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1.Explain how mining can be performed on stream data? 

Data Stream mining: Data Stream is a continuous, fast-changing, and ordered chain of data 

transmitted at a very high speed. It is an ordered sequence of information for a specific 

interval. The sender’s data is transferred from the sender’s side and immediately shows in 

data streaming at the receiver’s side. Streaming does not mean downloading the data or 

storing the information on storage devices. 

What are Data Streams in Data Mining? 

 

 

 
Image Source: SelfData Streams in Data Mining is extracting knowledge and valuable 

insights from a continuous stream of data using stream processing software. Data Streams in 

Data Mining can be considered a subset of general concepts of machine learning, knowledge 

extraction, and data mining. In Data Streams in Data Mining, data analysis of a large amount 

of data needs to be done in real-time.  The structure of knowledge is extracted in data steam 

mining represented in the case of models and patterns of infinite streams of information. 

Characteristics of Data Stream in Data Mining 

Data Stream in Data Mining should have the following characteristics: 

 Continuous Stream of Data: The data stream is an infinite continuous stream 

resulting in big data. In data streaming, multiple data streams are passed 

simultaneously. 
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 Time Sensitive: Data Streams are time-sensitive, and elements of data streams carry 

timestamps with them. After a particular time, the data stream loses its significance 

and is relevant for a certain period. 

 Data Volatility: No data is stored in data streaming as It is volatile. Once the data 

mining and analysis are done, information is summarized or discarded. 

 Concept Drifting: Data Streams are very unpredictable. The data changes or evolves 

with time, as in this dynamic world, nothing is constant. 

Data Stream is generated through various data stream generators. Then, data mining 

techniques are implemented to extract knowledge and patterns from the data streams. 

Therefore, these techniques need to process multi-dimensional, multi-level, single pass, and 

online data streams. 

Data Based Techniques 

Sampling is based on selecting subset of data uniformly distributed. 

 Reservoir Sampling (Fixed Size Sample)This algorithm sample a subset m of the 

data from the stream. After the i’th item is chosen with probability 1/i and if the i 

element is already sampled its randomly replace a sampled item 

              Sketching is based on reducing the dimensionality of the dataset. Sketch is based on 

performing a linear transformation of the data delivering a summarization of the Stream.  

            Sliding windows: The Sliding window is a problem-solving technique of data 

structure and algorithm for problems that apply arrays or lists. These problems are painless to 

solve using a brute force approach in O(n²) or O(n³). However, the Sliding window technique 

can reduce the time complexity to O(n) 

           Histograms: A histogram is a graph that shows the frequency of numerical data using 

rectangles. The height of a rectangle (the vertical axis) represents the distribution frequency 

of a variable (the amount, or how often that variable appears). 

https://en.wikipedia.org/wiki/Reservoir_sampling


            Multiresolution methods: A common way to deal with a large amount of data is 

through the use of data reduction methods   

          Randomised Algorithms:in the form of sampling and sketching are often used to deal 

with massive ,high dimensional data streams. 

Chebyshevs inequality  let x be a random variable with mean µand and standard deviation then 

P(|x-µ|>k)<=(sd)2/k2 

 For any positive real number k 

Data stream Management system:They arrive online and are continuous ,temporally ordered 

and potentially infinite. 

Stream queries ,includes three parts end user,query processor and scratch space.continious 

query is evaluated continuously as data stream continue to arrive. 

 

 

2.Explain the how Mining can be performed on Time-Series Data. 

 

“What is a time-series database?” A time-series database consists of sequences of values 

or events obtained over repeated measurements of time. The values are typically 

measured at equal time intervals (e.g., hourly, daily, weekly). Time-series databases are 

popular in many applications, such as stock market analysis, economic and sales forecasting, 

budgetary analysis, utility studies, inventory studies, yield projections, workload 

projections, process and quality control, observation of natural phenomena (such 

as atmosphere, temperature, wind, earthquake), scientific and engineering experiments, 

and medical treatments. A time-series database is also a sequence database. However, a 

sequence database is any database that consists of sequences of ordered events, with or 

without concrete notions of time. For example, Web page traversal sequences and customer 

shopping transaction sequences are sequence data, but they may not be time-series 

data.  

With the growing deployment of a large number of sensors, telemetry devices, and 

other on-line data collection tools, the amount of time-series data is increasing rapidly, 

often in the order of gigabytes per day (such as in stock trading) or even per minute 

(such as from NASA space programs). How can we find correlation relationships within 

time-series data? How can we analyze such huge numbers of time series to find similar 



or regular patterns, trends, bursts (such as sudden sharp changes), and outliers, with fast or 

even on-line real-time response.This has become an increasingly important and challenging 

problem. In this section, we examine several aspects of mining time-series databases, with a 

focus on trend analysis and similarity search. 

1. Trend Analysis 

 

A time series involving a variable Y, representing, say, the daily closing price of a share in 

a stock market, can be viewed as a function of time t, that is, Y = F(t). Such a function 

can be illustrated as a time-series graph, as shown in Figure 8.4, which describes a point 

moving with the passage of time. 

“How can we study time-series data?” In general, there are two goals in time-series 

analysis: (1) modeling time series (i.e., to gain insight into the mechanisms or underlying 

forces that generate the time series), and (2) forecasting time series (i.e., to predict the 

future values of the time-series variables). 

Trend analysis consists of the following four major components or movements for 

characterizing time-series data: 

Trend or long-term movements: These indicate the general direction in which a time series 

graph is moving over a long interval of time. This movement is displayed by a 

trend curve, or a trend line. For example, the trend curve of Figure 8.4 is indicated by 

a dashed curve. Typical methods for determining a trend curve or trend line include 

the weighted moving average method and the least squares method, discussed later. 

 

Cyclic movements or cyclic variations: These refer to the cycles, that is, the long-term 

oscillations about a trend line or curve, which may or may not be periodic. That is, 

the cycles need not necessarily follow exactly similar patterns after equal intervals of 

time. 

 

Seasonal movements or seasonal variations: These are systematic or calendar related. 

Examples include events that recur annually, such as the sudden increase in sales of 

chocolates and flowers before Valentine’s Day or of department store items before 

Christmas. The observed increase in water consumption in summer due to warm 

weather is another example. In these examples, seasonal movements are the identical 



or nearly identical patterns that a time series appears to follow during corresponding 

months of successive years. 

Irregular or random movements: These characterize the sporadic motion of time 

series due to random or chance events, such as labor disputes, floods, or announced 

personnel changes within companies. 

 

3. Explain how Mining can be performed on Sequence Patterns in Transactional 

Databases. 

