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Abstract

The Summary Schemas Model (SSM) was originaly developed as away to enhance the query
cgpahiilities of multidatabase sysems by recognizing the semantic content of query terms. It has been
proposed that the gpplication domain of this model be extended to include the World Wide Web, which
shares some characteristics of multidatabases. Specifically, if a meta-search engine could use SSM to
semanticaly identify query terms; it could select aset of other search enginesto query that tend to provide
the most rdevant results for queries in the given subject area. An algorithm called Qsearch has been
developed to implement search engine selectionbased onthe searchengines profiles, user feedback, and
by providing search engine rankings supported by a Summary Schemas Mode hierarchy. An evaduation
of Qsearch’ saccuracy and learning ability is presented to compare Qsearch’s search engine rankings with
abasdine of intuitive, user-centered rankings. The strengths and limitations of Qsearch are discussed, and

future research directions are presented.
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1 Introduction

Giventhevast anount of informationavailable onthe World Wide Web, themogt difficult chalenge
facing usarsis locating the informationthey want. Search engines provide users with away of querying a
database of web informetion, but there are some limitationsto their aaility. One such limitation is ther
search space; only a smdl fraction of the information on the World Wide Web is contained in any one
search engine s database. Another limitation is that search enginesoftenoperate by providing results that
contain the wor ds that comprisethe user’ squery but not the meaning of thosewords. That isto say, they
mainly perform akeyword search instead of a semantic search.

The god of World Wide Web meta-searchenginesisto give users more revant results by taking
advantage of the combined search spaces of other search engines. However, it would be impractical for
themto submit auser’ squery to every one of the many searchenginesavailable. Meta-search enginesthus
must choose a subset of available search engines; idedlly, this subset would consist of the search engines
with the best capabilitiesin the subject area of the user’s query.

One way to provide subject area identification is to employ a semantic model called the Summary
Schemas Moddl, which was originaly developed for the fidld of multidatabases. The Qsearch dgorithm
developed at The Penngylvania State University uses the Summary Schemas Modd, aong with search
engine profiles and user feedback, to determine a set of search enginesthat would provide the most rlevant
resultsto agiven user query. No prior evauations of the effectiveness of this a gorithm have taken place.

The objectives of this research were:

. to determine whether the search engine rankings produced by Qsearch are more accurate than
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random search engine rankings
. to determine whether Qsearch produces more accurate rankings after it is provided with user

feedback than before —in other words, whether it is able to learn from usars

Chapter 2 provides background information on multidatabase systems, the Summary Schemas
Modd, World Wide Web searchengines, and mativationsfor usng the Summary Schemas model insearch
enginesdection. Chapter 3 introducesthe Qsearch agorithm, animplementation of search engineselection
using the Summary Schemas Modd. Chapter 4 explains the methodology used to evaluate the accuracy
of the Qsearchdgorithm. Chapter 5 presentsthe results obtained from thisevauation. Chapter 6 contains

conclusons derived from this research and suggests some directions for further study.



2 Background

The Summary Schemas Mode (SSM) was originaly proposed as a means to resolve global
queries in a multidatabase platform. However, its gpplication is not limited to the logica integration of
heterogeneous databases. This section presents an overview of the SSM and adescription of its possble

use in the proper sdlection of the commercid Search Engine.

2.1 Multidatabase Systems

Many different organizations use databases to store and access large, organized bodies of
information. Asthe use of databases increases and users need to access a number of distinct databases
to obtain the informationthey want, it hasbecome desirable to integrate these distinct databases. One way
to achieve such integration is through a multidatabase. A multidatabase system is an interface between a
user and acollection of loca database management systems (DBMSs). Such a system dlows a user to
query a large collection of heterogeneous and distributed locad databases without having particular
knowledge about the local databases. The gpplications of such an interface can be expected to grow as
merging businesses, collaborating researchers, and the generd public find the need for consolidation of
various sources of information [1].

One important characteristic of amultidatabaseisthat it provides full Ste autonomy for each loca
DBMS. Unlike adigtributed database, a multidatabase accesses loca functions through theloca DBMS
external user interface, rather thanthroughinterna DBM Sfunctions. Thelocd DBM Smaintainsfull control

over local data, processing, and participation in the globa system [1].



A multidatabase differsfromaninteroperable system by providing full database function to globa
users. An interoperable system, the most loosely coupled information-sharing system, does not support
full database functiondity (induding query processing) [1]. By contrast, a multidatabase provides globa
users with afront end to an agglomerated “virtud” database.

Two distinct approaches have been taken to multidatabase desgn: the globa-schema approach
and the multidatabase-language approach. In globa-schema design, aso cdled “view integration,” an
integrated summary of the local schemas is created by collecting the local schemas and resolving the
semantic and syntactic differences amnong them [1]. The primary advantage of globd-schemadesignis
user-friendly globa access: the user interacts with the multidatabase in the same familiar way he or she
interacts with a single database and need not know the details of the local DBMSs or how to resolve the
differencesamong them. One disadvantage of globd-schema designisthe intensve humanlabor required
in designing and maintaining the globa schema, sncethe globa database administrator must be thoroughly
familiar withadl the input schemas, user requirements, and local schema changes. A second disadvantage
of globa-schema design is that the globa schema can be a very large data object, making its replication
aproblem for nodes with limited storage capacity [1].

A multidatabase language systemdhiftstheresponsibility for local DBM Sintegrationfromthe globa
database adminigtrator to the user. This system does not include an integrated summary of the loca
schemas. Instead, acommon name spaceis defined, and the user is presented with language functionsthat
specify data sources, transform source information into different representations, and control the result
format. The advantages of a multidatabase language system are highly customizable user queries, less

knowledge and development and maintenance time required of the globa adminigtrator, and minimd
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storage requirements for globa data at the loca nodes. On the other hand, the user mugt have precise
notions about the nature and location of the desired information and a willingness to undertake some

programming to obtain thisinformation [1].

2.2 The Summary Schemas Model

One of the key chalenges in cregting ether type of multidatabase system is integrating local
databases, in which information of varying consistency, completeness, and leve of abstraction is stored
usng different naming conventions, formats, and data structures. 1dedlly, the multidatabaseinterfacewoul d
undertake a user query by characterizing the semantic — rather than merely the syntactic — content of the
query. Also, the integration of the loca databases should not place undue burden on a globa database
adminigtrator, who presumably islessfamiliar withthe semantic content of the local databasesthanthe loca
database administrators would be [1].

One solutionto the problemof global integration of loca heterogeneous databases isthe Summary
Schemas Modd (SSM). Using online linguidtic tools and a globd hierarchy of summary schemeas, the
Summary Schemas Modd identifies ssmanticdly smilar entitiesin the loca databases and automates the
globa integration process [2].

Inorder to identify linguidic relationships between termsinheterogeneous databases, the SSM uses
a taxonomy appropriate to the range of user queries expected for the multidatabase. For ingtance, if a
broad range of queriesis expected, the SSM might use the taxonomy represented by Roget’ s thesaurus.
The taxonomy itsdf isacollectionof entries, each of whichcontains aterm, a precise definitionfor the term,
and semantic links to related terms. (In the example using Roget’ sthesaurus, the taxonomy would require
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a supplementary source of definitions for terms.) At each node, the semantic links include a hypernym
pointer, alist of hyponym pointers, and alist of synonym pointers|2].

