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Abstract. This paper proposes an approach for Web user segmenta-
tion and online behavior analysis based on a mixture of factor analyz-
ers (MFA). In our proposed framework, we model users’ shared interests
as a set of common latent factors extracted through factor analysis, and
we discover user segments based on the posterior component distribution
of a finite mixture model. This allows us to measure the relationships
between users’ unobserved conceptual interests and their observed navi-
gational behavior in a principled probabilistic manner. Our experimental
results show that the MFA-based approach results in finer-grained rep-
resentation of user behavior and can successfully discover heterogeneous
user segments and characterize these segments with respect to their com-
mon preferences.

1 Introduction

Web sites are increasingly becoming more complex, often involving a myriad
of functions and tasks that can be performed online, or diverse content areas
that span a variety of topics or subtopics. Therefore, increasingly sophisticated
models are necessary to precisely capture Web user’s interests and preferences.
Web usage mining [1,10,6] plays a key role in Web user modeling. It is the most
direct approach to studying Web users’ online behavior since its primary data
source is clickstream data, which is generated by Web users’ interaction with a
Web site and recorded in application or Web server log files. A variety of data
mining and statistical techniques have been applied to discover useful patterns,
such as Web page association rules [7,4] or user clusters [8].

In particular, user segmentation is a widely used approach for characterizing
and understanding user behavior and interests in a Web site. Both distance-based
clustering methods, such as k-means, and probabilistic density-based mixture
models can be used for market segmentation purposes [11]. Clustering methods
find groups of data objects based on their distances or distribution similarity.
A disadvantage of distance-based methods is that no probabilistic inference can
be made and, for high-dimensional data, the distance computation can be prone
to noise and outliers. This can be partially remedied by model-based clustering,
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in which a mixture of probabilistic distributions are assumed to have gener-
ated the data, and the data objects that follow the same distribution can be
regarded as a cluster. However, ordinary mixture models such as a Mixture of
Gaussians (MoG) still suffer parameter over-fitting problems emanating from
high-dimensional feature space. Furthermore, standard mixture models cannot
discover the latent dimensional structure of the observed data which can “ex-
plain” the relationships among data objects.

Well-established latent variable models, such as Principal Component Analy-
sis (PCA) and Factor Analysis (FA), are generally used for dimensionality re-
duction and discovery of latent structures in data. While the commonly used
PCA method assumes zero-noise model, FA-based approaches distinguish be-
tween common variance and noise variance for each of the observed variables.
Such noise discrimination effect is particularly important in the typically noisy
Web navigation data [12].

In this paper we propose an approach for Web user segmentation and online
behavior analysis based on a Mixture of Factor Analyzers (MFA). MFA is natural
integration of finite mixture models and factor analysis, resulting in a statistical
method which concurrently performs clustering and, within each cluster, local
dimensionality reduction. This presents several benefits over approaches in which
clustering and dimensionality reduction are performed separately. First, different
features may be correlated within different clusters and thus the metric for di-
mensionality reduction may need to vary between different clusters. Conversely,
the metric induced in dimensionality reduction may guide the process of cluster
formation, i.e. different clusters may appear more separated depending on the
local metric [3].

MFA has been shown effective in simultaneous case-space clustering and
feature-space dimensionality reduction for the purpose of speech recognition and
face detection [9,2]. However, to the best of our knowledge, MFA has not been
used in modeling of Web user navigational patterns. Web usage data tends to be
high dimensional, and Web users generally have different navigational behaviors
based on their intended tasks or information needs, however, with common sub-
patterns, resulting in noisy patterns corresponding to multiple modalities. This,
we believe, makes MFA particularly useful in Web user modeling: the mixture
component variables model the global variation among individual Web users, and
the latent dimensions in the factor analysis model allow for the conceptual rep-
resentation of user’s hidden interests without the typical noise. The discovered
patterns are not only useful for online user behavior understanding, but also for
other important e-commerce applications such as collaborative recommendation.

The paper is organized as follows. In Section 2 we discuss our MFA-based
approach to model the multimodal Web navigation data and quantify the rela-
tionship between Web users’ latent interests, segment memberships, and their
observed behavior in user sessions. In Section 3 we introduce our approach for
user segmentation based on posterior latent variable distribution in MFA. Sec-
tion 4 presents our empirical results and verification based on experimental study
of online user behavior on real world Web usage data.
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2 Mixture of Factor Analyzers for Web Usage Data

We assume that appropriate preprocessing (such as data cleaning, sessionization,
spider removal, etc.) has been performed on raw Web server logs [1], resulting
in a set of p pages D = {D1, D2, · · · , Dp} and a set of n user sessions U =
{U1, U2, · · · , Un}. Each user session can be represented as a p-dimensional vector
u ∈ R

p as u = [d1, d2, · · · , dp]
T , representing user-page observations in that

session, where the value of dj is a weight associated with page Dj in the session
(in our experiments, the weights are a function of the time spent on each page
during the session).