 

A sequence database consists of sequences of ordered elements or events, recorded with 

or without a concrete notion of time. There are many applications involving sequence 

data. Typical examples include customer shopping sequences, Web clickstreams, biological 

sequences, sequences of events in science and engineering, and in natural and 

social developments. In this section, we study sequential pattern mining in transactional 

databases. In particular, we start with the basic concepts of sequential pattern mining in 

Section 8.3.1. Section 8.3.2 presents several scalable methods for such mining. 

Constraint-based sequential pattern mining is described in Section 8.3.3. Periodicity 

analysis for sequence data is discussed in Section 8.3.4. Specific methods for mining 

sequence patterns in biological data are addressed in Section 8.4. 

1 Sequential Pattern Mining: Concepts and Primitives 

“What is sequential pattern mining?” Sequential pattern mining is the mining of frequently 

occurring ordered events or subsequences as patterns. An example of a sequential 

pattern is “Customers who buy a Canon digital camera are likely to buy an HP color 

printer within a month.” For retail data, sequential patterns are useful for shelf placement 

and promotions. This industry, as well as telecommunications and other businesses, may 

also use sequential patterns for targeted marketing, customer retention, and many other 

tasks. Other areas in which sequential patterns can be applied include Web access pattern 

analysis, weather prediction, production processes, and network intrusion detection. 

Notice that most studies of sequential pattern mining concentrate on categorical (or 

symbolic) patterns,whereas numerical curve analysis usually belongs to the scope of trend 

analysis and forecasting in statistical time-series analysis, as discussed in Section 8.2. 

 

The sequential pattern mining problem was first introduced by Agrawal and Srikant 

in 1995 [AS95] based on their study of customer purchase sequences, as follows: “Given a 

set of sequences, where each sequence consists of a list of events (or elements) and each 

event consists of a set of items, and given a user-specified minimum support threshold of min 

sup, sequential pattern mining finds all frequent subsequences, that is, the subsequences 

whose occurrence frequency in the set of sequences is no less than min sup.” 

 

Let’s establish some vocabulary for our discussion of sequential pattern mining. Let 

 



 
 

 



 
 

Therefore, s is frequent, and so we call it a sequential pattern. It is a 3-pattern since it is a 

sequential pattern of length three. 

 

 
 

All three approaches either directly or indirectly explore the Apriori property, stated 



as follows: every nonempty subsequence of a sequential pattern is a sequential pattern. 

(Recall that for a pattern to be called sequential, it must be frequent. That is, it must satisfy 

minimum support.) The Apriori property is anti monotonic (or downward-closed) 

in that, if a sequence cannot pass a test (e.g., regarding minimum support), all of its 

super sequences will also fail the test. Use of this property to prune the search space can 

help make the discovery of sequential patterns more efficient. 

 

Mining Multidimensional, Multilevel Sequential Patterns 

 

Sequence identifiers (representing individual customers, for example) and sequence 

items (such as products bought) are often associated with additional pieces of information. 

Sequential pattern mining should take advantage of such additional information 

to discover interesting patterns in multidimensional, multilevel information space. 

Take customer shopping transactions, for instance. In a sequence database for such data, 

the additional information associated with sequence IDs could include customer age, 

address, group, and profession. Information associated with items could include item 

category, brand, model type, model number, place manufactured, and manufacture date. 

Mining multidimensional, multilevel sequential patterns is the discovery of interesting 

patterns in such a broad dimensional space, at different levels of detail. 

 

Example 8.12 Multidimensional, multilevel sequential patterns. The discovery that “Retired 

customers who purchase a digital camera are likely to purchase a color printer within a 

month” and that “Young adults who purchase a laptop are likely to buy a flash drive within 

two weeks” are examples of multidimensional, multilevel sequential patterns. By grouping 

customers into “retired customers” and “young adults” according to the values in the age 

dimension, and by generalizing items to, say, “digital camera” rather than a specific model, 

the patterns mined here are associated with additional dimensions and are at a higher level of 

granularity. 

 

“Can a typical sequential pattern algorithm such as PrefixSpan be extended to efficiently 

mine multidimensional, multilevel sequential patterns?” One suggested modification is to 

associate the multidimensional, multilevel information with the sequence ID and 

item ID, respectively, which the mining method can take into consideration when finding 

frequent subsequence. For example, (Chicago, middle aged, business) can be associated 

with sequence ID 1002 (for a given customer), whereas (Digital camera, Canon, 

Supershot, SD400, Japan, 2005) can be associated with item ID 543005 in the sequence. 

A sequential pattern mining algorithm will use such information in the mining process 

to find sequential patterns associated with multidimensional, multilevel information. 

 

Constraint-Based Mining of Sequential Patterns 

 

As shown in our study of frequent-pattern mining in Chapter 5, mining that is performed 

without user- or expert-specified constraints may generate numerous patterns that are 

of no interest. Such unfocused mining can reduce both the efficiency and usability of 

frequent-pattern mining. Thus, we promote constraint-based mining, which incorporates 

user-specified constraints to reduce the search space and derive only patterns that 

are of interest to the user. 

Constraints can be expressed in many forms. They may specify desired relationships 

between attributes, attribute values, or aggregates within the resulting patterns 

mined. Regular expressions can also be used as constraints in the form of “pattern 



templates,” which specify the desired form of the patterns to be mined. The general 

concepts introduced for constraint-based frequent pattern mining in Section 5.5.1 

apply to constraint-based sequential pattern mining as well. The key idea to note is that 

these kinds of constraints can be used during the mining process to confine the search 

space, thereby improving (1) the efficiency of the mining and (2) the interestingness 

of the resulting patterns found. This idea is also referred to as “pushing the constraints 

deep into the mining process.” 

We now examine some typical examples of constraints for sequential pattern mining. 

First, constraints can be related to the duration, T, of a sequence. The duration may 

be the maximal or minimal length of the sequence in the database, or a user-specified 

duration related to time, such as the year 2005. Sequential pattern mining can then be 

confined to the data within the specified duration, T. 

Constraints relating to the maximal or minimal length (duration) can be treated as 

antimonotonic or monotonic constraints, respectively. For example, the constraint T _10 

is ant monotonic since, if a sequence does not satisfy this constraint, then neither will 

any of its super sequences (which are, obviously, longer). The constraint T >10 is monotonic. 

This means that if a sequence satisfies the constraint, then all of its super sequences 

will also satisfy the constraint. We have already seen several examples in this chapter 

of how antimonotonic constraints (such as those involving minimum support) can be 

pushed deep into the mining process to prune the search space. Monotonic constraints 

can be used in a way similar to its frequent-pattern counterpart as well. 

Constraints related to a specific duration, such as a particular year, are considered 

succinct constraints. A constraint is succinct if we can enumerate all and only those 

sequences that are guaranteed to satisfy the constraint, even before support counting 

begins. Suppose, here, T = 2005. By selecting the data for which year = 2005, we can 

enumerate all of the sequences guaranteed to satisfy the constraint before mining begins. 

