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Abstract

This study evaluates methods for clustering web users via vector space
models, for the purpose of web page prefetching for possible applications of
server optimization. An experiment using Latent Semantic Analysis (LSA)
is deployed to investigate whether LSA can reproduce the encouraging re-
sults obtained from previous research with Random Indexing (RI) and a
chaos based optimization algorithm (CAS-C). This is not only motivated
by LSA being yet another vector space model, but also by a study indicat-
ing LSA to outperform RI in a task similar to the web user clustering and
prefetching task. The prefetching task was used to verify the applicability
of LSA, where both RI and CAS-C have shown promising results [1, 2, 3].

The original data set from the RI web user clustering and prefetching
task was modeled using weighted (tf − idf) LSA. Clusters were defined us-
ing a common clustering algorithm (k-means). The least scattered cluster
configuration for the model was identified by combining an internal validity
measure (SSE) and a relative criterion validity measure (SD index). The
assumed optimal cluster configuration was used for the web page prefetch-
ing task.

Precision and recall of the LSA based method is found to be on par
with RI and CAS-C, in as much that it solves the web user clustering and
web task with similar characteristics as unweighted RI. The hypothesized
inherent gains to precision and recall by using LSA was neither confirmed
nor conclusively disproved. The effects of different weighting functions for
RI are discussed and a number of methodological factors are identified for
further research concerning LSA based clustering and prefetching.
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Chapter 1

Introduction

1.1 Background

Since introduced, statistical vector based word space models have been
widely applied in a variety of natural language processing (NLP) tasks.
The capabilities and limitations of the numerous available techniques of
word space modeling have been explored in a variety of tasks, such as sta-
tistical semantic analysis, automated FAQ response systems, information
clustering and segmenting. [4, 5, 6].

In recent work the task domain of word space models has successfully
been expanded to include web user behavior modeling, clustering, partial
web user behavior prediction and web page prefetching. By combining Ran-
dom Indexing (RI) with a traditional clustering algorithm (k-means) and
a probabilistic web page prefetching technique: prediction of web user be-
havior has been successfully attained with a reasonable degree of precision
and recall [1, 2].

Applying word space models in non-traditional fields suggests a foray
into new ways of looking at the potential use of word space modeling for
non-NLP applications. Given the spectrum of applications for word space
models in natural language processing, the potential and practical use for
this kind of methodology in other research fields has become a keen ques-
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2 1.2. Word Space Models

tion.
The aim of this study is to provide comparative data by using the same

kind of web user clustering and web page prefetching task as performed in
research by Wan et al. [1, 2] albeit using Latent Semantic Analysis (LSA)
rather than RI. This approach is motivated by a study suggesting that
LSA might intrinsically outperform RI in regard to precision and recall
for automated FAQ systems, clustering common questions and automati-
cally suggesting answers [5]. A task which closely resembles the web user
clustering and site prefetching used by Wan et al..

1.2 Word Space Models

The underlying idea of word space models and vector based semantic anal-
ysis is to represent words as vectors in a multidimensional geometric space.
This is done by means of distributional statistics to represent terms (or
entire documents) as context vectors, of which the relative directions are
seen as indicative of semantic similarity. In the case of LSA, one of the
earliest computational word space models, a high-dimensional vector space
is produced by collecting data into a co-occurrence matrix where each row
represents a unique word or term, and each column represents a context
or a document. Representing term occurrence frequencies over a corpus of
documents as a matrix enables application of factorization techniques to
make data more manageable.

The idea behind using a co-occurrence matrix is that the rows will con-
stitute vectors in a high-dimensional space, practically making the vectors
normalized frequency counts of the tokens (unique terms) available in the
data set. The dimensionality of the vectors can be determined by the num-
ber of contexts (documents) in a given data set [6].

The motivation behind this technique is the distributional hypothesis,
which states that “words with similar meanings tend to occur in similar
contexts” [6]. While this definition states the basic concept behind word
space models such as LSA and RI in a concise and approachable man-
ner, the theoretical underpinnings originally have wider implications than
comparative statistical and distributional analysis of implicit semantics in
natural language corpora. When LSA was first introduced it was suggested
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as a potential solution to “Plato’s problem”, a term referring to “the idea
of argument from poverty of stimulus” [7, 8]. In short, Plato’s problem
concerns the disparity of what one seems to know and the lack, or frag-
mentary nature, of substantive input available to us from our surroundings.
The solution to this problem offered by LSA is one of knowledge acquisition,
inductive reasoning and knowledge representation. It is based on the hy-
pothesis that “the mystery of excessive learning...rests on the simple notion
that some domains of knowledge contain vast numbers of weak interrela-
tions that, if properly exploited can greatly amplify learning by a process
of inference” [8].

In other words the original hypothesis of vector based word space mod-
eling suggests that practically useful knowledge representations can be ex-
tracted from sparse domains of information by means of inductively inferred
generalizations. LSA has even been suggested as a candidate for a possible
theory about human knowledge acquisition: “as a homologue of an impor-
tant underlying mechanism of human cognition in general” [8]. The most
pertinent aspects of these claims are germane to features of associative
learning and factor optimization [8].

1.2.1 Vector Dimensionality Reduction

The core problem of word space models is scalability, and in effect efficiency
when large data sets are used. This presents a problem as vast amount of
data is preferable to fully harness the power of this technique. The problem
is twofold, with the issues at hand being vector space dimensionality and
data sparseness.

Very large data sets result in correspondingly large vector space dimen-
sions, in the case of LSA the dimensions of the vector spaces correspond
to the dimensions of the co-occurrence matrices constructed to represent
documents and common terms shared between them. Most of the cells
in a typical co-occurrence matrix are usually zero, which introduces the
problem of data sparseness, information represented in an oversized data
structure relative to the amount of available useful information [8].

To counter the problem of exceedingly high data set dimensionality,
matrix factorization techniques are incorporated to scale down the data
structure while still retaining a representation of essential features of the
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information therein. In the case of LSA, eigenvalue decomposition or trun-
cated singular value decomposition (SVD) are applied, depending on char-
acteristics of the data set.

With these factorization techniques matrices can be reduced to a much
smaller number of columns with denser data distribution and overall lower
dimensionality [6]. It is not merely a method to reduce computational com-
plexity or for smoothing the description of data by simplification. Choos-
ing the optimal dimensionality when appropriate and possible, can have
substantial effects on the final result [8]. Generally, the objective of di-
mensionality reduction in word space modeling is to maintain a sufficiently
high resolution vector space model while avoiding modeling essentially re-
dundant information, i.e. noise which can be discarded via factorization.

