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Graph Structure and Evolution of the Korea web
In Kyu Han' - Sang Ho Lee"

ABSTRACT

The study of the web graph yields valuable insight into web algorithms for crawling, searching and community discovery, and the
sociological phenomena which characterize its evolution, also it is useful for understanding the evolution process of web graph and
predicting the scale of the Web. In this paper, we report experimental results on properties of the Korea web graph with over 116 million
pages and 2.7 billion links. We indicate to study the Korea web properties such as the power law phenomenon and then to analyze the
similarity and difference between the global and Korea web graph. Our analysis reveals the Korea web graph have different properties
compared with the global web graph from the structure to the evolution of the Web. Finally, a number of measurements of the evolution
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of the Korea web graph will be represented.

Key Words : web Graph, Power Law, web Evolution

1. Introduction

The World Wide Web has revolutionized the way we
access information. The web has about a hillion pages today,
several billion links, and it is growing rapidly at the rate
of 7.3 million pages a day [15]. This gigantic structure often
makes it difficult for even the most technical users to
find the best information available on a given topic. Recent
studies suggest that despite its chaotic appearance, the web
is a highly structured digraph, in a statistical sense. The
link structure has useful information for measuring the
importance of web pages. The link analysis algorithms such
as PageRank play an important role in the performance of
search engines. In order to keep up with the importance

of web pages that are constantly changing at all times, it
is important for search engines to accurately capture the
web Hink structures. These features could be exploited to
attain efficiency and comprehensiveness in web navigation.

The web can be modeled as a directed graph where each
node represents a page, an edge, and a hyperlink. This directed
graph is called a web graph. This graph approach aids in
understanding the structure of the web at macroscopic as
well as microscopic levels. An overview of applications of
graph theory to the WWW appears in Hayes [16].

There are several reasons for developing an under-
standing of web graph. First, it is important to design
crawl strategies on the Web. Analyzing the behavior of
web algorithms that make use of link information, such
as PageRank, is important, too. It can also be used to
predict the evolution of web structures and develop better
algorithms for discovering and organizing them.
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We study various properties of the Korea web graph,
including its degree distributions, connected components, and
macroscopic structure. In addition, we studied the evolution
of the Korea Web. We performed three sets of experiments
on Korea web crawls from June 2006 to July 2006.

First, we generated the in- and out-degree distributions,
confirming previous reports on power laws; for instance,
the fraction of web pages with i in-links is proportional
to 1/i*'. We verified these power laws on a more recent
crawl. In our second set of experiments we studied the
strongly connected components of the Korea Web. Enumerating
strongly connected components is the most common way
to study the connectivity of web graph. This connectivity
analysis is an important part of the research on web graph.
This analysis reveals an interesting picture of the Web's
macroscopic structure, called bow-tie structure. We show
that power law also arises in the distribution of sizes of
these connected components. Finally, in our third set of
experiments, we studied the evolution of the Korea web
graph from the evolving of web pages and link structure
by comparing high popularity sites and randomly chosen
sites. Then, we analyzed the similarities and differences
of the Korea web to the evolution of the global [2] and
China Webs [4]. '

Korea web graph shows many different and similar
properties, in both structure and evolution, compared to
the global and China web graph. This research on Korea
web graph will be useful for predicting the growth scale
of Korea Web, improving the performance of Korea web
search engine, and processing Korea web information.

The rest of the paper is organized as follows: In Section
2, we review the previous study work on the global web
graph and some regional web graph. Also we introduce
algorithm for enumerating SCC (strongly connected com-
ponents) that we use. In Section 3, we describe our re-
search results from a static snapshot of Korea web graph
with several distributions and connectivity of the Korea
Web. In Section 4, we present the studies on the evolu-
tion of Korea web graph from several points of view.
We conclude in Section 5.

