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Abstract 

 Web page prediction is a popular personalized ser-
vice on the Web and has attracted much research 
attention. One of the most successful and widely 
used approaches is collaborative filtering. Tradi-
tional collaborative filtering requires explicit user 
participation for providing his/her interest to the 
pages. However, they suffer from some limitations 
such as additional user effort, user behavior altera-
tion and data sparsity. A possible alternative is to use 
an implicit indicator which measures the time a user 
spends on a page. In this paper, we propose a new 
collaborative filtering algorithm based on the fuzzy 
set theory, which is designed to better address the 
sharp boundary problem of discretizing the viewing 
time. The experimental results show that the pro-
posed methods can achieve a better performance 
than the Traditional CF without time information. 

Keywords:  Fuzzy set, Page prediction, Collabora-
tive Filtering 

1. Introduction 

The explosive growth of the world-wide-web has led 
to an influx of users and consequently, a huge in-
crease in the volume of available on-line data. The 
volume of things is considerably more than any 
person can possibly filter through to find the ones 
that he/she will like. Many web sites have developed 
various personalized services to assist users in find-
ing the information they need more quickly and 
easily. One of them is to predict the next request of a 
user as he/she visits Web pages. The prediction can 
be made based on the web contents or the web usage 
information. Content-based prediction recommends 
pages based on the page contents that the user has 
visited previously. On the other hand, usage-based 
prediction uses the user access behavior to a Web 
site as base information for its predictive model. 

A number of different approaches to web page 
prediction have been proposed, including collabora-
tive filtering (CF) [4], Markov models [8], associa-
tion rule mining [6], clustering [3] etc. Among them, 
the most prevalent technique is collaborative filter-
ing. Collaborative filtering approach finds other 

users that have shown similar tastes to the current 
user and recommends what they have liked to that 
user. Traditional collaborative filtering requires 
explicit user participation for providing his/her inter-
est to the pages. However, despite their success, the 
explicit ratings may suffer from some limitations, 
such as additional user effort, user behavior altera-

tion and data sparsity. To overcome such problems, 
several researches [1, 7] have investigated the use of 
implicit interest indicators. An important implicit 
indicator of the user’s navigation path is the time 
spent on different pages.  

Since the viewing time is a continuous-valued 
data, it must be discretized in advance in order to be 
integrated with collaborative filtering algorithms. 
The common used method is to partition the view 
time into two or several time intervals using single or 
a set of cut points so that it can be treated as an ordi-
nary user rating. However, the use of the crisp cut 
points usually causes the sharp boundary problem in 
which two adjacent numbers are assigned to two 
different interval classes. Also the suitable position 
of a cut point is often uncertain and changeable with 
different application domains. 

One possible approach to handle the vagueness 
of the cut points is the Fuzzy set theory, formulated 
and proposed by Zadeh in 1965 [9]. Fuzzy set theory 
can be viewed as an extension of interval arithmetic, 
which in addition provides possibility theoretic 
valuation. The method proposed in this paper takes 
advantage of the concept of the fuzzy logic to solve 
the above mentioned boundary problem. More pre-
cisely, we will propose a new recommender system 
by integrating fuzzy set and collaborative filtering 
and apply it for web page prediction.  

2. Fuzzy Collaborative Filtering 

The CF models can be built based on users or items. 
User-based CF identifies users whose interests are 
similar to an active user and recommends items they 
like. However, they suffer from serious scalability 
problems which make them unsuitable for on-line 
processing. On the other hand, item-based CF sug-
gests items that are most similar to the set of items 
the active user has accessed or rated. Since the rela-
tionships between items are relatively static, item-



based approaches can be implemented by first com-
puting the item relationship model and then provid-
ing a quick recommendation. In this section, we 
discuss the way of integrating the fuzzy set theory 
and the item-based CF algorithm for page prediction. 

2.1. Membership Function  

The web page prediction problem can be character-
ized by a set of user sessions },,,{ 21 msssS K= and 
a set of web pages },,,{ 21 npppP K= . Each ses-
sion Ssi ∈ can be represented as an n-dimensional 
vector over the space of page references, i.e., 
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kd denotes 
the duration of page kp given in session is . Suppose 
that the pages which have been visited by 

is are PsA i ⊆)( . The aim of the prediction system is 
to assess the relevance between )( isA and every 
page in )(\ isAP , so as to provide a list of recom-
mendation.  