The core of the SSM isiits globd metadata: the hierarchy of summary schemas. The physicd
network hierarchy generdly determines the structure of this hierarchy, dthough other configurations that
ensure good performance between parent and child nodesaredso possible. The leaf nodes are database
schemas for the individud local databases. Nodes higher in the hierarchy contain summary schemeas, or
collections of the hypernyms of their child nodes terms. These higher-level nodes dso contain copies of
the “ operationa taxonomy,” anabbreviated formof the full taxonomy that lacks definitions and substitutes
identification numbers for textud terms|[2].

Fgure 2.1 presents a sample SSM hierarchy. At the lowest level are nodes containing loca
database schemas. One levd higher are subhead nodes, which abstract the information contained in a
collectionof local databases. InFigure2.1, theterm *Earnings at node 4.A abstractstheideas of ‘Wage
and ‘Sdary,” which are represented as attributes in the loca database schemas at nodes A and B,
respectively. Each of the three higher levels —head, section, and class—inturnsummarize the information
contained in theimmediately lower level. In the example, the head term * Acquisition’ is an abstract term
encompassing ‘Earnings and ‘Gain,’” the sectionterm’ Possessive Relations summarizes* Acquidtion’ and
‘Payment,” and the classterm ‘Valition' summarizes ‘ Possessive Rdlaions (and presumably some other
section-leved terms).

After the summary schema s hierarchy has been created, dl that is required for aloca database
to join the multidatabase systemisfor the local database administrator to map the terms inthe local schema

to entry-level terms inthe taxonomy (using the definitions provided by the full taxonomy, if necessary). The



hypernym linksin the hierarchy make addition and deletion of leaf nodes autométic [2].

As previoudy noted, one of the mgjor disadvantages of regular multidatabase language sysems is
that users are expected to know the location and local-accessterms for the datathey seek. That isto say,
users mugt submit queries containing precise data references. These queries are parsed at their origin
nodes, which then request the necessary data from remote data sources and perform user-specified
operations on the results.

Under the Summary Schemas Modd, however, the user may submit imprecise queries — queries
lacking location information and describing datain terms that the user deems semanticaly accurate, even
if the terms do not exactly match the loca-access terms for the desired data. Whenthe query originnode
recognizes a query marked as imprecise, it uses the summary schema structure to find and substitute
semanticaly amilar precisereferencesfor the imprecisereferences. The user can control how “smilar” the
subgtituted references should be by specifying a Semantic-Distance Metric (SDM) vaue. Each hypernym-
hyponym relaionship and synonym-synonymreaionship isconsideredto be a semarntic link; any two terms
in the SSM taxonomy are associated with each other through some combination of semantic links. The

Semantic-Distance Metric defines semantic distance as follows:

SOM = E(LC, * LW)
(Equation 2.1)

where LC isthe number of links between two terms
LW isthe weight (relative importance) of alink
i represents the type of link (hypernym-hyponym or synonym-synornym)
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The SDM, then, is a weighted measure of the distance between two terms in the semantic
hierarchy. A low vaduefor the SDM would indicate that two terms are semanticdly Smilar; conversdy,
ahighvadue would indicate that two terms are semanticdly disparate. The weight assigned to a given type
of semantic rdationship (represented in the equation above by LW,) variesinversdy with the degree of
semantic amilarity it isjudged to represent. For instance, if one decides that aword is generdly closer in
meaning to its synonym thanto its hypernym or hyponym, one would assgnalower waght to the synonym-
synonym links than to the hypernym-hyponym links [2].

The Summary Schemas M odel permitsimpreci sequery processing, summarizesinformationat each
level of ahierarchy, utilizes a broad taxonomy for automatic semantic identification, and maps readily to
popular computer network hierarchies. It thusfulfillsthe need for multidatabasesto process queries based
onthar semantic content, maintain smal globd data structures, maximize the automation of multidatabase

maintenance, and take advantage of exiding network topology among the participating loca databases| 3].

2.3 World Wide Web Search Engines

Thefied of Internet services offersmany potential applications of the Summary Schemas Modd.
I nparticular, bothInternet users and multidatabase userswant “timey and reliable access to heterogeneous
and distributed data sources’ [4].

The World Wide Web is a public, Internet-based distributed informationsystemthat dlowsusers
to navigate through hypertext documents. Introduced to the publicin 1991, the World Wide Web spanned
over twenty millionactiveweb serversin September 2000 [5]. Anaystsforecast that the Internet, of which
the World Wide Web isamgor part, will have over 350 million users by the end of the year 2000 [6].
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With the valume of content and number of new users on the World Wide Web increasing
continudly, the need for a way for usersto find the information they seek is increesangly apparent. The
answer to thisneed is a tool caled a search engine. Search engines provide users with an interface for
finding information on the World Wide Web.

Search engines can be grouped into three mgor categories, according to the methodsthey use to

retrieve information [7]: software robots, directories, and meta-search engines.

2.3.1 Robot-based Search Engines

Searchenginesbased on software robots “crawl” the World Wide Web, retrieving documentsand
entering them into a database that a user can query. Examples of robot-based search engines include
Altavistd 8], Google[9], and Excite[10]. Four basic components comprise robot-based search engines
[11]: aspider, a summarizer, an indexer, and abroker. First, the spider retrieves Web documents, often
finding new documents by following hyperlinks from documents that it has dreaedy discovered. The
summarizer component then attempts to digtill the document so that its content is retained and extraneous
information (suchasimagesand page formatting) isdiscarded. Theindexer addsthesummarized document

to the searchengine sdatabase, while the broker actsas aninterface to alow usersto query this database.

2.3.2 Directory-based Search Engines

Directories are another class of search engine. These search engines are hierarchicd listings of

topics and web gtes that involve those topics.  Yahoo[12], LookSmart[13], and the Open Directory
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Project[14] are examples of directory-based search engines. Generdly, directories require human
adminigtratorsto add web site ligings and maintain exigting listings. In this case, people act asrobotsand
indexers, directories do not have summarizers, ance their ligings indicate only the title of the web Ste or
document, in addition to alink toit. Many, if not most, mgor web porta's include both robot-based and

directory-based search engines.

2.3.3 Meta-search Engines

Meta-search engines attempt to maximize their search space— the set of indexed web documents
that they can access—by sendingauser’ squery to multiple robot-based searchengines. Metacrawler[15],
SavvySearch[16], and ProFusion[17] are meta-searchengines. By delegating to other search enginesthe
tasks of developing and storing databases of web content, meta-search engines expand their search space
(a meta-engine' s search space is the union of the search spaces of the search engines it queries) while
avoiding the need for massive amounts of storage to maintain ther own web content databases. Meta
search engines do, however, require some specidized modules: a dispatch mechaniam, an interface agent,
and adisplay mechanism[4]. When auser entersaquery, the digpatch mechanism determineswhat search
engines in the meta-search engine' s knowledge base will be used for the query; thisstep is referred to as
search engine sdlection. Theinterface agent then trandates the query into the syntax used by these search
engines, submitsthe query to each of them, and parsesthe results. Findly, the disolay mechanism performs
post-processing on al the results that were received; this mechanism might re-rank the combined results

or remove duplicate results before digplaying them to the user.
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2.4 Motivations for Using the SSM in Search Engine Selection

InOctober 2000, Yahoo! listed well over one hundred robot-based search engines for the World
WideWeb[18]. With so many potential search enginesto query, ameta-search engine must choose some
subset of known search engines to query. Most meta-search engines offer the user a choice between a
user-specified set of search engines (from the meta-search engine' s knowledge base) or a meta-engine-
specified set. If the choice is I€eft to the meta-search engine, it could choose to query random search
enginesor to query the fastest searchengines in its knowledge base. Idedly, though, ameta-search engine
would query the set of search enginesthat it determinesare likdy to provide the most relevant results. The
chdlenge of providing this capability isreferred to as the Search Engine Sdection Problem [4].

