
! The past decade has seen the birth

and explosive growth of the Web in terms of

content and user population. Figure 1 repre-

sents the exponential growth of the number

of Web servers; the number of users online

has grown exponentially as well. Whereas in 1996 there were 61 million Internet users world-

wide, at the end of 1998, more than 147 million people were Internet users worldwide, and

in 2000, the number of users more than doubled again to 400 million [1]. With its remark-

able growth, the Web has popularized e-commerce, and as a result an increasing segment of

the world’s population conducts commercial transactions online. 

The Web’s
HIDDEN ORDER

Lada A. Adamic and 
Bernardo A. Huberman

Web site growth and popularity actually 
follow rules that can be explained 
mathematically and are useful for 
predicting the Web’s future behavior.

From its onset in 1991, the Web has demon-
strated notable variety in the size of its features,
including connectivity and content. Surprisingly,
we have found there is order to the apparent arbi-

trariness of the increasing amount of Web content
and its user population. One especially notable pat-
tern we’ve observed is that there are many small ele-
ments within the Web but few large ones. At the
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same time, a few sites consist of millions of pages,
but millions of sites consist of only a handful of
pages; few sites have millions of links, but many sites
have only one or two. And millions of users flock to
a few select sites, paying little attention to millions
of others. This diversity can be expressed in mathe-
matical fashion as a distribution of a particular form,
called a power law, meaning that the probability of
attaining a certain size x is proportional to 1/x to a
power �, where � is greater than or equal to 1.

W
hen a distribution of
some property has a power
law form, the system looks
the same at all length scales.
Therefore, if one were to
look at the distribution of

site sizes for one arbitrary range, say, just sites with
from 10,000 to 20,000 pages, it would look the
same as for a different range, say, 10 to 100 pages. In
other words, zooming in or out in the distribution,
one keeps obtaining the same result. It also means
that if one can determine the distribution of pages
per site for a range of pages, one can then predict the
distribution for many other ranges.

Equally interesting, power law distributions have
very long tails, meaning there is a finite probability
of finding sites extremely large compared to the

average. This finite probability of finding large sites
is quite striking and can be illustrated by the exam-
ple of the heights of individuals following the famil-
iar normal distribution. It would be very surprising
to find someone measuring two or three times the
average human height of 5 feet 10 inches. On the
other hand, a power law distribution makes it possi-
ble to find a site many times larger than average.
Power laws also imply that the system’s average
behavior is not typical. A typical size is one that is
encountered most frequently; the average is the sum
of all the sizes divided by the number of sites. If one
were to select a group of Web sites at random and
count the number of pages in each of them, the
majority would be smaller than average. This dis-
crepancy between average and typical behavior is
due to the skew of the distribution.

Figure 2 shows four power law distributions for
number of site pages, visitors, inlinks, and outlinks.
The distributions look almost identical, because all
four site characteristics evolve according to the same
growth process. In order to describe this process [2],
consider first the addition of pages to a site, particu-
larly when the site already has a million pages. Such
an enormous site must be maintained either by a
very prolific and dedicated author or by a team of

Web masters constantly modifying, deleting, and
adding pages; some pages on the site might even be
generated automatically. One would not be sur-
prised to find that a large site of a million pages has
lost or gained a few hundred pages on a given day.

Now consider a site with 10 pages that does not
incorporate much content. Finding an additional
hundred pages on the site within a day would be
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unusual, though not impossible. One could then
safely say that the day-to-day fluctuations are pro-
portional to the size of the site, that is, the growth
process is multiplicative. The number of pages on
the site, n, on a given day, is equal to the number of
pages on that site on the previous day plus/minus a
random fraction of n. 

If a set of sites is allowed to grow with the same
average growth rate but with individual random
daily fluctuations in the number of pages added, the
size of the sites within each set of sites would be dis-
tributed lognormally after a sufficiently long period
of time [3]. A lognormal distribution gives high
probability to small sizes and small but significant
probability to very large sizes. But while skewed and
with a long tail, the lognormal distribution is not
itself a power law distribution.

In order to explain the power law distribution of
site sizes, one needs to consider two additional fac-

tors that determine the growth of the Web: sites
appear at different times, and some sites grow faster
than others. First consider different start times. We
know that the number of Web sites has been grow-
ing exponentially since the Web’s inception, mean-
ing there are many more younger sites than older
sites. Sites with the same growth rate appear at dif-
ferent times, only a few early on, but more and more
as time goes on. After a sufficiently long period, one
finds a distribution that can be evaluated analytically
and which is power law in the number of pages per
site. Younger sites, which haven’t had much time to
grow, contribute to the low end of the distribution.
The older sites, which are far fewer in number, are
more likely to have grown to large size and con-
tribute to the high end of the distribution.

In a second scenario, all sites appear at the same
time, but their growth rates differ. We have demon-
strated in simulations that different growth rates,
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regardless of how they are distributed among sites,
result in a power law distribution of site sizes. The
greater the difference in growth rates among sites,
the lower the exponent �, meaning the inequality in
site sizes increases. In summary, a very simple
assumption of stochastic (random) multiplicative
growth, combined with the fact that sites appear at
different times and/or grow at different rates, pro-
vides an explanation supporting our contention of
power law behavior on the Web.

