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Abstract

This research discusses the development of an expert system methodology for

identifying the fuzzy rules and membership functions used to predict the financial

performance of small, technology-based companies. The training data consists of four

years of financial information on 250 small, publicly traded, technology-based

companies. A genetic algorithm determines the expert system fuzzy rules and

membership functions using the training data. A fuzzy implication operator then

determines the resultant output that represents the predicted financial performance.

Additional companies are used to validate the fuzzy expert system model.

The training data consists of 114 financial and 31 economic independent

variables for each company. Multiple linear regression analysis was used to

determine the significant variables in predicting a company's financial performance as

measured by the economic value added (EVA). The significant independent variables

are then used by a genetic algorithm to derive the "best fit" fuzzy rules and

membership functions to develop the expert system model. This research found that

none of the 31 external economic variables significantly contributed to predicting a

company's EVA

The number of fuzzy rules identified using a genetic algorithm strongly

corresponds to the number of data clusters foimd using k-mean cluster analysis.

Additional information available in the training data for learning new rules decrease

significantly beyond a specific number of data clusters. As a result, this research



suggests that cluster analysis may be used to identify the number of fuzzy rules

potentially available in a training data set

The fuzzy expert system model with 20 or more rules outperformed the "best

fit" ten variable multiple linear regression model in predicting a company's EVA.

After reducing the number of independent variables to include only the five most

significant independent variables that contribute to improving the regression model's

coefficient of determination, the fuzzy expert system model produced additional

prediction improvement This improvement is partially due to the reduced search

space resulting in a higher probability that the genetic algorithm will identify a "better

fit" fuzzy rule and membership function combination.

This research found that a fuzzy expert system model with fewer significant

independent variables was less sensitive to system noise and more responsive to

general trends. Therefore, the fuzzy expert system that included independent variables

which contribute measurably to increasing the regression model's coefficient of

determination, significantly outperformed the multiple linear regression model, with

the same variables, in predicting a company's future financial performance.
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Chapter 1

Introduction

Entrepreneurial self-determination releases vast amounts of human energy in

the form of "early-stage" companies based on a wide array of technologies. These

technology-based emerging companies build the cornerstones of the U. S. economic

growth with approximately 80 percent of all new jobs created by small businesses. In

creating new jobs, these small businesses are estimated to be 10 to 50 times more

productive in engineering design/development and overall organizational productivity

than their large business counterparts.

Recent statistics indicate that more than 80 percent of all technology-based

businesses fail within their first five years of operation. With such a large number of

technology-based business failures, how does a company increase its chances of

survival?

For these "early-stage" companies to be successful, several factors must

converge at once. The company must have a management team experienced in

business development that thoroughly understands the market and technology being

pursued by the company. There must be a market need for the company's product,

and the company must have sufficient financing to fuel its growth. In addition, the



company must have a clearly developed business plan that defines exactly where the

firm wants to go and how it plans to get there.

The existing research into the failure of small technology companies, as well as

the writer's experience, indicate that the major reasons for business failure are a lack

of management dedication and experience, lack of proper start-up financing, the

inability to focus on a clear set of goals and objectives, and an inadequate

understanding of the company's product, technology, and market. Billions of dollars

are spent yearly by would-be entrepreneurs (both outside and inside an existing

organization) to create businesses without adequate business planning, only to see

their financial inputs and dreams destroyed. New business development is one of the

most demanding, yet challenging tasks any individual or organization can undertake.

This dissertation topic, the development of a fuzzy expert system for predicting

financial performance of small, technology-based companies, is part of the intense

research interest occurring in the artificial intelligence community. In 1994, the U. S.

Commerce Department [1] released a report on artificial intelligence titled Critical

Technology Assessment of the U. S. Artificial Intelligence Sector. In this report, the

Commerce Department estimates that the total U. S. research funding for artificial

intelligence is approximately $200 million per year with the federal government

providing approximately 80 percent of this total. The report also estimates that the

global market for artificial intelligence is $900 million per year with knowledge-based

systems having the most commercial success with a $350 million per year market



share. Another study, conducted in 1992 by Arthur D. Little, indicated that the

market for artificial intelligence in the fmancial services industry is estimated to be

more than $300 million per year and growing at 44 percent per year [2]. In yet

another recent survey, nearly 33 percent of financial brokerage firms, 50 percent of

banks, and 80 percent of insurance companies indicated they are considering investing

in artificial intelligence applications [3].

A promising new direction in the implementation of artificial intelligence

application is in the design of a knowledge-based learning system that involves the

hybrid use of fuzzy logic and a genetic algorithm to intensify the abilities of the system

to learn and adapt through genetic evolution. This dissertation develops an approach

to creating a knowledge-based learning system by incorporating a genetic algorithm

learning mechanism into a new hybrid fuzzy logic reasoning method to achieve a

significant learning capability. The genetic algorithm learning mechanism provides for

the selection of the fuzzy rules and associated membership functions.

Specifically, the development in this dissertation involves a knowledge-based

learning methodology that results in a model which identifies the rules to predict the

financial performance of small, technology-based companies. The rules are determined

using a genetic algorithm. In addition, the fuzzy membership functions for each rule's

antecedent and consequent variable are also determined using a genetic algorithm.

The rules are implemented using a fuzzy implication operator to calculate a resultant



output that represents the predicted financial performance of the smaU, technology-

based company.

The knowledge-base, or training data, comes from 250 small, publicly traded,

technology-based companies, and is used for determining the fuzzy rules and

associated membership functions. An additional 91 small, publicly traded, technology-

based companies is used for validating the model. Finally, the normalized mean square

error resulting from applying the fuzzy rules and membership functions to the training

and validation data is compared to the normalized mean square error using a multiple

linear regression model for the same independent variables. The results are discussed

along with the information content provided by each model.

This research has two objectives. The first is to develop a knowledge-based

teaming system that can be used to improve the probability of success for small,

technology-based businesses by identifying the financial rules used by these companies

and their resultant output The second objective is to develop a robust adaptive

learning technique as the key element in determining the fuzzy expert system rules and

membership functions. The accomplishment of these two objectives will be beneficial

in this application, as well as in expanding artificial intelligence and knowledge-based

systems in solving other engineering and business applications.



A. Rationale for the Research

This dissertation develops a new approach for creating the rules of a expert

system that can be used to increase the probability of success for small, technology-

based companies. The rules are developed using a genetic algorithm and then

evaluated using a fuzzy implication operator.

In traditional system model design, the initial step is to obtain a mathematical

model of the system. This model represents the a priori information about the system.

Many real-world systems, however, do not have a well-known structure. Rather, they

have complex and nonlinear characteristics as well as processes that are not clearly

understood. A useful approach to overcome this difficulty in system design is to use a

fuzzy rule-based expert system. The fuzzy rule-based expert system is expressed as a

set of condition-action rules (called rules) which describe conditions about the

process state using linguistic terms such as low, medium, high, and very high. The

recommended action or output of the fuzzy rule-based expert system also uses

linguistic terms such as "increase moderately" or "only slightly." An example of a

fuzzy rule is the following:

"IF Error is Very Small and Temperature is Large,
THEN Slightly Decrease Throttle Pressure"

Recently, a number of successful studies used fuzzy expert systems where the

design of the fuzzy system is based on human expert experience and/or knowledge

(see Chapter 2). However, one of the main difficulties in developing these fuzzy

expert systems is the acquisition of the area (domain) of knowledge. Typically,



knowledge is acquired by an engineer or analyst conducting a series of interviews with

an expert in the domain of interest. As is often the case, a domain expert cannot tell

linguistically what kind of action is taken or what inference to use in a particular

situation. Furthermore, there is no reason to believe that an expert's rule-base is

optimal. Despite the many new tools and methodologies available, the process of

determining the rules from a domain expert are very difficult, time-consuming,

expensive, and prone to error. Another problem with expert systems is that as the

model approaches the limits of the knowledge domain, the performance of the system

degrades significantly.

To overcome these problems, a system must be able to continuously acquire

new knowledge and easily adapt to changing conditions. That is; the system must

learn. For these reasons, it is appealing to consider the development of a learning

rule-based system with evolutionary search procedures using a genetic algorithm. One

of the most significant reasons for using a genetic algorithm is that it requires little or

no a priori domain knowledge. Even though initial results from research in this area

are encouraging, most of the research has been demonstrated using simple control

problems such as the cart-pole balancing example (see Chapter 2).

A genetic algorithm is a randomized, parallel, and global search method based

on natural selection and genetics. This research suggests that a genetic algorithm can

be used to identify the selection of fuzzy rules and membership functions for the

development of an intelligent fuzzy knowledge-based expert system.



B. Summary of flie Research Problem

As discussed in the previous section, several problems currently exist with

traditional system model design and the development of expert systems. The research

problem addressed in this dissertation is the development and evaluation of a robust

adaptive learning technique using historical information about a system to determine

the best fit fuzzy expert rules and membership fimctions. This method will overcome

many problems currently existing with traditional system model design and expert

system development by not requiring a mathematical model of the system or a domain

expert.

In addition, the methods developed in this dissertation identify the fuzzy rules,

(i.e., guidelines) for predicting the financial performance of small, technology-based

companies. The fuzzy rules will assist managers in better understanding the very

complex financial interactions involved in creating successful technology-based

companies. The financial expert system can also be used to assist managers in

reviewing financial scenarios (as a tool in budgetary planning) and for developing

different financial alternatives for large capital equipment purchases.

C. Research Questions Investigated

The four research questions addressed in this dissertation are summarized

below:



1. What are the dominant financial attributes that define superior financial

performance of small, publicly owned, technology-based companies? For example,

are net sales, retum-on-investment, current ratio, research and development

expenses, and gross margin significant factors in explaining and predicting the

future financial performance of these companies?

2. Once the dominant financial attributes are identified, what combination and

quantity of attributes create the fuzzy rules to explain and predict financial

performance? For example, a typical fuzzy rule may be, "If net sales are HIGH,

and retum-on-investment is MEDIUM, and research and development expenses

are VERY HIGH, and cost of money is LOW, and..., then the financial

performance of the company next-period is likely to be VERY GOOD."

3. Knowing the fuzzy rules, what information content is available to provide

guidelines to improve chances of survival for a small, publicly owned, technology-

based company?

4. Finally, how does the normalized mean square error of the fuzzy rule set and

membership function model compare to that for a multiple linear regression model?

D. Limitations of the Research

The resulting answers to these four questions are limited to the knowledge-

domain used in the research; that is, small, technology-based companies. The fuzzy

rales and associated membership functions are learned (developed) using publicly

8



available financial infonnation from the Securities and Exchange Comniission (SEC).

For publicly owned fnrns. Congress passed the Securities Act of 1933 that prescribed

the methods of accounting used in preparing financial statements for stockholders of

publicly held corporations. Congress delegated its authority to the SEC, an agency of

the federal government, for legal authority in prescribing standard accounting

principles. As such, publicly owned firms are required to submit yearly detailed

audited financial statements. Specifically, the financial information is available from

Disclosure Inc., a Bethesda, Maryland company that compiles information on more

than 11,000 companies directly from the SEC. The publicly owned firms used as the

knowledge domain in this research are limited to those firms with a market value of

less than $120 million, and includes Standard Industrial Classification (SIC) Group

Code 35 (Industrial and Commercial Machinery and Computer Equipment), Group

Code 36 (Electronic and Other Electrical Equipment and Components Except

Computer Equipment), and Group Code 38 (Measuring, Analyzing, and Controlling

Instruments).

The information used in this research is all audited financial information

collected by the SEC for existing publicly owned fums. The reasons for using this

information in the research are as follows:

1. The financial information is easily available on a large number of small,

technology-based companies.



2. The data used is based on audited financial information that represents financial

statements prepared in accordance with "generally accepted accounting

principles." Such "principles" have evolved over time or were decreed acceptable

by the Financial Accounting Standards Board (FASB). Thus, the audited financial

information follows standard principles in describing the financial health of the

firm. The data used in this research is compiled from annual reports that contain

the following financial statements:

Statement of financial position

Statement of net income

Statement of changes in financial position

Various supporting statements or schedules

Notes to the financial statements

Opinion of the independent certified public accountant

3. These financial statements are an objective method of judging the health of a

company. In essence, the financial statements reflect the capabilities of the

management team and its ability to consistently make successful strategic and

tactical decisions.

E. Organization of the Dissertation

The dissertation is organized into ten chapters starting with Chapter 1,

"Introduction." Chapter 2, "Review of the Literature," presents a historical overview

10



of artificial intelligence and its evolution into classical expert systems. The practical

limitations and associated problems of classical expert systems are reviewed along with

a discussion of a relatively new approach in developing expert systems referred to as a

learning system or machine learning. Research in learning systems are reviewed,

followed by a discussion of the contribution that genetic algorithms have played in the

development of these systems. Next, the review examines fuzzy sets and the

development of fuzzy logic control. Finally, the literature review concludes with the

research done on combining a genetic algorithm and fuzzy logic to create a new hybrid

learning system. Also included in Chapter 2 is a discussion of the contributions this

study makes to the research field.

Chapter 3, "Research Procedures," outlines the ten specific steps performed in

this research along with a detailed description and reason for each step. Chapter 4

through Chapter 7 discusses in greater detail the development of the learning system as

it applies to the financial prediction of small, technology-based companies along with

the experimental results of each step. Chapter 8, "Validation," highlights the

comparisons of the fuzzy expert systems developed in this dissertation with the

classical multiple linear regression model. In Chapter 9, "Information Content," the

information provided by the output of each model is discussed, as well as its usefulness

in making more informed decisions. Chapter 10, "Conclusion," presents a summary of

the dissertation research results along with recommendations for future research based

on the conclusions reached.

11



Chapter 2

Review of the Literature

A. Historical Overview of Theory and The Research Literature

The research discussed in this dissertation expands traditional expert systems

by combining the evolutionary search of a genetic algorithm with fuzzy logic to create

a hybrid evolutionary learning system model for predicting the financial performance

of small, technology-based companies. Because multiple techniques are being

integrated to create a new learning method, the literature review will begin by

presenting a historical overview of artificial intelligence followed by a similar overview

of genetic algorithms and fuzzy logic.

Artificial intelligence (AI) is the name for a group of technology fields that

enable computers to understand and manipulate information. Expert systems are a

specific branch or subset of artificial intelligence. The engineering goal of AI and

expert systems is to solve real-world problems.

Research in AI began in the 1950s. Then rapid advances in computer

technology opened an avenue for the present surge in AI research and application

activities. In 1956, Dr. Marvin Minsky, Dr. Claude Shannon, and other researchers

coined the term artificial intelligence for the theme of a conference held at Dartmouth

College. AI efforts grew steadily over the following decades with many of the early

advances being focused on neural networks. As often occurs with most new technical

12



disciplines, the first couple of decades of work in AI were characterized mainly by

theoretical research with little practical applied use. However, since approximately

1985, several practical uses of AI tools in different engineering applications have

occurred.

In the 1970s, the AI field began to subdivide into four major areas: (1)

knowledge presentation, (2) understanding natural language, (3) computer vision, and

(4) speech input Knowledge presentation was the start of the pace-setting expert

system technology, particularly in medicine and engineering [4]. Expert system

technology is a specific branch of AI that makes use of specialized information and

knowledge to solve problems at the level of a human expert

By the 1980s, specialized AI purpose hardware became available which

eventually lead to customized very large scale integrated (VLSI) circuits for specific

AI applications. During the 1990s, the use of AI tools grew as the computing power

and capacity of personal computers became great enough to handle many practical AI

applications.

The research in this dissertation is based on an extension of the expert system

technology launched in the late 1960s. Expert systems have experienced significant

growth and popularity since their commercial introduction in the early 1980s. Today,

expert systems are used in many fields including medicine, engineering, and business.

Dr. Edward Feigenbaum, an original developer of expert systems technology,

defines an expert system as "an intelligent computer program that uses knowledge and

13



inference procedures to solve problems that are difficult enough to require significant

human expertise for their solutions." [5] Thus, an expert system is a computer-based

system that emulates the decision-making ability of a human expert

The knowledge required to solve a specific problem in an expert system is

called the system's knowledge-domain and may be developed from generally available

sources including technical books and magazines, or obtained from knowledgeable

persons. The expertise contained within the expert system is called the system's

knowledge-base. The expert system's inference engine draws conclusions from the

knowledge-base.

Classical types of expert systems were developed using expertise available

from knowledgeable persons based on IF... THEN type rules, called rule-based

production systems. For example, "IF it is cold and raining outside, THEN put on a

coat." The process of extracting rules from experts is referred to as explicit

knowledge acquisition (EKA). However, formalizing the knowledge of experts into

rules is not simple, especially when the knowledge has never been systematically

explored and developed. There may be inconsistencies, ambiguities, and duplications

with the expert's knowledge that may not be readily apparent Rule-based production

systems also tend to be very expensive to develop as well as time consuming, mainly

because experts frequently find it difficult to explain how they make their decisions

[6]. Consequently, a practical limitation of many expert systems is the lack of causal

knowledge [7]. That is, the rule set developed by the knowledgeable person and
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incorporated into the expert system's knowledge-base does not represent a complete

understanding of the underlying causes and effects in the system; especially the

nonlinear effects associated with describing a system.

To eliminate the problem of extracting rules from knowledge-based experts,

researchers started in the 1960s to develop expert systems that allowed them to learn

rules by example through rule induction. Thus, the expert system would derive its

rules from data of successfully solved cases provided by the expert system developer.

This relatively new approach in developing the expert system rule-base is referred to as

a learning system, and is sometimes referred to as machine learning. This new

approach of extracting rules from historical data is called implicit knowledge

acquisition (IKA). Thus, the required knowledge from the expert system is implicitly

embedded in the examples. For this reason, expert systems that are based on the IKA

approach tend to be less expensive than their counterparts [8].

Learning systems have the potential to exceed the performance of knowledge-

based experts and the potential to discover new relationships among concepts and

hypotheses by analyzing the records of hundreds of cases. Thus, the process of

learning automatically holds the promise of incorporating knowledge into the expert

system without the need of a knowledge-based expert.

Research in learning systems may be distinguished by three major periods. The

first period was characterized by neural modeling and decision-theoretic techniques in

the late 1950s and early 1960s. During this period, most of the research was
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theoretical in nature and lead to the development of neural model-based machines

based on perceptron-type learning systems [9]. Related research lead to the

development of evolutionary processes that through random mutation and "natural"

selection might create a system capable of identifying optimal rules [10,11,12]. A

second major paradigm, which started in the early 1960s, is based on work done by

psychologists and early AI researchers on models of human learning. This paradigm

utilized logic or graph structure representations. Influential developers during this

period included E. B. Hunt and P. H. Winston [13]. The third paradigm represents the

most recent period starting in the mid-1970s. During this period, researchers began

concentrating on developing a wider spectrum of new learning methods.

There is currently very little scientific evidence comparing learning system

models with classical expert systems using EKA-derived rules in terms of system

accuracy; however, several learning system models have been successfully

implemented in a number of real-work applications.

The early researchers in evolutionary optimization include W. W. Bledsoe [14]

and H. J. Bremermann [15]. Bledsoe and Bremermann suggested the use of binary

string coding for evolutionary optimization. The theoretical foundation for using

evolutionary optimization as a learning system was published by John Holland in 1962

and 1965 [16, 17]. Holland laid the foundation for genetic algorithms as an

evolutionary optimization technique at the University of Michigan in the 1960s while

researching artificial intelligence. Holland, who noted that learning can occur not only
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by adaptation in a single generation but also by evolutionary adaptation over many

generations, was inspired by Darwin's theory of evolution in which only the fittest

survive from one generation to the next [18]. As a result of his research in the 1960s

and early 1970s, he published his first comprehensive series of papers on genetic

algorithms in 1975 [19].

After Holland's paper titled "Adaptation in Natural and Artificial Systems" was

published in 1975, several other researchers also published papers on genetic

algorithms, and by the early 1980s genetic algorithms were showing broad promise in

solving a variety of optimization problems. Leaders in the field began holding regular

conferences every other year. In addition, articles appeared in a variety of scientific

journals discussing genetic algorithm techniques. In 1989, David Goldberg, a former

student of Holland's, published a book that discussed the scientific basis for a genetic

algorithm and cited 73 successful applications [20]. Goldberg also provided genetic

algorithm software called GENESIS and OCXjS to colleagues studying genetic

algorithms. For the first time, the book and software made genetic algorithm

techniques available to thousands of researchers interested in exploring in more detail

the unique features of this approach. In 1991, Lawrence Davis, who also studied

under Holland, published a handbook on genetic algorithms [21]. The combination of

these two books, the genetic algorithm software that had become available, and the

proliferation of research articles, resulted in genetic algorithms becoming recognized

as an important technique in optimization analysis.
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Some recent examples of applying a genetic algorithm are shown in Table 2-1

[22]. In 1978, researchers reported the first practical implementation involving a

genetic algorithm in a learning system [23]. This was followed by a variety of other

learning system applications using a genetic algorithm. The first system called the

Cognitive System Level One (CS-1) was utilized to learn seven- and 13-node maze

tasks and processed a serial population of individual rules or classifiers as the basic

unit of genetic manipulation. The CS-1 system showed for the first time that a GA-

based learning system could significantly outperform a random walk [24]. Since 1978,

a number of researchers extended these ideas in different ways to solve many learning

system applications. In 1980, S. F. Smith of the University of Pittsburgh reported the

first use of a genetic algorithm in evaluating a population of rule combinations in

parallel [25]. Smith's Learning System Level One (LS-1) processed string rules with

genetic operators and genetic manipulation. In the LS-1 system, rule sets mate, cross,

and mutate to create new and better combination of rules. In addition, LS-1 contains

an inference engine to blend rules together to arrive at a combined result Smith's

research expanded the practical use of genetic algorithms in developing learning

systems. Since the development of the CS-1 and the LS-1 learning system, several

other systems were developed. David Goldberg outlines many examples of genetic-

based learning systems in his classical book. Genetic Algorithms in Search,

Optimization, and Machine Learning [26].
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Table 2-1. Genetic Algorithm Applications [27].

