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Abstract

Web prefetching mechanisms have been proposed to benefit web users by hiding the download latencies. Nevertheless, to the knowl-
edge of the authors, there is no attempt to compare different prefetching techniques that consider the latency perceived by the user as the
key metric. The lack of performance comparison studies from the user’s perspective has been mainly due to the difficulty to accurately
reproduce the large amount of factors that take part in the prefetching process, ranging from the environment conditions to the work-
load. This paper is aimed at reducing this gap by using a cost-benefit analysis methodology to fairly compare prefetching algorithms from
the user’s point of view. This methodology has been used to configure and compare five of the most used algorithms in the literature
under current and old workloads. In this paper, we analyze the perceived latency versus the traffic increase (both in bytes and in objects)
to evaluate the benefits from the user’s perspective. In addition, we also analyze the performance results from the prediction point of view
to provide insights on the observed performance. Results show that higher algorithm complexity does not improve performance, object-
based algorithms outperform those based on pages, and performance among object-based algorithms present minor differences in the
object traffic increase.
� 2007 Elsevier B.V. All rights reserved.
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1. Introduction

The knowledge and comprehension of the behavior of a
web user are important keys in a wide range of fields related
to the web architecture, design, and engineering. The infor-
mation that can be extracted from web user’s behavior per-
mits to infer and predict future accesses. This information
can be used, for instance, for improving Web usability [1],
developing on-line marketing techniques [2] or reducing
user-perceived latency [3], which is the main goal of pre-
fetching techniques. These techniques use access predictors
to process a user request before the user actually makes it.

Several ways of prefetching user’s requests have been
proposed in the literature: the preprocessing of a request
by the server [4], the transference of the object requested
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in advance [5,6], and the pre-establishment of connections
that are predicted to be made [7]. Despite the large amount
of research works focusing on this topic, comparative and
evaluation studies from the user’s point of view are rare.
This fact leads to the inability to quantify in a real working
environment which proposal is better for the user. On the
one hand, the underlying baseline system where prefetching
is applied differs widely among the studies. On the other
hand, different performance key metrics were used to eval-
uate their benefits [8]. In addition, the used workloads are
in most cases rather old, which significantly affects the pre-
diction performance [9], making the conclusions not valid
for current workloads.

Research works usually compare the proposed prefetch-
ing system with a non-prefetching one [10,3,5]. In these
studies, different workload and user characteristics have
been used, so making it impossible to compare the good-
ness and benefits among proposals.

Some papers have been published comparing the perfor-
mance of prefetching algorithms [11–16]. These studies
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Fig. 1. Architecture of the simulation environment.
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mainly concentrate on the performance of the predictor
engine, but unfortunately, they do not evaluate the user-
perceived latency [11–14,16]. In spite of being an essential
part of the prefetching techniques, performance measured
at the prediction level does not completely explain the per-
formance perceived by the user [17,8], since the perceived
latency is affected by a high amount of factors and not only
by the hit ratio. In addition, performance comparisons are
rarely made by means of a useful cost-benefit analysis, e.g.,
latency reduction as a function of the traffic increase.

In this paper, we describe a cost-benefit methodology to
perform fair comparisons among web prefetching algo-
rithms. Using this methodology, we compare different pre-
diction algorithms and evaluate their performance using
both old and current traces. A deep analysis through the
predicted objects has also been carried out in order to iden-
tify the main reasons why performance among prediction
algorithms differs.

This paper has three main contributions: (i) prefetching
algorithms are compared from the user’s point of view; (ii)
analysis results show that performance differences among
prediction algorithms are mainly due to the size of the pre-
dicted objects; and (iii) results highlight the importance of
using current workloads when evaluating the benefits of the
prefetching in the current web. This paper extends the work
presented in [18] in several ways.

A deeper analysis of the algorithms has been carried out
to take the main cost of prefetching, i.e., the increase of
requests, as a higher bandwidth consumption and as a
higher load to the server. The performance of prefetching
techniques in current versus old workloads are compared.
Results claim that there is no reason to analyze web pre-
fetching performance using old workloads.

The remainder of this paper is organized as follows. Sec-
tion 2 gives background information. Section 3 describes
the experimental environment used for running the experi-
ments. Section 4 presents the methodology used for evalu-
ating prefetching algorithms. Section 5 analyzes the
experimental results. Finally, Section 6 presents some con-
cluding remarks.

