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Abstract

This paper presents an extended abstract of a model to
mine information in applications involving Web and graph
analysis, referred to asWIM (Web Information Mining)
Model. We demonstrate the model characteristics using
a Web warehouse, where nodes represent Web pages and
edges represent hyperlinks. In the model, objects are al-
ways sets of nodes and belong to one class. We have physi-
cal objects containing attributes directly obtained from Web
pages and links, as the title of a Web page or the start and
end pages of a link. Logical objects can be created by per-
forming predefined operations on any existing object. WIM
has a concise set of eleven operators. In this paper we sum-
marizes the model components and give examples of views.
A view is a sequence of operations on objects, and it repre-
sents a way to mine information in the graph.

1 Introduction

The Web is a collection of semistructured documents.
Most documents are of the type HTML, with tags contain-
ing meta information about pieces of the document. In this
paper we present an extended abstract of a model to mine
information in applications involving Web and graph analy-
sis, referred to asWIM (Web Information Mining) Model.
There are three distinct data types in the Web: semistruc-
tured multimedia content, hyperlink (or just link) structure
and usage data in the form of Web logs [11]. WIM models
these three data types as objects that represent some view
of a Web warehouse, manipulated by a formal algebra with
distinct operators.

Our algebra is composed of two categories ofprimitive
operators: extended relational algebra operators and graph

operators, and two other operators. The extended relational
algebra operators are used to manipulate the content of data-
bases, with extensions of the traditional relational algebra
operators including set operators. The graph operators are
used in applications where the information of both nodes
and edges of the graph is important, such as singular value
decomposition (asPagerank[8]).

This work is organized in the following sections: Section
2 presents details of the model. The primitive operators are
presented in Section 3. As practical examples, we show in
Section 4 different views for two distinct purposes. Related
works are presented in Section 5. Section 6 contains the
conclusions of our work.

2 The Model

The information mining model for the Web, WIM, is
based on the object oriented paradigm. Objects are in-
stances of classes and incorporate sets of elements. We ap-
ply the model to the Web graph, where the elements are ini-
tially web pages and web links. The objects are modified by
operations performed on the elements. Main components of
the model, as well as the relations among them, are shown
in Figure 1 and explained below. More details about WIM
can be found in [1].

Super Nodeis the superclass.Node, RelationandLogare
subclasses ofSuper Node. Everyobjecthas the attributeid
as an internal reference to its elements. The classRelation
allows relationships among object nodes of other classes.
In spite of most applications demand graphs such that each
edge connects two nodes, WIM supports hypergraphs [4].
In this paper we often refer to elements of the classes Node
and Relation bynodesandrelations, respectively. The class
log is not used in applications shown in this paper, but it is
exemplified in [1].
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Figure 1. Main components of WIM.

Objectsare sets of elements representing instances of
some class. Objectsphysical pagesandphysical linksrepre-
sent, respectively, all the Web pages and links among pages
in a given web warehouse crawled. These objects have
physical attributes that can be directly obtained from the
elements of the object. Some examples of attributes for the
object physical pages are: the page URL, the page length,
the time of the last modification on the page, the time that
the page was crawled, the email addresses that are pointed
in the page, the page text, title, etc.

Theoperationsare functions that modify the object char-
acteristics, generating a new object or returning a value. We
identify by primitive operationsthe operations that are im-
portant to the model and that cannot be implemented by us-
ing other existing operations. Aview is a query performed
by a sequence of operators and objects, where the operators
are applied to input objects or to objects returned by other
operators. It returns a special object which is the result of
the view. Objects returned by views can bematerializedor
not [5], depending on time and space costs and on the appli-
cation. Materialized objects can be used in any other view
as input objects.

Dynamic Operationsare views with generic input ob-
jects and parameters, normally useful in other views. In the
view Example above, the input objects are Physical Pages,
Physical Logs and Physical Links. Only one extra parame-
ter is required:value, for op1 .

3 Primitive Operations

In this section we present a summary of the WIM prim-
itive operators, with their main characteristics. Further de-

tails about the operators can be found in [1].

3.1 Extended Relational Algebra Operators

Select: select tuples of the object. Two options are
possible: value and top-k . The optionvalue allows the
selection of only tuples that satisfy a condition for a given
attribute. Top-k returns only a given number of tuples in
the top ranking, for an ordered list.

