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ABSTRACT

The perceived latency for a user surfing the Internet is
the target of a transparent and speculative algorithm
that relies on a user behavior model. The model is
based on past user behavior and in combination with
a weighting scheme for the outbound links of a particu-
lar web page, aims at reducing the perceived latencies.
The assistance is in the form of prefetching some linked
web pages and storing them in the browser’s cache. A
comparison between the proposed algorithms against
two other prefetching algorithms yield improved cache-
hit rates given a moderate bandwidth overhead. Fur-
thermore, the experimental results are proven to be
statistically significant.
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1 Introduction

Thanks to the ever growing popularity of the World
Wide Web and the familiarization of the average users
with this new medium as well as the ever increasing
use of multimedia content the User Perceived Laten-
cies (UPL) for web pages hosted in a plethora of the
web servers are extremely high. The time it takes
to download a particular document can be increased
furthermore when the user’s Internet Service Provider
(ISP) performance is added in the above equation. In
that case, UPL becomes also a product of the connec-
tion speed from both the user’s ISP and the respective
backbone provider.

It is obvious that a decent response time have
positive effects on both the users and the web sites.
The satisfaction perceived due to the productivity in-
crease for the end-user is reflected back to the web site.
A rather old but still useful study conducted in 1999
by Zona Research Inc. provides evidence that if a site
takes more than eight seconds to load then the user
is much more likely to search for an alternative source
provider [1]. The above time frame might seem far-
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fetched but intuition says that there should definitely
be a time threshold above which an average user will
give up waiting for the document to be downloaded
and move to other directions.

A plethora of solutions have been suggested and
are currently implemented in an effort to decrease the
UPL. The solutions cover a wide range of fast connec-
tions (xDSL, LAN, cable modem etc) or alternative
communication technologies (satellite, wireless, radio
LANs etc). Moreover, fast servers in hardware and
software level, increased bandwidth either from a sin-
gle backbone provider or from multiple providers and
usage of proxy servers by the ISP for local cashing
of frequent or “popular” documents. Finally, server
side proxies and distributed servers for traffic balanc-
ing (bandwidth management using multiple servers)
are also used by popular web sites, which can sub-
stantially improve typical response times. Still, the
latencies exist and are unfortunately amplified when
the user is visiting web pages and documents that has
never visited in the past.

Another possibility for retrieval latency reduction
without hardware modifications and extra costs for the
end-user can come from the usage of the browser’s
cache [2, 3]. In this approach the documents that
have higher probability to be accessed are prefetched
and stored locally in the browser’s cache. The next
requests for one of these documents is served instantly
since the document already exist locally thus avoid-
ing any unnecessary connection to some remote server.
Locally serving the document avoids all the delays pre-
viously mentioned.

Naturally a difficulty that arise here is to accu-
rately determine the forthcoming requests in order to
prefetch these documents into a local cache. This is
in order to raise the probability of correctly captur-
ing the users interest. In that case some prefetched
documents may and will never be used resulting in a
waste of bandwidth and an increased workload for the
servers. Therefore, the constraint to be met is to de-
termine as accurate as possible the user’s interests in
order to download only the documents that are of the
user’s interest and reduce the erroneous downloadings.

In this paper we will present an algorithm that



models the user’s past Internet behavior. The pro-
posed algorithm creates a user profile using the fre-
quency of occurrence of a selected subset of the bi-
grams forming the visited web pages. These frequen-
cies are then used in conjunction with the text an-
chored around the outbound links to compute weights
for these links. Subsequently, the algorithm retrieves
the linked documents according to the computed
weights.

In what follows, Section 2 provides the needed de-
tails for the preprocessing of the web pages, the evalu-
ation of the contextual statistics for the bigrams form-
ing the visited web pages, the creation of the user’s
profile, the prediction scheme which assigns weights to
the outbound links and finally, the usage of user input
in some stage of the algorithm. Section 3 provides the
experimental results which are based on the cache-hit
ratio, the usefulness of prediction, the fractional la-
tency reduction and the fractional network traffic. Fi-
nally, Section 4 provides a statistical evaluation of the
experimental results.

