
With more and more information available on the Inter-
net, the task of making personalized recommendations
to assist the user’s navigation has become increasingly
important. Considering there might be millions of users
with different backgrounds accessing a Web site every-
day, it is infeasible to build a separate recommendation
system for each user. To address this problem, cluster-
ing techniques can first be employed to discover user
groups. Then, user navigation patterns for each group
can be discovered, to allow the adaptation of a Web site
to the interest of each individual group. In this paper,
we propose to model user access sequences as stochas-
tic processes, and a mixture of Markov models based
approach is taken to cluster users and to capture the
sequential relationships inherent in user access histo-
ries. Several important issues that arise in constructing
the Markov models are also addressed. The first issue
lies in the complexity of the mixture of Markov models. To
improve the efficiency of building/maintaining the mix-
ture of Markov models, we develop a lightweight adapt-
ive algorithm to update the model parameters without
recomputing model parameters from scratch. The second
issue concerns the proper selection of training data for
building the mixture of Markov models. We investigate
two different training data selection strategies and per-
form extensive experiments to compare their effective-
ness on a real dataset that is generated by a Web-based
knowledge management system, Livelink.

Introduction

To assist Web surfers in browsing the Internet more effi-
ciently, many research efforts have been made to analyze user
browsing behavior by learning from Web logs. The navigation

patterns extracted from those historical data can be used to
predict which pages are likely to be clicked by a user given
a sequence of pages that the user already visited. With the
prediction, some pages can be recommended to the user by
dynamically generating the links to the pages on the current
browsing window of the user to help the user find relevant
information more efficiently. This process can be interpreted
as a personalized recommendation as it utilizes a surfer’s
particular preference obtained through studying his/her
previous access data. Many other applications, such as
dynamically adjusting the Web site layout for easy navigation
or prefetching a document from the database server for
reducing the response time for the next request, may also
require such prediction results.

Motivation

The work presented in this paper is part of a research pro-
ject whose general objective is to improve the functionality
of Livelink using data mining techniques. Livelink is a Web-
based system that provides automatic data management and
information retrieval over an intranet or extranet. Consider a
Livelink Web user who needs some information for his/her
work. After logging into the Web site, he/she starts searching
for the documents that are relevant to his/her interest, and
this navigation procedure creates a sequence of requests
recorded in the Web log.

Figure 1 shows such a sequence over a period of time,
where the number in the first line indicates the identifica-
tion (ID) of the information object that the user requests in
a Web page, whose actual meaning in the Livelink context
is illustrated in the second line. At the end of this sequence,
the user has accomplished his/her goal; otherwise, further
exploration might have been done to find what the user
needs. Nonetheless, at this point, most existing retrieval
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systems are inept at providing effective and adaptive results to
satisfy different users’ individual requirements. For example,
when a user has first viewed a series of documents as
shown in Figure 1 and then made another query, a traditional
retrieval system would return some results based only on this
query without considering the fact that his/her previous access
history may implicitly determine the intended meaning of the
query. Therefore, the objective of our work is to discover
distinct navigation patterns from the Web log data so that
recommendations can be made to help the user find the target
information more effectively.

Main Contributions

Analyzing Web users’ navigation behavior with cluster-
ing techniques has presented two unique challenges: the
immense volume of data and the sequentiality of user access
patterns. Traditional distance-based clustering algorithms
are ill suited to solve the problem. This is because for com-
plicated data types (e.g., variable length sequences), defining
a good distance measure is often data dependent. Another
disadvantage of distance-based approaches is that calculating
the pairwise distances between objects is computationally
inefficient. In our work, we employ a model-based clustering
approach, namely, a mixture of Markov models based ap-
proach, to analyze the user access patterns. Model-based
clustering places cluster analysis on principled statistical
support. It is based on probability models in which objects
are assumed to follow a finite mixture of probability distrib-
utions such that each component distribution stands for a
unique cluster. In our work, we propose to use Markov-
based models to study the user’s stochastic navigation
processes. In a Markov model, it is assumed that the next
requested page/object is only dependent on the last n pages/
objects, where n may be 0 or any positive integer. This fea-
ture perfectly matches the typical user’s browsing behavior
while surfing the Web. With the help of the mixture of
Markov model, we mainly investigate two research prob-
lems in this paper: (1) how to cluster Web users accurately
on the basis of their previous navigation patterns and
(2) how to predict the next request that is most likely to be
accessed by the user. To cluster Web users, we start with ana-
lyzing a user’s request sequences in the log history, and then
find the cluster to which most of his/her sequences would
belong. To recommend the user with the most possible request
to be selected in the future, we feed the current request session

into the mixture model, and let the transition matrix trained
with historical data determine the optimal candidate.
Through a set of carefully designed empirical studies, we
demonstrate that our proposed method can achieve better
performance than previous methods, e.g., making recom-
mendation with a single Markov model or with association
rule–based methods.

In addition, this paper addresses two important issues that
arise in building the Markov models. The first issue is
related to the high cost of training a mixture of Markov mod-
els in large-scaled applications. For such applications, the
number of parameters to be estimated can be huge; there-
fore, the convergence of the training process can be slow.
Also, training the model requires multiple scans of the data,
the cost of which can be immense when the dataset is large.
This would not be a problem if we were to train the model
only once and use it for an extended period, as this cost can
be amortized over time. However, in our application, new
data arrive continuously; discarding those new data entirely
without adjusting the model would adversely affect the per-
formance of our system. On the other hand, using all avail-
able data to retrain the model also might be infeasible
because of its high cost. Therefore, a more efficient, scalable,
and adaptive approach is highly desirable. In this paper,
we develop an adaptive algorithm specifically designed to
update the parameters in the mixture of Markov models. The
computation in the proposed algorithm involves only
the new data and the current parameters in the model, does
not require any iteration, and is independent of the old data.
Therefore, it has very low time and space complexity and is
orders of magnitude faster than retraining models from
scratch. The second issue is concerned with the proper
selection of training data for training the mixture of Markov
models. Is it the case that the more recent the training data
are, the more relevant they are to users’ current interests? Do
users’ access patterns change over time? In order to answer
those questions, we investigate two different training data
selection strategies, pyramidal time frame and uniform
selection, and perform extensive experiments to compare
their effectiveness in our application domain.

We also discuss some data preprocessing issues for our
real-world application data, which are log data from
Livelink, a Web-based knowledge management system
developed by Open Text Corporation. To handle the large vol-
ume of the Livelink log data, we propose to reduce the state
space of Markov models by making use of the hierarchy of
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Organization

The rest of the paper is organized as follows. In the sec-
tion Background we briefly describe the background. We
present the Markov model based clustering algorithm and
our adaptive algorithm in the section Mixture of Markov
Models for Clustering. We introduce our personalized Web-
surfing recommendation method in Personalized Web-Surfing
Recommendation. In Application Data Description and Pre-
processing we give an overview of the Livelink data and report
our experience in preprocessing the raw data file and devel-
oping different strategies to select training data for the
mixture of Markov models. Experimental results on the Livelink
data sets are given in Performance Evaluation on a Real
Application Data Set. Next we discuss Related Work then
present Conclusion and Future Work.

Background

To gain a better understanding of users’ access patterns,
various Web clustering techniques that employ different sim-
ilarity measures have been proposed to study Web surfers’
browsing behavior. Current clustering techniques can be
classified into two categories in the Web domain: distance-
based approaches and model-based approaches (Zhong &
Ghosh, 2003). Distance-based clustering computes the
distance between pairwise data. Shahabi, Zakesh, Adibi, and
Shah (1997) developed a similarity measure based on inner
products over a feature space that describes users’ navigation
paths with viewing time as a primary feature and clustered
the session files using the K-means algorithm. However,
viewing time may not be a good indicator as users often tend
to be distracted from the current navigation when surfing the
Web. Fu, Sandhu, and Shih (1999) suggested using uniform
resource locators (URLs) to construct a page hierarchy,
which is then used to categorize the pages. Unfortunately,
this approach works only if the URLs contain useful tokens.
Also, the page hierarchy only specifies the hierarchy of the
directory structure, not the concept hierarchy of a Web site.
Cadez et al. (2000) proposed to use a mixture of Markov
models for clustering browsing sessions into categories.
However, this approach is only feasible when data dimen-
sionality can be reduced by a prior manual categorization of
Web pages. Smyth (1996a) described each time sequence
with a hidden Markov model, but such a model is often dif-
ficult to build in a Web domain because of lack of sufficient
information, and an individual’s navigation pattern is likely
to be disclosed by this case-based generalization.