Project: return an object with only a given set of at-
tributes. Two options are possible:normal andrelation.
With the optionnormal , Project works as the traditional
relational algebra operator with the same name.Relation
is used to project all the relations of an hypergraph.

Merge: three options are possible:union, intersection
anddifference. Theunion returns all the tuples that occur
in any object involved. Theintersection returns only
the tuples that occur in the two objects involved. The
difference returns an object with the tuples that occur in an
objectA, excepting those ones that also occur in an object
B.

Join: Four distinct options are possible:objects, bags,
non-directed anddisjoin. Joinobjects works as the Join
operator of the relational algebra. Joinbags converts a
bag to a set, that is, without duplications of tuples. A new
attributequantity is insert, to count the amount of previous
same tuples.Non-directedis used in relation objects to
eliminate the direction of the relations. Thedisjoin option
is used to separate items that are arrays, where every
element of the array generates a new tuple into the object.

Order: sort the tuples inincreasing or decreasing
order by one or more attributes.

3.2 Graph Operators

Add Relation: if the input object belongs to the class
relation, add new relations. The graph returned is a
hypergraph. If the input object belongs to the class node,
convert it to the class relation. The following options are
available, for both relation and node input objects:fixed ,
cross product or same attribute. Fixed means that two
given attributes are the start and end attributes of the new
object. Cross product converts all distinct node pairs of
the object in relations, similarly with a cartesian product
of the object with itself. Same attribute means that a
relation is inserted among every pair of nodes with the
same attribute value, for a given attribute.

Link Distance: also a way for adding new relations,
that can be done according to the methods:co-citation,
bibliographic coupling or distance-k transitivity . A new
attributedistance is added to store the previous distance
among nodes of the new relation object.
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Connected Nodes: identify the connected com-
ponents, thestrongly connected components or the
minimum spanning tree of a graph [4], always adding a
new attributesubgraph to indicate the subgraph number for
which the relation belongs to.

Singular Value Decomposition: applied to an object
of the class relation, the operator returns an object of
the class node, with one more attribute according to the
Pagerank , Authority , Hub, or any other measure defined
by matrix algebra.

3.3 Other Operators

Content Similarity: if applied only to a relation object,
compare a given textual attribute of the start and end
nodes of every relation. If applied to a node object, the
operator is used to calculate the similarity of a givenquery
and a textual attribute of a node object. A new attribute
similarity is added.

Calculus: this operator can bebinary or unary . If
binary, it returns an object with thesum, difference,
multiplication or division of the values or content (if the
attribute is non numerical) of two given attributes. If unary,
four options are possible:count , constant , normalize and
function. statistical functions are allowed.

4 Some Examples

Some useful operations were not defined as operators.
One example is an operation to change an object from the
class relation to the class node. This is an example of opera-
tor that is not primitive, since it can be constructed by using
the existing operators. Figure 2 shows the dynamic operator
Relation to Node, that is formally defined as:
ResultClassNode = RelationToNode(OClassRelation,
mergeMode, otherAttr∗);
where: mergeMode is one of the possible options for the
primitive operator Merge. The parameterotherAttr allows
the addition of other attributes thanstart andend , in the
projection step. The remaining parameters used are fixed,
what means that the user of the dynamic operator cannot
modify them.

4.1 Clustering

A cluster is a collection of data objects that aresimilar
to one another within the same cluster and aredissimilar
to the objects in other clusters. The process of grouping a
set of objects into classes of similar objects is calledclus-
tering. Related to graph applications, the clustering activity
consists of partitioning the graph. The dynamic operator

Figure 2. The dynamic operator Relation to
Node.

Cluster Nodesgroups nodes according to the presence of a
relation. The application of Cluster Nodes to one object of
the class relation results in an object belonging to the class
node, with the addition of the attributesubgraph. This new
attribute stores the cluster number which each node belongs
to. Figure 3 shows the dynamic operator Cluster Nodes.

Figure 3. The dynamic operator Cluster
Nodes.

