seven categories, each shown in a large rectangle of a
unique color. Within each category (i.e., each rectangle at the top level), the news stories are
further partitioned into smaller subcategories.
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Figure 2.20 Newsmap: Use of tree-maps to visualize Google news headline stories.

2.3.5. Visualizing Complex Data and Relations
In early days, visualization techniques were mainly for numeric data. Recently, more and
more non-numeric data, such as text and social networks, have become available.
Visualizing and analyzing such data attracts a lot of interest.

There are many new visualization techniques dedicated to these kinds of data. For
example, many people on the Web tag various objects such as pictures, blog entries, and
product reviews. A tag cloud is a visualization of statistics of user-generated tags. Often, in
a tag cloud, tags are listed alphabetically or in a user-preferred order. The importance of a
tag is indicated by font size or color. Figure 2.21 shows a tag cloud for visualizing the
popular tags used in a Web site.
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Figure 2.21Using a tag cloud to visualize popular Web site tags

Tag clouds are often used in two ways. First, in a tag cloud for a single item, we can use
the size of a tag to represent the number of times that the tag is applied to this item by
different users. Second, when visualizing the tag statistics on multiple items, we can use
the size of a tag to represent the number of items that the tag has been applied to, that is,
the popularity of the tag.

In addition to complex data, complex relations among data entries also raise challenges for
visualization. For example, Figure 2.22 uses a disease influence graph to visualize the
correlations between diseases. The nodes in the graph are diseases, and the size of each
node is proportional to the prevalence of the corresponding disease. Two nodes are linked
by an edge if the corresponding diseases have a strong correlation. The width of an edge is
proportional to the strength of the correlation pattern of the two corresponding diseases.
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Figure 2.22 Disease influence graph of people at least 20 years old in the NHANES data set.

In summary, visualization provides effective tools to explore data. We have introduced
several popular methods and the essential ideas behind them. There are many existing tools
and methods. Moreover, visualization can be used in data mining in various aspects. In
addition to visualizing data, visualization can be used to represent the data mining process,
the patterns obtained from a mining method, and user interaction with the data. Visual data
mining is an important research and development direction.

2.4. Measuring Data Similarity and Dissimilarity
In data mining applications, such as clustering, outlier analysis, and nearest-neighbor
classification, we need ways to assess how alike or unalike objects are in comparison to
one another. For example, a store may want to search for clusters of customer objects,
resulting in groups of customers with similar characteristics (e.g., similar income, area of
residence, and age). Such information can then be used for marketing. A cluster is a
collection of data objects such that the objects within a cluster are similar to one another
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and dissimilar to the objects in other clusters. Outlier analysis also employs clustering-
based techniques to identify potential outliers as objects that are highly dissimilar to others.
Knowledge of object similarities can also be used in nearest-neighbor classification
schemes where a given object (e.g., a patient) is assigned a class label (relating to, say, a
diagnosis) based on its similarity toward other objects in the model.

This section presents similarity and dissimilarity measures, which are referred to as
measures of proximity. Similarity and dissimilarity are related. A similarity measure for
two objects, i and j, will typically return the value 0O if the objects are unalike. The higher
the similarity value, the greater the similarity between objects. (Typically, a value of 1
indicates complete similarity, that is, the objects are identical.) A dissimilarity measure
works the opposite way. It returns a value of O if the objects are the same (and therefore,
far from being dissimilar). The higher the dissimilarity value, the more dissimilar the two
objects are.

In Section 2.4.1 we present two data structures that are commonly used in the above types
of applications: the data matrix (used to store the data objects) and the dissimilarity matrix
(used to store dissimilarity values for pairs of objects). We also switch to a different
notation for data objects than previously used in this chapter since now we are dealing with
objects described by more than one attribute. We then discuss how object dissimilarity can
be computed for objects described by nominal attributes (Section 2.4.2), by binary
attributes (Section 2.4.3), by numeric attributes (Section 2.4.4), by ordinal attributes
(Section 2.4.5), or by combinations of these attribute types (Section 2.4.6). Section 2.4.7
provides similarity measures for very long and sparse data vectors, such as term-frequency
vectors representing documents in information retrieval. Knowing how to compute
dissimilarity is useful in studying attributes and will also be referenced in later topics on
clustering (Chapter 10 and Chapter 11), outlier analysis (Chapter 12), and nearest-neighbor
classification (Chapter 9).

2.4.1. Data Matrix versus Dissimilarity Matrix

In Section 2.2, we looked at ways of studying the central tendency, dispersion, and spread
of observed values for some attribute X. Our objects there were one-dimensional, that is,
described by a single attribute. In this section, we talk about objects described by multiple
attributes. Therefore, we need a change in notation. Suppose that we have n objects (e.g.,
persons, items, or courses) described by p attributes (also called measurements or features,
such as age, height, weight, or gender). The objects are '~ WL 212 )
M =l 22p) and so on, where x;; is the value for object x; of the jth attribute. For
brevity, we hereafter refer to object x; as object i. The objects may be tuples in a relational
database, and are also referred to as data samples or feature vectors.

Main memory-based clustering and nearest-neighbor algorithms typically operate on either
of the following two data structures:

m Data matrix (or object-by-attribute structure): This structure stores the n data objects in
the form of a relational table, or n-by-p matrix (n objects x p attributes):

(2.8)
"_1,'“ sen Xpfoves -rlf?—‘
X1 e Xif o Xip .
Tyl crr Xpjo e Xy
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Each row corresponds to an object. As part of our notation, we may use f to index through
the p attributes.

m Dissimilarity matrix (or object-by-object structure): This structure stores a collection of
proximities that are available for all pairs of n objects. It is often represented by an n-by-n
table:

(2.9)

]
&y o]
d(3.1) d(3.2) 0 ,
L’in:. 1) Jin:. 2) CIJ

where d(i, j) is the measured dissimilarity or “difference” between objects i and j. In
general, d(i, j) is a non-negative number that is close to 0 when objects i and j are highly
similar or “near” each other, and becomes larger the more they differ. Note that d(i, i) = 0;
that is, the difference between an object and itself is 0. Furthermore, d(i, j) = d(j, i). (For
readability, we do not show the d(j, i) entries; the matrix is symmetric.) Measures of
dissimilarity are discussed throughout the remainder of this chapter.

Measures of similarity can often be expressed as a function of measures of dissimilarity.
For example, for nominal data,

(2.10)
simii, j)=1—4d(i, j),

where sim(i, j) is the similarity between objects i and j. Throughout the rest of this chapter,
we will also comment on measures of similarity.

A data matrix is made up of two entities or “things,” namely rows (for objects) and
columns (for attributes). Therefore, the data matrix is often called a two-mode matrix. The
dissimilarity matrix contains one kind of entity (dissimilarities) and so is called a one-
mode matrix. Many clustering and nearest-neighbor algorithms operate on a dissimilarity
matrix. Data in the form of a data matrix can be transformed into a dissimilarity matrix
before applying such algorithms.

2.4.2. Proximity Measures for Nominal Attributes
A nominal attribute can take on two or more states (Section 2.1.2). For example,
map_color is a nominal attribute that may have, say, five states: red, yellow, green, pink,
and blue.

Let the number of states of a nominal attribute be M. The states can be denoted by letters,
symbols, or a set of integers, such as 1, 2, ..., M. Notice that such integers are used just for
data handling and do not represent any specific ordering.

“How is dissimilarity computed between objects described by nominal attributes?” The
dissimilarity between two objects i and j can be computed based on the ratio of
mismatches:

(2.11)
dii. j) =

p—m
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where m is the number of matches (i.e., the number of attributes for which i and j are in the
same state), and p is the total number of attributes describing the objects. Weights can be
assigned to increase the effect of m or to assign greater weight to the matches in attributes
having a larger number of states.

Alternatively, similarity can be computed as(2.12)

P P m
sim{i, jl =1—d{i j] = —.

Proximity between objects described by nominal attributes can be computed using an
alternative encoding scheme. Nominal attributes can be encoded using asymmetric binary
attributes by creating a new binary attribute for each of the M states. For an object with a
given state value, the binary attribute representing that state is set to 1, while the remaining
binary attributes are set to 0. For example, to encode the nominal attribute map_color, a
binary attribute can be created for each of the five colors previously listed. For an object
having the color yellow, the yellow attribute is set to 1, while the remaining four attributes
are set to 0. Proximity measures for this form of encoding can be calculated using the
methods discussed in the next subsection.

Dissimilarity between nominal attributes

Suppose that we have the sample data of Table 2.2, except that only the object-identifier
and the attribute test-1 are available, where test-1 is nominal. (We will use test-2 and test-3
in later examples.) Let's compute the dissimilarity matrix (Eq. 2.9), that is,

0
2,10 0
310 a3, 2) 0
did 1o alid. 2y did. 30 0

Since here we have one nominal attribute, test-1, we set p = 1 in Eq. (2.11) so that d(i, j)
evaluates to O if objects i and j match, and 1 if the objects differ. Thus, we get

O = = O

0
1 0
1 10

From this, we see that all objects are dissimilar except objects 1 and 4 (i.e., d(4, 1) = 0).

Table 2.2A Sample Data Table Containing Attributes of Mixed Type

Obiject Identifier test-1 (nominal) test-2 (ordinal) test-3 (numeric)
1 code A Excellent 45
2 code B Fair 22
3 code C Good 64
4 code A Excellent 28
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2.4.3. Proximity Measures for Binary Attributes
Let's look at dissimilarity and similarity measures for objects described by either symmetric
or asymmetric binary attributes.

Recall that a binary attribute has only one of two states: 0 and 1, where 0 means that the
attribute is absent, and 1 means that it is present (Section 2.1.3). Given the attribute smoker
describing a patient, for instance, 1 indicates that the patient smokes, while 0 indicates that
the patient does not. Treating binary attributes as if they are numeric can be misleading.
Therefore, methods specific to binary data are necessary for computing dissimilarity.

““So, how can we compute the dissimilarity between two binary attributes?”” One approach
involves computing a dissimilarity matrix from the given binary data. If all binary
attributes are thought of as having the same weight, we have the 2 x 2 contingency table of
Table 2.3, where q is the number of attributes that equal 1 for both objects i and j, r is the
number of attributes that equal 1 for object i but equal O for object j, s is the number of
attributes that equal O for object i but equal 1 for object j, and t is the number of attributes
that equal O for both objects i and j. The total number of attributes is p, wherep=q+r +s
+t.

Table 2.3Contingency Table for Binary Attributes

Object j
1 0 sum
1 q r q+r
0 S t S+t
Object i sum q+s r+t p

Recall that for symmetric binary attributes, each state is equally valuable. Dissimilarity that
Is based on symmetric binary attributes is called symmetric binary dissimilarity. If objects i
and j are described by symmetric binary attributes, then the dissimilarity between i and j is

(2.13)
u’ia’,_f:l _ r-+s

g+r+s+t

For asymmetric binary attributes, the two states are not equally important, such as the
positive (1) and negative (0) outcomes of a disease test. Given two asymmetric binary
attributes, the agreement of two 1s (a positive match) is then considered more significant
than that of two Os (a negative match). Therefore, such binary attributes are often
considered “monary” (having one state). The dissimilarity based on these attributes is
called asymmetric binary dissimilarity, where the number of negative matches, t, is
considered unimportant and is thus ignored in the following computation:
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Complementarily, we can measure the difference between two binary attributes based on
the notion of similarity instead of dissimilarity. For example, the asymmetric binary
similarity between the objects i and j can be computed as

(2.15)

sim(i, j) =

=1—d(i, .
g+r+s 1)

The coefficient sim(i, j) of Eq. (2.15) is called the Jaccard coefficient and is popularly
referenced in the literature. When both symmetric and asymmetric binary attributes occur
in the same data set, the mixed attributes approach described in Section 2.4.6 can be
applied.

Dissimilarity between binary attributes

Suppose that a patient record table (Table 2.4) contains the attributes name, gender, fever,
cough, test-1, test-2, test-3, and test-4, where name is an object identifier, gender is a
symmetric attribute, and the remaining attributes are asymmetric binary.

For asymmetric attribute values, let the values Y (yes) and P (positive) be set to 1, and the
value N (no or negative) be set to 0. Suppose that the distance between objects

(patients) is computed based only on the asymmetric attributes. According to
Eqg. (2.14)

, the distance between each pair of the three patients—Jack, Mary, and Jim—is

didack, Jim) = Ty = 0.67.
didack, Mary) = $1H7 = 0.33,
diJim, Mary) =2 —0.75.

L2

These measurements suggest that Jim and Mary are unlikely to have a similar disease
because they have the highest dissimilarity value among the three pairs. Of the three
patients, Jack and Mary are the most likely to have a similar disease.

Table 2.4Relational TableWhere Patients Are Described by Binary Attributes

test- test- test- test-
name gender fever cough 1 2 3 4
Jack M Y N P N N N
Jim M Y Y N N N N
Mary F Y N P N P N

2.4.4. Dissimilarity of Numeric Data: Minkowski Distance

In this section, we describe distance measures that are commonly used for computing the
dissimilarity of objects described by numeric attributes. These measures include the
Euclidean, Manhattan, and Minkowski distances.
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In some cases, the data are normalized before applying distance calculations. This involves
transforming the data to fall within a smaller or common range, such ad [ 1] or [0.0,

1.0]. Consider a height attribute, for example, which could be measured in either meters or
inches. In general, expressing an attribute in smaller units will lead to a larger range for
that attribute, and thus tend to give such attributes greater effect or “weight.” Normalizing
the data attempts to give all attributes an equal weight. It may or may not be useful in a
particular application. Methods for normalizing data are discussed in detail in Chapter 3

on data preprocessing.

The most popular distance measure is Euclidean distance (i.e., straight line or “as the crow
flies”). Let ' = \Wits¥mm--¥ip) gnd J = XXz %jp) pe two objects described by p
numeric attributes. The Euclidean distance between objects i and j is defined as

(2.16)
dli, j1i= .,Va" (1 — ;02 + (3 —x )2+ o 4 (x5, — ;)2

Another well-known measure is the Manhattan (or city block) distance, named so because
it is the distance in blocks between any two points in a city (such as 2 blocks down and 3
blocks over for a total of 5 blocks). It is defined as

(2.17)
|'.,|.'ll: |'-., f:l = |.'|.'|:| —_T_|i| | + |.T.|_2 —.'I.'J'll -|— e -|- |-1'-',I" —_[.”.'l_

Both the Euclidean and the Manhattan distance satisfy the following mathematical
properties:

Non-negativity:¢(i: /) = 0: Distance is a non-negative number.

Identity of indiscernibles: (i) =0: The distance of an object to itself is 0.

Symmetry:4i- i) =d(j.i): Distance is a symmetric function.

Triangle inequality:4 i /) =dli. k) +d(k. j): Going directly from object i to object j in space
is no more than making a detour over any other object k.

Euclidean distance and Manhattan distance

Let x; = (1, 2) and x, = (3, 5) represent two objects as shown in Figure 2.23. The Euclidean
distance between the two is  v2*+ 3= 3.61, The Manhattan distance between the two is 2
+3=5.
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'
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-
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Figure 2.23 Euclidean, Manhattan, and supremum distances between two objects.

A measure that satisfies these conditions is known as metric. Please note that the non-
negativity property is implied by the other three properties. Minkowski distance is a
generalization of the Euclidean and Manhattan distances. It is defined as

(2.18)

dii, j) = {.'/l-rn —xp [P+ |z — x|t — x|t

where h is a real number such that h > 1. (Such a distance is also called Lynorm in some
literature, where the symbol p refers to our notation of h. We have kept p as the number of
attributes to be consistent with the rest of this chapter.) It represents the Manhattan
distance when h =1 (i.e., Ly norm) and Euclidean distance when h = 2 (i.e., L, norm).

The supremum distance (also referred to as Lmax, L norm and as the Chebyshev distance)
is a generalization of the Minkowski distance for h — c. To compute it, we find the
attribute f that gives the maximum difference in values between the two objects. This
difference is the supremum distance, defined more formally as:

(2.19)

.l'J

L
&
, \ & n
d(i, j) = lim (E iy — gl ) = miax |xiy — ¢l

The L” norm is also known as the uniform norm.

Let's use the same two objects, x; = (1, 2) and x, = (3, 5), as in Figure 2.23

. The second attribute gives the greatest difference between values for the objects, which is
5 —2=23. This is the supremum distance between both objects.

If each attribute is assigned a weight according to its perceived importance, the weighted
Euclidean distance can be computed as

(2.20)

d(i. j)= \/“'HIH —xj P+ walxg — P owy b, — x|
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Weighting can also be applied to other distance measures as well.

2.4.5. Proximity Measures for Ordinal Attributes

The values of an ordinal attribute have a meaningful order or ranking about them, yet the
magnitude between successive values is unknown (Section 2.1.4). An example includes the
sequence small, medium, large for a size attribute. Ordinal attributes may also be obtained
from the discretization of numeric attributes by splitting the value range into a finite
number of categories. These categories are organized into ranks. That is, the range of a
numeric attribute can be mapped to an ordinal attribute f having Ms states. For example, the
range of the interval-scaled attribute temperature (in Celsius) can be organized into the
following states:—30 to —10, —10 to 10, 10 to 30, representing the categories cold
temperature, moderate temperature, and warm temperature, respectively. Let M represent
the number of possible states that an ordinal attribute can have. These ordered states define
the ranking 1:---+ Mr.

“How are ordinal attributes handled?”” The treatment of ordinal attributes is quite similar
to that of numeric attributes when computing dissimilarity between objects. Suppose that f
is an attribute from a set of ordinal attributes describing n objects. The dissimilarity
computation with respect to f involves the following steps:

1. The value of f for the ith object is xi;, and f has M; ordered states, representing the ranking
L.---. My Replace each xi by its corresponding rank, "if & {1s-- Myr

2. Since each ordinal attribute can have a different number of states, it is often necessary to
map the range of each attribute onto [0.0, 1.0] so that each attribute has equal weight. We
perform such data normalization by replacing the rank ri of the ith object in the fth
attribute by

3. (2.21)

rif — 1

M1

4. Dissimilarity can then be computed using any of the distance measures described in
Section 2.4.4 for numeric attributes, using zj; to represent the f value for the ith object.

aif

Dissimilarity between ordinal attributes

Suppose that we have the sample data shown earlier in Table 2.2, except that this time only
the object-identifier and the continuous ordinal attribute, test-2, are available. There are
three states for test-2: fair, good, and excellent, that is, M; = 3. For step 1, if we replace
each value for test-2 by its rank, the four objects are assigned the ranks 3, 1, 2, and 3,
respectively. Step 2 normalizes the ranking by mapping rank 1 to 0.0, rank 2 to 0.5, and
rank 3 to 1.0. For step 3, we can use, say, the Euclidean distance (Eg. 2.16), which results
in the following dissimilarity matrix:

0

1.0 O

0.5 0.5 0
0 10 05 0

Therefore, objects 1 and 2 are the most dissimilar, as are objects 2 and 4 (i.e., d(2, 1) = 1.0
and d(4, 2) = 1.0). This makes intuitive sense since objects 1 and 4 are both excellent.
Obiject 2 is fair, which is at the opposite end of the range of values for test-2.
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Similarity values for ordinal attributes can be interpreted from dissimilarity as
sim(i, j) = 1—d(i, f)

2.4.6. Dissimilarity for Attributes of Mixed Types
2.4.2, 2.4.3, 2.4.4 and 2.4.5 discussed how to compute the dissimilarity between objects
described by attributes of the same type, where these types may be either nominal,
symmetric binary, asymmetric binary, numeric, or ordinal. However, in many real
databases, objects are described by a mixture of attribute types. In general, a database can
contain all of these attribute types.

““So, how can we compute the dissimilarity between objects of mixed attribute types?”” One
approach is to group each type of attribute together, performing separate data mining (e.g.,
clustering) analysis for each type. This is feasible if these analyses derive compatible
results. However, in real applications, it is unlikely that a separate analysis per attribute
type will generate compatible results.

A more preferable approach is to process all attribute types together, performing a single
analysis. One such technique combines the different attributes into a single dissimilarity
matrix, bringing all of the meaningful attributes onto a common scale of the interval [0.0,
1.0].

Suppose that the data set contains p attributes of mixed type. The dissimilarity d(i, j)
between objects i and j is defined as
£ho 8]

rog tl

=170

dii, j)

Ilrl —— - - - - - - -
where the indicator % = ? if either (1) xif or xjr is missing (i.e., there is no measurement of

attribute f for object i or object j), or (2) xit = X; = 0 and attribute f is asymmetric binary;
III-I —— - - - - - - - - - -
otherwise, 8" =1 The contribution of attribute f to the dissimilarity between i and j (i.e.,

if
4 I) is computed dependent on its type:

|'.F| Xyf—Xy
. . .-_,|!I"- = - . . .
= If fis numeric: " Meuwmy e where horuns over all nonmissing objects for
attribute f.
. . . 4N — . N
= |If fis nominal or binary: “i if it = Xjr; otherwise, “i/ :
rp—1

= |Iffis ordinal: compute the ranks rirand “/ ~ ¥:=T and treat z as numeric.

These steps are identical to what we have already seen for each of the individual attribute
types. The only difference is for numeric attributes, where we normalize so that the values
map to the interval [0.0, 1.0]. Thus, the dissimilarity between objects can be computed
even when the attributes describing the objects are of different types.

73



[DATA MINING: CONCEPTS AND TECHNIQUES 3RD EDITION]

Dissimilarity between attributes of mixed type

Let's compute a dissimilarity matrix for the objects in Table 2.2. Now we will consider all
of the attributes, which are of different types. In Example 2.17, Example 2.18, Example
2.19, Example 2.20 and Example 2.21, we worked out the dissimilarity matrices for each
of the individual attributes. The procedures we followed for test-1 (which is nominal) and
test-2 (which is ordinal) are the same as outlined earlier for processing attributes of mixed
types. Therefore, we can use the dissimilarity matrices obtained for test-1 and test-2 later
when we compute Eq. (2.22). First, however, we need to compute the dissimilarity matrix

for the third attribute, test-3 (which is numeric). That is, we must compute i Following
the case for numeric attributes, we let /et = 64 and mimxy = 22, The difference between
the two is used in Eq. (2.22) to normalize the values of the dissimilarity matrix. The
resulting dissimilarity matrix for test-3 is

0
055 0O
045 00 0

040 014 086 O

We can now use the dissimilarity matrices for the three attributes in our computation of Eq.
L .
(2.22). The indicator %7 =1 for each of the three attributes, f. We get, for example,
) Lol | Dmac) |45
di3.1) = = =963 The resulting dissimilarity matrix obtained for the

data described by the three attributes of mixed types is:

0
085 0
065 083 0

013 071 079 0

From Table 2.2, we can intuitively guess that objects 1 and 4 are the most similar, based on
their values for test -1 and test -2. This is confirmed by the dissimilarity matrix, where d(4,
1) is the lowest value for any pair of different objects. Similarly, the matrix indicates that
objects 1 and 2 are the least similar.

2.4.7. Cosine Similarity
A document can be represented by thousands of attributes, each recording the frequency of
a particular word (such as a keyword) or phrase in the document. Thus, each document is
an object represented by what is called a term-frequency vector. For example, in Table 2.5,
we see that Documentl contains five instances of the word team, while hockey occurs three
times. The word coach is absent from the entire document, as indicated by a count value of
0. Such data can be highly asymmetric.
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Table 2.5Document Vector or Term-Frequency Vector

h S p S

c 0 b 0 e S e

t 0 c as c n c | a

Doc e a k eb c a 0 v g S

ume a c e al e It r i 9 0

nt m h y | r y e S n
Doc
ume

ntl 5 0 3 0 2 0 0 y. @ 0
Doc
ume

nt2 3 0 2 0 1 1 0 1 0 1
Doc
ume

nt3 0 7 0 2 1 0 0 3 0 0
Doc
ume

nt4 0 1 0 0 1 2 2 @ 3 0

Term-frequency vectors are typically very long and sparse (i.e., they have many 0 values).
Applications using such structures include information retrieval, text document clustering,
biological taxonomy, and gene feature mapping. The traditional distance measures that we
have studied in this chapter do not work well for such sparse numeric data. For example,
two term-frequency vectors may have many 0 values in common, meaning that the
corresponding documents do not share many words, but this does not make them similar.
We need a measure that will focus on the words that the two documents do have in
common, and the occurrence frequency of such words. In other words, we need a measure
for numeric data that ignores zero-matches.

Cosine similarity is a measure of similarity that can be used to compare documents or, say,
give a ranking of documents with respect to a given vector of query words. Let x and y be
two vectors for comparison. Using the cosine measure as a

similarity function, we have

(2.23)

simix, ¥) =

x-y
|F=lllxll”

)+ 1.'3 + -t 1.'-'
where ||x|| is the Euclidean norm of vector * = (¥1:¥2:--- ), defined as ".* :

Conceptually, it is the length of the vector. Similarly, |ly|| is the Euclidean norm of vector y
The measure computes the cosine of the angle between vectors x and y. A cosine value of 0
means that the two vectors are at 90 degrees to each other (orthogonal) and have no match.
The closer the cosine value to 1, the smaller the angle and the greater the match between
vectors. Note that because the cosine similarity measure does not obey all of the properties
of Section 2.4.4 defining metric measures, it is referred to as a nonmetric measure.
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Cosine similarity between two term-frequency vectors

Suppose that x and y are the first two term-frequency vectors in Table 2.5. That is,
X =(5.0.3.0.2.0.0.2.0.01 gpq ¥ = (3.0.2.0.1. LO.LO. 1) How similar are x and y? Using Eq.
(2.23) to compute the cosine similarity between the two vectors, we get:

oy = 534050432 +0x042x140x14+0x0+2x1
+0x 0401 =25

|| = V52402 +32+02+22 402 4+02 + 224+ 0% +0% = 6.48
¥l = V324024224024 124+ 12402+ 12407+ 12 = 4.12
simix, y) = 0.94

Therefore, if we were using the cosine similarity measure to compare these documents,
they would be considered quite similar.

When attributes are binary-valued, the cosine similarity function can be interpreted in
terms of shared features or attributes. Suppose an object x possesses the ith attribute if x; =
1. Then x*' - y is the number of attributes possessed (i.e., shared) by both x and y, and |x||y| is
the geometric mean of the number of attributes possessed by x and the number possessed
by y. Thus, sim(x, y) is a measure of relative possession of common attributes.

A simple variation of cosine similarity for the preceding scenario is

(2.24)
. x-¥
simlx, y) =

XXty y—xy

which is the ratio of the number of attributes shared by x and y to the number of attributes
possessed by x or y. This function, known as the Tanimoto coefficient or Tanimoto
distance, is frequently used in information retrieval and biology taxonomy.

2.5. Summary
m Data sets are made up of data objects. A data object represents an entity. Data objects are
described by attributes. Attributes can be nominal, binary, ordinal, or numeric.

m The values of a nominal (or categorical) attribute are symbols or names of things, where
each value represents some kind of category, code, or state.

m Binary attributes are nominal attributes with only two possible states (such as 1 and 0 or
true and false). If the two states are equally important, the attribute is symmetric; otherwise
it is asymmetric.

m An ordinal attribute is an attribute with possible values that have a meaningful order or
ranking among them, but the magnitude between successive values is not known.

m A numeric attribute is quantitative (i.e., it is a measurable quantity) represented in
integer or real values. Numeric attribute types can be interval-scaled or ratio-scaled. The
values of an interval-scaled attribute are measured in fixed and equal units. Ratio-scaled
attributes are numeric attributes with an inherent zero-point. Measurements are ratio-scaled
in that we can speak of values as being an order of magnitude larger than the unit of
measurement.
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m Basic statistical descriptions provide the analytical foundation for data preprocessing.
The basic statistical measures for data summarization include mean, weighted mean,
median, and mode for measuring the central tendency of data; and range, quantiles,
quartiles, interquartile range, variance, and standard deviation for measuring the
dispersion of data. Graphical representations (e.g., boxplots, quantile plots, quantile-
quantile plots, histograms, and scatter plots) facilitate visual inspection of the data and are
thus useful for data preprocessing and mining.

m Data visualization techniques may be pixel-oriented, geometric-based, icon-based, or
hierarchical. These methods apply to multidimensional relational data. Additional
techniques have been proposed for the visualization of complex data, such as text and
social networks.

m Measures of object similarity and dissimilarity are used in data mining applications such
as clustering, outlier analysis, and nearest-neighbor classification. Such measures of
proximity can be computed for each attribute type studied in this chapter, or for
combinations of such attributes. Examples include the Jaccard coefficient for asymmetric
binary attributes and Euclidean, Manhattan, Minkowski, and supremum distances for
numeric attributes. For applications involving sparse numeric data vectors, such as term-
frequency vectors, the cosine measure and the Tanimoto coefficient are often used in the
assessment of similarity.
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3. Data Preprocessing

Today's real-world databases are highly susceptible to noisy, missing, and inconsistent data
due to their typically huge size (often several gigabytes or more) and their likely origin
from multiple, heterogenous sources. Low-quality data will lead to low-quality mining
results. “How can the data be preprocessed in order to help improve the quality of the data
and, consequently, of the mining results? How can the data be preprocessed so as to
improve the efficiency and ease of the mining process?”

There are several data preprocessing techniques. Data cleaning can be applied to remove
noise and correct inconsistencies in data. Data integration merges data from multiple
sources into a coherent data store such as a data warehouse. Data reduction can reduce
data size by, for instance, aggregating, eliminating redundant features, or clustering. Data
transformations (e.g., normalization) may be applied, where data are scaled to fall within a
smaller range like 0.0 to 1.0. This can improve the accuracy and efficiency of mining
algorithms involving distance measurements. These techniques are not mutually exclusive;
they may work together. For example, data cleaning can involve transformations to correct
wrong data, such as by transforming all entries for a date field to a common format.In
Chapter 2, we learned about the different attribute types and how to use basic statistical
descriptions to study data characteristics. These can help identify erroneous values and
outliers, which will be useful in the data cleaning and integration steps. Data processing
techniques, when applied before mining, can substantially improve the overall quality of
the patterns mined and/or the time required for the actual mining.In this chapter, we
introduce the basic concepts of data preprocessing in Section 3.1. The methods for data
preprocessing are organized into the following categories: data cleaning (Section 3.2), data
integration (Section 3.3), data reduction (Section 3.4), and data transformation (Section
3.5).

3.1. Data Preprocessing: An Overview
This section presents an overview of data preprocessing. Section 3.1.1 illustrates the many
elements defining data quality. This provides the incentive behind data preprocessing.
Section 3.1.2 outlines the major tasks in data preprocessing.
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3.1.1. Data Quality: Why Preprocess the Data?
Data have quality if they satisfy the requirements of the intended use. There are many
factors comprising data quality, including accuracy, completeness, consistency, timeliness,
believability, and interpretability.

Imagine that you are a manager at AllElectronics and have been charged with analyzing the
company's data with respect to your branch's sales. You immediately set out to perform
this task. You carefully inspect the company's database and data warehouse, identifying
and selecting the attributes or dimensions (e.g., item, price, and units_sold ) to be included
in your analysis. Alas! You notice that several of the attributes for various tuples have no
recorded value. For your analysis, you would like to include information as to whether
each item purchased was advertised as on sale, yet you discover that this information has
not been recorded. 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);
inaccurate or noisy (containing errors, or values that deviate from the expected); and
inconsistent (e.g., containing discrepancies in the department codes used to categorize
items). Welcome to the real world!

This scenario illustrates three of the elements defining data quality: accuracy,
completeness, and consistency. Inaccurate, incomplete, and inconsistent data are
commonplace properties of large real-world databases and data warehouses. There are
many possible reasons for inaccurate data (i.e., having incorrect attribute values). The data
collection instruments used may be faulty. There may have been human or computer errors
occurring at data entry. Users may purposely submit incorrect data values for mandatory
fields when they do not wish to submit personal information (e.g., by choosing the default
value “January 1” displayed for birthday). This is known as disguised missing data. 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, or inconsistent
formats for input fields (e.g., date). Duplicate tuples also require data cleaning.

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 they were not considered important at the time of entry.
Relevant data may not be recorded due to a misunderstanding or because of equipment
malfunctions. Data that were inconsistent with other recorded data may have been deleted.
Furthermore, the recording of the data history or modifications may have been overlooked.
Missing data, particularly for tuples with missing values for some attributes, may need to
be inferred.

Recall that data quality depends on the intended use of the data. Two different users may
have very different assessments of the quality of a given database. For example, a
marketing analyst may need to access the database mentioned before for a list of customer
addresses. Some of the addresses are outdated or incorrect, yet overall, 80% of the
addresses are accurate. The marketing analyst considers this to be a large customer
database for target marketing purposes and is pleased with the database's accuracy,
although, as sales manager, you found the data inaccurate.

Timeliness also affects data quality. Suppose that you are overseeing the distribution of
monthly sales bonuses to the top sales representatives at AllElectronics. Several sales
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representatives, however, fail to submit their sales records on time at the end of the month.
There are also a number of corrections and adjustments that flow in after the month's end.
For a period of time following each month, the data stored in the database are incomplete.
However, once all of the data are received, it is correct. The fact that the month-end data
are not updated in a timely fashion has a negative impact on the data quality.

Two other factors affecting data quality are believability and interpretability. Believability
reflects how much the data are trusted by users, while interpretability reflects how easy the
data are understood. Suppose that a database, at one point, had several errors, all of which
have since been corrected. The past errors, however, had caused many problems for sales
department users, and so they no longer trust the data. The data also use many accounting
codes, which the sales department does not know how to interpret. Even though the
database is now accurate, complete, consistent, and timely, sales department users may
regard it as of low quality due to poor believability and interpretability.

3.1.2. Major Tasks in Data Preprocessing
In this section, we look at the major steps involved in data preprocessing, namely, data
cleaning, data integration, data reduction, and data transformation.

Data cleaning routines work to “clean” the data by filling in missing values, smoothing
noisy data, identifying or removing outliers, and resolving inconsistencies. If users believe
the data are dirty, they are unlikely to trust the results of any data mining that has been
applied. Furthermore, dirty data can cause confusion for the mining procedure, resulting in
unreliable output. Although most mining routines have some procedures for dealing with
incomplete or noisy data, they are not always robust. Instead, they may concentrate on
avoiding overfitting the data to the function being modeled. Therefore, a useful
preprocessing step is to run your data through some data cleaning routines. Section 3.2
discusses methods for data cleaning.

Getting back to your task at AllElectronics, suppose that you would like to include data
from multiple sources in your analysis. This would involve integrating multiple databases,
data cubes, or files (i.e., data integration). Yet some attributes representing a given concept
may have different names in different databases, causing inconsistencies and redundancies.
For example, the attribute for customer identification may be referred to as customer_id in
one data store and cust_id in another. Naming inconsistencies may also occur for attribute
values. For example, the same first name could be registered as “Bill” in one database,
“William” in another, and “B.” in a third. Furthermore, you suspect that some attributes
may be inferred from others (e.g., annual revenue). Having a large amount of redundant
data may slow down or confuse the knowledge discovery process. Clearly, in addition to
data cleaning, steps must be taken to help avoid redundancies during data integration.
Typically, data cleaning and data integration are performed as a preprocessing step when
preparing data for a data warehouse. Additional data cleaning can be performed to detect
and remove redundancies that may have resulted from data integration.

“Hmmm,” you wonder, as you consider your data even further. “The data set | have
selected for analysis is HUGE, which is sure to slow down the mining process. Is there a
way | can reduce the size of my data set without jeopardizing the data mining results?”
Data reduction obtains a reduced representation of the data set that is much smaller in
volume, yet produces the same (or almost the same) analytical results. Data reduction
strategies include dimensionality reduction and numerosity reduction.
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In dimensionality reduction, data encoding schemes are applied so as to obtain a reduced
or “compressed” representation of the original data. Examples include data compression
techniques (e.g., wavelet transforms and principal components analysis), attribute subset
selection (e.g., removing irrelevant attributes), and attribute construction (e.g., where a
small set of more useful attributes is derived from the original set).

In numerosity reduction, the data are replaced by alternative, smaller representations using
parametric models (e.g., regression or log-linear models) or nonparametric models (e.g.,
histograms, clusters, sampling, or data aggregation). Data reduction is the topic of Section
3.4.

Getting back to your data, you have decided, say, that you would like to use a distance-
based mining algorithm for your analysis, such as neural networks, nearest-neighbor
classifiers, or clustering.! Such methods provide better results if the data to be analyzed
have been normalized, that is, scaled to a smaller range such as [0.0, 1.0]. Your customer
data, for example, contain the attributes age and annual salary. The annual salary attribute
usually takes much larger values than age. Therefore, if the attributes are left
unnormalized, the distance measurements taken on annual salary will generally outweigh
distance measurements taken on age. Discretization and concept hierarchy generation can
also be useful, where raw data values for attributes are replaced by ranges or higher
conceptual levels. For example, raw values for age may be replaced by higher-level
concepts, such as youth, adult, or senior.

Discretization and concept hierarchy generation are powerful tools for data mining in that
they allow data mining at multiple abstraction levels. Normalization, data discretization,
and concept hierarchy generation are forms of data transformation. You soon realize such
data transformation operations are additional data preprocessing procedures that would
contribute toward the success of the mining process. Data integration and data
discretization are discussed in Sections 3.5.

Figure 3.1 summarizes the data preprocessing steps described here. Note that the previous
categorization is not mutually exclusive. For example, the removal of redundant data may
be seen as a form of data cleaning, as well as data reduction.

' Neural networks and nearest-neighbor classifiers are described in Chapter 9 and clustering is discussed in
Chapter 10 and Chapter 11.
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Figure 3.1 Forms of data preprocessing.

In summary, real-world data tend to be dirty, incomplete, and inconsistent. Data
preprocessing techniques can improve data quality, 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.

3.2. 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. In this section, you will study basic
methods for data cleaning.

Section 3.2.1 looks at ways of handling missing values. Section 3.2.2 explains data
smoothing techniques. Section 3.2.3 discusses approaches to data cleaning as a process.

3.2.1. 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? Let's look at the following
methods.

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. By ignoring the tuple, we do not make use
of the remaining attributes' values in the tuple. Such data could have been useful to the task
at hand.

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.
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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 —co. 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 a measure of central tendency for the attribute (e.g., the mean or median) to fill in
the missing value: Chapter 2 discussed measures of central tendency, which indicate the
“middle” value of a data distribution. For normal (symmetric) data distributions, the mean
can be used, while skewed data distribution should employ the median (Section 2.2). For
example, suppose that the data distribution regarding the income of AllElectronics
customers is symmetric and that the mean income is $56,000. Use this value to replace the
missing value for income.

5. Use the attribute mean or median for all samples belonging to the same class as the
given tuple: For example, if classifying customers according to credit_risk, we may replace
the missing value with the mean income value for customers in the same credit risk
category as that of the given tuple. If the data distribution for a given class is skewed, the
median value is a better choice.

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. Decision trees and Bayesian
inference are described in detail in Chapter 8 and Chapter 9 , respectively, while
regression is introduced in Section 3.4.5.

Methods 3 through 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 other
attributes' values 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 (e.g., “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 database and data entry procedure design
should help minimize the number of missing values or errors in the first place.

3.2.2. Noisy Data
“What is noise?” Noise is a random error or variance in a measured variable. In Chapter 2,
we saw how some basic statistical description techniques (e.g., boxplots and scatter plots),
and methods of data visualization can be used to identify outliers, which may represent
noise. Given a numeric 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.
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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.

Figure 3.2 illustrates some binning techniques. In this example, the data for price are first
sorted and then partitioned into equal-frequency bins of size 3 (i.e., each bin contains three
values). 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.

Sorted data for price (in dollars): 4, 5,15, 21, 21, 24, 35, 28, 34

Partition inte (equal-frequency) bins:
Bin 1: 4,8, 15

Bin 2z 201, 21. 24

Ben 3; 25, 28, M

Smoothing by bin means:

B 1z 9,9, %
Bary 2: 22,22 X1
B 3 29, 14 10

Smaoothing by bin boundaries:

Birn 1z 4,4, 15
Bin2: 21,21, 24
Rim 3= 25, 25, 34

Figure 3.2 Binning methods for data smoothing.

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 and is further
discussed in Section 3.5.

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. Regression is further described in Section 3.4.5

Outlier analysis: Outliers may be detected by clustering, for example, where similar values
are organized into groups, or “clusters.” Intuitively, values that fall outside of the set of
clusters may be considered outliers (Figure 3.3).

Chapter 12 is dedicated to the topic of outlier analysis.
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Figure 3.3 A 2-D customer data plot with respect to customer locations in a city, showing three data clusters. Outliers may be detected as
values that fall outside of the cluster sets.

Many data smoothing methods are also used for data discretization (a form of data
transformation) and data reduction. For example, the binning techniques described before
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 makes
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. Data discretization is discussed
in Section 3.5 . Some methods of classification (e.g., neural networks) have built-in data
smoothing mechanisms. Classification is the topic of Chapter 8 and Chapter 9.

3.2.3. Data Cleaning as a Process
Missing values, noise, and inconsistencies contribute to inaccurate data. So far, we have
looked at techniques for handling missing data and for smoothing 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), and data decay (e.g., outdated addresses).
Discrepancies may also arise from inconsistent data representations and inconsistent use of
codes. Other sources of discrepancies include 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. This is where we can make use of the
knowledge we gained about our data in

Chapter 2

! . Data integration and the removal of redundant data that can result from such integration are
further described in Section 3.3.
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. For example, what are the data type and domain of each attribute? What are the
acceptable values for each attribute? The basic statistical data descriptions discussed in
Section 2.2 are useful here to grasp data trends and identify anomalies. For example, find
the mean, median, and mode values. Are the data symmetric or skewed? What is the range
of values? Do all values fall within the expected range? What is the standard deviation of
each attribute? Values that are more than two standard deviations away from the mean for
a given attribute may be flagged as potential outliers. Are there any known dependencies
between attributes? In this step, you may write your own scripts and/or use some of the
tools that we discuss further later. 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 (e.g., “2010/12/25” and “25/12/2010” for date). Field
overloading is another error source that typically results when developers squeeze new
attribute definitions into unused (bit) portions of already defined attributes (e.g., an unused
bit of an attribute that has a value range that 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 in Section 3.2.1

, 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
numeric attributes, a blank for character attributes, or any other conventions that may be in
use (e.g., entries like “don't know” or ”?” should be transformed to blank).

There are a number of different commercial tools that can aid in the discrepancy detection
step. 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 basic statistical data descriptions
presented in Section 2.2. 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. 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
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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 “20010” 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 mistakenly created. 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 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 automatically performs discrepancy checking 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.

3.3. Data Integration
Data mining often requires data integration—the merging of data from multiple data stores.
Careful integration can help reduce and avoid redundancies and inconsistencies

in the resulting data set. This can help improve the accuracy and speed of the subsequent
data mining process.

The semantic heterogeneity and structure of data pose great challenges in data integration.
How can we match schema and objects from different sources? This is the essence of the
entity identification problem, described in Section 3.3.1. Are any attributes correlated?
Section 3.3.2 presents correlation tests for numeric and nominal data. Tuple duplication is
described in Section 3.3.3. Finally, Section 3.3.4 touches on the detection and resolution
of data value conflicts.
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3.3.1. Entity Identification Problem
It is likely that your data analysis task will involve data integration, which combines data
from multiple sources into a coherent data store, as in data warehousing. These sources
may include multiple databases, data cubes, or flat files.

There are a number of issues to consider during data integration. Schema integration and
object matching can be tricky. How can equivalent real-world entities from multiple data
sources be matched up? This is referred to as the entity identification problem. 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 (Section 3.2 ). Such
metadata can be used to help avoid errors in schema integration. The metadata may also be
used to help transform the data (e.g., where data codes for pay_type in one database may
be “H” and “S” but 1 and 2 in another). Hence, this step also relates to data cleaning, as
described earlier.

When matching attributes from one database to another during integration, special
attention must be paid to the structure of the data. This is to ensure that any attribute
functional dependencies and referential constraints in the source system match those in the
target system. For example, in one system, a discount may be applied to the order, whereas
in another system it is applied to each individual line item within the order. If this is not
caught before integration, items in the target system may be improperly discounted.

3.3.2. Redundancy and Correlation Analysis
Redundancy is another important issue in data integration. 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 correlation analysis. Given two attributes, such
analysis can measure how strongly one attribute implies the other, based on the available
data. For nominal data, we use the »* (chi-square) test. For numeric attributes, we can use
the correlation coefficient and covariance, both of which access how one attribute's values
vary from those of another.

