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ABSTRACT 

Human decision-making becomes more complicated when 

decision problems arise in less-than-perfect situations— 

situations with information imperfection. In these 

situations, decision quality degrades severely because of 

the limitation of a human's reasoning capabilities. 

Promoted by advances in modern computing technology, 

intelligent decision aid systems have surfaced as a solution 

to solve that problem. The core of such decision aid 

systems is an inexact reasoning system. 

The purpose of this research was to design a robust and 

efficient reasoning system that can handle the problems with 

information imperfection effectively. The problem domain of 

focus was managerial problem diagnosis at a strategic 

decision level. The research question was whether the new 

inexact reasoning architecture can help managers to diagnose 

their problems in a more robust and efficient way than 

existing inexact reasoning architectures. 

The task of designing a robust and efficient inexact 

reasoning architecture was performed by synthesizing the 

knowledge in two major fields of modern computing 

technology: the representation of imperfect knowledge and 

information, and the connectionist computational 

architectures. 
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Design of the inexact reasoning system, named as GIROS, 

involved: i) formulation of design criteria; ii) 

conceptualization and functional specification; iii) 

architectural design; iv) detailed design; and v) coding and 

verification. Detailed design required designing a series 

of algorithms for the functional specification of GIROS. 

To accomplish the research purpose and to answer the 

research question, prototype system development was adopted 

as a base for the methodology of the research. A checklist 

of the functional capabilities of inexact reasoning systems 

was developed as a framework for the comparative evaluation 

of CIROS and the selected inexact reasoning systems. Then, 

a comparative evaluation was done based on the framework. 

The evaluation and a demonstration of the use of CIROS 

seemed sufficient to conclude that GIROS is a robust and 

efficient inexact reasoning architecture. Moreover, CIROS 

can handle more diverse types of information imperfection 

than the selected inexact reasoning systems. CIROS can 

perform inexact inferencing more efficiently than many other 

inexact reasoning architectures. And GIROS has its own 

justification/explanation facility, a capability that is 

nonexistent in the connectionist architectures. 
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CHAPTER I 

BACKGROUND AND OBJECTIVES OF THE RESEARCH 

1.1 Introduction 

Human decision-making in complex environments is, in 

general, not a well-understood process [Newell and Simon, 

1972; Anderson and Bower, 1973; Barr and Feigenbaum, 1981]. 

It is, however, precisely this ill-understood process that 

needs support by intelligent computer systems. Although 

there is no comprehensive understanding of this process, it 

is understood that human reasoning lies at the heart of any 

decision-making and problem-solving activity [Newell and 

Simon, 1972]. In this regard, a primary function of an 

intelligent computer system should be that of providing an 

extension of the reasoning capabilities of the human [Newell 

and Simon, 1963; Newell and Simon, 1976]. 

Humans making decisions face, in reality, a less-than-

ideal environment. They have to work with less-than-perf ect 

information. One pervasive characteristic of the real world 

environment is the presence of information imperfection-^ 

^For this (and similar) concepts, different authors use 
different terms without any standard terminology. This may 
confuse the readers. The term "information imperfection" was 
originally used in [Stephanou and Sage, 1987] and it seems 
to be the most appropriate one for the purpose of this 
research. It includes all of the following different types 
of imperfection: "incomplete (or partial)" (not provided 
completely), "imprecise" (taking a range of values, not a 
single value), "inconsistent" (contradictory with each 



[Raiffa, 1968; Zadeh, 1975; Buchanan and Duda, 1982; 

Shafer, 1986; Stephanou and Sage, 1987]. Data are often 

missing or unreliable, decision rules are not well-tested or 

in some cases not known at all [Buchanan and Duda, 1982; 

Tong and Shapiro, 1985]. Confronted with this situation, 

human reasoning processes tend to be increasingly more 

heuristic as data and domain knowledge become more 

fragmented and imperfect [Dutta, 1987; Stephanou and Sage, 

1987] . 

Sometimes humans cope with this situation quite 

effectively. In most cases, however, they are not so 

successful because of the limited capability of their 

reasoning systems [Newell and Simon, 1972; Minsky, 1975; 

Barr and Feigenbaum, 1981; Buchanan and Duda, 1982]. In 

this regard, there is a strong need to support human 

decision-making in such an imperfect reasoning environment. 

Fortunately, there has been a considerable amount of 

research done both in academia and industry to understand 

the human decision process in imperfect reasoning 

environments, and intelligent computer systems have been 

developed that can support the process [Shortliffe et al., 

1979; Buchanan and Duda, 1982; Levitt, 1988]. 

Attempts to design reasoning systems that try to handle 

human/expert decision-making with such information 

other), "uncertain" (depending on chance, not known), 
"inexact" (same as uncertain). See chapter 2, section 2.1. 



imperfection have not achieved fully satisfactory results in 

the sense that their solutions are partial and not efficient 

enough to work for situations that require timely decisions. 

These systems lack "robustness" and "efficiency" [Lesmo et 

al., 1985; Grosof, 1986]. 

Robustness is a characteristic of a reasoning system 

such that it works in diverse situations: 

1. where some of the input data are missing, 

unreliable, coming from multiple sources, and sometimes 

combinations of these; 

2. where reasoning rules are unreliable, sometimes 

missing, and moreover, inexactness from these are aggregated 

as a result of chaining of these rules; and 

3. where data and knowledge representation language 

inherently involve vagueness. 

Traditional inexact reasoning systems^ are lacking this 

characteristic. For example, both MYCIN and PROSPECTOR can 

handle uncertain information only when the degree of 

uncertainty for an evidence fragment or rule is provided 

from outside (human experts). In other words, when an 

inexact reasoning system needs to acquire knowledge from the 

outside or to interact with human experts, human experts 

^Although the term "inexact" is somewhat less inclusive 
than "imperfect" (as Stephanou and Sage suggested), the term 
"inexact" reasoning system will be used in this dissertation 
to mean a reasoning system that is for handling the 
information imperfection. 



must express their uncertain knowledge in a way that is 

often unnatural (e.g., identifying numeric values that the 

experts are not aware of in their normal reasoning) [Lesmo 

et al., 1985; Wise and Henrion, 1986; Grosof, 1986]. Also 

these traditional systems have weak facilities for 

explaining the outputs of reasoning. 

Another major type of flaw in most inexact reasoning 

systems is the problem of efficiency—specifically, 

computational efficiency [Havens and Mackworth, 1983; Maiers 

and Sherif, 1985; Darwish and Jain, 1986]. Expert systems 

or decision support systems that involve inexact reasoning 

require much more computation than those involving 

deterministic situations, thus result in intolerably slow 

computational speed [Maiers and Sherif, 1985; Darwish and 

Jain, 1986]. 

In conclusion, as stated above, existing inexact 

reasoning systems lack the two characteristics, robustness 

and efficiency, in a considerable degree, which are to be 

most important and required. In this regard, there is a 

substantial need for reasoning systems that possess both of 

the two characteristics. 

1.2 Problem Domain and Applications 

1.2.1 Problem Domain 

The problem domain that is concerned in this research is 

managerial problem diagnosis. Problem diagnosis refers to 



hypothesizing about causal relationships among variables 

believed to be associated with the problem at hand [Courtney 

et al., 1987].^ Problem diagnosis is a critical aspect of 

managerial decision-makings, but one in which not much 

progress has been made [Mintzberg et al., 1976; Jannis and 

Mann, 1977; Schoennauer, 1981]. 

From a managerial perspective, problem diagnosis may 

range from the operational decision level through the 

strategic decision level and from well-structured problems 

through ill-structured ones [Dhar, 1987]. In this research, 

the diagnosis problem will be approached from strategic and 

semi-structured decision situations to ill-structured 

managerial decision situations. The reason for this 

approach is that these situations are more typical for the 

decision situations described in section 1.1 and it is 

desirable to support these decisions with inexact reasoning 

systems, which can result in achieving a greater increase in 

effectiveness than other decision situations. 

One implication of approaching managerial problem 

diagnosis from the perspective of strategic and ill-

structured decision situations is that it is necessary to 

represent these decision problems in terms of a global 

^This definition of problem diagnosis is from the 
perspective of managerial decision-making. From a more 
general point of view (including medical and engineering 
systems diagnoses), it can be defined as "to find system 
malfunctions and relate these to the underlying causes." 



problem domain, i.e., in structural terms involving the 

whole organization [Courtney et al., 1987; Ata Mohammed et 

al., 1988]. Therefore, the problem and knowledge 

representation requires appropriate schemes for that domain. 

The matter of representation will be discussed in more 

detail later (section 3.1, Requirements for Inexact 

Reasoning Systems). 

From the viewpoint of the managerial decision process, 

problem diagnosis usually takes place as a subphase of 

problem finding [Mintzberg et al., 1976; Schoennauer, 

1981]. There are a number of models that describe 

managerial decision-making processes [Simon, 1960; Mintzberg 

et al., 1976; Jannis and Mann, 1977; Ackoff, 1981], and 

different authors use different terms for almost the same 

concepts. The one that is used here is from Ackoff [Ackoff, 

1981], and the schematic representation of Ackoff's model is 

given in Figure 1.1. 

In the literature, the terms such as "problem 

structuring" [Pracht, 1986], "problem formulation" [Ackoff 

and Sasieni, 1968], and "problem diagnosis" [Mintzberg et 

al., 1976] represent very similar concepts that indicate 

the step that takes place after locating a problem (or 

monitoring, in terms of Figure 1.1) which is the first step 

of the whole decision process. These terms are similar in 

the sense that each involves the specification of causal 

relationships among variables. In fact, hypothesizing about 
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Choose 

Predict 

Diagnose 

Plan 

Design 

Figure 1.1 A Managerial Decision Process 
[Ackoff, 1981] 
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cause-effect relationships among variables corresponds to 

hypothesizing about the structure of the problem at hand 

[Harary et al., 1965; Negoita, 1979; Zimmermann, 1987]. 

From an artificial intelligence (Al) point of view, 

problem diagnosis is one of the areas for which intensive 

research has been done for a wide variety of applications 

[Stefik et al., 1982; Milne, 1987]. In particular, medical 

diagnosis is one for which many expert systems have been 

developed with a variety of techniques to handle medical 

diagnostic situations. Some of these techniques are not 

limited to medical diagnosis but can be applied to other 

areas including managerial problem diagnosis [Milne, 1987]. 

The crux of diagnostic activity is the ability to infer 

system malfunctions from observed activities/symptoms and to 

relate the observed effects to underlying causes [Milne, 

1987]. Key issues in practical problem diagnoses are: 

1. The problem usually involves very complicated causal 

relationships. In other words, a symptom may be caused by 

different diseases and a disease may cause different 

symptoms. 

2. The data about the causes/effects are missing or 

unreliable. 

3. The knowledge about the relationships does not exist 

or is unreliable. 

4. The definitions of variables are inherently 

ambiguous or involve fuzzy expressions. 



1.2.2 Digraph Representation of 
Qualitative Reasoning 

According to the study of managerial decision-making, 

managers are more likely to resort to qualitative reasoning, 

i.e., reasoning in qualitative terms for problem diagnosis 

when they are in ill-structured decision situations (more 

likely, at a strategic level) [Mintzberg et al., 1976; 

Bouwman, 1983]. Although the diagnosticians are faced with 

largely quantitative data, they do not deal with the data in 

that manner. Instead, they translate the series of figures 

into qualitative terms [Bouwman, 1983]. Therefore, one 

premise for the inexact reasoning system that is developed 

in this research is that it needs to work with qualitative 

terms. This will be discussed further in chapter 3. In the 

following, it is discussed how the causal relationships 

based on the qualitative terms can be represented using a 

directed graph (digraph).^ This is shown with a simple 

hypothetical case for a marketing strategy of a business 

firm. 

As an example, a deliberately restricted piece of 

knowledge on "marketing strategy," is considered, which is 

expressed in English sentences as follows: 

"Advertizing costs (Xi) and Size of sales force (X2) 

influence Marketing costs (X5). Size of sales force 

^Digraph is a mathematical structure that consists of a 
set of nodes and a set of directed arcs connecting pairs of 
nodes [Harary et al., 1965; Carre, 1979]. 
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(X2) also influences Sales volume (X5). Sales 

volume (Xg) is also influenced by Price (X3) and 

Economic conditions (X4). Finally, Marketing costs 

(X5) and Sales volume (Xg) determine Net sales 

revenue (X7)." 

If the (causal) relationships between the variables 

expressed in the above paragraph are represented as a 

directed graph, it looks like Figure 1.2. This is a simple 

example for exhibition. In the real world, it is much more 

complicated. A typical example is shown in Figure 1.3. 

The directed links of the digraph are intended to 

represent any natural cognitive ordering that will allow 

assessment of any reasonable confidence measure. Although 

there are many other schemes for knowledge representation, 

network and digraph representation will be the main theme of 

this research. 

Directed graphs have a long history in science and 

engineering, and are widely used as a major tool in diverse 

situations. For an introduction to the subject, refer to 

[Harary et al., 1965; Carre, 1979]. 

The digraph representation of knowledge and reasoning 

process has become very popular in Al field since Quillian 

first introduced semantic nets [Quillian, 1968]. One 

extension of semantic nets was incorporation of inexactness 

into them. That has resulted in slightly different names 

from different authors, but representation of underlying 
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structures is almost the same. Examples are "Inference 

Nets" in PROSPECTOR [Duda et al., 1976], "Bayesian Networks 

(or Belief Networks)" by Pearl [Pearl, 1986b], "Influence 

Diagrams" by Shachter [Shachter, 1988; Rege and Agogino, 

1988], and so forth. Some of the differences between these 

will be discussed in chapter 2. 

In brief, a digraph consists of only two types of 

symbols, nodes and links (directed lines). A node 

represents a random variable or an ambiguous entity/object 

or an uncertain event. A link between two nodes represents 

a causal relationship. The causal relationship between two 

nodes is a relationship that exists by being present or 

truth of the cause (node) and the effect (node), and where 

the cause precedes the effect. A causal relationship may be 

uncertain, reflecting an expert's degree of confidence in 

that relationship. In the digraph representation of 

management decision problems, it is not unusual that the 

digraph does not contain any directed cycle. 

1.2.3 Fundamental Focus of the Research 

Although there are a number of inexact reasoning 

systems, very few of them have been developed for supporting 

management-oriented decision-making [Dhar, 1987; Heckerman 

and Horvitz, 1987]. As was discussed in the previous 

section, managerial problem diagnosis is a critical aspect 

of managerial problem solving. It usually involves the 
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situations described in sections 1.1 and 1.2. Also it was 

seen that the state-of-the-technology inexact reasoning 

systems are not satisfactory in their performance and 

acceptability, particularly in terms of robustness and 

computational efficiency [Lesmo et al., 1985]. To mitigate 

this, a new inexact reasoning system is developed herein, 

which is based on design principles distinct from 

traditional ones. 

1.2.4 Applications of Inexact 
Reasoning Systems 

Although it is difficult to quantitatively estimate all 

the improvements that may be expected as a result of 

supporting human reasoning processes, support of human 

reasoning activities can potentially result in enormous 

benefits, above and beyond those accruing from the support 

of knowledge access and computational activity [Barr and 

Feigenbaum, 1981; Levesque, 1986]. As Simon pointed out, 

imperfect information is one of the major factors that lead 

to a human being's "bounded rationality" in his/her 

decision-making, and one of the roles of a computer is to 

help human-beings reduce the limitation [Simon, 1974]. 

There is a variety of ways to support human reasoning 

activities using inexact reasoning systems. Since the 

environment described in the previous part is a very general 

one for most human decision-makers, basic design principles 

of various inexact reasoning systems could have many 
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commonalities, and it should be possible to use any inexact 

reasoning system for a variety of application areas. 

However, most existing inexact reasoning systems were 

developed to support solving problems of specific areas. 

For example, MYCIN and INTERNIST were developed for medical 

diagnosis [Shortliffe et al., 1979], PROSPECTOR for mineral 

exploration, and there are many systems in the area of 

business (FOLIO for portfolio management, LOAN RISK ADVISOR 

for loan management decisions, and CORP for strategic 

management of technology, etc.) [Martin and Oxman, 1988; 

Miller and Walker, 1988]. For damage assessments of 

existing structures, SPERIL was developed [Zimmermann, 

1985]. For general probabilistic inferencing tasks, there 

are a number reasoning systems, including CONVINCE [Kim and 

Pearl, 1987]. 

Although application of inexact reasoning systems does 

not have to be limited to a specific area, more interest is 

going to supporting managerial problem diagnosis. This is a 

crucial activity in any organization. 

There is a rich body of theory that has resulted in 

models, normative or positive, of managerial decision-making 

in various situations. Such models often have to be 

completed with more heuristic human decision processes in 

practical environments because those environments usually 

have the characteristics described in section 1.1. Thus, 

managerial problem diagnosis is an activity that, by and 
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large, is ill-structured and complex enough to be a good 

candidate for being supported by computer-based inexact 

reasoning systems. 

In summary, as a fruitful application of inexact 

reasoning systems, we are interested in semi-structured and 

ill-structured managerial problem diagnosis. 

1.3 Objectives of the Research 

The overall goal of this research is to design, develop, 

validate and test an architecture for on-line, interactive 

imperfect knowledge representation and reasoning, as would 

take place in the mind of a business manager, for example. 

The reasoning process may involve probability, fuzzy, 

and relative importance facets. Thus the reasoning system 

must handle the diversity of information imperfection and 

knowledge processing so that it can achieve robustness. 

Also, because the reasoning process must operate in a real

time, interactive mode, it must be fast enough. 

Directed graphs (digraphs), semantic nets, influence 

diagrams will be examined and compared as appropriate 

analytical tools. Binary matrices. Boolean algebra and 

Gayley multiplications will also be explored [Burns et al., 

1989]. This system will finally serve as an inference 

engine of a knowledge-based system that could be used for 

managerial decision situations as described in section 1.2. 
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The goal of designing robust and efficient inexact 

reasoning systems can be achieved by going through diverse 

types of tasks. Although the overall task might be very 

complex, it can be approached by dividing it into two major 

subtasks. The two major subtasks are: 

1. To develop an appropriate inexactness measure and 

representation scheme of imperfect information and 

knowledge; and 

2. To design a computation/inference mechanism based on 

the appropriate representation of imperfect knowledge and 

information. 

The above tasks can be further divided into the 

following tasks: 

1. To determine the nature of information imperfection 

peculiar to the application situation, which shall be the 

managerial problem diagnosis; 

2. To select an appropriate scheme (as a form of 

underlying theory) of inexactness measure and knowledge 

representation for the kind of imperfection determined in 1; 

3. To create an efficient inference mechanism based on 

the inexactness measure developed in 2. 

In support of all the objectives presented above, the 

following subobjectives will be accomplished: 

1. To examine and evaluate existing inexact reasoning 

prototypes; 
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6. To compare the prototype with the existing state of 

the art in inexact reasoning architectures in terms of the 

performance and acceptability criteria mentioned above. 

The expected benefits from the development of the system 

are as follows: 

1. An efficient and effective inexact reasoning system 

that will accommodate a broad range of applications 

including problem diagnoses for managers of corporations or 

problem formulation for decision-makers in the public 

sector; 

2. The operation and use of a commercial knowledge-

based diagnostic system that adopts this system as its 

inference subsystem is likely to be more robust and 

expressive in terms of its reasoning functionalities; and 

3. The system will be amenable to parallel 

architectures for the simultaneous processing of independent 

reasoning tasks, thus enabling the system to achieve a 

higher efficiency of computation. 

1.4 Significance and Scope 
of the Research 

Diagnosis constitutes the early phase of problem 

formulation [Ackoff, 1981]. The need to provide support for 

managerial problem diagnosis was recognized more than ten 

years ago by Mintzberg et al. [1976]. 

Many decision problems encountered in organizational 

decision-making are ill-structured and typically involve 
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information imperfection. Consequently, typical managerial 

problem diagnosis involves complex and inexact reasoning in 

the environments of imperfect knowledge and information. To 

provide support for complex and reasoning with information 

imperfection in managerial problem diagnosis, recent 

research has focused on artificial intelligence and expert 

systems technology [Courtney et al., 1987]. 

One of the key issues in inexact reasoning systems is 

representation of imperfect knowledge and information 

[Bonisonne and Tong, 1985]. Although there has been a great 

amount of research addressing this issue, most of it is from 

the engineering and medical perspective [Dutta, 1987; Basu 

and Dutta, 1989]. This dissertation comprehensively 

examines various approaches to representation of imperfect 

knowledge and information from the perspective of managerial 

decision-making and suggests an appropriate framework for 

managerial problem diagnosis. 

Another important issue in inexact reasoning systems is 

the computational architecture for the inexact reasoning 

tasks involved [Lesmo et al., 1985; Grosof, 1986]. 

Currently available inexact reasoning systems typically 

require an exponentially growing amount of computation time 

and a very complex computational architecture as the problem 

size grows (as measured by the number of variables and/or 

the number of interactions between variables, for example). 



21 

Among the various approaches to designing computational 

architectures in the Al field, the connectionist approach 

has recently attracted an explosion of interest for curing 

the problems presented above (of course for other reasons, 

too). However, most of the connectionist architectures 

developed so far are limited to engineering and medical 

applications, and there are a very rare number of systems 

adopting this approach in managerial problem-solving 

[Lippmann, 1987; Miller and Walker, 1988; Pollack, 1989]. 

This dissertation is believed to be one of the first 

attempts to apply the connectionist approach in designing 

inexact reasoning systems for managerial problem diagnosis. 

Although this dissertation addresses supporting 

managerial problem diagnosis in general, it does not attempt 

to answer all the issues in designing the whole diagnostic 

systems as can be found in [Bouwman, 1983; Courtney et al., 

1987]. Instead, it focuses on design of the reasoning or 

inferencing component of the system. 

1.5 Summary and Organization 

Chapter 1 has presented a brief introduction to the 

background and problem that is investigated in this 

dissertation. The objective of this dissertation is to 

present a set of design principles for inexact reasoning 

systems as applied to managerial problem diagnosis. 



22 

The remainder of the dissertation is organized as 

follows. Chapter 2 reviews the literature on two major 

areas with the purpose of synthesizing the knowledge of the 

two areas later: the nature of uncertainty/inexactness and 

various approaches to inexact knowledge representation, and 

connectionist (or neural network) theories/models. Chapter 

3 is the main part of this dissertation, and it consists of 

three major topics: discussion of requirements for inexact 

reasoning systems for the problem proposed in chapter 1, 

presentation of design principles for the requirements, and 

description of detailed design process for a computational 

architecture for the inexact reasoning systems to solve the 

problem. Chapter 4 describes a scenario using the proposed 

system in a hypothetical, but close to real situation. 

Chapter 5 discusses research methodology, and presents a 

summary of implementation and evaluation of the proposed 

system. Finally, chapter 6 presents some limitations and 

contributions of the research, along with suggestions for 

future research. 



CHAPTER II 

LITERATURE REVIEW 

This chapter presents a review of the relevant 

literature. As discussed in chapter 1, the inexact 

reasoning systems for managerial problem diagnosis are 

synthesized from two different major areas: representation 

of imperfect information and knowledge, and connectionist 

computational architecture. A literature review on 

representation of imperfect knowledge and information is 

presented in section 2.1 and section 2.2. This is followed 

by a literature review of connectionist theories/models in 

section 2.3. 

2.1 Representation of Imperfect 
Knowledge and Information 

As Al applications and expert systems technology evolve, 

there is more and more interest in information imperfection^ 

and human problem solving in environments with information 

imperfection. The literature shows that there are a 

substantial number of attempts to design intelligent systems 

^There is no standard terminology for this concept. For 
the broadest sense of the concept, this dissertation will 
use the term "imperfect information and knowledge" or 
"information imperfection." However, studies of intelligent 
systems usually focus on knowledge processing aspect of 
"imperfect information and knowledge." For this case, 
"inexact (or uncertain)" knowledge and "inexactness (or 
uncertainty)" are more common terminology. 

23 
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to incorporate inexact reasoning capabilities [Gaines, 1976; 

Shortliffe et al., 1979; Bonissone and Tong, 1985; Gordon 

and Shortliffe, 1985; Bhatnagar and Kanal, 1986; Dubois and 

Prade, 1987]. This has produced various approaches that 

have been suggested for solving problems under environments 

with information imperfection [Bonissone and Tong, 1985; 

Bhatnagar and Kanal, 1986]. 

A survey of the literature on imperfect information/ 

knowledge processing in expert systems reveals the following 

general issues: 

1. Perfect information/knowledge processing versus 

imperfect information/knowledge processing; 

2. Nature/categories of uncertainty/inexactness;2 

3. Measures of inexactness and representation of 

uncertain information/knowledge; 

4. Inference mechanism for propagation of inexactness 

through the inference process; and 

5. Overall efficiency of the imperfect information/ 

knowledge processing system. 

In the following, a literature review on the issues 2 

and 3 is presented in this section. Reviews of issues 4 and 

5 are given in the next section (2.2). 

^Again, the use of these terms implies that concern is 
on intelligent systems/knowledge processing. 



25 

2.1.1 The Nature of Information 
Imperfection 

The nature of information imperfection and its 

relationship with human knowledge are history-long issues of 

philosophy and all other fields of human knowledge [Nagel, 

1962; Carnap, 1962]. In Al and expert systems, different 

sources of information imperfection and classifications of 

it are similar for different authors. For example, 

Bhatnagar and Kanal [1986] say, 

... the information is deficient in one or more of 
the following ways: information is partial, 
information is not fully reliable, the 
representation language is inherently imprecise and 
vague, and information from multiple sources is 
conflicting. The presence of uncertain information 
in an expert system is associated with at least four 
causes: the reliability of information, the inherent 
vagueness of the rule representation language, 
incomplete information, and the aggregation of rules 
from different knowledge sources or different 
experts. [Bhatnagar and Kanal, 1986] 

Other authors have slightly different but essentially the 

same views on information imperfection [Gaines, 1976; Klir, 

1984; Hisdal, 1986; Stephanou and Sage, 1987; Leung and Lam, 

1988] . 

Various causes of information imperfection produce two 

broadly different types of it to an intelligent agent: 

information imperfection coming from outside of an 

intelligent agent and information imperfection existing as 

outputs of information processing inside the intelligent 

agent. In summary, information imperfection from the view 

point of Al and expert systems can be classified into the 
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^fe^gories presented in Figure 2.1. Among the different 

categories of information imperfection in Figure 2.1, 

category 2 particularly, uncertain rules (category 2.1) are 

drawing much interest for use in intelligent systems 

[Bonissone and Tong, 1985; Stephanou and Sage, 1987]. 

Representation of those rules will be reviewed next. 

2.1.2 Representation of Inexact and 
Uncertain Knowledge 

Both, Bhatnagar and Kanal, 1986 and Bonissone and Tong, 

1985 have exactly the same method of classifying the 

measuring scheme of inexactness of knowledge.-^ It is shown 

in Figure 2.2. For the numeric measures of inexactness, 

many authors adopt nearly the same taxonomy [Bhatnagar and 

Kanal, 1986; Leung and Lam, 1988; Lesmo et al., 1985; Rege 

and Agogino, 1988; Prade, 1985; Bonissone and Tong, 1985; 

Stephanou and Sage, 1987]. 