Eigen Decomposition

For square and diagonally symmetric matrices: eigen decomposition allows
the data to be rotated in order to collapse linear dependencies (e.g. it is
day vs. it is not night) into a single factor. This technique basically allows
for high dimensional data sets to be compressed and generalized so that the
distinguishing characteristics of the data can be retained while effectively
reducing complexity.

Matrix M represents a data set (co-occurrence matrix), v is an eigenvec-
tor of M and λ is the corresponding eigenvalue of v [9]. The eigenvectors of
a symmetrical matrix are the non-zero vectors which change in magnitude
but not direction when multiplied by the matrix. The corresponding eigen-
value for each eigenvector is the factor by which the eigenvector changes
when multiplied.

λv = Mv (1.1)

Multiplying v by M is effectively the same as scaling it by λ (equation
1.1). For all square symmetrical matrices there will be a set of eigenvec-
tors which will not be more than the rows or columns of a specific matrix,
though there may be fewer due to the collapsing of linear dependencies [9].
“The eigenvectors are normalized and orthogonal to each other, and effec-
tively define a new space in terms of the old one. The resulting matrix of
eigenvectors can be used to rotate the data into a new space.” [9]:
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MV T = M ′ (1.2)

For equation 1.2, M designates the original data matrix, V T represents a
column matrix of eigenvalues. The resulting matrix M ′ is the approximated
and rotated data matrix (M), it captures the variance in the original data
set while redundant dimensions can be discarded [9].

Singular Value Decomposition

Not all data can be represented as diagonally square symmetric matrices.
For rectangular, diagonally asymmetric matrices singular value decompo-
sition (SVD) is used:

M = UΣV T (1.3)

M represents a rectangular matrix, U represents the column of left sin-
gular vectors which parallels the eigenvectors, V T represents the transpose
of the column matrix of singular vectors which parallels the eigenvectors.
Σ is a diagonal matrix of the singular values in the correct order (equation
1.3).

While eigen decomposition will create a new vector space within the
original space SVD results in two separate spaces, i.e. one space for terms
and one for documents. The relationship between eigen decomposition and
singular value decomposition is defined as:

A = MMT (1.4)

B = MTM (1.5)

Two symmetrical matrices (A and B), each correlating an aspect of the
original data set is formed from the original rectangular matrix (equation
1.4 and 1.5), then calculated as:

A = UΛaU
T (1.6)

B = V ΛbV
T (1.7)

Λa = Λb = Σ2 (1.8)
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The eigenvectors of A (equation 1.6) are the remaining singular vectors
of matrix M , and the eigenvectors of B (equation 1.7) are the right singular
vectors of M . Matrices A and B are the corresponding eigenvalues and the
square singular values of M (equation 1.8).

1.2.2 Latent Semantic Analysis

When practically applying LSA, data is represented as sets of feature val-
ues. Each of the features composes a dimension of the vector space [9].
The vector space can then be represented in the form of a matrix. To fur-
ther elaborate on the techniques involved in applying LSA and SVD, an
example will demonstrate the details of this procedure. The data set for
this example consists of three documents in the form of short strings:

Document 1: “The man went to the barber”
Document 2: “The barber cut the hair”
Document 3: “The hair was cut”

The documents are converted into a bag-of-words matrix, each row rep-
resents a word and each column is an individual document in the data sets.
All words from the documents (for this example the short strings above) are
represented, the total number of words by the total number of documents
determine the dimensions of the co-occurrence matrix:

Doc.1 Doc.2 Doc.3
the 2 2 1

barber 1 1 0
cut 1 0 1
hair 1 0 1
man 0 1 0
went 0 1 0

to 0 1 0
was 0 0 1

This can be represented by the following set of paired vectors, D rep-
resenting the individual documents and W representing the word bag pro-
duced from them:
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D =

1 0 0
0 1 0
0 0 1

 (1.9)

W =

2 1 1 1 0 0 0 0
2 1 0 0 1 1 1 0
1 0 1 1 0 0 0 1

 (1.10)

by defining;

WTD = M (1.11)

and applying the correct dimensionality reduction technique, which in
this case happens to be SVD, M is decomposed by;

M = UΣV T (1.12)

this gives two sets of normalized singular vectors and an additional
matrix consisting of associated singular values;

UT =

−0.66 0.33 0.67
−0.65 −0.71 −0.28
−0.38 0.62 −0.68

 (1.13)

Σ =

3.78 0 0
0 1.97 0
0 0 0.93

 (1.14)

V T =

−0.79 −0.35 −0.28 −0.28 −0.17 −0.17 −0.17 −0.10
−0.06 −0.19 0.49 049 0.36 −0.36 −0.36 0.32
0.11 0.42 −0.01 −0.01 −0.30 −0.30 −0.30 −0.73


(1.15)

The difference between the original data and the singular value decom-
position is that singular value decomposition consists of orthogonal vectors
thus reducing linear dependencies. While using only three documents no
more than three singular triplets can be produced, i.e. pairs of vectors
with an associated singular value, a typical natural language processing
application can produce singular triplets in the thousands [9].
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The dimensionality reduction phase consists of simply discarding all but
the top few singular triplets. For most natural language processing task
this could entail dropping a vast majority of singular triplets. In practice
the exact number of singular triplets to be retained is decided on an ad hoc
basis. For this example a single singular triplet is discarded.

U ′T =

(
−0.66 0.33 0.67
−0.65 −0.71 −0.28

)
(1.16)

Σ′ =

(
3.78 0 0

0 1.97 0

)
(1.17)

V ′T =

(
−0.79 −0.35 −0.28 −0.28 −0.17 −0.17 −0.17 −0.10
−0.06 −0.19 0.49 0.49 0.36 −0.36 −0.36 0.32

)
(1.18)

Co-occurrence Matrix Weighting

To further improve results of SVD for LSA weighting can be applied on
the co-occurrence matrix to emphasize distinctive features in the data set.
Most standard information retrieval weighting functions are based on the
principle of term frequency inverse document frequency (tf − idf). The
term frequency is the number of times a certain word appears in a given
document, large term frequencies indicate that a word is representative for a
particular document. The document frequency is the number of documents
a word appears in.

A word with a high document frequency suggests that it is not a word
which carries a discriminatory function between documents, for instance a
common word in a NLP task, or a transfer protocol in a web user clus-
tering task) [10]. Experiments have shown that both tf − idf and entropy
based term weighting on co-occurrence matrices for LSA positively improve
results [11].
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1.3 Web Usage Mining

Web mining is a sub-field of data mining and information retrieval. Web
usage mining focuses on techniques that could predict user behavior while
users interact with the web. The mined data is called secondary data as it
is the result of interactions with the web rather than the content itself [12].
Web usage mining captures navigational patterns of web users from log
files. Web user behavior can be traced in the web access log files of the web
site that the user visited.