5 Correlation Test for Nominal Data

For nominal 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 a;, ay, ... a. B
has r distinct values, namely by, by, ... b,. The data tuples described by A and B can be
shown as a contingency table, with the ¢ values of A making up the columns and the r
values of B making up the rows. Let (A;, B;) denote the joint event that attribute A takes on
value a; and attribute B takes on value bj, that is, where (A = a;, B = b;). Each and every
possible (A, Bj) joint event has its own cell (or slot) in the table. The 5 value (also known
as the Pearson y’statistic) is computed as

(3.1)
o I

i—1 =1 i

where 0jj is the observed frequency (i.e., actual count) of the joint event (A;, Bj) and e; is
the expected frequency of (A, B;), which can be computed as
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(3.2)

count{A = a;) % count(B = bj)

€= n
where n is the number of data tuples, count(A = a;) is the number of tuples having value a;
for A, and count(B = bj) is the number of tuples having value b; for B. The sum in Eq. (3.1)
is computed over all of the r x ¢ cells. Note that the cells that contribute the most to the y*
value are those for which the actual count is very different from that expected.

The »* statistic tests the hypothesis that A and B are independent, that is, there is no
correlation between them. The test is based on a significance level, with (r — 1) x (c — 1)
degrees of freedom. We illustrate the use of this statistic in Example 3.1.

If the hypothesis can be rejected, then we say that A and B are statistically correlated.

Correlation analysis of nominal attributes using »?

Suppose that a group of 1500 people was surveyed. The gender of each person was noted.
Each person was polled as to whether his or her 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 Table 3.1 , where the numbers in parentheses are the expected
frequencies. The expected frequencies are calculated based on the data distribution for both
attributes using Eq. (3.2).

Using Eq. (3.2) , we can verify the expected frequencies for each cell. For example, the
expected frequency for the cell (male, fiction) is

cewtnd{meale ) J cownt| fferon) 300 = 450
n o 15000

el =

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

Eq. (3.1)

for »* computation, we get

(250 903" (50—210%  (200—360)° (1000 —840)°

= + +
“ 90 210 3601 840
— 28444+ 121.90+ T1.11 4 30.48 = 507.93.

For this 2 x 2 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 4 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.
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Table 3.1Example 2.1's 2 x 2 Contingency Table Data

male female Total
fiction 250 (90) 200 (360) 450
non_fiction 50 (210) 1000 (840) 1050
Total 300 1200 1500
Note: Are gender and preferred_reading correlated?

Correlation Coefficient for Numeric Data

For numeric 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

(3.3)
t (a;— A)(bi—B) Z (aibi) — nAR
=1

i=1

e nay Oy - no,Op

where n is the number of tuples, a; and b; are the respective values of A and B in tuple i, 4
and B are the respective mean values of A and B, oa and og are the respective standard
deviations of A and B (as defined in Section 2.2.2 ), and X(ajb;) is the sum of the AB cross-
product (i.e., for each tuple, the value for A is multiplied by the value for B in that tuple).
Note that—1 < ra g < +1. If ra g is greater than O, 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 (Section 2.2.3). For example, Figure 2.8 's scatter plots
respectively show positively correlated data and negatively correlated data, while Figure
2.9 displays uncorrelated data.

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.

Covariance of Numeric Data

In probability theory and statistics, correlation and covariance are two similar measures for
assessing how much two attributes change together. Consider two numeric attributes A and
B, and a set of n observations {(ai, bi), ..., (@, bn)}. The mean values of A and B,
respectively, are also known as the expected values on A and B, that is,
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The covariance between A and B is defined as (3.4)

. _ n o fap— Al (b — B)
CoviA.B) = E((A—A|(B—B)) = Ll (e AN )

n

If we compare Eq. (3.3) for ra g (correlation coefficient) with Eq. (3.4) for covariance, we

see that (3.5)
Cov(A, B

rap=——.

AR G105

where o5 and og are the standard deviations of A and B, respectively. It can also be shown
that (3.6)

Cov(A,B) = E(A-B)— AB.
This equation may simplify calculations.

For two attributes A and B that tend to change together, if A is larger than A4 (the expected
value of A), then B is likely to be larger than B (the expected value of B). Therefore, the
covariance between A and B is positive. On the other hand, if one of the attributes tends to
be above its expected value when the other attribute is below its expected value, then the
covariance of A and B is negative.

If A 'and B are independent (i.e., they do not have correlation), then E(A - B) = E(A) - E(B).
Therefore, the covariance is CoV(A.B) =E(A-B)—AB=E(A)-E(B) —AB=0_However, the
converse is not true. Some pairs of random variables (attributes) may have a covariance of
0 but are not independent. Only under some additional assumptions (e.g., the data follow
multivariate normal distributions) does a covariance of 0 imply independence.

Covariance analysis of numeric attributes

Consider Table 3.2 , which presents a simplified example of stock prices observed at five
time points for AllElectronics and HighTech, a high-tech company. If the stocks are
affected by the same industry trends, will their prices rise or fall together?

6+5+44+3+2 20

ElAlElectronics) = B Ll
and

20+104+14454+5 54
EiHighTech) = : - —$10.50.

Thus, using Eq. (3.4) , we compute

BxA0+5x10+d =144+ 3=5+2x5

CoviAllElecironcis, HighTech) = 5

— 4= 1080
=502-432=7.
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Therefore, given the positive covariance we can say that stock prices for both companies
rise together.

Table 3.2Stock Prices for AllElectronics and HighTech

Time point AllElectronics HighTech
t1 6 20

t2 5 10

t3 4 14

t4 3 5

t5 2 5

Variance is a special case of covariance, where the two attributes are identical (i.e., the
covariance of an attribute with itself). VVariance was discussed in Chapter 2.

3.3.3. Tuple Duplication
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 join s) is another source of data redundancy. Inconsistencies
often arise between various duplicates, due to inaccurate data entry or updating some but
not all data occurrences. 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.

3.3.4. Data Value Conflict Detection and Resolution

Data integration also involves 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 a hotel chain, the price of rooms in different cities may involve not only
different currencies but also different services (e.g., free breakfast) and taxes. When
exchanging information between schools, for example, each school may have its own
curriculum and grading scheme. 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
difficult to work out precise course-to-grade transformation rules between the two
universities, making information exchange difficult.

Attributes may also differ on the abstraction level, where an attribute in one system is
recorded at, say, a lower abstraction level than the “same” attribute 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 topic of discrepancy detection is further
described in Section 3.2.3 on data cleaning as a process.
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3.4. Data Reduction
Imagine that you have selected data from the AllElectronics data warehouse for analysis.
The data set will likely be huge! Complex data analysis and mining on huge amounts of
data can take a long time, making such analysis impractical or infeasible.

Data reduction techniques can be applied to obtain a reduced representation of the data set
that is much smaller in volume, yet closely maintains the integrity of the original data. That
is, mining on the reduced data set should be more efficient yet produce the same (or almost
the same) analytical results. In this section, we first present an overview of data reduction
strategies, followed by a closer look at individual techniques.

3.4.1. Overview of Data Reduction Strategies
Data reduction strategies include dimensionality reduction, numerosity reduction, and data
compression.

Dimensionality reduction is the process of reducing the number of random variables or
attributes under consideration. Dimensionality reduction methods include wavelet
transforms ( Section 3.4.2 ) and principal components analysis ( Section 3.4.3 ), which
transform or project the original data onto a smaller space. Attribute subset selection is a
method of dimensionality reduction in which irrelevant, weakly relevant, or redundant
attributes or dimensions are detected and removed ( Section 3.4.4).

Numerosity reduction techniques replace the original data volume by alternative, smaller
forms of data representation. 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.)
Regression and log-linear models ( Section 3.4.5 ) are examples. Nonparametric
methodsfor storing reduced representations of the data include histograms ( Section 3.4.6 ),
clustering (Section 3.4.7), sampling (Section 3.4.8), and data cube aggregation
(Section3.4.9).

In data compression, transformations are applied so as to obtain a reduced or “compressed”
representation of the original data. If the original data can be reconstructed from the
compressed data without any information loss, the data reduction is called lossless. If,
instead, we can reconstruct only an approximation of the original data, then the data
reduction is called lossy. There are several lossless algorithms for string compression;
however, they typically allow only limited data manipulation. Dimensionality reduction
and numerosity reduction techniques can also be considered forms of data compression.

There are many other ways of organizing methods of data reduction. The computational
time spent on data reduction should not outweigh or “erase” the time saved by mining on a
reduced data set size.

3.4.2. Wavelet Transforms
The discrete wavelet transform (DWT) is a linear signal processing technique that, when
applied to a data vector X, transforms it to a numerically different vector, X', of wavelet
coefficients. The two vectors are of the same length. When applying this technique to data
reduction, we consider each tuple as an n-dimensional data vector, that is, X = (X, X, ...,
Xn), depicting n measurements made on the tuple from n database attributes.*

2 In our notation, any variable representing a vector is shown in bold italic font; measurements
depicting the vector are shown in italic font.
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“How can this technique be useful for data reduction if the wavelet transformed data are
of the same length as the original data?” The usefulness lies in the fact that the wavelet
transformed data can be truncated. A compressed approximation of the data can be retained
by storing only a small fraction of the strongest of the wavelet coefficients. For example,
all wavelet coefficients larger than some user-specified threshold can be retained. All other
coefficients are set to 0. The resulting data representation is therefore very sparse, so that
operations that can take advantage of data sparsity are computationally very fast if
performed in wavelet space. The technique also works to remove noise without smoothing
out the main features of the data, making it effective for data cleaning as well. Given a set
of coefficients, an approximation of the original data can be constructed by applying the
inverse of the DWT used.

The DWT is closely related to the discrete Fourier transform (DFT), a signal processing
technique involving sines and cosines. In general, however, the DWT achieves better lossy
compression. That is, if the same number of coefficients is retained for a DWT and a DFT
of a given data vector, the DWT version will provide a more accurate approximation of the
original data. Hence, for an equivalent approximation, the DWT requires less space than
the DFT. Unlike the DFT, wavelets are quite localized in space, contributing to the
conservation of local detail. There is only one DFT, yet there are several families of
DWTs.

Figure 3.4 shows some wavelet families. Popular wavelet transforms include the Haar-2,
Daubechies-4, and Daubechies-6. The general procedure for applying a discrete wavelet
transform uses a hierarchical pyramid algorithm that halves the data at each iteration,
resulting in fast computational speed. The method is as follows:

1. The length, L, of the input data vector must be an integer power of 2. This condition can
be met by padding the data vector with zeros as necessary (L > n).

2. Each transform involves applying two functions. The first applies some data smoothing,
such as a sum or weighted average. The second performs a weighted difference, which acts
to bring out the detailed features of the data.

3. The two functions are applied to pairs of data points in X, that is, to all pairs of
measurements (Xzi, Xoi + 1). This results in two data sets of length L/2. In general, these
represent a smoothed or low-frequency version of the input data and the high-frequency
content of it, respectively.

4. The two functions are recursively applied to the data sets obtained in the previous loop,
until the resulting data sets obtained are of length 2.

5. Selected values from the data sets obtained in the previous iterations are designated the
wavelet coefficients of the transformed data.
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Figure 3.4

Examples of wavelet families. The number next to a wavelet name is the number of vanishing moments of the wavelet. This is a set of
mathematical relationships that the coefficients must satisfy and is related to the number of coefficients.

Equivalently, a matrix multiplication can be applied to the input data in order to obtain the
wavelet coefficients, where the matrix used depends on the given DWT. The matrix must
be orthonormal, meaning that the columns are unit vectors and are mutually orthogonal, so
that the matrix inverse is just its transpose. Although we do not have room to discuss it
here, this property allows the reconstruction of the data from the smooth and smooth-
difference data sets. By factoring the matrix used into a product of a few sparse matrices,
the resulting “fast DWT” algorithm has a complexity of O(n) for an input vector of length
n.

Wavelet transforms can be applied to multidimensional data such as a data cube. This is
done by first applying the transform to the first dimension, then to the second, and so on.
The computational complexity involved is linear with respect to the number of cells in the
cube. Wavelet transforms give good results on sparse or skewed data and on data with
ordered attributes. Lossy compression by wavelets is reportedly better than JPEG
compression, the current commercial standard. Wavelet transforms have many real-world
applications, including the compression of fingerprint images, computer vision, analysis of
time-series data, and data cleaning.

3.4.3. Principal Components Analysis
In this subsection we provide an intuitive introduction to principal components analysis as
a method of dimesionality reduction. A detailed theoretical explanation is beyond the
scope of this book. For additional references, please see the bibliographic notes
(Section3.8) at the end of this chapter.

Suppose that the data to be reduced consist of tuples or data vectors described by n
attributes or dimensions. Principal components analysis (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
(Section 3.4.4), 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.
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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 3.5 shows the first two principal components, Y,
and Y,, for the given set of data originally mapped to the axes X; and X,. This information
helps identify groups or patterns within the data.

4. Because the components are sorted in decreasing order of “significance,” the data size
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.

!..

Figure 3.5 Principal components analysis. Y; and Y, are the first two principal components for the given data.

PCA can be applied to ordered and unordered attributes, and 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.

3.4.4. Attribute Subset Selection
Data sets for analysis may contain hundreds of attributes, many of which may be irrelevant
to the mining task or redundant. For example, if the task is to classify customers based on
whether or not they are likely to purchase a popular new CD at AllElectronics when
notified of a sale, attributes such as the customer's telephone number are likely to be
irrelevant, unlike attributes such as age or music_taste. Although it may be possible for a
domain expert to pick out some of the useful attributes, this can be a difficult and time-
consuming task, especially when the data's behavior is not well known. (Hence, a reason
behind its analysis!) Leaving out relevant attributes or keeping irrelevant attributes may be
detrimental, causing confusion for the mining algorithm employed. This can result in
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discovered patterns of poor quality. In addition, the added volume of irrelevant or
redundant attributes can slow down the mining process.

Attribute subset selection®

reduces the data set size by removing irrelevant or redundant attributes (or dimensions).
The goal of attribute subset selection is to find a minimum 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. Mining on a reduced set of attributes has an
additional benefit: It reduces the number of attributes appearing in the discovered patterns,
helping to make the patterns easier to understand.

“How can we find a ‘good’ subset of the original attributes?” For n attributes, there are 2"
possible subsets. An exhaustive search for the optimal subset of attributes can be
prohibitively expensive, especially as n and the number of data classes increase. Therefore,
heuristic methods that explore a reduced search space are commonly used for attribute
subset selection. These methods are typically greedy in that, while searching through
attribute space, they always make what looks to be the best choice at the time. Their
strategy is to make a locally optimal choice in the hope that this will lead to a globally
optimal solution. Such greedy methods are effective in practice and may come close to
estimating an optimal solution.

The “best” (and “worst”) attributes are typically determined using tests of statistical
significance, which assume that the attributes are independent of one another. Many other
attribute evaluation measures can be used such as the information gain measure used in
building decision trees for classification.?

Basic heuristic methods of attribute subset selection include the techniques that follow,
some of which are illustrated in Figure 3.6.
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Figure 3.6

Greedy (heuristic) methods for attribute subset selection.

. In machine learning, attribute subset selection is known as feature subset selection.

2. The information gain measure is described in detail in Chapter 8.
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1. Stepwise forward selection: The procedure starts with an empty set of attributes as the
reduced set. The best of the original attributes is determined and added to the reduced set.
At each subsequent iteration or step, the best of the remaining original attributes is added
to the set.

2. Stepwise backward elimination: The procedure starts with the full set of attributes. At
each step, it removes the worst attribute remaining in the set.

3. Combination of forward selection and backward elimination: The stepwise forward
selection and backward elimination methods can be combined so that, at each step, the
procedure selects the best attribute and removes the worst from among the remaining
attributes.

4. Decision tree induction: Decision tree algorithms (e.g., ID3, C4.5, and CART) were
originally intended for classification. Decision tree induction constructs a flowchart-like
structure where each internal (nonleaf) node denotes a test on an attribute, each branch
corresponds to an outcome of the test, and each external (leaf) node denotes a class
prediction. At each node, the algorithm chooses the “best” attribute to partition the data
into individual classes.

When decision tree induction is used for attribute subset selection, a tree is constructed
from the given data. All attributes that do not appear in the tree are assumed to be
irrelevant. The set of attributes appearing in the tree form the reduced subset of
attributes.The stopping criteria for the methods may vary. The procedure may employ a
threshold on the measure used to determine when to stop the attribute selection process.In
some cases, we may want to create new attributes based on others. Such attribute
construction! can help improve accuracy and understanding of structure in high-
dimensional data. For example, we may wish to add the attribute area based on the
attributes height and width. By combining attributes, attribute construction can discover
missing information about the relationships between data attributes that can be useful for
knowledge discovery.

3.4.5. Regression and Log-Linear Models: Parametric Data Reduction
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 (3.7)

y=wx+h,

where the variance of y is assumed to be constant. In the context of data mining, x and y
are numeric 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.

! In the machine learning literature, attribute construction is known as feature construction.
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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. Several software packages exist to solve regression problems. Examples
include SAS ( www.sas.com ), SPSS ( www.spss.com ), and S-Plus ( www.insightful.com).
Another useful resource is the book Numerical Recipes in C, by Press, Teukolsky,
Vetterling, and Flannery [PTVF07] and its associated source code.

3.4.6. Histograms
Histograms use binning to approximate data distributions and are a popular form of data
reduction. Histograms were introduced in Section 2.2.3. A histogram for an attribute, A,
partitions the data distribution of A into disjoint subsets, referred to as buckets or bins. 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.

Histograms

The following data are a list of AllElectronics prices for commonly sold items (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 3.7

shows a histogram for the data using singleton buckets. To further reduce the data, it is
common to have each bucket denote a continuous value range for the given attribute. In

Figure 3.8

, each bucket represents a different $10 range for price.
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Figure 3.7 A histogram for price using singleton buckets—each bucket represents one price-value/frequency pair.
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Figure 3.8 An equal-width histogram for price, where values are aggregated so that each bucket has a uniform width of $10.

“How are the buckets determined and the attribute values partitioned?” There are several
partitioning rules, including the following:

m Equal-width: In an equal-width histogram, the width of each bucket range is uniform
(e.g., the width of $10 for the buckets in Figure 3.8 ).

m Equal-frequency (or equal-depth): In an equal-frequency histogram, the buckets are
created so that, roughly, the frequency of each bucket is constant (i.e., each bucket contains
roughly the same number of contiguous data samples).

Histograms are highly effective at approximating both sparse and dense data, as well as
highly skewed and uniform data. The histograms described before for single attributes can
be extended for multiple attributes. Multidimensional histograms can capture dependencies
between attributes. These histograms have been found effective in approximating data with
up to five attributes. More studies are needed regarding the effectiveness of
multidimensional histograms for high dimensionalities.Singleton buckets are useful for
storing high-frequency outliers.

3.4.7. 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

100



[DATA MINING: CONCEPTS AND TECHNIQUES 3RD EDITION]

average distance of each cluster object from the cluster centroid (denoting the “average
object,” or average point in space for the cluster).

Figure 3.3 showed a 2-D plot of customer data with respect to customer locations in a city.
Three data clusters are visible. In data reduction, the cluster representations of the data are
used to replace the actual data. The effectiveness of this technique depends on the data's
nature. It is much more effective for data that can be organized into distinct clusters than
for smeared data. There are many measures for defining clusters and cluster quality.
Clustering methods are further described in Chapter 10 and Chapter 11.

3.4.8. 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 data sample (or subset). 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 3.9.
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Figure 3.9 Sampling can be used for data reduction.

m Simple random sample without replacement (SRSWOR) of sizes: 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.

m 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.

m 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
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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.

m 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 customerx 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.

3.4.9. Data Cube Aggregation

Imagine that you have collected the data for your analysis. These data consist of the
AllElectronics sales per quarter, for the years 2008 to 2010. You are, however, interested in
the annual sales (total per year), rather than the total per quarter. Thus, the data can be
aggregated so that the resulting data summarize the total sales per year instead of per
quarter. This aggregation is illustrated in Figure 3.10. The resulting data set is smaller in
volume, without loss of information necessary for the analysis task.
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Figure 3.10Sales data for a given branch of AllElectronics for the years 2008 through 2010. On the left, the sales are shown per quarter.
On the right, the data are aggregated to provide the annual sales.

Data cubes are discussed in detail in Chapter 4 on data warehousing and Chapter 5 on
data cube technology. We briefly introduce some concepts here. Data cubes
storemultidimensional aggregated information. For example, Figure 3.11 shows a data
cube for multidimensional analysis of sales data with respect to annual sales per item type
for each AllElectronics branch. Each cell holds an aggregate data value, corresponding to
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the data point in multidimensional space. (For readability, only some cell values are
shown.) Concept hierarchies may exist for each attribute, allowing the analysis of data at
multiple abstraction levels. For example, a hierarchy for branch could allow branches to be
grouped into regions, based on their address. Data cubes provide fast access to
precomputed, summarized data, thereby benefiting online analytical processing as well as

data mining.
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Figure 3.11 A data cube for sales at AllElectronics.

The cube created at the lowest abstraction level is referred to as the base cuboid. The base
cuboid should correspond to an individual entity of interest such as sales or customer. In
other words, the lowest level should be usable, or useful for the analysis. A cube at the
highest level of abstraction is the apex cuboid. For the sales data in Figure 3.11, the apex
cuboid would give one total—the total sales for all three years, for all item types, and for
all branches. Data cubes created for varying levels of abstraction are often referred to as
cuboids, so that a data cube may instead refer to a lattice of cuboids. Each higher
abstraction level further reduces the resulting data size. When replying to data mining
requests, the smallest available cuboid relevant to the given task should be used. This issue
is also addressed in Chapter 4.

3.5. Data Transformation and Data Discretization
This section presents methods of data transformation. In this preprocessing step, the data
are transformed or consolidated so that the resulting mining process may be more efficient,
and the patterns found may be easier to understand. Data discretization, a form of data
transformation, is also discussed.

3.5.1. Data Transformation Strategies Overview
In data transformation, the data are transformed or consolidated into forms appropriate for
mining. Strategies for data transformation include the following:

1. Smoothing, which works to remove noise from the data. Techniques include binning,
regression, and clustering.

2. Attribute construction (or feature construction), where new attributes are constructed
and added from the given set of attributes to help the mining process.

3. Aggregation, where summary or aggregation operations are applied to the data. For
example, the daily sales data may be aggregated so as to compute monthly and annual total
amounts. This step is typically used in constructing a data cube for data analysis at multiple
abstraction levels.

4. Normalization, where the attribute data are scaled so as to fall within a smaller range,
suchas —1.0 to 1.0, or 0.0 to 1.0.
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5. Discretization, where the raw values of a numeric attribute (e.g., age) are replaced by
interval labels (e.g., 0-10, 11-20, etc.) or conceptual labels (e.g., youth, adult, senior). The
labels, in turn, can be recursively organized into higher-level concepts, resulting in a
concept hierarchy for the numeric attribute.

Figure 3.12 shows a concept hierarchy for the attribute price. More than one concept
hierarchy can be defined for the same attribute to accommodate the needs of various users.
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Figure 3.12 A concept hierarchy for the attribute price, where an interval ($X ... $Y] denotes the range from $X (exclusive) to $Y
(inclusive).

6. Concept hierarchy generation for nominal data, where attributes such as street can be
generalized to higher-level concepts, like city or country. Many hierarchies for nominal
attributes are implicit within the database schema and can be automatically defined at the
schema definition level.

Recall that there is much overlap between the major data preprocessing tasks. The first
three of these strategies were discussed earlier in this chapter. Smoothing is a form of

data cleaning and was addressed in Section 3.2.2. Section 3.2.3 on the data cleaning
process also discussed ETL tools, where users specify transformations to correct data
inconsistencies. Attribute construction and aggregation were discussed in Section 3.4 on
data reduction. In this section, we therefore concentrate on the latter three strategies.

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.

Data discretization and concept hierarchy generation are also forms of data reduction. The
raw data are replaced by a smaller number of interval or concept labels. This simplifies the
original data and makes the mining more efficient. The resulting patterns mined are
typically easier to understand. Concept hierarchies are also useful for mining at multiple
abstraction levels.

The rest of this section is organized as follows. First, normalization techniques are
presented in Section 3.5.2. We then describe several techniques for data discretization,
each of which can be used to generate concept hierarchies for numeric attributes. The
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techniques include binning (Section 3.5.3) and histogram analysis (Section 3.5.4), as well
as cluster analysis, decision tree analysis, and correlation analysis (Section 3.5.5). Finally,
Section 3.5.6 describes the automatic generation of concept hierarchies for nominal data.

3.5.2. Data Transformation by Normalization

The measurement unit used can affect the data analysis. For example, changing
measurement units from meters to inches for height, or from kilograms to pounds for
weight, may lead to very different results. In general, expressing an attribute in smaller
units will lead to a larger range for that attribute, and thus tend to give such an attribute
greater effect or “weight.” To help avoid dependence on the choice of measurement units,
the data should be normalized or standardized. This involves transforming the data to fall
within a smaller or common range such as [-1, 1] or [0.0, 1.0]. (The terms standardize and
normalize are used interchangeably in data preprocessing, although in statistics, the latter
term also has other connotations.)

Normalizing the data attempts to give all attributes an equal weight. Normalization is
particularly useful for classification algorithms involving neural networks or distance
measurements such as nearest-neighbor classification and clustering. If using the neural
network backpropagation algorithm for classification mining (Chapter 9), normalizing the
input values for each attribute measured in the training tuples will help speed up the
learning phase. For distance-based methods, normalization helps prevent attributes with
initially large ranges (e.g., income) from outweighing attributes with initially smaller
ranges (e.g., binary attributes). It is also useful when given no prior knowledge of the
data.There are many methods for data normalization. We study min-max normalization, z-
score normalization, and normalization by decimal scaling. For our discussion, let A be a
numeric attribute with n observed values, vi, vy, ..., Vp.

Min-max normalization performs a linear transformation on the original data. Suppose that
mina and maxa are the minimum and maximum values of an attribute, A. Min-max
normalization maps a value, v;, of A to V/j in the range [new_mins, new_maxa] by
computing (3.8)

; Vi— ming

Vi = ———————(new_maxy — new_ming )+ new _ming.
maxy — ming

Min-max normalization preserves the relationships among the original data values. It will
encounter an “out-of-bounds” error if a future input case for normalization falls outside of
the original data range for A.

Min-max normalization

Suppose that the minimum and maximum values for the attribute income are $12,000 and
$98,000, respectively. We would like to map income to the range [0.0, 1.0]. By min-max
Qormalization, a value of $73,600 for income is transformed to
e —Taan( 10— 0)+0=0716

In z -score normalization (or zero-mean normalization), the values for an attribute, A, are
normalized based on the mean (i.e., average) and standard deviation of A. A value, v;, of A
is normalized to v'; by computing (3.9)
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where 4 and o are the mean and standard deviation, respectively, of attribute A. The mean

and standard deviation were discussed in Section 2.2, where 4 = syt gng OA
is computed as the square root of the variance of A (see Eq. (2.6)). This method of
normalization is useful when the actual minimum and maximum of attribute A are
unknown, or when there are outliers that dominate the min-max normalization.

z-score normalization

Suppose that the mean and standard deviation of the values for the attribute income are
$54,000 and $16,000, respectively. With z-score normalization, a value of $73,600 for

. . TAE00 - SH000 | gng
income is transformed to 16,0600 B

A variation of this z-score normalization replaces the standard deviation of Eq. (3.9) by
the mean absolute deviation of A. The mean absolute deviation of A, denoted s,, is (3.10)

1 - - -
54 = ;[|1'| —A|+|va — A+ v — Al

Thus, z-score normalization using the mean absolute deviation is (3.11)

Vi — j

g4

V=

The mean absolute deviation, sa, is more robust to outliers than the standard deviation, oa.
When computing the mean absolute deviation, the deviations from the mean (i.e., i)
are not squared; hence, the effect of outliers is somewhat reduced.

Normalization by decimal scaling normalizes by moving the decimal point of values of
attribute A. The number of decimal points moved depends on the maximum absolute value

of A. A value, v;, of A is normalized to v'; by computing (3.12)
y

Vi=

107"

where j is the smallest integer such that max(|v'i|) < 1.

Decimal scaling

Suppose that the recorded values of A range from—986 to 917. The maximum absolute
value of A is 986. To normalize by decimal scaling, we therefore divide each value by
1000 (i.e., j = 3) so that —986 normalizes to —0.986 and 917 normalizes to 0.917.

Note that normalization can change the original data quite a bit, especially when using z-
score normalization or decimal scaling. It is also necessary to save the normalization
parameters (e.g., the mean and standard deviation if using z-score normalization) so that
future data can be normalized in a uniform manner.

3.5.3. Discretization by Binning
Binning is a top-down splitting technique based on a specified number of bins. Section
3.2.2 discussed binning methods for data smoothing. These methods are also used as
discretization methods for data reduction and concept hierarchy generation. For example,
attribute values can be discretized by applying equal-width or equal-frequency binning,
and then replacing each bin value by the bin mean or median, as in smoothing by bin

106



[DATA MINING: CONCEPTS AND TECHNIQUES 3RD EDITION]

means or smoothing by bin medians, respectively. These techniques can be applied
recursively to the resulting partitions to generate concept hierarchies.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.

3.5.4. Discretization by Histogram Analysis

Like binning, histogram analysis is an unsupervised discretization technique because it
does not use class information. Histograms were introduced in Section 2.2.3. A histogram
partitions the values of an attribute, A, into disjoint ranges called buckets or bins. Various
partitioning rules can be used to define histograms (Section 3.4.6). In an equal-width
histogram, for example, the values are partitioned into equal-size partitions or ranges (e.g.,
earlier in Figure 3.8 for price, where each bucket has a width of $10). With an equal-
frequency histogram, the values are partitioned so that, ideally, each partition contains the
same number of data tuples. 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 next.

3.5.5. Discretization by Cluster, Decision Tree, and Correlation Analyses
Clustering, decision tree analysis, and correlation analysis can be used for data
discretization. We briefly study each of these approaches.

Cluster analysis is a popular data discretization method. A clustering algorithm can be
applied to discretize a numeric 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 top-
down splitting strategy or a bottom-up merging strategy, where each cluster forms a node
of the concept hierarchy. In the former, each initial cluster or partition may be further
decomposed into several subclusters, forming a lower level of the hierarchy. In the latter,
clusters are formed by repeatedly grouping neighboring clusters in order to form higher-
level concepts. Clustering methods for data mining are studied in Chapter 10 and Chapter
11. Techniques to generate decision trees for classification (Chapter 8 ) can be applied to
discretization. Such techniques employ a top-down splitting approach. Unlike the other
methods mentioned so far, decision tree approaches to discretization are supervised, that is,
they make use of class label information. For example, we may have a data set of patient
symptoms (the attributes) where each patient has an associated diagnosis class label. Class
distribution information is used in the calculation and determination of split-points (data
values for partitioning an attribute range). Intuitively, the main idea is to select split-points
so that a given resulting partition contains as many tuples of the same class as possible.
Entropy is the most commonly used measure for this purpose. To discretize a numeric
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.

Because decision tree-based discretization uses class information, it is more likely that the
interval boundaries (split-points) are defined to occur in places that may help improve
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classification accuracy. Decision trees and the entropy measure are described in greater
detail in Section 8.2.2.

Measures of correlation can be used for discretization. ChiMerge is a y*-based
discretization method. The discretization methods that we have studied up to this point
have all employed a top-down, splitting strategy. This contrasts with ChiMerge, which
employs a bottom-up approach by finding the best neighboring intervals and then merging
them to form larger intervals, recursively. As with decision tree analysis, ChiMerge 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 numeric attribute A is
considered to be one interval. y* tests are performed for every pair of adjacent intervals.
Adjacent intervals with the least y 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.

3.5.6. Concept Hierarchy Generation for Nominal Data
We now look at data transformation for nominal data. In particular, we study concept
hierarchy generation for nominal attributes. Nominal 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.

Manual definition of concept hierarchies can be a tedious and time-consuming task for a
user or a domain expert. Fortunately, many hierarchies are implicit within the database
schema and can be automatically defined at the schema definition level. The concept
hierarchies can be used to transform the data into multiple levels of granularity. For
example, data mining patterns regarding sales may be found relating to specific regions or
countries, in addition to individual branch locations. We study four methods for the
generation of concept hierarchies for nominal data, as follows.

1. Specification of a partial ordering of attributes explicitly at the schema level by users or
experts: Concept hierarchies for nominal 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, suppose that a
relational database contains the following group of attributes: street, city,
province_or_state, and country. Similarly, a data warehouse location dimension may
contain the same attributes. 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.

2. 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} c
Western_Canada.”
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3. 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 nominal attributes be found?” Consider the
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 hierarchy level. 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. Let's examine an example of this third method.

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
3.13. 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.

365 disting values

Figure 3.13 Automatic generation of a schema concept hierarchy based on the number of distinct attribute values.
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3.6.

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.

4. Specification of only a partial set of attributes: Sometimes a user can be careless 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.

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
five semantically related attributes to form a hierarchy. The user may choose to drop any of
these attributes (e.g., number and street) from the hierarchy, keeping city as the lowest
conceptual level.

In summary, information at the schema level and on attribute—value counts can be used to
generate concept hierarchies for nominal data. Transforming nominal data with the use of
concept hierarchies allows higher-level knowledge patterns to be found. It allows mining at
multiple levels of abstraction, which is a common requirement for data mining
applications.

Summary

m Data quality is defined in terms of accuracy, completeness, consistency, timeliness,
believability, and interpretabilty. These qualities are assessed based on the intended use of
the data.

m Data cleaning routines attempt to fill in missing values, smooth out noise while
identifying outliers, and correct inconsistencies in the data. Data cleaning is usually
performed as an iterative two-step process consisting of discrepancy detection and data
transformation.

m Data integration combines data from multiple sources to form a coherent data store. The
resolution of semantic heterogeneity, metadata, correlation analysis, tuple duplication
detection, and data conflict detection contribute to smooth data integration.
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m Data reduction techniques obtain a reduced representation of the data while minimizing
the loss of information content. These include methods of dimensionality reduction,
numerosity reduction, and data compression. Dimensionality reduction reduces the number
of random variables or attributes under consideration. Methods include wavelet transforms,
principal components analysis, attribute subset selection, and attribute creation.
Numerosity reduction methods use parametric or nonparatmetric models to obtain smaller
representations of the original data. Parametric models store only the model parameters
instead of the actual data. Examples include regression and log-linear models.
Nonparamteric methods include histograms, clustering, sampling, and data cube
aggregation. Data compression methods apply transformations to obtain a reduced or
“compressed” representation of the original data. The data reduction is lossless if the
original data can be reconstructed from the compressed data without any loss of
information; otherwise, it is lossy.

m Data transformation routines convert the data into appropriate forms for mining. For
example, in normalization, attribute data are scaled so as to fall within a small range such
as 0.0 to 1.0. Other examples are data discretization and concept hierarchy generation.

m Data discretization transforms numeric data by mapping values to interval or concept
labels. Such methods can be used to automatically generate concept hierarchies for the
data, which allows for mining at multiple levels of granularity. Discretization techniques
include binning, histogram analysis, cluster analysis, decision tree analysis, and correlation
analysis. For nominal data, concept hierarchies may be generated based on schema
definitions as well as the number of distinct values per attribute.

m Although numerous methods of data preprocessing have been developed, data
preprocessing remains an active area of research, due to the huge amount of inconsistent or
dirty data and the complexity of the problem.
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4. Data Warehousing and Online
Analytical Processing

Data warehouses generalize and consolidate data in multidimensional space. The
construction of data warehouses involves data cleaning, data integration, and data
transformation, and can be viewed as an important preprocessing step for data mining.
Moreover, data warehouses provide online analytical processing (OLAP) tools for the
interactive analysis of multidimensional data of varied granularities, which facilitates
effective data generalization and data mining. Many other data mining functions, such as
association, classification, prediction, and clustering, can be integrated with OLAP
operations to enhance interactive mining of knowledge at multiple levels of abstraction.
Hence, the data warehouse has become an increasingly important platform for data
analysis and OLAP and will provide an effective platform for data mining. Therefore, data
warehousing and OLAP form an essential step in the knowledge discovery process. This
chapter presents an overview of data warehouse and OLAP technology. This overview is
essential for understanding the overall data mining and knowledge discovery process.

In this chapter, we study a well-accepted definition of the data warehouse and see why
more and more organizations are building data warehouses for the analysis of their data
(Section 4.1). In particular, we study the data cube, a multidimensional data model for data
warehouses and OLAP, as well as OLAP operations such as roll-up, drill-down, slicing,
and dicing (Section 4.2). We also look at data warehouse design and usage (Section 4.3).
In addition, we discuss multidimensional data mining, a powerful paradigm that integrates
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data warehouse and OLAP technology with that of data mining. An overview of data
warehouse implementation examines general strategies for efficient data cube computation,
OLAP data indexing, and OLAP query processing (Section 4.4). Finally, we study data
generalization by attribute-oriented induction (Section 4.5). This method uses concept
hierarchies to generalize data to multiple levels of abstraction.

4.1. Data Warehouse: Basic Concepts

This section gives an introduction to data warehouses. We begin with a definition of the
data warehouse (Section 4.1.1). We outline the differences between operational database
systems and data warehouses (Section 4.1.2), then explain the need for using data
warehouses for data analysis, rather than performing the analysis directly on traditional
databases (Section 4.1.3). This is followed by a presentation of data warehouse architecture
(Section 4.1.4). Next, we study three data warehouse models—an enterprise model, a data
mart, and a virtual warehouse (Section 4.1.5). Section 4.1.6 describes back-end utilities for
data warehousing, such as extraction, transformation, and loading. Finally, Section 4.1.7
presents the metadata repository, which stores data about data.

4.1.1. What Is a Data Warehouse?

Data warehousing provides architectures and tools for business executives to
systematically organize, understand, and use their data to make strategic decisions. Data
warehouse systems are valuable tools in today's competitive, fast-evolving world. In the
last several years, many firms have spent millions of dollars in building enterprise-wide
data warehouses. Many people feel that with competition mounting in every industry, data
warehousing is the latest must-have marketing weapon—a way to retain customers by
learning more about their needs.

“Then, what exactly is a data warehouse?”” Data warehouses have been defined in many
ways, making it difficult to formulate a rigorous definition. Loosely speaking, a data
warehouse refers to a data repository that is maintained separately from an organization's
operational databases. Data warehouse systems allow for integration of a variety of
application systems. They support information processing by providing a solid platform of
consolidated historic data for analysis. According to William H. Inmon, a leading architect
in the construction of data warehouse systems, “A data warehouse is a subject-oriented,
integrated, time-variant, and nonvolatile collection of data in support of management's
decision making process” [Inm96]. This short but comprehensive definition presents the
major features of a data warehouse. The four keywords—subject-oriented, integrated,
time-variant, and nonvolatile —distinguish data warehouses from other data repository
systems, such as relational database systems, transaction processing systems, and file
systems. Let's take a closer look at each of these key features.

m Subject-oriented: A data warehouse is organized around major subjects such as
customer, supplier, product, and sales. Rather than concentrating on the day-to-day
operations and transaction processing of an organization, a data warehouse focuses on the
modeling and analysis of data for decision makers. Hence, data warehouses typically
provide a simple and concise view of particular subject issues by excluding data that are
not useful in the decision support process.

m Integrated: A data warehouse is usually constructed by integrating multiple
heterogeneous sources, such as relational databases, flat files, and online transaction
records. Data cleaning and data integration techniques are applied to ensure consistency in
naming conventions, encoding structures, attribute measures, and so on.
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m Time-variant: Data are stored to provide information from an historic perspective (e.g.,
the past 5-10 years). Every key structure in the data warehouse contains, either implicitly
or explicitly, a time element.

m Nonvolatile: A data warehouse is always a physically separate store of data transformed
from the application data found in the operational environment. Due to this separation, a
data warehouse does not require transaction processing, recovery, and concurrency control
mechanisms. It usually requires only two operations in data accessing: initial loading of
data and access of data.

In sum, a data warehouse is a semantically consistent data store that serves as a physical
implementation of a decision support data model. It stores the information an enterprise
needs to make strategic decisions. A data warehouse is also often viewed as an
architecture, constructed by integrating data from multiple heterogeneous sources to
support structured and/or ad hoc queries, analytical reporting, and decision making.

Based on this information, we view data warehousing as the process of constructing and
using data warehouses. The construction of a data warehouse requires data cleaning, data
integration, and data consolidation. The utilization of a data warehouse often necessitates a
collection of decision support technologies. This allows “knowledge workers” (e.g.,
managers, analysts, and executives) to use the warehouse to quickly and conveniently
obtain an overview of the data, and to make sound decisions based on information in the
warehouse. Some authors use the term data warehousing to refer only to the process of
data warehouse construction, while the term warehouse DBMS is used to refer to the
management and utilization of data warehouses. We will not make this distinction here.

“How are organizations using the information from data warehouses?”” Many
organizations use this information to support business decision-making activities, including
(1) increasing customer focus, which includes the analysis of customer buying patterns
(such as buying preference, buying time, budget cycles, and appetites for spending); (2)
repositioning products and managing product portfolios by comparing the performance of
sales by quarter, by year, and by geographic regions in order to fine-tune production
strategies; (3) analyzing operations and looking for sources of profit; and (4) managing
customer relationships, making environmental corrections, and managing the cost of
corporate assets. Data warehousing is also very useful from the point of view of
heterogeneous database integration. Organizations typically collect diverse kinds of data
and maintain large databases from multiple, heterogeneous, autonomous, and distributed
information sources. It is highly desirable, yet challenging, to integrate such data and
provide easy and efficient access to it. Much effort has been spent in the database industry
and research community toward achieving this goal.

The traditional database approach to heterogeneous database integration is to build
wrappers and integrators (or mediators ) on top of multiple, heterogeneous databases.
When a query is posed to a client site, a metadata dictionary is used to translate the query
into queries appropriate for the individual heterogeneous sites involved. These queries are
then mapped and sent to local query processors. The results returned from the different
sites are integrated into a global answer set. This query-driven approach requires complex
information filtering and integration processes, and competes with local sites for
processing resources. It is inefficient and potentially expensive for frequent queries,
especially queries requiring aggregations.
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Data warehousing provides an interesting alternative to this traditional approach. Rather
than using a query-driven approach, data warehousing employs an update-driven approach
in which information from multiple, heterogeneous sources is integrated in advance and
stored in a warehouse for direct querying and analysis. Unlike online transaction
processing databases, data warehouses do not contain the most current information.
However, a data warehouse brings high performance to the integrated heterogeneous
database system because data are copied, preprocessed, integrated, annotated, summarized,
and restructured into one semantic data store. Furthermore, query processing in data
warehouses does not interfere with the processing at local sources. Moreover, data
warehouses can store and integrate historic information and support complex
multidimensional queries. As a result, data warehousing has become popular in industry.

4.1.2. Differences between Operational Database Systems and Data Warehouses
Because most people are familiar with commercial relational database systems, it is easy to
understand what a data warehouse is by comparing these two kinds of systems. The major
task of online operational database systems is to perform online transaction and query
processing. These systems are called online transaction processing (OLTP) systems. They
cover most of the day-to-day operations of an organization such as purchasing, inventory,
manufacturing, banking, payroll, registration, and accounting. Data warehouse systems, on
the other hand, serve users or knowledge workers in the role of data analysis and decision
making. Such systems can organize and present data in various formats in order to
accommodate the diverse needs of different users. These systems are known as online
analytical processing (OLAP) systems.The major distinguishing features of OLTP and
OLAP are summarized as follows:

m Users and system orientation: An OLTP system is customer-oriented and is used for
transaction and query processing by clerks, clients, and information technology
professionals. An OLAP system is market-oriented and is used for data analysis by
knowledge workers, including managers, executives, and analysts.

m Data contents: An OLTP system manages current data that, typically, are too detailed to
be easily used for decision making. An OLAP system manages large amounts of historic
data, provides facilities for summarization and aggregation, and stores and manages
information at different levels of granularity. These features make the data easier to use for
informed decision making.

m Database design: An OLTP system usually adopts an entity-relationship (ER) data model
and an application-oriented database design. An OLAP system typically adopts either a
star or a snowflake model (see Section 4.2.2) and a subject-oriented database design.

m View: An OLTP system focuses mainly on the current data within an enterprise or
department, without referring to historic data or data in different organizations. In contrast,
an OLAP system often spans multiple versions of a database schema, due to the
evolutionary process of an organization. OLAP systems also deal with information that
originates from different organizations, integrating information from many data stores.
Because of their huge volume, OLAP data are stored on multiple storage media.

m Access patterns: The access patterns of an OLTP system consist mainly of short, atomic
transactions. Such a system requires concurrency control and recovery mechanisms.
However, accesses to OLAP systems are mostly read-only operations (because most data
warehouses store historic rather than up-to-date information), although many could be
complex queries.
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Other features that distinguish between OLTP and OLAP systems include database size,
frequency of operations, and performance metrics. These are summarized in Table 4.1.