One way to address the Search Engine Selection Problemisto assume that aregular searchengine
tends to produce relevant resultsfor queries within a certain set of knowledge domains. This assumption
makes the Summary Schemas Model a natura choice of agorithm for choosing an appropriate set of
search engines for ameta-search engine to use. 1n the same way that a multidatabase can use the SSM
to identify semanticdly smilar data references, a meta-search engine could use the SSM to identify

semanticaly smilar knowledge domains.

2.5 Conclusions

Multidatabases and the World Wide Web have a number of characterigticsincommon. Bothare
large, distributed information repositories.  Both contain data in different representations, in terms of

language, numeric format, completeness, terms used to represent a given concept, and other areas. Both
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afford complete locd ste autonomy. Findly, both have many users who find it useful to be able to query
the globa system. The Summary Schemas Model was origindly designed to resolve globa querieswithin
amultidatabase system by recognizing the semantic — as opposed to just the syntactic — content of a query.
The research presented in this paper attempts to evauate the Summary Schemas Model as a means of
enhancing World Wide Web meta-search engines by dlowing them to recognize the semantic content of

the queries they receive,
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3 Implementation: Qsearch

A computer program caled Qsearch is under development at The Pennsylvania State University
to implement Search Engine Selection usng the Summary SchemasModd. 1t usesahypothetical database
node systemand a Roget’ s Thesaurus taxonomy to predict the relevance of resultsreturned by four robot-
based search engines (AltaVigg 8], Excite[ 10], Infoseek[19], and Y ahoo[12]) based on the semantic
content of queries. The three mgor eements of Qsearch’s architecture are the user interface, the SSM

hierarchy, and the meta-table [20].

3.1 User Interface

The Qsearch user interface is a continuous cycle of user input and program cdculation. Firgt,
Qsearch prompts the user to assemble the node structure of the SSM hierarchy. A st of ten files, each
containing information describing the contents of a loca node (pecificdly, the node' s identity number,
parent node, number of terms, and thetermsthemselves), isprovided withQsearch; the programassembles
the node Structure using thisinformation. The user may choose to add any subset of these nodes to the
globa hierarchy. (The terms contained in these nodes do not condtitute the compl ete contents of Roget’s
Thesaurus, but a user may create his or her own node files and specify them in an execution of Qsearch.)
Next, the user enters a query, as specified by aquery string, a maximum Semantic Distance Metric, and
agartingnode. Theuser query istreated as an imprecise query; Qsearch resolvesthis query by beginning
a the specified gtarting node and searching the name space represented by the summary schemas

hierarchy, up to the specified maximum Semantic Distance Metric. Qsearch then caculates a‘relevance
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index' for each of the four search engines in its knowledge base. This relevance index isared number
between zero and threethat reflects Qsearch’ s prediction of therelevanceof resultsreturned by that search
engine based on the semantic content of the query. The user then manudly submits the query to the four
searchenginesand provides Qsearch withfeedback about the results. Specificdly, for each searchengine,
Qsearch promptsthe user for the number of links followed, and for each followed link, the searchengine s
ranking, the user’ srating, and the web pagetitle. Qsearch incorporates thisfeedback into its knowledge

base and prompts the user for the next query.

3.2 SSM Hierarchica Structure

Qsearch uses its Summary Schemas Modd hierarchy to produce an initia rank for each search
engine for agiven query. (Theuseof thequdifier “initid” herereflectsthe notion that Qsearchinitialy has
limited information about the performance of each search enginein its knowledge base. Thisinformation
isrepresented in the SSM Hierarchica Structure and is augmented with user feedback stored in meta
tables asdescribed in Section 3.3.) Qsearch’s hierarchy isonly dightly modified from the SSM sructure
designed for multidatabase systems. A ranked list of search enginesis maintained for eech termin the top
three levels of the SSM hierarchy. These gtatic rankings were pre-determined by the program devel oper
and reflect initid assessments of the ability of these search engines to return relevant results for the
associated terms. In Figure 3.1, rank is represented by list order; the highest-ranked engine isfirst in the
list, followed by the second-ranked engine, and so on.

For eech term at aleaf node, there is at least one pathleading fromatop-level node to that term.
Along any given path, the search engine rankings for the terms at the top three levels may differ. The
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example in Figure 3.1 showsthe conceptua content of part of Qsearch’ s SSM Hierarchy. Here, the path
to leaf-node term*“ consensus’ fromthe top level is“intellect,” “resultsof reasoning,” * assent,” “ unanimity,”
“consensus.”  Qsearch combines these rankings so that each leve’ s contribution to the overdl ranking is
inversaly proportiond to the number of hyponyms of that level’ sterm, based onthe assumptionthat aterm
with fewer hyponyms is semanticaly closer to its hyponyms than aterm with many hyponyms. Qsearch
uses the following equations (note that a higher ‘rank’ indicates a search engine that returns more relevant
results) to caculate the initid rank of each search engine:
initial_rank(engineA) = r/nn, + r/n, + ry,
initial_rank(engineB) = rz/n,n, + rg/n, + 1o,
initial_rank(engineC) = r,./nn, + r,c/n, + ry.
initial_rank(engineD) = r/nn, + r;/n, + 1y,
(Equetion 3.1)

where n; isthe number of hyponymsfor the node term on levd |
ryx  isthevaue associated with a ranking of search engine X on level Y of the SSMI

hierarchy:
rvx = 1.00 if engine X ranked #1 on leve Y
ryx =0.75 if engine X ranked #2 on levd Y
rvx = 0.50 if engine X ranked #3 on leve Y
ryx =0.25 if engine X ranked #4 on levd Y
For the example in Figure 3.1, Qsearch would caculate theinitid rank for each search engine as
follows (assuming that Figure 3.1 represents a compl ete taxonomy):
initial_rank(Altavista) = (0.25)/3*5 + (0.50)/5 + (0.75) = 0.8670

initial_rank(Excite) = (0.75)/3*5 + (0.25)/5 + (0.25) = 0.3500

16



intellect

[I, E, Y, Al

precursory conditions and operations

materials for reasoning

results of reasoning

[A I, E, Y] [I,E, Y, A] [Y, 1, A E]
\ [ | \ \
judgment belief assent error insanity
Y, A |, E] [AY, 1, E] [Y, A, |, E] [E I,Y, A] [AY, |, E]
[ — \
unanimity ratification consent
[ | \ [ | | ‘
consensus chorus approval indorsement compliance
[META-TABLE] | |[META-TABLE]| |[META-TABLE]| |[META-TABLE]| |[META-TABLE]
Figure 3.1: Exanple SSM Hi erarchical Structure in Qsearch (A stands for Altavista, E stands

for Excite, | stands for

I nf oseek,

Y stands for

Yahoo)
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initial_rank(Infoseek) =(1.00)/3*5 + (0.75)/5 + (0.50) = 0.7167

initial_rank(Yahoo) = (0.50)/3*5 + (1.00)/5 + (1.00) = 1.2333

These cdculaions show that, given the SSM Hierarchy represented by Figure 3.1 and a query
condsting of the term “consensus,” Qsearch would recommend the search engine Yahoo as likely to

produce the most relevant results in that query’s semantic redm.