Site Popularity
The same theory of growth can be applied to the
popularity of Web sites [9]. In this case, the day-to-
day fluctuations in the number of visitors to a site is
proportional to the number of visitors the site
receives on an average day. Moreover, visitors are one
of essentially two types: 

• Those aware of the site and who may or may not
return to it on a given day. A fraction of them
does return, though the fraction varies from day
to day.  

• Those visiting for the first time or rediscovering
the site. 

Those belonging to the first type are familiar with
the site and in turn influence the number of new vis-
itors. The influence can be direct; individuals tell or
email other individuals about a cool site they have
just discovered or about one they use regularly. It
can also be indirect; individuals discovering an inter-
esting site might put a link to it on their own pages
that in turn acts as a pointer for others to find it. A
site with many users might get media coverage,
bringing in even more traffic, with a consequent
increase in the number of links from other sites.
Finally, the amount of advertising a site can afford to
pay to attract additional users depends on the
amount of revenue it generates; this revenue in turn
depends on the number of visitors. Hence, the num-
ber of new visitors to the site is proportional to the
number of visitors the previous day. 

Once again, in order to understand the dynamics
of site visits, we need to incorporate the fact that
sites appear at different times and have different
growth rates. Some grow quickly because they deal
with one or more topics of interest to many people;
others because they provide quality of service; and
still others because they are linked-to from influen-
tial sites. Some sites may grow quickly because they
bring in clientele from the physical world, while
others start on the Internet but advertise heavily
online and off. Some gather their entire user bases
purely through customer loyalty and word-of-
mouth advertising. Combining multiplicative
growth at varying rates with differences in site age,
one obtains a distribution in number of visitors per
site, which once again is power law with important
consequences for the nature of e-commerce.

Figure 2(b) shows the distribution of unique visi-

tors among sites from a portion of AOL logs
obtained on December 1, 1997. The table here
shows the top 0.1% of all sites capture a whopping
32.36% of total user volume. Moreover, the top 1%
of sites capture more than 50% of the total volume.
This concentration of visitors into a few sites cannot
be due solely to the fact that people find some types
of sites more interesting than others. We verified this
conclusion by performing the same analysis for two
categories of sites: adult sites and sites within the
.edu domain. We assumed adult sites would offer a
selection of images and optional video and chat. We
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also assumed .edu-domain sites would contain infor-
mation about and for academic research, as well as
personal homepages of students, staff, and faculty,
thus likely covering any range of human interest.
Again, the distribution of visits among sites was
unequal. We sampled 6,615 adult sites by keywords
in their names. The top site captured 1.4% of the
volume to all adult sites, while the top 10%
accounted for 60% of visitor volume. Similarly, the
top .edu site—umich.edu—claimed 2.81% of the
volume, while the top 5% of all .edu sites accounted
for over 60% of the visitor traffic.

The implication of this result is interesting both
to the economist studying the efficiency of markets
in e-commerce and to providers contemplating the
number of customers a business will attract. We ver-
ified that the distribution of visitors per site follows
a universal power law, implying that a small number
of sites command the traffic of a large segment of the
Web population. For example, a newly established
site will, with high probability, join the ranks of sites
attracting a handful of visitors per day, and, with
extremely low probability, capture a significant num-
ber of users. Such a disproportionate distribution of
user volume among sites is characteristic of winner-
take-all markets [4] in which the top few contenders
capture significant market share.

We also see power law behavior in the number of
links per site, a phenomenon that can be viewed
from two ends. On one end of the link is the origi-
nating site; on the other is the receiving site. Both
incoming links, as in Figure 2(c), and outgoing
links, as in Figure 2(d), are distributed among sites
according to a power law and follow the same
growth process described here. The growth in the
number of links to a site can be equated with the
growth of the site’s popularity. The more a site is
linked-to, the more users are aware of the site, and
the more additional links it receives. The growth in
the number of outgoing links is similar to the
growth of a site in terms of the number of pages it
contains. Outgoing links must be maintained con-
stantly to record changes; some pages might be
moved or deleted. Other links must be added to
keep up with pages appearing at an exponential rate.
Some sites add links rapidly, possibly directories and
index pages, others more slowly, providing content
directly rather than through pointers to other
resources. 

The fact that there is a large variance in the num-
ber of outgoing links sites have leads to the so-called
small-world phenomenon. While sites predomi-
nantly link to only a few sites of similar content, vast
numbers of sites are linked together by directory and

index sites with thousands of links. Consequently a
random Web surfer must move on average through
only four sites in surfing from one site to any other
site [5]. On the page level, 18 links (at most) are
required to move from any single page to any other
page [6]. 

Conclusion
In spite of its seemingly random growth, many prop-
erties of the Web obey statistical laws describing its
structure in a simple and nontrivial fashion. Equally
important, and aesthetically pleasing to us, these
laws can be derived from a dynamical organizing
principle that helps reveal the structure’s historical
evolution and future behavior. The knowledge of
strong regularities, such as the small-world phenom-
enon, or the law of surfing [7], can be used to design
better Web services, including searches, and increase
the time users spend at Web sites [8]. As reflected in
our study of online markets, these patterns apply not
only to the virtual space of the Web but to interac-
tions and transactions in the real world as well. As
the information made available and captured online
becomes richer, these methods will provide further
insights into the dynamics of information and how
people interact with one another.
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