Table 4.1Comparison of OLTP and OLAP Systems

Feature OLTP OLAP
Characteristic operational processing informational processing
Orientation transaction analysis

clerk, DBA, database

knowledge worker (e.g., manager,

User professional executive, analyst)
long-term informational requirements
Function day-to-day operations decision support

ER-based, application-
DB design oriented

star/snowflake, subject-oriented

current, guaranteed up-to-

Data date historic, accuracy maintainedover time
Summarization primitive, highly detailed summarized, consolidated

View detailed, flat relational summarized, multidimensional

Unit of work short, simple transaction complex query

Access read/write mostly read

Focus data in information out

Operations index/hash on primary key lots of scans

Number of records

accessed tens millions
Number of users thousands hundreds
DB size GB to high-order GB >TB

high performance, high
Priority availability

high flexibility, end-user autonomy

Metric transaction throughput

query throughput, response time

Note: Table is partially based on Chaudhuri and Dayal [CD97].

4.1.3. But, Why Have a Separate Data Warehouse?

Because operational databases store huge amounts of data, you may wonder, “Why not
perform online analytical processing directly on such databases instead of spending
additional time and resources to construct a separate data warehouse?”” A major reason
for such a separation is to help promote the high performance of both systems. An
operational database is designed and tuned from known tasks and workloads like indexing
and hashing using primary keys, searching for particular records, and optimizing “canned”
queries. On the other hand, data warehouse queries are often complex. They involve the
computation of large data groups at summarized levels, and may require the use of special
data organization, access, and implementation methods based on multidimensional views.
Processing OLAP queries in operational databases would substantially degrade the
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performance of operational tasks.Moreover, an operational database supports the
concurrent processing of multiple transactions. Concurrency control and recovery
mechanisms (e.g., locking and logging) are required to ensure the consistency and
robustness of transactions. An OLAP query often needs read-only access of data records
for summarization and aggregation. Concurrency control and recovery mechanisms, if
applied for such OLAP operations, may jeopardize the execution of concurrent transactions
and thus substantially reduce the throughput of an OLTP system.Finally, the separation of
operational databases from data warehouses is based on the different structures, contents,
and uses of the data in these two systems. Decision support requires historic data, whereas
operational databases do not typically maintain historic data. In this context, the data in
operational databases, though abundant, are usually far from complete for decision making.
Decision support requires consolidation (e.g., aggregation and summarization) of data from
heterogeneous sources, resulting in high-quality, clean, integrated data. In contrast,
operational databases contain only detailed raw data, such as transactions, which need to
be consolidated before analysis. Because the two systems provide quite different
functionalities and require different kinds of data, it is presently necessary to maintain
separate databases. However, many vendors of operational relational database management
systems are beginning to optimize such systems to support OLAP queries. As this trend
continues, the separation between OLTP and OLAP systems is expected to decrease.

4.1.4. Data Warehousing: A Multitiered Architecture
Data warehouses often adopt a three-tier architecture, as presented in Figure 4.1.
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Figure 4.1A three-tier data warehousing architecture.

1.The bottom tier is a warehouse database server that is almost always a relational database
system. Back-end tools and utilities are used to feed data into the bottom tier from
operational databases or other external sources (e.g., customer profile information provided
by external consultants). These tools and utilities perform data extraction, cleaning, and
transformation (e.g., to merge similar data from different sources into a unified format), as
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well as load and refresh functions to update the data warehouse (see Section 4.1.6). The
data are extracted using application program interfaces known as gateways. A gateway is
supported by the underlying DBMS and allows client programs to generate SQL code to be
executed at a server. Examples of gateways include ODBC (Open Database Connection)
and OLEDB (Object Linking and Embedding Database) by Microsoft and JDBC (Java
Database Connection). This tier also contains a metadata repository, which stores
information about the data warehouse and its contents. The metadata repository is further
described in Section 4.1.7.

2. The middle tier is an OLAP server that is typically implemented using either (1) a
relational OLAP (ROLAP) model (i.e., an extended relational DBMS that maps operations
on multidimensional data to standard relational operations); or (2) a multidimensional
OLAP (MOLAP) model (i.e., a special-purpose server that directly implements
multidimensional data and operations). OLAP servers are discussed in Section 4.4.4.

3. The top tier is a front-end client layer, which contains query and reporting tools, analysis
tools, and/or data mining tools (e.g., trend analysis, prediction, and so on).

4.1.5. Data Warehouse Models: Enterprise Warehouse, Data Mart, and Virtual

Warehouse
From the architecture point of view, there are three data warehouse models: the enterprise
warehouse, the data mart, and the virtual warehouse.

Enterprise warehouse: An enterprise warehouse collects all of the information about
subjects spanning the entire organization. It provides corporate-wide data integration,
usually from one or more operational systems or external information providers, and is
cross-functional in scope. It typically contains detailed data as well as summarized data,
and can range in size from a few gigabytes to hundreds of gigabytes, terabytes, or beyond.
An enterprise data warehouse may be implemented on traditional mainframes, computer
superservers, or parallel architecture platforms. It requires extensive business modeling and
may take years to design and build.

Data mart: A data mart contains a subset of corporate-wide data that is of value to a
specific group of users. The scope is confined to specific selected subjects. For example, a
marketing data mart may confine its subjects to customer, item, and sales. The data
contained in data marts tend to be summarized.Data marts are usually implemented on
low-cost departmental servers that are Unix/Linux or Windows based. The implementation
cycle of a data mart is more likely to be measured in weeks rather than months or years.
However, it may involve complex integration in the long run if its design and planning
were not enterprise-wide.

Depending on the source of data, data marts can be categorized as independent or
dependent. Independent data marts are sourced from data captured from one or more
operational systems or external information providers, or from data generated locally
within a particular department or geographic area. Dependent data marts are sourced
directly from enterprise data warehouses.

Virtual warehouse: A virtual warehouse is a set of views over operational databases. For
efficient query processing, only some of the possible summary views may be materialized.
A virtual warehouse is easy to build but requires excess capacity on operational database
servers.
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“What are the pros and cons of the top-down and bottom-up approaches to data
warehouse development?” The top-down development of an enterprise warehouse serves
as a systematic solution and minimizes integration problems. However, it is expensive,
takes a long time to develop, and lacks flexibility due to the difficulty in achieving
consistency and consensus for a common data model for the entire organization. The
bottom-up approach to the design, development, and deployment of independent data
marts provides flexibility, low cost, and rapid return of investment. It, however, can lead to
problems when integrating various disparate data marts into a consistent enterprise data
warehouse.

A recommended method for the development of data warehouse systems is to implement
the warehouse in an incremental and evolutionary manner, as shown in Figure 4.2. First, a
high-level corporate data model is defined within a reasonably short period (such as one or
two months) that provides a corporate-wide, consistent, integrated view of data among
different subjects and potential usages. This high-level model, although it will need to be
refined in the further development of enterprise data warehouses and departmental data
marts, will greatly reduce future integration problems. Second, independent data marts can
be implemented in parallel with the enterprise warehouse based on the same corporate data
model set noted before. Third, distributed data marts can be constructed to integrate
different data marts via hub servers. Finally, a multitier data warehouse is constructed
where the enterprise warehouse is the sole custodian of all warehouse data, which is then
distributed to the various dependent data marts.
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Figure 4.2

A recommended approach for data warehouse development.

4.1.6. Extraction, Transformation, and Loading

Data warehouse systems use back-end tools and utilities to populate and refresh their data
(Figure 4.1). These tools and utilities include the following functions:

m Data extraction, which typically gathers data from multiple, heterogeneous, and external
sources.

m Data cleaning, which detects errors in the data and rectifies them when possible.

m Data transformation, which converts data from legacy or host format to warehouse
format.
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m Load, which sorts, summarizes, consolidates, computes views, checks integrity, and
builds indices and partitions.

m Refresh, which propagates the updates from the data sources to the warehouse.

Besides cleaning, loading, refreshing, and metadata definition tools, data warehouse
systems usually provide a good set of data warehouse management tools.

Data cleaning and data transformation are important steps in improving the data quality
and, subsequently, the data mining results (see Chapter 3). Because we are mostly
interested in the aspects of data warehousing technology related to data mining, we will not
get into the details of the remaining tools, and recommend interested readers to consult
books dedicated to data warehousing technology.

4.1.7. Metadata Repository

Metadata are data about data. When used in a data warehouse, metadata are the data that
define warehouse objects. Figure 4.1 showed a metadata repository within the bottom tier
of the data warehousing architecture. Metadata are created for the data names and
definitions of the given warehouse. Additional metadata are created and captured for
timestamping any extracted data, the source of the extracted data, and missing fields that
have been added by data cleaning or integration processes.A metadata repository should
contain the following:

m A description of the data warehouse structure, which includes the warehouse schema,
view, dimensions, hierarchies, and derived data definitions, as well as data mart locations
and contents.

m Operational metadata, which include data lineage (history of migrated data and the
sequence of transformations applied to it), currency of data (active, archived, or purged),
and monitoring information (warehouse usage statistics, error reports, and audit trails).

m The algorithms used for summarization, which include measure and dimension
definition algorithms, data on granularity, partitions, subject areas, aggregation,
summarization, and predefined queries and reports.

m Mapping from the operational environment to the data warehouse, which includes
source databases and their contents, gateway descriptions, data partitions, data extraction,
cleaning, transformation rules and defaults, data refresh and purging rules, and security
(user authorization and access control).

m Data related to system performance, which include indices and profiles that improve
data access and retrieval performance, in addition to rules for the timing and scheduling of
refresh, update, and replication cycles.

m Business metadata, which include business terms and definitions, data ownership
information, and charging policies.

A data warehouse contains different levels of summarization, of which metadata is one.
Other types include current detailed data (which are almost always on disk), older detailed
data (which are usually on tertiary storage), lightly summarized data, and highly
summarized data (which may or may not be physically housed). Metadata play a very
different role than other data warehouse data and are important for many reasons. For
example, metadata are used as a directory to help the decision support system analyst
locate the contents of the data warehouse, and as a guide to the data mapping when data are
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transformed from the operational environment to the data warehouse environment.
Metadata also serve as a guide to the algorithms used for summarization between the
current detailed data and the lightly summarized data, and between the lightly summarized
data and the highly summarized data. Metadata should be stored and managed persistently
(i.e., on disk).

4.2. Data Warehouse Modeling: Data Cube and OLAP

Data warehouses and OLAP tools are based on a multidimensional data model. This model
views data in the form of a data cube. In this section, you will learn how data cubes model
n-dimensional data (Section 4.2.1). In Section 4.2.2, various multidimensional models are
shown: star schema, snowflake schema, and fact constellation. You will also learn about
concept hierarchies (Section 4.2.3) and measures (Section 4.2.4) and how they can be used
in basic OLAP operations to allow interactive mining at multiple levels of abstraction.
Typical OLAP operations such as drill-down and roll-up are illustrated (Section 4.2.5).
Finally, the starnet model for querying multidimensional databases is presented (Section
4.2.6).

4.2.1. Data Cube: A Multidimensional Data Model
“What is a data cube?”” A data cube allows data to be modeled and viewed in multiple
dimensions. It is defined by dimensions and facts.

In general terms, dimensions are the perspectives or entities with respect to which an
organization wants to keep records. For example, AllElectronics may create a sales data
warehouse in order to keep records of the store's sales with respect to the dimensions time,
item, branch, and location. These dimensions allow the store to keep track of things like
monthly sales of items and the branches and locations at which the items were sold. Each
dimension may have a table associated with it, called a dimension table, which further
describes the dimension. For example, a dimension table for item may contain the
attributes item_name, brand, and type. Dimension tables can be specified by users or
experts, or automatically generated and adjusted based on data distributions.

A multidimensional data model is typically organized around a central theme, such as
sales. This theme is represented by a fact table. Facts are numeric measures. Think of them
as the quantities by which we want to analyze relationships between dimensions. Examples
of facts for a sales data warehouse include dollars_sold (sales amount in dollars),
units_sold (number of units sold), and amount_budgeted. The fact table contains the names
of the facts, or measures, as well as keys to each of the related dimension tables. You will
soon get a clearer picture of how this works when we look at multidimensional schemas.

Although we usually think of cubes as 3-D geometric structures, in data warehousing the
data cube is n-dimensional. To gain a better understanding of data cubes and the
multidimensional data model, let's start by looking at a simple 2-D data cube that is, in
fact, a table or spreadsheet for sales data from AllElectronics. In particular, we will look at
the AllElectronics sales data for items sold per quarter in the city of Vancouver. These data
are shown in Table 4.2. In this 2-D representation, the sales for Vancouver are shown with
respect to the time dimension (organized in quarters) and the item dimension (organized
according to the types of items sold). The fact or measure displayed is dollars_sold (in
thousands).
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Table 4.22-D View of Sales Data for AllElectronics According to time and item

location = “Vancouver”
item (type)
time (quarter) home entertainment computer phone security
Q1 605 825 14 400
Q2 680 952 31 512
Q3 812 1023 30 501
Q4 927 1038 38 580
l\rllote: TZe)saIes are from branches located in the city of Vancouver. The measure displayed is dollars_sold} (in
thousands).

Now, suppose that we would like to view the sales data with a third dimension. For
instance, suppose we would like to view the data according to time and item, as well as
location, for the cities Chicago, New York, Toronto, and Vancouver. These 3-D data are
shown in Table 4.3. The 3-D data in the table are represented as a series of 2-D tables.
Conceptually, we may also represent the same data in the form of a 3-D data cube, as in

Figure 4.3.
Table 4.33-D View of Sales Data for AllElectronics According to time, item, and location
location = “New location =
location = “Chicago” York” location = “Toronto” “Vancouver”
item item item item

Note: The measure displayed is dollars_sold (in thousands).
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Figure 4.3

A 3-D data cube representation of the data in Table 4.3, according to time, item, and location. The measure displayed is dollars_sold (in
thousands).

Suppose that we would now like to view our sales data with an additional fourth dimension
such as supplier. Viewing things in 4-D becomes tricky. However, we can think of a 4-D
cube as being a series of 3-D cubes, as shown inFigure 4.4. If we continue in

this way, we may display any n-dimensional data as a series of (n — 1)-dimensional
“cubes.” The data cube is a metaphor for multidimensional data storage. The actual
physical storage of such data may differ from its logical representation. The important
thing to remember is that data cubes are n-dimensional and do not confine data to 3-D.
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Figure 4.4

A 4-D data cube representation of sales data, according to time, item, location, and supplier. The measure displayed is dollars_sold (in
thousands). For improved readability, only some of the cube values are shown.

Table 4.2 and Table 4.3 show the data at different degrees of summarization. In the data
warehousing research literature, a data cube like those shown in Figure 4.3 and Figure 4.4

is often referred to as a cuboid. Given a set of dimensions, we can generate a cuboid for
each of the possible subsets of the given dimensions. The result would form a lattice of
cuboids, each showing the data at a different level of summarization, or group-by. The
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lattice of cuboids is then referred to as a data cube. Figure 4.5 shows a lattice of cuboids
forming a data cube for the dimensions time, item, location, and supplier.

ull 010 (apes euboid

e
“
.
|-|6|||II e, La1¥ ciibsinlils
TP
\ - o - . _.J"'-ll 1
f\ e N
| - - -
] - ..__.--" i P "-«.‘: %
LRl | L, s e N
e P, ST i, iuplicr, N e
Py . Ze1¥ cuilsinil=
thome item (L i, 0 e ____q Ao
i, M irem, Macqrdpa” 1 i
Y o ey e =il
\ i o - b [}
' ] T, - L J
LY H"\-\.\T_]J P, I, ||||'|.'|'.'|.'-\I‘|I ¥ R0 ciibssiils
dimy, e, focahion p"
ﬂ“‘x oo, ifea, eopplier .--":G .
e A i A ke fecaiiow.
\ # -
o 1 I o~ smpalivs
-, 1 ; ¥
- § e
. 1 ._." o
i i

Plinie, (i, Fomcaalivom, dnpynans =10 (haseh ¢ubviiil

Figure 4.5 Lattice of cuboids, making up a 4-D data cube for time, item, location, and supplier. Each cuboid represents a different degree
of summarization.

The cuboid that holds the lowest level of summarization is called the base cuboid. For
example, the 4-D cuboid in Figure 4.4 is the base cuboid for the given time, item, location,
and supplier dimensions. Figure 4.3 is a 3-D (nonbase) cuboid for time, item, and
location, summarized for all suppliers. The 0-D cuboid, which holds the highest level of
summarization, is called the apex cuboid. In our example, this is the total sales, or
dollars_sold, summarized over all four dimensions. The apex cuboid is typically denoted
by all.

4.2.2. Stars, Snowflakes, and Fact Constellations: Schemas for Multidimensional

Data Models

The entity-relationship data model is commonly used in the design of relational databases,
where a database schema consists of a set of entities and the relationships between them.
Such a data model is appropriate for online transaction processing. A data warehouse,
however, requires a concise, subject-oriented schema that facilitates online data analysis.
The most popular data model for a data warehouse is a multidimensional model, which can
exist in the form of a star schema, a snowflake schema, or a fact constellation schema.
Let's look at each of these.

Star schema: The most common modeling paradigm is the star schema, in which the data
warehouse contains (1) a large central table (fact table ) containing the bulk of the data,
with no redundancy, and (2) a set of smaller attendant tables (dimension tables ), one for
each dimension. The schema graph resembles a starburst, with the dimension tables
displayed in a radial pattern around the central fact table.

Star schema

A star schema for AllElectronics sales is shown in Figure 4.6. Sales are considered along
four dimensions: time, item, branch, and location. The schema contains a central fact table
for sales that contains keys to each of the four dimensions, along with two measures:
dollars_sold and units_sold. To minimize the size of the fact table, dimension identifiers
(e.g., time_key and item_key) are system-generated identifiers.
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Figure 4.6 Star schema of sales data warehouse.

Notice that in the star schema, each dimension is represented by only one table, and each
table contains a set of attributes. For example, the location dimension table contains the
attribute set {location_key, street, city, province_or_state, country }. This constraint may
introduce some redundancy. For example, “Urbana™ and “Chicago™ are both cities in the
state of Illinois, USA. Entries for such cities in the location dimension table will create
redundancy among the attributes province_or_state and country; that is, (..., Urbana, IL,
USA) and (..., Chicago, IL, USA). Moreover, the attributes within a dimension table may
form either a hierarchy (total order) or a lattice (partial order).

Snowflake schema: The snowflake schema is a variant of the star schema model, where
some dimension tables are normalized, thereby further splitting the data into additional
tables. The resulting schema graph forms a shape similar to a snowflake.

The major difference between the snowflake and star schema models is that the dimension
tables of the snowflake model may be kept in normalized form to reduce redundancies.
Such a table is easy to maintain and saves storage space. However, this space savings is
negligible in comparison to the typical magnitude of the fact table. Furthermore, the
snowflake structure can reduce the effectiveness of browsing, since more joins will be
needed to execute a query. Consequently, the system performance may be adversely
impacted. Hence, although the snowflake schema reduces redundancy, it is not as popular
as the star schema in data warehouse design.

Snowflake schema

A snowflake schema for AllElectronics sales is given in Figure 4.7. Here, the sales fact
table is identical to that of the star schema inFigure 4.6. The main difference between the
two schemas is in the definition of dimension tables. The single dimension table for item in
the star schema is normalized in the snowflake schema, resulting in new item and supplier
tables. For example, the item dimension table now contains the attributes item_key,
item_name, brand, type, and supplier_key, where supplier_key is linked to the supplier
dimension table, containing supplier_key and supplier_type information. Similarly, the
single dimension table for location in the star schema can be normalized into two new
tables: location and city. The city_key in the new location table links to the city dimension.
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Notice that, when desirable, further normalization can be performed on province_or_state
and country in the snowflake schema shown in Figure 4.7
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Figure 4.7Snowflake schema of a sales data warehouse.

Fact constellation: Sophisticated applications may require multiple fact tables to share
dimension tables. This kind of schema can be viewed as a collection of stars, and hence is
called a galaxy schema or a fact constellation.

A fact constellation schema is shown in Figure 4.8 . This schema specifies two fact tables,
sales and shipping. The sales table definition is identical to that of the star schema (Figure
4.6). The shipping table has five dimensions, or keys—item_key, time_key, shipper_key,
from_location, and to_location—and two measures—dollars_cost and units_shipped. A
fact constellation schema allows dimension tables to be shared between fact tables. For
example, the dimensions tables for time, item, and location are shared between the sales
and shipping fact tables.
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Figure 4.8 Fact constellation schema of a sales and shipping data warehouse.

In data warehousing, there is a distinction between a data warehouse and a data mart. A
data warehouse collects information about subjects that span the entire organization, such
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as customers, items, sales, assets, and personnel, and thus its scope is enterprise-wide. For
data warehouses, the fact constellation schema is commonly used, since it can model
multiple, interrelated subjects. A data mart, on the other hand, is a department subset of the
data warehouse that focuses on selected subjects, and thus its scope is department-wide.
For data marts, the star or snowflake schema is commonly used, since both are geared
toward modeling single subjects, although the star schema is more popular and efficient.

4.2.3. Dimensions: The Role of Concept Hierarchies

A concept hierarchy defines a sequence of mappings from a set of low-level concepts to
higher-level, more general concepts. Consider a concept hierarchy for the dimension
location. City values for location include Vancouver, Toronto, New York, and Chicago.
Each city, however, can be mapped to the province or state to which it belongs. For
example, Vancouver can be mapped to British Columbia, and Chicago to Illinois. The
provinces and states can in turn be mapped to the country (e.g., Canada or the United
States) to which they belong. These mappings form a concept hierarchy for the dimension
location, mapping a set of low-level concepts (i.e., cities) to higher-level, more general
concepts (i.e., countries). This concept hierarchy is illustrated in Figure 4.9.
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Figure 4.9 A concept hierarchy for location. Due to space limitations, not all of the hierarchy nodes are shown, indicated by ellipses
between nodes.

Many concept hierarchies are implicit within the database schema. For example, suppose
that the dimension location is described by the attributes number, street, city,
province_or_state, zip_code, and country. These attributes are related by a total order,
forming a concept hierarchy such as “street < city < province_or_state < country.” This
hierarchy is shown in Figure 4.10(a). Alternatively, the attributes of a dimension may be
organized in a partial order, forming a lattice. An example of a partial order for the time
dimension based on the attributes day, week, month, quarter, and year is “day <{month <
quarter; week} < year.””* This lattice structure is shown in

Figure 4.10(b)

. A concept hierarchy that is a total or partial order among attributes in a database schema
is called a schema hierarchy. Concept hierarchies that are common to many applications
(e.g., for time) may be predefined in the data mining system. Data mining systems should
provide users with the flexibility to tailor predefined hierarchies according to their

! . Since a week often crosses the boundary of two consecutive months, it is usually not treated as a lower abstraction
of month. Instead, it is often treated as a lower abstraction of year, since a year contains approximately 52 weeks
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particular needs. For example, users may want to define a fiscal year starting on April 1 or
an academic year starting on September 1. Since a week often crosses the boundary of two
consecutive months, it is usually not treated as a lower abstraction of month. Instead, it is
often treated as a lower abstraction of year, since a year contains approximately 52 weeks.
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Figure 4.10 Hierarchical and lattice structures of attributes in warehouse dimensions: (a) a hierarchy for location and (b) a lattice for
time.

Concept hierarchies may also be defined by discretizing or grouping values for a given
dimension or attribute, resulting in a set-grouping hierarchy. A total or partial order can be
defined among groups of values. An example of a set-grouping hierarchy is shown in
Figure 4.11 for the dimension price, where an interval ($X...$Y] denotes the range from
$X (exclusive) to $Y (inclusive).
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Figure 4.11 A concept hierarchy for price.

(i

There may be more than one concept hierarchy for a given attribute or dimension, based on
different user viewpoints. For instance, a user may prefer to organize price by defining
ranges for inexpensive, moderately priced, and expensive. Concept hierarchies may be
provided manually by system users, domain experts, or knowledge engineers, or may be
automatically generated based on statistical analysis of the data distribution. The automatic
generation of concept hierarchies is discussed in Chapter 3 as a preprocessing step in
preparation for data mining. Concept hierarchies allow data to be handled at varying levels
of abstraction, as we will see in Section 4.2.4.
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4.2.4. Measures: Their Categorization and Computation
“How are measures computed?”” To answer this question, we first study how measures can
be categorized. Note that a multidimensional point in the data cube space can be defined

by a set of dimension—value pairs; for example, <(time = “Q1”, location = “Vancouver”,
item = “computer”) . A data cube measure is a numeric function that can be evaluated at
each point in the data cube space. A measure value is computed for a given point by
aggregating the data corresponding to the respective dimension-value pairs defining the
given point. We will look at concrete examples of this shortly. Measures can be organized
into three categories—distributive, algebraic, and holistic—based on the kind of aggregate
functions used.

Distributive: An aggregate function is distributive if it can be computed in a distributed
manner as follows. Suppose the data are partitioned into n sets. We apply the function to
each partition, resulting in n aggregate values. If the result derived by applying the function
to the n aggregate values is the same as that derived by applying the function to the entire
data set (without partitioning), the function can be computed in a distributed manner. For
example, sum() can be computed for a data cube by first partitioning the cube into a set of
subcubes, computing sum() for each subcube, and then summing up the counts obtained
for each subcube. Hence, sum() is a distributive aggregate function.

For the same reason, count(), min(), and max() are distributive aggregate functions. By
treating the count value of each nonempty base cell as 1 by default, count() of any cell in a
cube can be viewed as the sum of the count values of all of its corresponding child cells in
its subcube. Thus, count() is distributive. A measure is distributive if it is obtained by
applying a distributive aggregate function. Distributive measures can be computed
efficiently because of the way the computation can be partitioned.

Algebraic: An aggregate function is algebraic if it can be computed by an algebraic
function with M arguments (where M is a bounded positive integer), each of which is
obtained by applying a distributive aggregate function. For example, avg() (average) can
be computed by sum()/count(), where both sum() and count() are distributive aggregate
functions. Similarly, it can be shown that min_N() and max_N() (which find the N
minimum and N maximum values, respectively, in a given set) and standard_deviation()
are algebraic aggregate functions. A measure is algebraic if it is obtained by applying an
algebraic aggregate function.

Holistic: An aggregate function is holistic if there is no constant bound on the storage size
needed to describe a subaggregate. That is, there does not exist an algebraic function with
M arguments (where M is a constant) that characterizes the computation. Common
examples of holistic functions include median(), mode(), and rank(). A measure is holistic
if it is obtained by applying a holistic aggregate function.

Most large data cube applications require efficient computation of distributive and
algebraic measures. Many efficient techniques for this exist. In contrast, it is difficult to
compute holistic measures efficiently. Efficient techniques to approximate the computation
of some holistic measures, however, do exist. For example, rather than computing the
exact median(), Equation (2.3) of Chapter 2 can be used to estimate the approximate
median value for a large data set. In many cases, such techniques are sufficient to
overcome the difficulties of efficient computation of holistic measures. Various methods
for computing different measures in data cube construction are discussed in depth in
Chapter 5. Notice that most of the current data cube technology confines the measures of
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multidimensional databases to numeric data. However, measures can also be applied to
other kinds of data, such as spatial, multimedia, or text data.

4.2.5. Typical OLAP Operations

“How are concept hierarchies useful in OLAP?”” In the multidimensional model, data are
organized into multiple dimensions, and each dimension contains multiple levels of
abstraction defined by concept hierarchies. This organization provides users with the
flexibility to view data from different perspectives. A number of OLAP data cube
operations exist to materialize these different views, allowing interactive querying and
analysis of the data at hand. Hence, OLAP provides a user-friendly environment for
interactive data analysis.

OLAP operations

Let's look at some typical OLAP operations for multidimensional data. Each of the
following operations described is illustrated in Figure 4.12. At the center of the figure is a
data cube for AllElectronics sales. The cube contains the dimensions location, time, and
item, where location is aggregated with respect to city values, time is aggregated with
respect to quarters, and item is aggregated with respect to item types. To aid in our
explanation, we refer to this cube as the central cube. The measure displayed is
dollars_sold (in thousands). (For improved readability, only some of the cubes' cell values
are shown.) The data examined are for the cities Chicago, New York, Toronto, and
Vancouver.

Roll-up: The roll-up operation (also called the drill-up operation by some vendors)
performs aggregation on a data cube, either by climbing up a concept hierarchy for a
dimension or by dimension reduction. Figure 4.12 shows the result of a roll-up operation
performed on the central cube by climbing up the concept hierarchy for location given in
Figure 4.9. This hierarchy was defined as the total order ““street <city <province_or_state
<country.” The roll-up operation shown aggregates the data by ascending the location
hierarchy from the level of city to the level of country. In other words, rather than grouping
the data by city, the resulting cube groups the data by country. When roll-up is performed
by dimension reduction, one or more dimensions are removed from the given cube. For
example, consider a sales data cube containing only the location and time dimensions.
Roll-up may be performed by removing, say, the time dimension, resulting in an
aggregation of the total sales by location, rather than by location and by time.

Drill-down: Drill-down is the reverse of roll-up. It navigates from less detailed data to
more detailed data. Drill-down can be realized by either stepping down a concept
hierarchy for a dimension or introducing additional dimensions. Figure 4.12 shows the
result of a drill-down operation performed on the central cube by stepping down a concept
hierarchy for time defined as *““day <month <quarter <year.” Drill-down occurs by
descending the time hierarchy from the level of quarter to the more detailed level of
month. The resulting data cube details the total sales per month rather than summarizing
them by quarter.

Because a drill-down adds more detail to the given data, it can also be performed by
adding new dimensions to a cube. For example, a drill-down on the central cube of Figure
4.12 can occur by introducing an additional dimension, such as customer_group.

Slice and dice: The slice operation performs a selection on one dimension of the given
cube, resulting in a subcube. Figure 4.12 shows a slice operation where the sales data are
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selected from the central cube for the dimension time using the criterion time = “Q1.” The
dice operation defines a subcube by performing a selection on two or more dimensions.
Figure 4.12 shows a dice operation on the central cube based on the following selection
criteria that involve three dimensions: (location = “Toronto” or “Vancouver”) and (time =
“Q1” or “Q2”) and (item = “home entertainment” or “computer’).

Pivot (rotate):Pivot (also called rotate) is a visualization operation that rotates the data axes
in view to provide an alternative data presentation.

Figure 4.12 shows a pivot operation where the item and location axes in a 2-D slice are
rotated. Other examples include rotating the axes in a 3-D cube, or transforming a 3-D
cube into a series of 2-D planes.

Other OLAP operations: Some OLAP systems offer additional drilling operations. For
example, drill-across executes queries involving (i.e., across) more than one fact table. The
drill-through operation uses relational SQL facilities to drill through the bottom level of a
data cube down to its back-end relational tables.

Other OLAP operations may include ranking the top N or bottom N items in lists, as well
as computing moving averages, growth rates, interests, internal return rates, depreciation,
currency conversions, and statistical functions.
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Figure 4.12 Examples of typical OLAP operations on multidimensional data.

OLAP offers analytical modeling capabilities, including a calculation engine for deriving
ratios, variance, and so on, and for computing measures across multiple dimensions. It can
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generate summarizations, aggregations, and hierarchies at each granularity level and at
every dimension intersection. OLAP also supports functional models for forecasting, trend
analysis, and statistical analysis. In this context, an OLAP engine is a powerful data
analysis tool.

OLAP Systems versus Statistical Databases

Many OLAP systems' characteristics (e.g., the use of a multidimensional data model and
concept hierarchies, the association of measures with dimensions, and the notions of roll-
up and drill-down) also exist in earlier work on statistical databases (SDBs). A statistical
database is a database system that is designed to support statistical applications.
Similarities between the two types of systems are rarely discussed, mainly due to
differences in terminology and application domains.

OLAP and SDB systems, however, have distinguishing differences. While SDBs tend to
focus on socioeconomic applications, OLAP has been targeted for business applications.
Privacy issues regarding concept hierarchies are a major concern for SDBs. For example,
given summarized socioeconomic data, it is controversial to allow users to view the
corresponding low-level data. Finally, unlike SDBs, OLAP systems are designed for
efficiently handling huge amounts of data.

4.2.6. A Starnet Query Model for Querying Multidimensional Databases
The querying of multidimensional databases can be based on a starnet model, which
consists of radial lines emanating from a central point, where each line represents a
concept hierarchy for a dimension. Each abstraction level in the hierarchy is called a
footprint. These represent the granularities available for use by OLAP operations such as
drill-down and roll-up.

Starnet

A starnet query model for the AllElectronics data warehouse is shown in Figure 4.13. This
starnet consists of four radial lines, representing concept hierarchies for the dimensions
location, customer, item, and time, respectively. Each line consists of footprints
representing abstraction levels of the dimension. For example, the time line has four
footprints: “day,” “month,” *“quarter,” and *“year.” A concept hierarchy may involve a
single attribute (e.g.,datefor the time hierarchy) or several attributes (e.g., the concept
hierarchy for location involves the attributes street, city, province_or_state, and country).
In order to examine the item sales at AllElectronics, users can roll up along the time
dimension from month to quarter, or, say, drill down along the location dimension from
country to city.
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Figure 4.13 A starnet model of business queries.

Concept hierarchies can be used to generalize data by replacing low-level values (such as
“day” for the time dimension) by higher-level abstractions (such as “year”), or to specialize
data by replacing higher-level abstractions with lower-level values.

4.3. Data Warehouse Design and Usage

“What goes into a data warehouse design? How are data warehouses used? How do data
warehousing and OLAP relate to data mining?”” This section tackles these questions. We
study the design and usage of data warehousing for information processing, analytical
processing, and data mining. We begin by presenting a business analysis framework for
data warehouse design (Section 4.3.1). Section 4.3.2 looks at the design process, while
Section 4.3.3 studies data warehouse usage. Finally, Section 4.3.4  describes
multidimensional data mining, a powerful paradigm that integrates OLAP with data mining
technology.

4.3.1. A Business Analysis Framework for Data Warehouse Design

“What can business analysts gain from having a data warehouse?”” First, having a data
warehouse may provide a competitive advantage by presenting relevant information from
which to measure performance and make critical adjustments to help win over competitors.
Second, a data warehouse can enhance business productivity because it is able to quickly
and efficiently gather information that accurately describes the organization. Third, a data
warehouse facilitates customer relationship management because it provides a consistent
view of customers and items across all lines of business, all departments, and all markets.
Finally, a data warehouse may bring about cost reduction by tracking trends, patterns, and
exceptions over long periods in a consistent and reliable manner.

To design an effective data warehouse we need to understand and analyze business needs
and construct a business analysis framework. The construction of a large and complex
information system can be viewed as the construction of a large and complex building, for
which the owner, architect, and builder have different views. These views are combined to
form a complex framework that represents the top-down, business-driven, or owner's
perspective, as well as the bottom-up, builder-driven, or implementor's view of the
information system.

Four different views regarding a data warehouse design must be considered: the top-down
view, the data source view, the data warehouse view, and the business query view.
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m The top-down view allows the selection of the relevant information necessary for the
data warehouse. This information matches current and future business needs.

m The data source view exposes the information being captured, stored, and managed by
operational systems. This information may be documented at various levels of detail and
accuracy, from individual data source tables to integrated data source tables. Data sources
are often modeled by traditional data modeling techniques, such as the entity-relationship
model or CASE (computer-aided software engineering) tools.

m The data warehouse view includes fact tables and dimension tables. It represents the
information that is stored inside the data warehouse, including precalculated totals and
counts, as well as information regarding the source, date, and time of origin, added to
provide historical context.

m Finally, the business query view is the data perspective in the data warehouse from the
end-user's viewpoint.

Building and using a data warehouse is a complex task because it requires business skills,
technology skills, and program management skills. Regarding business skills, building a
data warehouse involves understanding how systems store and manage their data, how to
build extractors that transfer data from the operational system to the data warehouse, and
how to build warehouse refresh software that keeps the data warehouse reasonably up-to-
date with the operational system's data. Using a data warehouse involves understanding the
significance of the data it contains, as well as understanding and translating the business
requirements into queries that can be satisfied by the data warehouse.

Regarding technology skills, data analysts are required to understand how to make
assessments from quantitative information and derive facts based on conclusions from
historic information in the data warehouse. These skills include the ability to discover
patterns and trends, to extrapolate trends based on history and look for anomalies or
paradigm shifts, and to present coherent managerial recommendations based on such
analysis. Finally, program management skills involve the need to interface with many
technologies, vendors, and end-users in order to deliver results in a timely and cost-
effective manner.

4.3.2. Data Warehouse Design Process

Let's look at various approaches to the data warehouse design process and the steps
involved. A data warehouse can be built using a top-down approach, a bottom-up
approach, or a combination of both. The top-down approach starts with overall design and
planning. It is useful in cases where the technology is mature and well known, and where
the business problems that must be solved are clear and well understood. The bottom-up
approach starts with experiments and prototypes. This is useful in the early stage of
business modeling and technology development. It allows an organization to move

forward at considerably less expense and to evaluate the technological benefits before
making significant commitments. In the combined approach, an organization can exploit
the planned and strategic nature of the top-down approach while retaining the rapid
implementation and opportunistic application of the bottom-up approach.

From the software engineering point of view, the design and construction of a data
warehouse may consist of the following steps: planning, requirements study, problem
analysis, warehouse design, data integration and testing, and finally deployment of the
data warehouse. Large software systems can be developed using one of two
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methodologies: the waterfall method or the spiral method. The waterfall method performs
a structured and systematic analysis at each step before proceeding to the next, which is
like a waterfall, falling from one step to the next. The spiral method involves the rapid
generation of increasingly functional systems, with short intervals between successive
releases. This is considered a good choice for data warehouse development, especially for
data marts, because the turnaround time is short, modifications can be done quickly, and
new designs and technologies can be adapted in a timely manner. In general, the
warehouse design process consists of the following steps:

1. Choose a business process to model (e.g., orders, invoices, shipments, inventory,
account administration, sales, or the general ledger). If the business process is
organizational and involves multiple complex object collections, a data warehouse model
should be followed. However, if the process is departmental and focuses on the analysis of
one kind of business process, a data mart model should be chosen.

2. Choose the business process grain, which is the fundamental, atomic level of data to be
represented in the fact table for this process (e.g., individual transactions, individual daily
snapshots, and so on).

3. Choose the dimensions that will apply to each fact table record. Typical dimensions are
time, item, customer, supplier, warehouse, transaction type, and status.

4. Choose the measures that will populate each fact table record. Typical measures are
numeric additive quantities like dollars_sold and units_sold.

Because data warehouse construction is a difficult and long-term task, its implementation
scope should be clearly defined. The goals of an initial data warehouse implementation
should be specific, achievable, and measurable. This involves determining the time and
budget allocations, the subset of the organization that is to be modeled, the number of data
sources selected, and the number and types of departments to be served.

Once a data warehouse is designed and constructed, the initial deployment of the
warehouse includes initial installation, roll-out planning, training, and orientation. Platform
upgrades and maintenance must also be considered. Data warehouse administration
includes data refreshment, data source synchronization, planning for disaster recovery,
managing access control and security, managing data growth, managing database
performance, and data warehouse enhancement and extension. Scope management
includes controlling the number and range of queries, dimensions, and reports; limiting the
data warehouse's size; or limiting the schedule, budget, or resources.

Various kinds of data warehouse design tools are available. Data warehouse development
tools provide functions to define and edit metadata repository contents (e.g., schemas,
scripts, or rules), answer queries, output reports, and ship metadata to and from relational
database system catalogs. Planning and analysis tools study the impact of schema changes
and of refresh performance when changing refresh rates or time windows.

4.3.3. Data Warehouse Usage for Information Processing
Data warehouses and data marts are used in a wide range of applications. Business
executives use the data in data warehouses and data marts to perform data analysis and
make strategic decisions. In many firms, data warehouses are used as an integral part of a
plan-execute-assess “closed-loop” feedback system for enterprise management. Data
warehouses are used extensively in banking and financial services, consumer goods and
retail distribution sectors, and controlled manufacturing such as demand-based production.

135



[DATA MINING: CONCEPTS AND TECHNIQUES 3RD EDITION]

Typically, the longer a data warehouse has been in use, the more it will have evolved. This
evolution takes place throughout a number of phases. Initially, the data warehouse is
mainly used for generating reports and answering predefined queries. Progressively, it is
used to analyze summarized and detailed data, where the results are presented in the form
of reports and charts. Later, the data warehouse is used for strategic purposes, performing
multidimensional analysis and sophisticated slice-and-dice operations. Finally, the data
warehouse may be employed for knowledge discovery and strategic decision making using
data mining tools. In this context, the tools for data warehousing can be categorized into
access and retrieval tools, database reporting tools, data analysis tools, and data mining
tools.

Business users need to have the means to know what exists in the data warehouse (through
metadata), how to access the contents of the data warehouse, how to examine the contents
using analysis tools, and how to present the results of such analysis. There are three kinds
of data warehouse applications: information processing, analytical processing, and data
mining.

m Information processing supports querying, basic statistical analysis, and reporting using
crosstabs, tables, charts, or graphs. A current trend in data warehouse information
processing is to construct low-cost web-based accessing tools that are then integrated with
web browsers.

m Analytical processing supports basic OLAP operations, including slice-and-dice, drill-
down, roll-up, and pivoting. It generally operates on historic data in both summarized and
detailed forms. The major strength of online analytical processing over information
processing is the multidimensional data analysis of data warehouse data.

m Data mining supports knowledge discovery by finding hidden patterns and associations,
constructing analytical models, performing classification and prediction, and presenting the
mining results using visualization tools.

“How does data mining relate to information processing and online analytical
processing?”” Information processing, based on queries, can find useful information.
However, answers to such queries reflect the information directly stored in databases or
computable by aggregate functions. They do not reflect sophisticated patterns or
regularities buried in the database. Therefore, information processing is not data mining.

Online analytical processing comes a step closer to data mining because it can derive
information summarized at multiple granularities from user-specified subsets of a data
warehouse. Such descriptions are equivalent to the class/concept descriptions discussed in
Chapter 1. Because data mining systems can also mine generalized class/concept
descriptions, this raises some interesting questions: “Do OLAP systems perform data
mining? Are OLAP systems actually data mining systems?”’

The functionalities of OLAP and data mining can be viewed as disjoint: OLAP is a data
summarization/aggregation tool that helps simplify data analysis, while data mining allows
the automated discovery of implicit patterns and interesting knowledge hidden in large
amounts of data. OLAP tools are targeted toward simplifying and supporting interactive
data analysis, whereas the goal of data mining tools is to automate as much of the process
as possible, while still allowing users to guide the process. In this sense, data mining goes
one step beyond traditional online analytical processing.
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An alternative and broader view of data mining may be adopted in which data mining
covers both data description and data modeling. Because OLAP systems can present
general descriptions of data from data warehouses, OLAP functions are essentially for
user-directed data summarization and comparison (by drilling, pivoting, slicing, dicing,
and other operations). These are, though limited, data mining functionalities. Yet according
to this view, data mining covers a much broader spectrum than simple OLAP operations,
because it performs not only data summarization and comparison but also association,
classification, prediction, clustering, time-series analysis, and other data analysis tasks.

Data mining is not confined to the analysis of data stored in data warehouses. It may
analyze data existing at more detailed granularities than the summarized data provided in a
data warehouse. It may also analyze transactional, spatial, textual, and multimedia data that
are difficult to model with current multidimensional database technology. In this context,
data mining covers a broader spectrum than OLAP with respect to data mining
functionality and the complexity of the data handled.

