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Abstract
Recent research in mining user access patterns for predicting Web page requests focuses only on consecutive sequential Web page accesses, i.e., pages which are accessed
by following the hyperlinks. In this paper, we propose a new
method for mining user access patterns that allows the prediction of multiple non-consecutive Web pages, i.e., any
pages within the Web site. Our approach consists of two major steps. First, the shortest path algorithm in graph theory
is applied to find the distances between Web pages. In order to capture user access behavior on the Web, the
distances are derived from user access sequences, as opposed to static structural hyperlinks. We refer to these
distances as Minimum Reaching Distance (MRD) information. The association rule mining (ARM) technique is
then applied to form a set of predictive rules which are further refined and pruned by using the MRD information.
The proposed approach is applied as a collaborative filtering technique to recommend Web pages within a Web site.
Experimental results demonstrate that our approach improves performance over the existing Markov model approach in terms of precision and recall, and also has a
better potential of reducing the user access time on the Web.
Keywords: Association Rule Mining, Collaborative Filtering, Web Data Extraction, Web Log/Navigation Path
Analysis.

1. Introduction
Due to the increase in HyperText Transfer Protocol (HTTP) traffic on the World-Wide Web (WWW),
the amount of transaction log records generated and collected on the servers grows tremendously. In order to benefit from these server log records, data mining has emerged
as a tool to extract any useful patterns and analyze user access behavior on the Web. This specific type of data mining
technique is known as Web usage mining [15]. In particular, the technique of mining user access patterns
(also known as browsing patterns and path traversal patterns) has been applied in a wide range of applications
including Web caching [11, 13], Web page recommendation [6, 8, 9], and Web personalization [10, 12].
In general, mining user access patterns can be considered as a special type of mining sequential patterns in the
field of knowledge discovery and data mining. Association rule mining has recently attracted considerable attention and proven to be a highly successful technique for
extracting useful information from very large databases
[1, 2, 7, 14]. For the problem of mining user access patterns,
data sequences are typically user access sequences of Web
pages. These access sequences are extracted from server log
records via some Web data preparation techniques [5]. Applying a method for mining user access patterns on these
access sequences reveals the user browsing behavior on the
Web.
Various algorithms and techniques for mining user ac-

cess patterns have been proposed in the literature. In [11,
12], variations of the Markov model such as first-order
Markov model and all K th -order Markov model were applied to construct a predictive model to predict the user requests on Web pages. Their work mainly focused on the
analysis of consecutive sequential access of Web pages, and
hence given a currently visiting Web page, the ability to predict the next request is limited to the following adjacent
Web pages on the user access sequence. For example, given
a user access sequence containing n Web pages in an ordered list, (p1 , p2 , . . . , pn ), where pi represents a Web page,
an approximation of the first-order Markov model would
contain the transitional probabilities of two adjacent Web
pages in the user access sequence, P r(pi | pi−1 ), where
1 < i ≤ n.
In this paper, we propose a new approach for mining user
access patterns. The approach aims at predicting Web page
requests on the Web site in order to reduce the access time
and to assist the users in browsing within the Web site. To
capture the user access behavior on the Web site, an alternative structure of the Web is constructed from user access sequences obtained from the server logs, as opposed to static
structural hyperlinks.
Most of the previous research work focused on the forward and backward accesses, where forward accesses are
those accesses that browse the Web pages by following the
hyperlinks embedded within the Web pages, and backward
accesses are those that access the Web pages by backtracking to the previous Web pages. For example, in [4], the user
access sequence was divided into smaller sequences called
the maximal forward references, and the effect of backward
references was not considered. However, considering only
the smaller sub-sequences of the user access patterns does
not fully capture the user’s intention of accessing a particular set of Web pages, since some of the Web pages may
be put into a different access sequence. Another type of accesses is the jump accesses, which the user retrieves a Web
page by entering the Uniform Resource Locator (URL) directly on the Web browser. In this paper, all three access
types are considered when the model is constructed. We
pruned out the duplicate Web pages in the access sequences,
since our goal is to predict the Web pages which the user has
not yet visited. A user access sequence is used to represent
a data record during the mining process.
Using this user traversal structure, a shortest path problem in the Graph Theory is applied to find the “access”
distances between Web pages. We refer to these distances
as Minimum Reaching Distance (MRD) information. The
ARM technique is then applied to find a set of predictive
rules that pass the user-specified minimum support. The
MRD information is used to prune the results from ARM
in order to increase the prediction accuracy and reduce the
space complexity. The proposed method for mining user ac-

cess sequences was applied as a collaborative filtering technique. The results from the process of mining user access
patterns are a predictive rule set that is used to recommend
Web pages according to the users who accessed the Web
site in the past [8, 9].
Under the Markov model notion, our method can be
viewed as the All K th -Order Markov model with the lookahead ability, which allows the prediction to include multiple non-consecutive Web pages, i.e., any Web pages within
the Web site which are not necessarily connected by hyperlinks. For example, the approximation of the first-order
Markov model with the look-ahead ability would contain
the following transitional probabilities of two Web pages including non-consecutive ones, P r(pj | pi ), where 1 ≤ i <
n and i < j ≤ n.
The remainder of this paper is organized as follows. In
Section 2, the method of mining user access patterns based
on association rule mining is explained in details. The experiments on a real Web data set are given in Section 3. In
the same section, the experimental results are presented and
analyzed. Conclusion is given in Section 4.