Currently, most Web search engines and recommendation
systems are designed to serve all users, regardless of the dif-
ferent needs of individuals. To address this problem, there
has been work on Web personalization and user modeling
techniques, which utilize Web usage mining algorithms to
conduct retrieval for each user incorporating his/her inter-
ests. Zukerman and Albrecht (2001) categorized Web page
recommendations into two main approaches: a content-
based system constructs a model based on the contents of the

Livelink objects. We also notice that because of the diversity
of Livelink user navigation patterns, the lengths of request
sequences vary greatly. In particular, there exist many short
sequences. Most previous Markov-based pattern recognition
models treat those short sequences as noise and therefore fil-
ter them out. However, they still contain useful information.
At the same time, there are many multiple consecutive
occurrences of the same object within a session, which may
prevent the model from capturing users’ actual intentions. To
solve these problems, we design a few strategies and justify
their effectiveness with experiments.

Our proposed system can also be integrated with tradi-
tional retrieval systems in many different ways. For exam-
ple, (1) we can use the content of the predicted request,
which is generated by the mixture of Markov models, to
find additional terms to expand the current query; (2) the
user clustering information, which is gained through min-
ing surfers’ access history, can be used to locate the com-
mon interests of a group of surfers and then rerank the
query results retrieved with the original query. We show
an example to demonstrate some possible usages in the
Livelink application.

Evaluation

While the Web surfer’s access patterns are extracted from
Web log data, validation is needed to justify whether these
patterns are really meaningful. In our paper, we develop a
Web mining system to assist the user’s navigation, so the best
evaluation method in our case is to test it in the real world. In
particular, we utilize the Livelink data as the test bed.

Classic distance-based clustering evaluation methods,
such as sum of square (SSQ), proposed by Aggarwal, Han,
Wang, and Yu (2003), which calculate the distance between
an object and the cluster centroid, are not suitable in the
model-based clustering domain. Other evaluation metrics,
such as the Hubert and Arabie (HA) index proposed by Milligan
and Cooper (1986), are applicable only when true clus-
ters are known. However, in our case, we do not know the
true clusters in our application data set. To solve this prob-
lem, we define a metric, called user clustering accuracy,
which measures the similarity between the clustering result
on the training data and the one on the testing data. This
evaluation method presents a similar idea to those proposed
by Cadez et al. (2000) and Anderson Domingos, and Weld
(2002). However, they use the negative log likelihood score to
measure the results of clustering sequences, whereas our
strategy is specially designed for user clustering. To evalu-
ate recommendation results, we introduce the concept of hit
ratio. With this metric, we carefully design a set of experi-
ments to evaluate the adaptive algorithm, which incremen-
tally updates the model parameters, and compare pyramidal
time frame and uniform selection strategies in terms of the
recommendation performance. In addition, we compare
the experimental results of our mixture of Markov models
based recommendation method with those of association
rule–based recommendation methods. 
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Web page, while a collaborative system tries to find similar
users and assumes the current user will follow the same pat-
terns already exhibited. A lot of effort has been made to build
content-based systems. Yan, Jacobsen, Garcia-Molina, and
Dayal (1996) developed a Web personalization system that
dynamically provides hypertext links to the user. The whole
system consists of two processes: the offline part builds
surfer clusters using the feature vectors based on the Web ac-
cess data, and the online part generates dynamic links that
are directed to Web pages. To use the system, a surfer is first
assigned to a single cluster according to his/her previous ac-
cess path, then some dynamic link(s) is retrieved from the
pages that have been accessed by other surfers in the same
cluster. Schechter, Krishnan, and Smith (1998) attempted to
predict the next action of a Web user by constructing a tree
that contains the user’s access paths. The prediction is con-
ducted by matching the user’s previous session as paths in
the tree. The maximal prefix of each path (i.e., the first N � 1
requests of a length N) of the tree is compared with the same
length suffix of user’s access sequence, and the path with the
highest number of matches is returned. The authors claim
that storing longer paths in the tree offers improvements in
predictions, but this method might be rigorous and cumber-
some since every path has to store all its prefixes. Meanwhile,
as a representative of collaborative systems, Shardanand and
Maes (1995) employed the k-Nearest-Neighbour algorithm
by comparing a given user’s record with the historical
records of other users in order to identify those users sharing
similar interests with the given user. However, this technique
suffers from some well-known limitations that are related to
the scalability and efficiency of the kNN approach. 

Mixture of Markov Models for Clustering 

In this section, we first introduce the concept of mixture
of Markov models and its learning algorithm. Then we pre-
sent how to use the mixture model to cluster Web users and
their request sequences. After that, we present our adaptive
clustering algorithm and analyze its time complexity. 

Markov Model Based Clustering Algorithm 

Given a population of Web users, each user generates a
series of requests with various lengths. The problem
addressed in our work is to group request sequences and Web
surfers themselves into K clusters. A probabilistic model for
grouping sequences is that of a finite mixture model with K
components

(1)

where yi represents a particular request, y � y1y2 . . . yL

denotes a request sequence, pk � p(ck�u) is the weight of the
kth component ck satisfying , p(y�ck, u) is the prob-
ability of a request sequence y given the kth component, and

©kpk � 1

p(y 0u) � a
K

k�1

p(ck 0u)p(y 0ck, u) � a
K

k�1

pk p(y 0ck, u)

u denotes the parameters of the model. Here, we assume that
p(y�ck,u) is a first-order Markov model with parameters 
u� {u1, . . . , uK}, so that the probability distribution over the
current state only depends on the previous state. Note that
the reason for using a mixture model with multiple components
instead of a single Markov model is to distinguish different
groups of sequences. Each component represents the charac-
teristics of a group of sequences. A single Markov model
would represent the general characteristics of all sequences. 

Formally, a first-order Markov model is a triple �S, u1,
uT�, where 

• is a set of states.

• is the probability that the kth compo-
nent’s initial state is si, and u1 is the collection of for all
components and states.

• is the probability that the
kth component transits from state sj to sl, and uT is the col-
lection of for all the components and transitions.

Also, and satisfy , and �

1. Given a first-order Markov model, the probability of ob-
serving a sequence of states y � y1y2 . . . yL under the kth
component is

(2)

where denotes the probability distribution over the ini-
tial request among users in cluster k, and denotes the
parameters of the probability distributions over transitions
from one request to the next by a user in cluster k. Given a
mixture of Markov models, we can assign a sequence x to
a cluster by computing p(ck�x, u). Details of using this
mixture model for sequence and user clustering are
discussed in User and Sequence Clustering.

Learning the Model Parameters from Data

In our research, we assume that each individual behaves
independently. If request sequences in the training data are
denoted by 

we have

(3)

For the sake of simplicity, we further assume that given a
model and its parameters, each request sequence of an indi-
vidual is independent of any other request sequence of that
individual. To learn the parameters of a mixture model with
known number of components, one possible solution is to
identify those parameter values for u � �p, u1, uT� that
maximize the likelihood of the training data
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(4)

These parameters are often referred to as a maximum like-
lihood (ML) estimate. Alternatively, we may utilize prior
knowledge about the training data and encode this informa-
tion in the form of a prior probability distribution over the
parameters (denoted with p(u)). The parameters of the mix-
ture model can therefore be learned by identifying those
parameter values that maximize the posterior probability of
u given the training data

(5)

where the second expression follows from the first one by
the Bayes rule. These parameter estimations are referred to
as maximum a posteriori (MAP) estimates, and we learn the
parameters with the EM algorithm. The EM algorithm is an
iterative algorithm used to learn the parameters of a mixture
Markov model from the training data (Bilmes, 1997). It first
initializes the parameters in the mixture model with random
values. Then it iteratively performs two steps: the E step and
the M step.