Because data mining involves more automated and deeper analysis than OLAP, it is
expected to have broader applications. Data mining can help business managers find and
reach more suitable customers, as well as gain critical business insights that may help drive
market share and raise profits. In addition, data mining can help managers understand
customer group characteristics and develop optimal pricing strategies accordingly. It can
correct item bundling based not on intuition but on actual item groups derived from
customer purchase patterns, reduce promotional spending, and at the same time increase
the overall net effectiveness of promotions.

4.3.4. From Online Analytical Processing to Multidimensional Data Mining

The data mining field has conducted substantial research regarding mining on various data
types, including relational data, data from data warehouses, transaction data, time-series
data, spatial data, text data, and flat files. Multidimensional data mining (also known as
exploratory multidimensional data mining, online analytical mining, or OLAM ) integrates
OLAP with data mining to uncover knowledge in multidimensional databases. Among the
many different paradigms and architectures of data mining systems, multidimensional data
mining is particularly important for the following reasons:

m High quality of data in data warehouses: Most data mining tools need to work on
integrated, consistent, and cleaned data, which requires costly data cleaning, data
integration, and data transformation as preprocessing steps. A data warehouse constructed
by such preprocessing serves as a valuable source of high-quality data for OLAP as well as
for data mining. Notice that data mining may serve as a valuable tool for data cleaning and
data integration as well.

m Available information processing infrastructure surrounding data warehouses:
Comprehensive information processing and data analysis infrastructures have been or will
be systematically constructed surrounding data warehouses, which include accessing,
integration, consolidation, and transformation of multiple heterogeneous databases,
ODBC/OLEDB connections, Web accessing and service facilities, and reporting and
OLAP analysis tools. It is prudent to make the best use of the available infrastructures
rather than constructing everything from scratch.

m OLAP-based exploration of multidimensional data: Effective data mining needs
exploratory data analysis. A user will often want to traverse through a database, select
portions of relevant data, analyze them at different granularities, and present
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knowledge/results in different forms. Multidimensional data mining provides facilities for
mining on different subsets of data and at varying levels of abstraction—by drilling,
pivoting, filtering, dicing, and slicing on a data cube and/or intermediate data mining
results. This, together with data/knowledge visualization tools, greatly enhances the power
and flexibility of data mining.

m Online selection of data mining functions: Users may not always know the specific kinds
of knowledge they want to mine. By integrating OLAP with various data mining functions,
multidimensional data mining provides users with the flexibility to select desired data
mining functions and swap data mining tasks dynamically.

Chapter 5 describes data warehouses on a finer level by exploring implementation issues
such as data cube computation, OLAP query answering strategies, and multidimensional
data mining. The chapters following it are devoted to the study of data mining techniques.
As we have seen, the introduction to data warehousing and OLAP technology presented in
this chapter is essential to our study of data mining. This is because data warehousing
provides users with large amounts of clean, organized, and summarized data, which greatly
facilitates data mining. For example, rather than storing the details of each sales
transaction, a data warehouse may store a summary of the transactions per item type for
each branch or, summarized to a higher level, for each country. The capability of OLAP to
provide multiple and dynamic views of summarized data in a data warehouse sets a solid
foundation for successful data mining.

Moreover, we also believe that data mining should be a human-centered process. Rather
than asking a data mining system to generate patterns and knowledge automatically, a user
will often need to interact with the system to perform exploratory data analysis. OLAP sets
a good example for interactive data analysis and provides the necessary preparations for
exploratory data mining. Consider the discovery of association patterns, for example.
Instead of mining associations at a primitive (i.e., low) data level among transactions, users
should be allowed to specify roll-up operations along any dimension.

For example, a user may want to roll up on the item dimension to go from viewing the data
for particular TV sets that were purchased to viewing the brands of these TVs (e.g., SONY
or Toshiba). Users may also navigate from the transaction level to the customer or
customer-type level in the search for interesting associations. Such an OLAP data mining
style is characteristic of. In our study of the principles of data mining in this book, we
place particular emphasis on, that is, on the integration of data mining and OLAP
technology.

4.4. Data Warehouse Implementation
Data warehouses contain huge volumes of data. OLAP servers demand that decision
support queries be answered in the order of seconds. Therefore, it is crucial for data
warehouse systems to support highly efficient cube computation techniques, access
methods, and query processing techniques. In this section, we present an overview of
methods for the efficient implementation of data warehouse systems.

Section 4.4.1 explores how to compute data cubes efficiently. Section 4.4.2 shows how
OLAP data can be indexed, using either bitmap or join indices. Next, we study how OLAP
queries are processed (Section 4.4.3 ). Finally, Section 4.4.4 presents various types of
warehouse servers for OLAP processing.
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4.4.1. Efficient Data Cube Computation: An Overview
At the core of multidimensional data analysis is the efficient computation of aggregations
across many sets of dimensions. In SQL terms, these aggregations are referred to as group-
by 's. Each group-by can be represented by a cuboid, where the set of group-by's forms a
lattice of cuboids defining a data cube. In this subsection, we explore issues relating to the
efficient computation of data cubes.

The compute cube Operator and the Curse of Dimensionality

One approach to cube computation extends SQL so as to include a compute cube operator.
The compute cube operator computes aggregates over all subsets of the dimensions
specified in the operation. This can require excessive storage space, especially for large
numbers of dimensions. We start with an intuitive look at what is involved in the efficient
computation of data cubes.

A data cube is a lattice of cuboids

Suppose that you want to create a data cube for AllElectronics sales that contains the
following: city, item, year, and sales_in_dollars. You want to be able to analyze the data,
with queries such as the following:

m “Compute the sum of sales, grouping by city and item.”
m “Compute the sum of sales, grouping by city.”
m “Compute the sum of sales, grouping by item.”

What is the total number of cuboids, or group-by's, that can be computed for this data
cube? Taking the three attributes, city, item, and year, as the dimensions for the data cube,
and sales_in_dollars as the measure, the total number of cuboids, or group-by's, that can be
computed for this data cube is 2° = 8. The possible group-by's are the following: {(city,
item, year), (city, item), (city, year), (item, year), (city), (item), (year), ()}, where () means
that the group-by is empty (i.e., the dimensions are not grouped). These group-by's form a
lattice of cuboids for the data cube, as shown inFigure 4.14.

The base cuboid contains all three dimensions, city, item, and year. It can return the total
sales for any combination of the three dimensions. The apex cuboid, or 0-D cuboid, refers
to the case where the group-by is empty. It contains the total sum of all sales. The base
cuboid is the least generalized (most specific) of the cuboids. The apex cuboid is the most
generalized (least specific) of the cuboids, and is often denoted as all. If we start at the
apex cuboid and explore downward in the lattice, this is equivalent to drilling down within
the data cube. If we start at the base cuboid and explore upward, this is akin to rolling up.
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Figure 4.14 Lattice of cuboids, making up a 3-D data cube. Each cuboid represents a different group-by. The base cuboid contains city,
item, and year dimensions.

An SQL query containing no group-by (e.g., “compute the sum of total sales ) is a zero-
dimensional operation. An SQL query containing one group-by (e.g., “compute the sum of
sales, group-by city ”) is a one-dimensional operation. A cube operator on n dimensions is
equivalent to a collection of group-by statements, one for each subset of the n dimensions.
Therefore, the cube operator is the n-dimensional generalization of the group-by operator.

Similar to the SQL syntax, the data cube in Example 4.1 could be defined as define cube
sales_cube [city, item, year]: sum(sales_in_dollars) For a cube with n dimensions, there are
a total of 2" cuboids, including the base cuboid. A statement such as compute cube
sales_cube would explicitly instruct the system to compute the sales aggregate cuboids for
all eight subsets of the set {city, item, year }, including the empty subset. A cube
computation operator was first proposed and studied by Gray et al. [GCB*97].

Online analytical processing may need to access different cuboids for different queries.
Therefore, it may seem like a good idea to compute in advance all or at least some of the
cuboids in a data cube. Precomputation leads to fast response time and avoids some
redundant computation. Most, if not all, OLAP products resort to some degree of
precomputation of multidimensional aggregates.

A major challenge related to this precomputation, however, is that the required storage
space may explode if all the cuboids in a data cube are precomputed, especially when the
cube has many dimensions. The storage requirements are even more excessive when many
of the dimensions have associated concept hierarchies, each with multiple levels. This
problem is referred to as the curse of dimensionality. The extent of the curse of
dimensionality is illustrated here.

“How many cuboids are there in an n-dimensional data cube?” If there were no
hierarchies associated with each dimension, then the total number of cuboids for an n-
dimensional data cube, as we have seen, is 2". However, in practice, many dimensions do
have hierarchies. For example, time is usually explored not at only one conceptual level
(e.g., year), but rather at multiple conceptual levels such as in the hierarchy “day < month
< quarter < year.” For an n-dimensional data cube, the total number of cuboids

that can be generated (including the cuboids generated by climbing up the hierarchies
along each dimension) is(4.1)
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L
Total number o cuboids = H[Lr' + 1.
i=1

where L; is the number of levels associated with dimension i. One is added to L; inEq. (4.1)

to include the virtual top level, all. (Note that generalizing to all is equivalent to the
removal of the dimension.)

This formula is based on the fact that, at most, one abstraction level in each dimension will
appear in a cuboid. For example, the time dimension as specified before has four
conceptual levels, or five if we include the virtual level all. If the cube has 10 dimensions
and each dimension has five levels (including all ), the total number of cuboids that can be
generated is 5" = 9.8 x 10°, The size of each cuboid also depends on the cardinality (i.e.,
number of distinct values) of each dimension. For example, if the AllElectronics branch in
each city sold every item, there would be €yl litem| typles in the city item group-by
alone. As the number of dimensions, number of conceptual hierarchies, or cardinality
increases, the storage space required for many of the group-by's will grossly exceed the
(fixed) size of the input relation.

By now, you probably realize that it is unrealistic to precompute and materialize all of the
cuboids that can possibly be generated for a data cube (i.e., from a base cuboid). If there
are many cuboids, and these cuboids are large in size, a more reasonable option is partial
materialization; that is, to materialize only some of the possible cuboids that can be
generated.

Partial Materialization: Selected Computation of Cuboids
There are three choices for data cube materialization given a base cuboid:

1. No materialization: Do not precompute any of the “nonbase” cuboids. This leads to
computing expensive multidimensional aggregates on-the-fly, which can be extremely
slow.

2. Full materialization: Precompute all of the cuboids. The resulting lattice of computed
cuboids is referred to as the full cube. This choice typically requires huge amounts of
memory space in order to store all of the precomputed cuboids.

3. Partial materialization: Selectively compute a proper subset of the whole set of possible
cuboids. Alternatively, we may compute a subset of the cube, which contains only those
cells that satisfy some user-specified criterion, such as where the tuple count of each cell is
above some threshold. We will use the term subcube to refer to the latter case, where only
some of the cells may be precomputed for various cuboids. Partial materialization
represents an interesting trade-off between storage space and response time.

The partial materialization of cuboids or subcubes should consider three factors: (1)
identify the subset of cuboids or subcubes to materialize; (2) exploit the materialized
cuboids or subcubes during query processing; and (3) efficiently update the materialized
cuboids or subcubes during load and refresh.

The selection of the subset of cuboids or subcubes to materialize should take into account
the queries in the workload, their frequencies, and their accessing costs. In addition, it
should consider workload characteristics, the cost for incremental updates, and the total
storage requirements. The selection must also consider the broad context of physical
database design such as the generation and selection of indices. Several OLAP products
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have adopted heuristic approaches for cuboid and subcube selection. A popular approach is
to materialize the cuboids set on which other frequently referenced cuboids are based.
Alternatively, we can compute an iceberg cube, which is a data cube that stores only those
cube cells with an aggregate value (e.g., count ) that is above some minimum support
threshold.

Another common strategy is to materialize a shell cube. This involves precomputing the
cuboids for only a small number of dimensions (e.g., three to five) of a data cube. Queries
on additional combinations of the dimensions can be computed on-the-fly. Because our
aim in this chapter is to provide a solid introduction and overview of data warehousing for
data mining, we defer our detailed discussion of cuboid selection and computation to
Chapter 5, which studies various data cube computation methods in greater depth.

Once the selected cuboids have been materialized, it is important to take advantage of them
during query processing. This involves several issues, such as how to determine the
relevant cuboid(s) from among the candidate materialized cuboids, how to use available
index structures on the materialized cuboids, and how to transform the OLAP operations
onto the selected cuboid(s). These issues are discussed in Section 4.4.3 as well as in
Chapter 5. Finally, during load and refresh, the materialized cuboids should be updated
efficiently. Parallelism and incremental update techniques for this operation should be
explored.

4.4.2. Indexing OLAP Data: Bitmap Index and Join Index
To facilitate efficient data accessing, most data warehouse systems support index structures
and materialized views (using cuboids). General methods to select cuboids for
materialization were discussed in Section 4.4.1. In this subsection, we examine how to
index OLAP data by bitmap indexing and join indexing.

The bitmap indexing method is popular in OLAP products because it allows quick
searching in data cubes. The bitmap index is an alternative representation of the record_ID
(RID) list. In the bitmap index for a given attribute, there is a distinct bit vector, By, for
each value v in the attribute’s domain. If a given attribute's domain consists of n values,
then n bits are needed for each entry in the bitmap index (i.e., there are n bit vectors). If the
attribute has the value v for a given row in the data table, then the bit representing that
value is set to 1 in the corresponding row of the bitmap index. All other bits for that row
are set to 0.

Bitmap indexing

In the AllElectronics data warehouse, suppose the dimension item at the top level has four
values (representing item types): “home entertainment,” ““‘computer,” “‘phone,” and
““security.” Each value (e.g., “computer”) is represented by a bit vector in the item bitmap
index table. Suppose that the cube is stored as a relation table with 100,000 rows. Because
the domain of item consists of four values, the bitmap index table requires four bit vectors
(or lists), each with 100,000 bits. Figure 4.15 shows a base (data) table containing the
dimensions item and city, and its mapping to bitmap index tables for each of the
dimensions.
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Figure 4.15 Indexing OLAP data using bitmap indices.

Bitmap indexing is advantageous compared to hash and tree indices. It is especially useful
for low-cardinality domains because comparison, join, and aggregation operations are then
reduced to bit arithmetic, which substantially reduces the processing time. Bitmap indexing
leads to significant reductions in space and input/output (I1/O) since a string of characters
can be represented by a single bit. For higher-cardinality domains, the method can be
adapted using compression techniques.

The join indexing method gained popularity from its use in relational database query
processing. Traditional indexing maps the value in a given column to a list of rows having
that value. In contrast, join indexing registers the joinable rows of two relations from a
relational database. For example, if two relations R(RID, A) and S(B, SID) join on the
attributes A and B, then the join index record contains the pair (RID, SID), where RID and
SID are record identifiers from the R and S relations, respectively. Hence, the join index
records can identify joinable tuples without performing costly join operations. Join
indexing is especially useful for maintaining the relationship between a foreign key* and its
matching primary keys, from the joinable relation.

The star schema model of data warehouses makes join indexing attractive for cross-table
search, because the linkage between a fact table and its corresponding dimension tables
comprises the fact table's foreign key and the dimension table's primary key. Join indexing
maintains relationships between attribute values of a dimension (e.g., within a dimension
table) and the corresponding rows in the fact table. Join indices may span multiple
dimensions to form composite join indices. We can use join indices to identify subcubes
that are of interest.

' A set of attributes in a relation schema that forms a primary key for another relation schema is called a foreign

key
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In Example 3.4, we defined a star schema for AllElectronics of the form ““sales_star [time,
item, branch, location ]: dollars_sold = sum(sales_in_dollars).” An example of a join
index relationship between the sales fact table and the location and item dimension tables
is shown in Figure 4.16. For example, the “Main Street” value in the location dimension
table joins with tuples T57, T238, and T884 of the sales fact table. Similarly, the “Sony-
TV” value in the item dimension table joins with tuples T57 and T459 of the sales fact
table. The corresponding join index tables are shown in Figure 4.17.

Suppose that there are 360 time values, 100 items, 50 branches, 30 locations, and 10
million sales tuples in the sales_star data cube. If the sales fact table has recorded sales for
only 30 items, the remaining 70 items will obviously not participate in joins. If join indices
are not used, additional 1/0s have to be performed to bring the joining portions of the fact
table and the dimension tables together.
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Figure 4.16 Linkages between a sales fact table and location and item dimension tables.
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Figure 4.17Join index tables based on the linkages between the sales fact table and the location and item dimension tables shown in
Figure 4.16.
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To further speed up query processing, the join indexing and the bitmap indexing methods
can be integrated to form bitmapped join indices.

4.4.3. Efficient Processing of OLAP Queries
The purpose of materializing cuboids and constructing OLAP index structures is to speed
up query processing in data cubes. Given materialized views, query processing should
proceed as follows:

1. Determine which operations should be performed on the available cuboids: This
involves transforming any selection, projection, roll-up (group-by), and drill-down
operations specified in the query into corresponding SQL and/or OLAP operations. For
example, slicing and dicing a data cube may correspond to selection and/or projection
operations on a materialized cuboid.

2. Determine to which materialized cuboid(s) the relevant operations should be applied:
This involves identifying all of the materialized cuboids that may potentially be used to
answer the query, pruning the set using knowledge of “dominance” relationships among
the cuboids, estimating the costs of using the remaining materialized cuboids, and selecting
the cuboid with the least cost.

OLAP query processing

Suppose that we define a data cube for AllElectronics of the form “sales_cube [time, item,
location ]: sum(sales_in_dollars).” The dimension hierarchies used are “day < month <
quarter < year” for time; “item_name < brand < type” for item; and “street < city <
province_or_state < country” for location.

Suppose that the query to be processed is on {brand, province or_state }, with the
selection constant “year = 2010.”” Also, suppose that there are four materialized cuboids
available, as follows:

m cuboid 1: {year, item_name, city }

m cuboid 2: {year, brand, country }

m cuboid 3: {year, brand, province_or_state }

m cuboid 4: {item_name, province_or_state }, where year = 2010

“Which of these four cuboids should be selected to process the query?” Finer-granularity
data cannot be generated from coarser-granularity data. Therefore, cuboid 2 cannot be used
because country is a more general concept than province_or_state. Cuboids 1, 3, and 4 can
be used to process the query because (1) they have the same set or a superset of the

dimensions in the query, (2) the selection clause in the query can imply the selection in the
cuboid, and (3) the abstraction levels for the item and location dimensions in these cuboids
are at a finer level than brand and province_or_state, respectively.

“How would the costs of each cuboid compare if used to process the query?” It is likely
that using cuboid 1 would cost the most because both item_name and city are at a lower
level than the brand and province_or_state concepts specified in the query. If there are not
many year values associated with items in the cube, but there are several item_names for
each brand, then cuboid 3 will be smaller than cuboid 4, and thus cuboid 3 should be
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chosen to process the query. However, if efficient indices are available for cuboid 4, then
cuboid 4 may be a better choice. Therefore, some cost-based estimation is required to
decide which set of cuboids should be selected for query processing.

4.4.4, OLAP Server Architectures: ROLAP versus MOLAP versus HOLAP
Logically, OLAP servers present business users with multidimensional data from data
warehouses or data marts, without concerns regarding how or where the data are stored.
However, the physical architecture and implementation of OLAP servers must consider
data storage issues. Implementations of a warehouse server for OLAP processing include
the following:

Relational OLAP (ROLAP) servers: These are the intermediate servers that stand in
between a relational back-end server and client front-end tools. They use a relational or
extended-relational DBMS to store and manage warehouse data, and OLAP middleware to
support missing pieces. ROLAP servers include optimization for each DBMS back end,
implementation of aggregation navigation logic, and additional tools and services. ROLAP
technology tends to have greater scalability than MOLAP technology. The DSS server of
Microstrategy, for example, adopts the ROLAP approach.

Multidimensional OLAP (MOLAP) servers: These servers support multidimensional data
views through array-based multidimensional storage engines. They map multidimensional
views directly to data cube array structures. The advantage of using a data cube is that it
allows fast indexing to precomputed summarized data. Notice that with multidimensional
data stores, the storage utilization may be low if the data set is sparse. In such cases, sparse
matrix compression techniques should be explored (Chapter 5).

Many MOLAP servers adopt a two-level storage representation to handle dense and sparse
data sets: Denser subcubes are identified and stored as array structures, whereas sparse
subcubes employ compression technology for efficient storage utilization.

Hybrid OLAP (HOLAP) servers: The hybrid OLAP approach combines ROLAP and
MOLAP technology, benefiting from the greater scalability of ROLAP and the faster
computation of MOLAP. For example, a HOLAP server may allow large volumes

of detailed data to be stored in a relational database, while aggregations are kept in a
separate MOLAP store. The Microsoft SQL Server 2000 supports a hybrid OLAP server.

Specialized SQL servers: To meet the growing demand of OLAP processing in relational
databases, some database system vendors implement specialized SQL servers that provide
advanced query language and query processing support for SQL queries over star and
snowflake schemas in a read-only environment.

“How are data actually stored in ROLAP and MOLAP architectures?”” Let's first look at
ROLAP. As its name implies, ROLAP uses relational tables to store data for online
analytical processing. Recall that the fact table associated with a base cuboid is referred to
as a base fact table. The base fact table stores data at the abstraction level indicated by the
join keys in the schema for the given data cube. Aggregated data can also be stored in fact
tables, referred to as summary fact tables. Some summary fact tables store both base fact
table data and aggregated data (see Example 3.10). Alternatively, separate summary fact
tables can be used for each abstraction level to store only aggregated data.
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A ROLAP data store

Table 4.4 shows a summary fact table that contains both base fact data and aggregated
data. The schema is “ (record_identifier (RID), item, ..., day, month, quarter, year,
dollars_sold) ,” where day, month, quarter, and year define the sales date, and
dollars_sold is the sales amount. Consider the tuples with an RID of 1001 and 1002,
respectively. The data of these tuples are at the base fact level, where the sales dates are
October 15, 2010, and October 23, 2010, respectively. Consider the tuple with an RID of
5001. This tuple is at a more general level of abstraction than the tuples 1001 and 1002.
The day value has been generalized to all, so that the corresponding time value is October
2010. That is, the dollars_sold amount shown is an aggregation representing the entire
month of October 2010, rather than just October 15 or 23, 2010. The special value all is
used to represent subtotals in summarized data.

Table 4.4Single Table for Base and Summary Facts

ite da mont quarte dollars_sol
RID m - y h r year d
100 201
1 TV 15 10 Q4 0 250.60
100 201
2 TV 23 10 Q4 0 175.00
500 201
1 TV all 10 Q4 0 45,786.08

MOLAP uses multidimensional array structures to store data for online analytical
processing. This structure is discussed in greater detail in Chapter 5. Most data warehouse
systems adopt a client-server architecture. A relational data store always resides at the data
warehouse/data mart server site. A multidimensional data store can reside at either the
database server site or the client site.

4.5. Data Generalization by Attribute-Oriented Induction
Conceptually, the data cube can be viewed as a kind of multidimensional data
generalization. In general, data generalization summarizes data by replacing relatively
low-level values (e.g., numeric values for an attribute age) with higher-level concepts (e.g.,
young, middle-aged, and senior), or by reducing the number of dimensions to summarize
data in concept space involving fewer dimensions (e.g., removingbirth_dateand telephone
number when summarizing the behavior of a group of students). Given the large amount of
data stored in databases, it is useful to be able to describe concepts in concise and succinct
terms at generalized (rather than low) levels of abstraction. Allowing data sets to be
generalized at multiple levels of abstraction facilitates users in examining the general
behavior of the data. Given the AllElectronics database, for example, instead of examining
individual customer transactions, sales managers may prefer to view the data generalized
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to higher levels, such as summarized by customer groups according to geographic regions,
frequency of purchases per group, and customer income.

This leads us to the notion of concept description, which is a form of data generalization. A
concept typically refers to a data collection such as frequent_buyers, graduate_students,
and so on. As a data mining task, concept description is not a simple enumeration of the
data. Instead, concept description generates descriptions for data characterization and
comparison. It is sometimes called class description when the concept to be described
refers to a class of objects. Characterization provides a concise and succinct summarization
of the given data collection, while concept or class comparison (also known as
discrimination ) provides descriptions comparing two or more data collections.

Up to this point, we have studied data cube (or OLAP) approaches to concept description
using multidimensional, multilevel data generalization in data warehouses. “Is data cube
technology sufficient to accomplish all kinds of concept description tasks for large data
sets?”” Consider the following cases.

m Complex data types and aggregation: Data warchouses and OLAP tools are based on a
multidimensional data model that views data in the form of a data cube, consisting of
dimensions (or attributes) and measures (aggregate functions). However, many current
OLAP systems confine dimensions to non-numeric data and measures to numeric data. In
reality, the database can include attributes of various data types, including numeric, non-
numeric, spatial, text, or image, which ideally should be included in the concept
description. Furthermore, the aggregation of attributes in a database may include
sophisticated data types such as the collection of non-numeric data, the merging of spatial
regions, the composition of images, the integration of texts, and the grouping of object
pointers. Therefore, OLAP, with its restrictions on the possible dimension and measure
types, represents a simplified model for data analysis. Concept description should handle
complex data types of the attributes and their aggregations, as necessary.

m User control versus automation: Online analytical processing in data warehouses is a
user-controlled process. The selection of dimensions and the application of OLAP
operations (e.g., drill-down, roll-up, slicing, and dicing) are primarily directed and
controlled by users. Although the control in most OLAP systems is quite user-friendly,
users do require a good understanding of the role of each dimension. Furthermore, in order
to find a satisfactory description of the data, users may need to specify a long sequence of
OLAP operations. It is often desirable to have a more automated process that helps users
determine which dimensions (or attributes) should be included in the analysis, and the
degree to which the given data set should be generalized in order to produce an interesting
summarization of the data. This section presents an alternative method for concept
description, called attribute-oriented induction, which works for complex data types and
relies on a data-driven generalization process.

4.5.1. Attribute-Oriented Induction for Data Characterization
The attribute-oriented induction (AOI) approach to concept description was first proposed
in 1989, a few years before the introduction of the data cube approach. The data cube
approach is essentially based on materialized views of the data, which typically have been
precomputed in a data warehouse. In general, it performs offline aggregation before an
OLAP or data mining query is submitted for processing. On the other hand, the attribute-
oriented induction approach is basically a query-oriented, generalization-based, online data
analysis technique. Note that there is no inherent barrier distinguishing the two approaches
based on online aggregation versus offline precomputation. Some aggregations in the data
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cube can be computed online, while offline precomputation of multidimensional space can
speed up attribute-oriented induction as well.

The general idea of attribute-oriented induction is to first collect the task-relevant data
using a database query and then perform generalization based on the examination of the
number of each attribute's distinct values in the relevant data set. The generalization is
performed by either attribute removal or attribute generalization. Aggregation is
performed by merging identical generalized tuples and accumulating their respective
counts. This reduces the size of the generalized data set. The resulting generalized relation
can be mapped into different forms (e.g., charts or rules) for presentation to the user.

The following illustrates the process of attribute-oriented induction. We first discuss its use
for characterization. The method is extended for the mining of class comparisons in
Section 4.5.3.

A data mining query for characterization

Suppose that a user wants to describe the general characteristics of graduate students in the
Big University database, given the attributes name, gender, major, birth_place, birth_date,
residence, phone# (telephone number), and gpa (grade_point_average). A data mining
query for this characterization can be expressed in the data mining query language,
DMQL, as follows:

useBig_University DB mine characteristics as “Science_Students” in relevance toname,
gender, major, birth_place,birth_date, residence, phone#, gpa fromstudent where status in
“graduate”

We will see how this example of a typical data mining query can apply attribute-oriented
induction to the mining of characteristic descriptions.

First, data focusing should be performed before attribute-oriented induction. This step
corresponds to the specification of the task-relevant data (i.e., data for analysis). The data
are collected based on the information provided in the data mining query. Because a data
mining query is usually relevant to only a portion of the database, selecting the relevant
data set not only makes mining more efficient, but also derives more meaningful results
than mining the entire database.

Specifying the set of relevant attributes (i.e., attributes for mining, as indicated in DMQL
with the in relevance to clause) may be difficult for the user. A user may select only a few
attributes that he or she feels are important, while missing others that could also play a role
in the description. For example, suppose that the dimension birth_place is defined by the
attributes city, province_or_state, and country. Of these attributes, let's say that the user
has only thought to specify city. In order to allow generalization on the birth_place
dimension, the other attributes defining this dimension should also be included. In other
words, having the system automatically include province_or_state and country as relevant
attributes allows city to be generalized to these higher conceptual levels during the
induction process.

At the other extreme, suppose that the user may have introduced too many attributes by
specifying all of the possible attributes with the clause in relevance to . In this case, all of
the attributes in the relation specified by the from clause would be included in the analysis.
Many of these attributes are unlikely to contribute to an interesting description. A
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correlation-based analysis method (Section 3.3.2) can be used to perform attribute
relevance analysis and filter out statistically irrelevant or weakly relevant attributes from
the descriptive mining process. Other approaches such as attribute subset selection, are also
described in Chapter 3.

“What does the ‘wherestatusin “graduate™ clause mean?”” The where clause implies that a
concept hierarchy exists for the attribute status. Such a concept hierarchy organizes
primitive-level data values for status (e.g., “M.Sc.,” “M.A.,” “M.B.A.,” “Ph.D.,” “B.Sc.,”
and “B.A.”) into higher conceptual levels (e.g., “graduate” and “undergraduate™). This use
of concept hierarchies does not appear in traditional relational query languages, yet is
likely to become a common feature in data mining query languages. The data mining query
presented in Example 4.11 is transformed into the following relational query for the
collection of the task-relevant data set:

useBig_University DB
selectname, gender, major, birth_place,birth_date, residence, phone#, gpa
fromstudent

where status in {“M.Sc.,” “M.A.,” “M.B.A.,” “Ph.D.”} The transformed query is executed
against the relational database, Big_University DB, and returns the data shown earlier in
Table 4.5. This table is called the (task-relevant) initial working relation. It is the data on
which induction will be performed. Note that each tuple is, in fact, a conjunction of
attribute—value pairs. Hence, we can think of a tuple within a relation as a rule of
conjuncts, and of induction on the relation as the generalization of these rules.

Table 4.5Initial Working Relation: A Collection of Task-Relevant Data

g
gen maj birth_pl birth_ reside pho p
name der or ace date nce ne# a
3511
Vancou Main
Jim ver, St., 687- 3.
Wood BC, 12-8- Richm 459 6
man M CS Canada 76 ond 8 7
345 1st
Scott Montre Ave., 253- 3.
Lacha al, Que, 7-28- Richm 910 7
nce M CS Canada 75 ond 6 0
125
Austin
Seattle, Ave., 420- 3.
Laura Phy WA, 8-25- Burna 523 8
Lee F sics USA 70 by 2 3

“Now that the data are ready for attribute-oriented induction, how is attribute-oriented
induction performed?”” The essential operation of attribute-oriented induction is data
generalization, which can be performed in either of two ways on the initial working
relation: attribute removal and attribute generalization.
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Attribute removal is based on the following rule: If there is a large set of distinct values for
an attribute of the initial working relation, but either (case 1) there is no generalization
operator on the attribute (e.g., there is no concept hierarchy defined for the attribute), or
(case 2) its higher-level concepts are expressed in terms of other attributes, then the
attribute should be removed from the working relation.

Let's examine the reasoning behind this rule. An attribute—value pair represents a conjunct
in a generalized tuple, or rule. The removal of a conjunct eliminates a constraint and thus
generalizes the rule. If, as in case 1, there is a large set of distinct values for an attribute but
there is no generalization operator for it, the attribute should be removed because it cannot
be generalized. Preserving it would imply keeping a large number of disjuncts, which
contradicts the goal of generating concise rules. On the other hand, consider case 2, where
the attribute's higher-level concepts are expressed in terms of other attributes. For example,
suppose that the attribute in question is street, with higher-level concepts that are
represented by the attributes <{city, province_or_state, country) . The removal of street is
equivalent to the application of a generalization operator. This rule corresponds to the
generalization rule known as dropping condition in the machine learning literature on
learning from examples.

Attribute generalization is based on the following rule: If there is a large set of distinct
values for an attribute in the initial working relation, and there exists a set of
generalization operators on the attribute, then a generalization operator should be
selected and applied to the attribute. This rule is based on the following reasoning. Use of
a generalization operator to generalize an attribute value within a tuple, or rule, in the
working relation will make the rule cover more of the original data tuples, thus
generalizing the concept it represents. This corresponds to the generalization rule known as
climbing generalization trees in learning from examples, or concept tree ascension.

Both rules—attribute removal and attribute generalization —claim that if there is a large set
of distinct values for an attribute, further generalization should be applied. This raises the
question: How large is ““a large set of distinct values for an attribute” considered to be?

Depending on the attributes or application involved, a user may prefer some attributes to
remain at a rather low abstraction level while others are generalized to higher levels. The
control of how high an attribute should be generalized is typically quite subjective. The
control of this process is called attribute generalization control. If the attribute is
generalized “too high,” it may lead to overgeneralization, and the resulting rules may not
be very informative.

On the other hand, if the attribute is not generalized to a “sufficiently high level,” then
undergeneralization may result, where the rules obtained may not be informative either.
Thus, a balance should be attained in attribute-oriented generalization. There are many
possible ways to control a generalization process. We will describe two common
approaches and illustrate how they work.

The first technique, called attribute generalization threshold control, either sets one
generalization threshold for all of the attributes, or sets one threshold for each attribute. If
the number of distinct values in an attribute is greater than the attribute threshold, further
attribute removal or attribute generalization should be performed. Data mining systems
typically have a default attribute threshold value generally ranging from 2 to 8 and should
allow experts and users to modify the threshold values as well. If a user feels that the
generalization reaches too high a level for a particular attribute, the threshold can be
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increased. This corresponds to drilling down along the attribute. Also, to further generalize
a relation, the user can reduce an attribute's threshold, which corresponds to rolling up
along the attribute.

The second technique, called generalized relation threshold control, sets a threshold for the
generalized relation. If the number of (distinct) tuples in the generalized relation is greater
than the threshold, further generalization should be performed. Otherwise, no further
generalization should be performed. Such a threshold may also be preset in the data mining
system (usually within a range of 10 to 30), or set by an expert or user, and should be
adjustable. For example, if a user feels that the generalized relation is too small, he or she
can increase the threshold, which implies drilling down. Otherwise, to further generalize a
relation, the threshold can be reduced, which implies rolling up.

These two techniques can be applied in sequence: First apply the attribute threshold control
technique to generalize each attribute, and then apply relation threshold control to further
reduce the size of the generalized relation. No matter which generalization control
technique is applied, the user should be allowed to adjust the generalization thresholds in
order to obtain interesting concept descriptions.

In many database-oriented induction processes, users are interested in obtaining
quantitative or statistical information about the data at different abstraction levels.

Thus, it is important to accumulate count and other aggregate values in the induction
process. Conceptually, this is performed as follows. The aggregate function, count(), is
associated with each database tuple. Its value for each tuple in the initial working relation
is initialized to 1. Through attribute removal and attribute generalization, tuples within the
initial working relation may be generalized, resulting in groups of identical tuples. In this
case, all of the identical tuples forming a group should be merged into one tuple.

The count of this new, generalized tuple is set to the total number of tuples from the initial
working relation that are represented by (i.e., merged into) the new generalized tuple. For
example, suppose that by attribute-oriented induction, 52 data tuples from the initial
working relation are all generalized to the same tuple, T. That is, the generalization of these
52 tuples resulted in 52 identical instances of tuple T. These 52 identical tuples are merged
to form one instance of T, with a count that is set to 52. Other popular aggregate functions
that could also be associated with each tuple include sum() and avg(). For a given
generalized tuple, sum() contains the sum of the values of a given numeric attribute for the
initial working relation tuples making up the generalized tuple. Suppose that tuple T
contained sum(units_sold) as an aggregate function. The sum value for tuple T would then
be set to the total number of units sold for each of the 52 tuples. The aggregate avg()
(average) is computed according to the formula avg() = sum()/count().

Attribute-oriented induction

Here we show how attribute-oriented induction is performed on the initial working relation
of Table 4.5 .For each attribute of the relation, the generalization proceeds as follows:

1. name: Since there are a large number of distinct values for name and there is no
generalization operation defined on it, this attribute is removed.

2. gender: Since there are only two distinct values for gender, this attribute is retained and
no generalization is performed on it.
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3. major: Suppose that a concept hierarchy has been defined that allows the attribute major
to be generalized to the values {arts&sciences, engineering, business}. Suppose also that
the attribute generalization threshold is set to 5, and that there are more than 20 distinct
values for major in the initial working relation. By attribute generalization and attribute
generalization control, major is therefore generalized by climbing the given concept
hierarchy.

4. birth_place: This attribute has a large number of distinct values; therefore, we would
like to generalize it. Suppose that a concept hierarchy exists for birth_place, defined as
““city < province_or_state < country.” If the number of distinct values for country in the
initial working relation is greater than the attribute generalization threshold, then
birth_place should be removed, because even though a generalization operator exists for it,
the generalization threshold would not be satisfied. If, instead, the number of distinct
values for country is less than the attribute generalization threshold, then birth_place
should be generalized to birth_country.

5. birth_date: Suppose that a hierarchy exists that can generalizebirth_date to age and age
to age_range, and that the number of age ranges (or intervals) is small with

respect to the attribute generalization threshold. Generalization of birth_dateshould
therefore take place.

6. residence: Suppose that residence is defined by the attributes number, street,
residence_city, residence_province_or_state, and residence_country. The number of
distinct values for number and street will likely be very high, since these concepts are quite
low level. The attributes number and street should therefore be removed so that residence
is then generalized to residence_city, which contains fewer distinct values.

7. phone#: As with the name attribute, phone# contains too many distinct values and
should therefore be removed in generalization.

8. gpa: Suppose that a concept hierarchy exists for gpa that groups values for grade point
average into numeric intervals like {3.75-4.0, 3.5-3.75, ...}, which in turn are grouped
into descriptive values such as {"excellent”, “very_good”, ...}. The attribute can therefore
be generalized.

The generalization process will result in groups of identical tuples. For example, the first
two tuples of Table 4.5 both generalize to the same identical tuple (namely, the first tuple
shown in Table 4.6). Such identical tuples are then merged into one, with their counts
accumulated. This process leads to the generalized relation shown in Table 4.6.Based on
the vocabulary used in OLAP, we may view count() as a measure, and the remaining
attributes as dimensions. Note that aggregate functions, such as sum(), may be applied to
numeric attributes (e.g., salary and sales). These attributes are referred to as measure
attributes.
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Table 4.6Generalized Relation Obtained by Attribute-Oriented Induction on Table 4.5's Data

gend majo birth_coun age_ran residence_ cou

er r try ge city gpa nt
Scien very_go

M ce Canada 20-25 Richmond od 16
Scien excellen

F ce Foreign 25-30 Burnaby t 22

4.5.2. Efficient Implementation of Attribute-Oriented Induction
“How is attribute-oriented induction actually implemented?”’

Section 4.5.1 provided an introduction to attribute-oriented induction. The general
procedure is summarized in Figure 4.18 . The efficiency of this algorithm is analyzed as
follows:

m Step 1 of the algorithm is essentially a relational query to collect the task-relevant data
into the working relation, W. Its processing efficiency depends on the query processing
methods used. Given the successful implementation and commercialization of database
systems, this step is expected to have good performance.

m Step 2 collects statistics on the working relation. This requires scanning the relation at
most once. The cost for computing the minimum desired level and determining the
mapping pairs, ' V'), for each attribute is dependent on the number of distinct values for
each attribute and is smaller than |W|, the number of tuples in the working relation. Notice
that it may not be necessary to scan the working relation once, since if the working relation
is large, a sample of such a relation will be sufficient to get statistics and determine which
attributes should be generalized to a certain high level and which attributes should be
removed. Moreover, such statistics may also be obtained in the process of extracting and
generating a working relation in Step 1.

m Step 3 derives the prime relation, P. This is performed by scanning each tuple in the
working relation and inserting generalized tuples into P. There are a total of |W| tuples in W
and p tuples in P. For each tuple, t, in W, we substitute its attribute values based on the
derived mapping pairs. This results in a generalized tuple, t'. If variation (a) in Figure 4.18
is adopted, each t’ takes O(log p) to find the location for the count increment or tuple
insertion. Thus, the total time complexity is O(|W| x log p) for all of the generalized tuples.
If variation (b) is adopted, each t’ takes O(1) to find the tuple for the count increment.
Thus, the overall time complexity is O(N) for all of the generalized tuples.
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Figure 4.18 Basic algorithm for attribute-oriented induction.

Many data analysis tasks need to examine a good number of dimensions or attributes. This
may involve dynamically introducing and testing additional attributes rather than just those
specified in the mining query. Moreover, a user with little knowledge of the truly relevant
data set may simply specify "in relevance to * " in the mining query, which includes all of
the attributes in the analysis. Therefore, an advanced—concept description mining process
needs to perform attribute relevance analysis on large sets of attributes to select the most
relevant ones. This analysis may employ correlation measures or tests of statistical
significance, as described in Chapter 3 on data preprocessing.

Suppose that attribute-oriented induction was performed on a sales relation of the
AllElectronics database, resulting in the generalized description of Table 4.7 for sales last
year. The description is shown in the form of a generalized relation. Table 4.6 is another
generalized relation example.Such generalized relations can also be presented in the form
of cross-tabulation forms, various kinds of graphic presentation (e.g., pie charts and bar
charts), and quantitative characteristics rules (i.e., showing how different value
combinations are distributed in the generalized relation).
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Table 4.7Generalized Relation for Last Year's Sales

location item sales (in million dollars) count (in thousands)
Asia TV 15 300

Europe TV 12 250

North_America TV 28 450

Asia computer 120 1000

Europe computer 150 1200
North_America computer 200 1800

4.5.3. Attribute-Oriented Induction for Class Comparisons

In many applications, users may not be interested in having a single class (or concept)
described or characterized, but prefer to mine a description that compares or distinguishes
one class (or concept) from other comparable classes (or concepts). Class discrimination or
comparison (hereafter referred to as class comparison ) mines descriptions that distinguish
a target class from its contrasting classes. Notice that the target and contrasting classes
must becomparablein the sense that they share similar dimensions and attributes. For
example, the three classes person, address, and item are not comparable. However, sales in
the last three years are comparable classes, and so are, for example, computer science
students versus physics students.

Our discussions on class characterization in the previous sections handle multilevel data
summarization and characterization in a single class. The techniques developed can be
extended to handle class comparison across several comparable classes. For example, the
attribute generalization process described for class characterization can be modified so that
the generalization is performed synchronously among all the classes compared. This allows
the attributes in all of the classes to be generalized to the same abstraction levels.

Suppose, for instance, that we are given the AllElectronics data for sales in 2009 and in
2010 and want to compare these two classes. Consider the dimension location with
abstractions at the city, province_or_state, and country levels. Data in each class should be
generalized to the same location level. That is, they are all synchronously generalized to
either the city level, the province_or_state level, or the country level. Ideally, this is more
useful than comparing, say, the sales in VVancouver in 2009 with the sales in the United
States in 2010 (i.e., where each set of sales data is generalized to a different level). The
users, however, should have the option to overwrite such an automated, synchronous
comparison with their own choices, when preferred. “How is class comparison
performed?”” In general, the procedure is as follows:

1. Data collection: The set of relevant data in the database is collected by query processing
and is partitioned respectively into a target class and one or a set of contrasting classes.

2. Dimension relevance analysis: If there are many dimensions, then dimension relevance
analysis should be performed on these classes to select only the highly relevant dimensions
for further analysis. Correlation or entropy-based measures can be used for this step
(Chapter 3).
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3. Synchronous generalization: Generalization is performed on the target class to the level
controlled by a user- or expert-specified dimension threshold, which results in a prime
target class relation. The concepts in the contrasting class(es) are generalized to the same
level as those in the prime target class relation, forming the prime contrasting class(es)
relation.

4. Presentation of the derived comparison: The resulting class comparison description can
be visualized in the form of tables, graphs, and rules. This presentation usually includes a
“contrasting” measure such as count% (percentage count) that reflects the comparison
between the target and contrasting classes. The user can adjust the comparison description
by applying drill-down, roll-up, and other OLAP operations to the target and contrasting
classes, as desired.