Subject Area Description

Biology Simulation of the evolution of single-celled organism
populations

Genetic Based Machine Learning (GBML) system
for medical diagnosis

Business GBML system for describing consumer preferences

Computer Science,
Engineering and
Operations Research

Image Processing/Pattern
Recognition

Adaptive document clustering
Recursive adaptive filter design
Steady-state and transient optimization of a gas

pipeline
Job shop scheduling
VLSI circuit layout/compaction
On-off, steady-state optimization of an oil pump-

pipeline system
Keyboard configuration design
Structural optimization (plane truss)
Aircraft landing strut weight optimization
Classroom scheduling

Selection of detectors for binary pattern recognition
Image registration to minimize image differences
Search for image feature detectors

Social Science Calibration of population migration model
Simulation of the evolution of behavioral norms
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Research results presented at the International Conferences on Genetic

Algorithms, coupled with special Workshops on Genetic Algorithms for Machine

Learning, and articles appearing in regular issues of Machine Learning, document a

diverse interest in applying genetic algorithms to learning systems. Typically, the

articles limit themselves to focus on a number of central issues in applying a genetic

algorithm to learning systems such as string representation, crossover, and mutation

operators. A recent book edited by John Grefenstette includes several articles on

using a genetic algorithm for concept learning from examples, reinforcement learning

for control, and theoretical analysis of a genetic algorithm [28]. Another recent book

by Hojjat Adeli and Shih-Lin Hung [29] explores using neural network computing to

improve several learning algorithms including perceptron learning, backpropagation

learning, gradient learning algorithms, hybrid genetic/neural networks, and fuzzy

neural network learning models.

Emerging in parallel with the development of genetic algorithms as a learning

mechanism was fuzzy set theory. In the mid-1960s at the University of California at

Berkeley, Lotfi A. Zadeh developed a model for the quantification of information

using fuzzy sets. Fuzzy sets emerged from the notion of possibility theory as first

described in the article by Zadeh titled "Fuzzy Sets" [30]. In classical set theory there

is a strict concept of membership to a set, that is, an element either belongs or does

not belong to the set. In 1965, Zadeh introduced the concept of fiizzy sets where a

more flexible concept of membership or degree of membership is possible. For
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example, an element's degree of membership to a set is indicated by numbers between

'0' and '1', not just the numbers '0' and 1'. The mapping of a crisp number to the

element's degree of membership is performed by a membership function.

The evolution of fuzzy sets leads to the development of possibility theory and a

technique for linguistic information. Fuzzy numbers, a method of representing

linguistic information, can calculate, for example, the consequent of a set of fuzzy

rules. A definition and example of fuzzy numbers and mathematical techniques for

combining them are discussed in Chapter 4.

Zadeh's development of fiizzy set theory in the 1960s leads to the use of fuzzy

logic control which has emerged as one of the most active areas of research in

applying fuzzy set theory. The major advantage of fuzzy logic control is that it

provides a way of converting linguistic control knowledge into an automatic control

strategy. In the mid-1970s, Mamdani developed the pioneering research on fuzzy

logic control [31, 32, 33]. Since this time, hundreds of articles involving the

application of fuzzy logic control have been published [34].

Fuzzy logic control is accomplished by using a number of parallel fuzzy rules

linked together by a fuzzy inference process. The intrinsic benefits of using fuzzy logic

control results from the fuzzy controller being able to handle a higher degree of

imcertainty, unstructured nonlinearity, and the lack of a formal mathematical model of

the system. The benefits of fuzzy logic control are extensively discussed by Earl Cox

in Fuzzy Logic for Business and Industry [35]. Cox summarizes the three key benefits
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of fiizzy logic as a modeling technique as reduced application development costs,

execution costs, and maintenance costs. In addition. Cox believes that parallel

processing and the ability to deal with imprecise information give fuzzy logic control

significantly higher computational capabilities. As a result, fuzzy logic has gained

considerable attention because of the benefits outlined above and its capability of

emulating humans' approximate reasoning ability.

As summarized above, fuzzy logic control technology has been successfully

applied to a number of control problems. However, fuzzy logic control still requires

extensive tuning of the applications rule set and the control variable membership

functions before the application can be successfully used. The considerable amount of

research that has been done in this area has resulted in better techniques for tuning the

fuzzy controller (rule set and membership functions). This research is generally

classified into two categories; those approaches based on tuning the membership

function and those based on tuning the rule set [36, 37, 38, 39,40,41]. Because of

the large number of degrees of freedom in the design of a fuzzy controller, it is

important to develop new methodologies that provide the most appropriate level of

control for the application.

This research focuses on expanding the field of genetic algorithms and fuzzy

logic by combining the evolutionary search of a genetic algorithm with fuzzy logic into

a new application area. In addition, this research should further expand evolutionary

learning system models as well as methods for tuning a fuzzy rule set and membership
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functions. Existing research in combining a genetic algorithm and fuzzy logic is

primarily limited to classical control theory applications modeled from well-behaved

differentiable mathematical equations and a small set of independent variables. A

typical example used in many existing research efforts includes the development of

optimal fuzzy control of an inverted cart and pendulum. Among the present

researchers, C. L. Karr [42,43,44,45] pioneered the application of combining a

genetic algorithm and fuzzy logic to control an air-injected hydrocyclone and a liquid

level controller. Karr performed his early work in the late 1980s while working on his

dissertation under Goldberg at the University of Alabama. In another application,

Karr used a genetic algorithm to develop the membership functions for the fuzzy logic

controller of a computer simulated cart-pole balancing system [46]. In these two

examples, Karr demonstrated that the GA-designed fuzzy logic controller

outperformed a human-designed fuzzy logic controller. Later, Karr expanded his

earlier work and developed a controller for the pH value in an acid-base experiment

[47]. Typically, Karr's work incorporates a small set of independent variables, a

mathematical objective function, and binary encoding of the GA to identify the fuzzy

membership functions and the fuzzy rule set

In addition to research by Karr, Philips Thrift [48] outlines some general

procedures for developing a GA-designed fuzzy logic controller for centering a cart

with mass m moving on a one-dimensional track using three independent variables, a

mathematical objective function, and integer encoding (0,1,2,3,4, and 5) of the GA
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to identify the fuzzy rules given fixed membership functions. Similarly, Michael Lee

[49] used a genetic algorithm to find the rules and membership functions with a TSK

fuzzy model and rule-consequent weights, a small set of independent variables, a

mathematical objective function, and binary encoding of the GA. In [50, 51], Lee

demonstrates dynamically controlled parameter settings of OAs in calculating fuzzy

rule sets. Also, Wen-Ruey Hwang's [52] research work used a small set of

independent variables, a mathematical objective function, and binary encoding of the

GA to identify the fuzzy rules as an alternative means of tuning a digital proportional,

integral, and derivative OPID) controller.

In addition to Hwang, Chir-Ho Chang's [53] research also combined a genetic

algorithm and fuzzy logic. Chang used three variables and three term membership

functions to create a 3 by 3 by 3 matrix using GA binary encoding. In this

application, a GA is also used to tune the rules and membership functions of a PID

controller. Likewise, Daihee Park [54] used a GA to determine the fuzzy relation

matrix for the two variables used in the steady-state control of a DC motor. The GA

in this application used binary encoding techniques for determining the membership

functions; also, various fuzzy implication operators were investigated. Park's research

results showed that the optimal fuzzy controller was obtained when both the fuzzy

membership functions and the resulting 6 by 5 fuzzy relation matrix was searched

using a genetic algorithm.
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Cooper considered the application of a genetic algorithm as a general

methodology for automatically generating fuzzy logic controllers [55,56]. In contrast

to his earlier work where every input-output combination was enumerated, he

developed an encoding scheme which maintained only those rules necessary for

controlling the target system and demonstrated the process on the cart-pole type

problem with four and six independent variables and one dependent variable. In a

more recent article [57], Cooper demonstrates the use of a genetic algorithm to evolve

the composition and fuzzy rule base for controlling a boat rudder.

In a recent article, Jindrich Liska and Stephen Melsheimer [58] presented a

technique for constructing a fuzzy logic controller for a two input and one output

system used to control a gas furnace. Their method used 296 observation points for

training the fuzzy rules and membership functions. They limited the fuzzy logic

controller to 10 rules and six membership functions per variable. In the Liska and

Melsheimer model, the GA is further fine-tuned once it converges toward a near

optimum point by using a conjugate gradient method. The fuzzy logic controller using

GA-based tuning was also compared to a neural network based model. The results

showed the GA approach compared well in terms of both prediction accuracy and in

the tuning of parameters.

A review of the November 1995 Engineering Index [59], which provides

abstracted information from approximately 2,600 engineering and technology journals

and selected government reports and books, indicates that since 1990 there was more
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than 6,000 articles published on fuzzy logic and more than 3,800 articles on genetic

algorithms. However, since 1990, less than 50 articles were published on combining

genetic algorithms with fuzzy logic to create a robust learning system.

This dissertation develops a fuzzy expert system for predicting the financial

performance of small, technology-based companies by developing an integrated

approach for identifying the significant attributes (independent variables), number of

fuzzy rules, and the corresponding rule set and membership functions using a genetic

algorithm. The objective function is to identify the rule set and associated fuzzy

membership functions for predicting the economic value added (EVA*) resulting from

the continued operation of a small, technology-based company. The EVA per time

period of a firm is the after tax net operating profit minus the cost of capital,

including both debt and equity capital. In essence, the EVA measures the wealth

increment a company creates each time period. Generating continuous positive EVA

increments is the key to creating wealth for investors.

There is no one magic formula that can always be used to measure the long-

term impact of a business on its ability to create wealth for its shareholders. However,

EVA, developed by Stem Stewart & Co. [60] in New York, is one of the most

popular tools financial executives use today [61]. For example, AT&T has made EVA

its central financial measure since 1992. They report that "EVA makes financial

EVA is a registered trademark of Stem Stewart & Co.
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performance relevant to a whole new audience, from plant managers to payables clerks

[62]."

AT&T's Chief Financial Officer is quoted as saying, "We calculated our EVA

back to 1984 and found an almost perfect correlation with stock price. The key

reason for this is that such measures show investors what they really care about, the

net cash return on their capital, rather than some other type of performance viewed

through what are often regarded as the often distorting lens of accounting rules" [63].

In addition to AT&T, Coca-Cola uses EVA to guide management decisions

including whether to build new plants, purchase a competitor, or sell a division. The

strongest selling point of the EVA economic measure is the improved ability to closely

track the increases or declines in market value. For example, Coca-Cola's EVA

increased 983%, shadowing its stock price which increased 900% since 1983. Eli Lilly

also found a correlation between EVA and stock price [64].

Other companies that use EVA as a measure of wealth creation includes Wal-

Mart, Whirlpool, Georgia-Pacific, Polaroid, Sprint, Teledyne, and Quaker Oats [65].

Investors are also using EVA as an economic performance measure. "The first thing

we look at when we pick companies is, are they motivated by EVA? We prefer it to

measures like EPS or return on equity," says Eugene Vesell, managing director of

Oppenheimer Capital, a $30 billion mutual fund [66].
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No references were found in the literature concerning the development of a

robust learning system for predicting the financial performance of small, technology-

based companies.

B. Contributions This Study Will Make to the Research Field

As can be seen from the previous discussion, most of the early work in

combining a genetic algorithm and fuzzy logic is confined to classical control theory

applications modeled for well-behaved systems, a small set of independent variables,

and binary encoding of the genetic string.

This research will contribute to the further development and practical use of

knowledge-based systems by developing an integrated approach for identifying the

significant attributes (independent variables) involved, the number of fuzzy rules, and

the corresponding membership functions. The learning system application developed

in this dissertation is a non traditional example of fuzzy logic control which applies a

genetic algorithm and fuzzy logic to a non-differentiable equation application

incorporating a large number of independent variables. In addition, this dissertation

will present a technique that selects significant independent variables from a large list

of potential variables and selects the number of fuzzy rules used in the fuzzy expert

system model from the clustering of these variables.

The study will also expand the research field to a new application area;

identifying the significant fuzzy rules that help predict superior financial performance
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for small, technology-based companies. Once the significant rules are known and their

interactions evaluated, this research will also help small companies focus resources on

variables they have the most control over to accomplish a desired financial outcome.

This technique may also help to provide an altemative approach for benchmarking

industry segments and individual companies.

C. Summary

This chapter briefly discussed the historical evolution of expert systems along

with recent developments leading to hybrid expert systems that combine a genetic

algorithm and fiizzy logic control. John Holland laid the foundation for genetic

algorithms in the late 1960s and early 1970s while he was a student at the University

of Michigan. As a result of Holland's work, several of his former students expanded

his research which led to two influential books written by David Goldberg and

Lawrence Davis.

While Holland continued to expand genetic algorithms as a learning system,

Lotfi A. Zadeh of the University of California at Berkeley developed the theory of

fuzzy sets. Zadeh's research led to the growth of fuzzy logic control. C. L. Karr

recognized the limitations of fuzzy logic control, especially in mning the membership

function and corresponding rule set, while a student of Goldberg's at the University of

Alabama. As a result, he was one of the early researchers in applying a genetic

algorithm to search for optimal fuzzy membership functions for fuzzy logic control
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applications. Later, several other researchers, including Karr, applied a genetic

algorithm as a learning technique to identify not just fuzzy membership functions but

also fuzzy rules.

This research objective is to expand the earlier work using a genetic algorithm

as a learning technique by solving a non traditional fuzzy logic control problem which

incorporates a large number of variables and a training set based on historical data. It

is also the objective of this research to better explain the independent variables and

fuzzy rules involved in predicting financial performance for small, technology-based

companies as measured by a firm's EVA.

The EVA concept, as developed by Stem Stewart and Co., focuses

management control on the financial performance of a company as measured by the

actual wealth increment added each operating period. Thus, in this dissertation the

fuzzy expert system is used to predict a small, technology-based company's wealth

increment added the next operating period or the companies next-period EVA.

30



Chapter 3

Research Procedures

A. Research Methodology

The analytical research methodology in this study makes use of historical

financial data from 341 small, publicly owned, technology-based companies. From this

data, multiple linear regression analysis techniques are used to identify the most

significant variables that help to explain a firm's financial performance as measured by

the economic value added (EVA) each operating period. These significant variables

are then used to develop an expert system model based on the evolutionary learning

technique of a genetic algorithm, which determines the best fit fuzzy rules and

membership functions. Outlined below are the primary steps performed in this

research.

B. Specific Research Procedures

The following ten research steps are used in this study to develop a robust

learning expert system model to predict the financial performance of small,

technology-based companies.

31



step 1. Determine the dependent variable used to measure a company's

financial performance (see Chapter 4).

Profitability as determined by the accounting system has traditionally been used

to measure a firm's financial performance. However, using a firm's profit per time

period as the dominant criterion for determining actual change in the economic wealth

of a firm has shown only limited value. As a result, this research suggests that a better

criterion for measuring a firm's periodic financial performance should be economic

value added (EVA). As previously stated, a firm's EVA is calculated as the after-tax

net operating profit per time period, minus the cost of capital for the time period, and

includes both debt and equity capital in the calculation. In essence, the EVA measures

the wealth a company creates each time period. Generating a positive EVA period

after period is the key to creating wealth for a company and its owners.

Step 2. Select and identify the knowledge domain for the expert system (see

Chapter 4).

The knowledge domain for this research study is limited to publicly owned,

small technology-based companies. Other knowledge-domains, that is, industry

segments, could easily be identified using the procedure outlined in this dissertation.

Publicly traded firms are defined as being actively traded on either the New York

Stock Exchange, American Stock Exchange, or the NASDAQ. Small companies are

defined as having a market value of less than $120 million and an "Unqualified"
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Auditor's Report Technology-based companies are defined as having one or more of

the following SIC Codes:

• Major Group No. 35: Industrial and Commercial Machinery and Computer

Equipment

• Major Group No. 36: Electronic and Other Electrical Equipment and

Components Except Computer Equipment

• Major Group No. 38: Measuring, Analyzing, and Controlling Instruments

Step 3. Identify from the total knowledge domain a random sample of

companies with two to four years of historical financial data for training the

expert system (see Chapter 4).

The financial information on 341 companies meeting the criteria outlined in

Step 2 above is randomly selected for the study from more than 1,000 potential

companies in the Disclosure/SEC database from Disclosure, Inc., located in Bethesda,

Maryland. The Disclosure/SEC database contains information on more than 10,000

publicly traded companies and is compiled from documents filed with the U. S.

Securities and Exchange Commission (SEC). The database is updated monthly and

includes more than 250 fields of information per company. Of the 341 companies

selected, 250 are used for the training data set and 91 are used for the validation (test)

data set
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step 4. Identify the internal and external company financial attributes to be

used in the analysis (see Chapter 4).

Table 3-1 below shows a list of some of the typical intemal and extemal

company financial attributes analyzed. More than 145 different financial attributes,

including year-to-year changes in each attribute, are evaluated in this research study.

A survey of the existing literature and personal conversations with several business

evaluation experts also helped to identify some of the specific attributes. The objec^tive

is to identify a list of potential financial attributes that may explain the future financial

performance of small, technology-based companies.

Table 3-1. Example of Typical Intemal and Extemal Company Attributes.

Revenue Net Income Assets

Liabilities Shareholders Equity Gross Margin
Breakeven Margin Working Capital Interest Expense

Business Cycle Indicators Gross Domestic Production R&D Expense
Profit Growth Retum on Gross Profit Equity Ratio
Tumover Ratios Z-Score Bankmptcy Model Operating Profit
Prime Rate Cost of Capital Leading Indicators

Step 5. Use a multiple linear regression analysis model, dependent variable

being next-period EVA, to identify those individual regression coefficients for

financial attributes that most significantly influence the dependent variable (see

Chapter 5).
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The regressor variables that most significantly influence the dependent variable,

that is, maximize R^, are identified in this step using multiple linear regression analysis

and the data for the 250 firms in the training set. The method used to identify the

"best fit" multiple linear regression model is one that, for a given number of variables,

produces the minimum error sum of squares, or equivalently, the maximum R .

Two selection techniques are used to help identify the best fit multiple linear

regression model. First, the financial variables are selected based on an examination of

the selected model's variance inflation factor, t-statistics on individual regression

coefficients, and the model's coefficient of determination (R^). Second, the model

variables are selected using an exhaustive search technique to find the model with the

maximum R^. The exhaustive search technique begins by selecting one- and two-

variable models and examines all possible pairwise interchanges with the variables not

currently in the model. If any interchanges increase the R^, then that interchange

resulting in the largest R^ is retained. The process is repeated until the pair that results

in the maximum R^ is identified. At this point, after selecting a third variable, the

interchange process is repeated. In both methods, examining the model's residuals

help to identify the best fit model. The fmal subset of variables for the model is

selected based on the convergence of results from these two techniques.

There are several advantages to using multiple linear regression to identify

significant variables. First, the method is an established and proven statistical

technique. Second, the method is used as a quantitative technique for drawing
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inferences about relationships between dependent and independent variables. A third

advantage is its use as a technique to detect the degree of importance of each

independent variable in explaining the variation in response to the dependent

variable [67].

Step 6. Use statistical clustering to identify the number of data clusters in the

training set The number of fuzzy rules corresponds to the number of data

clusters (see Chapter 6).

The nearest centroid sorting algorithm is used to identify the number of data

clusters. Using this method, a set of cluster seeds is initially selected from each

observation. The seeds are then replaced by the means of the temporary clusters using

Euclidean distances. This iterative process continues until no additional changes occur

in the clusters [68, 69]. The number of clusters in the training set acts as a guide in

selecting the optimal number of fuzzy rules. For example, each cluster represents one

fiizzy rule.

Step 7. Knowing the most significant factors from Step 5, and the number of

fuzzy rules from Step 6, use a genetic algorithm^ to search for the fuzzy rule set

and fuzzy membership functions (see Chapter 7).

^ Genetic algorithm software was written by Ryan CarroU, graduate student in the
Department of Computer Science, The University of Tennessee at Knoxville.
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As previously discussed, the classical approach to identifying the fiizzy rule set

and membership functions uses an "expert" or "experts" to define the rule set based on

their knowledge of the subject area. However, this dissertation suggests using a GA-

based search technique to identify the "best fif' fuzzy rule set and fuzzy membership

functions. Thus, use a genetic algorithm to search for the fuzzy rules and membership

functions that best classify the training set

Figure 3-1 shows a block diagram of the learning system. The genetic

algorithm uses the training data (raw data in Figure 3-1) to learn the fuzzy rule set and

membership functions.

Raw Data Fuzzification y^ndMF Defuzzification

/K'- ■

NMSE

►

Figure 3-1. Block Diagram of GA-based Learning System.

The objective of the GA is to minimize the normalized mean square error

(NMSE) between the known next-period EVA values in the training set and the

estimated next-period EVA values using the fuzzy rule set and membership functions

(MF in Figure 3-1). The genetic algorithm continues to evolve, or learn new rules.
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until obtaining a minimum NMSE or reaching a preset generation. This research

evaluates and tests four different multiple linear regression models and their respective

fuzzy models.

Step 8. Develop the expert system using fuzzy rule sets and fuzzy membership

functions obtained from the GA-based learning system (see Chapter 7).

Figure 3-2 shows the development of the fuzzy expert system using the

information obtained in the previous research step. For example, to calculate the

estimated next-period EVA, enter a company's current-period financial attributes into

the EVA model containing the fuzzy rules and membership functions; using the fiizzy

implication operator, the estimated next-period EVA is then calculated.

Current Ratio

Percent R&D

ROI

Current Period

Input Attributes

EVA

Model

Fuzzy Rules

mn

Estimated

next period
EVA

Fuzzy
Membership
Functions

Figure 3-2. Block Diagram of the Fuzzy Expert System.
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step 9. Test the expert system by comparing results with a separate set of 91

companies (see Chapter 8).

To test the expert system rules and membership functions, compare them to

the known EVA values for 91 companies (referred to as the validation or test set). In

addition, compare the results of the four different expert system models with their

respective multiple linear regression models.

Step 10. Evaluate the information content provided by the expert system and

the multiple linear regression models (see Chapter 9).

A model is only as useful as the information content it provides for the

application involved. For this reason, it is important to evaluate the information

content provided by each of the models as well as their advantages and disadvantages.

C. Summary

The completion of these ten research steps discussed in this chapter leads to a

better understanding of the significant independent variables and rule set used in

predicting the financial performance of small, technology-based companies.

In summary, this research study uses an adaptive search technique; that is, a

genetic algorithm, as the key element in the design and implementation of a robust

concept learning system for financial classification of small, technology-based

companies. The GA-based fuzzy rules and membership functions are evaluated using
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fuzzy implication operators. The specific research includes ten steps starting with the

identification of the dependent variable, EVA, and concluding with the validation of

the expert system model developed. The knowledge domain for developing the

learning systems consists of 250 small, technology-based, publicly owned firms, and

the validation of the research approach uses 91 additional firms of the same type.