3.3 Meta-table

Qsearch dynamicaly updates itsknowledge of search engine performance through user feedback,
which is stored in the meta-table. A metatable is maintained in memory for each leaf node in the SSM
dructure. Thismetatableisathree-dimensiona txexp matrix, wheret isthe number of terms at the leaf
node, e isthe number of search enginesin Qsearch’ sknowledge base (currently four), and p is the number
of pathsto the leaf node. Each meta-table entry contains a dynamically-updated correction factor to be
added to the initid rank (determined by the SSM Hierarchica Structure withthe Equation3.1) to produce
thefind ‘relevanceindex’ presented to the user. Thiscorrection factor arisesfrom previous user feedback
on that query term, including such information asthe number of followed links and an active user ranking,
the search engin€ s ranking, and the title terms for each followed link. The following equations determine

the correction factor (CF) for aterm:

ausS

"ly=0 CcFr=iEl__ k>0
n Kk

Qo

CF =

(Equation 3.2)
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where k is the number of links followed

n isthe number of termsin the query

e is anormaized engine ranking on ascde of 0to 1 corresponding to the
rank of link i on the search engine'slist from 10to 1

U is the Qsearch user’ sranking, from 0 to 1, of the rdlevance of link i

S is number of terms within the specified maximum Semantic Distance

Metric vaue of the query term that gppear in theftitle of link i

Thecritical teemsinEquation 3.2 are g, U;, and 5. The purpose of g, the searchengine sranking
of result i, isto give a higher weight to terms that appear higher on the searchengine sresult page. All four
search engines included in this research present their results in an order based on a relevance index
caculated by that search engine. Theincluson of thisterm “g” reflects the idea that a search engine that
produces rdevant results must not only return relevant results but also accurately assess their relative
relevance, Sncenather auser nor ameta-search engine would find it practical to Sft through thousands (or
even just dozens) of resultsto find the sought-after information. Theterm u; reflects the importance of the
user’ sown assessment of the relevance of each result. Findly, the term s isincluded to give grester weight
to results whose titles include the query term or semanticaly smilar terms.

If a Qsearch user provides feedback on a term that aready has a correction factor, the newly-
calculated correction factor replaces the old one. If Qsearch is presented with a query term for which it
has no previous user feedback (that is, the meta-table entry for that term is empty), the correction factor

is zero for that term.

The‘rdevanceindex’ for each search engine, whichis calculated by Qsearchand presented to the
user asaprediction of the degree of relevance of that search engine sresults for the given query, isasum

of theinitia rank and the correction factors:
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relevance _index(engine, terms) = initial _rank(engine,terms) + é CF (engine, term)

terms

(Equation 3.3)
A high relevance index indicates that Qsearch predicts a high degree of relevance for that search

engine sresults, while alow relevance index indicates the prediction of alower degree of rdevance.

3.4 Conclusions

Withasemantic hierarchy for initid ranks and a dynamicaly updated meta-table for user feedback,
Qsearch uses the Summary Schemas Modd to produce a quantitetive vauation of the ability of each of a
set of searchenginesto produce relevant results for a particular query. A commercid meta-searchengine
could use Qsearchto solve the Search Engine Selection Problemwiththe additionof arule for determining
to which search engines aquery is actualy submitted. Examplesof such rulesmight include* submit query
to the top n search engines,” “submit query to al search engines with a relevance index above x,” and

“submit query to the top r search engines with average response times above s seconds.”
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4 Evauation Methods

Itwould beinteregtingto investigate whether an Internet meta-search engine that usesthe Summary
Schemas Model in choosing which search enginesto query could produce more rdevant results than a
meta-search engine that does not use SSM. Naturdly, the implementation details of the specific meta
search engine under scrutiny — how many and which search engines are included in its knowledge base,
what policiesit usesto choose the search engines to which a query is actualy submitted (givensome form
of ‘assessment’ based on the SSM), and how it combines the results from these search engines—would
affect such a judgment. The research conducted in this sudy sought to evauate the effectiveness of the
core SSM-based assessment, as opposed to the effectiveness of a full meta-search engine with its own
paticular implementation policies. Because the computer program implementing Qsearch was not
completeat the time this research was conducted, this methodology in some partsinvolved a‘ pencil-and-
paper’ verson of the Qsearch dgorithm instead of the automated, computerized version. Differences
between the two versions and their anticipated effects on the results are noted.  This evauation used the
Qsearch dgorithm to generate SSM-based assessments of relevance for four popular Internet search
enginesand abroad range of user queries. Thissection describeshow the search enginesand querieswere
chosen, how Qsearch was executed, and how the results were anayzed to judge the effectiveness of

Qsearch as asolution to the Search Engine Selection Problem.

4.1 Search Engine and Query Choices

Thefirg step wasthe choice of searchenginesand queries. Altavistg 8], Excite[10], Infoseek[19]

21



(nowGo.com[21]), and Y ahoo[ 12] werechosenas the search engines because they condtituted Qsearch’s
pre-existing knowledge base. These four search engines are among the most popular searchenginesused
by meta-searchenginesand direct usersaike; aFebruary 2000 report at the web site Web Space Station
ranks Y ahoo, Go.com, Excite, and Altavista as the first, second, third, and fifth most popular Internet
search engines, respectively, for queriesinthe English language originating in the United States[22]. A set
of fifty query terms was thenrandomly chosenfromthe lowest level of Qsearch’ staxonomy (see Appendix
1 for alist of theseterms). Each query consisted of exactly one term, dthough some terms consisted of

multiple words; for example, “yellow pages’ was conddered to be asingle term.

4.2 Initial Run

After the search engines and queries were chosen, the initid run of the Qsearch agorithm was
executed. The purpose of this execution was to determine the relevance indices that Qsearch would
caculate based only on its pre-existing knowledge base —that is, based on the rankings of the four search
enginesthat it stores as persstent datafor eachterminthetop threeleves of the Summary Schemas Model
hierarchy. The portion of the Qsearch computer programthat ca culatesthese initid relevanceindices (by
using Equation 3.1) was operationa when this research was conducted, and so this step was automated.
At each execution of Qsearch, dl ten avalable local schemas (as described in Section 3.1) were added
to the globa schema before queries were processed. For each query, the maximum alowable semantic
distance metric was set to five, and the starting node was set to zero. Intheinitia run, then, Qsearch was
initidized, each of the fifty querieswas processed according to the equations in Section 3, and the resultant
initial relevance index was recorded.
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4.3 User Feedback

Once Qsearchproduced aninitia relevance index for each pairing of search engine and query, that
query was submitted to the search engine to determine the actual relevance of the results it produced. No
quotationmarksor other specid symbols were included in the submitted queries. Thelinksfor each of the
top ten results were followed, and the title of the resultant web page and the user’ srating of the relevance
of this result were recorded and input to the Qsearch agorithm as feedback.

The user’ srating was areal number between zero and one that reflected a subjective judgment of
the ussfulness of the result page (or any page no morethanone link away fromit) to auser seeking generd
information about the topic described by the query. Appendix 1 lists loose guiddines for the types of
information judged to be relevant for eachquery. In generd, apage wasjudged to beirrdevant if it or its
web server could not be found or accessed (dlso knownasa* dead link’); if accessing relevant information
would have required downloading a document in a non-standard web format (i.e., a non-HTML, non-
image document) or making apurchase; if the document was not inthe English language; if the document
used the term only as a proper noun not related to the denotation or connotation of the term; or if the
document was pornographic. Duplicate results—that is, the same web page or pages from the same web
Ste gppearing more than once in a search engine' s list of top tenresults—were each assigned the full user
rating value ascribed to that result.

