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ABSTRACT

Searching for information on the Web is a relatively inefficient process. It is time
consuming and requires a learning process. Modern search engines work by “crawling”
the Web, scanning web pages and indexing them at a central repository. As the number
of web pages on the Internet grows exponentially, so does the size of the indexes, and the
number of results returned by a query. For most search engines, a user must manually
refine the query by changing the keywords to eliminate irrelevant results and to bring the
most relevant results to the top of the search engine output. My goal is to develop a
method that optimizes web search queries without user intervention. Developing
intelligent ways to automate this process includes the development of algorithms that
automatically manipulate the use of keywords to produce the desired output. Genetic
algorithms (GA) provide a potentially useful approach in this area. However, these
approaches have not fully exploited the biological concepts associated with genetic
reproduction and evolution. I hypothesize that an approach that uses GA but modifies it
to include the biological concepts of structural and regulatory gene types and the use of a
combination of deletion operator and silent genes will improve GA performance in
optimizing Web search. In this paper, I describe this approach and its implementation in
simulations of Web search tasks using three popular Web search engines (Google, Yahoo
and Netscape). The results of this implementation are presented and are compared to the
performance of a similar, but unmodified GA in the same tasks. The comparisons
demonstrate that, in almost all conditions, the GA modified to include the representation
of both structural and regulatory genes performs better than the unmodified GA in terms
of the average fitness value of the final search results, although this conclusion depends
to some extent on the nature of the search task and search engine. As expected, the
addition of a deletion operator has the most effect on the average fitness when silent
genes are present. The results of the deletion operator and silent gene concept shows the
potential of the modified GA approach for situations where the key words entered by

users are less relevant to the search engine than the user intended.
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CHAPTER 1: INTRODUCTION

Searching for information on the Web can be time-consuming and requires a learning
process. Search engines, which were developed to facilitate the process of searching the
Internet, are essentially text retrieval systems. They provide the user with enhanced
search capabilities by “crawling” the Web, scanning web pages and indexing them at a
central repository, which can then be accessed using a query containing key words.
However, as the number of web pages on the Internet grows exponentially, both the size
of the indexes and the number of results returned by a query also increases. For most
search engines, the user must manually refine the query to eliminate irrelevant results by
changing the keywords. Updating a query to adapt to the rapidly changing Web
environment also requires manual user intervention. Automating these processes requires
developing intelligent search engines and query processes that can refine the search
process to make it more focused, yet remain flexible enough to respond to the rapid

changes in information on the Web.

Overview of Web Search

The goal of most simple search engines is to locate specific information on the Web that
matches keywords supplied by a user. Search engines try to return the most accurate
results possible, as fast as possible. In this paper, I would like to focus only on large-
scale hyper-textual Web search engines; thus, the term “search engine” will be used to
mean “web search engine”. There are two basic types of search provided by most search

engines: searching by keywords and browsing a category hierarchy.

In browsing by category, the search space is organized by category in a hierarchy. For
example, Figure 1 shows one can find information about a Real Estate Purchase

Agreement in Ontario using Yahoo Hierarchy Search.
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Figure 1: Example of Yahoo Hierarchical Categories

Using this approach, the search process can drill down from category Canada to category
Province, until the category Real Estate is reached. From here, a legal text of an
agreement to buy a house can be found. Searching based on category requires the user to
spend a lot of time to drill down the search space to find information. The success and
efficiency of the process depends on the number of categories and sub-categories. If
there are many branches or paths for a category or sub-category, it may be necessary to
browse them all, making the search process time-consuming. On the other hand, if there
are a limited number of categories the search will be more rapid, but there may only be a

limited amount of information available, making the search less relevant.

The other common method used by the majority of search engines is to accept keywords
entered by the users and to return all web pages containing the information that users are
looking for. Google is an example of a search engine that functions in this way. Google
maintains and updates a cache of web pages and an index of keywords. The user enters
keywords in the form of a simple query, which is processed by the Google search engine.
Google then returns a list of related hyperlinked web pages (URLSs) and their brief

descriptions. Browsing brief descriptions, the user may choose to examine the contents



of one or more web pages, which are thought to potentially contain the desired
information. Usually, the user will examine, at most, the top twenty or thirty returned
web pages, while the number of returned web pages could range from a few hundred to
thousands and even to millions. If the desired information does not appear in the
searched web pages, the user might try again adding search operators to the keywords to

ensure that the returned web pages contain all searched keywords.

For example, Figure 2 shows how keywords are normally entered into search engine and
Figure 3 shows how the search operator “AND” or symbol plus “+” can be used to ensure

the occurrences of certain keywords.

Webd Ruoults 1100 3bout 31,000,008 R purchans agresment of. (6.45 seconde)

Sponsored Links

Web mages Grouos News Local Scholsr mote»
l " | purchase agreement of { Search ) Adcaced Sesch
Saarch: @ the web ) pages from Canada

AW, ticles/ Star /556-25-1796.html - 45k -

FindLaw Corporste Counssi
Resserch Tools for Asrospacs, Dd-nu Mumbh Construction, ...
contracts corporate. findiew.com/

Figure 2: Exal of Google se;;'ch based on keywords
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Figure 3: Example of Google search based on keywords and search operators

The user can manipulate keywords and search operators in different patterns in the hope
of reducing the number of returned web pages, and to try to get the desired information in
the top ten hyperlinked web pages (URL listings). One of the common techniques is to
combine keywords into a sub-phrase in certain orders. The pattern of keywords in a
particular sequence might efficiently reduce the number of returned web pages.

However, with multiple keywords, there are so many combinations such that users might
not manually try all of them. This trial and error process is repeated until the user is

satisfied with the results or abandons the search. In addition to other operators, the
deletion operator, which is marked with symbol <space>-, can be used to exclude certain

keywords from returned web pages.

The efficiency of the search and the query process depends on the type of search engine.
There are only a few basic types of search engine architectures: spider based search

engines and distributed search engines.



Search Engine
Indexer
Query
Crawler
Central Repository 1 Crawler
Crawler

Spider Based Search Engine
Figure 4: Flow diagram of the general approach used by spider-based search engines

As Figure 4 demonstrates, spider-based search engine architectures mainly consist of

three components: crawlers, repositories, and indexers'.

Crawlers wander on the “Net”, collect documents and send them back to the central
server. At the central server, documents are stored in a repository. The indexer performs
indexing functions on them, mapping keywords to documents. Different search engines
use different techniques to index as well as different index types and frequencies of
indexing. Most of them extract all the “links” in each web page and store important link
information such as where the link came from, where the link goes to and the text

description of the link.

Google, Lycos, InfoSeek, Yahoo, AltaVista, AOL and Excite belong to the Crawler
search engine category. However, Google was the first to develop new methods for more
efficient indexing. It introduced a different way of breaking down a very large index into

smaller ones and it distributes the workload of the indexer and page ranker among



hundreds or thousands of smaller computers. This innovation differentiated Google from
other search engines in terms of the speed of the query response. The query response
from Google is very fast. Over time, Yahoo search performance has caught up with
Google's search performance®. With the purchase of Overture, which had acquired Alta
Vista, Yahoo also inherited Alta Vista technology. As it is right now, Yahoo crawling
search technology is a combination of Alta Vista, All-The-Web and Inktomi. This
crawler-based technology, which originated from UC Berkeley, was selected by Yahoo to
provide faster search capabilities. Netscape, on the other hand, unlike Yahoo, uses
Google as its main listing, but puts its own paid-listing content at the top of the search

results.

Distributed search engines are designed to have many databases of documents and use
peer-to-peer networking concepts. Examples are Napster technology (not Napster itself)®
and Gnutella*, which are quite efficient in allowing users to search and exchange music
files. While Napster still relies on centralized servers for global indexes and searching,
other systems such as Gnutella are completely decentralized®. The main theme of the
peer-to-peer concept is that there is no central server and each node has it own database
and acts as both client and server. This type of search engine is still limited to specific
tasks such as downloading music and movies. Although this new concept could be very
powerful for other kinds of web based information searches, to date, the type of keywords

that can be used, and files that can be searched for are still quite restricted.

In summary, the problem with a keyword search engine such as Google is that, while it is
simple and fast, from the user’s perspective, it is not always efficient. An increasingly
overwhelming number of web pages come back from most user queries and the task of
manually reformatting the query to reduce irrelevant web page references and make sure
the relevant web pages appear at or near the top of the listing is time consuming.
Furthermore, despite the large numbers of results that come up from many queries, no
search engine is yet available that is able to get all the relevant information on the Web

consistently.



Most search engines attempt to improve their performance by increasing the relevance of
the result. This is done using various ranking algorithms together with sophisticated
indexing mechanisms. In addition to improving the indexing of relevant information,
search performance can be improved by improving the way that irrelevant information is
eliminated. However, in some cases, this can cause relevant web pages to be incorrectly
eliminated. In all cases, these improvements to the search process require that the search

engine itself to be modified.

An alternative approach to improving search performance, which does not involve
modifying the search engine, focuses on optimizing query inputs to search engines. With
this approach, algorithms could be developed that can manipulate the use of keywords to
refine the search process to reduce irrelevant results. Methods to optimize queries rather
than search engines are more likely to be useful in the current situation where a small

number of proprietary search engines have come to dominate the Internet.

Overview of Approaches to Optimizing Search Queries

Methods for optimizing search queries have been developed in the area of information
retrieval (IR). Web search engines represent a form of IR system. IR systems have three
main components: (1) a database of documents, (2) query processing and (3) pattern
matching®. Documents are indexed in a database using an indexer. Queries submitted by
users are processed into the appropriate form for pattern matching. Relevant documents
are then retrieved from the database and evaluated by the pattern matching subsystem.
This subsystem will see if retrieved documents have the satisfactory degree of relevancy
or not. Ifthey do not, then the cycle of retrieving and evaluating stored documents will
repeat until satisfactory documents are obtained. The final documents will be returned to
users. There are many different models to represent the IR system. They are Boolean
model, Vector Space model, Probabilistic model and Fuzzy model. Some of these
models differ in how they perform indexing. In the Boolean model, the core of the
database is the binary index, where value of one (1) means key word appears at least once
in the document; otherwise, the value is zero (0). In the Vector Space model, the

document is viewed as a vector of n-dimensions where n is the number of key words



associated with the document. A query is also a vector of n-dimension where n is the
number of key words. There is a weight value associated with the key words in the
query. The relevancy degree is derived from the similarity comparison between query
vector and document vectors. Other models such as Probabilistic model and Fuzzy
model use search functions that are based on different probability techniquesG. The
probabilistic model uses distribution of indexes to implement the search function in query
processing. The Fuzzy model defines a fuzzy mapping, between a document and a set of

documents representing the query, which is used as index function.

From the above review, it is clear that current search engines, irrespective of different
approaches and optimizations, can benefit from a more effective query method. Several
attempts have been made to make the query process more effective for individual users.
These methods have used a number of different ways to improve the query process, and
some try to improve the search engine itself. Since Google, Yahoo, AOL and Microsoft
now dominate the search service in the Internet, it is likely difficult to propose changes to
search engine architecture or algorithms. Furthermore, most methods are not designed to
provide dynamic solutions for an immense and constantly changing search space such as
the Web. However, both the user requirements and the information on the Web are
dynamic processes. Thus, a truly effective process to refine and customize the results of

searching the Web to an individual’s requirements should also be dynamic.