Among the four numeric measures, there is very little 

variation in interpreting probability. As it has taken a 

long history to resolve into a single well-defined concept, 

probability is a single most important, well-established 

concept of representing uncertainty in nature [Nagel, 1962; 

Carnap, 1962; Bhatnagar and Kanal, 1986]. 

-̂ The term "uncertainty" or "inexactness" is used to 
represent the varying degree of confidence or belief in 
knowledge (rules and facts). 
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1. Information imperfection originated from 
outside of an intelligent agent 

1.1 Incomplete/partial input data 

1.2 Inconsistent input data 

1.3 Randomness in nature 

2. Information imperfection existing as results of 
processing inside an intelligent agent 

2.1 Knowledge (rules and facts) with varying 
degree of confidence (belief) 

2.2 Inherent vagueness of the knowledge 
representation languages 

Figure 2.1 Categories of Information Imperfection 
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1. Numeric Measures 

1.1 Probability 

Axiomatic probability 

Subjective probability 

1.2 Dempster/Shafer's upper and lower probability 

1.3 Certainty factor 

1.4 Fuzzy measure/possibility 

2. Non-numeric Measures 

2.1 Uncertainty handled in non-monotonic reasoning 

Reasoned assumptions approach [Doyle, 1979] 

Default reasoning approach [Reiter, 1980] 

2.2 Endorsements in the theory of endorsements 
[Cohen, 1983] 

Figure 2.2 A Taxonomy for Measures of Inexactness 
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When (classical) probability is used for representing 

uncertainty in Al and expert systems, the most often used 

inferencing scheme is the Bayesian (updating) rule, which 

is still the most popular formula now [Duda et al., 1976; 

Shortliffe et al., 1979]. 

On the other hand, the other three numeric measure 

concepts have very short history since they appeared only 

recently. The degree of belief/confirmation factor was 

theorized for the first time in Dempster's work [Dempster, 

1967; Hummel and Landy, 1988]. Fuzzy measure/possibility 

theory is based on Zadeh's fuzzy set concept and the latter 

was first formalized in 1965 [Zadeh, 1965; Gaines, 1976]. 

Under these broad categories, however, various concepts 

and theories are still under development and are taking 

shape. For example, as shown in Gordon and Shortliffe 

[1985], the certainty factor concept is just a slight 

variation of Dempster/Shafer's upper and lower probabilities 

or degree of belief and disbelief concepts. 

Consequently, there are basically five different 

approaches to reasoning with inexact knowledge in expert 

systems. Four of them are based on numerical measurement. 

These are widely accepted and, in fact, there are many 

systems that have been developed and are in use for research 

and industry, although Dempster/Shafer's evidential 

reasoning approach is somewhat slowly applied [Gordon and 

Shortliffe, 1985]. 
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On the other hand, methods of non-numeric representation 

of uncertainty are still in the stage of concept formation 

and not nearly as popular as the numeric approaches 

[Bhatnagar and Kanal, 1986; Leung and Lam, 1988; Gordon and 

Shortliffe, 1985; Lesmo et al., 1985; Rege and Agogino, 

1988; Prade, 1985; Bonissone and Tong, 1985]. 

The five methods of inexact reasoning are summarized in 

Figure 2.3. In the following sections, each numeric 

representation scheme will be reviewed briefly based on 

typical (existing) systems. Also, inference mechanisms and 

efficiency issues will be discussed after the knowledge 

representation issues have been described. 

2.2 Various Approaches to 
Inexact Reasoning 

Although there are numerous methods for implementing 

inexact reasoning in intelligent computer systems, the most 

well-known in the Al research field are those listed in 

Figure 2.3. In this section, each of these is reviewed in 

turn. However, the review is by no means exhaustive and 

complete. Instead, the ideas and concepts of representative 

authors and typical implemented systems are discussed. 

2.2.1 Bavesian Probability 

For a long time the classical probability theory was the 

only one employed for handling uncertainty. The main idea 

can be described as follows. 
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Quantitative (Numeric) approach 

1. Bayesian probability updating 

2. Dempster/Shafer's evidential reasoning 

3. Inexact reasoning with certainty factor 

4. Possibility/Fuzzy logic 

Qualitative (Non-numeric) approach 

5. Non-monotonic reasoning 

Figure 2.3 Various Approaches to Inexact Reasoning 
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Let S be a countable set of propositions such that: 

1. 0 (ever false proposition) e S and t (ever true 

proposition) e S; 

2. If p € S, then --p e S; and 

3. If p € S and q € S, then p ^ q e S , p v q e S , and p 

-> q € S. 

A probability measure Pr is a set function from S to [0,1] 

such that: 

1. Pr(0) = 0; 

2. Pr(t) = 1; and 

3. If p e s , q e S , and p " q = 0, then Pr(p v q) = 

Pr(p) + Pr(q). 

These axioms have the following noticeable consequences: 

1. For all p e s , Pr(p) + Pr(-p) = 1; and 

2. If Pr( p -> q ) =1, then Pr(p) > Pr(q). 

With the classical axioms of probability given above, 

let us examine how uncertainty propagates through inference 

networks. The most simple and basic case is one that 

consists of a single statement for the premise and a single 

statement for the consequence, p -> q. An intelligent agent 

usually has a "prior" information on q before he is given p. 

Represent that (prior) information as the (prior) 

probability, Pr(q). Then, the question is what is the 

probability of q once given some evidence (as the premise) 

p. In Bayesian inference, the answering amounts to the 

task of calculating the conditional probability Pr(q|p) (or 
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updating the prior probability Pr(q) to the posterior 

probability Pr(q) given p). If this happens in the mind of 

human, the process would be totally subjective and hidden. 

However, the Bayes formula makes it possible to compute the 

subjective (posterior) probability based on objective 

probabilities as follows: 

Pr(p|q)•Pr(q) 
Pr(q|p) = . (2.1) 

Pr(p) 

Classical (Bayesian) probability has some properties 

that are hard to justify intuitively. One of them is that 

it does not discriminate the unknown state or the state 

without any prior information from the state of knowing that 

there are equal chances for all possible outcomes (think 

about a coin toss experiment). Another example is the 

famous one from Hempel [1965], described as follows: 

p: an evidence of a black raven 

q: all ravens are black. 

In a normal human mind, Pr(q|p) will be greater than the 

prior probability Pr(q). Let us think about another 

consequence q' which is "logically equivalent" to q as 

q': all nonblack birds are not raven. 

What is our "intuitive" numeric assignment to Pr(q'|p) ? 

The intuitive answer is that Pr(q'|p) will not increase from 

Pr(q'). This is an example of the apparent paradox 

encountered in representing uncertainty by probability. 
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Although there has been much criticism about probability 

theory and its appropriateness for reasoning under diverse 

natures of uncertainty, the Bayesian approach still remains 

as one of the principal approaches that can handle 

uncertainty quite effectively [Bhatnagar and Kanal, 1986]. 

In the following, the Bayesian approach is discussed, 

focusing on PROSPECTOR [Duda et al., 1976] which is one of 

the most typical implemented systems that adopts the 

approach. 

In PROSPECTOR, a typical rule takes the form E -> H, 

where E stands for a piece of evidence (or collection of 

pieces of evidence) and H stands for a hypothesis. The 

basic mechanism of propagating uncertainty in a rule can be 

formulated using the formula (2.1). Replacing p with E and 

q with H in that formula precipitates the following result: 

Pr(E|H)•Pr(H) 
Pr(H|E) = . (2.2) 

Pr(E) 

And, (2.2) can be modified for the case where there are 

mutually exclusive and exhaustive hypotheses: Hi, ..., Hĵ . 

Pr(E|Hi)•Pr(Hi) 
Pr(Hi|E) = . (2.3) 

n 
S Pr(E|H-;) •Pr(H-i) 
j=l 

However, difficulties with Bayes formula as presented in 

(2.2) or (2.3) for practical applications are as follows 
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[Shortliffe and Buchanan, 1975; Duda et al., 1976; Pearl, 

1986b; Rege and Agogino, 1988]. 

1. E and H are not isolated nodes of an inference net 

but they are just two components of a very complicated 

inference net with possibly huge numbers of nodes in the 

net. 

2. If E is a junction of many evidences that 

simultaneously bear on a hypothesis, traditional statistical 

approaches become inappropriate. This is because the 

estimation problems become unmanageable unless a very 

simplifying assumption such as "mutual independence" between 

different evidences is applied. 

3. If the number of alternative hypotheses is great, 

the amount of computation time for calculating required 

joint and conditional probabilities will be explosive. 

4. Problems of sample size and availability of samples 

for probability estimation can be enormous. 

5. Traditional approaches are based on some arbitrary 

assumptions, such as (statistical) independence between two 

(sets of) evidences, each from different sources to avoid 

complicated calculation of the relevant joint probabilities. 

Duda et al. [1976] suggested the following solutions to 

the problems presented above for use within PROSPECTOR. 

1. Only one hypothesis among the set of {Hi, H2,...,Hnj} 

can be true at one time. This assumption reduces the 

required amount of computation from 2"̂  to m. 
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2. For combining multiple evidences Ei,..,Ej^, bearing 

on the same hypothesis H, two simple methods are suggested 

as follows. 

For general case where the independence of E;L,..,EJ^ are 

unknown, 

Pr(E|Hj) = Pr(Ei,..,En|Hj) = Min Pr(Ei|Hj). (2.4) 
i 

If the independence of Ei,..,Eri are known. 

Pr(E|Hj) = Pr(Ei|Hj)•...•Pr(En|Hj). (2.5) 

For updating of the prior probability to the posterior, 

however, PROSPECTOR uses a formula based on the odds 

concept. Based on Pr(H) and Pr(E) computed as in (2.4) and 

(2.5), 

0(H|E) = a-O(H), (2.6) 

where the posterior odds 0(H|E) is defined as 

Pr(H|E) Pr(H|E) 
0(H|E) = = 

Pr(-H|E) 1 - Pr(H|E) 

the prior odds 0(H) is defined as 

Pr(H) Pr(H) 
0(H) = = 

Pr(-H) 1 - Pr(H) 

the likelihood ratio a is defined as 
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Pr(E|H) 
a = . 

Pr(E|-H) 

In the updating formula (2.6), the human expert provides 

the number a, which can take its value on a continuous range 

[-00, +00]. However, humans are usually very uncomfortable 

(even "expert" humans) when forced to choose a specific 

number from a continuous range. As was discussed in section 

1.1, this is one of the possible weak points of traditional 

inexact reasoning systems. 

Recently, generalization of the inference net that was 

formulated in PROSPECTOR is being researched through using 

network diagrams. Among the network diagrams being 

considered are belief networks [Kim and Pearl, 1987; Pearl, 

1986b], influence diagrams [Shachter, 1986; Shachter, 1988; 

Rege and Agogino, 1988], and connectionist models [Fahlman 

and Hinton, 1987; Gallant, 1988]. 

2.2.2 Dempster/Shafer Theory of Evidence 

Dempster and Shafer introduced their theory in the 60»s 

and 70's as an extension to probability theory [Dempster, 

1967; Shafer, 1976]. Before examining its features, we 

first review the relevant formalism [Bhatnagar and Kanal, 

1986; Gordon and Shortliffe, 1985]. 

If q is some variable, let 9 represent the set of all 

possible values of q. Then the propositions may be 
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represented as "The true value of q is in T" where T is a 

subset of e. This is abbreviated as "q is in T." Thus, the 

propositions are represented by subsets of the set 6. The 

variable q can be an arbitrary parameter taking numeric or 

non-numeric values. The set 9 is called the "frame of 

discernment"^ for variable q. P(9), the power set of 9, may 

be viewed as the set of events, each corresponding to a 

proposition. 

The model employs the familiar idea of using a number 

between zero and one to indicate the degree of support 

provided to a proposition by the body of available evidence. 

The numerical function is defined as follows. 

Let m be a function from P(9) to [0,1] such that 

1. m(0) = 0 and 

2. S m(9) = 1 where 9 varies over its power set P(9) . 

Here ro is called the "basic probability assignment" and 

represents a body of evidence regarding the value of q. 

Unlike many other ideas of the past, this theory does 

not focus on the act of judgment by which the numbers for 

the function m are determined. Instead, it focuses on the 

combination of degrees of belief based on various distinct 

bodies of evidence. Qualitative interpretations of values 

^This term will be adopted also for the design of the 
inexact reasoning system in this research (see chapter 3, 
section 3.2). 
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for the function m give a good insight into the utility of 

this theory. The function values such that 

m(E) = 1 and m(A) = 0 for all A, where E and A are 

subsets of 9 and A != E (2.7) 

represent a body of evidence E that is certain. It states 

that q is in E, exactly and certainly. This certain body of 

evidence does not necessarily lead to precise specification 

of the value of q, unless E is a singleton of 0. The 

quantity m(A) measures the belief that one commits "exactly" 

to A, and not the total belief committed to subsets or 

supersets of A. To obtain the measure of total belief 

committed to A, one must add to m(A) the quantities m(B) for 

all proper subsets B of A. 

Bel(A) = S m(B), where B varies over the power set (all 

subsets) of A. (2.8) 

Notice that (2.8) calculates Bel(A), not m(A). 

A subset A of a frame 9 is called a focal element of a 

belief function Bel over 9 if m(A) > 0. The union of all 

the focal elements of a belief function is called its core. 

We see here that if C is the core of a belief function Bel 

over 9, then a subset B of 9 satisfies Bel(B) = 1 if and 

only if C is a subset of B. This function Bel has also been 

referred to as the Credibility Function represented as 

Cr(A). 
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By duality, a plausibility function PI is defined from 

Cr as: 

For all A contained in P(9) , P1(A) = 1 - Cr(--A) . (2.9) 

Writing it in terms of the function m, we get. 

P1(A) = S m(B) - S m(B) = S m(B). (2.10) 
B e P(9) B e P(9)-A A n B != 0 

Thus, the plausibility of the proposition "q is in A" is the 

sum of basic probability values of all such subsets of 9 

which have a non-null intersection with subset A. It can 

easily be shown that 

Cr(p) + Cr(--p) < 1 and 

Pl(p) + Pl(-̂ p) > 1, (2.11) 

where p stands for a proposition "q is in A." 

A situation of total ignorance can be represented by an 

m function such that m(9) = 1 and for all p where p != 9 

and p is contained in 9, m(p) = 0 . In this case we will 

have Cr(p) = Cr(-p) = 0 and Pl(p) = Pl(^p) = 1 for all 

propositions p corresponding to subsets of 9. 

One advantage this approach has over a probability 

framework is that explicit representation of ignorance is 

possible. The major deficiency is that while it provides a 

method for representing uncertain information, very little 

has been done to perform reasoning or inferencing with 

information represented in terms of belief functions. 
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MYCIN'S main idea is to incorporate "nonprobabilistic 

and unformalized" reasoning processes and permit the opinion 

of experts to become more generally available to nonexperts. 

It can do that based on a reasoning model that incorporates 

quantification of incomplete knowledge and approximation of 

conditional probabilities. MYCIN models the consultation 

process, utilizing judgmental knowledge acquired from 

experts in conjunction with certain statistical data that 

are available from the clinical microbiology lab and from 

patient records. All system knowledge is encoded in 

decision rules, e.g., conditional probability statements. 

However, the probability is not the classical 

probability measure. Shortliffe and Buchanan, 1975, 

suggested another measure, based on the concept of 

probabilityi as discussed in Carnap, 1962, and denoted as 

C[h,e],^ which represents the degree of confirmation for the 

hypothesis h supported by the evidence e. The reason for 

this is that in most experts' knowledge, G[^h,e] is not 

necessarily equal to 1 - C[h,e]. Although the model they 

are proposing has several similarities to Carnap's theory of 

confirmation, they introduce new terms, "Measure of Belief" 

and "Measure of Disbelief" as follows. 

1. MB[h,e] = X means "The measure of increased belief 

in the hypothesis, based on the evidence e, is X"; and 

^This notation follows the same as in Shortliffe and 
Buchanan [1975]. 
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2. MD[h,e] = Y means "The measure of increased 

disbelief in the hypothesis, based on the evidence e, is Y." 

The formal definition of MB and MD in terms of 

conditional and a priori probability is given as follows. 

MB[h,e] = 

|— 1 if P(h) = 1, 

Max[ P[h|e), P(h) ] - P(h) 

1 - P(h) 
, otherwise. 

(2.11) 

MD[h,e] = 

1 if P(h) = 0, 

P(h) - Min[ P(h|e), P(h) ] 

P(h) 
, otherwise. 

(2.12) 

In addition, a third measure, termed a certainty factor 

(CF), is defined as follows. 

GF[h,e] = MB[h,e] - MD[h,e]. (2.13) 

CF can take its value in the range of [-1, 1] since both MB 

and MD can take their values in the range of [0,1]. 

Using CF, the model can provide a plausible 

representation of the numbers an expert gives when asked to 

quantify the strength of his/her judgmental rules. He/she 

gives a positive number (CF > 0) if the hypothesis is 

confirmed by observed evidence, and suggests a negative 

number if the evidence lends credence to the negation of the 

hypothesis. If the observation is independent of the 

hypothesis under consideration, there will be no change. 
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In Gordon and Shortliffe [1985], it is shown how some of 

the restrictive assumptions of CF theory can be relaxed 

based on the more general settings that can be provided by 

Dempster/Shafer's theory of evidence and the revised CF 

theory can be applied to solve the inexact reasoning problem 

where the hypothesis space takes a hierarchical structure. 

2.2.4 Fuzzy Sets/Possibility Theory 

As the (modern axiomatic) theory of probability and 

measure of probability is based on the theory of measure (a 

field of mathematics), there have been developed 

corresponding concepts based on fuzzy set theory [Zadeh, 

1978; Zimmermann, 1985]. Those are fuzzy measure and 

possibility. Because a fuzzy set is a very generalized 

definition of (the classical) set, fuzzy measures based on 

this concept are very general and defined in various ways. 

In fact, possibility is a specific form of fuzzy measure. 

Possibility theory was developed by Zadeh [1978]. It 

does not prescribe a mechanism to select a single crisp 

number for the representation of uncertainty. Instead, it 

gives a family of valuations that is compatible with given 

evidence. The possibility distribution function is defined 

to be numerically equal to the membership function of a 

fuzzy set. In a way, the possibility can be interpreted as 

an upper bound for the probability. Therefore, a high 

degree of possibility does not necessarily imply a high 
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degree of probability. If, however, an event is not 

possible, its probability is zero. The following example 

demonstrates the concept of possibility. 

In Figure 2.4, /ix(̂ ) represents a fuzzy membership 

function defined on the set X while Prx(x) represents a 

probability density function defined on the same set. In 

the following, a brief introduction to fuzzy set theory is 

provided, which is an underlying theory for the fuzzy logic 

and possibility theory. 

2.2.4.1 Fuzzy Set Theory 

The definition and terminology of a fuzzy subset A of X 

are given as follows. 

1. A fuzzy subset A in X is characterized by its 

membership function /A(^) which associates with each 

point in X a real number in the interval [0,1]. 

2. A fuzzy set A is empty if /A(^) - 0 fo^ ^ H ^ in X. 

3. Equality of two fuzzy sets A and B is defined as A 

and B are equal iff fj^ix) = /^(x) for all x in X. 

4. The complement of a fuzzy set A is denoted by A' and 

is defined by /;̂i (x) = 1 - fp^W for all x in X. 

5. A is contained in B or a subset of B iff /^ <= /Q, 

i.e., A is contained in B iff /^ <= /3 for all x. 

6. The union of two fuzzy sets A and B with respective 

membership functions fp,W and f^{x) , denoted as C 

= A U B, is defined by 
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Figure 2.4 An Example of Possibility versus 
Probability Distribution 



47 

/c(x) = Max[ /A(X), /B(X)], X in X 

or abbreviated as 

/C = /A V /B-

7. The intersection of two fuzzy sets A and B with 

respective membership functions /A(^) ^^^ / B ( ^ ) ' 

denoted as C = A n B, is defined by 

/C(X) = Min[ /A(X), /B(X)], X in X 

or abbreviated in 

/c = /A ^ /B-

Some properties of fuzzy sets are presented as follows. 

1. (A U B)' = A' n B'. 

2. (A n B)' = A' U B'. 

3. c n (A U B) = (G n A) U (C n B) . 

4. C U (A n B) = (G U A) n (G U B) . 

5. Fuzzy relations: An n-ary fuzzy relation in X is a 

fuzzy subset A o f X x X x ••• x X with its 

membership function /A(X1,X2,...,xn), where x^ is in 

X for i = 1,2,...,n. 

6. (Max-min) Composition of two fuzzy relations A and 

B, denoted by B*A, is defined as a fuzzy relation in 

X whose membership function is given by 

fB'A(^'Y) = Sup Min[ /A(X,V), /B(v,y)]. 
V 
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Each element of this set represents a fuzzy subset of the 

infinite truth-value set [0,1]. For example, if a statement 

P's truth value is "true" and Q's truth value is "not true," 

then each of their truth values is represented as a fuzzy 

membership function, written as follows. 

v(P) = true = Mtrue = Mi/vi + \i.2l^2 + ••• + Mn/^n; ^^d 

v(Q) = not_true = <5not_true = ^\l^\ + ••• + ^i^l^^-

The axioms of FL are as follows. 

Axiom 1: v(^P) = false = Zĵ  Mtrue/(^ " '̂ i) ̂  Mi/(1~V2̂ ) 

+ M2/(V2) + ••• + Mn/Cl-Vn). 

Axiom 2: v(P and Q) = S^ Min[Mi, <̂ i]/̂ i. 

Axiom 3: v(P or Q) = E^ Max[/xi, <Si]/v̂ ^ 

Axiom 4: v(P -> Q) = S^ Max[l - /ii,<Si]/Vi. 

Figure 2.5 exhibits the use of some of the axioms and 

properties of FL. Examples of inferencing based on FL and 

its (max-min) composition rule are given in Figure 2.6. 

2.2.4.4 Problems with Fuzzy Logic 

Since the FL or possibility approach was developed to 

overcome the perceived limitations of probability, the pros 

and cons of FL can be shown by discussing and comparing how 

probabilistic and Bayesian approaches handle the problems of 

inexact knowledge representation and inferencing with how FL 

and possibility approach does. 
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v(P) = true = 0.0/0.0 + ••• + 0.0/0.7 + 0.6/0.8 + 
0.9/0.9 + 1.0/1.0. 

v(Q) = nottrue = 1.0/0.0 + 1.0/0.1 + ... + 1.0/0.7 -f-
0.4/0.8 + 0.1/0.9 + 0.0/1.0. 

V(-P) = 0.0/1.0 + ••• + 0.0/0.3 + 0.6/0.2 + 0.9/0.1 + 
1.0/0.0 = false. 

v(P and Q) = 1.0/0.0 + ••• +1.0/0.7 + 0.4/0.8 + 
0.1/0.9 + 0.0/1.0 = not_true. 

v(P or Q) = 1.0/0.0 + ••• + 1.0/0.7 + 0.6/0.8 + 
0.9/0.9 + 1.0/1.0 = trivially_true. 

v(P -> Q) = 1.0/0.0 + ••• + 1.0/0.7 + 0.4/0.8 + 
0.1/0.9 + 0.0/1.0 = not true. 

Figure 2.5 An Example of Fuzzy Logic 
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Example 1 

PI: John is tall 

P2: Mike's height is approximately equal to John's 

Q: ? 

PI = [0.1/5.0 0.2/5.5 0.8/6.0 1.0/6.5] 

P2 = 

5 . 0 
5 . 5 
6 . 0 
6 . 5 

5 . 0 

1 . 0 
0 . 3 
0 . 0 
0 . 0 

5 . 5 

0 . 3 
1 . 0 
0 . 2 
0 . 0 

6 . 0 

0 . 0 
0 . 2 
1 . 0 
0 . 3 

6 . 5 

0 . 0 
0 . 0 
0 . 3 
1 . 0 

Q = P1-P2 = 

= [0.2/5.0 0.2/5.5 0.8/6.0 1.0/6.5] 

This can be interpreted as Mike's height is 

more_or_less tall. 

Example 2 

PI: Berkeley is close to San Francisco. 

P2: Oakland is close to Berkeley. 

Q = P1-P2 

Oakland is close to San Francisco. 

Figure 2.6 Examples of Fuzzy Reasoning 
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First, Cox proved that if one wishes to represent the 

"plausibility" of a proposition by a "real number" and 

require consistency in the resulting calculus, then the 

"axioms" of probability follow logically [Cheeseman, 1986], 

This means that FL, whose axioms are not identical to those 

of probability (for a comparison, see subsection 2.2.1 and 

this subsection), necessarily violates the basic consistency 

requirements. Specifically, the strong "truth value" 

composition rules of FL are the source of inconsistency. 

Second, interpretation of a statement typically depends 

on some context where the statement is made. FL is lacking 

a mechanism to handle that. For example, if "Mary is young" 

is uttered in a kindergarten and in a retirement home, the 

effect on the expected age of Mary will be drastically 

different. This points out the need to make explicit our 

prior knowledge before any reasoning can be done. A serious 

difficulty with FL for Al is that fuzzy representations do 

not explicitly represent how their values depend on the 

context. Conditional probability statements, on the other 

hand, do contain the context associated with their values. 

2.2.5 Comparison of the Various Methods of 
Inexact Knowledge Representation 

In the following Table 2.1, a comparison of the methods 

from the perspective of fundamental building blocks (domain 

of representation, range of values, basic logical 

operations) is presented in a highly summarized manner. 
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Table 2.1 A Comparison of Different Methods 
of Inexact Knowledge Representation 

Boolean 
Logic 

Infinite 
Valued 
Logic 

Proba
bility 

Possibility Certainty 
Factor 

1.Domain 

Set of 
Well-
Formed-
Formulas 

Set of 
Well-
Formed-
Formulas 

2. Range of Values 

a-field Any Universe Hypothesis 
Space 
(discrete, 
mutually 
exclusive 

) 

{ 
l(True), 
0(False) 
} 

[0, 1] [0, 1] 

3. Operations 

A OR B (A. B are Disjoint) 

Max 
[PA^ PB] 

Max 
[PA^ PB] 

A AND B 

PA + P B 

[0, 1] 
(If 
Normalized) 

[-1, 1] 

Max 
[/A(X)'/B(X)] 

Max[ 
MB(A),MB(B)] 

Min[ 
MD(A),MD(B)] 

Min 
[PA^ PB] 

Min[PA,PB] P(A,B) 

A -> B (A implies B) 

Min 
[/A(^)'/B(X)] 

Min[ 
MB(A),MB(B)] 

Max[ 
MD(A),MD(B)] 

Min 
[1, 
1-PA+PB 

] 

Min 

1-PA+PB 

] 

P(B|A) 

P(A,B) 

P(A) 

Max 
[ 1 - fp,{x), 

/B(X)] 

Max 
[ -CF(A), 

CF(B) ] 
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Table 2.1 Continued 

Infinite 
Valued 
Logic 

Proba
bility 

Possibility Certainty 
Factor 

NOT A (-A) 

1 - P: 1 - P; 1 - P; 1 - fhix) - GF(A) 

A IS EQUAL TO B (A = B) 

PA = PB PA = PB PA = P B 
/B(X) 

MB(A)=MB(B) 
AND 
MD(A)=MD(B) 
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2.3 Connectionist Computational 
Architectures 

The purpose of this section is to present a brief review 

on the connectionist/neural networks theories and models, 

which are drawing explosive interest in the field of Al and 

computing technology. In subsection 2.3.1, general topics 

about neural networks are discussed. In 2.3.2, a general 

framework for neural networks is introduced based on the 

book by Rumelhart et al. [1986b]. In 2.3.3, various models 

on learning, which is one of most important functions of 

neural networks, are discussed. 

