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A stract Most o the existing search systems sotware are
modeled using crisp logic and ueries. e introduce uzzy uerying
and ranking as a lexi le tool allowing approximation where the
selected o jects do not need to match exactly the decision criteria
resem ling natural human ehavior. The model consists o ive
major modules the Fuzzy Search Engine, the Application Templates,
the User hter ace, the ata ase and the Evolutionary Computing.
The system is designed in a generic orm to accommodate more
diverse applications and to e delivered as stand alone so tware to
academia and usinesses.

1. I TR D CTI

Searching database records and ranking the results based on
multi-criteria queries is central for many database applications
used within arganizations in finance, business, industrial and
other fields. Most of the available systems software are
modeled using crisp logic and queries, which result in rigid
systems with imprecise and subjective processes and results. In
this chapter we introduce fuzzy querying and ranking as a
flexible tool allowing approximation where the selected objects
do not need to match exactly the decision criteria resembling
natural human behavior. The model consists of five major
modules: the Fuzzy Search Engine (FSE), the Application
Templates (AT), the User Interface (UI), the Database (DB) and
the Evolutionary Computing (EC). We developed the software
with many essential features. It is built as a web-based software
system that users can access and use over the Internet. The
system is designed to be gneric so that it can run different
application domains. To this end, the Application Template
module provides information of a specific application as
attributes and properties, and serves as a guideline structure for
building a new application. The Fuzzy Search Engine (FSE) is
the core module of the system. It has been developed to be
generic so that it would fit any application. The main FSE
component is the query structure, which utilizes membership
functions, similarity functions and aggregators. Through the
user interface a user can enter and save his profile, input criteria
for a new query, run different queries and display results. The
user can manually eliminate the results he disapproves of or
change the ranking according to his preferences. The
Evolutionary Computing (EC) module monitors ranking
preferences of the user s queries. It learns to adjust to the
intended meaning of the users preferences.

We present our approach with three important applications:
ranking (scoring), which has been used to make financing
decisions concerning credit cards, cars and mortgage loans; the
process of college admissions where hundreds of thousands of
applications are processed yearly by U.S. universities; and date
matching as one of the most popular internet programs. Even
though we implemented three applications, the system is
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designed in a generic form to accommodate more diverse
applications and to be delivered as stand-alone software to
academia and businesses.

2. BISCDECISI S PP RTS STEM

The BISC (Berkeley Initiative in Soft Computing) Decision
Support System Components include:
Data Management
0 database(s) which contains relevant data for the
decision process
User Interface
0 users and DSS communication
Model Management and Data Mining
0 includes software with quantitative and fuzzy models
including aggregation process, query, ranking, and
fitness evaluation
Knowledge Management and Expert System
0 model representation including linguistic formulation
Evolutionary Kernel and Learning Process
Data Visualization and Visual Interactive Decision
Making

3. M DE FRAME RK

The DSS system starts by loading the application template,
which consists of various configuration files for a specific
application (see section 4) and initializing the database for the
application (see section 6), before handling a user s requests,
see Figure 1. Once the DSS system is initialized, users can enter
their own profiles in the user interface or make a search with
their preferences. These requests are handled by the control unit
of the system. The control unit converts user input into data
objects that are recognized by the DSS system. .Based on the
request types, it forwards them to the appropriate modules. If
the user wants to create a profile, the control unit will send the
profile data directly to the database module which stores the
data in the database for the gplication. If the user wants to
query the system, the control unit will direct the user s
preferences to the Fuzzy Search Engine which queries the
database. The query results will be sent back to the control unit
and displayed to the users.

4. F E T©1E

Fuzzy Query, search and Ranking: To support generic
queries, the fuzzy engine has been designed to have a tree
structure. There are two types of nodes in the tree, category
nodes and attribute nodes, as depicted in Figure 2. While
multiple category levels are not necessary, they are designed to



allow various refinements of the query through the use of the
type of aggregation of the children. Categories only act to
aggregate the lower levels. The attribute nodes contain all the
important information about a query. They contain the
membership functions for the fuzzy comparison as well as the
use of the various aggregation methods to compare two values.
The attribute nodes handle the compare method slightly
differently than the category nodes. There are two different
ways attributes may be compared. The attribute nodes contain a
list of membership functions comprising the fuzzy set. The
degrees of membership for this set are passed to the similarity
comparator object, which currently las a variety of different
methods to calculate the similarity between the two
membership vectors. In the other method, the membership
vector created by having full membership to a single
membership function specified in the fuzzy data object, but no
membership value for the other functions.
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Figure 1. The BISC-DSS general framework

Membership function: Currently there are three membership
functions implemented for the Fuzzy Engine. A generic
interface has been created to allow several different types of
membership functions to be added to the system. The three
types of membership functions in the system are: Gaussian,
Triangular and Trapezoidal. These functions have three main
points, for the lower bound, upper bound and the point of
maximum membership. For other functions, optional extra
points may be used to define the shape (an extra point is
required for the trapezoidal form).