• In the E step, we calculate for each training
sequence under the model with the current parameter setting,
where is the ith sequence in training data set dtrain

(6)

• In the M step, for each component (or cluster), parameters u
are updated to maximize the posterior probability of u as
follows

(7)

(8)

(9)

where is an indicator function that equals 1 if
the first request in corresponds to state j and 0 other-
wise, and denotes the number of transitions from
state j to state l in . Each iteration in the EM algorithm is
guaranteed to increase the uMAP, and the algorithm finally
converges to a local maximum of the likelihood function.
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train

dj,l(d
i
train)

di
train

s(dtrain1
i � j)

uT
k, jSl �

a
N

i�1 
p(ck 0d

i
train, u)dj,l(d

i
train)

a
M

d�1a
N

i�1
 p(ck 0dtrain, u)dj,d(di

train)

u1
k, j �

a
N

i�1
 p(ck 0d

i
train, u)s(dtrain1

i � j)

a
M

d�1a
N

i�1 
p(ck 0d

i
train, u)s(dtrain1

i � d)

pk �
1

Na
N

i�1

p(ck 0d
i
train, u)

p(ck 0d
i
train, u) �

pk p(di
train 0ck, u)

a
K

t�1
pt p(di

train 0ct, u)

di
train

p(ck 0d
i
train, u)

� argmaxu 
p(dtrain 0u)p(u)
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p(dtrain 0u)p(u)

p(dtrain)

uMAP � argmaxup(u 0dtrain)

uML � argmaxu
  
p(dtrain 0u) These two steps are repeated until all parameters converge.

This procedure offers a straightforward method to estimate the
parameters u � �p, u1, uT� of the mixture Markov model
and guarantees that the parameters will ultimately converge.

User and Sequence Clustering

In order to describe how users and sequences are clus-
tered, some notations are first defined as follows.

Definition 3.1. ( ) Given a mixture of Markov mod-
els with k components and parameters u, the likelihood that
the jth behavior sequence of user i (denoted as )
belongs to cluster k is

can be regarded as the weight of a sequence
belonging to the kth cluster.

Definition 3.2. ( ) Given for the jth behavior 
sequence of user i, k � [1, K ], where K is the number of total
clusters, and is defined as the cluster that has the maxi-
mum likelihood over all clusters

(11)

With , we can assign a sequence into a single cluster.
This way of clustering is called hard clustering. In this
method, a request sequence is uniquely assigned to a cluster
with the maximum likelihood . This approach
has a crispy boundary where the constituting elements only
take two possible options of membership: i.e., they either
belong or do not. However, this approach neglects the possi-
bility that the sequence may partially belong to more than
one component. For example, there are two components in
the mixture of Markov models, and a sequence has the
probability distribution of being in the two clusters of
{ }. With the hard clustering
method, it is classified into component 1, which holds
the higher likelihood. However, it is very possible that the
sequence also belongs to the second component, since the pos-
sibilities of being in the two different components are very
close. To solve this problem, we adopt a more realistic soft
clustering approach, where each element is given a weight of
membership to each component as follows:

Definition 3.3. ( ) The sequence’s probability distribu-
tion over all components is defined as

(12)

where K is the number of total clusters.
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In this way, soft clustering represents a partitioning-
optimization technique that allows a request sequence to
belong to several groups simultaneously. Similarly, we can
define hard and soft clustering for users as follows:

Definition 3.4. (C i) Given for any j � [1, J], where J is the
number of sequences user i has, Ci is defined as the cluster
that has the maximum likelihood over all sequences of user i

(13)

Definition 3.5. ( ) For a specific user i, let 
be the probability that sequence j belongs

to cluster k, where Si is the set of sequences user i has
accessed. The probability that the user belongs to the kth
cluster is

(14)

and the user’s probability distribution over all the clusters is

(15)

With hard clustering, user i is assigned to cluster C i. With
soft clustering, user i’s probability distribution CUi over all
the clusters is generated.

Adaptive Clustering Algorithm

After obtaining a trained mixture of Markov models
using past access data, we would like to make it adapt to the
changes as new access data become available every day. We
could conduct an overhaul reconstruction of the model based
on both the old and the new data and obtain the new para-
meters. This approach, however, can be computationally
prohibitive because of the large number of parameters usu-
ally involved in real applications.

To reduce the computational cost, we propose an adaptive
algorithm that can incrementally update the parameters in
the mixture of Markov models. As described in the section
Learning the Model Parameters From Data, the process of
learning parameters in a mixture of Markov models is 
divided into two steps. E step estimates the objective func-
tion p(ck�v, u) for each sequence in the training data, where 
v � dtrain, and M step updates unknown parameters u� �p,
u1, uT� for each cluster. From Equations 7, 8, and 9, we notice
that if  the number of total sequences N is sufficiently large,
the addition of a new request sequence is unlikely to have
significant influence on the parameters’ estimation. There-
fore, when a new request sequence v� becomes available, it
is possible to update the parameters incrementally (though
approximately) without invoking a reconstruction of the
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Pi
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Ci � argmaxjC
i
j

Ci
j

model, and the parameter values thus obtained are expected
to be close to those obtained by retraining the model from
scratch.

Our method works as follows: Once a new sequence v� is
recorded, we first calculate p(ck�v�, u) for each component k �
K under the existing models. Second, as all three components
of the model would change with the objective function p(ck�v�,
u), the parameters u � �p, u1, uT� of the mixture of models
are incrementally updated as illustrated in Algorithm 1 in Fig-
ure 2. In Algorithm 1, lines 3–5 update the objective functions
by calculating the probability distribution of v� over all the com-
ponents with the current parameter u, and lines 7–17 describe
how to reestimate the parameters in detail.

Comparing with the previous parameter estimations, where 

and  , 

the current ones reflect  the changes of weights in each com-
ponent when a new sequence is accessed.

We use separate “for” loops in Algorithm 1 for obtaining
new parameters and for updating original parameters not
only to enhance the readability but to maintain the validity of
the algorithm. As shown previously, all p� and u� are first up-
dated with the new objective function, and then all original
parameters are rewritten in a batch. This order has to be main-
tained because the calculation of p� and u� depends on all the
p and u values obtained in the last iteration. If parameters uk

and u�k were updated in the same “for” loop, for different
components, p� and u� would be generated with different us,
and that is obviously not appropriate. Also note that a “new”
sequence in line 1 is defined as “any” sequence that arrives
after the model is constructed; it thus can be a totally 
new sequence that was not presented in the training data or a
sequence that is identical to a sequence in the training data.

Complexity Analysis

It is obvious that the incremental algorithm involves only
simple arithmetic calculations and can therefore be carried
out very efficiently. Retraining the model, on the contrary,
requires considerable computational resources.

Generally, constructing an overhaul model requires a
runtime of O(KNL � KM2) per iteration in EM, where M is
the number of states in the model, K is the number of com-
ponents, N is the number of sequences, and L is the average
number of requests per sequence. If we further decompose
the complexity, O(KNL) involves the cost of computing d,
s, and p(ck�v, u), whereas O(KM2) covers p, u1, and uT.
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Assuming that it takes X iterations for EM to converge, the
total cost is O(X(KNL � KM2)). In real applications, where
M and N are usually large, it usually takes a long time (i.e.,
many iterations) for the system to converge. For instance, it
takes more than 50 hours to retrain our mixture of Markov
models with the Livelink data, when K � 50, N � 4000, and
M � 120.

In contrast, our adaptive algorithm avoids this obstacle by
executing only one iteration, and the total complexity there-
fore is O(KL (N � 1) � KM2). Moreover, observing Algo-
rithm 1, we notice that if we keep a record of every d, s, and
p(ck�v, u) in the previously constructed model, only dj,l(v�),
s(v�1 � d) and p(ck�v�, u) are unavailable in the current para-
meters’ reestimation, where d, l, j � M. In this way, the run-
time cost of O(KL(N � 1)) can be further reduced to O(KL),
while the cost of obtaining new parameters , and 

remains the same as O(KM2). Finally, the computational
complexity of using the incremental algorithm is O(KL �
KM2), and it takes less than a second to update our mixture
Markov model with our Livelink application data set.