In this section, we first present the basic elements of factor analysis for model-
ing Web navigational patterns, and then, we present our framework for extending
the standard factor analysis model to a mixture model.

2.1 Using Factor Analysis to Model Web Usage Patterns

In standard maximum likelihood factor analysis (FA), an n-dimensional real-
valued data vector u (in our case, a user session) is modeled using a k-dimensional
vector of real-valued factors, z, where k is generally much smaller than n. Since,
in usage data these factors closely correspond to aggregate common interests of
users, we call z a preference vector. Specifically, given z = [z1, z2, · · · , zk]T ∈ R

k,
we can view a user’s access to a page Di during a session as the sum of combined
“influences” by the set of latent variables, each representing an abstract common
preference. In other words, di = li1z1 + li2z2 + ... + likzk + εi, where coefficient
lij indicates how strongly the page Di is related to user’s preference Zj, and
εi represents independent random variance (noise) that is not accounted for by
the k latent variables (which account for common variances). Since k � p, the
original high dimensional data (at the page level) is mapped to a much lower-
dimensional latent space with unwanted information modeled as random noise.

We can arrive at the density-based factor analysis model by defining proper
probabilistic density functions (PDF) over the latent variables, and assuming a
generative model for Web user session observations:

p(u) =
∫
z

p(u|z)p(z)dz, z ∈ R
k. (1)

We also obtain a linear Gaussian factor analysis model with the assumptions
of a multivariate Gaussian prior over the latent variables z, and an independent
Gaussian noise model over ε, i.e.,

u = Lz + ε; z ∼ Nk(0, I), ε ∼ Np(0,Ψ), (2)

where ∼ Nk(0, I) denotes a k-variate joint Gaussian with zero mean and identity
covariance matrix, and Ψ is the diagonal covariance matrix of random variances
diag(σ2

i ). Then, based on Equation 1 we can derive the unconditional PDF for
the data, p(u) = Np(0,LLT + Ψ).
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2.2 MFA-Based Web User Modeling

Conceptually, We regard a user’s online navigation behavior as the following
generative process:

1. When a user u comes to a Web site, the user is assigned to a certain activity
group g based on his current browsing history.

2. The expected activity of the user in group g is then determined by his k-
dimensional preference vector.

Mathematically, a mixture model is a linear combination of m mixture com-
ponent densities weighted by their prior probabilities (mixing proportion), i.e.,

p(u) =
m∑

g=1

p(u, g) =
m∑

g=1

p(u|g)P (g) (3)

where g is a discrete mixture variable taking value g ∈ {1, 2, · · · , m} and satis-

fying the condition
m∑

g=1
P (g) = 1, P (g) ≥ 0.

If in the mixture model (Equation 3), each class-conditional density is a latent
variable model (equation 1), then we obtain a mixture of latent variable models.
In our case, we obtain a mixture of factor analyzers. The marginal observation
distribution is obtained by integrating over both discrete mixture variable g and
continuous latent variables z

p(u) =
m∑

g=1

∫
z

p(u|z, g)p(z)P (g)dz (4)

resulting in the following concrete unconditional PDF for MFA:

p(u) =
m∑

g=1

Np(μg,LgLT
g + Ψ)P (g) (5)

where each mixture component has its own mean μg and loading matrix Lg

together with its prior probability P (g). This allows each factor analyzer to
model the data covariance structure in a different part of the input space. The
estimation of MFA parameters μg,Lg,Ψg, {P (g)|g ∈ [1, m]}, is achieved by the
EM algorithms, which is commonly used for latent variable models. Interested
readers can refer to [3] and [5] for more details.

MFA is a nonlinear extension of linear Gaussian FA addressing both global
data modal heterogeneity and local dimensionality reduction, thus combining
both FA and Mixture model’s merits which is particularly desirable for Web
data.

3 MFA-Based User Segmentation

Since each mixture component models a subpopulation of Web users following
the same distribution, we can naturally derive user segments based on the rela-
tionship between users and components:
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P (g|u) ∝ P (g)p(u|g) = P (g)Np(μg,LgLT
g + Ψ). (6)

In our approach, for each of the m mixture components, we choose those
users whose posterior memberships are greater than a certain threshold as its
representative users. This is, essentially, a soft clustering of user sessions based
on membership probabilities given in Equation 6. Hard clustering can also be
achieved by simply allocating each user into only one of the segments which satis-
fies argmaxgP (g|u). Such a set of x users in a segment, Ug = {ug

1,u2
g, · · · ,ug

x},
would have similar preference patterns (determined by the shared loading matrix
Lg).