The preceding discussion outlines a general algorithm for mining comparisons in
databases. In comparison with characterization, the previous algorithm involves
synchronous generalization of the target class with the contrasting classes, so that classes
are simultaneously compared at the same abstraction levels.

Example 4.14 mines a class comparison describing the graduate and undergraduate
students at Big University.

Mining a class comparison

Suppose that you would like to compare the general properties of the graduate and
undergraduate students at Big_University, given the attributes name, gender, major,
birth_place, birth_date, residence, phone# and gpa.This data mining task can be
expressed in DMQL as follows:

useBig_University DB mine comparison as "grad_vs_undergrad_students” in relevance
toname, gender, major, birth_place,birth_date, residence, phone#, gpa for
“graduate_students” where status in “graduate” versus “undergraduate_students” where
status in “undergraduate”

analyze count% fromstudent Let's see how this typical example of a data mining query for
mining comparison descriptions can be processed.

First, the query is transformed into two relational queries that collect two sets of task-
relevant data: one for the initial target-class working relation and the other for the initial
contrasting-class working relation, as shown in Table 4.8 and Table 4.9 . This can also be
viewed as the construction of a data cube, where the status {graduate, undergraduate}
serves as one dimension, and the other attributes form the remaining dimensions.
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Table 4.8Initial Working Relations: The Target Class (Graduate Students)

g
gen maj birth_pl birth_ residen pho p
name der or ace date ce ne# a
Vancou 3511
ver, Main
Jim BC, St., 687- 3.
Wood Canad 12-8- Richm 459 6
man M Cs a 76 ond 8 7
Montre 345 1st
Scott al, Que, Ave., 253- 3.
Lacha Canad 7-28- Vanco 910 7
nce M CS a 75 uver 6 0
125
Austin
Seattle, Ave., 420- 3.
Laura Phy WA, 8-25- Burna 523 8
Lee F sics USA 70 by 2 3
Table 4.9Initial Working Relations: The Contrasting Class (Undergraduate Students)
g
gen birth_ birth_ reside pho p
name der major place date nce ne# a
2642
Calgar Halifa 294 2
Bob y, Alt, x St., - .
Schu Chemi Canad 1-10- Burna 429 9
mann M stry a 78 by 1 6
463
Golde Sunset 681 3
n, BC, Cres., - .
Amy Biolog Canad 3-30- Vanco 541 5
Eau F y a 76 uver 7 2

Second, dimension relevance analysis can be performed, when necessary, on the two
classes of data. After this analysis, irrelevant or weakly relevant dimensions (e.g., name,
gender, birth_place, residence, and phone#) are removed from the resulting classes. Only
the highly relevant attributes are included in the subsequent analysis.

Third, synchronous generalization is performed on the target class to the levels controlled
by user- or expert-specified dimension thresholds, forming the prime target class relation.
The contrasting class is generalized to the same levels as those in the prime target class
relation, forming the prime contrasting class(es) relation, as presented in Table 4.10 and

Table 4.11 . In comparison with undergraduate students, graduate students tend to be older
and have a higher GPA in general.
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Table 4.10Prime Generalized Relation for the Target Class (Graduate Students)

major age_range gpa count%
Science 21...25 good 5.53
Science 26...30 good 5.02
Science over_30 very good 5.86
Business over_30 excellent 4.68

Table 4.11Prime Generalized Relation for the Contrasting Class (Undergraduate Students)

major age_range gpa count%
Science 16...20 fair 5.53
Science 16...20 good 453
Science 26...30 good 2.32
Business over_30 excellent 0.68

Finally, the resulting class comparison is presented in the form of tables, graphs, and/or
rules. This visualization includes a contrasting measure (e.g., count% ) that compares the
target class and the contrasting class. For example, 5.02% of the graduate students
majoring in science are between 26 and 30 years old and have a “good” GPA, while only
2.32% of undergraduates have these same characteristics. Drilling and other OLAP
operations may be performed on the target and contrasting classes as deemed necessary by
the user in order to adjust the abstraction levels of the final description.

In summary, attribute-oriented induction for data characterization and generalization
provides an alternative data generalization method in comparison to the data cube
approach. It is not confined to relational data because such an induction can be performed
on spatial, multimedia, sequence, and other kinds of data sets. In addition, there is no need
to precompute a data cube because generalization can be performed online upon receiving
a user's query. Moreover, automated analysis can be added to such an induction process to
automatically filter out irrelevant or unimportant attributes. However, because attribute-
oriented induction automatically generalizes data to a higher level, it cannot efficiently
support the process of drilling down to levels deeper than those provided in the generalized
relation. The integration of data cube technology with attribute-oriented induction may
provide a balance between precomputation and online computation. This would also
support fast online computation when it is necessary to drill down to a level deeper than
that provided in the generalized relation.
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4.6. Summary
m A data warehouse is a subject-oriented, integrated, time-variant, and nonvolatile data
collection organized in support of management decision making. Several factors
distinguish data warehouses from operational databases. Because the two systems provide
quite different functionalities and require different kinds of data, it is necessary to maintain
data warehouses separately from operational databases.

m Data warehouses often adopt a three-tier architecture. The bottom tier is a warehouse
database server, which is typically a relational database system. The middle tier is an
OLAP server, and the top tier is a client that contains query and reporting tools.

m A data warehouse contains back-end tools and utilities for populating and refreshing the
warehouse. These cover data extraction, data cleaning, data transformation, loading,
refreshing, and warehouse management.

m Data warehouse metadata are data defining the warehouse objects. A metadata repository
provides details regarding the warehouse structure, data history, the algorithms used for
summarization, mappings from the source data to the warehouse form, system
performance, and business terms and issues.

m A multidimensional data model is typically used for the design of corporate data
warehouses and departmental data marts. Such a model can adopt a star schema,
snowflake schema, or fact constellation schema. The core of the multidimensional model is
the data cube, which consists of a large set of facts (or measures) and a number of
dimensions. Dimensions are the entities or perspectives with respect to which an
organization wants to keep records and are hierarchical in nature.

m A data cube consists of a lattice of cuboids, each corresponding to a different degree of
summarization of the given multidimensional data.

m Concept hierarchies organize the values of attributes or dimensions into gradual
abstraction levels. They are useful in mining at multiple abstraction levels.

m Online analytical processing can be performed in data warehouses/marts using the
multidimensional data model. Typical OLAP operations include roll-up, and drill-( down,
across, through), slice-and-dice, and pivot ( rotate), as well as statistical operations such as
ranking and computing moving averages and growth rates. OLAP operations can be
implemented efficiently using the data cube structure.

m Data warehouses are used for information processing (querying and reporting),
analytical processing (which allows users to navigate through summarized and detailed
data by OLAP operations), and data mining (which supports knowledge discovery).
OLAP-based data mining is referred to as multidimensional data mining (also known as
exploratory multidimensional data mining, online analytical mining, or OLAM). It
emphasizes the interactive and exploratory nature of data mining.

m OLAP servers may adopt a relational OLAP (ROLAP), a multidimensional OLAP
(MOLAP), or a hybrid OLAP (HOLAP) implementation. A ROLAP server uses an
extended relational DBMS that maps OLAP operations on multidimensional data to
standard relational operations. A MOLAP server maps multidimensional data views
directly to array structures. A HOLAP server combines ROLAP and MOLAP. For
example, it may use ROLAP for historic data while maintaining frequently accessed data
in a separate MOLAP store.

160



[DATA MINING: CONCEPTS AND TECHNIQUES 3RD EDITION]

m Full materialization refers to the computation of all of the cuboids in the lattice defining
a data cube. It typically requires an excessive amount of storage space, particularly as the
number of dimensions and size of associated concept hierarchies grow. This problem is
known as the curse of dimensionality. Alternatively, partial materialization is the selective
computation of a subset of the cuboids or subcubes in the lattice. For example, an iceberg
cube is a data cube that stores only those cube cells that have an aggregate value (e.g.,
count ) above some minimum support threshold.

m OLAP query processing can be made more efficient with the use of indexing techniques.
In bitmap indexing, each attribute has its own bitmap index table. Bitmap indexing reduces
join, aggregation, and comparison operations to bit arithmetic. Join indexing registers the
joinable rows of two or more relations from a relational database, reducing the overall cost
of OLAP join operations. Bitmapped join indexing, which combines the bitmap and join
index methods, can be used to further speed up OLAP query processing.

m Data generalization is a process that abstracts a large set of task-relevant data in a
database from a relatively low conceptual level to higher conceptual levels. Data
generalization approaches include data cube-based data aggregation and attribute-oriented
induction. Concept description is the most basic form of descriptive data mining. It
describes a given set of task-relevant data in a concise and summarative manner,
presenting interesting general properties of the data. Concept (or class) description consists
of characterization and comparison (or discrimination ). The former summarizes and
describes a data collection, called the target class, whereas the latter summarizes and
distinguishes one data collection, called the target class, from other data collection(s),
collectively called the contrasting class(es).

m Concept characterization can be implemented using data cube (OLAP-based) approaches
and the attribute-oriented induction approach. These are attribute- or dimension-based
generalization approaches. The attribute-oriented induction approach consists of the
following techniques: data focusing, data generalization by attribute removal or attribute
generalization, count and aggregate value accumulation, attribute generalization control,
and generalization data visualization.

m Concept comparison can be performed using the attribute-oriented induction or data cube
approaches in a manner similar to concept characterization. Generalized tuples from the
target and contrasting classes can be quantitatively compared and contrasted.
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5. Data Cube Technology

Data warehouse systems provide online analytical processing (OLAP) tools for interactive
analysis of multidimensional data at varied granularity levels. OLAP tools typically use the
data cube and a multidimensional data model to provide flexible access to summarized
data. For example, a data cube can store precomputed measures (like count() and
total_sales()) for multiple combinations of data dimensions (like item, region, and
customer). Users can pose OLAP queries on the data. They can also interactively explore
the data in a multidimensional way through OLAP operations like drill-down (to see more
specialized data such as total sales per city) or roll-up (to see the data at a more generalized
level such as total sales per country).

Although the data cube concept was originally intended for OLAP, it is also useful for data
mining. Multidimensional data mining is an approach to data mining that integrates OLAP-
based data analysis with knowledge discovery techniques. It is also known as exploratory
multidimensional data mining and online analytical mining (OLAM). It searches for
interesting patterns by exploring the data in multidimensional space. This gives users the
freedom to dynamically focus on any subset of interesting dimensions. Users can
interactively drill down or roll up to varying abstraction levels to find classification
models, clusters, predictive rules, and outliers.

This chapter focuses on data cube technology. In particular, we study methods for data
cube computation and methods for multidimensional data analysis. Precomputing a data
cube (or parts of a data cube) allows for fast accessing of summarized data. Given the high
dimensionality of most data, multidimensional analysis can run into performance
bottlenecks. Therefore, it is important to study data cube computation techniques. Luckily,
data cube technology provides many effective and scalable methods for cube computation.
Studying these methods will also help in our understanding and further development of
scalable methods for other data mining tasks such as the discovery of frequent patterns
(Chapter 6 and Chapter 7).We begin in Section 5.1 with preliminary concepts for cube

162



[DATA MINING: CONCEPTS AND TECHNIQUES 3RD EDITION]

computation. These summarize the data cube notion as a lattice of cuboids, and describe
basic forms of cube materialization. General strategies for cube computation are given.

Section 5.2 follows with an in-depth look at specific methods for data cube computation.
We study both full materialization (i.e., where all the cuboids representing a data cube are
precomputed and thereby ready for use) and partial cuboid materialization (where, say,
only the more “useful” parts of the data cube are precomputed). The multiway array
aggregation method is detailed for full cube computation. Methods for partial cube
computation, including BUC, Star-Cubing, and the use of cube shell fragments, are
discussed.In Section 5.3, we study cube-based query processing. The techniques described
build on the standard methods of cube computation presented in Section 5.2. You will
learn about sampling cubes for OLAP query answering on sampling data (e.g., survey data,
which represent a sample or subset of a target data population of interest). In addition, you
will learn how to compute ranking cubes for efficient top-k (ranking) query processing in
large relational data sets. In Section 5.4, we describe various ways to perform
multidimensional data analysis using data cubes. Prediction cubes are introduced, which
facilitate predictive modeling in multidimensional space. We discuss multifeature cubes,
which compute complex queries involving multiple dependent aggregates at multiple
granularities. You will also learn about the exception-based discovery-driven exploration
of cube space, where visual cues are displayed to indicate discovered data exceptions at all
aggregation levels, thereby guiding the user in the data analysis process.

5.1. Data Cube Computation: Preliminary Concepts
Data cubes facilitate the online analytical processing of multidimensional data. “But how
can we compute data cubes in advance, so that they are handy and readily available for
query processing?”” This section contrasts full cube materialization (i.e., precomputation)
versus various strategies for partial cube materialization. For completeness, we begin with
a review of the basic terminology involving data cubes. We also introduce a cube cell
notation that is useful for describing data cube computation methods.

5.1.1. Cube Materialization: Full Cube, Iceberg Cube, Closed Cube, and Cube

Shell

Figure 5.1 shows a 3-D data cube for the dimensions A, B, and C, and an aggregate
measure, M. Commonly used measures include count(), sum(), min(), max(), and
total_sales(). A data cube is a lattice of cuboids. Each cuboid represents a group-by. ABC is
the base cuboid, containing all three of the dimensions. Here, the aggregate measure, M, is
computed for each possible combination of the three dimensions. The base cuboid is the
least generalized of all the cuboids in the data cube. The most generalized cuboid is the
apex cuboid, commonly represented as all. It contains one value—it aggregates measure M
for all the tuples stored in the base cuboid. To drill down in the data cube, we move from
the apex cuboid downward in the lattice. To roll up, we move from the base cuboid
upward. For the purposes of our discussion in this chapter, we will always use the term
data cube to refer to a lattice of cuboids rather than an individual cuboid.
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Figure 5.1 Lattice of cuboids making up a 3-D data cube with the dimensions A, B, and C for some aggregate measure, M.

A cell in the base cuboid is a base cell. A cell from a nonbase cuboid is an aggregate cell.
An aggregate cell aggregates over one or more dimensions, where each aggregated
dimension is indicated by a * in the cell notation. Suppose we have an n-dimensional data
cube. Let a = (ay, a, ..., an, measures) be a cell from one of the cuboids making up the
data cube. We say that a is an m-dimensional cell (i.e., from an m-dimensional cuboid) if
exactly m (m < n) values among {as, a,, ..., a,} are not . If m = n, then a is a base cell;
otherwise, it is an aggregate cell (i.e., where m <n).

Consider a data cube with the dimensions month, city, and customer_group, and the
measure sales. (Jan, *, *, 2800) and (*, Chicago, *, 1200) are 1-D cells; (Jan, *, Business,
150) is a 2-D cell; and (Jan, Chicago, Business, 45) is a 3-D cell. Here, all base cells are 3-
D, whereas 1-D and 2-D cells are aggregate cells.

An ancestor—-descendant relationship may exist between cells. In an n-dimensional data
cube, an i-D cell a = (ai, ay, ..., a,, measures,) is an ancestor of a j-D cell b = (b, by, ...,
bn, measuresy,), and b is a descendant of a, if and only if (1) i <j,and (2) for 1<k <n, ax =
bk whenever ax # *. In particular, cell a is called a parent of cell b, and b is a child of a, if
andonlyifj=i+1.

Referring to Example 5.1, 1-D cell a = (Jan, *, *, 2800) and 2-D cell b = (Jan, *, Business,
150) are ancestors of 3-D cell ¢ = (Jan, Chicago, Business, 45); c is a descendant of both a
and b; b is a parent of ¢; and c is a child of b.

To ensure fast OLAP, it is sometimes desirable to precompute the full cube (i.e., all the
cells of all the cuboids for a given data cube). A method of full cube computation is given
in Section 5.2.1. Full cube computation, however, is exponential to the number of
dimensions. That is, a data cube of n dimensions contains 2" cuboids. There are even more

164



[DATA MINING: CONCEPTS AND TECHNIQUES 3RD EDITION]

cuboids if we consider concept hierarchies for each dimension. * In addition, the size of
each cuboid depends on the cardinality of its dimensions. Thus, precomputation of the full
cube can require huge and often excessive amounts of memory.

Nonetheless, full cube computation algorithms are important. Individual cuboids may be
stored on secondary storage and accessed when necessary. Alternatively, we can use such
algorithms to compute smaller cubes, consisting of a subset of the given set of dimensions,
or a smaller range of possible values for some of the dimensions. In these cases, the
smaller cube is a full cube for the given subset of dimensions and/or dimension values. A
thorough understanding of full cube computation methods will help us develop efficient
methods for computing partial cubes. Hence, it is important to explore scalable methods
for computing all the cuboids making up a data cube, that is, for full materialization. These
methods must take into consideration the limited amount of main memory available for
cuboid computation, the total size of the computed data cube, as well as the time required
for such computation.

Partial materialization of data cubes offers an interesting trade-off between storage space
and response time for OLAP. Instead of computing the full cube, we can compute only a
subset of the data cube's cuboids, or subcubes consisting of subsets of cells from the
various cuboids. Many cells in a cuboid may actually be of little or no interest to the data
analyst. Recall that each cell in a full cube records an aggregate value such as count or
sum. For many cells in a cuboid, the measure value will be zero. When the product of the
cardinalities for the dimensions in a cuboid is large relative to the number of nonzero-
valued tuples that are stored in the cuboid, then we say that the cuboid is sparse. If a cube
contains many sparse cuboids, we say that the cube is sparse.

In many cases, a substantial amount of the cube's space could be taken up by a large
number of cells with very low measure values. This is because the cube cells are often
quite sparsely distributed within a multidimensional space. For example, a customer may
only buy a few items in a store at a time. Such an event will generate only a few nonempty
cells, leaving most other cube cells empty. In such situations, it is useful to materialize
only those cells in a cuboid (group-by) with a measure value above some minimum
threshold. In a data cube for sales, say, we may wish to materialize only those cells for
which count > 10 (i.e., where at least 10 tuples exist for the cell's given combination of
dimensions), or only those cells representing sales > $100. This not only saves processing
time and disk space, but also leads to a more focused analysis. The cells that cannot pass
the threshold are likely to be too trivial to warrant further analysis.

Such partially materialized cubes are known as iceberg cubes. The minimum threshold is
called the minimum support threshold, or minimum support (min_sup), for short. By
materializing only a fraction of the cells in a data cube, the result is seen as the “tip of the
iceberg,” where the “iceberg” is the potential full cube including all cells. An iceberg cube
can be specified with an SQL query, as shown in Example 5.3.

1. Eq. (4.1) of Section 4.4.1 gives the total number of cuboids in a data cube where each dimension
has an associated concept hierarchy.
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Iceberg cube

compute cubesales_icebergas

selectmonth, city, customer_group, count(*)
fromsalesinfo

cube bymonth, city, customer_group

having count(*) > = min_sup

The compute cube statement specifies the precomputation of the iceberg cube,
sales_iceberg, with the dimensions month, city, and customer_group, and the aggregate
measure count(). The input tuples are in the salesInfo relation. The cube by clause specifies
that aggregates (group-by's) are to be formed for each of the possible subsets of the given
dimensions. If we were computing the full cube, each group-by would correspond to a
cuboid in the data cube lattice. The constraint specified in the having clause is known as
the iceberg condition. Here, the iceberg measure is count(). Note that the iceberg cube
computed here could be used to answer group-by queries on any combination of the
specified dimensions of the form having count(*) >= v, where v > (min_sup). Instead of
count(), the iceberg condition could specify more complex measures such as average().

If we were to omit the having clause, we would end up with the full cube. Let's call this
cube sales_cube. The iceberg cube, sales_iceberg, excludes all the cells of sales_cube with
a count that is less than min_sup. Obviously, if we were to set the minimum support to 1 in
sales_iceberg, the resulting cube would be the full cube, sales_cube.

A naive approach to computing an iceberg cube would be to first compute the full cube and
then prune the cells that do not satisfy the iceberg condition. However, this is still
prohibitively expensive. An efficient approach is to compute only the iceberg cube directly
without computing the full cube. 5.2.2 and 5.2.3 discuss methods for efficient iceberg cube
computation.

Introducing iceberg cubes will lessen the burden of computing trivial aggregate cells in a
data cube. However, we could still end up with a large number of uninteresting cells to
compute. For example, suppose that there are 2 base cells for a database of 100
dimensions, denoted as {(ai, ay, as, ..., aioo) : 10, (a1, az, bs, ..., biog) : 10}, where each has
a cell count of 10. If the minimum support is set to 10, there will still be an impermissible
number of cells to compute and store, although most of them are not interesting. For
example, there are 2'% — 6 distinct aggregate cells, * like {(as, @z, a3, au, ..., ag, *) : 10, ...,
(a1, @z, *, a4, ..., agq, a100) : 10, ..., (a1, @, as, *, ..., *, *) : 10}, but most of them do not
contain much new information. If we ignore all the aggregate cells that can be obtained by
replacing some constants by 's while keeping the same measure value, there are only three
distinct cells left: {(ai, az, as, ..., a00) : 10, (a1, az, bs, ..., bigo) : 10, (a1, a, *, ..., *) : 20}.
That is, out of 2'” — 4 distinct base and aggregate cells, only three really offer valuable
information.

To systematically compress a data cube, we need to introduce the concept of closed
coverage. A cell, c, is a closed cell if there exists no cell, d, such that d is a specialization

!: The proof is left as an exercise for the reader.
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(descendant) of cell c (i.e., where d is obtained by replacing = in ¢ with a non-* value), and
d has the same measure value as c. A closed cube is a data cube consisting of only closed
cells. For example, the three cells derived in the preceding paragraph are the three closed
cells of the data cube for the data set {(as, az, as, ..., aio0) : 10, (a1, az, bs, ..., bigo) : 10}.
They form the lattice of a closed cube as shown in Figure 5.2 . Other nonclosed cells can
be derived from their corresponding closed cells in this lattice. For example, “(as, *, *, ...,
*) . 20” can be derived from “(a;, ay, *, ..., *) : 20” because the former is a generalized
nonclosed cell of the latter. Similarly, we have “(ay, az, bs, *, ..., *) : 10.”

S LT T P o

Figure 5.2 Three closed cells forming the lattice of a closed cube.

Another strategy for partial materialization is to precompute only the cuboids involving a
small number of dimensions such as three to five. These cuboids form a cube shell for the
corresponding data cube. Queries on additional combinations of the dimensions will have
to be computed on-the-fly. For example, we could compute all cuboids with three
dimensions or less in an n-dimensional data cube, resulting in a cube shell of size 3. This,
however, can still result in a large number of cuboids to compute, particularly when n is
large. Alternatively, we can choose to precompute only portions or fragments of the cube
shell based on cuboids of interest.

Section 5.2.4 discusses a method for computing shell fragments and explores how they
can be used for efficient OLAP query processing.

5.1.2. General Strategies for Data Cube Computation
There are several methods for efficient data cube computation, based on the various kinds
of cubes described in Section 5.1.1.

In general, there are two basic data structures used for storing cuboids. The implementation
of relational OLAP (ROLAP) uses relational tables, whereas multidimensional arrays are
used in multidimensional OLAP (MOLAP). Although ROLAP and MOLAP may each
explore different cube computation techniques, some optimization “tricks” can be shared
among the different data representations. The following are general optimization
techniques for efficient computation of data cubes.

Optimization Technique 1: Sorting, hashing, and grouping. Sorting, hashing, and grouping
operations should be applied to the dimension attributes to reorder and cluster related
tuples. In cube computation, aggregation is performed on the tuples (or cells) that share the
same set of dimension values. Thus, it is important to explore sorting, hashing, and
grouping operations to access and group such data together to facilitate computation of
such aggregates.

To compute total sales by branch, day, and item, for example, it can be more efficient to
sort tuples or cells by branch, and then by day, and then group them according to the item
name. Efficient implementations of such operations in large data sets have been
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extensively studied in the database research community. Such implementations can be
extended to data cube computation. This technique can also be further extended to perform
shared-sorts (i.e., sharing sorting costs across multiple cuboids when sort-based methods
are used), or to perform shared-partitions (i.e., sharing the partitioning cost across multiple
cuboids when hash-based algorithms are used).

Optimization Technique 2: Simultaneous aggregation and caching of intermediate results.
In cube computation, it is efficient to compute higher-level aggregates from previously
computed lower-level aggregates, rather than from the base fact table. Moreover,
simultaneous aggregation from cached intermediate computation results may lead to the
reduction of expensive disk input/output (1/0O) operations. To compute sales by branch, for
example, we can use the intermediate results derived from the computation of a lower-level
cuboid such as sales by branch and day. This technique can be further extended to perform
amortized scans (i.e., computing as many cuboids as possible at the same time to amortize
disk reads).

Optimization Technique 3: Aggregation from the smallest child when there exist multiple
child cuboids. When there exist multiple child cuboids, it is usually more efficient to
compute the desired parent (i.e., more generalized) cuboid from the smallest, previously
computed child cuboid.To compute a sales cuboid, Cyranch, When there exist two previously
computed cuboids, Cgpranch, year} 8Nd Cpranch, iemy, fOr €xample, it is obviously more efficient
to compute Cpranch from the former than from the latter if there are many more distinct
items than distinct years. Many other optimization techniques may further improve
computational efficiency. For example, string dimension attributes can be mapped to
integers with values ranging from zero to the cardinality of the attribute. In iceberg cube
computation the following optimization technique plays a particularly important role.

Optimization Technique 4:The Apriori pruning method can be explored to compute
iceberg cubes efficiently.

The Apriori property,in the context of data cubes, states as follows: If a given cell does not
satisfy minimum support, then no descendant of the cell (i.e., more specialized cell) will
satisfy minimum support either. This property can be used to substantially reduce the
computation of iceberg cubes.' Many algorithms in association rule mining have adopted this
property (see Chapter 6).

Recall that the specification of iceberg cubes contains an iceberg condition, which is a
constraint on the cells to be materialized. A common iceberg condition is that the cells
must satisfy a minimum support threshold such as a minimum count or sum. In this
situation, the Apriori property can be used to prune away the exploration of the cell's
descendants. For example, if the count of a cell, c, in a cuboid is less than a minimum
support threshold, v, then the count of any of c's descendant cells in the lower-level
cuboids can never be greater than or equal to v, and thus can be pruned.

In other words, if a condition (e.g., the iceberg condition specified in the having clause) is
violated for some cell c, then every descendant of ¢ will also violate that condition.
Measures that obey this property are known as antimonotonic. “This form of pruning was

. The Apriori property was proposed in the Apriori algorithm for association rule mining by
Agrawal and Srikant [AS94b]

2. Antimonotone is based on condition violation. This differs from monotone, which is based on condition
satisfaction
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made popular in frequent pattern mining, yet also aids in data cube computation by cutting
processing time and disk space requirements. It can lead to a more focused analysis
because cells that cannot pass the threshold are unlikely to be of interest. In the following
sections, we introduce several popular methods for efficient cube computation that explore
these optimization strategies.

5.2. Data Cube Computation Methods

Data cube computation is an essential task in data warehouse implementation. The
precomputation of all or part of a data cube can greatly reduce the response time and
enhance the performance of online analytical processing. However, such computation is
challenging because it may require substantial computational time and storage space. This
section explores efficient methods for data cube computation. Section 5.2.1 describes the
multiway array aggregation (Multiway) method for computing full cubes. Section 5.2.2
describes a method known as BUC, which computes iceberg cubes from the apex cuboid
downward. Section 5.2.3 describes the Star-Cubing method, which integrates top-down
and bottom-up computation.Finally,Section 5.2.4 describes a shell-fragment cubing
approach that computes shell fragments for efficient high-dimensional OLAP. To simplify
our discussion, we exclude the cuboids that would be generated by climbing up any
existing hierarchies for the dimensions. Those cube types can be computed by extension of
the discussed methods. Methods for the efficient computation of closed cubes are left as an
exercise for interested readers.

5.2.1. Multiway Array Aggregation for Full Cube Computation
The multiway array aggregation (or simply Multiway) method computes a full data cube
by using a multidimensional array as its basic data structure. It is a typical MOLAP
approach that uses direct array addressing, where dimension values are accessed via the
position or index of their corresponding array locations. Hence, MultiWay cannot perform
any value-based reordering as an optimization technique. A different approach is
developed for the array-based cube construction, as follows:

1. Partition the array into chunks. A chunk is a subcube that is small enough to fit into the
memory available for cube computation. Chunking is a method for dividing an n-
dimensional array into small n-dimensional chunks, where each chunk is stored as an
object on disk. The chunks are compressed so as to remove wasted space resulting from
empty array cells. A cell is empty if it does not contain any valid data (i.e., its cell count is
0). For instance, “chunkiD + offset” can be used as a cell-addressing mechanism to
compress a sparse array structure and when searching for cells within a chunk. Such a
compression technique is powerful at handling sparse cubes, both on disk and in memory.

2. Compute aggregates by visiting (i.e., accessing the values at) cube cells. The order in
which cells are visited can be optimized so as to minimize the number of times that each
cell must be revisited, thereby reducing memory access and storage costs. The trick is to
exploit this ordering so that portions of the aggregate cells in multiple cuboids can be
computed simultaneously, and any unnecessary revisiting of cells is avoided.

This chunking technique involves “overlapping” some of the aggregation computations;
therefore, it is referred to as multiway array aggregation. It performs simultaneous
aggregation, that is, it computes aggregations simultaneously on multiple dimensions.

We explain this approach to array-based cube construction by looking at a concrete
example.
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Multiway array cube computation

Consider a 3-D data array containing the three dimensions A, B, and C. The 3-D array is
partitioned into small, memory-based chunks. In this example, the array is partitioned into
64 chunks as shown in Figure 5.3 . Dimension A is organized into four equal-sized
partitions: ag, ai, a,, and az. Dimensions B and C are similarly organized into four
partitions each. Chunks 1, 2, ..., 64 correspond to the subcubes aghoCo, aiboCo, ..., asbscs,
respectively. Suppose that the cardinality of the dimensions A, B, and C is 40, 400, and
4000, respectively. Thus, the size of the array for each dimension, A, B, and C, is also 40,
400, and 4000, respectively. The size of each partition in A, B, and C is therefore 10, 100,
and 1000, respectively. Full materialization of the corresponding data cube involves the
computation of all the cuboids defining this cube. The resulting full cube consists of the
following cuboids:

m The base cuboid, denoted by ABC (from which all the other cuboids are directly or
indirectly computed). This cube is already computed and corresponds to the given 3-D
array.

m The 2-D cuboids, AB, AC, and BC, which respectively correspond to the group-by's AB,
AC, and BC. These cuboids must be computed.

m The 1-D cuboids, A, B, and C, which respectively correspond to the group-by's A, B, and
C. These cuboids must be computed.

m The 0-D (apex) cuboid, denoted by all, which corresponds to the group-by (); that is,
there is no group-by here. This cuboid must be computed. It consists of only one value. If,
say, the data cube measure is count, then the value to be computed is simply the total count
of all the tuples in ABC.

Let's look at how the multiway array aggregation technique is used in this computation.
There are many possible orderings with which chunks can be read into memory for use in
cube computation. Consider the ordering labeled from 1 to 64, shown in Figure 5.3.
Suppose we want to compute the bocy chunk of the BC cuboid. We allocate space for this
chunk in chunk memory. By scanning ABC chunks 1 through 4, the boco chunk is
computed. That is, the cells for bocy are aggregated over ag to az. The chunk memory can
then be assigned to the next chunk, bico, which completes its aggregation after the
scanning of the next four ABC chunks: 5 through 8. Continuing in this way, the entire BC
cuboid can be computed. Therefore, only one BC chunk needs to be in memory at a time,
for the computation of all the BC chunks.

In computing the BC cuboid, we will have scanned each of the 64 chunks. *“Is there a way
to avoid having to rescan all of these chunks for the computation of other cuboids such as
AC and AB?” The answer is, most definitely, yes. This is where the “multiway
computation” or “simultaneous aggregation” idea comes in. For example, when chunk 1
(i.e., aghoCo) is being scanned (say, for the computation of the 2-D chunk boco of BC, as
described previously), all of the other 2-D chunks relating to aghoCo can be simultaneously
computed. That is, when aghoCo is being scanned, each of the three chunks (boCo, agCo, and
aghp) on the three 2-D aggregation planes (BC, AC, and AB) should be computed then as
well. In other words, multiway computation simultaneously aggregates to each of the 2-D
planes while a 3-D chunk is in memory.
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Now let's look at how different orderings of chunk scanning and of cuboid computation
can affect the overall data cube computation efficiency. Recall that the size of the
dimensions A, B, and C is 40, 400, and 4000, respectively. Therefore, the largest 2-D plane
is BC (of size 400 x 4000 = 1,600,000). The second largest 2-D plane is AC (of size 40 x
4000 = 160,000). AB is the smallest 2-D plane (of size 40 x 400 = 16,000).

Suppose that the chunks are scanned in the order shown, from chunks 1 to 64. As
previously mentioned, boCo is fully aggregated after scanning the row containing chunks 1
through 4; bscy is fully aggregated after scanning chunks 5 through 8, and so on. Thus, we
need to scan four chunks of the 3-D array to fully compute one chunk of the BC cuboid
(where BC is the largest of the 2-D planes). In other words, by scanning in this order, one
BC chunk is fully computed for each row scanned. In comparison, the complete
computation of one chunk of the second largest 2-D plane, AC, requires scanning 13
chunks, given the ordering from 1 to 64. That is, agCo is fully aggregated only after the
scanning of chunks 1, 5, 9, and 13.

Finally, the complete computation of one chunk of the smallest 2-D plane, AB, requires
scanning 49 chunks. For example, aghy is fully aggregated after scanning chunks 1, 17, 33,
and 49. Hence, AB requires the longest scan of chunks to complete its computation. To
avoid bringing a 3-D chunk into memory more than once, the minimum memory
requirement for holding all relevant 2-D planes in chunk memory, according to the chunk
ordering of 1 to 64, is as follows: 40 x 400 (for the whole AB plane) + 40 x 1000 (for one
column of the AC plane) + 100 x 1000 (for one BC plane chunk) = 16,000 + 40,000 +
100,000 = 156,000 memory units. Suppose, instead, that the chunks are scanned in the
order 1, 17, 33, 49, 5, 21, 37, 53, and so on. That is, suppose the scan is in the order of first
aggregating toward the AB plane, and then toward the AC plane, and lastly toward the BC
plane. The minimum memory requirement for holding 2-D planes in chunk memory would
be as follows: 400 x 4000 (for the whole BC plane) + 40 x 1000 (for one AC plane row) +
10 x 100 (for one AB plane chunk) = 1,600,000 + 40,000 + 1000 = 1,641,000 memory
units. Notice that this is more than 10 times the memory requirement of the scan ordering
of 1 to 64.Similarly, we can work out the minimum memory requirements for the multiway
computation of the 1-D and 0-D cuboids. Figure 5.4 shows the most efficient way to
compute 1-D cuboids. Chunks for 1-D cuboids A and B are computed during the
computation of the smallest 2-D cuboid, AB. The smallest 1-D cuboid, A, will have all of
its chunks allocated in memory, whereas the larger 1-D cuboid, B, will have only one
chunk allocated in memory at a time. Similarly, chunk C is computed during the
computation of the second smallest 2-D cuboid, AC, requiring only one chunk in memory
at a time. Based on this analysis, we see that the most efficient ordering in this array cube
computation is the chunk ordering of 1 to 64, with the stated memory allocation strategy.
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gyl iy

Figure 5.4 Memory allocation and computation order for computing Example 5.4's 1-D cuboids. (a) The 1-D cuboids, A and B, are
aggregated during the computation of the smallest 2-D cuboid, AB. (b) The 1-D cuboid, C, is aggregated during the computation of the
second smallest 2-D cuboid, AC. The *'s represent chunks that, so far, have been aggregated to.

A0t Plane

RN

Figure 5.3 A 3-D array for the dimensions A, B, and C, organized into 64 chunks. Each chunk is small enough to fit into the memory
available for cube computation. The «'s indicate the chunks from 1 to 13 that have been aggregated so far in the process.

Example 5.4

assumes that there is enough memory space for one-pass cube computation (i.e., to
compute all of the cuboids from one scan of all the chunks). If there is insufficient memory
space, the computation will require more than one pass through the 3-D array. In such
cases, however, the basic principle of ordered chunk computation remains the same.
Multiway is most effective when the product of the cardinalities of dimensions is
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moderate and the data are not too sparse. When the dimensionality is high or the data are
very sparse, the in-memory arrays become too large to fit in memory, and this method
becomes infeasible.

With the use of appropriate sparse array compression techniques and careful ordering of
the computation of cuboids, it has been shown by experiments that MultiWay array cube
computation is significantly faster than traditional ROLAP (relational record-based)
computation. Unlike ROLAP, the array structure of Multiway does not require saving
space to store search keys. Furthermore, MultiWay uses direct array addressing,

which is faster than ROLAP's key-based addressing search strategy. For ROLAP cube
computation, instead of cubing a table directly, it can be faster to convert the table to an
array, cube the array, and then convert the result back to a table. However, this observation
works only for cubes with a relatively small number of dimensions, because the number of
cuboids to be computed is exponential to the number of dimensions.

“What would happen if we tried to use Multiway to compute iceberg cubes?”” Remember
that the Apriori property states that if a given cell does not satisfy minimum support, then
neither will any of its descendants. Unfortunately, MultiWay's computation starts from the
base cuboid and progresses upward toward more generalized, ancestor cuboids. It cannot
take advantage of Apriori pruning, which requires a parent node to be computed before its
child (i.e., more specific) nodes. For example, if the count of a cell c in, say, AB, does not
satisfy the minimum support specified in the iceberg condition, we cannot prune away cell
c, because the count of c's ancestors in the A or B cuboids may be greater than the
minimum support, and their computation will need aggregation involving the count of c.

5.2.2. BUC: Computing Iceberg Cubes from the Apex Cuboid Downward
BUC is an algorithm for the computation of sparse and iceberg cubes. Unlike MultiWay,
BUC constructs the cube from the apex cuboid toward the base cuboid. This allows BUC
to share data partitioning costs. This processing order also allows BUC to prune during
construction, using the Apriori property.

Figure 5.5 shows a lattice of cuboids, making up a 3-D data cube with the dimensions A,
B, and C. The apex (0-D) cuboid, representing the concept all (i.e., (*, *, *)), is at the top of
the lattice. This is the most aggregated or generalized level. The 3-D base cuboid, ABC, is
at the bottom of the lattice. It is the least aggregated (most detailed or specialized) level.
This representation of a lattice of cuboids, with the apex at the top and the base at the
bottom, is commonly accepted in data warehousing. It consolidates the notions of drill-
down (where we can move from a highly aggregated cell to lower, more detailed cells) and
roll-up (where we can move from detailed, low-level cells to higher-level, more aggregated
cells).
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Figure 5.5 BUC's exploration for a 3-D data cube computation. Note that the computation starts from the apex cuboid.

BUC stands for “Bottom-Up Construction.” However, according to the lattice convention
described before and used throughout this book, the BUC processing order is actually top-
down! The BUC authors view a lattice of cuboids in the reverse order, with the apex
cuboid at the bottom and the base cuboid at the top. In that view, BUC does bottom-up
construction. However, because we adopt the application worldview where drill-down
refers to drilling from the apex cuboid down toward the base cuboid, the exploration
process of BUC is regarded as top-down. BUC's exploration for the computation of a 3-D
data cube is shown in Figure 5.5. The BUC algorithm is shown on the next page in Figure
5.6.

We first give an explanation of the algorithm and then follow up with an example. Initially, the
algorithm is called with the input relation (set of tuples). BUC aggregates the entire input (line 1)
and writes the resulting total (line 3). (Line 2 is an optimization feature that is discussed later in
our example.) For each dimension d (line 4), the input is partitioned on d (line 6). On return from
Partition(), dataCount contains the total number of tuples for each distinct value of dimension d.
Each distinct value of d forms its own partition. Line 8 iterates through each partition. Line 10
tests the partition for minimum support. That is, if the number of tuples in the partition satisfies
(i.e., is>) the minimum support, then the partition becomes the input relation for a recursive call
made to BUC, which computes the iceberg cube on the partitions for dimensions d + 1 to
numDims (line 12).
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Algorithm: BUC, Algorihm for the computatsen of sparse and weberg cubes.
Input:
impiir: the relation (o aggregate;
elinin: the starting dimension for this iteration.
Globals:
comstant sl the tofal number of dimensions;
constant carfinalitynnl Mo the cardinality of each dimenzion;
consiant s s the minimom number of tuples in s partition for it 1o be oatpar;
auripaitfee the current owlpuat record;

doiaCoum{ nroriMms]: stores the size of cach partitson. detoCouri[i] is a list of integers
of size crrdinalitg[i].

Crutput: Becursively output the iceberg cube cells satisfying the mininwm sappart.

Method:

(1) Apgregatelinput); I Scan angurt 1o comgpube measure, eg., cound. Flace result i onefporifee.
(2)  ifinput.count|) == | then ¥ Oplimization
Writelescendants{input|0]. dim); return;
endif
(3 write outpulRec;
{4y Horid = dirg d < mealims d 4+ do SParien each dimenston
1] = cardinaliy [d];

&) Partitson {arpal, d, C, darwCount[d]); Fereate © p-lr[iliill'b al data for dimension d
(7 k=

(&) for {1 =05¢ < Cd + +) do i for each pantition {each value of dimengion Jf)
9 = daraCount[d)[i];

()] il ¢ == mir_sigp then 1V test the bockerg condition

[11§] outputBec.dim(d] = inputk].dim[d];

(1] BUC inpur[k.k+ ¢ — 1], d 4+ 1)z /7 aggregate on mext dimension
[ E] emdif

(14 kg

(15] endfor

(1] owipatRecdim|[d] = all;

(17 endior

Figure 5.6BUC algorithm for sparse or iceberg cube computation.

Note that for a full cube (i.e., where minimum support in the having clause is 1), the
minimum support condition is always satisfied. Thus, the recursive call descends one level
deeper into the lattice. On return from the recursive call, we continue with the next
partition for d. After all the partitions have been processed, the entire process is repeated
for each of the remaining dimensions.

Consider the iceberg cube expressed in SQL as follows:

compute cubeiceberg_cubeas
selectA, B, C, D, count(*)
fromR

cube byA, B, C, D

having count(*) > =3

Let's see how BUC constructs the iceberg cube for the dimensions A, B, C, and D, where 3
is the minimum support count. Suppose that dimension A has four distinct values, a;, ay,
as, a4; B has four distinct values, by, by, bs, bs; C has two distinct values, ¢, ¢;; and D has
two distinct values, di, d,. If we consider each group-by to be a partition, then we must
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compute every combination of the grouping attributes that satisfy the minimum support
(i.e., that have three tuples).

Figure 5.7 illustrates how the input is partitioned first according to the different attribute
values of dimension A, and then B, C, and D. To do so, BUC scans the input, aggregating
the tuples to obtain a count for all, corresponding to the cell (x, , %, ). Dimension A is
used to split the input into four partitions, one for each distinct value of A. The number of
tuples (counts) for each distinct value of A is recorded in dataCount.

Figure 5.7 BUC partitioning snapshot given an example 4-D data set.

BUC uses the Apriori property to save time while searching for tuples that satisfy the
iceberg condition. Starting with A dimension value, a;, the a; partition is aggregated,
creating one tuple for the A group-by, corresponding to the cell (as, *, *, *).

Suppose (a1, *, *, *) satisfies the minimum support, in which case a recursive call is made
on the partition for a;. BUC partitions a; on the dimension B. It checks the count of (ay, by,
*, ) to see if it satisfies the minimum support. If it does, it outputs the aggregated tuple to
the AB group-by and recurses on (as, by, *, *) to partition on C, starting

with c;. Suppose the cell count for (as, bi, €1, *) is 2, which does not satisfy the minimum
support. According to the Apriori property, if a cell does not satisfy the minimum support,
then neither can any of its descendants. Therefore, BUC prunes any further exploration of
(a1, by, €1, *). That is, it avoids partitioning this cell on dimension D. It backtracks to the
az, by partition and recurses on (az, by, c, *), and so on. By checking the iceberg condition
each time before performing a recursive call, BUC saves a great deal of processing time
whenever a cell's count does not satisfy the minimum support.