2.3.1 Introduction 

Connectionist (or neural networks) theories/models are 

drawing explosive interest as useful computational tools for 

the problems and tasks that are known to be hard to solve 

with more conventional computational tools [Lippmann, 1987]. 

Neural networks constitute a radically different 

approach to computation. Based upon modern neurophysiology, 

a simplified model of the human neuron is organized into 

networks similar those found in the brain. 

The main idea of neural networks is based on the 

concept of massively parallel distributed processing (PDP), 

which is one of the most important characteristics of 

biological computing systems. The major implication of the 

PDP is that intelligence emerges from the interactions of 

large numbers of simple processing units. 
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Feldman coined the term "connectionism" to refer to the 

study of a certain class of massively parallel and 

distributed processing system [Feldman, 1982]. The three 

main features of the connectionist's PDP system are as 

follows. 

1. Massively parallel processing; 

2. Associative memory (AM) or content addressable 

memory (CAM); 

3. Collective computation. 

There are similar and related fields that can be 

summarized as follows. 

1. Parallel Distributed Processing(PDP)—The way a 

neural network system does compute is a massively parallel 

and distributed computation. The so-called "Array Machine 

(The Fifth Generation Computer)" also does parallel 

computation but it is not a massively parallel one. 

2. Artificial Intelligence (Al)—The goals of Al are 

similar to those of a neural network, but Al has a different 

flavor in the sense that in order to solve hard problems, it 

usually resorts to algorithms (or software, in a broad 

sense) rather than machine architecture. Actually, most Al 

techniques developed so far assume that they are implemented 

on single serial processor. 

3. Cognitive Science—Simon defined Cognitive Science 

(CS) as the domain of inquiry that seeks to understand 

intelligent systems and the nature of intelligence 
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[Simon, 1981]. The primary concern of CS is understanding 

the nature, not the design of an intelligent system. It 

stemmed from cognitive psychology and neurophysiology. 

4. Cybernetics—In its broadest sense. Cybernetics is a 

domain of knowledge for understanding and design of a 

feedback control system, control in the sense that in order 

to adjust a system itself to its environmental change, it 

should have the capability of changing/controlling its own 

state. The study of "self-organization and self-adaptation 

system." 

5. System Dynamics/Causal Modeling—A very important 

concept in socioeconomic systems analyses is "causality" 

[Kane, 1972; Burns and Marcy, 1979]. Causal relationships 

in socioeconomic systems can be represented in various 

languages such as causal diagrams used in Forrester's system 

dynamics [Forrester, 1961; Forrester, 1968], cross-impact 

matrix used in Kane's KSIM [Kane, 1972], and so forth.^ 

If the cells in neural networks represent socioeconomic 

variables, the links between the cells can be interpreted as 

causal relationships between the variables. In this sense, 

it may be said that neural networks can be used as another 

representation methodology for socioeconomic systems. 

However, neural networks and causal diagrams/cross 

impact matrices are fundamentally different in the sense 

^The equivalence of the causal diagrams to the cross-
impact matrix is well-presented in Burns and Marcy [1979]. 
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that the former is basically a computational architecture 

and the latter consists of methodologies and tools for 

representing and analyzing socioeconomic relationships. 

In general, neural networks can be considered as a 

subfield of Al in the sense that they try to solve difficult 

problems with intelligence. However, they assume totally 

different approach to computing. The underlying idea is 

that computers can work as humans believe the human brain 

does. Therefore, neural networks are not so good at 

handling accurate, precise numbers and answers for which 

conventional computers are strong. They are appropriate 

for tasks that humans have traditionally done better than 

conventional computers, like pattern recognition, vision, 

speech recognition, and so forth. 

Today, neural networks are not limited to solving those 

problems. Attempts to apply artificial neural networks to 

do medical diagnoses, large-scale database management, 

business financial analyses, and so forth are being pursued. 

2.3.2 A General Framework of 
Neural Networks 

There are eight major aspects of a neural network model 

[Rumelhart et al., 1986c]: 

1. A set of processing units; 

2. A state of activation; 

3. An output function for each unit; 

4. A pattern of connectivity among units; 
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5. A propagation rule for propagating patterns of 

activities through the network of connectivity; 

6. An activation rule for combining the inputs 

impinging on a unit with the current state of that unit to 

produce a new level of activation for the unit; 

7. A learning rule whereby patterns of connectivity are 

modified by experience; and 

8. An environment within which the system must operate. 

Processing unit: The basic building block of neural 

networks is a (artificial) neuron, which is connected to 

other neurons by some connecting components that correspond 

to synapses in a biological system. Figure 2.7 shows a 

single artificial neuron that is connected directly to 

input units (which may be another set of neurons or simply 

be outside of the system). The m inputs labeled x̂ ,̂ X2, 

. . . , Xjp are applied to the neuron through a set of 

associated weights ŵ ,̂ W2, ..., Wĵ . If we assume the 

activation function to be a linear summation function, the 

activation level y of the neuron is given as 

m 
y = Z W-; x-;, (2.14) 

J = 1 

or in vector/matrix notation,^ 

y = W X, (2.15) 

"̂ All matrices are notated in uppercase and bold, all 
vector are in lowercase and bold, and all scalars are in 
lowercase without bold. 
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Input 
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Input 
Cell 2 • • • • 
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Input 
Cell m 

Figure 2.7 A Single Neuron Neural Network 
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where W = [w^j] is a weight matrix whose element w-ĵj is the 

weight associated for the connection from the input cell j 

to the neuron i (in this case, i = 1 because there is only 

a single neuron), and x is the input vector. Figure 2.8 

shows a single-layer neural network, which consists of n 

peer neurons and each of these neurons connected to each of 

m input units. For this case, the activation level y^ of 

neuron i is given as 

m 
Yi = 2 wi-j Xi-j, i = 1,2,...,n, (2.16) 

j = 1 

or in vector/matrix notation, 

y = W X. (2.17) 

where y is the activation vector, and W is a nxm weight 

matrix. Figure 2.9 shows an L-layer neural network, which 

is a general, multi-layer model. A neuron is activated (or 

fired) when the summation of total inputs that came through 

the connections from the input cells (or other neurons) to 

that neuron exceeds a certain level, which is called 

threshold. 

Activation and propagation rule: In most neural network 

models, a simple rule for the activation of a neuron is 

adopted because individually simple but massively parallel 

processing is the fundamental philosophy of the neural 

networks. Usually, it takes the form of a linear summation 
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Neuron 
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Figure 2.8 A Singe-layer Neural Network 
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C e l l 
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Output 
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(Layer L) 

Inter
mediate 
Layer K+1 

Inter
mediate 
Layer K 

Input 
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(Layer 0) 

Figure 2.9 A Multi-layer Neural Network 
In this figure, there are L layers (excluding the input 
layer), numbered 1 through L. Except the layer L, all the 
layers are considered to be intermediate or hidden. The 
number of cells in each layer varies over different layers. 
For example, cells in the output layer (Layer L) are 
numbered 1, 2, NL. Notice that this numbering scheme 
does not mean that the number of cells in a layer should be 
equal to the layer number itself, i.e., L != NL, for 
example. 
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function (as shown in equations 2.3.1 through 2.3.4). So 

the activation level goes up if it is input through an 

excitatory connection (the one with positive weight) and 

goes down if through an inhibitory connection (the one with 

negative weight). 

Another important issue is the propagation and timing of 

the activation of the neurons. In some models, there is a 

kind of central timing pulse and after each clock tick a new 

value is determined simultaneously for all neurons. This is 

a "synchronous update" procedure. It is usually viewed as a 

discrete approximation by difference equations to underlying 

(continuous) differential equations in which every neuron is 

updated continuously. In other models, however, neurons are 

updated "asynchronously (not simultaneously)" or "time-

independently" of each other. The usual assumption is that 

if we look at a short enough time interval, only a single 

neuron is updating at a time. The major advantage is that 

since the neurons are independently being updated, the 

stability of the network can be secured by keeping the 

network out of oscillations that are more readily entered 

into with synchronous update procedures. The asynchronous 

update method was adopted by Grossberg [1981], Hopfield 

[1984], Hinton and Sejnowski [1986], and Smolensky [1986]. 
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2.3.3 Learning in Neural Networks 

Learning is known, in general, to be a hard problem in 

the Al field [Rich, 1983]. While it is difficult for other 

Al technologies to do learning, all neural networks can do 

it without much difficulty. Some neural network models are 

developed for the sole purpose of learning [Hinton and 

Sejnowski, 1986]. 

Learning in neural networks is simply changing the 

knowledge structure (of a neural network system). Changing 

the knowledge structure involves modifying the pattern of 

connectivity in a neural network system. In principle, this 

can involve three kinds of modifications: 

1. The development of new connections. 

2. The loss of existing connections. 

3. The modification of the strengths of the connections 

that already exist. 

Very little work has been done on 1 and 2 above. 

However, 1 and 2 can be considered special cases of 3. In 

the following, various learning theories/models are 

reviewed. Among the various learning models, the most well-

known and their source are as follows: 

1. Hebbian rule: Hebb, D. O., 1949, The Organization 

nf Behavior. Wiley. 
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2. Widrow-Hoff rule or Delta rule or LMS rule: Widrow, 

G. and M. E. Hoff, 1960, "Adaptive Switching Circuits," 

Western Electric Show and Convention, pp. 96-104, Institute 

of Radio Engineers. 

3. Generalized delta rule or Back-propagation method: 

Rumelhart, D. E., G. E. Hinton, and R. J. Williams, 

"Learning Internal Representations by Error Propagation," 

pp. 319-362, in Parallel Distributed Processing: 

Explorations in the Microstructure of Cognition. Vol. I: 

Foundations, ed. by D. E. Rumelhart, J. L. McClelland, and 

PDP Research Group, 1986. 

4. Boltzmann machines: Hinton, G. E. and T. J. 

Sejnowski, "Learning and Relearning in Boltzmann Machines," 

pp. 282-317, in Parallel Distributed Processing: 

Explorations in the Microstructure of Cognition. Vol. I: 

Foundations, ed. by D. E. Rumelhart, J. L. McClelland, and 

PDP Research Group, 1986. 

5. Harmony theory: Smolensky, P., "Information 

PRocessing in Dynamical Systems: Foundations of Harmony 

Theory," pp. 194-281, in Parallel Distributed Processing: 

Explorations in the Microstructure of Cognition. Vol. I: 

Foundations, ed. by D. E. Rumelhart, J. L. McClelland, and 

PDP Research Group, 1986. 

In the following, the first three of these, which are 

more important for the research purposes in this 

dissertation, are reviewed briefly. 
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Hebbian rule: Assumptions of Hebbian Rule are: 

1. Single-layer (Input vector/Output vector); 

2. Continuous input, output; 

3. Strictly linear output function; 

4. Mutually orthogonal input vectors. 

Generally in neural network models, reasoning 

corresponds to the process of computation of activation or 

output values as shown in equation (2.14) through (2.17), 

and learning corresponds to the process of adjusting the 

weight (connection strength) values as shown in equation 

(2.18). In other words, reasoning corresponds to 

computation of y given W and x, and learning corresponds to 

adjusting W given x and y. Hebbian rule simply says that 

W = y x^. (2.18) 

This rule enables the learning system to produce perfect 

matching. To prove this, (2.18) is substituted into 

(2.15), and we get 

yx'̂ x = yi = y. 

We assumed that input vector x was normalized. For a series 

of input-output pairs (xi,yi),(X2,y2)r.••/(x^fYn)/ 

W = E YiXi'̂ . (2.19) 

1 

This also gives a perfect pattern-matching. Put (2.19) in 

(2.17) and we get 
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S yiXi^Xp = Yixi^xp + y2X2Txp + ... + YpXpTxp + 

YpXp Xp - Yp. 

Delta rule: The Hebbian rule can be modified to handle 

the case where input vectors need not be mutually orthogonal 

but are linearly independent. This rule will produce 

perfect associations so long as the input patterns are 

"linearly independent" and will find a weight matrix that 

will produce a "least square" solution when an exact 

solution (perfect association) is impossible (linearly 

dependent input vectors). In vector/matrix notation the 

rule can be described as 

W(n) = W(n-l) + M e(n) xT(n) (2.20) 

where W(n) is the updated weight matrix after n 

presentations (or training examples), x(n) is the input 

vector presented on the n-th presentation, /i is a constant 

which determines the rate of learning, and e(n) is the 

difference between the desired (or target) output vector z 

and actual output vector on the n-th presentation, such that 

e(n) = z(n) - W(n-l) x(n). (2.21) 

Proof concerning the convergence of (2.20) is provided by 

Kohonen [1977; 1984]. 

Back-propagation/generalized delta rule: The delta rule 

can be generalized to handle the learning problem in multi-



—jfci. ^with hidden layers) neural network models. One of 

the generalized methods is back-propagation method suggested 

by Rumelhart et al. [1986d]. The derivation process of this 

rule is well-illustrated in the reference. The assumptions 

are as follows: 

1. Continuous input, output, and activations; 

2. Output functions are differentiable and 

nondecreasing (monotonic function); 

3. Change of weights (<SW) is set to be proportional to 

gradient descent of sum of squared errors with respect to 

each weight. 

The application of the generalized delta rule involves 

two phases. During the first phase the input is presented 

and propagated forward through the network to compute the 

output vector YL of the (top) output layer. This output 

vector is then compared with the target vector z, resulting 

in an error vector e (e = z - YL ) . The second phase 

involves a backward pass through the network during which 

the set of error signals is passed to the rest of the 

network and appropriate weight changes are made.^ 

^The back-propagation method is adopted for the design 
of the inexact reasoning systems in this research. A 
detailed algorithm for this method will be presented in 
chapter 3, section 3.3.3. 



CHAPTER III 

CIROS: A PROTOTYPE CONNECTIONIST 

INEXACT REASONING SYSTEM 

The purpose of this chapter is to present the design of 

a prototype system that can accomplish the objectives stated 

in chapter 1, particularly in section 1.3. The prototype 

system, which is an inference support system for inexact 

reasoning tasks, is based on the connectionist computational 

architecture. Hence, it will be called GIROS (Connectionist 

Inexact Reasoning System) in the following. 

Design of a prototype inexact reasoning system can be 

approached in a variety of ways. Major important aspects of 

the task are derivation of design principles, architectural 

design, implementation of the prototype system, and 

evaluation of the system. Also important is actual usage in 

realistic situations. This chapter will focus on the first 

two aspects, derivation of design principles and 

architectural design. Chapter 4 will demonstrate an example 

of using the prototype system in a hypothetical, but close-

to-real, situation. Chapter 5 will focus on the 

implementation and evaluation of the system as well as some 

issues related to general research methodology. 

This chapter is divided into four sections. In section 

3.1, requirements for the prototype system and other related 

70 
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issues are discussed. Section 3.2 discusses the design 

principles that can fulfill the requirements identified in 

section 3.1. An architecture for the prototype system based 

on the design principles derived in section 3.2 is presented 

in section 3.3. Finally, a summary of the chapter and brief 

design guidelines of the prototype system are presented in 

section 3.4. 

3.1 Reguirements for the Inexact 
Reasoning Systems 

As stated in chapter 1, the main goal of the study is 

design of robust and efficient inexact reasoning systems. 

Also stated is that this main goal can be achieved by 

working out two subtasks: selection of appropriate 

representation schemes for the inexact and uncertain 

knowledge of the problem domain, and development of an 

efficient computational architecture. In the following, a 

set of functional requirements for the prototype inexact 

reasoning system will be deduced from the viewpoint of 

performing each of the two subtasks. 

3.1.1 Reguirements for Knowledge 
Representation in GIROS 

Although there is much interest in the application of Al 

technology to management decision-making, very few 

management-oriented Al applications exist [Baldwin and 

Kasper, 1986; Dhar, 1987]. Baldwin and Kasper discussed 

matching knowledge representation techniques to 
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organizational domains. For "coordinative" and "strategic" 

decision categories, they suggest frames and semantic nets. 

But since their model is based on generalities and 

tendencies, they suggest that the choice should depend on 

the characteristics of a specific task the system is to 

perform, such as learning versus nonlearning, expert advice 

versus data retrieval and the type of explanation capability 

needed. 

Dutta suggests some desirable capabilities of a 

representation and manipulation method to aid human 

reasoning under uncertain and inexact reasoning environments 

[Dutta, 1987]. The method should possess the capability of 

inexact reasoning, which is inherent in the problem domain. 

However, there are other capabilities that are desirable. 

In the following, each of these capabilities will be 

presented and discussed in a detailed manner to deduce 

requirements for inexact reasoning systems. 

1. The method should be capable of organizing the 

human's expertise into a knowledge structure that is easily 

manipulable on computers. 

2. The method should represent an uncertainty measure 

associated with each entity/object/event and an inexactness 

measure associated with the (domain) knowledge about the 

relationships between these entities/objects/events involved 

in the diagnostic situation in a natural way. Here, 

"natural way" means the way humans prefer in estimating and 
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expressing the degree of uncertainty [Kahneman et al., 1982; 

Merkhofer, 1987]. 

3. The method should be able to recognize situations 

where it has insufficient or partial information. 

4. The method should be able to justify the reasoning 

process in any specific problem instance. It should also 

entail the explanation of choices of different rules, 

statements of alternate lines of reasoning for the same 

conclusion. 

5. The method should be able to acquire new knowledge 

and improve its reasoning ability over time as it aids in 

more and more decision-making instances. 

In the following, each of these desirable capabilities 

is transformed into a substantial set of requirements for 

the inexact reasoning system in the context of managerial 

problem diagnosis. 

It is known that expertise in managerial problem domain, 

in general, is rather ill-structured,-^ implicit, and 

ambiguous [Simon, 1974; Ackoff, 1981; Dutta, 1987; Dhar, 

1987]. Managerial knowledge with this characteristic does 

not help managers to solve their problems [Bouwman, 1983]. 

Humans' managerial knowledge should be organized and 

restructured so that computers can manipulate it and aid 

^Here "ill-structured" is used to specifically mean a 
knowledge structure with a general network form, rather 
than hierarchical or relational, when the knowledge 
structure is represented in a network form. 
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humans' problem-solving [Dhar, 1987]. Therefore, one of the 

requirements is that the prototype reasoning system should 

have the function of organizing humans' unstructured or ill-

structured managerial knowledge into more structured form. 

The second issue of the desirable capabilities list 

above requires considerable discussion, because it involves 

the essential ingredients of inexact reasoning systems. 

In general, it can be said that there are three 

different types of inexactness involved in managerial 

problem diagnosis. These are weight, probability, and 

fuzziness/certainty factor [Dutta, 1987; Basu and Dutta, 

1989]. Weights are used for measuring the degree of 

confidence or the strength of connection between variables 

that represent classes of entities/objects/events. 

Probabilities are used for measuring the uncertainty of a 

random variable or event in nature. The purpose of 

introducing the concept of fuzziness and certainty factor is 

that the concept of fuzziness and certainty factor is needed 

for representation of human experts' uncertain belief or 

inexact knowledge on the values of the variables involved in 

their decision problems. In the following, each concept is 

discussed in detail. 

1. By weight, we mean the strength of connection or the 

degree of belief in the (causal) relationship between two 

variables that is represented as a link in network 

representation of knowledge. In managerial problem 



diagnosis, it represents highly subjective and judgmental 

knowledge, which is usually acquired by experience. If 

enough statistical data are available for both variables, 

then we could calculate the correlation coefficient between 

the two variables and use it as the weight. 

Weight, in the sense discussed above, must play a 

critical role in the inexact reasoning systems. It connects 

two uncertain variables and enables the system to compute 

the propagation of uncertainty (measured by probability or 

certainty factor) from one variable to another. And in this 

way uncertainty of a variable propagates to the uncertainty 

of the other variable that is connected by a path in the 

network. Another very important role of weight, 

particularly for a problem diagnosis, is the combination of 

two or more uncertainty numbers into a single uncertainty 

number as the process of pooling multiple evidences 

(effects) pertaining to the same hypothetical cause. 

Currently, a specific inexact reasoning system adopts a 

different mechanism for that purpose [Lesmo et al., 1985]. 

In addition, adaptation of the knowledge structure^ of a 

reasoning system to changes in relative connection between 

2In conventional expert systems, the knowledge-base 
component is separated from the reasoning component (see 
Figure 4.1, page 142). However, in GIROS, the knowledge 
component is embedded in its reasoning component, and it 
will be referred as the knowledge structure or knowledge 
network. This matter will be discussed in detail in later 
sections of this chapter. 
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variables is desirable and sometimes strongly required, 

particularly in a long-term problem-solving environment. In 

this regard, it is desirable for the inference system to be 

fully intelligent enough to have a learning capability that 

it can adjust the knowledge structure to the changing 

environment. 

2. For probability, there have been many controversies 

about its appropriateness for representing all kinds of 

inexactness and uncertainty, including the human's 

subjective judgment [Carnap, 1962; Bonissone and Tong, 1985; 

Zadeh, 1986]. In contemporary expert systems, the main 

reason for using probability is to represent the degree of 

natural randomness of a variable or an event, and the people 

who advocate "fuzzy reasoning" believe that this 

characteristic of randomness should be separated from the 

subjective and cognitive uncertainty [Dutta and Basu, 1989; 

Dutta, 1987; Zadeh, 1983]. Since this topic was discussed 

in detail in chapter 2, it will not be discussed further. 

3. For fuzziness and certainty factor, both concepts 

were created mainly to represent the uncertainty and 

inexactness pertaining to the human's subjective judgment 

and cognitive process. The concept of fuzziness is mainly 

for representing linguistic expressions of the definitions 

of variables or events. The concept of certainty factor is 

useful for representing the confidence degree for the 

existence or truth of an entity/object/event. 
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In a typical managerial problem diagnosis, the type of 

uncertainty (or inexactness) is mostly judgmental and 

subjective, thus it can be more appropriately represented by 

certainty factor or fuzzy set theoretic concepts [Dutta, 

1987; Stephanou and Sage, 1987; Basu and Dutta, 1989]. 

In summary of the representation of inexact knowledge, 

two of the inexactness measure, weight and certainty factor, 

seem more appropriate for the problem domain (managerial 

problem diagnosis). Hence, these two types of inexactness 

measure is adopted for the design of GIROS. 

The rest of the (capability) issues are straightforward. 

In conclusion, the following set of requirements is provided 

for design of the prototype inexact reasoning system. 

1. CIROS should be able to reorganize a human's 

expertise from a messy network structure into a form, say a 

layered, hierarchical structure that facilitates sound and 

efficient reasoning on computers. 

2. GIROS should be able to represent two types of 

inexact knowledge: uncertain relationships between variables 

with their inexactness measure, weight, and uncertain 

entities/objects/events that are represented by variables 

with their inexactness measure, certainty factor. 

3. CIROS should be able to find unknown (or missing) 

but important variables in a particular diagnostic reasoning 

session and ask human users (or experts) to provide the 

values of those missing (but important) variables. 
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4. CIROS should be able to produce justifications/ 

explanations for its diagnostic conclusions upon request 

from human users. 

5. GIROS should be able to modify its knowledge 

structure and improve its reasoning ability over time by 

learning as it aids in more and more decision-makings, 

assuming the same managerial problem domain. 

3.1.2 Connectionist Computational 
Architecture 

As was reviewed in chapter 2, connectionists take a 

totally different approach to computing. In this 

subsection, it is discussed how the connectionist approach 

is relevant to the computing task for the problem at hand 

(managerial problem diagnosis) and why it is chosen over 

other possible computing approaches. 

To see how the connectionist approach is relevant to the 

computing task for managerial problem diagnosis, let us look 

at the managerial knowledge structure depicted in Figure 

3.1. It involves tens or hundreds of variables and possibly 

hundreds or thousands of relationships between the 

variables. Some of the these variables represent symptoms 

of a given diagnostic problem and others represent causes 

for the symptoms. Managerial problem diagnosis is nothing 

but a managerial problem-solving task of finding the causes 
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Figure 3.1 A Fundamental Structure of CIROS 
In this figure, there are L layers (excluding the input 
layer), numbered 1 through L. Except the layer L, all the 
layers are considered to be intermediate or hidden, in terms 
of connectionists. The number of variables in each layer 
varies over different layers. For example, variables in the 
output layer (Layer L) are numbered 1, 2, ..., NL- Notice 
that this numbering scheme does not mean that the number of 
variables in a layer should be equal to the layer number 
itself, i.e., L != NL, for example. 
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for the symptoms. Thus, a problem diagnosis-^ is, in a 

sense, very similar to pattern-matching and classification 

problems [Ghandrasekaren, 1983; Chandrasekaren et al., 

1988]. There are differences between them. One difference 

between the two classes of task is that diagnosis usually 

requires building cause-symptom paths to explain and justify 

the diagnostic solutions [Milne, 1987]. 

The pattern-matching and classification problems are 

often characterized as "best match" problems and as Minsky 

and Papert pointed out, it is very difficult to solve best 

match problems "serially" [Minsky and Papert, 1969]. 

A typical managerial problem diagnosis may involve tens 

or hundreds of pieces of symptom/evidence that should be 

processed simultaneously. It is known that conventional 

computing technologies^ are weak in this type of problem-

solving that requires massively parallel and distributed 

computation [Fahlman and Hinton, 1987; Lippmann, 1987]. 

In a particular diagnostic reasoning, part of the input 

data are missing or unreliable. It is also known that 

because conventional computing technologies are lacking the 

property of "graceful degradation," they are not appropriate 

^It means problem diagnosis in a general sense, i.e., 
it can include medical diagnosis, fault finding and analysis 
of engineering systems, and managerial problem diagnosis, 
etc. 

^Here conventional computing technologies mean the 
class of computing technologies that have been developed 
based on "von Neumann architecture." 
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for handling incomplete and imprecise information [Rumelhart 

et al., 1986c]. 

Managerial problem diagnosis is a kind of problem-

solving task that strongly requires gradual modification of 

knowledge structure of the problem-solving agent and thus it 

should have learning capability. It is known that 

connectionist models are easy to incorporate learning 

functions in their systems [Hecht-Nielsen, 1987; Lippmann, 

1987] . 