Personalized Web-Surfing Recommendation

In Web mining, different techniques have been used for
predicting the action a user will take next given the sequences
of actions he/she has already taken. In this section, we pre-
sent how we make personalized surfing recommendation
with a mixture of Markov models. We also describe how to

uT
k,jSl�p�k,u

1
k, j�

make a Web-surfing recommendation with association rule
deductions in previous methods. We will compare the two
recommended methods in the experiments section.

Web-Surfing Recommendations with a Mixture
of Markov Models

Given a request sequence v, we can make the Web-surfing
recommendation (i.e., predicting the most probable next
request) by combining the outputs of both components in
the mixture. For this purpose, soft clustering is applied
in the recommendation process. Suppose the mixture has 
K components. The contribution (or the weight) of the kth
component in the overall recommendation is p(ck�v, u).
Meanwhile, for each possible next request, which corre-
sponds to a state in the Markov model, the likelihood of its
being the next request according to the kth component can
be obtained from the transition matrix . Therefore, given
that sj is the state corresponding to the last request in v, the
likelihood that a state sl (and its corresponding request) is
the next state is

(16)

where the denominator is a normalization factor, and 
p(ck�v, u) is defined as

p(next � sl) �
a

K

k�1
 p(ck ƒ v,u) � uT

k, jSl

a
M

l�1
 a

K

k�1
 p(ck ƒ v,u) � uk, jSl
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uT
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FIG. 2. Adaptive algorithm.
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Given M possible states in the whole model, we sort them
in decreasing order of their occurrence possibilities, i.e., 
{s1, s2, . . . , sM}, and use the ones with highest probabilities
for recommendation1. This method of recommendation applies
the soft sequence clustering method because it uses the
probabilities that a sequence belongs to each component
(i.e., p(ck�v, u)) when computing the probability of a possible
next state. An alternative is to use the hard clustering method
to assign v into a cluster ck with the highest p(ck�v, u) and use
ck’s Markov model to make the prediction. However, our
experiment (described in the section Comparison with Hard
and Soft Clustering Strategy) shows that the averaged pre-
diction (i.e., the one with soft clustering) achieves better
prediction performance than the prediction from the most
likely cluster. Please also note that we do not need to cluster
users when making recommendations with a mixture of
Markov models.

In Markov models, the one making the next recommenda-
tion by looking at the last action performed by the user is
known as the first-order Markov model, where each action
that can be performed corresponds to a state in the model. A
somewhat more complicated model makes the recommenda-
tion by looking at the last k actions performed by the user, and
this is generalized as the kth order Markov model. In many ap-
plications, first-order Markov models cannot successfully rec-
ommend the next action to be taken. This is because such
models do not look far into the past to discriminate accurately
different behavior models belonging to different users. How-
ever, making recommendations with higher-order models
may suffer from a high state-space complexity, and the prob-
lem will become even worse in the Web domain.

Suppose v � v1v2 . . . vL to be a sequence of length L,
where v1, v2, . . . , and vL take values from a set of states S. If
we assume the recommendation for the next action is based
on a single first-order Markov model, by definition,

(18)

This is different from making recommendations using
a first-order mixture of Markov models. If we assume that
the recommendation for the next action vL�1 is based on the
mixture of models, by definition,

(19) � a
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a
K
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p(cj 0u)p(v 0cj,u)

The transition probabilities in the mixture model are a
function of the membership weights p(ck�v) (equivalent to
p(ck�v, u) in Equation 16). These weights are in turn a func-
tion of the history of the sequence (based on the Bayes rule)
and typically depend strongly on the pattern of the behavior
before vL. Thus, the mixture model is more powerful than a
single first-order Markov model, and an acceptable com-
plexity can still be held by looking at the last actions from
each component model.

Compared to making recommendations with a single
Markov model, making recommendations with a mixture
of Markov models can be viewed as a personalized recom-
mendation process since it is capable of integrating both
group access patterns using the transition matrix p(vL�1�vL, ck)
and each surfer’s individual preference implied by member-
ship weights p(ck�v).

Previous Methods

Association rule mining is a technique used to capture
the relationships among items on the basis of their co-
occurrence patterns across transactions (Mobasher, Dai,
Luo, & Nakagawa, 2001). Given a set of transactions, where
each transaction contains a list of items, an association rule
can be denoted as A 1 B, where A and B are disjoined sets of
items.2 Here, A is referred to as the left-hand side (LHS)
of the association rule, and B is referred to as the right-hand
side (RHS) of the association rule. The intuitive meaning
behind such a rule is that transactions containing the items
in A are also very likely to contain the items in B. Two com-
mon numeric measures used to evaluate the interestingness
of each association rule are support and confidence. The
support of an association rule A 1 B is defined as the pro-
portion of transactions that contain both A and B, and its
confidence is defined as the proportion of transactions that
contain B among the transactions that contain A. An association
rule mining algorithm, such as Apriori (Agrawal et al.,
1993), finds association rules that satisfy the user-specified
minimal support and confidence thresholds. In general,
the recommendation using association rules recommends
item b when the user has bought or visited item a, where b
is in the RHS of the association rule and a is in the LHS. To
evaluate the performance of our mixture Markov model
based recommendation method, we compare it with two 
association rule based recommendation methods. One is
called the global association rule based method, and the
other is called the cluster-oriented association rule based
recommendation method. We describe the two methods
below.

Recommendation with global association rules. In the global
association rule based method, recommendations are based
on a set of association rules learned from the whole training

1858 JOURNAL OF THE AMERICAN SOCIETY FOR INFORMATION SCIENCE AND TECHNOLOGY—October 2007
DOI: 10.1002/asi

1 In our experiment, we recommend the one with the highest probability
for the purpose of evaluation.

2 We treat each sequence as a transaction when learning association
rules.
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data. Thus, the rules capture the general patterns of all the
users. In implementation of this global recommendation
method, we use the following process to make a recommen-
dation based on a set of global rules. When there is a new re-
quest sequence A� accessed, we choose the rule {L : A 1 B}
whose LHS A has the largest overlap with A�. In case there is
more than one association rule that has the largest overlap
with A�, we take the union of the RHSs of these rules and
recommend all the objects in the union to the user.

Recommendation with cluster-oriented association rules.
Some recent studies have considered exploiting association
rule mining in recommendation systems. However, most of
them rely on discovering object correlations on the whole
data set for all the users; thus those recommendations are not
personalized and cannot exhibit user distinct characteristics.
In this study, we also consider user clustering information to
boost the recommendation performance as follows:

1. After building the mixture of Markov models, we first
apply the soft sequence clustering method on the whole
training data set, such that each request sequence from
the training data is allocated to one or more clusters ac-
cording to in definition 3.1. Meanwhile, each cluster
in this way accumulates a group of sequences.

2. For each component cluster, we discover a set of associ-
ation rules under predefined minimal support and confi-
dence thresholds from all the sequences in the cluster.
Ideally, these association rules may cover all inherent as-
sociations that exist in the access requests of the cluster k.
As the number of sequences in different clusters varies,
the number of association rules built with those
sequences may change dramatically. In our experiments
with Livelink data sets, some clusters may contain hun-
dreds of rules, but others may have only a few rules.

3. We apply the soft user clustering approach described in
definition 3.5 to all training data to assign each user to
one or more clusters.

4. When there is a new request sequence A� accessed by a user
i, the user’s clusters are identified. We select rules that have
the largest LHS overlaps with A� among all association
rules derived from those clusters. The objects in the union
of RHSs of the selected rules are recommended to the user.

In our experiment section, we will compare our mixture
Markov model based recommendation method with both
global and cluster-based association rule recommendation
methods.

Application Data Description and Preprocessing

Livelink is a database driven Web-based knowledge man-
agement system developed by Open Text Corporation. It
provides a Web-based environment (such as an intranet or
extranet) to facilitate collaboration between cross-functional
employees within an organization. In particular, Livelink
offers document management, virtual team collaboration,
information retrieval, and business process automation. 

Pi
j,ku

It assists the storage, sharing, and management of critical
information and processes for organizations, teams, and
individuals.

