
How current web generation affects prediction algorithms performance
Josep Domènech, Julio Sahuquillo, Ana Pont, José A. Gil
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Abstract: Web prefetching techniques have been widely used
to reduce the latency perceived by users. An important part of
these techniques is the prediction algorithm whose main aim
is to predict the future users’ accesses based on the previous
visiting patterns. For this purpose, the algorithms proposed in
the open literature usually consider a training period before
making predictions. The length of this period may impact on
performance, either improving or degrading it. In addition, this
length may involve a high amount of information and therefore
important computer resources are consumed. In this work we
analyze how the training affects the prediction performance
using current and old web traces, still used in the recent
literature. Our results show that while in old traces the training,
in general, improves performance, when using recent traces
this training may degrade the performance. This fact happens
because those users’ visiting patterns have changed, what means
that old traces are not appropriate for prediction studies in
current web environments.

1. INTRODUCTION

Many research efforts have been concentrated on reducing
the user perceived latency taking benefit from the locality
shown by the web objects accesses. In this sense, many pro-
posals focusing on caching, content distribution or prefetch-
ing techniques have been developed. This paper focuses on
prefetching, whose goal is to process a user request before
the user actually makes it.

The Web prefetching technique is divided into two main
stages. In the former, an algorithm predicts which objects the
user is going to demand. In the latter, the predicted objects
are preprocessed to reduce the perceived latency. A large
amount of research studies have focused on the prediction
algorithm [1], [2], [3], [4], [5], [6], [7], which are designed to
learn previous visiting patterns to guess user’s future accesses.
In this sense, the period in which performance is measured
is usually preceded by a training period for the algorithm
to acquire the knowledge. During this period, the algorithm
discovers, stores and classifies the universe of objects to
which the user can access. The training finishes when the
algorithm has a significant knowledge of the objects and
their access patterns. In this sense, the resources used by the
algorithm, e.g., CPU and memory, will increase with the size
of this universe of objects.

Studying how prediction performance evolves in Web
prefetching techniques is important to prevent a reduction of
its potential benefits (which could turn even into performance
losses) in a working real environment when considering long
term scenarios. That is because this length affects the per-
formance results when they vary through time, therefore it is
important for researchers in order to determine which length
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of the training and testing periods makes their algorithms
achieve the best performance.

Despite the potential high impact of the training period on
performance, to the best of our knowledge, no research work
about how long the training period should be has been done.
In this paper we analyze how prediction indexes vary through
time in order to explore the performance evolution.

In this study, we use both old (from 1995) and recent web
accesses traces. Results show that prediction performance in
old traces reaches the steady state in short time. However, in
recent traces it may evolve negatively. This fact is the natural
effect of the increasing dynamism in current web that has
produced important changes in user’s web accesses [8]. As a
consequence, much of the stored information becomes stale,
leading to a performance degradation as well as incurring in
higher use of resources.

2. RELATED WORK

A representative subset of research works appeared in the
literature has been analyzed [1], [2], [3], [4], [5], [6], [7].
Table 1 summarizes the different decisions that have been
made in the literature regarding the length of the training and
tests periods of the prediction algorithm.

Although performance results could vary significantly de-
pending on this decision, it has been barely discussed and
most papers evaluating web prediction algorithms take an
arbitrary value for the length of the training period. In fact,
from those analyzed, only [6] and [2] slightly argue their
training length. Davison in [6] evaluates prediction algorithms
without previous training. This procedure is argued to be more
realistic than freezing the learning after a training period,
and then evaluating the prediction algorithm. Lau and Ng in
[2] train the algorithm during 2 weeks before evaluating its
performance during 1 day. The authors state that this period
is enough to show the Web access patterns of each individual
user based on their observations during the experimental
period.

3. EXPERIMENTAL ENVIRONMENT

3.1. Framework

In [9] we proposed an experimental framework to test web
prefetching techniques. In this section we summarize the main
features of such environment and how it has been adapted to
carry out the experiments presented in this paper.

The original framework was made using a distributed
environment to simulate accurately each part of the Web
architecture: clients, servers and proxies. In this framework,
servers make predictions (delegating this function to a surro-
gate) and send the result to the clients through hints embedded



Table 1 – Test and training periods used in the literature

Ref Trace year Training Test Total Length
[1] 1995 1,200,000 acc. 400,000 acc. 7 days
[2] N/A 14 days 1 day 15 days
[3] 1995 40,000 acc. 7,000 acc. 1 day
[4] 1998 1 day 1 day 2 days
[5] N/A 400,000 acc. 100,000 acc. 7 days
[6] 1997/8 No training Several traces Several traces
[7] N/A 30,000 acc. 56,000 acc. 5 days

in the HTTP response header (as proposed and implemented
in Mozilla). Then, the clients decide whether to prefetch these
hints or not, attending mainly to their network availability.
However, due to the complexity to evaluate the whole system,
prediction algorithms are evaluated independently from the
users and networks restrictions.

