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The Web is definitely growing
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Web Dynamics
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How does the Web change and evolve?

Does most of the content remain unchanged once it has been authored ? 
or  

Are the documents being continuously updated?

Do pages change a little or a lot ?  
or 

Do pages change and then change back? 

 Change in “real-time” content streams 

 Change in Web graphs

 Change in persistent documents 
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 Change detection useful is designing better crawlers 

 Improving freshness in results 

 Improving retrieval quality taking time into account 

 Resource planning for the future

Applications
Web Dynamics

“sheds light on the evolution of a major sociological 
phenomenon: the largest collectively constructed information 

repository known to man” - Fetterly et al.
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 Rely on frequent crawls over a short period of time 

Previous Works
Web Dynamics

2003
Fetterly et al.

 67% web pages never changed (on an average)

2004
Ntoulas et al.

 Only 20% web pages available today will be accessible after a year

2005
Kim et al.

 1.3% new pages are encountered at every new crawl

2009
Adar et al.

 Term-level changes: Popular pages change frequently but not by much 

2013
Radinsky et al.

 Changes in pages depend on related pages
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1997

Web Archives as a Dataset



Avishek Anand 12

2000

Web Archives as a Dataset
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2006

Web Archives as a Dataset
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2009

Web Archives as a Dataset
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Web Archives as a Dataset

2014
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Web Archives as a Dataset

Study of long-term change and evolution possible 
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Our Dataset
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18 years of web data from the german (.de) domain courtesy The Internet 
Archive

2.3 TB … 5.51B captures … 11,174, 079 domains spanning > 2 years 

Largest Web Dynamics study in size and coverage 

tion, however, we found that the small long-living fraction
contributes significantly to the age of the Web, which is ac-
tually growing. In terms of the volume of a domain, which
we consider its number of URLs, we found the growth is ex-
ponential. Considering actual sizes, not just existing pages
grow, but also newly created ones are larger every year. In
almost all the conducted analyses we also found distinct dif-
ferences among the considered categories.

The rest of this paper unfolds as follows. We first pro-
vide a detailed description of our experimental setup and
the metrics used. We then analyze of birth and death of
the webpages and websites for di↵erent categories over the
years. Next, we analyze the age of webpages and websites
and discuss its implications on the current Web. Finally, we
look at how the sizes of single webpages have evolved and
how they impact the overall volume of websites.

2. RELATED WORK
Studying and characterizing change and evolution in the

Web falls into the broad field of Web Dynamics. Change on
the web can be classified under three broad topics: change
in persistent web documents, change in real-time content
streams and finally change in Web graphs. Our work only
deals with the change in persistent documents.

The earliest work of note was done by Fetterly et. al. [8]
in 2003, where they analyzed 150 million web pages over a
period of 11 weeks. They consider the most fundamental
question in Web dynamics which is How often does a web-
page change?. They found that that 67% of the pages never
change at all. Moreover, 20% of the changes are only minor
text changes and 10% of the webpages have changes in the
non-textual part. Only around 4% of the webpages report
medium to major changes to their text content.

Ntoulas et. al. [15] in 2004, considered another important
questions which is What is the lifespan of a page?. They
show that the change rate di↵ers across domains and on
average 23% of the content changes everyday, while 30%
never change. Coming to the second question, around 10%
of the pages have a lifespan of less than a week and over 50%
have a lifespan of more than 4 months. To model change of a
page they employ a Poisson process for a sequence of random
events, occurring independently, at a fixed rate � over time.
A similar model was employed by Radinsky et. al. [18],
which they used to predict content change in webpages. The
sizes of the crawls are summarized in Table 1.

Adar et. al. [2] in 2009 studied page level content changes
and tried to capture term-level dynamics. They also consid-
ered re-visitation statistics to correlate page changes with
page-revisits. They found out that 67% of the visited pages
changed, and 63% of these changed every hour. Popular
pages change frequently, but the quantum of change is not
very high. They also studied the di↵erential longevity of
terms in pages and found that most terms either are quite
stable over time or change very rapidly. Recently, Saad et.
al. [19] studied patterns of page changes on a collection of
1000 pages from the France TV website monitored over a
month, which were crawled every hour. However, our work
di↵ers from these previous analyses by having a larger tem-
poral coverage. To this e↵ect, we carry out studies which
compare observations across years showcasing evolution of
websites. Secondly, these collections have a high degree of
coherence allowing for stable measurements of change rate
per webpage. We on the other hand resort to retrospective

Table 1: Previous Studies

# Pages # Duration ø Year

Fetterly et. al [8] 150m 11 weeks 2003
Ntoulas et. al [15] 720k 4 months 2004

Kim et. al [11] 600k 100 days 2005
Adar et. al [2] 50k 5 weeks 2009

Radinsky et. al [18] 54k 6 months 2013
L3S-IA 20.7m 18 years 2014

analysis over a Web archive to study macroscopic phenom-
ena over a set of webpages and categories.
Hale et. al. [9] also use a Web archive which spans a

long time interval. However, they focus on link practices
and their evolution by studying changes in the link density
of di↵erent second-level domains over time. We however
focus on the birth, death, growth and aging of webpages
and domains.

3. SETUP AND METHODOLOGY

3.1 Dataset Preparations
The unique dataset we had available for this work has been

provided by the Internet Archive and consists of crawls on
the entire German Web from 1996 to 2013. Even though, we
have only had access to meta information, like status codes
and sizes of di↵erent URLs, this data serves perfectly for an
unprecedented retrospective analysis of the Web’s evolution.
For this reason, rather than taking actual changes and their
characteristics like change rates into account, we focused on
the aging as well as the growth of the Web, which turns out
to be a rare opportunity that, to the best of our knowledge,
no one has done before.

