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Abstract. During the interaction of Internet users with a website, users provide 
information about themselves and how they respond to the site's content: where 
they come from, which links they click, or even where they spend most of their 
time. All this information is stored in a log file or a database. In this paper we 
will demonstrate the capabilities offered by a data analysis method 
(Correspondence Analysis) on web log statistics for the examination of user 
behavior and preferences. Specifically, we observed log statistics of a university 
department web site an a monthly basis, by plotting each data set on the same 
factorial plane. We view that this process may produce valuable results both for 
web-content designers and institutions with Internet presence. 

1   Introduction 

For the past few years, Internet and the World Wide Web have been expanding at 
remarkable speed both in size and complexity. Access logs are becoming a valuable 
field for discovering various characteristics of user behavior. The most popular 
approach in the direction of discovering such knowledge through log files is that of 
Web mining. Overviews on methodologies, demands and challenges of Web mining 
is given by various sources [16][23][24][13][22]. Web log detail and potential is 
beginning to draw the attention of data analysts and miners and finds supporters in 
fields such as e-commerce [11][15], marketing [4], library science [26], the media 
[20] and, of course, web design and engineering [6][3][5]. Also, interesting 
conclusions about web usage sequences and patterns can be drawn from various 
papers [7][18][19][21][25]. The idea presented in this paper is to utilize a data 
analysis/visualization method –correspondence analysis- on web log data files so as to 
let web administrators and designers identify access trends, take a comprehensive 
view of how users are accessing a site and answer significant questions with regard to 
site organization and content.  
 



2   Method and Application 

Correspondence analysis, along with other data analysis methods has been utilized in 
various fields of computing [17][14][8]. Correspondence Analysis like other 
multidimensional scaling methods [10] utilizes factorial diagrams (or factor score 
plots) in order to aid the interpretation of the analyzed phenomenon [1][2]. The results 
of the method include, along with the plots, absolute and relative contribution tables 
[9]. The fact that Correspondence Analysis is not based on a canonical distribution 
method or any other theoretical distribution, results in the absence of restrictive 
technical prerequisites, which in the case of classical statistical methods lead in 
distorted results. 

The method can be applied in any table of positive numbers driven from a site's 
log. If we assume that we choose to view the picture of visits per foreign country each 
month, we would prefer to use log data relating to Country-Months with respect to 
Page Hits, number of Files and page size in Kilobytes (i.e. as drawn from the 
Webalizer, a log file statistical preprocessing package installed in the same internet 
server with the site in question). This means that, our data table will have N rows (of 
Country-Month) over a period of six months and three columns (Hits, Files, Kbytes). 
In our experiment, the period examined starts from April 2001 and ends September 
2001, excluding Greek and Unresolved address visitors, since, they comprise about 
60% of the site's traffic. The resulting table will be a 138X3 data set (see Fig. 1). 

 

 

 



 
 

Fig. 1.  The process of data table creation.  

 
The next step would be the categorization of the values of each variable (column) into 
three categories, following the convention that High values correspond to the upper 
25% of the observations, Mid values to 50% and Low values to the rest 25% of the 
values in the entire data set. This process will allow for the immediate distinction of 
extreme values when comes to the interpretation of the factorial planes produced by 
the analysis. Further on, in order to achieve homogeneity in the data examined, each 
variable column will collapse into three (High-Mid-Low) and the values 
corresponding to each Country-Month will transform into bits of two 0's and a 1 for 
each variable triplet. Thus the dimension of the final table for processing will be 
138X9.   

We used the software implementation of AFC97 [12] for Correspondence 
Analysis. Based on the results produced by the application of Correspondence 
Analysis using the resulting table, three factorial axes incorporate 93,4% of the 
information see Fig. 2).  



 

 
 

Fig. 2.   Factorial axes 

Having that in mind, we can use the factorial axes for the interpretation of the 
method's results. The first axis separates extreme (High-Low) values while the second 
axis in the analysis deals with the average. When these axes are combined into on 
(factorial) plane, the analyst can draw useful conclusions just by looking at possible 
trend formations and groupings in the plotted data points. Each point corresponds to a 
Country-Month or a High, Mid or Low Value of each one of the parameters. In this 
way, both row and column points are depicted in a concise manner on a 2-dismesional 
space, allowing for quick estimation of general access patterns in the data. 

In the first factorial plane (formed by the two first factorial axes) the Country-
Month and Hits/Files/KB points are shown below (see Fig. 3). 
 



 
 
Fig. 3.  The first factorial plane 

 
In the plot above, α1 to α138 corresponds to a separate country-month and μ1 to μ9 to 
a different variable category (μ1-μ3: HitsLow-HitsHigh, μ4-μ6: FilesLow-FielsHigh 
and μ7-μ9 KBLow-KBHigh). From this plot (along with a table containing points 
below the ones already depicted) it is easy to determine the general groups with 
regard to the access of each separate country in the period of 6 month. Furthermore, 
the 1st factorial plane allows for an estimation of the possible repositioning (i.e of hits 
coming from UK – line rUK) of each Country among the High-Mid-Low monthly 
groupings. 

Moreover, the method provides the means for a definition of the level of 
importance of contribution (COR) and quality of representation (CTR) of Country-
Months and Hits/Files/Kb Variables, for all factorial axes. We choose the desirable 
(minimum) values of the above COR/CTR indices and so the factorial axes are 
reproduced carrying only the Country-Month and/or Hits/Files/KB points that satisfy 
the criteria (minimum values). The resulting axis (for rows and columns), using the 
example data and setting the value 100 as a minimum for both COR and CTR appears 
as in Fig 4. 
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Fig. 4. First Axis (criterion minCOR>=100) 
 

Here, as in the factorial plots described above, the method provides information about 
the number of possible hidden (or overlapped) County-Month/Parameter points, as 
well as a detailed description of the visible points that cover the hidden ones. The 
produced factorial axes provide an easy way to distinguish the main trends in the data 
set. 

The next step in Correspondence Analysis is the combination of any two axes 
produced during the previous phase. That is, we specify the characteristics of factorial 
plots with points that satisfy the axis criteria given earlier. In this way, the plot of the 
first factorial plane (for axes 1 and 2) contains only those points that characterize that 
plane. In this way, it is clear to understand which CountryMonths form the main 
trends and relationships in the data set examined. 

3   Concluding Remarks 

The statistical data analysis method described above, is a tool for a better 
understanding and interpretation of the preprocessed statistical results produced from 
web log data. It can be applied in any log data set and, we believe, it can boost the log 
data visualization process aiding web administrators to receive a total view of what 
are the main access trends for their site. Furthermore, when applying correspondence 
analysis analysts are able to define criteria for both axes and plane points. In this way, 
the method promotes the interpretation process, since the plots include only 
significant information in the form of points that characterize each factorial axis 
and/or plane. 
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