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a b s t r a c t
The aim of this paper is to characterize the distribution of number of hits and spent time by
web session. It also expects to ﬁnd if there are signiﬁcant differences between the length
and the duration of a session with regard to the point of access–search engine, link or root.
Web usage mining was used to analyse 17,174 web sessions that were identiﬁed from
the webometrics.info web site. Results show that both distribution of length and duration
follow an exponential decay. Signiﬁcant differences between the different origins of the
visits were also found, being the search engines’ users those who spent most time and
did more clicks in their sessions. We conclude that a good SEO policy would be justiﬁed,
because search engines are the principal intermediaries to this web site.
© 2010 Elsevier Ltd. All rights reserved.

1. Introduction
One of the most important ﬁelds of the Informetrics, and one of the less studied, is the analysis of the information usage
of web sites. Through the analysis of web log data we can analyse the behaviour of a web surfer in a web site, extracting
navigational patterns about their favourites pages, describing the used paths in order to access to relevant information and
checking the reliability of our web design and architecture. Although business and commercial web sites have paid soon
attention to the gathering and processing of information about the behaviour of their customers (Gomory et al., 1999), as
an extension of the data mining techniques applied in their client databases, this academic ﬁeld has attracted little interest
mainly due to the difﬁculty of obtaining this type of data and comparing similar patterns of different web log sources.
Even then, web log analyses have been carried out in order to improve the web design (Spiliopoulou, 2000), as a way to
evaluate the quality of library catalogues (Peters, 1993; Kurth, 1993) or to understand information ﬂows (Thelwall, 2001).
The ﬁrst studies were focused in the functionality of the search engines, describing query patterns in Altavista (Silverstein,
Henzinger, Marais, & Moricz, 1998; Silverstein, Marais, Henzinger, Moricz, 1999; Anick, 2003), Excite and Alltheweb (Jansen
& Spink, 2006) and Yahoo! (Teevan et al., 2006). However, several studies were focused more in the deﬁnition of web sessions
than in the number of hits. Data mining was used to the identiﬁcation of web sessions (Cooley, Mobasher, & Srivastava, 1997;
1999), to estimate their duration and their length in clicks (Pitkow, 1997; He et al., 2002) and to classify content according to
the pages requested by their visitors (Wang and Zaïane, 2002). Several techniques have been used to improve and help the
session extraction and processing such as the statistical language model (Huang, Peng, An, & Schuurmans, 2004), fuzzy logic
(Nasraoui, Krishnapuram, & Joshi, 1999) and Markov models (Deshpande & Karypis, 2004). Other papers have addressed
the visualization of web sessions as a way to uncover navigational patterns (Hochheiser and Shneiderman, 1999; Lam et al.,
2007).
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Few papers have characterized the distribution of sessions according to the number of hits or the time spent in the web
site. Markov and Larose (2007) compared the web logs of the Central Connecticut University State and the Environmental
Protection Agency (EPA) web sites, ﬁnding an exponential decay in the distributions of session’s duration and length. Other
works also found skewed distributions in the length and duration of the web search sessions (Cooley, 1999; Jansen, Spink,
& Pederson, 2005). Nevertheless, there are no works that have shown how the point of access (entry page) or referrer page
affects to the further navigation in the website.
2. Objectives
The aim of this paper is to solve the following questions:
•
•
•
•

Is it possible to know how many sessions have a length of certain clicks?
Is it possible to characterize and estimate the number of sessions that last certain time?
Is it the length of a session different according to the point of access of each user?
Is it the time that a user spent in a website different according to the point of access used?

3. Methods
3.1. Data processing
The Web ranking of World universities (webometrics.info) is a website that ranks 6,000 universities according to two
main criteria: size (number of pages and rich ﬁles) and visibility (number of incoming links). It is the most complete and
updated ranking of universities web domains. This website is very popular with more than 3 million visitors per year and a
Page Rank of 8. We think that the high visibility of this site provides a good sample to study the access pattern of a website.
Web log transactions from 2006 July were selected as a sample to carry out our session analysis. The web log ﬁle was
cleaned according to several criteria, removing the following accesses:
•
•
•
•
•

To graphic ﬁles (gif, jpg and png)
To style sheets (css)
Which do not request a petition (get)
From the own website editor IPs (161.111.200.*)
Made by crawlers or bots (Googlebot, Msnbot, Slurp, Gigabot, etc.)