2. Related Work

Albert et. al. [1], Broder et. al. [2], and Kumar et. al. [13]
studied the degree distribution of nodes in the web graph.
They performed empirical studies using graphs of sizes
ranging from 325,729 nodes (University of Notre Dame) [1]
to 203 million nodes (AltaVista crawler data) [2]. Tt was
found that both the in—degree and out-degree of nodes on

the web follow power-law distribution. The number of
web pages having a degree i is proportional to 1/% where
k > 1. This implies that the probability of finding a node
with a large degree is small yet significant. Both [1] and
[2] estimated the exponent of in-degree distribution to be
2.1, According to [1], the out-degree distribution has an
exponent of 2.45. The empirical study in [2] shows that the
exponent for out-degree distribution is 2.72, though the
initial segment of the distribution deviates significantly from
power law. The study on African web [6] gives further
evidence to the power law distribution, the in-degree of
African web pages with a exponent of 1.92. G. Liu et. al.
[4] reported an in—degree distribution with an exponent
2.05 and out—degree distribution with an exponent 2.62 for
the China Web. The average degree of a node in the web
has been found to be seven [8].

Broder et. al. [2] also analyzed the structure of the global
web graph depicted as a bow-tie. Figure 1 shows this
structure. There are four pieces in this structure.

The first region is the giant SCC. There are directed
paths from each node in the SCC component to all other
nodes in the SCC. There is a set of newly—formed nodes
called IN having only outgoing links and another set of
introvert nodes called OUT having only incoming links
(e.g., some of the corporate and e-commerce sites). There
are directed paths from each node in IN to (all nodes in)
SCC and directed paths from (all nodes in) SCC to each
node in OUT. There is another set of nodes called
TENDRILS, which doesn’t have any directed paths going
to the SCC, nor has any directed paths coming from the
SCC. There exists a directed graph from nodes IN to
TENDRILS and from TENDRILS to nodes in QUT. Each
of IN, OUT, and TENDRILS region occupy about 21% of
total number of nodes. Finally, some nodes in TENDRILS
from the IN region have edges going to nodes in TENDRILS
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(Figure 1) Connectivity of the global web



in the OUT region, forming a TUBE. A small group of
remaining nodes are part of disconnected components, which
make up about 8% of the Web.

J. Han et. al. [3] showed that the China web graph,

manifests different properties from global web graph. The
giant, strongly connected component of the China web graph
is much bigger than the global web graph.

In the area of web evolution, Ntoulas et. al. [7] performed
experiments to study the evolution of the WeB from a
search engine perspective. J. Cho et. al. [5] studied the pop-
ularity evolution of web pages. G. Liu et. al: [4] reported
on the evolution of China web graph. J. Cho and Garcia-
Molina [17] studied the change pattern of 720,000 web
pages from 270 web sites selected from various domains
{com, edu, gov, net, org) every day for four months. They
found that the average change-interval of a web page is
about four months (approximately). In their study, more
than 70% of the weh pages remained unchanged for about
one month. It took about 50 days for 50% of the web
pages to change or be replaced by a new page. Changes
to a web page are random events that can be modeled as
a Poisson process this was verified for the web pages in
their sample data.

web graph consists of several hundreds of millions of
nodes and several billions of edges. Due to this large scale
of the web graph, we can hardly load the full graph into
the main memory for enumerating SCCs in web graph. To
solve this problem, J. Han et. al. [3] proposed an algo—
rithm for enumerating SCCs in web graph by split-merge
approach. The basic idea of this algorithm is to split the
original graph into parts which are smaller enough to load
into the main memory and compute SCCs one by one, and
finally merge them together. We used this algorithm for
enumerating SCCs of the Korea web for our experiment.