The partition process is facilitated by a linear sorting method, CountingSort. CountingSort
is fast because it does not perform any key comparisons to find partition boundaries. In
addition, the counts computed during the sort can be reused to compute the group-by's in
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BUC. Line 2 is an optimization for partitions having a count of 1 such as (aj, by, *, *) in
our example. To save on partitioning costs, the count is written

to each of the tuple's descendant group-by's. This is particularly useful since, in practice,
many partitions have a single tuple.

The BUC performance is sensitive to the order of the dimensions and to skew in the data.
Ideally, the most discriminating dimensions should be processed first. Dimensions should
be processed in the order of decreasing cardinality. The higher the cardinality, the smaller
the partitions, and thus the more partitions there will be, thereby providing BUC with a
greater opportunity for pruning. Similarly, the more uniform a dimension (i.e., having less
skew), the better it is for pruning. BUC's major contribution is the idea of sharing
partitioning costs. However, unlike MultiWay, it does not share the computation of
aggregates between parent and child group-by's. For example, the computation of cuboid
AB does not help that of ABC. The latter needs to be computed essentially from scratch.

5.2.3. Star-Cubing: Computing Iceberg Cubes Using a Dynamic Star-Tree

Structure

In this section, we describe the Star-Cubing algorithm for computing iceberg cubes. Star-
Cubing combines the strengths of the other methods we have studied up to this point. It
integrates top-down and bottom-up cube computation and explores both multidimensional
aggregation (similar to MultiWay) and Apriori-like pruning (similar to BUC). It operates
from a data structure called a star-tree, which performs lossless data compression, thereby
reducing the computation time and memory requirements. The Star-Cubing algorithm
explores both the bottom-up and top-down computation models as follows: On the global
computation order, it uses the bottom-up model. However, it has a sublayer underneath
based on the top-down model, which explores the notion of shared dimensions, as we shall
see in the following. This integration allows the algorithm to aggregate on multiple
dimensions while still partitioning parent group-by's and pruning child group-by's that do
not satisfy the iceberg condition. Star-Cubing's approach is illustrated in Figure 5.8 for a
4-D data cube computation. If we were to follow only the bottom-up model (similar to
MultiWay), then the cuboids marked as pruned by Star-Cubing would still be explored.
Star-Cubing is able to prune the indicated cuboids because it considers shared dimensions.
ACD/A means cuboid ACD has shared dimension A, ABD/AB means cuboid ABD has
shared dimension AB, ABC/ABC means cuboid ABC has shared dimension ABC, and so on.
This comes from the generalization that all the cuboids in the subtree rooted at ACD
include dimension A, all those rooted at ABD include dimensions AB, and all those rooted
at ABC include dimensions ABC (even though there is only one such cuboid). We call
these common dimensions the shared dimensions of those particular subtrees.
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Figure 5.8 Star-Cubing: bottom-up computation with top-down expansion of shared dimensions.
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The introduction of shared dimensions facilitates shared computation. Because the shared
dimensions are identified early on in the tree expansion, we can avoid recomputing them
later. For example, cuboid AB extending from ABD in Figure 5.8 would actually be pruned
because AB was already computed in ABD/AB. Similarly, cuboid A extending from AD
would also be pruned because it was already computed in ACD/A.

Shared dimensions allow us to do Apriori-like pruning if the measure of an iceberg cube,
such as count, is antimonotonic. That is, if the aggregate value on a shared dimension does
not satisfy the iceberg condition, then all the cells descending from this shared dimension
cannot satisfy the iceberg condition either. These cells and their descendants can be pruned
because these descendant cells are, by definition, more specialized (i.e., contain more
dimensions) than those in the shared dimension(s). The number of tuples covered by the
descendant cells will be less than or equal to the number of tuples covered by the shared
dimensions. Therefore, if the aggregate value on a shared dimension fails the iceberg
condition, the descendant cells cannot satisfy it either.

Pruning shared dimensions

If the value in the shared dimension A is a; and it fails to satisfy the iceberg condition, then
the whole subtree rooted at a;CD/a; (including a;C/a;C, a;D/a;, ai/a;) can be pruned
because they are all more specialized versions of a;.

To explain how the Star-Cubing algorithm works, we need to explain a few more concepts,
namely, cuboid trees, star-nodes, and star-trees.We use trees to represent individual
cuboids.

Figure 5.9 shows a fragment of the cuboid tree of the base cuboid, ABCD. Each level in
the tree represents a dimension, and each node represents an attribute value. Each node has
four fields: the attribute value, aggregate value, pointer to possible first child, and pointer
to possible first sibling. Tuples in the cuboid are inserted one by one into the tree. A path
from the root to a leaf node represents a tuple. For example, node ¢, in the tree has an
aggregate (count) value of 5, which indicates that there are five cells of value (aj, b1, ¢z, *).
This representation collapses the common prefixes to save memory usage and allows us to
aggregate the values at internal nodes. With aggregate values at internal nodes, we can
prune based on shared dimensions. For example, the AB cuboid tree can be used to prune
possible cells in ABD.

Figure 5.9 Base cuboid tree fragment.

If the single-dimensional aggregate on an attribute value p does not satisfy the iceberg
condition, it is useless to distinguish such nodes in the iceberg cube computation. Thus, the
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node p can be replaced by = so that the cuboid tree can be further compressed. We say that
the node p in an attribute A is a star-node if the single-dimensional aggregate on p does not
satisfy the iceberg condition; otherwise, p is a non-star-node. A cuboid tree that is
compressed using star-nodes is called a star-tree.

Star-tree construction

A Dbase cuboid table is shown in Table 5.1. There are five tuples and four dimensions. The
cardinalities for dimensions A, B, C, D are 2, 4, 4, 4, respectively. The one-dimensional
aggregates for all attributes are shown in Table 5.2. Suppose min_sup = 2 in the iceberg
condition. Clearly, only attribute values a;, a, bs, c3, ds4 satisfy the condition. All other
values are below the threshold and thus become star-nodes. By collapsing star-nodes, the
reduced base table is Table 5.3. Notice that the table contains two fewer rows and also
fewer distinct values than Table 5.1.

We use the reduced base table to construct the cuboid tree because it is smaller. The
resultant star-tree is shown in Figure 5.10.

Table 5.1Base (Cuboid) Table: Before Star Reduction

A B C D count
a b, Cy d; 1
a b, (A d; 1
a b, Cy d, 1
a bs C3 ds 1
a, b, C3 ds 1

Table 5.20ne-Dimensional Aggregates

Dimension count=1 count >2
A — a(3), ax(2)
B b, b3, by b1(2)

[ C1, €2, Cy cs(2)

D dy, dy, d3 ds4(2)

Table 5.3Compressed Base Table: After Star Reduction

A B C D count
a b, * * 2
a * * * 1
a, * C3 ds 2
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Figure 5.10 Compressed base table star-tree.

Now, let's see how the Star-Cubing algorithm uses star-trees to compute an iceberg cube.
The algorithm is given later in Figure 5.13.

Algorithm: Star-Cubing. Compute keberg cubes by Star-Cubing,
[npl.ﬂ:
R @ relational fable

min_support: minimum sapport threshold for the sceberg condition (taking count
as Ehe micasure),

Chutpat: The computed iccherg cube.

Method: Each star-iree corresponds to one cubiid tree node, and vice versa.

BEGIN
wean B twice, create star-table 5 and star-tree T3
output conmt of Troot;
aall sl‘r.lr<|rll|.l|y|"]'.' Toroark
END

procedune starcabing( T, coodelif enode: current node

|

(1} for each non-null deild © of T's cuboid iree

{2} Insert or aggregate crnde b the {n‘urrmnmiing
position or node in Cs star-iree;

(3} W {omodecounr = min_suppart) then |

(4) if [cnnde o rond ) then

{5} output cninde.count;

() if (cnnde ix a beaf ) then

(7} oulput crisde.count;

(B} else | [/ imitate a new cuboid Eree
(%) create O as a child of T's cuboad tree;
(1my len T b C's star-tree;

(Ly Ti.roet"s count = enode.corand;
(1) |

(13) ]

(14} I {emode is not a leal) then

(15) strciibingl T, emoude, firnt_child )y
(&) i1 is ot mull) then |

(17 stirciibingt T, Toroor);

(18} remove Cp from T's cuboid trees |
(19} ¥ {cmonde has sibling) then

(20} sturcirbing{ T, cmade.silfingk

(20} remove T

Figure 5.13 Star-Cubing algorithm.
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Star-Cubing

Using the star-tree generated in Example 5.7 (Figure 5.10), we start the aggregation
process by traversing in a bottom-up fashion. Traversal is depth-first. The first stage (i.e.,
the processing of the first branch of the tree) is shown inFigure 5.11. The leftmost tree in
the figure is the base star-tree. Each attribute value is shown with its corresponding
aggregate value. In addition, subscripts by the nodes in the tree show the

traversal order. The remaining four trees are BCD, ACD/A, ABD/AB, and ABC/ABC. They
are the child trees of the base star-tree, and correspond to the level of 3-D cuboids above
the base cuboid in Figure 5.8. The subscripts in them correspond to the same subscripts in
the base tree—they denote the step or order in which they are created during the tree
traversal. For example, when the algorithm is at step 1, the BCD child tree root is created.
At step 2, the ACD/A child tree root is created. At step 3, the ABD/AB tree root and the bx
node in BCD are created.

5, [T ] ay O, -3 a b by 1A b

yoo= S
P 4 d

2 [ ey d*:ly

Hae Tiree BON-Teee ACTHA-Tge ' ARMAR-Teee ! NECPAR - Treg

Figure 5.11 Aggregation stage one: processing the leftmost branch of the base tree.

When the algorithm has reached step 5, the trees in memory are exactly as shown in Figure
5.11. Because depth-first traversal has reached a leaf at this point, it starts backtracking.
Before traversing back, the algorithm notices that all possible nodes in the base dimension
(ABC) have been visited. This means the ABC/ABC tree is complete, so the count is output
and the tree is destroyed. Similarly, upon moving back from dx* to cx and seeing that cx has
no siblings, the count in ABD/AB is also output and the tree is destroyed.

When the algorithm is at b during the backtraversal, it notices that there exists a sibling in
b;. Therefore, it will keep ACD/A in memory and perform a depth-first search on b; just as
it did on b*. This traversal and the resultant trees are shown in Figure 5.12. The child trees
ACD/A and ABD/AB are created again but now with the new values from the b; subtree.
For example, notice that the aggregate count of cx in the ACD/A tree has increased from 1
to 3. The trees that remained intact during the last traversal are reused and the new
aggregate values are added on. For instance, another branch is added to the BCD tree.
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Figure 5.12 Aggregation stage two: processing the second branch of the base tree.

Just like before, the algorithm will reach a leaf node at d+ and traverse back. This time, it
will reach a; and notice that there exists a sibling in ay. In this case, all child trees except
BCD in Figure 5.12 are destroyed. Afterward, the algorithm will perform the same
traversal on a,. BCD continues to grow while the other subtrees start fresh with a, instead

of aji.

A node must satisfy two conditions in order to generate child trees: (1) the measure of the
node must satisfy the iceberg condition; and (2) the tree to be generated must include at
least one non-star-node (i.e., nontrivial). This is because if all the nodes were star-nodes,
then none of them would satisfy min_sup. Therefore, it would be a complete waste to
compute them. This pruning is observed in Figure 5.11 and Figure 5.12. For example, the
left subtree extending from node a; in the base tree in Figure 5.11 does not include any
nonstar-nodes. Therefore, the a;CD/a; subtree should not have been generated. It is shown,
however, for illustration of the child tree generation process. Star-Cubing is sensitive to the
ordering of dimensions, as with other iceberg cube construction algorithms. For best
performance, the dimensions are processed in order of decreasing cardinality. This leads to
a better chance of early pruning, because the higher the cardinality, the smaller the
partitions, and therefore the higher possibility that the partition will be pruned.

Star-Cubing can also be used for full cube computation. When computing the full cube for
a dense data set, Star-Cubing's performance is comparable with Multiway and is much
faster than BUC. If the data set is sparse, Star-Cubing is significantly faster than MultiWay
and faster than BUC, in most cases. For iceberg cube computation, Star-Cubing is faster
than BUC, where the data are skewed and the speed-up factor increases as min_sup

decreases.

5.2.4. Precomputing Shell Fragments for Fast High-Dimensional OLAP
Recall the reason that we are interested in precomputing data cubes: Data cubes facilitate
fast OLAP in a multidimensional data space. However, a full data cube of high
dimensionality needs massive storage space and unrealistic computation time. Iceberg
cubes provide a more feasible alternative, as we have seen, wherein the iceberg condition
is used to specify the computation of only a subset of the full cube's cells. However,
although an iceberg cube is smaller and requires less computation time than its
corresponding full cube, it is not an ultimate solution.

For one, the computation and storage of the iceberg cube can still be costly. For example,

if the base cuboid cell, (a3, ay, ..

., 860), passes minimum support (or the iceberg threshold),

it will generate 2°° iceberg cube cells. Second, it is difficult to determine an appropriate
iceberg threshold. Setting the threshold too low will result in a huge cube, whereas setting
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the threshold too high may invalidate many useful applications. Third, an iceberg cube
cannot be incrementally updated. Once an aggregate cell falls below the iceberg threshold
and is pruned, its measure value is lost. Any incremental update would require
recomputing the cells from scratch. This is extremely undesirable for large real-life
applications where incremental appending of new data is the norm.

One possible solution, which has been implemented in some commercial data warehouse
systems, is to compute a thin cube shell. For example, we could compute all cuboids with
three dimensions or less in a 60-dimensional data cube, resulting in a cube shell of size 3.
The resulting cuboids set would require much less computation and storage than the full
60-dimensional data cube. However, there are two disadvantages to this approach. First,

&0

[ ]+[ ]+6D: 36,050

we would still need to compute 3 2 cuboids, each with many
cells. Second, such a cube shell does not support high-dimensional OLAP because (1) it
does not support OLAP on four or more dimensions, and (2) it cannot even support drilling
along three dimensions, such as, say, (A4, As, Ag), on a subset of data selected based on the
constants provided in three other dimensions, such as (A1, Az, A3), because this essentially
requires the computation of the corresponding 6-D cuboid. (Notice that there is no cell in
cuboid (A4, As, As) computed for any particular constant set, such as (ai, az, as), associated
with dimensions (A, Az, Az).)

Instead of computing a cube shell, we can compute only portions or fragments of it. This
section discusses the shell fragment approach for OLAP query processing. It is based on
the following key observation about OLAP in high-dimensional space. Although a data
cube may contain many dimensions, most OLAP operations are performed on only a small
number of dimensions at a time. In other words, an OLAP query is likely to ignore many
dimensions (i.e., treating them as irrelevant), fix some dimensions (e.g., using query
constants as instantiations), and leave only a few to be manipulated (for drilling, pivoting,
etc.). This is because it is neither realistic nor fruitful for anyone to comprehend the
changes of thousands of cells involving tens of dimensions simultaneously in a high-
dimensional space at the same time.

Instead, it is more natural to first locate some cuboids of interest and then drill along one or
two dimensions to examine the changes of a few related dimensions. Most analysts will
only need to examine, at any one moment, the combinations of a small number of
dimensions. This implies that if multidimensional aggregates can be computed quickly on
a small number of dimensions inside a high-dimensional space, we may still achieve fast
OLAP without materializing the original high-dimensional data cube. Computing the full
cube (or, often, even an iceberg cube or cube shell) can be excessive. Instead, a semi-
online computation model with certain preprocessing may offer a more feasible solution.
Given a base cuboid, some quick preparation computation can be done first (i.e., offline).
After that, a query can then be computed online using the preprocessed data. The shell
fragment approach follows such a semi-online computation strategy. It involves two
algorithms: one for computing cube shell fragments and the other for query processing
with the cube fragments. The shell fragment approach can handle databases

of high dimensionality and can quickly compute small local cubes online. It explores the
inverted index data structure, which is popular in information retrieval and Web-based
information systems.The basic idea is as follows. Given a high-dimensional data set, we
partition the dimensions into a set of disjoint dimension fragments, convert each fragment
into its corresponding inverted index representation, and then construct cube shell
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fragments while keeping the inverted indices associated with the cube cells. Using the
precomputed cubes' shell fragments, we can dynamically assemble and compute cuboid
cells of the required data cube online. This is made efficient by set intersection operations
on the inverted indices.

To illustrate the shell fragment approach, we use the tiny database of Table 5.4 as a
running example. Let the cube measure be count(). Other measures will be discussed later.
We first look at how to construct the inverted index for the given database.

Table 5.40riginal Database

TID A B C D E
1 a b, C; d; €
2 a b, Cy d; €
3 a b, C; d; €
4 a, b, C; d; €
5 a, b, C; d; €3

For each attribute value in each dimension, list the tuple identifiers (TIDs) of all the tuples
that have that value. For example, attribute value a, appears in tuples 4 and 5. The TID list
for a, then contains exactly two items, namely 4 and 5. The resulting inverted index table
is shown in Table 5.5 . It retains all the original database's information. If each table entry
takes one unit of memory, Table 5.4 and Table 5.5 each takes 25 units, that is, the inverted
index table uses the same amount of memory as the original database.

Table 5.5Inverted Index

Attribute Value TID List List Size
a {1,2,3} 3
a, {4, 5} 2
by {1, 4,5} 3
b, {2,3} 2
Cy {1,2,3,4,5} 5
d; {1, 3,4, 5} 4
d; {2} 1
€ {1, 2} 2
e {3, 4} 2
€3 {5} 1
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“How do we compute shell fragments of a data cube?”” The shell fragment computation
algorithm, Frag-Shells, is summarized in Figure 5.14. We first partition all the dimensions
of the given data set into independent groups of dimensions, called fragments (line 1). We
scan the base cuboid and construct an inverted index for each attribute (lines 2 to 6). Line 3
is for when the measure is other than the tuple count(), which will be described later. For
each fragment, we compute the full local (i.e., fragment-based) data cube while retaining
the inverted indices (lines 7 to 8). Consider a database of 60 dimensions, namely, Az, Ay,
..., Ago. We can first partition the 60 dimensions into 20 fragments of size 3: (A1, Az, A3z),
(A4, As, Ag), ..., (Ass, Asg, Ago). For each fragment, we compute its full data cube while
recording the inverted indices. For example, in fragment (A1, A2, Az), we would compute
seven cuboids: A, Az, Az, A1Az, AsAs, AiAs, A1A2As. Furthermore, an inverted index is
retained for each cell in the cuboids. That is, for each cell, its associated TID list is
recorded.
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Figure 5.14 Shell fragment computation algorithm.

The benefit of computing local cubes of each shell fragment instead of computing the
complete cube shell can be seen by a simple calculation. For a base cuboid of 60
dimensions, there are only 7 x 20 = 140 cuboids to be computed according to the preceding
shell fragment partitioning. This is in contrast to the 36,050 cuboids computed for the cube
shell of size 3 described earlier! Notice that the above fragment partitioning is based
simply on the grouping of consecutive dimensions. A more desirable approach would be to
partition based on popular dimension groupings. This information can be obtained from
domain experts or the past history of OLAP queries. Let's return to our running example to
see how shell fragments are computed.
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Compute shell fragments

Suppose we are to compute the shell fragments of size 3. We first divide the five
dimensions into two fragments, namely (A, B, C) and (D, E). For each fragment, we
compute the full local data cube by intersecting the TID lists in Table 5.5 in a top-down
depth-first order in the cuboid lattice. For example, to compute the cell (a;, b,, *), we
intersect the TID lists of a; and b, to obtain a new list of {2, 3}. Cuboid AB is shown in
Table 5.6. After computing cuboid AB, we can then compute cuboid ABC by intersecting
all pairwise combinations between Table 5.6 and the row c; in Table 5.5. Notice that
because cell (a;, by) is empty, it can be effectively discarded in subsequent computations,
based on the Apriori property. The same process can be applied to compute fragment (D,
E), which is completely independent from computing (A, B, C). Cuboid DE is shown in
Table 5.7.

Table 5.6Cuboid AB

Cell Intersection TID List List Size
(a5, by) {1,2,3}N {1, 4,5} {1} 1
(a1, by) {1,2,3)n{2,3} 2,3} 2
(a2, by) 4,5} N {1, 4,5} {4, 5} 2
(2, by) (4,5 N {2, 3} 0 0
Table 5.7Cuboid DE

Cell Intersection TID List List Size
(dy, ey) {1,3,4,5) N {1, 2} {1} 1
(dy, &) {1,3,4,5) N {3, 4} 3,4} 2
(d1, 3) {1,3,4,5} N {5} {5} 1
(dz, e1) {2rn{1, 2} {2} 1

If the measure in the iceberg condition is count() (as in tuple counting), there is no need to
reference the original database for this because the length of the TID list is equivalent to
the tuple count. “Do we need to reference the original database if computing other
measures such asaverage()?”” Actually, we can build and reference an ID_measure array
instead, which stores what we need to compute other measures. For example, to compute
average(), we let the ID_measure array hold three elements, namely, (TID, item_count,
sum), for each cell (line 3 of the shell fragment computation algorithm in Figure 5.14 ).
The average() measure for each aggregate cell can then be computed by accessing only this
ID_measure array, using sum()/item_count(). Considering a database with 10° tuples, each
taking 4 bytes each for TID, item_count, and sum, the ID_measure array requires 12 MB,
whereas the corresponding database of 60 dimensions will require (60 + 3) x 4 x 10° = 252
MB (assuming each attribute value takes 4 bytes). Obviously, ID_measure array is a more
compact data structure and is more likely to fit in memory than the corresponding high-
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dimensional database. To illustrate the design of the ID_measure array, let's look at
Example 5.11.

Computing cubes with the average() measure

Table 5.8 shows an example sales database where each tuple has two associated values,
such as item_count and sum, where item_count is the count of items sold.

Table 5.8Database with Two Measure Values

TID A B C D E item_count sum
1 a b, Cy d; e 5 70
2 a b, Cy d, e 3 10
3 a b, Cy d; e, 8 20
4 a by 1 d; e 5 40
5 ay b, C1 dy e3 2 30

To compute a data cube for this database with the measure average(), we need to have a
TID list for each cell: {TIDy, ..., TID,}. Because each TID is uniquely associated with a
particular set of measure values, all future computation just needs to fetch the measure
values associated with the tuples in the list. In other words, by keeping an ID_measure
array in memory for online processing, we can handle complex algebraic measures, such as
average, variance, and standard deviation.Table 5.9 shows what exactly should be kept for
our example, which is substantially smaller than the database itself.

Table 5.9Table 5.81D_ measure Array

TID item_count sum
1 5 70
2 3 10
3 8 20
4 5 40
5 2 30

The shell fragments are negligible in both storage space and computation time in
comparison with the full data cube. Note that we can also use the Frag-Shells algorithm to
compute the full data cube by including all the dimensions as a single fragment. Because
the order of computation with respect to the cuboid lattice is top-down and depth-first
(similar to that of BUC), the algorithm can perform Apriori pruning if applied to the
construction of iceberg cubes.

“Once we have computed the shell fragments, how can they be used to answer OLAP

queries?”” Given the precomputed shell fragments, we can view the cube space as a virtual

cube and perform OLAP queries related to the cube online. In general, two types of queries

are possible: (1) point query and (2) subcube query. In a point query, all of the relevant

dimensions in the cube have been instantiated (i.e., there are no inquired dimensions in the
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relevant dimensions set). For example, in an n-dimensional data cube, A;A;...A,, a point
query could be in the form of (A1:4s. A9t M%) \where A; = {ay1, ais}, As = {asz, ass, ase},
Ag = ag4, and M is the inquired measure for each corresponding cube cell. For a cube with a
small number of dimensions, we can use * to represent a “don't care” position where the
corresponding dimension is irrelevant, that is, neither inquired nor instantiated. For

example, in the query {m,8, 6,4, % count ()7) for the database in Table 5.4, the first
four dimension values are instantiated to a,, b;, ¢;, and dj, respectively, while the last
dimension is irrelevant, and count() (which is the tuple count by context) is the inquired
measure. In a subcube query, at least one of the relevant dimensions in the cube is
inquired. For example, in an n-dimensional data cube A;A; ... A,, a subcube query could
be in the form (A1 As?As. A7 M7} \where A; = {au, aig} and Ag = ags, As and A,y are
the inquired dimensions, and M is the inquired measure. For a cube with a small number of
dimensions, we can use = for an irrelevant dimension and ? for an inquired one. For

example, in the query (o, %q, % icount (O7) we see that the first and third dimension

values are instantiated to a, and ci, respectively, while the fourth is irrelevant, and the
second and the fifth are inquired. A subcube query computes all possible value
combinations of the inquired dimensions. It essentially returns a local data cube consisting
of the inquired dimensions.

“How can we use shell fragments to answer a point query?”” Because a point query
explicitly provides the instantiated variables set on the relevant dimensions set, we can
make maximal use of the precomputed shell fragments by finding the best fitting (i.e.,
dimension-wise completely matching) fragments to fetch and intersect the associated TID
lists.

Let the point query be of the form (0 @ @ & M?) \where ¢; represents a set of
instantiated values of dimension A;, and so on for aj, ax, and ay. First, we check the shell
fragment schema to determine which dimensions among A;, A;, Ak, and A, are in the same
fragment(s). Suppose A; and A; are in the same fragment, while A, and A, are in two other
fragments. We fetch the corresponding TID lists on the precomputed 2-D fragment for
dimensions A; and A; using the instantiations a; and ¢;, and fetch the TID lists on the 1-D
fragments for dimensions Ax and A, using the instantiations ax and ay, respectively. The
obtained TID lists are intersected to derive the TID list table. This table is then used to
derive the specified measure (e.g., by taking the length of the TID lists for tuple count(), or
by fetching item_count() and sum() from the ID_measure array to compute average()) for
the final set of cells.

Point query

Suppose a user wants to compute the point query %28, * count 07} g0 o
database in Table 5.4 and that the shell fragments for the partitions (A, B, C) and (D, E)
are precomputed as described in Example 5.10. The query is broken down into two

subqueries based on the precomputed fragments: laz el w=i angd (%%, d1=*>. The
best-fit precomputed shell fragments for the two subqueries are ABC and D. The fetch of
the TID lists for the two subqueries returns two lists: {4, 5} and {1, 3, 4, 5}. Their
intersection is the list {4, 5}, which is of size 2. Thus, the final answer is count() = 2.

“How can we use shell fragments to answer a subcube query?”” A subcube query returns a
local data cube based on the instantiated and inquired dimensions. Such a data cube needs
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to be aggregated in a multidimensional way so that online analytical processing (drilling,
dicing, pivoting, etc.) can be made available to users for flexible manipulation and
analysis. Because instantiated dimensions usually provide highly selective constants that
dramatically reduce the size of the valid TID lists, we should make maximal use of the
precomputed shell fragments by finding the fragments that best fit the set of instantiated
dimensions, and fetching and intersecting the associated TID lists to derive the reduced
TID list. This list can then be used to intersect the best-fitting shell fragments consisting of
the inquired dimensions. This will generate the relevant and inquired base cuboid, which
can then be used to compute the relevant subcube on-the-fly using an efficient online
cubing algorithm.

Let the subcube query be of the form (@, AT, Ay 7 M ?}, where @i, a;, and ap
represent a set of instantiated values of dimension A;, A;, and A,, respectively, and A¢ and
Aq represent two inquired dimensions. First, we check the shell fragment schema to
determine which dimensions among (1) A, A;, and Ay, and (2) Ac and Aq are in the same
fragment partition. Suppose A; and A; belong to the same fragment, as do A¢ and Ag, but
that A, is in a different fragment. We fetch the corresponding TID lists in the precomputed
2-D fragment for A; and A; using the instantiations ¢; and a;, then fetch the TID list on the
precomputed 1-D fragment for A, using instantiation ap, and then fetch the TID lists on the
precomputed 2-D fragments for A, and Aq, respectively, using no instantiations (i.e., all
possible values). The obtained TID lists are intersected to derive the final TID lists, which
are used to fetch the corresponding measures from the ID_measure array to derive the
“base cuboid” of a 2-D subcube for two dimensions (A, Aq). A fast cube computation
algorithm can be applied to compute this 2-D cube based on the derived base cuboid. The
computed 2-D cube is then ready for OLAP operations.

Subcube query

Suppose that a user wants to compute the subcube query, ‘¢2-f1- 7 #. Trcountii? for gyr
database shown earlier in Table 5.4 and that the shell fragments have been precomputed as
described in Example 5.10. The query can be broken into three best-fit fragments
according to the instantiated and inquired dimensions: AB, C, and E, where AB has the
instantiation (az, by). The fetch of the TID lists for these partitions returns (a, by) : {4, 5},
(c1) : {1, 2, 3, 4, 5} and {(e1 : {1, 2}), (e2 : {3, 4}), (es : {5})}, respectively. The
intersection of these corresponding TID lists contains a cuboid with two tuples: {(c1, €2) :
{4}, (c1, e3) : {B}}. This base cuboid can be used to compute the 2-D data cube, which is
trivial.

That is, the intersection of the TID lists for (a,, bs), (c1), and (e,) is {4}.

For large data sets, a fragment size of 2 or 3 typically results in reasonable storage
requirements for the shell fragments and for fast query response time. Querying with shell
fragments is substantially faster than answering queries using precomputed data cubes that
are stored on disk. In comparison to full cube computation, Frag-Shells is recommended if
there are less than four inquired dimensions. Otherwise, more efficient algorithms, such as
Star-Cubing, can be used for fast online cube computation. Frag-Shells can be easily
extended to allow incremental updates, the details of which are left as an exercise.

5.3. Processing Advanced Kinds of Queries by Exploring Cube Technology
Data cubes are not confined to the simple multidimensional structure illustrated in the last
section for typical business data warehouse applications. The methods described in this
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section further develop data cube technology for effective processing of advanced kinds of
queries.

Section 5.3.1 explores sampling cubes. This extension of data cube technology can be used
to answer queries on sample data, such as survey data, which represent a sample or subset
of a target data population of interest.Section 5.3.2 explains how ranking cubes can be
computed to answer top-k queries, such as “find the top 5 cars,” according to some user-
specified criteria.

The basic data cube structure has been further extended for various sophisticated data types
and new applications. Here we list some examples, such as spatial data cubes for the
design and implementation of geospatial data warehouses, and multimedia data cubes for
the multidimensional analysis of multimedia data (those containing images and videos).
RFID data cubes handle the compression and multidimensional analysis of RFID (i.e.,
radio-frequency identification) data. Text cubes and topic cubes were developed for the
application of vector-space models and generative language models, respectively, in the
analysis of multidimensional text databases (which contain both structure attributes and
narrative text attributes).

5.3.1. Sampling Cubes: OLAP-Based Mining on Sampling Data

When collecting data, we often collect only a subset of the data we would ideally like to
gather. In statistics, this is known as collecting a sample of the data population. The
resulting data are called sample data. Data are often sampled to save on costs, manpower,
time, and materials. In many applications, the collection of the entire data population of
interest is unrealistic. In the study of TV ratings or pre-election polls, for example, it is
impossible to gather the opinion of everyone in the population. Most published ratings or
polls rely on a data sample for analysis. The results are extrapolated for the entire
population, and associated with certain statistical measures such as a confidence interval.
The confidence interval tells us how reliable a result is. Statistical surveys based on
sampling are a common tool in many fields like politics, healthcare, market research, and
social and natural sciences.

“How effective is OLAP on sample data?”” OLAP traditionally has the full data population
on hand, yet with sample data, we have only a small subset. If we try to apply traditional
OLAP tools to sample data, we encounter three challenges. First, sample data are often
sparse in the multidimensional sense. When a user drills down on the data, it is easy to
reach a point with very few or no samples even when the overall sample size is large.
Traditional OLAP simply uses whatever data are available to compute a query answer. To
extrapolate such an answer for a population based on a small sample could be misleading:
A single outlier or a slight bias in the sampling can distort the answer significantly.
Second, with sample data, statistical methods are used to provide a measure of reliability
(e.g., a confidence interval) to indicate the quality of the query answer as it pertains to the
population. Traditional OLAP is not equipped with such tools.A sampling cube framework
was introduced to tackle each of the preceding challenges.

Sampling Cube Framework

The sampling cube is a data cube structure that stores the sample data and their
multidimensional aggregates. It supports OLAP on sample data. It calculates confidence
intervals as a quality measure for any multidimensional query. Given a sample data
relation (i.e., base cuboid) R, the sampling cube Cr typically computes the sample mean,
sample standard deviation, and other task-specific measures.
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In statistics, a confidence interval is used to indicate the reliability of an estimate. Suppose
we want to estimate the mean age of all viewers of a given TV show. We have sample data
(a subset) of this data population. Let's say our sample mean is 35 years. This becomes our
estimate for the entire population of viewers as well, but how confident can we be that 35
is also the mean of the true population? It is unlikely that the sample mean will be exactly
equal to the true population mean because of sampling error. Therefore, we need to qualify
our estimate in some way to indicate the general magnitude of this error. This is typically
done by computing a confidence interval, which is an estimated value range with a given
high probability of covering the true population value. A confidence interval for our
example could be ““the actual mean will not vary by +/— two standard deviations 95% of
the time.”” (Recall that the standard deviation is just a number, which can be computed as
shown in Section 2.2.2.) A confidence interval is always qualified by a particular
confidence level. In our example, it is 95%.The confidence interval is calculated as
follows. Let x be a set of samples. The mean of the samples is denoted by x, and the
number of samples in x is denoted by I. Assuming that the standard deviation of the
population is unknown, the sample standard deviation of x is denoted by s. Given a desired
confidence level, the confidence interval for & is (5.1)

i+t .I'I..EF.;..

where t; is the critical t-value associated with the confidence level and “* ~ 7 is the
estimated standard error of the mean. To find the appropriate t., specify the desired
confidence level (e.g., 95%) and also the degree of freedom, which is just | — 1. The
important thing to note is that the computation involved in computing a confidence interval
is algebraic. Let's look at the three terms involved in Eq. (5.1). The first is the mean of the
sample set, &, which is algebraic; the second is the critical t-value, which is calculated by a
Iookup, and W|th respect to x, it depends on |, a distributive measure; and the third is

O: = VI, which also turns out to be algebraic if one records the linear sum (Za 1%) and

squared sum (EJ 1- s). Because the terms involved are either algebraic or distributive, the
confidence interval computation is algebraic. Actually, since both the mean and confidence
interval are algebraic, at every cell, exactly three values are sufficient to calculate them—
all of which are either distributive or algebraic:

1.1
2 sum = E:: | X

.
3, squared sum =Y | x;

There are many efficient techniques for computing algebraic and distributive measures
(Section 4.2.4). Therefore, any of the previously developed cubing algorithms can be used
to efficiently construct a sampling cube. Now that we have established that sampling cubes
can be computed efficiently, our next step is to find a way of boosting the confidence of
results obtained for queries on sample data.

Query Processing: Boosting Confidences for Small Samples

A query posed against a data cube can be either a point query or a range query. Without
loss of generality, consider the case of a point query. Here, it corresponds to a cell in
sampling cube Cg. The goal is to provide an accurate point estimate for the samples in that
cell. Because the cube also reports the confidence interval associated with the sample
mean, there is some measure of “reliability” to the returned answer. If the confidence
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interval is small, the reliability is deemed good; however, if the interval is large, the
reliability is questionable. ““What can we do to boost the reliability of query answers?”
Consider what affects the confidence interval size. There are two main factors: the variance
of the sample data and the sample size. First, a rather large variance in the cell may
indicate that the chosen cube

cell is poor for prediction. A better solution is probably to drill down on the query cell to a
more specific one (i.e., asking more specific queries). Second, a small sample size can
cause a large confidence interval. When there are very few samples, the corresponding t is
large because of the small degree of freedom. This in turn could cause a large confidence
interval. Intuitively, this makes sense. Suppose one is trying to figure out the average
income of people in the United States. Just asking two or three people does not give much
confidence to the returned response. The best way to solve this small sample size problem
is to get more data. Fortunately, there is usually an abundance of additional data available
in the cube. The data do not match the query cell exactly; however, we can consider data
from cells that are “close by.” There are two ways to incorporate such data to enhance the
reliability of the query answer: (1) intracuboid query expansion, where we consider nearby
cells within the same cuboid, and (2) intercuboid query expansion, where we consider
more general versions (from parent cuboids) of the query cell. Let's see how this works,
starting with intra-cuboid query expansion.

Method 1. Intracuboid query expansion. Here, we expand the sample size by including
nearby cells in the same cuboid as the queried cell, as shown in Figure 5.15(a). We just
have to be careful that the new samples serve to increase the confidence in the answer
without changing the query's semantics.
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Figure 5.15 Query expansion within sampling cube: Given small data samples, both methods use strategies to boost the reliability of
query answers by considering additional data cell values. (a) Intracuboid expansion considers nearby cells in the same cuboid as the
queried cell. (b) Intercuboid expansion considers more general cells from parent cuboids.

So, the first question is “Which dimensions should be expanded?” The best candidates
should be the dimensions that are uncorrelated or weakly correlated with the measure
value (i.e, the value to be predicted). Expanding within these dimensions will likely
increase the sample size and not shift the query's answer. Consider an example of a 2-D
query specifying education = “college” and birth_month = “July.” Let the cube measure be
average income. Intuitively, education has a high correlation to income while birth month
does not. It would be harmful to expand the education dimension to include values such as
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“graduate” or “high school.” They are likely to alter the final result. However, expansion in
the birth_month dimension to include other month values could be helpful, because it is
unlikely to change the result but will increase sampling size.

To mathematically measure the correlation of a dimension to the cube value, the
correlation between the dimension's values and their aggregated cube measures is
computed. Pearson's correlation coefficient for numeric data and the y* correlation test for
nominal data are popularly used correlation measures, although many other measures, such
as covariance, can be used. (These measures were presented in Section 3.3.2.) A
dimension that is strongly correlated with the value to be predicted should not be a
candidate for expansion. Notice that since the correlation of a dimension with the cube
measure is independent of a particular query, it should be precomputed and stored with the
cube measure to facilitate efficient online analysis.

After selecting dimensions for expansion, the next question is “Which values within these
dimensions should the expansion use?”” This relies on the semantic knowledge of the
dimensions in question. The goal should be to select semantically similar values to
minimize the risk of altering the final result. Consider the age dimension—similarity of
values in this dimension is clear. There is a definite (numeric) order to the values.
Dimensions with numeric or ordinal (ranked) data (like education) have a definite ordering
among data values. Therefore, we can select values that are close to the instantiated query
value. For nominal data of a dimension that is organized in a multilevel hierarchy in a data
cube (e.g., location), we should select those values located in the same branch of the tree
(e.g., the same district or city).

By considering additional data during query expansion, we are aiming for a more accurate
and reliable answer. As mentioned before, strongly correlated dimensions are precluded
from expansion for this purpose. An additional strategy is to ensure that new samples share
the “same” cube measure value (e.g., mean income) as the existing samples in the query
cell. The two-sample t-test is a relatively simple statistical method that can be used to
determine whether two samples have the same mean (or any other point estimate), where
“same” means that they do not differ significantly. (It is described in greater detail in
Section 8.5.5 on model selection using statistical tests of significance.)

The test determines whether two samples have the same mean (the null hypothesis) with
the only assumption being that they are both normally distributed. The test fails if there is
evidence that the two samples do not share the same mean. Furthermore, the test can be
performed with a confidence level as an input. This allows the user to control how strict or
loose the query expansion will be.Example 5.14 shows how the intracuboid expansion
strategies just described can be used to answer a query on sample data.

Intracuboid query expansion to answer a query on sample data

Consider a book retailer trying to learn more about its customers' annual income levels. In
Table 5.10 , a sample of the survey data collected is shown. In the survey, customers are
segmented by four attributes, namely gender, age, education, and occupation.

For the sake of illustration, ignore the fact that the sample size is too small to be statistically
significant.
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Table 5.10Sample Customer Survey Data

gender age education occupation income
female 23 college teacher $85,000
female 40 college programmer $50,000
female 31 college programmer $52,000
female 50 graduate teacher $90,000
female 62 graduate CEO $500,000
male 25 high school programmer $50,000
male 28 high school CEO $250,000
male 40 college teacher $80,000
male 50 college programmer $45,000
male 57 graduate programmer $80,000

Let a query on customer income be “age = 25,” where the user specifies a 95% confidence
level. Suppose this returns an income value of $50,000 with a rather large confidence
interval.

Suppose also, that this confidence interval is larger than a preset threshold and that the age

dimension was found to have little correlation with income in this data set. Therefore,
intracuboid expansion starts within the age dimension. The nearest cell is “age = 23,”
which returns an income of $85,000. The two-sample t-test at the 95% confidence level
passes so the query expands; it is now “age = {23, 25} with a smaller confidence interval
than initially. However, it is still larger than the threshold, so expansion continues to the
next nearest cell: “age = 28,” which returns an income of $250,000. The two sample t-test
between this cell and the original query cell fails; as a result, it is ignored. Next, “age = 31”
is checked and it passes the test.

For the sake of the example, suppose this is true even though there is only one sample. In practice,
more points are needed to calculate a legitimate value.

The confidence interval of the three cells combined is now below the threshold and the

expansion finishes at “age = {23, 25, 31}.” The mean of the income values at these three
. SA.000 ) 0000 | 52,000 %652.333 i )
cells is 3 =222 "which is returned as the query answer. It has a smaller

confidence interval, and thus is more reliable than the response of $50,000, which would
have been returned if intracuboid expansion had not been considered.

Method 2. Intercuboid query expansion. In this case, the expansion occurs by looking to a
more general cell, as shown in Figure 5.15(b). For example, the cell in the 2-D cuboid age-
occupation can use its parent in either of the 1-D cuboids, age or occupation. Think of
intercuboid expansion as just an extreme case of intracuboid expansion, where all the cells
within a dimension are used in the expansion. This essentially sets the dimension to * and
thus generalizes to a higher-level cuboid.

A k-dimensional cell has k direct parents in the cuboid lattice, where each parent is (k — 1)-
dimensional. There are many more ancestor cells in the data cube (e.g., if multiple
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dimensions are rolled up simultaneously). However, we choose only one parent here to
make the search space tractable and to limit the change in the query's semantics. As with
intracuboid query expansion, correlated dimensions are not allowed in intercuboid
expansions. Within the uncorrelated dimensions, the two-sample t-test can be performed to
confirm that the parent and the query cell share the same sample mean. If multiple parent
cells pass the test, the test's confidence level can be adjusted progressively higher until
only one passes. Alternatively, multiple parent cells can be used to boost the confidence
simultaneously. The choice is application dependent.

Intercuboid expansion to answer a query on sample data

Given the input relation in Table 5.10 , let the query on income be “occupation = teacher A
gender = male.” There is only one sample in Table 5.10 that matches the query, and it has
an income of $80,000. Suppose the corresponding confidence interval is larger than a
preset threshold. We use intercuboid expansion to find a more reliable answer. There are
two parent cells in the data cube: “gender = male” and “occupation = teacher.” By moving
up to “gender = male” (and thus setting occupation to ), the mean income is $101,000. A
two sample t-test reveals that this parent's sample mean, so it is ignored. Next, “occupation
= teacher” is considered. It has a mean income of $85,000 and passes the two-sample t-test.
As a result, the query is expanded to “occupation = teacher” and an income value of
$85,000 is returned with acceptable reliability.

“How can we determine which method to choose—intracuboid expansion or intercuboid
expansion?” This is difficult to answer without knowing the data and the application. A
strategy for choosing between the two is to consider what the tolerance is for change in the
query's semantics. This depends on the specific dimensions chosen in the query. For
instance, the user might tolerate a bigger change in semantics for the age dimension than
education. The difference in tolerance could be so large that the user is willing to set age to
* (i.e., intercuboid expansion) rather than letting education change at all. Domain
knowledge is helpful here.

So far, our discussion has only focused on full materialization of the sampling cube. In
many real-world problems, this is often impossible, especially for high-dimensional cases.
Real-world survey data, for example, can easily contain over 50 variables (i.e.,
dimensions). The sampling cube size would grow exponentially with the number of
dimensions. To handle high-dimensional data, a sampling cube method called Sampling
Cube Shell was developed. It integrates the Frag-Shell method of Section 5.2.4 with the
query expansion approach. The shell computes only a subset of the full sampling cube.

The subset should consist of relatively low-dimensional cuboids (that are commonly
queried) and cuboids that offer the most benefit to the user. The details are left to interested
readers as an exercise. The method was tested on both real and synthetic data and found to
be efficient and effective in answering queries.