After this process, 526,004 unique accesses were identiﬁed. To rebuild the performed sessions, we used the web usage
mining technique (Cooley et al., 1997, 1999). This technique is developed in three stages:
• User identiﬁcation: Although webometrics.info does not allow to identify users through cookies or registration, we identiﬁed each user through a unique IP.
• Session identiﬁcation: We established a time limit of 30 min. (Catledge and Pitkow, 1995). Although a session may be more
than 30 min., this standard measure allows us to separate sessions with the same IP.
• Session rebuilding: Some accesses are not registered in the log ﬁle because there are cache and proxies copies in order to
do not saturate the web server. These accesses have been rebuilt through the web site architecture.
After apply web usage mining techniques, we have identiﬁed 14,174 sessions.
We deﬁne three main ways to access to a website: 1) through a search engine request: a query launched to a search
engine allows to retrieve a link to the website demanded; 2) through a web link: surﬁng the web we may access to a website
through a link from other website; 3) through the website root: typing in our web browser the URL of the website demanded.
So, we classiﬁed the sessions in accesses through a search engine, through a web link and typing the URL (root). The origin of
each session was detected through the referrer ﬁeld in the log ﬁle. So, we observed the referrer of the access that originated
the session. For example:
This session (Table 1) was created from a search engine query, and then it was classiﬁed in the search engine category.
Table 1
An example of web session with length 4 and from a search engine
IP

Date

Time

Access

Referrer

202.174.136.*
202.174.136.*
202.174.136.*
202.174.136.*

26/06/2006
26/06/2006
26/06/2006
26/06/2006

9:33:49
9:50:46
9:53:54
9:55:16

/top3000.asp.htm
/top3000.asp-offset=50.htm
/university by country select.asp.htm
/methodology.html

http://www.google.com.hk/search?q=webometrics.
http://www.webometrics.info/top3000.asp.htm
http://www.webometrics.info/top3000.asp-offset=50.htm
http://www.webometrics.info/top3000.asp-offset=50.htm
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We also were classiﬁed each session according to its length. We deﬁne the length as the number of access carried out by
the same IP in an interval less than 30 min. This timeout has been deﬁned as a standard measure in several studies (Mahoui &
Cunningham, 2000; Mat-Hassan & Levene, 2005; Jansen et al., 2007) from the empirical observations of Catledge and Pitkow
(1995). This convention is used because it is impossible to observe when a user leaves a web page form the web log data. This
lack of data affects to the exact deﬁnition of the session length because we can not know how many time one user spends
in the last page (Huntington, Nicholas, & Jamali, 2008). Due to this, the last view was not computed. We understand that
this technical limitation is the same for the three types of access, so the differences in the session length will be the same
in root, link and search engine access. The above session (Table 1) was deﬁned as 4 length session, because the ﬁfth access
was made after than 30 min. and it includes four accesses in less than 30 min. between them. As we said before, this is the
limit to separate different sessions.
3.2. Statistics tools
To process the data and to answer the above questions we used several statistical tests:
Kruskall-Wallis H test (1952) detects if n data groups belong or not to the same population. This statistic is a nonparametric test, suitable to no-normal distributions such as the exponential distributions observed in web log analysis.
Dunn’s post test (1961) compares the difference in the sum of ranks between two columns with the expected average
difference (based on the number of groups and their size). It is used after to apply the Kruskall-Wallis or Friedman test. The
Dunn’s test shows what samples are different.
4. Results
4.1. Session length
We deﬁned a k-session as the number of k access performed by a unique user in a time interval of >30 seconds, between
one access and other.
Figure 1 shows the observed and calculated number of sessions according to the length of each session. Thus, we observed
3586 (25,3%) 2-sessions, 3188 (22,5%) 3-sessions, 2227 (15,7%) 4-sessions and so on. We also appreciated that the length
distribution of sessions follows an exponential decay (Bianco et al., 2005) similar to the observed in other longitudinal web
phenomena (Ortega, Cothey, & Aguillo, 2009). The ﬁt of the distribution is high (R2 = .98), so we may estimate the number
of sessions by length not identiﬁed. We may hence estimate that there are 388 10-sessions and 290 11-sessions.
We introduce a new indicator, half-length, which allows us to detect the median value in non-parametric distributions. It
shows what n-sessions are the most frequent ones and the maximum number of clicks is needed to request the information
demanded in the website.
Mathematically the half length is expressed as:
l1/2 =

ln 2


Figure 1. Distribution of observed and calculated sessions by length.
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Figure 2. Marginal distribution of sessions by length.

