
Clustering the Chilean Web

Satu Virtanen
Helsinki University of Technology

Laboratory for Theoretical Computer Science
P.O. Box 5400, 02015 HUT, Finland

Satu.Virtanen@hut.fi

Abstract

We perform a clustering of the Chilean Web Graph us-
ing a local fitness measure, optimized by simulated anneal-
ing, and compare the obtained cluster distribution to that
of two models of the Web Graph. Information on web clus-
ters can be employed both to validate generation models
and to study the properties of the graph. Clusters can also
be used in semantics-based grouping of websites or pages
e.g. for indexing and browsing.

1. Introduction

In this work we examine the Chilean Web Graph
(CWG), a coherent subset of the practically unobtain-
able Web Graph [4]. Many properties of the Web Graph
have already been studied in detail (cf. [4]), but the clus-
ter formation process underlying the network construc-
tion is relatively unknown. Identification of clusters as well
as understanding the cluster structure of the Web helps to
improve indexing, for example. It also allows for com-
parison of generation models proposed to match the Web
Graph with respect to measures other than the more stan-
dard measures of e.g. path length and degree distributions
that are often included in the models by design.

The CWG is a directed graph with websites as vertices;
an edge 〈u, v〉 signifies that there exists a link from at least
one webpage under u to a webpage under v. Links pointing
to non-Chilean websites, pages from non-Chilean websites,
self-loops, and edge multiplicities (that could be used as
weights in clustering) were ignored in this work. The graph
construction is based on a complete crawl of all Chilean
websites in 2002 (cf. http://www.todocl.cl), previously stud-
ied in [2]. Some measures of the crawl and the resulting
graph are listed in Table 1.

Most of the components of the CWG are tiny; in addi-
tion to 6,904 single-vertex components, there is only one
2-vertex component in addition to the giant component G

Number of Chilean websites 39,054
Number of webpages crawled 2,262,418
Number of webpages parsed 2,079,063
Number of edges in the CWG 1,357,662
Number of isolated vertices 6,904
Size of the giant component G 32,148
Number of edges in G 1,357,661

Table 1. Properties of the Chilean Web Graph

of order 32,148. Hence G, in which each vertex is con-
nected to at least one other included vertex, clearly domi-
nates the CWG. In this work we report a clustering analysis
conducted on G.

Clustering in general is the process of organizing data
into meaningful groups (see e.g. [8]). Each data element
may either be considered to belong to one cluster or a hi-
erarchy of clusters, depending on both the semantics of the
data set and the clustering method employed.

In a web graph, such as the CWG, an intuitive cluster
is a set of websites (or webpages, depending on the granu-
larity of the graph construction) that are densely connected
by hyperlinks, but have relatively few links to other parts
of the web. Inherently global approaches for locating clus-
ters [8] do not scale well for large graphs, as manipulat-
ing a large adjacency matrix is computationally demand-
ing. Our clustering method is based on local information
derived from the members of the clusters. We define a fit-
ness value for each cluster candidate without referring to
properties of websites not included in the cluster. This al-
lows for optimization of the fitness measure in a local man-
ner.

The local search heuristic employed in the reported clus-
terings is simulated annealing [1, 10]. Each cluster is deter-
mined by a stochastic examination of nearby vertices in the
graph, likely to result in selecting a locally optimal clus-
ter with respect to the fitness measure used for the simu-
lated annealing. The global clustering obtained here for the
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Figure 1. The cluster distributions (size vs. frequency) for G (10 independent clusterings) and the
comparison graphs (6 samples per model, each clustered 6 times). Cluster order was limited to 50;
hence the cutoffs in the distributions.

CWG is flat and partitional, i.e., each vertex is assigned to
exactly one cluster. This is achieved by excluding each lo-
cally optimal cluster already found from further clustering.
The proposed method however also allows construction of
hierarchical clusterings if instead of exclusion, the already
located clusters are contracted to single vertices.

2. The fitness measure

A cluster C in a directed graph G = (V, E) is a set
of vertices C ⊆ V that together induce a connected sub-
graph of G. The internal degree of a cluster is the number
of edges that have both endpoints in C: degint = |{〈u, v〉 |
u, v ∈ C, 〈u, v〉 ∈ E}|. The outward degree of a cluster
is the number of edges that have only the start vertex in C:
degout = |{〈u, v〉 | u ∈ C, v /∈ C, 〈u, v〉 ∈ E}|.