There can be more arguments for selection of 

connectionist architectures over conventional computing 

architectures. However, it seems that the arguments stated 

above are enough to justify the adoption of the 

connectionist architecture for the computational tasks of 

the prototype inexact reasoning systems. 

3.2 Design Principles for CIROS 

3.2.1 Introduction 

The purpose of this section is to derive a set of 

principles for designing an inexact reasoning architecture, 

which will be synthesized from the two major areas, 

representation of inexact and uncertain information and 

knowledge, and connectionist computational architecture. At 

the same time, the principles are provided in a way to 

fulfill the requirements for managerial diagnostic systems, 

which were presented in the previous section. 
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As Newell discussed, design of Al systems can be done or 

discussed at various levels, including "the knowledge level" 

and "symbolic level" [Newell, 1982]. Discussion of design 

principles in this section will remain mainly at the 

knowledge level, which roughly corresponds to requirements 

specification level of traditional information systems 

design [Baldwin, 1989]. Design discussion at the symbolic^ 

and programming language level will be done in the next 

section (3.3) and in chapter 5. 

3.2.2 Knowledge Representation and 
Inferential Computation in GIROS 

The fundamental structure of CIROS will look like the 

Figure 3.1. It is basically a layered, acyclic network. At 

the bottom is the input layer that represents the collection 

of symptom variables. The top layer is the output layer 

that represents the collection of eventual causes for 

symptom variables. Between the two layers are one or more 

intermediate layers that represent various classes of 

intervening variables. To capture and represent knowledge 

about managerial problem diagnosis, the following 

assumptions are made for GIROS. 

^When Newell used the term "symbolic" level, it is 
meant for the use in Al paradigm rather than in traditional 
information system design or programming paradigm. In 
traditional programming paradigm, it roughly corresponds to 
algorithm design level. 
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1. The domain knowledge (K) consists of two components, 

the set (V) of variables and the set (R) of relationships 

among the variables. Mathematically, K is a diad of V and R 

(K = <V, R>). 

2. The variables set consists of three different 

subsets. Input variables are considered to represent 

manifested symptoms or instances of the managerial problem 

under diagnosis. Part or all of these symptom variables are 

(continuously or periodically) monitored by a monitoring 

system, which could be another part of a whole diagnostic 

system. The set of output variables are considered to be a 

collection of all possible ultimate causes of the symptoms 

or the superset of the instances manifested (this is 

sometimes called "the frame of discernment" in Dempster-

Shafer's evidential reasoning theory [Shafer, 1976]). 

Intervening variables lie between the manifested symptoms 

and the ultimate causes, and connect those two classes of 

variables to result in paths between the two classes. 

3. The relationships set also consists of three 

different types: IS_GAUSED_BY, IS_A, and IS_PART_OF. These 

three types of relationship have important common properties 

for the representation in CIROS. The common properties are 

i) transitivity, ii) anti-symmetricity, and iii) 

irreflexiveness. Therefore, each relationship type 

constitutes its own partial ordering. This partial ordering 

enables the relationship structure to be built as 
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hierarchical. Because of these common properties, CIROS 

does not differentiate the three types of relationship for 

its theoretical development (although they are different in 

semantics). 

Based on the fundamental assumptions about the knowledge 

of managerial problem diagnosis, GIROS represents its 

knowledge as follows (design constructs of CIROS). 

Network representation of knowledge: The whole 

knowledge about a managerial problem is represented in a 

network of cells (sometimes called nodes) and directed links 

(sometimes called arcs or connections or edges). Each cell 

simply represents a variable and each directed link 

represents a relationship between two variables. In Figure 

3.1, each cell in the output layer represents an (ultimate) 

cause in the frame of discernment of a given problem, each 

cell in the input layer represents an individual symptom, 

and cells in the intermediate layers represent various 

classes of intervening variables. 

Embedded knowledge-base in the reasoning system: In 

conventional expert systems, they usually have three 

separate major components: user interface, knowledge-base, 

and reasoning component (or inference engine).^ However, 

the connectionist takes a different approach to building 

^The architectural differences between conventional 
expert systems and CIROS are more thoroughly discussed in 
section 5.1. A comparison of Figure 5.1 and 3.1 shows the 
structural difference. 
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expert systems. The most important single difference is 

that knowledge and reasoning (inferencing) are entangled 

into a single component [Rumelhart et al., 1986b; Gallant, 

1988] ."̂  

Representation of uncertainty and inexactness: 

Associated with each cell is its value from the continuous 

range of [-1, 1], which represents the degree of truth, 

where the value 1 means a perfect (100% confidence in) 

truth, -1 means perfect (100% confidence in) falsity, and 0 

means perfectly neutral or unknown (0% confidence in truth 

or falsity). This number will be called certainty factor 

(of an entity/object/event) from now on. Also associated 

with each link is its value from the continuous range of 

[-1, 1], called weight. The value 1 means a perfect 

(positive) correlation between the two variables that are 

connected by a link and -1 means a perfect (negative) 

correlation between the two variables. Zero weight means no 

correlation (or independence) between the two variables. 

One-cell-one-concept representation (non-distributed 

representation): Each node or cell in GIROS represents a 

single concept or variable. It does not incorporate 

distributed representations. One possible implication of 

^This is also true in the traditional programming 
approach (rather than expert or knowledge-based system 
approach). However, the mixture of knowledge and reasoning 
in the traditional programming approach has a different 
nature [Feldman and Ballard, 1982]. 
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this principle is that, by adopting this principle, GIROS 

can be applied to the problem-solving tasks that involve 

highly abstract and qualitative concepts or variables. 

The reader who has an interest in the differences between 

distributed representations versus non-distributed 

representations may consult Hinton [1986]. 

Acyclic layered network: The original knowledge 

structure (of a manager), if represented in a network, might 

involve loops or cycles, and thus violates the assumptions 

made in CIROS. It should be restructured to resolve the 

abstraction level imbalances of the variables that are 

represented by cycles or other contradictions to the 

assumptions before it performs any inference or learning 

process. The restructured knowledge, balanced in the 

abstraction level of the variables, will be represented as a 

hierarchical, layered network. 

Knowledge update by inferencing (update of fact-type 

knowledge): GIROS changes (or updates) its knowledge 

basically in two ways. One way is by inferencing, and the 

other is by learning. Knowledge updates by inferencing in 

CIROS mean changing (or updating) the values of its cells 

(variables). It is assumed that updating of cell values 

occurs simultaneously within a layer, but it occurs serially 

across the different layers (top-to-bottom or bottom-to-

top) . 
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Knowledge update by learning (update of rule-type 

knowledge): GIROS can modify its pattern of connectivity 

as a part of the learning process. Modifying the pattern of 

connectivity (thus learning) means changing (or updating) 

the weight that is associated with each link in GIROS. 

However, it is assumed that inference and learning are 

separate processes in CIROS. 

The overall architecture of CIROS that is constructed 

based on the design principles closely resembles causal 

diagrams used in system dynamics or causal models used in 

other causal modeling methodologies such as KSIM.^ However, 

there are a number of important differences between CIROS 

and the causal models. They are as follows. 

1. The main purpose of building CIROS is to represent 

the domain knowledge (that are heuristic and experiential) 

and subsequent inferential computation. On the other hand, 

the principal purpose of causal models is to model and 

analyze socioeconomic systems. 

2. CIROS is designed to handle a large number of the 

relevant variables, and more importantly the relationships 

between these variables need not to be limited to be causal, 

while those in causal models are limited to be causal. 

3. CIROS assumes hierarchical, layered, and acyclic 

network structures with synchronous timing in updating their 

^For a discussion of these methodologies, see section 
2.3 of this dissertation and the references. 
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status. On the other hand, causal models assume general 

network structures with asynchronous timing in updating 

their status. 

In Figure 3.2 is given a summary of two terminologies 

contrasting between the one for GIROS or connectionist 

paradigm and the other for usual managerial thought. 

3.3 Architectural Design of CIROS 

Based on the principles described in the previous 

section, CIROS works in three stages: i) network 

structuring, ii) learning, and iii) inferencing. However, 

these three stages do not necessarily take place in 

sequence, although network structuring stage should take 

place before any process for inferencing or learning takes 

place. In the following, each stage is discussed from an 

architectural viewpoint. 

3.3.1 Network Structuring 

This phase is basically a process of initializing 

knowledge structure for inference and learning of CIROS. 

The input for this process is a raw form (network) of an 

expert's knowledge structure, which is simply the set of 

relevant variables (V) for the given problem and the set of 

relationships between the variables (R) ( K = <V, R>). The 

output of the process is a reformed knowledge structure, 

which is free of loops/cycles and is a layered network. The 

network structuring basically consists of three tasks: 
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CIROS/Connectionist 
Terminology 

• Cell (Node) 

• Link (Arc/Connection) 
• Layer 
• Output layer 

• Input layer 
• Cell output 
• Cell activation 

• Weight 

Managerial Problem 
Diagnostic Interpretation 

• Variable (symptoms, causes. 
intervening variables) 

• Relationship 
• Class of variables 
• Set of ultimate causes 
(Frame of discernment) 

• Set of symptoms 
• Value of variable 
• Net influence from 
related variables 

• Degree of influence 

Figure 3.2 A Comparison of Terminologies 
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structuring the initial network, removing all loops/cycles 

in the initial network, and layering the cycle-free 

network. In the following, each of them is discussed. 

3.3.1.1 Structuring the Initial 
Knowledge Network 

This subtask involves structuring a raw form network of 

an expert's knowledge, labeling each component of the 

network, and specifying initial relationship (or dependency) 

information between cells (initializing weight for each 

link). 

Structuring a raw form network in GIROS is, in general, 

what is called knowledge acquisition and elicitation in Al 

and expert systems. Knowledge acquisition and elicitation 

from human experts is, in general, known as a very complex 

and poorly-understood task [Gaines, 1976]. Many disciplines 

are involved in its study but none provides a comprehensive 

framework. 

Although knowledge acquisition and elicitation has much 

significance, it is not a main task of CIROS and will not be 

pursued. Instead, CIROS starts with a given raw form 

knowledge network much like the raw form networks that 

humans begin with. A hypothetical, but excerpted to be 

close to real, diagnostic example of a managerial knowledge 

network is given in Figure 3.3. For illustration, all 

variables and the causal relationships among them are 

already given (in the Figure). 
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When CIROS starts to operate initially, there is no 

information on weights that play a critical role in its 

inferencing tasks. In CIROS, initialization of weights can 

be done by directly accepting values from the managers 

(human experts). However, as GIROS performs learning in the 

later learning stage, these initial weights are supposed to 

change. The purpose of specifying initial weights is to 

expedite the learning process (later) by directly exploiting 

human experts' knowledge, and to make easier the process of 

removing cycles and layering the network. 

When the system initializes each weight, it is 

recommended that only one value, i.e., one number selected 

from {-1, -0.5, 0, 0.5, 1} should be used. The reason is 

that humans are very weak in telling some specific numbers 

from a continuous range of values ([-1, 1]). Rather, they 

are more comfortable and show consistency when they are 

working with binary or ternary values (with direction (minus 

or plus sign)) [Kahneman et al., 1982]. So, for this case, 

the weight 1 between two cells represents belief in a strong 

positive correlation between them, 0.5 represents belief in 

a weak or middle range influence, and 0 represents belief in 

no influence. 

If no initial dependency information is available, all 

weight matrices are initialized to zero. As stated earlier, 

however, these are supposed to change during the (later) 

learning stage. 
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In this initial stage, CIROS may start with directional 

dependency information with only perfect strength for each 

dependency, i.e., either -1 or 1 for each link. In Figure 

3.3, all the dependency information is given only by the 

existence of links and their directions with either plus or 

minus sign. In a sense, this is more desirable than pushing 

the human expert to get specific numbers for the strength of 

each link because it is usually expected that this initial 

dependency information will be changed in later processes 

(restructuring the knowledge network and learning). Thus, 

human experts will be entering 1, 0, or -1 for the strength 

of each link, initially. In a sense, a knowledge network 

with N variables can be considered to start with zero 

weight for all its possible N(N-l)/2 connections. 

The knowledge network in this initial stage may contain 

loops/cycles and is not layered at all. In fact, there is 

one cycle in Figure 3.3 (Production Rate -> Inventory -> 

Production Adjustment -> Production Rate). These cycles 

should be removed and the network needs to be restructured 

to form a layered, hierarchical network. The reason for 

doing this is stated in the next subtask (Layering the 

network). 

3.3.1.2 Removing Cycles 

The initial network is structured as a general network 

structure. Since GIROS has the function of checking the 
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presence of any cycle in the raw form knowledge network, 

users do not have to worry about that in the initial stage. 

This is one way that CIROS provides facilities for users not 

to be constrained by the underlying computational structure. 

The process of removing cycles consists of finding all 

cycles, clustering all the variables in each cycle into a 

clustered, larger-class variable, and restructuring the 

network. Some authors called this "condensation" [Harary et 

al., 1965; Warfield, 1976]. In the following, each of these 

is discussed in turn. 

There are a number of algorithms for finding all loops/ 

cycles in a network [Deo, 1974]. However, all of them 

require exponential time. In fact, this graphic problem 

(finding all cycles in a network) is known to be a subclass 

of the Hamiltonian circuit problem and thus belong to the 

NP-complete class [Papadimitriou and Steiglitz, 1982]. The 

algorithm in CIROS is presented in Figure 3.4. Using the 

algorithm, only one cycle is found in the knowledge network 

of Figure 3.3 (Production Rate -> Inventory -> Production 

Adjustment -> Production Rate). 

The next step is for GIROS to ask a user (or an expert) 

what shall be the name for the clustered variable. This is 

a process of restructuring the knowledge network into one 

whose variables are conceptually balanced, i.e., they are 

balanced in abstraction level. In Figure 3.5, it is assumed 

that the three variables in the cycle are condensed into a 
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Cycle 

Input 

Detection Algorithm 

: A directed graph G = <V,R> for the network 
K = <V,R> 

Output: All cycles/loops in G 

Algorithm: 

1. 
1.1 
1.2 
1.3 

1.4 
1.5 
1.5. 

1.5. 
1.6 

For every v-̂  in V (i = 1,2,...,N), do 
Path(vi) 
Mark Vĵ  visited 
Set C = {v^} and P = {v^} 
Set S = {Vj , . . . , V)̂ } 

(all direct successors of Vĵ ) 
If (S == { }), then exit Path(vi) 
Else 

1 if (vj == vi), then set G = {v^ -> vj} 
and report a cycle 

2 else Set P = {v^ -> vj} 
Path(vj) 

Figure 3.4 A Cycle Detection Algorithm 
V is the set of all nodes (v̂ ,̂ V2, . . . , Vjj) . C contains cycles 
And P is the current path that are being examined. This 
algorithm works basically by examining the existence of a 
cycle recursively for every node in the digraph. 
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Figure 3.5 An Acyclic Managerial Knowledge Network 
In this figure, the variable Production Rate becomes a 
condensed one from Production Rate, Production Adjustment, 
and Inventory in Figure 3.3 to remove the cycle. 
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single variable and renamed to be "Production Rate" for the 

variable. 

3.3.1.3 Layering the Knowledge Network 

This process is required because GIROS is not a feedback 

system and back-propagation of intermediate information is 

not allowed. As was mentioned earlier, there are three 

reasons for structuring the knowledge network to be a 

layered one in CIROS. These are as follow: 

First and most importantly, layering the knowledge 

structure makes CIROS computationally efficient for learning 

and inference. In other words, CIROS is much more 

computationally fast (in inference and learning) when it 

works with layered knowledge network. This computational 

speed is needed because of the real-time characteristic of 

managerial decision support systems. 

Second, synchronization problem (in inference and 

learning) can be much simpler. As reviewed in chapter 2 

(section 2.3), asynchronous neural network systems are much 

more complex to design and implement, whose analyses 

typically involve complicated differential (or difference) 

equations systems. By adopting hierarchical, layered 

structure, GIROS can easily assume synchronous timing 

mechanism. 

Third, layering could give users (or experts) new 

insight to their old knowledge. Since each layer in CIROS 
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could be given some meaning in the context of the whole 

knowledge network, users might get some new perspectives and 

perceptions of their problems. 

Although it has been implicitly asserted that an acyclic 

network can be organized into layered one, it is not proved 

clearly. In the following, some definitions and proof of 

layered networks are given, followed by an algorithm for 

layering networks. 

Partially layered network (PLN): A network represented 

by a digraph G = <V, A>, where V is the set of nodes and A 

is the set of directed arcs, is partially layered if its 

nodes vl, v2, ..., v̂^ can be numbered in such a way that if 

(Vĵ  -> Vj) € A, then i < j, where i,j = 1,2,...,n. 

Completely layered network (CLN): A partially layered 

network G =<V, A> is completely layered if it satisfies the 

following condition: if (v-ĵ, vj) e A and (Vj, Vĵ ) e A such 

that i < j < k, then (v-ĵ  -> Vĵ ) e A for all n >= k. 

Examples for partially and completely layered networks 

are given in Figures 3.6 and 3.7, respectively. 

PLN Theorem: A network, represented by a digraph G = 

<V, A>, contains no cycle (i.e., G is an acyclic digraph) if 

and only if it is a partially layered network. 

Proof: The proof is a direct consequence of the 

definitions for acyclic digraph and partially layered 

network. QED. 
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By the PLN Theorem, any network without any loops or 

cycles can be transformed into a (partially) layered network 

structure. An algorithm for that purpose (the PLN 

algorithm) was adopted from Deo and Carre, and is proposed 

in Figure 3.8 [Deo, 1974; Carre, 1979]. If the PLN 

Algorithm is applied to the acyclic network in Figure 3.5, 

the resulting partially layered network should be the one in 

Figure 3.9. 

In Figure 3.9, notice that there is some flexibility in 

layering the knowledge structure. For example. Sales Cost 

can be in any of Layer 1 through Layer 4 (in Figure 3.9, it 

is in Layer 4). That kind of flexibility is always true for 

partially layered networks which are not completely layered. 

To fix the layer level for the nodes that have this 

flexibility (in layering), CIROS assumes that any pair of 

nodes that are directly connected by a link should be as far 

away as possible in terms of layers. The layered network in 

Figure 3.9 is structured based on this assumption. 

The final step in CIROS's network structuring is to 

convert the partially layered (knowledge) network (PLN) into 

a completely layered (knowledge) network (CLN). This is 

done by introducing dummy cells (variables). For example. 

Turn-over Rate and Demand is directly connected to Economic 

Conditions in the PLN in Figure 3.7. But there is one layer 

gap between the layer (Layer 3) where Demand lies and the 

layer (Layer 5) where Economic Conditions lies, and four 
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PLN Algorithm 

Input: A digraph representation G = <V,R> of the 
knowledge network K, 
where V = {V;ĵ , V2, ..., Vjj} 

Output: An acyclic digraph G' = <V',R'> 

Algorithm: 

1. Set V = {Vi,V2,...,VM}, 
U = {(Vi -> Vj) I (Vi -> Vj) € R } 

2. Set k = 0 
3. Do until V = { } 
3.1 ^y. - {Vj I Vj has no successors 

based on U, Vj € V } 
3.2 Set V = V - L}̂  and delete from U 

all the links coming into Lĵ  
3.3 k = k + 1 

Figure 3.8 A PLN Algorithm 
V represents the current set of remained nodes. U is the 
current set of remained links. Lĵ  is the set of those nodes 
that belong to the layer k. The layer number k starts from 0 
to represent the input layer. 
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layers gap between Turn-over Rate (Layer 0) and Economic 

Conditions (Layer 5). For these cases, CIROS needs exactly 

the same number of dummy cells as the number of layers gap. 

An algorithm to convert a PLN into a CLN is presented in 

Figure 3.10. In Figure 3.11, a completely layered knowledge 

network which is converted from the partially layered 

network in Figure 3.9 is given as an example. 

3.3.2 Inference 

The main purpose of GIROS is to find the causes under 

the frame of discernment for the observed symptoms. 

Associated with the purpose, it computes the certainty 

degree of the inferred causes based on the knowledge network 

structure. Therefore, inexact inferencing in CIROS is a 

computational process of finding the ultimate causes and 

generating certainty numbers for the inferred causes. 

Inferencing can be divided into the following subtasks: 

1. Finding (ultimate) causes for the observed symptoms 

under the frame of discernment; 

2. Computing the certainty numbers for the causes; 

3. Finding unknown cells (variables) that are keys for 

further inferencing; and 

4. Producing justifications/explanations for the 

conclusion. 

In the following, each of these subtasks is discussed 

in turn. 
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CLN Algorithm 

Input: A PLN G 

Output: A CLN G' 

Algorithm: 

1. Set k = 0 
2. Set V = V]^, 

= <VL, RL> 

= <V'L.R'L> 

p = 0 
3. For each member v-̂  of V 
3.1 Set W = 
3.2 Set d 

3.3 For (d = 

{Wi 1 
= the 
- the 
= 2; d 

twi <- Vj) e 
layer number 
layer number 
< L; d++) 

RL 
of 
of 

} 
Wi 

^j J 

3.3.1 Create a dummy cell Df)̂ +(j_i 
3.3.2 p 
4. k = k + 1 
5. Go to 2. 

= p + 1 

(which 

,P) 

is k) 

Figure 3.10 A CLN Algorithm 
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Figure 3.11 A Completely Layered Knowledge Network 
This figure is continued in the next page. The numbers in 
the bottom (1 through 15) and the corresponding numbers in 
the top of the next page are provided to represent the 
continuation of the connections. In this figure, each dummy 
cell is named as "D" followed by its proper index. A cell's 
first index indicates the number of the layer it belongs to. 
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3.3.2.1 Finding Causes for the Observed 
Symptoms (Forward Chaining) 

In CIROS, this is basically a repeating process of 

"generate (or find) hypotheses and test (or examine) them" 

to find out the eventual causes of the given symptoms. This 

task can be described formally as follows: Given a symptom 

set S = {Si, S2, ..., Sg}, where Si is an individual symptom 

(i = 1,2,...,s) and turned out to be true or false, i.e., 

its value turned out to be 1 or -1, find the set of causes G 

= {Ci, C2,...,C(^}, where each cĵ  (k = l,2,...,c) is the 

ultimate cause of one or more of the Si's. This problem can 

be stated more formally as follows. In the Cartesian space 

S X C, where S is the set of all possible symptom elements 

and C is the set of all possible ultimate cause elements, 

find a subset of S X C such that the subset is equal to the 

result of successive composite mappings in the given layered 

network. 

Since GIROS is working on acyclic knowledge networks, 

the task can be viewed as a problem of graph-search [Aho et 

al., 1983]. For the purpose of graph search, it can be 

simpler for CIROS to use a partially layered knowledge 

network than a completely layered one because most of the 

graph search algorithms do not take advantage of completely 

layered network structure. 

CIROS can solve the (graph search) problem by using 

existing algorithms. Two most widely known are the depth-
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first search and breadth-first search algorithms. Both of 

them have the same computational complexity [Aho et al., 

1983]. It is 0(max[n, e]) for a single node, where n is the 

total number of nodes and e is the number of edges in a 

digraph. For the s number of nodes, the time complexity 

should be 0(s'Max[n,e]). Both of them can be used in CIROS. 

However, depth-first search was chosen for CIROS' inference 

task. However, this does not imply that GIROS cannot do 

multiple lines of reasoning. Rather, it can be said that 

the capability of multiple lines of reasoning is inherently 

built in CIROS because of its inherent nature of the 

parallel computational structure. This feature might be 

useful for other reasoning tasks such as justifying/ 

explaining conclusions. 

In Figure 3.12, an algorithm for depth-first search is 

provided. This is a variation of the one in [Aho et al., 

1983], adopted to fit into CIROS' problem domain (managerial 

problem diagnosis). An example based on the knowledge 

network of Figure 3.9 is also given. For example, consider 

the knowledge structure given in Figure 3.9. Assume that 

the following input values are given: 

The knowledge structure K exhibited in Figure 3.9. as a 

partially layered knowledge network; and Symptom set S = 

{S2 (Net Profit), S3 (Turn-over Rate)}, where the value 

of S2 = 1 and that of S3 = -1. 

For S2 (Net Profit), there are sixteen possible causal paths 
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Depth-

Input: 

•First Search fDFS) Algorithm 

• 

« 

Output: 

A partially or completely layered ] 
network K = <V, R> 
Symptom Set S = {ŝ ,̂ S2 , . . . , Sg} 

The set of causes G = {Ci,C2,...,c. 

Algorithm: 

1. 

2. 

2. 

2. 
2. 

2. 
2. 
2, 

2, 
2. 
2. 

2, 
2. 
2. 

2. 
2. 

3. 

1 

2 
3 

4 
4. 
4. 

4. 
4. 
4. 

4. 
4. 
4, 

5 
6 

Set S' = {Si,S2,...,Sg} 

For each Sj in S', do 

Set Pj = {}, where Pj is the set o 
causal paths directed from Sj 
Set V = sj, where v is the current 
Set P = {}, where P is the current 
causal path 

Procedure Depth(v) 
1 Put V in P and mark v visited (< 
2 Set T = {n| n is a successor of 

which is not visited (examined) 

knowledge 

3} for S 

e 

node 

Dr examined) 
V 
yet} 

3 If T is empty, then exit the procedure 
4 For each n in T, do 
4.1 If |wvnl > ^, 

then connect n to v and 
put it in P = { n -> V 

4.2 Set T = T - {n} 
4.3 Set V = n 
4.4 Procedure Depth(v) 

Put P in Pj 
Goto 2. 

Set Pall = {Pi/P2'•••'Ps>-

->... } 

Figure 3.12 A Depth-First Search Algorithm 
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as shown in Figure 3.13. For S3 (Turn-over Rate), there 

are two possible causal paths in Figure 3.14. However, all 

these do not necessarily have the same degree of certainty. 

Finding the most plausible one or, in general, ranking 

the possible causal paths from the most probable to the 

least probable can be done in two ways: one method is to use 

the weights information in CIROS's knowledge structure; and 

the other is to rely on empirical tests on all the variables 

on the causal paths. The second method is typically used in 

experimental research or medical diagnoses where precise 

examination for the given problem is required, and time and 

diagnostic resources (such as experimental resources and 

data) are fully available. In a managerial diagnosis, this 

method is difficult to adopt because it typically involves 

too many hypotheses to test. The first method, which is 

employed in CIROS, will be discussed next. 

3.3.2.2 Computing Certainty Numbers 
for the Hypothetical Causes 

Computing certainty numbers for the hypothetical causes 

is one of the major functions of CIROS and has significant 

implications. Computation of certainty factors should not 

be confused with computation of probabilities. As stated 

earlier in this chapter and thoroughly reviewed in chapter 

2, a certainty factor for a confidence measure (for an 

entity/object/event) should be differentiated from a 

probability which is another type of uncertainty measure 
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(for an entity/object/event) in other inexact reasoning 

systems such as PROSPECTOR, CONVINCE, etc. 

For the computation of certainty factors, it is 

computationally more convenient and efficient to use a 

completely layered knowledge network such as the one shown 

in Figure 3.11. This matter will be discussed in detail 

later. In the following, a mathematical formulation of the 

computation process is presented, followed by an example 

using the knowledge network in Figure 3.11. 