Web usage mining techniques can be described as two main approaches:
the first approach maps the usage data of the web servers as relational ta-
bles, after which adapted data mining technique are applied. The second
approach uses log data directly by utilizing various preprocessing tech-
niques. Data quality and preprocessing are important factors in both cases.
Typically, the problem consists of distinguishing among unique users, server
sessions and episodes in the presence of caching and proxy servers. The ap-
plications of web usage mining could be classified as two main categories:
defining user profiles for modeling adaptive user interfaces (personalized)
and learning general user navigation patterns (impersonalized). Knowledge
learned from web usage mining can thus be used for applications such as
personalization at a web site level, server side system improvement, overall
site modification and usage characterization [13].

1.3.1 Web User Clustering and Page Prefetching

The goal at hand for this study, in the context of clustering users by similar
browsing patterns, is to infer data about users based on previous observa-
tions of other users in order to prefetch content server side on an individual
user basis. The objective of prefetching can be stated as predicting user
browsing behavior in order to load web pages into web server cache memory
before they actually request the pages. The rationale of this procedure is
server optimization and to increase the perceived speed of browsing.

Previous research using word space models for web user clustering have
applied Random Indexing (RI) combined with k-means clustering, yield-
ing promising results. Originally, k-means clustering of an unweighted RI
model was tested and compared to a chaotic anthill clustering algorithm
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(CAS-C) designed specifically to solve the web user clustering problem [3].
In subsequent work, the data set used for testing was expanded, and several
weighting functions were evaluated for the RI based clustering method [2].

To model the web users and their URL access history by using a word
space model the URL:s were split at each occurrence of a slash (/)sign for
each URL. This approach of data normalization arguably makes it easier
to identify distinctive elements in a data set of web users and URL:s. If
one likens URL syntax to natural language morphology each URL can be
seen as phrases, and each of its parts as words, i.e. solid compounds. Ex-
periments with word space models and natural language corpus clustering
have suggested that splitting solid compounds into their constituent parts
is beneficial to the construction of the representational model [14].

1.3.2 k-means Clustering

The k-means clustering algorithm is one of the most common statistical
clustering techniques in use, its name originates from using the arithmetic
means of the k clusters that are created from n objects, both k and n are
represented as vectors.

Objects (e.g. users or documents) can be represented by m-dimensional
vectors, the goal of the algorithm is to sort these n objects into k clusters,
which are in turn also represented m-dimensional vectors that constitute
the centroids, or average mean vector of each clusters. Initially these cen-
troids are set at random, and calibrated iteratively via cluster integrity
evaluation measures. Objects are assigned to clusters based on the min-
imum Euclidian distance between object vector v = (v1..., vj...vm) and
cluster vector x = (x1..., xj, ...xm). The distance d(v, x) is given by:

d(v, x) =

√∑m
j=1(vj − xj)2

m
(1.19)

After assignment of centroids to clusters, new centroid vectors of the
clusters are calculated:

xj =

∑
v∈x vj
|x|

, where 1 ≤ j ≤ m (1.20)
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The process stops when cluster centroids stabilize, i.e. when centroid
vectors from the previous iteration are identical to the ones generated in
the last iteration[15]. For further clarification the steps involved in the
k-means clustering algorithm are outlined in algorithm 1.3.1.

Algorithm 1.3.1 The k-means clustering algorithm

Require:
Data set, A = {u1, u2, . . . , un}T ;
Cluster number, k.

Ensure:
Clusters: {C1, C2, . . . , Ck}.

1: Initialize k centers for C1, C2, . . . , Ck: Randomly select k data points
from A as the initial centroid vectors.

2: repeat
3: Assign each data point to its closest centroid and form k clusters.
4: Recompute the centroid for each cluster.
5: until Centroid vectors do not change.

1.3.3 CAS-C

Chaos based optimization algorithms generally have an advantage over the
k-means algorithm by not being as sensitive to initial values and not getting
stuck at local optima. This advantage is attained by using chaotic variables
to search an entire space and find global solutions for that space.

Wan et al. devised a chaos based optimization algorithm (CAS-C)
for the web user clustering and prefetching problem, and as a basis for
comparison with RI based user clustering [3, 1]. The performance of CAS-
C for the web user clustering and prefetching task was evaluated in terms
of the average inter- and -intra distance of each cluster, compared with
results from standard k-means clustering.
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1.4 Cluster Validity Measures

To evaluate the consistency and validity of clustering results, validity mea-
sures are used in order to determine the optimal number of clusters for the
k-means algorithm with a given data set. To align with the methodology
of Wan et al. in order to enable comparison of result [3, 1] the internal
validity measure SSE and the relative criterion validity measure SD index
are used for this study.

SSE =
k∑
i=1

∑
xj∈Ci

‖xj − zi‖2 (1.21)

The SSE validity measure (1.21) is a common evaluating method for
clustering results, SSE sums the squared error of each element in the data
set. For each element, the error is the distance to the nearest cluster cen-
troid. In other words the SSE evaluation measure checks for the distinc-
tiveness of the clusters at a specific value of k (k representing the number
of clusters. A smaller SSE value corresponds to overall better clustering
results at a given k value [16].

As a result of the linearity of the SSE evaluation measure, larger clus-
ters have inherently lower SSE values. In effect SSE was only used as a
method to verify cluster integrity between trials at the same k value.

The SD validity index was used to set an optimal parameter value for
k. This validity index checks for total separation and average scattering of
clusters by calculating the variance of the clusters and variance of the data
set respectively, this way homogeneity and compactness of the clusters can
be measured and compared at different values of k [17]:

SD(k) = Dis(kmax) · Scat(k) +Dis(k) (1.22)

S represents average scattering within a single cluster (intra-cluster in-
tegrity),where σ(X) is the variance of a data set [2]:

S(k) =
1

k

k∑
i=1

‖σ(Ci)‖ / ‖σ(X)‖ (1.23)
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D represents the total scattering between clusters (inter-cluster in-
tegrity):

D(k) =
Dmax

Dmin

k∑
i=1

 k∑
j=1

‖zi − zj‖

−1

(1.24)

where Dmax = max(‖zi − zj‖)(∀i,j ∈ 1, 2, 3..., k) is the maximum dis-
tance of the cluster centers and Dmin = min(‖zi − zj‖)(∀i,j ∈ 1, 2, 3..., k)
is the minimum distance [2]. For setting the optimal number of clusters for
a given data set, the value of k (number of clusters identified) which scores
the lowest SD index is optimal [16].