The dynamic operator works as follows. Initially the op-
erator Connected Nodes is applied to an object of the class
relation. The attributesubgraph is added and stores the sub-
graph number which the relation belongs to. Following the
dynamic operator Relation to Node is used with the option
union. Join and Select are used to consider only the clusters
with a minimal number of nodes (the constant user-defined
quant). At the end the nodes are sorted using the operator
Order.

Note that the object returned contains the list of node
numbers and the subgraph number which the nodes belong
to. Most views that use this operator may need to merge this
result with an object of the class node, returning the names
or other information of the clustered nodes. Is is possible
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to use the dynamic operator just presented to cluster nodes
in labeled graphs. The simplest way may be to perform the
operator Select before the Cluster Nodes, eliminating edges
that do not reach a given threshold.

4.2 Similar Pages

We desire to construct a view to identify similar pages
in a Web warehouse. The most important decision required
is related with the space of the comparison. If we want to
identify similar pages, in some instant we will need to com-
pare a subset of pages from the data warehouse. We identify
the following extreme possibilities: to compare all the doc-
uments of the data warehouse would be very inefficient, and
to compare only the pairs of documents that have a physical
linkage may not return a good result. Figure 4 shows the
view Text Similarityfor the second possibility.

Figure 4. The view Text Similarity.

The view Text Similarity is explained in the following.
Initially the operator Content Similarity is used twice, with
different similarity measures. In this step, several other
comparison heuristics could be used and merged. A new
attribute is added to the objects generated, that is, the simi-
larity measure for the two nodes compared. The two simi-
larity values are summed and later normalized between the
interval from0 to 1. The pairs of nodes (the relations) with
similarity greater than60% are returned. The dynamic op-
eratorText Similaritycan be defined according to the view
just presented, for future use:
ResultClassRelation = TextSimilarity(OClassNode,
OClassRelation, similarityV alue);

For Web applications using a very large data warehouse,
the list of pairs with similar pages might not be interest-
ing, since it might also be very large. It is interesting to
identify the largest similar page clusters. This task is con-
sidered in the next view. As mentioned before, one prob-
lem of the view Text Similarity shown in Figure 4 is that

the answer space is reduced, excluding pages that are sim-
ilar. It is important to compare not only pages that have a
link relation, but all pairs of pages that occur together in
the same strongly connected component in the Web graph.
Thus, every node of each strongly connected component is
compared with every other node of its component. The view
Text Clustersis shown in Figure 5.

Figure 5. The view Text Clusters.

The view Text Clusters is explained next. The object
Physical Links is an input parameter of the dynamic oper-
ator Cluster Nodes. The objectOCN belongs to the class
nodes, and contains all the strongly connected components
with more than500 nodes. The operator Add Relation
is used to establish a relation among every possible pair
of nodes that belong to the same subgraph. The object
ONR.CN is returned and used as parameter of the dynamic
operator Text Similarity, together with the object Physical
Nodes. Since we are interested in the clusters of similar ob-
jects, the dynamic operator Cluster Nodes is applied again.
The view Text Clusters contains all the clusters of similar
pages with more than400 nodes.

Please note that in the view Text Clusters we use an
heuristic to increase the space of the comparison, that is,
to compare every pair of nodes of each strongly connected
component. Another possible heuristic is to apply partially
the operator Link Distance to the Web graph, with three pos-
sibilities: co-citation, bibliographic coupling and distance-k
transitivity, and later merging the objects returned. The few
steps just described would substitute the first application of
the operator Cluster Nodes shown in Figure 5.

5 Related Work

The Web is viewed as a directed graph in [7], using a
database perspective. It uses SQL-like query language for
the Web search and also retains the Web topological struc-
ture to construct a Web algebra to manipulate objects of the
model. As an extension of [7], [2] introduces Whoweda, a
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project aiming to manage and access heterogeneous infor-
mation on the Web. Design and research issues in a Web
warehouse system are discussed, including algebraic oper-
ators for Web information access and manipulation, Web
data visualization, and Web knowledge discovery. The op-
erator join for Whoweda is introduced in a more recent work
[3].

Related to graph applications, some works propose ex-
tensions for the relational algebra model, changing or intro-
ducing new operators and elements specifically for graphs.
The graph application used in [6] is the electrical network
maintenance system. The operators are divided in binary
and unary. Examples of binary operators are union and in-
tersection, and examples of unary operators are select and
project.