The following six chapters discusses in more detail the ten research steps

outlined in this chapter. Chapter 4 begins by discussing the predicted value

(dependent variable), EVA, and its relationship to market value. Next, Chapter 5

reviews regression analysis and discusses a method for identifying the significant

variables used to predict a firm's next-period EVA based on the training data set

After selecting the significant variables. Chapter 6 discusses cluster analysis to

determine the potential number of fuzzy rules. This research uses the k-mean method

to determine the number of clusters or fuzzy rules.

After determining the significant independent variables and the number of fuzzy

rules. Chapter 7 discusses how a genetic algorithm is used to evolve the best fit fuzzy

rules and membership functions. Finally, the chapter concludes with a discussion of

fuzzy sets and fuzzy logic and its use in developing a fuzzy expert system. Chapter 8

discusses the comparison of the multiple linear regression analysis model with the

fiizzy expert system model using a separate set of 91 companies. Finally, Chapter 9

evaluates the information content provided by the multiple linear regression and the

fuzzy expert system model.
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Chapter 4

Research Knowledge Domain

A. Introduction

The expert system developed in this dissertation is based on a knowledge

domain composed of the annual financial statements submitted to the Securities and

Exchange Commission (SEC) from 1989 to 1993 for 250 small, publicly owned,

technology-based companies. The 250 companies are referred to in this study as the

training data set TTie expert system's fuzzy rules and membership functions are

derived from the training data set using a genetic algorithm, and are then validated

using the annual financial statements submitted to the SEC from 1989 to 1993 for an

additional 91 small, publicly owned, technology-based companies. The 91 companies

are referred to in this study as the validation or test data set Both the training and

the validation data sets represent companies randomly selected from a much larger

population of publicly owned, technology-based companies whose arniual financial

statements are compiled by Disclosure Inc. as outlined in Chapter 3 (Step 3).

This chapter includes an introduction to the Economic Value Added (EVA)

method of economic performance measurement and a summary of some important

financial statistics of the combined training and validation data sets. These financial

statistics are then compared with a statistical summary developed by Dun and
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Bradstieet to verify that the training and validation data sets used in the study are a

reasonable representation of a much larger population of technology-based companies.

B. Economic Value Added

All companies are in the business of acquiring and then allocating scarce capital

resources to projects that will generate after-tax cash flows (ATCFs) with positive

present equivalent values. Because of the relationship between the financial objectives

of a firm and its market value, it is essential that the present values of the ATCFs

generated from capital invested in projects by the company add to its economic

wealth.

What determines the market value of a company, as depicted by the price per

share of common stock, is therefore a function of its total after-tax cash flow.

Specifically, the present value of the total ATCF of a firm prior to the allocation of any

financing costs for a period, or the present value of the operating profit after-tax cash

flow (OPATCF), is the incremental value that the owners can expect to achieve during

the time period. The market value of a firm is then the present value of the

incremental values achieved plus the original capital required to generate the cash

flows. Simply, the incremental after-tax cash flow for a time period that contributes to

increasing the market value of a company is that portion remaining after subtracting

the cost of capital for the period. Unlike other economic analysis procedures, financial

capital in this research includes debt capital as well as the equity capital invested by a
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firm's shareholders. Therefore, a firm's market value equals the total capital invested

in the firm plus the present value of the periodic incremental after tax cash flows

generated by the firm resulting from the invested capital.

Beimett Stewart of Stem Stewart and Company [70] refers to the operating

profit after-tax cash flow, less the cost of capital employed to produce the cash flow,

as the firm's Economic Value Added (EVA). For example, EVA will increase if a

positive cash flow can be generated without requiring any additional capital.

However, if the company needs new capital, EVA will only be increased if the return

on the invested capital is greater than the cost of capital Discounting the periodic

EVA over the life of the firm, and adding the amount of capital employed, is a measure

of the firm's market value. Therefore, if the EVA for a time period is positive, wealth

is added to the firm because operating after-tax cash flow exceeds the cost of the

capital employed. If EVA is negative, the cost of capital employed exceeded the

OPATCF. Therefore, the firm should consider alternative operating strategies

including identifying projects with a higher rate of retum or eliminating projects with a

lower rate of retum. In essence, a negative EVA results in a decrease in the wealth of

the firm.

Mathematically, EVA (for any time period) is based on the difference between

the rate of retum, r, that a company earns within its business and the firm's required

retum, c*, times the capital employed in the company. The current weighted average

cost of capital, c*, for a firm is the average retum available to investors and lenders in
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other investment opportunities with comparable levels of risk. Again, capital is

defined to include both the debt and equity capital invested in the company.

For example, if a firm's first-year return on investment is 20 percent and the

investor requires a 15 percent return on capital of $100, the EVA would be $5.

Considering a one-year period, the market value would be $105. However, if the

firm's return is 10 percent, the market value is decreased to $95, again considering a

one-year period. Here, the EVA would be a negative $5. It is obvious that a firm

should only invest in projects that earn a return in excess of the cost of capital to

improve their market value. The rate of return generated by the firm, r, is equal to the

ATCF divided by the amount of capital. The ATCF can also be viewed as the amount

of available cash after taxes to all financial providers of capital to the firm. Therefore,

EVA = (r - c*)(capital) = operating profits - cost of capital [71].

Thus, EVA is the residual income, or operating profits, less a charge for the

use of capital. That is, EVA is the difference between the profits a company derives

from the use of capital, and the charge for capital incurred by the investors [72]. From

examining the EVA calculation, a firm has three options for generating positive EVA

as stated below [73]:

1. Increase after-tax cash flow without requiring additional capitaL

2. Increase capital so long as the additional capital is invested in projects that

generate a return greater than the cost of capital.
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3. Free capital and return the capital to investors so long as the earnings lost is

more than offset by a savings in the cost of capital.

Researchers have conducted several studies to verify the relationship between

the market value of a firm and its' EVA. Remember, a firm's market value is a

measure of the value a company has created for its shareholders. Thus, the market

value of a firm is the stock market's view of the firm's ability to generate a positive

EVA, and hence productively utilize scarce capital resources. A statistical analysis

conducted in 1992 [74] compared the market value of 1,000 companies and their

EVA. The study performed a regression analysis of the companies market value

compared with some common performance indicators such as return on equity, cash

flow growth, eamings-per-share growth, asset growth, dividend growth, and sales

growth. In the study, no indicators had a coefficient of regression (R^) of greater than

0.35 except EVA which had a correlation of 0.50. Consequently, EVA was able to

explain as much as 50 percent of the variation in the market value of a firm, whereas a

common performance indicator like return on equity (used by many financial analysts)

was only able to explain 35 percent of the variation in market value, and only nine

percent of the variation in market value was explained by sales growth. Several other

studies found similar comparisons [75].
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This study uses EVA to measure a firm's financial performance. The next two

sections summarize some of the important financial attributes or variables used to

predict EVA in this research study.

C. Financial Summary

A review of the financial data from the 341 technology-based companies

(includes the training and validation data sets) indicates that the average EVA was a

negative $2.3 million per year, with a standard deviation of $4.6 million. The annual

EVA ranged from $24.8 million to a negative $30.5 million, with a median value of

negative $923,000. Of the 341 companies, 25 percent had a positive annual EVA.

The average assets of the 341 companies were $57.4 million. The total assets

ranged from $743.5 million to $0, with a median of $30.8 million. Seventy-five

percent of the companies had total assets greater than $12 million.

The average amount of shareholder's equity for the 341 companies was $22.6

million, with a standard deviation of $27.1 million and ranged from $224.8 million to

negative $158.5 million. The median shareholder's equity was $13.8 million.

Seventy-five percent of all companies had shareholder equity amount greater than $5

million.

The average liabilities of the 341 companies were $34.7 million. The total

liabilities ranged from $751.9 million to $0. The median value was $14 million, and

seventy-five percent of the companies had total liabilities greater than $4.5 million.
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The average debt to equity ratio of the 341 companies was 1.148. According

to a 1993 study by Dun and Bradstreet [76], the average debt to equity ratio of 5,292

technology-based companies were 0.923.

The average annual sales of the 341 companies were $72.5 million. The

annual sales ranged from $1.1 billion to $0, with a median of $40.6 million. Seventy-

five percent of the companies had total sales of greater than $17 million.

The average gross margin of the 341 companies in the training and validation

data set was 33.9 percent, with a standard deviation of 0.4 percent The gross margin

ranged from 100 percent to 1.5 percent with a median value of 31.8 percent

Seventy-five percent of the 341 companies in this study had a gross margin greater

than 23.7 percent. According to a 1993 survey by Dun and Bradstreet [77], the

average gross margin of 5,292 technology-based companies were 38 percent.

The average annual amount of research and development expenses for the 341

companies reviewed in this research was $1.8 million, with a standard deviation of

$103,000. The annual research and development expenses ranged from $38.0 million

to $0 with a median value of $94,000. The average annual percentage of research and

development expenses to net annual sales was 3.4 percent, with a standard deviation

of 4.8 percent. The annual research and development expenses to net annual sales

ranged from 38 percent to 0 percent, with a median value of 0.5 percent

The average amount of annual sales, general and administrative expenses of

the 341 companies in this study was $15.6 million. The total annual sales, general
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and administrative expenses ranged from $134 million to $0, with a median value of

$9.3 million. The average annual percentage of total sales, general and administrative

expenses to net annual sales was 25.6 percent, with a standard deviation of 13.9

percent The total annual sales, general and administrative expenses to net annual

sales ranged from 147 percent to 0 percent, with a median value of 23 percent

Seventy-five percent of all companies had total armual sales, general and

administrative expenses to net annual sales of greater than 7 percent

The average annual net income for the 341 companies was $398,000, with a

standard deviation of $7.6 million. The net annual income ranged from $60.1 million

to a negative $66.8 million, with a median value of $748,000. The average net annual

income to net annual sales was 1.4 percent, with a standard deviation of 14.6 percent.

The net aimual income to net annual sales ranged from 43.6 percent to a negative 96

percent, with a median value of 2 percent Twenty-five percent of the 341 companies

in this study had total net annual income to net annual sales of greater than 5 percent.

According to a 1993 survey by Dun and Bradstreet [78], the average net annual

income to net annual sales of 5,292 technology-based companies were 4.37 percent

D. Independent Financial Variables

More than 145 specific financial attributes, including year-to-year changes in

each attribute, were evaluated in this research in the selection of independent variables

for the regression models. Those familiar with financial terminology associated with
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financial Income and Balance Sheet statements, may wish to proceed to Chapter 5,

"Independent Variable Selection." Otherwise, several of the variables found in this

research to be significant and thus used in predicting a firm's next-period EVA are

briefly discussed below.

The Income Statement, often referred to as a firm's Profit and Loss Statement,

represents the results of earnings activity during a stated period, usually one year. In

contrast, the Balance Sheet represents the firm's assets, liabilities, and equities at a

specific time. Described below are several attributes used in this study to describe a

firm's Income Statement Also included is the abbreviation used in this dissertation for

describing each attribute.

NSA iJet SAles. Net sales, often referred to as net revenues, is a measure

of the inflows from selling goods and providing services to customers

during a stated financial period.

COG Cost Cf Goods. Cost of goods is the combined cost of three major

cost elements; direct materials, direct labor, and indirect

manufacturing costs. Indirect manufacturing costs includes all costs

other than direct material and direct labor that are associated with the

manufacturing process. Other terms describing indirect manufacturing

costs include factory overhead, factory burden, and manufacturing

overhead.
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GP Gross Profit Gross profit is the excess sales after cost of goods

expense. The gross profit is the contributing margin available for non-

manufacturing expenses such as research and development expenses;

sales, general and administrative expenses; and interest expenses.

OPE operating Expenses. Costs incurred in sales, general and

administrative, advertising, research and development and interest. In

general, operating expenses also includes depreciation.

SGAE Sales, General and Administrative Expenses. Expenses associated

with selling and marketing a firm's products and services. Expense

also includes the costs associated with the general and administrative

operations of the firm.

RDE Research and Development Expenses. Expenses associated with the

research and development of the firm's products and services.

IE Interest Expenses. Expenses associated with the payment for the use

of a firm's debt capital.

Pn Pre-Tax Income. The difference between gross profit and operating

expenses.

NI Net Income. Net income is the cumulative earnings or profits after

taxes.
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The Balance Sheet is a listing of the firm's assets, liabilities, and shareholder's

equity at a specified time. An asset is an item that has the ability or potential to

provide future services or benefits to a firm. A liability is a creditor's claims on the

resources of a firm. Shareholder's equity is the owner's claim on the firm's assets.

Below is a description of several attributes used in this study in describing a firm's

Balance Sheet. Also included is the abbreviation used in this dissertation for

describing each attribute.

CA Current Assets. Cash and other assets that are expected to be turned

into cash, sold, or exchanged within the normal operating cycle of the

firm, usually one year. Current assets include cash, marketable

securities, receivables, inventory, and current prepayments.

TA Total Assets. Total assets include all current assets plus additional

items such as plant and equipment, long-term securities, patents,

goodwill, land, and accumulated depreciation.

CL Current Liabilities. A debt or other obligation that must be discharged

within a short period of time, usually one year.

LTL Long Term Liabilities. Loans and notes payables usually over a period

of more than one year.

TL Total Liabilities. Total liabilities is the sum of current and long-term

liabilities.
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SHE SHareholder's Equity. Shareholder's equity is the difference between

total assets and total liabilities. Shareholder's equity is also the sum of

capital stock and retained earnings.

WC forking Capital. A measure of the margin of protection for current

creditors and reflects the ability to finance current operations.

Working capital is the difference between current assets and current

liabilities.

Ratio analysis is a common financial method used to compare two or more

items. Just as the ratio MPG (Miles Per QaUon) measures the miles an automobile can

travel per gallon of gasoline, financial ratios also measure the amount of one item

when compared to another item. The resulting ratios can then be conveniently

compared to other firms and used as a benchmark in making financial decisions.

Used by fmancial analysts for more than 200 years, ratio analysis is a key

component in the banking industry. Robert Morris Associates was among the early

pioneers in ratio analysis. In 1928, two individuals associated with Robert Morris

wrote a classic book on fmancial ratio analysis titled. Ratio Analysis of Financial

Statements [79]. This book was the first comprehensive text on ratios useful in

measuring a firm's financial strength. 101 Business Ratios [80] is another useful text

on ratio analysis.
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The usefulness of ratio information is limited by the understanding and meaning

of the terms. Some common important uses for business financial ratios include:

measuring a firm's profitability and retum on investment, identifying trends,

diagnosing problems, comparing one company and one time period to another, and

measuring managerial efficiency. Listed below is a short discussion of several of the

ratios found to be significant in this research and used in predicting a firm's next-

period EVA. Also included are the abbreviations used to describe each ratio in this

research.

LTLSHER I^ng-lerm Liabilities to SHareholder's Equity Ratio. This ratio is a

measure of what is owed by the firm to what is owned. When the

ratio is greater than 1.0, capitalization by lenders is greater than that of

shareholders.

QR Quick Ratio. Quick ratio is also known as the "acid test" and is cash

plus marketable securities and receivables divided by current liabilities.

The ratio is a measure of a firm's liquidity. A ratio of 1.0 or greater is

strongly desirable.

ATR Asset Turnover Ratio. This ratio is a measure of a firm's net sales

divided by total assets. ATR measures a firm's productive use of their

assets. A higher ratio is favorable.

TLTAR Total Liabilities to Total Assets Ratio. This ratio is a measure of what

is owed by the firm to the value of the assets used by the business. It
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measures how successful the business is in using debt to build the

business.

TLSHER Total Liabilities to SHareholder's Equity Ratio. Measures the

relationship between capital provided by creditors and that provided

by investors. A high ratio indicates a greater risk being assumed by

creditors. A firm with a lower ratio usually has greater freedom in

borrowing capital.

BEM Break-Even Margin. Percentage of a firm's total expenses including

the cost of goods; research and development expenses; sales, general

and administrative expenses; and interest expenses divided by net

sales. The larger the break-even margin, the greater a firm's expenses,

and therefore, the less profitable the firm. The smaller the break-even

margin ratio, the more favorable is the firm.

BESF Ereak-Even Sales Eactor. Percentage of net income divided by a

firm's total expenses including the cost of goods; research and

development expenses; sales, general and administrative expenses; and

interest expenses. The larger the break-even sales factor, the more

profitable is the firm. The break-even sales factor shows by what

percentage sales must change for break-even operations to occur.

NSWCR Net Sales to Working Capital Ratio. Working capital is the

differences between a firm's current assets (cash, inventory, notes, and
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accounts receivable) minus current liabilities (notes and accounts

payable, accrued expenses, and taxes). This ratio is calculated as net

sales divided by working capital

PTnCR Pre-Tax Income to Invested Capital Ratio. This ratio is a measure of

a firm's pre-tax income divided by shareholder's equity and long-term

liabilities.

NSCAR Net Sales to Current Assets Ratio. This ratio is a measure of a firm's

net sales divided by total current assets. The ratio measures a firm's

productive use of their current assets. A higher ratio is favorable.

NSPER Net Sales to Plant and Equipment Ratio. Measures the production

used by fixed assets in generating sales.

RDENSR Research and Development Expenses to Net Sales Ratio. This ratio

measures the relationship between research and development expenses

and net sales. Generally, in a young, technology-based company, this

ratio will be high due to the need for research and development

expenses to develop competitive products and services.

PnSHER Pre-Tax Income to SHareholder's Equity Ratio. Expresses the rate of

return before tax on capital provided by investors.

PTTIAR Pre-Iax Income to Total Assets Ratio. Pre-tax income to total assets

ratio expresses the pre-tax return on total assets. This measures the

effectiveness of the firm in employing the resources available to it
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SCR Sales to Cash Ratio. This ratio is a measure of a firm's net sales

divided by total cash assets. This ratio measures a firm's productive

use of cash. A higher ratio is favorable.

SGAENSR Sales, General and Administrative Expenses to Net Sales Ratio. This

ratio measures the relationship between sales, general and

administrative expenses to net sales. Sales, general and administrative

expenses are those costs associated with selling and marketing a firm's

products and services. SGAENSR also includes expenses associated

with the general and administrative operations of the firm.

SHER SHareholder's Equity Ratio. This ratio measures the relationship

between shareholder's equity and long-term liabilities.

E. Summary

The expert system discussed in this dissertation is developed using yearly

financial statements from 1989 to 1993 for 250 small, publicly owned, technology-

based companies. The 250 companies are referred to as the training data set The

expert system's fiizzy rules and membership functions are derived from the training

data using a genetic algorithm and validated using financial statements from 1989 to

1993 of an additional 91 small, publicly owned, technology-based companies. The 91

companies are referred to as the validation data set.

56



Both the training and the validation data set are randomly selected from a

much larger population of publicly owned, technology-based companies whose yearly

financial statements are compUed by Disclosure Inc.

This chapter included an introduction to Economic Value Added (EVA) as a

measiue of operating and financial performance, and a summary of some important

financial statistics of the combined training and validation data set These financial

statistics are compared with the Dun and Bradstreet statistical summary, and are found

to be a reasonable comparison to a much larger population of technology-based

companies.

Chapter 5, "Independent Variable Selection" begins with an introduction to

multiple linear regression analysis and concludes with the identification of the

significant independent financial variables useful in predicting a firm's next-period

EVA.
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Chapter 5

Independent Variable Selection

A. Introduction

Variable selection, often referred to as variable filtering, filters out irrelevant

attributes or independent variables before the induction process occurs. The selection

of significant independent variables for inclusion in a multiple linear regression

equation is a familiar problem in research. Fortunately, theories on hypothesis testing

provide guidelines in specifying which variables are important. Often, however,

several variables are available for evaluating a particular attribute and little basis exists

for a specific choice.

In this research, more than 145 different independent financial variables are

reviewed to determine their significance in predicting the dependent variable (a firm's

next-period EVA). Of the 145 variables, 114 are considered internal variables; that

is, variables that are associated with a firm's financial statements as discussed in the

previous section. The remaining 31 variables are considered extemal economic

variables, including general business cycle indicators such as the prime interest rate,

new orders by manufacturers, the average work week of production workers,

contracts and orders for plant and equipment, inventories in the manufacturing sector,

an index of stock prices, the S&P 500 composite index, indexes of industrial

production, the composite index of leading economic indicators, and the gross
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domestic product. In addition, the period-to-period changes in the 145 variables are

also evaluated.

Hiis chapter begins with an introduction to multiple linear regression analysis

and concludes with the selection of four best fit multiple linear regression models for

predicting a firm's next-period EVA.

B. Multiple Linear Regression Analysis

A linear regression model that involves more than one variable is referred to as

a multiple linear regression model. For example, suppose we choose the following

relationship

y. = Po + + P2^2i + • • • + Pt^ii + e.-

where represents a firm's next-period EVA and represents the independent

variables, or attributes, that influence y, the dependent variable. The parameters P^

are the regression coefficients. The error term, £;, represents the difference between

the known y, and the predicted y- value. The regression analysis model assumes that

each observation, y, , can be described by equation B-1 where e, is a random error

with mean zero and variance . A description of a simple Unear regression model

involving only one independent variable is shown in Figure 5-1.
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•  0

}' = Po+Pi:ti+e

Figure 5-1. Simple Linear Regression.

The term "linear" is used to refer to the regression equation because it is a

linear function of the unknown regression coefficients, . The method of least

squares is used to determine the values of the regression coefficients that minimize the

error term, e., in equation B-1 for an application.

Using matrix notation, the formula y = xp + e can be used to model the

observed data based on equation B-1. It is simpler to solve for the least square

estimators when the observed data are presented in matrix notation. A general set of

observed data is shown below where n is the number of observations and A: is the

number of variables.

1 *11 *21. . . . X^i "Po* A"

^2 1 Pi £2

y =
•

X =
•

P =
.

e =

•

1 Xln Xkn A.
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The minimum error, e, is found by using the least square estimates,

for the regression coefficient vector P. The error sum squares, SSe, is calculated as

shown in equation B-2 where y; is the observed value and y; is the value predicted by

the regression model. Thus, the SSe is the sum of squares of the residuals, that is, the

amount of variation in the dependent variable, y, not explained by the multiple linear

regression model. The objective of the least square estimator vector, ir, is to minimize

the SSe.

n  2

Sum Square Error = SSe = ~ ~ (y "
i-l

and equation B-2 can be simplified as follows:

SSe = y^y - b'^x^y - yXb + b^X^Xb = y^y - 2b^X^y + b^X^Xb

The minimum SSe is found by taking the partial derivative of SSe with respect to b.

ass
^ = -2XV + 2(x^x)b = 0

db

thus, X^'y = (X''x)b

and, b = (x^x)"'x^y

where b is the least squares estimator of the vector P.

a^SSc ^
b is a minimum because ^ . > 0.

ab'

Consequently, the best fit multiple linear regression model that results in minimizing

the error, e, is y = Xb.
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The mean square error (MSE) of the model is defined as the SSe divided by its

degrees of freedom. The normalized mean square error (NMSE) is defined as the

MSE divided by thea, . The NMSE and the MSE are frequently used to determine

how well the observed data fits the model.

