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ABSTRACT
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Advisor: Dr. Deborah Stacey

As the World Wide Web becomes increasing popular, internet traffic also increases, thus
increasing user perceived latency (UPL). Web page prefetching is seen as a potential solution. It
involves trying to predict the user's next request and acquiring that web page while the user is
busy reading their current web page. Prefetching has been an area of research interest in wired
systems. Such research has shown that prefetching does lead to a reduction in UPL. However
prefetching research for wireless mesh networks, where unlike wired systems, data traffic
traverses through multiple mesh routers, which are susceptible to failure, and which can be used
by numerous mesh clients to access a gateway access point is nil. This thesis applies the
principles of prefetching to wireless mesh networks. Test results show for mesh clients, UPL is
indeed decreased. Moreover this decrease in user perceived latency is also accompanied with
the interesting result that there is a transformation in the distribution shape of UPLs as one goes
from a wireless mesh network system that does not engage in prefetching to one that does use
prefetching.
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Chapter 1: Introduction
1.1 Wireless Networks
A wireless network is an interconnection of computers that communicate via the
electromagnetic spectrum. There are many advantages to using wireless networks over wired
networks. One major advantage is the negation for the need of cables because adding cables to
support wired networking is time consuming and costly [55, 56, 57].
Wireless networks are categorized by their coverage. For example a wireless personal
area network (WPAN) is a small network centered around a user’s workspace such as an office
or home as depicted in Figure 1.1 below.

Figure 0.1 Wireless Personal Area Network Model
from [58]

A local area network (LAN) has a much larger coverage area. It is common for a LAN to
have a coverage area of a few buildings. Figure 1.2 below depicts such a network.
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Figure 0.2 Local Area Network from [59]

A wireless network that has a larger coverage area than a LAN is a metropolitan area
network (MAN). MANs are responsible for connecting numerous LANs together as depicted in
Figure 1.3.

Figure 0.3 Metropolitan Area Network from [60]

The network that covers cities and is responsible for connecting MANs is the wide area
network (WAN) shown in Figure 1.4.
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Figure 0.4 Wide Area Network from [60]

One major limitation of earlier wireless networks was the point to multi-point paradigm –
one base station providing coverage to numerous computers [133]. Moreover data transferral
between a base station and computers was single hop. Therefore the coverage was poor. One
way to increase coverage was to use the multi-hop paradigm [133]. This naturally paved the way
for the concept of wireless mesh networks (WMN). It is because of a WMN’s ability to extend
coverage, that they are a solution to last mile broadband Internet access problem [22].

1.2 Overview of Wireless Mesh Networks
WMNs are made of nodes organized in a mesh structure. WMNs are composed of three
node types. 1) Mesh Clients (MCs), 2) Mesh Routers (MRs) and 3) Gateways (GWs) as shown in
Figure 1.5 below.
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Figure 0.5 Wireless Mesh Network Hierarchy from [64]

The MCs at the bottom of Figure 1.5 are where the data flow originates and terminates.
MRs are responsible for providing coverage. They are akin to cellular towers. They are also
responsible for forwarding traffic between nodes, thus providing numerous routes between an
MC to the GW [88]. Gateways serve as access points to the Internet or local network. In
comparison to the number of MCs and MRs, there are relatively few GWs in a WMN [88].
Because the MRs can be placed anywhere, WMNs are ideal for areas where it is
impractical to have wired Internet connectivity such as in inhospitable terrains. Moreover, by
virtue of making use of wireless channels, it is easy to add new MCs, MRs and GWs to the
WMN thus increasing the coverage. Because of the aforementioned reasons, WMNs have
become a popular option of gaining Internet access [88].
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Despite the benefits of a WMN, it does have one major setback. It is susceptible to node
failure. Therefore, if an MR fails and it is in the data route of an MC, messages from that MC
will be dropped.
Despite the drawback of WMN, its advantages outweigh its disadvantages. Consequently,
WMNs have found their application in various scenarios such as community and neighborhood
networking, enterprise networking, emergency situations, and ubiquitous wireless Internet access
[13].

1.3 The Need for Prefetching
WMN have given people another avenue to access the Internet. However, it is not enough
that people have access to the Internet, they want to access it as fast as possible. People do not
just want to access web pages, they want to access web pages faster. One problem affecting the
speed that users can access the Internet is Internet traffic. Unfortunately, however Internet traffic
is constantly increasing [30]. This can be attributed to a continually increasing use of its most
popular service – the World Wide Web (WWW). Regarding the WWW, one of the main
activities people engage in is surfing – the act of following links and browsing web pages [36]. It
is possible to imagine individuals spending hours going through web pages on the WWW. It is
even reasonable to imagine thousands upon thousands of users surfing the net at the same time in
the same network. So one can see how the problem of Internet traffic easily arises. The increase
of internet traffic leads to the problem of increased latency. There are two types of latencies that
can occur, a physical latency and a mental latency.
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1.3.1 The Physical Latency - Travel Time

The first is the actual physical time delay from when a message is transmitted from one
computer and received by another [14]. In this thesis, the actual physical time delay that has
elapsed from when a user requests a web page and when they receive the desired web page is
referred as the Travel Time (TT) because the time delay is caused by the user’s request travelling
through the network.

1.3.2 The Mental Latency - User Perceived Latency

The second form of latency that can occur with increased traffic is a mental latency. It is
the latency the user perceives to have passed between when the user requests a web page and
when they receive their desired web page. This mental latency is called the User Perceived
Latency (UPL).

1.3.3 TT vs UPL and how Prefetching can Decrease UPL

Typically when a user requests a web page, the time the user waits before they receive
their desired web page is the time of the web page request travelling through the network. In this
case, the UPL and TT are the same. However, the premise of prefetching is that a web page is
retrieved while the user is busy reading and hopefully it is the correct web page so that when the
user is done with their current web page, their desired web page is already there. If that is the
case, while the prefetched page does have a TT because the request travels through the network,
the user is not affected because the request is made and received while the user is on their current
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web page. In fact, the user perceives to experience no latency because their desired web page is
already there. So in the case where there is no prefetching, UPL and TT are the same, but in the
case where there is prefetching, UPL and TT are not necessarily the same. Since it is the UPL
that affects the quality of service, it is the type of latency that is the utmost of importance in this
thesis.

1.3.4 Web Prefetching as a Masking Solution

As previously mentioned, there is an increase of Internet traffic which increases latency,
both physical and mental. It is not possible to eliminate the physical latency because time will
always be required for user requests to traverse the network. What prefetching can do is give the
user the illusion that their request was faster, when in reality, the web page they desired was in
the cache waiting for them to access it. As internet traffic continues to increase web page
prefetching can be a way to assuage impatient users in their web surfing activities.

1.4 The Downside of Prefetching

Since prefetching is speculative [4], it inherently incorporates uncertainty. Therefore the
prefetching system can prefetch the wrong resource, even if that resource had a high probability
of being selected. This causes cache pollution. Other negative side effects of prefetching sites
that a user will not request include, wasting bandwidth, and overloading the server [4].
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1.5 Questions Raised by Prefetching

One question raised by prefetching is what exactly to prefetch. To better understand this
concern, consider the following scenario provided by Srinivasan in [1]. A user is on a web page
that has several embedded links. A user is likely to click on one of the links. If a URL is fetched
after it has been clicked, the user will have to wait for the web resource to be downloaded.
Should the prefetching system acquire all resources? It is possible to prefetch all the web links.
Although this reduces latency, resources are wasted since the user is unlikely to visit all links on
a web page. To minimize both latency and use of resources, according to [1], it is better to only
prefetch the links that have a high probability of being requested.
Another question raised by prefetching is when should a client prefetch. Should
prefetching be done in times of high network traffic? To address the problem of prefetching in
times of high network traffic, Marquez et al in [25] developed an intelligent prefetching system
where the prefetching engine dynamically adjusts the amount of prefetches depending on system
conditions. This has two effects: controlling 1) the amount of traffic increase and 2) the server
load [1].
Another question raised by prefetching is who does the prefetching? Prefetching can be
done by either the server, proxy or client. There is no consensus whether it is better to prefetch
on the client side or on the server side. According to [5], performing the predictions at the server
is beneficial because the volume of clients visiting the server can provide the prediction engine
statistics of user requests. Based on this information, predictions can be made as to which
requests are made the most. But according to [6], prefetching should be done by proxy servers
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while according to [3,7,8] prefetching is best done on the client side because individuals have
their own unique needs that do not necessarily conform to group needs.
As shown, there have been several questions asked regarding prefetching for wired
systems. For WMNs, the question which this research addresses, is should prefetching be done in
a WMN which is susceptible to node disconnections?

1.6 Motivation for Conducting Research in Prefetching for WMN

Prefetching for the goal of acquiring resources quickly is a burgeoning field. However,
the majority of research in prefetching research has been in the domain of wired systems. There
is research conducted in wireless systems but it pales in comparison to the amount of research
conducted for wired systems. When specifically considering the amount of research that has been
conducted specifically for WMN, the amount is even less.

1.7 Objectives

The methodology used for this thesis will be computer simulation. Justification for this is
given in Chapter 3.
The goal of this thesis is to show that the UPL can be decreased for MCs of a WMN.
Simulation is the research tool of this thesis which involves mimicking users surfing through
web pages while being part of a WMN. There are three separate objectives which must be met to
fulfill the goals of the simulation.
Since it is essential to mimic users surfing through webpage, the first objective is to find
9

a model of the WWW that can be used for this thesis. There are two issues regarding finding an
adequate model of the WWW. The first issue is the size of the WWW and the second is the type
of network used to portray the WWW. This will be explained in Section 3.1
The second objective is modeling a user’s online activity. This involves two things: 1)
simulating the user selecting a page - in other words their browsing activity , and 2) simulating
the user’s read time while on said page. This will be explained further in Section 3.2

The final objective involves modeling a WMN. In a WMN, traffic originates at MCs who
make requests. It is how the request goes from the requesting MC to the intended server that
separates WMNs from other wireless networks and wired systems. In comparing WMN to other
wireless systems, the separating characteristic is the multi hop nature of message passing as a
message hops from one MR to another as it traverses the network to reach the intended GW to
access the WWW. A more thorough explanation of simulating the WMN is given in Section 3.3.
Once all three objectives have been met a comparison between a WMN that does not
make use of a prefetching and one that does can be compared.

1.8 Thesis Statement

Prefetching users' future web page requests while they are busy on their current web
page will decrease the UPL for MCs of a WMN. This is despite the fact that MRs, who are
responsible for trafficking data, are susceptible to failure. Results of this thesis also show that
that not only is UPL decreased but that the distribution of UPL from a WMN that does not use
prefetching will change from a right skewed distribution to a normal distribution as prefetching
is introduced.
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1.9 Contribution and Scope of Work

To my knowledge this is the only research being conducted that applies prefetching to
WMNs. It is my hope that this research serves as a spring board for others to conduct research in
applying prefetching to WMNs.
The scope of this research is for backbone WMN where GWs can be trusted and that
MRs and ISPs have a trust relationship. Through computer experiments we see how prefetching
affects a WMN by altering the user’s page selection frequencies by tuning the Back Track
Probability Parameter (BTP). We also see how disconnecting MRs affect the behavior of the
system by altering the Mesh Router Disconnection Probability (MRDP).
As previously mentioned, there has been debate as to whether prefetching should be done
on the client side, or server side [3,5, 6,7,8,15]. In a WMN, all data traffic starts at the MC so this
thesis will spearhead research into prefetching for WMNs from the client side.

1.10 Organization of Thesis

This thesis continues with Chapter 2 which gives the background information and a
literature review for prefetching research. It will discuss the various prefetching techniques used
by different researchers. In Chapter 3, an explanation of what elements of the real world are
abstracted for the simulation is provided. Moreover, an in depth explanation of the methods used
to conduct this research is given. In Chapter 4, an explanation of the simulation and the results of
the simulation experiments are given and discussed. Lastly, Chapter 5 brings this thesis to a close
by providing some concluding remarks and suggestions for future work.
11

Having explained the different types of networks, including WMNs and providing the
hypothesis that prefetching can reduce user perceived latency for MCs of a WMN, a discussion
of previous research into web prefetching will be given in the next chapter.
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Chapter 2: Background and Related Work
This thesis continues with Chapter 2 which gives the background information and a
literature review for prefetching research. It will discuss the various prefetching techniques used
by different researchers.

2.1 Web Prefetching in Wired Systems
2.1.1 Web Prefetching via Evolutionary Algorithms

In [19], Bonino et al. noted that the majority of web prefetching systems are typically
based on a statistical analysis of a user’s requests over a period of time. According to [19], such
statistical methods are sufficient insofar as user’s request patterns are static – i.e. a user’s request
patterns do not change too frequently. However, if a user’s requests change frequently, the
traditional statistical methods do not suffice. Therefore it is necessary that web prefetching
systems be dynamic to accommodate a user with dynamic user requests. To deal with users with
frequent changing requests, Bonino et al explored the use of evolutionary algorithms to conduct
web prefetching.
Evolutionary algorithms (EA) are algorithms influenced by Darwin’s theory of biological
evolution, “change in the properties of groups of organisms over the course of generations” [29].
Being inspired from natural evolution it borrows the main principles of natural evolution which
are mutation, recombination and natural selection. Regarding natural selection, that term simply
means that the best traits will be passed on to future generations. It is this concept of natural
selection that guides the EA. EAs are constantly improving solutions each time step by passing
13

on favorable traits, causing the population to constantly self improve. In [19], Bonino et al
developed a web prefetching system that uses evolving finite state machines (FSM) to predict a
user’s request. Their work show that an EA can adapt to frequently changing user requests. The
FSM with the highest fitness value is used to make the next prediction. At the end of each time
step, some FSMs are mutated which results in a newer population to evaluate using the
information from the previous session [19].