5. APP ICATI TEMP ATE

The DSS system is designed to work with different
application domains. The application template is a format for
any new application we build; it contains data of different
categories, attributes and membership functions of that
application. The application template module consists of two
parts: 1) the application template data file specifies all the
membership functions, attributes and categories of an
application. We can consider it as a configuration data file for
an application. It contains the definition of membership
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functions, attributes and the relationship between them; 2) The
application template logic parses and caches data from the data
file so that other modules in the system can have faster access
to definitions of membership functions, attributes and
categories. It also creates a tree data structure for the fuzzy
search engine to transverse.

I Root I

I Categ_2 I

I Categ_1 I

Figure 2. The Fuzzy search engine tree structure.

SERI TERFACE

It is difficult to design a generic user interface that suits
different kind of applications for all the fields. For example, we
may want to have different layouts for user interfaces for
different applications. To make the DSS system generic while
preserving the user friendliness of the interfaces for different
applications, we ceveloped the user interfaces into two parts
(see Figure 3).
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Figure 3. User interface data flow

First, we designed a specific HTML interface for each
application we developed. Users can input their own profiles;
make queries by specifying preferences for different attributes.
Details for the DSS system are encapsulated from the HTML
interface so that the HTML interface design would not be
constrained by the DSS system. The second part of our user
interface module is a mapping between the parameters in the
HTML files and the attributes in the application template
module for the application. The input mapping specifies the
attribute names to which each parameter in the HTML interface
corresponds.. With this input mapping, a user interface designer
can use input methods and parameter names freely.

7. DATABASE DB

The database module is responsible for all the transactions
between the DSS system and the database. This module handles
all queries or user profile creations from the Fuzzy Engine and
the Control Unit respectively. For queries from the Fuzzy
Search Engine, it retrieves data from the database and returns it
in a data object form. Usually queries are sets of attribute



values and their associated weights. The database module
returns the matching records in a format that can be
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Figure 4. Database module components

manipulated by the user, such as eliminating one or more
record or changing their order. To create a user profile, it takes
data objects from the Control Unit and stores it in the database.
There are three components in the DB module (see Figure 4).
The DB Manager is accountable for two things: 1) setting up
database connections and allocating database connections to
DB Accessor objects when needed. It also supplies information
to the database for authentication purposes (e.g. username,
password, path to the database etc); 2) The DB Accessor
Factory creates DB Accessor objects for a specific application.
For example, if the system is running the date matching
application, DB Accessor Factory will create DB Accessor
objects for the date matching application. The existence of this
class serves the purpose of using a generic Fuzzy Search
Engine; 3) the DB Accessor is responsible for storing and
getting user profiles to and from the database. It is the
component that queries the database and wrap result from the
database into data objects that are recognized by our application
framework.

MEAS RE FASS CIATI

A DF SIMI ARIT

As in crisp query and ranking, an important concept in fuzzy
query and ranking applications is the measure of association or
similarity between two objects in consideration. For example,
in a fuzzy query application, a measure of similarity between
two queries and a document, or between two documents,
provides a basis for determining the optimal response from the
system. In fuzzy ranking applications, a measure of similarity
between a new object and a known preferred (or non-preferred)
object can be used to define the relative goodness of the new
object. Most of the measures of fuzzy association and
similarity are simply extensions from their crisp counterparts.
However, because of the use of perception based and fuzzy
information, the computation in the fuzzy domain can be more
powerful and more complex.