2 Proposed Algorithm

This paper provides a novel transparent and specula-
tive prefetching algorithm for Web documents on be-
half of the user. By “transparent” we mean that the
user is not involved in the selection of the documents
to be prefetched and “speculative” means that the al-
gorithm “predicts” the user’s future requests based on
knowledge acquainted during past references. There-
fore, a user profile needs to be created based on the
user’s past behavior. In doing so it is assumed that
there is a correlation between the textual content of
the web pages viewed by the user and the particular
user’s interests. Subsequently, the textual information
extracted from the visited pages is stored in a profile
and used in order to decide which of the documents
linked on the currently viewed page to be retrieved for
probable latter request.

The correlation between content and user pref-
erences is unknown but there is no non-invasive and
direct method to assess the degree of that correlation.
Therefore we need to rely on indirect approaches to
filter out the non-relative content. This chapter will
provide a plethora of tools used in that direction.

2.1 Preprocessing

The first step toward the formation of the profile is the
retrieval of the starting page for the user. A Perl script
based on the libwww library is used for that purpose.
Subsequently the retrieved document is preprocessed
through the following stages:

e Identification of the outbound links and the an-
chored text around them.

e Elimination of the links that the browser defi-
nitely should not prefetch. That category com-
prises of pages with time critical data and pages
that are already in the cache either from an earlier
access or prefetch.

e Removal of the HTML tags and entities.

e Removal of numbers and punctuation marks. The
sole punctuation mark left intact is the full stop.
This is done in order to provide a rough sentence
delimiter.

e Text cleaning is applied by removing some com-
mon English words such as articles, determin-
ers, prepositions, pronouns, conjunctions, comple-
mentizers, abbreviations. Non-English frequent
terms were also removed by applying stopping.

e Subsequently stemming is performed. Stemming
refers to the elimination of the word suffixes so
that the vocabulary shrinks, although it keeps the
informative context of the text. The commonly
used Porter stemmer was applied [4].

It should be noted here that the proposed algorithm
can easily handle any type of web pages regardless
of the charset parameter. That is, depending on the
charset parameter different stemming algorithms can
be utilized. Moreover, the usage of stemming can be
totally ignored although a degradation of the prefetch-
ing effectiveness is then unavoidable.

After the above mentioned preprocessing steps
the resulted web page contains a plethora of stems.
Some of these stems may actually characterize the
user’s interests. In order to identify which of these
terms should be associated with the user’s profile
we will take into consideration the so-called low-to-
medium “law” from the Information Retrieval commu-
nity. According to this law the terms whose document
frequency is low-to-medium are the most informative
ones [5, 6]. The above low implies that the stems with
low document frequency are not informative regarding
the actual content of the documents; they rather help
in the formation of the text inside the sentences and
the pages and therefore can be eliminated. In the case
under consideration the high-frequency stems whose
cumulative probability equals 10% of the total prob-
ability mass as well as the low-frequency stems with
the same cumulative probability are eliminated.

2.2 Contextual statistics evaluation

For the construction of the user’s profile the algorithm
will evaluate the contextual statistics of the stems that
remained after the preprocessing step. A well-know
modeling method from the statistical language model-
ing community will be used here [6]. Let S = {s;}



denote the set of stems (vocabulary) found in the col-
lection of documents, where i € {1,2,...,|S|} and
| - | denotes the cardinality of a set. The a priori
probability P(sis}...s}, ) of the sequence sis}... sk,
with s € S can be expressed as the product of con-
ditional probabilities P(sss...s% ) = [[im, P(s}|hs)
where h; = {s}‘sg . .s;?‘_l} denotes the history of the
ith stem.

In this paper, we adopt the bigram model where
only one preceding stem is used to encode each stem,
1.e. ( )

- 1 _ nSi—1,8i
P (si|h;) ~ P (si|si—1) 1 (5i-1) (1)
with 7 (s;—1,s;) and 7 (s;—1) denoting the number of
observed bigrams (s;—1,s;) and stem types s;_1, re-
spectively, in the collection of processed documents.