The density δ of a directed graph G = (V, E) with
n = |V | vertices and m = |E| edges is the ratio of m to
the maximum number of edges possible, n(n − 1). Simi-
larly, the local density δ� of a cluster C, κ = |C|, is the ratio
of the internal degree of the cluster to the maximum possi-
ble:

δ� =
degint

κ(κ − 1)
.

By convention, the density of an empty or a single vertex
cluster is zero. Another usable fitness measure for clusters
of undirected graphs is the relative density: the ratio of in-
ternal edges to the total number of edges incident on the
cluster (see [13] and the references therein). For a directed
graph, only edges with start vertices included in the clus-
ter are locally available. Hence we redefine relative density
δr for directed graphs by ignoring the edges that only have
the end vertex in the cluster:

δr =
degint

degint + degout
.

We want our clusters to have both high local and rel-
ative density, hence preferring “dense and introvert” clus-

ters as recommended in [9]. We use f = δ� · δr as a clus-
ter fitness measure, as it obtains high values when both δ�

and δr are high, and low values if either one is low. A lo-
cally optimal cluster is one for which f cannot be increased
by the removal of any included vertex or the addition of
any neighboring vertex. A globally optimal cluster is a clus-
ter with maximum fitness. A complete clustering of a graph
can be obtained by locally optimizing f and iteratively ei-
ther excluding the best cluster found from further clustering
or contracting it to a single vertex, until all vertices are as-
signed to a cluster.

With the proposed method, also clusterings for partially
unknown graphs are fluently obtained. In fact the method’s
strongest asset is the possibility for on-line computation of
clusters that are with high probability locally optimal with
respect to the fitness measure. It is also noteworthy that the
method requires no parameters such as a density thresholds
or the requisite number of clusters. A more detailed discus-
sion of the model is given in [14].

3. Clusters of the Chilean Web

We employed the method of the previous section to clus-
ter G, the connected component of the CWG. The cluster
order was limited from above to 50 for computational ease.
The initial clusters used to start the stochastic search con-
tained up to 10 random neighbors of a random start vertex.
At each step, one vertex was removed from or added to the
cluster candidate, maintaining connectivity. The algorithm
was repeated 30 times for each initial cluster, taking 250
modification steps per each iteration. From the clusters ex-
amined during this stochastic search, the one with the high-
est fitness was chosen as a cluster and excluded from fur-
ther clustering.

The distribution obtained for G is quite stable; the gen-
eral shape and position of the distribution do not change
over independent runs when varying the repetition counts
and the order cutoff. We also examined graphs of the same
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Figure 2. An example cluster found in one of
the ten stochastic clusterings of G with the
number of outside links shown. Five of the
websites are *.gotolatin.com domains, which
explains their interconnectivity.

order and similar density as G generated by two web-
like graph models: the simple evolutionary weblike gen-
eration model of [12] (using uniformly distributed sources
of the incoming links), and the Barabási-Albert construc-
tion for scale-free networks [3] (using a small uniform ran-
dom graph as the seed graph and total degrees in preferen-
tial attachment). For comparison, we also studied the uni-
form random graph model of Erdős and Rényi [5] with the
same order and size as the CWG. The resulting distribu-
tions are shown in in Figure 1.

As the CWG is a subset of the complete Web Graph, it is
likely that some of the properties of the CWG can be gen-
eralized to the Web Graph. As the cluster distribution of G
may be characteristic of the Web Graph as well, we may as-
sess the validity of weblike graph generators by the obtained
distributions; an assessment of Internet graph generators by
clustering is reported in [13]. Also the number of bipartite
cliques in graphs has been used for theoretical model as-
sessment in [11] for weblike graphs. According to Figure 1,
the evolutionary model provides the best match to G.

Also semantic conclusions of web structure can be drawn
from a clustering of a subgraph of interest: websites on re-
lated topics are intuitively more likely to point to each other
than sites covering other areas. This allows identification of
topics and communities on the web [6, 7].
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