The X^X matrix is a (p x p) symmetric matrix where p is the total number of

model parameters. The diagonal elements of X^X are the sums of squares of the

elements in the columns of X, and the off-diagonal elements are the sums of cross-

products of the elements in the columns of X. The X^X, when centered and scaled, is

called the correlation matrix. The correlation matrix, R, takes the form

R =

1 Tij rjj

1  r.23

• ̂ Ik

t-l,k

1

where rnjc is the simple linear correlation between Xn and x^. When rnjc is close to

±1 there is a strong correlation between xn and Xk.

In most multiple linear regression problems, some of the variables being

modeled as independent variables may actually be intercorrelated (referred to as

multicollinearity). MulticolUnearity can have serious effects on the estimates of the

regression coefficients and the general applicability of the selected model. In addition,

multicollinearity also inflates the variance of the regression coefficients as will be seen
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in the following derivation. For this reason, detection of multicollinearity in selecting

the regression model variables is essential.

Figure 5-2 below and equation B-3 show that the total variability of an

observation, y,-, about the mean of all the observations, y, can be partitioned into three

sums of squares [81].

(y.-y)
(Xi - y)

(y -F)

Figure 5-2. Regression Variability.

= ss,=ss,+ ss.
i=l iscl i=l

that is.

^ Total Variability'

In Response, SS^

'Variability Explained^
^  by Model, SSr j

''Variability

not explained

by model,

(B-3)

variability Explained by ^ SS,
Total Variability In Response SS^
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R^, the Coefficient of Determination, is often used to judge the adequacy of a

regression model. When = 1, SSe and NMSE = 0, thus the regression equation is a

perfect fit to the observed data. The R^ value is one criterion used in selecting the

appropriate regression model.

In addition to its use in calculating R^, the SSt value is used in selecting the

appropriate regression model. Regression models assume that E(e) = 0, and that the

variance is a function of the error variance, thus V(e) = V(y) = , or Oy = a].

Therefore, a; . ^=USE.
'  n-p n-p n-p

where p is the number of parameters in the model and n is the number of observed

data points [82].

In addition to R^ and the model variance, the estimated variance of the

regression coefficients is also used in selecting the appropriate regression model. The

variance estimates of the regression coefficients, b, are required for testing hypotheses

about the regression coefficients. The determination of the variance for the regression

coefficients is shown below.

al = VAR(b) = VAR[(x^x)"'x^y] = [(x^x)"'x^]vAR(y)

Note: VAR( Ay) = AVAR(y) , Let A = (x^x)"' X""

and[(x^x)"'x^]^ = x(x^x)"'. VAR(y) = a]!

Then, a? = [(x^x)"'x^][o^l][(x^x)"'x^]^
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Note: (AB)"^ = BV, (a^)"' = (A"')^ and (a^)^ = A

Then, [(x^x)"'x^]^ = x[(x^x)"']^ = x[(x^X)'']'' = x(x^x)"'

and,

o[ = [(x'x)"'x^][<t;i][x(x^x)"'] = a2(x''x)"'(x^x){x'x)"' = O^x^x)"'

Thus, = <j5(x^x)"'. (B-4)

This implies that the variance of the vector b coefficients appears on the

diagonal elements of (x^x) ' apart from the error variance a^. The covariance

appears on the off-diagonal elements.

In multiple linear regression, certain tests of hypotheses about individual

regression coefficients are useful in measuring the adequacy of the model. The test of

the significance of the regression coefficients determines if there is a linear relationship

between the dependent variable and one or more of the independent variables. The

appropriate hypotheses are:

Ho: Pi = 0

H^: P, # 0

Rejection of Hq: Pi = 0 implies that the independent variable Xi contributes

significantly to the model and should not be deleted from the model. To test the

hypotheses, the cl must be known or estimated from the data set. Since the true Cp
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is unknown, the t-distribution is used to test the hypotheses. The criterion for

rejecting the hypothesis is:

to > t„ where to =
2.«-P

b:

and, Ob = ̂cldiagiix^x)'^ = c^-Jdiagiix^x)'^ from equation B-4.

Thus, if |to| =
b,

a,yjdiag.(x^x)~'
>t

a
-.n-P

then reject Ho. (B-5)

As seen in the derivation of equation B-5, the factor that inflates the o^ value

is a function of the (x^x) ' diagonal coefficients. These coefficients, diag^ (x^x)

are called the Variance Inflation Factors (VIF).

Underfitting and overfitting the data is another important aspect to consider in

model selection. Underfitting is defined as ignoring important model terms needed to

fit the data set, and overfitting is defined as including terms in the model that have

minimum marginal effects. Overfitting results in a model that performs well on the

training data set but may perform poorly on the validation data set. Thus, the overfit

model is including (fitting) noise in the training data set that may not be present in the

validation data set One criterion used to assist in determining the model fit is the

Mallow's criterion, Cp. Equation B-6 shows the Cp calculation [83].

Cp = p+
(MSB of reduced model- MSB of full model)(« - p)

MSB of full model
(B-6)
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When Cp is equal to p, the number of parameters in the model, a proper

compromise is reached between underfitting and overfitting the data.

The selection of the independent variables for the multiple linear regression

models in this research is based on standard statistical techniques. This includes the

evaluation of the value, the R matrix, the VIF values, hypotheses testing of the

regression coefficients, Cp analysis, and analysis of the model residual values.

In summary, the strategy for selecting the best fit regression equation uses the

method of least squares, and is outlined in the steps below:

Step 1. Accomplish initial exploratory data analysis.

Step 2. Develop one or more tentative regression models. In most cases, several of

the independent variables will be intercorrelated or multicollinear which can

inflate the variance of the regression coefficients. For this reason, an initial

step in identifying tentative regression models is to start with a full-model

that incorporates all possible independent variables and identify all variables

that tend to be intercorrelated. This usually eliminates several of the

independent variables.

Step 3. Revise the regression model and/or develop a new model. Based on the

remaining independent variables, revise the model and identify those variables

that are more significant in predicting the dependent variable.

Step 4. Identify the most suitable model and test the model with the validation data

set

67



Step 5. Make inferences on the basis of the regression model.

After selecting the significant independent financial variables, the next step in

developing the expert system is to identify the number of data clusters given the

selected variables. Chapter 6 discusses the method used to identify the number of data

clusters.

C, Experimental Results - Independent Variable Selection

Stepwise regression, forward selection, backward elimination, and MaxR

procedures are used in the variable selection process to help identify the most

significant independent variables. However, it is well known that just using these

variable selection techniques does not always yield the best set of independent

variables for describing the relationship to a dependent variable. As a result, several

iterative approaches are necessary along with a thorough evaluation of the data set to

arrive at a "best fit" multiple linear regression model.

The independent variables determined using stepwise, forward, backward, and

MaxR procedures are compared and modified as necessary to arrive at a final set of

significant variables. Surprisingly, in this research, none of the 31 external economic

variables were significant at a p-value of less than 7 percent in predicting a firm's

next-period EVA. In addition, since the data set is compiled from financial

statements from 1989 to 1993, a check of autocorrelation is performed to determine
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if the training set data is time series dependent The formal statistical test for

detecting autocorrelation, the Durbin-Watson test is performed along with other

hypothesis testing techniques on the data set None of the independent variables

identified speared to exhibit significant autocorrelation.

In addition to autocorrelation, it is also important to detect the existence of

multicollinearity. Muticollinearity is concerned with the linear dependencies of

multiple variables. When several variables are linearly dependent with each other, it

becomes more difficult to sort out the impact of each regressor on the response. In

addition, multicollinearity can severely inhibit the ability to estimate regression

coefficient values and their interpretation in understanding the problem. In summary,

when multicollinearity is present, the variances of the regression coefficients are

inflated. This inflation of variance is easily detected by calculating the eigenvalues of

the correlation matrix. Not surprisingly, several of the regressor variables were found

to be collinear with other variables and as a result are not included in the final

multiple linear regression equation.

The selection of the independent variables that are significant in explaining the

dependent variable, a firm's next-period EVA, is determined as discussed in Section

B of this chapter. This research developed several multiple linear regression models.

In all models, however, the most significant independent variable is the firm's current-

period EVA (CPEVA).

69



When including only the firm's current-period EVA as the single regressor

variable for predicting a firm's next-period EVA (NPEVA), the single regressor

variable explains 52,7 percent of the variation in a firm's next-period EVA. For

example, the single linear regression equation, NPEVA = - $955.78 +

0.628(CPEVA), explains 52.7 percent of the variation in the predicted response,

NPEVA. Analysis of the residuals indicate they are normally distributed with a mean

of zero.

The CPEVA regression coefficient, 0.628, is the unit dollar increase in the

firm's next-period EVA per dollar increase in the firm's current-period EVA. The

analysis of variance (ANOVA) table for the single regression equation appears in

Table 5-1. From Table 5-1, the F-statistic is significant at less than 0.0001 indicating

that there is, indeed, a statistically significant linear trend between a firm's next-

period EVA and the current-period EVA. Also shown in Table 5-1 is the parameter

estimate which indicates that the regression coefficient for the independent variable,

current-period EVA, is statistically significant in explaining the next-period's EVA

Figure 5-3 is the leverage plot of the linear regression model when only including the

single regressor. The leverage plot shows the relationship between the actual

NPEVA and the predicted NPEVA. In Figure 5-3, the distance from the observation

to the mean NPEVA is the actual residual without the linear fit. The distance from

the observation to the regression line is the residual or error associated with the linear

model. The leverage plot also shows the confidence curves for the linear fit. Clearly,
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Figure 5-3 and Table 5-1 indicate that the CPEVA is a significant variable in

predicting a firm's next-period EVA.

The t-statistic, equation B-5, is used for testing whether the individual

regression coefficient, term CPEVA in Table 5-1, is zero (the null hypothesis. Ho).

The t-statistic is summarized in the column labeled t-Ratio in Table 5-1. The next

column, Prob>ltl gives the /?-value for the two tailed t-statistic test For example, the

/i-value of 0.0000 for CPEVA states that if you reject the null hypothesis. Ho:

(CPEVA = 0), there is a 0.0000 chance of erroneous rejection therefore indicating

that the CPEVA is a significant variable in predicting a firm's next-period EVA.

Table 5-1. ANOVA and Parameter Estimates (CPEVA).

Source DF Sum of Squares Mean Square F-Ratio Prob>F

Model 1 1.13e+10 le+10 1112.26 0.0001

Error 998 l.Ole+10 10131233

C Total 999 2.14e+10

Term Estimate Std Error t-Ratio Prob>ltl

Intercept -955.7791 109.63 -8.72 0.0000

CPEVA 0.6281179 0.01883 33.35 0.0000
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Figure 5-3. Leverage Plot of Next-period EVA vs. Predicted Next-period EVA.

When the second-order effect of CPEVA is included in the model, the

value increases from 52.7 percent to 53.05 percent Therefore, adding the second-

order effect shows very little reduction in the MSE. The entries in Table 5-2 show

the ANOVA results and the parameter estimates when both the first- and second-

order effects of CPEVA are included.

Table 5-2. ANOVA and Parameter Estimates (CPEVA, CPEVA^).

Source DP Sum of Squares Mean Square F-Ratio F*rob>F

Model 2 1.13e-»-10 6e-i-9 563.2320 0.0000

Error 997 le-plO 10068235

C Total 999 2.14e+10

Term Estimate Std Error t-Ratio Prob>ltl

Intercept -919.0085 110.14 -8.34 0.0000

CPEVA 0.688711 0.0293 23.49 0.0000

CPEVA^ 0.000003 0 2.69 0.0072
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Figure 5-4 shows the regression plot of the first- and second-order CPEVA

terms and the 95 percent confidence intervals on mean response (center line in Figure

5-4).
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Figure 5-4. Regression Plot of NPEVA vs. CPEVA.

The total shareholder's equity (SHE) is also found to be a significant variable

in predicting EVA for a firm during the next-period. A regression model, which has

only the single independent variable SHE, is able to explain 40.3 percent of the

variation in a firm's next-period EVA. This compares to 52.7 percent when only the

single independent variable CPEVA was used in the model. For example, the single

linear regression equation, NPEVA = $33.01 - 0.112(SHE), explains 40.3 percent of

the variation in the response. The SHE coefficient, -0.112, is the unit dollar decrease

in the next-period EVA per dollar increase in shareholder's equity. An ANOVA table
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and parameter estimates for this single variable regression equation appears in Table

5-3. As seen in Table 5-3, the F-statistic is significant at less than 0.0001 value

indicating that there is a statistically significant linear trend between the firm's next-

period EVA and shareholder's equity. The parameter estimate also indicates that the

regression coefficient for the independent variable, shareholder's equity, is statistically

significant in predicting the next-period EVA.

Table 5-3. ANOVA and Parameter Estimates (SHE).

Sourge DP Sum of Squares Mean Square F-Ratio Prob>F

Model

Error

C Total

Term

1

998

999

8615520309

1.28e+10

2.14e+10

9e+9

12789592

673.6353

Estimate Std Error t-Ratio

0.0001

Prob>ltl

Intercept
SHE

33.015705

-0.111885

147.008

0.00431

0.22

-25.95

0.8223

0.0000

When the second-order effect of SHE is included in the model, the value

increases from 40.3 percent to 43.6 percent. Again, by adding the second-order

effect of the variable, there is very little reduction in the MSE value. The entries in

Table 5-4 show the results of the ANOVA and the parameter estimates, when both

the first- and second-order effects of SHE are included in the model.
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Table 5-4. ANOVA and Parameter Estimates (SHE, SHE^).

Source DF Sum of Squares Mean Square F-Ratio Prob>F

Model 2 9319090624 5e+9 385.1904 0.0000

Error 997 1.21e+10 12096733

C Total 999 2.14e+10

Term Estimate Std Error t-Ratio Prob>ltl

Intercept -540.3972 161.536 -3.35 0.0009

SHE -0.056771 0.00835 -6.80 0.0000

SHE^ -5.4e-7 0 -7.63 0.0000

When including the current-period EVA and the shareholder's equity, the

value increases to 64.6 percent See Table 5.5 for ANOVA and the parameter

estimates when both independent variables are included in the model.

Spurge

Table 5.5. ANOVA and Parameter Estimates (CPEVA, SHE).

DF Sum of Squares Mean Square F-Ratio Prob>F

Model 2 1.38e+10 7e+9 908.8603 0.0000

Error 997 7572827624 7595614

C Total 999 2.14e+10

Term Estimate Std Error t-Ratio Prob>ltl

Intercept 179.24423 113.429 1.58 0.1144

CPEVA 0.4775921 0.01827 26.14 0.0000

SHE -0.068031 0.00372 -18.28 0.0000

When including the current-period EVA and the change in total liabilities to

shareholder's equity ratio (cTLSHER), the R^ value is 54.2 percent. See Table 5-6

for the ANOVA results and the parameter estimates when both independent variables

are included in the model.
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Table 5-6. ANOVA and Parameter Estimates (CPEVA, cTLSHER).

DF Sum of Squares Mean Square F-Ratio PrQb>F
Model

Error

C Total

2

997

999

1.15881elO

9791463249

2.13795el0

5.794e+9

9820926

589.9683 0.000

Term Estimate Std Error t-Ratio Prob>ltl

Intercept
CPEVA

cTLSHER

-958.4919

0.64302

0.4681257

107.9395

0.018726

0.082073

-8.88

34.34

5.70

0.0000

0.0000

0.0000

When CPEVA, SHE, and cTLSHER are all included as independent variables

in the model, the R^ value is 65.4 percent Table 5-7 shows the ANOVA results and

the parameter estimates when the model includes all three independent variables. An

analysis of the residuals indicate they are normally distributed with a mean of 0.000

and a standard deviation of 2,753.5.

Table 5-7. ANOVA and Parameter Estimates (CPEVA, SHE, cTLSHER).

Source DF Sum of Squares Mean Square F Ratio Prob>F

Model 3 1.39749el0 4.6583e9 626.5921 0.000

Error 996 7404614942 7434352

C Total 999 2.13795el0

Term Estimate Std Error t-Ratio Prob>ltl

Intercept 148.30945 112.4064 1.32 0.1873

CPEVA 0.4922981 0.018336 26.85 0.0000

SHE -0.066295 0.0037 -17.92 0.0000

cTLSHER 0.3413291 0.071757 4.76 0.0000
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The multiple linear regression equation determined using these three most

significant independent variables is:

NPEVA = 148.311 + 0.492(CPEVA) - 0.066(SHE) + 0.341(cTLSHER). (C-1)

The coefficients of the regression equation C-1 indicate that as the current-

period EVA of a firm increase by one dollar unit, the firm's next-period EVA

increases by only 0.49 dollars. However, as the shareholder's equity in the fum

increases by one dollar unit, the next-period EVA decreases by 0.066 dollars. In

addition, as the ratio of the period-to-period change in total liabilities with respect to

total shareholder's equity increases in the firm, the next-period EVA will increase

0.341 dollars. The above three term multiple linear regression model explains 65.4

percent of the variation in the next-period EVA achieved by a firm.

The relationship between shareholder's equity and total liabilities, and a firm's

EVA is obvious from the EVA calculation. Recall from Chapter 4, "Research

Knowledge Domain," EVA is defmed as the net operating profit after-tax cash flow

minus the cost of capital, including both debt and equity capital. Thus, EVA is the

after-tax residual income, or operating profit, less a charge for the use of total capital.

Regression equation C-1 indicates that as the amount of shareholder's equity

increases, the firm's next-period EVA decreases. Likewise, as the ratio of total

liabilities to shareholder's equity increases, the firm's next-period EVA will also

increase. Since the cost of equity capital to a firm is greater than the cost of debt
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capital, the use of equity capital above a selected amount in the capital structure will

tend to reduce the next-period EVA to a greater extent then the use of debt capital.

Several other independent variables were also evaluated in the research effort,

and include those shown in Table 5-8. However, no combination of one or two

independent variables, other then those previously discussed, produce an value

greater than 33 percent. However, it is interesting that none of the external variables

reviewed such as the prime rate, the gross domestic product, and the composite index

of leading economic indicators is a significant factor in predicting the next-period

EVA of a firm. As a result, none of the multiple linear regression models discussed in

this research incorporate extemal financial variables.

Table 5-8. Independent Variables.

Independent Variable R^ bo bj^/p-value bj/p-value
NI 5.1% -244.5 0.133/0.000 N/A

NSA + NSA^ 17.8% -558.5 -0.03/0.000 -2.1e-8/0.000

GP-t-GP^ 19.5% 9.75 0.155/0.000 8e-7/0.000

RDE + RDE^ 11.8% -1817.4 -0.261/0.000 -6e-6/0.050

SGAE + SGAE^ 21.6% 34.2 -0.206/0.000 -1.2e-6/0.000

TA + TA^ 32.6% 264.8 -0.061/0.000 -8e-8/0.000

CL + CL^ 20.2% -844.7 -0.104/0.000 -2e-7/0.000

TL-t-TL^ 23.9% -631.7 -0.0689/0.000 -le-7/0.000

RDENSR 0.00% - - -

TLTAR 0.00% - - -

TLSHER 0.00% - - -

NTTAR 0.00% - - -

NISHER 0.00% - - -

The training data set spans 250 companies over a four-year period. Because

the data is acquired over a period of four successive years, it is necessary to
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determine if autocorrelation is present in the data set. For example, are the

independent variables influenced by time? Several types of analyses are performed

including residual analysis, the Durbin-Watson test, and development of separate

regression equations for each time period. In summary, none of the significant

independent variables appear to be influenced by time, and autocorrelation was not

statistically detected.

Two multiple linear regression models referred to as Model A and Model B

and two subset multiple linear regression models referred to as Model A1 and Model

B1 are used as independent variables for determining the fuzzy rules and membership

functions using a genetic algorithm. Model A includes the ten most significant

independent variables identified using the analytical process discussed in Section B,

and Model B includes the ten most significant independent variables identified when

the single most important independent variable, a firm's current-period EVA

(CPEVA) is excluded from the selection list Multiple linear regression Model A and

Model B each have a subset model referred to as Model A1 and Model B1 which

only includes those variables in the parent model that significantly contributes to

increasing the value.

Multiple linear regression Model A includes the independent variables shown

in Table 5-9.
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Table 5-9. Regression Model A Independent Variables.

CPEVA Current-Period (Year) EVA

NSA Net Sales

NSCAR Net Sales to Current Assets Ratio

PnSHER Pre-Tax Income to Shareholder's Equity Ratio
SGAENSR Sales, General and Administrative Expenses to Net Sales Ratio
SHE Shareholder's Equity
TL Total Liabilities

cBEM Change in Break-Even Margin
cSHER Change in Shareholder's Equity Ratio
cTLSHER Change in Total Liabilities to Shareholder's Equity Ratio

Using the independent variables shown in Table 5-9 for the regression model,

the value is 67.1 percent and the NMSE is 0.33. The ANOVA results and the

parameter estimates for Model A are shown in Table 5-10.

The leverage plot shown in Figure 5-5 is a plot of the predicted next-period

EVA values (Model A) versus the actual next-period EVA values using the training

data set Figure 5-5 also shows the 95 percent confidence interval curves for the

linear fit Table 5-10 shows the predicted values calculated for the regression

coefficients. As Table 5-10 also indicates, the ten independent variables used in

Model A are all significant at a p-value of less than 7 percent
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Table 5-10. ANOVA and Parameter Estimates (Model A).

Source DP Sum of Squares Mean Square F-Ratio Prob>F

Model 10 1.43368el0 1.4337e9 201.3284 0.0000

Error 989 7042757820 7121090

C Total 999 2.13795el0

Term Estimate Std Error t-Ratio Prob>ltl

Intercept 17.500583 309.8259 0.06 0.9550

CPEVA 0.4836368 0.018593 26.01 0.0000

SHE -0.073509 0.004884 -15.05 0.0000

cTLSHER 0.3578067 0.070637 5.07 0.0000

NSCAR 227.05608 98.19421 2.31 0.0210

cSHER -2.870695 0.829975 -3.46 0.0006

TL -0.007378 0.002066 -3.57 0.0004

NSA 0.00483 0.001791 2.70 0.0071

PUSHER 466.94297 240.7637 1.94 0.0527

cBEM 27.847036 14.56180 1.91 0.0561

SGAENSR -1181.262 649.6988 -1.82 0.0693
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Figure 5-5. Leverage Plot (Model A).
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As discussed earlier, stepwise regression, forward selection, backward

elimination, and MaxR procedures help to identify the set of most significant

independent variables. Table 5-11, Stepwise Regression Control with Step History,

shows the successive entry of each regression variable, the related significance

probability, the contribution to maximizing the value, and the Cp value. For

example. Table 5-11 again indicates that the most significant independent variable in

contributing to maximizing the R^ value is the current-period EVA of the firm.

