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Abstract—A representation of the World Wide Web as a
directed graph, with vertices representing web pages and edges
representing hypertext links, underpins the algorithms used by
web search engines today. However, this representation involves
a key oversimplification of the true complexity of the Web: an
edge in the traditional Web graph represents only the existence
of a hyperlink; information on the context (e.g., informational,
adversarial, commercial, spam) behind the hyperlink is absent. In
this work-in-progress paper, we describe an ongoing collaborative
project between two teams, one specializing in network science
and analysis and the other specializing in text analysis and
machine learning, to address this oversimplification. Using tech-
niques in natural language processing, text mining and machine
learning to extract relevant features of hyperlinks and classify
them into one of several types, this undertaking builds and
analyzes a multi-relational web graph. A key aspect of this work
is that the multi-relational graph emerges naturally from the
data instead of being based on an imposed classification of the
hyperlinks.
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I. INTRODUCTION

The study of the World Wide Web as a directed graph,
with vertices representing web pages and edges representing
hypertext links between the pages, is central to how content on
the Web is discovered, indexed, stored and searched [1]. The
properties of the graph are also of scientific interest to sociol-
ogists, economists, mathematicians and businesses because of
how critical the Web has become to our social, political, com-
mercial and intellectual lives. Research on these properties of
the Web graph has taken many different approaches spanning
the entire range from theory to experimental measurements.
However, almost all of this research uses the traditional graph
representation of the Web with a vertex representing each page
and a directed edge representing each hyperlink. The existence
of an edge carries only an expression of the existence of a
hyperlink; information regarding the context (e.g., informa-
tional, commercial, friendly, adversarial, spam, organizational)
behind the existence of the hyperlink is absent in the graph.
This over-simplification in the representation of the Web fails
to capture the inherent complexity of the relationships that
underlie the Web graph and potentially distorts many of our

conclusions, whether about the importance of pages or about
the temporal evolution of the graph.

The variety and complexity of the attributes of hyperlinks
do play a role in determining the structure and dynamics
of the Web graph and is key to understanding its growth
and evolution. Sociologists have already considered multi-
relational networks in their research on social networks in
recognition of the fact that our social lives are not all based
on just one kind of relationship with all others [2]. The Web
graph hides a similar layer of complexity in the nature of
the hyperlinks. Even though this complexity is recognized in
many page ranking algorithms for web search [3], there is
no published work on a multi-relational graph representation
of the Web based on a methodical categorization of the
hyperlinks.

In this work-in-progress paper, we describe a collabora-
tive project between two teams: one specializing in network
science and analysis and the other specializing in text anal-
ysis and mining. The goal of our work is to develop a
systematic characterization of the Web as a multi-relational
graph by classifying hyperlinks into one of several types
using techniques in natural language processing, text mining
and machine learning. The objective is to use text analysis
to extract relevant features of hyperlinks that serve as the
basis for the classification and allow a multi-relational graph
to emerge naturally from the data instead of imposing a
classification of the hyperlinks.

We begin with crawling the web to collect a sample of
a Web subgraph defined by organizational ownership (e.g.,
all pages in the drexel.edu domain) or by the forest fire
approach of sampling a graph [4] and catalog the pages and the
hyperlinks as a single-relation graph. Similarity measures on
the HTML structure of source and target pages and the use of
natural language processing tools on the text surrounding the
hyperlink in the source document enable us to extract features
of hyperlinks relevant to a classification. Using traditional
clustering techniques from data mining, such as K-means and
hierarchical agglomerative clustering, this work groups web
hyperlinks into a small number of categories, each category
representing a different type of relationship between the source



and target web pages. The multi-relational graph that emerges
is analyzed for its properties relevant to its structure as well
as the temporal evolution of the World Wide Web.

In this work-in-progress paper, we report on our method-
ology and the ongoing effort including some preliminary
indications of the promise of our approach.

II. HYPERLINK CLASSIFICATION USING TEXT ANALYSIS

While prior work on hyperlink classification is very limited,
a great deal of work has gone into the related problem
of determining features for hypertext classification, where
the objective is to identify the topic of a web page. The
basic feature set for this task is the vector space model of
a document’s text. However, studies show that features of
a web page’s layout and the hierarchical structure of web
directories can improve topic clustering and classification.
Several studies have also shown that supplementing a page’s
text with anchor text from inbound links, or possibly text from
the neighborhood of the anchor, can improve hypertext classi-
fication, or even information retrieval [5]–[8]. In particular, as
suggested in [5], breaking neighbor pages into segments, or
fields, and adding weighted combinations of neighbor pages’
fields into a document representation can significantly help
classification. Some studies also suggest that while text from
neighboring pages in the Web graph can be helpful, it may
hurt if not treated carefully [9], [10]. They also argue that
pattern-based extraction over web text can generate features
that are sometimes more valuable than the text of a neighbor
page. Although this problem is related to link classification,
our task on classifying hyperlinks for a multi-relational web
graph requires a more careful analysis of the source page
of a link, and especially the context around the link anchor,
than is typically done for hypertext classification, and our task
requires features which represent the relationship between two
pages, rather than the topic of a single page.