The Data Set

The data set used in our experiments is the Livelink access
data over a period of 34 days (Huang, Peng, An, & Schuurmans,
2004). The original data file is about 7 GB, and it describes
more than 3 million requests made to the Livelink server by
1,157 users from around 5000 different Internet Protocol (IP)
addresses. Each request to Livelink maps to a data entry in the
log data containing an IP address from which the user is
making the request, the cookie of the browser, the time
a request was issued and responded to, the name of the
request’s handler, the name of the function used to handle
a request, a query string containing the information about
the requested object, and other information, such as the
server name. A small portion of entries contain user Ids.
We extract a complete user request log entry from Livelink
and illustrate it in Figure 3. For security reasons, some of
the lines are removed.

The users in this data set are mostly the employees of
Open Text. They belong to different groups, such as human
resources and product development. Different groups of
users may have different types of authorizations for accessing
the information objects managed by Livelink. In the section
Object Hierarchy, we describe the hierarchy of the infor-
mation objects maintained by Livelink. Some objects in the
hierarchy can be accessed by certain groups of users. Thus,
a user’s access pattern is affected by the group(s) to which
the user belong. 

Data Preprocessing

Given log data, we are only interested in those relevant to
the understanding of users’ browsing behavior. To select rel-
evant information, we conduct data preprocessing on the raw
data by (1) identifying users from data entries, (2) extracting
the time a request is made, (3) extracting the ID of the infor-
mation object requested in each entry, (4) removing noisy en-
tries (e.g., the requests having no information object), and (5)
identifying user sessions. In Web usage mining, a Web log ses-
sion is defined as a group of requests made by a single user for
a single navigation purpose (Huang, Peng, An, & Schuurmans
2004). Users are identified by combining user Ids that appear
in some data entries with IP addresses. When an entry does
not contain user IDs, we consider it to belong to the user
whose ID appeared in a previous data entry that shared the
same IP address with the current entry under the condition
that the time difference between the two entries is within a
specified time interval. This method assumes that a user does
not change the IP address within a reasonable period, as is
often the case in the Livelink environment. After users are
identified, the data entries for each user are sorted according
to the requesting time, then further grouped into user sessions
using the time-out session identification method, in which a
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session shift is identified between two consecutive requests if
the interval between them is more than a predefined thresh-
old. We then assume that all sequences obtained at this stage
are independent and uniform. In this paper, a request se-
quence refers to an object sequence in a user session. A piece
of the session file after identifying the three sessions is shown
as follows:

UserId time objectId 

1 04/12/2002-12:06:25 14655738
1 04/12/2002-12:07:33 15199366
1 04/12/2002-12:07:37 14655738
1 04/12/2002-12:34:53 14655738
1 04/12/2002-12:34:55 14655738
1 04/12/2002-12:35:22 15199366
1 04/12/2002-12:36:38 15199366
1 04/12/2002-12:36:53 15291602
2 04/18/2002-03:01:04 13972781
2 04/18/2002-03:01:54 15291602
2 04/18/2002-03:02:04 15291602
2 04/18/2002-03:02:13 15291602
2 04/18/2002-03:02:22 62349805
2 04/18/2002-03:02:31 13972781

where blank lines separate sessions.

Object Hierarchy

The information objects maintained by Livelink are orga-
nized into a forest of trees. Each tree in the forest contains
objects and folders that relate to a subject. A leaf node in a
tree corresponds to a document, such as a Portable Docu-
ment Format (PDF) file, a Power Point (PPT) document, or
a picture. A nonleaf node of a tree indicates a folder that
holds links to other folders or objects. This tree structure is
constructed for better file storage and is totally transparent to
the user. According to our domain experts, there are 2028
different trees maintained by the Livelink server, but only
about 10% of the trees are “public trees,” which are accessi-
ble to all or some of the users, and others are “private trees”
that can only be accessed by a single user.

Figure 4 shows part of a public tree on its left-hand side.
The whole picture shows the user interface for a search
function. The right-hand side of the interface offers a key-
word search function and shows the search result for
the keyword “MS Backoffice Integration Discussion.” The
search result lists the object ID and the brief description of
each retrieved object. With an object ID, we can use the search

FIG. 3. A Livelink log entry.
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function provided on the left-hand side of the interface to
locate the object on the tree structure, from which we can
trace the ancestors and descendants of the object. In this
example, the object that is most relevant to the keyword is
“6870685 MS BackOffice Integration Discussion,” which
is a leaf node in the tree rooted at “2001 15181845 Credit
Suisse Private Banking.”

State Representation in Markov Models

There are 35,039 information objects in our data set. If
we represent the states of the Markov model using the
objects, the transition matrix is prohibitively huge and
extremely sparse. In order to reduce the number of states,
we make use of the Livelink Object Hierarchy to generalize
the objects by replacing them with their parents or ancestors.
We first used the root of each tree to replace the objects in

the tree, the process resulted in 655 objects.3 For instance, as
shown in Figure 4, if an object “MS Backoffice Integration
Discussion” is requested by a user, its root object “2001
15181845 Credit Suisse Private Banking” could substitute
for the original object. To reduce the number states further,
we remove the objects that are in private trees, because a pri-
vate tree is owned by a single user and is not suitable for
describing the general property of a group of users. After
removing the private objects, 104 objects (which correspond
to the roots of 104 trees) are left. However, by observing
the resulting session files, we found that over 70% of the
requests visit a common tree, which is “2001 15181845 Credit
Suisse Private Banking.” Thus, a great portion of requests

FIG. 4. Hierarchical structure in Livelink data.

3 There are 2028 trees in total. However, not all the trees have objects
that appear in our data set. 
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are identical. Although this fact may potentially increase the
clustering or prediction accuracy, it also can be data depen-
dent and does not help distinguish users in real applications.
To solve this problem, we move down to the second level of
this heavily visited tree and use the children of the root to
represent the objects in this tree. In that way, more objects
are introduced in our work.

Data Selection

Selecting proper training data for the mixture of Markov
models is of critical importance for two reasons. First, there
is a possibility that users’ access behavior may dynamically
change over time. Second, the immensity of users’ profiles
and the magnitude of servers’ computational cost make it
unrealistic to use all available information to construct the
Markov models. Therefore, only a subset of all available
data can be used as training data.

In this section, we study two different training data se-
lection strategies. The first strategy utilizes a pyramidal
time frame, which gives more recent data greater chances
of being included in the training data, while the second
strategy, called the uniform selection strategy, treats all
data equally, regardless of their respective recency, 
and simply assigns all data the same probability of being
selected. The pyramidal time frame strategy, originally
used in data stream clustering (Aggarwal, Han, Wang, &
Yu, 2003), is studied here to test the hypothesis that more
recent data reflect the user’s current access pattern 
more accurately. Without loss of generality, we assume
that the starting and ending times of all available 
data are 0 and T respectively. The proposed method 
divides the time interval [0, T ] into [log2T ]�1 subinter-
vals, with the length of the ith subinterval , where i �

[log2 T ]�1. That is, the interval [0,T ] is divided into
. The training

data consist of an equal amount of request sequences
drawn from each subinterval. For example, given T � 55,
the time interval [0, 55] can be divided into [log2 55] � 1 �
4 subintervals: {[0, 28], [29, 45], [46, 53], [54, 55]}. For
each request sequence in the available data, we assign it
into a unique subinterval, so that its starting time is close
to the subinterval’s lower boundary. For example, if the
access time of the first request in a sequence is 30, it
should be assigned to the subinterval [29, 45]. In this way,
each subinterval covers a list of sequences. Then we can
randomly pick an equal amount of sequences in each
subinterval, e.g., 500, to form a complete training data set.
Clearly, with this data selection method, more recent data
have a greater probability of being included in the training
data.

For the uniform selection strategy, a random sample of
the request sequences is drawn from all the data within the
time interval [0, T]. This effectively assigns equal weight to
all available request sequences and ignores the recency of
data.