2. Background

In this section we discuss recent works that deal with
comparisons of web prefetching algorithms, focusing on
the implemented algorithms and the metrics that they use
to evaluate their performance.

Dongshan and Junyi [11] compare three versions of a
predictor based in Markov chains. They compare the accu-
racy, the model-building time, and the prediction time
varying the order of the Markov model. In a similar way,
Chen and Zhang [12] implement three variants of the
PPM predictor. They show how the hit ratio and traffic
increase vary as a function of the cutoff threshold of the
algorithm.

Nanopoulos et al. [13] show a cost-benefit analysis of the
performance of four prediction algorithms by comparing
the precision and the recall to the traffic increase by means
of a simple table. However, this analysis is only applied to a
subset of the workload considered in the paper and ignores
how the prediction performance affects the final user, i.e.,
the user-perceived latency.

Bouras et al. [14] show the performance achieved by two
configurations of the PPM algorithm and three of the n-
most popular algorithm. For each one of the five configu-
rations, they quantify the usefulness (recall), the hit ratio
(precision), and the traffic increase. Both the number of
experiments carried out and the metrics calculated make
it difficult to identify which algorithm performs better.
They only conclude that prefetching can be potentially ben-
eficial to the considered architecture. In a more recent work
[15] they also show the latency reduction for the same
experiments. Nevertheless, it is only an estimated latency
calculated as the difference between the prediction time
and the user request time. This value could be considered
as an approximation of the latency reduction by the algo-
rithm, since it does not include interactions between user
and prefetching requests.

3. Experimental environment

In this section, we first describe the experimental frame-
work used for the performance evaluation study. Second,
we present the workload used. Finally, we briefly present
the prefetching algorithms taken into account.

3.1. Framework

In [19] we proposed an experimental framework for test-
ing web prefetching techniques. In this subsection we sum-
marize the main features of such environment and the
configuration used for carrying out the experiments pre-
sented in this paper.

The architecture is composed of three main parts (as
shown in Fig. 1): the back end (server and surrogate), the
front end (client), and optionally the proxy server, which
is not used in the experiments presented in this paper.
The framework implementation combines both real and
simulated parts in order to provide flexibility and accuracy.
To perform prefetching tasks, a prediction engine imple-
menting different algorithms has been included in the server
side. Clients take the generated predictions to download
those objects in advance.
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The back end part includes the web server and the sur-
rogate server. The framework emulates a real surrogate,
which is used to access a real web server. Although the
main goal of surrogates is to act as a cache for the most
popular server responses, in this work it is used as a predic-
tion engine. To this end, the surrogate adds new HTTP
headers to the server response together with the result of
the prediction algorithms.

The server in the framework is an Apache web server set
up to act as the original one. For this purpose, a CGI pro-
gram returns objects with the same size and MIME type
than those recorded in the traces.

The front end, or client part, represents the users’ behav-
ior exploring the Web with a prefetching enabled browser.
To model the set of users that access concurrently to a
given server, the simulator can be fed using either real or
synthetically generated traces. Simulated clients obtain
the results of the prediction engine from the response,
and prefetch the hinted objects in their idle times, as imple-
mented in Mozilla [20]. The simulator collects basic infor-
mation for each user request and writes it to a log file.
By analyzing this log at post-simulation time, all perfor-
mance metrics can be calculated.
3.2. Workload description

The behavior pattern of users was taken from three dif-
ferent logs. Traces A and B were collected during May
2003. They were obtained by filtering the accesses in the
log of a Squid proxy of the Polytechnic University of
Valencia. Trace A contains accesses to a news web server,
whereas trace B has the accesses to a student information
web server.

Trace C is the EPA-HTTP data set used in [21–23], pub-
licly available in the Web. Although it is a quite old trace (it
dates from 1995), it has been included to illustrate the dif-
ferent performance that prefetching achieves using old and
current traces.

The main characteristics of the traces are shown in
Table 1. As one can observe, the differences between new
Table 1
Traces characteristics

Characteristics Trace

A B C

Year 2003 2003 1995
Users 300 132 2330
Page accesses 2263 1646 20,683
Object accesses 65,569 36,837 47,748
Training accesses 35,000 5000 22,000
Avg. objects per page 28.97 22.38 2.30
Bytes transferred (MB) 218.09 142.49 285.29
Avg. object size (KB) 3.41 3.96 6.12
Avg. page size (KB) 98.68 88.64 14.12
Avg. HTML size (KB) 32.77 28.21 8.00
Avg. image size (KB) 2.36 2.83 4.71
Avg. page download time at 1 Mbps (s) 3.01 12.00 1.06
Avg. page download time at 8 Mbps (s) 2.95 11.24 –
and old traces are more evident in the amount of objects
per page and, consequently, in the page size. The training
length of each trace has been adjusted to optimize the per-
ceived latency reduction of the prefetching.

