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Abstract

The Web can be seen as a graph in which every page
is a node, and every hyper-link between two pages is an
edge. ThisWeb graph forms a scale-free network: a graph
in which the distribution of the degree of the nodes is very
skewed. Thisgraphisalso self-similar, intermsthat a small
part of the graph shares most properties with the entire
graph.

This paper compares the characteristics of several na-
tional Web domains, by studying the Web graph of large
collections obtained using a WWeb crawler; the comparison
unveils striking similarities between the \WWeb graphs of very
different countries.

1 Introduction

Large samples from specific communities, such as na-
tional domains, have a good balance between diversity and
completeness. They include pages inside a common geo-
graphical, historical and cultural context that are written by
diverse authors in different organizations. National Web do-
mains also have a moderate size that allows good accuracy
in the results; because of this, they have attracted the atten-
tion of several researchers.

In this paper, we study eight national domains. The
collection studied include four collections obtained using
WIRE [3]: Brazil (BRdomain) [18, 15], Chile (CL domain)
[1, 8, 4], Greece (GR domain) [12] and South Korea (KR
domain) [7]; three collections obtained from the Laboratory
of Web Algorithmics®: Indochina (KH, LA, MM THand VN
domains), Italy (I T domain) and the United Kingdom (UK
domain); and one collection obtained using Akwan [10]:
Spain (ES domain) [6]. Our 104-million page sample is
less than 1% of the indexable Web [13] but presents charac-
teristics that are very similar to those of the full Web.

I aboratory of Web  Algorithmics, Dipartimento  di
Scienze dell’Informazione,  Universitd degli studi di  Milano,
<http://law. dsi.unim.it/>.

Carlos Castillo
Department of Technology
University Pompeu Fabra
carl os.castill o@pf.edu

Table 1 summarizes the characteristics of the collections.
The number of unique hosts was measured by the ISC?; the
last column is the number of pages actually downloaded.

Table 1. Characteristics of the collections.
Collection  Year Available hosts Pages

[mill]  (rank) [mill]
Brazil 2005 3.9 11t 4.7
Chile 2004 0.3 42th 3.3
Greece 2004 0.3 40th 3.7
Indochina 2004 0.5 38th 7.4
Italy 2004 93 4 413
South Korea 2004 0.2 47th 8.9
Spain 2004 1.3 25th 16.2
U. K. 2002 4.4 10th 185

By observing the number of available hosts and the
downloaded pages in each collection, we consider that most
of them have a high coverage. The collections of Brazil
and the United Kingdom are smaller samples in compari-
son with the others, but their sizes are large enough to show
results that are consistent with the others.

Zipf'slaw: the graph representing the connections be-
tween Web pages has a scale-free topology. Scale-free net-
works, as opposed to random networks, are characterized
by an uneven distribution of links. For a page p, we have
Pr(p has k links) oc =%, We find this distribution on the
Web in almost every aspect, and it is the same distribution
found by economist Vilfredo Pareto in 1896 for the distribu-
tion of wealth in large populations, and by George K. Zipf
in 1932 for the frequency of words in texts. This distribu-
tion later turned out to be applicable to several domains [19]
and was called by Zipf the law of minimal effort.

Section 2 studies the Web graph, and section 3 the Host-
graph. The last section presents our conclusions.
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The distributions of the indegree and outdegree are ig,:: 105
shown in Figure 1; both are consistent with a power-law 107 B 00 = - 2

distribution. When examining the distribution of outdegree,
we found two different curves: one for smaller outdegrees

—less than 20 to 30 out-links— and another one for larger 133 [
outdegrees. They both show a power-law distribution and 10}
we estimated the exponents for both parts separately. 13:: i

For the in-degree, the average power-law exponent 6 we 18:3 - ‘
observed was 1.9+ 0.1; this can be compared with the value i w0
of 2.1 observed by other authors [9, 11] in samples of the
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global Web. For the out-degree, the exponent was 0.6 + 0.2 1070
for small outdegrees, and 2.8 + 0.8 for large out-degrees; d
the latter can be compared with the parameters 2.7 [9] and
2.2 [11] found for samples of the global Web.

2.2 Ranking

One of the main algorithms for link-based ranking of
Web pages is PageRank [16]. We calculated the PageRank
distribution for several collections and found a power-law in
the distribution of the obtained scores, with average expo-
nent 1.86 £ 0.06. In theory, the PageRank exponent should
be similar to the indegree exponent [17] (the value they
measured for the exponent was 2.1), and this is indeed the
case. The distribution of PageRank values can be seen in
Figure 2.