In addition to the user’ s and search engine sraings of each result, the * semantic match’ between
the title of the result page and the query term is consdered in the Qsearch agorithm's cdculations. The
concept of *semantic match’ isrepresented inEquation 3.2 by the term s, the number of terms appearing
in the result page title that are within the specified maximum Semantic Distance Metric of the query term
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for result 1.

The Qsearch computer program’ s string comparison cgpabilitiesare limited; it iscase-sendgitiveand
substring-insengtive, meaning, for example, that it does not recognize the semantic similarity between
‘canineg and ‘Canine' or between ‘canine and ‘canines” In order to compensate for this limitation, the
result page titles must be input to Qsearch in a form that would dlow the program to recognize semantic
gmilaritieswhere they dearly existed. For instance, upper-case words must converted to lower-case, and
words containing the query term as a substring must be partitioned so that the query term appeared as a
separate word.

The user feedback step was performed without the aid of the Qsearch computer program, since
the meta-table component of the program was not operational at the time of this research. Correction
factorswere thus cal culated by hand, introducing some complicationinto the determinationin Equation 3.2
of the vdue of 5, the number of terms inthe resullt page title that are within the specified maximum Semantic
Digtance Metric of the query term for result i. Because of the difficulty of reconstructing the Qsearch
program’s entire Summary Schemas Modd hierarchy, a subjective estimate of semanticdly smilar terms
contained ineach result page tittewasmade. For example, it was estimated that the term‘dog’ isprobably
not farther than a Semantic Distance Metric of five from the term ‘canine’ and o a web page title
containing both terms was assigned a s value of two. If these approximations affected the results, it was
likdy that they provided somewhat higher 5 vauesthanthe computer programwould have provided, snce
the program’s data set included only a subset of the termsin Roget’ s Thesaurus, while human judgment
dlowsamoreflexible, ‘common sense’ gpproach to semantic smilarity. Still, care wastaken to assgn s

vaues that would reflect the limitations inherent in the computer program.
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4.4 Post-User Feedback Run

After the user feedback was provided to the Qsearch agorithm, the algorithm was run through a
post-user feedback run on the same fifty queriesthat were processed intheinitid run. The purposeof this
post-user feedback runwas to determine the relevance indices that Qsearch would calculate once it was
provided with user feedback on specific queries, in addition to the pre-existing information about search
engine performance for generd subject areas. Equation 3.3 was cdculated in this gep; that is, the
correction factors calculated in the user feedback step usng Equation 3.2 were added to the relevance
indices caculated in theinitia run usng Equation 3.1. As aresult, new relevance indices were produced
that reflected user feedback. The summation was performed by hand instead of using the Qsearch
computer program, but this process is not expected to have introduced any discrepancy between the
reported resultsand the resultsthat would be expected fromthe automated program. Appendix 2 lists the
initid run and post-user feedback run relevance indicesgenerated by the Qsearchagorithm for each pairing

of query and search engine.

4.5 Analysis of Results

The relevance indices collected in the initid run and post-user feedback run steps as wel asthe
user rating of the relevance of each result were then used in a datistical andyss to answer a number of
guestions about Qsearch’s performance. Qsearch’sability to accurately predict the best search enging(s)
for aquery was assessed by comparing the rankings evident in the user ratings to the rankings evident in

the relevance indices for the initid and post-user feedback executions of the program. Moreover,
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Qsearch's ability to learn —that is, to dynamically correct its relevance indices based on user feedback —
was assessed by andyzing the change in prediction accuracy fromthe initid run to the post-user feedback

run.

4.6 Conclusions

The methodology described in this section was designed to produce anaccurate evaudtion of the
SSM-based agorithm Qsearch as a solution to the Search Engine Sdection Problem. By andlyzing the
precisionof Qsearch’s search engine rankings (both before and after user feedback) against a basdine of
user rankings, which are presumed to be the most accurate reflection of result relevance, one can draw
conclusions about Qsearch’s ahility to predict suitable enging(s) for agiven query. Further, by anayzing
the variationinaccuracy between Qsearch’s pre-feedback predictions and itspost-feedback predictions,
one can draw conclusions about Qsearch’s dbility to learn from the user feedback it receives. The
conclusions based on Qsearch’ s performance are particularly meaningful to meta-search engine designers,
who continually seek better ways to choose from the myriad search engines available. Thismethodology

was developed to test the viability of making such a choice based on the semantic content of a query.
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5 Results

In this section, the accuracy of Qsearch’s search enginerankingsis evaluated by comparing the
initid run rankings and post-user feedback rankingsto a set of basdline rankings. First, the calculation of
the basdine rankings is explained. Following this explanation are summaries of the accuracy of the initia
run rankings, the accuracy of the post-user feedback rankings, and a comparison of the pre- and post-

feedback accuracies. Thorough supporting datais provided in the Appendices.

5.1 Baseline Rankings

The idea of the basdline rankingsisto give an assessment of how an average user would rank the
search engines given the time to follow and evauate each of the top ten results provided by each engine.
For each query, Appendix 3 lists the basdline search engine rankings, those rankings consdered
to be*accurate’ and againgt whichthe rankings provided by Qsearch both before and after user feedback

are compared. These rankings were calculated based the following equation:

3.0
ad eu
baseline_index(engine term) = '11—0

(Equation 5.1)

In this equation, accuracy is represented by a combination of the placement of aresult within the
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searchengine sranked ligt of results (&) and the user’ srating of the relevance of that result (u;), for the top
tenresults. These terms have the same meanings and domains as their counterpartsin Equation3.2. The
searchengine withthe highest basdine index, as cadculated usng Equation 5.1, was assgned arank of one,
the search engine with the second-highest basdline index was assgned arank of two, and so on.
Statistical andyss was used to determine the average error (withrespect to these basdine rankings)
of randomsetsof rankings. The purpose of this ca culation wasto ascertain whether the rankings produced
by Qsearch are sgnificantly more accurate thanrandomrankings would be. One thousand sets of random
rankings were generated, and the average error of each of these rankings was caculated. At a 95%

confidence levd, the average error of random rankings was found to be between 1.125 and 1.395.

5.2 Initial Run Accuracy

Appendix 2 lists the rdlevance indices produced in the initid run of the Qsearch dgorithm.
Appendix 4 ligts the rankings into which those rlevance indices trandated (with arank of oneindicating
the search engine withthe highest predicted relevance, arank of two for the search engine withthe second-
highest predicted relevance, et cetera). Thetablein Appendix 4 also showsthe ‘error’ in these rankings
—that is, for each search engine, the difference between its basdine ranking (listed in Appendix 3) and its
initid runranking. The average error for each query is displayed in the rightmost column of thistable; this
averageis cdculated by dividing the sum of the absolute values of the individud errors by the number of

search engines (four).
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The average error for the initid run rankings over dl search engines and all querieswas 1.27. In other
words, for any choice of query and search engine (out of those included in this study), one can expect the
search engine ranking provided by an initid run of the Qsearch dgorithm to differ from the ranking that
would be caculated by his or her own judgment by anaverage of 1.27 ranks. Thiserror isnot Sgnificantly
different from the error of randomly-generated rankings. Statistica andyss shows that a randomly-
generated sat of rankings has a 57% chance of having alower error levd than the initid run rankings and

a43% chance of having ahigher error levd.