2.1.2 Web Prefetching by Statistical Order

In [28], Pandey et al. organized the various types of web prefetching techniques by
statistical order. Statistical order refers to the number of pages considered for determining user
request patterns. First Order Statistics (FOS) considers only the frequencies of individual pages.
Second Order Statistics (SOS) considers pair wise interactions and Mixed Order Statistics
(MOS) considers 2 or more page-page interactions.

2.1.2.1 Web Prefetching Using First Order Statistics (FOS)

FOS only considers the total number of times a page “A” is accessed in the entire session.
Therefore the probability of page “A” being selected is solely based on its frequency.
P(A) = frequency of A (2.1)

One example of using FOS for web prefetching is found in [7]. In [30], it is shown that
for the vast majority of servers, some documents are more popular than others and thus are
requested far more than others. Using this knowledge, Markotos and Chronaki develop a server
based prefetching system called “Top 10” that makes use of a clients’ user profiles and forwards
14

them the top 10 pages based on these profiles [7]. The results of Top 10 were promising in that it
was able to correctly predict a client’s request correctly 60% of the time. Aside from being able
to predict a user’s request with high accuracy, Top 10 also made possible the concept of
cascading prefetching. Cascading prefetching is where the clients of the web servers are proxies,
which in turn can forward the pages based to their own clients based on the client profiles, thus
creating a cascading prefetching system.
Another example of FOS can be found in [38] where Tatorinov et al. develop a
prefetching system that simply prefetches the most frequently accessed documents of the
previous day’s access log. The reason to prefetch the most frequently used documents of the
previous day is based on the research of [37], which showed that web request patterns change
slowly, therefore what is highly requested one day will likely be highly requested the next day.

2.1.2.2 Web Prefetching Using Secondary Order Statistics (SOS)

Unlike basing probabilities solely on frequency, SOS is based on conditional probabilities.
Therefore the probability of page A being chosen depends on the preceding web pages requested.
P(A)=P(A|B)

(2.2)

Some important techniques of SOS include dependency graphs and low order Markov models
which are discussed below.
2.1.2.2.1 Dependency Graphs

A dependency graph (DG) is a depiction of the relationship between events by using
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nodes to represent the events. Edges between nodes indicate a relationship between events. The
arrows indicate which event precedes the other. In the example below, Event A proceeds to event
B, but is mutually exclusive of Event C. On the other hand, event B proceeds to event C.

Figure 0.1 Dependency Graph

There is precedence in using DGs in prefetching. In [10], Griffioen and Appleton
conducted research in improving an operating system's file system latency to improve system
performance. In the context of operating systems, Griifoen and Appleton developed automatic
prefetching where past file accesses were used to predict future file system requests. The
prediction algorithm used by Griffoen and Appleton employs a dependency graph (which they
call a probability graph) where each node represents all the files that have been accessed. Arcs
between nodes depict which files were open within a look ahead period of a certain file. The look
ahead period is a fixed amount of virtual time. According to [10], if a file is opened during the
look ahead period, the open is considered soon after the current open. If the look ahead period is
one, then only the next file opened is considered to have been opened immediately after the
current file. If the look head period is five, the next five files opened are considered to have been
opened immediately after the current open. Therefore if there is an arc between file A and file B,
that means that file B was opened within the look ahead period after file A was opened. To
calculate the chance of file B being opened after file A, the automatic prefetcher of the operating
system would simply take the number of file accesses from A to B nd divide it by the number of
accesses to A.
16

In [3], Padmanabhan and Mogul developed a server based prediction algorithm based on
Griffioen and Appleton's file system prediction algorithm for operating systems. [10]. The
prediction algorithm of [3] generates a dependency graph that shows the pattern of accesses from
different files on the same server. In Figure 2.2 below, adapted from [3], a sample depiction of
a dependency graph as used by Padmanabhan and Mogul.

Figure 0.2 Dependency Graph Used by [3]

The nodes are denoted by letters representing documents on a server. The directed arcs
between nodes represent which files a user goes to next given that they are on a certain page. The
numbers on the arcs are the weights of one file being accessed after accessing a certain file
within a certain window of time. However these weights are not the actual probabilities that file
B will be requested after file A. Otherwise the total weights from file A would total 1. The
weights are simply the ratio of accesses to file B from file A divided by the total accesses of file
A [3]. The prefetching mechanics of [3] are simple. If file A is accessed, the system will send
hints to the client to prefetch a file with the highest weight. In this case either file B or C. The
difference between the prediction algorithms used by Griffoen and Appleton in [10] and
Padmanabhan and Mogul in [3] is that in [10] no distinction is made between the various clients
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requesting files. So if different clients access file B after opening file A, an aggregate number of
all the access from B to A from all the clients is used. Similarly all the access from file A are
taken into account when the automatic prefetcher is calculating access probabilities. On the
other hand, in [3] n access probability for each client is calculated. The ratio between the
number of arcs between A and B to the number of arcs from A is the number of times one
particlar client accessed file B from A and the number of times A accessed is just for that client.
In doing this, according to [3], false correlations are minimized.
In [11], Pont et al use a modified dependency graph, known as a double dependency
graph (DDG). The DDG is a dependency graph that takes into consideration the structure of a
web page i.e. the presence of embedded links. Previous prefetching algorithms do not take into
consideration this structure of a web page thus minimizing the benefits of web prefetching. DDG
takes into consideration the benefits of the structure of a web page by differentiating between
links that are on the same page and links that are on different pages. This concept is explained in
Figure 2.3 below, adapted from [11]. Continuous arrows (primary arcs) represent objects from
different pages, while discontinuous arrows (secondary arcs) represent objects from the same
pages.
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Figure 0.3 Dependency Graph Used by [11]

2.1.3 Web Prefetching Using Mixed Order Statistics (MOS)

MOS is an extension of SOS. Whereas SOS considers with the conditional probability of
a page being requested based on a single previous page being selected, MOS considers the next
page selected based on the previous pages selected. Examples of MOS include those that make
use of data mining association rules and high order Markov models [9,16,23,.24,31,32,33,34,41].

2.1.3.1 Web Prefetching Using by Markov Modelling

Traditionally, Markov models, are used to study stochastic processes. In the domain of web
prefetching, the input is the sequence of web pages requested by a client and the goal is to model
and predict the next web page that will be requested by the client [3]. A 1-order Markov model
looks at page to page transition probabilities
p(x2|x1) = Pr(X2 = x2|X1=x1).
The K-order Markov model considers the conditional probabilities of their k = n-1 requests:
p(xn|xn-1 ... xn-k) = Pr(Xn=xn|Xn-1 = xn-1 = xn-1 ... xn-k = xn-k).
Low order Markov models do not predict well because they do not have enough
information on the past requests. For better prediction, high order Markov chains are required
because they have more information to base a prediction on. The problems with higher order
Markov models are high state space complexity and low coverage [23]. Dongshen and Junyi in
[24] reason that higher order Markov model are a set of different combinations of observed user
requests, and so the number of states rises exponentially as the model order increases.
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Consequently, this results in slower predictions or is also a problem for applications with tight
memory constraints [3]. The following are some brief examples of Markov modelling in web
prefetching research.
In [34], Cheng and Zhang developed a Markov model for web prefetching purposes
based on object popularity. In this scheme, popular web pages, those that are accessed
frequently, are given long branches, whereas pages that are not popular are given shorter
branches.
In [16], Jiang and Kleinrock used a second order Markov model for their prediction
algorithm which can be used on either the client side or the server side. Their algorithm keeps
track of two counters - a page counter and a link counter. Moreover in [16] they only consider
prefetching items that are linked to the current page. Jiang and Klienrock's prediction model
works as follows. If there is a webpage A, each time it is accessed, the page counter, CounterA
is increased. by 1. If there is a link from webpage A to webpage B and the user clinks on this
link, the link counter, CounterAB is increased by 1. The access probabilities are calculated as
follows. When A is being viewed, the access probability of Bi is calculated as:
(2.3)
Jiang and Kleinrock give the following diagram (Figure 2.4) to depict how their prediction
model works.
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Figure 0.4 Jiang and Kleinrock Prediction Model Representation

If used on the client side, the access probabilities are calculated using browsing statistics from
the individual client. When used on the server side, the access probabilities are calculated from
the aggregate browsing statistics of anyone accessing the web page.
In [32], Rituparna and Hansen conducted research into prefetching links focusing
solely on user activity from www.xerox.com. Their work is a spinoff of research by Huberman
in [131 ] where Huberman hypothesizes that there are strong regularities in user browsing
patterns. Hubeman refers to these strong regularities as the law of surfing which can determine
the probability distribution of the total number of pages a user visitors on a website. The law
of surfing is given below (from [131]):
P( L) = the probability of the number of links on a user browses on a website
(2.4)

Data analysis from user activity from America Online and user activity at the Georgia Institute of
Technology give support to the proposed formula for P(L). Using this law of surfing Huberman,
developed a first order Markov model for user browsing patterns based on the number of links a
user browses on a webpage, L. In [32] Rituparna and Hansen extended the work of Huberman.
Like Huberman, Rituparna and Hansen focus their research on one web site - cm.bell-labs.com.
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They ask if a person is on website, will they remain on that website and if so, which pages will
they go to or will they leave. Whereas Huberman's state space considers all the web pages in a
site, Rituparna and Hansen also consider the possibility that the user leaves the website.
Moreover while Huberman only used a single order Markov chain, Rituparna and Hansen used
a first order and second order Markov chains. Their results show predictions using a second
order Markov chain were better. In the Future Work" section of [32], Rituprna and Hansen
hypothesize that using a variable order markov chain, as depicted in[132], will produce better
results.
In [33] Pirlloli also studied prediction of user's next requests by studying user requests
of www.xerox.com. There are two interesting facts about Pirolli's research. First, the results of
his work give credence to Huberman's law of surfing because Pirolli's data analysis show that
the length of surfing patterns of users conform to the previously mentioned formula for P(L),
which was Huberman's hypothesis. Second, rather than simply using conventional Markov
models, Pirolli incorporates conditional entropy into his Markov Models. In the context of
[33], conditional entropy is the uncertainty associated with selecting a web page, and how this
uncertainty changes when increasing the length of a sequence used to predict a web page. For
example, let the sequence of user selections be <X1,X2,X3,…XN>. Each of these components
are considered random variables whose value Xi = xi indicate which page will be visited next.
Pirolli would like to know how uncertainty changes when the value of N changes. The entropy
H(X) of a single variable X, which is the average uncertainty of the random variable is given
by
(2.5)
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A derivation is given in [33].
So rather than simply looking at Markov models, and what the Markov model predicts as in the
following
first order: P(Xn | Xn1),
second order: P(Xn | Xn1, Xn2 ),
kth order: P(Xn | Xn1,...,Xnk )
Pirolli also looks at how entropy changes with an increase sequence length.
first order: H(Xn | Xn1),
second order: H(Xn | Xn1, Xn2 ),
kth order: H(Xn | Xn1,...,Xnk )

In [41], Zukerman et al compare four types of Markov models used in their research of
predicting a user's future webpage request. The first Markov model they discuss was one they
used in [31] - The Time Markov Model. This Markov model bases its prediction of the next
user's request solely on the basis of the previous request. The next three Markov models
discussed in [41] are the Second Order Time Markov Model, The Space Markov Model and the
Linked Space Time Markov Model. The Second Order Time Markov Model bases its prediction
on the previous webpage request and the request before that. The Space Markov Model bases its
prediction using structural information of the website. The Linked Space Time Markov Model
considers both previous requests and structural information. To illuminate how these predictions
models work, explanations of each will be given below. But prior to that, the preprocessing
techniques applied by Zukerman et al to the data generated when users make webpage requests
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must first be explained. As explained in [41], servers keeps logs that track of user request
activity in the following form {client, server, requested_Document, time}. Once all the data has
been collected, the following data processing steps where used in [41].
1. They removed data they identified as being generated by web crawlers.
2. They removed self recurring documents - documents already in the client's cache.
3. They inferred implicit document requests within the server site. These are requests which are
not recorded by their data logging protocol because they are self recurring documents, but must
have been made otherwise a certain sequence of events would not have taken place.
4. They take into account documents embedded in a main document, which are automatically
requested immediately after the main document is requested.
Having explained the data processing techniques used in [41], cursory explanations of how
predictions are made for each Markov Model can now be given.
To understand the various prediction models in [41], it is helpful to consider the figures below.