Dynamic solutions require a different approach; an approach that can evolve the queries
with the user’s needs and changes in the available information. Machine learning
approaches such as genetic algorithm, genetic programming, neural network and decision
tree methods are examples of approaches that may be used ’. At this time, there is little
evidence® to suggest which of these approaches will work best at optimizing query for
web search’. For this thesis work, I have selected the Genetic Algorithm for the
following reasons. First of all, this approach has been found to be useful where the
problem domain is very large and complex'?. Secondly, this approach is effective for a
dynamic problem domain such as the Web''. Thirdly, the Genetic Algorithm is more

suitable for a problem domain such as searching on the web where there is no single



optimal solution. Finally, this approach will allow me to incorporate additional
biological concepts. This is important, as the main goal in this research is to evaluate the

impact of additional biological concepts in developing a solution for this problem.

The Genetic Algorithm (GA) was developed by Holland (1975)'2.  The GA approach to
machine learning is based on the principles of evolution and genetics. Before discussing
the way that GA works, it is important to describe some of the basic biological concepts

involved.

Overview of Basic Genetic Concepts

Natural selection and the genetic code are the basis of the biological algorithm of directed
change that we call evolution. The genetic code is encoded by genes, which are
composed of blocks of Deoxyribonucleic acid, or DNA. The pattern of DNA within each
gene provides the information necessary to build a protein; the basic building block of the
organism. Genes are found in supra-molecular structures known as chromosomes. The
position of the gene on the chromosome is called the locus. Different forms of the same
gene, encoding different forms of the protein, are called alleles. A complete set of
chromosomes, which include all the genetic material, is called a genome. A genome is
often defined as the entire genetic information of an organism while a gene is a unit of
genetic information. A particular set of genes or alleles in a genome represents a
genotype. In that development, some genes, called structural genes, are involved in
directing the production of individual proteins, while other genes, called regulatory
genes, act by turning on (activating) or turning off (repressing) the activity of particular

structural genes."

During the process of sexual reproduction, the genetic material of the parents is combined
by a process called “crossover” to form a new chromosome. As the genetic material of
the parents chromosomes (diploids) split to form four different sets of genes (haploids)
and then recombine, the new generation is formed from random combinations of genetic
material from both parents allowing new genotypes and, once the organism develops,

new phenotypes to arise.



In addition, the genes contributed from each parent can undergo a process called mutation
where the sequence of genes can be altered; creating new genetic material that was not
present in either parent. A gene mutation is a case where an allele of a gene changes to a
different allele. This will result in a different protein being produced or cessation of
protein production and a different phenotype. A point mutation is a small gene mutation:
for example, a change in the code of a single amino acid. Some mutations occur in parts
of the genetic material that do not appear to have an effect on the phenotype (silent
genes). These mutations are called “silent mutations’™. In addition to the different types
of mutations described above, the mutation consists of number different operations:

deletion, insertion, duplication, and inversion.

Evolution depends on the concept of variation in genotype and phenotype among
individuals within a population. As natural selection takes place, some individuals are
more successful than others in surviving and in reproducing; that is, they have a higher
fitness. As a result, their genetic material is more likely to be passed on to a subsequent
generation in combination with the genetic information of the other parent. Similarly, the
genetic material of individuals with less fitness is less likely to be reproduced and will be
less represented in subsequent generations. Over generations, the population gradually
contains more fit individuals and fewer unfit ones. The process continues in this manner
until the environment changes in some way, changing the process of natural selection and
the phenotypic characteristics that are desirable. The definition of fitness changes and the

evolution goes in another direction.

The ability of a population to evolve depends on having enough variation in genotype and
phenotype in the initial population, having a process of natural selection (that is, some

way of determining fitness) and by having enough generations.

Since they occur randomly, generally mutations do not generally produce viable

phenotypes. But they are an important part of the process of evolution as they provide

? Definition taken from http://en.wikipedia.org/wiki/Silent_gene
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the possibility of new genetic solutions that may produce fitter phenotypes in a

continuously changing natural environment.

Genetic Algorithms and Web Search
It has been suggested by a number of authors the concepts adapted from the biological

algorithm can be used to solve complex problemsg. Rechenberg initiated Evolution
Strategies to use the principle of evolution to solve parameter-optimization problems.
John Holland, who helped to make the concept of the Genetic Algorithm well known,
emphasized the potential of solving complex problems using biological concepts of
natural selection and genetic inheritance. In this approach, potential solutions to a
problem are represented as a genotype, with the solution product as the phenotype. The
population of individual solutions is subject to such genetic operators as reproduction,
crossover and mutation, producing new solutions and solution products. Each solution
and its associated product have a fitness value associated with it. In each generation,
individuals breed and reproduce with a probability proportional to the value assigned to it
by a "fitness" function. Unfit solutions become a smaller and smaller part of the gene
pool. Eventually, the process converges on an optimal solution with a specific genotype

acquiring a dominant position in the population.

Unlike other machine learning approaches, the basic genetic algorithm does not use a
training data set. Training data set have been used with GA in hybrid approaches'?;
however, the use of training data set is not appropriated in this problem domain due to the

uniqueness of the solution for each user and set of key words.

This approach can be applied to the problem of optimizing Web search. Queries can be
represented by the genotype, with keywords and operators as individual components of
the genotype. In this case, phenotype, or product of the genotype, will be the individual
search results from a specific query. Fitness of a specific genotype can be determined by
evaluating the relevance of the search result, similar to the ranking method used in

several of the approaches described above.
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If the algorithm functions correctly through successive generations, the majority of
resulting searches (population) would become increasingly relevant and efficient for the
specific needs of the user and the current state of the Web. However, just as interesting is
the fact that the population will continue to contain other genotypes and express diverse
solutions with a lower probability of reproducing. While those genotypes would not be
immediately relevant, they hold the potential for an evolving solution that can meet future
requirements. Furthermore, this pool of genetic diversity ensures that if a “wrong turn” is
taken in the evolutionary process, no relevant information is lost, as all genetic
information remains represented in the gene pool. Thus, premature terminations in the

search process are not as likely to occur.
These concepts are summarized in Table 1 to allow an easy comparison of how biological

concepts can be applied in a general genetic algorithm and more specifically to a Web

search problem.
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Table 1: Comparison of concepts

Biological Concept Genetic Algorithm Web Search Problem
Genome Solution search space All possible queries

Gene: A gene is a block
of DNA. Each gene
encodes a particular
protein

Gene: Each gene encodes a
part of a solution

Gene: Each gene is either
keyword or search operator

Chromosome: A
chromosome consists of
genes

Chromosome: general
solution protocol

Chromosome: query format:
keywords and operators

Genotype: Blue print to
construct organism, the
DNA

Genotype: Solution

Genotype: A query input into
search engine

Phenotype: Physical
organism

Phenotype: Implemented
solution

Phenotype: Search result

Fitness: Ability to
survive and reproduce

Fitness: Value of solution

Fitness: User satisfaction with
the output web pages

Mutation: Mutation
alters one or more genes
on a selected
chromosome

Mutation: Alters solution to
produce new solution

Mutation: Change keywords to
explore an optimized query

Crossover: method of
genetic transfer from
parents to offspring

Crossover: Creates new
combinations from solution
set

Crossover: Change sub-phrase
or a subset of keywords/search
operator to exploit an
optimized query

Evolution: Directed
change in response to
environment over
generations

Evolution: Repeated
iterations of GA until an
optimum solution is found
or a condition is satisfied

Evolution: Try different query
inputs until user is satisfied

13




GA and Web Search
The idea of using GA for IR is not new. Gordon (1988)"*'® used GA in an effort to solve

the IR problem of improving the way web page documents are indexed (see Figure 5).
He used keywords associated with a particular web page document as a gene in GA
binary encoding. These bit strings could be modified by mutation to come up with a
different set of keywords. Each web page document had multiple descriptions or
keywords associated with it. A Jaccard'’ score function was used to implement the GA
fitness function. The average of those scores was used to determine if the document

should be retrieved or not.

Information
Information
(=) = (o
USER Response
S -
Request

Figure 5: Left panel shows basic IR system while right panel shows IR system with index as
used by Gordon (1988).
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Figure 6: Yang and Korfhage (1993) added user feedback to basic IR system

Yang and Korfhage (1993)"® also used GA to develop a better method to index web page
documents. Different from the Gordon approach, they weighted documents based on the
feedback of user ranking, they use random number generator to obtain probability for
mutation, and two point crossovers. With user feed back, the weight or rank of query
term is more accurate. Hence, the fitness function better determines the fitness (See

Figure 6).

In summary, Gordon, Yang, Korfhage and most of the GA work on information retrieval
have focused on how to improve the search engine performance by improving the
indexing of web page documents, rather than extracting information from the index as

occurs in the search process.
The approach described here is quite similar to that of Gordon and Yang and Korthage in

that GA is being used as a way to optimize the search engine performance. However, it

is also quite different in that I am focusing on optimizing the query process by

15



manipulating input keywords and using Web-based search engines. These are treated as
black boxes, which accept input to, and produce output for, the GA. As pointed out
above, optimizing the query process has the potential to benefit all search engines. The
use of GA to solve this problem will also allow more flexibility and dynamic response by
improving the searches. Keyword optimization also could be a helpful as it can be used
to improve our understanding of search engine behaviors as well as how proper keywords

can be used to lead to the higher ranking of a web site."

Although the work described above demonstrates the feasibility of a GA approach, the
representation used in most examples of GA may not provide the best model for
representing a query. A complete query consists of both keywords and operators, which
have different functions within the query. Since these two variables have different
properties and are drawn from different language populations, it is likely that they should
be represented differently in the GA. This type of heterogeneous representation is
actually more equivalent to the original biological model, in which some genes are
structural while others are regulatory (see above). An approach similar to this has been
suggested but involves more complex concepts from molecular biology®. I have
developed a slightly different GA model based more closely on the biological model to
allow for the incorporation of features that are more representative of the problem of
refining search queries to provide more effective searches. In addition, to make queries
more dynamic, it may be useful to incorporate an additional mechanism that ensures the

responsiveness of the biological system: the concept of silent gene and gene deletion.

Modifying GA to Optimize Web Search Engine Queries: In modifying the GA
representation to include more biological concepts, I focus on two specific enhancements.
The first enhancement is to modify the structure of chromosome such that it composed of
more than just one type of gene. The second, closely related enhancement, is to apply the
concept of gene deletion and something similar to the concept of a silent gene; that is a
gene that does not have much impact on the genotype. In Web search, the concept of a
silent gene is similar to the use of keyword that does not make sense: a nonsense

keyword. Table 2 shows how these concepts can be applied to modify the GA. In the
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Table 2, the differences between the unmodified GA and the modified GA as applied to

the problem of query optimization in Web search are set out.

Table 2: A comparison of the current and modified GA approaches for optimizing Web search
engine queries.

Current GA Approach

Modified GA Approach

Homogeneous Representation of Genes:

Heterogeneous Representation of Genes:

The basic GA defines chromosome as a set
of genes from the same type, that is, the
representation of keywords is
homogeneous.

The basic GA definition for chromosome is
modified to contain both regulatory
genes and structural genes; that is,
keywords are represented differently
than operators.