1.5 Random Indexing

Random Indexing was originally proposed as an alternative to constructing
vast and computationally demanding co-occurrence matrices and discrete
dimensionality reduction techniques of traditional word space models such
as LSA. Based on the theory of sparse distributed memory which proposes a
mathematical model of human long term memory, RI offers an incremental
and accumulative way to build a word space model with no separation of
processing phases [6, 18].

RI consists of two steps, during the first step each document (context) is
assigned a unique and randomly generated index vector. The dimensional-
ity (d) of the index vectors are usually in the order of hundreds or thousands
and consists of randomly distributed number of +1s and -1s while the rest
of the elements in the vector set are set to 0. Wan et al. performed a series
of experiments to determine optimal dimensionality of the RI model for the
data set used for the web user clustering and site prefetching task. After
the index vectors have been generated, context vectors are produced by
scanning the text for each occurrence of the term, its d-dimensional index
vector is added to the context vector of that term [19]:

+1 with probability ε/2
d

0 with probability d−ε
d

−1 with probability ε/2
d

(1.25)
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This approach differs from LSA where a co-occurrence matrix is first
constructed and context vectors are then extracted. Random Indexing
allows the context vectors to be accumulated incrementally before con-
structing a co-occurrence matrix, if necessary. Using RI to model web user
browsing history and clustering user vectors via k-means clustering has
been demonstrated to outperform CAS-C for the web user clustering and
prefetching task. The URL:s in user’s browsing history is used as contexts
for vector generation for the web user clustering and prefetching task. [1, 2].

Weighted Random Indexing

Wan et al. have revised RI to enable and evaluate a number of weighting
functions [2, 10]. To perform weighted RI, context vectors are generated
within a context window which defines a contextual region around each
term. The number of adjacent terms is referred to as window size (l) such
that when term tn appears in a 2 + 2 sized window cm:

cm = |(wn−2)(wn−1)tn(wn+1)(wn+2)| (1.26)

in which case the context window size is l = 2 and the context vector
of term tn in context window c would be updated as:

Cm = R(wn−2) +R(wn−1) +R(wn+1) +R(wn+2) (1.27)

where R(x) represents the index vector of x. This step is performed for
each observation of tn , adding information to its context vector C. If con-
text vector cm is encountered repeatedly no new index vector is generated,
instead the index vector for cm is added to C to produce a new context
vector for tn [2].

A weighted RI context vector of a given term w is generated through the
weighted sum of its attributes by defining a contextual relation as a tuple
(w, r, w′), where the term w occurs in a contextual relation r to another
term w′. The tuple (w, r, w′) is seen as representing an attribute of w. The
context vector of a term w is thus calculated as:

Cw =
∑

(r,w)∈(w,∗,∗)

R(r, w′)weight(w, r, w′) (1.28)
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where R(r, w′)is the index vector of context (r, w′) and weight(w, r, w′)
is the weighting function for w. The results from four of the better perform-
ing weighted RI methods are used for comparison with tf − idf weighted
LSA in this study. The weighting functions include Identity term weight-
ing, using the value 1 if a relation exists and 0 if not which is essentially the
same as using the original RI, and a relative frequency measure RelFreq.
Two more advanced weighting functions were also evaluated by Wan et
al. are also used for comparison: mutual information weighting MI and
Grefenstette’s approach Gref . The four weighting functions covered can
be defined using the above notation as:

Identity: 1.0 (Original RI) (1.29)

RelFreq:
f(w, r, w′)

f(w, ∗, ∗)
(1.30)

Gref:
log2(f(w, r, w′) + 1)

log2(n(∗, r, w′) + 1)
(1.31)

MI: log
p(w, r, w′)

p(w, ∗, ∗)p(∗, r, w′)
(1.32)

where f(w, r, w′) is the number of times term w appears in a context,
f(w, ∗, ∗) is the frequency of the context w appears in, and n(w, ∗, ∗) is the
number of attributes associated with w. f , p, n and N in the weighting
functions are calculated as:

f(w, ∗, ∗) =
∑

(r,w′)∈(w,∗,∗)

f(w, r, w′) (1.33)

p(w, ∗, ∗) =
f(w, ∗, ∗)
f(∗, ∗, ∗)

(1.34)

n(w, ∗, ∗) = |(w, ∗, ∗)| (1.35)

Nw = |w | n(w, ∗, ∗) > 0| (1.36)
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1.6 Web Prefetching and Information Retrieval
Heuristics

The idea behind web page prefetching to enhance server side performance
is to identify typical recurring user characteristics and organize them into
segments, or clusters. Given a set of consecutive user profile clusters and
a simple logical implication, pages can be prefetched for individual users
based on the recurring usage characteristics of the group they have been
assigned to.

For this study and that of Wan et al. user history from two consecutive
months were used to calculate predictions for the third month. The quality
of the prefetching scheme is determined via the traditional information
retrieval measurements, precision, recall and F -measurement.

Precision and recall can be considered as ratios or probabilities of how
complete a prefetching is in terms of document relevancy and retrieval of
relevant documents from the data available to be prefetched. For precision
the ratio of retrieved documents that are relevant, or the probability that a
randomly selected element is relevant. Recall in turn concerning the ratio
of relevant documents retrieved of the total amount of relevant documents
available, or probability that a randomly selected relevant document is re-
trieved by the prefetching scheme. F -measurements are weighted harmonic
means functions used to combine the precision and recall ratios into a single
integer.

precision =
|{relevant documents} ∩ {retrieved documents} |

|{retrieved documents }|
(1.37)

recall =
|{relevant documents} ∩ {retrieved documents} |

|{total relevant documents }|
(1.38)

Precision for the web user clustering and prefetching task being the
number of web pages prefetched that were accessed by users during the
succeeding month divided by the total amount of web pages prefetched in
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total, and recall being a measure of how complete the prefetching is, being
the number of correctly predicted user requests divided by the total set of
user requests for the succeeding month [2]. The F -measure is based on the
harmonic mean of precision and recall, the specific type of measure used by
Wan et al. (F0.5) emphasizes precision over recall. There are several other
types of weighted harmonic means for F -measurements, both for balancing
precision and recall, and emphasizing recall over precision. F -measurement
is defined as:

Fβ =
(β2 + 1)PR

β2P +R
0 ≤ β ≤ +∞ (1.39)

were β defines whether precision or recall is emphasized, a β value less
than 1 highlights precision, while a β of more than 1 highlights recall.
Typically for Fβ , the applied values are F0.5, F1 and F2.