[0, [T
2]], [[T
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Performance Evaluation on a Real 
Application Data Set

In this section, we evaluate our method on a real world
application, Livelink Web log data. First, we define two evalu-
ation measures, user clustering accuracy and hit ratio. Then
we conduct evaluation on user clustering, recommendation,
and our proposed adaptive algorithm in the sections that fol-
low. To avoid the local optimal problem that associates with
the EM algorithm, all mixture of Markov model based experi-
mental results shown in this section are an average of five runs.
We implemented the Apriori algorithm with C��, and other
algorithms with Matlab. All experiments are conducted on our
departmental host server with the same central processing unit
(CPU) (dual Xeon 3.06 GHz) and memory (2 GB) settings.

Evaluation Measures

In our experiment, we separated our session file into a
training data set and a testing data set, where two subsets are
of equal size and have no clear difference. The training data
are used to train a mixture K-component Markov model. The
trained model is used to cluster the users in both training and
testing sets. To measure the performance, we introduce the
concept of user clustering accuracy, which measures the sim-
ilarity between the clustering result on the training data and
the one on the testing data. In addition, the number of com-
ponents of the mixture model is determined by using cross-
validation on the training data.

Definition 6.1 (user clustering accuracy). Let U � {u1,
u2, . . . , uN} be the set of users that appear in both training
and testing data. Suppose that user ui (i � [1, N ]) is clus-
tered into cluster ai by the Markov model according to the
user’s sequences in training data and it is clustered into
cluster bi according to the user’s sequences in the test data.
Let M be the number of users in U that satisfy ai � bi for
i � [1,N]. User clustering accuracy is defined as the ratio
of M to N.

This evaluation approach presents an idea similar to neg-
ative log likelihood (Cadez et al., 2000; Anderson, Domingos,
& Weld 2002). In negative log likelihood, a clustering model
is first constructed with the training data; then the testing
data are used to fit into the model to measure the out-of-
sample degree. However, their objective is to evaluate the
sequence clustering results, while our method is specially
designed for user clustering.

To evaluate the recommendation results, we adopt the
concept of hit ratio. Hit ratio was originally used as a chief
measurement of a cache, which is the percentage of all
accesses that are satisfied by the data in the cache. Recently,
hit ratio has been used in the Web mining domain to measure
the performance of Web page recommendation systems
(Gunduz & Ozsu, 2003; Manavoglu, Pavlov, & Giles, 2003).
Given a test sequence of requests, a hit is declared if
what the system recommends on the basis of a subsequence
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covers the next request in the sequence. Hit ratio is defined
as the number of hits divided by the total number of recom-
mendations made by the system. In this study, we take a
request sequence S � {a1, a2, . . . , an} from the test data,
where n is the number of requests, and divide S into two parts:
A � {a1, a2, . . . , an�1} and B � {an}. We use A as an input to
the trained model and obtain a system recommendation C.
Since B is the actual next request, C can be considered a good
recommendation if B � C.4 If B � C, we call C a correct rec-
ommendation. Given a set of test sequences, the hit ratio is
thus defined as

(20)

The rationale behind this is that when a user is looking
for a document, he/she may make a sequence of requests
within a period until the target is found. In Web usage min-
ing, this sequence is referred to as a user session, which
accomplishes a single task. We can thus assume that after
accessing the last object in a session, a user has found the
document that is interesting to him/her. Therefore, to evalu-
ate whether the user is satisfied with the recommendation,
we simply leave out the last request (i.e., an) in a test
sequence (which is a session), make a prediction by fitting
the previous requests in the sequence into the trained
Markov model, and then check whether the recommendation
includes an.

Hit Ratio �  
# of Correct Recommendations

# of Recommendations

User Clustering Evaluation

To improve the clustering performance, we design differ-
ent strategies to preprocess the Livelink data sets and show
the experimental results in this section.

Remove heavily visited tree in user clustering. As discussed
in the section State Representation in Markov Models, more
than 70% of the requests visit a common tree in the resulting
session files. Therefore, a great portion of requests are identi-
cal, making it difficult to distinguish users. To solve this prob-
lem, we move down to the second level of this heavily visited
tree and use the children of the root to represent the objects in
this tree. Figure 5 shows the user distribution among clusters
with and without the adjustment after applying the Markov
model based user clustering method with 15 components5 in
the mixture model. As shown in Figure 5(a), without the ad-
justment, the users are not distinguishable since almost all the
users are grouped into a single cluster and there are few mem-
bers in the 14 other clusters. After the adjustment, the users are
better distributed as shown in Figure 5(b).

It is also easy to understand that making recommendations
with the data set in Figure 5(a) may not satisfy user’s various
requirements, as the recommendation to be made depends on
each component’s previously trained system parameters.
Hence, if all users’ accessed sequences are identical, they
will be grouped into the same cluster (with the component
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FIG. 5. User clustering before and after adjustment.

4 Please note that in our experiments we only recommend a single ob-
ject (with the highest probability) when using the mixture of Markov mod-
els based recommendation method. However, for association rule based
recommendation method, a set of objects can be recommended. Therefore,
the measure of hit ratio defined here gives more favor to the association rule
based method.

5 The number of components here is decided by observing the out-of-
sample like lihood (Smyth, 1996b) and a 10-fold cross-validation. We
understand that it is still an open problem to determine this number in the
clustering problem, and there might be other methods such as Bayesian
Inference Criterion (BIC; Box & Jenkins, 1994) to use. However, this is
not the main concern of the paper.
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parameters), and it is not surprising to see that those users will
get the same recommendation in the future. In contrast, after
replacing the heavily visited tree with its offspring, as shown
in Figure 5(b), the distribution is much balanced; therefore,
the underlying predictions might be diversified accordingly.6

In addition, in this experiment we apply the same cluster
numbers to the two different scenarios for the following con-
cerns. First, the K shown in Figure 5(b) is obtained with the
cross-validation method and is a best fit for the data after
replacement. Second, as shown in Figure 5(a), most users
are grouped into a single cluster, whereas other clusters 
are almost empty. We thus notice that the selection of cluster
numbers from this data set actually does not hurt demon-
strating the real cluster distribution, while K is set to be a
slightly greater value than it actually is.

Counting sequential requests with different strategies. In
our session file, especially after replacing objects with their
ancestors, many sessions contain multiple consecutive
occurrences of the same objects. That is, the user may request
the same object or the objects in the same (sub)tree multiple
times within the same session. Learning from this type of
data, a Markov model may contain many heavily weighted
self-transitions, which may negatively affect the clustering
result. This type of data offers us a choice of how to count the
objects within a session. We can either combine the multiple
consecutive occurrences of the same object into a single

object occurrence (denoted as Count Once) or leave them as
they are (denoted as Original Clusters).

Figure 6(a) shows that counting once is apparently superior
to the one without removing redundant requests. In addition,
we notice that about 20% of the sessions in the Livelink data
set contain a single request. When combining the consecu-
tive same requests into one, the percentage of singleton ses-
sions is even higher. Since such sessions do not contain state
transitions, we consider ignoring such singleton sessions
from the training data and comparing the performance with
that of the method that keeps the singletons in the training
data. As illustrated in Figure 6(b), the performance is not as
good as expected, because the size of training data decreases
greatly after eliminating the singletons. In contrast to 8225
sequences in our previous training data, there are only 1999
sequences left. On the basis of the experimental results, we
find out that Count Once achieves the best performance
among all the heuristic strategies; thus it is used as a default
in other experiments in our work.

Recommendation Evaluation

Comparison of data selection strategies. In this section,
we evaluate the recommendation performance of the two
data selection strategies described previously, namely, pyra-
midal time frame and uniform selection. We select the same
number of training sequences from the data within a 26-day
period using the two strategies and compare their average
recommendation performance using the same test data set
as shown in Table1, where K is set to 15 selected
through cross-validation. Table 1 shows that uniform selection
offers better performance than pyramidal time frames, that
implies that Livelink users’access patterns are quite stable over
that time. The result in Table 1 is the average from 10-fold

6 Note that the user clustering result may be further improved if we con-
sider more trees at the second level. However, this will increase the number
of states in the Markov model. Determining how to select an optimal cut-off
level for a tree is a challenging issue that needs further investigation, which
we do not consider in this paper.