5.3.2. Ranking Cubes: Efficient Computation of Top-k Queries
The data cube helps not only online analytical processing of multidimensional queries but
also search and data mining. In this section, we introduce a new cube structure called
Ranking Cube and examine how it contributes to the efficient processing of top-k queries.
Instead of returning a large set of indiscriminative answers to a query, a top-k query (or
ranking query) returns only the best k results according to a user-specified preference.
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The results are returned in ranked order so that the best is at the top. The user-specified
preference generally consists of two components: a selection condition and a ranking
function. Top-k queries are common in many applications like searching web databases, k-
nearest-neighbor searches with approximate matches, and similarity queries in multimedia
databases.

A top-k query

Consider an online used-car database, R, that maintains the following information for each
car: producer (e.g., Ford, Honda), model (e.g., Taurus, Accord), type (e.g., sedan,
convertible), color (e.g., red, silver), transmission (e.g., auto, manual), price, mileage, and
so on. A typical top-k query over this database is

4y . selectiopS*from R

where producer = “Ford” and fype = “sedan”

order by [pr.t'r:e' = IDK)E +[m.t'£eage— BDK)E asc

Within the dimensions (or attributes) for R, producer and type are used here as selection
dimensions. The ranking function is given in the order-by clause. It specifies the ranking
dimensions, price and mileage. Q; searches for the top-5 sedans made by Ford. The entries
found are ranked or sorted in ascending (asc) order, according to the ranking function. The
ranking function is formulated so that entries that have price and mileage closest to the
user's specified values of $10K and 30K, respectively, appear toward the top of the list.

The database may have many dimensions that could be used for selection, describing, for
example, whether a car has power windows, air conditioning, or a sunroof. Users may pick
any subset of dimensions and issue a top-k query using their preferred ranking function.
There are many other similar application scenarios. For example, when searching for
hotels, ranking functions are often constructed based on price and distance to an area of
interest. Selection conditions can be imposed on, say, the hotel location district, the star
rating, and whether the hotel offers complimentary treats or Internet access. The ranking
functions may be linear, quadratic, or any other form.

As shown in the preceding examples, individual users may not only propose ad hoc
ranking functions, but also have different data subsets of interest. Users often want to
thoroughly study the data via multidimensional analysis of the top-k query results. For
example, if unsatisfied by the top-5 results returned by Q, the user may roll up on the
producer dimension to check the top-5 results on all sedans. The dynamic nature of the
problem imposes a great challenge to researchers. OLAP requires offline precomputation
so that multidimensional analysis can be performed on-the-fly, yet the ad hoc ranking
functions prohibit full materialization. A natural compromise is to adopt a semi-offline
materialization and semi-online computation model.

Suppose a relation R has selection dimensions (A, Ay, ..., As) and ranking dimensions (N,
N, ..., Nr). Values in each ranking dimension can be partitioned into multiple intervals
according to the data and expected query distributions. Regarding the price of used cars,
for example, we may have, say, these four partitions (or value ranges)< 5 K, [5— 10 K),
[10- 15 K), and> 15 K. A ranking cube can be constructed by performing
multidimensional aggregations on selection dimensions. We can store the count for each
partition of each ranking dimension, thereby making the cube “rank-aware.” The top-k
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queries can be answered by first accessing the cells in the more preferred value ranges
before consulting the cells in the less preferred value ranges.

Using a ranking cube to answer a top-k query

Suppose Table 5.11 shows Cyr, a materialized (i.e., precomputed) cuboid of a ranking
cube for used-car sales. The cuboid, Cyr, is for the selection dimensions producer and
type. It shows the count and corresponding tuple IDs (TIDs) for various partitions of the
ranking dimensions, price and mileage.

Table 5.11Cuboid of a Ranking Cube for Used-Car Sales

producer type price mileage count TIDs
Ford sedan <5K 30-40K 7 ts, ..., g
Ford sedan 5-10K 30-40K 50 tis, ..., tiso
Honda sedan 10-15K 30-40K 20 tg, ..., t32

Query Q1 can be answered by using a selection condition to select the appropriate selection
dimension values (i.e., producer = “Ford” and type = “sedan”) in cuboid Cyr. In addition,
the ranking function “(price — 10 K)* + (mileage — 30 K)*” is used to find the tuples that
most closely match the criteria. If there are not enough matching tuples found in the closest
matching cells, the next closest matching cells will need to be accessed. We may even drill
down to the corresponding lower-level cells to see the count distributions of cells that
match the ranking function and additional criteria regarding, say, model, maintenance
situation, or other loaded features. Only users who really want to see more detailed
information, such as interior photos, will need to access the physical records stored in the
database.

Most real-life top-k queries are likely to involve only a small subset of selection attributes.
To support high-dimensional ranking cubes, we can carefully select the cuboids that need
to be materialized. For example, we could choose to materialize only the cuboids that
contain single-selection dimensions. This will achieve low space overhead and still have
high performance when the number of selection dimensions is large. In some cases, there
may exist many ranking dimensions to support multiple users with rather different
preferences. For example, buyers may search for houses by considering various factors like
price, distance to school or shopping, number of years old, floor space, and tax. In this
case, a possible solution is to create multiple data partitions, each of which consists of a
subset of the ranking dimensions. The query processing may need to search over a joint
space involving multiple data partitions.In summary, the general philosophy of ranking
cubes is to materialize such cubes on the set of selection dimensions. Use of the interval-
based partitioning in ranking dimensions makes the ranking cube efficient and flexible at
supporting ad hoc user queries. Various implementation techniques and query optimization
methods have been developed for efficient computation and query processing based on this
framework.
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5.4. Multidimensional Data Analysis in Cube Space

Data cubes create a flexible and powerful means to group and aggregate data subsets. They
allow data to be explored in multiple dimensional combinations and at varying aggregate
granularities. This capability greatly increases the analysis bandwidth and helps effective
discovery of interesting patterns and knowledge from data. The use of cube space makes
the data space both meaningful and tractable. This section presents methods of
multidimensional data analysis that make use of data cubes to organize data into intuitive
regions of interest at varying granularities. Section 5.4.1 presents prediction cubes, a
technique for multidimensional data mining that facilitates predictive modeling in
multidimensional space. Section 5.4.2 describes how to construct multifeature cubes.
These support complex analytical queries involving multiple dependent aggregates at
multiple granularities. Finally, Section 5.4.3 describes an interactive method for users to
systematically explore cube space. In such exception-based, discovery-driven exploration,
interesting exceptions or anomalies in the data are automatically detected and marked for
users with visual cues.

5.4.1. Prediction Cubes: Prediction Mining in Cube Space

Recently, researchers have turned their attention toward multidimensional data mining to
uncover knowledge at varying dimensional combinations and granularities. Such mining is
also known as exploratory multidimensional data mining and online analytical data mining
(OLAM). Multidimensional data space is huge. In preparing the data, how can we identify
the interesting subspaces for exploration? To what granularities should we aggregate the
data? Multidimensional data mining in cube space organizes data of interest into intuitive
regions at various granularities. It analyzes and mines the data by applying various data
mining techniques systematically over these regions There are at least four ways in which
OLAP-style analysis can be fused with data mining techniques:

1. Use cube space to define the data space for mining. Each region in cube space
represents a subset of data over which we wish to find interesting patterns. Cube space is
defined by a set of expert-designed, informative dimension hierarchies, not just arbitrary
subsets of data. Therefore, the use of cube space makes the data space both meaningful and
tractable.

2. Use OLAP queries to generate features and targets for mining. The features and even
the targets (that we wish to learn to predict) can sometimes be naturally defined as OLAP
aggregate queries over regions in cube space.

3. Use data mining models as building blocks in a multistep mining process. may consist of
multiple steps, where data mining models can be viewed as building blocks that are used to
describe the behavior of interesting data sets, rather than the end results.

4. Use data cube computation techniques to speed up repeated model construction. may
require building a model for each candidate data space, which is usually too expensive to
be feasible. However, by carefully sharing computation across model construction for
different candidates based on data cube computation techniques, efficient mining is
achievable.

In this subsection we study prediction cubes, an example of multidimensional data mining
where the cube space is explored for prediction tasks. A prediction cube is a cube structure
that stores prediction models in multidimensional data space and supports prediction in an
OLAP manner. Recall that in a data cube, each cell value is an aggregate number (e.g.,
count) computed over the data subset in that cell. However, each cell value in a prediction
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cube is computed by evaluating a predictive model built on the data subset in that cell,
thereby representing that subset's predictive behavior.

Instead of seeing prediction models as the end result, prediction cubes use prediction
models as building blocks to define the interestingness of data subsets, that is, they identify
data subsets that indicate more accurate prediction. This is best explained with an example.

Prediction cube for identification of interesting cube subspaces

Suppose a company has a customer table with the attributes time (with two granularity
levels: month and year), location (with two granularity levels: state and country), gender,
salary, and one class-label attribute: valued_customer. A manager wants to analyze the
decision process of whether a customer is highly valued with respect to time and location.
In particular, he is interested in the question ““Are there times at and locations in which the
value of a customer depended greatly on the customer's gender?”” Notice that he believes
time and location play a role in predicting valued customers, but at what granularity levels
do they depend on gender for this task? For example, is performing analysis using {month,
country} better than {year, state}?

Consider a data table D (e.g., the customer table). Let X be the (e.g., gender, salary). Let Y
be the class-label attribute (e.g., valued_customer), and Z be the set of attributes, that is,
attributes for which concept hierarchies have been defined (e.g., time, location). Let V be
the set of attributes for which we would like to define their predictiveness. In our example,
this set is {gender}. The predictiveness of V on a data subset can be quantified by the
difference in accuracy between the model built on that subset using X to predict Y and the
model built on that subset using X — V (e.g., {salary}) to predict Y. The intuition is that, if
the difference is large, V must play an important role in the prediction of class label Y.

Given a set of attributes, V, and a learning algorithm, the cube at granularity W by
(e.g., ‘Yearsiwiel s a d-dimensional array, in which the value in each cell (e.g., [2010,
Illinois]) is the predictiveness of V evaluated on the subset defined by the cell (e.g., the
records in the customer table with time in 2010 and location in Illinois).

Supporting OLAP roll-up and drill-down operations on a prediction cube is a
computational challenge requiring the materialization of cell values at many different
granularities. For simplicity, we can consider only full materialization. A na ve way to
fully materialize a prediction cube is to exhaustively build models and evaluate them for
each cell and granularity. This method is very expensive if the base data set is large. An
ensemble method called Probability-Based Ensemble (PBE) was developed as a more
feasible alternative. It requires model construction for only the finest-grained cells. OLAP-
style bottom-up aggregation is then used to generate the values of the coarser-grained cells.

The prediction of a predictive model can be seen as finding a class label that maximizes a
scoring function. The PBE method was developed to approximately make the scoring
function of any predictive model distributively decomposable. In our discussion of data
cube measures in Section 4.2.4 , we showed that distributive and algebraic measures can be
computed efficiently. Therefore, if the scoring function used is distributively or
algebraically decomposable, prediction cubes can also be computed with efficiency. In this
way, the PBE method reduces prediction cube computation to data cube computation. For
example, previous studies have shown that the naive Bayes classifier has an algebraically
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decomposable scoring function, and the kernel density—based classifier has a distributively
decomposable scoring function.!

Therefore, either of these could be used

to implement prediction cubes efficiently. The PBE method presents a novel approach to
multidimensional data mining in cube space.

5.4.2. Multifeature Cubes: Complex Aggregation at Multiple Granularities
Data cubes facilitate the answering of queries as they allow the computation of aggregate
data at multiple granularity levels. Traditional data cubes are typically constructed on
commonly used dimensions (e.g., time, location, and product) using simple measures (e.g.,
count(), average(), and sum()). In this section, you will learn a newer way to define data
cubes called multifeature cubes. Multifeature cubes enable more in-depth analysis. They
can compute more complex queries of which the measures depend on groupings of
multiple aggregates at varying granularity levels. The queries posed can be much more
elaborate and task-specific than traditional queries, as we shall illustrate in the next
examples. Many complex data mining queries can be answered by multifeature cubes
without significant increase in computational cost, in comparison to cube computation for
simple queries with traditional data cubes.

To illustrate the idea of multifeature cubes, let's first look at an example of a query on a
simple data cube.

A simple data cube query

Let the query be “Find the total sales in 2010, broken down by item, region, and month,
with subtotals for each dimension.” To answer this query, a traditional data cube is
constructed that aggregates the total sales at the following eight different granularity levels:
{(item, region, month), (item, region), (item, month), (month, region), (item), (month),
(region), ()}, where () represents all. This data cube is simple in that it does not involve
any dependent aggregates.

To illustrate what is meant by “dependent aggregates,” let's examine a more complex
query, which can be computed with a multifeature cube.

A complex query involving dependent aggregates

Suppose the query is “Grouping by all subsets of {item, region, month}, find the maximum
price in 2010 for each group and the total sales among all maximum price tuples.”

The specification of such a query using standard SQL can be long, repetitive, and difficult
to optimize and maintain. Alternatively, it can be specified concisely using an extended
SQL syntax as follows:

! . Naive Bayes classifiers are detailed in Chapter 8. Kernel density—based classifiers, such as
support vector machines, are described in Chapter 9.
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select item, region, month, max (price), sum (R.sales)
from Purchases

where year = 2010

cube by item, region, month: R

such that R.price = max(price)

The tuples representing purchases in 2010 are first selected. The cube by clause computes
aggregates (or group-by's) for all possible combinations of the attributes item, region, and
month. It is an n-dimensional generalization of the group-by clause. The attributes
specified in the cube by clause are the grouping attributes. Tuples with the same value on
all grouping attributes form one group. Let the groups be g, ..., gr. For each group of
tuples gi, the maximum price maxg among the tuples forming the group is computed. The
variable R is a grouping variable, ranging over all tuples in group g; that have a price equal
to maxg; (as specified in the such that clause). The sum of sales of the tuples in g; that R
ranges over is computed and returned with the values of the grouping attributes of g;. The
resulting cube is a multifeature cube in that it supports complex data mining queries for
which multiple dependent aggregates are computed at a variety of granularities. For
example, the sum of sales returned in this query is dependent on the set of maximum price
tuples for each group. In general, multifeature cubes give users the flexibility to define
sophisticated, task-specific cubes on which multidimensional aggregation and OLAP-
based mining can be performed.

“How can multifeature cubes be computed efficiently?”” The computation of a multifeature
cube depends on the types of aggregate functions used in the cube. In Chapter 4, we saw
that aggregate functions can be categorized as either distributive, algebraic, or holistic.
Multifeature cubes can be organized into the same categories and computed efficiently by
minor extension of the cube computation methods in Section 5.2.

5.4.3. Exception-Based, Discovery-Driven Cube Space Exploration
As studied in previous sections, a data cube may have a large number of cuboids, and each
cuboid may contain a large number of (aggregate) cells. With such an overwhelmingly
large space, it becomes a burden for users to even just browse a cube, let alone think of
exploring it thoroughly. Tools need to be developed to assist users in intelligently
exploring the huge aggregated space of a data cube.

In this section, we describe a discovery-driven approach to exploring cube space.
Precomputed measures indicating data exceptions are used to guide the user in the data
analysis process, at all aggregation levels. We hereafter refer to these measures as
exception indicators. Intuitively, an exception is a data cube cell value that is significantly
different from the value anticipated, based on a statistical model. The model considers
variations and patterns in the measure value across all the dimensions to which a cell
belongs. For example, if the analysis of item-sales data reveals an increase in sales in
December in comparison to all other months, this may seem like an exception in the time
dimension. However, it is not an exception if the item dimension is considered, since there
is a similar increase in sales for other items during December.The model considers
exceptions hidden at all aggregated group-by's of a data cube. Visual cues, such as
background color, are used to reflect each cell's degree of exception, based on the
precomputed exception indicators. Efficient algorithms have been proposed for cube
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construction, as discussed in Section 5.2 . The computation of exception indicators can be
overlapped with cube construction, so that the overall construction of data cubes for
discovery-driven exploration is efficient. Three measures are used as exception indicators
to help identify data anomalies. These measures indicate the degree of surprise that the
quantity in a cell holds, with respect to its expected value. The measures are computed and
associated with every cell, for all aggregation levels. They are as follows:

m SelfExp: This indicates the degree of surprise of the cell value, relative to other cells at
the same aggregation level.

m InExp: This indicates the degree of surprise somewhere beneath the cell, if we were to
drill down fromit.

m PathExp: This indicates the degree of surprise for each drill-down path from the cell.

The use of these measures for discovery-driven exploration of data cubes is illustrated in
Example 5.21.

Discovery-driven exploration of a data cube

Suppose that you want to analyze the monthly sales at AllElectronics as a percentage
difference from the previous month. The dimensions involved are item, time, and region.
You begin by studying the data aggregated over all items and sales regions for each month,
as shown in Figure 5.16.

Saon of saliex
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Figure 5.16 Change in sales over time.

To view the exception indicators, you click on a button marked highlight exceptions on the
screen. This translates the SelfExp and InExp values into visual cues, displayed with each
cell. Each cell's background color is based on its SelfExp value. In addition, a box is drawn
around each cell, where the thickness and color of the box are functions of its InNExp value.
Thick boxes indicate high InExp values. In both cases, the darker the color, the greater the
degree of exception. For example, the dark, thick boxes for sales during July, August, and
September signal the user to explore the lower-level aggregations of these cells by drilling
down.

Drill-downs can be executed along the aggregated item or region dimensions. “Which path
has more exceptions?”” you wonder. To find this out, you select a cell of interest and
trigger a path exception module that colors each dimension based on the PathExp value of
the cell. This value reflects that path's degree of surprise. Suppose that the path along item
contains more exceptions.

A drill-down along item results in the cube slice of Figure 5.17, showing the sales over
time for each item. At this point, you are presented with many different sales values to
analyze. By clicking on the highlight exceptions button, the visual cues are displayed,
bringing focus to the exceptions. Consider the sales difference of 41% for “Sony b/w
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printers” in September. This cell has a dark background, indicating a high SelfExp value,
meaning that the cell is an exception. Consider now the sales difference of —15% for ““Sony
b/w printers” in November and of—11% in December. The —11% value for December is
marked as an exception, while thel5% value is not, even though —15% is a big ger
deviation than —11%. This is because the exception indicators consider all the dimensions
that a cell is in. Notice that the December sales of most of the other items have a large
positive value, while the November sales do not. Therefore, by considering the cell's
position in the cube, the sales difference for *““Sony b/w printers” in December is
exceptional, while the November sales difference of this item is not.
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Figure 5.17 Change in sales for each item-time combination.

The InExp values can be used to indicate exceptions at lower levels that are not visible at
the current level. Consider the cells for “IBM desktop computers™ in July and September.
These both have a dark, thick box around them, indicating high InExp values. You may
decide to further explore the sales of “IBM desktop computers™ by drilling down along
region. The resulting sales difference by region is shown in Figure 5.18, where the
highlight exceptions option has been invoked. The visual cues displayed make it easy to
instantly notice an exception for the sales of “IBM desktop computers™ in the southern
region, where such sales have decreased by-39% and —34% in July and September,
respectively. These detailed exceptions were far from obvious when we were viewing the
data as an item-time group-by, aggregated over region in Figure 5.17. Thus, the InExp
value is useful for searching for exceptions at lower-level cells of the cube.
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West | a% | 0% | 1% | 3| 8% | 1w]cIem| 8% 5% | 8% [ 1%
Figure 5.18 Change in sales for the item IBM desktop computer per region.

“How are the exception values computed?”” The SelfExp, InExp, and PathExp measures
are based on a statistical method for table analysis. They take into account all of the group-
by's (aggregations) in which a given cell value participates. A cell value is considered an
exception based on how much it differs from its expected value, where its expected value
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is determined with a statistical model. The difference between a given cell value and its
expected value is called a residual. Intuitively, the larger the residual, the more the given
cell value is an exception. The comparison of residual values requires us to scale the values
based on the expected standard deviation associated with the residuals. A cell value is
therefore considered an exception if its scaled residual value exceeds a prespecified
threshold. The SelfExp, InExp, and PathExp measures are based on this scaled residual.

The expected value of a given cell is a function of the higher-level group-by's of the given
cell. For example, given a cube with the three dimensions A, B, and C, the expected value
for a cell at the i th position in A, the j th position in B, and the kth position in C is a

. apdl el U a AR AL BC B L. ..
function of ¥ % - ¥i- % - - Ti and Y, which are coefficients of the statistical model
used. The coefficients reflect how different the values at more detailed levels are, based on
generalized impressions formed by looking at higher-level aggregations. In this way, the
exception quality of a cell value is based on the exceptions of the values below it. Thus,
when seeing an exception, it is natural for the user to further explore the exception by
drilling down.

“How can the data cube be efficiently constructed for discovery-driven exploration?”” This
computation consists of three phases. The first step involves the computation of the
aggregate values defining the cube, such as sum or count, over which exceptions will be
found. The second phase consists of model fitting, in which the coefficients mentioned
before are determined and used to compute the standardized residuals. This phase can be
overlapped with the first phase because the computations involved are similar. The third
phase computes the SelfExp, InExp, and PathExp values, based on the standardized
residuals. This phase is computationally similar to phase 1. Therefore, the computation of
data cubes for discovery-driven exploration can be done efficiently.

5.5. Summary
m Data cube computation and exploration play an essential role in data warehousing and
are important for flexible data mining in multidimensional space.

m A data cube consists of a lattice of cuboids. Each cuboid corresponds to a different
degree of summarization of the given multidimensional data. Full materialization refers to
the computation of all the cuboids in a data cube lattice. Partial materialization refers to the
selective computation of a subset of the cuboid cells in the lattice. Iceberg cubes and shell
fragments are examples of partial materialization. An iceberg cube is a data cube that
stores only those cube cells that have an aggregate value (e.g., count) above some
minimum support threshold. For shell fragments of a data cube, only some cuboids
involving a small number of dimensions are computed, and queries on additional
combinations of the dimensions can be computed on-the-fly.

m There are several efficient data cube computation methods. In this chapter, we discussed
four cube computation methods in detail: (1) MultiWay array aggregation for materializing
full data cubes in sparse-array-based, bottom-up, shared computation; (2) BUC for
computing iceberg cubes by exploring ordering and sorting for efficient top-down
computation; (3) Star-Cubing for computing iceberg cubes by integrating top-down and
bottom-up computation using a star-tree structure; and (4) shell-fragment cubing, which
supports high-dimensional OLAP by precomputing only the partitioned cube shell
fragments.

m Multidimensional data mining in cube space is the integration of knowledge discovery
with multidimensional data cubes. It facilitates systematic and focused knowledge
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discovery in large structured and semi-structured data sets. It will continue to endow
analysts with tremendous flexibility and power at multidimensional and multigranularity
exploratory analysis. This is a vast open area for researchers to build powerful and
sophisticated data mining mechanisms.

m Techniques for processing advanced queries have been proposed that take advantage of
cube technology. These include sampling cubes for multidimensional analysis on sampling
data, and ranking cubes for efficient top-k (ranking) query processing in large relational
data sets.

m This chapter highlighted three approaches to multidimensional data analysis with data
cubes. Prediction cubes compute prediction models in multidimensional cube space. They
help users identify interesting data subsets at varying degrees of granularity for effective
prediction. Multifeature cubes compute complex queries involving multiple dependent
aggregates at multiple granularities. Exception-based, discovery-driven exploration of cube
space displays visual cues to indicate discovered data exceptions at all aggregation levels,
thereby guiding the user in the data analysis process.
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6. Mining Frequent Patterns,
Assoclations, and Correlations

Basic Concepts and Methods

Imagine that you are a sales manager at AllElectronics, and you are talking to a customer
who recently bought a PC and a digital camera from the store. What should you ecommend
to her next? Information about which products are frequently purchased by your customers
following their purchases of a PC and a digital camera in sequence would be very helpful
in making your recommendation. Frequent patterns and association rules are the nowledge
that you want to mine in such a scenario. Frequent patterns are patterns (e.g., itemsets,
subsequences, or substructures) that appear frequently in a data set. For example, a set of
items, such as milk and bread, that appear frequently together in a transaction data set is a
frequent itemset. A subsequence, such as buying first a PC, then a digital camera, and then
a memory card, if it occurs frequently in a shopping history database, is a (frequent)
sequential pattern. A substructure can refer to different structural forms, such as
subgraphs, subtrees, or sublattices, which may be combined with itemsets or subsequences.
If a substructure occurs frequently, it is called a (frequent) structured pattern. Finding
frequent patterns plays an essential role in mining associations, correlations, and many
other interesting relationships among data. Moreover, it helps in data classification,
clustering, and other data mining tasks. Thus, frequent pattern mining has become an
important data mining task and a focused theme in data mining research.

In this chapter, we introduce the basic concepts of frequent patterns, associations, and
correlations (Section 6.1) and study how they can be mined efficiently (Section 6.2). We
also discuss how to judge whether the patterns found are interesting (Section 6.3). In
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Chapter 7, we extend our discussion to advanced methods of frequent pattern mining,
which mine more complex forms of frequent patterns and consider user preferences or
constraints to speed up the mining process.

6.1. Basic Concepts
Frequent pattern mining searches for recurring relationships in a given data set. This
section introduces the basic concepts of frequent pattern mining for the discovery of
interesting associations and correlations between itemsets in transactional and relational
databases. We begin in Section 6.1.1 by presenting an example of market basket analysis,
the earliest form of frequent pattern mining for association rules. The basic concepts of
mining frequent patterns and associations are given in Section 6.1.2.

6.1.1. Market Basket Analysis: A Motivating Example

Frequent itemset mining leads to the discovery of associations and correlations among
items in large transactional or relational data sets. With massive amounts of data
continuously being collected and stored, many industries are becoming interested in
mining such patterns from their databases. The discovery of interesting correlation
relationships among huge amounts of business transaction records can help in many
business decision-making processes such as catalog design, cross-marketing, and customer
shopping behavior analysis.

A typical example of frequent itemset mining is market basket analysis. This process
analyzes customer buying habits by finding associations between the different items that
customers place in their “shopping baskets” (Figure 6.1). The discovery of these
associations can help retailers develop marketing strategies by gaining insight into which
items are frequently purchased together by customers. For instance, if customers are
buying milk, how likely are they to also buy bread (and what kind of bread) on the same
trip to the supermarket? This information can lead to increased sales by helping retailers do
selective marketing and plan their shelf space.

Which liems are [requenily
i hanal logether by ciistisers?

x
by
Marked Analyst

Figure 6.1 Market basket analysis.

Let's look at an example of how market basket analysis can be useful.
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Market basket analysis

Suppose, as manager of an AllElectronics branch, you would like to learn more about the
buying habits of your customers. Specifically, you wonder, “Which groups or sets of items
are customers likely to purchase on a given trip to the store?”” To answer your question,
market basket analysis may be performed on the retail data of customer transactions at
your store. You can then use the results to plan marketing or advertising strategies, or in
the design of a new catalog. For instance, market basket analysis may help you design
different store layouts. In one strategy, items that are frequently purchased together can be
placed in proximity to further encourage the combined sale of such items. If customers
who purchase computers also tend to buy antivirus software at the same time, then placing
the hardware display close to the software display may help increase the sales of both
items.

In an alternative strategy, placing hardware and software at opposite ends of the store may
entice customers who purchase such items to pick up other items along the way. For
instance, after deciding on an expensive computer, a customer may observe security
systems for sale while heading toward the software display to purchase antivirus software,
and may decide to purchase a home security system as well. Market basket analysis can
also help retailers plan which items to put on sale at reduced prices. If customers tend to
purchase computers and printers together, then having a sale on printers may encourage the
sale of printers as well as computers.

If we think of the universe as the set of items available at the store, then each item has a
Boolean variable representing the presence or absence of that item. Each basket can then
be represented by a Boolean vector of values assigned to these variables. The Boolean
vectors can be analyzed for buying patterns that reflect items that are frequently associated
or purchased together. These patterns can be represented in the form of association rules.
For example, the information that customers who purchase computers also tend to buy
antivirus software at the same time is represented in the following association rule: (6.1)

compuler = antivirus_safiware |'-'.!rppnrr = 2%, confidence = 6CI‘?E-|.

Rule support and confidence are two measures of rule interestingness. They respectively
reflect the usefulness and certainty of discovered rules. A support of 2% for Rule (6.1)
means that 2% of all the transactions under analysis show that computer and antivirus
software are purchased together. A confidence of 60% means that 60% of the customers
who purchased a computer also bought the software. Typically, association rules are
considered interesting if they satisfy both a minimum support threshold and a minimum
confidence threshold. These thresholds can be a set by users or domain experts. Additional
analysis can be performed to discover interesting statistical correlations between associated
items.

6.1.2. Frequent Itemsets, Closed Itemsets, and Association Rules

Let T= {II,IE,. ' '=Im} be an itemset. Let D, the task-relevant data, be a set of database

transactions where each transaction T is a nonempty itemset such that TcX Each

transaction is associated with an identifier, called a TID. Let A be a set of items. A

transaction T is said to contain A if A =T, An association rule is an implication of the form

A=pB where ACL BEcCI A#0 B#0 and ANB=¢ Therule A= B holds in the

transaction set D with supports, where s is the percentage of transactions in D that contain

AUR (i.e., the union of sets A and B say, or, both A and B). This is taken to be the
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probability, FAYB) 1The rule A= B has confidencec in the transaction set D, where ¢ is
the percentage of transactions in D containing A that also contain B. This is taken to be the
conditional probability, £B4), That is,(6.2)

suppart (A= B)= P(A B) 6.3)
confidence (A= B)= P(B | A

Rules that satisfy both a minimum support threshold (min_sup) and a minimum confidence
threshold (min_conf) are called strong. By convention, we write support and confidence
values so as to occur between 0% and 100%, rather than 0 to 1.0. A set of items is referred
to as an itemset. An itemset that contains k items is a k-itemset. The set {computer,
antivirus_software } is a 2-itemset. The occurrence frequency of an itemset is the number
of transactions that contain the itemset. This is also known, simply, as the frequency,
support count, or count of the itemset. Note that the itemset support defined in Eq. (6.2) is
sometimes referred to as relative support, whereas the occurrence frequency is called the
absolute support. If the relative support of an itemset | satisfies a prespecified minimum
support threshold (i.e., the absolute support of | satisfies the corresponding minimum
support count threshold), then I is a frequent itemset.The set of frequent k-itemsets is
commonly denoted by L.

From Eq. (6.3) , we have(6.4)

support (AUR)  support _count (AU R)

confidence (A=8)=P[B|A) = support (A) support count (A)

Equation (6.4) shows that the confidence of rule A = B can be easily derived from the
support counts of A and ALB . That is, once the support counts of A, B, and AUB are
found, it is straightforward to derive the corresponding association rules A = B and 8 = A
and check whether they are strong. Thus, the problem of mining association rules can be
reduced to that of mining frequent itemsets. In general, association rule mining can be
viewed as a two-step process:

1. Find all frequent itemsets: By definition, each of these itemsets will occur at least as
frequently as a predetermined minimum support count, min_sup.

2. Generate strong association rules from the frequent itemsets: By definition, these rules
must satisfy minimum support and minimum confidence.

1. Notice that the notation ¥'l4“2) indicates the probability that a transaction contains the union

of sets A and B (i.e., it contains every item in A and B). This should not be confused with 'l4 e &)
, Which indicates the probability that a transaction contains either A or B.

% In the data mining research literature, “itemset” is more commonly used than “item set.” In early
work, itemsets satisfying minimum support were referred to as large. This term, however, is
somewhat confusing as it has connotations of the number of items in an itemset rather than the
frequency of occurrence of the set. Hence, we use the more recent term frequent. *Although the
term frequent is preferred over large, for historic reasons frequent k-itemsets are still denoted as L.
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Additional interestingness measures can be applied for the discovery of correlation
relationships between associated items, as will be discussed in

Section 6.3. Because the second step is much less costly than the first, the overall
performance of mining association rules is determined by the first step. A major challenge
in mining frequent itemsets from a large data set is the fact that such mining often
generates a huge number of itemsets satisfying the minimum support (min_sup) threshold,
especially when min_sup is set low. This is because if an itemset is frequent, each of its
subsets is frequent as well. A long itemset will contain a combinatorial number of shorter,

frequent sub-itemsets. For example, a frequent itemset of length 100, such as

i i] i 1]
{u|_uz ..... umﬂ}, contains '~I[|]l,'| = 100 frequent 1-itemsets: {ar} , {az} . {ajm} : 'xl[_zlJ
frequent 2-itemsets: 1412t | {anaxp  {aso.aion} - and so on. The total number of

frequent itemsets that it contains is thus (6.5)

100 100 100 10 )
=27 —1=1.27= 107,
(,l)J’(,z)Jr +(maj

This is too huge a number of itemsets for any computer to compute or store. To overcome
this difficulty, we introduce the concepts of closed frequent itemset and maximal frequent
itemset.An itemset X is closed in a data set D if there exists no proper super-itemset Y*
such that Y has the same support count as X in D. An itemset X is a closed frequent itemset
in set D if X is both closed and frequent in D. An itemset X is a maximal frequent itemset
(or max-itemset) in a data set D if X is frequent, and there exists no super-itemset Y such
that X ¥ and Y is frequent in D.

Let C be the set of closed frequent itemsets for a data set D satisfying a minimum support
threshold, minsup et M be the set of maximal frequent itemsets for D satisfying
min_sup Syppose that we have the support count of each itemset in C and ‘M . Notice that
C and its count information can be used to derive the whole set of frequent itemsets. Thus,
we say that C contains complete information regarding its corresponding frequent

itemsets. On the other hand, ‘M registers only the support of the maximal itemsets. It
usually does not contain the complete support information regarding its corresponding
frequent itemsets. We illustrate these concepts with Example 6.2 .

Closed and maximal frequent itemsets

Suppose that a transaction database has only two transactions: {'3:“'-”3 ----- @
L aze..asl 3| et the minimum support count threshold be minsup =1 \We find two
closed frequent itemsets and their support counts, that is, C= {0 e @t 1

{e-da.eeen s} '23 There is only one maximal frequent itemset; M = {{e1- 2. diin ]
}. Notice that we cannot include {«1-«z----. @50} as a maximal frequent itemset because it
has a frequent superset, {«i-«:.....c10}, Compare this to the preceding where we
determined that there are 2" — 1 frequent itemsets, which are too many to be enumerated!

The set of closed frequent itemsets contains complete information regarding the frequent
itemsets. For example, from C we can derive, say, (1) {=z2- @522} since {2 w45} is a sub-

1. Y is a proper super-itemset of X if X is a proper sub-itemset of Y, that is, if X  ¥. In other
words, every item of X is contained in Y but there is at least one item of Y that is not in X.
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itemset of the itemset {«1-cz.....as0: 2} and (2) {as-«ss: 1} since {s- @53} is not a sub-
itemset of the previous itemset but of the itemset {1 ¢z..... a1 1} However, from the
maximal frequent itemset, we can only assert that both itemsets ({«z2- «4s} and {«s- «s5}) are
frequent, but we cannot assert their actual support counts.

6.2. Frequent Itemset Mining Methods

In this section, you will learn methods for mining the simplest form of frequent patterns
such as those discussed for market basket analysis in Section 6.1.1. We begin by
presenting Apriori, the basic algorithm for finding frequent itemsets (Section 6.2.1). In
Section 6.2.2 , we look at how to generate strong association rules from frequent itemsets.
Section 6.2.3 describes several variations to the Apriori algorithm for improved efficiency
and scalability. Section 6.2.4 presents pattern-growth methods for mining frequent itemsets
that confine the subsequent search space to only the data sets containing the current
frequent itemsets.Section 6.2.5 presents methods for mining frequent itemsets that take
advantage of the vertical data format.

6.2.1. Apriori Algorithm: Finding Frequent Itemsets by Confined Candidate

Generation

Apriori is a seminal algorithm proposed by R. Agrawal and R. Srikant in 1994 for mining
frequent itemsets for Boolean association rules [AS94b]. The name of the algorithm is
based on the fact that the algorithm uses prior knowledge of frequent itemset properties, as
we shall see later. Apriori employs an iterative approach known as a level-wise search,
where k-itemsets are used to explore (k + 1)-itemsets. First, the set of frequent 1-itemsets is
found by scanning the database to accumulate the count for each item, and collecting those
items that satisfy minimum support. The resulting set is denoted by L;. Next, L; is used to
find L,, the set of frequent 2-itemsets, which is used to find L3, and so on, until no more
frequent k-itemsets can be found. The finding of each Ly requires one full scan of the
database.

To improve the efficiency of the level-wise generation of frequent itemsets, an important
property called the Apriori property is used to reduce the search space.Apriori property:All
nonempty subsets of a frequent itemset must also be frequent. The Apriori property is
based on the following observation. By definition, if an itemset | does not satisfy the
minimum support threshold, min_sup, then I is not frequent, that is, ¥/} <min-sup |f an
item A is added to the itemset I, then the resulting itemset (i.e., /LA ) cannot occur more
frequently than |. Therefore, 7UA is not frequent either, that is, '///A) < minsup Thjs
property belongs to a special category of properties called antimonotonicity in the sense
that if a set cannot pass a test, all of its supersets will fail the same test as well. It is called
antimonotonicity because the property is monotonic in the context of failing a test. * “How
is the Apriori property used in the algorithm?”” To understand this, let us look at how Ly -1
is used to find Ly for £ =2, A two-step process is followed, consisting of join and prune
actions.

1. The join step: To find Ly, a set of candidatek-itemsets is generated by joining Lk - 1 with
itself. This set of candidates is denoted Cy. Let I; and I, be itemsets in Ly - ;. The notation
Ll refers to the j th item in I (e.g., 111k —2I refers to the second to the last item in Iy). For
efficient implementation, Apriori assumes that items within a transaction or itemset are
sorted in lexicographic order. For the (k — 1)-itemset, ;, this means that the items are sorted

. The Apriori property has many applications. For example, it can also be used to prune search
during data cube computation (Chapter 5).
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such that 411 <4121 < <blE 1] e join, Lx—1 M Lio1 s performed, where members
of Ly_1 are joinable if their first (=2 items are in common. That is, members I, and I, of
Ly 1 are joined if (W[t =2t b2 =k afhlk=2] = bk =2 (k= 1] < Bk —1])
The condition /1k—=1]<k[k=1] simply ensures that no duplicates are generated. The
resulting itemset formed by joining Iy and I, is {61[1 A2l k=2 bk = 1], Lk —1]}

2. The prune step: Cy is a superset of Ly, that is, its members may or may not be frequent,
but all of the frequent k-itemsets are included in Cy. A database scan to determine the count
of each candidate in Cy would result in the determination of Ly (i.e., all candidates having a
count no less than the minimum support count are frequent by definition, and therefore
belong to Ly). Cy, however, can be huge, and so this could involve heavy computation. To
reduce the size of Cy, the Apriori property is used as follows. Any (k — 1)-itemset that is
not frequent cannot be a subset of a frequent k-itemset. Hence, if any (k — 1)-subset of a
candidate k-itemset is not in Ly -1, then the candidate cannot be frequent either and so can
be removed from Cy. This subset testing can be done quickly by maintaining a hash tree of
all frequent itemsets.

Let's look at a concrete example, based on the AllElectronics transaction d$atabase, D, of
Table 6.1. There are nine transactions in this database, that is, "/ =%. We use Figure 6.2
to illustrate the Apriori algorithm for finding frequent itemsets in D.
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from £ T 2] ot o cach |11 B2 4 suppon cosit with {17, 12] d
— |10 03} | atictaae L1 131 4 s Suppon (11, 13] i
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Figure 6.2Generation of the candidate itemsets and frequent itemsets, where the minimum support count is 2.
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Table 6.1Transactional Data for an AllElectronics Branch

TID List of item_IDs
T100 11,12, 15
T200 12,14
T300 12,13
T400 11,12, 14
T500 11,13

T600 12,13

T700 11,13

T800 11,12, 13, 15
T900 11,12, 13

1. In the first iteration of the algorithm, each item is a member of the set of candidate 1-
itemsets, C;. The algorithm simply scans all of the transactions to count the number of
occurrences of each item.

2. Suppose that the minimum support count required is 2, that is, -4 =2 (Here, we are
referring to absolute support because we are using a support count. The corresponding
relative support is =% =2296.) The set of frequent 1-itemsets, Ly, can then be determined.
It consists of the candidate 1-itemsets satisfying minimum support. In our example, all of
the candidates in C; satisfy minimum support.

3. To discover the set of frequent 2-itemsets, L, the algorithm uses the join L1 L to
generate a candidate set of 2-itemsets, C..

{ .Ir.| . - -
C, consists of () 2-itemsets. Note that no candidates are removed from C, during the
prune step because each subset of the candidates is also frequent.

Ly M Ly js equivalent to L1 = L1 since the definition of £+ *! L requires the two joining itemsets to
share k — 1 = 0 items.

4. Next, the transactions in D are scanned and the support count of each candidate itemset
in C, is accumulated, as shown in the middle table of the second row in Figure 6.2.

5. The set of frequent 2-itemsets, L,, is then determined, consisting of those candidate 2-
itemsets in C, having minimum support.

6. The generation of the set of the candidate 3-itemsets, Cg, is detailed in Figure 6.3

. From the join step, we first get ¢x =Lz L2 = {{11, 12, 13}, {11, 12, 15}, {I1, 13, 15}, {12,
13, 14}, {12, 13, 15}, {12, 14, 15}}. Based on the Apriori property that all subsets of a
frequent itemset must also be frequent, we can determine that the four latter candidates
cannot possibly be frequent. We therefore remove them from Cg, thereby saving the effort
of unnecessarily obtaining their counts during the subsequent scan of D to determine Ls.
Note that when given a candidate k-itemset, we only need to check if its (k — 1)-subsets are
frequent since the Apriori algorithm uses a level-wise search strategy. The resulting pruned
version of Cs is shown in the first table of the bottom row of Figure 6.2.
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Figure 6.3 Generation and pruning of candidate 3-itemsets, Cs, from L, using the Apriori property.

7. The transactions in D are scanned to determine Ls, consisting of those candidate 3-
itemsets in C3 having minimum support (Figure 6.2).

8. The algorithm uses i L: to generate a candidate set of 4-itemsets, C,4. Although the
join results in {{11, 12, 13, I5}}, itemset {11, 12, 13, 15} is pruned because its subset {12, 13,
I5} is not frequent. Thus, €+ =¢  and the algorithm terminates, having found all of the
frequent itemsets.

Figure 6.4 shows pseudocode for the Apriori algorithm and its related procedures. Step 1
of Apriori finds the frequent 1-itemsets, L. In steps 2 through 10, Ly -1 is used to generate
candidates Ci to find Ly for ¥ = 2, The apriori_gen procedure generates the candidates and
then uses the Apriori property to eliminate those having a subset that is not frequent (step
3). This procedure is described later. Once all of the candidates have been generated, the
database is scanned (step 4). For each transaction, a subset function is used to find all
subsets of the transaction that are candidates (step 5), and the count for each of these
candidates is accumulated (steps 6 and 7). Finally, all the candidates satisfying the
minimum support (step 9) form the set of frequent itemsets, L (step 11). A procedure can
then be called to generate association rules from the frequent itemsets. Such a procedure is

described in Section 6.2.2.
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Figure 6.4 Apriori algorithm for discovering frequent itemsets for mining Boolean association rules.

The apriori_gen procedure performs two kinds of actions, namely, join and prune, as
described before. In the join component, Ly -1 is joined with Ly - ; to generate potential
candidates (steps 1-4). The prune component (steps 5-7) employs the Apriori property to
remove candidates that have a subset that is not frequent. The test for infrequent subsets is
shown in procedure has_infrequent_subset.

6.2.2.Generating Association Rules from Frequent Itemsets

Once the frequent itemsets from transactions in a database D have been found, it is
straightforward to generate strong association rules from them (where strong association
rules satisfy both minimum support and minimum confidence). This can be done using Eq.
(6.4) for confidence, which we show again here for completeness:

i X . support_count (AL R)
confidence (A = B) = P(B|A) =

support_count (A)

The conditional probability is expressed in terms of itemset support count, where
suppert_count{AUB) s the number of transactions containing the itemsets AU, and
supportcount(A] js the number of transactions containing the itemset A. Based on this
equation, association rules can be generated as follows:

m For cach frequent itemset |, generate all nonempty subsets of I.
m For every nonempty subset s of |, output the rule “s = ([ =517 jf supporcownrls) = min_conf,
where min_conf is the minimum confidence threshold.
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Because the rules are generated from frequent itemsets, each one automatically satisfies the
minimum support. Frequent itemsets can be stored ahead of time in hash tables along with
their counts so that they can be accessed quickly.