Figure 0.5 Zukerman's Website Structure, Official Record of Document Requests and Extended Record of Document Requests
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Figure 2.5a is the linking structure of a webpage. D6 and D7 are embedded documents in
D3. Therefore, whenever D3 is accessed, D6 and D7 are also accessed. In fact, D3;D6 and D7
are treated as one document in [41].
Figure 2.5b is the official data log entry which contains user request activity once it has
been processed.
Figure 2.5c contains information that was not processed due to logging protocols. For
example in Figure 2.5b, at time of 320 seconds the user is on page D8. But at 350 seconds the
user in on D4. But there is no way that a user can go to D4 without going to D1 so in Figure 2.5c,
Zukerman infer that the user did in fact go to D1 sometime between 320 seconds and 350
seconds. The reason it was not recorded is because at that time D1 was cached (data processing
technique number 3). Also as indicated in Figure 2.5c, the time D1 was requested is not logged
because they don’t know when it was requested (no times are recorded for data that is cached).
All inferred transitions are in boldface in Figure 2.5c.
For the Time Markov model, what is relevant in the prediction is the last requested page.
The following is the graphical representation for the Time Markov Model .
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Figure 0.6 Time Markov Model from [41]

As explained in [41] , for the Time Markov Model, what is relevant is the previous
requested page, D(i-1) , with an arc from D(i-1) to Di indicating that Di was requested after D(i-1) .
Therefore the access probabilities are
D1 : P(D1 | D2), or P(D1 | D8)
D2 : P(D2 | D1)
D3 , D6 , D7 : P({D3 , D6 , D7} | D1)

* D3 , D6 , D7 are treated as one page in [41]

D4 : P(D4 | D1)
D5 : P(D5 | D4)
D8 : P(D8 | {D3 , D6 , D7} )

For the Second Order Time Markov model, what is relevant for the prediction is the last
requested page, D(i-1) and the page requested before that, D(i-2). The following is the graphical
representation for the Second Order Time Markov Model . The arcs from the pairing of (D(i-2) ,
D(i-1) ) to Di indicate that the request for Di was preceded by a request for D(i-1), which was
preceded by a request for (D(i-2) .
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Figure 0.7 Second Order Time Markov Model from [41]

Therefore the probabilities are

D1:

P(D1 | D1, D2),

P(D1 | {D3 , D6 , D7}, D8)

D3,D6,D7: P({D3,D6,D7 }| {D2, D1}),
D4: P(D4 | {D8, D1}),
D5 : P(D5 | {D1, D4}),
D8 : P(D8 | {D1, ({D3,D6,D7 }}),

For the Space Markov Model, the linking structure of the website is what is used to make
the prediction for the next page. The following is the graphical representation of the Space
Markov Model. Arcs between DRef I to Di mean that there was a link on DRef I that the user
clicked to reach Di .

Figure 0.8 Space Markov Model from [41]
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Therefore the probabilities are
D1 : P(D1 | D2), or P(D1 | D8) or P(D1 | D5)
D2 : P(D2 | D1)
D3 , D6 , D7 : P({D3 , D6 , D7} | D1)
D4 : P(D4 | D1)
D5 : P(D5 | D1)
D8 : P(D8 | {D3 , D6 , D7} )

Finally, for the Linked Space Time Markov Model, the pairing of the previous requested
document requested and its referer( Dref i-1 , Di-1 ) with an arc between ( Dref i-1 , Di-1 ) to Di
means that referral from Dref i-1 to Di-1 was followed by a request for Di.

Figure 0.9 Linked Space Time Markov Model from [41]

The probabilities are
D1 : P (D1 | {D1 → D2} ) ; P (D1 | ({D3,D6,D7}→ D8) )
D2 : P (D2 | { _ → D1 })
D3,D6 ,D7 : P({D3,D6 ,D7 } | { D2 → D1})
D4 : P (D4 | {D8 → D1} )
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D5 : P (D5 | {D1 → D4} )
D8 : : P (D8 | {D1 → {D3,D6 ,D7 } )

In [24], Donshan and Juny proposed a prediction model that was based on tree like
Markov Model (TLMM) as depicted in the diagram below. Each node denotes a visited page.
Note how each node also keeps track of the number of times it (the webpage) was visited.
Moreover, each branch is a path to the node.

Figure 0.10 Dongshan and Juny's Tree Like Markov Model from [24]

According to Dongshan and Juny, the higher the order of the Markov chain, the better the
prediction. This is because as previously mentioned, the longer the chain means there is more of
a pattern to inspect, hence more data to make a prediction. So intuitively, the longest branch of
this tree that contains the current user sequence would result in the better prediction. Therefore
the predicted page from the longest branch, is the page that should be prefetched. Rather than
using this logic, Dongshan and Juny not only consider to prefetch the webpage predicted by
longest branch, they consider the predicted webpages from all the different length branches.
Their prediction model involves taking all the predictions of each branch and putting them in
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one prediction set, PS. According to [24], the best predicted page of each branch is simply the
page with the highest count number in each branch. Once the PS has been determined, the
prediction algorithm will assign weights to each predicted page using a weighting function
explained shortly. Once the weights have been determined, prediction parameters for each
webpage are then calculated with a summation formula which will be explained below. The page
with the highest total prediction parameter of the set of all the predictions is the one that is then
selected. Donshan and Juny give the following example in [24] to explain their model.
Suppose the TMM is a tree with 6 branches. The lengths are 1,2,3,4,5 and 6. The
prediction algorithm will create a prediction set PS containing the best predictions from each
branch. As previously mentioned, the prediction is just the page with the highest counter number.
For the branch of length 1, the predicted page is A. For the branch of length 2, the predicted page
is C. For the branch of length 3, the predicted page is B. For the branch of length 4, the predicted
page is D. For branch of length 5 the predicted page is A, and finally for the branch of length 6,
the predicted page is B. Therefore the set of best predictions

PS, is {A,C,B,D,A,B}. Weights

are then assigned to each webpage for each order according to the weighting function in [24]
which is:
(2.6)

Wk is the prediction weight of each predicted webpage from each branch. It takes values in the
interval [1,N], where N is the length of the longest branch.
In [24], the accuracies for PS {A,C,B,D,A,B) are given as { 0.13,0.19,0.22,0.35,0.49,0.65}.
∑i Accuracyi = 0.13+0.19+0.22+0.35+0.49+0.65 = 2.03

30

W1 = 0.13/2.03 = 0.07
W2 = 0.19/2.03 =0.09
W3 = 0.22/2.03 = 0.11
W4 = 0.35/2.03 = 0.17
W5 = 0.49/2.03 = 0.24
W6 = 0.65/2.03 = 0.32
The following table shows the prediction weight for each branch length.

Table 0-1: Prediction Weights for Webpages Given their Order from [24]

Now that prediction weights for each prediction for each branch have been determined,
prediction parameters are now calculated. In [24] prediction parameters are calculated using the
following formula:

where PageX

PS {A,C,B,D,A,B)

Si = 1 if Pi = PageX
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Si = 0 if Pi ≠ PageX
and i takes values in the interval [1,N]

Pred(A) = (1 × 0.07) +(0 × 0.09) + (0 × 0.11) +(0 × 0.17) + (1 × 0.24) + (0 × 0.32) = 0.31
Pred (B) = (0 × 0.07) +(0 × 0.09) + (1 × 0.11) +(0 × 0.17) + (0 × 0.24) + (1 × 0.32) = 0.43
Pred (C) = (0 × 0.07) +(1 × 0.09) + (0 × 0.11) +(0 × 0.17) + (0 × 0.24) + (0 × 0.32) = 0.09
Pred (C) = (0 × 0.07) +(0 × 0.09) + (0 × 0.11) +(1 × 0.17) + (0 × 0.24) + (0 × 0.32) = 0.17

The prediction model will select the page which has the greatest summed prediction
parameter. Therefore it will choose page B.
Alternatively, a simpler way would be to look at Table 2.1 and simply add the weights
for each page and select the page with the highest weight.
Page A: 0.31 It is the sum of (0.07+0.24)
Page B: 0.43 It is the sum of (0.11+0.32)
Page C: 0.09
Page D: 0.17
Using this simpler method, B is once again chosen.

This prediction model is called Hybrid Tree Like Markov Model (HTMM) because it considers
not just the one branch of the tree like structure in making its prediction, but it considers the
predictions from branches of different lengths.
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2.1.3.2 Prediction by Partial Matching (PPM)

PPM is a technique developed for data compression [12]. There are different variations of PPM
[26, 27]. PPM is a multiple order Markov model where the probability of the next item is dependent on
previous items. If the PPM makes use of an N order Markov model, PPM will try to make a prediction
th

th

using the N order. If it cannot make a prediction based on the N order, it will try to make a prediction
based on the N-1 order and this process continues. Essentially if the PPM engine cannot make a
prediction on the current Markovian order, it switches to a lower order until it reaches the first order. If
the PPM cannot make a prediction at the first order, this means the character has not been seen before.
Although PPM has been used extensively for data compression, Palpanas and Mendelzon in [9]
pioneered the use of PPM as a prediction algorithm for use in data prefetching for the WWW. To test the
viability of using PPM as a prediction algorithm for web prefetching, Palpanas and Mendelzon developed
a simulator with the following entities – log, dispatcher, prediction engine and client. Experimental results
show that PPM helped reduce latency.

In PPM web prefetching, the server monitors the URLs client’s access over a period of
time. The PPM prediction engine stores the URLs in a Markov predictor tree that the server
dynamically maintains.

2.2 Prefetching for Wireless Systems
In [21], Garouani et al. developed a location aware prefetching system. The idea behind their
system is that mobile computing devices change their locations often. The locations the device
move into have their own data storage units. It is a FOS system because as the mobile unit enters
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a certain geographic unit, the mobile device should prefetch the most frequently accessed data
from the data storage unit of that particular location.
In [140] Jayasudha, Vijayan develop a prefetching system for mobile environments where not
only does the client prefetch web pages, but will only do so when an intelligent monitoring
system determines that bandwidth consumption is not in high demand.
This chapter gave an overview of research into prefetching including some of the
techniques used for prefetching. For other surveys on techniques used in prefetching please see
[141 - 143].
Having shown the previous research conducted into prefetching, the next chapter will explain the
research into prefetching for WMN conducted in this thesis.
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Chapter 3: Methodology
This chapter begins with a justification of using simulation for this thesis. It will then
proceed with an explanation of elements of the real world that were abstracted in the simulation.
It will then give a description of the simulation environment. It then proceeds to explain the
simulation methodology.

3.1 Justification of Simulation: Computer Simulation as a Form of Scientific
Discovery
Computer simulation has been an invaluable tool of scientific research ever since the late
1940s. In [92], Eric Winsberg writes that computer simulations had originally been used by
nuclear physicists in the years immediately after World War 2 for weapons research but is now
being used in various scientific fields [92]. Some of these fields include astrophysics
[103,104,105], biology [106-112], chemistry [113,114], mathematics [115,116] and branches of
engineering such as civil engineering [117], mechanical engineering [118] and chemical
engineering [119]. Moreover, the existence of some scientific disciplines such as chaos theory
and complexity theory have emerged along with the computer simulations they study
[123]. Furthermore, as a result of the proliferation of computer simulations for scientific
research, many universities offer graduate programs where the sole research tool is computer
simulation [93,94].
The rise of computer simulations for scientific research can be attributed to its numerous
benefits. A brief mention of these benefits will be mentioned here. Once this is done some
computer simulations used in various academic fields will be used as examples to illustrate the
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use of computer simulations over a real world experiment because of these advantages.
One advantage of computer simulations is the financial benefits. It is far more cost
effective to build experiments, test experiments, redesign experiments, and retest experiments on
a computer than it is with real world experiments.
Another benefit of conducting computer simulations is time efficiency. In [130],
provides a perfect analogy which is given here. Suppose you want to bake a cake that consists of
20 ingredients. To see the effect each ingredient has on the cake, one possible option is to bake
20 different cakes and leave out a different ingredient in each cake each time. This is obviously
time consuming. The other option would be to develop a computer simulation of the cake and
provide instructions how each ingredient affects the cake. Then you can run numerous
simulations of the cake missing different ingredients at different times. And this can be done
quickly.
Other reasons to use computer simulations allow for intensive explorations of system,
thus giving an idea of the behavior of a system prior to experimenting in the real world allowing
[95].
Another reason to conduct computer simulations is simply due to lack of resources or the
impossibility or impracticality of conducting real world experiments.

Because of all these benefits, computer simulation has become a third pillar of science alongside
theory and experiment [96,120]. Indeed, according to Frigg and Reiss [124] and Humphrey
[129], computer simulations have contributed enormously to scientific research both in
methodology and epistemology.
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Haven given the benefits of computer simulation, examples of these benefits will be
illustrated by giving examples where computer simulations were used rather than real world
experiments.