In addition to user segment derivation, expected preference values for each
user segment can be further derived according to Equation (7). That is, the
conditional expectations of a user’s preference values is obtained as the factor
scores associated with a certain mixture component:

E(z, g|u) =
∫ +∞

−∞
zp(z, g|u)dz = P (g|u)

∫ +∞

−∞
zp(z|u, g)dz

= P (g|u)E[z|u, g] (7)

where E[z|u, g] = LT
j (LjLT

j + Ψ)−1(u − μj), and P (g|u) is in Equation (6).
Based on these preference values we can easily identify the segment’s dominant
factors which characterize the behavior of users within that segment.

To create an aggregate representation of the user segment Ug, we compute
the weighted centroid of all the observation vectors in the segment (weighted by
the membership), which results in a representation of the segment as a set of
page-weight pairs. The algorithm for generating the aggregate representation of
each user segment is based on the following two steps:

1. For each mixture component g, choose those user sessions with posterior
memberships argmaxgP (g|u) to form a candidate session set Ug, where
P (g|u) is determined by the posterior probability as in Equation 6.

2. Recall that each user session ui ∈ Ug is a p-variate page vector. For each set
Ug, compute its weighted centroid vector of pages as

vg =
1

|Ug|
∑

ui∈Ug

[ui × P (g|ui)],

where |Ug| denotes the total number of sessions in set Ug.

Therefor for each user segment g, we derive a centroid-based user model rep-
resented as a page vector vg.

4 Experiments and Evaluation

In this section we evaluate the MFA-based model fit and the predictive effective-
ness of our derived segments using two different data sets: CTI data and ACR
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Fig. 1. MFA Log-likelihood vs. number of mixture components in ACR data

data. CTI data set is based on the server logs of the host Computer Science de-
partment spanning a one-month period containing 21,299 user sessions and 692
Web pages after preprocessing. The site is highly dynamic, involving numerous
online applications, advising, faculty-specific Intranet applications, etc. Thus,
we expect the discovered usage patterns to reflect various functional tasks per-
formed by diverse groups of users. The ACR data set is based on the Web server
log files of Association for Consumer Research Web site which contained 7,834
user sessions and 40 Web pages after preprocessing. Each data set was randomly
divided into multiple training and test sets for the purpose of cross-validation.

4.1 Evaluation of Model Fit with Average Log-Likelihood

Average log-likelihood on training data measures the goodness of fit of the model
to the training data, i.e., the likelihood that an observed case in the data is gener-
ated by the model (represented by its parameter set Θ). Specifically, the average

log-likelihood L̄(Θ|data) = 1
n ln

n∏
i=1

p(ui|Θ) of MFA is computed as follows.

L̄ =
1
n

n∑
i=1

ln
m∑

g=1

P (g)Np(ui|μg,LgLT
g + Ψ); (8)

We should expect that the log-likelihood on the evaluation data is consistent
with the training data, in order to obtain a relatively generalizable model. An
example on ACR data is illustrated in Figure 1. First, we fit MFA to the training
data, and vary the number of mixture components from m ∈ [1, 30]. Note that
m = 1 corresponds to the standard single Factor Analysis. Then we evaluate the
learned models on the evaluation data set based on their average log-likelihoods.
Each likelihood value is an average of 5 runs of MFA EM algorithm to offset
the random model initialization effect. From the training data likelihood (left)
we see a significant improvement of the average log-likelihood from single FA
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(m = 1) to a mixture of two factor analyzers (m = 2) and a slower rate of
increase thereafter. This tells us that the usage data can be better modeled by
MFA than FA to address multimodal distribution problems.

Furthermore, from the test set likelihood curve (right) we can roughly tell
when the model starts to over-fit. In this particular case, we see the average
log-likelihood curve starts to level off with the number of mixture components
m = 10. We found that this kind of cross-validation is effective for selecting a
desirable number of mixture components although other methods such as BIC
may also be applied.

4.2 Analysis of User Segment Behavior

We have conducted another set of experiments specifically to verify the following
hypotheses:

– Hypothesis 1: Each distribution component of the mixture model MFA
corresponds to a finer-grained representation of a group of users sharing
similar navigation behavior pattern than an ordinary FA does since mixture
models can capture mixed underlying distributions behind the data;

– Hypothesis 2: Each particular component of MFA reflects an activity type
of a group of users with common interests, which are represented by the
corresponding dominant latent factors.

In the CTI data, we manually identified three significant activity types,
namely “faculty advising”,“graduate application” and “discussion forums”. For
each activity type, we isolated its corresponding user sessions resulting in three
separate data sets as evaluation data. As shown in Figure 2, for factor analysis,
the average log-likelihoods on the three evaluation sets are all smaller than MFA
(column mixture). We have also found that MFA has higher likelihood value
in the training data. This is not surprising since based on our experience, gen-
eral Web usage data present multimodal characteristics with mixed underlying
distributions.