In other words, we don’t need to generate and test. Thus, such constraints contribute 

toward efficiency in that they avoid the substantial overhead of the generate-and-test 

paradigm. 

Durations may also be defined as being related to sets of partitioned sequences, such 

as every year, or every month after stock dips, or every two weeks before and after an 

earthquake. In such cases, periodic patterns (Section 8.3.4) can be discovered. 

Second, the constraint may be related to an event folding window, w. A set of events 

occurring within a specified period can be viewed as occurring together. If w is set to be as 

long as the duration, T, it finds time-insensitive frequent patterns—these are essentially 

frequent patterns, such as “In 1999, customers who bought a PC bought a digital camera 

as well” (i.e., without bothering about which items were bought first). If w is set to 0 

(i.e., no event sequence folding), sequential patterns are found where each event occurs 

at a distinct time instant, such as “A customer who bought a PC and then a digital camera 

is likely to buy an SD memory chip in a month.” If w is set to be something in between 

(e.g., for transactions occurring within the same month or within a sliding window of 

24 hours), then these transactions are considered as occurring within the same period, 

and such sequences are “folded” in the analysis. 

-------------------- 



 
 

 

Mining Object, Spatial, Multimedia, Text, and Web Data 

 

Q4.What is Multidimensional Analysis and Descriptive Mining of 

Complex Data Objects? 

 

Many advanced, data-intensive applications, such as scientific research and engineering 

design, need to store, access, and analyze complex but relatively structured data objects. 

These objects cannot be represented as simple and uniformly structured records (i.e., 

tuples) in data relations. Such application requirements have motivated the design and 

development of object-relational and object-oriented database systems. Both kinds of systems 

deal with the efficient storage and access of vast amounts of disk-based complex 

structured data objects. These systems organize a large set of complex data objects into 

classes, which are in turn organized into class/subclass hierarchies. Each object in a class 

is associated with 

(1) an object-identifier,  

(2) a set of attributes that may contain sophisticated data structures, set- or list-valued data, 

class composition hierarchies, multimedia data, and  

(3) a set of methods that specify the computational routines or rules 

associated with the object class. There has been extensive research in the field of database 

systems on how to efficiently index, store, access, and manipulate complex objects in 

object-relational and object-oriented database systems. 

 

One step beyond the storage and access of massive-scaled, complex object data is the 

systematic analysis and mining of such data. This includes two major tasks: (1) construct 

multidimensional data warehouses for complex object data and perform online 

analytical processing (OLAP) in such data warehouses, and (2) develop effective and 

scalable methods for mining knowledge from object databases and/or data warehouses. 



The second task is largely covered by the mining of specific kinds of data (such as spatial, 

temporal, sequence, graph- or tree-structured, text, and multimedia data), since these 

data form the major new kinds of complex data objects. 

In this chapter we study methods for mining complex data. Thus, our focus in this 

section will be mainly on how to construct object data warehouses and perform OLAP 

analysis on data warehouses for such data. 

A major limitation of many commercial data warehouse and OLAP tools for 

multidimensional 

database analysis is their restriction on the allowable data types for dimensions 

and measures. Most data cube implementations confine dimensions to nonnumeric 

data, and measures to simple, aggregated values. To introduce data mining and 

multidimensional data analysis for complex objects, this section examines how to perform 

generalization on complex structured objects and construct object cubes for OLAP and 

mining in object databases. 

To facilitate generalization and induction in object-relational and object-oriented 

databases, it is important to study how each component of such databases can be generalized, 

and how the generalized data can be used for multidimensional data analysis and data mining. 

 

a)Generalization of Structured Data 

 

An important feature of object-relational and object-oriented databases is their capability 

of storing, accessing, and modeling complex structure-valued data, such as set- and 

list-valued data and data with nested structures. 

“How can generalization be performed on such data?” Let’s start by looking at the 

generalization of set-valued, list-valued, and sequence-valued attributes. 

A set-valued attribute may be of homogeneous or heterogeneous type. Typically, 

set-valued data can be generalized by (1) generalization of each value in the set to its 

corresponding higher-level concept, or (2) derivation of the general behavior of the set, 

such as the number of elements in the set, the types or value ranges in the set, the 

weighted average for numerical data, or the major clusters formed by the set. Moreover, 

generalization can be performed by applying different generalization operators to 

explore alternative generalization paths. In this case, the result of generalization is a 

heterogeneous set. 

  

Example1: Generalization of a set-valued attribute.  

Suppose that the hobby of a person is a set-valued attribute containing the set of values 

{tennis, hockey, soccer, violin, SimCity}. This set can be generalized to a set of high-level 

concepts, such as{sports, music, computer games} or into the number 5 (i.e., the number of 

hobbies in the set). Moreover, a count can be associated with a generalized value to indicate 

how many elements are generalized to that value, as in {sports(3),music(1), computer 

games(1)}, where sports(3) indicates three 

kinds of sports, and so on. 

 

Example2: Generalization of list-valued attributes.  

Consider the following list or sequence of data for a person’s education record: “((B.Sc. in 

Electrical Engineering, U.B.C., Dec., 1998), (M.Sc. in Computer Engineering, U. Maryland, 

May, 2001), (Ph.D. in Computer Science, UCLA, Aug., 2005))”. This can be generalized by 

dropping less important descriptions (attributes) of each tuple in the list, such as by dropping 

the month attribute to obtain “((B.Sc., U.B.C., 1998), : : :)”, and/or by retaining only the most 

important tuple(s) in the list, e.g., “(Ph.D. in Computer Science, UCLA, 2005)”. 



 

 

b)Aggregation and Approximation in Spatial and Multimedia Data Generalization 

 

Aggregation and approximation are another important means of generalization. They 

are especially useful for generalizing attributes with large sets of values, complex structures, 

and spatial or multimedia data. 

Let’s take spatial data as an example. We would like to generalize detailed geographic 

points into clustered regions, such as business, residential, industrial, or agricultural 

areas, according to land usage. Such generalization often requires the merge 

of a set of geographic areas by spatial operations, such as spatial union or spatial 

clustering methods. Aggregation and approximation are important techniques for 

this form of generalization. In a spatial merge, it is necessary to not only merge the 

regions of similar types within the same general class but also to compute the total 

areas, average density, or other aggregate functions while ignoring some scattered 

regions with different types if they are unimportant to the study. Other spatial operators, 

such as spatial-union, spatial-overlapping, and spatial-intersection (which may 

require the merging of scattered small regions into large, clustered regions) can also 

use spatial aggregation and approximation as data generalization operators. 

 

Example:3 Spatial aggregation and approximation. Suppose that we have different pieces 

of land for various purposes of agricultural usage, such as the planting of vegetables, grains, 

and fruits. These pieces can be merged or aggregated into one large piece of agricultural land 

by a spatial merge. However, such a piece of agricultural land may contain highways, houses, 

and small stores. If the majority of the land is used for agriculture, the scattered regions for 

other purposes can be ignored, and the whole region can be claimed as an agricultural area by 

approximation. 