3.2 Examples of Computer Simulations Used in Scientific Research
As previously mentioned, it may be impossible to conduct a real world experiment and so
a computer simulation is the only option for researchers. For example, astrophysicists cannot go
out into space and perform controlled experiments on astronomical phenomenon such as a
supernova explosion [125] and so “…theory and computer simulations must be called upon to
fill the void left by the absence of controlled experiments”[122].
An example of impracticality of conducting real world experiments and using computer
simulations instead is the instance of Norewgian researchers trying to determine the best way to
reduce damage as a result of catastrophic floods [126] . Although [126] does not mention why
computer simulation is used, the reasons can be easily deduced. Essentially the researchers have
three choices. Option 1 is to actually induce a flood in an area, gauge the damage caused by the
flood, then come up with theories on how to reduce the damage and then verify their theories by
inducing another flood and see if their theories on damage reduction are tenable. Option 2 is to
wait until an actual flood happens. Then they must collect data on the resulting damage and then
come up with theories on how to reduce the damage. And then wait for another flood to validate
their theories. Option 3. Conduct a computer simulation. Test the simulation under different
scenarios and come up with theories about reducing flood damage.
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Of the three options, the third one is the best because option 1 is impractical. It is an
extremely large endeavor to create a catastrophic flood. Moreover the damages induced by an
actual catastrophic flood may outweigh any information gained . Option 2 may be better because
one is waiting for a flood to happen rather than inducing one, but the purpose of conducting such
research is to prevent damage so to wait until an actual flood happens before one can conduct
research is self defeating. The only viable option is computer simulation.
The flood damage research conducted in [126] also brings up the issue of cost. Obviously
option 1 is very expensive. Other examples where it is shown that computer simulations are cost
effective can be found through various scientific disciplines. For example in the field of civil
engineering, Biitencourt in [127] conducted computer simulations to study crack propagation in
concrete material. Bittencourt could have spent money on actual concrete material and observed
crack propagation, but this would be expensive especially since material must be purchased for
each test. Likewise in geology , Adachi et al in [128] studied hydraulic fracturing using computer
simulations. They could have gone to a geological site and conducted tests on the various layers
of earth rock beneath the surface of the earth, but once that site has been disturbed they can no
longer form tests. So they must spend money finding another geological site.
Other benefits of simulation is to see how a system behaves prior to conducting real world
experiments. For example in [95], computer simulations were used to develop applications and
models that could be thoroughly tested before conducting tests on actual vehicles.
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Like other scientific fields which use computer simulations, the science of computer
networks makes use of computer simulations and is the main tool used in wireless networks
research [97,98,121]. Following the footsteps of computer network researchers prior to this
thesis, computer simulation will be the research tool. Other reasons that a simulation is used is to
see the behavior of the system prior before any real world experiment would be conducted. Also
computer simulation is also cost and time efficient.

3.3 Simulation: From Reality to Abstraction
The crucial element under consideration is user perceived latency (UPL), which
essentially are web page fetch times. If an entity, or process does not directly affect web page
fetch times, then it will not be included in the simulation. On the other hand if an entity or
process is involved in the fetch time it will need to be abstracted from the real world into the
simulation. The concept of abstracting what is relevant and not relevant is given in the following
example. Consider car crash analysis. It is typical to study car crashes using computer simulation
[91]. Obviously crucial elements that must be studied are road conditions, and automobiles
themselves. However automobiles ultimately are an aggregate of billions of atoms. But it is not
necessary to simulate cars at the atomic level. Though cars are made up of atoms and would not
exist without them, a car’s atoms have no effect on a car crash so it’s not necessary to take into
account the car’s atomic make up in a simulation. In a similar fashion, road conditions can be
altered, which can affect a crash and should be taken into account in a simulation. However it is
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not necessary to consider in the simulation the sub atomic level where it is the jumping about of
valence electrons which causes the changes in road conditions. Similarly in simulating users
surfing the WWW using a WMN, there are elements and processes which should be considered
and elements and processes, though they indirectly affect the entities and processes do not need
to be considered.
Surfing the WWW is one of the primary reasons people go online. From the user’s point
of view, it is a relatively simple process and so they may take it for granted when information is
sent through the internet and consequently do not take time to think about how a web page
arrived on their computer from a server on the internet. Understandably, users just want the end
results; in the case of surfing, the end result is accessing a web page. Insofar as they have the
proper network connections to access the internet and they have a browser, they can start
perusing the WWW to their heart’s content.
This thesis maintains that prefetching will make user’s experiences surfing online more
pleasurable because it decreases their wait times of receiving a web page. Due to lack of
resources, this thesis will be conducted via simulation.
By definition, a simulation is an abstraction of the real world, “…the imitation of the
operation of a real world process or system over time”. Therefore prior to designing the
simulation, an explanation of the real world which will be abstracted must be given which is
done below. After giving an overview of the real world, the counterpart simulation world will
then be explained.
An explanation of the real world will be given in 2 parts. The first part is a cursory
portrayal of a WMN and what happens in the real world when a user surfs the WWW using a
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WMN. The second part is a more in depth explanation of what actually happens as information is
traversed through the network.

3.3.1 The User and the WMN
In the real world, consider an existing WMN with its standard physical nodes – MCs,
MRs, and Gateways. The gateways are connected to the internet. Each of the nodes contain their
own radio transmitters to communicate with other nodes and contain their own power supply
such as AC plugs, batteries, etc. Moreover since MRs and MCs share the same network
connection, the nodes are often in communication with each other.
When someone in the real world wants to surf the WWW using their computer, they
make use of their web browser. Moreover, as they try to go online, communication signals are
sent from their computer’s RAM to the Network Interface Card (NIC) which accesses the WMN
using radio signals. As a request for a web page is sent, the message traverses a number of mesh
routers until the request reaches its intended server. The server responds and sends the requested
information, in this case a web page back to the requesting MC in the same process. Using their
web browser, the user is able to view the web page. After reading the web page the user can
continue to surf at their leisure. Moreover with the browser, while in the process of surfing the
WWW, users can hit the back button, forward button, stop loading button, refresh button.
Moreover web pages can be cached so that user’s do not need to re-request and re-download web
pages.
Of course, due to the wireless nature of WMN, security is an issue [82] and so therefore
WMNs make use of certain security precautions as WEP [83].
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This is a brief overview of the workings of a WMN and a user using it to access the
WWW. The next issue at hand is to consider how data moves through the network.

3.3.2 The Network Transmissions

In considering this, as with data transmissions in other networks, a WMN is abstracted
into the following layers. The physical layer, data link layer (DLL) , network layer and the
transport layer[88].
3.3.2.1 The Physical Layer

In a WMN, the first layer is the physical layer and it has two main roles. The first is radio
frequency management to ensure the reliability of radio transmission which is affected by fading
and co-channel interference. Possible solutions to these problems are the use of multiple
antennas [84,85] or spread spectrum techniques such as frequency hopping spread spectrum
(FHSS), code division multiple access (CDMA) , orthogonal frequency division multiplexing
(OFDM), and ultra wideband (UWB). The second major role for the physical layer is Link
Adaptation. Due to the inherent problem of wireless links, the physical layer provides
modulation codes and error correction codes to restore the reliability of wireless links [86,87].
Aside from such codes, the physical layer can employ variable transmission power techniques
for their antennas.

3.3.3.2 The Data Link Layer

The second layer, the Data Link Layer (DLL) is concerned with the efficient use of multiple
channels. In this thesis, a single channel assignment is used for the entire WMN. As is the case
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with other wireless networks, single channels make use of the medium access control (MAC).
Carrier sense multiple access/ collision avoidance (CSMA/CA) is a method used in MAC where
nodes wait a specified amount of time before transmitting information to decreases the chances
of colliding with another transmission.

3.3.3.3 The Network Layer

The third layer is the network layer. According to Sichitiu [88], the entire performance of the
WMN depends on this layer. This layer is primarily concerned with routing (how messages are
sent from one device to the intended device and back) and fairness (sharing competing resources
among devices).

3.3.3.4 The Transport Layer

The fourth layer is the transport layer. This layer is concerned with the Transmission Control
Protocol (TCP). Due to the problems associated with wireless links, messages may be lost due to
link failure. It is the role of TCP to reduce transmission in response to errors. In TCP,
information sent along the internet is broken into smaller packets For each packet a checksum is
given to each packet which help identify errors in transmission. As packets traverse the WMN,
routers ensure packets are going along the required route and recombined at the end destination.
An explanation of the real world has just been given in two parts. It is the aforementioned
real world components and processes that this thesis will abstract in the simulation.
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3.4 Justifying the Abstraction of the User and WMN
By the very nature of abstracting the real world, some real world elements will either be
simplified or ignored. In this section, justification will be given as to why elements in the real
world were not considered in the simulation world. As in explaining the real world, the
simulation world will be explained in two parts. The first part will give a general depiction of
someone surfing the simulated world and the second part will be a more in depth explanation of
what happens in the simulation as information is traversed through the network.
The simulated world consists once again of MCs, MRs and GWs, but they are now
nonphysical entities. Although the real world counterparts of these entities need radio
transmitters to communicate with each other, it is not necessary to know how network nodes
communicate using radio signals or the physics of radio signals. Moreover the ability to
communicate with each other in the simulation will be replaced with the condition that insofar
the nodes are within a sufficient distance from each other, they will be allowed to communicate.
Moreover, although in the real world power supply is important, power supply is a non-issue
during the simulation. Since we are primarily concerned with fetch times, in a WMN that is
susceptible to node failure, it is not necessary.
In a WMN, nodes are in communication with each other. However the salient behavior
between nodes is simply the transmission of information. Information can be passed without
simulating nodes communicating with each other.
In the actual world, communication signals pass from a computer’s RAM and through the NIC to
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the WMN. These have no bearing on fetch times so they are not included in the simulation.
Regarding the user surfing the WWW, this involves many actions on the part of the user. Such
actions include selecting a web page, clicking links on a web page, reading the material on the
web page. It also involves engaging the browser such as hitting the back button, the forward
button, the stop button. Regarding the user accessing a web page, it is not necessary to simulate
the user reading the page, all that is needed is the passage of time which represents the user
reading the web page. Regarding web browsers, unlike [89][90], this thesis is not testing browser
performance. Therefore it is not necessary to consider all actions a browser allows a user.
Conforming to [48], only the back button is used. Moreover, we are not concerned with how the
browser reads the HTML code.
Another task of a browser is caching. It is one other way of reducing a user’s wait time
for a requested web page. Through browser caching, web page contents are stored so that they do
not have to be re-requested or re-downloaded. But to test prefetching performance, web pages
must be requested and so for this reason caching is not considered.
Although network security is important, especially for wireless networks, security has no
function in prefetching mechanics and so is not considered in this thesis.

3.5 Justifying the Abstraction of Data Transmissions
An explanation is now give on how data transmission in the real world is abstracted in the
simulation.
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3.5.1 Physical Layer

Regarding frequency management, it makes no difference what antenna system is used or
what spread spectrum technique is used(whether FHSS, CDMA,OFDM,UWB ) to improve the
reliability of the radio transmission. In this thesis, the reliability of radio signals is not necessary
to consider because radio signals do not affect prefetching directly. Their only use is to ensure
connection between nodes. In this simulation, as long as nodes are within a certain distance from
each other they will be able to communicate.
Regarding Link Adaptation, modulation and error codes are used to re-establish links in
the case of poor transmission conditions. In this thesis, ideal transmissions conditions are
assumed therefore it is not necessary to concerns ourselves with the strength of the radio link. Of
course there is another sense in which a link between nodes can go down such as when one of
the nodes in the WMN goes down. In this thesis, this is how a link can go down. However,
current Link Adaptation techniques do not concern itself with such situations.

3.5.2 Data Link Layer

This simulation makes use of a single channel. In single channel systems, CSMA/CA is used to
avoid collisions. However in this simulation, rather than waiting a random amount of time before
transmitting in hopes of avoiding collision. nodes wait for the next available time slot before
sending a transmission.
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3.5.3 Routing Layer

In this simulation, the broadcast protocol, AD hoc On Demand Distance Vector (AODV)
is used as the routing protocol.
Recently, fair scheduling has been employed as a way to improve load balancing among
the nodes, especially gateways. In this thesis, load balancing is considered as a separate issue
from prefetching and so is not considered in the simulation.

3.5.4 Transport Layer

Typically the Transport layer is responsible for reducing the rate of transmissions in the
event of high congestion or when an inspection of the checksum reveals errors. The
retransmission of packets or a checksum is not used in this simulation , because user requests are
not broken into separate packets which are then reorganized upon reaching the intended
destination.. In this simulation , a web page request , is treated as a single entity which is
analogous to the reception of packets free of checksum errors.
This thesis simulation only considers the most important aspects of a user browsing
web pages on a WMN, namely mesh clients requesting a web page which creates a message
that is passed through a WMN in multi hop fashion.
The following table summarizes the real world components in the left hand column and how they
were abstracted in the simulation model is explained in the right hand column.

47

Real World
Simulation Abstraction
Mesh Nodes (MCs, MRs, GWs) are physical Radio transmitters and their signals will not be
devices which contain radio transmitters to considered. As long as nodes are within a
allow the devices to communicate using radio. certain radius, they can communicate.
Mesh Nodes require power supply.

No need for power supply. Mesh Nodes will be
considered to always have sufficient power.

Mesh Nodes communicate with each other.

Mesh Nodes do not communicate with each
other. Data is simply passed from node to
node.

Communication signals pass from computer's Internal workings of a device will not be
RAM and through the NIC to the WMN.
considered.
Network Security (ie WEP).

Network security is not considered. The
assumption is made that there are no attackers.

Broswers read HTML code.
User views web page.

Not simulating the browser reading code.
User read times represent a user viewing a
page.

User web actions such as typing URL, clicking User typing a URL (jumping) clicking on a
links, hitting back button, forward button.
link and backtracking via back button are
simulated.
Web Browsers have caching ability.

To fully test prefetching performance, caching
is not considered.