Various definitions of similarity exist in the classical, crisp
domain, and many of them can be easily extended to the fuzzy
domain. However, unlike in the crisp case, in the fuzzy case the
similarity is defined on two fuzzy sets. Suppose we have two
fuzzy sets A and with membership functions 4 x and x,

68

respectively. The arithmetic operators involved in the fuzzy
similarity measures can be treated using their usual definitions
while the union and the intersection operators need to be treated
specially. It is important for these operator pairs to have the
following properties: (1) conservation, (2) monotonicity, (3)
commutativity, and (4) associativity. It can be verified that the
triangular norm (T-norm) and triangular co-norm (T-conorm)
(Nikravesh, 2001a; Bonissone and Decker, 1986; Mizumoto,
1989; Fagin, 1998 and 1999) conform to these properties and
can be applied here. A detailed survey of some commonly used
T-norm and T-conorm pairs along with other aggregation
operators can be find at Nikravesh and Azvine (2002) .

In many situations, the controlling parameters, including the
similarity metric, the type of T-norm/conorm, the type of
aggregation operator and associated weights, can all be
specified based on the domain knowledge of a particular
application. However, in some other cases, it may be difficult
to specify a priori an optimal set of parameters. In those cases,
various machine learning methods can be employed to
automatically discover a suitable set of parameters using a
supervised or unsupervised approach. For example, the Genetic
Algorithm (GA) and DNA-based computing, as described in
later sections, can be quite effective.

E TT AR C MP TI

In the Evolutionary Computing (EC) module of the BISC
Decision Support System, our purpose is to use an evolutionary
method to allow automatic adjusting of the user s preferences.
These preferences can be seen as parameters of the fuzzy logic
model in form of weighting of the used variables. These
preferences are then represented by a weight vector and genetic
algorithms will be used to fix them.

In the Evolutionary Computation approach, Genetic
Programming, which is an extension of Genetic Algorithms, is
the closest technique to our purpose. It allows us to learn a tree
structure, which represents the combination of aggregators. The
selection of these aggregators is included to the learning
process using the Genetic Programming.

In this section, we describe the GA (Holland, 1992) and GP
(Koza, 1992) application to our problem. Our aim is learning
fuzzy-DSS parameters which are the weight vectors
representing the user preferences associated to the variables that
have to be aggregated on the one hand, and the adequate
decision tree representing the combination of the aggregation
operators that have to be used on the other hand.

Weight vector being a linear structure, can be represented by
a binary string in which weight values are converted to binary
numbers. This binary string corresponds to the individual s
DNA in the GA learning process. The goal is to find the
optimal weighting of the variables. A general GA module can
be used by defining a specific fitness function for each
application as shown in Figure 5.

Aggregators can be combined in the form of a tree structure
which can be built using a Genetic Programming learning
module (Figure 6). It consists in evolving a population of
individuals represented by tree structures. The evolution
principle remains the same as in a conventional GP module but



the DNA encoding needs to be defined according to the
considered problem. We propose to define an encoding for
aggregation trees which is more complex than for classical trees
and which is common to all considered applications. As shown
in Figure 8, we need to define a specific encoding, in addition
to the fitness function specification.

E olutionary Computing EC

G A module
p—

Specific fitness function

[ 1

Fu y Search Engine
FSE

Figure 5.
learning.

Evolutionary Computing Module: preferences

Tree structures are generated randomly as in the conventional
GP. But, since these trees are augmented according the
properties defined above, the generation process has to be
updated. So, we decided to randomly generate the number of
arguments when choosing an aggregator as a node in the tree
structure. And for the weights, we chose to generate them
randomly for each node during its creation.

Concerning the fitness function, it is based on performing the
aggregation operation and the root node of the tree that has to
be evaluated. For the university admissions application, the
result of the root execution corresponds to the score that has to
be computed for each value vector in the training data set. The
fitness function, as in the GA learning of the user preferences,
consists in simple or combined similarity measures. In
addition, we can include to the fitness function a
complementary measure that represents the individual s size
which has to be minimized in order to avoid over-sized trees.

We have described the use of evolutionary computation
methods for optimization problems in the BISC decision
support system. It is an original idea in combining fuzzy logic,
machine learning and evolutionary computation. We gave some
implementation precisions for the university admissions
application. We also plan to apply our system to many other
applications.

-F

In this section, we introduce fuzzy query and fuzzy
aggregation for credit scoring, university admissions and date
matching.