0 10 20 30 40 50
0.65

0.7

0.75

0.8

0.85

0.9

0.95

1

Number of Clusters

U
se

r 
C

lu
st

er
in

g 
A

cc
ur

ac
y

Original Clusters

Count Once

(a) Counting Identical Requests

0 5 10 15 20 25 30
0.4

0.5

0.6

0.7

0.8

0.9

1

Number of Clusters

U
se

r 
C

lu
st

er
in

g 
A

cc
ur

ac
y

Count Once + Remove Singleton
Count Once

(b) Removing Singleton Sequences

FIG. 6. Counting sequential requests.



JOURNAL OF THE AMERICAN SOCIETY FOR INFORMATION SCIENCE AND TECHNOLOGY—October 2007 1865
DOI: 10.1002/asi

cross-validation. We perform a t-test to assess whether the
means of two groups are statistically different from each
other. The p value from the t-test is 0.0138, that means that
the recommendation performance with the uniform selection
data set is significantly superior to that with the pyramidal
time frame in our study.

Comparison with the single Markov model. A single Markov
model can be built from the training set without first cluster-
ing the data. It is equivalent to a mixture of Markov models
with K � 1. Table 2 compares the performance of a mixture
of Markov models with K � 15 to that of the single Markov
model on the Livelink data with the uniform data selection
strategy. The result shows that clustering sequences before
building a Markov model leads to much better recommenda-
tion performance than without doing clustering. This indi-
cates that personalized recommendation is much better than
recommendation based on the general properties of the
whole data set.

Comparison with hard and soft clustering strategy. In the
section User and Sequence Clustering, we presented how to
use “hard” and “soft” clustering strategies to label access
sequences, respectively. In this section, we compare the rec-
ommendation performance of using those two methods and
report the result in Table 3. With the hard clustering method,
we first assign the request sequence to a cluster with the max-
imum likelihood according to Definition 3.2,
then predict the next request according to the most likely
cluster’s transition matrix. With soft clustering, the probabil-
ity that a sequence belongs to each component is used in
computing the probability of a possible next state. From

argmaxkPi
j,k(u)

Table 3, we observe that recommendation with soft clustering
of sequences is better than use of the hard clustering method.

Comparison with global association rule based recommen-
dations. In this section, we evaluate the recommendation
performance using the global association rules mined from
the whole training data without clustering data at first.
Assume that all available Livelink access sequences are
independent. We randomly select 70% of them as training
data and take the rest as testing data. With the training data set,
we first learn association rules given different minimal
support and minimal confidence. Then given a test request
sequence S � {a1, a2, . . . , an}, its prefix subsequence A �
{a1 , a2 , . . . , an�1} is used to find rules whose antecedent has
the largest overlap with A. All the objects in the conse-
quences of such rules are output as recommendations. If one
of those recommendations is identical to the last request an ,
we say that this sequence gets a hit. After accumulating
results over all the testing data, we calculate hit ratios shown
in Figure 7. In addition, as both minimal support and mini-
mal confidence determine the number of generated rules, we
are interested to know how the recommendation perfor-
mance may change with the two thresholds. We show results
with a fixed minimal support in Figure 7(a), and those with a
fixed minimal confidence in Figure 7(b).

As shown in Figure 7, the best hit ratio, 46.70%, is
achieved at minimal support � 2%, and minimal confidence
� 50%. In addition, we notice that there is no principled rule
we can follow to obtain the best recommendation, as the per-
formance fluctuates dramatically as the values of two thresh-
old parameters change. Moreover, comparing with Table 1
and Table 2, the average performance of using mixture of
Markov models to make recommendation is much superior
to that of this method. This is because this method focuses
on finding the co-occurrence patterns among objects but
ignores their sequential relationships. 

Comparison with cluster-oriented association rule recom-
mendation. With the same data set used in the preceding
section, we evaluate the recommendation performance of
the cluster-oriented association rule recommendation
method, which uses different sets of rules for different clus-
ters. In contrast to catching co-occurrence relations from the
whole data set, this method is expected to identify personal-
ized navigation patterns in each group.

As shown in Table 4, this method yields better perfor-
mance than the global association rule method, yet it is not
comparable with predicting directly with mixture of Markov
models. The results indicate that making personalized rec-
ommendations with cluster-oriented association rules is
better than making recommendations with the general patterns
learned from all the users. However, since association rules
do not consider the sequential relationships between visited
objects, their recommendations are worse than use of the
mixture of Markov models, which considers both sequential
relationships and personalizations.

TABLE 1. Performance comparison of
two data selection strategies.

Data selection strategy Hit ratio

Pyramidal time frame 88.41%
Uniform selection 89.23%

TABLE 2. Performance comparison of
the mixture model with the single model.

Markov models Hit ratio

Mixture of Markov models 89.23%
Single Markov model 31.23%

TABLE 3. Performance comparison of the
soft clustering method with the hard clustering
method.

Markov models Hit ratio

Soft clustering 89.23%
Hard clustering 82.37%
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TABLE 4. Performance comparison of cluster-oriented association rule
recommendations.

(a) Fixed minimal support (b) Fixed minimal confidence

Min Sup � 2% Hit ratio Min Conf � 20% Hit ratio

con f � 30% 29.62% supp � 2% 29.54%
con f � 40% 28.52% supp � 2.5% 28.96%
con f � 50% 31.92% supp � 3% 30.36%
con f � 60% 33.28% supp � 3.5% 32.91%
con f � 70% 42.55% supp � 4% 30.58%
con f � 80% 48.90% supp � 4.5% 30.11%
con f � 80% 50.59% supp � 8% 28.82%

Adaptive Algorithm Evaluation

As we have discussed, it is infeasible always to perform an
overhaul reconstruction of the mixture of Markov models as
new data become available. We proposed an adaptive algo-
rithm to update the model parameters incrementally. In this
section, we evaluate the adaptive algorithm’s performance by
comparing it with that achieved through an overhaul model
reconstruction. The previous experiments use 26 days of
Livelink access data to test the performance of recommenda-
tions. In this experiment, we compare the performance of the
adaptive algorithm with that of reconstructing the model and
that of not reconstructing the model at all using the data from
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day 27 to day 34, with new data supplied to the training of the
model each day. The results are shown in Figure 8.

Compared to the overhaul reconstruction method, the
performance of the adaptive algorithm degrades very
slowly. The recommendation result is still satisfactory, al-
though it consumes much less time and computational re-
sources. Given N � 4000 sequences, where K � 15 and 
M � 120, as the training data, when a new request sequence
becomes available, the time spent on both methods is
shown in Table 5. In addition, we find that the performances

of both the adaptive algorithm and the overhaul construction
are superior to the performance of the method that does not
make any reconstruction at all.

Application of Mixture of Markov Models to Personalized
Livelink Search—an Example

In this section, we use an example to demonstrate how
our proposed model can be applied to assist personalized
retrieval in the Livelink application.

As shown in Figure 9, if a user would like to get some
marketing information from the local network supported 
by Livelink, he/she may issue a short query with the term
marketing. However, if such a query is sent to a retrieval
system, numerous unwanted returns are possible, as the
description is too general and can fit various scenarios. To
solve this problem, our system can be utilized to obtain
more information about the query’s immediate context, then

TABLE 5. Adaptive algorithm perfor-
mance evaluation in terms of time.

Method Time

Overhaul reconstruction 21.2 hours
Adaptive algorithm 0.3 second

Recent Access Session 
(Listed in navigation order) 

1. Open Text Corporation 
2. Sales Team 
3. Sales Reps Assessment 
4. Sales Meeting Worldwide 
5. Regional Business Plan 
6. Sales Group Discussion 1 
7. Sales Group Discussion 2 
8. Canada/Great Lake Region 
9. Nortel Website 
10. Great Lake Profiles 1 
11. Great Lake Profiles 2 
12. North American Sales Project 

Prediction from the Mixture Model 
Listed in descending order of P(next request)

1. Marketing & North American Sales 
2. USA Sales 
3. North America Sales Meeting 
4. Cyber Sales 
5. North America Sales Engineering 

User Groups 
Listed in descending order of 

P(Cluster|User) 

1. Cluster 6: 0.4518 
2. Cluster 4: 0.3201 
3. Cluster 1: 0.1069 

                    …  ... 