Lopresti [20] makes an argument about web document retrieval, that
if user objectives are not clear then web document querying and retrieval
cannot be optimized. Even taking the argument to the point of suggesting
that both precision and recall are practically unimportant as long as some
of the retrieved documents are relevant to the user. This is due to browsing
being an arguably very powerful paradigm, even though the web is a very
messy information infrastructure users usually find what they are looking
for with a minimal amount of effort, at least most of the time. The solution
for the problem of precision and recall as a generally uninformative heuris-
tic for normal web document information retrieval is signal throughput. As
is the case with word space modeling and web user prefetching, where user
history chunks from consecutive months can be seen as a signal, parame-
terized and modeled using appropriate vector space models and clustering
algorithms. This is where the strengths of vector space modeling, clus-
tering and web prefetching come into their own: by treating compressed
models of user browsing history chunks as a signal stream, precision and
recall gain relevance as opposed to simple web document querying using
key words and Boolean operators.
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Chapter 2

Method

The access logs of 100 users were used as input for a Gensim LSA script
[21] modified to pre-process URL data and construct a co-occurrence matrix
for SVD. The resulting (dimensionally reduced) matrix of weighted vectors
was used as input for a k-means clustering script coupled with an internal
validity measure (SSE) and an external validity measure (SD). After
performing LSA, the next step in obtaining results that are comparable
to the results from the RI and CAS-based clustering method is to find
the optimal k value for the weighted, and dimensionally reduced data set,
i.e. the number of clusters defined resulting in the most compact cluster
definition. After finding the optimal k value, the clustering result at k
which scores the best internal validity measure result (SSE) is used for
the prefetching task utilizing the same script as the one used by Wan et
al. in their experiments [1, 3]. The entire process of vector based web user
clustering and site prefetching is illustrated in figure 2.

19
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Figure 2.1: Flowchart illustrating the process of performing web user clus-
tering and prefetching using LSA and k-means clustering.
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2.1 Data Set and Preprocessing

The source of the data set is the web access log of the computer science
department of Boston University [22], collected by the Oceans Research
Group at Boston University [23]. The data set provided consists of 100
users and 97 unique URL:s, the samples in the set represent sessions with
a time limit of 30 minutes. Request logs from January and February, 1995,
are used for the data set. The full log file is available at the Internet Traffic
Archive sponsored by ACM SIGCOMM [24], the log files contains 1,143,839
data transfer requests, and a population of 762 individual users. The same
data set was used by Wan et al. [1, 2].

Individual users were treated as documents and URL:s were split by
separating network protocols, domains and sub-domains at each occurrence
of a slash. Users were represented as documents normally would for natural
language processing applications (columns) and URL:s were represented as
terms (rows).

2.1.1 Weighting function

One of the most widely used weighting functions for natural language
processing task corpora, is term frequency-inverse document frequency
(TF − IDF ). Term frequency is defined as[25]:

tfi,j =
ni,j∑
k nk,j

(2.1)

where ni,j represents the number of occurrences of term ti in document
dj . Inverse document frequency is defined as:

idfi = log
|D|

|{j : ti ∈ dj}|
(2.2)

where the cardinality of D is the total number of documents and |{j : ti ∈ dj}|
represents the number of documents where ti occurs. The weights are then
calculated by:

(tf−idf)i,j = tfi,j ∗ idfj (2.3)
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2.2 LSA and SVD

The data set was normalized and tokenized as described, resulting in 1021
unique factors from a total of 11119 corpus positions after preprocessing.
After reducing redundancy by orthonormalization, 79 factors were kept
out of the 1021, these were then reduced to 6 factors by SVD, reflecting a
proportionally similar range of target dimensionality as suggested for larger
data sets.

2.3 Optimal Cluster Configuration

Using the evaluation measures (SSE and SD) entails first determining
an optimal clustering result (h) at kmax via SSE evaluation, kmax repre-
sents the maximum number of clusters to be evaluated for the experiment.
The maximum number of clusters to be evaluated were set at 10 clusters
(kmax=10) in accordance with experiments by Wan et al. [1, 2, 3] where
global optima for k were identified in the range k = 6 to k = 9 depending
on which weighting function that was used [2]. After determining h, ten
trials of fifty SD evaluations were run at each k value from k=2 to kmax in
order produce the average SD values at each cluster configuration tested
to indicate the optimal k value for the LSA reduced data set.

2.4 Common User Profiles and Prefetching

After the optimal k value for the data set has been determined, another
series of clusterings are made using the optimal k value. Out of this series
of clustering, the one with the lowest SSE value was selected to construct
common user profiles. The common user profiles specify the user clusters
and user requests in common for each cluster.

The profiles are used to perform the web prefetching task, the objective
of which is to predict what web requests users are likely to make based on
the browsing behavior of other users in the same cluster. The prefetching
results are crosschecked with the source log files to calculate precision, recall
and F -measure [1, 2].
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2.4.1 Prefetching Rule and Evaluation

For prefetching content based on web user browsing clusters, let P =
{p1, p2, . . . , pm} be a set of web pages. The prefetching rule can be de-

fined as an implication: {p1, p2, . . . , pi}
c−→ {q1, q2, . . . , qj}, where P1 =

{p1, p2, . . . , pi} is the set of pages that users requested in two consecutive
months, and P2 = {q1, q2, . . . , qj} is the set of pages to be prefetched for
the next consecutive month, and P2 ⊆ P1 ⊆ P , c is the portion of users
who have requested P2 in two first consecutive months.

More than or equal to 50% of the common pages in one user cluster
requested in the first two consecutive months will then be prefetched for
the third month (c = 0.5). The accuracy of the prefetching scheme is ver-
ified by crosschecking the predicted URL requests with the user behavior
of the correlating month by using precision, recall and F -measure [1, 2].
The prefetching rule is of course the central part of any kind of model-
ing and clustering intended for recommendation, prefetching or likelihood
evaluation.
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Chapter 3

Results

3.1 Web User Clustering

After constructing a vector space model of the user browsing history by
LSA the SSE and SD validity measure experiments were utilized to find
the optimal k value (number of clusters). The full results of the SD valid-
ity measure experiments are shown in table 3.1, and the same results are
illustrated in figure 3.1. A lower average SD value indicates better cluster
integrity.