2.3 Profile creation

Let Ay a denote the bigram-to-document indicator
matrix, that is, Ax ap = (a;;) where N denotes the
number of bigrams seen by the algorithm so far and M
denotes the number of documents visited by the user.
Furthermore, a;; is a boolean valued variable where
a;; = 1 when the ith bigram is present in the jth doc-
ument and a;; = 0 when the bigram is absent. It must
be noted here that Ay s comprises of the documents
that the user have visited and not the documents that
were selected for prefetching by the algorithm. Let
also F = (fb2d (bl) 5 fb2d (bg) ) fb2d (bN)) denote
the global bigram-to-document frequencies, where
fo2d (b;) = 224:1 a;k, that is the number of documents
in which the 7th bigram is present at least once. Ob-
viously, high bigram-to-document frequencies signify
important bigrams since they are found nearly in all
the documents visited by the user. Therefore, these
bigrams with high document frequency will be used to
model the user behavior. By thresholding the low fre-
quent bigrams (grayed area) the algorithm forms the
user profile.

2.4 Prediction algorithm

The anticipation of future actions based on a model
of past behavior has gained much attention in recent
years. Such a model can be build either in active mode
where the user provides input and builds a personal
profile or in passive mode where the user’s behavior
is observed but no input is required [7]. The passive
mode of creation which was described in the subsection
2.3 will be used for the prediction of future actions
and its prediction accuracy will be enhanced by using
limited user input.

Let B denote the set of bigrams comprising the
user’s profile, that is, B = {bl,bg, .. .,b|3‘}. Let also
X, denote the bag of bigrams, X; = {b‘f, bs, ..., bfls}7

associated with the sth outbound link in the page cur-
rently displayed by the browser where ns corresponds
to the number of bigrams in this particular document.
In order to assign a weight to a particular link the pro-
posed algorithm will take into consideration the fact
that the frequency of appearance for a given bigram
denotes the bigram’s importance for the user. So, by
adding the frequencies of the bigrams comprising a
particular link the algorithm can get a rough approxi-
mation of its importance. The previous is transcribed
into :

ns

‘21 fv2a (b7)
s _ i=
wy = Tow . (2)
Unfortunately, the global bigram-to-document
frequency might not reflect the true trends of the user’s
interest when surfing the net; rather the method of pre-
senting the information contained in the web pages.
On the other hand the user’s interest is reflected by
the path of followed links. In that case the algorithm
must exploit this information as well. And since the
selection of a link is governed by the text anchored
around the particular link, this textual information is
a vital sign of the user’s preference. In order to grasp
the user’s behavior, the anchored text around the vis-
ited as well as the non-visited links must be taken
into consideration. In doing so the algorithm keeps a
record of the frequency of appearance for each bigram
in the anchored text in both the visited and the non-
visited links. That is, for each bigram b; corresponds
two different counters. The first counter which will be
denoted by vy (b;) records the frequency of appear-
ance of the bigram in the visited links. The second
counter is denoted by myg; (b;) and corresponds to the
frequency of the links that were not visited by the user.
Then the importance of that bigram is:

b2t (bi) o (bi)
P q ¥

where p is the total number of visited links and ¢ the
number of non-visited links. So, the weight of the link
according to the contribution of the bigrams found
around the links is:

Wy = i [szl (67) _ mua (87) ] ()

i=1 p 4

And the weight of the sth link is determined by the
following linear combination:

Ts = awi + (1 — a) w; (5)

where a € {0, 1} is a scaling parameter. This param-
eter is adjusted by the user and manages the aggres-
siveness of the prediction. What this means is that
although the content of the visited pages might reveal
partially the preferences its the path of visited links



that captures the user’s attention. Therefore, if the
user feels confident that the visited links are relevant
to the preferences and not just a simple random walk
then the parameter a can be set close to unity other
wise it can be set to any other value. By set the value
equal or close to one any random walking in the past
has a very little effect in the final performance.