3.3. Prefetching algorithms

The experiments were run using five of the most widely
used prediction algorithms in the literature: four main vari-
ants of the Prediction by Partial Match (PPM) algorithm
[21,23,24,11–13] and the Dependency Graph (DG)-based
algorithm [5,13].

A Markov model is a finite-state machine (FSM) where
the next state depends only on the current state. The FSM
is represented as a directed cyclic graph where the weight of
the arc indicates the probability of making that transition.
When applied to the prediction of user accesses, each state
represents the context of the user, i.e., their recent past
accesses, and the transitions represent user demands. In
this sense, the probability attached to each transition is
the probability of accessing a given object. The main
parameter of a Markov model is the order, which refers
to the number of accesses that defines each different
context.

The PPM prediction algorithm uses Markov models of
m orders to store previous contexts. Predictions are
obtained from the comparison of the current context to
each Markov model. PPM algorithm has been proposed
to be applied either to each object access [21,23] or to each
page (i.e., each container object) accessed by the user
[24,11,12]. In addition, two ways of selecting which object
or page shall be predicted have been used: predicting the
top-n likely objects [21,11,23] and using a confidence
threshold [24,13,12]. The four variants resulting from
combining the unit of prediction (object or page) and
the way of selecting the candidates (top-n or using a
threshold) are implemented and analyzed. In the remain-
der of the paper, the variants are labeled as PPM-x–y,
where x can be OB or PG depending on the chosen ele-
ment of prediction (object or page, respectively), and y

can be TOP or TH depending on the way of selecting
the candidates (the most likely top-n or using a threshold,
respectively).

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. As defined in file systems prediction [25], and
implemented in web prefetching [5,26,13], there is an arc
from node A to B if and only if at some point in time a cli-
ent 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 aggressive-
ness is controlled by a cutoff threshold parameter applied
to the arcs weight.

Further details on how PPM and DG algorithms work
can be found in Section 5.4.
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4. Evaluation methodology

This section is aimed at introducing the performance
metrics considered and the cost-benefit methodology used
in the evaluation of the algorithms.

4.1. Performance indexes

One of the most important steps in a performance eval-
uation study is the correct choice of the performance
indexes. In this work, the algorithms performance has been
evaluated by using the main metrics related to the user-per-
ceived performance, prefetching costs and prediction per-
formance [17]:

• Latency per page ratio: the latency per page ratio is the
ratio of the latency that prefetching achieves to the
latency with no prefetching. The latency per page is cal-
culated by comparing the time between the browser ini-
tiation of an HTML page GET and the browser
reception of the last byte of the last embedded image
or object for that page. This metric represents the benefit
perceived by the user, which will be better as lower its
value is.

• Traffic Increase (DTr): the bytes transferred through the
network when prefetching is employed divided by the
bytes transferred when prefetching is not employed.
Notice that this metric includes both the extra bytes
wasted by prefetched objects that the user will never
use, and the network overhead produced by the transfer-
ence of the prefetch hints. The variant Object Traffic

Increase (DTrob) measures this cost in amount of objects.
Both indexes evaluate the costs that prefetching incurs
to achieve the benefits. They are better as lower their
value is.

• Recall (Rc): the ratio of objects requested by the user
that were previously prefetched. This metric is the pre-
diction index that better explains the latency per page
ratio [17], i.e., this is the benefit of the prefetching from
the prediction point of view. It ranges from 0 to 1, being
1 the best value. The variant Byte Recall (RcB) measures
the percentage of the bytes requested previously
prefetched.

• Precision (Pc): the ratio of prefetch hits to the total
number of objects prefetched. It ranges from 0 to 1,
being 1 the best value.

As it was demonstrated in [8], the metrics that concern
the prediction are interrelated as Eq. (1) shows

DTrob ¼ 1�RcþRc

Pc
ð1Þ
4.2. Cost-benefit methodology

Despite the fact that prefetching has been also used for
reducing the peaks of bandwidth demand [27], its primary
goal; i.e., the benefit, is usually the reduction of the user-
perceived latency. Therefore, the comparison of prefetch-
ing algorithms should be made from the user’s point of
view and using a cost-benefit analysis.