Deletion: No deletion operation

Deletion: Deletion implemented as an
additional operator in representation

Silent Gene: No silent gene representation

Silent Gene: Silent gene implemented as
additional “nonsense” keyword

Genetic Algorithm: GA, parameters and
execution are the same in both
implementations

Genetic Algorithm: GA, parameters and
execution are the same in both
implementations

Genotype to Phenotype Mapping:
Mapping from genotype (query) to
phenotype (search results) is the same for
both implementations

Genotype to Phenotype Mapping:
Mapping from genotype (query) to
phenotype (search results) the same for
both implementations

Fitness: The fitness procedure is the same
for both implementations.

Fitness: The fitness procedure is the same
for both implementations.

Figure 7 also shows how these two approaches differ. In one path (current GA) the

representation is modeled as homogenous and the other (modified GA) is heterogeneous.

My hypothesis is that the modified GA approach will perform better than the unmodified

GA approach in optimizing the queries to produce the search results desired by the user.

This improved performance is independent of the choices of values for GA parameters

such as mutation, crossover, selection as well as the fitness function.
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Same GA algorithm and
perametsrs

REGULATORY GENE

INPUT KEY WORDS MODELING
PERFORMS BETTER

Same GA algorithm and

Figure 7: Modified GA approach versus unmodified GA approach. Consider any Genetic
Algorithm implementation as black box, a regulatory and structural genes model performs
better than homogenous genes model.

In addition to the concept of heterogeneous representation of genes, I hypothesize that
incorporating the concept of gene deletion used in combination with silent genes into the
GA will also improve its performance in optimizing Web search. These concepts
represent important biological tools for altering the genetic code producing new
solutions. A silent gene, when combined with mutation, represents the potential for
surviving a change in evolutionary direction. A mutation in this gene may provide a
“good” gene in a changing natural environment. However, a mutation of a silent gene is
more likely equal to be a less fit (“bad™). Therefore, it is useful to have some kind of
DELETION operator that might remove these “bad” genes. Figure 8 demonstrates this
concept graphically.
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In terms of biological concepts, DELETION would be one of the mutating processes
involved in the GA algorithm. However, it is much easier for the purpose of application
of biological concepts to search engine optimization, to incorporate DELETION as a
keyword operator in representation; that is, to treat it as a regulatory gene in the model.
Similarly, to maintain the integrity of the GA algorithm as a black box, I have
incorporated the biological concept of silent gene into the representation as a nonsense

keyword, which is a structural gene.

__ DELETION-OPERATOR QUERY-OPTOR

KEY-WORD

KEY-WORD KEY-WORD KEY-WORD

Figure 8: Diagram showing how the concepts of silent gene/deletion can be applied to
Web search as a nonsense keyword and deletion operator.
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Hypothesis

My hypothesis is that incorporating the concept of heterogeneous representation of genes
as well as combining silent genes with deletion operators in an implementation of GA
designed to optimize the query input to Web search engines will improve the
effectiveness of the query and produce more relevant information in the top (first) output
pages. The improvement may depend on the type of search engine; search engines that
are similar, such as Google and Netscape are expected to produce similar increases in
effectiveness, while search engines based on different technology may produce different

results.

To test this hypothesis, the performances of current and modified GA implementations
are compared. Three different GA representations are implemented to allow a
comparison of the different concepts discussed above: (1) GA with homogenous
representation of structural genes only (this will be referred to as the Structural GA), (2)
GA with heterogeneous representation of genes, composed of structural genes and
regulatory genes (this will be referred to as the Regulatory GA) and, (3) GA with
heterogeneous representation of genes with the addition of a deletion operator as another
kind of regulatory gene (this will be referred to as the Deletion GA). These GA
conditions will be tested against three test cases: Case 1, consisting of common words
combined to search for information on a specific item “purchase, agreement, of”’; Case 2
where the concept of a silent gene appears , with the addition of a nonsense key word,
“smith” to the keywords in Case 1; Case 3, which uses a place name to search of
information about travel “hotel, place, des, arts”. These test cases will be executed

against three different search engines: Google, Yahoo and Netscape.

Table 3 shows the terminology that will be used to describe the implementation and

results along with the type of GA.
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Table 3: GA summary

Terminology | Structural GA Regulatory GA Deletion GA
Homogenous Heterogeneous Heterogeneous
representation representation representation
Unmodified GA Modified GA without | Modified GA with

deletion deletion
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CHAPTER 2: PROGRAMMING GA

The process of modifying GA representation to improve the results of GA optimization
of search engine queries involves two basic components: developing the GA programs
(Programming GA), and then developing the method of assessing their performance
(Testing GA). Due to problems with rapid, iterative access of Web-based search engines,
executing the GA on-line was not possible. Therefore, the section on Testing GA

describes an off-line simulation of this process.

As Figure 9 demonstrates, implementation of GA for the specific problem of optimizing
web search can be divided into four logical steps: (1) representation of genotype input to
the GA, (2) the implementation of GA to produce new genotypes, (3) the mapping from
genotype to phenotype, and (4) fitness determination.
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Figure 9: Overview of Genetic Algorithm components: A genetic representation that maps
Pphenotype (solution domain) into genotype (genetic domain), a genetic algorithm process that
evolves genotype based on natural selection plus applications of genetic operators such as
crossover and mutation, a mapping process that maps genotype back to phenotype, and a
fitness determination process that ranks the phenotypes for the purpose to be included in the
next generation.
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To make the description of the method clear, | will use as an example one of the queries
used in this study (Case 1). In the example, the user is searching for an electronic form
that is used by either the buyer or the seller for residential real estate in the province of
Ontario. The goal is to find a web site containing an electronic form that is exactly the
same as the hard copy form found in bookstores. The key words for this test case are:
“purchase”, “agreement” and “of”. Table 4 shows how the GA terms used in
describing each of these steps map onto Web search terms that describe the problem area.

Both sets of terms will be used to discuss the four steps in more detail below.

Table 4: Mapping of GA terms to Web Search terms

Genetic Algorithm Terms Web Search Terms

Genes Key Words

Genotype A specific query

Initial Genetic Population Set of initial queries

Evolution Generating new set of queries

Mapping genotype to phenotype Submitting specific query to search engine
Phenotype Output from search engine (list of URLS) to query
Phenotypic Population Set of Outputs to all queries in population
Fitness User ratings for each output

Representation
To use GA to optimize search engine performance, search engine operators and keywords

are represented as genes, a specific chromosome or genotype is a specific combination of
key words and operators, while the search results, the output web pages, are phenotype.
There are several different ways to encode the chromosome. The most common way is to
use binary encoding?' which represents chromosome as a string one (1) or zero (0). In
this study, I use a permutation encoding that assigns a unique number to identify a gene,
or in this case a key word, such as “agreement”. I call this form of representation an
integer gene. Figure 10 shows how this form of representation works for the case of the
homogeneous gene representation used in the unmodified (identified as “Current”) GA
representation. Each gene is associated with an integer number according to a
permutation encoding scheme. Each gene represents a keyword. For example, the

keywords <purchase, agreement, of> is associated with permutation number <0, 1, 2>.
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Current representation example

inputs: purchase agreement of

GENOTYPE IN DOMAIN GENOTYPE

purchase agreement of 012
agreement purchase of 102
purchase of agreement o1
of purchase agreement 201
agreement of purchase 120
of agreement purchase 210

Figure 10: Current representation example of GA (called Structural in this study)

For modified GA, which includes both Regulatory and Deletion GA versions, shown in
Figure 11, the representation is heterogeneous consisting of both structural and regulatory
genes. Both types of genes are integer genes as described above, but have different roles,
as seen in

Figure 12. Regulatory genes, which are used to represent search operators, act to form
relationships between structural genes, which represent key words. Using the same
example described above, the structural genes represent the set of keywords <agreement,
purchase, of> and the regulatory genes represent the set of search operators <[space], -,
+> where operator [space] means OR, + means AND, and — means DELETION. In the
right combination, these two types of gene form a genotype, or query, that will be
effective as input to a search engine, producing a satisfactory search output, or a fit

phenotype.
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Modified Representation example

Inputs: purchase agreement of

Operators: <space> (OR),
"<dash> (AND),
<space_dash> (DELETION)

PHENOTYPE IN DOMAIN
purchase -agreement-of
agreement purchase-of
purchase -of-agreement
of purchase-agreement
agreement -of-purchase

of agreement-purchase

GENOTYPE IN DOMAIN

purchase -agreement-of
agreement purchase-of
purchase -of-agreement
of purchase-agreement
agreement -of-purchase
of agreement-purchase

GENOTYPE
02112
10012
02211
20011
12210
20110

Figure 11: Modified representation example of GA (used in both Regulatory and Deletion GA
<change from quotation to and>)

Note that the DELETION search operator is just another type of regulatory gene. As
such it can operate on any of the keywords, removing them from the query. The deletion
operator is not implemented as a regulatory gene in the first version of the Modified GA
(Regulatory GA) but is added in the second version of the Modified GA (Deletion GA) to
allow comparisons that will reveal the impact of this important component separately

from other regulatory genes.
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: W2 u W3
KEY-WORD KEY-WORD KEY-WORD KEY-WORD

Figure 12: Interaction between structural and regulatory genes to create genotype in Modified
GA representation

This comparison will be particularly interesting with respect to the test case (Case 2),
based on key words <purchase, agreement, of>, but adding a silent gene, in this case the
nonsense keyword “smith”. The new test case now has a new structural gene set
<purchase, agreement, of, smith> where the keyword smith makes no sense in relation to
the goal of the user looking for an electronic purchase agreement. This represents the
case where the user might enter an irrelevant keyword or one that might be used by the
search engine in a different way than the user intended. Thus, Case 2 will look at the
impact of the nonsense keyword in the presence of a deletion operator (Deletion GA),
while Case 1 will provide information on the impact of the deletion operator (Deletion

GA) in a situation where all keywords are relevant.

Genetic Algorithm

The Current or Modified representation acts as input to the GA, which is identical for
both implementations, consisting mainly of the genetic operator crossover and mutation. I
used a version of the basic GA algorithm published by John Holland in the form of
software package named Java Genetic Algorithm Package JGAP®).%. I selected this

b
JGAP version is 1.0 RC1 and it has been used in the thesis since mid 2003

27



software package as the most flexible GA freeware available at the time with the entire
software library implemented in Java. This flexibility allows the integration of other
technologies from Apache and Google into JGAP, and allows a seamless flow of GA
execution along with other program modules described below, such as Search Engine
Interface, and Automatic Ranking (described in Testing GA). One of the most useful
features of JGAP is an ability to create custom genes, genetic operators and fitness

function.

‘mhymds:lbe, Pnd.ﬁm?quuy
structural genes OR<space>,
Compute all combinations m
of search engine inputs: M
e reguistory genes
Main flow chart \ s s
= represents chromosome
with expanded
representation
component

Figure 13: Implementation of GA
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Figure 13 shows a high-level description implementation of a GA used in this study
[although other kind Algorithms could be used here instead of GA but the scope of this
thesis focuses on GA], which incorporates JGAP® into an overall process to produce the
best queries for a given search engine. At a high level, block diagrams are used to
represent a sub system or a sub process. Arrows indicates outputs from one block or sub
system will be input to another block. The main core of the entire process is a loop that
contains a number of sub processes that are executed repeatedly until either the input
query is optimized or the number of generations (or evolutions) reaches the maximum
limit. Starting the process is the representation of input query as genotype initial
population. The loop starts with GA execution that applies GA operators on the current
population. These genetic operators, crossover and mutation are applied to the
chromosomes of the current population. The next population is selected from output of
the GA execution using a ranking mechanism. In order to perform the ranking, the
output genotypes from GA execution are mapped to search engine queries. The output of
the search engine, the phenotype, will be evaluated by the fitness function to determine
the fitness of each member of the population. The fitness values will be used in the

weighted roulette selection algorithm to create the next population.

