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Abstract—Most of the existing search systems’ ‘software’ are
modeled using crisp logic and queries. 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, the
Application Templates, the User Interface, the Database and the
Evolutionary Computing. The system is designed in a generic
form to accommodate more diverse applications and to be
delivered as stand-alone softwar e to academia and businesses.

Index Terms— Crisp logic, fuzzy querying and ranking,
evolutionary computation.

I. INTRODUCTION

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 alowing approximation where the selected
objects do not need to match exactly the decision criteria
resembling natural human behavior.

The model consists of five mgjor modules: the Fuzzy Search
Engine (FSE), the Application Templates (AT), the User
Interface (Ul), 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 generic 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
gpplications 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
designed in a generic form to accommodate more diverse
applications and to be delivered as stand-alone software to
academiaand businesses.

I1l. MODEL FRAMEWORK

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,
seefigure 1.
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Figure 1 The BISC-DSS general framework
Once the DSS system isinitiaized, 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 (see section 3). The query results will be sent back to
the control unit and displayed to the users.

Il. FUZZY ENGINE

A 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 hodes
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 al 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 val ues.

Figure 2 The Fuzzy search engine tree structure.

The attribute nodes handle the compare method dightly
differently than the category nodes. There are two different
ways attributes may be compared. The attri bute 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 has 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.

B. Membership function

Currently there are three membership functions implemented
for the Fuzzy BEngine. A generic interface has been created to

alow 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, optiona extra points may be used to define the shape
(an extrapoint isrequired for the trapezoidal form).

1V. APPLICATION TEMPLATE

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 al 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
functions, atributes 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 aso creates a tree data structure for the fuzzy
search engineto transverse.

V. USERINTERFACE

It is difficult to design a generic user interface that suits
different kind of applications for al 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 developed the user interfaces into two parts
(seefigured).

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
congtrained 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 gpplication. The input
mapping specifies the attribute names to which each parameter
in the HTML interface corresponds.. With thisinput mapping, a
user interface designer can use input methods and perameter
namesfredly.
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Figure 4 User interface data flow

VI. DATABASE (DB)

The database module is responsible for al the transactions
between the DSS system and the database. This module handles
al 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 aformat that can be
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Figure 5 Database module components

manipulated by the user, such as eliminating one or more
record or changing their order. To create auser profile, it takes
data objects from the Control Unit and stores it in the database.
There are three componentsin the DB module (see figure 5).

1) The DB Manager is accountable for two things: 1) setting up
database connections and alocating 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.

VIIl. MEASURE OF ASSOCIATION AND FUZZY SIMILARITY

Asin crisp query and ranking, an important concept in fuzzy
query and ranking applications is the measure of associ ation 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 smply extensions from their crisp counterparts.
However, tecause 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 B with membership functions pa(X) and
Us(X), respectively. The arithmetic operators involved in the
fuzzy similarity measures can be treated using their usua
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) commutetivity, 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 gpplied 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 al be
specified based on the domain knowledge of a particular
goplication. However, in some other cases, it may be difficult
to specify apriori 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.

VI

In the Evolutionary Computing (EC) module of the BISC
Decison 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 alows us to learn a
tree structure, which represents the combination of
aggregators. The selection of these aggregators is included to
thelearning 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

EVOLUTIONARY COMPUTING



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.
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Figure 6. Evolutionary Computing Module: preferences
learning.

Weight vector being alinear structure, can be represented by
a binary string in which weight values are converted to binary
numbers. This binary string corresponds to the individua’s
DNA in the GA learning process. The god 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 6.

Aggregators can be combined in the form of atree structure
which can be built weing a Genetic Programming learning
module. 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
fitnessfunction specification,.

Tree dtructures 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 asanodein
the tree structure. And for the weights, we chose to generate
them randomly for each node during its crestion.

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 individud'’s size
which has to be minimized in order to avoid over-sized trees.
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Figure 7 Evolutionary Computing Module: aggregation
treelearning.

We have described the use of evolutionary computation
methods for optimization problems in the BISC decision
support system. It isan original ideain 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.

IX. IMPLEMENTATION - FUZZY QUERY AND RANKING

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

Credit Scoring: Credit scoring was first developed in the
1950's and has been used extensively in the last two decades. In
the early 1980's, the three major credit buresus, Equitax,
Experian, and TransUnion worked with the Fair |saac Company
to develop generic scoring models that allow each bureau to
offer an individual score based on the contents of the credit
bureau's data. When you apply for financing, whether it's 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 level s 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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Figure 8. A snapshot of the variable input for credit scoring
software.

Given the factors presented earlier, a smulated 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 similarity
and ranking have been used to rank the new user and define
higher credit score.. In the inference engine, the rules based on
factua knowledge (data) and knowledge drawn from human
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
asociated weights. In the query level, an inteligent
knowledge-based search engine provides a means for specific
queries. Initially we blend traditional computation with fuzzy
reasoning. This effectively provides vaidation of an
interpretation, model, hypothesis, or alternatively, indicates the
need to reject or reevauate. Information must be clustered,
ranked, and trandated to a format amenable to user
interpretation. Figure 8 shows a snapshot of the software
developed for credit scoring. To test the performance of the
model, a demo version of the software is available at:
http://zadeh.cs.berkeley.edu/ (Nikravesh, 2001a).

Universty Admissons. 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 hillion. College admissions are expected
to reach over 17 million by the year 2010, for total revenue of
over $280 hillion.

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 qudlities.

Given the factors and general admission criteria, a
simulated-hypothetical model (a  Virtua Mode) 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'ssimilarity to agiven set of criteria

This will provide the ability to answer "what if" questionsin
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 finetune the
preferences based on user constraints. This will alow 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
aso built a Fuzzy Query system, which is a Java application
that sits on top of a database.

With traditional SQL queries (relationa 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



conditions fails. This makes searching for a range of potential
candidates difficult.

In this program, one can basicaly retrieve al 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 al the records
from the database is a naive 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 choasing crisp terms like “kind
of” or “love it". These values are stored in the database
according to the dlider value.

X. CONCLUSION

In this study, we introduced fuzzy query, fuzzy aggregation,
evolutionary computing and the BISC decision support system
as an dternative 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 decison support system key features are 1)
intelligent tools to assist decision-makers in assessing the
consequences of decison made in an environment of
imprecision, uncertainty, and partia truth and providing a
systematic risk analysis, 2)intelligent tools to be used to assist
decison-makers answer “what  if”,questions examine
numerous aternatives 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 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 user's preferences and profile
(Nikravesh, 2001a and 2001b).
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