Physical Layer - Frequency Management

Frequency management is not considered
because it does not affect prefetching directly.

Physical Layer – Link Adaptation

Link adaption is not considered because ideal
transmission conditions are assumed.
Transmissions sent at next available time slot.
AODV
A webpage request is treated as a single entity
which is analogous to packets free of
checksum errors.

Data Link Layer – CSMA/CA
Routing - AODV
Transport Layer – TCP

Table 0-1 Comparing the Real World to its Abstraction
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3.6 Simulation Environment
The simulator is a custom built discrete event simulator written in the Java programming
language. Although there are many network simulators such as Scalable Wireless Ad hoc
Network Simulator (SWANS) [134], Network Simulator (NS) [135], Network Simulator 2 (NS2)
[136], Network Simulator 3 (NS3) [137], OPNET [137], and OMNETT++ [137], and NetSim
[138], it was decided that it would be more prudent to custom build a simulator with our specific
requirements. There are two reasons for this. Although the aforementioned network simulators
are very popular, popularity is not a valid reason to use a particular simulator. Second, the
aforementioned simulators focus solely on routing, broadcasting and packet level network
protocol simulations. They do not incorporate the modeling of the WWW or user page selection
as required for the experiments for this thesis.
Java was used as the computer programming language of choice simply because of its
portability.
Popular simulators , such as those aforementioned, focus on routing, broadcasting
protocols, and packet level network protocol simulations. [99]. But popularity is not valid reason
to use a simulator. Indeed other researchers have opted to develop their own simulators suited
for their own needs [100,101,102]. In this spirit, this thesis was conducted using a custom built
simulator because current simulators did not meet the need of simulating web users activity such
as selecting web pages.

Having explained the abstraction of the real world in this thesis and the simulation
environment, an explanation of the methodology of this thesis can be given.
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To the best of our knowledge, there is little literature for prefetching in WMN. Most of
the literature on prefetching is its applications to wired networks. In this research an exploration
was conducted to determine the viability of applying prefetching to WMNs. We will attempt to
see if it is worth prefetching in a multi-hop system that is susceptible to having MRs disconnect.
The first approach is to gather statistics to determine trends of behavior of a WMN system
without prefetching and then compare it to the same WMN system that conducts prefetching.
The main performance metrics to consider are total UPL.
This research uses simulation as its main tool. There are three things modeled in this
simulation: 1) A network of webpages, 2) User web page activity and 3) a wireless mesh
network.

3.5 Modeling a Small Web
To simulate a user selecting webpages, an interconnection of webpages is needed so that
users have web pages to select. It is desired to find a model of the WWW. There are two issues
regarding finding an adequate model of the WWW. The first issue is the size of the WWW and
the second is the type of network used to portray the WWW.
The main difficulty is its size. There are over ten billion web pages on the WWW [73]
and it is constantly growing at roughly seven million web pages per day [74]. Rather than
simulating a WWW with such a great number of web pages, a much smaller web, called a small
web in [75,76] was modeled, thus providing a much smaller collection of web pages for users to
request. Just as in [75,76] users will make requests web pages from the small web.
Although the small web is smaller in scale than the WWW, it should still hold structural
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characteristics of WWW. Deo and Gupta in [67 ] , give four types of graph structures researchers
have used to model the WWW. The Erdos Renyi Model, [67], A small worlds model [68,69,70],
Preferential attachment model [71] , the web site growth model [72], Evolving web graph model
[79,80] and the alpha beta model [82]. Since it has been shown that the WWW has scale free
characteristics, the preferential attachment model is used.
In the small web 50 web pages were created. The study of 107 people conducted by
Catelidge and Pikow in [ 77] showed that they only visited 14 pages per day while a study of 23
people by Tausher and Greenberg in [78] showed that users visited 21 web pages per day. The
study in [77] showed that users revisited web pages 61% of the time while [78] showed that
users revisited web pages 58%.

For this research we decided to create a smaller version of the WWW, a small web from
which users can select web pages. This small web must contain similar characteristics to the
WWW. It has been shown experimentally in [48, 61, 62,] that the WWW exhibits a power law
degree distribution with a heavy tail because the WWW is a special kind of network where some
nodes (web pages) are highly connected, but the vast majority of nodes (web pages) have few
connections. More specifically, it has been claimed that the WWW exhibits scale free
characteristics [42]. The mathematical equation expressing the degree distribution of the nodes in
scale free networks is the following power law.
P(k)≈k-γ (3.1)
Therefore in order to model a small web, it stands to reason that the small web model should be
scale free. One algorithm that produces scale free node connections is the Barabasi-Albert (BA)
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model of preferential attachment [42,63]. The BA model is based on two rules: network growth
by the addition of new nodes and that the new nodes preferentially attach to other nodes that are
well connected. The BA algorithm is the following:
1. Start with a small number of nodes mo.
2. At each time step add new nodes with m≤mo
3. The probability that a new node is connected to node i is:

Pi =

(3.2)

4. After t time steps, there will be a total of N = t + mo nodes and mt edges.
Based on simulations carried out by Barabasi and Albert, using the aforementioned
algorithm, the network “evolves to a scale invariant state”[42]. Moreover, the probability of a
node having k connections conforms to (3.1). Furthermore, based on (3.2), it is clear that the
more connected a node is, the higher the probability it has of attracting new nodes.
The BA algorithm is used to generate the small web.
Once the small web has been generated, probabilities are given to each web page based
on their number of connections. Consequently, the more connected web pages will have a higher
chance of being selected.

3.8. Modeling User Page Activity
Modeling a user’s web page activity involves two things: 1) simulating the user selecting
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a page, and 2) simulating the user’s read time while on said page.

3.8.1 Modeling User Page Selections
When a user is on a web page, they can jump to another page, backtrack to the previous
page, click on a link or hit the forward button. Past research in user browsing activity has made
use of The Random Surfer Model of [61]. In the Random Surfer Model, a jumping probability
(sometimes called a teleportation parameter [49] ) of 0.15 is used to represent the probability of a
user jumping to another page from the current page they are on. In this Random Surfer Model
clicking on links and jumping were the only options a user can do. In [48], Sydow extends the
Random Surfer Model to incorporate a back track probability (BTP) which takes the values, 0 ≤
BTP≤1. This research will combine the models [48] and [61] by using a back track probability
while keeping the damping factor at 0.15. Moreover, this thesis, will take the advice of [1] in that
the user will select higher probability links when traversing the small web via clicking links.
In this research, the BTP was tuned to the following values: [0, 0.275, 0.425, 0.575, and
0.725]. The rational for selecting these values for the BTP is as follows. With a jump probability
set at 0.15, this leaves a probability of 0.85 for the user to either hit the back button or select a
link on a web page. This remaining 0.85 could have been divided by two giving each the chance
of back tracking and selecting a link 0.425. It was decided that it would be interesting to see what
would happen if back tracking and selecting a link were not given equal probabilities. By using a
BTP of 0.275, that meant there was a 0.575 probability a user would select a link, provided that
the jumping factor stays at 0.15. In using a BTP of 0.42, consequently the user would have a
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0.425 probability of selecting a link, while a BTP of 0.575 meant that the user had a 0.275
chance of selecting a link and a BTP of 0.725 meant the user had a 0.125 probability of selecting
a link. Using these values as BTPs rather than simply dividing the 85% by 4 (resulting in BTPs
of 0.2125, 0.425, 0.6375 and 0.85) meant that there would always be a possibility of selecting a
link that would not be the case if a BTP of 0.85 was used. Table 3.2 below shows the probability
of Clicking a link, CkP, and the probability of Jumping, JP, at each BTP value.
BTP
0.275
0.425
0.575
0.725

CkP
0.575
0.425
0.275
0.125

JP
0.15
0.15
0.15
0.15

Table 0-2 User Actions at Various BTP Values

3.8.2 Modeling User Read Times
To fully model user activity, it does not suffice to solely model web page selection. A
user’s web page activity, in conjunction to selecting web pages, also involves some activity such
as reading the web pages. It is shown in [35] that the “thinking” time of users – the time they
look at pages – follows a Pareto distribution. A Pareto distribution is a form of Power Law
distribution where a few entries contain the high values of the data in question, while the
majority of the entries show low values of the data in question [44,45]. For example,
distributions of wealth are Pareto distributions because the vast majority of wealth is owned by a
small percentage of the world’s population [45]. Figure 3.1 below is an example of a Pareto
distribution. It shows the distribution of wealth in the United States in 1998. Figure 3.1 shows
that the smallest percentage of households own the most wealth.
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Figure 0.1 Distribution of Wealth in America from [139]

The results of [35] will be used therefore, when a user accesses a page, the busy times will
conform to a Pareto distribution.

3.9 WMN Model

The architecture of a WMN consists of four levels of hierarchy. At the top hierarchy is
the Internet. The next level down is the GW. The next level is the MRs and lastly the final level
is the MCs.

In this thesis, the network traffic, throughout the entire hierarchy, originating from the
mesh clients is considered. Figure 3.2

depicts the configuration used in the simulation.

However, the actual simulation contains 50 MRs organized into 10 rows and 5 columns.
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Figure 0.2 Topology of the WMN of the simulation

3.10 System Assumptions


That there is a clear line of sight between the MCs, MRs and GWs.



MCs, MRs and GWs are stationary.



The routing protocol implemented is Adhoc On Demand Distance Vector (AODV)
Routing. Since the MCs, MRs and GWs are stationary, there is no need to worry about
a change in routing paths. At the start of the simulation each mesh client sends
broadcast requests to get a routing path to a GW.
o The network is a closed system. Once the simulation is started, no new
components are added. In the real world, MCs and MRs can be added or removed,
hence changing network topology. In this simulation the number of MCs is
constant, 25, the number of MRs reaches a maximum number of 50 and there will
always be 2 GWs. By saying that the number of MRs will be a maximum of 50,
what is meant is that there will be 50 MRs at the start, but at times a MR may go
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down and will be unavailable to relay messages. So although the number of
operable MRs may be variable depending on the experiment, there will not be any
addition of MRs beyond what the simulation started with.


Immediately after a MC’s cache is checked to see if it contains the required web page
resource, it is cleared. This is done so that each request can be checked with its
corresponding prefetch request. Otherwise if the cache is not cleared, a current web page
request might be compared to a prefetch request of a much earlier web page request.



Only MRs will be the components that will be disconnected from the WMN.



In the event of an MR being disconnected, user request packets will be dropped upon
reaching that MR. This includes prefetch requests. In every day life, if an individual does
not acquire a resource, they simply try again to gather the resource. While a user can
make a web page request again if the request is lost, the prefetching engine will only
make a prefetch request once. So if a prefetch request is dropped due to a downed MR,
the prefetching engine will not resend a prefetch request.



The simulation is simplified by not taking into account any malicious network attacks.



All network components are authenticated and trusted.



MRs transmit packets at a constant data rate.



CPU and battery capabilities of MRs are ignored.

3.11 Tests Conducted
A baseline of user perceived latency (UPL) was needed to compare statistics between
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WMNs that did not have MCs running a prefetcher and WMNs that did use prefetching.
The computer experiments used the topology of Figure 3.2, in which 25 MCs were
requesting webpages. Each MC would make a total of 100 web page requests. To allow a
training period for the prefetching engine to determine user web page request patterns, the MC
will make 14 web page requests before the MC prefetching engine is enabled.
The requests of the MCs would traverse the network, going through the MRs that are in
their data route which was determined upon initialization of the simulation through the broadcast
routing protocol AODV.
Tests will be conducted when the WMN fortunately does not suffer from any MR
disconnections and when the WMN does suffer disconnections. As mentioned in section 3.2.1,
BTP will be tuned to values of 0.275, 0.425, 0.575 and 0.725. These tests only involved
manipulating the BTP therefore these tests will provide illumination on the behavior of a multihop system. However one other important characteristic of WMNs is that they are susceptible to
having node components fail. Therefore it is important to gather data of a system that
experienced MR failure. In this research we only consider MRs being disconnected. The
consequence of MRs being disconnected is that requests from the MC are dropped. In the
simulations conducted, a MC’s prefetching engine will not re-issue a dropped prefetch request.
In the case where disconnections of MRs are considered the Mesh Router Disconnect Probability
(MRDP) takes a value of 0.25, 0.5, 0.75 and 1.0 The rational for using these values is to see the
change in system behavior as the selected MRs tend to increasingly be disconnected. A Mesh
Router Repair Probability (MRRP) of 0.5 is used so that disconnected MRs do not stay
disconnected in perpetuity. Rather than making every MR susceptible to being disconnected
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from the network topology, to simplify the simulation, only the middle row of MRs will be
vulnerable to being disconnected, as highlighted in Figure 3.3

Figure 0.3 Topology of the WMN of the simulation: Nodes to be Disconnected Highlighted

Although the middle row of MRs was selected, any row of MRs could have been
chosen. The justification of why a row was used is so that each MC will have at least 1 MR in
their data path that is susceptible to being disconnected. For example, consider the diagram
below.
In this case, if an entire column of MRs was allowed to be susceptible to node failure,
there are still numerous data paths for an MC to reach a GW, as depicted in Figure 3.4 below.
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Figure 0.4 .Scenario of a Column of MRs Being Disconnected

On the other hand, instead of setting an entire row or column of MRs to be susceptible to
node failure, MRs could be chosen at random for failure. However there is still a chance that a
data path can be found which will allow messages from the MC to travel to the GW unabated as
depicted in Figure 3.5 below.

