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ABSTRACT 

Over the past decade, two types of decision aids, 

i.e., decision support systems (DSS) and expert systems 

(ES), have been developed along parallel paths, showing some 

significant differences in their software architectures, 

capabilities, limitations, and other characteristics. The 

synergy of DSS and ES, however, has great potential for 

helping make possible a generalized approach to developing a 

decision aid that is powerful. intelligent, and friendly. 

This research establishes a framework for such 

decision aids in order to determine the elementary 

components and their interactions. Based on this framework, 

a generalized intelligent problem solving system (GIPSS) is 

developed as a decision aid generator. A relational model 

is designed to provide a unified logical view of each type 

of knowledge including factual data, modeling knowledge, and 

heuristic rules. In this knowledge model. a currently 

existing relational DBMS, with some extension. is utilized 

to manage each type of knowledge. For this purpose a 

relational resolution inference mechanism has been devised. 

A prototype GIPSS has been developed based on this 

frame\'lork. Two domain specific decision aids. COCOMO which 

estimates software development effort and cost, and CAPO 

xii 



xiii 

which finds optimal process organization, have been 

implemented by using the GIPSS as a decision aid generator, 

demonstrating such features as its dynamic modeling 

capabilities and learning capabilities. 



CHAPTER 1 

INTRODUCTION 

The use of computers in business has evolved from 

transaction-oriented data processing systems to 

report-oriented information management systems and, finally, 

to interactive Decision Support Systems (DSS). The 

knowledge-based approach to DSS implementation currently is 

the focus of much research. 

The concepts involved in DSS were first articulated 

in the early 1970s by Michael S. Scott Morton [1971] under 

the term "Management Decision Systems," and DSS has emerged 

since then as a topic of great interest to both researchers 

and business managers. While DSS can be viewed from many 

different perspectives, many researchers have agreed upon a 

number of basic functions and characteristics [Keen, 1981 

Alter, 1980 ; Sprague, 1980]. 

1.1 Characteristics of DSS 

"Characteristics" seem to offer the most promising 

approach to understanding a DSS and its potential, since the 

definitions found in literatures are too restrictive or too 

1 
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broad. At least three characteristics have been mentioned 

frequently as being essential. 

First, DSS tend to be 

unstructured. underspecified 

managers typically face. 

aimed at the 

problems that 

In contrast, 

relatively 

upper level 

transaction 

processing systems are used primarily at the operational 

control level to record and process the larg8 volume of data 

generated by the day-to-day business transactions, and 

information management systems are used primarily by 

middle-level management to support functions such as budget 

preparation and control. 

Second, DSS require the simultaneous management of 

data, models. and dialogs [Sprague and Carlson, 1982]. DSS 

should combine the use of models or analytic techniques with 

traditional data access and retrieval functions. providing 

the user with a flexible and easy-to-use language system for 

manipulating data and models in an interactive mode. 

Third, DSS emphasize flexibility and adaptability to 

provide users with frequent, rapid feedback to ensure that 

development is proceeding correctly, and to accommodate 

changes in the decision environment. 

1.2 Features of the Current DSS 

Many of the DSS that were developed in the last 

decade may be termed domain-specific DSS. in the sense that 
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they are designed to solve a specific class of problems; 

e.g., Portfolio Management System [Keen and Morton, 1978], 

Analytical Information Management System [Klaas, 1977], 

Interactive Financial Planning System [Execuco',n Systems 

Corp., 1983], Capacity Information Systems [Keen "nd Morton, 

1978], etc. The modeling capabilities incorporated into the 

current DSS are relatively static and require DSS users to 

give a procedural specification of how the model is 

constructed or to invoke a predefined model by name. 

In static modeling, the modeling knowledge and the 

modules used by the DSS are normally represented 

procedurally and embedded in the system's software. Typical 

of this design approach is the Operation Research / 

Management Science (OR/MS) software package now available. 

Embedding knowledge about modeling for a specific 

application area in the system's software itself results in 

a considerable degree of inflexibility in terms of the 

modeling, however. That is, the system's software has to be 

changed whenever modeling knowledge and usage of models are 

changed to accommodate different application areas or 

changes in the decision-making environment. Another 

disadvantage of the approach is excessively large input data 

requirements [Naylor and Schanland, 1976]. 

In addition, many current DSS exhibit only a 

relatively low level of "intelligence," in the sense that 
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they are rather limited in th~ir capabilities such as (1) 

interf~ce with the user, (2) problem recognition and 

analysis, (3) knowledge repre~entation, (4) effective use of 

models and automatic (dyn~mic) model formulation, (5) 

execution of the model interf~cing wi~h the corporate data 

base, (6) inference for qua~Litative ,judgment, (7) learning 

from previous problem-solving experiences, (8) explanation 

of the system's reasoning process as well as the results. 

1.3 Desirable Featvres of a Future DSS 

A trend toward design~ng more I sophisticated DSS has 

recently emerged to overcome the shortcomings of the current 

DSS. It emphasizes the follo~ing fea~ures. 

1.3.1 Generality 

DSS are needed to be ItJenerali2:ed and flexible, in 

terms of domain independenc~ and model independence. This 

generic approach to DSS wil~ lead ,to the design of a 

generalized DSS software, o~ a DSS generator, from which a 

domain-specific DSS can be bu;ilt quicJtly and easily. 

The flexibility affprded b~r this approach is 

significant from the standpoint oE the previously cited 

shortcomings of the tradition~l DSS. IThe main benefits of 

this approach are: (1) the software can be transferred to 



many domains without having 

domain-specific DSS can be 
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to change its code, (2) 

built from the software very 

quickly and easily since it may be used as a software tool 

to manage modeling knowledge, dialog as well as data {3) new 

modules and modeling knowledge can be added to the system 

and existing modules and modeling knowledge may be updated 

and modified without modifying the software. 

1.3.2 Intelligence 

The surge of the recent interest in Artificial 

Intelligence (AI) and Expert Systems (ES) is changing the 

way people think about solving a vast array of different 

kinds of problems. This type of research may have an impact 

on DSS implementation. The result is that DSS should be 

intelligent to support the decision maker in a manner 

similar to that of a human decision analyst. The 

intelligent DSS will (1) comprehend the user's problem and 

associate it with a solution approach, (2) select or 

dynamically build a solution model from scratch based on the 

variable attributes instantiated by the user and the 

previous problem-solving experiences, (3) interface 

appropriate data with this model, (4) execute the model to 

produce some facts or expectations about the problem under 

consideration, (5) memorize the lessons learned, and (6) 

explain the underlying reasoning process if necessary. That 



6 

is to say, an intelligent DSS could be comparable to a 

knowledge-based ES in terms of their functions. 

The dynamic modeling capabilities mentioned above 

will promote the usage of modules or subroutines which 

already have been developed. This concept is in accord with 

that of model management systems in which models (modules) 

are viewed as valuable resources to be managed 

systematically by the organization so that models can be 

shared by many applications to reduce redundancy and 

developing costs [Dolk and Konsynski, 1984]. 

1.3.3 Powerfulness 

Many managerial decision problems in the real world 

require quantitative calculation and/or qualitative judgment 

inference [Hart, 1982]. 

If the problems in a particular domain need 

analytical mathematics models we can construct a modeling 

knowledge base which contains OR/MS analysts' model-building 

knowledge. On the other hand. if the problem is so 

complicated that no analytical model exists, we can build a 

heuristic rule base by articulating domain experts' 

knowledge. In some decision situation, these two kinds of 

knowledge base will be under the control of a DSS so that 

they can be interfaced with each other in order to solve the 

problems which need both kinds of knowledge. 
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1.3.4 Friendliness 

Since DSS are used by decision makers, who are 

discretionary users, an easy-to-use dialog is desired to 

facilitate user-system interaction. Even if a DSS provides 

extremely powerful functions, it may not be used if the 

dialog is unacceptable. 

1.4 Main Concerns on This Research 

Among the current DSS, no system is viewed to have 

all these features: generality, powerfulness, intelligence, 

and friendliness. The development of a DSS which does have 

these features is 

accomplished simply 

a complicated task, and 

by patching together a 

cannot 

group 

be 

of 

stand-alone software components. Neither should it be just 

an extension of another software package by adding some 

desirable DSS features. The emergence over the last few 

years of practically usable AI techniques and ES concepts 

presents new challenges for DSS implementation. DSS and ES 

concepts are to be integrated into a single framework to 

realize the desirable features of a future DSS. The systems 

which will be developed based on the framework are, from 

this point on, called Decision Aids (DA) to be distinguished 

from the tradi tional DSS and ES. 'J:'he J{ey factors and main 

concerns in developing such systems are as follows. 
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1) Conceptual Framework of DA: The first step is 

to determine the elementary components, and how the 

components interact and fit together. That is, a conceptual 

framework for DA must be developed. Two Inain building 

blocks, knowledge system, and generalized intelligent 

problem-solving system, will be identified. 

2) Knowledge System: The issues of concern with 

respect to the knowledge system are: 

a) What is the knowledge in a DA environment? 

What are the kinds and types of knowledge 

needed? 

b) How to represent knowledge to provide consis

tent user views of each knowledge? 

c) How to manage knowledge? This involves how 

to organize, store, retrieve, and update know-

ledge and is especially concerned 

it possible to link factual data 

with making 

which are 

data base with the stored in the corporate 

other knowledge. 