Mixture of Markov Model 
(Constructed from training data) 

User Current Query 
“Marketing”

Expanded Query 
“Marketing + North 
American + USA + 

Cyber”

Personalized 
Query Expansion

Personalized 
Search Engine 

Search result 
(Ranked list of objects) 

FIG. 9. An example of integration with the Livelink retrieval system.
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infer the user’s actual needs. By feeding the user’s most
recent navigation session into the mixture of Markov models,
we can predict which objects are most likely to be accessed
next by the user. The contents of those predicted objects can
then be analyzed to extract new terms for expansion of the
current query. In this example, some candidate terms could
be North American, USA, Cyber, etc. In addition, with our
user clustering method, a user can be grouped into one or
more clusters on the basis of the user’s previous navigation
history. As shown in Figure 9, it is highly possible that the
current user belongs to Cluster 6 and Cluster 4, given
the probability threshold of 20%. This user clustering
information can be integrated with other techniques, e.g.,
collaborative learning methods, such that the shared interest
of users from the same group can be considered in the
retrieval process. For example, the retrieved documents can
be reranked by making use of the knowledge about the
user’s group.

Related Work

Markov-based models have also been widely used in the
problem of user modeling. Padmanabhan and Mogul (1996)
builts N-gram Markov models and applied the prefetching
method to cache the Web pages that are likely to be requested
soon. Pirolli and Pitkow (1999) studied the k th order
Markov models with k ranging from 1 to 9, and checked
which link the surfer followed in the next step given the
current page. These approaches all imply a Markov presen-
tation for modeling the surfer’s access patterns but focus on
a single model to present characteristics. In addition, higher-
order Markov models use the strict order of the action
sequences, which places a strict restriction on the sequen-
tiality of the data. Sarukkai (2000) constructed first-order
Markov models to study the categories of pages requested
by a Web surfer. A “personalized” Markov model was
trained for each individual and used for predictions in users’
future request sessions. In practice, however, it is expensive
to construct a unique model for each user, and the problem
may worsen when there exist thousands of different users
within a big Web site. In this paper, we show that the mix-
ture model is more powerful than a single first-order
Markov model, and an acceptable complexity can still be
held compared with high-order Markov models.

As shown in Mobasher, Dai, Luo, and Nakagawa (2000),
traditional Web personalization strategies could be problem-
atic when a big site evolves or surfers’ browsing behavior
changes over time. Recently, a wide variety of adaptive al-
gorithms have been proposed in the literature for various
learning models to keep track of new available data without
incurring overall retraining. Huo, Chan, and Lee (1995) pro-
posed a Bayesian adaptive algorithm for learning the para-
meters in the hidden Markov model for speech recognition
Zivkovic (2004) developed an improved method to reesti-
mate recursively the parameters in Gaussian mixture models
for background subtraction, which is a common computer
vision task. In contrast, our study focuses on finding adaptive

algorithms for the mixture of Markov model; however, to the
best of our knowledge, there is no exsiting work in this area.

Because of the immensity of available information on the
Internet, it becomes crucial to select a part of the useful
information from the overall data. In the field of data stream
mining, Aggarwal, Han, Wang, and Yu (2003) proposed a
data selection method based on the pyramidal time frame to
test the hypothesis that the more recent data would reflect
user access patterns more accurately. In this method, cluster
information is maintained as snapshots in time that follow a
pyramidal pattern. It provides a trade-off between the storage
requirements and the ability to recall summary data from
different times. However, this method deals with only data
streams, as it requires a large quantity of data at every moment
of time. Although the whole investigated Livelink data set is
huge, it does not have continuous input all the time. In our
work, we propose a similar strategy to the pyramidal time
frame. We first divide the whole duration time into unequal
slots, and then randomly pick an equal amount of request
sequences in each interval. In this way, it is expected that
more recent data could have a higher probability of being
selected into the training data. 

Conclusion and Future Work

We have presented a mixture of Markov models based
clustering method for use in a real application. The mixture
of Markov models allows us to cluster the user’s historical
access sequences and Web users themselves into groups
and provide personalized recommendations based on the
sequential relationships in each component of the models to
the Web surfers. This kind of clustering provides advantages
over traditional non-model-based clustering approaches.
First, it provides a general description of each identified
cluster; hence user access patterns are naturally formulated
when clustering the user’s request sequences. Second, statis-
tical models allow clustering uncertainties in component
members, an important feature, especially for those objects
that are close to cluster boundaries.

We have made another contribution in providing an adap-
tive algorithm to keep the system current efficiently. Once
the mixture of models has been built with the training data,
newly available data can be viewed as a testing data set and
applied to the system for clustering within an extended
period. Nonetheless, the clustering performance may gradu-
ally decrease, if we do not adjust the model as more and
more data become available. This is because the system will
become out of date and unable to understand the user’s current
access patterns. Ideally, we could use all data available
to date to retrain the model from scratch. However, this is
virtually infeasible in view of efficiency concerns. To reduce
the computational cost of keeping the model current, we
developed a light-weighted adaptive algorithm, which enables
the models to make incremental changes as new request
sequences are available. Our experiments showed that with
the proposed algorithm decent recommendation performance
can be achieved without frequent updating of the model.
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We discussed two strategies, pyramidal time frame and
uniform selection, for choosing the training data for the mix-
ture of Markov models. Using the Livelink data set as the test-
bed, the uniform selection approach exhibited better perfor-
mance than pyramidal time frames, an indication that Web
surfers follow a stable access pattern over time in our appli-
cation domain. We investigated the possibility of combining
the model with classic information retrieval systems and
demonstrated some integration methods with an example.

We are currently investigating more efficient ways to
construct and maintain the mixture of Markov models and
further increase the clustering and recommendation accura-
cies. Moreover, we are interested in the following issues:

1. Data collection: Our proposed method can work well
with the Livelink data set and the synthetic data set. In the
future, we will try to obtain Web data from different
sources and test the performance of our algorithms.

2. Non-existent cluster handling: Currently, our system is
incapable of making recommendations to request se-
quences that belong to previously nonexistent clusters. In
the future, we will address this problem.

3. Adaptive algorithm: Another interesting problem for
future research is related to the adaptive clustering
algorithm. According to Figure 8, the performance of the
adaptive algorithm gradually degrades as the existing
mixture of Markov models becomes out of date. How-
ever, it is difficult to determine when the existing models
should not be used anymore. In our prototype system, we
set a time threshold. The system performs periodic re-
construction of models after the threshold is passed. In
the future, it will be interesting to investigate whether
there are better approaches to solving this problem.

4. Sequential request counting: In Livelink data set,
there exist sequences that contain multiple consecu-
tive occurrences of the same objects. If the mixture of
Markov model is trained with such data, the transition
matrix might be highly skewed and full of heavily
weighted self-transitions, i.e., a large number of spots
in the matrix that have a very small value. Thus, to de-
termine the probability of observing a sequence y
using , we could

find while a sequence contains many
objects that are not frequently accessed, because

would become close to 0. To alleviate 
the problem, we added a small value e on both numerator
and denominator of 

in Equation 9 to smooth the transition matrix in real im-
plementations. However, the improvement could be limited
if the matrix were very sparse. To solve the problem fur-
ther, we propose several ways to count the requests dif-
ferently in the section counting sequential requests with
different strategies. Through empirical studies, we evaluate
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their performance in terms of user clustering accuracies.
In our study, the result from the Count Once strategy
clearly outperforms that from the original counting
method. Nonetheless, it still might be suboptimal. Is it
the case if an object is accessed consecutively for multi-
ple times by a user, it will be more important to that user?
To investigate the possibility, we will develop more
strategies in our future work.

5. User evaluation: Judging the usability of a system is an
important task in a real application. In the domain of Web
usage mining, it is always good to know whether the user
is satisfied with the prediction that is provided for
him/her. Nonetheless, such an evaluation can only be
done by the real users of Livelink in our work. In the fu-
ture, we would like to conduct further user evaluations
with our collaborators in Open Text Corporation.
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