Each step of this algorithm is as follows: First, classify
the nodes of the original graph G into n-groups. Build a
sub-graph with each group of nodes and the links among
them. Next, decompose each sub-graph into SCCs. If the
sub~graph is small enough to load into the main memory,
use any algorithm for enumerating SCCs. Otherwise, re—
cursively apply the split-merge algorithm. Assume that each
SCC in a sub—graph is a node, and eliminate the duplicated
links between them. After that, we obtain the contracted
graph G, a graph composed of all the SCCs. Decompose
the contracted graph Ginto SCCs. If the G is small enough
to load into the main memory, use any algorithm for enu-
merating SCCs. Otherwise, recursively apply the split-merge
algorithm. Finally, merge the SCCs from sub-graphs with
the help of the decomposition of G'. At last we get SCCs
in graph G.
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3. Graph Structure of the Korea web

For our experiment, we crawled Korea web pages us—
ing our crawler [14] with three machines from June 2006
to July 2006. The IP address is used to determine to see
if it belongs to the Korea sites. The crawler downloaded
Korea web pages up to the ninth depth, and it collected
at most 640,000 web pages from a single site. In order to
reduce the size, we compressed links as we downloaded
them. The size of the raw data was approximately 65GB,
which contain various information on URLs for pages them-—
selves and hyperlinks among pages. We processed the raw
data to create Korea web graph, such as removing invalid
URLSs, and assigning a unique ID to each URL. We finally
constructed the Korea web graph, which contains 116 million
pages (nodes) and 2.7 billion links (edges).

3.1 Power Law Distributions
We now consider various power law phenomenon of the
Korea web graph.

Page Number Distribution in web Sites

TFigure 2 shows the distribution of page numbers in web
sites. The x-axis shows the number of pages in each site
while the y-axis shows the number of sites which have
the corresponding x pages. Each point (%, y) on the dis-
tribution indicates that y number of sites have x pages.
This graph exhibits that the distribution of the number of
pages in web sites follows the power law while the ex-
ponent is roughly 2.3. Under this distribution, the top
18% of sites possess about 90% of the total pages of the
Korea Web, while 82% of sites contain only 10% of the
total pages. This implies that the distribution of the number

Page count distribution

1.E+05}
[ 2
*
to
-
1.E+04
2
"
-
El
hl.E+03
g
=
1.E+02 | .
*
1.E+01
+
2%,
-
1.E+00

1.E+00 1.E+01 1.E+02 1.E+03 1.E+04 1.E+05 1.E+06 1.E+07
number of pages in sites

(Figure 2) Page number distribution in web sites



296 IEXEZISt2l=2A D M14-DF HI3=(2007.6)

of pages in web sites of the Korea web also obeys Pareto’s
Law (also known as 20:80 law) although the proportion is
a little different. The anomalous points at 1417 and 1418 on
the x-axis are due to a cluster of sites that have identi-
cal web pages even though they have different host names.
The site with most pages has about 590 thousand pages.

. The Korea web is different from the China web which
has exponent of 1.74. What it means that the probahility
that we find web sites in Korea becomes more exponentially
decreased than we find such web sites in China, as the
number of web pages in a site increases.

Degree Distribution of the Korea web

The degree distributions in the Korea web also follow
the power law distribution. Figure 3 and Figure 4 are a
log-log plot of the in—degree and out-degree distributions
of the Korea web graph, respectively. In all our log-log
plots, straight lines are linear regressions for the best
power law fit. Figure 3 shows that the distribution of in-
degree exhibits a power law with exponent roughly 2.2,
which is almost the same value as in the global web [2]
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(Figure 4) out-degree distribution

and the China web [4]. Applying an inverse polynomial to
the data, we can find the probability that a page has i
in-links to be roughly proportional to i-2.2. The page that
has the most in-links contains as many as 47 million in-
links. The out-degree distribution also exhibits a power
law while the exponent is roughly 2.8, as in Figure 4. The
average out-links in a page of the Korea web is 27.4.
This number is about 3 times more than the average out-
links (i.e. eight) which was reported in 1999 [2]. Here we
would like to conjecture that the number of links in a
page is increasing (at the same time the connectivity among
web pages is growing) as time goes by. Note that the
pages with out-degrees less than 100 on the x-axis sig-
nificantly deviate from the hest power law fit, suggesting
that we might need to have a new distribution to model
pages with low out-degrees.