As the main aim of this paper is to analyze the evolution of
the prediction performance during a long period, there is no
need to simulate the network and other users’ restrictions.
In this way, the prediction engine module (located in the
surrogate) and the prediction evaluation module (located in
the client) are extracted from the framework and adapted
to work together. As a result, the simulation time has been
speeded up dramatically.

3.2. Workload description

The behavior pattern of users was taken from four different
logs. The traces A and B were collected during 50 days,
between March 26th and May 14th 2003. They were obtained
by filtering their accesses in the log of a Squid proxy of
the Polytechnic University of Valencia. The trace A contains
accesses to a news web server, whereas the B has the accesses
to a student information web server.

The trace C is the EPA-HTTP data set used in [3], that is
publicly available in the Web. It is a quite old trace (which
dates from 1995) but it has been included due to the amount
of research studies based on it. The trace D is the first part
of the ClarkNet Web server log that can be found in [10].
Although it is also quite old, it has a significant number of
users’ accesses and has been used in recent research studies
[1], [11].

The main characteristics of the traces can be found in
Table 2. As one can observe, the differences between new
and old traces are more evident in the amount of objects per
page and, consequently, in the page size.

3.3. Prefetching algorithms

In order to check the evolution of the indexes in time, the
experiments were run using five of the most implemented
prediction algorithms in the literature: four main variants of

Table 2 – Traces characteristics
Trace A B C D
Year 2003 2003 1995 1995
Duration 50 days 50 days 1 day 7 days
Users 1,627 1,115 2,330 90,499
Page Accesses 29,599 31,979 20,683 352,788
Objects Accesses 658,323 506,148 47,748 1,654,849
Objects per Page 22.24 15.83 2.30 4.69
Bytes Transferred (MB) 1,907 1,996 275 13,104
Avg. Object Size (KB) 2.97 4.04 5.90 8.11
Avg. Page Size (KB) 65.97 63.91 13.61 38.03

the Prediction by Partial Match (PPM) algorithm [3], [6],
[7], [12], [4], [1] and the Dependency Graph (DG) based
algorithm [13],[1].

The PPM prediction algorithm uses Markov models of m
orders to store previous contexts. Predictions are obtained
from comparing the current context to each Markov model.
PPM algorithm has been proposed to be applied either to each
object access [3], [6] or to each page (i.e. to each container
object) [7], [12], [4] accessed by the user. In addition, two
ways of selecting which object or page shall be predicted
have been used: predicting the top-n likely objects [3], [12],
[6] or using a cutoff threshold [7], [1], [4]. The four variants
resulting from combining the unit of prediction (object or
page) and the way of selecting the candidates (top-n or with
a threshold) are implemented and analyzed.

The DG prediction algorithm constructs a dependency
graph that depicts the pattern of accesses to the objects. The
graph has a node for every object that has ever been accessed.
There is an arc from node A to B if and only if at some
point in time a client accessed to B within w accesses after
A, where w is the lookahead window size. The weight of
the arc is the ratio of the number of accesses to B within a
window after A to the number of accesses to A itself. The
prefetching aggressiveness is controlled by a cutoff threshold
parameter applied to the arcs weight.

3.4. Performance indexes

The evolution of the prediction performance of an algo-
rithm is analyzed through the main four prediction related
metrics [14]:

• Recall (Rc): The percentage of requested objects by
the user that were previously predicted. The variant
Byte Recall (Rcb) measures the percentage of the bytes
requested previously predicted.

• Precision (Pc): The ratio of good predictions to the
number of predictions. The variant Byte Precision (Pc b)
measures this ratio in amount of bytes instead of objects.

4. EXPERIMENTAL RESULTS

This section analyzes how prediction performance evolves
for the five algorithms across the four considered traces. The
evolution of each performance index is analyzed as a function
of the amount of the considered user’s requests.

All plots in Figures 1 and 2 include five curves, each one
representing a different prediction algorithm. The curve la-
beled as DG corresponds to the Dependency Graph algorithm.
The four PPM variants are labeled as PPM x y, where x can
be OB or PG depending on the element of prediction (object
or page respectively); and y can be TOP or TH depending on
the way of selecting the candidates (the top-n most likely or
with a threshold respectively).

The DG algorithm was set up to use a 2 lookahead window
and a 0.40 cutoff threshold. Similarly, PPM is based on a
first-order Markov model with the same threshold for those
variants, and n=5 for the top-n ones.



Table 3 – Summary of the evolution of the prediction performance in the analyzed workload. Legend. I: Initial period,
S: Stationary period, – –: Strong negative trend, –: Slight negative trend, =: Steady trend, +: Slight positive trend

Trace Algorithm Pc Pcb Trend Rc Rcb Trend Global trend
I S I S I S I S

DG – – + – Negative = – + – Negative Negative
PPM OB TH + = + – Negative – – – – – – Negative Negative

A PPM OB TOP – – – – – Negative + – + – Negative Negative
PPM PG TH – – – – – – Negative + = = = Steady Negative
PPM PG TOP – – – – – – Negative + – + – Negative Negative
DG – – + – Negative + = + – Negative Negative
PPM OB TH + = + = Steady – – – – – Negative Negative