where the half-length l1/2 is the natural logarithm of 2 divided by the decay constant  and is found from the exponential
regression:
Wa = W1 e−a
where Wa is the number of Web pages which have the length a and W1 is the number of 1-sessions.
In our sample the half-length or median is 2.38, so we can argue that more than the half of the sessions has a length 2,
if one surfs through the webometric.info website. This low length is because this website is a ranking of universities and
its information is displayed through tables which are accessible with just two clicks. We think that this indicator makes
possible to characterize the length of the sessions and detect if the browsing of a website is fast or slow, their contents can
be quickly located or otherwise it has a winding architecture with makes contents hardly accessible.
We intend to see if the length of a session is related to the referrer of each session or the length is independent of the
place from the user comes. As we see before, the sessions were classiﬁed in three classes: sessions from a search engine, from
a link in other website and from the root URL typed in the web browser. The Figure 2 and Table 2 show slight differences
between the three classes of sessions, being the sessions from search engines referrer those with the largest mean (4.163)
and the sessions from the root the ones with the smallest mean (4.069). The half-length or median shows that the ﬁrst half
of the link sessions has a length lesser than 2.42 clicks, while the root half has a length lesser than 2.33 clicks. To detect if
these differences between the marginal distributions are or not statistically signiﬁcant, we used the Kruskal-Wallis test.
Table 2 shows that there are signiﬁcant differences between the three access methods in the web navigation (pvalue = .043; ␣=.05). So we could assume that the referrer may be an important factor in determining the number of clicks
that a user does in a navigation session. The bilateral tests between the three types of session show that those differences
are signiﬁcant between the sessions from search engines and the sessions from the root. However, there is no difference
between sessions from links and the other two ones.
Table 2
Kruskal-Wallis test with the Dunn’s post test
Kruskal-Wallis test:
K (Observed value)
K (Critical value)
DF
p-value (Two-tail)
Alpha

6.314
5.991
2
0.043
0.05

Sample

Frequency

Mean

Median (half-length)

Standard deviation

Groups

Root
Link
Search engine

1620
3487
9066

4.069
4.155
4.163

2.33
2.42
2.38

2.018
2.016
1.977

A
A

B
B
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5. Session duration
The duration of the web sessions was deﬁned as the total time performed by a unique user during the website navigation
in which a time interval of ≥30 seconds was carried out between one access and other.
Figure 3 shows the distribution of sessions by their duration in seconds. It follows an exponential model with a high ﬁt
(R2 = .94). The equation that better describe the session duration is:
Si = S1 
Where Si is the number of sessions that last i seconds, S1 the number of sessions that last 1 second and  is the decay
constant (=.99). This good ﬁt allows us to estimate how many sessions last i seconds. For example, this model estimates
59,6 sessions with a duration of 30 sec., 44 ones with 60 sec., and 24,1 ones with 120 sec. If we interpret it from a cumulative
point of view, 14.66% of the sessions have a duration of less or equal than 30 sec., 25.51% ones are less or equal than 60 sec.,
and 39.47% ones are less or equal than 120 sec. In our sample, we found that the most frequent session duration is 10 sec.,
while the 50% of the sessions have a duration higher than 2.2 min.
Figure 4 shows the frequency distribution of the three classes of sessions according to their access point (search engine,
links and root), which also follow an exponential decay. We observe that the sessions from search engines are those with the
largest duration distribution, followed by links and root. Table 3 shows the principal parameters of the three distributions.
The ﬁt in the three distributions is high, although it decreases due to the sample size. It is interesting to notice that the decay
constant () remain roughly the same in the three samples (≈.99). We may estimate that the 13.41% of the sessions from
a search engines have duration of less or equal than 30 sec., while the percentage of sessions less or equal than 30 sec. is
17.66% for session from links and 26.33% for sessions from the root.

Figure 3. Sessions frequency distribution by duration (sec.) (log-log).