3.1.1 German Web CDX

The so-called CDX files that we had access to are mani-
fests consisting of meta information about the crawls of the
Internet Archive in a space-separated format, with one line
per capture. What we consider a capture is one snapshot
of one URL at a given time. The corresponding line in the
CDX file looks as follows:

<canonized url timestamp original url mime type
status code checksum redirect url meta data
compressed size o↵set filename>

Of importance for this work are the URL, the timestamp,
the status code, as well as the size. As URL we picked either
the redirect URL if available or the original URL otherwise.
In case a redirect URL is present, it is important to consider
this, as the attached data refers to it and it might belong to
another domain, which is crucial for this study. Please note
that the sizes available to us are compressed. Therefore, all
following analysis on sizes will present compressed sizes as
well. As the CDX files that we received for this analysis
only includes text files, such as HTML, we could ignore the
mime type.
In order to handle the large amount of data, we created

an index based on the domains as extracted from the URLs.
This index provides a pointer to a list of URLs of a certain
domain, where each URL has attached a sub-list with all its
captures in chronological order, including the data as shown
above. This allows quick access to all URLs and captures of
any domain available in the CDX.
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Retrospective Analysis

We study the evolution of the web retrospectively

Challenge: Lack of coherent data. Change analysis not 
possible
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100 most popular german (.de) domains from 17 categories 
from Alexa rankings

Popular German Domains
3.1.2 Today’s Popular Domains

Due to the enormous amount of data, which we had avail-
able, we had to focus on either sampling the data or se-
lecting a well-chosen sub-set. We decided for analyzing the
evolution of the most popular domains today, starting from
its early stage in 1996, because these websites are impact-
ing most users these days. Accordingly we picked the to-
day’s most popular websites from di↵erent categories, such
as Business, Society and Sports. As this is what most people
are interested in, analyzing this part of the Web is probably
also most interesting for the majority of readers and at the
same time has the biggest impact on upcoming research. In
the following we will use website synonymously for domain,
which includes its sub-domains as well. In contrast, webpage
is used interchangeably for URL and denotes a single page
of website.

The selection was taken from Alexa. In order to match
our dataset we fetched only websites from those categories
on Alexa that comprise German websites 3. These 15 cate-
gories were also used to classify the websites. Additionally,
we picked two sub-categories separately for news and uni-
versities, as they seemed to us to be especially relevant.

As our dataset only consists of domains ending with the
German top-level domain ’.de’, we filtered out the others,
which are on the Alexa’s list as they are in German, but use
another top-level. Eventually, we picked the top 100 from
every category (or less for smaller categories, like news). The
last time we retrieved the rankings from Alexa was on July,
10th 2014 at 09:26 MET, which is the state of the dataset our
analysis is based on. In addition to the listed domains, we
picked all sub-domains belonging to a website from Alexa as
well. These served as the pointers for extracting the dataset
from the entire index.

3.1.3 Dataset extraction

For all the websites that have been selected from Alexa, we
picked the corresponding sub-domains from our index and
built up a new index using the website domains as pointers
this time. Thereby, all URLs belonging to di↵erent sub-
domains of the same domain were combined.

During this dataset reduction we also performed several
cleaning steps on the URL level:

• We discarded all URLs ending with one of the following
extensions: .jpg, .png, .gif, .css, .js. As mentioned be-
fore, the dataset only consist of URLs with mime type
text. Hence, the image files either returned a wrong
type or were not available and returned a error page.

• We discarded all URLs that have never returned a suc-
cessful status code (starting with 2, according to the
o�cial HTTP status codes).

• We discarded all URLs that were last crawled with
a successful response, however, this capture is from
before 2013 (which is the last year of the dataset). The
rationale behind this is, that those URLs have been
stopped crawling at some time for some reason, even
though they are still online. This would result in an
inconsistent state of the data, as we can not investigate
what happened after they have been crawled last.

3
http://www.alexa.com/topsites/category/Top/World/

Deutsch

Table 2: Dataset Details

Category # Domains # Sub-Domains # URLs

Computer 100 561 2138786
Recreation 100 380 981638

Society 100 368 832017
Health 100 274 453282

Kids & Teens 100 234 311705
Culture 100 250 934552
Media 100 512 1981877

Shopping 100 429 6726195
Regional 100 793 3069791
Games 99 304 718348
Sports 100 290 656859

Business 100 546 1534639
Education 100 827 1240196

Science 100 398 579821
Home 100 325 1762361
News 40 117 820163

Universities 100 828 659175
TOTAL 1444 5846 20778475

• In addition to the above, we discarded all URLs that
have been crawled successfully only once, even though
this was in 2013. These only represent a single snap-
shot of a page and therefore, can not be used for evo-
lution analysis at this point. Most likely, they crawler
has just begun to crawl them.

Ultimately, we ended up with a dataset containing 17 cat-
egories with the today’s popular domains from the German
Web, as presented in Table 2.

3.2 Statistics and Metrics
The statistics were gathered in two steps. A precompu-

tation step counted di↵erent properties of a domain. After-
wards, we aggregated these properties two meaningful met-
rics per category. The following subsections describe these
two steps in detail and define the terminology, which will be
reflected and used in the analysis results (Section 4 and 5).
Analogous to humans and population statistics, we use

the terms of birth, death and life to describe the lifetime of a
URL or domain in our dataset. We consider a URL/domain
to be alive from the time it first appeared in the crawls until
it was last seen online, indicated successful status codes.

3.2.1 Precomputations

The precomputation was performed per domain. For each,
we created three statistics, which describe di↵erent units for
the dependent variables in our result (reflected by the x-
axes in the result plots). For all statistics, one unit i spans a
period p

i

of one year from t

i

to t

i+1 (excluded). We decided
not to collect more fine-grained statistics, such as monthly or
weekly, as the available data was not su�ciently coherent.
To analyze the coherence of the dataset we measured the
inter-capture intervals on all domains, in order to determine
the density of the crawls, as this is a crucial factor for the
granularity that we can provide. While studies on change
rates or the like would require more coherent crawls, this is
not required for a evolution study as we present. As it turned
out, the inter-capture times in our data are very diverse
among di↵erent domains as well as over time.
The following definitions give an overview of the statistics

we computed for the later analysis:

http://www.alexa.com/topsites/category/Top/World/Deutsch

http://www.alexa.com/topsites/category/Top/World/Deutsch
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Goal of Analysis

For the currently popular German domains…

Is the Web really growing old and if so how can we characterize it?