1 . IMP EME TATI ER A DRA K1

Credit Scoring: Credit scoring was first developed in the
1950 s and has been used extensively in the last two decades. In
the early 1980s, the three major credit bureaus, Equitax,
Experian, and TransUnion worked with the Fair Isaac Company
to develop generic scoring models that allow each bureau to
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offer an individual score based on the contents of the credit
bureau s data. When you apply for financing, whether its a new
credit card, car or student loan, or a mortgage, about 40 pieces
of information from your credit card report are fed into a model
(Nikravesh and Azvine 2002 and Nikravesh et al. 2003). This
information is categorized into the following five categories
with different levels of importance ( of the score):

Past payment history (35 )

Amount of credit owed (30 )

Length of time credit established (15 )

Search for and acquisition of new credit (10 )
Types of credit established (10 )
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Given the factors presented earlier, a simulated model has
been developed. A series of excellent, very good, good, not
good, not bad, bad, and very bad credit scores have been
recognized (without including history). Then, fuzzy smilarity
and ranking have been used to rank the new user and define
his/her credit score.. In the inference engine, the rules based on
factual knowledge (data) and knowledge drawn from himan
experts (inference) are combined, ranked, and clustered based
on the confidence level of human and factual support. This
information is then used to build the fuzzy query model with
associated weights. In the query level, an intelligent knowledge-
based search engine provides a means for specific queries.
Initially we blend traditional computation with fuzzy reasoning.
This effectively provides validation of an interpretation, model,
hypothesis, or alternatively, indicates the need to reject or

reevaluate. Information must be clustered, ranked, and
translated to a format amenable to user interpretation.
ni ersity Admissions: Hundreds of millions of

applications were processed by U.S. universities resulting in
more than 15 million enrollments in the year 2000 for a total
revenue of over 250 billion. College admissions are expected
to reach over 17 million by the year 2010, for total revenue of
over 280 billion.

The UC Berkeley campus admits its freshman class on the



basis of an assessment of the applicants high school academic
performance  (approximately 50 ) and through a
comprehensive review of the application including personal
achievements of the applicant (approximately 50 ) (University
of California-Berkeley).

At Stanford University, in addition to the academic transcript,
close attention is paid to other factors such as student s written
application, teacher references, the short responses and one-
page essay (carefully read for quality, content, and creativity),
and personal qualities.

Given the factors and general admission criteria, a
simulated-hypothetical model (a Virtual Model) was
developed. A series of excellent, very good, good, not good, not
bad, bad, and very bad student given the criteria for admission
has been recognized. These criteria over time can be modified
based on the success rate of students admitted to the university
and their performances during the first, second, third and fourth
years of their education with different weights and degrees of
importance given for each year. Then, fuzzy similarity and
ranking can evaluate a new student rating and find it s similarity
to a given set of criteria.

This will provide the ability to answer what if questions in
order to decrease uncertainty and provide a better risk analysis
to improve the chance for increased success on student
selection or it can be used to select students on the basis of

diversity criteria. The model can be used as for decision
support and for a more uniform, consistent and less subjective
and biased way. Finally, the model could learn and provide the
mean to include the feedback into the system through time and
will be adapted to the new situation for defining better criteria
for student selection.

In this study, it has been found that ranking and scoring is a
very subjective problem and depends on user perception and
preferences in addition to the techniques used for the
aggregation process which will effect the process of the data
mining in reduced domain. Therefore, user feedback and an
interactive model are recommended tools to fine-tune the
preferences based on user constraints. This will allow the
representation of a multi-objective optimization with a large
number of constraints for complex problems such as credit
scoring or admissions. To solve such subjective and multi-
criteria optimization problems, GA-fuzzy logic and DNA-fuzzy
logic models are good candidates.To solve such subjective and
multi-criteria optimization problems with a large number of
constraints for complex problems such as university
admissions, the BISC Decision Support System is an excellent
candidate.

Date Matching: The main objective is to find the best
possible match in the huge space of possible outputs in the
databases using the imprecise matching such as fuzzy logic
concepts, by storing the query attributes and continuously
refining the query to update the user s preferences. We have
also built a Fuzzy Query system, which is a Java application
that sits on top of a database.

With traditional SQL queries (relational DBMS), one can
select records that match the selection criteria from a database.
However, a record will not be selected if any one of the
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conditions fails. This makes searching for a range of potential
candidates difficult.

In this program, one can basically retrieve all the records
from the database, compare them with the desired record,
aggregate the data, compute the ranking, and then output the
records in the order of their rankings. Retrieving all the records
from the database is a nave approach because with some
preprocessing, some very different records are not needed from
the database. However, the main task is to compute the fuzzy
rankings of the records so efficiency is not the main concern
here.