Table 3.1: Results of SD cluster validity measure for the k-means algorithm
at k values ranging from 2 to 10

Experiments no.
k 1 2 3 4 5 6 7 8 9 10 Average
10 3.55 4.04 3.68 3.21 3.13 3.85 3.51 3.41 3.54 3.45 3.54
9 2.75 2.74 3.27 3.10 3.29 3.24 3.03 3.39 3.64 3.09 3.15
8 2.92 2.87 2.89 2.84 2.92 2.84 2.88 2.92 2.92 2.92 2.89
7 2.93 2.88 2.92 2.88 2.88 2.93 2.98 2.98 2.98 2.93 2.93
6 2.75 2.75 2.74 2.72 2.72 2.72 2.72 2.72 2.72 2.77 2.73
5 2.77 2.77 2.77 2.77 2.80 2.78 2.77 2.77 2.77 2.77 2.78
4 2.92 2.82 2.82 2.82 2.82 2.92 2.92 2.92 2.92 2.82 2.87
3 2.91 2.91 2.91 2.91 2.91 2.91 2.91 2.91 2.91 2.91 2.91
2 3.08 3.08 3.08 3.08 3.08 3.08 3.08 3.08 3.08 3.08 3.08

25
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Figure 3.1: Plot of average results from SD cluster validity measure for the
k-means algorithm. The SD cluster validity scores are on the y-axis and k
values (number of clusters rated) are on the x-axis.

3.2 Common User Profiles

Common user profiles (table 3.2) were created based on the k-means clus-
tering results which indicated an optima of k=6. The number of clusters
identified are presented along with their respective cluster number, users
included in each cluster and the page requests in common for each cluster,
e.g. cluster 1 out of the six clusters identified consists of seven users with
nine URL requests in common.

Note that these profiles represent the common behavior of the user
clusters, and is thus an impersonalized user data representation illustrating
user browsing behavior on a very general scale. As stated earlier, this can
understood as a prefetching scheme using c = 1, sans crosschecking with
the following time period.
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Table 3.2: Common user profile created by web user clustering algorithm
using the LSA-based approach.
Cluster Members Common user requests

1 7, 8, 10, 21, 26, 66, 89

cs-www.bu.edu/,
cs-www.bu.edu/courses/Home.html,
cs-www.bu.edu/students/grads/Home.html,
cs-www.bu.edu/students/grads/oira/Home.html,
cs-www.bu.edu/students/grads/oira/cs112/hmwrk1.html,
cs-www.bu.edu/students/grads/oira/cs112/hmwrk2.html,
cs-www.bu.edu/students/grads/oira/cs112/hmwrkgd.html,
cs-www.bu.edu/students/grads/oira/cs112/node1.html,
cs-www.bu.edu:80/

2 15, 18, 44, 65, 82, 88, 99

cs-www.bu.edu/,
cs-www.bu.edu/faculty/Home.html,
cs-www.bu.edu/faculty/crovella/Home.html,
cs-www.bu.edu/faculty/crovella/courses/cs210/,
cs-www.bu.edu/pointers/Home.html,
cs-www.bu.edu:80/,
cs-www.bu.edu:80/faculty/crovella/courses/,
cs-www.bu.edu:80/faculty/crovella/courses/cs210/

3 12, 61, 71, 83, 85, 87

cs-www.bu.edu/,
cs-www.bu.edu/courses/Home.html,
cs-www.bu.edu/staff/Home.html,
cs-www.bu.edu:80/

4

1, 3, 4, 5, 9, 11, 13, 14, 16, 17,
19, 20, 24, 27, 28, 31, 32, 33,
36, 40, 41, 42, 43, 45, 46, 47,
48, 50, 52, 53, 55, 56, 57, 67,
70, 72, 75, 76, 77, 78, 81, 84,
86, 90, 92, 93, 97

cs-www.bu.edu/,
cs-www.bu.edu/courses/Home.html,
cs-www.bu.edu:80/

5 6, 25, 30, 34, 35, 59, 74, 100

akebono.stanford.edu/yahoo/,
akebono.stanford.edu/yahoo/Business/,
cs-www.bu.edu/,
cs-www.bu.edu/faculty/Home.html,
cs-www.bu.edu/faculty/best/Home.html,
cs-www.bu.edu/faculty/best/crs/cs101/Home.html,
cs-www.bu.edu/pointers/Home.html,
cs-www.bu.edu:80/

6

2, 22, 23, 29, 37, 38, 39, 49, 51,
54, 58, 60, 62, 63, 64, 68, 69,
70, 73, 79, 91, 94, 95, 96, 98

cs-www.bu.edu/,
cs-www.bu.edu/courses/Home.html,
cs-www.bu.edu/students/grads/tahir/CS111/
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3.3 Web Page Prefetching

The detailed prefetching results (table 3.3) illustrate the specifics of the
prefetching results made for March based on browsing behavior during
January and February. The table includes user ID numbers, number of
unique requests made per user during March, and number of prefetched
URL:s for each cluster as well as average and user specific precision and
recall for each cluster. Note the distribution of users with full precision, full
recall or both full precision and recall. Cluster ”‘6”’ of the larger clusters
scores very high total precision (0.9583) and recall (0.7396) due to a large
portion of users with perfect precision and recall. Cluster ”‘4”’ has a large
portion of users with high precision and low recall, resulting in an overall
precise cluster with very low recall. The largest clusters identified in the
experiment (”‘4”’ and ”‘6”’) both have high and reasonably high precision
while cluster ”‘4”’, besides scoring a lesser degree of precision also scores
the least recall of all the clusters.
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Table 3.3: Prefetching results based on common profiles via the LSA approach.
The Pre urls gives the number of URLs prefetched by the prefetching scheme;
Pre avg and Rec avg represent the average precision and recall within one cluster
respectively.