In Figure 3.15, a general case of a completely layered 

knowledge network is given. The computation process can be 

mathematically expressed as a system of equations which 

involve activation and output of each cell and a weight 

matrix for each layer (except the input layer). In GIROS, 

the activation level xĵ i of the i-th cell in the k-th layer 

is given as follows: 

N(k-l) 
xĵ i = S wĵ ij • y(k-i)j/ ^ = 1,...,L (3.1) 

j = l i = l,...,N3̂  

where wĵ ij is the weight from the j-th cell in the (k-l)th 

layer to the i-th cell in the k-th layer, and y(k-i)j is the 

output level of the j-th cell in the (k-l)th layer. The 

output y)̂ i of the i-th cell in the k-th layer is given as 

follows: 

yki = /k( ^ki ) = tanh( xĵ i ), i = l,...,Nj^ (3.2) 
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Figure 3.15 A Fundamental Structure of CIROS 
In this figure, there are L layers (excluding the input 
layer), numbered 1 through L. Except the layer L, all the 
layers are considered to be intermediate or hidden, in terms 
of connectionist's theories. The number of cells in each 
layer varies over different layers. For example, cells in 
the output layer (Layer L) are numbered 1, 2, ..., Nĵ . 
Notice that this numbering scheme does not mean that the 
number of cells in a layer should be equal to the layer 
number itself, i.e., L != Nĵ , for example. 
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where /j^ is an output function which is the same for all 

cells in the k-th layer. If we employ vector and matrix 

notations,^ (3.1) becomes 

^k = W,̂ .y,̂ _i, k = 1,...,L (3.3)10 

where xĵ  is the activation vector of the k-th layer, Wĵ  is 

the weight matrix, and yĵ  is the output vector, both for the 

k-th layer. (3.2) becomes 

Yk = /k( ^k ) = •tanh( xĵ  ) . (3.4) 

The reason for adopting the hyperbolic tangent function as 

the output function is as follows. 

In GIROS, a cell output function /(x) where x is the 

cell's activation level is desired to satisfy the following 

criteria: 

1. /: R -> [-1, +1], continuous; 

2. /(X) = 0 when x = 0; 

3. /(x) = - /(-x) (symmetricity); 

4. Algebraic simplicity; and 

5. Uniform monotonicity (continuously differentiable 

and non-decreasing on the range of activation 

values). 

^All vectors are in bold with lower-case and all 
matrices are in bold with upper-case. 

iOpor the input layer, the activation level is the same 
as the output value, i.e., XQ = yo* 
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For satisfying these criteria, the hyperbolic tangent 

function is most appropriate [Kreyszyg, 1983]. In Figure 

3.16, a typical output function is presented. 

Notice how a completely layered knowledge network (CLN) 

allows all required computations to be performed in a 

conveniently simple manner. As can be seen in equations 

(3.3) and (3.4), the required computation is a simple 

successive and iterative process starting from yo (which is 

given) and eventually yielding yĵ . The algorithm for 

computation of certainty numbers is presented in Figure 

3.17. 

For a computational example, a small part of the 

knowledge network in Figure 3.11 is given in Figure 3.18. 

In this case, the symptom set S = {Turn-over Rate, Demand, 

Growth Rate}. Assume that the input vector is 

yo = [-1, -1, 0]T. 

Then, iteratively and successively. 

= Wi yo 1 0 0 
o i l 
0 0 1 

-1 
-1 
0 

-1 
-1 
0 

The activation level of layer 1 is [-1 -1 0]*^. This can 

be interpreted as the summation of net influences of the 

symptom set on the two dummy variables and Market Share (see 

Figure 3.18) . 
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Yl = /(xi) = tanh(Xi) tanh(-l) 
tanh(-l) 
tanh( 0) 

-0.7616 
-0.7616 
0.0000 

The certainty values for the two dummy variables and 

Market Share is -0.7616 and 0.0, respectively. 

X2 = W2 y i = 1 
0 

1 0 
0 - 1 

- 0 . 7 6 1 6 
- 0 . 7 6 1 6 

0 .0000 

•1.5232 
0 .0000 

Y2 = / (X2) = tai ih(X2) = t a n h ( - 1 . 5 2 3 2 ) 
t a n h ( 0 .0000) 

- 0 . 9 0 9 3 
0 .0000 

This can be interpreted as fairly strong negative belief 

in (good) Economic Conditions and neutral effect on Sales 

Price, given low Turn-over Rate, low Demand, and no 

information on Growth Rate. 

When CIROS performs inferencing, it is usually possible 

to compute the output and activation for a cell without 

knowing all the values of its input cells. Notice that if 

some of its input cell values are 0 (which means that the 

information on those cells is unknown or irrelevant to the 

target cells (possible hypothetical causes), then they do 

not influence the activation value of the target cell (they 

are neutral to the target object at the particular moment). 

This capability of computing based on incomplete information 
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is one of the strengths that CIROS and general connectionist 

models possess. Also this capability contributes to the 

overall system's robustness. 

3.3.2.3 Finding Unknown but Important 
Variables (Backward Chaining) 

As was just discussed, CIROS performs its inferences 

even if it is provided with only partial (input) 

information. In this case, CIROS treats the values of non-

specified variables to be zero, thus making these variables 

neutral in the inferential computation. However, this is 

not necessarily desirable from sound reasoning viewpoint. 

Rather, it may be better that CIROS is able to find out 

missing but important variables, and advise users to examine 

those variables and provide the values. 

In CIROS, this can be done in two ways. First, if a 

user has weights for all final possible causes, i.e., an 

output vector for the output layer (top layer), which can be 

considered as the user's (human expert's) prior knowledge 

about the causes before they get any evidences, then the 

input vector for the input layer (bottom layer) can be 

computed using the composite weight matrix. The composite 

weight matrix can be obtained by multiplying |Wi| and IW2I, 

then IW3I,..., and finally |WL|, where |Wi| (for i = 

1,2,...,L) means the weight matrix that is obtained by 

taking the absolute value of each weight element of Wi. 

This |Wi| is called absolute weight matrix. Finally, the 
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input vector is computed by multiplying the output vector 

with the transpose of the resulting composite absolute 

weight matrix. Mathematically, if the output vector UQ is 

given, then the input vector ui can be computed as follows, 

assuming UQ is of appropriate dimension. 

Ui = |W|T.I1Q, (3.5) 

where the composite absolute weight matrix |w| is computed 

as follows. 

W| = |WL|---|W2MWI|. (3.6) 

The vector ui for the input layer represents the collection 

of importance values for every input variable. If this 

importance value for an input variable is above some 

standard, say 0.5, but its certainty factor is unknown, 

then this input variable should be examined and provided 

with its value. This topic is discussed in [Burns and 

Mahmood, 1985]. However, this method seems more 

appropriate for planning tasks rather than diagnostic 

situations because it is not likely that human users can 

provide the output vector for the output layer before 

diagnostic reasoning. 

The second method is similar to the first one, but 

assumes the same importance values for all the (possible) 

cause variables (in the top layer). This amounts to 

assuming the values of all the elements of the output vector 
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are the same. Assume that these are unit values, i.e.. 

^D [11... 1]T. (3.7) 

Then, by substituting (3.7) into (3.5), 

^i W|T.u. 

NL 

E Iw 
j = 1 

jl 

NL 

2 Iw 
j = 1 

J2 

N L 

S IWjNO 
j = 1 

(3.8) 

For each input variable n = l,2,...,No, the i-th element of 

Ui is read and check to ascertain if its current value is 

unknown. If it is, then CIROS asks users to examine that 

input variable and provide its value. An algorithm to 

compute the composite absolute weight matrix and find the 

missing but important variables using the computed matrix is 

presented in Figure 3.19. Notice that in this algorithm, 

any prior information on the importance of any variable is 

not assumed. 

When human users are asked to answer for CIROS to obtain 

the values of unknown cells, it is recommended that they 
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Finding missing/important input cells 

Input: CLN with Weight Matrices Wi,W2,...,WL 

Output: Composite absolute weight matrix C 
Missing/important input cells 

Algorithm: 

1. Compute the absolute weight matrices 
|Wi|, IW2I,..., |WL 

2. Compute C = |Wi|•|W2|•••|WL| 

3. For (j = 1; j <= s; j++) /* where s is 

the dimension of the input vector */ 

3.1 Compute 

c 
^j ". ^ , ̂ ij 

1 = 1 

/* where c is the dimension of 
the output vector */ 

4. For (j = 1; j <= s; j++) 

4.1 If ((Sj >= S) && (yoj = 0)) 
4.2 Ask the user to provide 

the value of yoj. 

Figure 3.19 An Algorithm for Finding the Missing 
but Important Input Cells 
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respond with a number from {-1, -0.5, 0.0, 0.5, 1} instead 

of a number from [-1, i]. The reason is the same as 

explained in section 3.3.1. Also notice that a cell value 0 

obtained from human users has a different meaning from the 

value 0 that is generated by the computation of CIROS. The 

former indicates that the (human) expert does not know the 

value of a cell or he cannot determine its value, while the 

latter indicates that a cell has a computed value 0 that can 

be interpreted as known (decided), although it might be 

changed later in the session. 

3.3.2.4 Producing Justifications/Explanations 
for Conclusions (Backward Chaining) 

One of the essential functions that an expert system 

should have is the capability of justifying the conclusions 

and explaining the reasoning processes [Davis, 1982; 

Glancey, 1989]. As an expert system, CIROS is no exception 

to this. In CIROS, this capability is obtained by backward 

chaining on the knowledge network. A particular conclusion 

in CIROS is a subset of the Cartesian product space S X C 

involving the set S of symptoms and the set C of final 

causes with certainty numbers (the certainty vector y) . To 

justify a conclusion is to build causal paths from G (the 

causes set) to S (symptoms set). Also CIROS may be asked to 

explain how it got particular certainty numbers. These are 

essentially the same but reverse computational processes as 

for the first two subtasks of CIROS' inferencing mechanism. 
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as discussed earlier (subsections 3.3.2.1 and 3.3.2.2). In 

the following, the direction of all the connections and 

links in the knowledge network will be reversed because the 

justification/ explanation in diagnostic expert systems is 

the reverse of diagnostic reasoning processes. 

There are three modes of justification/explanation for 

general expert systems [Butler et al., 1988]. These are (i) 

the Rule query, where the text of relevant rules are shown; 

(ii) the Why query, which inspects the path of reasoning the 

system is currently exploring; and (iii) the How query, 

which presents all paths that have led to a particular goal 

state. All three modes are available in CIROS and each of 

these is explained next. 

The Rule query: In CIROS, the Rule query is a request 

by the user to display in a textual format (through the user 

interface facility) all the connections that lead to-̂ ^ a 

particular cell (variable) along with the direction and the 

associated weight for each connection, and the cells 

(variables) connected by them. For example, in Figures 3.7 

and 3.14, if a user queries the rules for Turn-over Rate, 

then GIROS displays the following two rules. 

Turn-over Rate <- Economic Conditions: weight = +1 
Turn-over Rate <- Job Satisfaction: weight = -1 

^^Recall that the justification/explanation is reverse 
(backward) reasoning process. To facilitate it, the 
direction of all the connections in the original knowledge 
network (a CLN) will be inverted. 
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The Why query (Explanation): In CIROS, the Why query is 

handled by tracking the single path and thus following the 

single line of reasoning on which the system is currently 

exploring. For example, if a user asks why the Turn-over 

Rate is affected by Wage Rate, CIROS responds by displaying 

the single path between the two variables on which it is 

currently examining, as follows.^2 

Turn-over Rate <- Job Satisfaction <- Wage Rate 
(-1) (+1) 

The How query (Explanation): In general expert systems, 

the How query from a user is handled by explaining how the 

system got to a particular conclusion. In CIROS, this is 

done by building all cause-symptom paths for the given set 

of symptoms, or if it is desirable (or requested by the 

user), by building all cause-symptom paths for each of the 

symptoms set. An algorithm for this purpose is easily made 

by adding a backward chaining function to create the cause-

symptom paths to the DFS algorithm (in Figure 3.12). Since 

the DFS algorithm builds symptom-cause paths (forward 

chains) for a given set of symptoms, it can be easily 

modified to build the cause-symptom paths (backward chains) 

for the same set of symptoms. The algorithm, named Backward 

Chaining (BWG), is presented in Figure 3.20. 

^^weight values are shown in parentheses. 
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Backward Chaining Algorithm 

Input: • The reverse of partially layered knowledge 
network K = <V, R> 

• Symptom Set S = {Si,S2,..•,Ss} 

Output: The set of cause-symptom paths {Pi,P2/•••/Ps^ 

Algorithm: 

1. Set S' = {Si,S2,...,Ss} 

2. For each Sj in S', do 

2.1 Set Pj = {}, where Pj is the set of 
causal paths directed to Sj 

2.2 Set V = sj, where v is the current node 
2.3 Set P = {}, where P is the current 

causal path 

2.4 Procedure Depth(v) 
2.4.1 Put V in P and mark v visited 

(or examined) 
2.4.2 Set T = {n| n is a predecessor of v 

which is not visited (examined) yet} 
2.4.3 If T is empty, then exit the procedure 
2.4.4 For each n in T, do 
2.4.4.1 If |wnvl > «5f 

then connect n to v and 
put it in P = { n -> V ->•••} 

2.4.4.2 Set T = T - {n} 
2.4.4.3 Set v = n 
2.4.4.4 Procedure Depth(v) 
2.5 Put P in Pj 
2.6 Goto 2. 
3. Report {Pi,P2/•••fPs} 

Figure 3.20 A Backward Chaining Algorithm 
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3.3.3 Learning 

Human experts learn their expertise from experience. 

Learning expertise means building and updating their 

knowledge structure. Learning in CIROS takes place in a 

similar manner. Because GIROS represents its knowledge 

structure as a network of variables and relationships 

between these (K = <V, R>), its structural change assumes 

adjustment and update of relationships between variables. 

In CIROS, this is done by adjustment of weight values 

between cells in different layers. Therefore, learning in 

CIROS means update of weight matrices to enable GIROS to 

perform correct inferencing (to find correct causes for the 

given symptoms). 

Learning in CIROS can take place in two ways. Once the 

structure of the knowledge network has been determined as 

described in section 3.3.1, a learning process is required 

to update the weight values because in CIROS an essential 

information component is the weights and the initialized 

values are by no means complete and correct. The other way 

is execution of the learning module of the CIROS in the 

middle of its operation. This would be required as the 

whole problem diagnosis system and GIROS builds up 

cumulative errors or there is a sudden change in the 

operating environment. 

There are plenty of theories, methods, and algorithms 

for learning under the connectionist paradigm. However, 
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since the main purpose of CIROS is (inexact) inferencing 

rather than learning, a simple method is adopted for the 

learning task. The learning method adopted in CIROS is 

Generalized Delta Rule or Back-Propagation algorithm as 

suggested in [Rumelhart et al., 1986d]. This algorithm and 

the assumptions for learning in CIROS will be discussed in 

the following. 

Supervised learning: Some authors use "competitive" and 

"noncompetitive" learning respectively instead of 

"unsupervised" and "supervised" learning [Rumelhart and 

Zisper, 1986a]. In supervised learning, the classes of the 

state of nature (for the given decision problem) or the set 

of whole possible causes (the frame of discernment) for the 

diagnostic problem are known. The task of learning is that, 

when a set of symptoms is presented to the learner, it 

should build up the ability of finding correct causes among 

the set of whole possible causes (the frame of 

discernment). Classification in pattern recognition 

typically belongs to this type of learning. On the other 

hand, essentially there is nothing known before learning in 

unsupervised learning (no prior frame of discernment) and 

the task is to create states or hypothetical causes that 

might be useful later for reasoning or explaining (given 

symptoms). Clustering in statistical pattern recognition 

typically belongs to this type of learning. 
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Learning by example: Learning in the connectionist 

models, in general, means learning by (finitely many) 

examples. This is trivially true in the case where any of 

the input variables (symptoms) and output variables (causes) 

assumes its values on a continuous range because, for this 

case, there are infinitely many examples for matching inputs 

(symptoms) and outputs (causes), thus training for all the 

possible examples is impossible. Even in the case where all 

input variables and output variables assume their values on 

a discrete range (such as binary value range {True (1) and 

False (0)}, training for all the possible examples is 

practically impossible because the number of the possible 

examples grows exponentially as the knowledge network grows. 

Therefore, the power of a learning method (algorithm) 

depends on two factors: the speed (how fast it generates 

rules, or more technically, how fast it converges to a 

learning formula (equations)) and robustness (the algorithm 

is not biased or does not show abrupt behavior over diverse 

training examples). 

It is known that the Generalized Delta Rule (Back-

propagation method) possesses these two desirable 

characteristics [Lippmann, 1987; Fahlman and Hinton, 1987] 

and this is described in the following. 

Generalized Delta Rule (Back-propagation Algorithm): 

This algorithm was developed by Rumelhart et al. [1986d] 

and is better known as the Back-Propagation method. It is 
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one of most popular learning algorithms for neural networks 

[Elliot, 1988; Lippmann, 1987], This algorithm is a 

generalization of the famous Delta Rule, which was first 

presented in the historical book [Rosenblatt, 1962]. 

The Delta Rule is still adopted and used frequently 

because of its theoretical and algorithmic simplicity and 

its powerful convergence property [Rumelhart et al., 1986d]. 

Recently, there have been developed some advanced theories 

and algorithms such as Harmony theory [Smolensky, 1986], and 

Boltzmann Machine [Hinton and Sejnowski, 1986]. In the 

following, a detailed discussion of Generalized Delta Rule 

and its implementation in GIROS is presented. 

The Delta Rule can handle the learning problem in multi

layer (with hidden layers) neural network models. One of 

the generalized methods is the back-propagation method 

suggested by Rumelhart et al. [1986d]. The derivation of 

this rule is well-illustrated in the book of Rumelhart et 

al. , 1986b, and will not be discussed in detail. However, 

the assumptions for the method are as follows: 

1. Continuous input, output, and activations; 

2. Output functions are differentiable and 

nondecreasing (semi-linear); 

3. Change of weights (<SW) is set to be proportional to 

gradient descent of sum of squared errors with respect to 

each weight. 
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The back-propagation algorithm, which is slightly 

modified to fit into GIROS architecture, is presented in 

Figure 3.21. 

3.4 A Summary 

As a summary to this chapter, guidelines for designing 

connectionist inexact reasoning systems will be presented. 

These were fully described from an architectural viewpoint 

in the previous section 3.3. Discussion in this section 

emphasizes managerial diagnostic aspects and considerations. 

Major design guidelines which can be extracted from the 

discussion of the CIROS architecture are listed as follows: 

1. Multiple-layer structure that includes one or more 

hidden-layer(s); 

2. Continuous input/output; 

3. Hyperbolic tangent output function; 

4. Back-propagation learning algorithm. 

Each of these guidelines has special implications for 

managerial problem diagnosis as well as its own implications 

for computational architecture. In the following, each of 

these is discussed in turn. 

Multiple-layer with one or more hidden-layer(s): For 

design of connectionist inexact reasoning systems, multiple-

layer architecture with hidden-layer(s) is more appropriate 

for the problem area (managerial problem diagnosis) than 

single layer architecture with single input layer - output 
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Back-Propagation Algorithm 

Input: The set of current weight matrices 
w 1' ̂ 2, f^h' 

' The current training template base 
consisting of the pair Ep = <yo/ z>p, 
where yo is the input vector and z is 
the target (or desired) output vector. 

Output: The set of new (updated) weight matrices 

1' ^2' 

Algorithm: 

1. Compute the activation vector xĵ  and 
output vector yĵ  for each layer 
k = 1,2,...,L successively such that 

Xk = Wk-Yk-i. and 

Yk = /(Xk)• 

2. Compute the error vector e such that 

e = z - YL-

3. Compute the incremental matrices and new 
matrices successively as follows: 

<SWL = F'(XL) •e.(yL-i)'^ 

TL = WL + «!̂ WL 

•L = F'(XL)-e 

•k = F'(Xk)-(Wk+i)T.#j,+i 

<5W)c = •k-Yk-l 

Tk = Wk + 5Wk 

for k = L-1, L-2,..., 1, 

Figure 3.21 A Back-propagation Algorithm 
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layer structure. The latter architectures do not exhibit 

the variety of behaviors required for diverse problems. 

In the history of connectionist/neural nets theories, 

the limited capability of single-layer neural net once 

banned further study of the artificial computing systems 

(neural network systems) [Rumelhart et al., 1986c; Lippmann, 

1987]. The limited reasoning capability of the single-layer 

neural networks was fully studied and demonstrated by Minsky 

and Papert in one of their books [Minsky and Papert, 1969]. 

Consider the simplest case of a single-layer neural 

network such that the input layer has only two neuronal 

cells, the output layer consists of a single cell (as a 

classifier), and each cell takes its value in binary domain 

(i.e., {0, 1}). With simple activation functions such as 

linear summation and/or threshold logic (as most neural 

network models assume), it can solve AND and OR problems but 

cannot solve XOR problem. As shown in Figures 3.22 and 

3.23, it is impossible for a singe-layer neural network (in 

Figure 3.22) to draw a straight line (a linear summation 

function), possibly with a vertical shift (threshold logic), 

to classify (0,0) and (1,1) on one side and (0,1) and (1,0) 

on the other side (in Figure 3.2 3).^-^ For a general case 

where a single-layer neural network consists of multiple 

cells and a continuous value range, the previous argument is 

^^This type of classifier is sometimes called a 
"perceptron." 
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where 

F ' ( X k ) = / • ( ^ k i ) 0 
0 / ' ( X k 2 ) 
• 
• 

0 0 

0 
0 

0 

• • 0 
• • 0 

•• /'(Xkn) 

Figure 3.21 Continued 
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Classifier 
(y) 

Input 
Cell Xi 

Input 
Cell X2 

Output 
Layer 

Input 
Layer 

Figure 3.22 A Single-layer Neural Network 

Figure 3.23 A Classifier on the Input Space 
The Classifier classifies (or divides) the input region (the 
input space = the rectangle consisting (0,0), (1,0), (1,1), 
and (0,1)) into two classified regions divided by a straight 
line (a linear decision rule). 
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Still true (it cannot solve the XOR problem) [Rumelhart et 

al., 1986d; Lippmann, 1987]. 

An implication of the above argument for managerial 

problem diagnosis is that a single-layer connectionist 

architecture can never produce a correct diagnosis when the 

frame of discernment (the output cause layer) includes 

mutually exclusive final causes. However, this can be 

easily cured by introducing one or more hidden-layers 

("intermediate layers" in the previous sections of this 

dissertation). For a more thorough discussion about this 

matter, see Rumelhart et al. [1986b]. 

Another important implication of single versus multiple-

layer connectionist architecture for managerial problem 

diagnosis is that it can be interpreted as shallow (or 

suffice) versus deep domain knowledge structure [Milne, 

1987; Hollnagel, 1987; Chandrasekaren, 1988]. In medical 

and engineering systems diagnosis, it is known that in 

general, deep knowledge is more desirable than surface 

knowledge [Milne, 1987; Hollnagel, 1987]. In managerial 

problem diagnosis, the argument is still true because the 

deep knowledge in above sense corresponds more faithfully to 

model(s) and modelling knowledge in the DSS literature 

[Courtney et al., 1987; Basu and Dutta, 1989]. 

In general, what is the appropriate number of hidden-

layers for a given diagnostic problem? This can be answered 

by reviewing knowledge structuring task of CIROS in the 
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previous section (3.3). The number of hidden-layers 

(intermediate layers) should be determined by the PLN 

algorithm. Therefore, it depends on diagnostic situations 

and the expert knowledge structures. Although, multiple-

layer structure with hidden-layers should be preferable, the 

number of hidden-layers can vary in designing a specific 

CIROS. 

Continuous input and output (cell) value: Another 

important design decision for CIROS is continuous versus 

discrete cell value range. In CIROS, each cell value 

represents degree of truth (or falsity) or certainty degree. 

Although it is well-known that human experts are poor in 

telling a specific number from a continuous range such as 

[-1, 1], it is believed that the internal representation of 

uncertainty degree about an entity/object/event is based on 

rather continuous value range [Tversky and Kahneman, 1974; 

Merkhofer, 1987], Because one of the design criteria for 

CIROS is to make it closely resemble the reasoning process 

of human experts, adopting continuous cell-value range is 

recommended. 

The shape of the output function: The requirements for 

the shape of the output function were discussed in the 

previous section (3.3). As a first requirement, the range 

of output values should be [-1, 1] as discussed before in 

this section. Second, it should be differentiable and non-

decreasing on the range of (net) activation values of a cell 
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to satisfy one of the conditions for applying the Back-

propagation learning algorithm (this matter will be 

discussed next). Third, the shape of the output function 

should be symmetric so that it can better incorporate the 

tendency of symmetricity in human experts' uncertainty 

evaluation [Merkhofer, 1987]. And finally, it should be 

simple and easy to manipulate mathematically. 

To satisfy the requirements presented, the hyperbolic 

tangent function (tanh) is believed to be the most 

appropriate one [Kreyszig, 1983]. 

Back-propagation learning algorithm: For implementation 

of learning function in CIROS, the Back-propagation method, 

originally named as Generalized Delta Rule [Rumelhart et 

al., 1986d], is recommended among the various neural net 

learning algorithms. 



CHAPTER IV 

A SCENARIO USING CIROS 

GIROS is a prototype inexact reasoning system. Unlike 

past inexact reasoning systems, CIROS supports inexact 

reasoning for managerial problem diagnoses in a robust and 

efficient manner. Although CIROS is a prototype and does 

not contain all the embellishing features that can be found 

in full-blown commercial systems, it can give us a whole 

working picture of its performance. This can be done by 

demonstrating its use in a hypothetical but comprehensive, 

close-to-real managerial diagnostic problem. This is the 

purpose of this chapter. 

For a complete system for supporting managerial problem 

diagnosis, it may need a range of components, which depend 

on specific systems. The most simple and popular model of 

an expert system is shown in Figure 4.1 [Hayes-Roth, 1984]. 

However, this is too general and not appropriate for 

managerial decisions. Courtney et al. suggest an 

architecture for a problem formulation and diagnostic system 

from the view-point of managerial decision support [Courtney 

et al., 1987]. This is shown in Figure 4.2. 

As was mentioned in chapter 1 (section 1.4), this 

research does focus on design of the inference engine/ 

reasoning component (or equivalently, the problem processor 

141 
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Figure 4.1 Major Components of Contemporary 
Expert Systems [Hayes-Roth, 1984] 
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Figure 4.2 An Architecture of Managerial Problem 
Formulation and Diagnostic System 

[Courtney, Paradice, and Ata Mohammed, 1987] 
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in Figure 4.2). The issues related to the other components 

(except building knowledge base component) will be ignored. 

In the following, an example demonstrating the use of GIROS 

for a hypothetical company (named Supermicro Semiconductor 

Manufacturing Company) is presented (in section 4.1), and 

this is followed by a section that presents and analyzes the 

results (in section 4.2). 