5.3 Post-User Feedback Run Accuracy

Appendix 2 ligs the relevance indices produced in the post-user feedback run of the Qsearch
dgorithm. Appendix 5 ligsthe rankings into which those rdlevance indices trandated (with arank of one
indicating the search engine with the highest predicted rdevance, arank of two for the search engine with
the second-highest predicted relevance, et cetera). The tablein Appendix 5 aso shows the error inthese
rankings, as explained in Section 5.2.

The average error for the post-user feedback run rankings over al searchenginesand dl queries
was 1.06. In other words, for arandom choice of query and search engine (out of thoseincluded in this
study), one can expect the search engine ranking provided by a post-user feedback run of the Qsearch
agorithm to differ fromthe ranking that would be caculated by his or her own judgment by an average of
1.06 ranks. This error is ggnificantly lower than the error of randomly-generated rankings. Statistical

andyds shows that arandomly-generated set of rankings has a 4% chance of having alower error leve
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than the initid run rankings and a 96% chance of having a higher error level.

5.4 Improvement from Initial Run to Post-User Feedback Run

Appendix 6 ligsthe average error of the rankings for each query in theinitia run and in the podt-
user feedback run. In addition, this table shows the amount of decrease in the average ranking error for
each query, aswdl as the amount of change (the absolute vaue of the amount of decrease).

As illugtrated in Appendix 6, the average error of the rankings for each query decreased by an
average of 0.21 ranks. Itisunclear whether this change would be noticed by anorma user. Thetendency
of the error to decrease (or at least not increase) from the initid run to the post-user feedback run appears
to be strong, however, as evidenced by the fact that the average error decreased for 21 of the queries
(42%), stayed the same for 26 of the queries (52%), and increased for only 3 of the queries (6%) (see

Figure5.1).

increase
6%

decrease
42%

same
52%

Figure 5.1: Change in Average Ranking Error
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5.5 Issues of Concern

Severa sources of error could have affected the results described in the previous three sections.
Firg, the criteria for relevancefor each query (listed in Appendix 1) werefarly narrow rddive to the broad
scope of thetermsin generd. For this reason, they may have prevented the ‘true’ relevance of a search
engine sresults from being shown. A one-term query, such asthose included in this study, is not nearly
as descriptive of what a user hopesto find asis amulti-term query; what one user considers a rdevant
result for aquery onthe term* photograph’ may be completely irrdevant to another user submitting aquery
on the same term.

Second, the Qsearch dgorithm used in this study included a knowledge base of only four search
engines. Theaddition of more search enginesto the knowledge base would increase the potentia for more
relevant results, particularly if the additional search enginesare ones that specidize in certain subject areas.
With only four generd-knowledge search engines used, queries tended to produce smilar results on
different search engines, withthe consequencethat the ability of some search enginesto produce markedly
superior results in certain subject areas could have been underestimated.

Third, the * semantic match’ value that contributes to aterm’s correction factor (see Section 3.3)
iscomplicated to caculate accurately. Thisvaue equas the number of termsin aresult web page stitle
that are within the specified maximum Semantic Distance Metric (SDM) of the query term(s) inQsearch’s
Summary Schemas Model hierarchy. It isnot difficult for a computer program to traverse the hierarchy
to determine whether aword iswithin the specified SDM of aqueryterm. Rather, thedifficulty liesinthe
program’s &bility to recognize a given word in a web page title, where it may be in upper-, lower-, or
mixed-case; in any one of anumber of forms (plurd, past tense, and so on); concatenated with another
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word; or part of anacronym or abbreviation. Thislimitation discriminates againgt seerch engineswhich do
recognize these other forms of words by, for example, providing resultsindudingthetitte* USA’ for aquery
on ‘United States of America’

A fourth possible source of error isthat Qsearchtreatsdl the results provided by a search engine
for agiven query as distinct; it does not recognize duplicate results. Even if a certain result isrelevant to
auser’ squery, that same result gppearing again in a search’s engine' s top ten results does not provide any
additiond information vaue to the user. Depending on whether the duplicate results are duplicates of
relevant or irrdevant origind results, this behavior could discriminateinfavor of or againgt search engines

that tend to provide duplicate results.
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6 Conclusions and Future Directions

The Summay Schemas Model (SSM) provides globa imprecise query resolution for
multi databasesby identifying the semantic content of queries. Becauseof thissemanticidentification ability,
SSM could potentidly be used by World Wide Web meta-searchenginesto chooseaset of searchengines
for query submission that would provide the most rdevant results, based on the semantic content of the
query. Qsearch is an dgorithm that uses SSM and user feedback to provide semantically-based,
dynamically-updated rankings of a set of Web search engines. An evauation of Qsearch’s ability to
provide accurate rankings and to learn from user feedback was conducted, with important ramifications

for meta-search engine designers.

6.1 Qsearch

The evduationof Qsearchfound that this dgorithm performed poorly at providing accurate search
engine rankings without user feedback, and its ability to learn is somewhat limited. The accuracy of the
search engine rankings produced by Qsearch without user feedback was consistent with the accuracy of
randomly-generated rankings. Thus, the Qsearch agorithm without user feedback does not appear to be
a us=ful predictor of search enginerdevance. Also, for amgority of the queries included in this study
(52%), the average error of Qsearch’srankings (rdative to auser’ s) wasthe same after user feedback as
before.

However, Qsearchdoesshow some promise as a solutionto the Search Engine Sel ectionProblem.

The accuracy of the search engine rankings produced by Qsearch with user feedback was dgnificantly
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higher than the accuracy of randomly-generated rankings. In addition, the average error of Qsearch’s
rankings decreased by about one-fifth of arank per search engine rank whenuser feedback was provided
to the dgorithm. In addition, the average error decreased for 42% of the queries after feedback was
provided, while it increased for only 6% of the queries.

In summary, while Qsearch’s search engine rankings prior to user feedback are not accurate, its
accuracy doesimprove whenthe dgorithm is provided withuser feedback. Qsearch thus hasthe potentid,

given enough user feedback, to aid meta-search enginesin choosing the best set of search engines for any

given query.

6.2 Future Research

A number of areas have beenidentified for further work on Qsearch. Thethree main components
of such future research are research into Qsearch’s premises, refinement of the Qsearch adgorithm itsdlf,
and completion and improvement of the computer program implementation of Qsearch.

The Qsearch algorithm is based on severa premises which are supported more by genera belief
than by thorough research. One of these premises is the idea that some search engines produce more
relevant results than othersinvarious subject areas defined by the higher-level terms in Roget’ s Thesaurus.
Future work could involve adtatistical compari son of search enginesbased on query terms from a number
of subject groupings. Another premise is that Roget’ s Thesaurus is an gppropriate taxonomy to describe
the content of the World Wide Web. On theweb, many commonwords, like‘chat’ and ‘map,” have been
re-gppropriated to take on new meanings which are not reflected in traditiona, pre-Internet taxonomies.
Further work could be done to devel op aweb-appropriate taxonomy or to investigate candidatesfor such
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a taxonomy, possibly induding current directory-based search engines. A third unexamined premise is
Qsearch’ sexpectationof user behavior. Specificaly, Qsearch expectsthat most usersonly ook at thefirst
ten results returned by a search engine and that the attention they pay to each result, from firg to tenth,
decreases geometricdly. Futureresearch might review literature on search engine user interfacesand usage
patterns to obtain aredistic model of how people navigate through search engine results.