Distribution of Strongly Connected Components

By running the split-merge algorithm [3], we find that
there is a single large SCC consisting of about 99 million
pages, and all other components are significantly smaller
in size. The single large SCC has barely 86% of all the
Korean pages. Figure 5 indicates that the distribution of
the SCC sizes of the Korea web also follows a power
law with exponent roughly 2.3.

3.2 The Macro Structure of the Korea web

Figure 6 shows the structure of the Korea web graph.
The Korea web graph we built contains 116 million pages
and 2.7 billion links. The CORE contains about 99 million
pages, the IN contains about 9 million pages, the OUT
contains about 6 million pages, and the rest contains
about 2.4 million pages.

The graph structure of the Korea web exhibits charac-
teristics that are different to the global web graph [2]
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{Table 1> Domain Distribution

Tendril _
“ " 1.6 millon nodes "o I Domain Fraction of pages in domain
cokr 37%
-] I CORE out | _ T com 5%
— 99 million nodes — | o
€= 9 mjllion nodes 6 million nodes | <= net 9%
educational 8%
(ackr, hskr, mskr, eskr)
e " g .org or or.kr 7%
O O 0’6 e .gov or gokr 1%
Disconnected components 0.8 million nodes Misc. 3%
(Figure 6) The bow-tie structure of the Korea web graph
60%
and the China web graph [4]. The CORE possesses around 50
86% of the pages of the Korea Web. This is higher than o
the CORE possessed by the 28% in the global web graph _
[2] and 80% in the China web graph [4]. In other words, "
the connectivity of the Korea web is higher than the 2%
global and China Web. Furthermore, if pages u and v are 1k
randomly chosen in the Korea web, the probability that N .
there exists a path each other is at least 0.74 (= 86/100 = 0 #8268 1K 4K 16K Btk s M8

86/100), excluding the existence of many tiny SCCs in
the web graph.

The web service providers are currently interested in
providing blog and community services to personal users.
Personal users tend to create their web pages under a
“personalized” frame, which often automatically put links
to famous sites in the newly created pages. Business users
also like to put links to famous sites in their web pages
for various reasons such as increasing accessihility, ad-
vertisement and so on. Above all, fast growing are a few
giant portal companies, which provide personal services like
communities, blogs, thus allow to create a huge number
of new pages. The front-runner comparnies in Korea would
include “www.naver.com’, “www.daum.net” and “www.nate.
com’. As the role of such companies become important,
more web users get persona]izeds services (private pages
are also made in these sites) and companies connect links
te popular sites. After all, the Korea web becomes more
and more centralized. The observation leads us to expect
the size of CORE continue to increase.

4, Evolution of the Korea web

Recent studies suggest that there are about four billion
publicly-indexable web pages in the World-Wide web (simply
web). Search engines rely on both the contents and the
link structures of web pages to satisfy users’ requests (for
example, Google uses the PageRank values). The evolution

(Figure 7) Histogram of the sizes of successfully downloaded
documents

of the web pages including the link structures is an im-
portant and implicate aspect to the search engines. This
section describes the statistical analysis on dynamic fea—
tures of web pages and link modifications of the Korea
web. In our experiment, we clustered the web sites into
two disjoint sets: popular sites and random sites, and did
the same experiments on each set. We also analyze the
difference among the Korea, global, and China web in
terms of the weekly birth and death rate of pages and
links. Our analysis reveals that the Korea web is more
dynamic than the global web and China web are.

4.1 Domain and Page size Distributions

Table 1 reports the web page portions in the highest
level of domains. The distributions of domains for pages
in Korea are different with other webs. The Korea web
has the more commercial sites (“.com” or “.cokr”), which
are amount to 72%, than the global web (41% in 2004
[7]) has. The Korea web has also more educational sites
than the China web (3% in 2005 [4]) has.