 

 

5.What is Spatial Data Mining? 

 

A spatial database stores a large amount of space-related data, such as maps, pre-processed 

remote sensing or medical imaging data, and VLSI chip layout data. Spatial 

databases have many features distinguishing them from relational databases. They 

carry topological and/or distance information, usually organized by sophisticated, 

multidimensional spatial indexing structures that are accessed by spatial data access 

methods and often require spatial reasoning, geometric computation, and spatial 

knowledge representation techniques. 

Spatial data mining refers to the extraction of knowledge, spatial relationships, or 

other interesting patterns not explicitly stored in spatial databases. Such mining demands 

an integration of data mining with spatial database technologies. It can be used for 

understanding spatial data, discovering spatial relationships and relationships between spatial 

and nonspatial data, constructing spatial knowledge bases, reorganizing spatial databases, and 

optimizing spatial queries. It is expected to have wide applications in geographic information 

systems, geomarketing, remote sensing, image database exploration, medical imaging, 

navigation, traffic control, environmental studies, and many other areas where spatial data are 

used. A crucial challenge to spatial data mining is the exploration of efficient spatial data 

mining techniques due to the huge amount of spatial data and the complexity of spatial data 

types and spatial access methods. 

“What about using statistical techniques for spatial data mining?” Statistical spatial data 



analysis has been a popular approach to analyzing spatial data and exploring geographic 

information. The term geostatistics is often associated with continuous geographic space, 

whereas the term spatial statistics is often associated with discrete space. In a statistical 

model that handles nonspatial data, one usually assumes statistical independence among 

different portions of data. However, different from traditional data sets, there is no such 

independence among spatially distributed data because in reality, spatial objects are often 

interrelated, or more exactly spatially co-located, in the sense that the closer the two objects 

are located, the more likely they share similar properties. For example, nature resource, 

climate, temperature, and economic situations are likely to be similar in geographically 

closely located regions. People even consider this as the first law of geography: “Everything 

is related to everything else, but nearby things are more related than distant things.” Such 

a property of close interdependency across nearby space leads to the notion of spatial 

autocorrelation. Based on this notion, spatial statistical modelling methods have been 

developed with good success. Spatial data mining will further develop spatial statistical 

analysis methods and extend them for huge amounts of spatial data, with more emphasis 

on efficiency, scalability, cooperation with database and data warehouse systems, 

improved user interaction, and the discovery of new types of knowledge. 

 

1. Spatial Data Cube Construction and Spatial OLAP 

 

“Can we construct a spatial data warehouse?” Yes, as with relational data, we can integrate 

spatial data to construct a data warehouse that facilitates spatial data mining. A spatial 

data warehouse is a subject-oriented, integrated, time-variant, and non-volatile collection 

of both spatial and nonspatial data in support of spatial data mining and spatial-data related 

decision-making processes. 

 

Let’s look at the following example. 

 

Example:5 Spatial data cube and spatial OLAP. There are about 3,000 weather probes 

distributed in British Columbia (BC), Canada, each recording daily temperature and 

precipitation for a designated small area and transmitting signals to a provincial weather 

station. With a spatial data warehouse that supports spatial OLAP, a user can view weather 

patterns on a map by month, by region, and by different combinations of temperature and 

precipitation, and can dynamically drill down or roll up along any dimension to explore 

desired patterns, such as “wet and hot regions in the Fraser Valley in Summer 1999.” 

 

 

There are three types of dimensions in a spatial data cube: 

A nonspatial dimension contains only nonspatial data. Nonspatial dimensions 

temperature and precipitation can be constructed for the warehouse in Example 10.5, 

since each contains nonspatial data whose generalizations are nonspatial (such as 

“hot” for temperature and “wet” for precipitation). 

A spatial-to-nonspatial dimension is a dimension whose primitive-level data are spatial 

but whose generalization, starting at a certain high level, becomes nonspatial. For 

example, the spatial dimension city relays geographic data for the U.S. map. Suppose 

that the dimension’s spatial representation of, say, Seattle is generalized to the string 

“pacific northwest.” Although “pacific northwest” is a spatial concept, its representation 

is not spatial (since, in our example, it is a string). It therefore plays the role of a 

nonspatial dimension. 

Aspatial-to-spatial dimension is a dimension whose primitive level and all of its high-level 



generalized data are spatial. For example, the dimension equi temperature region 

contains spatial data, as do all its generalizations, such as with regions covering 

0-5 degrees (Celsius), 5-10 degrees, and so on. 

We distinguish two types of measures in a spatial data cube: 

A numerical measure contains only numerical data. For example, one measure in a 

spatial data warehouse could be the monthly revenue of a region, so that a roll-up may 

compute the total revenue by year, by county, and so on. Numerical measures can be 

further classified into distributive, algebraic, and holistic, as discussed in Chapter 3. 

A spatial measure contains a collection of pointers to spatial objects. For example, 

in a generalization (or roll-up) in the spatial data cube of Example 10.5, the regions 

with the same range of temperature and precipitation will be grouped into the same 

cell, and the measure so formed contains a collection of pointers to those regions. 

A nonspatial data cube contains only nonspatial dimensions and numerical measures. 

If a spatial data cube contains spatial dimensions but no spatial measures, its OLAP 

operations, such as drilling or pivoting, can be implemented in a manner similar to that 

for nonspatial data cubes. 

“But what if I need to use spatial measures in a spatial data cube?” This notion raises 

some challenging issues on efficient implementation, as shown in the following example. 

 

Example:6 Numerical versus spatial measures. 

A star schema for the BC weather warehouse of Example 10.5 is shown in Figure 10.2. 

 

 
 

 

It consists of four dimensions: region temperature, time, and precipitation, and three 

measures: region map, area, and count. A concept hierarchy for each dimension can be 

created by users or experts, or generated automatically by data clustering analysis.  

 

 

Figure 10.3 presents hierarchies for each of the dimensions in the BC weather warehouse. 

 



 
 

Of the three measures, area and count are numerical measures that can be computed 

similarly as for nonspatial data cubes; region map is a spatial measure that represents a 

collection of spatial pointers to the corresponding regions. Since different spatial OLAP 

operations result in different collections of spatial objects in region map, it is a major 

challenge to compute the merges of a large number of regions flexibly and dynamically. 

For example, two different roll-ups on the BC weather map data (Figure 10.2) may 

produce two different generalized region maps, as shown in Figure 10.4,  

 

 

 

 
 

 

each being the result of merging a large number of small (probe) regions from Figure 10.2. 

 

 

6.What is Multimedia Data Mining? 