A second area of potentia work is refinement of the Qsearch agorithm itsdf. Qsearch currently
does not specify how to caculate the initial rank (see Equation 3.1) for a multi-term query. Further
research could investigate different ways to performthis calculation. Also, each new entry initsmeta-table
replacesthe previous entry, with the effect that, for example, an entry based onauser examining tenresults
could be replaced by anentry froma user examining only one. More research remainsto be done onways
that the correction factors in these meta-table entries could be accumulated to reflect multiple instances of
user feedback for agiventermand searchengine. In addition, the usefulness of the ‘ semantic match’ term
for the web page title inthe ca culationof these correctionfactors should be researched, asit isnot obvious
that this term provides useful or accurate information about the relevance of asearch engine result. Inthe
course of this evauation, it was often the case that the title of arelevant result page did not contain terms
that Qsearch could identify as semanticdly smilar to the search term. It also often happened that the titles
of irrdevant result pages did contain the search term, such as when a query on theterm ‘frog’ produced
result pages titled ‘Radioactive Frog Web Desgns’ ‘Squished Frog Productions,’ and ‘Purple Frog
Software.’” Future research could examine the utility of this ‘semantic match’ vaue and the corrdation
between relevant results and results with high semantic match vaues.

The computer programimplementing Qsearch is not yet complete, but a number of issues related
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toit remainto beinvestigated. Oneissueisthat of user feedback: Qsearch’ sarchitecture callsfor atedious
manua process of assessing search engine results and typing in their titles in order to caculate the
correctionfactor foraterm. Providing aconvenient user interfacefor providing user ratings and automating
the input of web page titles would greetly improve the usability of this program. Some additiond efforts
that could expand the program’s scope and raise its accuracy include adding more search enginesto its
knowledge base, providing it withthe full Roget’s Thesaurus taxonomy, and enhancing its string matching

capabilities for recognizing semantic matches,
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Appendix One: Query Relevance Criteria

Query Relevance Criteria

canine physical characteristics; species

chatter definition; examples

jest definition; examples

frog physical characteristics, photographs; types

united_states of
_america

map; history; almanac-type facts; regions; states

laughingstock definition; examples

map images; links to atlases; general description; parts and symbols
lyric poetry; music lyrics

dictionary definition; links to dictionaries; titles of dictionaries
weather climate; forecasts; precipitation

harmonics vibration; frequency; nodal points; musical instruments
wal | paper definition; ways to apply; popular patterns; images
lodgings hotel chains

salutation definition; examples

love definition; expressions of love

interval length of time or distance

friendship definition; examples of friends

position job opening/description; career level

password guidelines for choosing; how passwords are kept secret
horoscope examples

motion_picture

movie titles; production; history; technical details

photograph cameras; photography techniques

baptism description; which religions practice it; who is baptized
automobile makes, models; operation

guote lists of quotes; how to include a quote in a paper

maid what services adomestic hired maid provides
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remedy

medicine; treatments; corrections

vocal_music genres; forms; vocalists; history; examples
yellow_pages description; example or link to example
timeliness definition; example

buyer advice; buyer’s guide

caricature history; definition; graphic example
marijuana chemical description; laws; history; usage
reproof definition; example

matter states; properties; relationship to energy; building blocks of matter
population statistics; methods of measurement
Muses names and descriptions

voyage description; account

marketplace location; what is sold there

task example

audience importance; reaction to performance
paper types; production; material composition
search Internet search engines; methods; account

parts_of_flower

description; diagram

airline commercia airline companies

preteen sites for preteens; advice for parents

plundering historical account

wager gambling; advice (how much to wager)

infant how to care for; physical and mental development
ballot types; means of secrecy; policies

40




Appendix Two: Relevance Indices

Query Initial Run Post-User Feedback Run
Altavistel Excite] Infoseek| Yahoo| Altavista Excite I nfoseek Yahoo
canine 1.02 0.54 0.78 0.52 1.1 0.63 0.84 0.59
chatter 0.27 0.79 1.03 0.52 0.27] 0.79 1.03 0.52
jest 1.02 0.54 0.78 0.52 1.04 0.62 0.79 0.74
frog 1.02 0.54 0.78 0.52 1.17 0.99 1.15 0.87
united_states of am 0.77 1.04 0.78 1.02 1.14 133 112 1.5
erica
laughingstock 0.76) 1.01 0.25 0.51 0.76 112 0.29 0.69
map 0.27 0.79 1.03 0.52 0.3 1.29 1.25 0.59
lyric 0.27 0.79 1.03 0.52 0.42) 1.35 14 0.61
dictionary 0.27] 0.79 1.03 0.52 0.8 13 1.42 1.02
\weather 1.02 0.54 0.78 0.52 1.53 1.09 1.3 1.07
harmonics 0.02 0.04 0.03 0.02 0.13 0.27 0.25 0.15
\wall paper 0.77] 1.04 0.78 1.02 0.82 1.04 0.96 1.02
lodgings 0.77] 1.04 0.78 1.02 131 1.6 1 1.81
sal utation 1.02 0.54 0.78 0.52 1.05 0.56 0.81 0.66
love 1.02 0.54 0.78 0.52 1.19 1.19 0.87 0.86
interval 0.77] 1.04 0.78 1.02 0.96 1.24 0.91 1.46
friendship 1.02 0.54 0.78 0.52 1.35 0.73 1.01] 0.82
position 1.02 0.79 0.53 0.77 14 0.92 0.72 0.93
password 0.27] 0.79 1.03 0.52 0.31 1.08 1.23 0.85
horoscope 1.02 0.54 0.78 0.52 15 1.16 1.24 1.02
motion_picture 0.27] 0.79 1.03 0.52 0.84 1.32 1.36] 1.13
photograph 0.27] 0.79 1.03 0.52 0.65 111 1.16) 0.89
baptism 0.78 1.04 0.29 0.52 1.22 141 0.75 1.02
automobile 0.78 1.04 0.78 1.02 1.1 1.45 1.18 1.42
quote 0.27] 0.79 1.03 0.52 0.29 1.17 1.05] 0.61
maid 1.02 0.79 0.53 0.77 121 0.86 0.53 0.92
remedy 1.02 0.79 0.53 0.77 1.14] 0.87 0.74 1.01
lvocal _music 0.02 0.04 0.03 0.02 0.54 0.41 0.36 0.37]
lyellow_pages 0.27] 0.79 1.03 0.52 0.73 1.09 1.35 0.82
timeliness 0.02 0.04 0.03 0.02 0.16 0.39 0.28 0.55
buyer 1.02 0.76 0.51 0.77 1.47 1.16 0.73 1.1
caricature 0.27] 0.79 1.03 0.52 0.79 1.09 1.27 1.31
marijuana 1.02 0.78 0.28 0.52 1.49 1.44 0.79 0.98
reproof 0.76 1.01 0.25 0.51 0.8 1.48 0.49 0.99
matter 1.02 0.54 0.78 0.52 1.23 0.54 0.8 0.85
population 0.77] 1.04 0.78 1.02 1.3 1.32 1.2 1.54
Muses 0.27] 0.79 1.03 0.52 0.48 0.79 1.13 0.72
oyage 0.77] 1.04 0.78 1.02 1.12 145 1.13 1.35
marketplace 1.02 0.76 0.51 0.77 1.02 0.76 0.53 0.77]
task 1.02 0.79 0.53 0.77 1.04] 0.79 0.53 0.77]
audience 0.27] 0.79 1.03 0.52 0.43 0.95 1.22 0.52
paper 1.16 0.59 0.88 0.56 1.27 0.74 1.06) 0.68
search 0.27] 0.79 1.03 0.52 0.34 1.2 1.2 0.59
parts of flower 1.02 0.54 0.78 0.52 1.35 0.9 0.85 0.78
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airline 0.77 1.04 0.78 1.02 1.21 1.31 1.08 1.46
preteen 0.02 0.04 0.03 0.02 0.12 0.04 0.19 0.31
plundering 1.02 0.76 0.51 0.77 1.07, 1.06 0.76 1.03
wager 0.27, 0.79 1.03 0.52 0.36 0.27 1.7 0.87]
infant 0.02 0.04 0.03 0.02 0.51 0.34 0.28 0.41
ballot 1.02 0.79 0.53 0.77 14 1.07 0.79 0.78
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Appendix Three: Basdline Rankings
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Appendix Four: Initial Run Rankings