Figure 0.5 Multiple Data Paths to a GW

By selecting an entire row, this guarantees that each MC will have at least one MR in
their data path that can fail. As depicted in the diagram below, by setting an entire row of MRs to
be allowed to fail, there is no data path that the MC can take that avoids it from containing an
MR in its path that is not susceptible to failure.
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Figure 0.6 MC Does Not have a Data Path that is not susceptible to node failure

Aside from seeing the behavior of the WMN system under varying BTP and MRDP
values, we thought it would be interesting to see what the behavior of the system would be if the
prefetching engine was able to correctly predict which web page a user would request and what
the behavior of the system would be if the prefetching system guessed wrong every time. In the
case of the perfect prefetching system we call this the Omniscient Prefetcher. The Omniscient
Prefetcher uses a divine prediction algorithm allowing it to know in advance what web page the
user will want. In the case of the prefetching system that does not get any prediction correct, we
will call this the Vacuous Prefetcher. The Vacuous Prefetcher uses a mindless prediction
algorithm. In all other cases, the prefetching system is the Regular Prefetcher. The Regular
Prefetcher uses partial prediction matching [65]. For a listing of all the tests conducted in this
thesis, please see Appendix 64.
This chapter provided a justification of why simulation was used as the research
tool. It also explained the experimental design for this thesis. In the next chapter, a discussion of
the simulation parameters and the test results will be discussed.
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Chapter 4: The Simulation and Test Results
In this chapter, we evaluate the total UPL of the WMN that uses prefetching and compare
it to a similar WMN that does not use prefetching. In each case we will consider the instance
where the WMN does not experience disconnections (Mesh Router Disconnection Probability =
0) and the instance where it experiences disconnections (at Mesh Router Disconnection
probabilities of 0.25, 0.5, 0.75 and 1.0) .
Simulations were conducted by varying the Backtracking Probability (BTP). It takes
values of 0.275, 0.425, 0.575 and 0.725.

4.1. Performance Metrics
In this section, we discuss the performance metrics that we have used to evaluate the
performance of WMNs that make use of prefetching and WMNs that do not use prefetching.
Since the main goal is to explore the perceived time with which a user accesses a web page, the
main metric is the total UPL. In this thesis, 25 fictitious web surfers will make 100 web page
requests. The first 14 web page requests of each web surfer will establish the pattern of web page
selections for the web surfer. No predictions will be made on the first 14 web page requests.
After the first 14 web pages have been requested, the prefetcher will start retrieving predicted
web pages. Since the prefetcher starts retrieving predicted web pages after the first 14 web page
requests, the UPL experienced for the remaining 86 requests by each of the 25 web surfers will
be the times counted in the Total UPL. Likewise in the case where there is no prefetching, the
total UPL of the last 86 web page requests will only be counted.
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Total User Perceived Latency
The user perceived latency (UPL) is the perceived wait time between when a user
requests a web page and the time they are able to access the selected web page. In this thesis, the
UPL for the last 86 requests out of 100 user requests will be added for each user. The total UPL
is the main performance metric of concern for this thesis because how long the user perceives the
wait for a requested webpage determines the quality of service. The lower the total UPL for each
user is, the better the quality of service is. Therefore if the measure of central tendency (the most
typical values) of individual total UPL for a system that uses prefetching is lower than one that
does not, there is warrant to the claim that it is worth prefetching for WMN.

Total UPL =

(T Accessed - TRequested)

TAccessed is the time instant the user has access to the web page.
TRequested is the time instant the webpage request is made by the MC.

4.2. Simulation Parameters
Whereas previous research simulations have a set time for completion, such as letting
each simulation test run for 150 seconds [64], this simulation does not use such restrictions.
Rather in this simulation, each MC will make 100 webpage requests. Once every MC has
completed selecting and viewing 100 web pages, 1 simulation run is completed. The simulation
was completed 100 times.
Regarding the characteristics of the WMN under consideration, the WMN simulation
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model takes place within an area of 900m x 400m. Using this area allows 50 MRs to be spaced
out equally. 25 MCs are at the bottom of this area, with 2 GWs at the top of the area.
The rate and amount of information traversed throughout the WMN, both will be
kept constant. A summary of the WMN parameters given below in Table 4.1

Parameters

Default Value

Environment Dimensions

900m x 400m

Traffic Type

Constant Bit Rate

Packet Size

1024 Bytes

Data Rate

1024 Bps

Number of Mesh Clients

25

Number of Mesh Routers

50

Number of GWs

2
Table 0-1 WMN Parameters

There are three important parameters, two of them variable and one constant that were
used in this thesis.

The first pertains to the user browsing activity. It was determined that it would be
interesting to see what would happen to prediction success if the back track probability was
altered. In this thesis, BTP was tuned to values of 0.275, 0.425 0.575 and 0.725.

The second tunable parameter pertains to the Mesh routers of the wireless mesh network. One
important characteristic, as previously stated,

of WMNs is that Mesh Routers can fail.

Therefore it is important to gather data of a system that experienced MR failure. Once again, a
consequence of MRs being disconnected is that requests from the MC are dropped.
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To see the change in the system behavior as MRs tend to increasingly be disconnected.
There is a Mesh Router Disconnect Probability (MRDP) that takes a value of 0.25, 0.5, 0.75
and 1.0 .

And finally the third tuned parameter A Mesh Router Repair Probability (MRRP) of 0.5
is used so that disconnected MRs do not stay disconnected in perpetuity. So if a mesh router
goes down, it can still have a chance of being reconnected. Table 4.2 below lists the simulation
parameters.

Parameters

Default Value

Back Tracking Probability

0.275, 0.425, 0.575,
0.725

Mesh Router Disconnect Probability
(MRDP)

0.25, 0.5, 0.75, 1.0

Mesh Router Reconnect Probability
(MRRP)

0.5

Table 0-2 Simulation Parameters

4.3 Discussion of Simulation Results
This section will be divided into two parts. Part one, Section 4.4.1 will display and compare the
total UPL of a WMN that does not use prefetching versus the total UPL of a WMN that does use
prefetching. In this part, there are no disconnections (MRDP = 0) in either WMN. Sample
histograms of each will be given. On the other hand, part two, Section 4.4.2, will display and
compare the total UPL results of a WMN that does not employ prefetching but has succumbed to
disconnections versus a WMN that does employ prefetching but has also succumbed to
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disconnections. Moreover, sample histograms will be given.

4.3.1 WMN Without Mesh Router Disconnections

This section will be divided into three sections. First, the results of a WMN without prefetching
will be displayed. The results include a sample Normal Quantile Plot, a sample histogram and a
table of total UPL values at each BTP value. Next the results of a WMN that uses prefetching
will be displayed. Once again a sample normal quantile plot and histogram will be given. This
section will conclude with a comparison of the non- prefetching versus prefetching system.

4.3.1.2 Without Prefetching

Normal Quantile Plots of the total UPL indicate that the total UPL for a WMN that does
not use prefetching is non-normally distributed for each value of BTP (0.275, 0.425, 0.575,
0.725). The Normal Quantile Plot of a WMN that does not use prefetching and has a BTP of
0.275 is shown below. The Normal Quantile Plots at the other BTP values for the WMN
that does not use prefetching can be found in Appendix 1.

Figure 0.1 Normal Quantile Plot No Prefetching UPL, BTP = 0.275
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Although Figure 4.1 indicates the total UPL is not normally distributed, it does not
show how the data varies about the central tendency. To show this, histograms were
generated and showed the data to be right skewed. The histogram of the case of no prefetching at
a BTP of 0.275 is shown below in Figure 4.2. The histograms at the other BTP values can be
found in Appendix 31A.

Figure 0.2 Histogram of No Prefetching User Perceived Latency

From the histogram, it is clear that the vast majority of data is focused at the left end of
the histogram. It is difficult to see in Figure 4.2, but there is some data around the middle of the
histogram and very few data at the right end of the histogram. Figure 4.3 below highlights these
sections.
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Figure 0.3 Histogram of No Prefetching User Perceived Latency

To clearly show the results at the left end, middle and right end of the histogram, a close up of
each section of the histogram - left end, middle and right end of will be given below in Figures
4.4, 4.5 and 4.6 respectively.

Figure 0.4 No Prefetching UPL, BTP – 0.275 Left End Data
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Figure 0.5 No Prefetching UPL, BTP – 0.275 Middle Data

Figure 0.6 No Prefetching UPL, BTP – 0.275 Right End Data

Since the total UPL is non-normally distributed, the median value of the total UPL will be used.
The table below shows the total UPL for a WMN that does not use prefetching.
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Back Track Probability
0.275
0.425
0.575
0.725

Medians of Total UPL without Prefetching
37.42
37.42
37.42
37.42

Table 0-3 Total UPL at Each BTP for a WMN that does not use Prefetching

Although the medians are numerically identical, the question of whether the results come from
identical distributions still exists. The null hypothesis, HO , is that the data come from identical
distributions. The alternative hypothesis, HA is that at least one of the test results comes from a
different distribution. Kruskall Wallis (KW) was used to compare the distributions. The results
from the KW test indicate there is not enough evidence to conclude that at least one data set
comes from a different distributions. Therefore the null hypothesis ,H O is accepted.

4.3.1.3 With Prefetching

Unlike the case without prefetching, the total UPL of a system that uses prefetching
follows a normal distribution as shown in the Normal Quantile Plot and histogram below. The
proceeding normal quantile plot and histogram are for the case when BTP = 0.275. To see the
normal quantile plots and histograms at other the BTP values see Appendix 2 and Appendix 32
respectively.
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Figure 0.7Normal Quantile Plot Regular Prefetching UPL, BTP = 0.275

Figure 0.8 Histogram of Regular Prefetching UPL, BTP = 0.275

The following is the histogram of the UPL of the Omniscient Prefetcher.

Figure 0.9 Histogram of the Omniscient Prefetcher UPL, BTP = 0.275
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Like the case of the non-prefetching WMN, the Vacuous prefetching WMN also shows right
skewed UPL data.

Figure 0.10 Histogram of the Vacuous Prefetcher UPL, BTP = 0.275

However, whereas the data are located in 3 parts in the non prefetching WMN, in the Vacuous
Prefetching WMN, data is located in 4 parts as indicated in the figure below.

Figure 0.11 Histogram of the Vacuous Prefetcher UPL, BTP = 0.275

To clearly show the data at the left end, left of center, right of center and the right ends, please
see Appendix 33b, Appendix 33c, Appendix 33f and Appendix 33e respectively. The Table
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below shows the Total UPL for all Prefetching Systems. Note how the Vacuous system has a
longer Toatl UPL than the non-prefetching case.

Back Track
Probability

Average Total UPL
with Regular
Prefetching
(seconds)

Medians of Total
UPL with Vacuous
Prefetching
(seconds)

Total UPL with
Omniscient
Prefetching

0.275
0.425
0.575
0.725

20.702
21.254
21.807
21.557

37.3
37.3
37.3
37.3

0
0
0
0

Table 0-4 Total UPL of each Prefetching System

Although the average UPLs are similar, the question of whether these results come from the
same distribution still remains. The null hypothesis, H O, is that the results come from the
same distribution. The alternative hypothesis, HA, is that at least one of the result sets comes
from a different distribution from the others. Since the histograms are normally distributed
ANOVA is used.
The result of ANOVA indicate that there is at least one data set that is derived from a
different distribution from the others. Therefore H O is rejected. Moreover Tukey tests indicate
that the results from each test come from different distributions.
4.3.1.4 WMN without Prefetching versus WMN with Prefetching

The following table shows a comparison of the total UPLs between the WMN without
prefetching and with regular prefetching.
Back Track Probability

0.275
0.425
0.575
0.725

Medians of Total UPL
without Prefetching
(seconds)
37.42
37.42
37.42
37.42

Average of Total UPL with
Regular Prefetching
(seconds)
20.702
21.254
21.807
21.557
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Table 0-5 Comparing UPL for a WMN that does not use Prefetching and one that does

Appendices for the WMN that does not use prefetching and the one that uses Regular
Prefetching can be found in Appendix 31(a-d) and 32 respectively. For the WMN that does not
use prefetching, since the vast majority of the data lies in the left end of the histogram, only that
part of the histogram will be compared to the WMN that does make use of prefetching. The
histograms are shown below for comparison.

Figure 0.12 Histogram of No Prefetching User Perceived Latency, BTP – 0.275M Left End Data

Figure 0.13 Histogram of Regular Prefetching User Perceived Latency, BTP – 0.275

In comparing the two histograms, it is clear that prefetching greatly reduces the UPL of a
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WMN because the maximum total UPL for the WMN with prefetching is lower than the
minimum total UPL for the WMN without prefetching. This shows support for the hypothesis
that prefetching will improve the UPL for users of a WMN. To see the histograms of the
resulting UPLs at the other BTP values, please see Appendix 31b and Appendix 32 respectively.
However, one characteristic about the WMN is that it is susceptible to disconnections. To
demonstrate it is worth using prefetching in a WMN, it must be demonstrated that the total UPL
for a WMN that is experiencing disconnections and uses prefetching is less than the total UPL
for a WMN that is experiencing disconnections and not using prefetching. That is the importance
and goal of the next section.