2.5 User input

Since the extraction of a reliable user model or profile
is extremely difficult, due to the complexity of natu-
ral language, and despite of all the preprocessing steps
taken, user input can be used in order to elevate the
overall performance of the suggesting weighting algo-
rithm. More specifically, the user can suggest to the
algorithm a list of keywords that signify his or her
special interest. This list can be enriched with extra
keywords using a thesaurus.

The user suggested keywords are used by the al-
gorithm in a way similar to the bigrams in the text an-
chored around a link. Let k;,i = 1,2,..., N; denote
the user defined keywords, where Nj is the number
of suggested keywords. For each of the keywords the
algorithm keeps two counters. The first one, 7, (k;),
denotes the frequency of the ith keyword in the visited
links whereas the second counter, 7, (k;), denotes the
frequency in the non visited links. So the importance
of the ith keyword is:

Tl (kz) v (kz)
P q

(6)

But since the user provided keywords are more im-
portant than the automatically extracted bigrams the
following scaling parameter is used to empower their
importance:

max ( Fuoa (B2, {”W (b7) _ sz (5 )D NG

p q

So the total weight for the sth link:
T, = aw;+(1—a)ws

Ny
lzzlmax () |:77v§)k11) _ nnvq(ki)i| I (k;, Xs)
1=

+ . ®)

ST (ki X
=1

1=

where I (k;,Xs) is an indicator factor that
takes the wvalue 1 if the wuser supplied key-
word is present in the anchored text and

Q= {fb2d ®2), [M—M}} It must be

P q
noted here that the input from the user is not needed

but it always helps elevate the performance of the
algorithm.

3 Assessment of the prefetching capa-
bilities

The performance of the proposed algorithm is tested
against three different prefetching algorithms which
are:

e top-down algorithm
e random permutation of the outbound links

e weighting of the links according to the bigrams
forming the link text (no usage of the anchored
text around the link)

In evaluating the performance of the algorithms a trace
consisting of nearly 450000 individual web pages was
used for training and a trace of 150000 pages was used
for testing. An important note here is that the contex-
tual statistics that were accumulated during the train-
ing phase of the experiment were the starting point for
the proposed prefetching algorithm for each volunteer
individually, during the testing phase. Moreover, these
statistics were constantly updated during the testing
phase for each user separately.

The performance metrics employed are the cache-
hit ratio, the usefulness of prediction, the fractional la-
tency reduction and the fractional network traffic [8].
Cache-hit ratio is the ratio of prefetched pages that
a user requested to all the pages the prefetch agent
retrieved and represents the accuracy of the predic-
tion. The above metric constitute the accuracy of the
prediction. Usefulness of predictions is the quantita-
tive relation between the useful prefetched pages (that
the user requested) to all the requested pages. Liter-
ally, it corresponds to the coverage of the prediction.
Fractional latency reduction is the ratio between the
decrease due to prefetching of the observed UPL with-
out a caching system (UPLy,,) from the UPL with a
caching system (UPL,) to the observed UPL without
caching (UPL,y). Finally, fractional network traffic
is the ratio between the amount of bytes transmit-
ted from a web server to the user’s client to the total
number of bytes requested. It represents the band-
width overhead added to the network traffic of the non
prefetched case, when prefetching is engaged. It is ob-
vious that since some of the future behavior will not
be predicted precisely some of the prefetched docu-
ments will never be requested. These redundant doc-
uments add undesired network traffic and should not
have been prefetched.