Crossover: A first sub-process applies genetic operator crossover and mutation on the
current population. The first operator is single point crossover. It takes two (2) random
chromosomes, picks a random locus? and swaps that gene and all genes to the right of

that gene between the two chromosomes.

[c] JGAP information can be found at <http://jgap.sourceforge.net/doc/tutorial.html>
[d] Definition of locus: Gene location in the chromosome
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Example of Crossover Operation:

Given two chromosomes #1:[purchase| -lagreement|-|of] and #2:[agreement|
|[purchasel-|of], the crossover operation starts as follow:
- Separate the regulatory genes from structural genes.
Chromosome #1 contains regulatory genes [ -|-] and structural genes
[purchase|agreement|of].
Chromosome #2 contains regulatory genes [ |-] and structural genes
[purchasejagreement|of].
- Then the chromosomes are encoded into integer string
Chromosome #1 contains regulatory genes [2|1] and structural genes [0|1]2].
Chromosome #2 contains regulatory genes [0|1] and structural genes [1]0]2].
- The genetic crossover is operated on regulatory genes separately.

Regulatory genes:

211 o)1
—]— N ——
0|1 211

Structural genes:
0)12 112
1/02 0]02

- Now, chromosome #1 will be represented by integer string [1|0}1]1]2] and
chromosome #2 will be represented by integer string [0]2]0[1]2].

- The combination of key word and search operator for chromosome #1 will be
[agreement| Jagreement|-jof] and for chromosome #2 will be [purchase] -
jpurchasel-|of].

Mutation: The second operator is mutation, which will alter one or more of the genes by
replacing one integer gene with another. This operation is carried out separately for

regulatory genes and structural genes.

Example of Mutation:

Given a chromosome of [purchase| -|agreement|-|of] will have regulatory
genes [ -|-] and structural genes [purchase|agreement|of].
The regulatory gene will represented by integer string [2]|1] and
structural genes will have an integer string of [0]1]|2].
The mutation operator will alter regulatory genes to become
[0]1] and structural genes will become of {2[1]|0].

Hence, this chromosome will become [of] |agreement]-|purchase].
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The mutation rate is calculated such that, on average, one gene will be mutated for every

ten times a genotype is processed by this genetic operator.

Both crossover and mutation operators operate separately on regulatory and structural

genes.

Mapping Genotype to Phenotype: The next sub process maps the genotype
representation back to the phenotype. The first step in this sub-process is to map the
integer genes back to the search engine input format, which is a combination of keywords
and query operators. These are input to a specific search engine to produce output
listings of URLs indicating web pages representing phenotypes. The content of each
output page is fetched through its URL and ranked by a custom fitness function that will
be described in detail below. The fitness value of a web page reflects the degree of
relevancy to the user in achieving the objective. In the case of the example, the ranking
relates to the value of the Web page output in locating an electronic version of the

agreement of purchase form.

Selection: The final sub process in a loop is a selection of offspring to form the next
population. The method to be used is weighted roulette wheel selection. Slots on the
wheel are given to each chromosome based on its fitness value. During the selection, the
wheel is spun and a chromosome is selected. This process repeats until all needed
chromosomes are in the new population. Once the new population is formed, the cycle of

GA execution is repeated.
To summarize, Table 5 shows a comparison of the implementations of the Current

(Structural) and Modified (Regulatory, Deletion) GA within the programming structure
used in this study.
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Table 5: Summary of GA sub-processes for both the Current and Modified GA program
modules

Current (Structural) GA

Modified (Regulatory & Deletion) GA

- Encode GA representation for input
query keyword

- Encode GA representation as a
combination of input query keyword
and search operators.

- Create an initial population

Create an initial population

- Until the population become optimized

- Until the population become optimized

o Apply crossover operator to
genes

o Apply crossover operator to
regulatory and structural
genes separately and combine
the resullt.

o Apply mutation operator to
genes

o Apply mutation operator to
regulatory and structural
genes separately and combine
the result.

o Map Genotype to keyword-
search-operator pattern

o Map Genotype to keyword-
search-operator pattern

o Submit query and operator
input to search engine

o Submit query and operator
input to search engine

o Process output phenotype,
which are web pages

o Process output phenotype,
which are web pages

- Evaluate web page content using fitness

Sfunction

- Evaluate web page content using fitness
Jfunction

- Replace current population with new
population

- Replace current population with new
population

Genetic Algorithm Parameters

Within the GA, there are a number of parameters that can be set or can be allowed to

remain constant. To simplify the test executions and to ease the comparison between

performance between an unmodified GA representation and the modified GA

representations, all parameters are kept relatively constant except for number of

simulation runs, the initial population and the number of generations.

The parameters that are not subject to experimental variation are mutation rate, the locus

in the crossover operation and the method of selection. The mutation rate is set up as

default value from JGAP software. It is a dynamic rate, which is calculated based on the

size of the chromosomes population such that, on average, one gene will be mutated for




every ten times within the chromosome population®. Hence, the mutation rate is constant
relative to the population. The choice of where one point crossover is located is
randomly selected by computer execution. This parameter is treated the same way in all
GA versions and test cases. The Weighted Roulette Wheel selection has no impact on the
results on the results, as it functions in the same manner for both modified and
unmodified GA.

The variable parameters in this study are discussed below and they are summarized in
Table 6. These parameters are varied in the same way for both modified and unmodified
GA.

Table 6: GA Parameters

Initial The initial population value set is <1, 5, 10, 15, 20>. This set of
population values is derived from trial and error runs as the best estimate values.
Generations The number of generations (evolution) set is <1, 4, 8, 12>. This set of

values is derived from trial and error runs as the best estimate values
in a similar way as for “initial population”.

Number of Value ranges from 10 to 1600. The range value is determined based
simulation runs | on random trial number of experiments until the performance is stable
or the standard deviation error is low.

Genetic Algorithm Output

GA outputs are the content of web pages, where the Web page URLSs are produced by
search engine in response to a given query input. The web pages are phenotypes and they

are determined by the genotype (specific query) and environment (search engine).

Fitness

The content of web pages must be extracted and evaluated by a ranking sub process. A
fitness value must be assigned to a web page based on how satisfied the user is with the
content. The value ranges from zero (0) to ten (10) where zero means total
dissatisfaction, ten means total satisfaction and any value between indicates partial

satisfaction. Fitness value is assigned based on the presence of correct information

[e] Definition of class MutationOperator can be found at
<http://jgap.sourceforge.net/javadoc/1.0/>
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within the web site or the presence of information leading to the correct information. A
small value is also assigned for a trusted domain such “.gov” or “.edu” as well as being in

the right language.

Unlike other programmatic approaches, in this thesis, the fitness function is implemented
as problem domain dependent. For each test case, rules on how to rank a document are
used to determine the fitness value of the web page. This implementation cannot be
generalized, as a single fitness function cannot be designed to handle all different types of
queries or to model the satisfaction of all different users. However, it is generalized in
that it can parse and evaluate any document within a particular test case, with some
general rules as well as some that are specific to the user. Using non-generalized fitness
function has minimal effect on the main questions of this thesis; that is, on the impact of
GA modifications on GA performance, as the same fitness functions are employed in all
test conditions. Thus I believe this approach is acceptable, within the scope of this thesis,

to validate the main concepts of GA representation.

Rather than have users attempt to assign the fitness of all web page outputs generated
within each GA execution loop, a fitness database was developed to assign a fitness value
for a given pattern of regulatory and structural genes. To do this, a fitness value is
determined from the contents of returned output pages for every possible combination for
each test case. This process was automated using a set of rules on how to determine
relevancy based on user input. Simple rules involve the occurrence of certain keywords,
phrases or images in the content. More complicated rules involved determining if the
web page provides appropriate information to direct the user on how to obtain more
information. These rules were implemented in Java code so that the fitness values can be
automatically assigned to a large number of web pages output from submissions of all
possible combinations of keywords for a particular test case. These values are then
linked to the keyword combinations themselves. These combinations are output with
each evolutionary cycle as a population of genotypes from the GA. Figure 14 provides a

graphic summary of this program.
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Input: Web page Output: Fitness Value

Store

Figure 14: Ranking mechanism
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CHAPTER 3: TESTING GA

Figure 15 provides a flowchart of how the components of the GA described above work
together to optimize search queries. First, all input keywords are mapped to structural
genes. For the modified GA representations, the regulatory genes consist of three search
engine operators AND, OR and Deletion. All combinations of structural and regulatory
genes are computed and are mapped to form all possible genotypes. An initial population
is drawn and the GA execution is repeated until either a certain number of generations or
an optimized query is reached. Within the GA execution process, parents are selected
based on fitness using a weighted roulette model. The genetic operator crossover and
mutation are applied to produce new offspring. Note that in the case of the modified
GAs, crossover and mutation are applied on structural and regulatory genes separately
and the output results are combined to produce the genotype. The genotypes of the new
offspring are translated to search engine queries that are submitted to a specific search
engine resulting in a list of output pages. The content of these pages is then extracted on
the Web and are fed to an automatic ranking system where a fitness value for each set of
output pages is determined automatically using rules supplied by the user. The fitness

values associated with each output/query are also stored in the fitness database.

36



e

Figure 15: GA real-time implementation in detail
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Real Time Implementation

The best possible way to compare the performance of the Structural (Current) Regulatory
(Modified) and Deletion (Modified) GA in optimizing Web search is to analyze the
output of their execution online and in real time. This process is described in Figure 16.
The overall architecture consists of three main subsystems. The GA subsystem is
responsible for executing the unmodified GA and modified GA to optimize the search
engine query. Inputs to the GA subsystem are keywords and parameters such as initial
population and number of generations (evolutions). Keywords generated by specific
users are entered into GA subsystem. The Search Engine subsystem consists of one of
the search engines; in this study, Google, Yahoo or Netscape and the corresponding
interface. The Search Engine subsystem takes input keywords and search operators from
the GA subsystem and produces a list of URLSs, which represent intermediate outputs.

The list of URLSs is then input into an Automatic Ranking subsystem. The automatic

ranking system produces fitness values, which will be used in the GA subsystem to
determine the next generation. User-defined rules are input to the automatic ranking
system and used to rank the output Web pages derived from the URLs.

In the overall architecture of the real-time implementation; only the Search Engine

subsystem and Automatic Ranking subsystem would be real-time and online.

Figure 16: Real time implementation of GA: Overall Architecture
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Table 7 describes in detail how those two subsystems fit into the algorithm. The
highlighted section of Table 7 shows the tasks that would be real-time and online. The
interfacing to the search engine and inquiring about user satisfaction for evaluating the

output web page are tightly integrated to GA execution in the real-time mode.