Including the CPEVA variable as the single regression variable, produces an R^ value

of 52.7 percent. The next most significant variable to be added to the regression

equation is SHE. When CPEVA and SHE are both included in the regression

equation, the R^ value increases to 64.6 percent This is an increase of almost 12

percent. The remaining eight independent variables are significant but contribute

much less to increasing the R^ value.

One problem with the selection of independent variables for the model is the

impact of underspecifmg (i.e., ignoring important model terms) or overspecifing (i.e.,

including model terms that have minimal marginal effect). As previously discussed,

one criterion used to assist in determining the fit of the model to the training data set

is the Mallows' criteria, Cp.

When a regression model is underspecified, the variation that would be

accounted for by the ignored variables is deposited in the residual sum of squares and

thus inflates the error sum of squares, SSe. However, a model that is overspecified
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produces variances that are larger than those for a simpler version of the regression

model. A proper compromise is a model with a value of Cp = p. Table 5-11 shows

the Cp values as each variable is added to the model. Clearly, for a model which only

includes CPEVA, Cp indicates that the model is significantly underspecified. As

additional independent variables are added to the model, the Cp value approaches p,

the number of regression terms in the model. When ten regression variables are

included in the model, p = 11, and the Cp value is equal to p, the preferred model is

identified. Table 5-11 shows the coefficient values of the preferred model.

Table 5-11. Stepwise Regression Control with Step History (Model A).

Step Parameter Action Sig Prob Seq SS R^ Value Cp p

1 CPEVA Entered 0.0000 1.127el0 0.5271 423.86 2

2 SHE Entered 0.0000 2.5381e9 0.6458 69.437 3

3 cTLSHER Entered 0.0000 1.6821e8 0.6537 47.815 4

4 NSCAR Entered 0.0001 1.0856e8 0.6587 34.569 5

5 cSHER Entered 0.0008 82559353 0.6626 24.976 6

6 TL Entered 0.0300 34129704 0.6642 22.183 7

7 NSA Entered 0.0047 57631452 0.6669 16.090 8

8 PnSHER Entered 0.0375 31041010 0.6683 13.731 9

9 cBEM Entered 0.0648 24390176 0.6695 12.306 10

10 SGAENSR Entered 0.0693 23540460 0.6706 11.000 11

Figure 5-6 is a Pareto chart of the absolute values of the scaled parameter

estimates for the Model A variables, arranged from high to low. The scaled estimates

shown in the figure are the regression parameters multiplied by the standard deviation

of the regression variable. This shows the estimated relative influence of each
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variable and is useful in judging its influence on the predicted value, the next-period

EVA of a firm. The figure shows a cumulative curve with almost 70 percent of the

effect on next-period EVA being attributed to the current-period EVA and the

amount of shareholder's equity. The other 30 percent contribution to next-period

EVA is composed of the remaining eight regression terms in the model. Again, the

Pareto chart confirms that the current-period EVA and the amount of shareholder's

equity are the most dominant variables in predicting the next-period EVA of a firm.

Ibm Scaled Estinnte

CPEVA 258600

SIE -1929.41

TL -514.01

NSA 49265

cUSIER 43652

cSIER -29610

NSCAR 218.93

FIBIER 165.09

cEEM 16287

SQiENSR -161.98

Figure 5-6. Pareto Chart of Regressor Effects (Model A).

It is interesting to note that when all of the quadratic and crossproduct terms

of the selected 10 variables are included in the model (for a total of 65 Model A

regression variables), the value increases only 6 percent (to almost 73 percent).
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and the NMSE decreases from 0.33 to 0.28. Table 5-12 shows that most of the

increase in the value is due to the 45 crossproduct terms.

Table 5-12. Model A with Cross Product and Quadratic Terms.

Source DF Sum of Squares R^ Value F-Ratio Prob>F

Linear 10 14336775437 0.6706 235.0 0.0000

Quadratic 10 351385006 0.0164 5.759 0.0000

Crossproduct 45 992763351 0.0464 3.616 0.0000

Total Regress 65 15680923794 0.7335 39.540 0.0000

Model A1 is a subset of Model A but only includes the five most significant

independent variables which includes: a firm's current-period EVA, the amount of

shareholder's equity, the change in total liabilities to shareholder's equity ratio, the

net sales to current asset ratio, and the change in shareholder's equity ratio. The

difference in the value for Model A and Model A1 is less than 1 percent When

including all the linear, quadratic, and crossproduct terms for Model Al, the R^ value

is increased from 66 percent to 69 percent and the NMSE is decreased from 0.34 to

0.32. Table 5-13 shows the ANOVA results and the parameter estimates for Model

Al.

The second regression model. Model B, is developed from the list of 145

possible independent variables, but excludes from this list the most significant

variable, the current-period EVA as a potential selection. Independent variables

shareholder's equity; sales, general and administrative expenses to net sales ratio;

85



Table 5-13. ANOVA and Parameter Estimates (Model Al).

Source DF Sum of Squares Mean Square F-Ratio Prob>F

Model 5 1.4166e+10 2.8332e9 390.4087 0.0000

Error 994 7213490621 7257033

C Total 999 2.13795el0

Term Estimate Std Error t-Ratio Prob>ltl

Intercept -612.9345 222.9812 -2.75 0.0061

CPEVA 0.4919986 0.018374 26.78 0.0000

SHE -0.066439 0.003659 -18.16 0.0000

cTLSHER 0.3379993 0.070914 4.77 0.0000

NSCAR 362.22426 89.16585 4.06 0.0001

cSHER -2.820561 0.836242 -3.37 0.0008

change in break-even margin; change in shareholder's equity; and net sales to current

assets ratio are common among both Models A and B. The purpose for developing

Model B is to determine the effect that eliminating a firm's current-period EVA has

on predicting its next-period EVA. The value for Model B is 66.9 percent and

includes ten regression variables. The NMSE for Model B is 0.34. Table 5-14 shows

regression Model B with all regression variables.

As shown in Table 5-15, the most significant independent variable is the

amount of shareholder's equity. Recall that in Model A; the shareholder's equity is

the second most significant independent variable (after current-period EVA) in

predicting the next-period EVA of a firm.
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Table 5-14. Regression Model B Variables.

Variable Description
SHE Shareholder's Equity
GP Gross Profit

RDE Research and Development Expenses
SGAE Sales, General and Administrative Expenses
IE Interest Expenses
SGAENSR Sales, General and Administrative Expenses to Net Sales Ratio
cBEM Change in Break-Even Margin
cSHER Change in Shareholder's Equity Ratio
cNSWCR Change in Net Sales to Working Capital Ratio
NSCAR Net Sales to Current Assets Ratio

Table 5-15. Stepwise Regression Control with Step History (Model B).

Parameter Action Value Cp
1 SHE Entered 0.0000 8.6155e9 0.4030 789.25 2

2 RDE Entered 0.0000 5.0836e8 0.4268 720.14 3

3 NSCAR Entered 0.0000 3.1186e8 0.4413 678.53 4

4 SGAENSR Entered 0.0000 2.1753e8 0.4515 650.1 5

5 GP Entered 0.0000 2.2907e8 0.4622 620.06 6

6 SGAE Entered 0.0000 1.9606e9 0.5539 347.83 7

7 SGAENSR Removed 0.6222 2332865 0.5538 346.16 6

8 IE Entered 0.0000 2.1572e9 0.6547 46.443 7

9 cNSWCR Entered 0.0000 1.4328e8 0.6614 28.404 8

10 cSHER Entered 0.0005 86787140 0.6655 18.265 9

11 cBEM Entered 0.0106 47006911 0.6677 13.691 10

12 SGAENSR Entered 0.0306 33536810 0.6693 11.000 11
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Figure 5-7 shows the Pareto chart for Model B. As shown, a firm's gross

profit accounts for almost 40 percent of the cumulative influence on a firm's next-

period EVA followed by sales, general and administrative expenses, which accounts

for approximately 25 percent Together, gross profit and sales, general and

administrative expenses account for almost 65 percent of the relative influence on a

firm's next-period EVA. Thirty percent is influenced by a fum's shareholder's equity,

interest expenses, and research and development expenses. Table 5-16 shows the

ANOVA and parameter estimates for Model B.
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Figure 5-7. Pareto Chart of Regression Effects (Model B).
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Table 5-16. ANOVA and Parameter Estimates (Model B).

Source DF Sum of Squares Mean Square F-Ratio Prob>F

Model 10 1.43085el0 1.4308e9 200.1261 0.0000

Error 989 7071074599 7149722

C Total 999 2.13795el0

Term Estimate Std Error t-Ratio Prob>ltl

Intercept -33.42202 319.9495 -0.10 0.9168

SHE -0.149344 0.004846 -30.82 0.0000

GP 0.3936913 0.015684 25.10 0.0000

RDE -0.475555 0.026005 -18.29 0.0000

SGAE -0.371779 0.01767 -21.04 0.0000

IE -0.502158 0.027814 -18.05 0.0000

SGAENSR -1512.57 698.3917 -2.17 0.0306

cBEM 38.254074 14.63065 2.61 0.0091

cSHER -2.980381 0.838908 -3.55 0.0004

cNSWCR -0.153281 0.033564 -4.57 0.0000

NSCAR 265.15728 93.52795 2.84 0.0047

Model B lis a subset of Model B but only includes the six most significant

independent variables: the amount of shareholder's equity; research and development

expenses; the net sales to current assets ratio; sales, general and administrative

expenses; gross profit; and interest expenses. The independent variables selected for

Model B1 produce an value of 65 percent and a NMSE of 0.35. The difference in

the value for Model B and Model B1 is less than 1.5 percent Table 5-17 shows

the ANOVA results and the parameter estimates for Model Bl.

89



Table 5-17. ANOVA and Parameter Estimates (Model Bl).

Source DF Sum of Squares Mean Square F-Ratio Prob>F

Model 6 1.39979el0 2.333e+9 313.8370 0.0000

Error 993 7381681428 7433717

C Total 999 2.13795el0

Term Estimate Std Error t-Ratio Prob>ltl

Intercept -484.5224 227.2167 -2.13 0.0332

SHE -0.145572 0.004719 -30.84 0.0000

RDE -0.450925 0.025945 -17.38 0.0000

NSCAR 282.76689 92.45533 3.06 0.0023

SGAE -0.365066 0.016771 -21.77 0.0000

GP 0.3815322 0.015502 24.61 0.0000

IE -0.47426 0.02784 -17.03 0.0000

Several other linear regression models were also considered in this research

effort, including models based only on balance sheet variables, income statement

variables, and a combination of balance sheet and income statement variables.

The regression model developed based only on independent variables

associated with a firm's balance sheet produced an value of 42.2 percent.

Table 5-18 shows the ANOVA results and the parameter estimates. In this model, a

significant amount of collineaiity existed with other regression variables, especially

total liabilities to shareholder's equity. As a result, a regression model based only on

balance sheet variables is not desirable.

The regression model developed based only on independent variables

associated with the income statement of a fum produced an value of 34.2 percent.

Table 5-19 shows the ANOVA results and the parameter estimates. Again, a

regression model based only on income statement variables is not desirable.
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Table 5-18. ANOVA and Parameter Estimates (Balance Sheet Variables).

Source DF Sum of Squares Mean Square F-Ratio Prob>F

Model 5 9028851785 1.8058e9 145.3309 0.000

Error 994 1.23507el0 12425233

C Total 999 2.13795el0

Term Estimate Std Error t-Ratio Prob>ltl

Intercept 120.43822 148.4181 0.81 0.4173

CA 0.0169389 0.008063 2.10 0.0359

TA -0.244379 0.112968 -2.16 0.0308

CL -0.029348 0.00672 -4.37 0.0000

TL 0.2443725 0.113264 2.16 0.0312

SHE 0.1282548 0.113117 1.13 0.2571

Table 5-19. ANOVA and Parameter Estimates (Income Statement Variables).

Source DF Sum of Squares Mean Square F-Ratio Prob>F

Model 7 7307818562 1.044e+9 73.5960 0.000

Error 992 1.40717el0 14185196

C Total 999 2.13795el0

Term Estimate Std Error t-Ratio Prob>ltl

Intercept -804.4961 156.5268 -5.14 0.0000

NSA -1.433646 0.823073 -1.74 0.0818

COG 1.4140918 0.822641 1.72 0.0859

OP 1.7246515 0.824008 2.09 0.0366

RDE -0.502772 0.044174 -11.38 0.0000

SGAE -0.36036 0.033396 -10.79 0.0000

IE -0.121044 0.04144 -2.92 0.0036

MI -0.050193 0.023522 -2.13 0.0331
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A regression model developed based only on independent variables associated

with the income statement of a firm, but also including the current-period EVA as a

variable, produced an value of 61.8 percent Table 5-20 shows the ANOVA

results and the parameter estimates.

Finally, the regression model developed based only on independent variables

associated with the balance sheet and the income statement of a firm, produced an

value of 65.5 percent Table 5-21 shows the ANOVA results and the parameter

estimates.

Table 5-20. ANOVA and Parameter Estimates (Income Statement Variables with

CPEVA).

Source DP Sum of Squares Mean Square F-Ratio Prob>F

Model 8 1.32063el0 1.6508e9 200.1569 0.000

Error 991 8173236883 8247464

C Total 999 2.13795el0

Term Estimate Std Error t-Ratio Prob>ltl

Intercept 14.359178 123.2175 0.12 0.9073

CPEVA 0.837904 0.031332 26.74 0.0000

NSA -0.482741 0.628604 -0.77 0.4427

COG 0.4812216 0.628237 0.77 0.4439

CP 0.2130002 0.630848 0.34 0.7357

RDE 0.2560655 0.044042 5.81 0.0000

SGAE 0.2764775 0.034864 7.93 0.0000

IE 0.274401 0.034887 7.87 0.0000

NI -0.019716 0.017972 -1.10 0.2729
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Table 5-21. ANOVA and Parameter Estimates (Balance Sheet and Income Statement

Variables).

Source DF Sum of Squares Mean Square F-Ratio Prob>F

Model 12 1.39942el0 1.1662e9 155.8526 0.000

Error 987 7385332261 7482606

C Total 999 2.13795el0

Term Estimate Std Error t-Ratio Prob>ltl

Intercept 130.16829 118.8398 1.10 0.2736

CA -0.006468 0.007722 -0.84 0.4024

TA -0.042953 0.088137 -0.49 0.6261

CL 0.002783 0.005981 0.47 0.6418

TL 0.0393507 0.088587 0.44 0.6570

SHE -0.104175 0.088348 -1.18 0.2386

NSA -0.222176 0.604399 -0.37 0.7133

COG 0.2261724 0.603963 0.37 0.7081

CP 0.6153009 0.604904 1.02 0.3093

RDE -0.459608 0.032524 -14.13 0.0000

SGAE -0.372819 0.024651 -15.12 0.0000

m -0.463331 0.052866 -8.76 0.0000

NI -0.006222 0.018036 -0.34 0.7302

Cluster analysis (see Chapter 6) was performed on the significant independent

variables selected for Models A and B to estimate the potential number of fuzzy rules

capable of being learned from the training data set Cluster analysis was also

performed on Models A1 and Bl.

D. Summary

Multiple linear regression analysis was used, as discussed in this chapter, to

determine the most significant independent financial variables useful in predicting the
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next-period EVA of a firm. The current-period EVA was found to be the most

significant independent variable and explains 52.7 percent of the variation in the

predicted next-period EVA of a firm. The next two most significant variables are the

amount of shareholder's equity and the change in total liabilities to shareholder's

equity. These two variables plus the current-period EVA explains 65.4 percent of the

variation in the next-period EVA amount. A formal statistical test for detecting

autocorrelation was performed but none was detected in the variables selected.

Other variables found to be significant in predicting the next-period EVA of a

firm included net sales; net sales to current assets ratio; pre-tax income to

shareholder's equity ratio; sales, general and administrative expenses to net sales ratio;

total liabilities; gross profit; research and development expenses; and change in break

even margin.

Two multiple linear regression models. Model A and Model B, and two subset

multiple linear regression models. Model A1 and Model Bl, are used as the

independent variables for determining the number of clusters and for determining the

fuzzy rules and membership functions using a genetic algorithm. Model A includes the

ten most significant independent variables identified including a firm's current-period

EVA. Model B includes the ten most significant independent variables identified

when excluding from the selection list the single most important independent variable,

a firm's current-period EVA. Multiple linear regression Model A and B have a subset

model called Model A1 and Model Bl which only includes those variables in the
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parent model that significantly contributes to increasing R^. None of the external

financial variables were found significant in predicting a firm's next-period EVA.
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Chapter 6

Cluster Analysis

A. Introduction

Cluster analysis is a statistical technique that is used to identify groups of data

within the set of observed data. In this research, the number of groups of data

(clusters) corresponds to the number of potential fuzzy rules available in the training

data set. By assuming that the training data came from a homogeneous population,

the number of fuzzy rules that could be learned from the population may be

significantly limited, and potentially just involve a single rule. However, most data sets

are nonhomogeneous and will consist of several different groups. Each group of data

contains its own uniqueness. To understand this better, consider the cluster analysis

illustration in Figure 6-1. This figure is a plot of data points on which two variables

are measured; a firm's next-period EVA (NPEVA) and the corresponding amount of

shareholder's equity (SHE). The figure shows what appears to be approximately 11

data clusters thus corresponding to 11 potential fuzzy rules required in describing the

set of data. For example, the rule describing the cluster Ca data set may be, "IF

shareholder's equity is high, then next-period EVA is likely to be low."

A number of methods have been proposed for grouping data sets into clusters.

However, most of the available techniques tend to be exploratory and descriptive in

nature [84]. As a result, small perturbations in a data set might lead to a different
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number of clusters. Thus, the optimal number of clusters for any given application

may have to be estimated subjectively. Fortunately, in this application, the number of

clusters and therefore the number of rules, do not need to be exact but only requires an

estimate within a specific range.
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Figure 6-1. Cluster Analysis.

The cluster process used in this research is based on the k-mean clustering

algorithms. The k-mean method originally proposed by J. MacQueen [85] in 1967 is

probably the most widely applied nonhierarchical clustering technique [86]. The k-

mean clustering algorithm minimizes the Euclidean distance between each observation

point and its cluster. To group a set of N observations into Ck clusters, the algorithm
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begins by randomly selecting the kc center for each Ck cluster. An individual

observation is assigned to the Ck cluster if the observation point, i, is nearer to the

center of Ck than to all the other cluster centers. Based on the assignment of

observation points to each cluster, new cluster centers are determined by using the

centers of gravity of each cluster. These new centers create a new partition for

assigning each observation and again determine new cluster centers. This process

continues until two succeeding iterations lead to the same partition or after meeting a

conveniently chosen criterion.

The quality of the fitted clusters is performed similar to linear regression

analysis. That is, the coefficient of determination, often referred to symbolically as R^,

is used as a measure of the cluster fit. The is defined as the sum of squares of the

Euclidean distances between the data points of a cluster and its centroid, divided by

the total sum of squares. The sum of squares of the Euclidean distances is a measure

of the tightness of the cluster. Therefore, if too few clusters are chosen, the error sum

of squares will be large resulting in a low R^ value. The mean square error (MSE) is

the error sum of squares divided by the degrees of freedom, and is a measure of how

well the clusters fit the data set Obviously, the smaller the MSE, the better the

observations fit the clusters. However, the MSE can be forced to be artificially low by

overfitting the data. By choosing a large number of clusters that may approach the

number of individual observations, the MSE approaches zero. Typically, as the
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number of clusters increase, the MSE tends to reach a point where additional clusters

have minimal effect on its value.

The following example will demonstrate the k-mean cluster method. In this

example, 20 observations are identified as shown in Figure 6-2.
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Figure 6-2. Cluster Data Set

The first step in using the k-mean clustering algorithm is to initially estimate

the number of clusters and randomly select the centers for each cluster. In the

example above, two clusters are selected with centers at (2,1) and (7,9). Each

individual observation in Figure 6-2 is assigned to a cluster center based on minimizing

the Euclidean distances between the cluster center and each observation point. Figure

6-3 shows the initial cluster assignment for each observation. The initial assignment of

observation points to the two randomly selected cluster centers has an MSE of 28.
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Figure 6-3. Cluster Data Set - Initial Assignment

Based on the initial assignment of the 20 observation points to each cluster

shown in Figure 6-3, new cluster centers are identified by calculating the centers of

gravity for each cluster. The new cluster centers are shown in Figure 6-4. The next

step is to assign each individual observation in Figure 6-2 to the new cluster centers

based on minimizing the Euclidean distances between the new cluster centers and each

observation point Figure 6-5 shows the assignment of each observation to the new

clusters. The MSB for the second assignment of observation points to the new cluster

centers is 14. This is a 50 percent reduction in the MSB from the initial cluster

assignment. The second and third iterations have an MSB of 8 and 6, respectively.

This is shown in Figures 6-6 through 6-8. The MSB may be further reduced (or the

value increased) by initially selecting more than two clusters. However, as the number

of clusters increase, the MSB approaches a minimum (or the value approaches a

maximum) where additional clusters will have little effect on further reducing MSB.
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Figure 6-5. Cluster Data Set - Second Assignment.
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Figure 6-7. Cluster Data Set - Third Assignment
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Figure 6-8. Cluster Center - Third Iteration.

After identifying the significant independent variables for the four multiple

linear regression models, and determining the number of data clusters in the training

data set, a genetic algorithm is used to search for the best fit fuzzy rules and

membership functions. This topic is discussed in Chapter 7. Before proceeding,

however, the next section discusses the experimental results of applying cluster

analysis to the training data set for Models A, Al, B and B1 variables discussed in

Chapter 5.

B. Experimental Results - Cluster Analysis

As previously discussed, the purpose of cluster analysis is to find groups of

data points within the observed data set. In this research, the groups of data (clusters)

estimate the number of potential fuzzy rules available in the training data set
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In Figure 6-9, the value is plotted versus the number of clusters for the data

related to the variables in Model A. This figure also shows that the value for more

than 20 clusters approaches a constant value above 80 percent. This would indicate

that beyond 20 clusters, that is 20 fuzzy rules, there is little evidence to suggest that

additional rules would significantly contribute to improving the fuzzy expert system

model.