How has the size of webpages changed over time?

Do websites from different categories have different growth rates? 
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• Introduction 

• Experimental Setup 

• Age of the Web 

• Growth of the Web 

• Some Predictions 

• Final Remarks

Outline
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 Status code "

 Checksum"

 Redirect URL

 Offset "

 Filename"

 Metadata"

 Compressed Size "

 Mime Type"

CDX Data Format

 Canonicalized url "

 Timestamp"

 Original URL

 Extract popular domains  

 Filter URLs by extension, status code and time 

 Indexed hierarchically for efficient access 

 Precomputed statistics per domain for evolution, domain and URL age

Data Transformation
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75% of today’s University websites, 20% of today’s Game websites 

Domain Emergence
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• Evolution statistics:
Values are measured per calendar year.
t

i

denotes the beginning of the calendar year i.

• Domain Age statistics:
Values are measured for full years starting from the
first date a domain occurs in the dataset (e.g., for a
domain that appears first in t0 = 04.05.2000 10:30:45,
age i = 0 spans from there to 04.05.2000 10:30:44).
t

i

denotes the beginning of the domain age i.

• URL Age statistics:
Values are measured for a full years of the analyzed
URLs. The years are considered as for the domains and
data from the same ages of di↵erent URLs is combined
among a domain.
t

i

denotes the beginning of the URL age i.

Please note that the age statistics (Domain Age and URL
Age) do not reflect their actual age of domains/URLs, but
the age from when they first occurred in the dataset.

Evolution and Domain Age statistics are similar in the
sense that both describe the evolution of a domain over time.
The URL Age statistics on the other hand are relative to the
time of a domain’s URLs, which can describe di↵erent peri-
ods of the domain. Therefore, we collected similar properties
for the first two, whereas di↵erent ones for the latter. As
a reference for the following section, the definitions of the
properties of all three statistics are attached in the appendix
(Section A).

3.2.2 Aggregation

As the goal of this work is a long-term Web evolution
study in contrast to existing fine-grained analyses of single
domains, we look at aggregated data based on categories
with a yearly granularity, as already prepared by the pre-
computed statistics. Accordingly, for the purpose of inves-
tigating as well as presenting our results, the precomputed
statistics (Evolution, Domain Age, URL Age) were accumu-
lated among all domains in one category. Each metric used
in the analysis is defined per period p

i

together with the set
of domains in this period D

i

. This set only includes those
domains that appear in the considered period. For instance,
a domain which is born in the year 2000 is not included in
D

i

for any i < 2000 in the Evolution statistics. The same
applies to Domain Age and URL Age statistics. If none of
the URLs in a domain lived longer than two years or a do-
main did not reach the age of two, these domains are not
included in D

i

for any i > 1.
For the sake of simplicity, in addition to the properties on

the precomputed statistics, which are defined per period, we
define the number of URLs alive at a single time point, which
is a special case of the definition of alive URLs for a period
with length 0. While alive(p

i

) has been defined for a period
p

i

= [t
i

, t

i+1) and denotes the URLs that were alive the
entire interval, alive(i) refers to the very end of this period
(i.e., the end of a calendar year for Evolution statistics or of
a year in life of a domain/URL). Accordingly, it includes the
URLs that were alive during the entire period p

i

plus the
ones that were born in period p

i

, as computed in Equation 1.

alive
d

(i) = alive
d

(p
i

) + born
d

(p
i

) (1)

The definitions of the used properties can be found in the
appendix, Section A. The aggregations that we use and dis-
cuss in the following of this work are based on the introduced
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Figure 1: Domain Emergence

statistics with these properties. The corresponding formulas
are presented along with the plots.

3.3 Dataset Analysis
In order to give an overview of our dataset at every year

under consideration, we present the fraction of available do-
mains per year for selected categories in Figure 1. As we
focus on today’s popular domains, not all of them were on-
line and covered at the beginning of the crawls.
The plots show when the domains in di↵erent categories

were born or when they started to be crawled. Regardless of
the fact that the crawler had not hit all domains immediately
when it started in 1996, it indicates that most of the do-
mains under consideration came online later. For instance,
whereas about 75% of today’s university websites already
existed in 1999, not even 20% of the popular game websites
of today were present back then. This indicates that many
universities had a website already before 1996, whereas the
game websites that are most popular today have been cre-
ated more recently. Also noticeable on this plot is that some
categories, like universities, grew much quicker than others,
such as game websites. At the same time it shows how nicely
our dataset actually includes a number of the today’s pop-
ular domains completely, meaning from their beginning up
to 2013.

4. THE AGE OF THE WEB
The Web started around 25 years ago and has been ma-

turing ever since. However, is its actual age really increasing
or is its content constantly being refreshed, by pages being
added and removed? To answer this question we analyzed
the actual age of the Web. It turns out, while the majority
of webpages is young, the older pages are aging further. We
show the distribution of ages among URLs as well as the
evolution of the long-living parts of the Web.

4.1 Distribution
It has been shown by other researchers that most URLs on

the Web are rather short living [15, 8], i.e., less than a year.
However, nothing could be deduced about the URLs which
survived after a year. Also, there was no evidence if these
short-term URLs grew or shrunk over time with respect to
the other URLs. Towards this, we first consider the age
distribution of the URLs to determine what fraction of the
popular Web categories comprises of the short-living URLs
and how are the lifetimes of the other URLs divided. In
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URL age distribution 
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Figure 2: URL Age Distribution

this analysis we only consider the URLs which died, i.e., if
it returned an unsuccessful status code and never returned
a successful status code thereafter. The end time of such
an URL is set to the time of the last returned unsuccessful
status code. The begin time of the URL is simply the time
it was crawled first. Figure 2 presents the distribution of the
URL ages. We plot the fraction of the URLs of a domain
(y-axis) which reached a certain age in years (x-axis), for
selected categories.