Table 7: Real time implementation of test execution

Integer string «—  Encode genetic code — keywords and search operators
Randomly select an initial population
Loop: While generated queries are not optimized

Integer string — Crossover — GA execution
Integer string — Mutation — GA execution
Search engine input — Mapping — Genotype
Search engine — Interfacing — Search engine input
URLs — Output response — Search engine
Output web pages — Crawl The Web — URLs
Fitness values — ASsK user satisfaction — phenotype
New population — Selection — Fitness values

End Loop

However, for several reasons, an on-line implementation is not practical. First of all, the
large size of the Web makes it very time consuming to submit all the queries generated
during the GA process in real time and receive the output back. Secondly, the fact that
this process takes time means that the Web can change during the GA and between GA
runs. The dynamic nature of the Web in this case works against a valid comparison to the
two GA approaches. Thirdly, most search engines are protected against intruders or the
appearance of intruders. The type of input that would be generated by these programs is
very likely to cause such a reaction. Therefore, the execution was implemented using

simulation technique.

Implementation by Simulation:

To avoid these problems, the real time components of the programs were executed
separately from August 2003 to September 2004 and the output provided to the GA in
intermediate output form so that the GA components can be run in a simulation mode.
The programs that were executed separately were the Search Engine subsystem and the

Automatic Ranking subsystem. In simulation execution mode, the intermediate outputs
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from these two systems, consisting of a list of URLs and an associated fitness value
generated by every possible query combination, are used in GA execution to simulate the
output that would be generated from submitting on-line queries to Web search engines in
real time. This simulation of the interactions with the Web is more efficient, overcomes
problems with search engines and captures Web information at one point in time that can

be used with all different test conditions.

Figure 17 shows the GA simulation implementation in detail. The difference between
Figure 15 [real-time implementation] and Figure 17 [simulation implementation] is in the
use of fitness database as an implementation of fitness function. The comparison
between Table 7 [real-time implementation] and Table 8 [simulation implementation] is

similar.
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Figure 17: GA simulation implementation in detail
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The GA sub-system now can be executed in the simulation just as it would be in real
time. Comparing Table 7 and Table 8 below demonstrates that the main difference
between a test execution in real time and a test execution in simulation is the way that the
fitness values are obtained. In the simulation, fitness values are retrieved from an offline
fitness database, avoiding the lengthy process to capture output web pages to perform an
online ranking in real time. In the simulation, the only real-time component, as

highlighted in Table 8, is the collection of information about fitness values for the fitness
database.

Table 8: Non real time implementation of test execution in simulation mode

Integer string «— | Encode genetic code — keywords and search operators
Randomly select an initial population
Loop: While generated queries are not optimized

Integer string — Crossover — GA execution

Integer string — Mutation — GA execution

Fitness values « | Fitness database — phenotype

New population — Selection — Fitness values
End Loop

Implementing the Fitness Database

A fitness database is built to provide GA subsystem a capability to retrieve the fitness
value when the fitness function is executed. This database is implemented as a table in
an Oracle database. During the simulation execution, fitness data could be retrieved
directly from database itself via JDBC protocol. Another faster way is to load all fitness
data from a database export file in the beginning of the execution. The combination of

keywords/search-operators and fitness value are stored in the fitness database as shown in
Table 9.

Table 9: Example of how fitness values are stored in database for <purchase, agreement, of>

purchase agreement of 0 agreement of purchase 0
purchase agreement-of 0 agreement of-purchase 0
purchase agreement -of 0 agreement of -purchase 0
purchase-agreement of 0 agreement-of purchase 10
purchase-agreement-of 0 agreement-of-purchase 7
purchase-agreement -of 0 agreement-of -purchase 0
purchase -agreement of 3 agreement -of purchase 0
purchase -agreement-of 3 agreement -of-purchase 0
purchase -agreement -of 0 agreement -of -purchase 3
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Implementing the Search Engine Subsystem
The Search Engine Subsystem is based on a separate program that automatically

interfaces to search engines to get a list of URLs. Then it crawls the Web to obtain the

web page content for each URL. This program uses Apache Web technologies to

interface to search engine and to crawl the Web using simple HTTP protocol. The

difficulties it must face are listed below in Table 10, along with the solutions I developed

to resolve the issues.

Table 10: Outline of issues relating to the development of a programmatic interface to web
sites along with the solutions adopting in the coding

Issues

Solutions

High resource and time requirements
to complete Web tasks.

Create multiple instances of the program that
can be executed in parallel, sharing the
workload.

The content of the web pages are
dynamic, but I need a “snapshot” of
web information.

A large number of instances of the program are
launched at the same time.

Connections to web sites are often lost
or exceptions occur.

Program is designed to self-recover and is able
to continue from where it left off.

Hostile reaction from search engine
thinking it is facing an intruder,
hacker, spammer or worm.

Design sophisticated delay so the program
imitates a user entering queries on a keyboard.

Exceptions happen during Web
crawling and interfacing with web
sites.

Improve the programs so they are autonomous
and able to restart themselves in the case of an
error or web site program crash

The issues with search engine interface are the size of the Web, the security aspect of a

web site, and the time and resources needed to complete the tasks. To resolve these

issues, | executed multiple instances of the search engine interface program in parallel.

The workload required to complete the tasks is partitioned among those instances. These

instances must be autonomous as much as possible. If they die, they must try to re-

launch themselves. I also increased the robustness of these programs so that they can

recover from different types of errors that commonly occur while searching the Web,

making them autonomous. In case of failure, the instances will continue the tasks given

to them from where they stopped the last time. The last issue is the protective reactions
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of search engines and web site administrators against hackers, intruders and outside
attacks such as worms or denied-of-service (an attack that overwhelms the web site
network with requests to prevent the web site from performing normal functions).
Therefore, it is common for any web site, including search engines, not to trust
programmatic access. As described in Table 10, I resolved this issue by making my
program execution look like a person typing query input on computer keyboard. 1
programmed the execution instances to slow down after submitting request. However,
this approach makes the execution become longer than normally required. So [ scheduled
this program to have as much instances as possible and to execute on multiples servers

from different locations (to simulate queries coming from sources).

Table 11 describes how the Search Engine subsystem works. Given a set of keywords,
all possible combinations of keyword and search operators are computed as input to a
specific search engine. The output URL list from that search engine in response to a
specific combination is used to allow my program to craw the Web and extract the web
page content. The web page content for each URL in the list is then input into the
Automated Ranking System. This process continues until the URL lists for each

combination have been obtained. The process is repeated for each search engine.

Table 11: Outline of process by which Search Engine subsystem collects output web pages

. Search engine input . — . Compute all patterns — keywords and search operators

Loop: For each pattern of keyword and search operator

Search engine — Interfacing — Search engine input
URLs — QOutput response — Search engine
Output web pages — Crawl The Web — URLs

End Loop
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Implementing the Automatic Ranking Subsystem

The Automatic Ranking subsystem assigns a fitness value to each Web page associated
with a URL in the search engine output listing and then calculates an overall fitness value
for each URL listing returned for a given input query. This value is returned to the GA

subsystem.

This method of evaluating fitness is not standard. Precision and Recall are standard
measurements to evaluate information retrieval systems. They normally involve the
comparison of a retrieved document to the entire set of documents containing the
keywords. Thus, the implementation of this method for optimizing web search would
require the processing of very large set of documents available on the web®. Therefore
my implementation focuses on fitness values based user satisfaction. While this
approach is practical, this could be a limitation for a real time system with a large number

of users.

To obtain the ranking rules for each test case, I interviewed the user who supplied the test
case keywords to see how he or she would rank a web page regarding the relevance of
it’s content. The assigned fitness value is based on this relevance as well as how easily
the information can be found (how many links required) and how trustworthy the web
site is (i.e. .gov or .edu are considered more trustworthy than .com or .org). The ranking
rules are implemented in Java code, which is used to evaluate to represent the ranking
rules. This Java code will be used by to evaluate web page. The average fitness value for
the top five URL listings in each search results are used to compute a fitness value that is
associated with the search results of a particular combination of keywords and operators.

An example is given below in Figure 18.
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if |

(lcPage.indexOf (
new String("AGREEMENT OF PURCHASE AND SALE FORM").toLowerCase()) !=
-1)  && |

(lcPage.indexOf ("orea") != -1) I

(lcPage.indexOf (
new String("Ontario Real Estate Association").tolLowerCase()) != -
1))
)
result = 10;

if (lcPage.indexOf ("agreement of purchase and Sale") != -1)
{
temp = 2;
if (result < temp)
result = temp;

Figure 18: A sample of Java code translated from ranking rule

Test Cases

Three test cases were used in this study. In the first test case (Case 1), which is described
in the previous section, the goal is to search for an electronic form that is used by either
the buyer or the seller for resident estate in the province of Ontario. The key words for

this test case are purchase, agreement and of.

The second test case (Case 2) is aimed to test the idea of the impact of a silent gene. The
keywords are the same as those used in the first experiment but with an addition of

nonsense keyword “smith”.

This third test case (Case 3) is a simple search for a hotel in Montreal. The hotel should
be located in walking distance from Place Des Arts in Montreal and the price should
under $ 130.00 Canadian. The suggested key words from the subject are hotel, Place,
Des, Arts. This test case is special. Place Des Arts is a very well known location in the
downtown of Montreal. Located within walking distance to both Chinatown and to the
heart of Montreal, it is an ideal location for both tourists and business travelers. The
subway station is right under the Place Des Arts, and one can quickly go from there to

anywhere in the city. The popularity of Place des Arts makes it a very good example for
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a search of a place or an item where there is immense Internet advertising about it (see

Figure 19).

Each of these test cases was used in the execution of the three GA conditions: Structural,

Regulatory

and Deletion for three search engines:

Google, Yahoo and Netscape.

Vacation In Montreal - Book Hotels, Airfare and Rental Car

! . known with Asiana Airlines full service, Sun Country Airiines family hotel reservations
. reserve Spirit Aitines Chateau Dufresne Place des Arts Boulevard St _

montreal travehng-made-easy.comy - 19k - Cached - Similar pages

Vacation In Montreal - Reserve A Hotel In Montreat Online

Book A Hotel n Montreal. ... beaches Air Canada Al-Suite Roberval2 Monireal, PQ Canada,
tberia special amange guidebooks reserve Place des Arts Cimetitre de ..

montreal fraveling-made-easy.comy a¥_suite_roberval2_mortreal_pq_canada.htmi - 16k - Cached -
Sirmilar pages

[ More resuits from montreal raveling made.easy.com}

Opéra de Montréal - [ Translate this page |
i« HOM Wyncham Situé au coour de Ia vile a proximité de la Place des Arts,
THOW

y propose des ¢ spacieuses avec tous les atiraits des ...
WWW.C comArant asp?bll_id=55 - 52k - 17 Sep 2003 - Cached -
. Sumwlar pages

* Vacation In Paris - Reserve A Hotel In Paris Online -{ Iransiate fus page |

. — La Géode Hote! des ivalides Théatre des Champ! é

... Airines Les Trois Poussins

| Hotel, business Mexicana ... Monet Villette Jazz Festival Place des Vosges ..
pans travekng-made-easy.comv les_{rois_poussins_hotel.nimt - 15k - Cached - Simmlar pages

Vacation In Paris - Bock Hotels, Airfare and Rental Car - [ Transkate this page ]

-~ National du Moyen-Age La Géode Musée Camavalet Maison des Arts et de i .. kcam makes
eyes part place or beautiful review hotel resesvations, agency ...

pans {raveling-made-easy. com/ - 18k - Cached - Similar pages

[ More results from paris traveling-made-easy.com}

Sponsored Lirk }

Sponsored Links

The Hotel Arts Barcelona
Great Photos Of The Holet, A Revew
Anid Exchuswe Onbive Speciats!
www tablethotels.com

1710605t mm—

Hotel Des Arts

Up 10 70% off on Parts France Holel
Check out our Special Deals & Save
www Hotels-And-Discounts com

IREFESt. m—

Paris Hotel Deals

Choica of aver 200 howss Choices
range fom budgat 1 5 star hote's.
www a1-discount-hotels com

HRrest mm—

Evenis at Place Des Arts
Up-to-dale concert and gvents in

Hotels Reviewed

Unique Holel Bockng sendce
writer reviews. advice rates
www travelintehgence com

Lot

Figure 19: Third experiment using keywords: Hotel, Place, Des, Arts.
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CHAPTER 4: RESULTS

The results of this study are reported below in three sections. The first section deals with
the performance of the components of the simulation; the second section describes the
impact of the simulation parameters on the stability of the GA results and the final
section compares the performance of the (Structural) to the performance of the two

modified versions of the GA (Regulatory and Deletion) in optimizing search queries.