3) Inference Engine: What are the strategies that 

may be applied to the knowledge system of the DA in order to 

draw inferences and control the reasoning process. 

a) What inference mechanism is needed? 

b) ffilich control strategy, backward or forward 

chaining, is to be chosen? 
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c) Which searching method, depth-first or breadth

first searching, is desired? 

4) Dialog (Language) System The issues of concern 

a) What kind of dialog style is desired for the 

DA user to interface with the system, i.e., 

to express the user's queries and get the 

responses? 

b) Can the dialog system be generalized and to 

what extent? 

5) Problem-Solving System The main function of a 

DA is to produce information for the user. To do so, there 

must be an interfacing mechanism between knowledge 

representation in the KS and expression of the user queries 

in the dialog system. The system which has this function 

might be called the problem-solving system. 

a) How can the problem-solving system be general

izec so that it can be transferable to develop 

any domain-specific DA without changing its 

code. 

b) How can the problem-solving system be made 

intelligent so that it can formulate models 

dynamically, interface appropriate data with 

these models and reason some expectations 
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based on the expert rules which are stored in 

the KS? 

The goal of this research is to develop a paradigm 

for a Generalized Intelligent Problem-Solving System (GIPSS) 

which can be used effectively for design and development of 

a domain-specific DA. This paradigm is based upon the 

integration of concepts and tools from various fields, 

including data base management, artificial intelligence and 

OR/MS. Knowledge is expressed in predicate calculus form 

and the resultant axiom set is represented in the relational 

model just like data, and an existing relational DBMS is 

employed to implement a prototype GIPSS. 

The effectiveness of the paradigm will be 

demonstrated by two cases. One is COCOMO (COnstructive COst 

MOdel) suggeted by Boehm [1981] to estimate software cost; 

the other is CAPO (Computer Aided Process Organization) 

developed by Karimi [1982] to optimize process organization. 

These two domain-specific DA are implemented by using GIPSS 

with separated knowledge bases. 

Chapter 2 makes a comparison between traditional DSS 

and knowledge-based ES and then examines the efforts for 

integrating both systems. Chapter 3 develops a conceptual 

framework for the knowledge-based decision aids which have 

the desirable features discussed in this chapter. Chapter 4 
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discusses the knowledge representation schemes in AI and 

develops a relational model for knowledge representation. 

Chapter 5 discusses the inference strategies and develops 

the relational resolution which can be used to make 

inferences on the knowledge represented in the relational 

model. Chapter 6 describes some technical aspects of a 

prototype GIPSS such as dialog with the user, dynamic 

modeling, and learning capabilities. Chapter 7 provides two 

cases which are individually domain-specific DA implemented 

by using the GIPSS. Finally, Chapter 8 presents the 

conclusions of this research. 



CHAPTER 2 

LITERATURE SURVEY 

Over the past ten years, there have been rapid 

developments in two techniques aimed at improving decision 

making; decision support systems and expert systems [Ford, 

1985]. The fundamental goals of the DSS and the ES are 

basically the same: they seek to improve the quality of a 

decision. 

However, they differ in their objectives, 

development methodologies, overall architectures, etc. In 

this chapter the features of these two types of system are 

compared and previous efforts for integrating DSS and ES are 

surveyed as the background for developing a conceptual 

framework for future knowledge-based DA. 

2.1 Comparison of DSS and ES 

Decision making involves information processing that 

leads to final decisions. The information processing can be 

done by a human and/or computer. DSS were originally 

developed to reduce the burden of human information 

processing and to improve the quality of a final decision by 

12 
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providing correct information quickly. DSS incorporate some 

features found in the area of management information systems 

/computer science and of OR/MS, including data base 

management system and analytic/simulation models. 

The models developed in the field of OR/MS serve as 

tools for extending a decision maker's capacity for coping 

with complex, large-scale problems. Models have been 

applied primarily to well-structured problems. In fact one 

of the definitions of modeling activity is the conversion of 

ill-structured problems into well-structured problems. 

These problem-structuring techniques must be incorporated 

into DSS to solve unstructured or semi-structured problems. 

In addition to OR/MS, another information processing 

aid for decision makers has come from the field of 

management information systems/computer science. Called 

Data Base Management Systems (~~MS), it has furnished 

various means for storing and r~trieving data which serve as 

the raw materials for decision making. DBMS emphasize 

techniques for organizing data into a common data base, 

collapsing separate files into a single memory mechanism in 

which redundancy is eliminated (or at least reduced). The 

largest contribution of the DBMS has been in the reduction 

of program maintenance costs through the separation of 

application programs and data definition. 

Although various definitions have been suggested for 

DSS [Berger and Edelmen. 1977 ; Sprague, 1982b], there is 
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general agreement that the system must help the decision 

makers solve unstructured or semi-structured problems 

utilizing data and models. A review of the definitions also 

shows a widespread agreement that the system must possess an 

interactive dialog subsystem to state the problem that the 

system is to solve and to represent the results to the 

decision makers. 

An examination of currently existing DSS [Wang and 

Courtney, 

designed 

1984] shows that most of them are specifically 

for use in particular areas. Some are 

model-oriented while others are data-oriented; some provide 

flexible user languages for dialog with the system while 

others offer languages with strict command formats. 

The structure of a DSS can be described by 

identifying the major subsystems 

system. They are dialog, data, and 

shown in Figure 2.1. 

or components of 

model subsystems, 

the 

as 

Two major components of the dialog subsystem are a 

terminal device and a command language the decision makers 

employ to interact with the system. Today, a Cathode Ray 

Tubes (CRT), especially equipped with graphic and color 

capabilities, is a potent element in helping decision makers 

interact with the DSS. The command language allows the 

decision maker to gain access to and manipulate data and 

models in the DSS. 
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The data subsystem consists of data base and a 

software system, i.e., DBMS, for managing it. The 

comprehensive data base for decision support must draw data 

from several sources such as basic data processing 

activities, summarized or compressed abstracts of the 

organization's performance, budgets, plans, and other 

internal data. External data are also needed, particularly 

for decision support at upper managerial levels. Creation 

and maintenance of a common data base is the essence of data 

base management. 

Artificial intelligence is a discipline dedicated to 

the development of computer systems that exhibit intelligent 

behavior. One important area within AI is the development 

of a knowledge-based ES that serves as a consultant in a 

variety of problem domains [Lehner et al., 1985]. A number 

of ES have been developed to assist managers with complex 

planning and scheduling tasks [Martin, 1977], diagnose 

diseases [Shortliffe, 1976 Pople, 1983 ; Reggia, 1980], 

locate oil and mineral deposits [Duda and Gaschnig, 1979 

Davis et al., 1977a], configure complex computer hardware 

[King, 1981 Zeldin, 1984] , aid mechanics in 

troubleshooting locomotive problems [Brown et al., 1981], 

etc. 

An ES is an intelligent computer system which 

achieves good performance in a specialized problem domain 
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that generally requires specialized knowledge and skill 

[Susan, 1985] . A common framework used to describe the 

architecture of ES is sho\,ln in Figure 2.2. 
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Fig'..lre 2.2 Architecture of Knm.,rledge-Based ES 
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This contains two essential components: knowledge 

base, and inference engine. Knowledge base composed of 

facts about a particular domain, rules about the behavior of 

the elementn of the domain, and working memory to be used 

during the inference process. Inference engine is a 

computer program that uses facts and rules in order to infer 

new facts. In doing so, it is simulating the deductive 

thought of human experts. in addition to these components, 

an user interface subsystem, an explanation subsystem, and a 

knowledge acquisition subsystem might be added to the 

architecture. 

Although a formal theory for ES has yet to be 

developed, some generic characteristics and desirable 

features are addressed in the relevant literature [Ford, 

1985 ; Fisher, 1984 ; Gevater, 1983]. They include: 

1) Domain knowledge is separated from the software 

system that is in computer codes, and stored declaratively 

in some assertion language. This means that the knowledge 

incorporated into the ES is easily accessed by the users or 

knowledge engineers and, potentially, is more easily 

modified and extended. Actually this characteristic of an 

ES allows a prototyping (or incremental) approach to system 

development and provides flexibility to accommodate changes 

in the domain knowledge [Clifford et al., 1983; Lehner et 

al., 1985]. 
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2) ES employ heuristic problem solving; i.e., the 

resul ts or decisions are determined by rules of thum~) or 

intuitions instead of by optimization and formal reasontng. 

The tasks may have no algorithmic solutions, and infereNces 

often must be made on the basi s of incomplete or uncer1~ain 

information [Harmon and King, 1985]. 

3) The problem domains in most ES are well-defined and 

sufficiently narrowly bounded so that the succes~ful 

development of knowledge base can be feasible. A knowl~dge 

engineer [Feigenbaum, 1977] articulates the knowle~ige, 

principles, experiences, and heuristics used to solve the 

problems in the domain and translates them into the f~)rms 

required by the knowledge representation language so they 

can be stored in the knowledge base. 

4) Some ES have explanation capability; that is, it 

allows the user to ask how a conclusion is reached and 

examine the underlying lines of reasoning. For users to 

feel confident in a solution and, therefore, for ES to 9ain 

wide acceptance and use, this feature is essential. 

5) Learning capability is desirable. An ES could l~arn 

from problem-solving experiences so that subsequently the 

problem-solving effort can be reduced dramatically. For a 

ES to be able to learn from its own experiences, the new 
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knowledge learned has to be added to the knowledge base in 

the form of production rule. 