Cluster U id Request Pre urls Hits Precision Pre avg Recall Rec avg
7 5 5 0.3333 1.0000
8 75 15 1.0000 0.2000
10 3 3 0.2000 1.0000

1 21 6 15 2 0.1333 0.5048 0.3333 0.6839
26 59 15 1.0000 0.2542
66 6 6 0.4000 1.0000
89 7 7 0.4667 1.0000
15 6 6 0.5455 1.0000
18 51 11 1.0000 0.2157
44 20 11 1.0000 0.5500

2 65 13 11 11 1.0000 0.8182 0.8462 0.5999
82 2 2 0.1818 1.0000
88 39 11 1.0000 0.2821
99 36 11 1.0000 0.3056
12 18 3 0.3333 0.1667
61 9 2 0.2222 0.2222

3 71 2 9 2 0.2222 0.5185 1.0000 0.4158
83 37 9 1.0000 0.2432
85 17 9 1.0000 0.5294
87 9 3 0.3333 0.3333
1 6 2 0.6667 0.3333
3 71 3 1.0000 0.0423
4 32 3 1.0000 0.0938
5 103 1 0.3333 0.0097
9 6 2 0.6667 0.3333
11 104 2 0.6667 0.0192
13 301 3 1.0000 0.0100
14 23 2 0.6667 0.0870
16 38 2 0.6667 0.0526
17 11 3 1.0000 0.2727
19 27 2 0.6667 0.0741
20 3 2 0.6667 0.6667
24 79 3 1.0000 0.0380
27 8 2 0.6667 0.2500
28 3 2 0.6667 0.6667
31 6 2 0.6667 0.3333
32 9 2 0.6667 0.2222
33 4 2 0.6667 0.5000
36 3 2 0.6667 0.6667
40 5 2 0.6667 0.4000
41 52 3 1.0000 0.0577
42 56 3 1.0000 0.0536
43 3 2 0.6667 0.6667

4 45 3 3 2 0.6667 0.7292 0.6667 0.2547
46 17 1 0.3333 0.0588
47 113 2 0.6667 0.0177
48 3 2 0.6667 0.6667
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50 16 3 1.0000 0.1875
52 25 2 0.6667 0.0800
53 3 2 0.6667 0.6667
55 13 1 0.3333 0.0769
56 108 3 1.0000 0.0278
57 3 2 0.6667 0.6667
67 6 2 0.6667 0.3333
70 69 3 1.0000 0.0435
72 30 3 1.0000 0.1000
75 14 2 0.6667 0.1429
76 116 2 0.6667 0.0172
77 60 2 0.6667 0.0333
78 6 2 0.6667 0.3333
80 14 3 1.0000 0.2143
81 11 3 1.0000 0.2727
84 3 2 0.6667 0.6667
86 49 1 0.3333 0.0204
90 17 2 0.6667 0.1176
92 6 1 0.3333 0.1667
93 10 3 1.0000 0.3000
97 4 2 0.6667 0.5000
6 101 10 1.0000 0.0990
25 34 10 1.0000 0.2941
30 4 1 0.1000 0.2500

5 34 28 10 10 1.0000 0.7750 0.3571 0.3568
35 21 10 1.0000 0.4762
59 4 10 1.0000 0.8333
74 5 1 0.1000 0.2000
100 29 10 1.0000 0.3448
2 3 3 1.0000 1.0000
22 3 3 1.0000 1.0000
23 3 3 1.0000 1.0000
29 15 3 1.0000 0.2000
37 16 3 1.0000 0.1875
38 3 3 1.0000 1.0000
39 5 3 1.0000 0.6000
49 3 3 1.0000 1.0000
51 3 3 1.0000 1.0000
54 16 3 1.0000 0.1875
58 3 3 1.0000 1.0000

6 60 12 3 1 0.3333 0.9583 0.2500 0.7396
62 3 3 1.0000 1.0000
63 3 3 1.0000 1.0000
64 3 3 1.0000 1.0000
68 4 3 1.0000 0.7500
69 6 3 1.0000 0.5000
73 2 2 0.6667 1.0000
79 20 3 1.0000 0.1500
91 3 3 1.0000 1.0000
94 3 3 1.0000 1.0000
95 3 3 1.0000 1.0000
96 17 3 1.0000 0.1765
98 4 3 1.0000 0.7500
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3.4 Word Space Model Comparison

For the actual comparison of word space models: precision, recall, and
number of clusters are used coupled with the F0.5-measure (as used by
Wan et al.) for each of the RI methods, the CAS-C method and the LSA
method are used.

Table 3.4: Overall comparison of prefetching results for CAS-C, LSA with
Tf-Idf weighting and four RI techniques.
Algorithms No. of cluster detected Overall precision Overall recall F0.5

MI-RI 9 0.8095 0.4678 0.7063
Gref-RI 7 0.7994 0.4810 0.7059

RelFreq-RI 8 0.7812 0.4641 0.6873
Identity-RI 7 0.7540 0.5311 0.6956
TF -IDF -LSA 6 0.7173 0.5085 0.6629

CAS-C 7 0.7062 0.4168 0.6201

The overall precision, recall and F -measure, as used by Wan et al. (table
3.4) show that LSA scores a relatively high recall rate even when compared
to the dimensionally optimized weighted RI methods while the compara-
tively low precision rate results in a lower F -measure placing the perfor-
mance of the LSA based web user clustering and prefetching performed in
this study above CAS-C but below all of the RI based methods. This re-
flects the overall performance such that the LSA based web user clustering
and prefetching method performs at a lower overall efficacy when compared
to the RI based methods for the web user clustering and prefetching task
where precision takes priority over recall, Identity weighted RI performs in
a similar fashion as the LSA based method although with a slightly higher
overall F -measure.

Table 3.5: Overall comparison Fβ-measures
Algorithms F0.5 F1 F2

MI-RI 0.7063 0.5929 0.5109
Gref-RI 0.7059 0.6006 0.5226

RelFreq-RI 0.6873 0.5823 0.5051
Identity-RI 0.6956 0.6232 0.5645
TF -IDF -LSA 0.6629 0.5951 0.5399

CAS-C 0.6201 0.5242 0.4540
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Given Lopresti’s reasoning about document throughput and relevance
of precision and recall [20], there is some incentive to investigate not only
the more traditional and balanced F1-measure, but also the F2-measure,
emphasizing recall over precision, in addition to the F0.5-measure used by
Wan et al., emphasizing precision.

Hence, for the sake of further shedding some light on the initial hy-
pothesis, that LSA would be beneficial for the web user clustering and
prefetching task (table 3.5) it can be illustrated how various Fβ-measures
can be used to estimate the performance of LSA in relation to RI. The
method scoring the highest F -measures in addition to F0.5 is Identity RI
for F1 as well as for F2
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Discussion

The initial results from the experiments in this study can’t conclusively cor-
roborate the performance gains of LSA over RI shown in previous compar-
ative research [5]. At least not in terms of precision, recall and F -measures.

Latent semantic web user clustering and prefetching task, score the next
lowest precision while having the next highest recall in relation to CAS-C
and the various RI clustering techniques. The relation between precision
and recall for LSA based web user clustering and prefetching is similar to
Identity weighted RI which utilizes the original RI model as a weighting
function.