More precisely, the plot shows the fraction of URLs of one
domain that died at age i, averaged over all domains D

i

that
reached that age, as defined below (on URL Age statistics).
Please note that p

i

here refers to the period of age i of a
URL (compare Section 3.2).

1
|D

i

|
X

d2Di

died
d

(p
i

)
count

d

(p
i

)

The age distribution shows that, indeed, the largest frac-
tion of the URLs of a domain live less than a year, which
is about 55%. Also a considerable fraction of URLs die at
the age of two to five. These are what we denote as short-
living pages. Every page that lives longer than five years
is considered long-living and subject to contribute to the
aging of the Web. These constitute the long tail in this dis-
tribution. Note that, we do not show the entire tail in this
figure but we considered URLs up to ages of thirteen. It
is interesting to observe that the university websites have
a significantly higher number of URLs dying after the first
year, while less than 40% of webpages die at the age of 0.
For each of the subsequent ages they consistently outnumber
other categories indicating that university webpages tend to
be rather long-living. Opposed to this are the shopping web-
sites which have the highest number of pages, 73% of all its
URLs, that die within their first year.

Now we turn to the second issue of how the overall age
distribution evolves over time in Figures 3(a) and 3(b). We
divided the ages into six age buckets of URLs that lived for
less than – a year, 2 years, 3 years, 4 years, 5 years and
6 years, which includes the URLs at age five together with
the long-living ones. We resort to a di↵erent style of analysis
this time by plotting the current age of a URL at the year
against which it is plotted. In other words, the age of the
URLs at the end of the year, instead of how long they lived
in the end, like if we were analyzing the URL ages at a snap-
shot of the Web at that time. We observe in Figure 3(a),
which presents the actual counts of the URLs against the
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Figure 4: URL Age Evolution

considered current age, that over the years the number of
URLs for each bucket increases exponentially. Interestingly,
this trend correlates with the domain volume which is pre-
sented in the next section. Further we observe that the
distribution remains stable over time by investigating the
normalized distribution for all years in Figure 3(b). The
normalized value of an age bucket ↵ at a given year p

i

is
defined by the following formula (on Evolution statistics):

P
d2Di

|{a 2 ages
d

(p
i

)|↵ · 12  a < (↵+ 1) · 12}|
P

d2Di
alive

d

(i)

Although URLs grow exponentially over the years, as sug-
gested in Figure 3(a), the fraction of the URLs at di↵erent
ages remains more or less stable. Specifically, as the com-
puted fitted line in Figure 3(b) emphasizes, almost 70% of
all webpages are younger than a year at any time during
the Web’s lifetime. As this stability holds true for all age
buckets, it suggests that as the Web is growing it consists of
equal proportions of aged webpages.

4.2 Aging
Knowing that the majority of pages on the Web is rather

fresh, we now analyze the evolution of the Web’s average
age. Rather ironically, like humans can grow older but stay
younger by eating healthy and doing sports, apparently the
same applies to the Web as most of its constituent webpages
are frequently replaced. To investigate this, we computed
the average age of the Web in months at a given year, as
defined below (on Evolution statistics) and plotted in Fig-
ure 4.

P
d2Di

P
a2agesd(pi)

a

P
d2Di

|ages
d

(p
i

)|

The evolution shows that the Web is actually growing
older after all. While the average age of the Web was about
10 months during the year 2000, it grew almost 50% to 15
months by the year 2012. This can possibly be attributed
to the stability of age distribution as shown before (s. Fig-
ure 4). The reason is the fraction of long-living webpages,
which are constantly aging and contributing to a higher age
every year.
The aging is almost linear, following the curve f(x) =

a · x + b, where x is the number of years calculated from
1996. The estimated values for the parameters of this curve
are a = 0.74, b = 4.89 with an asymptotic error of 8.41% (the
corresponding plot is attached to the appendix in Figure 10).

Age of a domain composed of ages of current URLs
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URLs grow exponentially, but have stable proportions 
Is the Web not growing “older”? 
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Figure 3: Evolving URL Age Distribution

This aging would lead to an average URL age of 23 month
in the year 2020, which is double the age of 2005. While the
age today (2014) is 1.5 years, in 2038 it would turn 3.

We further verify our claim that this aging is contributed
by the long-living pages by analyzing the age of webpages
older than five years using the following expression (defined
on Evolution statistics):

P
d2Di

P
a2{a2agesd(pi)|a>5·12} aP

d2Di
|{a 2 ages

d

(p
i

)|a > 5 · 12}|

The corresponding plot in Figure 5(a) visualizes the quite
significant growth in age of the long-living URLs. Even
though this old part is just a small fraction of the entire
Web, its increasing age leads to the slow increase of the
Web’s actual age that we have shown above. This figure
only starts in 2001 as there exist no long-living URLs in our
dataset before.

The same observation can be made by observing the av-
erage age of long-living URLs at a given age of a domain in
Figure 5(b), which is defined by the same formula as used
before (but on Domain Age statistics, with p

i

referring to
the of age i of a domain, compare Section 3.2). This plot
reflects the actual growth in age of a domain in contrast to
its real age, as shown on the x-axis.

Correspondent with what we observed in Section 4.1 all
plots in this section acknowledge the characteristics in terms
of age that we observed for di↵erent categories. While web-
sites of universities appear to be the oldest, others such as
sports, business and computer websites tend to be much
fresher, not to say more up to date.

5. THE GROWTH OF THE WEB
We now turn our attention to measuring and characteriz-

ing the size of the popular Web and how it has evolved over
time. The size of the Web can be interpreted as the number
of webpages or as the actual size of its content. We refer to
the number of websites and pages as the volume of the Web
or a domain, while size refers to the actual file size (includ-
ing markup as well as the content of a page). In this section
we study both interpretations and their evolution over time.