These features of the ES certainly are very 

attractive in business environments. But very few such 

systems are found in business settings. Applying the tools 

and techniques developed in the AI field to building and 

implementing DSS is a promising new direction for DSS 

research. 

2.2 Efforts for Integrating DSS and ES 

As has been stated, both DSS and ES have their own 

features and characteristics, including capabilities and 

limitations. Their goals, however, are the same: they seek 

to improve the quality of a decision. Based on this 

observation, there recently have been efforts for 

integrating DSS and ES. 

classified into t\l~O types: 

These efforts may be broadly 

I} Efforts focused on DSS 

These efforts have tried to develop a generalized 

DSS software (i.e., a DSS generator in Sprague's term) or a 

generalized model management system. 

2) Efforts focused on ES 

These efforts have tried to develop ES in a business 
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environment by linking them with the data base management 

function in MISjDSS. 

2.2.1 Efforts focused on DSS 

The need for a generalized DSS software has been 

suggested by several scholars, including Bonczek et al. 

[1981a] and Sprague [1982al. Wang and Courtney [1984] have 

extended Sprague's 

comprehensive model 

software. 

conceptual model 

for developing a 

to formulate a 

generalized DSS 

On the other hand, some researchers, including 

Konsynski [1982, 1983], Dutta and Basu [1984], Minch and 

Burns [1983] have focused on defining and developing 

generalized 

there are 

model management functions 

no differences between the 

in DSS. Indeed, 

approaches to 

developing a generalized DSS software and to developing a 

model management system, since the final goals and 

development methodologies of both approaches are basically 

the same: they are trying to generalize model management 

functions by utilizing AI techniques and DBMS concepts. 

Bonczek et al. have presented a basic skeleton of a 

methodology for automatic model formulation and utilization 

to reduce modeling inflexibility. 

generic description of a DSS 

They have provided a 

which has three main 

subsystems; a language system, a problem-processing system, 

and a knowledge system (Figure 2.3). 
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The language system is composed of all 
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the 

linguistic facilities made available to the decision maker 

by a DSS and may encompass either or both retrieval 

languages and computational languages. These authors have 

emphasized that a user's interface language can be so 

designed that the user is unavJare of whether he i she) is 

directing a retrieval or a modeling process. 

A knowledge system contains the body of knowledge 

about a problem domain within a DSS. It includes a 

collection of modules, relevant factual data for the 

modules, and formally stated modeling knowledge. As a 

formal language to state modeling knowledge, predicate 

calculus has been suggested. In this knowledge 

representation scheme, modeling knowledge is composed of 

\.,ell-formed formulas in the predicate calculus. 
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The problem-processing system mediates the user's 

problem, which has been stated in a formal language, with 

domain knowledge organized according to the knowledge 

representation scheme, to provide a solution to the user. 

The system converts the user's problem into a well-formed 

formula and then invokes the resolution technique which 

attempts to "unify" the formula with one or more formulas in 

the modeling knowledge base. A successful unification 

results in a series of data-base retrieval requests and 

model-procedure invocations which the system performs to 

satisfy the query. 

The generalized feature discussed in Chapter 1 has 

thus been achieved by separating the application-specific 

modeling knowledge from the problem-processing system so 

that the latter's code need not be changed in order to 

support decision makers in various application areas. ES 

concepts has been applied to separate modeling knowledge 

from the problem-processing system (like separation of 

heuristic rules from the inference engine in an ES), to 

represent the modeling knowledge, and to formulate a desired 

model for a problem at hand by employing resolution 

techniques. 

Sprague has presented a conceptual framework in 

which three levels of technology, i.e., specific DSS, DSS 

generator, and DSS tools, have been identified (Figure 2.4). 



o 

o 

Specific DSS 

o 
DSS Tools 

o 

DSS Generator 

! \ 
o 0 

24 

Figure 2.4 Framework of DSS -- Sprague and Carlson [1982] 

Specific DSS are the hardware/software that allow a 

decision maker to deal with a specific set of related 

problems. A DSS generator is a software package and related 

hard\.vare \vhich provide a set of capabi li ties to build a 

specific DSS quickly and easily. It might be viewed as a 



problem-processing system as 

description of DSS (Figure 2.3). 
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defined in the generic 

DSS tools are hardware or 

soft,.,are elements which facilitate the development of 

specific DSS or DSS generator. 

Sprague has suggested that the development and use 

of a DSS generator promises to create a platform or starting 

point from which specific DSS can be constantly developed 

and modified with the cooperation of the user, and without 

heavy consumption of time and effort. He has identified 

three main components of DSS as dialog subsystem, data 

subsystem, and model subsystem, and suggested interfaces 

among them. Although the desirable features and developing 

guides of each components are conceptually discussed, 

practical implementing methodologies are omitted. 

Wang et al. have formulated a more comprehensive 

conceptual model for developing generalized DSS software, 

based on the Sprague's model. Their model utilizes the 

concept of "macro" to extend the conventional meaning of 

model in a DSS environment. They have defined macros both 

as models (usually implying mathematical models) and as 

composite queries (a series of data retrieval/manipulation 

steps) in the context that they might be used repeatedly as 

patterns or a standard sequence of instructions. These 

macros, along with data, are stored in the knowledge base. 

Linking the relational data base and the use of 

macros as data handling and modeling patterns has actually 
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created a knowledge base. In addition, the relational model 

has provided a unified logical view of data and models as 

both having simple tabular structures. The unified logical 

structure has facilitated the integration of data and model 

management features 

software. However, 

in implementing generalized DSS 

system users must invoke a set of 

predefined macros sequentially to solve a problem at hand. 

In addition to these efforts, there have been 

efforts concentrated on model management. The concept of 

model management has been derived from the perspective that 

models, like data, are a valuable organizational resource 

and subsequently should be managed and controlled 

systematically by the organization. The primary purposes of 

a model management system are to make sharable a wide 

variety of models by many applications, and to reduce 

program maintenance cost through the separation of 

application programs and model definitions, while at the 

same time improving modeling flexibility by dynamic 

modeling. 

Dolk and Konsynski [1984] have proposed key 

attributes and characteristics a model management system 

must have. These might be summarized as: 

1) A model management system must be knowledge-based to 

provide a powerful, dynamic, and application-independent 

model management capability. 
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2) A model management system must be general enough to 

handle many different classes of models as well as to 

support multiple views of the same model. 

3) A model management system should be developed as 

much as possible as an analog of a DBMS to insure 

compatibility with existing DBMS. 

These attributes are generally accepted by many researchers 

in this field [Elam et al., 1980 ; Dutta and Basu, 1984 ; 

Hwang, 19851. 

Model abstraction structure, which might be a 

special instance of the frame construct in AI, has been 

introduced as a vehicle for model representation. The 

structure consists of a set of data objects, a set of 

procedures that access these objects, and a set of 

assertions which insure that these objects can be accessed 

only by the specified procedures in a complete and 

consistent fashion. 

~he main contribution of this approach might be to 

achieve a flexible and dynamic feature in the modeling. 

Aggregate and composite models can be constructed from the 

existing models, since abstractions may be data objects or 

procedures in other abstractions. Additionally, the 

approach provides for the development of a model management 

system as an analog of a DBMS (network DBMS here), since the 
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logical abstraction structures decompose neatly data base 

entities, allowing the facile treatment of models as data. 

Dutta and Basu [1984] have showed that DSS model 

management based on first-order logic (predicate calculus) 

allows for both data representation and integrated control 

of selecting, sequencing, and activating computational 

models. They have defined relational tables which- store 

factual data as explicit relations and axioms which 

represent modeling knowledge as virtual relations, and then 

used resolution techniques as a inference mechanism for 

model manipulation. Even though their approach to model 

management in DSS is the same with that of Bonczek et al. 

in terms of knowledge representation and inference 

mechanism, they have employed relational DBMS to interface 

with factual DB rather than network DBMS used by Bonczek et 

al. 

Minch and Burns [1983] have presented a framework 

which facilitates the use of management science models in 

DSS. The framework looks like Figure 2.1 except that a 

separated problem-processing system interacts with dialog 

subsystem, data subsystem, and model subsystem. The 

problem-processing system stores knowledge, which is needed 

to coordinate and control the DSS's operation as a whole, in 

the form of production rule. 
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They have argued that each module in a model base 

must be maintained in a standardized form. A module 

consists of two main segments: a documentation segment and 

a code segment. Documentation segment contains a 

identification section, a data section, and a 

problem-processing section. Problem processing section 

represents knowledge which is related to a particular module 

by means of module-specific production rules similar to the 

more general production rules utilized in the 

problem-processing system. 

the user, the production 

When a module is addressed by 

rules contained in the 

problem-processing 

merged with those 

section of the documentation segment are 

of the problem-processing system to 

culminate the knowledge base regarding the module. 

In a word, their framework has been developed in a 

way that module dependent knowledge is stored in the 

problem-processing section of the document segment and 

module independent knowledge is extracted into the problem 

processing system so that both knowledge could be merged 

when a module is addressed by the user. 

2.2.2 Efforts focused on ES 

Successful implementations of ES in many problem 

domains have stimulated many researchers to develop ES for 

business applications since the ideas and features of such 

systems look very attractive. However, one of major 
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impediments to the development of an ES in business 

environment is the acquisition of factual data describing 

the problem to be solved [King, 1985 Vassiliou et al., 

1984]. Most of the current ES are based on a relatively 

small set of facts which can be input directly by the user. 