Performance of Simulation Sub-systems

As described in the methods section, in the course of implementing programs for test
executions, several technical issues had to be overcome with respect to interfacing with
the search engines to collect data in response to queries and automating the user ranking
process. Without special modifications, The Google search engine shuts down all
connections originating from my IP address after three to four minutes of test executions.
Of the three search engines, Google is the most sensitive one in terms of detecting

intruders.

By developing methods to simulate user behavior, the search engine interface was able to
remain continuously connected and successfully complete the database URL listings for
all possible queries generated by the three GA conditions for all three test cases. These
modifications were successful in preventing being shut out as an intruder and allowed the
program to maintain a continuous connection and to download information for as long as

48 to 72 hours, depending on the simulation.

If a single instance had been used to execute the interface program, the entire program
would have taken 3 or 4 days to complete. During this time, it is quite likely that the
contents of some of the web pages would have changed, making it difficult to capture a
“snapshot” of the information that will be returned to all possible queries. By using a
distributed computation approach to partition the tasks to focus on single sets of key
words and operators and sharing the workload between multiple instances on multiple

computers, [ was able to reduce the average time spent on search engine interface to less
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than 24 hours to 36 hours. The only exception is when there are events on the net, such
as sites being closed for maintenance, that slow down the sequential process of assessing

the results of each query.

Similarly, in my initial attempts, web-site crashes or time-outs also slowed the
completion of collecting the information on the URLSs and web pages. This was
particularly a problem when using a distributed computation approach to divide up the
interface tasks. On average, the interface program was halted due to web-site problems at
least two or three times per run in the initial program. By introducing self-recovery
components, the multitasking system was able to recover from almost all of the web site
problems and, in its final form, successfully completed all executions (all possible query
combinations for the three GA conditions for the three test cases and three search
engines) without crashing. Self-recovery components are particularly important for
programs such as this one that require the completion of a large number of sequential

tasks.

An automated ranking system was developed to undertake the time-consuming task of
ranking the top five web pages returned for each of all possible combinations of search
queries. By comparing the results of this ranking process with the results of users
manual rankings for a sub-set of search results, I determined that the agreement was

good, ranging from 70 percent to 100 percent, depending on the test case.

Performance of GA Simulation

The performance of the Current and Modified GA was evaluated using three test cases
(“purchase, agreement, of’( Case 1); “purchase, agreement, of, smith” (Case 2) and
“hotel, Place, des, Arts” (Case 3) and three search engines (Google, Yahoo and
Netscape). The Current GA includes only structural genes and is referred to in the results
and discussion as the Structural GA condition. The first version of the Modified GA
uses representations of both structural and regulatory genes and is referred to as the
Regulatory GA condition. The second version of the Modified GA includes a deletion

operator in the regulatory genes and is referred to as the Deletion GA condition.
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An example of the simulation results are shown in Figure 20. On the left side of the
figure, the fitness values for each of 10 simulations for the Regulatory GA using Case 1
(purchase agreement of) with Google are shown as the GA evolves from the first to the
twelfth generation. In this case, the initial population was 20. This graph shows how the
performance the GA varies within a simulation and from one simulation run to another.
Note that there is considerable variability between initial simulations, although, on
average, there is a steady increase of fitness over generations. These results are
summarized in the right panel using the average fitness values across all 10 simulations
for each generation. The standard deviation is given for each average value as an
indication of the variability of the individual values around the average. Note that the
standard deviation is greater for the initial generations. Average fitness values and
estimates of variability will be used in all subsequent graphs to describe the results of this

study.

The results for this study are reported in two parts. The first section describes the results
of evaluating different GA parameters to determine the best values to use for the
comparison of the two GA approaches. The second section describes the results of the
comparison of the two GA approaches for the three test cases for three different search

engines.
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Table 12: Results of GA parameters choices

Parameters Values
Initial If the size of the initial population is too small, the number of choices
population for evolution is limited and there are too few possibilities to perform

crossover. However if the initial population is made too large, the GA
execution may require more time and resources to complete the

execution.
Number of The parameter has a similar impact on performance as the “initial
generations population” parameter such that the performance is better with larger
number of generations but there is a computing cost with it.
Number of With too few simulations, the average performance of the GA system

simulation runs | will not be stable. Increasing the number of simulations will improve
performance, but there is a computing cost associated with the increase.

Impact of Simulation Parameters

GA execution has multiple variable parameters: initial population, number of generations
and the number of simulation runs. Table 12 shows how values of GA parameters are
likely to affect the test results. To determine the best values for these parameters, the
number of simulation runs, the size of the initial population and number of generations

were varied independently while measuring the average fitness value and the variability.

The Effect of the Number of Simulations: Figure 20 shows that there is considerable
variability in the results of 10 simulations. Increasing the number of simulation runs
decreases the impact of this variability and increases the stability of the results, as shown
in Figure 21. This figure shows the results for the three GA conditions for simulation
numbers from 10 to 1600. The results shown in these graphs are for the 12 generations
with an initial population of 20. The results for each case (3) and search engine (3) are
shown in a separate graph (9).. The standard deviation is given for each average value
as an indication of the variability of the individual values around the average. While the
results are generally more stable for simulation runs of 400 or greater, there is still some
improvement in some cases up to 1600. Thus, for the purposes of comparing the results

of the three forms of GA, simulation runs of 1600 are used.
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It is worth noting that, in most test cases, the performances for the Regulatory and
Deletion GA are similar and better than performance for the Structural GA. Overall
performance varies with the case, as does the variability in performance. In most
conditions, the Structure GA condition produces 0 fitness levels with 0 variability,
indicating that the fitness value for queries based on homogeneous representation do not
evolve and remain at 0 for all simulations in most conditions. The exception to this is for
Case 3 with Netscape. In this condition, the Structure GA produces higher average
fitness values although the variability for these results is also very high even for 1600

simulation runs.
In terms of GA performance and variability across simulations, Google-Case 1 and

Netscape-Case 3 show considerable differences. Therefore in the discussion of the

impact of the other parameters on GA results, these two cases will be used as examples.
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Effect of Number of Generations: Figure 22 shows how the performance of the GA
varies with the number of generations. . The standard deviation is given for each
average value as an indication of the variability of the individual values around the
average. The left panel of Figure 22 shows the results for the Structural, Regulatory and
Deletion GA conditions for Case 1 with Google. The right panel shows the same thing
for Case 3 (“hotel place des arts™) with Netscape. In both cases there were 1600
simulations using an initial population of 20. In both graphs, average fitness increases
with the number of generations and the standard deviation decreases. The fitness appears
to level off between 10 and 12 generations, although not completely. This indicates that
the results become more stable for these generation numbers, although it should be noted
that 12 generations was not sufficient to improve the fitness values that resulted from the
Structural GA in Case 1 with Google. However, in the only conditions where the
Structural GA produced non-zero results, Case 3 with Netscape, the average fitness value
does increase as the number of generations increases. For Case 3 with Netscape,
variability remains high, indicating that, even with 12 generations, the fitness value of
individual simulations varied widely in these conditions. Based on these results, 12
generations were used to derive the most stable performance data for all conditions for

the purposes of comparing the results of the three forms of GA.
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Effect of Initial Population Size: Figure 23 shows the results for the three GA conditions
for two cases and two search engines across the four different values for initial population
size. . The standard deviation is given for each average value as an indication of the
variability of the individual values around the average. The left panel shows results for
the test Case 1 with keywords “purchase, agreement, of”” using the Google search engine.
As in the other graphs, Y-axis shows average fitness value range from zero to 10. The
number of simulation runs is kept constant at 1600 and the number of generation is set at
12. The X-axis shows the size of initial population, which ranges from 5 to 20. In Case
1, for both Regulatory and Deletion GA, performance improves as the initial population
size increases, while the results for Structural GA remain unchanged at a fitness value of
zero. The right panel shows the results for Case 3, “hotel, place, des, arts” with Netscape.
In this situation, the performance of all three of GA improves with initial population size.
In both panels, the variability also decreases for most of the GA conditions, although, as
with previous graphs, variability is higher for Case 3 with Netscape. Based on these
results, an initial population size of 20 was selected for the comparison of GA

performance.
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Comparison of GA Performance

Figure 24 shows a comparison of the results for all conditions run with the optimal
simulation parameters: 1600 simulation runs, 12 generations and a population size of 20.
Each panel shows the results for one case (rows) and one search engine (columns). The
results for all three GA (Structure, Regulatory, Deletion) are shown in each panel. For
each GA, the average fitness value is graphed along with the standard error, which
provides an estimate of the variability of the average fitness values if I was to repeat this
experiment. In most cases the standard error is very small and barely visible on the
graph. The size of the error indicates that the results are very stable and repeatable; thus
any differences between the performance values plotted are likely to be real and

significant.