A. Feature extraction

We begin with annotation techniques to extract distinguish-
ing features of hyperlinks based on the textual content in the
source page close to the hyperlink. Besides HTML structure of
the source and target pages, the URL and other metadata, the
goal of the text analysis is to also consider relevant information
for link classification embedded in the text or media content
of the page. In the related task of hypertext classification, for
example, systems typically use a vector space model of the
text in a page, and then add in weighted samples of the text
from neighboring pages in the link graph. This approach has
two drawbacks from the point of view of link classification:
it conflates the text of source and target pages, so that edges
from page A to page B are difficult to distinguish from edges
from page B to page A. Second, it gives equal weight to all
text on a web page, regardless of its position relative to a link,
whereas the text immediately surrounding a link is usually the
most informative for classifying it.

Let l ∈ L be a link consisting of a source HTML document
s, a target HTML document t, and an anchor node a in

s. Formally, the goal of our feature extraction task is a
representation function R:L → Rd such that the features
R(l) are informative for link classification. In particular, the
goal is a representation R that provides features of the local
vicinity of a in s and global features of t. Moreover, the
features should characterize the relationship between s and
t. Two kinds of approaches for characterizing the relationship
between the source and target pages of a hyperlink are useful
and complementary. One approach measures the similarity
between components (anchor text, context window around the
text, whole page, metadata) of the source page and target
page, and uses each of these similarity scores as features.
The other approach builds a vector space model for the words
and concepts that characterize the relationship between source
and target page. For instance, a vector space model for the
intersection of the words on the two pages, or models of the
asymmetric set difference between the two pages, can produce
a vocabulary for describing how the two pages are related.

In order to make the most of text surrounding a hyperlink
anchor, we use a number of annotation tools for natural lan-
guage processing. Representations that treat documents as bags
of words lose a great deal of information. Our approach is to
annotate sentences with grammatical and semantic information
to recover some of the lost meaning for short segments of
text. For instance, a named entity tagger and a semantic role
labeling system can identify classes and predicates in text.
We can then use named-entity classes and relation types as
dimensions in our vector space models, rather than the less-
informative word-based representations.

In our early work, we have developed several open-domain
NLP pipeline tools for accurately annotating sentences on
the Web with various syntactic and semantic information,
including part-of-speech tags and chunks, semantic predicates,
semantic arguments and roles, and synonymy and paraphrase
relationships. Whereas most tools for these tasks perform
well on newswire text, the domain that their training data
usually comes from, their performance tends to suffer on non-
newswire text. Using novel distributional representations, and
especially representations based on latent variable language
models, our tools generalize their classification techniques
so that the classifier’s predictions remain accurate on out-of-
domain text. These results provide evidence that our systems
can port to new domains, and can be quite accurate on web
text. The success of our feature extraction techniques may be
measured using a variety of standard metrics for measuring the
quality of features, including metrics like information gain and
measures of the sparsity of the features [11].

B. Hyperlink Classification

We cast the task of identifying relations in a multi-relational
network as a classification or clustering problem. Given a
set of pages P , a set of hyperlinks L between them, and
a representation function R that provides features in Rd for
every hyperlink, our objective is to label each l ∈ L with a
tag that indicates the type of the link.



Our early effort includes the design of a clustering algo-
rithm for sparse, high-dimensional text data that can scale
to huge datasets [12]. Our greedy agglomerative clustering
technique has been run successfully on a dataset of over 90
million samples taken from a web crawl. It depends on a
novel indexing mechanism that drastically cuts down on the
number of comparisons made between wholly dissimilar data
points. In fact, if we have information regarding the prior
distribution of our features, we can provide novel theoretical
guarantees on the run-time complexity of our agglomerative
clustering. For instance, for special kinds of Zipf distributions
(which are common in text data), our clustering algorithm can
guarantee that only O(N logN) comparisons will be made
between N samples, as opposed to the usual number of O(N2)
comparisons. In previous work, we have demonstrated that a
mutually recursive clustering approach based on this indexing
technique can improve the accuracy of the resulting clusters
in a synonym detection task [13].

Our work seeks to achieve a meaningful classification in
two different ways, arriving at possibly two different results
to be iteratively integrated later. Our first approach assumes
that we have a fixed set of possible link types, known a
priori, with examples of each kind of link. We build a system
that can classify every link l ∈ L into one of these types.
While this assumption is restrictive, it allows us to develop
a framework for evaluating our feature representations and
understanding basic aspects of the problem, such as: what
kinds of basic link types are most common? And, how does
the appearance of one link type on a page affect whether
or not a link of another type also appears on that page? In
our second approach, we relax the assumption above: we use
efficient, large-scale clustering algorithms that, given only the
number of link types that appear in L, are able to separate
the links of one type from the links of every other type. This
allows the multi-relational structure of the network to emerge
from the data, rather than being imposed on the network.
We expect the results and understanding that we gain from
using the first approach to significantly influence our methods
and results using the second approach. Integrating the results
from these two approaches yields a classification relevant to
understanding the structure and dynamics of the web.