2. Association Rule Mining for User Access
Patterns
We propose to apply the association rule mining (ARM)
technique [1, 2] in mining user access patterns on the Web
pages. The objective is to construct a model that predicts
users’ Web page requests to assist in browsing the Web
pages and to reduce the access time.
In ARM, a k-itemset contains k items that pass the userspecified minimum support value. Hence, in essence, ARM
enables one to discover interesting patterns or associations
among the k-itemset in a given collection of records. Our
framework applies the ARM technique to find the frequent
itemsets of Web pages from the user access sequences and
to construct a set of rules based on those itemsets. Generally, the number of rules constructed from ARM is large.
In the original algorithm, the minimum confidence value is
used to prune the rules; while in our proposed framework,
the number of rules is pruned by incorporating the MRD information, which reduces the state complexity of the model.
Our MRD calculation adopts the concept from the
shortest-path problem in the Graph Theory. The original algorithm assumes that the traversal path follows the
link structure of the graph, where a link structure is a representation of Web pages along with the embedded hyperlinks. However, the pages that a user accesses do not always follow the link structure of the Web pages, and
hence an alternative Web representation based on the actual user browsing activity on the Web site needs to
be constructed. Here, a user access sequence (also referred to as a browsing sequence or a traversal path) is
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Figure 1. Minimum Reaching Distance (MRD)
Construction

an ordered list of Web pages accessed by a user during one session. User access sequences are extracted from
the Web server log records as part of the data preprocessing step. The issues and analysis of the user access
sequence are considered in many research works including [3, 5].
For example, the top of Figure 1 shows the result of constructing a graph based on the user access sequences. This
representation allows us to capture some paths (such as E →
J) which do not previously exist in the link structure graph.
In addition, some of the links that exist in the link structure do not appear in the user-based graph since no user has
traversed these particular links. Therefore, using the userbased graph offers a better view of the user access behavior on the Web site than using the link structure graph. The
bottom of Figure 1 also shows the iterations of constructing
the MRD information using the user-based graph. As shown
in this figure, in the first iteration, the algorithm first translates the user-based graph into an adjacency matrix structure M , where the value in the position M[pi ][pj ] is 1 if
pj has a direct link from pi in the user-based graph, and
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Figure 2. Frequent itemsets and rule pruning

is blank otherwise. The values of the done[pi ] column are
false (F ) if row pi contains at least one direct link from
the user-based graph. In the second iteration, MRD finds
the possible reaching distance from the Web page whose
value in the done array is false. For example, considering
Web page A, A has the direct links to B and C. In order to
search for other possible reaching distances, the algorithm
looks for the direct links from B and C. Since B has the direct links to C, D, E, and F; and C has the direct link to G.
Therefore, A can reach D, E, F, and G in two steps. Please
note that the distance between A and C remains 1 since C
is reachable from A in one step, and the MRD algorithm is
to keep the minimum reaching distance. For each iteration,
the element done[pi ] is set to true (T ) if there is no change
of the value in row pi in an iteration. The algorithm terminates when all the elements in array done are true. In this
example, it terminates in 4 iterations.
Once the MRD information for the Web pages are constructed, they are used in the rule pruning process. Assume that Figure 2 shows all the resulting 2-itemsets and 3itemsets that passed a pre-specified minimum support value.
The next step is to generate the rules from these itemsets. To
build the model for predicting Web page accesses, we consider the rules with single-item consequence. For example,
three single-consequence rules can be generated from the
3-itemset (A, B, D): (B, D) → A, (A, D) → B, and (A, B)
→ D.
Next, the MRD information from Figure 1 is used to
prune the resulting rules as follows. Consider a singleconsequent rule of the form (p1 , p2 , . . . , pn−1 ) → pn , this
rule would pass the pruning step if and only if M[pi ][pn ]
is greater than 0, ∀ i, 1 ≤ i < n. That is, when the postcondition item is reachable from all the pre-condition items
in the rule. As seen from Figure 2, using the MRD information, some of the rules are pruned out. For instance, the
rule B → A is pruned since A is not reachable from B. In
addition, using our approach of constructing the predictive
model, the Web pages which are non-consecutive to a current Web page are also considered, which we believe can

2500

0.5

link
MRD
none

2000

0.4
0.35

1500
Recall

Number of rules

Markov model (link)
Association rule mining (link)
Markov model (MRD)
Association rule mining (MRD)

0.45

0.3
0.25

1000
0.2
0.15

500

0.1
0

0.4 0.5 0.6 0.7 0.8 0.9 1.0 1.1 1.2 1.3 1.4
Minimum support (%)

Figure 3. Number of rules comparison for
three approaches: (1) without a pruning process (none), (2) via the MRD information
(MRD), and (3) via the link structure (link)

better predict the user access patterns. For example, the predictive rule of A → H is included in our approach, although
A is not consecutive to H.