Figure 7 shows the distribution of web page sizes that
were crawled in our experiment. We found that as much
as 53% of all observed pages are between 16 Kbytes and
64 Kbytes in size, which are approximately twice bigger
than the study [9] in 2004 where 66.3% of all the ob-
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served pages were between 4 Kbytes and 32 Kbytes. It
is interesting to note that the study [11] in 1999 reported
that 80% of all the observed pages were between 1

Khyte and 16 Kbytes, which are approximately one fourch‘

of the popular web page sizes in our study. One im-
plication of these studies is that the web page size is
definitely growing over time. Our experiment leads us to
agree with the argument made by Ntoulas, Cho and
Olston [7] that the current growth of the web is mainly
driven by the increased size of pages over time, not by
the increased number of web pages.

4.2 The Evolution of Pages and Links

In this section, we investigate the phenomenon, called
the evolution of the web that pages and links in the
Korea web are dynamically appearing, disappearing and
changing with time. This area of the evolution of the
Web graph, [4][7] studied about popular sites only. For
our evolution study, we used 200 popular sites and 800
randomly chosen sites. We used Google’s PageRank as
our basis for évaluating popularity [15]. The value of
Google PageRank is 0 to 10, the higher value being more
important and popular. We decided to think that a site
that has PageRank value more than 6 is a popular site.
To compare the evolution of average sites with popular
sites, we chose 800 sites randomly from various topics.

We collected pages from the sites every week from
July 2006 to August 2006, for a total of 6 weeks. While
collecting our data, some web sites were temporarily un-
available or our local network connection may have been
unreliable. We believe that these glitches were relatively
minor in most cases. To counter-balance this short-lived
unavailability, our crawler made up to three attempts to
download each page.

Weekly birth rate of Pages

We first evaluate how many new pages are created
every week. For this, we measured what fractions of the
pages have not been downloaded before for every week.
This fraction represents “the weekly birth rate” of web
pages. We use the URLs of pages to distinguish pages.
We consider a page to be “new” if we did not discover
any page with the same URL before.

Figure 8 and Figure 9 show the weekly birth rate of
pages. The y-axis shows the fractions of new pages that
we crawled in the given weeks. The line in the middle of
the graph denotes the average of all the values, repre—
senting the “average weekly birth rate” of the pages.
From the two graphs we can observe that the average
weekly birth rate is about 11.2% for the popular sites

Popular sites
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(Figure 8) Fraction of new pages between successive
snapshots of popular sites

Random sites

Fraction of new pages
s
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(Figure 9) Fraction of new pages between successive
snapshots of random sites
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(Figure 8) and about 62% for the random sites (Figure
9). Note that, the average weekly birth rate in the global
web (8% in 2004 [7]) and that of the China web (9.8% in
2005 [4]), both for the popular sites. This result shows
that new pages weekly created in the Korea web are
more than those of the global and China webs for popu-
lar sites. It is also worth noting that nearly twice the
new pages are created in the popular sites in comparison
with to the random sites.

Figure 10 (combines Figure 8 and Figure 9) is a nor-
malized version of the comparison result between popular
sites and random sites. The weekly birth rates of popular
and random sites are normalized to one. The bottom por-
tion shows fraction of weekly birth rate of popular sites
and the top portion corresponds to fraction of weekly
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(Figure 10) Normalized fraction of weekly birth rate from
popular and random sites

Normalized Fraction of pages

birth rate of random sites. The graph also indicates that
the popular sites create more new pages than the random

sites do.

4.2.2 Birth and death of Pages

In. this experiment, we study how many new pages are
created and how many vanish over time. Figure 11 shows
the normalized-to—one fractions of old pages (still existing
after n weeks since the first crawl) and new pages. The
y-axis of Figure 11 denotes the percentages of web pages
where the dark bars denote the existing pages after n
weeks since the first crawl, and the light bars represent
the newly created pages since the first crawl. For example,
90% of the second week pages from the popular sites are
old pages from the first week and 10% are newly created
pages in the popular sites. We observed that the total
number of successfully downloaded pages in each week
did not differ significantly. In other words, the number of

Popular sites
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newly created pages is almost the same as the number of
pages disappeared in a given week. We know that six
weeks later, only 63% of pages are old against the first
week for the popular sites and 83% of pages are old for
the random sites. This result shows that the evolution of
the popular sites is much faster than the random sites.