III. ANALYZING THE MULTI-RELATIONAL WEB GRAPH

While our work focuses on the World Wide Web, it is
but one example of a multi-relational network. In the field
of social network analysis, multi-relational networks are most
commonly referred to as “multi-modal” [2], [14]. They are
usually analyzed as nested networks or networks embedded
in networks. However, large data sets on multi-modal social
networks (including even online social networks) are not
readily available for analysis by academic researchers (because
of anti-scraping clauses on social networking web sites) or
have not yet been examined in depth. A few works have
tried to examine overlapping networks such as the friend
networks and the activity networks which form a directed and
weighted subgraph of the friend network. There is actually

much evidence that even our offline activities play a role in
the online social network and how it grows and develops.
As has also been discovered by Kossinets and Watts [15],
network evolution is dominated by more than one relation-
ship between the nodes in the network, validating the multi-
relational hypothesis of our proposed research. In fact, our own
early work on validating this multi-relational nature using an
analysis of a million users on YouTube reveals that different
types of relationships between users generate networks with
important similarities as well as differences in their large-
scale properties. For example, independent of the nature of
relationships between the users (whether they have provided a
video response to, subscribed to, or marked as favorite another
user’s videos), the corresponding networks that are generated
all exhibit structural properties largely consistent with the
power law phenomenon, but yet are substantially different in
the degree exponent [16].

A. Structural properties of the Web Graph

The single-relation graph of the Web has been analyzed by
a number of different researchers using a variety of different
crawling algorithms [17]. Each of these studies has discov-
ered the presence of significant complexity in the topological
features of the graph [18], [19]. Among the best-known of
these features is the small-world phenomenon (the average
number of hyperlinks that one needs to traverse to reach
one document from another grows only logarithmically with
the growth of the number of URLs) [20], [21]. As in many
large networks, the Web graph has also been found to display
a power-law relationship between the degrees of nodes and
the frequencies of occurrence of nodes of a degree [22].
Our collaborative effort begins with a verification of whether
these properties are preserved in the different single-relation
networks that make up our multi-relational Web graph. This
work reports on additional properties including the distribution
of the sizes of the connected components in the graph, in-
degree and out-degree correlations at a single node as well
as between neighboring nodes, the distribution of sizes of
node clusters, and spectral properties of the graph. Ongoing
work seeks to further characterize the multi-relational nature
of the graph by describing the local, regional (i.e., at the level
of neighbors or within a small number of hops) as well as
global correlations in structural properties between each of the
single-relation networks. Our analytic approach employs soft
clustering algorithms based in spectral graph theory, where
one can have an affiliation with more than one cluster/group
as described in [23].

B. Temporal Evolution of the Web Graph

Toward the goal of understanding the temporal evolution
of the web graph, we capture the structural properties of the
Web graph at periodic intervals of time and make observations
of the temporal patterns as the graph grows and evolves. The
selection of the temporal data that we focus on is influenced
by the explanatory power of the data and the features that have
been of most interest in the science of large-scale dynamics



of networks. For example, proximity bias, reciprocation and
preferential attachment are all different ways of understanding
the growth of a network and of clusters [24]. In some cases, it
is possible to predict whether or not a link will be created
between two nodes with an examination of the topology
alone [25]. However, in some other cases, as revealed by the
adsorption algorithm, proximity alone does not imply shared
interest and therefore a cluster. As a result, some authors have
tried to detect and predict clusters using a methodology that
computes distance measures based on a normalized vector
representation of users using network structure as only one
of several factors [26]. Temporal growth can also be similarly
understood through related methodologies based on latent
space models in which each entity is associated with a point in
a p-dimensional Euclidean latent space [27]. Our preliminary
work indicates that in a complex multi-relational network,
one is unlikely to observe only one of these phenomena
and it is not even clear if these are the only ones that
exist. In this collaborative project, our ongoing work seeks
to answer questions on which of these explanations dominate
the dynamics of the real Web graph.

IV. CONCLUDING REMARKS

Other than in the field of social network analysis where
“multi-modal” graphs have been considered, most research
in network science has only considered one kind of relation-
ship between entities in the network. However, relationships
that bind together large complex networks are very likely
to differ widely in their nature, frequency of use, influence
they exert and in their endurance over time. This fact—
that large networks in our society are more complex than is
observable through the graph generated by any one kind of
relationship—is widely recognized but not as often expressed
in mathematical treatments in network science. Amongst the
same set of entities, different kinds of relationships lead to
different sets of edges generating different networks with
possibly very different properties.

The nature of the different types of relationships between
web pages is largely embedded in the text surrounding the
hyperlinks. Text analysis, therefore, unveils a multi-relational
perspective on Web graphs contributing a rich new set of data
and adding several layers of complexity to the questions one
might ask and the answers we might discover about the Web.
These answers, we hope, will also help advance the study of
multiple co-existing and co-evolving networks other than the
Web, including social networks.
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