When predictions fail, prefetched objects waste user
and/or server resources, which can lead to a performance
degradation either for the user himself or for the rest of
users. Since in most proposals the client downloads the pre-
dicted objects in advance, the main cost of the latency
reduction in prefetching systems is the increment of the net-
work load. This increment has two sides: the increase in the
amount of bytes transferred and the increase of the server
requests. We use the Traffic Increase and the Object Traffic

Increase metrics to quantify the former and the latter,
respectively. As a consequence, the performance analysis
should consider the benefit of reducing the user-perceived
latency at the expense of increasing the network traffic
and the amount of requests to the server.

For comparison purposes, we have simulated systems
implementing the algorithms described above. Each simu-
lation experiment on a prefetching system takes as input
the user behavior, its available bandwidth and the prefetch-
ing parameters. The main results obtained are traffic
increase, object traffic increase, and latency per page ratio
values.

Comparisons of two different algorithms can only be
fairly made if either the benefit or the cost have the same
or close value. For instance, when two algorithms present
the same or very close values of traffic increase, the best
proposal is the one that presents less user-perceived
latency, and vice versa. For this reason, in this paper per-
formance comparisons are made through curves that
include different pairs of traffic increase and latency per
page ratio for each algorithm. To obtain each point in
the curve we varied the aggressiveness of the algorithm,
i.e., how much an algorithm will predict. This aggressive-
ness is controlled by a threshold parameter in those algo-
rithms that support it (i.e., DG, PPM-OB-TH, and PPM-
PG-TH) and by the number of returned predictions in
those based in the top-n (i.e., PPM-OB-TOP and PPM-
PG-TOP).

A plot can gather the curves obtained for each algorithm
in order to be compared. By drawing a line over the desired
latency reduction in this plot, one can obtain the traffic
increase of each algorithm. The best algorithm for achiev-
ing that latency per page is the one having less traffic
increase. We can proceed with the object traffic increase
metric, in a similar way.

5. Experimental results

5.1. Selecting algorithm parameters

Each algorithm evaluated has a parameter that refers to
the scope of the prediction. This parameter is the look-
ahead window size in the DG algorithm and the order in
the PPM. To identify which parameter value achieves the
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best performance, a subset of possible values is explored by
means of several experiments.

In this sense, we have simulated the trace A with the DG
and PPM-OB-TH algorithms. As one can observe in Fig. 2,
the lookahead window in DG has been ranged from 2 to 5,
whereas the maximum Markov chain order of the PPM has
been ranged from 1 to 4, as shown in Fig. 3. Each simu-
lated user has a connection of 1 Mbps of available band-
width. To build each curve, the cutoff threshold of both
algorithms has been ranged from 0.2 to 0.7, increasing in
steps of 0.1.

Results show that the lookahead window size in the DG
algorithm hardly impacts on the performance, since all
curves fall very close considering both cost factors, as
shown in Fig. 2. A deeper analysis of the results concludes
that an increase in the lookahead window size has an effect
similar to reducing the confidence threshold. This effect is
shown by the fact that the 0.2 threshold point in the curves
approaches the right side as the lookahead window size
increases. Therefore, in the following experiments we have
selected a window size of 2 since it is computationally more
efficient.

In a similar way, an increase of the maximum order of
the Markov model of the PPM predictor does not improve
the performance. Fig. 3a shows that curves of higher order
are further from the origin, which means that achieving the
same reduction of latency requires extra traffic increase.
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Fig. 3. Selection of the maximum order of the Markov model in PPM-OB-T
simulated. Each point in the curves represents a given threshold, from 0.2 (rig
When considering the object traffic increase (Fig. 3b) the
curves are closer among them, showing that similar perfor-
mance is achieved through all the simulated orders. As a
consequence, a Markov model of first-order will be used
in the remaining experiments using the PPM algorithm.
Similar results were obtained when trace B was used.

5.2. Old and current workload differences

The following experiments are aimed at showing how
web prefetching techniques have become less effective with
the evolution of the World Wide Web.

In [9], we studied the performance evolution of current
and old workloads from the prediction point of view. In
this paper, we evaluate the performance from the user’s
point of view, by using the DG and the PPM-OB-TH algo-
rithms. Figs. 4 and 5 illustrate the results for two different
user-available bandwidths, which represent dial-up and
DSL user, respectively.