 

“What is a multimedia database?” A multimedia database system stores and manages a 

large collection of multimedia data, such as audio, video, image, graphics, speech, text, 



document, and hypertext data, which contain text, text markups, and linkages. Multimedia 

database systems are increasingly common owing to the popular use of audio video 

equipment, digital cameras, CD-ROMs, and the Internet. Typical multimedia 

database systems include NASA’s EOS (Earth Observation System), various kinds of 

image and audio-video databases, and Internet databases. 

In this section, our study of multimedia data mining focuses on image data mining. 

Mining text data and mining the World Wide Web are studied in the two subsequent sections. 

Here we introduce multimedia data mining methods, including similarity 

search in multimedia data, multidimensional analysis, classification and prediction 

analysis, and mining associations in multimedia data. 

 

1 Similarity Search in Multimedia Data 

 

“When searching for similarities in multimedia data, can we search on either the data 

description or the data content?” That is correct. For similarity searching in multimedia 

data, we consider two main families of multimedia indexing and retrieval systems: (1) 

description-based retrieval systems, which build indices and perform object retrieval 

based on image descriptions, such as keywords, captions, size, and time of creation; 

and (2) content-based retrieval systems, which support retrieval based on the image 

content, such as color histogram, texture, pattern, image topology, and the shape of 

objects and their layouts and locations within the image. Description-based retrieval 

is labour-intensive if performed manually. If automated, the results are typically of 

poor quality. For example, the assignment of keywords to images can be a tricky and 

arbitrary task. Recent development of Web-based image clustering and classification 

methods has improved the quality of description-based Web image retrieval, because 

image surrounded text information as well as Web linkage information can be used 

to extract proper description and group images describing a similar theme together. 

Content-based retrieval uses visual features to index images and promotes object 

retrieval based on feature similarity, which is highly desirable in many applications. 

In a content-based image retrieval system, there are often two kinds of queries: image 

sample-based queries and image feature specification queries. Image-sample-based queries 

find all of the images that are similar to the given image sample. This search compares 

the feature vector (or signature) extracted from the sample with the feature vectors of 

images that have already been extracted and indexed in the image database. Based on 

this comparison, images that are close to the sample image are returned. Image feature 

specification queries specify or sketch image features like color, texture, or shape, which 

are translated into a feature vector to be matched with the feature vectors of the images in 

the database. Content-based retrieval has wide applications, including medical diagnosis, 

weather prediction, TV production, Web search engines for images, and e-commerce. 

Some systems, such as QBIC (Query By Image Content), support both sample-based and 

image feature specification queries. There are also systems that support both content based 

and description-based retrieval. 

Several approaches have been proposed and studied for similarity-based retrieval in 

image databases, based on image signature: 

 

Color histogram–based signature: In this approach, the signature of an image 

includes color histograms based on the color composition of an image regardless of 

its scale or orientation. This method does not contain any information about shape, 

image topology, or texture. Thus, two images with similar color composition but 

that contain very different shapes or textures may be identified as similar, although 



they could be completely unrelated semantically. 

 

Multifeature composed signature: In this approach, the signature of an image 

includes a composition of multiple features: color histogram, shape, image topology, 

and texture. The extracted image features are stored as metadata, and images 

are indexed based on such metadata. Often, separate distance functions can be 

defined for each feature and subsequently combined to derive the overall results. 

Multidimensional content-based search often uses one or a few probe features to 

search for images containing such (similar) features. It can therefore be used to 

search for similar images. This is the most popularly used approach in practice. 

 

Wavelet-based signature: This approach uses the dominant wavelet coefficients of an 

image as its signature. Wavelets capture shape, texture, and image topology information 

in a single unified framework.1 This improves efficiency and reduces the need 

for providing multiple search primitives (unlike the second method above). However, 

since this method computes a single signature for an entire image, it may fail to 

identify images containing similar objects where the objects differ in location or size. 

 

Wavelet-based signature with region-based granularity: In this approach, the computation 

and comparison of signatures are at the granularity of regions, not the entire 

image. This is based on the observation that similar images may contain similar 

regions, but a region in one image could be a translation or scaling of a matching 

region in the other. Therefore, a similarity measure between the query image Q and 

a target image T can be defined in terms of the fraction of the area of the two images 

covered by matching pairs of regions from Q and T. Such a region-based similarity 

search can find images containing similar objects, where these objects may be 

translated or scaled. 

 

2 Multidimensional Analysis of Multimedia Data 

 

“Can we construct a data cube for multimedia data analysis?” To facilitate the 

multidimensional analysis of large multimedia databases, multimedia data cubes can be 

designed and constructed in a manner similar to that for traditional data cubes from relational 

data. 

A multimedia data cube can contain additional dimensions and measures for multimedia 

information, such as color, texture, and shape. 

Let’s examine a multimedia data mining system prototype called Multimedia Miner, 

which extends the DBMiner system by handling multimedia data. The example database 

tested in the Multimedia Miner system is constructed as follows. Each image contains 

two descriptors: a feature descriptor and a layout descriptor. The original image is not 

stored directly in the database; only its descriptors are stored. The description information 

encompasses fields like image file name, image URL, image type (e.g., gif, tiff, jpeg, 

mpeg, bmp, avi), a list of all known Web pages referring to the image (i.e., parent URLs), a 

list of keywords, and a thumbnail used by the user interface for image and video browsing. 

The feature descriptor is a set of vectors for each visual characteristic. 

The main vectors are a color vector containing the color histogram quantized to 512 colors 

(8X8X8 for R_G_B), an MFC(Most Frequent Color) vector, and an MFO(Most Frequent 

Orientation) vector. The MFC and MFO contain five color centroids and five edge orientation 

centroids for the five most frequent colors and five most frequent orientations, 



respectively. The edge orientations used are 0 deg, 22:5deg, 45deg, 67:5deg, 90deg, and so 

on. The layout descriptor contains a color layout vector and an edge layout vector. Regardless 

of their original size, all images are assigned an 8_8 grid. The most frequent color for each of 

the 64 cells is stored in the color layout vector, and the number of edges for each orientation 

in each of the cells is stored in the edge layout vector. Other sizes of grids, like 4x4, 2x2, and 

1x1, can easily be derived. 

 

3 Classification and Prediction Analysis of Multimedia Data 

 

Classification and predictive modelling have been used for mining multimedia data, 

especially in scientific research, such as astronomy, seismology, and geoscientific research. 

In general, all of the classification methods discussed in Chapter 6 can be used in image 

analysis and pattern recognition. Moreover, in-depth statistical pattern analysis methods 

are popular for distinguishing subtle features and building high-quality models. 