Raghavan and Garcia-Molina [10] recently worked on
complex expressive Web queries for a Web warehouse.
They view a web warehouse simultaneously as a collection
of Web documents, as a navigable directed graph, and as a
set of relational tables storing Web pages properties. This
work is closer to WIM than other works introduced in this
section, with some important distinctions. In our model we
extend the relational algebra and the algebra used in [10],
allowing operations for relation objects. We also extend the
concept of node, which is not limited to web pages, and use
hypergraph.

6 Conclusions

We have introduced a model to mine information in Web
and graph applications, referred to asWIM (Web Informa-
tion Mining) Model. According to the model, the nodes
are represented by an object of the subclassNodeand the
edges by an object of the subclassRelation. In this work
we focused on the World Wide Web as main application.
However, WIM can be applied in other graph applications
as bibliographic databases where links are citations, or tele-
phone transactions where pages are client information and
links are phone calls. As extensions of the examples shown
in this paper, we have developed views for applications re-
lated to data mining and information retrieval [9].

In the model, a view is a sequence of operations on ob-
jects, and it represents a way to mine information in the
graph. As practical examples, we developed views for clus-
tering and for identifying similar pages in a Web warehouse.
The examples demonstrated some important characteristics
of WIM as: modularity, since a view can be converted in a
dynamic operator and used in other views;flexibility, since
we can have distinct views to solve the same problem, and
we can adjust internal parameters for the views; and theap-
plicability of the model for graph problems.
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References

[1] R. Baeza-Yates, A. R. Pereira-Jr, and N. Ziviani. WIM:
an information mining model for the web. Technical Re-
port RT.DCC – 006/2005, Department of Computer Science,
Federal University of Minas Gerais, Belo Horizonte, Brazil,
April 2005. http://www.dcc.ufmg.br/˜alvaro/bpz05.pdf.

[2] S. S. Bhowmick, S. K. Madria, W.-K. Ng, and E.-P. Lim.
Web warehousing: Design and issues. InER Workshops,
pages 93–104, 1998.

[3] S. S. Bhowmick, W.-K. Ng, S. K. Madria, and M. K. Mo-
hania. Constraint-free join processing on hyperlinked web
data. In4th International Conference on Data Warehousing
and Knowledge Discovery (DaWaK’2000), pages 255–264.
Springer-Verlag, 2002.

[4] T. H. Cormen, C. E. Leiserson, and R. L. Rivest.Introduc-
tion to algorithms. MIT Press/McGraw-Hill, San Francisco,
CA, 1990.

[5] H. Garcia-Molina, J. D. Ullman, and J. Widom.Database
Systems: The Complete Book. Prentice Hall, October 2001.

[6] A. Gutirrez, P. Pucheral, H. Steffen, and J.-M. Thvenin.
Database graph views: A practical model to manage per-
sistent graphs. In20th International Conference on Very
Large Data Bases, pages 391–402, Santiago, Chile, septem-
ber 1994.

[7] W.-K. Ng, E.-P. Lim, C.-T. Huang, S. Bhowmick, and F.-Q.
Qin. Web warehousing: An algebra for web information. In
Advances in Digital Libraries Conference (ADL’98), pages
228–237. IEEE Computer Society, 1998.

[8] L. Page, S. Brin, R. Motwani, and T. Winograd. The pager-
ank citation ranking: Bringing order to the Web. Techni-
cal Report CA 93106, Stanford Digital Library Technologies
Project, Stanford, Santa Barbara, January 1998.

[9] A. R. Pereira-Jr and R. Baeza-Yates. Applications of an
information mining model to data mining and information
retrieval tasks. InFirst DEXA International Workshop on
Integrating Data Mining, Databases and Information Re-
trieval (IDDI’05), Copenhagen, Denmark, August 2005.
IEEE Computer Society Press. To appear.

[10] S. Raghavan and H. Garcia-Molina. Complex queries over
web repositories. InVery Large Data Bases (VLDB’03),
pages 33–44, Berlin, Germany, September 2003.

[11] J. Srivastava, R. Cooley, M. Deshpande, and P.-N. Tan. Web
usage mining: discovery and application of interesting pat-
terns from web data.ACM SIGKDD Explorations, 1(2):12–
23, january 2000.

5