Figure 1(a) depicts the cache-hit ratio curves for
each of the four prefetching algorithms. The proposed
algorithm corresponds to the curve labeled as “Bi-
grams in anchored text”. The in question figure de-
picts the average cache-hit curves for all the volunteers
in predefined steps of the outbound links volume. It
is important to note that interpolation has been ap-
plied during the formation of these curves when it was



needed. The necessity for interpolation is justified in
the cases when the percentage of outbound links in a
page is not an integer number. That is, when a page
has for example nine outbound links, then prefetch-
ing 30% of the links implies 2.7 prefetches which is
unfeasible. In that case, the cache-hit ratio was cal-
culated by interpolating the closest values available.
From the figure it is evident that all curves will con-
verge to the same cache-hit point when all the out-
bound links will be fetched. This is inevitable since the
number of useful outbound links is not a function of
the prefetching mechanism employed, rather than the
personal preferences of each user. Furthermore, the
proposed algorithm exhibits better performance than
its prime candidate, the “Bigrams in link description”,
in each prefetch volume, with a maximum difference
of 12.2% higher cache-hit rate which is achieved at
a 30% prefetch volume. Figure 1(b) depicts the use-
fulness of the prediction. From this figure is apparent
that the significant increase of hit ratio is induced with
less significant cost in the usefulness (maximum ob-
served overhead between the proposed algorithm and
its prime candidate is 9.05% when there is an 80%
prefetching). Finally, as it can be seen in Fig. 1(c),
prefetching does reduce network latency in all prefetch
volumes whereas the bandwidth overhead is more or
less the same for all the algorithms (Fig. 1(d)). The
latency is reduced from around 25% to 30% when only
10% of the links are retrieved to nearly 75% when 90%
of the links have been prefetched. At the same time
the prime candidate achieves similar but less satisfac-
tory results with a difference in the reduction of the
latency in the range from 1% to 5% when again com-
pared with the prime candidate which is the “Bigrams
in the link description”.

4 Statistical evaluation

To assess whether the observed differences in the eval-
uation between the proposed algorithm and the other
three algorithms are really meaningful or merely a
chance, a hypothesis test is employed. Several hypoth-
esis tests can be used that range from the ¢-test and the
signed rank test to the Wilcoxon test and the one-way
ANOVA test when comparing between two different
algorithms [9]. For comparing more than two algo-
rithms simultaneously, the two-way ANOVA test and
the Friedman test can be employed [5, 9, 10].

To compare the performance between these al-
gorithms, the two-way analysis of variance (ANOVA)
will be employed. The null hypothesis to be tested is
that the mean hit score for each algorithm is statisti-
cally equal under the alternative hypothesis which is
the negation of Hy. If H; is accepted, then at least one
of the algorithms under consideration exhibit mean hit
score statistically significant than the rest of the algo-
rithms. In that case a pairwise tests for differences in

Table 1. Two sample t-test - Rejection of Hy

Cache-hit Net. traffic

Algorithms | 0.05 | 0.01 | 0.05 | 0.01
1—-4 true | true | false | false
2—4 true | true | false | false
3—4 true | false | false | false

the average hit scores must be carried out.

The F'4 value computed for the four algorithms
is 5.189 and the p-value for the null hypothesis is
1.08 x 1072. This lead to the assumption that for
at least one of the algorithms the mean value is sig-
nificantly different. In order to verify the superiority
of the proposed algorithm we will perform two sample
t-test for each pair of algorithms. The null hypothesis
for the two sample t-test is that the algorithms being
tested are not significantly different. The results of the
pair-wise t-test can be seen in Table 1. From the ta-
ble is evident that statistically the proposed algorithm
exhibits superior performance that the rest of the al-
gorithms in both significant levels except in the case
of the algorithm termed “Bigrams in link description”
for a significance level of 0.01. Furthermore, the null
hypothesis can not be rejected for and pair of prefetch-
ing schemes when it comes to the fractional network
traffic for both significance levels.

In Table 1 and in the first column the associa-
tion between numbers and algorithms is as follows;
1:top-down algorithm, 2:random permutation of the
outbound links, 3: bigrams in link description and 4:
bigrams in anchored text.

5 Conclusions

A novel transparent and speculative algorithm was
proposed in this paper in an effort to model the user’s
behavior when surfing the Internet. The proposed al-
gorithm relies on the frequency of occurrence for se-
lected bigrams forming the visited web pages. The
constructed model is used for the prediction of fu-
ture actions. The proposed algorithm has been tested
against three other algorithms and demonstrated su-
perior performance in predicting the user’s future re-
quests which was proven to be statistically significant.
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