Table 13 shows a summary of the statistical analyses of the results shown graphically in
Figure 24. The complete statistical analyses are presented in Appendix A. Due to the
fact that the data were not normally distributed, a Kruskal-Wallis one way analysis of
variance on ranks was performed on the result for each combination of test case and
search engine. In every case, the differences between the Homogeneous Representation
of Genes and Heterogeneous Representation of Genes with or without Deletion are
statistically significant [P<0.05]. Further analyses were not possible due to the fact that

data were not normally distributed.
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Table 13 Statistical Analysis of Results using 1600 Simulations with Generations =12 and
Initial Population Size =20

Condition | Kruskal-Wallis One Way Analysis of Variance on Ranks with Multiple Comparisons
H = 3838.928 with 2 degrees of freedom. (P =<0.001)
Google Cgmparison Diff of Ranks p q P<0.05
Test Case 1 R°vs S 4083223.000 3 73.663 Yes
RvsD 488846.000 2 13.228  Yes
DvsS 3594377.000 2 97.260  Yes
H =3888.941 with 2 degrees of freedom. (P =<0.001)
Yahoo Comparison Diffof Ranks p q P<0.05
Test Case1 | Rvs S 4097685.000 3 73.924  Yes
RvsD 524970.000 2 14205  Yes
DvsS 3572715.000 2 96.674 Yes
H = 4076.532 with 2 degrees of freedom. (P =<0.001)
Netscape Comparison Diff of Ranks p q P<0.05
Test Case 1 RvsS 4109911.500 3 74.144  Yes
RvsD 616623.000 2 16.685  Yes
DvsS 3493288.500 2 94.525 Yes
H = 1965.204 with 2 degrees of freedom. (P = <0.001)
Google Comparison Diffof Ranks p q P<0.05
TestCase2 | Dvs S 2942150.000 3 53.077 Yes
DvsR 462700.000 2 12.520 Yes
Rvs$S 2479450.000 2 67.092 Yes
H =2522.305 with 2 degrees of freedom. (P =<0.001)
Yahoo Comparison Diff of Ranks p q P<0.05
Test Case 2 DvsS 2942150.000 3 53.077 Yes
DvsR 462700.000 2 12.520  Yes
RvsS 2479450.000 2 67.092 Yes
H = 1878.039 with 2 degrees of freedom. (P =<0.001)
Netscape Comparison Diff of Ranks p q P<0.05
Test Case 2 DvsS 2896472.500 3 52253  Yes
DvsR 1009745.000 2 27323  Yes
Rvs$S 1886727.500 2 51.053  Yes
H = 1864/994 with 2 degrees of freedom. (P = <0.001)
Google Comparison Diffof Ranks p q P<0.05
Test Case 3 RvsS 2793600.000 3 50.397 Yes
RvsD 1543200.000 2 41.758  Yes
DvsS 1250400.000 2 33.835 Yes
H = 2244.290 with 2 degrees of freedom. (P = <0.001)
Yahoo Comparison Diff of Ranks p q P<0.05
Test Case 3 RvsS 3160800.000 3 57.022  Yes
RvsD 1622400.000 2 43901 Yes
DvsS 1538400.000 2 41.628 Yes
H = 856.910 with 2 degrees of freedom. (P =<0.001)
Netscape Comparison Diffof Ranks p q P<0.05
Test Case3 | SvsD 1744800.000 3 31477 Yes
SvsR 213600.000 2 5780  Yes
RvsD 1531200.000 2 41443 Yes

¢ S= GA using Structural Genes only, R= GA using Structural and Regulatory Genes without Deletion
D=GA using Structural and Regulatory Genes with
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Structural GA: The results show that, for Case 1, “purchase, agreement, of”’, the
performance of the Structural GA is not good. In 1600 simulations over three search
engines, the fitness values did not improve and resulted in average fitness values of zero.
The results are similar for Case 2, which is similar to Case 1, with the added nonsense
word “smith”. In Case 3, “hotel, place, des, arts”, for Google and Yahoo, the results are
similar for the Structural GA. However, in Case 3 with Netscape, performance of the
Structural GA is better than the other GA conditions. These results suggest that the
Structural GA, which uses a homogeneous representation, only performs well in very
specific circumstances. It also suggests that Netscape performs differently from the other

two search engines. This will be discussed further below.

The fact that the results of Structural GA are very poor is not surprising. Both Case 1 and
Case 2 contain general keywords that produce a very large number of returned web pages
from search engines. Thus there is little chance that there will be relevant information in
the top ten returned web pages, a criteria for a non-zero fitness value. This will result in a
fitness value of zero. However, it is clear that Structural GA can function in the right
circumstances, as is shown in Case 3 with Netscape where the average fitness value is

greater than zero.

Regulatory GA: For Case 1 with all search engines, the Regulatory GA performs very
well, reaching average fitness values of 8 or greater. For Case 2, with the addition of the
nonsense keyword “smith”, performance of the Regulatory GA is reduced and does not
perform as well as the Deletion GA with Google and Netscape, but outperforms the other
GA conditions for Yahoo. In Case 3, the Regulatory GA outperforms the Deletion GA in
all conditions, but performs worse than the Structural GA for Netscape. These results

strongly suggest that the heterogeneous representation works well in most conditions.

Deletion GA: For both Case 1 and Case 3, the Deletion GA does not perform as well as
the Regulatory GA. However, in Case 2, which contains that silent gene, the Deletion
GA performs better than the other GA conditions for two of the three search engines.

This suggests that, while the addition of a deletion operator has only a minor impact on
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some of the results for test cases without silent gene (particularly Case 1), it works best

when a silent gene is present in the representation.

Cases: In general, the average fitness values were highest for Case 1, “purchase,
agreement, of” and lowest for Case 2, “purchase, agreement, of, smith”. However, the
pattern of performance between the different GA conditions was similar in these two
cases. The pattern of performance for Case 3, “hotel, place, des arts” was quite different
from the other two cases, with Deletion GA performance reduced in comparison with the
performance of the Regulatory GA. In addition, the results for Case 3 were significantly
different in terms of the variability of the results and terms of the results for one search

engine, Netscape.

Search Engines: The pattern of results for Google and Yahoo were very similar for all
cases, although the Deletion GA performed slightly better than the Regulatory GA in
Case 2 for Google but slightly worse for Yahoo. On the other hand, the pattern of results
for Netscape was considerably different than for the other two search engines. This was
particularly true for Case 3, where the Structural GA worked better than the other two

GA conditions.
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DISCUSSION

Summary of Results

The main results of this study are summarized below and then discussed in order of
presentation, followed by a discussion and conclusions regarding the impact of this work

and future research.

Performance of Simulation Subsystems: Incorporating methods to simulate user behavior
and self-recovery as well as using a distributed computational approach to the
implementation and an automated fitness ranking algorithm were all successful in making

the simulation run efficiently and without interruption when interacting with the Internet.

Performance of Simulation Parameters: The results show that the optimal parameters for
the simulation where the largest ones: an initial population of 20, 12 generations and

1600 simulations.

Comparison of GA Performance: All test results show the following:

(1) The heterogeneous representation of the Regulatory GA (Modified GA without
deletion) and the Deletion GA (Modified GA with deletion genes) both generally
perform better than the Structural GA (Current GA) which uses a homogeneous
representation.

(2) The Regulatory GA performs best in the cases without the silent gene

(3) The Deletion GA performs best in the case with the silent gene in the input
keywords

(4) The way in which the GA conditions perform varies with the cases. Other than the
differences caused by the presence of the silent gene (see (3) above), the results of
the GA conditions with Case 1 (“purchase, agreement, of”’) are very different from
those with Case 3 (“hotel, place, des, arts™).

(5) The performance of the different versions of GA also varies with the search

engines. In particular, Netscape appears to result in a very different performance
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from Google and Yahoo. For example, this is the only search engine, which

produced a non-zero result for Structural GA.

Impact of Simulation Subsystems and Parameters

In implementing software to conduct experiments and collect empirical data, I came up
with different ideas to resolve obstacles that occurred when my programs crawl on
Internet to interface to search engines and different web sites. One technique I have
developed is designed to simulate a real user interaction to prevent a hostile reaction from
search engines and web sites. In addition, programs are designed to be as autonomous
and self-recovery as possible so the execution will be continuous within a specific
interval of time. This feature allows me to handle the dynamic characteristics of the Web
and the web page contents. Finally, distributed instances of the programs executed on
multiple computers in parallel is more efficient and allows the completion of a heavy
work load with limited resources. These techniques have many potential uses and could
be expanded to cope with a large number of keywords and search operators in a more

complex implementation of the problem area explored in this study.

The exploration of the optimal simulation parameters indicates that the larger the initial
population and number of generations the more likely the GA is to produced optimal
fitness. Future work would extend this exploration further to determine the most efficient
set of parameters. In the conditions of this study, the parameters did not appear to be
affected by the type of query (Case) or the search engine used. However, this could be
explored further.

In this study a simulation method was used to allow the efficient study of a number of
parameters. However, the next step, would be to attempt to use modified versions of the
GA in a real-time, on-line program. This is possible because of the success of the
simulation subsystems that have been developed. The automated ranking system can be
applied to determine fitness and multiple instances can be run to determine what

performance, on average, would be expected.
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Comparing the Performance of Structural, Regulatory and Deletion versions of GA

Impact of Modified GA: The test results confirm the validity of my hypothesis; that is,
that the modified GA approach, which incorporates additional biological concept, will
improve the effectiveness of search engine queries in comparison to the unmodified GA
approach. In general the Structural GA, using a homogeneous representation of
keywords, was not successful in optimizing queries. The exception to this was in the test
case “hotel, place, des, arts” when searching Netscape. This is in part because of
Netscape’s ranking policy and the placement of paid listings, such as those for hotels and
travel destinations. In addition the user ranking rules that were applied in this case in the
automatic ranking system were very specific, so that web pages were likely either to fit
the ranking rules well or not at all. Netscape appears to be the only search engine that

returned enough information to allow the structural GA to evolve.

Impact of Cases: In general, the Regulatory GA was successful at optimizing the queries,
although it did perform differently with the different test cases. In the case of the silent
gene, it probably performed more poorly due to inability to remove irrelevant web pages.
The Deletion GA was more appropriate for this situation. In the case of searching for a
hotel near the Place Des Arts, the Regulatory GA was able to improve the fitness, but the
variability in GA performance was high. This was due to the large number of instances
where the evolution of the query resulted in either a 0 fitness (no appropriate web pages)
or a 10 fitness (all web pages appropriate), but nothing in between, as well as the nature
of the automatic ranking rules (see above). This is likely due to the nature of the query,
which uses a well-known place name. Clearly GA does not work as well in these
circumstances and the Structural GA works as well as the more biologically appropriate

versions in the case of Netscape.
Impact of Search Engines: The results provide an opportunity to look at the differences

among search engines. For example, my results show that Netscape appears to work

differently from Google and Yahoo, especially for Case 3. This is a surprising result
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since Google and Netscape use the same technology while Yahoo uses a different
technology®. This difference could be due to the ranking policies and ranking rules. This
suggests that the performance of web search engines depend on other factors beside
technology. This is an interesting thought as Google technology is currently licensed to

other search domains beside Internet search.

Limitations of this research

The research presented here is limited in a number of ways that are outlined below.

Generality of the fitness function: The implementation of the fitness function is not
general (i.e., the rules are not applicable for all test cases). This limits the application of
this approach in any real-world application. Although this approach was necessary to
implement the GA to answer the questions proposed in my research, it limited my ability
to compare my results across different queries. Within the scope of this thesis work, the
fitness function might not be generalized for all test cases, but it’s fitness ranking is

applied uniformly.

Objective measures of performance: Due to a nature of problem domain, I was unable to
use the more objective measures of precision and recall to evaluate my resuits.
Therefore, it is difficult to compare these results with other techniques in IR. While this

would be useful, it was not the primary objective of my work.

Limited parameters: The number of test cases and number of keywords are relatively
small for assessing the modifications in terms of how they might work in a real time
system. But, given the resource-constrained environment, the variety of test cases used
was able to demonstrate some interesting results that also suggest areas for future

research.

Comparison to other approaches: Since it is hard to compare GA, especially basic GA

with other approaches in general, it is difficult to determine if this approach is the best

67



one for optimizing web search. However, the goal of this thesis was more limited in
scope. I set out to determine if modified GA would improve the result. In future research

this would be an interesting area to investigate.

Additional biological concepts: Additional biological concepts such as frame-shift,
where individual nucleotides are inserted or deleted could be used, in this case, to model
the impact of a misspelled word. Some of these concepts may be more powerful than the
simple modifications used here. However, I believe my thesis demonstrates the validity

of this approach.
Statistical Analyses: Due to the fact that the data are not normally distributed, there are
limits to the complexity of the analyses that can be applied. In future research, this

question would have to be addressed.