As mentioned beforehand, the duration of a 
page is a good measure of the user’s interest in that 
page. The higher the time that a user spent on a page, 
the more likely he/she was interested. We assume 
that there are two fuzzy membership 
functions +fv and −fv which map the duration to the 
fuzzy degree of “like” or “dislike”, respectively. 
These two functions are customized for each page 
and defined by trapezoidal functions as shown below. 

 
Fig. 1: The membership functions of two fuzzy sets: like 

and dislike. 

In Figure 1, da and dc are two parameters for 
customizing the membership functions and can be 
determined subjectively by domain experts or 
through the use of statistics. The value of db can be 
directly computed from da and dc. The minimum 
duration dmin is used to remove uninterested page 
visits. The maximum duration dmax of a web page can 
be determined based on the page size and reading 
speed of humans. If the viewing time exceeds the 
maximum duration, then the time information for 
that page is invalidated and the maximum value is 
used.  

We can now redefine each session is  in terms 
of the fuzzy representation of its duration as follows 

}|))(),(,{( Ppdfvdfvps iii ∈=
−+ , where d is the dura-

tion of page p and, )(dfvi
+ and )(dfvi

− , the fuzzy 
values of “like” and “dislike” with respect to dura-
tion d, are given by 
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where ⊥ represents an invalid value indicating the 
current page is not a valid reference. 

2.2. Item-Based Fuzzy CF 

The main difference between item-based CF and 
user-based CF is that in the case of item-based CF 
the similarity is computed based on the page rela-
tionships while in the case of user-based CF the 
similarity is computed based on the user relation-
ships. More precisely, item-based CF first identifies 
the similarity relationship between different pages 
and then recommends pages that are most similar to 
the set of pages the active user has been visited be-
fore. 

Following this principle, we can define a page 
profile Ppi ∈  as an m-dimensional vector over the 
space of sessions, i.e., ip ={( 1s , +

1fv ( i
d1 ), −

1fv ( i
d1 )),  

( 2s , +

2fv ( i
d2 ), −

2fv ( i
d2 )),…, 

( ms , +

mfv ( i
md ), −

mfv ( i
md ))}. Each page-session 

reference is represented as a triplet describing a 
session and the fuzzy degree of “like” and “dislike” 
of that session to a specific page. 

Page Inference Calculation 

The page inference calculation is an offline process 
that computes the similarity between each pair of 
pages based on their page profiles. The similarity is 
represented by four inference relations over sessions. 
Each inference relation sums over the fuzzy implica-
tion of each session which is defined as the quasi-
inverse of min function. Thus, for any two page 
profiles pi and pj, the inference relations can be com-
puted as: 
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The computation is over all sessions that contain 
both pi and pj. The min operator returns zero if any 
of the fuzzy values is equal to⊥. For each page pi, 
we only store the relation value of the k most similar 
pages to page pi and zero out the rest. The four in-
ference relations are stored as inference matrices and 
serve as the basis for subsequent page prediction. 



Prediction Generation 

Prediction generation is an on-line process. As a user 
interacts with the system, his access history is used 
to find other unvisited pages of similar profiles. To 
recommend a new page pj for a user ua, we look at 
the pages that have been visited by the user and find 
out whether the new page is within their k most simi-
lar page neighbors. Only those pages that have page 
pj in their k most similar page neighbors are con-
cerned. Since a page may receive positive/negative 
influences from other pages, the prediction score of 
a page can be computed by integrating its positive 
and negative contributions as follows. 

)0),,(),(max(),( jajaja psPSpsPSpsPS
−+

⋅−= α , (5) 

where 1] ,0[∈α is an attenuation coefficient for limit-
ing the importance of negative contributions. The 
positive and negative contributions to a page are the 
total extent to which other pages can influence the 
“like” or “dislike” of the page. 
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where B(pi) is the neighborhood of the page pi in the 
active session. Note that the summation is over all 
pages pi that have page pj in their neighborhood. 
These unvisited pages are sorted based on the pre-
diction score and the first N pages are selected. 

3. Experimental Evaluation 

3.1. Data Preparation 

 In this research, we use the server log from the web 
site of department of information management of our 
institution (www.imd.pccu.edu.tw). The server log 
was collected over three months from May to July 
2005. After data preprocessing, the data set contains 
23675 sessions and 1045 pages (URLs). Each ses-
sion contains at least 5 pages, and each page has 
been accessed at least 3 times. Since the preprocess-
ing is beyond the scope of this paper, the details of 
this procedure are not discussed here. 