4.1 Using CIROS 

4.1.1 Supermicro Semiconductor 
Manufacturing Company (SSMC) 

Supermicro Semiconductor Manufacturing Co. (SSMC) is a 

small-scale company (net sales of $66 million in 1985) that 

manufactures and sells computer memory chips (DRAM chips). 

Over the last ten years (1976 - 1985), the company's sales 

and profits have grown at a fairly high rate except the 

last two years. In 1984, SSMC experienced a downturn in the 

pace of growth in sales and profits, and the performance got 

worse in 1985. For reference, SSMC's sales and profits over 

the period are given in Table 4.1. 

Mr. Steve S. Mahon, GEO of SSMC, wants to know what this 

slowing trend in sales and profits figures along with other 

indicators such as growth rate, productivity, and so forth 

is meaning to his company. In other words, he wants to know 

what factors caused these seemingly bad symptoms for the 

company and whether these (factors) are within the company, 

thus can be controlled, or outside of it, thus are 
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Table 4.1 Ten-year Review of SSMC 

Year 

1976 

1977 

1978 

1979 

1980 

1981 

1982 

1983 

1984 

1985 

Net Sales 

$24,069,300 

27,647,700 

32,757,900 

43,636,900 

53,031,400 

56,850,700 

67,123,000 

73,182,200 

68,284,000 

66,425,800 

Net Income 

$855,700 

1,213,900 

1,804,100 

2,483,900 

3,395,400 

3,285,400 

3,632,500 

3,651,100 

2,986,300 

2,679,300 

Earnings 
per 

Share 

$0.85 

1.22 

1.80 

2.46 

3.30 

3.11 

3.41 

3.06 

2.71 

3.05 

Number 
of 

Employees 

82 

95 

110 

134 

157 

160 

180 

198 

205 

195 
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uncontrollable, or a mixture of both. He believes that it 

is time for initiating a move to strategic planning for his 

company, and as a first step, he should know what is wrong 

with his company. He also thinks that once he diagnoses and 

gets correct answers, then it is possible for him to make 

future plans for SSMC. 

Since SSMC is a small company and cannot afford to hire 

or consult professional management consultants, he decided 

to select a management diagnostic system that runs on his 

IBM-PC/AT. The selected diagnostic system employs CIROS as 

its reasoning component/inference engine. 

For the demonstration of using CIROS, the following are 

assumed throughout. 

1. All other required components such as "user 

interface," "data base and its manager," "system dictionary 

and its manager," and so forth are well-interfaced to GIROS 

and readily available. 

2. All the relevant raw data such as financial data 

(balance sheet, income statement, various financial ratios, 

etc.), marketing data (demand, advertising, market share, 

etc.), production data (production rate, inventory, work 

force, wage rate, etc.), and so forth are in the company's 

databases, which are connected to the company's diagnostic 

system. 

3. The diagnostic process may start with a specific 

knowledge network structure or not. 
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4.1.2 Overview of the Diagnostic 
Reasoning Process 

Once the assumptions listed right above are satisfied, 

it is possible for Mr. Mahon to proceed on a mainstream of 

diagnostic reasoning, which is an interactive, real-time, 

cooperative process of a human and a computer system. As 

was discussed in chapter 3 (section 3.3), the use of CIROS 

involves three main stages: knowledge network structuring, 

inferencing, and learning. However, the mainstream of a 

diagnostic reasoning process consists of inferencing and 

learning. A procedural chart for the knowledge network 

structuring stage is given in Figure 4.3, and a similar 

procedural chart for the mainstream diagnostic reasoning 

(inferencing) process is shown in Figure 4.4. 

When the user logs in CIROS, he sees the menu display 

that is shown in Appendix A. The menu represents basically 

the major CIROS functions that roughly correspond the 

functional modules appeared in Figure 4.3 and Figure 4.4.^ 

As was said earlier, the user may start with an initial 

knowledge network (for a given management problem diagnosis) 

or not. If there is no initial knowledge structure for 

CIROS, which corresponds to the knowledge-base component in 

a more conventional expert systems architecture, the user 

should start with building an initial knowledge network. 

^For a detailed discussion on this matter, see chapter 
5 (section 5.2). 
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Initial Knowledge Network (K = <V,R>) 
Initial Weight Values 

Find 
loops/cycles 

No 
loop 
/eye 

Display 
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ask the user to 
provide a condensed 
name for each cycle 

le 

Reorganize 
the initial 
knowledge network 
(K,W) 
to be free of 
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Run the Partially 
Layered Network 
(PLN) 
Structuring 
Module 

/ \ 
/Termi- \ 
\ nate / 
\ / 

Store 
the CLN 

Not 
Acceptable 

Acceptable 

Display the CLN 
and Ask the user 
if it is 
acceptable or not 

Run the 
Layered 
(CLN) 
Structuring 
Module 

Completely 
Network 

Figure 4.3 A Procedural Chart for Knowledge 
Network Structuring 

For this stage, the inputs are an initial knowledge network 
in a raw form (K = <V,R>)" and initial weight values. The 
output is a completely layered knowledge network (CLN). In 
this figure, a solid rectangle represents GIROS' internal 
computational process. On the other hand, a dashed rectangle 
represents an interactive process with human users. 
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Figure 4.4 A Procedure of Using CIROS 

^This is the final output of the stage 1 in Figure 
4.3. 
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Find missing but 
important input 
variables and ask 
the user to prov
ide the values 

Compute 
Certainty 
Factors(GFs) 

Justification/ 
Explanation of 
the Diagnosis 

No 

Is the 
Diagnostic Result 
Acceptable? 

Yes 

No 

Yes 

Run the Module 
Justification 
/Explanation 

Figure 4.4 Continued 
The numbers in the bottom of the previous page and the 
corresponding numbers in the top of this page represent the 
continuation of each line. A solid rectangle represent an 
internal process, and a dashed rectangle represents an 
interactive process with human users. 
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4.1.3 Stage 1: Knowledge Network 
Structuring 

As can be seen in Figure 4.3, the first step is that Mr. 

Mahon (or some other experts in managerial problem 

diagnosis) should provide an initial knowledge network for 

the particular diagnostic problem. Let us assume that it is 

the same as the one shown in Figure 3.2, and for referential 

convenience, it is presented one more time in Figure 4.5. 

However, this time the initial weight values for each 

connection in the knowledge network should be provided by 

the user (or by some other experts, if it is preferable) and 

those initial values are also shown in the figure. Notice 

in the figure that the initial weight values are provided 

according to the principle/guideline that an initial weight 

value should be one of {-1, 0, 1}. 

Once the initial knowledge network and weight values are 

provided, the next step is to find any loop or cycle in the 

network and condense it into a condensed form. There is 

only one cycle in the example knowledge network, which is 

Production Rate -> Inventory -> Production Adjustment -> 

Production Rate. In an interactive mode, GIROS asks Mr. 

Mahon to provide a name for the condensed form. Assume that 

he responds with Production Rate. The resulting knowledge 

network, which is free of any loops/cycles is shown in 

Figure 4.6 (which is the same as Figure 3.4). 
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Figure 4.5 An Initial Managerial Knowledge Network 
with Initial Weights 
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In this figure, the variable Production Rate becomes a 
condensed one from Production Rate, Production Adjustment, 
and Inventory in Figure 4.5 to remove the cycle. 
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The next step is to convert the cycle-free network into 

a partially layered network (which is shown in Figure 4.7), 

and then into a completely layered network. The final 

output of the stage, the completely layered knowledge 

network (CLN), is presented in Figure 4.8. 

4.1.4 Stage 2: Learning 

The original (initialized) knowledge network obtained in 

stage 1 may not reflect the user's belief (or knowledge) 

structure in a considerable degree. This can happen because 

of the following reasons: 

1. When the weights were initialized, they were not 

correctly input (as the user intended), or after the 

initialization, the user wants to change some of the 

initialized weights. 

2. As the user diagnoses more and more problems based 

on the (initial) knowledge structure of CIROS, he finds that 

the knowledge (weight) structure does not correctly describe 

all of the relevant diagnostic rules and facts. 

3. Some experts in the diagnostic problem area suggest 

solutions for certain diagnostic problems and the user 

accepts them. Then the user wants to modify the knowledge 

(weight) structure of CIROS to solve the problems that are 

similar to the problems for which the experts suggested 

solutions. Specifically, the experts suggest the solutions 

as symptom-cause pairs with certainty numbers. 
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continuation of the connections. In this figure, each dummy 
cell is named as "D" followed by its proper index. A cell's 
first index indicates the number of the layer it belongs to. 
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Among the three cases, learning for GIROS is required 

for the last two cases (The first case can be handled simply 

by changing directly the weights that should be changed). 

In both cases, the input format for CIROS' learning should 

be a series of symptom-cause pairs with corresponding 

certainty numbers for the causes (Recall the learning 

principles of GIROS discussed in section 3.3.3).-^ 

Since the original knowledge network (used in this 

chapter so far) is too big for a learning example, a small 

knowledge network is shown instead in Figure 4.9. As shown 

in the Figure, the whole knowledge network consists of two 

layers, three symptom variables (Turn-over Rate (y^^), 

Demand (y^p), and Growth Rate (YQO))* AS an example, let us 

assume that an expert in management problem suggested the 

following diagnostic rule as a solution (case 3): 

If Turn-over Rate is absolutely high {YQ-, - 1.0) and 

Demand (for the product) is absolutely high (y = 

1.0), and Growth Rate is medium high (ŷ ^ = 0.5), 

then Economic Conditions are very good (73i = 0-9) 

and Sales Price is very low {Y22 ^ -0.9). 

For this example, the input to CIROS for learning will be 

the following pair of symptom-cause vectors with 

corresponding certainty numbers (in parentheses): 

•̂ Those are: 
1. Supervised learning; 
2. Learning by example; 
3. Back-propagation learning. 
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Symptom vector Turn-over Rate (y = 1.0) 
Demand (yj:̂  = 1.0) 
Growth Rate (ŷ ^ =0.5) 

Cause vector Economic Conditions (y = 0.9) 
Sales Price (y22 = -0.9) 

For these input data, the back-propagation algorithm 

(Figure 3.21) is applied, and the weights are updated as the 

result.'̂  The changed knowledge structure (with the updated 

weights) is presented in Figure 4.10. 

4.1.5 Stage 3: Inferencing 

Based on the completely layered knowledge network 

developed in stage 1 and stage 2, Mr. Mahon can proceed with 

the mainstream diagnostic reasoning. The first step is to 

monitor and compare the values of all the symptom variables 

to the standard values. These standard values may be in one 

of the diagnostic system's databases or just provided by the 

user (or other experts). The symptom vector is 

Symptom Variables = Competitiveness (YQI) 
Net Profits (yo2) 
Turn-over Rate (yo3) 
Growth Rate (yo4) 
Productivity (yo5) 

= Yo 

^A detailed computational process of the back-
propagation learning for this example is shown in the 
Appendix C. 

^N 
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For these symptom variables, he does not know all the 

values or may not think all of them are significantly 

deviating from the standard values. So he provided only the 

values he knows and think that there are significant 

deviations. Those are (yo2/y03/y04)• 

Yo = 0.0 
-HO. 5 
1.0 

-1.0 
0.0 

These values can be interpreted as follows. 

Net Profits (yo2) are positive (-H) , but they are not 

high (0.5). Turn-over Rate (yoa) is very high. There 

is a strong evidence of negative growth (declining). 

No information is available for the two other 

symptoms. 

Because CIROS helps the human user diagnose in a qualitative 

manner, the values of all the variables are normalized to 

satisfy the specifications of CIROS. Notice here how GIROS 

treats the values of the missing variables (yoi/yo5)• ^ 

justification of such normalization of the qualitative 

variables was well-presented in Kane, 1972 [Kane, 1972].^ 

As shown in Figure 4.4, the next step is to find the 

cause-symptom pairs. Applying the depth-first search 

algorithm (DFS) in section 3.3.2, the symptom-cause pairs in 

^See section 2.3 and 3.2. 

X 
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Figure 4.11 are obtained (A detailed process of how to 

obtain these symptom-cause pairs is exhibited in Appendix 

B.l) . 

The process of computing certainty factors is an 

internal one within GIROS. According to the knowledge 

network (given in Figure 4.8) and CIROS' computational 

architecture, the following output vector represents the 

certainty (or likelihood) degree of each possible cause for 

the given symptoms.^ 

ys = -0.1804 (Economic Conditions) 
0.7905 (Sales Price) 
-0.3608 (Advertising Cost) 
-0.9576 (Production Capacity) 
0.4720 (Quality Control) 
-0.4720 (Wage Rate) 

These certainty factors can be interpreted as follows. 

The most probable cause for the present symptoms is 

very low production capacity (-0.9576). The next 

probable cause is high sales price (0.7905). But 

the quality control and wage rate are not so strong 

causal factors for the symptoms but they could be. 

It is not likely that economic conditions is having 

much of an effect. 

During the diagnostic process presented above, it was 

assumed that CIROS did not check the missing but important 

^For the detailed computational process using CIROS, 
see the Computation of Certainty Factors in Appendix B.2 
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Figure 4.11 Symptom-Cause Pairs 
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input variables. However, this is one of the important 

functions of CIROS and it is demonstrated next. 

GIROS determines the missing but important input 

variables by building the composite weight matrix. This 

process of building the composite weight matrix is an 

internal and transparent to the (human) user.^ Based on the 

composite weight matrix, the user will be asked to provide 

the value of Competitiveness (Yoi)/ ^^^ of ^h® ^^o missing 

variables in the case. This means that GIROS determined YQI 

as a missing but important input variable for this 

particular diagnostic case. So the user responded by 

providing the value of Yoir resulting in the following input 

vector (yo)• 

Yo = -0.5 
0.5 
1.0 
-1.0 
0.0 

For the input vector given above, the following output 

vector is computed. 

y5 -0.1582 (Economic Conditions) 
0.8449 (Sales Price) 
-0.5037 (Advertising Cost) 
-0.8106 (Production Capacity) 
-0.0274 (Quality Control) 
-0.3351 (Wage Rate) 

^However, for a reference, this process is shown in 
Appendix B.3. 
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The next step is to justify the diagnostic conclusion 

presented above, assuming the user requested to do so. 

CIROS justifies the conclusion by building chains of cause-

effect to result eventually in the cause-symptom paths. The 

final cause- symptom paths to justify the diagnostic 

conclusion is shown in Figure 4.12. 

4.2 An Analysis and Summary 
of the Results 

The use of CIROS by Mr. Mahon of SSMC in the previous 

section provides some insight for the design and evaluation 

of CIROS. Also it brings up several points about the 

limitations and possible improvements for CIROS. An overall 

evaluation of CIROS, comparing it with other inexact 

reasoning architectures, will be given in the following 

chapter (chapter 5). In the following of this section, a 

verification of GIROS at the level of functional 

requirements will be described.^ 

4.2.1 Checking CIROS against its 
Functional Reguirements 

At a minimum level, a decision aid system or expert 

system should satisfy its functional requirements [Blanning, 

1984]. Although a list (or document) of rigorous functional 

specifications that can be found in a commercial environment 

^This does not aim at a rigorous, formal verification 
at the level of programming. Rather, its purpose is to check 
its functional abilities at a broad level. 

JIX * X 
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Figure 4.12 Cause-Symptom Paths for Justification 
The numbers in parentheses represent the current weight 
values between two variables. This figure continues on the 
next page. 
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was not given for the design and implementation of CIROS, 

its functional capabilities can be checked based upon the 

demonstrated results of using it (as described in the 

previous section). The functional requirements were fully 

discussed in section 3.1. They can be summarized as 

follows. 

1. CIROS should be able to reorganize humans' expertise 

from a messy network structure into a layered, hierarchical 

structure that facilitates sound and efficient reasoning on 

computers. 

2. GIROS should be able to represent two types of 

inexact knowledge: uncertain relationships between variables 

with their inexactness measure, weight, and uncertain 

entities/objects/events that are represented by variables 

with their inexactness measure, certainty factor. 

3. CIROS should be able to find unknown but important 

variables in a particular diagnostic reasoning session and 

ask human users (or experts) to provide the values of those 

missing (but important) variables. 

4. GIROS should be able to produce justifications/ 

explanations for its diagnostic conclusions upon request 

from human users. 

5. CIROS should be able to modify its knowledge 

structure and improve its reasoning ability over time by 

learning as it aids in more and more decision-makings, 

assuming the same managerial problem domain. 



171 

In the following, each of these will be discussed based 

upon the demonstration results for SSMC. 

Knowledge structure reorganization: The original 

structure of human expertise as shown in Figure 4.5, which 

is messy and unorganized (a general network structure), was 

restructured by CIROS to result in a more organized form as 

shown in Figures 4.7 and 4.8 (layered, hierarchical network 

structure), which facilitates later inferencing and 

learning. This is a very unique capability that cannot 

easily be found in other inexact reasoning systems.^ 

Two different types of inexactness measure: GIROS 

employs two different types of inexactness measures: weights 

and certainty factors. Weights were employed to represent 

the uncertain (or inexact) relationships between variables, 

and certainty factors were employed to represent uncertainty 

(or degree of truth) of variables. These two types of 

uncertainty measure seem sufficient for representing the 

domain knowledge of managerial problem diagnosis. Moreover, 

the user did not have to provide "precise" numbers for the 

inexactness measures as input (the certainty numbers for the 

symptoms and the weights for the knowledge network 

initialization). 

^As far as the author surveyed, there is no known 
inexact reasoning architecture that does reorganize its 
knowledge-base. See section 5.3 for a detailed discussion 
about comparative evaluation of CIROS to other selected 
inexact reasoning systems. 

X 
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Finding and asking missing but important variables: 

Using the weight information, CIROS can determine the 

importance of each input variable.^^ Also it can identify 

the missing variables, and ask the user to provide the 

missing but important variables. 

Justification/explanation of the diagnostic conclusion: 

CIROS can justify its diagnostic conclusion by building 

backward chains of symptom-cause paths. It is capable of 

handling three different types of query from the user: the 

Rule Query, the Why query, and the How query, although only 

the How query was demonstrated in the previous section. For 

a better understanding, the justification output could be 

displayed in a graphic mode, but this is a matter of user 

interfacing. 

Learning: Learning is the most difficult and complex 

function to implement in GIROS. Validity of the adopted 

learning method—the back-propagation method—should be 

questioned in a long-term environment because it mainly 

depends on the knowledge structure and weight information, 

which change in a long term environment. However, CIROS 

satisfies the theoretical requirements for the learning 

method: the uniform convergence and semi-linear output 

function. 

^^GIROS could determine the importance of all variables 
except the variables in the top layer of the knowledge 
network the same way that it used the weight information for 
the input variables. 

jii ' 
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In the demonstration, only a simple example was used to 

show how GIROS can learn. 

4.2.2 Limitations and Possible 
Improvements of CIROS 

Although GIROS was developed to aid human decisions with 

a number of unique functional characteristics, it is by no 

means a perfect system that is without any limitation and 

possible improvement. The demonstrated use of CIROS by a 

hypothetical manager (Mr. Mahon of SSMC) sheds some light on 

its limitations and possible improvements. 

GIROS was developed within a considerably limited scope 

from a number of aspects. First, it is not a complete 

expert or decision support system that consists of a whole 

range of components, say, from a data dictionary to a 

sophisticated user interface. CIROS was developed aiming at 

functioning as a reasoning component that is necessary for 

an intelligent decision aid system [Barr and Feigenbaum, 

1981]. The quality of a decision aid system should be 

determined not by a sole reasoning component of it but by a 

holistic structure of all components [Bonczek et al., 1984]. 

Second, CIROS is not a fully developed system, but a 

prototype system. As a prototype system, it possesses only 

a limited range of functional capabilities, limited to the 

minimal requirements of its functionality. One implication 

of this limit is that there exists a room for arguing what 

other functional capabilities can be incorporated into the 

•JW JJ X 
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system. Third, the testing could not be done in a real 

world situation and was not part of the proposed research. 

The significance and implications of the testing results may 

depend on how real the testing environment is. 

In addition to these methodological limitations, which 

may be considered not to be unique to CIROS, there are a 

number of functional limitations. 

First, CIROS could not handle some types of "imperfect 

information."^^ As reviewed in chapter 2, there are a 

variety of types of imperfect information. Among these, 

CIROS cannot handle the information from multiple sources, 

for example, input data from different sources, or different 

knowledge structures from different experts. Frequently, 

this type of information contains contradictory elements in 

it [Bonissone and Tong, 1985; Stephanou and Sage, 1987]. 

For this type of information, the reasoning system should be 

able to recognize possible contradictions and resolve them 

[Hollnagel, 1987]. Also, GIROS cannot handle "exact 

probabilities"^^ because CIROS was not designed to handle 

mathematical probability or approximations of it. 

Therefore, CIROS is not expected to be useful for poker 

playing, for example. 

^^As discussed in chapter 1 and chapter 2, this term is 
used to represent the broadest and general sense, adopted 
from Stephanou and Sage [1987]. 

^^Probability that is based on the modern axiomatic 
probability theory (mathematical probability). 
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Second, CIROS is not really processing information at 

the "token" or "instance" level. In other words, all input 

data to CIROS should be prepared to be input at the "type" 

level, i.e., they must be input as values of "(input) 

variables. "13 -pĵ î  i^ ^j^^ ^^^^ important difference between 

CIROS, which is designed to work at a highly abstract level 

of psychological perception, and the usual neural networks 

systems, which are used mostly for low level of 

psychological perception (like image processing). 

Third, although GIROS has a learning capability, it is 

not like what humans have. It seems that the first step for 

CIROS to be closer to a human's learning is to adopt a 

continuous, unsupervised learning method.^^ In other words, 

it could be possible for CIROS to learn as it performs 

inferencing (not separate modes of learning and inferencing 

as the present prototype CIROS does). 

Finally, and most importantly for practical 

applications, CIROS can not expand its knowledge structure 

(which corresponds the knowledge-base component of more 

conventional expert systems), although it can reorganize 

human's expertise within the boundary of that expertise. In 

concrete terms, expandability of the knowledge structure in 

i3por an introduction to these concepts, the reader 
may refer to Tsichritzis and Lochovsky [1982]; Levesque 
[1985]; Genesereth and Nilsson [1987]. 

l^This was discussed in chapter 3 (3.3.3). 

•^•r^H" N 
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GIROS means its ability to accommodate more variables and 

reorganize the whole knowledge structure. This is yet 

another area of possible improvement for CIROS. 

r^ 
—^\ 



CHAPTER V 

THE IMPLEMENTATION AND EVALUATION OF GIROS 

This chapter presents how the design model of CIROS, 

conceptualized in the previous chapters, has been refined, 

implemented, and validated. 

The implementation and evaluation of CIROS has 

significance in a number of aspects. First, CIROS can be 

developed as an actual, working system in a real managerial 

diagnostic situation. Second, CIROS can be tested to 

demonstrate the validity of its design principles and 

architecture (as discussed in chapter 3). Third, evaluation 

of CIROS will bring up its limitations and significant areas 

for the future research. 

This chapter is organized as follows. In section 5.1, 

general issues related to MIS and Al research methodology, 

and justification of the prototype system development are 

discussed. In section 5.2, an implementation summary of 

CIROS is presented for each of the eight functional 

components of GIROS. In fact, the content of this section 

is somewhat overlapping with that of section 3.3 where a 

detailed process of the architectural design of CIROS was 

described. In section 5.3, evaluation and comparison of 

CIROS to selected other systems is discussed. Finally, a 

brief summary of the chapter is presented in section 5.4. 

177 



178 

5.1 Research Methodology 

In its broadest sense, this research might be considered 

as a study of the application of modern computing technology 

developed in artificial intelligence to an area of 

managerial problem-solving. Therefore, general discussion 

of the research methodology would be more appropriate if it 

is done from the viewpoint of artificial intelligence. 

Cohen and Howe [1988] argue that one of the emergent 

characteristics of current Al research methodologies is that 

they are very vague and there are no standard practices in 

them except that computers are used in some way. Whereas 

other sciences expect specific aspects of research to be 

presented (for example, hypotheses, related research, 

experimental methods, and analyses and results), Al research 

has no comparable standards. 

This research is no exception to the argument by Cohen 

and Howe, as far as the research methodology is concerned. 

Basically, the research involved designing a prototype 

computer system that fulfills the design principles 

presented previously and implementing it under appropriate 

conditions. Since the main principle for the methodology of 

this research is development of a prototype (inexact 

reasoning) system,-̂  and it is not a very common method in 

^The definition of the "prototype system" varies over 
different authors [Nauman and Jenkins, 1982]. The most 
popular definition is "a system that is simplified but 
captures 'the essential features' of the later, operational 

»*• •••-
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natural and social sciences, a justification of adopting the 

methodology is given in the following. Another important 

issue for this research is the implementation of the 

connectionist architecture. Because it assumes a totally 

different computational approach in its computing resources 

(hardware and software), its implementation needs a special 

consideration. 

5.1.1 Justification of Prototype 
System Development 

Newell and Simon [1976] advocate computer systems 

development as an experiment. They say. 

We build machines and programs as a way of discovering 
new phenomena and analyzing phenomena we already know 
about The gains that accrue from such 
experimentation and understanding pay off in the 
permanent acquisition of new techniques, and these 
techniques will create the instruments to help society 
in achieving its goals. 

In Al and expert systems, computer system development is 

recognized as a standard research tool [Davis, 1982; Hayes-

Roth et al., 1983]. 

Buchanan et al. [198 3] advocate the prototyping approach 

as an effective methodology for developing expert systems, 

particularly for implementing and testing stages. In 

academic research, prototype system development is a 

dominant research methodology because of the limitations of 

resources and time, etc. 

system" [Alavi, 1984; Nauman and Jenkins, 1982]. 
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In the MIS field, many dissertations have used actual 

prototype system development as the core of the research 

methodology [Wang, 1981; Minch, 1982; Ata Mohammed, 1985; 

Paradice, 1986; Baldwin, 1989]. In addition, academic 

journals such as IEEE Systems, Man, and Cybernetics; 

International Journal of Man-Machine Studies; Communications 

of ACM; and MIS Quarterly frequently contain this type of 

research. 

5.1.2 Implementation of Connectionist 
Architectures (Neural Networks) 

As was pointed out in the previous chapters, CIROS can 

be regarded as a subsystem of an expert system, which has 

the following distinguishing characteristics when taken in 

relation to conventional expert systems. 

1. The subsystem (CIROS) constitutes the combined 

subsystem of the reasoning component and the knowledge-base 

component of a conventional expert system.^ 

2. It adopts the connectionist (neural networking) 

approach as its computational architecture. 