In order to verify our hypotheses, we carried out further experiments by sep-
arately evaluating each of the individual mixture component models in MFA.
As we know that each mixture component g of MFA has a corresponding pa-
rameter set. If at least one of these components can capture a distinct user
behavior type better than FA, we should expect a higher likelihood when evalu-
ated on that behavior type data than FA which models the entire training data
with mixed types. Thus we applied these individual component models to all
three evaluation sets to obtain average log-likelihoods respectively as shown in
Figure 2 (columns indicated by comp.). We can see that in the segment of “faculty
advising”, the component g = 5 has the highest likelihood (-347.72) among the
five individual component models and also higher than FA (-363.65). This kind
of observation is consistent on all three evaluation data sets including “graduate
application” and “discussion forums” data. We further observe that although
the best single component with the highest likelihood better captures a distinct
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Fig. 2. Likelihood comparison of FA, MFA and its individual component models

behavior type than standard FA, the combined mixture model MFA, which in-
corporates all the components enjoys the highest likelihoods than either FA or
individual components on all the evaluation data sets. Intuitively, this is because
Web user segments generally represent diversified activities while having simi-
lar dominant navigation interests, which is better captured by a combination of
mixture model and factor analysis model.

It would be interesting to take a closer look at the internal structure of a
mixture component model. Since each component is essentially a factor model,
we want to verify whether the dominant factors in a group of users assigned
to component g would match their dominant activity type. For example, from
Figure 2 we know that for the evaluation data of user segment “graduate appli-
cation”, the best matched mixture component model is g = 1 (L̄ = −317.25).
In other words, users having been assigned to component g = 1 should have
the dominant interest of “graduate application”. In order to verify this, we se-
lected user sessions from the training set whose membership probability equals
to arg maxg P [g|u, g] and computed their mean preference scores on five latent
factors. We found that the dominant factor of the segment associated with g = 1,
which is “graduate application” as we have known, does have the largest mean
factor score avg(E[z|u, g]) as stated in hypothesis 2.

Note that in general, there exist several empirical methods to evaluate the
effect of different number of mixture components and latent dimensions based
on different criteria, such as eigen scree-plot and likelihood cross-validation as
shown in Section 4.1. As a matter of fact, in our case, different numbers change
the overall likelihood scale for both models but not their relative comparison
results. Since our main purpose here is the verification of the hypotheses we
are interest in, we have kept a reasonably small number, which is convenient to
manage without loss of generality.

4.3 Evaluation of Segment Quality

To asses the quality of the discovered segments we use the metric Weighted
Average Visit Percentage (WAVP) [8]. WAVP allows us to evaluate each segment
based on the likelihood that a user who visits any page in the centroid profile,
will visit the rest of the pages in that profile during the same session. Specifically,
let T be the set of transactions in the evaluation set, and for a certain segment
profile in the form of a page vector vg, let T g denote a subset of T whose sessions
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Fig. 4. WAVP evaluation on CTI data

should contain at least one page from the profile. The weighted average similarity
to the profile vg over all sessions in T g is computed, and this average is then
divided by the total weight of page in the profile:

WAV P (vg, T ) =
∑

t∈T g t · vg/|T g|∑
d weight (d, vg)

,

where weight (d, vg) is the weight of a page d in this profile vg. The higher WAVP
value the better the profile is, in the sense that the corresponding segment is
more representative about the similar user navigational activities.

Figures 3 and 4 show the WAVP evaluation for the two data sets, comparing
the MFA-based approach to FA and to standard segmentation approach using
k-means clustering. All segments are ranked in descending order of WAVP. The
results show that the MFA-based user models have consistently higher WAVP
scores in general. Also, since MFA-based segments will generally capture more
complex patterns capturing multiple factors influencing user’s online behavior,
the variation of WAVP scores across all MFA-based segments are significantly
smaller then those of k-Means and single factor models.

5 Conclusions

The generative modeling based on FA and MFA for Web users’ navigation be-
havior is intuitively reasonable. We can assume that users’ navigation data are
generated according to some distribution that is conditioned on users’ hidden
preferences, which can be modeled as hidden variables in latent variable models.
In this paper, We have introduced an MFA-based usage mining approaches that
can discover both quantitative relationship between users’ manifest observations
and latent factors, as well as mixture components representing user segments.
Our experimental results show that our approach can successfully discover het-
erogeneous user segments and characterize these segments with respect of their
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common preferences. The aggregate representation of Web user segments, com-
bining both of user’s navigation data and the user-component memberships,
can be used for explorative analysis purposes or for dynamically predicting a
new user’s navigational interests and recommending relevant pages or products
accordingly.
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