Fig. 4 shows that for 1 Mbps users, web prefetching per-
formance is significantly worse under the current workload
(trace A). For instance, permitting a traffic increase of 35%,
DG algorithm reduces the user-perceived latency about
15% under the trace C (see Fig. 4a). However, this latency
reduction is only about 8% when using the trace A. The
same result is obtained if we consider as cost metric the
object traffic increase, as shown in Fig. 4b.
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Looking at Fig. 5 one can observe that the simulation of
48 kbps of available bandwidth per user exhibits a similar
trend. In this scenario, the worst case is even worse than
the 1-Mbps one, since the latency per page ratio is greater
than 1; i.e., the use of prefetching techniques adversely
impacts on the user-perceived latency.

This performance analysis from the user’s point of view
confirms our previous results from the prediction engine
side [9]. To date, the prefetching techniques proposed in
the literature achieve better results when applied to old
traces (which are more or less contemporary with the
prefetching proposals) than when they are applied under
current workloads. One of the reasons of these discourag-
ing results can be found in the dynamic nature of the
current web applications that make user’s accesses less
predictable.

Nevertheless, web prefetching techniques are more
interesting as the network bandwidth increases, which is
the current trend. Therefore, our main objective is to
explore Web prefetching benefits or drawbacks at present.
Hence we use current workloads in the analysis. This
means that there is no reason to think that prefetching
studies should be conducted using old traces. In this
paper, we claim that prefetching algorithms should be
rethought to take into account the characteristics of the
current web.
5.3. Algorithms comparison

Once the algorithms parameters and the workloads have
been selected, the algorithms are going to be compared
using the methodology described in Section 4.2. The com-
parisons have been broken down into two groups, since we
found that the results of the page-based algorithms (i.e.,
PPM-PG-TH and PPM-PG-TOP) show some odd behav-
ior. Hence their separated analysis.

Figs. 6 and 9 show the results of the performance com-
parison for the object-based algorithms described in Sec-
tion 3.3, while the results for the page-based algorithms
are shown in Fig. 11. Each algorithm is evaluated in four
situations, as a result of combining two workloads (i.e.,
A and B) with two configurations of the user-available
bandwidth (i.e., 1 and 8 Mbps). The curves of each plot
in DG and PPM-x-TH algorithms are obtained by varying
the confidence threshold of the algorithms, from 0.2 to 0.7
in steps of 0.1. To draw the curves of the PPM-x-TOP algo-
rithms, the number of returned predictions are ranged from
1 to 9 in steps of 1, except for 6 and 8. Results for traffic
increase and object traffic increase greater than 2 are not
represented in order to keep the plot focused on the area
where the algorithms can be compared.

Fig. 6a and b illustrates the performance evaluation of
the algorithms simulating users who have 1 Mbps of
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users, objects; (c) 8 Mbps users, bytes; (d) 8 Mbps users, objects.
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available bandwidth and behave in accordance with the
workload A. The first plot shows that, when considering
traffic increase as the key cost, DG algorithm achieves bet-
ter performance than the others in the range in which it is
evaluated, since its curve falls always below the ones of the
PPM algorithms. However, when the extra traffic is mea-
sured by means of the object traffic increase metric
(Fig. 6b), no significant performance differences can be
found between the different algorithms.

Curves of PPM-OB-TH and PPM-OB-TOP algorithms
exhibit peculiar behavior in Fig. 6a. As one can observe,
the PPM-OB-TOP curve seems to continue the curve of
the PPM-OB-TH. This fact, which is also reflected in the
other plots, means that selecting candidates by a cutoff
threshold makes less predictions than selecting them by
the top-n, although the overall performance is not consid-
erably affected.

When considering 8 Mbps users, the DG algorithm also
outperforms the others when the traffic increase is ana-
lyzed, as Fig. 6c shows. However, Fig. 6d reveals minor
performance differences between algorithms in terms of
object traffic increase.