Basically, building a neural network (or a connectionist 

architecture) is a process of combining processing elements 

such that the final product acts as a problem-solver for 

2A conventional definition of an expert system can be 
found in [Barr and Feigenbaum, 1981] as: 

"... an intelligent computer program that uses knowledge 
and inference procedures to solve problems that are 
difficult enough to require significant human expertise 
for their solution...." 
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problems that are difficult for the conventional computing 

technologies [Feldman and Ballard, 1982]. Two main concerns 

for the task are (i) how to construct a neuron (the 

processing unit), and (ii) how to interconnect multiple 

neurons. For these two main concerns, there are 

fundamentally two different ways: (i) implementation with 

hardware, and (ii) software simulation. In other words, a 

single neuron could be envisioned as a hardware component 

using an electronic item, an optical item, or some other 

"hard-coded" artifact. Or a neuron could exist as a 

software component—a data element written in software. 

Similarly, the interconnections could be configured as hard

wired networking of the hardware components. Or they could 

be configured in programs to simulate the required 

networkings. 

With the explosion of interest in neural networks, 

numerous network products have appeared in the market place. 

Currently, they range from ones with purely software 

implementation through products with mixed implementation in 

hardware and software-̂  [Wasserman and Schwartz, 1987]. In 

this study, the adopted method is to implement the CIROS 

architecture by software simulation. Because building an 

electrical circuit for the analog computational model will 

take a long time, and resources and tools for that task are 

•̂ So far as the author knows, there is no neural 
network product with purely hardware implementation. 
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not available, the digital software simulation was adopted, 

though there will be problems with the interpretation of the 

results.^ 

There are numerous ways to develop software simulation 

systems for a proposed connectionist architecture, each with 

its own advantages and disadvantages. These range from the 

use of neural network systems development shells to in-house 

development modules utilizing purely procedural programming 

languages [McClelland, 1986; Zisper and Rabin, 1986]. The 

implementation of CIROS was done basically by using the 

procedural language, C.^ Although there are commercially 

available neural network system development shells, most of 

them are for engineering and medical application systems, 

and very few of them are for business management 

applications [Hecht-Nielsen, 1988]. Another reason for 

using a procedural language is that the focus of system 

development is on the implementation of inexact reasoning 

rather than development of a knowledge-base.^ Inexact 

reasoning tasks in CIROS are largely dependent on the 

inference control strategies and procedural knowledge rather 

than declarative knowledge. 

^The most important problem is the measurement of 
speed of the system and interpretation of the processing 
time. These matters will be discussed later in this chapter 

^Specifically, it was TURBO C 2.01 for IBM-PC. 

^Recall that the knowledge base is embedded in the 
inferencing component in CIROS. 
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Other software development paradigms that were employed 

(or considered but might not be fully exploited) are 

prototyping approaches and object-oriented programming. In 

particular, there was much interest in C++ which is a C-

based object-oriented programming language. 

5.1.3 Implementation of CIROS Interface 
to the Other Components 

As stated in previous chapters, the main purpose of 

GIROS is to serve as part of a knowledge-based managerial 

problem diagnosis system. A general view on a knowledge-

based system (or expert system) was given in chapter 4. 

The functional scope and limitations of the prototype CIROS 

can be strongly dependent on the architectural model for a 

knowledge-based managerial problem diagnosis system where 

CIROS is embedded. Also, the development and evaluation of 

CIROS does depend on the assumptions about the functional 

relationships between GIROS (inexact reasoning part) and the 

rest of the knowledge-based system. 

There are a number of architectural models that have 

been proposed for knowledge-based decision aid systems 

[Courtney et al., 1987]. Among these, as was pointed out 

(in section 4.1), the one proposed by Courtney et al. seems 

most appropriate for the discussion of the test and 

evaluation of CIROS. For reference, their model is 

presented again in Figure 5.1. 

~ \ 
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Figure 5.1 An Architecture of Managerial Problem 
Formulation and Diagnostic System 

[Courtney, Paradice, and Ata Mohammed, 1987] 
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Based on the architecture, CIROS is a part of the 

problem processor to serve as an inexact inference engine. 

However, this does not necessarily mean that CIROS was 

directly interfaced to their system. Instead, CIROS was 

developed to implement all of the essential functions of the 

reasoning component of the knowledge-based system. 

5.2 Implementation of CIROS 

The GIROS architecture presented in Figures 3.1 and 3.9, 

on the one hand, can be viewed as a physical structure^ that 

shows its components and the relationships between them. On 

the other hand, CIROS can be viewed from its functional 

aspect, and this view can be more appropriate for the 

discussion of its implementation because it was decided that 

the implementation of GIROS should be done by software 

simulation. In fact, most of the discussions of CIROS in 

the previous chapters, especially in chapter 3 and chapter 

4, were done based on that assumption. The functional 

components of CIROS were well presented in Figures 4.3 and 

4.4. These functional components are usually called 

modules^ in software engineering, and they are as follows. 

7"Physical" in the sense that the connectionist 
architecture (CIROS) came up by hardware implementation. 

^A definition of "module" is given in Yourdon and 
Gonstantine [1978] as follows. 

"A contiguous sequence of program statements, bounded by 
boundary elements, having an aggregate identifier." 

•yi "* 
\ 
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1. Detecting/condensing loops/cycles; 

2. Partially Layered Network (PLN) structuring; 

3. Completely Layered Network (CLN) structuring; 

4. Finding the set of cause-symptom pairs; 

5. Computing certainty factors; 

6. Learning; 

7. Finding the missing but important input cells; 

8. Justifying/explaining the diagnostic conclusion. 

In the following, the implementation of each of the 

eight modules is described. 

Detecting/condensing loops/cycles: An algorithm for 

this function was already presented in Figure 3.4. The 

algorithm takes exponential time complexity because finding 

all cycles in a digraph which represents a directed network 

can take no less time than the time for a Hamiltonian 

circuit [Deo, 1974; Carre, 1979]. 

Structuring into PLN: The definitions of PLN and 

related concepts were already given in section 3.3. Also an 

algorithm for the function was presented at the same place 

(in Figure 3.8). The time complexity of this algorithm is 

0(N2) for the total N nodes of the digraph^ because in the 

worst case, it should evaluate all (N-1) nodes for each 

node. However, it is still an efficient algorithm because 

it takes polynomial time complexity. 

^If there is no specific argument, N will represent 
the total number of nodes (cells) in the CLN henceforth. 
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Structuring into CLN: An algorithm for this function 

was presented in Figure 3.10 This algorithm assumes that 

any pair of nodes that are directly connected by a link 

should be as far away as possible in terms of layers, as was 

discussed in section 3.3. 

Finding cause-symptom pairs: This is one of the most 

essential functions of GIROS. An algorithm for this 

function was presented under the name "DFS algorithm" in 

Figure 3.12 in section 3.3. The time complexity of this 

algorithm is O(N^) for the worst case. In fact, the time 

complexity of most general depth-first search algorithms, 

including the one for CIROS, is 0(N'^) for some positive 

integer n, and thus they belong to the class of efficient 

algorithms.^^ 

Computing Certainty Factors: This is another major 

function of CIROS and its computational algorithm is given 

in Figure 3.17. It should be noticed that the computational 

efficiency of GIROS can be obtained by the algorithm. In a 

general case, as shown in Figure 3.17, the required amount 

of computation is No'Ni***NL and the time complexity is 

0((max(No,Ni,•••,NL))L+1) (5.1) 

in big O notation. Thus GIROS is equipped with an efficient 

^^For an introduction of the computational complexity 
of algorithms, the reader may refer to Aho, et al. [1983]; 
Papadimitriou and Steiglitz [1982]. 
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computational structure for this major function, which is 

lacking in many other inexact reasoning architectures such 

as Influence Diagrams [Rege and Agogino, 1988; Shachter, 

1988] and PROSPECTOR [Duda et al., 1976]. 

Learning: The learning algorithm in CIROS is the back-

propagation method and it was presented in Figure 3.21. Its 

theoretical basis, time complexity, and convergence 

property, etc., are well discussed in other places in this 

dissertation and other materials.^^ 

Finding the missing but important input cells: An 

algorithm that uses the weight information (the weight 

matrices of CLN) is presented in Figure 3.19. It assumes 

that no prior information on the relative importance of each 

cell in the top layer of the CLN is available (from the 

user), so the relative importance is equal for all cells in 

the top layer. 

Justifying/Explaining the diagnostic conclusion: An 

algorithm that uses the weight information of CIROS, i.e., 

the weight matrices of CLN, was presented in section 3.3 (in 

Figure 3.20). 

Although these constitute a list of the eight essential 

functions of CIROS, the actual implementation of CIROS was 

not limited to these. Other functions that were implemented 

include some graph-search related algorithms such as finding 

^^Particularly, consult Rumelhart et al. [1986d]. 

'X 
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the shortest path, various matrix algebraic methods such as 

adjacency matrices, reachability matrices, etc.^^ 

As a summary to the implementation of CIROS, the eight 

functions and the corresponding algorithms are listed in 

Figure 5.2. 

5.3 Evaluation of CIROS 

Evaluation of intelligent systems (Al and expert 

systems) is a difficult task and poses some special problems 

that should be considered carefully [Gaschnig et al., 1983]. 

There are two major issues that are concerned with the 

evaluation of CIROS. The first and most important one is 

that most cases of Al and expert system development in the 

academic area are oriented to proof-of-principle. That is, 

the major concern of the development is whether an 

intelligent system could possibly be constructed to solve a 

given problem [Levi, 1989]. This view of intelligent 

system development as experimental in nature is well-

supported by Newell and Simon, as was quoted in section 5.1 

[Newell and Simon, 1976], 

In this research, the development of GIROS shares the 

same view. In other words, the main concern of developing 

CIROS is to prove its design principles by constructing a 

prototype system that can solve the given problem. 

12see Harary et al. [1965]; Carre [1979] 
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Function 

1. 

2. 

3. 

4. 

5. 

6. 

7. 

8. 

Detecting/condensing 
loops/cycles 

Partially Layered 
Network (PLN) 
structuring 

Completely Layered 
Network (CLN) 
structuring 

Finding the set of 
cause-symptom pairs 

Computing 
certainty factors 

Learning 

Finding the missing 
but important 
input cells 

Justifying/explaining 
the diagnostic 
conclusion 

Algorithm 

Cycle Detection 
Algorithm 

PLN Algorithm 

CLN Algorithm 

DFS Algorithm 

Forward 
Computation 
Algorithm 

Back-propagation 
Algorithm 

Find the missing/ 
important input 
cells Algorithm 

Backward Chaining 
(BWG) Algorithm 

Comment 

Figure 
3.4 

Figure 
3.8 

Figure 
3.10 

Figure 
3.12 

Figure 
3.17 

Figure 
3.21 

Figure 
3.19 

Figure 
3.20 

Figure 5.2 A Summary of CIROS Algorithms 
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The second issue is how formal (or informal) the 

evaluation should be. An instant answer to this question 

may be that the more formal it is, the better it is. 

However, the answer is not necessarily correct. As Gaschnig 

et al. pointed out, there are evidences that illustrate how 

a formal evaluation can be seriously misleading—even when 

methodologically sound in its statistical design. It seems 

that as the problem domain for which the expert system to be 

evaluated was developed is more ill-structured and complex, 

the formal evaluation is more inappropriate. The reason is 

that it is more difficult for an evaluator to establish 

objective, standard criteria of evaluation for the expert 

system with that type of problem. In general, the 

evaluation methodology of Al and expert systems remains in 

an infant stage [Cohen and Howe, 1988; Cohen and Howe, 

1989] . 

In conclusion, it is very difficult to do a formal 

evaluation of GIROS in this study if the two issues are 

considered. Therefore, the evaluation of CIROS in this 

study will be very informal. 

In the following, other problems related to the 

evaluation of CIROS are discussed. ̂-̂  

1. In general, an expert system is commonly evaluated 

by comparing the system's answers to those of human experts 

-̂̂ Some of these problems were already discussed in 
section 4.2. 

•^. 
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[Gaschnig et al., 1983; Shortliffe et al., 1979]. However, 

this method is not directly applicable to comparing and 

evaluating CIROS and other inexact reasoning systems because 

CIROS is supposed to work with human experts in a symbiotic 

manner, not to replace them. In this regard, one possible 

method of evaluating a reasoning system is to compare the 

human's decision quality (performance) with and without an 

aid of the system [Gaschnig et al., 1983]. 

2. As was pointed several times, GIROS is not a 

complete expert or decision support system. CIROS was 

developed as a reasoning component that is necessary for an 

intelligent decision aid system. The quality of a decision 

aid system should be determined not by a sole reasoning 

component of it but by a holistic structure of all its 

components [Sprague and Carlson, 1982; Bonzcek et al., 

1984]. 

3. GIROS is not a fully developed system, but a 

prototype system. As a prototype system, it possesses only 

a limited range of functional capabilities, limited to the 

minimal requirements of its functionality. One implication 

of this limitation is that there exists room for arguing 

what functional capabilities are necessary for an inexact 

reasoning system for the problem domain, and what functional 

capabilities are sufficient. 

4. The testing could not be done in a real world 

situation. The significance and implications of the testing 
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results may depend on how real the testing environment is. 

When these special problems related to the evaluation of 

GIROS are considered, it seems that a desirable methodology 

of evaluating GIROS would be based on the following 

principles: 

1. In general, the evaluation would be informal. 

2. The evaluation should focus on the technological 

design aspect of the study, rather than on the aspect of 

appropriation.^^ 

3. CIROS is evaluated on a comparative basis, i.e., 

compared to other (existing) inexact reasoning systems, 

using multiple criteria. 

An implication of the second principle is that among the 

preliminary evaluation criteria established in chapter 1 

(section 1.3), more emphasis will be laid on the 

technological design related criteria such as computational 

efficiency, reliability, existence of various functional 

capabilities, and so forth. 

In this research, GIROS was evaluated by comparing the 

capabilities of it to the capabilities of other existing 

inexact reasoning systems. Before undertaking comparative 

evaluation, two issues must be resolved: (i) selection of 

^^According to the AST theory, an information system 
(including intelligent decision aid system) follows the 
following phases: 

Technological design -> Use (Appropriation) -> Outcome 
[DeSanctis, 1990]. 
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the existing inexact reasoning systems that are to be 

compared, and (ii) establishment of the evaluation criteria. 

5.3.1 Establishing the Evaluation 
Criteria 

In chapter 1, a set of evaluation criteria was 

proposed. They are: 

Performance criteria: accuracy and reliability; 

Efficiency criteria: computational efficiency; 

Usability criteria: robustness, capability of 

producing explanation/justification for reasoning outputs, 

potential for replication of reasoning in human experts and 

related cognitive tasks; and 

Other encouraging factors: Does the reasoning process 

closely resemble that of human experts? How much of the 

human's knowledge has to be processed before it is input to 

the system for processing, and so forth. 

In the actual evaluation, not all these criteria are 

applied. In fact, a direct performance test was never 

tried, although the performance criteria are very important 

in the evaluation of intelligent systems. The reasons are 

as follow. 

First, it is very difficult to establish a standard 

measurement for the accuracy of a decision of an inexact 

reasoning system. One decision characteristic of most 

inexact reasoning systems is that their answer is not 100% 

correct but tagged with some type of certainty number. To 
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Efficiency criteria. For the evaluation of the 

computational efficiency of a system, the two important and 

widely used measures are the computational speed and the 

memory storage efficiency, which are the issues closely 

related to implementation. However, only theoretical 

analysis of computational time complexity was done for the 

comparative evaluation of CIROS and the selected systems. 

This theoretical analysis is significant in the sense that 

it provides a common background for a comparative evaluation 

of different systems, whose implementations vary widely. 

Usability criteria. These include the capability to 

handle the uncertainty of the reasoning rules,^^ the 

capability to handle the uncertainty of input information, 

the capability to handle the missing input values, the 

capability to find the missing but important input 

information, the capability to handle inconsistent and 

conflicting input information, and the capability to 

justify/explain the conclusions. 

The framework of the comparative evaluation is just a 

check list that is based on the above evaluation criteria. 

This check list is shown in Figure 5.3. The meaning of most 

criteria on the check list is self-explanatory. However, 

several require clarification. 

^^Although this and the next criterion are necessary 
for inexact reasoning systems, they were included to 
emphasize the characteristics of inexact reasoning systems. 

" ^ 
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Criterion 

1. 

2. 

3. 

4. 

5. 

6. 

7. 

8. 

9. 

10. 

11. 

12. 

13. 

14. 

15. 

Multiple lines of reasoning . . . . 

Reasoning on the consistency/ 
completeness of knowledge base • • • 

Reorganization of knowledge base • • 

Computational time complexity • • • 

Handling the uncertainty of 

Handling the uncertainty of 

Handling the missing 

Finding the missing but 
important input information . . . . 

Handling inconsistent/conflicting 

Justify/explain the results . . . . 

Yes No Unknown 

Figure 5.3 A Checklist for Evaluation 

x" 
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1. Non-monotonic reasoning (Criterion 4) is the 

reasoning capability that a reasoning system can expand the 

knowledge base, i.e., it can add new knowledge to the 

knowledge base by itself.^^ 

2. Reorganization of knowledge base (Criterion 8) means 

a reasoning system's capability to reorganize the knowledge 

base into a structured form, for example, a layered, 

hierarchical structure, or a relational structure.^^ 

3. Computational time complexity (Criterion 9) is the 

worst case time complexity (in big O notation) for computing 

the certainty numbers. 

5.3.2 Selection of the Reasoning 
Systems 

Although there are a tremendous number of intelligent 

systems, only a few of them are appropriate for comparison 

purposes in this research because, to be selected for the 

comparison, they must satisfy the following conditions. 

1. It should be developed for managerial decision

making or aiding management problem-solving. 

^^Induction is known to be the most typical example of 
non-monotonic reasoning. Notice that the usual "knowledge 
acquisition" does not belong to non-monotonic reasoning. For 
this and related topics, see Mendelson [1987]; Genesereth et 
al. [1987]. 

^^Although "hierarchical" and "relational" are used in 
the study of database and data modeling, it is claimed here 
that an analogy can be used for knowledge base. 

" ^ 
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2. It should be a stand-alone reasoning system, or its 

reasoning component is easily separable from the rest of it. 

3. The reasoning component is able to handle inexact 

information in any way. 

4. It should have versions that can run on a personal 

computer or mini-computer. 

For the purpose of a comparative evaluation, the best 

available source was [Miller and Walker, 1988].^^ The 

source was reviewed carefully to select the most appropriate 

systems and the following three were selected finally. 

1. PROSPECTOR (IBM-PC version) 

2. INFERENCE MANAGER (Intelligent Terminals Ltd.)l^ 

3. REVEAL (Tymshare, Inc.)20 

Basically, the evaluation was performed by checking 

against the capabilities list (the criteria shown in the 

list). The result is shown in the following series of 

figures, each figure for each system (Figure 5.4 for CIROS, 

Figure 5.5 for INFERENCE MANAGER, Figure 5.6 for PROSPECTOR, 

and Figure 5.7 for REVEAL). A cross-comparison for all four 

systems is presented in Figure 5.8. 

^^The book contains a list of almost all Al and expert 
systems for business applications, which were published or 
available in the market before 1988. 

•̂ T̂he address of this company is 
15 Canal Street, Oxford 0X2 6BH, UK. 

^^The address is 
20705 Valley Green Drive, Cupertino, CA 95104. 

• ^ 
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Criterion Yes No Unknown 

1. Forward reasoning 

2. Backward reasoning . . . . 

3. Multiple lines of reasoning 

4. Non-monotonic reasoning 

5. Learning 

6. Distinguishing type/token 

7. Reasoning on the consistency/ 
completeness of knowledge base 

8. 

9. 

10. 

11. 

Reorganization of knowledge base 

Computational time complexity^i 

Handling the uncertainty of 
the reasoning rules 

Handling the uncertainty of 
the input information • • 

12. Handling the missing 
input information 

13. Finding the missing but 
important input information • • 

14. Handling inconsistent/conflicting 
input information 

15. Justify/explain the results 

X 

X 

X 

X 

X 

X 

X 

Figure 5.4 An Evaluation Chart for GIROS 

21lf the system has an efficient (polynomial time in 
big O notation) time complexity for the computation of 
certainty factors, it is marked in 'yes,' if not, marked in 
'no,' otherwise, marked 'unknown.' 
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Criterion 

3. Multiple lines of reasoning . . . . 

7. Reasoning on the consistency/ 
completeness of knowledge base • • • 

8. Reorganization of knowledge base • • 

9. Computational time complexity • • • 

10. Handling the uncertainty of 

11. Handling the uncertainty of 

12. Handling the missing 

13. Finding the missing but 
important input information . . . . 

14. Handling inconsistent/conflicting 

15. Justify/explain the results . . . . 

Yes 

X 

x 

X 

X 

X 

X 

X 

No 

X 

X 

X 

X 

X 

X 

X 

X 

Unknown 

Figure 5.5 An Evaluation Chart for PROSPECTOR 

/^ 
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Criterion 

"1 

2. 

3. 

4. 

5. 

6. 

7. 

8. 

9. 

10. 

11. 

12. 

13. 

14. 

15. 

Multiple lines of reasoning . . . . 

Reasoning on the consistency/ 
completeness of knowledge base • • • 

Reorganization of knowledge base • • 

Computational time complexity • • • 

Handling the uncertainty of 

Handling the uncertainty of 

Handling the missing 

Finding the missing but 
important input information . . . . 

Handling inconsistent/conflicting 

Justify/explain the results . . . . 

Yes 

X 

X 

X 

X 

X 

X 

X 

X 

No 

X 

X 

X 

X 

X 

X 

X 

Unknown 

Figure 5.6 An Evaluation Chart for INFERENCE MANAGER 
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Criterion 

3. Multiple lines of reasoning . . . . 

7. Reasoning on the consistency/ 
completeness of knowledge base • • • 

8. Reorganization of knowledge base • • 

9. Computational time complexity • • • 

10. Handling the uncertainty of 

11. Handling the uncertainty of 

12. Handling the missing 

13. Finding the missing but 
important input information . . . . 

14. Handling inconsistent/conflicting 

15. Justify/explain the results . . . . 

Yes 

X 

X 

X 

X 

X 

X 

No 

X 

A 

X 

X 

X 

X 

X 

X 

Unknown 

X 

Figure 5.7 An Evaluation Chart for REVEAL 

!«' ^ 
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Criterion P IM 

1. 

2. 

3. 

4. 

5. 

6. 

7. 

8. 

9. 

10. 

11. 

12. 

13. 

14. 

Forward reasoning . . . . 

Backward reasoning . . . . 

Multiple lines of reasoning 

Non-monotonic reasoning 

Learning 

Distinguishing type/token 

Reasoning on the consistency/ 
completeness of knowledge base • 

Reorganization of knowledge base 

Computational time complexity 

Handling the uncertainty of 
the reasoning rules 

Handling the uncertainty of 
the input information • • 

Handling the missing 
input information 

Finding the missing but 
important input information • • 

Handling inconsistent/conflicting 
input information 

15. Justify/explain the results 

Y 

Y 

Y 

N 

Y 

N 

N 

Y 

Y 

Y 

Y 

Y 

Y 

N 

Y 

Y 

Y 

N 

N 

N 

Y 

N 

N 

Y 

Y 

Y 

N 

N 

N 

Y 

Y 

Y 

Y 

N 

N 

N 

N 

N 

N 

Y 

Y 

Y 

Y 

N 

Y 

N 

N 

N 

N 

N 

N 

N 

N 

C = CIROS P = PROSPECTOR IM = INFERENCE MANAGER R = REVEAL 
Y = YES N = NO * = UNKNOWN 

Figure 5.8 A Comparative Evaluation Chart 

• ^ 
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5.3.3 Analysis and Discussion 

As shown in Figure 5.8, some capabilities are common for 

all the systems. These are: 

1. Forward/backward reasoning (Criterion 1 and 

Criterion 2); 

2. Handling the uncertainty of the reasoning rules and 

input information (Criterion 10 and Criterion 11); and 

3. Justifying/explaining the results (Criterion 15). 

In a sense, these common capabilities could be considered as 

the minimum set of functions for an inexact reasoning 

system. In fact, forward/backward reasoning and 

justification/explanation can be found in almost every 

expert or knowledge-based system [Davis, 1982; Martin and 

Oxman, 1988]. 

However, there are also some capabilities that do not 

exist in any of the selected systems. Those are the 

Criterion 4 (non-monotonic reasoning), Criterion 7 

(reasoning on the consistency/completeness of the knowledge 

base), and Criterion 14 (handling inconsistent/conflicting 

information). These are known to be very difficult to 

implement in a reasoning system although they are studied 

theoretically very much [Doyle, 1979; Doyle, 1983; Elcock, 

1983] . 

Most noticeable differences between CIROS and the other 

systems are the following capabilities: 

• ^ 
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1. Learning; 

2. Handling the missing input information; 

3. Finding the missing but important information; 

4. Time-efficient computation. 

Learning is a very unique capability of GIROS. This 

cannot be found in the other systems under comparison. In 

fact, it is very difficult to find Al systems for business 

application that have a learning capability. However, 

learning is very desirable for managerial problem diagnosis 

because of the nature of the problem domain (complex, ill-

structured, imperfect information and knowledge, gradual 

change of the expertise, and so forth). 

Among the various types of information imperfection, 

handling the missing information and finding the missing but 

important information are not very common functions. Both 

CIROS and INFERENCE MANAGER can handle that type of 

information imperfection, although the underlying mechanisms 

are quite different. However, in both systems, the final 

source of the missing (but important) information is the 

user (or expert). 

Among the various evaluation criteria, the time 

efficiency is the single most important Criterion22 because 

solutions for the problems in inexact reasoning environments 

22Except the accuracy criterion. However, accuracy out 
of question in this evaluation for the reasons discussed 
earlier. 
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typically require a very large amount of computation 

[Darwish and Jain, 1986; Henkind and Harrison, 1988]. For 

the selected systems, the worst case time complexity was 

obtained for the computation of certainty numbers. Both 

INFERENCE MANAGER and REVEAL have an exponential time 

complexity. On the other hand, both GIROS and PROSPECTOR 

have an efficient (polynomial) time complexity. 

However, the efficiency of the two systems are based on 

different underlying structures and assumptions. In general 

Bayesian models, the worst-case time complexity is known as 

0(2"*'*"") for the probability updating problem with m diseases 

and n evidences, which is exponential.2 3 However, 

PROSPECTOR can get the efficiency by assuming the n 

evidences are independent each other, which is a very 

arguable assumption in the real world [Waterman and Hayes-

Roth, 1983]. If the independence assumption is made, the 

time complexity of PROSPECTOR becomes 0(mn), which is 

efficient. On the other hand, the efficiency of CIROS comes 

from its reorganized knowledge structure, which is layered, 

hierarchical. Its time complexity is 

0((Max[n,Ni,N2,...,m])L-*"^) , 

as shown in (5.1). If the independence (of evidences) 

assumption is true, PROSPECTOR looks more efficient. 

23For a detailed discussion, see Henkind and Harrison 
[1988] . 
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However, the assumption is very doubtable in the real 

world. 

The time complexity of computation has a significant 

implication when the development of a fully complete system 

is attempted for real, large-scale problems because a fast 

computation is critical for solving these problems. 