3. Experimental Results
Experiments on a real Web data set from University of
Miami are conducted to evaluate the performance of our
proposed framework. A crawling program was developed
to collect the hyperlinks embedded within the Web pages
for the link structure. The total number of Web pages with
unique URLs is equal to 3,948. The user log records are
used to construct the user access sequences. Once all the
user access sequences are identified, two-third of the data
set with 34,362 user access sequences is used as the training data set; while one-third of it have 17,182 user access
sequences and are used as the test data set.
Figure 3 shows the reduction comparison of the resulting
rules by using our MRD-based pruning approach (MRD),
the original association rule mining without a pruning process (none), and with the pruning process using the link
structure (link). The first observation is that by increasing
the minimum support value for all different methods, the
number of rules decreases at an exponential rate. This is because the minimum support value limits the number of itemsets, which are the basis for the rule construction. Another
observation is that using the link structure for the pruning process reduces more rules than using the MRD information. The reason for this outcome is that in addition to
browse Web pages by the forward accesses, the users are
also likely to access Web pages by backward accesses and
jump accesses.
Although, using the link structure could reduce more
rules than using the MRD information, our further analysis
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Figure 4. Performance evaluation under precision and recall

shows that using the link structure actually yields a worse
performance than using the MRD information in terms of
precision and recall. This implies that the pruning process
using the link structure may over-prune the rule set and affect the performance. Whereas under the MRD information,
the precision and recall are not affected compared to the
case of the original association rule mining.
Next, we evaluate the performance based on the precision and recall. Assume we have a test access sequence
U = {u1 , u2 , . . . , un }, where n is the number of user’s visited Web pages, and a list of predicted Web pages V =
{v1 , v2 , . . . , vm }, where m is the number of predicted Web
pages. The precision measures the accuracy of the predictive rule set when applied to the testing data set. It is defined as the ratio of the number of Web pages correctly predicted over the total number of Web pages presented to the
∩V |
user. That is, precision = |Um
. On the other hand, the recall measures the coverage or the number of rules from the
predictive rule set that match the incoming requests. It is defined as the ratio of the number of Web pages correctly predicted over the total number of user’s visited Web pages.
|
That is, recall = |U ∩V
n .
In this experiment, the precision and recall values are
compared for the following four different approaches:
1. association rule mining using link structure information (association rule mining (link));
2. Markov model using link structure information
(Markov model (link));
3. association rule mining using the MRD information
(association rule mining (MRD)); and
4. Markov model using the MRD information (Markov
model (MRD)).
The buffer size (the limited number of predicted Web
pages presented to the user) varies from 1 to 50. The precision and recall graph based on the support value of 0.8% is

Predictive Model
association rule mining (MRD)
Markov model (MRD)
association rule mining (link)
Markov model (link)

Averaged F1 Value
0.2911
0.2771
0.1559
0.1524

Table 1. Averaged F1 measures under four
different approaches for mining user access
patterns

shown in Figure 4. From this figure, it can be observed that,
for both association rule mining and the Markov model approaches, using the link structure information to prune the
results of the association rule mining gives a worse performance compared to those using the MRD (user-based) information. In addition, our proposed approach (association
rule mining (MRD)) improves the performance over the existing Markov model approach. Using the combination of
the precision and recall, the F1 measure which is the harmonic average of precision and recall is defined in Equation 1.
2 × (precision × recall)
F1 =
(1)
precision + recall
Table 1 shows the summarized results of Figure 4 under the F1 measures. As shown in this table, the approach
of association rule mining improves the performance under F1 by 5.05% over the Markov model using the same
MRD information. In addition, using the MRD information
to prune the set of predictive rules, the averaged F1 value
improves about twice as much as of the hyperlink structure. This is since the MRD information is derived based on
the user traversal constraint, and therefore it can better capture the user access behavior on the Web site.

4. Conclusion
In this paper, the problem of mining user access patterns
is considered. A new method is proposed based on the association rule mining and the shortest path algorithm in graph
theory. To capture the user access behavior, we model the
Web by using user access sequences instead of static hyperlinks. The association rule mining technique is then applied
to approximate and construct the predictive model. The proposed Minimum Reaching Distance (MRD) information is
used to prune the results from the association rule mining
to reduce the state-space complexity of the model. The proposed approach improves the performance over the existing
Markov model approach by allowing the prediction to include multiple non-consecutive Web pages. To demonstrate
a potential usage, we applied the proposed approach for the
collaborative filtering technique. Experimental results using
a real Web data set show that our approach improves performance over the existing approaches in terms of both preci-

sion and recall, and also has a better potential of reducing
the user browsing time on the Web.
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