4.3.2 WMN With Mesh Router Disconnections

In this section, the results of the total UPL for WMN that does not use prefetching and is
experiencing node discussions will be displayed. Then the results of the total UPL for WMN
that does use prefetching and is experiencing node discussions will be displayed.

4.3.2.1 No Prefetching

The Normal Quantile Plots in Appendices 5, 9, 13 and 17 indicate that in the case of a
WMN that does not use prefetching and is experiencing disconnections at MDRP values of 0.25,
0.5, 0.75 and 1.0 , that the total UPL is non-normally distributed. The corresponding histograms
can be found in Appendices 35, 39, 43 and 47.
The Normal Quantile Plot of the case where the WMN does not use prefetching, and is
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experiencing node disconnections at MRDP 0.5 at a BTP of 0.275 is given as a sample below.

Figure 0.14 Normal Quantile Plot No Prefetching , BTP = 0.275, MRDP = 0.5

A histogram of the case where the WMN does not use prefetching, and is experiencing
node disconnections at a BTP of 0.275 is given as a sample below.

Figure 0.15 Histogram No Prefetching UPL , BTP = 0.275, MRDP = 0.5

Table 4.6 below compares the UPL of WMN that uses the No Prefetching at Various MRDP
values. To see the corresponding histograms, please see Appendices (35,39,43,47)
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Back Track
Probability

0.2750
0.4250
0.5750
0.7250

Medians of
Total UPL
without
Prefetching
(seconds)
MDRP = 0.25
85.770
85.760
86.720
85.790

Medians of
Total UPL
without
Prefetching
(seconds)
MDRP = 0.5
145.860
145.910
145.990
146.845

Medians of
Total UPL
without
Prefetching
(seconds)
MDRP = 0.75
216.90
217.020
217.010
216.010

Medians of
Total UPL
without
Prefetching
(seconds)
MDRP = 1.0
280.080
280.100
281.040
280.050

Table 0-6Comparing UPL without Prefetching at Various MRDP

A KW test indicates that there is no statistical difference between the UPLs at the different back
tracking probabilities for each MRDP.

4.3.2.2 With Prefetching

The normal quantile plots of the cases where the WMN uses regular prefetching and is
experiencing node disconnections at MRDP values of 0.25, 0.5, 0.75 and 1.0 indicate that the
total UPL is non-normally distributed. These quantile plots can be found in Appendices 6,10, 14
and 18 respectively. The normal quantile plot of the case where the BTP = 0.275 is given below
as a sample.
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Figure 0.16 Normal Quantile Plot Regular Prefetching User Perceived Latency

The figure below is a sample histogram. It is the histogram of when a WMN uses Regular
prefetching at a BTP of 0.275 and MDRP = 0.5. The other histograms at various other BTP and
MDRP values can be found in Appendices 36, 40, 44 and 48 respectively.

Figure 0.17 Histogram of Regular Prefetching UPL, BTP = 0.275, MRDP = 0.5
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Back Track
Probability

0.275
0.425
0.575
0.725

Medians of
Total UPL with
Prefetching
(seconds)
MDRP = 0.25
61.800
62.290
63.360
62.680

Medians of
Total UPL with
Prefetching
(seconds)
MDRP = 0.5
116.365
117.740
118.735
117.495

Medians of
Total UPL with
Prefetching
(seconds)
MDRP = 0.75
182.480
185.590
186.700
185.700

Medians of
Total UPL with
Prefetching
(seconds)
MDRP = 1.0
245.830
247.240
247.450
246.350

Table 0-7 Comparing UPL of Various Prefetching Systems

Clearly from Table 4.7 and corresponding histograms which are found in the
Appendix, the results at between the different MDRP values come from different
distributions. However, within each MDRP value, the question of whether the results come
from the same distribution still remains. The null hypothesis HO, is that the results come from
the same distribution. The alternative hypothesis, HA, is that at least one of the results comes
from a different distribution from the others. Once again, since the data are non normally
distributed, the KW test will once again be used. The KW test indicates that there is at least
one result set that comes from a different distribution from the others. . Mann Whitney
Wilcoxon tests indicate that statistical significance (a difference in distribution) exists
between the following groups (0.275,0.575), (0.275,0.725), and (0.425,0.575).
4.3.3 Non Prefetching versus Prefetching

In Comparing Tables 4.6 and 4.7, the total UPL for corresponding BTP and MDRP values in
each case shows that the total UPL in the case where prefetching is used is always less than when
prefetching is not used. A sample comparison is given in Table 4.8.
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Back Track
Probability

0.2750
0.4250
0.5750
0.7250

Medians of
Total UPL
withOUT
Prefetching
(seconds)
MDRP = 0.5
145.860
145.910
145.990
146.845

Medians of
Total UPL with
Prefetching
(seconds)
MDRP = 0.5
116.365
117.740
118.735
117.495

Table 0-8 Comparing UPL of No Prefetching and the Regular Prefetching System

As is the case where a WMN does not experience disconnections, in the case where the WMN
does experience disconnections, the total UPL in the case where prefetching is used is less than
the case where it is not used.

4.4 Explaining the Results
There were four main categories of tests (combining for a total of 80 tests).
1. A WMN without prefetching and no disconnections.
2. A WMN with prefetching and no disconnections.
3. A WMN without prefetching and disconnections.
4. A WMN with prefetching and disconnections.

In each test, the WMN that made use of prefetching always has a lower total UPL than its
counterpart that did not, thus confirming the worth that prefetching has for WMN. What was
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interesting, as shown in Table 4.5, was that in the case when regular prefetching is used, as BTP
goes from 0.275 to 0.575, UPL increases, but once a BTP of 0.725 is reached, the UPL
decreases. What was also interesting is that in the case where there was no MR failure, the total
UPL had a right skew distribution when no prefetching was used, but after prefetching was
applied, the total UPL was not just simply shifted towards the left, rather the total UPL was
redistributed into a normal distribution. The following sections will give an explanation for each
phenomenon.

4.4.1 An Explanation for the Increase and Decrease of UPL with the Increase of BTP

As BTP increases from 0.275, 0.425 and 0.575, the UPL increases until a BTP of 0.725 is
reached then it decreases. This coincides with a decrease in the number of correct prefetches
until a BTP of 0.725 is reached and then the number of correct prefetches increases.
Back Track Probability

Average Total UPL

0.2750
0.4250
0.5750
0.7250

20.650
21.250
21.800
21.550

Average # Correct
Prefetches
39.100
37.850
36.510
37.140

Table 0-9 Comparing the Average UPL with the Average # of Correct Prefetches

The Total UPL increasing as the number of correct prefetches decreases makes sense. As
the number of correct prefetches decreases, the number of incorrect prefetches increases,
meaning there is an increase in the number of times the user must wait to retrieve the desired
web page rather than it already being at hand.
This leads to the question, why does the number of correct prefetches decrease as one
goes from a BTP of 0.275, to 0.425 to 0.575, consequently leading to increase in UPL, but then
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the number of correct prefetches increases at BTP = 0.725, resulting in a decrease in UPL. To
answer this question consider looking at the user actions. Table 4.10 below shows the users’
actions of back tracking, jumping and clicking a link at each value of BTP.
Back Track
Probability
0.2750
0.4250
0.5750
0.7250

# Of Back Tracks

# Of Jumps

# Of Clicks

18
32
46
49

18
18
19
28

65
50
36
23

Table 0-10 # of Back Tracks, # of Jumps and # of Clicks at Each BTP Value

Note that as BTP increases, as expected, so does the number of back tracks; however the
increase is not a direct linear relationship. With each increase between intervals, the increase
decreases. It appears that the number of back tracks made by the users levels off. This makes
sense. After all, although BTP increases, the actual number of times a user can select to hit the
back button is finite. This is because once a user back tracks to the original page they were on,
they can no longer hit the back button. If this is the case, they will either have to jump to another
page or click a link. On the other hand, the users can theoretically always click a link on the page
they are on or always jump to some page. To further show that the number of back tracks reaches
a limiting value, tests were done at BTP = 0.77, 0.81 and 0.85 and the number of back tracks,
user jumps and the number of times a user clicked a link were noted as shown in the table below.
Moreover, note how the number of back track levels off at about BTP = 0.7 in Figure 4.18.
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Back Track
Probability
0.275
0.425
0.575
0.725
0.770
0.810
0.85

# Of Back Tracks

# Of Jumps

# Of Clicks

18
32
46
49
49
49
49

18
18
19
28
34
41
51

65
50
36
23
17
10
0

Table 0-11 # of Back Tracks, # of Jumps, # of User Clicks at Various BTP including BTP Values of 0.77, 0.81, and 0.85

Figure 0.18 # of Back Tracks vs BTP

Having conducted tests at BTP = 0.77, 0.81, 0.85, there is more information to consider.
Back Track Probability
0.275
0.425
0.575
0.725
0.770
0.810
0.850

Average Total UPL
(seconds)
20.650
21.250
21.800
21.550
21.070
20.650
20.610

Average # Of Correct
Prefetches
39.100
37.850
36.510
37.140
38.170
38.750
40.390

Table 0-12 UPL and # of Correct Prefetches at BTP Values of 0.275,0.425.0.575, 0.725, 0.81 and 0.85

Between the intervals 0.275 ≤BTP < 0.725, UPL increases, corresponding to a decrease
in the number of≤BTPcorrect≤0.85UPLprefetchesdecreases,but between the interval 0.725
corresponding to an increase in the number of correct prefetches. This suggests that the user
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actions of back tracking, jumping and clicking a link play a role in determining the number of
correct prefetches. To give support to this notion, Table 4.13 below shows a break down of the
type of user selections that resulted in correct predictions.

Back Track
Probability
0.275
0.425
0.575
0.725
0.770
0.810
0.850

BTcorr

Jcorr

Ckcorr

7
13
18
23
27
29
32

3
3
6
11
9
9
9

28
21
11
2
1
0
0

Table 0-13 # of Correct Back Tracks, Jumps and Clicks

BTcorr = # of correct predictions from a back track,
Jcorr = # of correct predictions from a jump
Ck_corr = # of correct predictions by clicking a link.
From the previous tables, it appears that back tracking, jumping and clicking a link can
impact the correct number of prefetch predictions. This impact is explained below.

4.4.1.2 The Impact of Back Tracking, Jumping and Clicking a Link

It is important to note that the prefetcher does not take into account the physical actions
of the users. For example, a user is on Page 1 and then they click on a link to Page 2 and from
there they click on a link to Page 3. Now imagine there is also a link pointing from Page 3 to
Page 2. Now suppose the user, who is on Page 3, wants to go to Page 2. They can get to page 2
by typing the URL of Page 2 in the web browser, clicking on the link to Page 2 or hit the back
84

button. The prefetcher will not know which action they took. All that the prefetcher will see is
that the user went from1 Page 1, to Page 2, to Page 3 and then to page 2. The prefetcher is not
basing its predictions on the users’ actions such as back tracking, jumping or clicking a link. The
prefetcher only keeps track of the web pages visited. However, the webpages the user will select
in these simulations are influenced by whether a person clicks a back button, jumps to a page, or
clicks a link. As mentioned in 3.1, pages are given weights. If a user jumps, they will tend to
jump to a page with a higher weight. On the other hand, if the random number generator deems
the user must click a link, they will tend to click a link with the higher weight. If a page has a
very high weight, it will tend to be visited more which means it will have a higher chance of
being back tracked to as BTP increases.
So although the prefetcher only keeps track of the page's user visits, the user’s actions of
back tracking, clicking a link and jumping can influence which web pages are chosen.
Understanding that the user actions can influence which web pages they select helps to explain
what is happening to the system in the intervals of 0.275 ≤BTP ≤0BTP.≤5750.85and. 0.725
What is Happening in the interval 0.275 ≤ BTP ≤ 0.725
As previously mentioned, web pages are given weights. If a user is on a web page and
there are several links and the random generator deems the user must select a link, the link with
the highest weight has a better chance of being selected. In the interval [0.275, 0.575] there is
still a good chance that a user will select a link. This means that there is still a good chance that
the predictor can predict what web page the user wants because the user will tend to select the
link with the heavier weight. But as BTP increases, the probability a user clicks a link, while still
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good decreases. So as one starts at a BTP of 0.275 and increase it to 0.575, the number of correct
prefetches as a result of clicking a link decreases but can still contribute to the total # of correct
prefetches. However in this interval, back tracking and jumping do make contributions to the
number of correct prefetches made. In this interval back tracking contributes to the number of
correct prefetches made because as one back tracks more, they tend to revisit the same web
pages. Jumping also can contribute to the number of correct prefetches because the user tends to
jump to web pages with higher weights.