With the data from the variables in Model Al, (Figure 6-10), the R^ value for

more than 30 clusters approaches a constant value. Figure 6-11 shows the R^ value

versus the number of clusters for Model B. For Model B, the number of clusters tend

to approach a constant beyond 30 clusters. Again, this would indicate that beyond 30

clusters, or 30 fuzzy rules, there is little evidence to suggest that additional rules

would significantly contribute to the expert system model. Finally, Figure 6-12 shows

the R^ value versus the number of clusters for the data related to Model Bl. For

Model Bl, the R^ value tends to approach a constant beyond 50 data clusters.

From Figures 6-9 and 6-10, and Figures 6-11 and 6-12, the more independent

variables per model, the greater R^ value is for the same number of clusters. For

example, the Model A variables with 20 clusters produce an R^ of 0.80; however.

Model Al variables require almost 50 clusters to produce the same R^ value. In

addition, more independent variables per model also result in the R^ reaching a

constant value with fewer clusters. Consequently, the more significant independent

variables included in the model, (that is. Models A and B), results in fewer clusters and
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a higher then does fewer significant independent variables. Thus, more significant

independent variables results in better fit clusters, that is, the distance between the

cluster's centroid and the cluster's observations are minimized.

Performing cluster analysis on the training data set helps to identify the number

of fuzzy rules potentially available. Using this information, the substring used for

encoding the fuzzy rules in the genetic algorithm (Chapter 7) can be reduced to

correspond to the number of clusters identified using cluster analysis. Without cluster

analysis, the number of potential rules for several independent variables can be

extremely large resulting in unreasonably large genetic string encoding requirements.

The computation time required by the genetic algorithm to search for the best fit fuzzy

rules and membership functions increases significantly as a function of the number of

fuzzy rules contained in the genetic string. Therefore, identifying the number of

clusters contained in the training data set prior to using the genetic algorithm to search

for the best fit fuzzy rules and membership functions can significantly reduce the time

required to develop a fuzzy expert system. Cluster analysis, by identifying the optimal

number of fuzzy rules available in the training data set, also helps to prevent overfitting

the model with an excessive number of fuzzy rules.

C. Summary

Cluster analysis identifies groups within the observation data. In this research,

groups of data clusters correspond to the number of potential rules available in the
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training set The cluster process used in this research is based on the k-mean

clustering algorithms. The k-mean clustering algorithm minimizes the Euclidean

distance between each observation point and its cluster.

The number of clusters is used by the genetic algorithm as a guide in

determining the optimal number of fuzzy rules as discussed in Chapter 7.
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Chapter 7

Genetic Algorithm and Fuzzy Expert System

A. Introduction

A genetic algorithm is a search technique based on Darwin's theory of evolution

by natural selection. A genetic algorithm uses the concept of survival of the fittest

among a set of search points to form a search procedure that crossbreeds and mutates

among the points that is biased toward allowing only the fittest to survive into

subsequent generations.

As an introduction, consider Figure 7-1 that represents the MSE versus a

combination of potential IF... THEN rules. In this example, a genetic algorithm is

used to search for the best fit (smallest MSE) combination of rules. This example is

similar to that used in this research. However, a genetic algorithm may also be used to

find the best fit solution to any multivaiiable function.
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Figure 7-1. Example of a Genetic Algorithm Minimum Point Search.
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A genetic algorithm is considered best suited to finding the solution to

problems with discontinuous, multimodal, and noisy search spaces. For a number of

real-world problems, traditional nonlinear search techniques are unsuitable and, as a

result, are limited in their application.

In the current literature, four general classes of procedures used in solving

nonlinear optimization problems are identified. They include multivariable search

methods, multivariable elimination procedures, random searches, and stochastic

approximation procedures. A genetic algorithm is different from the traditional

optimization methods in four ways [87, 88]:

1. Genetic algorithm works with a coding of the variable set, not the parameters

themselves.

2. Genetic algorithm searches from a population of points, not from a single

point.

3. Genetic algorithm uses the value of the objective function, not derivatives or

other auxiliary knowledge.

4. Genetic algorithm uses probabilistic transition rules, not deterministic rules.

Classical genetic algorithm codes the variable set of data as a finite-length

string of zeros and ones, or as a binary set of numbers. These coded strings are called

genetic strings or chromosomes. However, more recent research, especially by Davis

110



[89], shows that floating-point encoding may also be useful in many applications. The

binary set of coded numbers is then mapped to a specific value for each variable in the

interval to be studied. The genetic algorithm search starts with a population of binary

strings and thereafter generates successive populations of strings until it reaches an

optimal population.

Many search techniques require considerable more auxiliary information to

work properly. By contrast, a genetic algorithm does not need auxiliary information.

A genetic algorithm only requires the value of the objective function associated with

individual strings. Once the objective function is calculated for a population of binary

strings, probabilistic transition rules guide the search. A genetic algorithm uses

randomized steps in the search procedure as a tool to guide the search toward optimal

regions of the search space [90].

Thus, taken together, these four differences, direct use of a coding of the

variable set, search from a population of search points, blindness to auxiliary

information, and randomized operators, contribute to the robustness and resulting

advantage of a genetic algorithm over other traditional nonlinear optimization

techniques [91].

The genetic algorithm technique is summarized below in six steps [92]:

1. Initialize a population of chromosomes, i.e. binary string inputs.

2. Evaluate each chromosome in the population.
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3. Create chromosomes by mating current chromosomes; apply mutation and

recombination as the parent chromosome mate.

4. Delete members of the population to make room for the new chromosomes.

5. Evaluate the new chromosomes and insert them into the population.

6. If time is up, stop and return the best chromosome; if not, go back to 3.

B. Example - A Genetic Algorithm

The genetic algorithm technique summarized above will be discussed in more

detail using an example. The function to be evaluated is defined as:

/(Xi,X2) = 2Xi2-X2^ + 2X2.

The problem is to find values for Xj and X2 in the range of [0,6] which

maximizes the function /, i.e., to find Xq such that /(Xq) > /(Xi,X2), for all

Xi,X2 € [0,6]. The selected population size of search points is five, and the

precision is five discrete steps per unit number. The probability of crossover is

selected to be 25 percent and the probability of mutation is 1 percent.

The domain of the variables Xj and X2 has length six, thus the precision

requirement implies that the range [0,6] be divided into at least six times five equal

size ranges or 30 discrete steps. This means the binary vector (chromosome) requires

five bits:

16 = 24 <30 <25 = 32.
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To map from a binary string into a real number X, perform the following

transformation:

X = 0.0 + (Base 10 of binary discrete unit) ¤ (6.0/30.0).

For example, if the binary unit is [10011], the base 10 representation of the

binary number is 19.0 and the real number X is (0.0 + 19.0 * 6.0/30.0) or 3.80.

Initially, randomize the first population of the chromosomes. In the problem

above, the selected initial population is shown below where v,- represents chromosome

i:

First Population

VI =

V2 =
V3 =

V4 =

V5 =

Clearly, the chromosome V2 is the best of the five chromosomes since its

evaluation returns the highest value of the function, and chromosome V3 has the

smallest value.

The total fimess of the population is defined as

F = 2i=i to 5(vi) = 220.08.

The probability of a selection pj for each chromosome vj (i = 1,... 5) is:

PI = /(vi)/F= 0.114
P2= /(v2)/F= 0.289
P3= /(v3)/F= 0.077
P4= /(v4)/F= 0.250
P5= /(v5)/F= 0.269
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Xl X2 Xl X2 /(Xi,X2)
10011 10000 3.80 3.20 25.04

11100 00100 5.60 0.80 63.68

10100 11001 4.00 5.00 17.00

11010 00101 5.20 1.00 55.08

11101 10100 5.80 4.00 59.28



The cumulative probabilities qi for each chromosome vj are:

qi= 0.114
q2= 0.403
q3 = 0.480
q4= 0.731
q5 = 1.000

Next, select five random values between [0,1] for the new population.

Assume the random sequence is 0.1168,0.3530,0.1768,0.5078, and 0.7436. The

first random number 0.1168 is greater than qj but less than q2, and chromosome V2 is

selected for the new population. Similarly, the other four chromosomes are selected

to generate the following new set of five chromosomes:

Xl X2
v'l = 11100 00100

v'2 = 11100 00100

v'3 = 11100 00100

v'4 = 11010 00101

V5 = 11101 10100

The first recombination operator (crossover) is now applied to the

chromosomes in the new population. This action is called crossover. The crossover

probability being used is Pc = 0.25. Therefore, on the average, 25 percent of the

chromosomes will undergo a crossover action. The next step is to again select five

random values between [0,1] for the crossover action. Assume the random sequence

is 0.1673,0.9224,0.7546, 0.0754, and 0.2995. Choose all elements in the random

sequence that are less than or equal to 0.25; chromosomes v'j and v'4 are selected for
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the crossover action. The crossover point in v'j and v'4 is selected from a random

number between [1,10]; say 4. Thus, the crossover point is four, meaning the

crossover point is four bits from the left most bit in the chromosome. For example,

the first four bits of v'j and v'4 are switched to form v"i and ^"4-

population after crossover now becomes:

Xi X2
v"i= 11010 00100
v"2= 11100 00100
v"3= 11100 00100
v"4= 11100 00101
v"5= 11101 10100

The next recombination operator (mutation) is performed on a bit-by-bit basis.

The probability of mutation being used is Pm = 0.01. Therefore, on the average 1

percent of the bits are expected to mutate. Since there are five times 10 or 50 bits, 1

bit is randomly selected for mutation. After randomly selecting the 17® bit (the binary

value of the 17® bit changes from 0 to 1), the final population is:

Xi X2
v"'i= 11010 00100
v'"2= 11100 01100
v"'3= 11100 00100
^"4= 11100 00101
v'"5= 11101 10100

Mutation is sometimes needed to keep the algorithm from getting "stuck" at a less-

than-best solution. At this point, one iteration or one generation in the genetic
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Xl X2 Xl X2 /(Xi,X2)
11010 00100 5.20 0.80 55.04

11100 01100 5.60 2.40 61.76

11100 00100 5.60 0.80 63.68

11100 00101 5.60 1.00 63.72

11101 10100 5.80 4.00 59.28

procedure has been completed. The new generation of chromosomes is evaluated and

the results are shown below:

Generation 1

VI =

V2 =
V3 =

V4 =

V5 =

Chromosome V4 is now the best of the five chromosomes, since its evaluation

returns the highest value, and chromosome vj is the smallest The total fitness of the

new population F is now 303.48 for an improvement of 83.40 or 39 percent.

Now we are ready to run the selection process again, applying the genetic

recombination operators, and evaluating the next generation. Below is the output for

Generation 2.

Generation 2

VI =

V2 =

V3 =
V4 =

V5 =
F =

The total fitness of the second generation is now 317.16 for an improvement of

13.68 or 5 percent. Using the same procedural steps, a third generation of the

selection process is accomplished. The results are shown below:
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Xl X2 Xl X2 /(Xi,X2)
11100 00100 5.60 0.80 63.68

11110 00100 6.00 0.80 72.96

11100 01100 5.60 2.40 61.76

11100 00100 5.60 0.80 63.68

11010 00101 5.20 1.00 55.0$
317.16



Xl X2 Xl X2 /(Xi,X2)
11100 00100 5.60 0.80 63.68

11110 00100 6.00 0.80 72.96

11100 01100 5.60 2.40 61.76

11101 01100 5.80 2.40 66.32

11100 00100 5.60 0.80 63,68
328.40

Generation 3

VI =

V2 =

V3 =
V4 =

V5 =
F =

The total fitness of the third generation is now 328.40 for an improvement of

11.24 or 4 percent.

The maximum value selected from each population is summarized below:

F

220.08

303.48

317.16

328.40

Generation Xl X2 f(Xi,x2:

Initial Population 5.60 0.80 63.68

First Generation 5.60 1.00 63.72

Second Generation 6.00 0.80 72.96

Third Generation 6

As seen in the summary table above, the fitness value of the population

improves during each generation [93].

In summary, a genetic algorithm is a search technique based on the mechanics

of natural selection and survival of the fittest. As the example showed, a genetic

algorithm combines survival of the fittest among a given set of search points to form a

search algorithm that crossbreeds and mutates and is biased toward allowing only the

Attest to survive subsequent generations. The output result is the set of search points

that includes the best solution found to a nonlinear objective function.

.00 0.80 72.96

Global Maximum 6.00 1.00 73.00
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A genetic algorithm is best suited to finding the solution to problems that have

discontinuous, multimodal, and noisy search spaces. Traditional nonlinear solution

techniques depend on the restrictive requirements of continuity and the existence of

derivatives. An early developer of genetic algorithms, John Holland, said genetic

algorithms provide a far greater range of potential solutions to nonlinear problems than

conventional search programs [94].

Before continuing to discuss genetic algorithms as it relates to this research, a

brief introduction of fuzzy set theory is needed.

C. Fuzzy Set Theory

Most of the phenomena encountered in everyday life are imprecise. That is;

there is a certain amount of uncertainty, impression or fuzziness in the description of

our encounters. For example, a person is described as tall but no one can identify a

single number at which a person is tall and another person is short. This kind of

imprecision is a common phenomena whether in engineering, medicine, or business.

To mathematically describe the fuzziness associated with imprecision, Lotfi A.

Zadeh developed a model for the quantification of information using fuzzy sets and

their associated fuzzy numbers [95]. Fuzzy numbers are fuzzy sets used with

applications where an explicit representation of the ambiguity of the projected data is

required. For example, fuzzy numbers take into account the "almost," "about," and
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"likelihood," of numerical data. Therefore, fuzzy numbers provide a convenient

method to represent knowledge about certain types of events.

A fuzzy number is defined mathematically by assigning to each possible

element in the union of discourse a value representing its grade of membership in the

fuzzy set. This grade then represents the degree to which the element is similar or

compatible to the concept represented by the fuzzy set The fuzzy set may illustrate a

set of elements that represent the total sales in a particular year. For example, let A

equal the set of all possible values of total sales in a particular year, thus:

A= {aj, a2, a3,... an).

The elements of set A are further defined by the set's membership grade. A higher

membership grade means the element is more likely to occur.

A fuzzy number is defined by its characteristic function (called the membership

function) that takes on values in the interval [0,1], instead of in the binary set of {0,

1} used for crisp numbers. For example, let X be a referential set of all real numbers

that denotes a universal set An ordinary subset. A, of this real number set is defined

by its characteristic membership function and takes the form:

V X e X: |Ia(x) e [0, 1],

where [0,1] denotes the interval of real numbers from 0 to 1 which is the range of the

membership grade for the fuzzy number [96]. The membership function is read as "a

membership function" which maps every element of the universal set to the

interval [0,1].
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Fuzzy numbers also must be normal and convex. That is, the largest value of

^i^Cx) must be equal to 1, and the fuzzy number membership set must "not go up-and-

down" more than once. Figure 7-2 shows an example of a fuzzy number.

ItA(x) Fuzzy Number, A

0.8

1 2 3 4 5 6 7 8 9 10 X

Figure 7-2. Normal and Convex Membership Function for Fuzzy Number A.

The fuzzy number A shown graphically in Figure 7-2 may be interpreted as

representing the degree that the number X is possible. For example, when X is equal

to 2 or 10, the degree of membership is 0, thus representing that the possibility that X

is equal to 2 or 10 is zero or very impossible. However, when X is equal to 5, the

degree or membership is 1.0, meaning that 5 is extremely possible. When X is equal to

all other numbers between 2 and 10, the membership function represents the degree of

possibility for the number X. A membership function may also be expressed by an a-

cut, or a set of a-cuts. For example, for a = 0.4 in Figure 7-2, the a-cut is 3.2 to 7.2.
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The a-cut thus represents the domain of the membership function at a specific a value

[97].

Modifiers of fuzzy numbers include linguistic terms such as extremely, very,

somewhat, quite, more or less, slightly, most, several, few, almost impossible, quite

possible, quite true, and mostly true.

A convenient way to represent a fuzzy number is by defining the lowest value,

the highest value, and the most likely value or best value of the uncertain number.

Figure 7-3 shows how these three points produce a triangular fuzzy number.

Fuzzy Number, B

l.O

0.8

0.6

0.4

0.2

0.0

1 2 3 4 5 6 7 8 9 10*

Figure 7-3. Normal and Convex Membership Function for Fuzzy Number B.

Fuzzy numbers are an extension of interval arithmetic and form the basis for

fuzzy mathematics. Thus, fuzzy mathematics is a basic tool for dealing with fuzzy
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numbers. In addition, the familiar operations of arithmetic, addition, subtraction,

multiplication, and division can be defined for fuzzy numbers as well [98].

Fuzzy mathematics includes methods to add, subtract, multiply, and divide

fuzzy numbers. When performing a mathematical operation on one or more fuzzy

numbers, a new fuzzy number is produced. This resulting fuzzy number is imiquely

defined by its membership function. For example, adding fuzzy numbers A and B can

be represented by the new fuzzy number C. The new fuzzy number C can be defined

by its membership function, Pc(*) = addition of the

membership functions may be defmed as the addition of its a-cuts as follows [99]:

A + B = [ai(«), az^")] + [bi("),b2(«)],

where (a) is a specific a-cut, and a/®'^ b/'*^ and aj^^^ represent the left- and

right-hand X values of the membership function.

If we add the previously defined fuzzy numbers A and B at a=0.4, C is defined

as follows:

A = [3.2(0-4), 7.2(0-4)], and B = [3.l(0-4), 8.o(0.4)]^ then

C = [3.2(0-4)+3.i(0-4), 7.2(0-4)+8.o(0-4)], or [6.3(0-4), 15.2(0.4)]

Subtraction is performed in a similar manner. For example, if we subtract

fuzzy number B from A at a=0.4, C is calculated as follows:

C = [3.2(0-4).3.i(0.4)^ 7.2(0-4)-8.o(0-4)], or [0.l(0-4), .0.8(0-4)]

Division of two fuzzy numbers is computed by:

A/B = [ai(«)/b2("^, a2(")/bi(")],
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and multiplication is computed by [100,101]:

A X B = [a/"^ X aj^®^ x

D. Fuzzy Logic

The expansion of fuzzy sets and fuzzy numbers lead to the concept of fuzzy

logic. Fuzzy logic is a method of mapping a fuzzy input set to a fuzzy output set For

example, a fuzzy input set may be the fuzzy set called temperature and the fuzzy

output set may be the fuzzy set called pressure. Fuzzy logic is used to map the fuzzy

set "temperature" to the fuzzy set "pressure." One method to map two or more fuzzy

sets uses a fuzzy rule with fuzzy set qualifiers such as high, medium, and low. For

example, "IF input temperature 1 is high, and input temperature 2 is low, THEN

pressure is medium." However, more complex systems are typically characterized by

incorporating several fuzzy rules. Multiple fuzzy rules are combined using an

inference procedure as discussed below.

Fuzzy mathematics combines fuzzy rule sets. For example, assume we take

two fuzzy rules, R1 and R2, along with the antecedent input variable and consequent

output variable membership functions as shown in Figure 7-4. Calculate the

combined output by taking the minimum of the input value per linguistic value that

corresponds to a specific rule set and the maximum of the consequent variable

membership function. As an example, for R1 in Figure 7-4, the minimum input value

for the three linguistic values is 0.3, (0.3 VL), and the maximum consequent variable
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membership function is L Oow). This method of combining rules is called the Zedah

AND operator. Several other implication operators are frequently used depending on

the class of problems being investigated [102]. However, this research uses the Zedah

AND operator exclusively. The Zedah AND operator applies all fuzzy rules in parallel

and with equal weighting.

VL L. M H VH

Fuzzy Set
Input 1

Fuzzy Set
Input 2

Fuzzy Set
Input 3

El- IfFSIl=M,andFSI2=M,and
FSI3=VL then fuzzy output=I.

E2- IfFSIl=L,andFSI2=H, and
FSI3=L then fiizzy output=M

fm

Input 2

Output

Input 3

Figure 7-4. Fuzzy Rule Combination.

The necessity for altemative implication operators is motivated by the strict

minimum and maximum compensation of the Zedah AND operator. For example,

applying the Zadeh AND operator yields the following truth value:

comgequemt M'aittecedeat -1 ] * M'antecedeat - 2

eomtequmt
= min(0.56, 0.86, 0.21) = 0.21



Clearly, from the result above, the minimum of any truth value controls the

entire expression. For this reason, other implication operators have recently been

developed including several types of functional compensatory operators. Other types

of implication operators are not reviewed in this dissertation.

Several methods are also widely used to calculate or defuzzify the output

membership function including center of area method, center of maxima method, and

mean of maxima method [103]. Thus, in Figure 7-4 and throughout this research, the

final output value is calculated as the centroid of the combined consequent

membership function.

The fuzzy rules follow commonsense behavior of the system and are written in

terms of the membership function linguistic labels (see Figure 7-5). For example, a

typical fuzzy rule firom Figure 7-5 is "If Net Sales are LOW and Net Profits are

MEDIUM, then Project Investment should be MEDIUM." The illustration in Figure

7-5 refers to a fuzzy associative memory where antecedent 1 is net sales, antecedent 2

is net profits and the consequent is project investment

In this research, the fuzzy associative memory and the fuzzy membership

functions are both acquired using the genetic algorithm's search technique and based

on known, historical information.
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Net Sales (Antecedent 1)

Very
Low Low Medium High

Very
High

Very
Low

Very
I»w

Very
Low

Very
Low

Very
Low

Low Low Low
Very
Low

Very
Low

Net Profit

(Antecedent 2) Medium Medium Medium I Low I Low

High High High High Medium Medium

Vav VeryMedium Medium High High

Figure 7-5. Fuzzy Associative Memory for Project Investment

In summary, the fuzzy logic system model discussed earlier consists of four

modules; a fuzzy rule base, a fuzzy inference engine, and the fuzzification and

defuzzification modules. The interconnections among these modules are shown in

Figure 7-6.

Fuzzification

Module

Fuzzy Inference
Module

Defuzzification

Module
-Output

Ftjzzy Rule
Base

Figure 7-6. Block Diagram of a Fuzzy Logic Control System.