For example, in the case of MYCIN system problems could be 

described in small volume of facts about the patient 

condition. Comparing this with a life insurance consulting 

ES or the other business applications where ES might be 

employed, we can find that the factual data are too large in 

volume for direct entry by the user. 

The large volume of data usually required in 

business information systems is stored in corporate data 

base and managed by a commercial DBMS. The factual 

knowledge might be used by a ES as a source of information 

for creating a knowledge base or describing problems at 

hand. Several researchers in this field have identified the 

need for linking ES and DBMS so that the factual data that 

have been already created for other information systems of 

an organization could be available to an ES in the 

organization. 

Jarke and Vassiliou [1984J, King [1985] have 

outlined four strategies for establishing a cooperative 

communication between ES and DBMS. The strategies are 

labeled from the most simple to the most sophisticated: 1) 

elementary data management within the ES, 2) generalized 
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data management within the ES, 3) loose coupling of an ES 

with an existing DBMS, 4) tight coupling with an ES with an 

existing DBMS. 

The last two strategies, which link an ES with an 

DBMS, deserve some explanations for this research. In the 

environment of loose coupling, an ES requests data 

extraction from the existing data base to form an ES data 

base which can be accessed directly by the ES. Data 

extractions occur statistically before the actual operation 

of the ES. The main disadvantage of the loose coupling is 

the non-applicability in cases where automated dynamic 

decisions, as·to which data-base portion is required, are 

necessary. During the same ES session, many different 

portions of the external data base may be required at 

different time; the requirements may not be predictable. In 

addition, if the external data base is continuously updated, 

the ES data base becomes rapidly obsolete. 

In tight coupling of an ES with an external DBMS, 

the two systems interface directly so that external 

corporate data base appears to the ES as an extension of 

internal ES data base. In other words, the ES retrieves the 

necessary data from the external data base rather than 

intermediate extracted ES data base. However, there is a 

tradeoff in this approach: the number of communications 

between the DBMS and ES is increased substantially. 
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Based on these observations, Jarke and Vassiliou 

have addressed that ES designers may opt for one strategy 

over another depending on data volume, multiplicity of data 

base, data volatility characteristics, or data protection 

and security requirements. They have selected Prolog, which 

is a language based on a subset of first-order logic, to 

implement a rule-based business ES with a relational DBMS. 

The choice of Prolog is based on some characteristics of 

Prolog; 1) it has a built-in inference engine which makes it 

easy to construct rUle-based ES, 2) it provides uniform 

logical view of data and rules. 

In addition to this issue of linking ES and DBMS, 

Jarke and Vassiliou have suggested three architectures for 

developing logic-based business ES which interface with an 

existing relational DBMS and mathematical subroutine 

library. In the architecture that looks like the most 

appealing among them, processing of each subsystem, 

including mathematical models, data, and user interface, is 

distributed but control is the responsibility of a separated 

subsystem, i.e., a supervisor program. The supervisor 

performs all the necessary steps for interfacing the ES with 

the DBMS, and manages the interaction among them. 

A challenging issue, which has been identified and 

left for future research by them, is how to implement a 

supervisor that makes full use of the capabilities of the 

various subsystems \V'i thout duplicating their features. 
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2.3 Summary 

From the literature review, we have found that there 

have been efforts for integrating DSS and ES concepts, to 

develop a generalized DSS software (a problem-processing 

system in Bonczek et al.'s terms, a DSS generator in 

Sprague's terms) or a generalized model management system, 

on the one hand; to develop ES in business environments 

focusing on the linkage of DBMS into ES, on the other hand. 

Although the previous efforts have paved the way to 

integrating DSS and ES, they have achieved only partial 

integrations in the sense that they have made one system 

enhanced with some features of the other system. However, 

an entire synergy of DSS and ES looks to have great 

potential for 

to development 

helping make possible a generalized approach 

of a decision aid that is powerful, 

intelligent, and user-friendly. 

Based on this observation and some results of the 

previous efforts described here, a conceptual framework for 

knowledge-based decision aids will be developed in the next 

chapter. 



CHAPTER 3 

A CONCEPTUAL FRAMEWORK FOR 

KNOWLEDGE-BASED DECISION AIDS 

In the absence of theory, a framework for organizing 

a complex subject is helpful in making it possible to 

identify the elementary components and the relationships 

between them. A conceptual framework for the 

knowledge-based DA must be designed to meet the requirements 

of "generality," "intelligence," "powerfulness," and 

"user-friendliness" discussed in Chapter 1. In doing so, it 

will merge the traditional DSS concepts and the ES concepts. 

The architectural configuration of this framework is shown 

in Figure 3.1. 

The main building blocks of the architecture are a 

Generalized Intelligent Problem-Solving System (GIPSS) and 

Knowledge System (KS). This framework is derived from the 

fact that all the knowledge needed to solve a problem is of 

one of two types; one is domain-dependent knowledge, the 

other is domain-independent knowledge. All domain-dependent 

knowledge will be defined in the KS, and the GIPSS will 

include only domain-independent knowledge. 
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This approach, separation of domain-dependent 

knowledge and domain-independent knowledge, provides GIPSS 

with the "generality" requirement so that (1) the system is 

used as a software tool to develop a wide variety of 

application-specific DA quickly and easily, and (2) the 

system is flexible and adaptable enough to facilitate the 

iterative design process by which an application-specific DA 

can respond quickly to changes in the organizational or 

physical environment, in the style of the user, or in the 

nature of the task. 

3.1 Knowledge System 

A KS contains a body of knowledge about a problem 

domain. However, some portion of the KS for a DA could be 

shared by the other DA. In Figure 3.2, the "A" and "D" 

portions of the KS is shared by DA "1" and DA "2", the "D" 

portion of KS is shared by DA "1" and DA "2" and DA "3", and 

so on. This featUre implies that knowledge in a KS must be 

organized in a systematic manner and managed as a valuable 

resource for an organization. 

In a DA that combines the ideas and concepts of ES, 

the KS typically includes the following types of knowledge; 

1) A large volume of factual data that the decision 

maker has neither the time, nor the inclination, nor the 

opportunity to absorb into his own memory. 
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2) A collection of models or model building blocks that 

are procedural knowledge. 

3) A set of modeling knowledge elicited from OR/MS 

analysts. 

4) A collection of heuristic rules obtained from 

articulating domain experts' knowledge. 

These four types of knowledge are stored in the data base, 

the model base, the modeling knowledge base, and the 

heuristic rule base, respectively. In addition to these 

bases, a KS should be designed to provide sufficient memory 

to meet the requirements of the DA for working space, 

libraries of intermediate and final results, and links among 
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data. This kind of memory might be termed "working-memory," 

since it is used mainly for the duration of a problem 

solving. A collection of output formats also might be 

included in the KS when they are desired, especially for 

vector or matrix data. 

The crucial issue of KS is how the knowledge is 

represented, and managed. The details of this issue will be 

examined in later chapters, but, the fundamental concepts of 

each knowledge category are described here. 

3.1.1 Data Base 

Many organizations maintain a large volume of 

internal and external data that are used for the planning, 

control, and operation of those organizations. The data, 

however, are stored in the corporate data base and 

controlled by a software tool, a Data Base Management System 

(DBMS). Data and their relationships are logically 

represented by relations, networks, or hierarchies. More 

recently, relational representations have gained prominence 

[King, 1985]. The relational model, which derives its 

precision from mathematical set theory, offers a simple but 

precise approach for logically describing a data base. The 

tabular representation of data has several advantages such 

as ease of understanding, set operations, increased 

independence between data and programs, theoretical 
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close coupling between data 

[Sandberg, 1981]. No matter 
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integri ty constrain"ts, and 

base and data dictionary 

what scheme is used, it 

describes a set of objects. The objects can be either 

values or relationships among values. Examples of values 

are "Park" as a student name, and "453493" as a matrix 

number; an example of relationship is the fact that "the 

matrix number of a student, Park, is 453493." 

The corporate data base which has been maintained by 

an organization can be used as a valuable resource which 

provides 

supported 

some 

by 

of 

aDA. 

the data relevant to the decisions 

Therefore, the currently existing data 

base is an important prerequisite for building a DA in order 

to reduce the cost and effort as well as to increase the 

accuracy of the relevant data. 

However, the corporate data base is too large for 

use by a DA. It could add processing and data storage 

overhead and consequently degrade the performance of aDA. 

A DA data base can be created and maintained by data 

extraction approach, interfacing with the corporate data 

base. The approach involves aggregating and subsetting from 

the corporate data base to form an extracted DA data base, 

as described in detail by Sprague and Carlson [1981], Sibley 

and Rabenseifer [1974], and Carlson [19771. 
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3.1.2 Model Base 

A model is defined here as a named routine that can 

be applied either on a stand-alone basis or in some 

configuration with other models to form a larger or more 

comprehensive model. Models can be applied primarily to 

well-structured problems. On the other hand, they might be 

used to convert poorly-structured problems into 

well-structured problems. In this sense, modeling and model 

usage has been a critical issue in developing a DSS. 