From the prediction perspective, the reason why the DG
algorithm achieves better performance when considering
the traffic increase lies in the fact that it predicts more user
requests per each extra byte wasted by the prefetching; i.e.,
given a fixed recall value, DG generates less traffic increase
than the other three algorithms. Plots 7a and c show this
fact for both user’s bandwidths.
On the other hand, the reasons of the similar perfor-
mance exhibited in the comparisons that consider the
object traffic increase can be extracted from Fig. 7b and
d. They show that, given a fixed object traffic increase,
the recall is almost the same in the three algorithms. This
involves that the algorithms predict a similar amount of
user requests per each extra request to the server wasted
by the prefetching system. Taking into account Eq. (1),
one can observe that all the algorithms have the same pre-
cision. This, together with the fact that DG requires less
traffic increase than the others algorithms in order to reach
the same recall value, let us conclude that the objects pre-
fetched by DG are, on average, smaller than those pre-
fetched by the other algorithms. This result is also
noticed in Fig. 8, where DG is the algorithm with less Byte
Recall, i.e., given an object traffic increase, DG predicts the
same objects than the other algorithms (see Fig. 7b) but less
bytes (see Fig. 8). Plots for other combinations of workload
and available bandwidth show similar results, but are not
shown due to space restrictions. The reasons why the size
of the predicted objects differ among the different algo-
rithms are explained in Section 5.4.

Fig. 9 shows that the algorithms have less performance
differences when using the trace B for both user-available
bandwidths. DG algorithm slightly outperforms the others
when considering the wasted bytes as a cost in all its range
with the only exception of the most aggressive threshold
(i.e., th = 0.2), in which the PPM-OB-TOP algorithm
achieves a slightly lower latency with the same traffic
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Fig. 7. Performance comparison from the prediction point of view between object-based algorithms running trace A. (a) Prefetching recall versus traffic
increase simulating 1 Mbps users; (b) prefetching recall versus object traffic increase simulating 1 Mbps users; (c) prefetching recall versus traffic increase
simulating 8 Mbps users; (d) prefetching recall versus object traffic increase simulating 8 Mbps users.
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increase. When the cost analysis is focused on the amount
of objects, plots show the same conclusion as when evalu-
ating the workload A: performance differences are
negligible.

To complete this study, we also analyze results from the
prediction perspective. Fig. 10a and c reveals that the recall
value of the DG algorithm is the highest when compared to
the traffic increase, whereas there are no significant differ-
ences when compared to the object traffic increase (see
Fig. 10b and d). This fact shows that the DG algorithm
under the workload B predicts smaller objects than the
PPM algorithms, as well as it occurs when using workload A.

Fig. 11 illustrates the performance of the page-based
algorithms using both current traces and simulating users
of 8 Mbps available bandwidth. Both plots in the figure
refer to the latency versus traffic increase comparison,
and show almost horizontal curves. Fig. 11a shows that a
more aggressive policy will not reduce the perceived
latency. Fig. 11b manifests that increasing the traffic not
only does not involve latency reduction but it also
adversely impacts on the perceived latency. These results
indicate that the page-based algorithms are not scalable,
since they are only cost-effective when working in a non-
aggressive manner, i.e., high confidence threshold (0.7 or
0.6) and few predictions returned (top-1 maximum). From
the prediction point of view, the results are explained by
the fact that recall hardly rises when increasing the aggres-
siveness, so dropping the precision.

As page-based algorithms predict only HTML files, the
object traffic increase is negligible if compared to the traf-
fic increase in bytes of the same experiment. That is
because HTML objects are, on average, much larger than
the others in the considered workload (see Table 1). In
this sense, plots for comparing page-based algorithms
using object traffic increase show almost all points near
the left edge of the plot, which have not been included
because all points concentrate in a small area. For
instance, the run of the PPM-PG-TOP algorithm using a
top-1 under the workload A results in a traffic increase
of 25%, while the object traffic increase is just 1.3%.
Despite the small value of the object traffic increase, the
latency is not reduced with the extra aggressiveness, so
the algorithms are not also scalable when focusing the cost
analysis on the object traffic increase.
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Fig. 9. Performance comparison from the user’s point of view between objects based algorithms running trace B. (a) 1 Mbps users, bytes; (b) 1 Mbps
users, objects; (c) 8 Mbps users, bytes; (d) 8 Mbps users, objects.
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Fig. 11. Performance comparison between page-based algorithms with 8 Mbps users. Each point in the curves represents a given threshold in PPM-PG-
TH and a given number of returned hints in PPM-PG-TOP. (a) Workload A, bytes; (b) workload B, bytes.

Fig. 13. State of the graph of a first-order PPM algorithm after the
accesses HTML1, IMG1, HTML2, and IMG2 by one user; and HTML1,
IMG1, HTML3, and IMG2 by another user.
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5.4. Algorithms analysis

To provide insights on the understanding of why DG
predicts objects smaller than PPM, we carefully analyzed
the requests contained in the traces. We found that the
main reason why algorithms predict different sized objects
lies in the fact that DG predicts more likely image objects
than HTML files, which are larger (see Table 1).