Example 10.8 Classification and prediction analysis of astronomy data. Taking sky images 

that have been carefully classified by astronomers as the training set, we can construct 

models for the recognition of galaxies, stars, and other stellar objects, based on properties like 

magnitudes, areas, intensity, image moments, and orientation. A large number of sky 

images taken by telescopes or space probes can then be tested against the constructed 

models in order to identify new celestial bodies. Similar studies have successfully been 

performed to identify volcanoes on Venus. 

 

The popular use of the World Wide Web has made the Web a rich and gigantic repository 

Of multimedia data. The Web not only collects a tremendous number of photos, pictures, 

albums, and video images in the form of on-line multimedia libraries, but also has 

numerous photos, pictures, animations, and other multimedia forms on almost every 

Web page. Such pictures and photos, surrounded by text descriptions, located at the 

different blocks of Web pages, or embedded inside news or text articles, may serve rather 

different purposes, such as forming an inseparable component of the content, serving as 

an advertisement, or suggesting an alternative topic. Furthermore, these Web pages are 

linked with other Web pages in a complicated way. Such text, image location, and Web 

linkage information, if used properly, may help understand the contents of the text or 

assist classification and clustering of images on the Web. Data mining by making good 

use of relative locations and linkages among images, text, blocks within a page, and page 

links on the Web becomes an important direction in Web data analysis. 

 

7.What is Mining Associations in Multimedia Data? 

 

“What kinds of associations can be mined inmultimedia data?” Association rules involving 

multimedia objects can be mined in image and video databases. At least three categories 

can be observed: 

 

Associations between image content and nonimage content features: 

 A rule like “If at least 50% of the upper part of the picture is blue, then it is likely to 

represent sky” belongs to this category since it links the image content to the keyword sky. 

 

Associations among image contents that are not related to spatial relationships: A rule 

like “If a picture contains two blue squares, then it is likely to contain one red circle 

As well” belongs to this category since the associations are all regarding image contents. 

 



Associations among image contents related to spatial relationships: A rule like “If 

a red triangle is between two yellow squares, then it is likely a big oval-shaped object 

is underneath” belongs to this category since it associates objects in the image with 

spatial relationships. 

 

To mine associations among multimedia objects, we can treat each image as a transaction 

and find frequently occurring patterns among different images. 

“What are the differences between mining association rules in multimedia databases 

versus in transaction databases?” There are some subtle differences. First, an image may 

contain multiple objects, each with many features such as color, shape, texture, 

keyword, and spatial location, so there could be many possible associations. In many 

cases, a feature may be considered as the same in two images at a certain level of resolution, 

but different at a finer resolution level. Therefore, it is essential to promote a progressive 

resolution refinement approach. That is, we can first mine frequently occurring 

patterns at a relatively rough resolution level, and then focus only on those that have 

passed the minimum support threshold when mining at a finer resolution level. This is 

because the patterns that are not frequent at a rough level cannot be frequent at finer 

resolution levels. Such a multi resolution mining strategy substantially reduces the overall 

data mining cost without loss of the quality and completeness of data mining results. 

This leads to an efficient methodology for mining frequent item sets and associations in 

large multimedia databases. 

Second, because a picture containing multiple recurrent objects is an important 

feature in image analysis, recurrence of the same objects should not be ignored in association 

analysis. For example, a picture containing two golden circles is treated quite 

differently from that containing only one. This is quite different from that in a transaction 

database, where the fact that a person buys one gallon of milk or two may often be 

treated the same as “buys milk.” Therefore, the definition of multimedia association and 

its measurements, such as support and confidence, should be adjusted accordingly. 

Third, there often exist important spatial relationships among multimedia objects, 

such as above, beneath, between, nearby, left-of, and so on. These features are very useful 

for exploring object associations and correlations. Spatial relationships together with 

other content-based multimedia features, such as color, shape, texture, and keywords, 

may form interesting associations. Thus, spatial data mining methods and properties of 

topological spatial relationships become important for multimedia mining. 

 

8 What is Audio and Video Data Mining? 

Besides still images, an incommensurable amount of audiovisual information is becoming 

available in digital form, in digital archives, on the World Wide Web, in broadcast data 

streams, and in personal and professional databases. This amount is rapidly growing. 

There are great demands for effective content-based retrieval and data mining methods 

for audio and video data. Typical examples include searching for and multimedia editing 

of particular video clips in a TV studio, detecting suspicious persons or scenes in surveillance 

videos, searching for particular events in a personal multimedia repository such as 

MyLifeBits, discovering patterns and outliers in weather radar recordings, and finding a 

particular melody or tune in your MP3 audio album. 

To facilitate the recording, search, and analysis of audio and video information from 

multimedia data, industry and standardization committees have made great strides 

toward developing a set of standards for multimedia information description and 

compression. 

For example, MPEG-k (developed by MPEG: Moving Picture Experts Group) 



and JPEG are typical video compression schemes. The most recently released MPEG-7, 

formally named “Multimedia Content Description Interface,” is a standard for describing 

the multimedia content data. It supports some degree of interpretation of the information 

meaning, which can be passed onto, or accessed by, a device or a computer. 

MPEG-7 is not aimed at any one application in particular; rather, the elements that 

MPEG-7 standardizes support as broad a range of applications as possible. The audiovisual 

data description in MPEG-7 includes still pictures, video, graphics, audio, speech, 

three-dimensional models, and information about how these data elements are combined 

in the multimedia presentation. 

The MPEG committee standardizes the following elements in MPEG-7: (1) a set of 

descriptors, where each descriptor defines the syntax and semantics of a feature, such as 

color, shape, texture, image topology, motion, or title; (2) a set of descriptor schemes, 

where each scheme specifies the structure and semantics of the relationships between 

its components (descriptors or description schemes); (3) a set of coding schemes for 

the descriptors, and (4) a description definition language (DDL) to specify schemes and 

descriptors. Such standardization greatly facilitates content-based video retrieval and 

video data mining. 

 

It is unrealistic to treat a video clip as a long sequence of individual still pictures and 

analyze each picture since there are too many pictures, and most adjacent images could 

be rather similar. In order to capture the story or event structure of a video, it is better 

to treat each video clip as a collection of actions and events in time and first temporarily 

segment them into video shots. A shot is a group of frames or pictures where the video 

content from one frame to the adjacent ones does not change abruptly. Moreover, the 

most representative frame in a video shot is considered the key frame of the shot. Each key 

frame can be analyzed using the image feature extraction and analysis methods studied 

above in the content-based image retrieval. The sequence of key frames will then be used 

to define the sequence of the events happening in the video clip. Thus the detection of 

shots and the extraction of key frames from video clips become the essential tasks in 

video processing and mining. 

Video data mining is still in its infancy. There are still a lot of research issues to be 

solved before it becomes general practice. Similarity-based preprocessing, compression, 

indexing and retrieval, information extraction, redundancy removal, frequent pattern 

discovery, classification, clustering, and trend and outlier detection are important data 

mining tasks in this domain. 