We also calculated a static version of the HITS scores
[14], counting only external links and calculating the scores
in the whole graph, instead of only on a set of pages.
The tail of the distribution of authority-score also follows
a power law. In the case of hub-score, it is difficult to assert
that the data follows a power-law because the frequencies
seems to be much more dispersed. The average exponent
observed was 3.0 + 0.5 for hub score, and 1.84 + 0.01 for
authority score.

3 Hostgraph o
107° :
We studied the hostgraph [11], this is, the graph created Y e w19 i if 10! 1 10
by changing all the nodes representing Web pages in the _ _ _
same Web site by a single node representing the Web site. Figure 1. Histograms of the indegree and out-
The hostgraph is a graph in which there is a node for each degree of Web pages, including a fit for a
Web site, and two nodes A and B are connected iff there is power-law distribution.

at least one link on site A pointing to a page in site B. In
this section, we consider only the collections from which
we have a hostgraph.
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Figure 2. Histograms of the scores using PageRank (top), hubs (middle) and authorities (bottom).

3.1 Degree

The average indegree per Web site (average number of
different Web sites inside the same country linking to a
given Web site) was 3.5 for Brazil, 1.2 for Chile, 1.6 for
Greece, 37.0 for South Korea and 1.5 for Spain. The his-
tograms of indegree is consistent with a Zipfian distribution,
with parameter 1.8 £+ 0.3.

By manual inspection we observed that in Brazil and
specially in South Korea, there is a significant use —and
abuse— of DNS wildcarding. DNS wildcarding is a way
of configuring DNS servers so they reply with the same IP
address no matter which host name is used in a DNS query.

The average outdegree per Web site (average number
of different Web sites inside the same country linked by a
given Web site) was 2.2 for Brazil, 2.4 for Chile, 4.8 for
Greece, 16.5 for South Korea and 11.2 for Spain. The dis-
tribution of outdegree also exhibits a power-law with pa-
rameter 1.6 + 0.3.

We also measured the number of internal links, that is,
links going to pages inside the same Web site. We normal-
ized this by the number of pages in each Web site, to be
able to compare values. We observed a combination of two
power-law distributions: one for Web sites with up to 10 in-
ternal links per Web page on average, and one for Web sites
with more internal links per Web page. For the sites with
less than 10 internal links per page on average, the parame-
ter for the power-law was 1.1 + 0.3, and for sites with more
internal links per page on average, 3.0 £ 0.3.

3.2 Web structure

Broder et al. [9] proposed a partition of the Web graph
based on the relationship of pages with the larger strongly
connected component (SCC) on the graph. The pages in
the larger strongly connected component belong to the cate-
gory MAIN. All the pages reachable from MAIN by follow-
ing links forwards belong to the category OUT, and by fol-
lowing links backwards to the category IN. The rest of the
Web that is weakly connected (disregarding the direction of
links) to MAIN is in a component called TENDRILS.

In [2] we showed that this macroscopic structure is sim-
ilar at the hostgraph level: the hostgraphs we examined
are scale-free networks and have a giant strongly connected
component. We observed that distribution of the sizes of
their strongly connected components is shown in Figure 3.
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Figure 3. Histograms of the sizes of SCCs.
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The parameter for the power-law distribution was 2.7 +
0.7. In Chile, Greece and Spain, a sole giant SCC appears
having at least 2 orders of magnitude more Web sites than
the second largest SCC component. In the case of Brazil,
there are two giant SCCs. The larger one is a “natural” one,
containing Web sites from different domains. The second
larger is an “artificial” one, containing only Web sites under
a domain that uses DNS wildcarding to create a “link farm”
(a strongly connected community of mutual links). In the
case of South Korea, we detected at least 5 large link farms.

Regarding the Web structure, the distribution between
sites in general gives the component called OUT a large
share. If we do not consider sites that are weakly connected
to MAIN, IN has on average 8% of the sites, MAIN 28%,
OUT 58% and TENDRILS 6%. The sites that are discon-
nected from MAIN are 40% on average, but contribute less
than 10% of the pages.

4 Conclusions

Even when the collections were obtained from countries
with different economical, historical and geographical con-
texts, and speaking different languages we observed that
the results across different collections are always consis-
tent when the observed characteristic exhibits a power-law
in one collection. In this class we include the distribution of
degrees, link-based scores, internal links, etc.

Besides links, we are working in a detailed account of
the characteristics of the contents and technologies used in
several collections [5].
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