In conclusion, as can be seen by comparing the four 

evaluation charts (Figure 5.3 through Figure 5.6), CIROS has 

the most diverse functional capabilities for inexact 

reasoning tasks. 

5.4 Summary 

In this chapter, the implementation and evaluation of 

CIROS was described. Although the result of the evaluation 

does not seem to be complete, it is believed that the 

comparative evaluation scheme achieves the original 

objectives for the design of the prototype inexact reasoning 

system (as was discussed in section 1.3). 

From the analysis of the comparison results, it can be 

safely concluded that 

1. CIROS is more robust than the other systems in the 

sense that it has more inexact reasoning functional 

capabilities for handling more diverse situations involving 

information imperfection in the problem domain; and 

2. CIROS is an efficient reasoning system that could 

perform fast computations even for a large problems. 



CHAPTER VI 

SUMMARY AND CONCLUSIONS 

6.1 A Summary 

Many decision problems encountered in personal or 

organizational decision-making are ill-structured in the 

sense that there are no known deterministic ways to solve 

those problems. Humans' decision-making becomes much more 

complicated when these problems arise in less-than-perfect 

situations—situations with information imperfection. 

Sometimes, humans cope with these situations quite 

successfully. Most of time, however, their decision quality 

degrades severely because of the limitation of their 

reasoning capabilities. There has been a great effort to 

overcome the human's "bounded rationality." Promoted by 

advances in modern computing technology, intelligent 

decision aid systems have come out as a solution to cure 

that problem. The core of such decision aid systems is an 

inexact reasoning system. 

The purpose of this research was to design a robust and 

efficient reasoning system that can handle the problems with 

information imperfection effectively. The problem domain of 

focus was managerial problem diagnosis at a strategic 

decision level. The fundamental focus of the research was 

whether the new inexact reasoning architecture can aid 

209 
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managers to diagnose their problems in a more robust and 

efficient way than existing, state-of-the-technology inexact 

reasoning architectures. 

The task of designing a robust and efficient inexact 

reasoning architecture was performed by synthesizing the 

knowledge in two major fields of modern computing 

technology: the representation of imperfect knowledge and 

information, and the connectionist computational 

architectures. Before undertaking an actual design, a 

thorough review on the literature of both fields was done. 

The main concerns were the nature and categories of 

information imperfection, leading to a taxonomy on it, 

different schemes for representing imperfect knowledge and 

information, and the characteristics of the connectionist 

computational architectures that distinguish them from more 

conventional computational approaches. 

Design of the inexact reasoning architecture, named as 

CIROS, was started by identifying a set of functional 

requirements for that. This was followed by derivation of a 

set of design principles for GIROS, mainly by synthesizing 

the knowledge and principles of the two fields that were 

studied previously by the literature review. Then, a 

detailed design process was performed by devising a series 

of algorithms for the functional fulfillments of CIROS. 

A scenario of using CIROS was demonstrated for a 

hypothetical, but carefully designed to be close to real. 

• ^ \ 
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situation. The demonstration contributed to clear up the 

scope and functional boundary of CIROS. Also, it brought up 

the limitations and weaknesses of CIROS as well as its 

strengths. 

To accomplish the research purpose and to answer the 

research question, prototype system development was adopted 

as a base for the methodology of this research. However, 

the evaluation of CIROS was the most difficult task for the 

research. In fact, rigorous performance testing was not 

performed for reasons that ranged from the nature of the 

problem (where GIROS and other inexact reasoning systems are 

concerned) to the scope of CIROS itself. Instead, a check 

list of the functional capabilities of inexact reasoning 

systems was developed as a framework for the comparative 

evaluation of GIROS and the selected inexact reasoning 

systems. Then, a comparative evaluation was done based on 

the framework. 

In conclusion, can it be said that the research purpose 

was accomplished by the design of CIROS? CIROS was designed 

to fulfill the functional requirements identified for 

inexact reasoning architectures for managerial problem 

diagnosis. Therefore, the answer to the question is 

affirmative to the extent that the identified functional 

requirements satisfies and improves the robustness and 

efficiency of the inexact reasoning system. Because the 

functional requirements are broad enough to handle most 
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cases of information imperfection and most algorithms for 

the functions are efficient, it can be concluded that CIROS 

is a robust and efficient inexact reasoning system. 

Is CIROS more robust and efficient than other existing 

inexact reasoning architectures? The answer to this 

question seems positive. GIROS can handle more diverse 

types of information imperfection than the selected inexact 

reasoning systems. Also CIROS handles these diverse types 

of information imperfection in a more natural way, in the 

sense that it does not impose severe restrictions on human 

experts or users when they are interacting with the system. 

GIROS is an efficient reasoning architecture, while some 

other existing architectures are not. In particular, its 

computational efficiency and convenience comes from the 

knowledge structure it assumes (hierarchical, layered 

network structure). 

6.2 Contributions of the Research 

The primary contribution of this research is that it 

provides principles of design for an inexact reasoning 

system for managerial problem diagnosis so that it is robust 

and efficient. The design principles were derived by 

synthesizing the knowledge and principles of the two 

contemporary computing fields: expert systems/knowledge 

representation and the connectionist computational 

architectures. Although there are many inexact reasoning 
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architectures whose design principles are (solely) based on 

more traditional Al and expert systems technologies (such as 

rule-based inexact reasoning systems), it is believed that 

the design of GIROS is the first attempt to utilize and 

synthesize these two fields of computing technologies for 

managerial problem-solving. 

The synthesis of the two computing technologies is 

significant in the following sense. 

1. In the real world, most managerial decision problems 

are very complex and ill-structured. And these problems 

become more complicated if they are associated with 

information imperfection. The result is severe degradation 

of the quality of mangers' decision. 

Information imperfection in managerial decision-making 

is very diverse. For handling such diverse information 

imperfection, more conventional inexact reasoning systems 

such as rule-based systems are not very effective because 

they are based on declarative, explicit representation of 

(imperfect) information and knowledge. On the other hand, 

the knowledge representation in CIROS does not need to be 

declarative. The imperfection and inexactness are merged 

into the knowledge structure and inferencing is performed on 

the knowledge structure in a procedural (non-declarative) 

manner. 

2. More conventional inexact reasoning systems such as 

rule-based inexact reasoning systems do not attempt to 
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organize the knowledge base. In contrast, CIROS performs 

restructuring of the knowledge base (knowledge network) as 

its first stage of operation. An important implication of 

this is that as the size of the knowledge base becomes 

larger, the reasoning of the rule-based systems on their 

knowledge base becomes unwieldy. The result of this may be 

a severe degradation of the performance of the systems. 

On the other hand, CIROS reorganize the knowledge 

structure into a hierarchical, layered form. The 

hierarchical, layered structure seems very natural to 

humans, and it is known to be very efficient for computation 

[Warfield, 1974; Tsichritzis and Lochovsky, 1982]. 

An implication of the reorganized knowledge structure 

for managerial decision-making is that CIROS can be very 

effective for aiding human managers to understand and solve 

the managerial decision problems in the real world that are 

typically very complex. 

3. The hierarchical, layered architecture of GIROS 

makes the formulation of justification/explanation for 

connectionist models straight forward, as suggested in 

subsection 3.3.2.4. One of the biggest criticisms levied 

against the connectionist models is the absence of a 

justification/explanation mechanism. The GIROS architecture 

obviates that criticism. 

4. The use of certainty factors in conjunction with a 

connectionist architecture has not, to the author's 
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knowledge, appeared by this time. It is believed that CIROS 

is the first inexact reasoning architecture that combines 

certainty factors, which have traditionally been adopted in 

rule-based reasoning systems, and the connectionist 

computational architecture, which enables GIROS to represent 

the certainty numbers in a non-declarative way and to make 

the computation of them hidden. This implies that the human 

users (or experts) do not have to be bothered to determine 

and provide precise (or exact) certainty numbers, which are 

very imprecise in human minds. 

5. Although it is frequently pointed out that learning 

capability is very much desirable in managerial decision aid 

systems, there are, to the author's knowledge, very few 

systems with that capability (particularly, decision aid 

systems for strategic management decision-making). This 

research suggests a learning architecture that is suitable 

to the knowledge structure for managerial problem diagnosis. 

In other words, when the knowledge network derived from 

learning phase differs significantly from the user's belief 

structure, the user is challenged to reevaluate and 

reconcile his/her own belief structure in relation to the 

learned knowledge structure of CIROS. This reconciliation 

may result in additional learning experiments applied to the 

knowledge network. Ultimately, improvements to the user's 

own belief structure will accrue as a learning effect on the 

user. 
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6' 3 Limitations and Future Research 

Although CIROS was developed to aid human decisions with 

a number of unique functional characteristics, it is by no 

means a perfect system that is without any limitation and 

possible improvements. 

The limitations of CIROS can be considered in two 

aspects. One is to view the limitations of GIROS at the 

methodological level, which is more fundamental than the 

other one. The other one is to look at its limitations from 

the viewpoint of its functional capabilities. The 

limitations from the methodological viewpoint are as 

follows. 

First, CIROS is not a complete expert or decision 

support system that consists of a whole range of components, 

say, from a data dictionary to a sophisticated user 

interface. CIROS was developed aiming at functioning as a 

reasoning component that is necessary for an intelligent 

decision aid system. The quality and functionality of a 

decision aid system will be determined not by a sole 

reasoning component of it but by a holistic structure of all 

components. Therefore, CIROS, as a separate system, is 

inherently limited in its functional boundary. 

Second, GIROS is not a fully developed system, but a 

prototype system. As a prototype system, it possesses only 

a limited range of functional capabilities, limited to the 

minimal requirements of its functionality. Consequently, 

• ^ 
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there exists much room for arguing the necessity and 

sufficiency of the functionality of CIROS and other inexact 

reasoning systems. 

Third, the testing and performance evaluation could not 

be done in a real world situation. Although there are 

significant reasons for that, the adoption and use of CIROS 

for problem-solving in the real world would be limited by 

this fact. 

In addition to these methodological limitations, there 

are a number of functional limitations in CIROS. These 

functional limitations were already discussed in the 

previous chapter. However, they are presented once more as 

a summarization. 

First, CIROS could not handle with some types of 

imperfect information. As reviewed in chapter 2, there are 

a variety of types of imperfect information. Among these, 

CIROS cannot handle information from multiple sources, for 

example, input data from different sources, or different 

knowledge structures from different experts. Frequently, 

this type of information contains contradictory elements in 

it. For this type of information, the reasoning system 

should be able to recognize possible contradictions and 

resolve them. Also, CIROS cannot handle "exact 

probabilities" because GIROS was not designed to handle 

mathematical probabilities. 
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Second, GIROS is not really processing information at 

the "token" or "instance" level. In other words, all input 

data to GIROS should be prepared to be input at the "type" 

level, i.e., they must be input as values of "(input) 

variables." This is the most important difference between 

CIROS, which is designed to work at a highly abstract level 

of psychological perception, and the usual neural networks 

systems, which are mostly for a low level of psychological 

perception (like image processing). 

Finally, and most importantly for practical 

applications, GIROS cannot expand its knowledge structure 

(which corresponds the knowledge-base component of more 

conventional expert systems), although it can reorganize 

human expertise within the boundary of the expertise. In 

concrete terms, expandability of the knowledge structure in 

CIROS means its ability to accommodate more variables and 

reorganize the whole knowledge structure. This is yet 

another area of possible improvement for CIROS. 

X 
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******** G I R O S M A I N M E N U ******** 
* -<-

* V: 
* P: 
* F: 
* B: 
* A: 
* J: 
* K: 
* D: 
* Q: 
* 

Variables List * 
Finding Symptom-Cause Pairs * 
Computation of Certainty Factors * 
Back-propagation Learning * 
Computation of Composite Absolute Matrix * 
Justification/Explanation * 
Knowledge Network Structuring * 
Data Display * 
Quit * 

* 

* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * 

Enter a letter: 

Figure A.l A Display of GIROS Main Menu 
Among the choices, each of the items J, K, and D has its own 
(sub)menu. K includes Detecting Cycles, Structuring PLN, and 
Structuring CLN, and so forth. D includes Displaying various 
data and information (weight matrices, input vectors, output 
vectors, etc). 
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B.1 Finding svmptom-cause pairs 

Based on the knowledge network structure in Figure 4.7, 

the depth-first search (DFS) algorithm of CIROS finds out 

the following symptom-cause pairs. The step-by-step process 

is presented below. Each symptom-cause path constitutes a 

(single) line of reasoning for the symptom-cause pair. 

1. Net Profit (-1) -> Sales Cost (+1) -> Advertising 
Cost 

2. Net Profit (+1) -> Sales Revenue (+1) -> Sales 
Price 

3. Net Profit (+1) -> Sales Revenue (+1) -> Sales 
Volume (+1) -> Demand (+1) -> Economic Conditions 

4. Net Profit (+1) -> Sales Revenue (+1) -> Sales 
Volume (+1) -> Demand (-1) -> Sales Price 

5. Net Profit (+i) -> Sales Revenue (+1) -> Sales 
Volume (+1) -> Demand (+1) -> Market Share (-1) -> 
Sales Price 

6. Net Profit (+1) -> Sales Revenue (+1) -> Sales 
Volume (+1) -> Demand (+1) -> Market Share (+1) -> 
Advertising Cost 

7. Net Profit (+1) -> Sales Revenue (+1) -> Sales 
Volume (+1) -> Demand (+1) -> Market Share (+1) -> 
Production Capacity 

8. Net Profit (-1) -> Production Cost 
Control 

9. Net Profit (-1) -> Production Cost 
Rate 

10. Net Profit (-1) -> Production Cost 
Production Rate (+1) -> Demand (+1) 
Economic Conditions 

11. Net Profit (-1) -> Production Cost 
Production Rate (+1) -> Demand (-1) 

12. Net Profit (-1) -> Production Cost 
Production Rate (+1) -> Demand (+1) 
(-1) -> Sales Price 

13. Net Profit (-1) -> Production Cost 
Production Rate (+1) -> Demand (+1) 
(+1) -> Advertising Cost 

14. Net Profit (-1) -> Production Cost 
Production Rate (+1) -> Demand (+1) 
(+1) -> Production Capacity 

15. Net Profit (-1) -> Production Cost (-1) -> 
Production Rate (+1) -> Production Capacity 

16. Net Profit (-1) -> Production Cost (-1) -> 
Production Rate (+l)-> Work Force (+1) -> Wage Rate 

+1) -> Quality 

+1) -> Wage 

-1) -> 
- > 

-1) -> 
-> Sales Price 
-1) -> 
-> Market Share 

-1) -> 
-> Market Share 

-1) -> 
-> Market Share 

ravM^ N 



17. Turn-over Rate (+1) -> Economic Conditions 
18. Turn-over Rate (+1) -> Job Satisfaction (+1) -> 

Wage Rate 

19. Growth Rate (+1) -> Market Share (+1) -> 
Advertising Cost 

20. Growth Rate (+1) -> Market Share (+1) -> 
Sales Price 

21. Growth Rate (+1) -> Market Share (+i) -> 
Production Capacity 

22. Growth Rate (+1) -> Production Capacity 

B.2 Computation of Certainty Factors 

Weight Matrix for Layer 1 (Wj) 

1 0 . 0 0 . 0 1 . 0 0 . 0 0 . 0 
2 1 . 0 0 . 0 0 . 0 0 . 0 0 . 0 
3 0 . 0 1 . 0 0 . 0 0 . 0 0 . 0 
4 0 . 0 1 . 0 0 . 0 0 . 0 0 . 0 
5 0 . 0 0 . 0 0 . 0 1 . 0 0 . 0 
6 1 . 0 0 . 0 0 . 0 0 . 0 0 . 0 
7 0 . 0 0 . 0 1 . 0 0 . 0 0 . 0 
8 0 . 0 - 1 . 0 0 . 0 0 . 0 0 . 0 
9 0 . 0 0 . 0 0 . 0 1 . 0 0 . 0 

10 0 . 0 0 . 0 0 . 0 0 . 0 1 . 0 

W e i g h t M a t r i x f o r L a y e r 2 (W2) 

i 2 3 4 5 6 7 8 9 10 

1 
2 
3 
4 
5 
6 
7 
8 
9 

10 
1 1 
12 
13 

1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 

- 1 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
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Weight Matrix for Layer 3 (W3) 

1 2 3 4 5 6 7 8 10 

1 
2 
3 
4 
5 
6 
7 
8 
9 

1 0 
1 1 
1 2 
1 3 
1 4 

1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

11 12 13 

1 
2 
3 
4 
5 
6 
7 
8 
9 

1 0 
1 1 
1 2 
1 3 
1 4 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 

— ̂— 
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1 2 3 4 5 6 7 8 10 
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1 
2 
3 
4 
5 
6 
7 
8 
9 

10 
11 
12 
13 
14 

1.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 

0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 

0.0 
1.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 

0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 

-1.0 
0.0 
0.0 
0.0 
0.0 

0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 

0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 

0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 

0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 

0.0 
0.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 

0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 

-1.0 
0.0 

11 12 13 14 

1 
2 
3 
4 
5 
6 
7 
8 
9 

10 
11 
12 
13 
14 

1 
2 
3 
4 
5 
6 

0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
1.0 
0.0 

0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
0.0 
0.0 

0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
1.0 

Weight Matrix 

1 

1.0 
0.0 
0.0 
0.0 
0.0 
0.0 

2 

1.0 
0.0 
0.0 
0.0 
0.0 
0.0 

3 

0.0 
-1.0 
0.0 
0.0 
0.0 
0.0 

0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 

for Layer 

4 5 

0.0 0.0 
1.0 -1.0 
0.0 0.0 
0.0 0.0 
0.0 0.0 
0.0 0.0 

5JJi5l 

6 

0.0 
0.0 
0.0 
0.0 
1.0 
0.0 

7 

0.0 
0.0 
0.0 
1.0 
0.0 
0.0 

8 

0.0 
0.0 
0.0 
1.0 
0.0 
0.0 

9 

0.0 
0.0 
0.0 
0.0 
0.0 
1.0 

10 

0.0 
0.0 
1.0 
0.0 
0.0 
0.0 

w-sAJ^ • 
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11 12 13 14 

1 
2 
3 
4 
5 
6 

0.0 
1 
1 
1 
0 
0 

0 
0 
0 
0 
0 

0.0 
0.0 
0.0 
0.0 
1.0 
0.0 

0 
0 
0 
0 

0 
0 
0 
0 

0.0 
1.0 

0.0 
0.0 
0.0 
0.0 
0.0 
1.0 

Input Vector yg 

Yo = 0.0 
0.5 

-0.5 
-1.0 
0.0 

C o m p u t a t i o n of L a y e r 1 A c t i v a t i o n V e c t o r Xj 

•0 .5000 
0 . 0 0 0 0 
0 . 5 0 0 0 
0 . 5 0 0 0 
•1 .0000 
0 . 0 0 0 0 

•0 .5000 
•0 .5000 
•1 .0000 
0 . 0 0 0 0 

= Wi-yo 

C o m p u t a t i o n of L a y e r 1 O u t p u t V e c t o r Vi 

Yl = • 0 . 4 6 2 1 
0 . 0 0 0 0 
0 . 4 6 2 1 
0 . 4 6 2 1 
0 . 7 6 1 6 
0 . 0 0 0 0 
• 0 . 4 6 2 1 
0 . 4 6 2 1 
•0 .7616 
0 . 0 0 0 0 

= t a i i h ( X i ) 

/^ 
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Computation of Layer 2 Activation Vector xo 

^2 = • 0 . 4 6 2 1 
0 . 4 6 2 1 

0000 
4621 
4 6 2 1 
4621 
7616 
4621 

• 0 . 4 6 2 1 
•0 .7616 
0 . 0 0 0 0 

• 0 . 4 6 2 1 
0 . 0 0 0 0 

0 
0 
0 
0 
•0 
•0 

= W2.yi 

Computation of Layer 2 Output Vector V2 

y2 = •0.4318 
0.4318 
0.0000 
0.4318 
0.4318 
0.4318 

6420 
4318 
4318 
6420 
0000 
4318 
0000 

•0 
•0 
•0 
•0 
0 

•0 
0 

= tanh(X2) 

Computation of Layer 3 A c t i v a t i o n Vector X3 

X3 = 0. 
0. 
0. 
0. 
0. 
0. 
0. 
0, 
0. 
0. 
0 
0 
0 
0 

4318 
0000 
8636 
4318 
4318 
6420 
.6420 
.4318 
.4318 
.4318 
.0000 
.4318 
.4318 
.0000 

= W3.y2 

^ ^ s ^ 



243 

Computation of Laver 3 Output Vector V3 

y3 = •0 
0 
0 
0 
0 

•0 
•0 
0 

•0 
•0 
0 

•0 
0 
0 

4068 
0000 
6981 
4068 
4068 
5663 
5663 
4068 
4068 
4068 
0000 
4068 
4068 
0000 

= tanh(X3) 

Computation of Layer 4 Activation Vector X4 

X4 = 0. 
0, 
0. 
0. 
0, 
0. 
0. 
0, 
0. 
0, 
0. 
0, 
0. 
0. 

4068 
6981 
0000 
4068 
6981 
4068 
5663 
4068 
4068 
4068 
1318 
0000 
4068 
4068 

= W4.y3 

Computation of Layer 4 Output Vector V4 

y4 = 0.3858 
0.6032 
0.0000 

3858 
6032 
3858 
5126 
3858 
3858 
3858 
1310 
0000 
3858 
3858 

= tanh(X4) 

/^ 
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Computation of Laver 5 Activation Vector X5 

X5 = •0 
1 
•0 
•1 
0 

1824 
0728 
3778 
9156 
5126 

-0.5126 

= W5.y4 

Computation of Layer 5 Output Vector V5 

y5 = -0.1804 
0.7905 

-0.3608 
-0.9576 
0.4720 

-0.4720 

= tcinh (X5) 

B.3 Computation of Composite Absolute Weight Matrix 

Absolute Weight Matrix for Layer 1 (|Wi|) 

1 
2 
3 
4 
5 
6 
7 
8 
9 

10 

0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
1 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 

1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
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A b s o l u t e W e i g h t M a t r i x f o r L a v e r 2 f | W 2 | ) 

1 2 3 4 5 6 7 8 9 10 

1 
2 
3 
4 
5 
6 
7 
8 
9 

10 
11 
12 
13 

1.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 

Abso 

0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 

lute 

0.0 
1.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 

0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 

0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 

Weight Matrix f 

0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 

0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
0.0 
0.0 

or Layer 3 

0.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
1.0 
0.0 

_LlW3 

0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 

u 

0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
1.0 

1 2 3 4 5 6 7 8 9 10 

1 
2 
3 
4 
5 
6 
7 
8 
9 

10 
11 
12 
13 
14 

1 
2 
3 
4 
5 
6 
7 
8 
9 

10 
11 
12 
13 
14 

1.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 

11 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
1.0 

0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 

12 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 

— — ^ 

0.0 
1.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 

13 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 

0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 

0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
0.0 
1.0 
0.0 

0.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 

0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 

0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
0.0 

0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
0.0 
0.0 

0.0 
0.0 
0.0 
0.0 
0.0 
1.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
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Absolute Weight Matrix for Laver 4 f|w^|) 

1 2 3 4 5 6 7 8 10 

1 
2 
3 
4 
5 
6 
7 
8 
9 

1 0 
1 1 
1 2 
1 3 
1 4 

1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
1 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 

11 12 13 14 

1 
2 
3 
4 
5 
6 
7 
8 
9 

1 0 
1 1 
1 2 
1 3 
1 4 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 

Absolute Weight Matrix for Layer 5 (IW5I) 

8 10 

1 
2 
3 
4 
5 
6 

1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 

0 . 0 
0 . 0 
1 . 0 
0 . 0 
0 . 0 
0 . 0 
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11 12 13 14 

1 
2 
3 
4 
5 
6 

0.0 
1.0 
1.0 
1.0 
0.0 
0.0 

0 
0 
0 
0 
1 
0 

0 
0 
0 
0 
0 
0 

0 
0 
0 
0 
0 
1 

0 
0 
0 
0 
0 
0 

0.0 
0.0 
0.0 
0.0 
0.0 
1.0 

Computation of Composite Absolute Weight Matrix 

c = 

1 
2 
3 
4 
5 
6 

| W 5 | -

1 

0 . 0 
1 . 0 
0 . 0 
0 . 0 
1 . 0 
0 . 0 

| W 4 h l 

2 

2 . 0 
5 . 0 
3 . 0 
3 . 0 
1 . 0 
2 . 0 

W 3 h | W 2 

3 

1 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 

l - I W i l 

4 

0 . 0 
1 . 0 
1 . 0 
2 . 0 
0 . 0 
0 . 0 

= 

5 

0 . 0 
0 . 0 
0 . 0 
0 . 0 
0 . 0 
1 . 0 

Ui = 2.0 16.0 2.0 4.0 1 • • ] 
(Ui = Importance vector for the input-layer) 

^ • ^ 
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BACK-PROPAGATION LEARNING 
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The assumed knowledge network is given in the following 

figure. 

Dummy 

(Yll) 

1 

Economic 
Conditions 
(Y21) 

1 1 

Turn-over 
Rate 
(Yoi) 

Dummy 

(Y12) 

1 

Sales 
Price 
(Y22) 

-1 

Demand 

(Y02) 

Market 
Share 
(Y13) 

1 1 

Growth 
Rate 
(Y03) 

Figure C.l A Managerial Knowledge Network 
for Back-propagation Learning 

^ 



Input data 

250 

Input vector yg = 1.0 
1.0 
0.5 

Target vector z = 0.9 
-0.9 

Layer 1 weight matrix (Wi) 1.0 0.0 0.0 
0.0 1.0 0.0 
0.0 1.0 1.0 

Layer 2 weight matrix(W2) 1.0 1.0 0.0 
0.0 0.0 -1.0 

Phase 1 computational output 

Layer 1 activation vector Xi 1.0000 
1.0000 
1.5000 

Layer 1 output vector Yl = 0.7616 
0.7616 
0.9051 

Layer 2 activation vector X2 = 1.5232 
•0.9051 

Layer 2 output vector Y2 = 0.9093 
-0.7188 



P h a s e 2 c o m p u t a t i o n a l o u t p u t 

251 

E r r o r v e c t o r - 0 . 0 0 9 3 
- 0 . 1 8 1 2 

I n c r e m e n t w e i g h t m a t r i x <SW2 = •0.0029 
•0.0959 

•0.0029 
0 .0959 

0 .0035 
•0.1140 

Upda ted w e i g h t m a t r i x U- 0 .9971 
•0.0959 

0 . 9 9 7 1 
•0.0959 

0 .0035 
•1.1140 

I n c r e m e n t w e i g h t m a t r i x (SWi = •0.0025 
•0.0025 
0 .0536 

•0.0025 
•0.0025 
0 .0536 

•0.0013 
•0.0013 
0 .0268 

Updated weight matrix U i 0.9975 
•0.0025 
0 .0536 

•0.0025 
0 .9975 
1.0536 

•0.0013 
•0.0013 
1.0268 

^ 1 ^ 