For illustrative purposes, in this section we use an hypo-
thetical example. Let’s suppose that the algorithms are
trained by two user sessions. The first one contains the fol-
lowing accesses: HTML1, IMG1, HTML2, and IMG2.
The second session includes the accesses: HTML1,
IMG1, HTML3, and IMG2. Note that IMG2 is embedded
both in HTML2 and in HTML3. We found that this fact is
common along the analyzed workloads, especially in work-
load A, where different pieces of news (i.e., HTML files)
contain the same embedded images, since they are included
in the site structure. Fig. 12 shows the state of the graph of
the current configuration of the DG algorithm after the
aforementioned training. Each node in the graph repre-
Fig. 12. State of the graph of the DG algorithm with a lookahead window
size of 2 after the accesses HTML1, IMG1, HTML2, and IMG2 by one
user; and HTML1, IMG1, HTML3, and IMG2 by another user.
sents an object whereas the weight of each arc is the confi-
dence level of the transition. The state of the PPM
algorithm after the same training is illustrated in Fig. 13.
Each node represents a context, where the root node is in
the first row, the order-0 context is in the second, and the
order-1 context is in the third. The label of each node
includes the number of times in which a context has
appeared, so one can obtain the confidence of a transition
by dividing the counter of a node by the counter of its
parent. The arcs indicate the possible transitions. For
instance, the label of the IMG2 in order-0 context is 2
because IMG2 appeared twice in the training. As it
appeared once after HTML2 and another after HTML3,
IMG2 has two nodes in the order-1 context, one per each
HTML on which it depends.

As one can observe in Fig. 12, the DG algorithm can
predict the access to IMG2 after accessing the first page,
i.e., HTML1 and IMG1. However, Fig. 13 shows that
PPM can only predict IMG2 when the user has requested
HTML2 or HTML3, but at that time the prediction is use-
less since there is no time to prefetch the object. For this
reason, the DG algorithm predicts more likely embedded
objects of the next page than the PPM, which would pre-
dict only HTML files after the IMG1 object.
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6. Conclusions

In this paper we have described a cost-benefit methodol-
ogy to evaluate and compare prefetching algorithms from
the user’s perspective. The methodology has been used
for selecting the most effective algorithm parameters, con-
cluding that a higher complexity of the algorithm involves
more aggressiveness but not better performance. The
evaluation methodology also highlights how performance
achieved by the prefetching techniques differs depending
on the workload age. Results show that there is no reason
to think that prefetching studies should be conducted using
old traces.

Using the proposed methodology, five prediction
algorithms have been implemented and compared.
Experimental results show that DG algorithm slightly
outperforms the PPM-OB-TH and the PPM-OB-TOP
algorithms in most of the studied cases, when consider-
ing the traffic increase as the main cost. However, the
aggressiveness (and, consequently, the latency reduc-
tion) of the DG is more limited than the PPM-OB-
TOP one. For this reason, when prefetching is not
desired to be very aggressive due to bandwidth or com-
putational restrictions, DG achieves the best cost-effec-
tiveness. However, for more aggressive policies, a
larger DG lookahead window or the PPM-OB-TOP algo-
rithm should be used.

We have analyzed why the DG algorithms achieves bet-
ter performance, finding that it is because, on average, DG
predicts objects smaller than the PPM-based algorithms.
This result has been intuitively explained by understanding
how the algorithms work.

The comparison of the algorithms when the cost analy-
sis focuses on the object traffic increase shows that the
differences between the object-based algorithms are negligi-
ble. Results also show that the PPM-OB-TOP algorithm is
a more aggressive version of the PPM-OB-TH, but it offers
similar cost-benefit ratio. Nevertheless, it is more difficult
to adapt PPM-OB-TOP to the traffic increase restrictions,
since the number of returned hints is discrete whereas the
threshold is continuous.

Page-based algorithms have exhibited a certain odd
behavior, since extra aggressiveness involves extra traffic
but the same or less latency reduction. This fact means that
the most likely predicted pages reduce the perceived
latency, but the others not only do not reduce the latency
but also they can degrade the performance. In this sense,
these algorithms cannot modify their aggressiveness since
they must work with a high confidence to be cost-effective.
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