Query Rankings Error

Altavistg Excite Infoseek| Yahoo| Altavistal Excite| Infoseek Y ahoo sum average
canine 1 3 2 4 -1 2 -2 1 6 1.5
chatter 4 2 1 3 1.5 -0.5 -1.5 0.5 4 1
jest 1 3 2 4 -2 1 -2 3 8 2
frog 1 3 2 4 -3 2 0 1 6 15
united_states of_am 4 1 3 2 0 -2 2 0 4 1
erica
laughingstock 2 1 4 3 1 -2 0 1 4 1
map 4 2 1 3 0 1 -1 0 2 0.5
lyric 4 2 1 3 1 1 -1 -1 4 1
dictionary 4 2 1 3 2 1 -3 0 6 15
\weather 1 3 2 4 -2 15 -2 2.5 8 2
harmonics 3 1 2 3 -1 0 0 0 1 0.25)
wall paper 4 1 3 2 2 -25 2 -1.5 8 2
lodgings 4 1 3 2 1 -0.5 -1 0.5 3 0.75
sal utation 1 3 2 4 -1 -1 -1 3 6 15
love 1 3 2 4 -2 2 -2 2 8 2
interval 4 1 3 2 1 -1 -1 1 4 1
friendship 1 3 2 4 -1 0 -2 3 6 15
position 1 2 4 3 0 -2 2 0 4 1
password 4 2 1 3 0 1 -1 0 2 0.5
horoscope 1 3 2 4 -3 2 0 1 6 15
motion_picture 4 2 1 3 3 0 -3 0 6 15
photograph 4 2 1 3 1 1 -3 1 6 15
baptism 2 1 4 3 -2 -2 3 1 8 2
automobile 3 1 3 2 -1 0 1 -1 3 0.75]
quote 4 2 1 3 1 1 -3 1 6 1.5
maid 1 2 4 3 0 -1 0 1 2 0.5
remedy 1 2 4 3 -3 -1 3 1 8 2
lvocal_music 3 1 2 3 2 -3 0 0 5 1.25
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Appendix Five: Post-User Feedback Run Rankings

Query Rankings Error

Altavistsl Excite] Infoseek| Yahoo| Altavista Excite I nfoseek Y ahoo sum average
canine 1 3 2 4 -1 2 -2, 1 6 1.5
chatter 4 2 1 3 1.5 -0.5 -1.5 0.5 4 1
jest 1 4 2 3 -2 2 -2 2 8 2
frog 1 3 2 4 -3 2 0 1 6 15
united_states of_am 3 2 4 1 -1 -1 3 -1 6 15
erica
laughingstock 2 1 4 3 1 -2 0 1 4 1
map 4 1 2 3 0 0 0 0 0 0
lyric 4 2 1 3 1 1 -1 -1 4 1
dictionary 4 2 1 3 2 1 -3 0 6 1.5
\weather 1 3 2 4 -2 15 -2 2.5 8 2
harmonics 4 1 2 3 0 0 0 0 0 0
wall paper 4 1 3 2 2 -25 2 -1.5 8 2
lodgings 3 2 4 1 0 0.5 0 -0.5 1 0.25
sal utation 1 4 2 3 -1 0 -1 2 4 1
love 1 1 3 4 -2 0 -1 2 5 1.25
interval 3 2 4 1 0 0 0 0 0 0
friendship 1 4 2 3 -1 1 -2 2 6 15
position 1 3 4 2 0 -1 2 -1 4 1
password 4 2 1 3 0 1 -1 0 2 0.5
horoscope 1 3 2 4 -3 2 0 1 6 15
motion_picture 4 2 1 3 3 0 -3 0 6 15
photograph 4 2 1 3 1 1 -3 1 6 15
baptism 2 1 4 3 -2 -2 3 1 8 2
automobile 4 1 3 2 0 0 1 -1 2 0.5
quote 4 1 2 3 1 0 -2 1 4 1
maid 1 3 4 2 0 0 0 0 0 0
remedy 1 3 4 2 -3 0 3 0 6 15
lvocal_music 1 2 4 3 0 -2 2 0 4 1
vellow_pages 4 2 1 3 2 -2 -2 2 8 2
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Appendix Six: Improvement from Initial Run to Post-User Feedback Run

Query Average Ranking Error
Initial Run Post-User Feedback Run Amount of Decrease Amount of Change)
canine 15 15 0 0
chatter 1 1 0 0
jest 2 2 0 0
frog 15 15 0 0
united states of _am 1 15 -0.5 0.5
erica
laughingstock 1 1 0 0
map 0.5 0 0.5 0.5
lyric 1 1 0 0
dictionary 1.5 15 0 0
\weather 2 2 0 0
harmonics 0.25 0 0.25 0.25
wall paper 2 2 0 0
lodgings 0.75 0.25 0.5 0.5
sal utation 15 1 0.5 0.5
love 2 1.25 0.75 0.75
interval 1 0 1 1
friendship 15 15 0 0
position 1 1 0 0
password 0.5 0.5 0 0
horoscope 15 15 0 0
motion_picture 15 15 0 0
photograph 15 15 0 0
baptism 2 2 0 0
automobile 0.75 0.5 0.25 0.25
quote 15 1 0.5 0.5
maid 0.5 0 0.5 0.5
remedy 2 15 0.5 0.5
lvocal music 1.25 1 0.25 0.25
ellow pages 2 2 0 0
timeliness 1.25 05 0.75 0.75
buyer 0.5 0 0.5 0.5
caricature 2 1 1 1
marijuana 2 2 0 0
reproof 1.5 1 0.5 0.5
matter 15 0.5 1 1
population 1 1 0 0
Muses 2 2 0 0
lvoyage 0.5 0.5 0 0
marketplace 15 15 0 0
task 05 05 0 0
audience 0.5 0.5 0 0
paper 15 15 0 0
search 0.5 0.25 0.25 0.25
parts of flower 2 15 0.5 0.5
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arline 15 0.5 1 1
preteen 1.25 1 0.25 0.25
plundering 15 15 0 0
\wager 1 1.5 -0.5 0.9
infant 0.75 1 -0.25 0.25
ballot 0.75 0.25 0.5 0.5
IAVERAGE 1.27 1.06 0.21 0.26
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