The model base will contain permanent models; ad hoc 

models; user-built and "canned" models; and models to 

support a variety of tasks and analysis approaches including 

operational, tactical, and strategic decision support. They 

will range in size from very small to very large, with some 

of the smaller ones acting as model building blocks to form 

comprehensive models. The models in the KS are valuable 

corporate resources and subsequently must be managed and 

controlled so they can be shared or reused by many different 

classes of tasks. 

A model is a stand-alone computer program with its 

own input, output, and execution stream. Alternatively, it 

might be a subroutine which is called by a main program for 

use as an execution module within it. Values for data and 

parameters that are needed by both the subroutine and main 

program are passed through an argument list as part of the 
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linkag~ or are defined by a common set of data definition 

statements that allow both main program and subroutine 

access to the same data. Currently, the subroutine approach 

has been predominant in developing modeling systems. A 

classic example is IBM's Scientific Subroutine Package (SSP) 

written in FORTRAN, which provides a library of subroutines 

for statistical and matrix operations. 

3.1.3 Modeling Knowledge Base 

A modular approach has been widely used for model 

formulation and the other designs for information systems. 

The major values of this approach are the flexibility it 

affords and reduction of development costs. The term 

"module" will be used here to denote a model being used in 

tandem with other modules in order to form a more 

comprehensive model. Each model in the model base might be 

viewed as a module when it is used as a model building 

block, o:t' as itself a model when it is applied on a 

stand-alone base. 

Some insights into the requirements of model 

formulation ability can be garnered by looking at human 

model formulation. The human model formulator (OR/MS 

consultant), beginning with a set of modules, must have a 

ltnowledge of how these modules can interact with each other. 

The nature of this interaction is seen as a model linkage. 



42 

The model linkage is specified in the guise of data flows, 

which indicate that an output of one module serves as an 

input to another module. It should be clear that automatic 

model formulation must have access a set of modules (in the 

model base) and a body of knowledge about how these modules 

can interact with each other to solve a problem. This 

knowledge, along with the knowledge about data interface 

with user or data base, is defined here as modeling 

knowledge. 

Clearly, modeling knowledge will change from one 

application area to another, and even within an application 

area over time. It must be incorporated into the KS since 

it should be domain-dependent. 

3.1.4 Heuristic Rule Base 

A decision maker might be faced with problems which 

are so complicated that no analytical model exists or which 

can be solved only by using heuristics based on some 

expert's knowledge. Therefore, for a DA to be "powerful" 

enough to handle both quantitative analysis and qualitative 

judgment, there is 

judgmental knowledge 

a strong need to combine the expert's 

with quantitative analytical models 

into a single framework. 

In fact, this component corresponds to the knolt/ledge 

base in the architecture of a typical ES, as described in 
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Chapter 2. It contains a collection of judgment, rules, 

intui tions, and e2tperience called "heuristic rules" -

about a particular domain. The knowledge can be extracted 

from a human expert (e.g., human decision supporter such as 

a staff member in a military organization) in a way which is 

iterative, continuing not only during the development of the 

system but throughout all of i"ts useful life. The knowledge 

base lives and grows as more knowlecige is extracted from the 

human experts. This feature requires that the component be 

separated from the inference mechanism so that it can be 

easily accessed by the user or system builders and, 

potentially, more easily modified and extended. 

Actually, there is no difference between the 

modeling knowledge and the heuristic rules in terms of 

modeling to solve a certain problem. The chaining of a 

collection of heuristic rules for making inference can be 

viewed as modeling to solve a problem. Modeling knowledge 

is more concerned with quantitative analysis, i.e., it is 

primarily a numeric process; heuristic rules are more 

concerned with qualitative judgmental reasoning, i.e., it is 

primarily a symbolic process. However, in this framework 

they are separated to emphasize merging of traditional DSS 

and ES, and to facilitate the development of GIPSS. The 

heuristic rule base does not interface with the model base, 

as shown in Figure 3.1. 



3.1.5 Working-Memory 

"Working-memory" is needed to 
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store dynamic 

instances of attributes that change from case to case. For 

example. if a student can be represented by its three 

attributes, i.e., name, matrix number, and grade, then the 

attribute values will be changed dynamically to represent 

different students. 

When a problem is posed to a DA, information from 

the problem statement is deposited in working-memory, since 

the information might be changed to represent different 

problems. That is, values are assigned to some attribute 

variables of appropriate objects. These values are taken as 

a starting point, and heuristic rules are fired or modeling 

knowledge is executed repeatedly in order to get a final 

solution. During this process, working-memory provides 

memory aids for preserving intermediate and final results as 

they are produced. After a final solution is reported to 

the user, some portion of working-memory becomes empty as it 

waits the next problem. Since the portion of working-memory 

has meaning only for the life of a problem, it is called a 

"short-term memory". 

MYCIN is a case in point, which is an ES for 

diagnosing and treating bacterial infections of the blood 

[Davis et aI, 1977b). The patient-specific information, 

which the MYCIN authors call a "data base," exists only for 
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the consultation session involving a particular patient. A 

new patient demands a new patient-specific "data base." In 

this example, a MYCIN "data base" should be a short-term 

memory. 

On the other hand, "long-term memory" might be 

needed to provide learning capability to the system. That 

is, is it feasible to retain in long-term memory the fruits 

of problem-solving experiences that are lost because of the 

ephemeral nature of short-term memory? This issue will be 

discussed in Chapter 6. 

3.1.6 output-Format Base 

Because using a DA involves a dialog between the 

user and the DA, it must provide a meaningful framework 

within which user inputs for a problem description are 

collected and DA outputs are presented to the user. 

Regardless of the dialog style (i.e., the nature of the 

interface between the system and the user), the system 

builder must implement the input and output formats that 

will be used in the dialog. 

Input formats might be generalized by employing 

question-and-answer or menu-driven dialog style. Default 

formats can be used for user inputs, if users are requested 

to input only scalar data (one value for one variable) 

needed to describe the problem at hand. The volume of user 
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input data can be minimized by storing the relevant vector 

or matrix data in the factual data base. 

On the other hand, output formats tend to be varied 

to satisfy discretionary users. The output-format base is a 

collection of output formats which have been developed for 

output devices the user wants to use. They might be graph 

and chart outputs instead of reams of paper filled with 

discrete numeric figures, since graphic reports are more 

understandable to a decision maker than columns of numbers. 

However, if the output contains only scalar data, then 

default output format could be used. 

To develop the output formats, the system builder 

first must identify the problems, by interviewing them, in 

whatever domain the decision makers are interested. Actual 

output formats are iteratively developed by employing 

generally accepted software design tools and techniques such 

as usability walk-through, and prototyping. 

3.2 Generalized Intelligent Problem Solving System 

The framework for GIPSS most closely follows that of 

the DSS generator of Sprague and Carlson [1982], 

synthesizing the concepts of ES. The structure of the DSS 

generator has three components: 

The dialog component supports the 

dialog, data, and models. 

use of the system by 
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decision makers, The data component provides access to the 

raw materials for decision making. The models, or modeling, 

component is primarily concerned with quantitative analysis 

capabilities. Since the development of operation research 

during World War II and its subsequent application to 

business problems under the label "management science," 

modeling has indeed been a potent tool for decision making 

and problem solving. 

In addition to these components, an heuristic rule 

management function is added to GIPSS to provide the 

"powerfulness" requirement that enables a DA to solve any 

problem which needs quantitative analysis and/or qualitative 

inference. 

3.2.1 Dialog Management 

The importance of the dialog subsystem cannot be 

over-emphasized, since the effectiveness of a DA derives 

from its capabilities for interaction between the system and 

the user. Even if a DA provides extremely powerful 

functions, it is unlikely to be used if the dialog is 

unacceptable. In the DA environment, the dialog subsystem 

creates prompts for data entry from the user, collects user 

inputs, presents outputs to the user, and explains how it 

has obtained the outputs if the user wants to know. 
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The dialog styles dGscribe the nature of the 

interface between the system and the user. Some examples 

now often used in DSS and ES include question-and-answer, 

menus, and command languages. Each style has advantages and 

disadvantages depending on the type of user, the task, and 

the decision situation. 

The ease-of-use of a DA generally depends upon the 

user's training and frequency of use. A menu-driven 

interface is more suitable for trained but casual users or 

for untrained regular users. Trained users may prefer to 

work with a command language, however, and untrained casual 

users may prefer a natural language question-and-answer 

interface [Saxena and Kaul, 19851. 

Thus, the dialog management component should provide 

multiple dialog styles from which the user may select. It 

also should be capable of presenting the outputs in a 

variety of formats and to a variety of output devices, such 

as alphanumeric screen, graphic screen, printer/plotter hard 

copy, etc. 

3.2.2 Data Management 

Data management and data base management system 

(DBMS) have evolved as a means of controlling data within an 

organization. A DBMS is generally defined as a collection 

of computer programs used to create, maintain, access, 

update, and protect one or more data bases, allowing data 
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sharing among many applications instead of each application 

having its own separate data files and formats. Some of the 

benefits of data sharing are reduction of data redundancy 

and the resultant data jnconsistency, increased accuracy of 

data through implementation of integrity mechanisms, the 

ability to enforce data representation standards, and in 

general a much higher degree of control over the data 

resource. In a word, the largest contribution of the DBMS 

has been in the reduction of program maintenance costs and 

efforts through the separation of application programs from 

data definition. 