5.1 Volume
Considering that the number of domains in our dataset
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Figure 6: Evolution of the Web’s URL Volume

grows every year as presented in Section 3.3, it is not sur-
prising that the number of URLs grows as well. However,
if this was the only reason, the growth would be similar to
the growth of our dataset, which is not the case. We ana-
lyzed this by computing four properties: (a) the number of
newborn URLs in a year, (b) the number of URLs died in
a year, (c) the number of URLs alive at the end of a year
as well as (d) the growth rate. The growth rate is the dif-
ference between the number of born and died URLs. While
all numbers are computed over the period of a year p

i

, the
number of URLs alive is considered at the end of the year i,
defined as follows (on Evolution statistics):

X

d2Di

alive
d

(i)

The results are presented in Figure 6, which shows that
the Web is growing a little faster every year. Especially
noticeable is the strong growth starting from 2006, which
however might be due to the characteristics of the dataset
after all.
The reason for this growth of the Web is that there are

more new URls born every year, while the number of dy-
ing URLs remains almost constant. In order to a�rm that
this finding is independent from the growing number of do-
mains in our dataset, we investigated the average number of
URLs per domain over the years as well. The formula below
(defined on Evolution statistics) describes this progression,
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The popular Web is indeed growing older 
But where is the ageing taking place ?
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Figure 2: URL Age Distribution

this analysis we only consider the URLs which died, i.e., if
it returned an unsuccessful status code and never returned
a successful status code thereafter. The end time of such
an URL is set to the time of the last returned unsuccessful
status code. The begin time of the URL is simply the time
it was crawled first. Figure 2 presents the distribution of the
URL ages. We plot the fraction of the URLs of a domain
(y-axis) which reached a certain age in years (x-axis), for
selected categories.

More precisely, the plot shows the fraction of URLs of one
domain that died at age i, averaged over all domains D

i

that
reached that age, as defined below (on URL Age statistics).
Please note that p

i

here refers to the period of age i of a
URL (compare Section 3.2).

1
|D

i

|
X

d2Di

died
d

(p
i

)
count

d

(p
i

)

The age distribution shows that, indeed, the largest frac-
tion of the URLs of a domain live less than a year, which
is about 55%. Also a considerable fraction of URLs die at
the age of two to five. These are what we denote as short-
living pages. Every page that lives longer than five years
is considered long-living and subject to contribute to the
aging of the Web. These constitute the long tail in this dis-
tribution. Note that, we do not show the entire tail in this
figure but we considered URLs up to ages of thirteen. It
is interesting to observe that the university websites have
a significantly higher number of URLs dying after the first
year, while less than 40% of webpages die at the age of 0.
For each of the subsequent ages they consistently outnumber
other categories indicating that university webpages tend to
be rather long-living. Opposed to this are the shopping web-
sites which have the highest number of pages, 73% of all its
URLs, that die within their first year.

Now we turn to the second issue of how the overall age
distribution evolves over time in Figures 3(a) and 3(b). We
divided the ages into six age buckets of URLs that lived for
less than – a year, 2 years, 3 years, 4 years, 5 years and
6 years, which includes the URLs at age five together with
the long-living ones. We resort to a di↵erent style of analysis
this time by plotting the current age of a URL at the year
against which it is plotted. In other words, the age of the
URLs at the end of the year, instead of how long they lived
in the end, like if we were analyzing the URL ages at a snap-
shot of the Web at that time. We observe in Figure 3(a),
which presents the actual counts of the URLs against the
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Figure 4: URL Age Evolution

considered current age, that over the years the number of
URLs for each bucket increases exponentially. Interestingly,
this trend correlates with the domain volume which is pre-
sented in the next section. Further we observe that the
distribution remains stable over time by investigating the
normalized distribution for all years in Figure 3(b). The
normalized value of an age bucket ↵ at a given year p

i

is
defined by the following formula (on Evolution statistics):

P
d2Di

|{a 2 ages
d

(p
i

)|↵ · 12  a < (↵+ 1) · 12}|
P

d2Di
alive

d

(i)

Although URLs grow exponentially over the years, as sug-
gested in Figure 3(a), the fraction of the URLs at di↵erent
ages remains more or less stable. Specifically, as the com-
puted fitted line in Figure 3(b) emphasizes, almost 70% of
all webpages are younger than a year at any time during
the Web’s lifetime. As this stability holds true for all age
buckets, it suggests that as the Web is growing it consists of
equal proportions of aged webpages.

4.2 Aging
Knowing that the majority of pages on the Web is rather

fresh, we now analyze the evolution of the Web’s average
age. Rather ironically, like humans can grow older but stay
younger by eating healthy and doing sports, apparently the
same applies to the Web as most of its constituent webpages
are frequently replaced. To investigate this, we computed
the average age of the Web in months at a given year, as
defined below (on Evolution statistics) and plotted in Fig-
ure 4.

P
d2Di

P
a2agesd(pi)

a

P
d2Di

|ages
d

(p
i

)|

The evolution shows that the Web is actually growing
older after all. While the average age of the Web was about
10 months during the year 2000, it grew almost 50% to 15
months by the year 2012. This can possibly be attributed
to the stability of age distribution as shown before (s. Fig-
ure 4). The reason is the fraction of long-living webpages,
which are constantly aging and contributing to a higher age
every year.
The aging is almost linear, following the curve f(x) =

a · x + b, where x is the number of years calculated from
1996. The estimated values for the parameters of this curve
are a = 0.74, b = 4.89 with an asymptotic error of 8.41% (the
corresponding plot is attached to the appendix in Figure 10).
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Old URLs tend not to be replaced 
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Figure 5: Age of Long-Living URLs

which is shown by the plots in Figure 7(a) per category.