Weekly birth rate of Links

In this experiment, we evaluate how many new links
are created every week. In other words, for every week,
we measure the fraction of the links that have not been
downloaded before. Figure 12 shows the weekly birth rate
of links. The y-axis denotes the fraction of new links we
crawled in the given week. The line in the middle of the
graph represents the average of all the values, represent-
ing the “average weekly birth rate” of the links. From
the two graphs we can observe that the average weekly
birth rate of links is about 282% for the popular sites
(left graph), and about 17.4% for the random sites (right
graph). Recall, the average weekly birth rate of links in
the global web (25% in 2004 [7]) and that of the China
web (24.7% in 2006 [5]), both for the popular sites. This
result indicates that the link structure of the Korea web
is more dynamic than the global or China webs for the
popular sites. Also, we learn that the structure of links
changed more dynamically than that of pages.

Birth and death of Links

In this experiment, we study how many new links are
created from new and old pages and how many disappear
over time. The result for this experiment is shown in
Figure 13. The y-axis shows the normalized total number

Random sites

Normalized Fraction of pages

Week

(Figure 11) Normalized fraction of pages from the first crawl still existing after n weeks (dark bars) and new pages (light bars)
of popular and random sites '
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Popular sites
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(Figure 12) Fraction of new links between successive snapshots of popular and random sites
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(Figure 13) Normalized fraction of links from the first week snapshot still existing after n weeks (dark bars), new links from
existing pages (grey bars) and new links from new pages (white bars) of popular and random sites

of links in each snapshot relative to the first week. The
dark-bottom portion shows the number of the first-week
links that are still present in the given week. The grey
portion represents the links that did not exist in the first
week, and corresponds to the new links coming from the
pages that existed in the first week. The white portion
represents the links that did not exist in the first week,
and corresponds to the new links coming from new pages.

In these graphs, we can see that most new links are
from new pages. From the figure, we know that six weeks
later, only 64% of links still remained against the first
week for the popular sites, and 77% of links still remained
for the random sites. We can also see that the fraction of
the new links coming from the new pages of the popular
sites is more than the random sites. In other words, hyperlinks

are updated more often on the popular sites than on the
random sites. This experiment result is simﬂar to the weekly
birth rate of links, where the evolution of the popular sites
is faster than the random sites. This dyrnamic change of
link structures indicateé that search engines may have to
update the ranking metric quite often.

5. Conclusion and Future Work

We studied the Korea web gréph and analyzed the
similarities and differences with respect to the global and
China web graphs. According to our analysis, the CORE
of the Korea web has the bigger portion than the global
web and the China web do. We learn that the Korea web



is highly connected and centralized. We verified power
law distributions in the Korea web graph from several
aspects, and confirmed, as expected, that power law is a
basic property of the Web.

Also We studied the evolution of web pages and link
structure, by comparing the popular sites and the ran-
domly chosen sites. We know that the popular sites are
dynamic than the random sites. Also, the evolution of the
link structure is much faster than that of pages. The
change of the link structure is more dynamic than the
web pages themselves. The complications of such finding
are that system administrators need to often (and also
periodically) run web algorithms that use the link struc-
tures, in order to precisely model the web.

During the experiment, we found many web communities.
A web community is a set of sites that have a similar
topic and have many links each other. These communities
can be easily found in the form of a single SCC during
constructing the web graph. As a perspective of web search
engines, such SCC can be utilized to satisfy given topic-
oriented user requests, possibly complementing the existing
directory services.

The contributions of this paper are three—fold: First, we
construct the Korea web graph and analyze them. Also
we compared the Korea web graph with other webs. Second,
we investigate the random sites too and learned that the
popular sites are over twice dynamic than the random sites.
Third, we also found that the Korea web changes more
dynamically than other parts of world (in particular in China)
do. One possible reason about this phenomenon would be
that the Korea web has proportionally more commercial sites
than other webs have. As for future work, we plan to
study how much the change of link structure effects in
terms of page ranking algorithms.
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