The importance of the corporate data base which 

contains internal and external data has already been 

examined in the previous section. An associated DBMS is 

also an important prerequisite for developing a DA. A DBMS 

will simplify collection and maintenance of the data used by 

the DA, increase the chances of data sharing among DA, and 

in general reduce the costs and efforts of building aDA. 

Furthermore, a DBMS could be used to support dialog 

management, model management, and heuristic rule management 

if a data representation model is utilized to represent 

other knowledge about models, heuristics, and dialog in 

addition to data. Especially in this setting, the 

underlying search techniques of a DBMS can be used to 

facilitate search procedures conducted to make inferences. 
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Therefore, a currently existing DBMS could be used as a 

modeling knowledge management system, heuristic rule 

management system, and a dialog management system by adding 

some desirable features into each of them. For this reason, 

the da.ta management component of the GIPSS is partially 

overlaped with dialog management, model management, and 

heuristic management, as shown in Figure 3.1. 

3.2.3 Model Management 

Although the model component of a DA is the primary 

tool for supporting many of the activities that decision 

makers will perform in the process of making decisions and 

solving problems, model usage has suffered from the several 

problems, such as inflexibility of the model, excessive data 

input requirements and poor documents [Naylor and Schanland, 

1976]. A growing response to some of these problems is to 

utilize a library of small or primitive models allowing 

inter-model linkages, since the traditional process of 

building and running "stand-alone" models has had limited 

impact on decision making for 

need for a better way to 

under-specified 

accomplish this 

tasks. The 

linkage has 

attracted the attention of information systems researchers 

into the development of model management systems. 

Model management provides a structured milieu for 

managing a large number of models in a systematic way so 
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that. they can be manipulated efficiently. The manipulation 

of the model normally includes selecting, retrieving, 

sequencing, and activating the right ones from a large model 

base. The result of this approach is to make available to a 

decision maker a wide variety of models that can be applied 

without the user's having to become involved in technical 

and/or procedural aspects of manipulation. The decision 

maker provides the problem description and the system first 

selects and sequences a set of primitive models in order to 

construct the required model to solve the problem, and then 

activates the model to get a solution. In a word, the 

system must have automatic or dynamic model building 

capabilities. 

However, the development of a model management 

system is not an easy task since a model is much more 

complicated than a piece of datum in both form and content. 

Models generally tend to be quite complex entities; they 

involve many different parameters as well as sophisticated 

relationships between these parameters, often expressed in 

the form of mathematical terms. Furthermore the model 

management component must be linked with the dialog, data, 

and rule management components. 

A model-dialog link is needed not only to permit the 

DA user to state the problem at hand, to request any 

required parameters from the user, and to collect the 
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parameter values but also to present the results in a 

predefined format or report upon completion of running the 

model and ·to allm., the user to examine the results. This 

link actually provides interactive or dynamic modeling by 

making possible a variety sequencing of models. 

The model-data link operationalizes the integration 

between -the models and the data bases. Each model draws a 

large portion of inputs and parameter values from the data 

base and returns outputs to the data base. The feature of 

returning output data back into the data base provides 

linkage between models when any model needs input generated 

as output from a different model. It makes available a 

spectrum of models to serve the decision maker at the 

strategic, tactical, or operational level. These models 

must work together to avoid suboptimization at anyone level 

or in anyone functional area. For example, some outputs of 

the strategic model might be necessary inputs (usually as 

constraints) to the tactical model. 

The model-heuristic link provides interface between 

modelinq knowledge and heuristic rules. This link is needed 

to increase the number of areas that are supported by the 

DA. That is, the link operationalizes the "powerfulness" 

feature of the DA when it is used for problem solutions 

which need quantitative analytical models and/or experts' 

judgmental knowledge. If a mechanism is created through 
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which the modeling knowledge and the heuristic rules are 

represented in a logically uniform manner, this link can be 

realized. This issue will be detailed in later chapters. 

The foregoing discussion of this model management 

component implies that if a collection of models and model 

building blocks are stored in a model base and a set of 

formally stated modeling knowledge is stored in a modeling 

knowledge base as data are stored in a data base, then the 

models could be more easily manipulated because they could 

be managed with the straightforward extension of a currently 

existing DBMS. Actually, This implication is a key factor 

in this research. 

3.2.4 Heuristic Rule Management 

The main function of heuristic rule management is to 

draw inferences and control the reasoning process by 

interfacing it with the other components of the system, 

i.e., data management, model management, and dialog 

management. The links with the other components should be 

established in the same manner with those created in the 

model management. 

data base could 

Heuristic rules stored as data in the 

be manipulated more easily in order to 

generate some conclusions because the inference engine can 

be developed by employing search, retrieval, and update 

functions of a DBMS. 
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3.3 Summary 

A generalized intelligent problem-solving system 

must be designed to manage dialog, data, models, and 

heuristic rules, allowing each of these components to 

interface with the others. Once implemented, the GIPSS can 

serve as a DA generator. As shown in Figure 3.3, 

domain-specific DA can be developed by connecting 

domain-specific KS with the GIPSS. That is, what is needed 

to build a DA is to develop a KS for the DA. 

As a very important side benefit of this approach, 

several domain specific DA can be interfaced with each 

other, since they are connected with and under the control 

of the GIPSS. Some outputs of a particular DA can be 

transferred by the GIPSS as input values for the other DA. 

Indeed, this capability provides a mechanism in which 

several DA, developed for different level of managers, can 

be integrated very naturally and effectively. 

A main concern with respect to the development of 

the GIPSS is how the modeling knowledge and heuristic rules 

can be represented in a model used to represent data. 

Accomplishing this would reduce the effort required to build 

a dialog management system, a model management system, and a 

heuristics management system because these could then be 

developed easily with the assistance of the several 
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functions of the DBMS. In the next chapter, a method for 

expressing knowledge and a model for representing knowledge 

will be developed. 
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CHAPTER 4 

I<NOWLEDGE REPRESENTATION 

In the previous chapter, a conceptual framework for 

knowledge-based DA has been developed to determine the 

elementary components and their interactions. It has been 

argued that the application specific modeling knowledge and 

heuristic rules need not be embedded in the system's 

software but, rather might be stored in the KS and utilized 

as needed by the GIPSS employing inference techniques. 

How to represent the knowledge that resides in the 

KS is the critical issue of this research. Since 

manipulation of the knowledge, i.e. the function of the 

inference engine, depends directly upon the KR scheme, the 

development of GIPSS and the performance level of the system 

are partially a function of the KR scheme employed. In this 

chapter, several issues of concern with respect to the KS 

will be discussed in detail. They are: 

1) How to represent knowledge to provide a consistent 

user view of each knowledge? 

2) How to manage knowledge, that is, how to organize, 

store, retrieve, and update knowledge? 

56 
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3) Most importantly, how to link factual data which are 

stored in the corporate database with the other knowledge? 

4.1 Overview of KR Schemes in AI 

developed 

many 

suggested 

multiple 

knowledge 

by AI 

which are generally 

one is the most 

Just as database research has 

representations for specific facts, 

representation techniques have been 

researchers. Three major techniques 

used in AI are reviewed to decide which 

suitable to implement a GIPSS. They include logic 

expressions, semantic networks, frames. 

4.1.1 Logic Expressions 

Logic expressions are the most appealing in decision 

support environments because they immediately suggest a 

powerful way of driving new knowledge from old. A new 

statement is "true" by providing that it follows from the 

statements that are already known to be "true." There are: 

two most common forms in the logic expressions: 

propositional logic and predicate calculus. 

Propositional logic is a common logical expression. 

Propositions are statements that are either "true" or 

"false". Propositions that are linked together with 

connectives, such as AND, OR, NOT, IMPLIES, and EQUIVALENT, 

are called compound statements. Propositional logic is 
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concerned with the truthfulness of compound statements. 

There are rules for propagating the truthfulness, depending 

on the connectives [Rich, 1983]. For example, if one 

proposition X is "true" and another proposition Y is 

"false", then the compound statement "X AND Y" is "false", 

vlhereas the compound statement "X OR Y" is "true". Other 

rules allow for inferences. If X is known to be "true", and 

if X IMPLIES Y, then we can conclude that Y is ~true". 

However, propositional logic very quickly reveals some 

limitations as a representation of real-world facts, since 

it is impossible to represent some properties of things. 

Predicate calculus is an extension of propositional 

logic because it permits representations of things that 

cannot reasonably be represented in propositional logic. As 

a formal language in which a wide variety of statements can 

be expressed, predicate calculus is defined by its syntax, 

\'lhich specifies the symbols to be used in the language and 

the ways for combining those symbols to form legitimate 

expressions in the language. The legitimate expressions of 

the predicate calculus are called the Well-Formed Formulas 

(WFFs), consisting of predicate symbols, variables, 

functions, constants, logical connectives, and 

existential/universal quantifiers. 