The major difference between this application and other date
matching system is that a user can input his hobbies in a fuzzy
sense using a slider instead of choosing crisp terms like kind
of or love it . These values are stored in the database
according to the slider value.

11. BISC-DSS: Applications

The followings are the potential applications of the BISC
Decision Support System:

L. Physical Stores or E Store A computer system that could

instantly track sales and inventory at all of its stores and
recognize the customer buying trends and provide suggestion
regarding any item that may interest the customer

to arrange the products

on pricing, promotions, coupons, etc

for advertising strategy

.Pro ita le Customers A computer system that uses
customer data that allows the company to recognize good
and bad customer by the cost of doing business with them
and the profits they return

keep the good customers

improve the bad customers or decide to drop them
identify customers who spend money

identify customers who are profitable

compare the complex mix of marketing and servicing costs
to access to new customers

[l.Internet ased Advising A computer system that uses the
expert knowledge and the customer data (Internet brokers
and full-service investment firms) to recognize the good
and bad traders and provide intelligent recommendation to
which stocks buy or sell

reduce the expert needs at service centers

increase customer confidence

ease-of-use

Intelligent coaching on investing through the Internet
allow customers access to information more intelligently

IV.Managing Glo al usiness A computer system responding
to new customers and markets through integrated decision
support activities globally using global enterprise data
warehouse
information delivery in minutes



lower inventories To intelligently allocate resources given the degree of

intelligent and faster inventory decisions in remote match between objectives and resources available
locations Assisting autonomous multi-agent system in assessing the
consequences of decision made in an environment of

V.Resource Allocator A computer system that intelligently imprecision, uncertainty, and partial truth and providing a

allocate resources given the degree of match between systematic risk analysis

objectives and resources available Assisting multi-agent system answer What if Questions ,

resource allocation in factories floor examine numerous alternatives very quickly, ranking of

for human resource management decision alternatives, and find the value of the inputs to

find resumes of applicants posted on the Web and sort achieve a desired level of output

them to match needed skill and can facilitate training and

to manage fringe benefits programs XI.  nowledge Mo ilization and Intelligent Augmentation

nowMInA Application to  Homeland  Security
KnowMInA is an intelligent system that recognizes terrorism
activities. KnowMInA includes behavior/profile modeling,
reasoning engines, decision-risk analysis, and visual data
mining-analytic software. KnowMInA is used to find
suspicious pattern in data using geographical maps and
recognition technology. It uses multimedia/Multimodal
information or huge number of tips received prior or
immediately after the attack. The system filters out the
irrelevant part and acts on the useful subset of such data in a
speedy manner. KnowMInA shares this relevant and
summarized information with authorities using knowledge
mobilization infrastructure. KnowMInA can detect unusual
patterns; raise alarms based on classification of activities and
offer explanations based on automatic learning techniques
for why a certain activity is placed in a particular class such
as Safe, Suspicious, Dangerous etc. The underlying
techniques can combine expert knowledge and data driven
rules to continually improve its classification and adapt to
dynamic changes in data and expert knowledge. This will also
provide the ability to answer What if questions in order to
decrease uncertainty and provide a better risk analysis. For

evaluate candidates predict employee performance

Lintelligent Systems to Support Sales A computer system
that matching products and services to customers needs
and interest based on case-based reasoning and decision
support system to improve
sale
advertising

VIL.Enterprise ecision Support An interactive computer-based
system that facilitates the solution of complex problems
by a group of decision makers either by speeding up the
process of the decision-making process and improving the
quality of the resulting decisions through expert and user
(company-customer) collaboration and sharing the
information, goals, and objectives.

VILFraud etection An Intelligent Computer that can learn the
user s behavior through in mining customer databases and
predicting customer behaviours (normal and irregularities)
to be used to uncover, reduce or prevent fraud.

in credit cards Example, US authorities have announced that 5 out of 19
stocks suspected September 11 hijackers met in Las Vegas before
financial markets the attack. Some of the terrorist attended the same training
telecommunication school, had communication tracks, and flew at the same time
insurance period to the same location in the same flight. KnowMInA
intends to capture and recognize such activities and raise
IX.Supply Chain Management SCM  Global optimization of alarms. KnowMInA would apply to the Preparedness and
design, manufacturing, supplier , distribution, planning also Response part of the homeland security initiative

decisions in a distributed environment
XI. Sot Computing ased Recognition Technology or