Generating association rules

Let's try an example based on the transactional data for AllElectronics shown before in
Table 6.1 . The data contain frequent itemset X = {l1, 12, 15}. What are the association
rules that can be generated from X? The nonempty subsets of X are {I1, 12}, {I11, 15}, {I2,
15}, {11}, {12}, and {15}. The resulting association rules are as shown below, each listed
with its confidence:

{11, 12}=15,confidence = 2/4 = 50%
{11, 15}=12,confidence = 2/2 = 100%
{12, 15}=11,confidence = 2/2 = 100%
11={12, 15},confidence = 2/6 = 33%
12={11, 15},confidence = 2/7 = 29%
15={11, 12},confidence = 2/2 = 100%

If the minimum confidence threshold is, say, 70%, then only the second, third, and last
rules are output, because these are the only ones generated that are strong. Note that, unlike
conventional classification rules, association rules can contain more than one conjunct in
the right side of the rule.

6.2.3. Improving the Efficiency of Apriori
“How can we further improve the efficiency of Apriori-based mining?”” Many variations of
the Apriori algorithm have been proposed that focus on improving the efficiency of the
original algorithm. Several of these variations are summarized as follows:

Hash-based technique (hashing itemsets into corresponding buckets): A hash-based
technique can be used to reduce the size of the candidate k-itemsets, Cy, for k= 1. For
example, when scanning each transaction in the database to generate the frequent 1-
itemsets, L;, we can generate all the 2-itemsets for each transaction, hash (i.e., map) them
into the different buckets of a hash table structure, and increase the corresponding bucket
counts (Figure 6.5). A 2-itemset with a corresponding bucket count in the hash table that is
below the support threshold cannot be frequent and thus should be removed from the
candidate set. Such a hash-based technique may substantially reduce the number of
candidate k-itemsets examined (especially when & = 2).

Transaction reduction (reducing the number of transactions scanned in future iterations): A
transaction that does not contain any frequent k-itemsets cannot contain any frequent (k+ 1
)-itemsets. Therefore, such a transaction can be marked or removed from further
consideration because subsequent database scans for j-itemsets, where J > & | will not need
to consider such a transaction. Partitioning (partitioning the data to find candidate
itemsets): A partitioning technique can be used that requires just two database scans to
mine the frequent itemsets (Figure 6.6). It consists of two phases. In phase I, the algorithm
divides the transactions of D into n nonoverlapping partitions. If the minimum relative
support threshold for transactions in D is ™in-sup | then the minimum support count for a
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partition is ™insup x the number of transactions in that partition. For each partition, all
the local frequent itemsets (i.e., the itemsets frequent within the partition) are found.

s
[bucketaddress I| 0 | 1 [ 2 | 3 | 4 1 5 | &

using haid {unoiion Bz boed conenis ||| 00, 14100 I.‘-:!ll:.‘.l" (B2, HORILE, ER 0L, 2T HLE, 03]
I, v {arder of x) X 10 | 150 I‘-:ill:.‘.l'_ [2, L2, ESJL l_‘|: 1F, 13}
# Larder of v 1 o 7 12, 13 :||_|_'|! 11 13]
> !II:.‘.II :II.I.‘IE 10, 03]

Figure 6.5 Hash table, H,, for candidate 2-itemsets. This hash table was generated by scanning Table 6.1's transactions while
determining L;. If the minimum support count is, say, 3, then the itemsets in buckets 0, 1, 3, and 4 cannot be frequent and so they should
not be included in C,.
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Figure 6.6 Mining by partitioning the data.

A local frequent itemset may or may not be frequent with respect to the entire database, D.
However, any itemset that is potentially frequent with respect to D must occur as a
frequent itemset in at least one of the partitions.

Therefore, all local frequent itemsets are candidate itemsets with respect to D. The
collection of frequent itemsets from all partitions forms the global candidate itemsets with
respect to D. In phase II,

a second scan of D is conducted in which the actual support of each candidate is assessed

to determine the global frequent itemsets. Partition size and the number of partitions are set

so that each partition can fit into main memory and therefore be read only once in each
1

phase.

Sampling (mining on a subset of the given data): The basic idea of the sampling approach
is to pick a random sample S of the given data D, and then search for frequent itemsets in S
instead of D. In this way, we trade off some degree of accuracy against efficiency. The S
sample size is such that the search for frequent itemsets in S can be done in main memory,
and so only one scan of the transactions in S is required overall. Because we are searching
for frequent itemsets in S rather than in D, it is possible that we will miss some of the
global frequent itemsets. To reduce this possibility, we use a lower support threshold than
minimum support to find the frequent itemsets local to S (denoted L®). The rest of the
database is then used to compute the actual frequencies of each itemset in L°. A mechanism
is used to determine whether all the global frequent itemsets are included in L°. If L°

! : The proof of this property is left as an exercise (see Exercise 6.3d).
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actually contains all the frequent itemsets in D, then only one scan of D is required.
Otherwise, a second pass can be done to find the frequent itemsets that were missed in the
first pass. The sampling approach is especially beneficial when efficiency is of utmost
importance such as in computationally intensive applications that must be run frequently.

Dynamic itemset counting (adding candidate itemsets at different points during a scan): A
dynamic itemset counting technique was proposed in which the database is partitioned into
blocks marked by start points. In this variation, new candidate itemsets can be added at any
start point, unlike in Apriori, which determines new candidate itemsets only immediately
before each complete database scan. The technique uses the count-so-far as the lower
bound of the actual count. If the count-so-far passes the minimum support, the itemset is
added into the frequent itemset collection and can be used to generate longer candidates.
This leads to fewer database scans than with Apriori for finding all the frequent itemsets.
Other variations are discussed in the next chapter.

6.2.4.A Pattern-Growth Approach for Mining Frequent Itemsets
As we have seen, in many cases the Apriori candidate generate-and-test method
significantly reduces the size of candidate sets, leading to good performance gain.
However, it can suffer from two nontrivial costs:

m It may still need to generate a huge number of candidate sets. For example, if there are
10" frequent 1-itemsets, the Apriori algorithm will need to generate more than 10’
candidate 2-itemsets.

m It may need to repeatedly scan the whole database and check a large set of candidates
by pattern matching. It is costly to go over each transaction in the database to determine
the support of the candidate itemsets.

“Can we design a method that mines the complete set of frequent itemsets without such a
costly candidate generation process?” An interesting method in this attempt is called
frequent pattern growth, or simply FP-growth, which adopts a divide-and-conquer strategy
as follows. First, it compresses the database representing frequent items into a frequent
pattern tree, or FP-tree, which retains the itemset association information. It then divides
the compressed database into a set of conditional databases (a special kind of projected
database), each associated with one frequent item or “pattern fragment,” and mines each
database separately. For each “pattern fragment,” only its associated data sets need to be
examined. Therefore, this approach may substantially reduce the size of the data sets to be
searched, along with the “growth” of patterns being examined. You will see how it works
in Example 6.5.

FP-growth (finding frequent itemsets without candidate generation)

We reexamine the mining of transaction database, D, of Table 6.1 in Example 6.3 using the
frequent pattern growth approach. The first scan of the database is the same as Apriori,
which derives the set of frequent items (1-itemsets) and their support counts (frequencies).
Let the minimum support count be 2. The set of frequent items is sorted in the order of
descending support count. This resulting set or list is denoted by L. Thus, we have L =

{{I2: 7}, {11: 6}, {13: 6}, {14: 2}, {I5: 2}}.

An FP-tree is then constructed as follows. First, create the root of the tree, labeled with
“null.” Scan database D a second time. The items in each transaction are processed in L
order (i.e., sorted according to descending support count), and a branch is created for each
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transaction. For example, the scan of the first transaction, “T100: 11, 12, 15,” which
contains three items (12, 11, 15 in L order), leads to the construction of the first branch of
the tree with three nodes, (12:1) , (11:1) ,and (15:1) , where 12 is linked as a child
to the root, 11 is linked to 12, and 15 is linked to 1. The second transaction, T200, contains
the items 12 and 14 in L order, which would result in a branch where 12 is linked to the root
and 14 is linked to 12. However, this branch would share a common prefix, 12, with the
existing path for T100. Therefore, we instead increment the count of the 12 node by 1, and
create a new node, (l4: 1) , whichis linked as a childto (I2: 2) . In general,

when considering the branch to be added for a transaction, the count of each node along a
common prefix is incremented by 1, and nodes for the items following the prefix are
created and linked accordingly.

To facilitate tree traversal, an item header table is built so that each item points to its
occurrences in the tree via a chain of node-links. The tree obtained after scanning all the
transactions is shown in Figure 6.7 with the associated node-links. In this way, the problem
of mining frequent patterns in databases is transformed into that of mining the FP-tree.
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Figure 6.7 An FP-tree registers compressed, frequent pattern information.

The FP-tree is mined as follows. Start from each frequent length-1 pattern (as an initial
suffix pattern), construct its conditional pattern base (a “sub-database,” which consists of
the set of prefix paths in the FP-tree co-occurring with the suffix pattern), then construct its
(conditional) FP-tree, and perform mining recursively on the tree. The pattern growth is
achieved by the concatenation of the suffix pattern with the frequent patterns generated
from a conditional FP-tree. Mining of the FP-tree is summarized in Table 6.2 and detailed
as follows. We first consider 15, which is the last item in L, rather than the first. The reason
for starting at the end of the list will become apparent as we explain the FP-tree mining
process. 15 occurs in two FP-tree branches of Figure 6.7 . (The occurrences of 15 can easily
be found by following its chain of node-links.) The paths formed by these branches are

(12, 11, 15: 1) and (12, 11, 13, I15: 1) . Therefore, considering 15 as a suffix, its
corresponding two prefix paths are (12, 11: 1) and <I2, 11, 13: 1) , which form its
conditional pattern base. Using this conditional pattern base as a transaction database, we
build an 15-conditional FP-tree, which contains only a single path, <(12: 2, 11: 2) ; 13 is
not included because its support count of 1 is less than the minimum support count. The
single path generates all the combinations of frequent patterns: {12, 15: 2}, {I1, 15: 2}, {12,
11, 15: 2}.
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Table 6.2Mining the FP-Tree by Creating Conditional (Sub-)Pattern Bases

Conditional Pattern
Item Base Conditional FP-tree Frequent Patterns Generated
{12, 11: 13, {12, 11, 13: {12, 15: 2}, {11, 15: 2}, {12, I1,
15 13} (12:2,11: 2) 15: 2}
14 {12, 11: 13, {12: 13} (12: 2) {12, 14: 2}
{12, 11: 23, {12: 23, {11 (12:4,11:2) , IL: 12,13: 43, {11, 13: 43, {12, 11,
13 21} 2) 13: 2}
11 {{12: 43} (12: 4) {12, 11: 4}

For 14, its two prefix paths form the conditional pattern base, {{I2 I11: 1}, {I2: 1}}, which

generates a single-node conditional FP-tree,

(12: 2) , and derives one frequent pattern,

{12, 14: 2}. Similar to the preceding analysis, 13's conditional pattern base is {{I12, I1: 2},

{12: 2}, {I1: 2}}. Its conditional FP-tree has two branches,

(12:4,11:2) and (I11:2) ,

as shown in Figure 6.8, which generates the set of patterns {{12, 13: 4}, {I1, 13: 4}, {12, 11,
13: 2}}. Finally, 11's conditional pattern base is {{I12: 4}}, with an FP-tree that contains

only one node,

process is summarized in Figure 6.9.

(12: 4) , which generates one frequent pattern, {I2, 11: 4}. This mining
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Figure 6.8 The conditional FP-tree associated with the conditional node 13.
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Figure 6.9 FP-growth algorithm for discovering frequent itemsets without candidate generation.

The FP-growth method transforms the problem of finding long frequent patterns into
searching for shorter ones in much smaller conditional databases recursively and then
concatenating the suffix. It uses the least frequent items as a suffix, offering good
selectivity. The method substantially reduces the search costs. When the database is large,
it is sometimes unrealistic to construct a main memory-based FP-tree. An interesting
alternative is to first partition the database into a set of projected databases, and then
construct an FP-tree and mine it in each projected database. This process can be
recursively applied to any projected database if its FP-tree still cannot fit in main memory.

A study of the FP-growth method performance shows that it is efficient and scalable for
mining both long and short frequent patterns, and is about an order of magnitude faster
than the Apriori algorithm.

6.2.5. Mining Frequent Itemsets Using the Vertical Data Format
Both the Apriori and FP-growth methods mine frequent patterns from a set of transactions
in TID-itemset format (i.e., 1770 :itemsett ) \where TID is a transaction 1D and itemset is
the set of items bought in transaction TID. This is known as the horizontal data format.
Alternatively, data can be presented in item-TID_set format (i.e., 1éem:TIDsety) \where
item is an item name, and TID_set is the set of transaction identifiers containing the item.
This is known as the vertical data format.

In this subsection, we look at how frequent itemsets can also be mined efficiently using
vertical data format, which is the essence of the Eclat (Equivalence Class Transformation)
algorithm.
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Mining frequent itemsets using the vertical data format

Consider the horizontal data format of the transaction database, D, of Table 6.1 in Example
6.3. This can be transformed into the vertical data format shown in Table 6.3 by scanning
the data set once.

Table 6.3The Vertical Data Format of the Transaction Data Set D of Table 6.1

itemset TID_set
11 {T100, T400, T500, T700, T800, T900}
12 {T100, T200, T300, T400, T600, T800, T900}
13 {T300, T500, T600, T700, T80O, T9OO}
14 {T200, T400}
15 {T100, T800}

Mining can be performed on this data set by intersecting the TID_sets of every pair of
frequent single items. The minimum support count is 2. Because every single item is
frequent in Table 6.3 , there are 10 intersections performed in total, which lead to eight
nonempty 2-itemsets, as shown in Table 6.4. Notice that because the itemsets {I1, 14} and
{13, 15} each contain only one transaction, they do not belong to the set of frequent 2-
itemsets.

Table 6.42-Itemsets in Vertical Data Format

itemset TID_set

{11, 12} {T100, T400, T800, T900}
{11, 13} {T500, T700, T800, T900}
{11, 14} {T400}

{11, 15} {T100, T800}

{12, 13} {T300, T600, T800, T900}
{12, 14} {T200, T400}

{12, 15} {T100, T800}

{13, 15} {T800}

Based on the Apriori property, a given 3-itemset is a candidate 3-itemset only if every one
of its 2-itemset subsets is frequent. The candidate generation process here will generate
only two 3-itemsets: {I1, 12, 13} and {I1, 12, I5}. By intersecting the TID_sets of any two
corresponding 2-itemsets of these candidate 3-itemsets, it derives Table 6.5 , where there
are only two frequent 3-itemsets: {11, 12, 13: 2} and {11, 12, 15: 2}.
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Table 6.53-Itemsets in Vertical Data Format

itemset TID_set
{11, 12, 13} {T800, T900}
{11, 12, 15} {T100, T800}

Example 6.6 illustrates the process of mining frequent itemsets by exploring the vertical
data format. First, we transform the horizontally formatted data into the vertical format by
scanning the data set once. The support count of an itemset is simply the length of the
TID_set of the itemset. Starting with &= 1, the frequent k-itemsets can be used to construct
the candidate (k + 1)-itemsets based on the Apriori property. The computation is done by
intersection of the TID_sets of the frequent k-itemsets to compute the TID_sets of the
corresponding (k + 1)-itemsets. This process repeats, with k incremented by 1 each time,
until no frequent itemsets or candidate itemsets can be found.Besides taking advantage of
the Apriori property in the generation of candidate (k + 1)-itemset from frequent k-
itemsets, another merit of this method is that there is no need to scan the database to find
the support of (k + 1)-itemsets (for &= 1). This is because the TID set of each k-itemset
carries the complete information required for counting such support. However, the
TID_sets can be quite long, taking substantial memory space as well as computation time
for intersecting the long sets. To further reduce the cost of registering long TID_sets, as
well as the subsequent costs of intersections, we can use a technique called diffset, which
keeps track of only the differences of the TID_sets of a (k + 1)-itemset and a corresponding
k-itemset. For instance, in Example 6.6 we have {I1} = {T100, T400, T500, T700, T800,
T900} and {I1, 12} = {7100, T400, T800, T900}. The diffset between the two is diffset
({11, 12}, {11}) = {7500, T700}. Thus, rather than recording the four TIDs that make up
the intersection of {I1} and {I2}, we can instead use diffset to record just two TIDs,
indicating the difference between {I1} and {I1, 12}. Experiments show that in certain
situations, such as when the data set contains many dense and long patterns, this technique
can substantially reduce the total cost of vertical format mining of frequent itemsets.

6.2.6. Mining Closed and Max Patterns

In Section 6.1.2 we saw how frequent itemset mining may generate a huge number of
frequent itemsets, especially when the min_sup threshold is set low or when there exist
long patterns in the data set. Example 6.2 showed that closed frequent itemsets can
substantially reduce the number of patterns generated in frequent itemset mining while
preserving the complete information regarding the set of frequent itemsets.” That is, from
the set of closed frequent itemsets, we can easily derive the set of frequent itemsets and
their support. Thus, in practice, it is more desirable to mine the set of closed frequent
itemsets rather than the set of all frequent itemsets in most cases.

“How can we mine closed frequent itemsets?”” A na ve approach would be to first mine the
complete set of frequent itemsets and then remove every frequent itemset that is a proper
subset of, and carries the same support as, an existing frequent itemset. However, this is
quite costly. As shown in Example 6.2, this method would have to first derive 2™ —1
frequent itemsets to obtain a length-100 frequent itemset, all before it could begin to
eliminate redundant itemsets. This is prohibitively expensive. In fact, there exist only a

' . Remember that X is a closed frequent itemset in a data set S if there exists no proper super-itemset Y such that Y
has the same support count as X in S, and X satisfies minimum support
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very small number of closed frequent itemsets in Example 6.2's data set. A recommended
methodology is to search for closed frequent itemsets directly during the mining process.
This requires us to prune the search space as soon as we can identify the case of closed
itemsets during mining. Pruning strategies include the following:

Item merging: If every transaction containing a frequent itemset X also contains an itemset
Y but not any proper superset of Y, thenx UY forms a frequent closed itemset and there is
no need to search for any itemset containing X but no Y. For example, in Table 6.2 of
Example 6.5 , the projected conditional database for prefix itemset {15:2} is {{12, 11}, {12,
11, 13}}, from which we can see that each of its transactions contains itemset {12, 11} but
no proper superset of {12, 11}. Itemset {12, 11} can be merged with {I5} to form the closed
itemset, {15, 12, 11: 2}, and we do not need to mine for closed itemsets that contain 15 but
not {12, I11}. Sub-itemset pruning: If a frequent itemset X is a proper subset of an already
found frequent closed itemset Y and support_count(X) = support_count(Y), then X and all
of X's descendants in the set enumeration tree cannot be frequent closed itemsets and thus
can be pruned.

Similar to Example 6.2, suppose a transaction database has only two transactions:

lap @z, aon) - (an d...as) }, and the minimum support count is min_sup = 2. The
projection on the first item, <1, derives the frequent itemset, {#1.a2..... aso : 2} based on the
itemset merging optimization. Because support ({<2}) = support ({@1. @2.....as0}) = 2, and
{a:2} is a proper subset of {a1.a2..... aso}, there is no need to examine <z and its projected
database. Similar pruning can be done for @s.-.-.as0 as well. Thus, the mining of closed
frequent itemsets in this data set terminates after mining @1's projected database.ltem
skipping: In the depth-first mining of closed itemsets, at each level, there will be a prefix
itemset X associated with a header table and a projected database. If a local frequent item
p has the same support in several header tables at different levels, we can safely prune p
from the header tables at higher levels.

Consider, for example, the previous transaction database having only two transactions:
{lava.awo) - (anan...as) Y where minsup=2_ Because @2 in a1's projected
database has the same support as <z in the global header table, ¢z can be pruned from the
global header table. Similar pruning can be done for @s.....aso, There is no need to mine
anything more after mining <1's projected database.Besides pruning the search space in the
closed itemset mining process, another important optimization is to perform efficient
checking of each newly derived frequent itemset to see whether it is closed. This is because
the mining process cannot ensure that every generated frequent itemset is closed.

When a new frequent itemset is derived, it is necessary to perform two kinds of closure
checking: (1) superset checking, which checks if this new frequent itemset is a superset of
some already found closed itemsets with the same support, and (2) subset checking, which
checks whether the newly found itemset is a subset of an already found closed itemset with
the same support.If we adopt the item merging pruning method under a divide-and-conquer
framework, then the superset checking is actually built-in and there is no need to
explicitlyperform superset checking. This is because if a frequent itemset X UY is found
later than itemset X, and carries the same support as X, it must be in X's projected database
and must have been generated during itemset merging.

To assist in subset checking, a compressed pattern-tree can be constructed to maintain the
set of closed itemsets mined so far. The pattern-tree is similar in structure to the FP-tree
except that all the closed itemsets found are stored explicitly in the corresponding tree
branches. For efficient subset checking, we can use the following property: If the current
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itemsetS:can be subsumed by another already found closed itemsetSa, then (1)S:andS:have
the same support, (2) the length ofScis smaller than that ofSs, and (3) all of the items inSc
are contained inSa,

Based on this property, a two-level hash index structure can be built for fast accessing of
the pattern-tree: The first level uses the identifier of the last item in : as a hash key (since
this identifier must be within the branch of &:), and the second level uses the support of &-
as a hash key (since S: and . have the same support). This will substantially speed up the
subset checking process. This discussion illustrates methods for efficient mining of closed
frequent itemsets. ““Can we extend these methods for efficient mining of maximal frequent
itemsets?”” Because maximal frequent itemsets share many similarities with closed
frequent itemsets, many of the optimization techniques developed here can be extended to
mining maximal frequent itemsets. However, we leave this method as an exercise for
interested readers.

6.3. Which Patterns Are Interesting?—~Pattern Evaluation Methods
Most association rule mining algorithms employ a support—confidence framework.
Although minimum support and confidence thresholds help weed out or exclude the
exploration of a good number of uninteresting rules, many of the rules generated are still
not interesting to the users. Unfortunately, this is especially true when mining at low
support thresholds or mining for long patterns. This has been a major bottleneck for
successful application of association rule mining.

In this section, we first look at how even strong association rules can be uninteresting and
misleading (Section 6.3.1). We then discuss how the support—confidence framework can be
supplemented with additional interestingness measures based on correlation analysis
(Section 6.3.2). Section 6.3.3 presents additional pattern evaluation measures. It then
provides an overall comparison of all the measures discussed here. By the end, you will
learn which pattern evaluation measures are most effective for the discovery of only
interesting rules.

6.3.1. Strong Rules Are Not Necessarily Interesting

Whether or not a rule is interesting can be assessed either subjectively or objectively.
Ultimately, only the user can judge if a given rule is interesting, and this judgment, being
subjective, may differ from one user to another. However, objective interestingness
measures, based on the statistics “behind” the data, can be used as one step toward the goal
of weeding out uninteresting rules that would otherwise be presented to the user. ““How can
we tell which strong association rules are really interesting?”” Let's examine the following
example.

A misleading “strong” association rule

Suppose we are interested in analyzing transactions at AllElectronics with respect to the
purchase of computer games and videos. Let game refer to the transactions containing
computer games, and video refer to those containing videos. Of the 10,000 transactions
analyzed, the data show that 6000 of the customer transactions included computer games,
while 7500 included videos, and 4000 included both computer games and videos. Suppose
that a data mining program for discovering association rules is run on the data, using a
minimum support of, say, 30% and a minimum confidence of 60%. The following
association rule is discovered: (6.6)
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by (X, Veomputer games” ) = buva (X, Mvideos™)
|_s'uppm'r = 0% con fidence = 56%].

Rule (6.6) is a strong association rule and would therefore be reported, since its support

1 VU, T8 . oo e . . .

value of 10w and confidence value of @ satisfy the minimum support and
minimum confidence thresholds, respectively. However, Rule (6.6) is misleading because
the probability of purchasing videos is 75%, which is even larger than 66%. In fact,
computer games and videos are negatively associated because the purchase of one of these
items actually decreases the likelihood of purchasing the other. Without fully
understanding this phenomenon, we could easily make unwise business decisions based on

Rule(6.6)

Example 6.7 also illustrates that the confidence of a rule A = # can be deceiving. It does
not measure the real strength (or lack of strength) of the correlation and implication
between A and B. Hence, alternatives to the support—confidence framework can be useful
in mining interesting data relationships.

6.3.2. From Association Analysis to Correlation Analysis
As we have seen so far, the support and confidence measures are insufficient at filtering
out uninteresting association rules. To tackle this weakness, a correlation measure can be
used to augment the support—confidence framework for association rules. This leads to
correlation rules of the form (6.7)

A=5B |.~'uppnr'!. confidence, c'm'.lt*.fmmn].

That is, a correlation rule is measured not only by its support and confidence but also by
the correlation between itemsets A and B. There are many different correlation measures
from which to choose. In this subsection, we study several correlation measures to
determine which would be good for mining large data sets. Lift is a simple correlation
measure that is given as follows. The occurrence of itemset A is independent of the
occurrence of itemset B if I'lA VB = FIAIPIB). gtherwise, itemsets A and B are dependent
and correlated as events. This definition can easily be extended to more than two itemsets.
The lift between the occurrence of A and B can be measured by computing(6.8)

. P(AUB)
lijfi (A, B) = m
If the resulting value of Eq. (6.8) is less than 1, then the occurrence of A is negatively
correlated with the occurrence of B, meaning that the occurrence of one likely leads to the
absence of the other one. If the resulting value is greater than 1, then A and B are positively
correlated, meaning that the occurrence of one implies the occurrence of the other. If the
resulting value is equal to 1, then A and B are independent and there is no correlation
between them.

Equation (6.8) is equivalent to #BIA)/F(B) or conf(A = B)/sup(B) \which is also referred to
as the lift of the association (or correlation) rule A = 8. In other words, it assesses the
degree to which the occurrence of one “lifts” the occurrence of the other. For example, if A
corresponds to the sale of computer games and B corresponds to the sale of videos, then
given the current market conditions, the sale of games is said to increase or “lift” the
likelihood of the sale of videos by a factor of the value returned by Eq. (6.8). Let's go back
to the computer game and video data of Example 6.7.
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Correlation analysis using lift

To help filter out misleading “strong” associations of the form A = 2 from the data of
Example 6.7, we need to study how the two itemsets, A and B, are correlated. Let &drme
refer to the transactions of Example 6.7 that do not contain computer games, and vidlee
refer to those that do not contain videos. The transactions can be summarized in a
contingency table, as shown in Table 6.6

Table 6.62 x 2 Contingency Table Summarizing the Transactions with Respect to Game and Video Purchases

game EOHE -

video 4000 3500 7500
widea 2000 500 2500
i 6000 4000 10,000

From the table, we can see that the probability of purchasing a computer game is
Pligame}) =0.50 “the probability of purchasing a video is #!{¥decti =075 “and the
probability of purchasing both is £l 1game. videotl = 040 By Eq. (6.8), the lift of Rule

(6.6) is FP({game, videa}) / (P({game}) = P({videa})) =040 7 (0.60x0.75) = 0.89

Because this value is less than 1, there is a negative correlation between the occurrence of
{game} and {video}. The numerator is the likelihood of a customer purchasing both, while
the denominator is what the likelihood would have been if the two purchases were
completely independent. Such a negative correlation cannot be identified by a support—
confidence framework.

The second correlation measure that we study is the ** measure, which was introduced in

Chapter 3 (Eg. 3.1). To compute the x* value, we take the squared difference between the
observed and expected value for a slot (A and B pair) in the contingency table, divided by
the expected value. This amount is summed for all slots of the contingency table. Let's

perform a X’ analysis of Example 6.8

Correlation analysis using y°

To compute the correlation using & . analysis for nominal data, we need the observed value
and expected value (displayed in parenthesis) for each slot of the contingency table, as
shown in Table 6.7. From the table, we can compute the 1 value as follows:
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=

lobserved — expected)® (4000 — 4350017 (3500 — 3000)°

— — +
expected 4300 3000
2000 — 150077 (500 — 10002
12000 1300)° | " _ 5556,
1500 1000

Because the %~ value is greater than 1, and the observed value of the slot (game, video) =
4000, which is less than the expected value of 4500, buying game and buying video are
negatively correlated. This is consistent with the conclusion derived from the analysis of
the lift measure in Example 6.8.

Table 6.7Table 6.6 Contingency Table, Now with the Expected Values

game Eame Lo
video 4000 (4500) 3500 (3000) 7500
video 2000 (1500) 500 (1000) 2500
E:.'a.! 6000 4000 10,000

6.3.3. A Comparison of Pattern Evaluation Measures
The above discussion shows that instead of using the simple support—confidence
framework to evaluate frequent patterns, other measures, such as lift and £ * often disclose
more intrinsic pattern relationships. How effective are these measures? Should we also
consider other alternatives?

Researchers have studied many pattern evaluation measures even before the start of in-
depth research on scalable methods for mining frequent patterns. Recently, several other
pattern evaluation measures have attracted interest. In this subsection, we present four such
measures: all_confidence, max_confidence, Kulczynski, and cosine. We'll then compare
their effectiveness with respect to one another and with respect to the lift and % * measures.
Given two itemsets, A and B, the all_confidence measure of A and B is defined as (6.9)

sup(AUR)
mrax {sup(A), sup(B) }

all_confiA,B) = =min{P(A|B), P(BA)},

where max {sup (A), sup (B)} is the maximum support of the itemsets A and B. Thus,
all-conf(A.B) js also the minimum confidence of the two association rules related to A and
B, namely, “A= 8" and “B=A.” Given two itemsets, A and B, the max_confidence
measure of A and B is defined as (6.10)

max_conf (A, B) = max{ P(A |B).P(B|A)}.

The max_conf measure is the maximum confidence of the two association rules, “A = 8"
and ll;; = A .11

Given two itemsets, A and B, the Kulczynski measure of A and B (abbreviated as Kulc) is
defined as (6.11)

1
Kule (A, B) = S(P(A|B) + P(B|A)).
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It was proposed in 1927 by Polish mathematician S. Kulczynski. It can be viewed as an
average of two confidence measures. That is, it is the average of two conditional
probabilities: the probability of itemset B given itemset A, and the probability of itemset A
given itemset B. Finally, given two itemsets, A and B, the cosine measure of A and B is
defined as (6.12)

PlAUR) suplAL R
VPIA) = P(B)  /sup(A) =< sup(B)
— /PA[B) x P(BA).

cosine (A, B) =

The cosine measure can be viewed as a harmonized lift measure: The two formulae are
similar except that for cosine, the square root is taken on the product of the probabilities of
A and B. This is an important difference, however, because by taking the square root, the
cosine value is only influenced by the supports of A, B, and ALUE , and not by the total
number of transactions. Each of these four measures defined has the following property: Its
value is only influenced by the supports of A, B, and AL B, or more exactly, by the
conditional probabilities of #(41B) and #(B4) pbut not by the total number of transactions.
Another common property is that each measure ranges from 0 to 1, and the higher the
value, the closer the relationship between A and B.

Now, together with lift and & * we have introduced in total six pattern evaluation measures.
You may wonder, “Which is the best in assessing the discovered pattern relationships?”
To answer this question, we examine their performance on some typical data sets.

Comparison of six pattern evaluation measures on typical data sets

The relationships between the purchases of two items, milk and coffee, can be examined by
summarizing their purchase history in Table 6.8, a 2 x 2 contingency table, where an entry
such as mc represents the number of transactions containing both milk and coffee.

Table 6.82 x 2 Contingency Table for Two ltems

milk m Eraw
coffee mc mC c
caffee mE me z
Eca.i m m x

Table 6.9 shows a set of transactional data sets with their corresponding contingency
tables and the associated values for each of the six evaluation measures. Let's first examine
the first four data sets, D; through D,4. From the table, we see that m and c are positively
associated in D; and Dy, negatively associated in D3, and neutral in D4. For D; and D,, m
and c are positively associated because mc (10,000) is considerably greater than - (1000)
and =7 (1000). Intuitively, for people who bought milk (/= 10.000 + 1000 = 11.000) "jt js
very likely that they also bought coffee (%« = 10/ 11 =91%) "‘and vice versa.

Table 6.9Comparison of Six Pattern Evaluation Measures Using Contingency Tables for a Variety of Data Sets

229



[DATA MINING: CONCEPTS AND TECHNIQUES 3RD EDITION]

Data
c
al K 0
| N ma u S
! i co X_C | i
[ m — f nf onf c n
1 c 7 b m A t . e
1 1
0 0 9
, 1 1 0, 0 9 0 0
0 0 0 0 5
0 0 0 0 5 2 0. 0.9 9 9
0 0 0 0 7 6 91 1 1 1
1
0
, 1 1 0 0
0 0 0 1
0 0 0 0 0. 0.9 9 9
0 0 0 0 0 1 91 1 1 1
1
0
1 1 0, 8 0 0
1 0 0 0 6 . .
0 0 0 0 7 4 0 0.0 0 0
0 0 0 0 0 4 09 9 9 9
1
0 2 2
1 1 1 0, 4 5
0 0 0 0 7 0 0
0 0 0 0 4 7 0
0 0 0 0 0 5 5 0.5 5 5
1
1 0
1 0, 0, 8 9 0
0 1 0 0 1 . 0
0 0 0 0 7 1 0. 0.9 2
; 0 0 0 0 3 8 09 1 5 9
1 1
0 0
1 0, 0, 1 0
0 0 0 9 0 .
[ 0 1 0 0 6 9 0. 0.9 1
) 0 0 0 0 5 7 01 9 5 0

The results of the four newly introduced measures show that m and c are strongly
positively associated in both data sets by producing a measure value of 0.91. However, lift
and #° generate dramatically different measure values for D; and D, due to their
sensitivity to mc. In fact, in many real-world scenarios, # is usually huge and unstable.
For example, in a market basket database, the total number of transactions could fluctuate
on a daily basis and overwhelmingly exceed the number of transactions containing any
particular itemset. Therefore, a good interestingness measure should not be affected by
transactions that do not contain the itemsets of interest; otherwise, it would generate
unstable results, as illustrated in D; and D,.
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Similarly, in Ds, the four new measures correctly show that m and c are strongly negatively
associated because the m to ¢ ratio equals the mc to m ratio, that is, 190/ 1100 =%9.1%

However, lift and #° both contradict this in an incorrect way: Their values for D, are
between those for D; and Ds.

For data set Da, both lift and ** indicate a highly positive association between m and c,
whereas the others indicate a “neutral” association because the ratio of mc to 7 equals the
ratio of mc to =, which is 1. This means that if a customer buys coffee (or milk), the
probability that he or she will also purchase milk (or coffee) is exactly 50%.

“Why are lift andx’so poor at distinguishing pattern association relationships in the
previous transactional data sets?”” To answer this, we have to consider the null-
transactions. A null-transaction is a transaction that does not contain any of the itemsets
being examined. In our example, @ represents the number of null-transactions. Lift and
** have difficulty distinguishing interesting pattern association relationships because they
are both strongly influenced by mic. Typically, the number of null-transactions can
outweigh the number of individual purchases because, for example, many people may buy
neither milk nor coffee. On the other hand, the other four measures are good indicators of
interesting pattern associations because their definitions remove the influence of mic (i.e.,
they are not influenced by the number of null-transactions).

This discussion shows that it is highly desirable to have a measure that has a value that is
independent of the number of null-transactions. A measure is null-invariant if its value is
free from the influence of null-transactions. Null-invariance is an important property for
measuring association patterns in large transaction databases. Among the six discussed

. . . . mpd . .
measures in this subsection, only lift and £~ are not null-invariant measures.

“Among the all_confidence, max_confidence, Kulczynski, and cosine measures, which is
best at indicating interesting pattern relationships?” To answer this question, we introduce
the imbalance ratio (IR), which assesses the imbalance of two itemsets, A and B, in rule
implications. It is defined as (6.13)

|seep(A) — sup (B

IR(A B) = \
[ suplA) +sup(B) —sup(ALUB)

where the numerator is the absolute value of the difference between the support of the
itemsets A and B, and the denominator is the number of transactions containing A or B. If
the two directional implications between A and B are the same, then "#(4.B) will be zero.
Otherwise, the larger the difference between the two, the larger the imbalance ratio. This
ratio is independent of the number of null-transactions and independent of the total number
of transactions. Let's continue examining the remaining data sets in Example 6.10

Comparing null-invariant measures in pattern evaluation

Although the four measures introduced in this section are null-invariant, they may present
dramatically different values on some subtly different data sets. Let's examine data sets Ds
and Dg, shown earlier in Table 6.9, where the two events m and ¢ have unbalanced
conditional probabilities. That is, the ratio of mc to ¢ is greater than 0.9. This means that
knowing that ¢ occurs should strongly suggest that m occurs also. The ratio of mc to m is
less than 0.1, indicating that m implies that c is quite unlikely to occur. The all_confidence
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and cosine measures view both cases as negatively associated and the Kulc measure views
both as neutral. The max_confidence measure claims strong positive associations for these
cases. The measures give very diverse results!

“Which measure intuitively reflects the true relationship between the purchase of milk and
coffee?” Due to the “balanced” skewness of the data, it is difficult to argue whether the
two data sets have positive or negative association. From one point of view, only
mef (me +mz) = 1000771000+ 10.0001 =9.094 of milk-related transactions contain coffee in
Ds and this percentage is '000/11000 +100.0001 = 0.9904 jn Dg, both indicating a negative
association. On the other hand, 90.9% of transactions in Ds (i.e.,
med (e e ) = 1000/ 1000 + ]CICI]) and 9% in Ds (i.e., 1000 /71000 + ]DI) containing coffee
contain milk as well, which indicates a positive association between milk and coffee.
These draw very different conclusions. For such “balanced” skewness, it could be fair to
treat it as neutral, as Kulc does, and in the meantime indicate its skewness using the
imbalance ratio (IR). According to Eq. (6.13) , for D, we have /Rim.<1 =03 perfectly
balanced case; for Ds, Rim.cl=0.89" 3 rather imbalanced case; whereas for Dg,
IRim.ci =099 "3 very skewed case. Therefore, the two measures, Kulc and /&, work
together, presenting a clear picture for all three data sets, D4 through De.

In summary, the use of only support and confidence measures to mine associations may
generate a large number of rules, many of which can be uninteresting to users. Instead, we
can augment the support—confidence framework with a pattern interestingness measure,
which helps focus the mining toward rules with strong pattern relationships. The added
measure substantially reduces the number of rules generated and leads to the discovery of
more meaningful rules. Besides those introduced in this section, many other interestingness
measures have been studied in the literature. Unfortunately, most of them do not have the
null-invariance property. Because large data sets typically have many null-transactions, it
is important to consider the null-invariance property when selecting appropriate
interestingness measures for pattern evaluation. Among the four null-invariant measures
studied here, namely all_confidence, max_confidence, Kulc, and cosine, we recommend
using Kulc in conjunction with the imbalance ratio.

6.4. Summary
m The discovery of frequent patterns, associations, and correlation relationships among
huge amounts of data is useful in selective marketing, decision analysis, and business
management. A popular area of application is market basket analysis, which studies

customers' buying habits by searching for itemsets that are frequently purchased together
(or in sequence).

m Association rule mining consists of first finding frequent itemsets (sets of items, such as
A and B, satisfying a minimum support threshold, or percentage of the task-relevant
tuples), from which strong association rules in the form of A= B are generated. These
rules also satisfy a minimum confidence threshold (a prespecified probability of satisfying
B under the condition that A is satisfied). Associations can be further analyzed to uncover
correlation rules, which convey statistical correlations between itemsets A and B.

m Many efficient and scalable algorithms have been developed for frequent itemset mining,
from which association and correlation rules can be derived. These algorithms can be
classified into three categories: (1) Apriori-like algorithms, (2) frequent pattern growth —
based algorithms such as FP-growth, and (3) algorithms that use the vertical data format.
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m The Apriori algorithm is a seminal algorithm for mining frequent itemsets for Boolean
association rules. It explores the level-wise mining Apriori property that all nonempty
subsets of a frequent itemset must also be frequent. At the k th iteration (for ¥ = 2), it forms
frequent k-itemset candidates based on the frequent (k — 1)-itemsets, and scans the database
once to find the complete set of frequent k-itemsets, L.

Variations involving hashing and transaction reduction can be used to make the procedure
more efficient. Other variations include partitioning the data (mining on each partition and
then combining the results) and sampling the data (mining on a data subset). These
variations can reduce the number of data scans required to as little as two or even one.

m Frequent pattern growth is a method of mining frequent itemsets without candidate
generation. It constructs a highly compact data structure (an FP-tree) to compress the
original transaction database. Rather than employing the generate-and-test strategy of
Apriori-like methods, it focuses on frequent pattern (fragment) growth, which avoids
costly candidate generation, resulting in greater efficiency.

m Mining frequent itemsets using the vertical data format (Eclat) is a method that
transforms a given data set of transactions in the horizontal data format of TID-itemset into
the vertical data format of item-TID_set. It mines the transformed data set by TID_set
intersections based on the Apriori property and additional optimization techniques such as
diffset.

m Not all strong association rules are interesting. Therefore, the support—confidence
framework should be augmented with a pattern evaluation measure, which promotes the
mining of interesting rules. A measure is null-invariant if its value is free from the
influence of null-transactions (i.e., the transactions that do not contain any of the itemsets
being examined). Among many pattern evaluation measures, we examined lift, b
all_confidence, max_confidence, Kulczynski, and cosine, and showed that only the latter
four are null-invariant. We suggest using the Kulczynski measure, together with the
imbalance ratio, to present pattern relationships among itemsets.
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/. Advanced Pattern Mining

Frequent pattern mining has reached far beyond the basics due to substantial research,
numerous extensions of the problem scope, and broad application studies. In this chapter,
you will learn methods for advanced pattern mining. We begin by laying out a general road
map for pattern mining. We introduce methods for mining various kinds of patterns, and
discuss extended applications of pattern mining. We include in-depth coverage of methods
for mining many kinds of patterns: multilevel patterns, multidimensional patterns, patterns
in continuous data, rare patterns, negative patterns, constrained frequent patterns, frequent
patterns in high-dimensional data, colossal patterns, and compressed and approximate
patterns. Other pattern mining themes, including mining sequential and structured patterns
and mining patterns from spatiotemporal, multimedia, and stream data, are considered
more advanced topics and are not covered in this book. Notice that pattern mining is a
more general term than frequent pattern mining since the former covers rare and negative
patterns as well. However, when there is no ambiguity, the two terms are used
interchangeably.

7.1. Pattern Mining: A Road Map
Chapter 6 introduced the basic concepts, techniques, and applications of frequent pattern
mining using market basket analysis as an example. Many other kinds of data, user
requests, and applications have led to the development of numerous, diverse methods for
mining patterns, associations, and correlation relationships. Given the rich literature in this
area, it is important to lay out a clear road map to help us get an organized picture of the
field and to select the best methods for pattern mining applications. Figure 7.1 outlines a
general road map on pattern mining research. Most studies mainly address three pattern
mining aspects: the kinds of patterns mined, mining methodologies, and applications.
Some studies, however, integrate multiple aspects; for example, different applications may
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need to mine different patterns, which naturally leads to the development of new mining

methodologies.
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Figure 7.1 A general road map on pattern mining research.

Based on pattern diversity, pattern mining can be classified using the following criteria:

m Basic patterns: As discussed in Chapter 6 , a frequent pattern may have several
alternative forms, including a simple frequent pattern, a closed pattern, or a max-pattern.
To review, a frequent pattern is a pattern (or itemset) that satisfies a minimum support
threshold. A pattern p is a closed pattern if there is no superpattern p’ with the same
support as p. Pattern p is a max-pattern if there exists no frequent superpattern of p.
Frequent patterns can also be mapped into association rules, or other kinds of rules based
on interestingness measures. Sometimes we may also be interested in infrequent or rare
patterns (i.e., patterns that occur rarely but are of critical importance, or negative patterns
(i.e., patterns that reveal a negative correlation between items).

m Based on the abstraction levels involved in a pattern: Patterns or association rules may
have items or concepts residing at high, low, or multiple abstraction levels. For example,
suppose that a set of association rules mined includes 