A predicate, or atomic formula, is represented by a 

predicate symbol followed by a list of arguments enclosed 

within parentheses and used to indicate a particular 
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relationship among its arguments or the properties of its 

arguments. There are three kinds of arguments: constants, 

variables and functions. For a given application area, the 

set of all constants pertinent to that application is called 

the domain of discourse. Variables fill the customary role 

of representing one or more of the constants in the domain 

of discourse. Therefore an instantiation of the predicate 

by assigning actual constant values to variables that 

represent current state-of-the-real-world things, returns a 

value of "true" if satisfied by the current state or a value 

of "false" otherwise. If f is an n-place function symbol 

and tI, tn are constants or variables or functions 

which are usually called terms, then f(tl, tn) maps an 

n-place of members of the 

members of the domain 

domain of discourse 

of discourse. For 

into some 

example, to 

represent a simple statement "Park writes a program", we 

might use the simple predicate: 

WRITE (PARK, PROGRAM) 

In this predicate, PARK and PROGRAM are constants. In 

general, predicates are composed of predicate symbols and 

terms. Each predicate asserts the existence of a specific 

characteristic in the current state of the world. An 

instantiation of the predicate returns a value of "true" if 

the assertion is satisfied by the current state, and a value 
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of "false" otherwise. The above simple assertion is "true" 

if Park is writing a program. "false" otherwise. 

Predicates, like WRITE (PARK, PROGRAM), are merely 

the elementary building blocks of the predicate calculus 

language. Predicates can be combined to form more complex 

WFFs by using connectives such as "1\" (AND). "v" (OR). and 

"==>" (IMPLIES). The resulting WFFs may be called axioms or 

assertions. For example, "Park writes a program in the 

PASCAL language", might be represented by the axiom 

WRITE (PARK, PROGRAM) ~ LANGUAGE (PROGRAM, PASCAL) 

The connective "==>" is used for representing "if-then" 

statements. For example, the statement "if Park writes a 

program in the PASCAL language, then he knows PASCAL" might 

be represented by this axiom 

WRITE (PARK, PROGRAM) 1\ LANGUAGE (PROGRAM, PASCAL) 

==> KNOW (PARK, PASCAL) 

An axiom built by using 

The left-hand side 

antecedent, and the 

a "==>" is called 

of an implication 

right-hand side 

an 

is 

is 

implication. 

called the 

called the 

consequent. An implication has a value of "true" if either 

the consequent has a value of "true" or if the antecedent 

has a value of "true"; otherwise the implication has a value 

of "false". The truth values of the axioms are summarized 

in Table 4.1. 
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------ -----

X Y x v y 1 y. ~ y 1 X ==> Y 
----- ----- ---------1---------1-----------

T T TIT 1 T 
----- ----- ---------1---------1-----------

F T T 1 FIT 
----- ----- ---------1---------1-----------, 

T F T 1 F I F 1 
----- ----- ---------1---------1-----------1 

F F F 1 FIT 1 

Table 4.1 Truth Table 

The knowledge base in this scheme consists simply of 

a set of axioms used to model the situation being 

considered. Some characteristics of the predicate calculus 

for KR will be examined in Section 4.2.1. 

4.1.2 Semantic Networks 

The semantic network is one of the oldest and the 

most general KR scheme. In a semantic net, knowledge is 

represented as a set of nodes connected to each other by a 

set of labeled arcs, which represent relationships among the 

nodes. For example, "Park, who is a Korean student and 

studying MIS, is writing a program." could be represented by 

the semantic network shown in Figure 4.1. 

Nodes are used to represent objects which may be 

physical objects or conceptual entities, and descriptors 

which provide additional information about objects. Links 

are binary associations between objects and descriptors. 



STUDY 

1 KOREAN 1 

1 STUDENT 1 

I 
I 

1 IS-A 
1 

WRITE 
1 MIS 1------------1 PARK 1-------------1 PROGRAM 1 

Figure 4.1 An Example of Semantic Network for KR 
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Common primitive association types include the 

following: 

1) Generalization type ("IS-A") relates an object to a 

more generic one. In the above example, "Park is a Korean 

student." That is, Park is related to the more generic 

object, Korean student. 

2) Classification type ("INSTANCE-OF") relates an 

object to its generic type. For example, "Korean students 

are an instance of foreign students." 

3) Aggregation type ("HAS-A") relates an object to its 

components. For example, "Park has a pair of. brown eyes." 

The other definition type relates an object to another 

object or descriptor. For example, "Park writes a program." 

Figure 4.1 is extended to show the above association types 

(Figure 4.2). 

Flexibility is a major advantage of the semantic 

network KR scheme. A knowledge base may be viewed as a 
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collection of nodes and links, end modifications to the 

knowledge base occur through the insertion or deletion of 

nodes and links. 

STUDY 

----------- INSTANCE-OF -----------
1 KOREAN 1---------------1 FOREIGN I 
1 STUDENT 1 1 STUDENT 1 

I 
I 

1 IS-A 
I 
I 

WRI'l'ES 
I MIS 1------------1 PARK 1-------------1 PROGRAM 1 

I 
I 

1 HAS-A 
I 
I 

1 PAIR OF 1 

1 BROWN EYES I 

Figure 4.2 An extended Example of Semantic Network 

Inheritance is another feature of semantic networks. 

A knowl~dge base may be organized hierarchically so that if 

one node, A, is below another node, B, everything visible or 

present in B is also visible in A unless otherwise 

specified. That is, inheritance is the ability of one node 

to inherit characteristics of another node that is related 

to it. Property inheritance is one implication of an "IS-A" 

relationship. Thus, as shown in Figure 4.2, the inheritance 

properties of the "IS-A" link allows us to make an inference 

that "Park is a foreign student." since "Park is a Ko!'ean 
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student." and "Korean students are an instance of foreign 

students." This inheritance feature might be used very 

efficiently for the inference of knowledge. 

By their nature, network schemes address directly 

the issue of inference, since links can be used to define 

access paths for traversing a network knowledge base. The 

other feature of the network KR is that the obvious 

graphical representation of knowledge makes it quite easy to 

understand. 

A major drawback of network schemes is the tendency 

toward rapid proliferation of nodes and links to represent 

complex knowledge with many objects and relationships. A 

well-defined yet small set of primitive association types is 

therefore needed. Unfortunately, this scheme lacks formal 

semantics and standard terminologies. 

4.1.3 Frames 

A frame provides yet another scheme for representing 

knowledge. This scheme is a generalized framework of some 

situation which is adapted to a different situation by 

chaining certain details. People analyze a new situation by 

evoking appropriate stored structures representing their 

previous experience and then fill them in with the details 

of the current situation. Frame is a general mechanism 

designed for sharing common knowledge. 
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A frame is a description of an object that contains 

a set of slots containing information associated with the 

object. Slots may store some specific values, default 

values, pointers to other frames, or procedures by which 

value may be obtained. Figure 4.3 shows a simple example of 

frames. the CAR and PARK are objects, and there are slots 

for properties in each frame. Notice that CAR frame has a 

default value for "No. of Wheels." The default value in the 

frame asserts that, in lieu of contradictory information, we 

assume that the CAR has four wheels. Default values are 

quite useful when representing knowledge in domains where 

exceptions are rare. the "Owner" slot of the CAR frame 

points to another frame, PARK. Several frames might be 

connected together in similar fashion by linking values they 

share. A procedural attachment is another way that a slot 

can be filled. In the PARK frame, "Coat Size" slot contains 

instructions for determining the value. Such instructions 

may combine information from other slots (such as "Height" 

and "Weight") and from other frames. 

4.2 Predicate Calculus as a KR Language 

Each KR scheme is well suited to specific types of 

knowledge and has been extensively used for the development 

of knowledge-based systems. However, predicate calculus has 

some distinct advantages for KR in a DA environment. 



CAR 

1 Owner 1 
1-----------1 

-------1 Park 1 

1 Color 1 
1----------1 
1 White 1 

I 
I 
I 
I 
I 
I 
--> 

I ____________ _ 

I 
I 
I I _______________ _ 

I 
I 
I 
I 
I 
I 
I 
I 
I 

1 No. of Wheelsl 
1--------------1 
I 4 I 
1 (Default) 1 

1 Condition 1 

1-----------1 
I Good I 

I _______________ _ 

I 
I 
I 

1------------------------------------

1 Age 1 

1---------1 
1 42 1 

1 Weight 1 

1---------1 
1 160 lb 1 

PARK 

1 Height 1 

1---------1 
1 5' 7" 1 

1 Coat Size 1 

1-----------------1 
I Look in table X I 
1 with height and 1 

1 weight 1 

Figure 4.3 An Example of Frames 
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4.2.1 Features of the Predicate Calculus 

First, predicate calculus provides a unified logical 

view of each knowledge. Database systems, and relational 

databases in particular, can be analyzed in terms of 

predicate calculus, which provides an e1ccellent framework 

for the representation and the manipulation of data. A 

table in the relational database can be represented by a 

predicate which may be termed a "data predicate" (Figure 

4.4) . 

CUSTOMER TABLE 

NAME AGE SEX SALARY 

DAVE 27 M 26,000 

JOHN 32 M 34,000 

SUE 26 F 22,000 

==> CUSTOMER (NAME, AGE, SEX, SALARY) 

Figure 4.4 Data Predicate 

If NAME is the key attribute, we can retrieve and update 

AGE, SEX, and SALARY by specifying the NAME value. A module 

can be represented within the framework of predicate 

calculus, in which the key is its inputs and the remaining 

arguments are its outputs. That is, a module is executed 
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just as a record is retrieved from the file, by specifying 

the inputs and requesting the system to provide the outputs. 