X. ISC SS and Autonomous Multi Agent System A key Monitoring and Automation o Fault  etection and
component of any autonomous multi-agent system iagnosis  The project specifically will focus on the
especially in an adversarial setting -- is decision module, applications of soft computing to the next-generation sensor
which should be capable of functioning in an environment information  processing, analysis and interpretation,
of imprecision, uncertainty and imperfect reliability. perception-based information processing and hybrid rule-
BISC-DSS will be focused on the development of such based/case-based reasoning and its application for medical
system and can be used as a decision-support system for application, oil industry applications, industrial inspection
ranking of decision alternatives. BISC-DSS can be used : and diagnosis systems, and speech recognition. Specifically,

we intend to develop the next-generation of fault diagnosis,
interpretation and prediction system with anticipatory
capabilities (Figures 7 through 11). The technologies can be
grouped according to the functionality of different
components of the system as follows:

As global optimizer for planning decisions in a distributed
environment

To facilitates the solution of complex problems by a group
of autonomous agents by speeding up the process of
decision-making, collaboration and sharing the
information, goals, and objectives
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Signal processing and feature extraction:
Determine relevant acoustic wave attributes associated
with specific properties of the products and integrate
various attributes and features to expand the
diagnostic and predictive capability;
Pseudo signal generation for characterization and
calibration: As an example, pseudo signals can be
generated with constraints to expand the size of the
datasets to ensure statistical significance, addressing a
crucial problem of data scarcity in the current project;
Signal attributes/characteristics analysis such as
conventional Hilbert attributes, FFT-based frequency-
domain attributes, modulation spectral features, and
other techniques such as wavelet analysis and
empirical correlation of attributes, as well as linear
and non-linear aggregation operators for attribute
fusion.

Feature pre-processing and dimension reduction:
Various data compression techniques for data mining,
to simplify similarity evaluation between signals and
cases;
Evaluation of the relative importance, synergy and
redundancy of various attributes for preliminary
feature selection, and reduction of data dimension,
using linear and non-linear techniques including
conventional statistical methods such as PCA and
SVD, as well as fuzzy measures and fuzzy integrals.

Conventional classification methods:
Radial-basis function (RBF) networks and artificial
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neural networks with supervised training;
Support-vector machines (SVM) for classification and
novelty detection, as well as its improvement from
hard decision to soft decision.

Hybrid case-based and rule-based classification and
decision making:

Neuro-fuzzy systems that integrate rule-based and
case-based reasoning and provide a smooth transition
between the two depending on the availability of data
and expert knowledge. This may be constructed in a
hierarchical, decision-tree like structure and also
include unsupervised clustering.
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Related methodologies and techniques for data fusion
and mining, machine learning, and prediction and
interpretation will be developed based on adaptation
and integration of existing tools.

Further recognition and decision making technologies, and
feature selection methods:

Fuzzy-integration-based aggregation techniques and
hybrid fuzzy-logic/genetic-algorithm for pattern
recognition, decision analysis, multi-criteria decision-
making and multi-attribute optimization;

Self organization map (SOM) for building
communities and clusters from datasets;



Genetic algorithms (GA) and reinforcement learning
for feature set optimization and preference learning,
within a filter or wrapper model of feature selection;
Fuzzy reinforcement learning techniques for online
learning, maintenance, and adaptation of developed
systems.
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12. C c

In this study, we introduced fuzzy query, fuzzy aggregation,
evolutionary computing and the BISC decision support system
as an alternative for ranking and predicting the risk for credit
scoring, university admissions, and several other applications,
which currently utilize an imprecise and subjective process.
The BISC decision support system key features are 1)
intelligent tools to assist decision-makers in assessing the
consequences of decision made in an environment of
imprecision, uncertainty, and partial truth and providing a
systematic risk analysis, 2)intelligent tools to be used to assist
decision-makers answer what if ,questions examine numerous
alternatives very quickly and find the value of the inputs to
achieve a desired level of output, and 3) intelligent tools to be
used with human interaction and feedback to achieve a
capability to learn and adapt through time In addition, the
following important points have been found in this study: 1) no
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single ranking function works well for all contexts, 2) most
similarity measures work about the same regardless of the
model, 3) there is little overlap between successful ranking
functions, and 4) the same model can be used for other
applications such as the design of a more intelligent search
engine which includes the users preferences and profile
(Nikravesh, 2001a and 2001b).
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