E. Fuzzy Expert System

How does one determine the "best fit" fuzzy rules and membership functions

for a specific application? The construction of the rule-base and membership functions

is the crucial and most difficult aspect of developing a fuzzy logic control system. It is

also a major criticism concerning fuzzy logic control models because there are no

universally accepted method for systematically developing the rules and membership

functions of a fuzzy logic controller. The classical approach used in developing a

fuzzy logic control system model is to use an "expert" or "experts" to define the rule

set based on their knowledge of the subject area. This research, however, uses a

genetic algorithm and historical information of the system as the method to determine

the fuzzy rules and membership functions.

The genetic algorithm is used to determine the best fit fuzzy rules and

membership functions using a set of historical information for leaming the rules and

membership functions. The genetic algorithm used in this research incorporates a

hybrid genetic string with the following substrings.

(551) Substring 1 = Antecedent membership function (Floating Point)

(552) Substring 2 = Consequent membership function (Floating Point)

(553) Substring 3 = Antecedent rule value (Integer)

(554) Substring 4 = Consequent rule value (Integer)

The genetic string is a combination of the substrings shown above:

Genetic String = [Float_SSl, SS2] [Integer_SS3, SS4]
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Example: For 10 input variables and 1 output variable, 5 membership functions per

variable and 50 rules, the genetic string consists of a floating point [11x5] plus an

integer [50 x 11] array.

The genetic algorithm steps involved in identifying the "best fit" fuzzy rule set

and membership functions for this research are listed below.

Step 1: Generate a random set of n possible genetic strings (Each genetic string

consists of the four substrings) Note: Each genetic string represents all

variable membership functions and rule combinations.

Step 2: Calculate the EVA amount using fuzzy logic for each genetic string and

compare with known historical EVA data.

Step 3: Determine genetic fitness value by calculating the normalized mean square

error of the calculated EVA using fuzzy logic compared to the known

historical value.

Step 4: Produce a next generation of genetic strings and go to Step 2. Stop when

normalized mean square error is less than an established preset value.

Step 5: The optimal rule set is the last generated set of genetic strings.

It is interesting to note that with just 10 attributes and 5 linguistic values per

attribute, the combination of potential rules is more than 9.7 million [(linguistic value

per attribute) Given the 9.7 million rules, the genetic algorithm

128



searches for the combination of rules that best fits the knowledge base to generate the

"expert" rule base. Using this technique, no expert is required to generate the rule set.

The reproduction operation of the genetic algorithm used in this research is

performed using a ranking selection procedure. The previous example discussed in

this chapter used proportional selection. In ranking selection, the population of

chromosomes are ranked according to their fitness, and the probability of selecting a

chromosome for reproduction is given by a specific function. The concept of elitism is

also used in choosing the best fit chromosomes. That is, if no increasingly fit

chromosomes are found from one generation to the next, the elitist policy carries

forward the most fit individual from the previous generation into the next generation.

The crossover operation in the genetic algorithm is performed differently on

the floating point substring then the binary substring. For the binary substring, the

crossover operation is performed similar to what was described in the previous

example. However, for the floating point substring, the crossover is performed by

taking the randomly weighted mean of two substrings to create the new substring.

The mutation operation for the binary substring is also performed similar to

that described in the previous example. For the floating point substring, however, the

mutation operation is performed by adding or subtracting a random number to the

substring, within some preset range, to create the new substring.
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The fuzzy implication operator used in this research is based on the Zadeh

AND operation. The defuzzification method is based on the centroid of the combined

fuzzy output membership functions.

The fuzzy membership functions are restricted to the Gaussian form. One

advantage of using the Gaussian membership functions is that they have non-zero

values at every point in the domain. This is in contrast to the triangular membership

function commonly used that has zero values outside the range of the triangle.

F. Developing a Fuzzy Expert System

The following example will briefly discuss the development of a fuzzy expert

system using a hybrid genetic string similar to that used in this research.

Suppose a company is interested in identifying the rules that can better predict

the electrical energy consumption for a large aluminum processing facility based on

two attributes: the time of day and outside temperature change. For example, a

typical rule used by the plant supervisor to predict the electrical energy consumption

might be "IF it is very early morning and the temperature is dropping, THEN the

electrical energy consumption is very high."

Because the electrical energy consumption of the aluminum manufacturing

facility has been closely monitored, extensive data is available for a range of times and

temperature conditions. The genetic algorithm uses this historical information to
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identify the best fit fuzzy rules and membership functions to predict future electrical

consumption.

With two attribute variables and one consequent variable (five linguistic terms

per variable), there is a total combination of 25 possible rules (See Figure 7-7 below).

For example, Rule Rll is "IF the time is very early and the temperature is dropping

fast, THEN the electrical energy consumption is likely to be <consequent C11>."

Time (Antecedent 1)

Very Very
Early Early Normal Late Late

Temperature

Dropping
Fast

Oil 012 013 014 015

Dropping C21 022 023 024 025

Static C31 032 033 034 035

Rising C41 042 043 044 045

Rising
Fast C51 052 053 054 055

Figure 7-7. Fuzzy Associative Memory for Electrical Energy Consumption.

The fuzzy expert system uses the evolutionary search capabilities of the genetic

algorithm, and historical information on electrical energy consumption, to identify the

rules that are best able to predict electrical consumption, i.e., C11 in Figure 7-7 in the

above example.
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In addition to learning the best fit fuzzy rules, the genetic algorithm also

searches for the best fit fuzzy membership functions that define the linguistic terms like

temperature is dropping fast and the time is very early. For example, the fuzzy

membership functions for time can be represented by the Gaussian membership

functions shown in Figure 7-8.

VE E N L VL

MembersNp 0.5
Function

I— 1

4:00 5:00 6:00 7:00 8:00 9:00 10:00

Time (AM)

Figure 7-8. Fuzzy Membership Function for Time.

The first step in developing a genetic algorithm as a learning mechanism to

determine the best fit fuzzy rules and membership functions is to define the genetic

encoding technique. In this research, the total genetic string consists of a hybrid of

floating point and integer coding strings. The genetic string actually consists of four

substrings as shown below:

(551) Substring 1 = Antecedent membership function (Floating Point)

(552) Substring 2 = Consequent membership function (Roating Point)
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(553) Substring 3 = Antecedent rule value (Integer)

(554) Substring 4 = Consequent rule value (Integer)

For example, the fuzzy membership functions shown in Figure 7-8 can be

described as Gaussian functions with two unknown values: the mean, |i, and the

standard deviation, a. Therefore, Substring 1 (antecedent membership function) may

be represented by a floating point number with values for p. and o. The fuzzy

membership function represented by Substring 1 is and represents the mean and

standard deviation for antecedent i and membership function m:

Substring 1: [\iW^,liWai--'Vi'a2f^a2]

The consequent membership function can be similarly represented as Substring

2 where p"(y" represents the mean and standard deviation for single consequence c

and the membership function m:

Substring2:

The fuzzy rules may be represented by integer values as shown below where

Rab represents the linguistic values for antecedent a and antecedent b:

Substring 3: [Rll, R12, R13 . . . R55]

The consequent rule value may be similarly written as:

Substring 4: [Gil,C12, C13 ... C55]

Finally, the combined genetic hybrid string is shown below:

Genetic String: [pi,aii,p^,a^i...pf2af2,pX.lic«yc-l^!<jf.Rll-R55,ClI...C55]
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It is important to note that in the electrical energy consumption example, there

is a maximum possible combination of 25 rules, therefore, the genetic string includes

25 rule combinations and 25 consequence values. However, for most applications and

demonstrated in this research, the number of possible rule combinations is very large

and requires cluster analysis to determine the number of potential rules available given

the training data set Otherwise, encoding all possible combinations of potential rules

in a genetic string would become impracticable. For example, assume cluster analysis

was performed on the historical electrical energy consumption data and 10 clusters

were identified. Therefore, 10 rules and consequence values would be encoded in the

genetic string. Using the basic example above, a hypothetical hybrid genetic string

with 10 encoded rules and membership functions may appear as shown in F-1:

vi: [4.01 0.96 5.82 0.81 7.30 1.21 8.36 0.76 9.82 1.31 -6.21 1.25 -1.60 2.30

0.02 1.24 2.96 1.22 4.96 2.30 224551423331215143343242351124] (F-1)

Outlined in the following discussions are the five genetic algorithm steps

involved (and previously identified) in determining the "best fit" fuzzy rule set for this

example and the research discussed in this dissertation.

Step 1: Generate a random set of n possible genetic strings similar to F-1 (Each

genetic string consists of four substrings).
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Step 2: Calculate the electrical energy consumption using fuzzy logic (discussed in

Section D) for each genetic string, and compare the results with the historical

electrical energy consumption data, Le., the training data set For example,

each genetic string in the population is decoded to form the fuzzy rules and

membership functions. These fuzzy rules and membership functions are then

used by the fuzzy logic module shown in Figure 7-9 to calculate the predicted

electrical energy consumption.

Input FBstorical

Data Fuzzification
Fuzzy Rules
andMF

Defuzzihcation
Output

►

Figiue 7-9. Block Diagram of the Fuzzy Logic Module.

The output error is the difference between the predicted value using fuzzy

logic and the historical value. The objective of the genetic algorithm is to

search for the best fit fuzzy rules and membership functions that minimizes the

output error.

Step 2 determines the genetic fitness value by calculating the differences

between the values using fuzzy logic and the historical value. Once the fitness

values are calculated, the first genetic algorithm operation called reproduction

is performed on the chromosomes. Several types of reproduction operations
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are frequently used by a genetic algorithm such as steady-state reproduction

and ranking reproduction. This research uses ranking reproduction as

previously discussed and illustrated below.

Example:

Suppose the initial population is randomly selected for five chromosomes

similar to F-1. The following fitness values are then calculated, which may

represent in the previous example the difference between the predicted

electrical energy consumption and the actual electrical energy consumption as

determined using the historical information (training data set):

First Population

chromosome fithgSS
Vi = 63
V2= 21
V3 = 10
V4 = 86
V5 = 43

The average fitness value for the randomly selected furst population is 44.6.

Using the ranking selection procedure, the probability of selecting a specific

2  2chromosome for reproduction is give by P{select(yi)\= q where
V  v(v+l)

V is the number of chromosomes and q is the chromosome fitness rank. The

five chromosomes are ranked by increasing value of their fitness measure

which is the difference between the fiizzy logic value and the related historical
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value (V3, V2, \s, Vi, and V4), and are shown in Figure 7-10 based on the above

equation to calculate the selection probability.

0.35

Probabilit/
of Selection

0.30--

055 -

0.20 -

0.15 - -

0.10 n -

0.05 -

0.00 J

2  3

Chromosome Rank

Figure 7-10. Chromosome Rank Selection.

From Figure 7-10, the best fit chromosome (that is, the one with the least

output error), V3 (rank 1), has a 33 percent chance of being selected for

reproduction, and the least fit chromosome, V4 (rank 5), has a 7 percent

chance of reproduction.

Next, five random values are selected between [0,1] for the new population.

Assume the random sequences are 0.2584,0.6873,0.1245,0.3867, and

0.8947. The first random number 0.2584 is less than qa but greater than q3;

therefore, select q2 or chromosome V2 for the new population. Similarly,

select the other chromosomes to generate the following new population:
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First Population Reproduction

chromosome fitness

V'2 = 21
V'3 = 10
v'l = 63
V*3 = 10
V*3 = 10

The average fitness value for the first reproduction is 22.8. Following

reproduction, the genetic algorithm recombination operators, crossover and

mutation, are performed as discussed in Step 3.

Step 3: Perform crossover and mutation operations on the chromosomes in Step 2 to

generate a new population of five chromosomes.

As previously discussed, the crossover operation is performed differently on a

floating point substring then on a binary substring. For the integer substring,

the crossover operation is performed similar to the procedure described earlier

in the example in Section B. However, for the floating point substring, the

crossover is performed by taking the randomly weighted mean of two

substrings to create the new substring.

Example (Floating Point Crossover):

vi = [4.01]
V2= [5.92]
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Crossover is computed using a randomly weighted mean calculated using

{(l+XH')fc+(l-xw)a} , - . .
where b> a and represents the floatmg pomt

chromosome value, x is a random number between [-1,1], and w is a

parameter specifying the degree that the crossover may vary from the mean of

the two chromosomes. Thus, if w = 0, the crossover will be the mean of the

parent chromosome values and if w = 1, the crossover will produce a random

number between the parent chromosome values. In the example above, if w =

0.5 and x = 0.18, the new crossover value is 5.05.

For integer values, crossover is performed on a randomly selected number of

integer values by copying directly from the two parents.

Example (Integer Crossover):

vi= [13 2 42]
V2= [2 5 3 23]

For example, using the five random numbers generated in Step 1 (0.2584,

0.6873,0.1245,0.3867,0.8947) and a crossover cutoff point of 0.5, would

result in the first integer value 1 being copied to the new chromosome.

However, the second random value is greater than the crossover cutoff point

0.5 resulting in the integer value 3 not being copied to the new chromosome.

Similarly, the other integer values create the final chromosome being

[1 5 2 4 3].
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The mutation operation for the integer substring is also performed similar to

the procedure described earlier in the example in Section B, For example, a

random number is selected for every integer value. If the random number is

less than a preset value, the integer value is replaced with a random integer

within the range of 1 to 5. For the floating point substring, the mutation

operation is performed by adding or subtracting to the substring, a random

number, within some preset range to create the new substring.

Both crossover and mutation are performed at the knowledge level, that is,

the maximum and minimum value resulting from the crossover and mutation

operation is limited to within the preset range for the floating point and

integer values. For example, the integer range is limited to integer values

between 1 and 5.

Step 4: Produce the next generation of genetic strings and go to Step 2. Stop when

the error is less than a preset value.

The crossover and mutation operations discussed in Step 3 produces a new

set of chromosomes using the parent chromosomes from Step 2. The new

parent chromosomes are then evaluated to determine their fitness values. K

the average fitness value of the new chromosome is less than a preset value or

the number of generations has reached a preset value, go to Step 5; otherwise,

go back to Step 2 and perform a new generation of the algorithm.
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Step 5: The best fit rule set and membership functions are the last generated set of

genetic strings.

The genetic algorithm and fuzzy logic software used in this research was

implemented on several networked SPARCStation 1,5 and 10 hardware platforms

located at the University of Tennessee Computer Science Department in Knoxville,

Tennessee. The SPARCStations are developed by Sun Microsystems, Inc. located in

Mountain View, California. The genetic algorithm and fuzzy logic software used in

this research is parallelized using Parallel Virtual Machine (PVM). PVM is a software

system that allows a heterogeneous network of computer systems, i.e.,

SPARCStations, to appear as a single large parallel computer. By using PVM, the

large computational problem inherent in a genetic algorithm can be solved by using the

aggregate power of several computers appearing as a single computer [104].

The time required to execute the genetic algorithm and fuzzy logic software

using PVM is a function of the number of parallel processors. For example. Model A

variables (10 independent variables) with 20 rules using two SPARCstation 10s, 24

SPARCstation 5s, and 31 SPARCstation Is require an average execution time per

generation of 27 seconds. The experiments performed in this research was conducted

using a minimum of 2,000 generations requiring 15 hours per complete nm.

Analysis of the software indicates that 69 percent of the computation time is

involved with the fuzzification and applying the rules and 25 percent of the time is
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involved with the defuzzification process. The remaining 6 percent is involved in the

computer interface and general overhead.

G. Experimental Results - Fuzzy Expert System

The genetic algorithm searches for the "best fit" fuzzy rules and membership

fimctions based on the independent variables previously identified using multiple

linear regression analysis. For each of the four linear regression models. Models A,

Al, B, and El from Chapter 5, the genetic algorithm is used to identify the fuzzy

rules and membership functions for set of 3,10,20,30,40, 50, and 60 rules. The

genetic algorithm performs a minimum of 2,000 generations or continues until the

change in the NMSE for the last 200 generations approaches zero.

Figures 7-11,7-12,7-14, and 7-15 respectively show the NMSE versus the

number of rules used for Models A, Al, B, and Bl. In each figure, the 'R' value

designates the NMSE for the multiple linear regression model. Tables 7-1 and 7-2

show the best fit fuzzy rules for Models Al and Bl. Figure 7-13 shows the fuzzy

membership functions for Model Al.

Figures 7-16 and 7-17 respectively show the combination of Models A and

Al, and Models B and Bl. In addition. Figures 7-18 and 7-19 respectively show the

combination of Models A and B, and Models Al and Bl. Figure 7-20 shows the

NMSE versus all models for 3,10,20,30,40,50 and 60 rules. The NMSE for the
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Figure 7-11. NMSE vs. Number of Rules for Model A.

0.65
0.64

0.60

0.55 - -

0.50 ■■

0.45 • -NMSE
0.40 ■ -

0.34
0.35

0.30 "0:29

0.25 - - 0.270.26 0.26 0.26
0.20

10 20 30 40

Number of Rules

50 60

Figure 7-12. NMSE vs. Number of Rules for Model Al.
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Table 7-1. Model A1 - 30 Rules.

Rule IF CPEVA SHE cSHER NSCAR cTLSHER THEN NPEVA

1 L L H DC VL H

2 M M VL DC L VL

3 M L VL M H L

4 H L H M DC VH

5 H M M M L M

6 H VL VH H M VL

7 H VL H H L VH

g H DC VH VL DC VL

9 VL H L L DC L

10 DC DC L M L H

11 M M L DC VL M

12 VH VL L VL DC VH

13 VL VH L L DC VL

14 VH M M M DC VH

15 VL L L M VL L

16 VH H L DC L VH

17 VL DC H VL L VL

18 VH VH L M M VL

19 H DC DC DC VL H

20 L H L DC M VH

21 VL H VL M VH H

22 DC M DC VL VH H

23 VH L H M M L

24 L L L H DC VL

25 L VL H VL VL VL

26 L M DC L VH H

27 H H M VL VL L

28 H VL M L VH L

29 VH L L L M M

30 VL VL VL L H VH
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Figure 7-13. Model A1 Variable Membership Functions.
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Table 7-2. Model B1 - 50 Rules.

Rule IF NSCAR SHE GP RDE SGAE IE THEN NPEVA

1 M H T, H VH H M

2 H VH VH VI, H M M

VL M VH VI. DC VH L

4 DC M DC M VL VH H

5 T. DC H T. T. DC VH

6 VL M DC DC DC VH M

7 M M L H M VH VH

R DC H H DC L H H

9 H VI. VH M H L VH

10 M VH VI. VH H DC M

11 DC DC L L VH DC VL

12 DC VL VH VL DC VH VH

n DC M L L VI. DC H

14 VH VH M H H M VH

15 vr. DC VI. L M VH L

16 VL M VL VH M H H

17 VH M M VH M L L

18 VL L L M L VL M

19 M DC L M VH VH VH

20 M VH DC H VI, VH T.

21 L H VI. VL DC M H

22 L L H H H H VH

23 L L M VH DC DC L

24 M VI. H M H H M

25 VL DC M M H VL H

26 M M DC VL L VH M

27 DC T. VI, VI. VI, T, VH

28 H M VH L L VH T.

29 DC DC L VI, DC M L

30 L L M VL L H VH

31 VL VH M VH L M L

32 T. H VI, DC T, H VI,

33 DC M H DC VL DC L

34 H DC VH M VH H L

35 DC L DC VH DC DC M

36 M M VH M VH M H

37 DC VI, DC VH H DC H

00

VL L L M L VH M

39 M H L M VL DC, VL

40 L T, DC VL DC DC, H

41 VL VL VH L I. L VL

42 DC VI. DC. VI, DC DC H

43 H VH L L DC VL H

44 VL VH H H DC M VL

45 VH L VL VH DC, VH VH

46 L DC H VL M VL H

47 H DC M VI. M DC M

48 DC M L VL M DC M

49 VH M H VL DC. DC VH

fjO vr. M H VI. M I, T.
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multiple linear regression model is shown in Figures 7-16 through 7-19, and is

designated by 'R' followed by the name of the model.

Several conclusions can be inferred from the experimental results shown in

Figure 7-11 through Figure 7-19, and Table 7-1 and Table 7-2.

As shown in Figure 7-20, the fuzzy expert system model produces a smaller

NMSE than does a multiple linear regression model for 20 or more rules. Below 20

rules, the multiple linear regression model has a smaller NMSE. The fuzzy expert

system model also ou^rforms the multiple linear regression model for 20 or more

rules even when the multiple linear regression model includes all quadratic and

crossproduct terms. When CPEVA is included as an independent variable, there is a

significant reduction in the NMSE using the fuzzy expert system model versus the

multiple linear regression model from approximately 23 to 28 percent

When the number of independent variables in Models A and B are reduced to

include only those independent variables that result in a minimum increase of one

percent improvement in R^, thus Models A1 and Bl, the NMSE using the multiple

linear regression equation slightly increases. However, when using the reduced

independent variable set. Models A1 and Bl, the fuzzy expert system results are a

significant reduction in the NMSE, especially as compared to Models A and B shown

in Figures 7-12,7-15,7-16, 7-17,7-19 and 7-20.

Why does the NMSE increase for the fuzzy expert system model yet decreases

for the multiple linear regression model when additional independent (significant)
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variables are added? For Models A and B, the total number of potential rules and

membership functions is over 362,797,056 whereas with Models A1 and Bl, the total

number of potential rules and membership functions is only 46,656 and 279,936

respectively. Thus, the total search space for the genetic algorithm for Model A1 is

7,776 times smaller than for Model A, and Model Bl is 1,296 times smaller than

Model B. The genetic algorithm is using the same number of chromosomes for each

model to search for the "best fit" fuzzy rules and membership function, however, for

Models A1 and Bl, the potential search space is significantly smaller resulting in a

higher probability of identifying a better fit fiizzy rule and membership combination.

However, in Figure 7-11, the minimum NMSE for Model A with 20 rules is 0.24

which is less than that found for the other models. The explanation is that the genetic

string for Model A with 20 rules consists of a floating point [11x5] plus a binary [20

X 11] array for a total of 275 elements. However, Model A1 with 40 rules has the

same number of genetic string elements as Model A with 20 rules. Therefore, the

smaller the search space, the greater the probability that the genetic algorithm will fmd

a better set of fuzzy rules and membership functions give a specific number of

evaluations. In the research discussed in this dissertation, the genetic algorithm

constrains the search space by the number of rules and the number of independent

variables.

Another conclusion inferred from the experimental results is that beyond a

specific number of rules, adding more rules do not contribute to reducing the NMSE.
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For example, in Model A, 20 rules results in the minimum NMSE. This also correlates

to the number of clusters at which the change in the value in Figure 6-9 approaches

a minimum. This same analogy is also true for Model B which has a minimum number

of 30 clusters.