Implications of Research

In all my experiments, all search engines are black boxes. The same input is used for
each search engine and its outputs are collected and analyzed. The way each search
engine crawls the web site, extracts and ranks the content is different. Therefore, the
same keywords and searched web sites are likely to have different rankings in different

search engines. This would result in a kind of performance differences seen in this study.

Also, search engines tune up their searches to appeal to a specific market. For example,
Netscape search engine architecture is similar to Google but has a different ranking
policy for paid listing. This could be an explanation for why the Netscape search engine

behavior is different from Yahoo and Google search engines.

Reverse Engineering: Understanding how search engines use keywords allows web site
designers to choose keywords that maximize the probability of getting a higher ranking
by a search engine. The work in this thesis is potentially useful in understanding the

search engine in order to optimize the web site priority.
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Impact on Web Search: The results of this study have a number of implications for web
searches and information retrieval from the Web in general. It is a complex process and
it’s problem domain is fit for GA. Although GA is relatively slow within discrete search
space, it is very good approach to deal with very large search spaces such as The Web.
By modifying GA to include more appropriate representation based on biological

concept, [ have demonstrated that this approach is useful.

Almost any one who uses a computer to search the Internet ends up frustrated because
they cannot find always what they are looking for. What can we do about it? There are
many answers to this question. My work in this thesis shows that it is possible to
improve the search performance without requiring changing the search engine

architecture. The same approach could be applied to other areas of information retrieval.
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CONCLUSION

In my study, [ focused on the improvement of search engine performance from the user
perspective. By optimizing keywords use, [ provide a flexible solution without requiring
changes in search engine architecture. This might be the only practical approach now,

given the limited choice of search engines in the current Web environment.

In my investigation of method to improve GA for optimizing search queries, I did not
anticipate adding to that body of theoretical knowledge. Instead, I attempted to apply the
GA approach and theory to a practical problem. The problem is the ability to obtain
relevant results from search engines queries using the GA approach. In using biological
concepts to solve practical problems, I believe I have added to the theoretical concept by
introducing a working model of heterogeneous gene representation and using deletion in

combination with silent genes.

This work provides an initial step in a process of applying GA to solve this problem.
Online implementation of this process is possible with my approach and is the next

logical step in my research.

Another important investigation is to expand the size of query to increase the number of
keywords and search operators to determine if this approach will work in the real world.
Along with this, it is important to look at the impact of increasing the values of the

parameters for initial population and number of generations.
This approach can also be used to understand the behavior of search engines or search

algorithms. This would be a reverse engineering approach to the problem of enhancing

the ranking of a web site in any search engine.
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Appendix A

Statistical Analyses of Results of 1600 Simulations with Generations = 12 and Initial
Population Size=20 by SigmaSTAT.

S= GA using Structural Genes (Homogeneous Representation of Genes)

R= GA using Structural and Regulatory Genes without Deletion (Heterogeneous
Representation of Genes)

D=GA using Structural and Regulatory Genes with Deletion (Heterogeneous
Representation of Genes with Deletion)

Google Test Case 1

Normality Test: Failed (P =<0.001)
Kruskal-Wallis One Way Analysis of Variance on Ranks
Data source: Google TC1 in Notebook

Group N Missing

S 1600 0
R 1600 0O
D 1600 0

Group Median 25% 75%

S 0.000 0.000 0.000
R 10.000 10.000  10.000
D 10.000 7.000  10.000

H =3838.928 with 2 degrees of freedom. (P =<0.001)

The differences in the median values among the treatment groups are greater than would
be expected by chance; there is a statistically significant difference (P =<0.001)

To isolate the group or groups that differ from the others use a multiple comparison
procedure.

All Pairwise Multiple Comparison Procedures (Student-Newman-Keuls Method) :

Comparison Diff of Ranks p q P<0.05
RvsS 4083223.000 3 73.663  Yes
RvsD 488846.000 2 13.228  Yes
DvsS 3594377.000 2 97.260  Yes
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Yahoo Test Case 1

Normality Test: Failed (P =<0.001)
Kruskal-Wallis One Way Analysis of Variance on Ranks
Data source: YTC1 in Notebook

Group N Missing

S 1600 0
R 1600 0
D 1600 0

Group Median 25% 75%

S 0.000 0.000 0.000
R 10.000 10.000 10.000
D 10.000 7.000 10.000

H =3888.941 with 2 degrees of freedom. (P =<0.001)

The differences in the median values among the treatment groups are greater than would
be expected by chance; there is a statistically significant difference (P =<0.001)

To isolate the group or groups that differ from the others use a multiple comparison
procedure.

All Pairwise Multiple Comparison Procedures (Student-Newman-Keuls Method) :

Comparison Diff of Ranks p q P<0.05
RvsS 4097685.000 3 73.924  Yes
RvsD 524970.000 2 14205  Yes
DvsS 3572715.000 2 96.674  Yes
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Netscape Test Case 1

Normality Test: Failed (P =<0.001)
Kruskal-Wallis One Way Analysis of Variance on Ranks
Data source: NTC1 in Notebook

Group N Missing

S 1600 0
R 1600 0O
D 1600 0

Group Median 25% 75%

S 0.000 0.000 0.000
R 10.000  10.000  10.000
D 10.000  7.000 10.000

H =4076.532 with 2 degrees of freedom. (P =<0.001)

The differences in the median values among the treatment groups are greater than would
be expected by chance; there is a statistically significant difference (P =<0.001)

To isolate the group or groups that differ from the others use a multiple comparison
procedure.

All Pairwise Multiple Comparison Procedures (Student-Newman-Keuls Method) :

Comparison Diff of Ranks p q P<0.05
RvsS 4109911.500 3 74.144  Yes
RvsD 616623.000 2 16.685  Yes
DvsS 3493288.500 2 94.525  Yes
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Google Test Case 2

Normality Test: Failed (P =<0.001)
Kruskal-Wallis One Way Analysis of Variance on Ranks
Data source: GTC2 in Notebook

Group N Missing

S 1600 O
R 1600 0O
D 1600 0

Group Median 25% 75%

S 0.000 0.000 0.000
R 3.000 0.000 7.000
D 3.000 3.000 7.000

H = 1965.204 with 2 degrees of freedom. (P =<0.001)

The differences in the median values among the treatment groups are greater than would
be expected by chance; there is a statistically significant difference (P =<0.001)

To isolate the group or groups that differ from the others use a multiple comparison
procedure.

All Pairwise Multiple Comparison Procedures (Student-Newman-Keuls Method) :

Comparison Diff of Ranks p q P<0.05
DvsS 2942150.000 3 53.077  Yes
DvsR 462700.000 2 12.520  Yes
RvsS 2479450.000 2 67.092  Yes
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Yahoo Test Case 2

Normality Test: Failed (P =<0.001)
Kruskal-Wallis One Way Analysis of Variance on Ranks
Data source: Yahoo TC2 in Notebook

Group N Missing

S 1600 O
R 1600 0O
D 1600 O

Group Median 25% 75%

S 0.000 0.000 0.000
R 7.000 3.000 7.000
D 3.000 3.000 7.000

H =2522.305 with 2 degrees of freedom. (P =<0.001)

The differences in the median values among the treatment groups are greater than would
be expected by chance; there is a statistically significant difference (P =<0.001)

To isolate the group or groups that differ from the others use a multiple comparison
procedure.

All Pairwise Multiple Comparison Procedures (Student-Newman-Keuls Method) :

Comparison Diff of Ranks p q P<0.05
RvsS 3341647.500 3 60.284  Yes
RvsD 337695.000 2 9.138 Yes
DvsS 3003952.500 2 81.284  Yes
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Netscape Test Case 2

Normality Test: Failed (P =<0.001)

Kruskal-Wallis One Way Analysis of Variance on Ranks

Data source: Data 6 in Notebook

Group N Missing

S 1600 0

R 1600 0

D 1600 0

Group Median 25% 75%
S 0.000 0.000 0.000
R 3.000 0.000 3.000
D 3.000 0.000 3.000

H = 1878.039 with 2 degrees of freedom. (P =<0.001)

The differences in the median values among the treatment groups are greater than would
be expected by chance; there is a statistically significant difference (P =<0.001)

To isolate the group or groups that differ from the others use a multiple comparison

procedure.

All Pairwise Multiple Comparison Procedures (Student-Newman-Keuls Method) :

Comparison Diff of Ranks p
DvsS 2896472.500 3
DvsR 1009745.000 2
RvsS 1886727.500 2

q
52.253

27.323
51.053
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Google Test Case 3

Normality Test:

Kruskal-Wallis One Way Analysis of Variance on Ranks

Data source: GTC3 in Notebook

Group N Missing

S 1600 0

R 1600 0

D 1600 0O

Group Median  25%
S 0.000 0.000
R 10.000 0.000
D 0.000 0.000

H = 1866.482 with 2 degrees of freedom. (P =<0.001)

Failed (P =<0.001)

75%
0.000

10.000

10.000

The differences in the median values among the treatment groups are greater than would
be expected by chance; there is a statistically significant difference (P =<0.001)

To isolate the group or groups that differ from the others use a multiple comparison

procedure.

All Pairwise Multiple Comparison Procedures (Student-Newman-Keuls Method) :

Comparison Diff of Ranks p
RvsS 2793600.000 3
RvsD 1543200.000 2
DvsS 1250400.000 2

q

50.397
41.758
33.835
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Yahoo Test Case 3

Normality Test: Failed (P =<0.001)
Kruskal-Wallis One Way Analysis of Variance on Ranks
Data source: Data 8 in Notebook

Group N Missing

S 1600 0

R 1600 0

D 1600 0

Group Median 25% 75%
S 0.000 0.000 0.000
R 10.000  10.000 10.000
D 0.000 0.000  10.000

H =2244.290 with 2 degrees of freedom. (P =<0.001)

The differences in the median values among the treatment groups are greater than would
be expected by chance; there is a statistically significant difference (P =<0.001)

To isolate the group or groups that differ from the others use a multiple comparison
procedure.

All Pairwise Multiple Comparison Procedures (Student-Newman-Keuls Method) :

Comparison Diff of Ranks p q P<0.05
RvsS 3160800.000 3 57.022  Yes
RvsD 1622400.000 2 43901  Yes
DvsS 1538400.000 2 41.628  Yes
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Netscape Test Case 3

Normality Test: Failed (P =<0.001)
Kruskal-Wallis One Way Analysis of Variance on Ranks
Data source: NTC3 in Notebook

Group N Missing

S 1600 0

R 1600 0

D 1600 0

Group Median 25% 75%
S 10.000 10.000  10.000
R 10.000 10.000  10.000
D 0.000 0.000  10.000

H = 856.910 with 2 degrees of freedom. (P =<0.001)

The differences in the median values among the treatment groups are greater than would
be expected by chance; there is a statistically significant difference (P =<0.001)

To isolate the group or groups that differ from the others use a multiple comparison

procedure.

All Pairwise Multiple Comparison Procedures (Student-Newman-Keuls Method) :

Comparison Diff of Ranks p q
SvsD 1744800.000 3 31.477
SvsR 213600.000 2 5.780
RvsD 1531200.000 2 41.433
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