B PPM OB TOP – – – – – = Negative + = + = Steady Negative
PPM PG TH – – – – – = Negative + – + – Negative Negative
PPM PG TOP – – – – – – Negative + = + = Steady Negative
DG + + + = Positive + + – + Positive Positive
PPM OB TH + + + – Different = = = = Steady Different

C PPM OB TOP + = + = Steady + + + + Positive Positive
PPM PG TH + – + = Negative + = – + Positive Different
PPM PG TOP + – = = Negative + + + + Positive Different
DG + = + = Steady + = + = Steady Steady
PPM OB TH + + + + Positive = = = = Steady Positive

D PPM OB TOP + – + – Negative + + + + Positive Different
PPM PG TH – – – – – Negative = = = = Steady Negative
PPM PG TOP + – + – Negative + + + + Positive Different

4.1. Current Workload

Figure 1 shows how the prediction indexes evolve in current
workloads as time goes by. These behaviors are also sum-
marized in Table 3 to facilitate the reader the understanding
of the following analysis. The discussed metrics are divided
into two main categories: precision related and recall related
indexes. For each category and algorithm, the stationary trend
is summarized as negative, steady or positive. Then, a general
global trend (last column) is obtained from the trends of both
categories.

Looking at Figure 1(a) one can observe that precision
across the trace A exhibits a marginally increase in the
PPM OB TH algorithm in the initial state, i.e. until 100K
requests. The DG presents a slightly decrease and a noticeable
decrease in the remaining three algorithms. After this period,
all curves decline on a small scale with the only exception
of PPM OB TH, which remains constant. Figure 1(b) shows
the same behavior across the trace B.

Byte precision differs from precision in the measured
values, but similar trends are exhibited in the trace A, as
Figure 1(c) shows. In the initial period, the index shows dis-
tinct trends depending on the algorithm. After that, all trends
become slightly descendant. In the trace B (Figure 1(d)), the
byte precision remains steady in the stationary state in three
algorithms, while the other two present a weak descending
trend.

Recall evolves across the trace A as Figure 1(e) shows. In
the initial period, its evolution is steady in the DG algorithm,
negative in PPM OB TH and positive in the remainder three
algorithms. In the stationary period, the recall has a weak
descendent trend in all the algorithms with the only exception
of PPM PG TOP, which is steady. Figure 1(f) shows that the
recall, after an initial period of improvement, has a negative
or steady trend.

Figures 1(g) and 1(h) show that the behavior of the byte re-

call index remains close to that shown in the other prediction
indexes. Trends are showed in Table 3.

The global trend column in Table 3 shows that the predic-
tion performance degrades as time goes by in all algorithms
for both current traces.

4.2. Old Workload
The evolution of the prediction indexes for the old work-

load is shown in Figure 2. Plots for the byte related indexes
are not shown due to space restrictions. However all indexes
behaviors are also summarized in Table 3.

Figure 2(a) shows that the precision in the trace C exhibits a
positive trend in the initial state, but then the evolution differs
depending on the algorithm: It is ascendant for the DG and
PPM OB TH algorithms, steady for the PPM OB TOP and
descendant for the two remaining algorithms. Similarly, the
stationary trend of the precision in the trace D (Figure 2(b))
is positive in PPM OB TH, steady in DG, and negative in the
remaining three algorithms.

The recall index, in the traces C and D, shows a steady
or positive stationary trend in all algorithms, as observed in
Figures 2(c) and 2(d).

Unlike current traces results, when evaluating old workload
a global trend for the prediction performance cannot be
obtained, since it depends on the algorithm, as Table 3
shows. In those situations in which, for a given algorithm,
the evaluated indexes exhibit opposite trends, no global trend
can be provided, and we have labeled it as Different in the
table. It represents a trade-off between two indexes, where
one index can be improved at the cost of degrading the other.

5. CONCLUSIONS

In this paper we have explored how prediction algorithms
indexes of web prefetching techniques, i.e. precision and
recall, evolve according to different user’s visiting patterns.
For this purpose we have simulated a set of prefetching
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Figure 1. Evolution of performance metrics in current workloads
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Figure 2. Evolution of performance metrics in old workloads

algorithms using current and old web traces, paying special
attention to how these workloads affect the performance of
the algorithms during the training period.

An interesting observation of our study is that when using
old workloads, after the stationary state in the training is
reached, the prediction performance either improves or is
not affected, i.e., it remains steady or changes the trade-off
between indexes. On the other hand, when current workloads
are used to train any prediction algorithm, the performance
degrades as time goes by. This is because the user’s behavior
in the current web is less foreseeable than in the past
web. Therefore, prediction performance evaluation should be
performed in current traces in a different way to the old ones.

Finally, the fact that performance degrades as the time
goes by means that some of the knowledge acquired during
the training has become useless due to the changing users’
behavior present in current web users. As a consequence,
the lack of efficiency leads the algorithm to increase the
resource wasting, including CPU time, memory and network
availability. This fact takes relevance especially when taking
into account long term scenarios in which prefetching systems
could run during long periods of time. In this sense, a
corrector measure could help to avoid the resource wasting,
like forgetting the training or freezing it after a period of time.
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