Figure 4. Marginal distribution of sessions by duration, grouped by type of access.
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Table 3
Fit and coefﬁcients of the three types of distribution
Duration

N

R2

S1



Search engines
Links
Root

9066
3487
1620

.916
.87
.8

44.06
22.86
18.07

.995
.993
.984

Table 4
Kruskal-Wallis test with the Dunn’s post test
Kruskal-Wallis test:
K (Observed value)
K (Critical value)
DF
p-value (Two-tail)
Alpha

234.728
5.991
2
< 0.0001
0.05

Sample

Frequency

Mean

Median (half-length)

Standard deviation

Groups

Root
Link
Search engine

1619
3487
9066

273.156
234.281
328.570

92
108
148

481.909
439.560
530.502

A
B
C

Table 4 shows the Kruskal-Wallis test for differences in non-parametric sample distributions. Dunn’s post test conﬁrms
the signiﬁcant bilateral differences between the three samples. So we can state that the duration of the sessions is different
according to the referrer of each session. Being the users from the search engines who most time pass in the website
(median = 148 sec.), followed by link’s users (median = 108 sec.) and root’s users (median = 92 sec.).
6. Discussion
When a web log analysis is done, one of the principal limitations is the diﬁculty to generalize the results and put it in
context with other similar results. Most of them may be affected by the own architecture of the website, the contents that it
offers and the navigational habits of their visitors. The architecture may determinate the lenght of a session and the contents
the time that a user spends in the website. Thus if we compare our results with the Markov and Larose’s (2007) ones, we
observe that the median length of the webometrics.info sessions (2.38) is higher than the CCSU website (1), but lower than
the EPA website (3). These differences may depend of the number of pages that each website hosts and how those pages are
organized. In our case, 2.38 clicks is a high value because webometrics.info is a reference website that needs just two clicks
to access to the demanded information. We think that it is possible that users explore different regional rankings or check
the position of different universities in those rankings. However, if we compare the median duration of the webometrics.info
sessions (132 sec.) with the CCSU (301 sec.) and EPA (317 sec.) websites, our result is almost three times lower. We think
that this due to the referential aspect of webometrics.info, where users just check the position of a university in the ranking.
This paper has shown there are statistical differences between the sessions originated from a search engine, a link or
from the root. Thus, visitors from search engines spend more time and their sessions are larger than the visitors that come
from a link or typing the URL in their browsers. This may be because the search engine’s users explore the search result page
looking for resources that solves their demands (Qiu, Liu, & Cho, 2005). This lets us to suggest that these users pass more
time in the web site because they are exploring its pages, identifying the relevance of the site and looking for the required
content. While the root’s users could be coming back or familiar visitors that know the web site structure and content and
they are aware of where is the information that they are looking for. They optimize their navigation going to the relevant
pages of the site in a quick way. The link’s users could be intermediate visitors which information need is more precise than
the search engine’s users but they unknown less the arriving web site than the root’s users.
These results show that the search engines are the main way to get to webometrics.info because the 64% of the sessions
come from a search engine, the users from this gateway pass more time (median = 148 sec.) and the average length of their
sessions is the largest (4.16 clicks). So, it conﬁrms the importance of the search engines as navigational agents (Lavene,
2005), being the main entrance to the Web. Moreover, if these results could be extensive to other websites, we may draw
the conclusion that the web managers have to give more importance to the visibility and position of their websites in search
engines, through a good Search Engine Optimization (SEO) policy (Sen, 2005), because the visits from that point may be
considered the most important. Anyway, forthcoming studies were will welcome to explorer these differences in different
websites and to observe if these patterns are general or only are a particular characteristic of webometric.info.
7. Conclusions
The obtained results allow us to solve the raised questions. The frequency distribution of the session length by their
number of click follows an exponential decay which made possible to estimate how many sessions there are with n length.
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Similar trend was observed with the session duration which allows us to estimate how many sessions of a certain time are
spent in our website. The description of these distributions may help to the website monitoring, the comparison with other
websites and to know the behaviour of our visitors, improving the web pages design and our services.
Web log analysis found statistical differences between the originated sessions from different point of access. Thus, sessions
coming from search engines are longer in number of clicks than the sessions from the web site root. Similar result was found
with regard the spent time by a user that come from a search engine, a link or the root. Search engine’s users devote more
time to our web site that user coming from other point of access.
These results allow us to state that the search engines’ visitors spend more time and hit more pages than the users from
other points of access. We may then conclude that a good SEO policy would be justiﬁed because the most relevant visits are
those coming from the search engines.
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