 

9.What is Text Mining? 

 

Most previous studies of data mining have focused on structured data, such as relational, 

transactional, and data warehouse data. However, in reality, a substantial portion of 

the available information is stored in text databases (or document databases), which 

consist of large collections of documents from various sources, such as news articles, 

research papers, books, digital libraries, e-mail messages, and Web pages. Text databases 

are rapidly growing due to the increasing amount of information available in electronic 

form, such as electronic publications, various kinds of electronic documents, e-mail, and 

the World Wide Web (which can also be viewed as a huge, interconnected, dynamic text 

database). Nowadays most of the information in government, industry, business, and 

other institutions are stored electronically, in the form of text databases. 

 

Data stored in most text databases are semi structured data in that they are neither 



completely unstructured nor completely structured. For example, a document may 

contain a few structured fields, such as title, authors, publication date, category, and 

so on, but also contain some largely unstructured text components, such as abstract 

and contents. There have been a great deal of studies on the modelling and implementation 

of semi structured data in recent database research. Moreover, information 

retrieval techniques, such as text indexing methods, have been developed to handle 

unstructured documents. 

Traditional information retrieval techniques become inadequate for the increasingly 

vast amounts of text data. Typically, only a small fraction of the many available documents 

will be relevant to a given individual user. Without knowing what could be in the 

documents, it is difficult to formulate effective queries for analyzing and extracting useful 

information from the data. Users need tools to compare different documents, rank the 

importance and relevance of the documents, or find patterns and trends across multiple 

documents. Thus, text mining has become an increasingly popular and essential theme 

in data mining. 

 

1 Text Data Analysis and Information Retrieval 

“What is information retrieval?” Information retrieval (IR) is a field that has been developing 

in parallel with database systems for many years. Unlike the field of database 

systems, which has focused on query and transaction processing of structured data, 

information retrieval is concerned with the organization and retrieval of information from a 

large number of text-based documents. Since information retrieval and database systems 

each handle different kinds of data, some database system problems are usually not 

present in information retrieval systems, such as concurrency control, recovery, transaction 

management, and update. Also, some common information retrieval problems 

are usually not encountered in traditional database systems, such as unstructured documents, 

approximate search based on keywords, and the notion of relevance. 

Due to the abundance of text information, information retrieval has found many 

applications. There exist many information retrieval systems, such as on-line library 

catalog systems, on-line document management systems, and the more recently developed 

Web search engines. 

A typical information retrieval problem is to locate relevant documents in a document 

collection based on a user’s query, which is often some keywords describing an 

information need, although it could also be an example relevant document. In such a 

search problem, a user takes the initiative to “pull” the relevant information out from 

the collection; this is most appropriate when a user has some ad hoc (i.e., short-term) 

information need, such as finding information to buy a used car. When a user has a 

long-term information need (e.g., a researcher’s interests), a retrieval system may also 

take the initiative to “push” any newly arrived information item to a user if the item 

is judged as being relevant to the user’s information need. Such an information access 

process is called information filtering, and the corresponding systems are often called 

filtering systems or recommender systems. From a technical viewpoint, however, search and 

filtering share many common techniques. Below we briefly discuss the major techniques 

in information retrieval with a focus on search techniques. 

 



 
 

 
 

Precision, recall, and F-score are the basic measures of a retrieved set of documents. 

These three measures are not directly useful for comparing two ranked lists of documents 

because they are not sensitive to the internal ranking of the documents in a retrieved set. 

In order to measure the quality of a ranked list of documents, it is common to compute an 

average of precisions at all the ranks where a new relevant document is returned. It is also 

common to plot a graph of precisions at many different levels of recall; a higher curve 

represents a better-quality information retrieval system. 

 

 

Text Retrieval Methods 



 

“What methods are there for information retrieval?” Broadly speaking, retrieval methods 

fall into two categories: They generally either view the retrieval problem as a document 

selection problem or as a document ranking problem. 

In document selection methods, the query is regarded as specifying constraints for 

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

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

a Boolean expression of keywords, such as “car and repair shops,” “tea or coffee,” or 

“database systems but not Oracle.” The retrieval systemwould take such a Boolean query 

and return documents that satisfy the Boolean expression. Because of the difficulty in 

prescribing a user’s information need exactly with a Boolean query, the Boolean retrieval 

method generally only works well when the user knows a lot about the document collection 

and can formulate a good query in this way. 

Document ranking methods use the query to rank all documents in the order of 

relevance. For ordinary users and exploratory queries, these methods are more appropriate 

than document selection methods. Most modern information retrieval systems 

present a ranked list of documents in response to a user’s keyword query. There are 

many different ranking methods based on a large spectrum of mathematical foundations, 

including algebra, logic, probability, and statistics. The common intuition behind 

all of these methods is that we may match the keywords in a query with those in the 

documents and score each document based on how well it matches the query. The goal 

is to approximate the degree of relevance of a document with a score computed based on 

information such as the frequency of words in the document and the whole collection. 

Notice that it is inherently difficult to provide a precise measure of the degree of relevance 

between a set of keywords. For example, it is difficult to quantify the distance between 

data mining and data analysis. Comprehensive empirical evaluation is thus essential for 

validating any retrieval method. 

 

The vector space model for  text retrieval: 

The basic idea of the vector space model is the following: We represent a document 

and a query both as vectors in a high-dimensional space corresponding to all the 

keywords and use an appropriate similarity measure to compute the similarity between 

the query vector and the document vector. The similarity values can then be used for 

ranking documents. 

“How do we tokenize text?” The first step in most retrieval systems is to identify keywords 

for representing documents, a preprocessing step often called tokenization. To 

avoid indexing useless words, a text retrieval system often associates a stop list with a set 

of documents. A stop list is a set of words that are deemed “irrelevant.” For example, a, 

the, of, for, with, and so on are stop words, even though they may appear frequently. Stop 

lists may vary per document set. For example, database systems could be an important 

keyword in a newspaper.However, it may be considered as a stop word in a set of research 

papers presented in a database systems conference. 

A group of different words may share the same word stem. A text retrieval system 

needs to identify groups of words where the words in a group are small syntactic variants 

of one another and collect only the common word stem per group. For example, the 

group of words drug, drugged, and drugs, share a common word stem, drug, and can be 

viewed as different occurrences of the same word. 



 
 

 
 



 
 

 

 
 



 
 

 

Query Processing Techniques 

 

Once an inverted index is created for a document collection, a retrieval systemcan answer 

a keyword query quickly by looking up which documents contain the query keywords. 

Specifically, we will maintain a score accumulator for each document and update these 

accumulators as we go through each query term. For each query term, we will fetch all of 

the documents that match the term and increase their scores. 