Why does the NMSE not improve with additional rules? As shown using

cluster analysis in Models A and B, the additional information that is available in the

training data set for learning new rules decreases significantly beyond approximately

20 to 30 rules. Beyond 20 to 30 rules, additional clusters are represented by only a

few, and in some cases just one single observation, therefore, corresponding to a single

rule for a single observation. Thus, a single rule's contribution to reducing the NMSE

for a single observation is small considering the 1,000 observations contained in the

training data set. Another reason why the NMSE does not improve with additional

rules is the same explanation discussed earlier; more rules results in the genetic

algorithm searching over a larger search space to identify the "best fit" fuzzy rules and

membership functions.

When the number of independent variables are reduced in the model, however,

the number of rules that result in a minimum NMSE increase. That is, with fewer

variables used in classifying the data set, more clusters or rules are required for

learning the "best fif' fuzzy rules and membership functions. For example, with Model

A, the minimum NMSE results in 20 rules, however with Model Al, the minimum

NMSE results in 30 rules. For Model B, the minimum NMSE occurs with 30 rules.
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and with Model Bl, the minimum NMSE occurs with 50 rules. From Figures 6-9,6-

10,6-11 and 6-12, the change in the value versus the number of clusters

approaches zero beyond the number of rules that correspond to the minimum NMSE

using the fuzzy expert system model. Thus, the more independent variables, the more

specific each individual cluster resulting in a better fit of the data, and the fewer

number of clusters required for describing the training data set This can also be seen

by observing that the value for 50 clusters is greater for Models A and B than it is

for Models A1 and Bl.

Given the four models, the minimum NMSE results in Model A with 20 rules

followed by Model A1 with 30 rules. The fuzzy rules for Model A1 is shown in Table

7-1 and the fuzzy membership functions are shown in Figure 7-13. Notice that in

Figure 7-13, the fuzzy membership functions are not uniformly spaced but have been

evolved by the genetic algorithm to minimize the NMSE when applied to the training

data set

The difference in the fuzzy expert system for Model A with 20 rules versus the

multiple linear regression equation for Model A is a reduction in the NMSE of

approximately 28 percent

H. Summary

A genetic algorithm is a search technique based on Darwin's theory of

evolution by natural selection. In this research, a genetic algorithm uses historical
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information, which is called the training data set, to search for the "best fif * fuzzy rules

and membership functions that minimizes the error between the predicted value using

the fuzzy rules and membership functions and the training data set

Four sets of "best fit" fiizzy rules and membership functions, using 3 to 60 rule

combinations, were found using a genetic algorithm. These best fit fuzzy rules and

membership functions are compared to a multiple linear regression model. In

summary, the results of this comparison are as follows:

• The fuzzy expert system model produces a smaller NMSE than does a multiple

linear regression model for 20 or more mles.

• When CPEVA is included as an independent variable, there is a significant

reduction in the NMSE using the fuzzy expert system model versus the multiple

linear regression model from approximately 23 to 28 percent

• When the number of independent variables in Models A and B is reduced to

include only those independent variables that result in a minimum increase of one

percent improvement in (Models A1 and HI), the NMSE using the fuzzy expert

system decreases.

• The smaller the search space, the greater the probability that the genetic algorithm

will find a better set of fuzzy rules and membership functions given a specific

number of evaluations.

• Beyond a specific number of rules, adding more rules do not contribute to

reducing the NMSE.
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Chapter 8

Validation
«

A. Introduction

As previously discussed, the validation data set includes 91 companies chosen

at random from a population of small, publicly owned, technology-based companies.

A statistical hypothesis test of the training and validation data set using a Student's t-

test at the 0.05 confidence level was performed for the mean values of current-period

EVA, next-period EVA, shareholder's equity, and change in total debt to

shareholder's equity ratio. There was no statistical evidence of any significant

difference between the mean values for the training and validation data sets among

these pairs.

For each of the four fuzzy expert system models discussed in Chapter 7, the

validation data set is tested using the fuzzy rules and membership functions

corresponding to the minimum NMSE for each model. The four multiple linear

regression models are also tested using the validation data set. Figure 8-1 and 8-2

show the results. In each figure, the NMSE for a specific model is shown for both

the validation data set, designated by a small V following the name of the model, and

the training data set designated by a small't' following the name of the model.
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B. Validation Results

Several conclusions can be inferred from analyzing the validation data set using

the multiple linear regression and the fuzzy expert system models. The comparative

results are depicted in Figures 8-1 and 8-2.

The fuzzy expert system with the Model A variables does not reduce the

NMSE, as compared to the multiple linear regression model, when using the validation

data set For example, the fuzzy expert system using the Model A variables has a

NMSE of 0.24 with the training data set but only 0.37 with the validation data.

Likewise, the fuzzy expert system with the Model B variables does not reduce the

NMSE using the validation data. The same is also true for Models A and B when

applying the multiple linear regression model to the validation data. However, for

Models A1 and Bl, which have the reduced number of variables, there is a significant

reduction in the NMSE when applying the fuzzy expert system model to the validation

data set in comparison to the multiple linear regression model.

Why do Models A and B, which have more independent variables than Models

A1 and Bl, perform worse when applied to the validation data set? This phenomenon

may be explained by excessive learning in the development of Models A and B when

applied to the training data set. As demonstrated from the multiple linear regression

analysis, there is considerable noise associated with the training data set. This was

verified by the large MSE shown in Tables 5-10 and 5-16. For the regression model,

the total error sum of squares equals 33 percent of the total sum of squares.
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Thus, approximately 33 percent of the variation in the data can be explained by the

error term in the regression equation. This error term can also be viewed as

unexplained noise in the observation data. The genetic algorithm does not distinguish

between the actual signal and random noise in the training data. The genetic algorithm

attempts to find the "best fit" fuzzy rules and membership functions given the data. As

a result, the "best fit" fuzzy rules and membership functions learned in developing

Models A and B includes results that minimize the NMSE given the combined signal

and noise. However, the noise associated with the training data set may not be the

same noise as that found in the validation data set As a result, a model with fewer

attributes or independent variables wUl tend to be less sensitive to random noise and

more responsive to general trends in the observation data.

In conclusion, the fuzzy expert system with independent variables that only

include terms that contribute measurably to increasing the value in the multiple

linear regression equation, ouq)erforms the multiple linear regression model when

applied to both the training and validation data set. In addition, the best multiple linear

regression and fuzzy expert system model, i.e., the model with the smallest NMSE, has

the most significant independent variables.

However, an important criteria for a good learning expert system model for

use in this application is one that provides an accurate prediction of the financial

performance of small technology based companies, (within the limits of the data) as
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well as provides insight and understanding into the predictive structure of the data.

The next section discusses the information content provided by both types of models.
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Chapter 9

Information Content

A. Introduction

The usefulness of a model is not based just on its ability to accurately predict a

future event, but also on its ability to provide the user with additional information

content about a specific application. The information content provided by the multiple

linear regression model and the fiizzy expert system model in this research is different,

and each provides its own unique perspective into the analysis of the problem. No

research in model development would be complete without an analysis of the

information content provided by the model. For this reason, a comparative discussion

of the information content provided by the multiple linear regression model and the

fuzzy expert system model is provided in this chapter.

B. Information Content Analysis

The information content provided using a multiple linear regression analysis

model includes the significant contribution made by each of the independent variables

or attributes given in the observation data. In addition, the regression coefficients

indicate the direction and magnitude the independent variable contributes to the

predicted variable. For example, in Model Al, the multiple linear regression model
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(equation) is: NPEVA = -$612.93 + 0.492(CPEVA) - 0.066(SHE) +

0.338(cTLSHER) + 362.2(NSCAR) - 2.82(cSHER). The Model A1 multiple linear

regression equation indicates that a one unit increase in the current-period EVA will

result in a 0.492 unit increase in the next-period EVA. Likewise, a one unit increase in

shareholder's equity will decrease the next-period EVA by 0.066 units.

Advanced multiple linear and non linear regression models that include

crossproduct and quadratic terms become more difficult to interpret. In most cases,

these multiple linear regression equations have no relationship to the physical structure

of a problem other than providing additional regression coefficient terms to reduce the

MSE and increase the R^ value.

The fuzzy expert rules and membership functions that were shown in Table 7-1

and Figure 7-13 respectively, provide additional information, plus a better fit to the

training and validation data set than does the multiple linear regression model. For

example, consider Rule 7 in Table 7-1: IF CPEVA is VH, and cSHER is H, and

NSCAR is H, and cTLSHER is L, THEN NPEVA is VH. Rule 7 is unique, that is,

none of the other 29 rules in Table 7-1 are identical to Rule 7. In fact, all the rules are

unique. Therefore, based on the Zedah AND implication operator used in this

research, if a firm had independent variables equal to the value stated in Rule 7 to a

degree of 1.0, the predicted NPEVA would be VH to a degree of 1.0. However, in

most cases, the final NPEVA result will be a combination of several rules applied in

parallel. The parallel nature of the fuzzy implication operation also makes it more
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difficult to develop an intuitive feeling for the rules. Nevertheless, the rules do provide

additional insight into the problem. For example, consider the information in Table 7-

2 which shows the fiizzy rules for Model Bl. It can be concluded from this

information that when a firm incurs a minimum amount of high research and

development costs, the next-period EVA is likely to be medium. This would indicate

there is a positive relationship between the amount of research and development

expenses and a firm's next-period EVA.

In addition to fuzzy rules, additional information content is provided by

observing an independent variable's membership function. For example, in Figure 7-

13, a very high shareholder's equity ranging from $200 million to $260 million to a

degree of 0.5 is shown. Likewise, a very high shareholder's equity is $232 million to a

degree of 1.0. This information can be very useful when describing and comparing the

financial statements of different companies. A fuzzy membership fxmction can be used

to provide quantitative meaning when describing financial terms like very high profits,

low gross margins, and high research and development expenses.

Additional information content is also provided by observing the output

membership function for a specific set of input variables. For example, consider the

management of a firm which is developing the next year's financial budget. As part of

the planning process, the management team estimates the values for each significant

independent variable and then uses the fuzzy expert system to generate a predicted

NPEVA. Figures 9-1 and 9-2 show the output fuzzy membership functions that might
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be generated given a set of estimated crisp input values generated by the management

team. The output membership function shown in Figure 9-1 indicates there is a

potential that the NPEVA value may range from a low of negative $70 million to a

high of $70 million with the most likely value being the centroid or $8 million. With a

wide range in potential output values, none with a membership value above 0.7,

considerable variation in NPEVA can be expected. Contrast this with Figure 9-2. In

Figure 9-2, the potential NPEVA ranges from a negative $30 million to $70 million

with the most likely value of $20 million corresponding to a membership function

value of 1.0. Consequently, Figure 9-2 shows that the estimated input values used in

generating the output membership functions is more likely to occur than those shown

in Figure 9-1.

VL L M H VH

1

0.7

Membership 0.5
Function

Centroid

$(80,000) $(60,000) $(40,000) $(20,000) $0 $20,000 $40,000 $60,000 $80,000

Next Period EVA (NPEVA) ($K)

Figure 9-1. NPEVA Output Membership Function (Maximum 0.7).
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Figure 9-2. NPEVA Output Membership Function (Maximum 1.0).

Figure 9-3 is a three dimensional membership function surface view that

represents the mapping of R & D expenses and SG&A expenses to the NPEVA value.

For example. Figure 9-3 shows the surface value of the fiizzy expert system for Model

B1 with medium (as defined by their membership function) NSCAR, SHE, IE, and

GP. The lighter intensity pixels represent a higher NPEVA value. Interpreting Figure

9-3 indicates that as the SG&A expenses decrease, and R&D expenses increase, the

NPEVA is likely to increase. However, as SG&A expenses increase, and R&D

expenses decrease, the NPEVA is very low. Membership surface views can be used to

obtain an intuitive feeling of the relationship between two independent variables and

the response. In addition, surface views can be used to explore the nonlinear

relationships between independent variables. The surface map can also be used to test

the intuitiveness of the fuzzy rules, and as a pictorial tool in explaining the

relationships between independent variables and the predicted variable. Figures 9-4
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and 9-5 show additional membership function surface views for other significant

independent variables.
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Figure 9-3. Siuface Profile - NPEVA versus R &D and S, G & A Expenses.
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Chapter 10

Conclusions

A. Summary

How do you make a financial decision about a firm? Do you look at

profitability of the firm, geographic location, product quality, age of the company, or

competitive advantage? There are many factors to consider in making a good financial

decision, but are they the right ones?

Most people make informed financial decisions through personal experience

and knowledge. But the number of factors to consider is large. Any problem that

takes into consideration only 10 attributes (for example company age, location,

productivity, etc.) mathematically has a combination of several million potential rules.

How do you know what is the best combination of rules? For most people, the

selection process is based on past experience and knowledge. Yet, there is a way to

fmd the best fit rules based on historical performance using technology recently

developed and used in this research. To put it simply, using a computer with a genetic

algorithm and fuzzy mathematics, can help to determine the best rules for successful

financial decision making.

This dissertation discusses the development of a knowledge-based learning

expert system methodology that can be used to identify the rules which predict the

financial performance of small, technology-based companies. A genetic algorithm is
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used to determine the best rules. In addition, the genetic algorithm determines the

fuzzy membership functions for antecedent and consequent variable related to each

rule. A fuzzy implication operator then determines the resultant output that represents

the predicted financial performance of the small, technology-based company.

The knowledge-base used in this research consists of 250 small, publicly

traded, technology-based companies. The fuzzy rules and associated membership

functions are developed from this historical data base. An additional 91 small, publicly

traded, technology-based companies is used to validate the model.

More than 145 different independent variables for each company in the

knowledge-base (training data set) are evaluated to determine significance of each

variable in predicting the financial performance of a firm as measured by the next-

period EVA, the dependent variable used. Of the 145 different independent variables,

114 variables are internal financial variables, that is, variables that are associated with

a firm's financial statements. The remaining 31 variables are extemal economic

variables including general business cycle indicators such as the prime interest rate,

new orders in the manufacturing sector, the S&P 500 composite index, indexes of

industrial production, the composite index of leading economic indicators, and the

gross domestic product. In addition, the period-to-period changes in the 145

variables are also evaluated.

To assist in determining the significance of a variable in predicting a firm's

next-period EVA, several multiple linear regression models are developed and
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evaluated using statistical analysis techniques. Surprisingly, none of the external

economic variables significantly contributed in predicting a firm's next-period EVA.

Four "best fit" multiple linear regression models are developed. Using the

independent variables identified in the four models, cluster analysis is used to

determine the number of potential fuzzy rules for each model. The independent

variables in the multiple linear regression models are then used by the genetic

algorithm to derive the "best fit" fuzzy rules and membership functions. Finally, the

91 company validation data set is used in validating the four multiple linear regression

models and their corresponding fuzzy rules and membership functions.

The fuzzy expert system model produces a smaller NMSE than does the

multiple linear regression model for 20 or more rules. Below 20 rules, the multiple

linear regression model has a smaller NMSE. After reducing the number of

independent variables in the multiple linear regression model to include only those

variables that contribute to improving the value, the fuzzy expert system generated

a significant reduction in the NMSE. The smaller NMSE is partially due to the

reduced search space involved resulting in a higher probability of identifying a "better

fit" fuzzy rule and membership function combination.

The NMSE for the fuzzy expert system does not necessarily improve with

additional rules. The additional information that is available in a training data set for

learning new rules decreases significantly beyond a specific number of data clusters.

Beyond this, additional data clusters are represented by only a few, and in some cases
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just one single observation, therefore, corresponding to a single rule for a single

observation. Thus, a single rule's contribution to reducing the NMSE for a single

observation is small considering the observations contained in the training data set

The independent variables identified as the "best fit" based on multiple linear

regression analysis also correspond to the "best fit" variables used by the fuzzy expert

system. These independent variables also correspond to the "best fit" multiple linear

regression and the fuzzy expert system model for the validation data set

The optimal number of fuzzy rules for a specific set of independent variables

strongly corresponds to the number at which the value becomes constant. As a

result, cluster analysis may be used to assist in identifying the number of fuzzy rules

potentially available in a knowledge-base. Using cluster analysis to identify the

number of fuzzy rules can significantly reduce the time required to develop a fuzzy

expert system.

The reduction in the NMSE, when using the fuzzy expert system with the

training data set, does not necessarily contribute to a reduction in the NMSE when

applied to the validation data set. However, for the reduced Models A1 and Bl,

there is a significant reduction in the NMSE when applying the fuzzy expert system

model to the validation data. Excessive learning applied to the training data could

explain this phenomenon.

As demonstrated from the multiple linear regression analysis, there is

considerable noise associated with the training data. The genetic algorithm attempts
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to search for the "best fit" fuzzy rules and membership functions given the training

data. The genetic algorithm does not distinguish between the actual signal and

random noise and attempts to find the "best fit" fuzzy rules and membership functions

given the data. As a result, the "best fit" fuzzy rules and membership functions

learned include results that minimize the NMSE given the combined signal and noise.

However, the noise associated with the training data set may not be the same noise as

that found in the validation data set. As a result, a model with fewer attributes or

independent variables will tend to be less sensitive to random noise and more

responsive to general trends in the observation data. Therefore, the fuzzy expert

system with independent variables that only include terms that contribute measurably

to increasing the value in the multiple linear regression equation, outperformed the

multiple linear regression model when applied to both the training and validation data

set.

The information content provided by the multiple linear regression and the

fuzzy expert system model provide its own unique perspective into the analysis of a

problem. By using a multiple linear regression model, the information content

provided includes the significant contribution made by a set of independent variables

or attributes given the observation data. In addition, the regression coefficients

indicate the direction and magnitude the independent variable contributes to the

predicted variable.
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Advanced multiple linear and nonlinear regression equations that include

crossproduct and quadratic terms become more difficult to interpret In most cases,

these multiple linear regression equations have no relationship to the physical structure

of a problem other than providing additional regression coefficient terms to reduce the

MSE and increase the R^.

The fuzzy expert rules and membership functions provide additional

information, plus a better fit to the training and validation data set than does a multiple

linear regression model. The fuzzy rules provide an additional insight into the

application and can be used to better intuitively understand the problem.

In addition to fuzzy rules, additional information content is also provided by

observing an independent variable's membership function. This information can be

very useful when describing companies financial statements. A fuzzy membership

function can be used to provide a quantitative meaning in describing financial terms

like very high profits, low gross margins, and high research and development expenses.

Additional information content is also provided by observing a two- or three-

dimensional output membership function for a specific set of input variables.

Membership surface views can be used to create an intuitive feeling of the relationship

between two independent variables and the response. In addition, surface views

explore the nonlinear relationships between independent variables. The surface views

can also be used to test the intuitiveness of the fuzzy rules and as a pictorial tool in

explaining the relationships between independent variables and the predicted variable.
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Other business and engineering applications that can take advantage of the type

of fuzzy expert system model discussed in this dissertation includes:

Competitive Analysis
Risk Capital Venture Investing
Optimal Site Selection
Production Planning and Facility Layout
Medical Diagnostic
Mergers and Acquisition Planning

B. Future Research

This research shows that the combined use of multiple linear regression

analysis, cluster analysis, and a genetic algorithm can determine the "best fit" fuzzy

rules and membership functions for a given set of training data. This combination

creates a technique that can be used to develop a learning expert system model based

on historical information.

However, there are several additional areas of research that need exploring

before the technique discussed in this dissertation can be used for more advanced

applications. Some suggestions for future research include:

1. This research only included financial attributes as independent variables for

predicting a future EVA of a firm. However, several other non financial attributes

such as management experience and companies competitive advantages

(discussed in Chapter 1, "Introduction") are also important in determining the

financial success of a firm. If a reasonable and cost-effective method is developed
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for quantifying some of these non financial attributes, they should be used in the

development of the model,

2, The training and validation data sets included only small, technology-based,

publicly owned firms. Based on preliminary research, the fuzzy rules should also

apply to small, technology-based privately owned firms, however, the magnitude

of the fuzzy membership functions will likely change. Additional research is

needed to verify this fact. Furthermore, research could determine if the fuzzy

rules and membership functions developed in this research are also applicable to

non technology-based companies,

3, This research uses multiple linear regression analysis to determine the number and

actual set of significant independent variables for the models. However,

investigating other techniques such as using quadratic and higher order terms and

crossproduct terms could also help to determine the significant independent

variables,

4, This research uses the k-mean cluster analysis technique to determine the number

of data clusters as a guide to the number of fuzzy rules. Other clustering

techniques have recently been developed including the use of neural networks to

cluster data. Additional analysis should be performed to investigate alternative

clustering approaches,

5, The genetic algorithm encoding technique used in this research includes a hybrid

of both floating and binary encoding. Several other encoding techniques are

175



available and should be explored. In addition, the genetic algorithm searches for

the "best fit" fuzzy rules and membership functions given a constraint on the

number of rules. Other types of search strategies could also be used, for example,

letting the genetic algorithm evolve the number of rules based on certain

constraints. In addition, once the genetic algorithm identifies a near best fit

solution, hill climbing search routines could also be used to perform fine tuning of

the fuzzy rule set and membership functions.

6. The implication operator used in this research was the Zadeh AND operator.

This is the fundamental way in which fuzzy sets are combined; however, several

recent research investigated alternative implication operators. Other types of

implication operators were developed to compensate for the strict minimum and

maximum of the Zedah operators. The compensatory operators generally provide

a weaker or less sensitive relationship among attributes when their truth values

are separated. Other implication operators include mean, mean^, mean^'^,

product, bounded sum. Yager, Zimmerman and Zysno, Dubois and Prade.

Further investigation could determine the best type of implication operator for a

specific application.

7. This research used the centroid method to determine the combined fuzzy output

crisp number or to defuzzify the output membership function. Several other types

of defuzzification methods are also available and should be investigated. These
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include composite maximum, center of evidence maximum, average of maximum

plateau, far and near edge of the support set, and center of maximum.

8. Research should be conducted to better understand the types of functions that

fuzzy rules and membership functions can adequately model compared to other

alternative modeling approaches.

9. Any training data set will include both signal and noise. The genetic algorithm

searches for the "best fit" fuzzy rules and membership functions give the training

data, regardless of the type and amount of noise present. New techniques should

be investigated to pre-filter the noise and then evolve the fuzzy rules and

membership functions on the filtered data.

10. This research uses a genetic algorithm search technique to determine the "best fit"

fuzzy rules and membership functions to predict a fum's next-period EVA. The

results of this analysis should be compared with a neural network and a fuzzy

neural network, as well as the differences evaluated and discussed.

11. A genetic algorithm search technique requires extensive computational resources.

New algorithms, computing techniques, and hardware implementation should be

investigated to speed the search process.
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