1
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|
X

d2Di
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Figure7(b) shows the corresponding average growth rate
per domain, as defined below (on Evolution statistics). It
describes the di↵erence of born and died URLs of one do-
main in a year as fractions of the ones that were alive at the
beginning of the year.
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Besides the beginning of this plot, which is most likely
due to the transient state at the early years of our dataset,
the growth rate is relatively stable at around 30%. Based
on this, we can deduce the number of URLs that are born
or die depends on the volume of the Web or one domain,
respectively. However, among categories the growth varies
strongly. While most of them follow the overall trend, uni-
versity websites barely grow in volume at all. In 2012 they
only consisted of about 1000 URLs, whereas computer web-
sites comprise 6000 and shopping as well as news websites
almost 8000 URLs.

The average domain volume follows an exponential curve
f(x) = a · bx + c, where x is the number of years calculated
from 1996. The estimated values for the parameters of this
curve are a = 22.82, b = 1.38, c = 300.18 with an asymptotic
error of 2.07% (the corresponding plot is attached to the
appendix in Figure 11). Assuming the growth continues
with the same rate, in the year 2020 the number of URLs of
the popular domains would be almost 6.7 times the number
of URLs today (2014) and by 2030 it would be 166 times
that of today. Already within the next two years the domain
volume would be doubled.

Another perspective to look at the growth of websites is
from the age of a domain in contrast to absolute years. In-
stead of plotting total numbers, this time we analyzed the
number of URLs at every age of a domain in relation to its
initial volume (defined on Domain Age statistics):

1
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i

|
X

d2Di

alive
d

(i)
alive

d

(0)

Figure 7(c) gives an impression of this relative volume

over the age of a domain for five selected categories. We
decided to look only at the first 12 years, as our data is not
representative enough for older domains. Most noticeable
is a quick growth at some point for the websites in most
categories. However, the time of this critical take o↵ varies
again. While computer websites appear to have a strong
growth already very early around year six, where they reach
800 times the volume that they started with at birth, and
stagnate afterwards, most categories take longer. As ob-
served before, university websites hardly grow in volume at
all.
Interestingly, the growth during the lifetime of a domain,

as presented in Figure 7(d), looks very similar to the growth
of the entire popular German Web over time. Like Fig-
ure 7(b) before, it shows the average growth rate per do-
main, yet during a domain’s lifetime.
Besides the volume also the actual size in bytes is growing.

One reason is of course the growing number of URLs, but
also the size of single URLs is growing over time. This is the
result of two evolutions: newborn URLs appear to be larger
nowadays than they used to be earlier and in addition, URLs
are growing in size during their lifetime.
We first analyzed the average size of a URL evolving over

time (defined on Evolution statistics):
P

d2Di
size

d

(p
i

)
P

d2Di
alive

d

(i)

Figure 8(a) shows that the size of URLs indeed has in-
creased over the years. This can either mean that websites
today consist of more content than they used to in earlier
days of the Web, or the markup has grown.
It turns out, a major growth in size is contributed by

newborn URLs, as defined below (on Evolution statistics).
This evolution, presented by Figure 8(b), is similar to the
overall growth in size.

P
d2Di

born size
d
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d
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)

The trend follows a linear curve f(x) = a · x+ b, where x

is the number of years calculated from 1996. The estimated
values for the parameters of this curve are a = 866, b = 1320
with an asymptotic error of 6.9% (the corresponding plot
is attached to the appendix in Figure 12). Based on this,
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We differentiate between volume and size 
no. of URLS actual file size
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Figure 3: Evolving URL Age Distribution

This aging would lead to an average URL age of 23 month
in the year 2020, which is double the age of 2005. While the
age today (2014) is 1.5 years, in 2038 it would turn 3.

We further verify our claim that this aging is contributed
by the long-living pages by analyzing the age of webpages
older than five years using the following expression (defined
on Evolution statistics):

P
d2Di

P
a2{a2agesd(pi)|a>5·12} aP

d2Di
|{a 2 ages

d

(p
i

)|a > 5 · 12}|

The corresponding plot in Figure 5(a) visualizes the quite
significant growth in age of the long-living URLs. Even
though this old part is just a small fraction of the entire
Web, its increasing age leads to the slow increase of the
Web’s actual age that we have shown above. This figure
only starts in 2001 as there exist no long-living URLs in our
dataset before.

The same observation can be made by observing the av-
erage age of long-living URLs at a given age of a domain in
Figure 5(b), which is defined by the same formula as used
before (but on Domain Age statistics, with p

i

referring to
the of age i of a domain, compare Section 3.2). This plot
reflects the actual growth in age of a domain in contrast to
its real age, as shown on the x-axis.

Correspondent with what we observed in Section 4.1 all
plots in this section acknowledge the characteristics in terms
of age that we observed for di↵erent categories. While web-
sites of universities appear to be the oldest, others such as
sports, business and computer websites tend to be much
fresher, not to say more up to date.

5. THE GROWTH OF THE WEB
We now turn our attention to measuring and characteriz-

ing the size of the popular Web and how it has evolved over
time. The size of the Web can be interpreted as the number
of webpages or as the actual size of its content. We refer to
the number of websites and pages as the volume of the Web
or a domain, while size refers to the actual file size (includ-
ing markup as well as the content of a page). In this section
we study both interpretations and their evolution over time.