We employ the 5-fold cross-validation approach. 
For each session in the test data, we move the sliding 
window over the sequence of page reference in that 
session at one reference increment. At each window 
position, our recommender system is evaluated by 
comparing the Top-N recommendations it makes 
with the subsequent requests. 

In the following experiments, we set dmin and 
dmax to 3 and 99 seconds respectively. The parame-
ters da and dc are derived, for each page, by first 
ordering the durations of all accesses and then find-
ing the ath and the cth percentiles, respectively. 
Parameter db can be computed by averaging da and 

dc and can be used as the cut point in the crisp-cut 
approach. A sliding window with size of 2 is used to 
capture the current session’s history depth. There is 
a trade-off between performance and quality for 
choosing the size of neighbors k. A small value of k 
will lead to higher efficiency but lower quality. From 
the experimental evaluation by [2], a small value 
between 10 and 30 is suggested. In all of our ex-
periments, k is set to 30. Finally, we let the number 
of recommended pages N unfixed for comparing the 
performance of our approach with the traditional 
click-only CF approach.1 

3.2. Evaluation Metrics 

We use the hit-ratio metric and click-soon-ratio 
metric as proposed in [5] to evaluate the quality of a 
recommendation. Hit-ratio is the fraction of all next 
requests of the users that are satisfied by the recom-
mendations. Click-soon-ratio is the fraction of rec-
ommendations that are requested by the user during 
the active session.  

A hit is declared if any of the recommended 
pages is the next request of the user and a click-soon 
is declared if any of the recommended pages 
matches the subsequent user requests. We compute 
each metric for each session and the overall average 
value for the test data is taken as measures of the 
quality of the recommendation. 

3.3. Performance Results 

Table 1 shows the results of hit-ratio and click-soon-

ratio for varying values of a and c when the attenua-
tion coefficient α is set to 0.1. In this experiment, 
we fix the number of recommendation to 3. Both two 
metrics improve as the range between a and c in-
creases but they reach the maximum performance at 
a = 10 and c = 90 and any further increment makes 
no better or even worse results. This is likely due to 
the outlier effects on the fuzzy membership functions 
as the value of c closes to 100. 
Table 1: Performance comparison for varying values of  a 

and c. 

 To compare our approach with the click-only 
CF, we varied the number of recommendation from 
1 to 11. We again fix the size of sliding windows to 
2 and α to 0.1. Figure 2 shows the performance 
comparisons between our approach and the click-

                                                           
1 Click-only CF refers to the traditional CF without using 

time information. 

Value of a and c 
Metric 

0-100 5-95 10-90 20-80 30-70 40-60 50-50 

Hit-Ratio 0.240 0.274 0.284 0.278 0.272 0.268 0.265 

Click-

Soon-

Ratio 

0.444 0.482 0.495 0.488 0.479 0.475 0.469 



only CF. As expected, when the numbers of recom-
mendations increases, both metrics improve gradu-
ally. It can also be observed that the fuzzy CF out-
performs the click-only CF at all values of N. The 
difference is significant at N = 3 to 7, while the sig-
nificance decreases as N becomes smaller or larger. 
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Fig. 2: Hit-ratio and click-soon-ratio comparison between 
fuzzy CF and click-only CF. 

One of the strengths of fuzzy CF is the ability to 
provide a more personalized recommendation. The 
fuzzy CF tends to recommend a page that is not only 
accessed but also liked by a user. To validate this, 
we add another metric that computes the average 
viewing time of recommended pages that are also 
requested by the user. The result is shown in Figure 
3. We observe that the time difference between these 
two approaches decreases as we increase N. How-
ever, in all circumstances, the fuzzy CF tends to 
recommend pages with higher viewing time than the 
click-only CF. 
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Fig. 3: Average viewing time comparison between fuzzy 

CF and click-only CF. 

4. Conclusion 

In this paper we have presented a fuzzy-based ap-
proach for the collaborative filtering problem which 

incorporates the time information into item-based CF 
algorithms. Each accessed page is characterized by 
its viewing time in terms of two fuzzy values. We 
introduce four inference relations over sessions to 
capture the similarities between pages. These rela-
tions compare two page profiles by means of the 
related sessions and the page fuzzy values. These 
relations can be built offline and serve as the model 
of the system for further online page prediction. The 
experimental results show that our approach not only 
performs better quality of prediction but also pro-
vides a more personalized recommendation than the 
traditional click-only approach. 
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