What is Happening in the Interval 0.725 ≤ BTP ≤ 0.85
While in the interval of 0.275 ≤ BTP ≤0.575 , clicking a link, back tracking and jumping all
made contributions to correct prefetches, but in the interval 0.725 ≤ BTP ≤ 0.85, clicking a link
makes virtually no contribution in the number of correct prefetches. This is for two reasons. The
first reason is at this interval the probability for clicking a link is so low that the prefetcher no
longer has the benefit of being able to select web pages with high weights. The second reason is
the number of jumps increases. Although the user tends to jump to web pages with higher
probabilities the chance of them going to relatively low weighted webpages exists and increases
as BTP increases. These lowly weighted pages are visited so infrequently that it is rare for the
user to click on the links to that page. So the reason that the number of user clicks produces
hardly any correct prefetches is simply because the prefetcher has not had the opportunity to visit
the web pages that lowly weighted pages point to. On the other hand, the prefetcher has the
benefit of the user back tracking so often. In this interval the user tends to revisit the same pages
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over and over so it is easier for the prefetcher to guess which web pages to prefetch.
4.4.2 An Explanation for the Right Skewed Distributions

In this section we provide a logical argument as to why the data for UPL in the case of a
WMN that does not use prefetching and one that uses a Vacuous prefetcher is right skewed. This
logical argument will be buttressed by an inspection of the data of the MCs that skewed the
charts.
The right skewness for UPL charts for the WMN that does not use prefetching and one that uses
the Vacuous prefetcher can best be explained by considering the problem of network traffic
within a WMN. There has been substantial research on the problems of network traffic for
WMNs. For example, since MCs are trying to connect to a GW via the MRs of their data paths,
the GWs usually experience a traffic bottleneck because there are so few of them when
compared to the number of MRs trying to access them on behalf of the MCs. To address this
problem Deepti in [53] proposed a scheme of increasing the number of GWs. However, this by
itself did not decrease network traffic amongst the GWs but applying load balancing scheduling
along with an increase in the number of GW did [53]. Likewise Ernst in [66] addressed network
trafficking at the GWs by employing their fair scheduling schemes for GWs. In [50], Gumel
brings to light the problem that inefficient routing can lead to unnecessary increase in the
network traffic. The traffic routing problem as explained in [50], involves the data paths MCs
use to connect to GWs. These data paths consist of at least 1 or more MRs wirelessly linked.
Often MCs share common MRs in their respective data paths which can lead to increased
network traffic at the common MR. Unfortunately MRs that lie on too many path exhaust their
resource such as bandwidth, processing power, memory storage [54]. To combat the problem
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caused by data paths, Gumel et al in [50] propose modifying the current AODV protocol so that
data paths between MCs and GWs can be dynamically adjusted so that under used MRs can be
part of a MCs data path to minimize traffic.
Clearly network traffic is a big problem. Current research, as previously mentioned,
usually involves some sort of load balancing. However in this research, load balancing was not
considered because load balancing is beyond the scope of this thesis which is only about the
viability and worth of prefetching in WMNs. It is the lack of load balancing that can be attributed
to the right skewing of the Total UPL data for a small number of MCs for the cases where WMN
do not use prefetching and for a WMN that employs Vacuous prefetcher. The reasoning is as
follows. In the case where a WMN does not use prefetching or in the case where the WMN uses
Vacuous prefetching, the UPL and TT are the same. As previously mentioned, TT is the time it
takes a webpage request to travel to and from a GW by multi hop on the MRs that form a MC’s
data path. But as previous research has shown, WMN traffic, without load balancing can lead to
inordinate network traffic at GWs as explained by [53] or inordinate traffic at the MRs as
explained by [50]. It can be inferred that the right skewing of the UPL in these two cases can be
explained by the fact that some MCs contain MRs and a GW in their data paths that experience
more network traffic than others.
The previous argument is strengthened by comparing the data paths that MCs with relatively low
UPLs had with those of the data paths with relatively high UPLs. To compare the data paths, a
metric known as Total Data Path Connectivity Number (TDPCN) is used. The TDPCN is the
sum of the Data Path Connectivity Numbers (DPCN) of each of the MRs of a MC’s data path.
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The DPCN for each MR is just the number of data paths the MR belongs to. The logic behind
using the TDPCN is that the MC with the smallest TDPCN means that the total number of the
data paths that intersect with it is the smallest which might possibly indicate it is the least busy
data path, and hence it will experience less network traffic leading to lower TT. The reason it is
claimed that it might possibly indicate the least busy path instead of guaranteeing the least busy
path is that it is possible that while a MR belongs to many data paths, it does not necessarily
mean that all MCs owning these data paths are trying to access that MR simultaneously. For
example, an MR might belong to 10 data paths (thus it has DPCN of 10), but may be at a specific
time, only 3 of the data paths it belongs to are in use. Therefore the TDCPN is only an indicator
of the potentiality of whether an MR will experience a high or low UPL. The concept of TDCPN
and DCPN is best explained by considering the figure below. Each MC has a data path to and
from a GW consisting of MRs. However, the MRs that constitutes a data path for an MC can also
belong to the data path of another MC, as illustrated below.

Figure 0.19Illustrating the Concept of DPCN

The following is a list MCs and their associated data paths.
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A: 1,6,7,12,18,23,27
B: 2,7,8,12,17,22,23,27
C: 3,8,13,17,23,24,27
D: 4,9,14,19,24,27
E: 5,10,15,14,20,25,24,27
The DPCN for each MR is just the number of data paths the MR belongs to. In the case of MR 1 it
belongs to only one data path so it DPCN is 1. On the other hand MR12 belongs to two so its
DPCN is two and so forth
Mesh Router # DPCN
1
1
2
1
3
1
4
1
5
1
6
1
7
2
8
2
9
1
10
1
11
0
12
2
13
1
14
2
15
1
16
0
17
2
18
1
19
1
20
1
21
0
22
1
23
3
24
3
25
1
26
1
27
4
Table 0-14 Sample TDPCN

The TDPCN for each MC is just the sum of each of the DPCN of all the MRs that form its data
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path. Regarding A, its data path is 1,6,7,12,18,23,27.

Therefore the TDPCN for A is 1 +1 +2 + 2+1+3+1 = 11.

B: 2,7,8,12,17,22,23,27
Therefore the TDPCN for B is 1+2+2+2+2+1+3+4=17

C: 3,8,13,17,23,24,27
Therefore the TDPCN for C is 1+2+1+2+3+3+4 = 16

D: 4,9,14,19,24,27
Therefore the TDPCN for D is 1+1+2+1+3+4 = 12

E: 5,10,15,14,20,25,24,27
Therefore the TDPCN for E is 1+1+1+2+1+1+3+4 = 14

Theoretically, requests from A will experience the least TT and requests from B will
experience the longest TT. Table shows that some MRs do not belong to the data of any of the
MCs. Therefore, to decrease network traffic, Gumet et al modified AODV to make use of unused
MRs [50]. Moreover Fig 4.19 illustrates the problem of congestion at the GWs, which is why the
work of Deepti [53] and Ernst in [66] are important.

The validity of the TDPCN as a predictor of the relative TT is confirmed through the data
provided by the experiments for this thesis. For example, in one case the total TT for MCs with
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TDCPN of 102 was 37.1s. Whereas the total TT for MC with TDCPN of 107 was 40.91s, and the
total TT for an MC with TDCPN of 120 was 44.4s. The pattern of those MCs having a higher
TDCPN and having a higher TT was found to be consistent throughout the experiments.
The fact that some MCs have MRs and GWs in their data path that experience more
network traffic with respect to the MRs and GWs belonging to the data paths of other MCs
explains why some requests from a small number of MCs experience much higher TTs.

4.4.3 An Explanation of why Prefetching results in a Normal Distribution

The UPL without prefetching or with Vacuous prefetching had right skewed data. However,
simulation results show that using prefetching lead to UPLs that followed a normal distribution,
rather than simply shifting the right skewed data to the left of the time scale. The reason is that
without prefetching, the UPL is essentially the TT that is subject to the problem of load
balancing. Due to the lack of load balancing, some MRs will experience more network traffic
than other MRs. In the case that a WMN makes use of prefetching, if the prefetcher is able to
correctly predict and retrieve a user’s desired request while the user is busy with their current
page, the desired webpage will be ready for access by the user and their UPL is zero. Although
the prefetched webpage does have an associated TT that is affected by GW congestions outlined
in [53], and routing congestions outlined in [50], the user does not experience it. So, because of
prefetching, even if an MC contains MRs and GWs in its data path that experiences relatively
high amount of traffic compared to the MRs and GWs belonging to the data paths of others
which leads to an increase of TT, the user is spared the wait time because of the successful
prefetched page already at hand. Because the effects caused by an absence of load balancing is
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masked by a correct prefetch, the right skewing of UPL no longer exists when prfetching is
employed (provided it is not the Vacuous Prefetcher).
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Chapter 5: Conclusions and Future Work

5.1. Conclusions
This thesis explored the behavior of a WMN that incorporated prefetching, but more
importantly it attempted to show the value of prefetching for WMN. Unlike other types of
computer networks, WMNs are susceptible to failure of its constituent nodes which can result in
the failure of relaying messages, including prefetch requests. Therefore prefetching in a WMN is
only worthwhile if it is the case that the total UPL of a WMN that uses prefetching and is
experiencing disconnections is less than the total UPL of the case where a WMN does not use
prefetching and is experiencing disconnections. In this thesis, experiments were first conducted
without considering disconnections. In each of the test conducted, the total UPL where
prefetching was used was lower than the case where it was not used. This itself does show the
value of prefetching in a WMN provided there are no disconnections. However since node
disconnections are inherent to WMN, the case where disconnections occurred was also tested.
Despite the fact that some MRs were disconnected, the total UPL of the case where prefetching
was used was lower than the total UPL when it was not used, demonstrating the worth of
prefetching in WMNs. This thesis also showed how prefetching can be a possible solution to the
WMN load balancing problem.

5.2. Future Work
In the second chapter, some research into wireless prefetching was mentioned. To our
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knowledge this is the first research conducted into specially into prefetching for WMNs.
Research for prefetching in WMN is still in its infancy. It is hoped this research will spawn more
research into this area. In conducting this research three areas have been identified where it is
suggested that research should be pursued.
The first area of suggested research is prediction models. The better the prediction, the
better the performance of the prefetching system, whether the prefetching system is for a
wireless or a wired system. The Literature Review presented some prediction models used in
current research. Two questions arise which should be looked into.
Question 1: If prediction model works well in a wired system, does that mean it will
work well in a wireless mesh network? Predictions are based on human behavior. It is not
impossible to think that user behavior might change in

WMN setting especially if

disconnections arise. Therefore it is possible that a prediction model that is suitable for a wired
system may not be suitable in a WMN. Research comparing the performance of prediction
models used in wired systems should be compared to the performance of the same prediction
model that is used in a WMN, especially in unfavorable user conditions when disconnections
arise.
Moreover this research explored the question of WMN prefetching without considering
the mentality of the users. Typically WMNs are restricted to a small location. There is a chance,
that a WMN may be confined to a small location such as a university. where there are many like
minded people (people in the same academic program or people conducting similar research)
which leads to the next question regarding prediction models.
Question 2: Are there some prediction models that might work well with one group of
users over another. For example is there a prediction model better suited for engineering users
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than for philosophy users. Perhaps a hybrid prefetching system can be used where if the
prefetcher knows a user is an engineering student then it should use prfetching model A and if it
a philosophy student it should use prefetching model B and so forth. Although the question
posed is in the context of university, the same question is raised for any small location with
diverse communities regardless of the context.
The second area of research is prefetching conducted on elements other than the mesh
client (MC) for example server side prefetching or mesh router (prefetching) for wireless mesh
networks. In this research we saw how prefetching was done on the MC side. One thing to
explore is the possibility of MR doing the prefetching. which leads to the next question:
Question 3: Does prefetching at a MR or on the server side provide better performance?
This will indeed be a challenge because as shown, MRs can be disconnected from the network.
However this can spawn further research into providing redundancy for MR side prefetching.
Moreover, since several MCs can have a particular MR in their data path perhaps it would be
interesting to see the possibility of MRs gathering user statistics to determine what resources
people tend to acquire and base their prefetching on that. Revisiting the question of prefetching
on a university campus (or any restricted location with diverse communities), is it better to for an
MR to initiate prefetching? If so, what will its performance if it contextualize a user, that is
determine what type of group the user belongs to. It would be interesing to see how being able to
identify user's group and adjust its prediction model would differ if the prefetching was initiated
by an MR instead of an MC.
The third area of research is physical testing. This thesis was conducted by simulation
which provided insight into the behavior of WMN which were able to prefetch web pages. As
mentioned earlier, computer simulation is heralded as a third mode of scientific research. As in
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other sciences, simulation and physical testing work together to explain data and to make
predictions for future experiments. Similarly, it is expected that comparing results from
simulations of WMN that have prefetching to conducting physical tests will only help this
research area flourish. The main question that arises when physical testing is conducted is given
below.
Question 4: Does physical testing show that prefetching does reduce user perceived
latency? If so , how similar are the results of the two. Are they comparable? If physical testing
does show a reduction in user perceived latency, but not to the extent of the simulation, what
changes to the WMN have to be made?
5.2.1 Current Work vs Future Work

The following chart is summary of the current work of this thesis and future possible work.


Current Work
Treated prediction models of wired
systems as suitable for WMNs






Client Side Prefetching



General mesh clients



Computer simulation







Future Work
Investigate whether certain prediction
models may be better suited for WMN
than for others.
Investigate if new prediction models
are needed for WMNs.
MR initiated prefetching
Server side prefetching
contextualized mesh clients based on
their communities such as academic
program, religious or political
affiliations, extracurriculars.
physical testing

Table 0-1 Current Work vs Future Work
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