5.1 Volume
Considering that the number of domains in our dataset
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Figure 6: Evolution of the Web’s URL Volume

grows every year as presented in Section 3.3, it is not sur-
prising that the number of URLs grows as well. However,
if this was the only reason, the growth would be similar to
the growth of our dataset, which is not the case. We ana-
lyzed this by computing four properties: (a) the number of
newborn URLs in a year, (b) the number of URLs died in
a year, (c) the number of URLs alive at the end of a year
as well as (d) the growth rate. The growth rate is the dif-
ference between the number of born and died URLs. While
all numbers are computed over the period of a year p

i

, the
number of URLs alive is considered at the end of the year i,
defined as follows (on Evolution statistics):

X

d2Di

alive
d

(i)

The results are presented in Figure 6, which shows that
the Web is growing a little faster every year. Especially
noticeable is the strong growth starting from 2006, which
however might be due to the characteristics of the dataset
after all.
The reason for this growth of the Web is that there are

more new URls born every year, while the number of dy-
ing URLs remains almost constant. In order to a�rm that
this finding is independent from the growing number of do-
mains in our dataset, we investigated the average number of
URLs per domain over the years as well. The formula below
(defined on Evolution statistics) describes this progression,

Both the number and size grow over time 
Shopping websites have the highest growth rate
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(b) Birth Size

Figure 8: URL Size Evolution

older, not in the obvious number of years since it has been
introduced, but with many domains having a constant frac-
tion of webpages which are more than five years old and
growing. Finally, we see that domains after their inception
almost grow exponentially, doubling in volume every two
years. We also make other interesting observations about
the sizes of the URLs and how tomorrows newborn URLs
will be greater than todays. These studies have interesting
ramifications for focused crawlers which might need to treat
specific categories di↵erently, or for Web archives to plan
resource allocation for storing such highly dynamic collec-
tions.

A big challenge in doing such a retrospective study is the
varying granularities of crawls and snapshots, which result
in incoherent data that might be detrimental to fine-grained
analysis. However, for our studies we consider long-term
patterns at a higher granularity, which improves measure-
ment quality and precision. This initial study opens up av-
enue for future research and analysis. As an immediate ques-
tion, we would be interested in investigating deeper why the
average size of the newborn webpages today is larger than
the ones in the yesteryear. Is it because of an actual increase
in content or is it because of the markup due to constantly
increasing web authoring technologies? Secondly, we would
also want to investigate the evolution of text and links which
might be of direct use for text retrieval and mining.

APPENDIX
A. STATISTICS PROPERTY REFERENCE

This reference gives an overview of the properties used in
the formulas of this work, as described in Section 3.2.

The properties of the Evolution and Domain Age statistics
are defined as follows:

• alive: # URLs alive in period p

i

(were born before t

i

and did not die before t

i+1)
• born: # URLs born in period p

i

(were born after t

i

(included) and did not die before
t

i+1)
• died: # URLs died in period p

i

(were born before t

i

and died before t

i+1)
• flashed: # URLs born and died in period p

i

(were born after t
i

(included) and died before t

i+1)

• size: Cumulated size at the end of period p

i

(includes sizes of all URLs that are alive or were born
in period p

i

, as defined above)
• born size: Cumulated size at the birth of born URLs

(includes only sizes of URLs born in period p

i

, as de-
fined above)

• ages: Ages in months at the end of period p

i

(bag that includes sizes of all URLs that are alive or
were born in period p

i

, as defined above)

The properties of the URL Age statistics are defined as
follows:

• count: # URLs in period p

i

/ age i

(were born before t

i

and reached age i)
• died: # URLs died in period p

i

/ at the age of i
(were born before t

i

and died before t

i+1)
• size: Cumulated sizes at the end of period p

i

(includes only sizes of URLs that did not die in period
p

i

, as defined above)
• died size: Cumulated death sizes of URLs

(includes only sizes of URLs that died in period p

i

, as
defined above)

• died birth size: Cumulated birth sizes of died URLs
(includes only sizes at birth of URLs that died in pe-
riod p

i

, as defined above)

B. FITTING CURVES
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Figure 10: URL Age Evolution (s. Figure 4). The

trend follows an linear curve f(x) = a · x+ b, and the

estimated values of he parameters are a = 0.74, b =
4.89 with an asymptotic error of 8.41%.

Webpages are growing in size 
Both existing URLs and new URLs are growing
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Webpages size at death greater than size at birth 
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(a) Domain Volume Evolution
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Figure 7: Domain Volume

in the year 2017 on average a new URL will be born with
double the size as today (2014). As these are compressed
sizes (s. Section 3.1.1), we cannot state actual numbers.

Another factor that contributes to the growth of URL
sizes it the growth of existing URLs during their lifetime.
In order to visualize this, we computed the average size at
birth and at death of all URLs that reached a certain age,
as defined by the formulas below (on URL Age statistics).
For this analysis we only took those URLs into account that
died at some point within the time of our dataset.
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Figure 9 shows these numbers in a cumulative manner, av-
eraged over all URLs at a given age. Accordingly, URLs that
die earlier tend to be larger than longer living ones. Hence,
it appears that less content promises a longer lifetime. Fur-
thermore, the plot shows that URLs grow in size over time,
regardless of their age. This growth is almost constant,
which indicates that longer living URLs either grow more
slowly or that most of the growth takes place in the early
years of an URL, as already found by Koehler et. al [12].
In contrast to that observation, short-living URLs with a
lifetime of less than a year seem to grow least of all in size.
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Figure 9: Average URL Birth/Death Size

6. CONCLUSION AND OUTLOOK
In this work, we have presented a extensive longitudi-

nal study on 18 years of the popular German Web from
the crawls of the Internet Archive. We carried out an in
depth analysis on how popular domains of today were cre-
ated and how the age, volume and sizes have grown over
the last decade. First, we find that most of the popular ed-
ucational domains like universities have already existed for
more than a decade. On the other hand, domains relating to
shopping and games have emerged steadily over the period
of the last decade. Second, we see that the Web is getting
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The Web turns 3 years old in 2038
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Figure 8: URL Size Evolution

older, not in the obvious number of years since it has been
introduced, but with many domains having a constant frac-
tion of webpages which are more than five years old and
growing. Finally, we see that domains after their inception
almost grow exponentially, doubling in volume every two
years. We also make other interesting observations about
the sizes of the URLs and how tomorrows newborn URLs
will be greater than todays. These studies have interesting
ramifications for focused crawlers which might need to treat
specific categories di↵erently, or for Web archives to plan
resource allocation for storing such highly dynamic collec-
tions.