The use of F -measures F1, and F2 in addition to F0.5 show that weight-
ing functions for RI seem to improve precision, while at the same time
decreasing recall. Precision is stated by Wan et al. to be of greater impor-
tance for the web user modeling, clustering and prefetching task. Precision
of prefetched content being of utmost important for server side prefetching
optimization, but not necessarily at cost of recall since this would lower the
portion of prefetched websites per user.

Looking at the precision and recall rates, LSA has the least difference
between them at P = 0.7173 and R = 0.5085 P − R = 0.2088, while the
various weighted and unweighted RI methods are in a total range between
P −R = 0.2229 and P −R = 0.3417, suggesting it to be a potentially more
balanced solution while obtaining lower F -measures than Identity RI which

33
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displays similar characteristics. This would propose a hypothesis that LSA
could possibly retrieve a larger portion of relevant web sites for prefetching
than the RI based methods, while retaining reasonable precision.

For some clarity into the circumstances concerning this matter let’s look
at the prefetching results of cluster one, note how for March ”‘user seven”’
requested 5 URL:s and ”‘user eight”’ requested 75 URL:s. The prefetching
rule suggested 15 URL:s to be prefetched for their cluster, resulting in six
additional URL:s to the ones that are in common to all users according
to the common user profiles. Users requesting only a fraction of, or many
more URL:s than those that are prefetched for their clusters will result in
some very distinct precision and recall results.

All five of the requests made by ”‘user seven”’ were found in the 15 page
prefetching suggestions resulting in a complete recall of pages (R = 1) but
a low precision rate P = 0.3333 as ”‘user seven”’ only made 5 URL requests
and the prefetching rule suggested 15 URL:s for each user in the cluster.
While user eight gets full precision (P = 1.0000) as all the 15 prefetched
URL:s are included in the 75 requests made by the user, on the other hand
this gives a low recall rate (R = 0.2000) as the user requested many times
the number of prefetched URL:s. This could result in fluctuating perceived
web browsing speed for some users in a server optimization task.

While this is not the case for all users, it is a factor recurring in all
clusters from the experiment. This effect distinguishes four different user
types in the common user profiles, in regard to precision and recall: (1)
users who would get a complete recall but only perceive a lesser increase
in browsing speed due to less precise retrieval, (2) users who get complete
precision but with the same effect to perceived browsing speed due to little
prefetching of relevant content, (3) users who get non-complete prefetching
schemes for precision as well as for recall, and (4) users who get full precision
and recall. These users can be ranked using the different harmonic means
for co-weighting precision and recall (F -measures).

The common denominator for these types of users is the number of
requests made by the individual users, collapsing the types above into three
categories of types: one where users make more URL requests than average,
one in which users make fewer requests than average, and one where the
number of prefetched content exactly matches the URL requests possibly
yielding full precision and recall.
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The more a user deviates from the average number of URL requests of
its cluster, the more either precision or recall will be affected. A score of
F1 = 1 would mean 100% prefetching accuracy for that user (P = 1 and
R = 1), while F2 and F0.5 can be used to rank the other users into ordered
lists of users with few requests (high recall) and users with many requests
(high precision).

There are some further steps to be made in order to further clarify
the characteristics and differences between various word space modeling
techniques for the web user clustering and prefetching task. To make a more
precise evaluation and a more certain claim to the performance differences
between the respective modeling techniques for the web user and page
prefetching task it would be commendable to narrow the methodological
gap to the research by Wan et al. [1, 2].

While it is common practice for most tasks to select target dimension-
ality on an estimated basis in relation to the original size the data sets
or web user browsing history chunks, calibrating the number of retained
factors after matrix decomposition to determine the optimal target vec-
tor dimensionality could further distinguish on the different characteristics
of the word space clustering techniques for the web user clustering and
prefetching task.

In addition to the probability of improving final results of a server
optimization application, identifying optimal target vector dimensionality
would also be a question of methodological homogeneity for web user clus-
tering and prefetching scheme as deployed by Wan et al.. Since LSA doesn’t
rely on randomized vector generation, it could likely be calibrated for target
dimensionality before any clustering is performed, instead of checking for
dimensionality by analyzing the k-means clustering results, which would
greatly improve efficiency.

Multiple weighting functions for the LSA co-occurrence matrix could
also be evaluated, such a procedure would not only be likely to improve
the overall performance of the LSA based clustering technique, but would
also increase the methodological similarity to the research by Wan et al.
where several weighting functions for RI have been evaluated to further
optimize performance. While tf − idf term weighting previously has been
shown to positively improve modeling results for LSA, logarithmic entropy
term weighting and several other weighting functions could be put to the
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test and likely lead to further clarifications as to how LSA performs for the
web user clustering and prefetching task in terms of precision and recall.

Another aspect of using several weighting functions is to find out if the
effect of weighting RI, precision increasing while decreasing recall, is repro-
duced for LSA. The common way to use weighting functions for LSA is
quite different from the vector window scanning method of Wan et al. so
there could be a systematic difference giving LSA and RI different charac-
teristics for clustering and prefetching tasks.
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Conclusions

In conclusion the results of this study can be said to encourage further
research. LSA has been shown to handle the web user clustering and
prefetching task in a satisfactory manner considering that no target di-
mensionality optimization experiments were performed and only a single
proven weighting function was evaluated. Yet the precision and recall re-
sults from the LSA based web user cluster and site prefetching task place
themselves right between the solutions provided by CAS-C and the various
weighted RI techniques, together with unweighted RI.

The results also allow inferring inter-cluster sub-patterns consisting of
users with more or less than average URL:s requests, the distribution of
these user patterns vary along clusters, e.g. where the users in ”‘cluster
6”’ of the experiment results mostly have members with very high F -scores
or F = 1. The cluster in total has a precision of more than 95% and the
highest recall rates of all the clusters. This is one of the largest clusters
along with ”‘cluster 4”’ a very heterogeneous cluster in regard to precision
and recall, but with an overall high precision rate. In conjunction with the
smaller clusters, where some clusters are better than others, a majority of
web user’s content prefetching is more than 72% precise and finds up to
82% of the user’s URL requests for server side caching.

An aspect of applying word space models for clustering chunks of web
user browsing history is that it serves as a practical proof-of-concept for
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reducing data sets that are already relatively small. Landauer suggests in
that data sets of less than 20K tokens and 20K documents will yield
faulty results. [26]. The current data set as used in this study and by Wan
et al. for the web user prefetching and clustering task consists 100 users
and 1000 tokens, that is 0.0005% of the suggested minimal threshold for
the number of documents, and 0, 05105% of the suggested amount of tokens
in the corpus of documents. This shows that vector space models can still
be of use for practical applications without using vast amount of data, even
though it is likely to improve the modeling itself.
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