 

When examples of relevant documents are available, the system can learn from such 

examples to improve retrieval performance. This is called relevance feedback and has 

proven to be effective in improving retrieval performance. When we do not have such 

relevant examples, a system can assume the top few retrieved documents in some initial 

retrieval results to be relevant and extract more related keywords to expand a query. Such 

feedback is called pseudo-feedback or blind feedback and is essentially a process of mining 

useful keywords from the top retrieved documents. Pseudo-feedback also often leads to 

improved retrieval performance. 

One major limitation of many existing retrieval methods is that they are based on 

exact keyword matching. However, due to the complexity of natural languages, keyword 

based retrieval can encounter two major difficulties. The first is the synonymy problem: two 

words with identical or similar meanings may have very different surface forms. For 

example, a user’s query may use the word “automobile,” but a relevant document may use 

“vehicle” instead of “automobile.” The second is the polysemy problem: the same keyword, 

such as mining, or Java, may mean different things in different contexts. 

We now discuss some advanced techniques that can help solve these problems as well 

as reduce the index size. 

 



 
 

Latent Semantic Indexing 

 

Latent semantic indexing (LSI) is one of the most popular algorithms for document 

dimensionality reduction. It is fundamentally based on SVD (singular value decomposition). 

 

 
 



 
 

 
 

 



 
 

 
 



 
 

10.What do you understand from Mining the World Wide Web 

 

The World Wide Web serves as a huge, widely distributed, global information service center 

for news, advertisements, consumer information, financial management, education, 

government, e-commerce, and many other information services. The Web also contains 

a rich and dynamic collection of hyperlink information and Web page access and usage 

information, providing rich sources for data mining. However, based on the following 

observations, the Web also poses great challenges for effective resource and knowledge 

discovery. 

 

The Web seems to be too huge for effective data warehousing and data mining. The size 

of the Web is in the order of hundreds of terabytes and is still growing rapidly. Many 

organizations and societies place most of their public-accessible information on the 

Web. It is barely possible to set up a data warehouse to replicate, store, or integrate all 

of the data on the Web. 

 

The complexity of Web pages is far greater than that of any traditional text document 

collection. Web pages lack a unifying structure. They contain far more authoring style 

and content variations than any set of books or other traditional text-based documents. 

The Web is considered a huge digital library; however, the tremendous number 

of documents in this library are not arranged according to any particular sorted order. 

There is no index by category, nor by title, author, cover page, table of contents, and 

so on. It can be very challenging to search for the information you desire in such a 

library! 



The Web is a highly dynamic information source. Not only does the Web grow rapidly, 

but its information is also constantly updated. News, stock markets, weather, sports, 

shopping, company advertisements, and numerous other Web pages are updated regularly 

on the Web. Linkage information and access records are also updated frequently. 

 

The Web serves a broad diversity of user communities. The Internet currently connects 

more than 100 million workstations, and its user community is still rapidly expanding. 

Users may have very different backgrounds, interests, and usage purposes. Most 

users may not have good knowledge of the structure of the information network and 

may not be aware of the heavy cost of a particular search. They can easily get lost by 

groping in the “darkness” of the network, or become bored by taking many access 

“hops” and waiting impatiently for a piece of information. 

 

Only a small portion of the information on the Web is truly relevant or useful. It is said 

that 99% of the Web information is useless to 99% of Web users. Although this may 

not seem obvious, it is true that a particular person is generally interested in only a 

tiny portion of the Web, while the rest of the Web contains information that is uninteresting 

to the user and may swamp desired search results. How can the portion of 

the Web that is truly relevant to your interest be determined? How can we find high quality 

Web pages on a specified topic? 

These challenges have promoted research into efficient and effective discovery and use 

of resources on the Internet. 

 

 
 



 
 

 
 

 



 
 

 
 

hyperlinks are for endorsement, then the collective opinion will still dominate. Second, 

for commercial or competitive interests, one authority will seldom have its Web page 

point to its rival authorities in the same field. For example, Coca-Cola may prefer not 

to endorse its competitor Pepsi by not linking to Pepsi’s Web pages. Third, authoritative 

pages are seldom particularly descriptive. For example, the main Web page of Yahoo! 

may not contain the explicit self-description “Web search engine.” 

These properties of Web link structures have led researchers to consider another 

important category of Web pages called a hub. A hub is one or a set of Web pages that 

provides collections of links to authorities. Hub pages may not be prominent, or there may 

exist few links pointing to them; however, they provide links to a collection of prominent 

sites on a common topic. Such pages could be lists of recommended links on individual 



home pages, such as recommended reference sites from a course home page, or 

professionally assembled resource lists on commercial sites. Hub pages play the role of 

implicitly conferring authorities on a focused topic. In general, a good hub is a page that 

points to many good authorities; a good authority is a page pointed to by many good 

hubs. Such a mutual reinforcement relationship between hubs and authorities helps the 

mining of authoritative Web pages and automated discovery of high-quality Web structures 

and resources. 

 

3 Mining Multimedia Data on the Web 

A huge amount of multimedia data are available on the Web in different forms. These 

include video, audio, images, pictures, and graphs. There is an increasing demand for 

effective methods for organizing and retrieving such multimedia data. 

Compared with the general-purpose multimedia data mining, the multimedia data 

on the Web bear many different properties. Web-based multimedia data are embedded 

on the Web page and are associated with text and link information. These texts and links 

can also be regarded as features of the multimedia data. Using some Web page layout 

mining techniques (like VIPS), a Web page can be partitioned into a set of semantic blocks. 

Thus, the block that contains multimedia data can be regarded as a whole. Searching and 

organizing the Web multimedia data can be referred to as searching and organizing the 

multimedia blocks. 

 

4 Automatic Classification of Web Documents 

In the automatic classification of Web documents, each document is assigned a class 

label from a set of predefined topic categories, based on a set of examples of preclassified 

documents. For example, Yahoo!’s taxonomy and its associated documents can be used 

as training and test sets in order to derive a Web document classification scheme. This 

scheme may then be used to classify new Web documents by assigning categories from 

the same taxonomy. 

 

5 Web Usage Mining 

“What is Web usage mining?” Besides mining Web contents and Web linkage structures, 

another important task for Web mining is Web usage mining, which mines Weblog 

records to discover user access patterns of Web pages. Analyzing and exploring regularities 

in Weblog records can identify potential customers for electronic commerce, enhance 

the quality and delivery of Internet information services to the end user, and improve 

Web server system performance. 

A Web server usually registers a (Web) log entry, or Weblog entry, for every access of 

a Web page. It includes the URL requested, the IP address from which the request originated, 

and a timestamp. For Web-based e-commerce servers, a huge number of Web 

access log records are being collected. Popular websites may register Weblog records in 

the order of hundreds of megabytes every day. Weblog databases provide rich information 

about Web dynamics. Thus it is important to develop sophisticated Weblog mining 

techniques. 
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