A big challenge in doing such a retrospective study is the
varying granularities of crawls and snapshots, which result
in incoherent data that might be detrimental to fine-grained
analysis. However, for our studies we consider long-term
patterns at a higher granularity, which improves measure-
ment quality and precision. This initial study opens up av-
enue for future research and analysis. As an immediate ques-
tion, we would be interested in investigating deeper why the
average size of the newborn webpages today is larger than
the ones in the yesteryear. Is it because of an actual increase
in content or is it because of the markup due to constantly
increasing web authoring technologies? Secondly, we would
also want to investigate the evolution of text and links which
might be of direct use for text retrieval and mining.

APPENDIX
A. STATISTICS PROPERTY REFERENCE

This reference gives an overview of the properties used in
the formulas of this work, as described in Section 3.2.

The properties of the Evolution and Domain Age statistics
are defined as follows:

• alive: # URLs alive in period p

i

(were born before t

i

and did not die before t

i+1)
• born: # URLs born in period p

i

(were born after t

i

(included) and did not die before
t

i+1)
• died: # URLs died in period p

i

(were born before t

i

and died before t

i+1)
• flashed: # URLs born and died in period p

i

(were born after t
i

(included) and died before t

i+1)

• size: Cumulated size at the end of period p

i

(includes sizes of all URLs that are alive or were born
in period p

i

, as defined above)
• born size: Cumulated size at the birth of born URLs

(includes only sizes of URLs born in period p

i

, as de-
fined above)

• ages: Ages in months at the end of period p

i

(bag that includes sizes of all URLs that are alive or
were born in period p

i

, as defined above)

The properties of the URL Age statistics are defined as
follows:

• count: # URLs in period p

i

/ age i

(were born before t

i

and reached age i)
• died: # URLs died in period p

i

/ at the age of i
(were born before t

i

and died before t

i+1)
• size: Cumulated sizes at the end of period p

i

(includes only sizes of URLs that did not die in period
p

i

, as defined above)
• died size: Cumulated death sizes of URLs

(includes only sizes of URLs that died in period p

i

, as
defined above)

• died birth size: Cumulated birth sizes of died URLs
(includes only sizes at birth of URLs that died in pe-
riod p

i

, as defined above)

B. FITTING CURVES
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Figure 10: URL Age Evolution (s. Figure 4). The

trend follows an linear curve f(x) = a · x+ b, and the

estimated values of he parameters are a = 0.74, b =
4.89 with an asymptotic error of 8.41%.

double of that in 2005
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Exponential fit with an 
asymptotic error  

of 2.07%

By 2020 the number of URLs will be 6.7 times that of today 
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By 2016 the domain volume will double
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Figure 11: Domain Volume Evolution (s. Fig-

ure 7(a)). The trend follows an exponential curve

f(x) = a · bx + c, and the estimated values of he pa-

rameters are a = 22.82, b = 1.38, c = 300.18 with an

asymptotic error of 2.07%.

 0

 2000

 4000

 6000

 8000

 10000

 12000

 14000

 16000

 18000

 1996
 1998

 2000
 2002

 2004
 2006

 2008
 2010

 2012
 2014

U
R

L 
Si

ze
 in

 B
yt

es
 (c

om
pr

es
se

d)

Year

f(x)
total

Figure 12: URL Birth Size Evolution (s. Fig-

ure 8(b)). The trend follows a linear curve f(x) =
a · x + b, and the estimated values of he parameters

are a = 866, b = 1320 with an asymptotic error of 6.9%.
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file size as today
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Conclusion, Findings, Outlook
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▪ Extensive longitudinal study on 18 years of the popular German Web 
▪ Analysed how popular domains of today have grown 
▪ In terms of age / volume / size

▪ Popular educational domains have been around for very long 
▪ Shopping and game websites mainly emerged during last decade 
▪ The Web is actually getting older 
▪ at least the old part of it 

▪ Domains grow exponentially 
▪ doubling their volume every two years 

▪Tomorrow’s newborn URLs will be bigger than today 
▪ resource planning and allocation, e.g., for Web archives
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 How does an average sample compare to today’s most popular domains ? 

 How have the most popular domains of 1996 evolved until today ? 

 How does the Web of others countries compare to these studies ? 

 How much of the increase in size is due to increase in content ?
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“Thank you for your attention..” 
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The Web is definitely growing
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Growth of the Web 
Domain Volume 
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Figure 7: Domain Volume

in the year 2017 on average a new URL will be born with
double the size as today (2014). As these are compressed
sizes (s. Section 3.1.1), we cannot state actual numbers.

Another factor that contributes to the growth of URL
sizes it the growth of existing URLs during their lifetime.
In order to visualize this, we computed the average size at
birth and at death of all URLs that reached a certain age,
as defined by the formulas below (on URL Age statistics).
For this analysis we only took those URLs into account that
died at some point within the time of our dataset.

P
d2Di,j�i

died birth size
d
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)
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d
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)

P
d2Di,j�i

died size
d

(p
j
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P

d2Di,j�i

died
d

(p
j

)

Figure 9 shows these numbers in a cumulative manner, av-
eraged over all URLs at a given age. Accordingly, URLs that
die earlier tend to be larger than longer living ones. Hence,
it appears that less content promises a longer lifetime. Fur-
thermore, the plot shows that URLs grow in size over time,
regardless of their age. This growth is almost constant,
which indicates that longer living URLs either grow more
slowly or that most of the growth takes place in the early
years of an URL, as already found by Koehler et. al [12].
In contrast to that observation, short-living URLs with a
lifetime of less than a year seem to grow least of all in size.
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Figure 9: Average URL Birth/Death Size

6. CONCLUSION AND OUTLOOK
In this work, we have presented a extensive longitudi-

nal study on 18 years of the popular German Web from
the crawls of the Internet Archive. We carried out an in
depth analysis on how popular domains of today were cre-
ated and how the age, volume and sizes have grown over
the last decade. First, we find that most of the popular ed-
ucational domains like universities have already existed for
more than a decade. On the other hand, domains relating to
shopping and games have emerged steadily over the period
of the last decade. Second, we see that the Web is getting