For instance, a "module predicate", REGRESS (~, ~,B) 

implies e2cecution of the REGRESS module by specifying its 

inputs X and Y to get output B. Also, as mentioned in the 

previous section, predicate calculus indicates particular 

relationships among its arguments or the properties of its 

arguments so it can be used to represent a fraction of 

domain knowledge. For examples, a "domain predicate," LIKES 

(MARY, BEEF) implies that Mary likes beef, and a domain 

predicate, GT (A, B) implies that A is greater than B. In 

this context predicate calculus is nicely suited to 

representing data, modules, and domain knowledge in a 

uniform manner. Therefore, the knowledge base might consist 

of a set of WFFs and be used to model the situation being 

considered. 

Second, predicate calculus possesses a sound and 

complete inference mechanism, i. e., a resolution technique, 

which facilitates information retrieval, semantic constraint 

checking, and problem solving. In this mechanism, 

inferences are made by forward chaining or backward 

chaining, examining the antecedent predicates or consequent 

predicates recursively until a conclusion is made and in so 

doing, the system simulates human deductive reasoning. The 

details of how inferences are made will be discussed in 

Chapter 5. 



of 

==> 
flC 

Third, predicate calculus permits 

flexibility in the KR. For instance, 

E" might be represented by two WFFs: 

A D ==> E." In the former case, E is 
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different levels 

a WFF, "A A BAD 

"A A B ==> C" and 

"true" only when A 

and Band D are "true." In the latter case, E is "true" when 

either A and Band D are "true," or C and D are "true." This 

characteristic of the predicate calculus provides a dynamic 

modeling capability. 

In addition 

predicate calculus 

to the strengths already 

achieves a high degree 

mentioned, 

of domain 

independence in the KR, and the notation employed is simple, 

which leads to knowledge base descriptions that are 

understandable. Furthermore, it provides conceptual economy 

by allowing each fact to be represented once, independently 

of its different uses during the course of its presence in 

the knowledge base. 

Although the predicate calculus provides a very nice 

scheme for deterministic representation of knowledge, it has 

a major drawback. The scheme does not indicate how 

knowledge can be grouped or structured to facilitate 

efficient application of the resolution algorithm nor how to 

represent knowledge about actions and procedures. A large 

knowledge base, like a large program, needs organizational 

principles if it is to be understandable as a unit. Without 

such principles, a knowledge base can be as unmanageable as 
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a program written in a programming language which does not 

support abstraction facilities. Furthermore, facts should 

be structured to allow evaluative capabilities if branching 

is needed. Consequently, for predicate calculus to be 

useful for the KR in implementation of the knowledge-based 

DA, capabilities structuring the knowledge base and 

integrating it with data management components must be 

incorporated. How facts are structured in the relational 

model to overcome the drawback of the predicate calculus 

will be examined later in this chapter. 

4.2.2 Syntax for KR in Predicate Calculus 

Data predicate, module predicate, and domain 

predicate have been introduced only very conceptually. More 

detailed explanations of their USG for representation of a 

variety of knowledge are now needed. 

The factual data needed to instantiate the variables 

appeared within the predicates of knowledge can be obtained 

by one of the following: 

1) direct input by the user, 

2) data retrieval from the factual DB, 

3) execution of a module, 

4) instantiation of a modeling knowledge predicate, 

S) instantiation of a heuristic rule predicate. 
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Data predicate can be divided into two categories.' 

Direct input by the user may be termed as "user-input-data 

predicate" and data retrieval from the factual DB as 

"DB-retrieved-data predicate." In WFFs, a user-input-data 

predicate has only one argument, whereas DB-retrieved-data 

predicate has more than one argument. For example, SHARE 

(ElE-) implies that the "sh" variable, meaning the share, is 

to be instantiated by the user, since it has only one 

argument. SALEINO (Y!, x), where input (or key) terms are 

underlined to distinguish them from output terms, implies 

that sales indicator "x" can be obtained by retrieval of the 

SALEINO table in the factual DB by specifying "yr" value. 

The module predicate, as mentioned previously, 

specifies an operational relationship among its inputs and 

outputs. Before a module can be executed a precondition 

must be met. That is, all inputs to the module must be 

fully instantiated. The idea of precondition is analogous 

to the state-space analysis, where preconditions are simply 

conditions that must be satisfied prior to applying an 

operator to transform one state into another state. 

The results obtained by executing a module, or 

instantiating a modeling knowledge or heuristic rule 

predicate are occasionally used as input data for executing 

another module, or instantiating another modeling knowledge 

predicate or heuristic rule predicate. Actually, it makes a 

knowledge chaining. 
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Therefore a piece of modeling knowledge or a 

heuristic rule can be expressed by a WFF that consists of 

some combination of user-input-data predicates, 

DB-retrieved-data predicates, module predicates. and domain 

predicates (which include modeling knowledge predicates. 

heuristic rule predicates. logical comparison predicates, 

and consequent predicates)~ 

One additional thing to be considered is how to 

implement evaluative capabilities into the knowledge 

[Bonczek et al. , 1981b] . The impact of permitting 

evaluative capabilities is that they allow branching 

knowledge to be given in the axiom set. The "logical 

comparison predicate" (e. g .• EQ. GT. etc. ) might be viewed as 

a domain predicate to provide evaluative capabilities. The 

formal syntax in BNF notation for WFFs to express knowledge 

is shown in Figure 4.5 

4.2.3 Modeling Knowledge in Predicate Calculus 

A simple example has been cited from Bonczek et al. 

[1981b] to illustrate the foregoing ideas. It is supposed 

that the modeling knowledge shown in the upper part of 

Figure 4.6 has been obtained from a OR/MS analyst. under the 

conditions that model base contains a regression module 

(REGRESS). a prediction module (PREDICT) and factual DB 

stores past sales data. past expenses data. sales 

indicators, and expenses indicators. 



<WFF> ::= <User-Input-Data Predicate> I 
<DB-Retrieved-Data Predicate> 
<Module Predicate> I 
<Modeling Knowledge Predicate> I 
<Heuristic Rule Predicate> I 
<Logical Comparison Predicate> I 
<User-Input-Data Predicate> A <WFF> I 
<DB-Retrieved-Data Predicate> A <WFF> 
<Module Predicate> A <WFF> I 
<Modeling Knowledge Predicate> A <WFF> I 
<Heuristic Knowledge Predicate> A <WFF> I 
<Logical Comparison Predicate> A <WFF> I 
==> <Consequent Predicate> 

<User-Input-Data Predicate> 
::= <Predicate Symbol> ( <Scalar Variable> ) 

<DB-Retrieved-Data Predicate> 
::= <Predicate Symbol> ( <Input List>, <Output List> 

<Module Predicate> 
::= <Predicate Symbol> ( <Input List>, <Output List> 

<Modeling Knowledge Predicate> 
::= <Predicate Symbol> ( <Input List> 

<Heuristic Rule Predicate> 
::= <Predicate Symbol> ( <Input List> 

<Logical Comparison Predicate> 
::= <EQ> I <LE> I <GE> I <LT> I <GT> 

( <Term>, <Term> ) 

<Consequent Predicate> 

<NE> 

::= <Predicate Symbol> ( <Input List>, <Output List> ) 

<Input List> ::= <Term> I <Term>, <Input List> 

<Output List> ::= <Term> I <Term>, <Output List> 

<Term> ::= <Constant> I <Variable> 

<Variable> ::= <Scalar Variable> <Vector Variable> 

Figure 4.5 Syntax (in BNF Notation) 
of WFFs for KR 
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The modeling knowledge can be expressed in the 

predicate calculus as shown in the lower part of Figure 4.6. 

FYEAR (YEAR) and NO-OF-PERIOD (NOPD) as 

user-input-data predicates imply that the user should input 

"YEAR" value and "NOPD" value to get "REVENUE" value for 

some future year. FSALEIND (YEAR, FIND), PSALEIND (NOPD, 

PIND) , and SALES (NOPD, Y) as DB-retrieved-data predicates 

imply thc.t "FIND", "PIND", and ny" values can be obtained 

from "FSALEIND", "PSALEIND", and "SALES" tables in the 

factual DB by specifying their input values respectively. 

REGRESS (PIND, Y, B) and PREDICT (FIND,~, REV) as 

module predicates imply that execute "REGRESS" and "PREDICT" 

modules by specifying their inputs to get output "B" and 

"REV" respectively. Finally, REVENUE (YEAR, ~OPD, REV) as a 

consequent predicate indicates that the revenue in the 

specified future year, which is obtained based on the past 

data covering the specified period, can be obtained from the 

firing of this modeling knowledge, that is, from 

instantiating all predicates of the antecedent in this WFF. 



1. Modeling Knowledge Expressed in Production Rule 

If FInd is sales indicator in some future year and, 

PInd are the sales indicators of the same type 

during the last specified period and, 

Yare sales during the same period and, 

PInd, Y as inputs to a REGRESS module produce the 

output Band, 

FInd along with B are inputs to PREDICT module 

that gives output REV, 

then the revenue in the future year, which is calcu

lated based on the past data covering the 

specified period. is REV 

2. Modeling Knowledge Expressed in Predicate Calculus 

FYEAR (YEAR) A 

FSALEIND (YEAR, FIND)A 

NO-OF-PERIOD (NOPD) A 

PSALEIND (NOPD, PIND) A 

SALES (NOPD, Y) A 

REGRESS (PIND, Y, B) A 

PREDICT (FIND, ~, REV) 

==> REVENUE (YEAR, NOPD, REV) 

Figure 4.6 A Sample Modeling Knowledge 
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4.2.4 Heuristic Rules in Predicate Calculus 

Actually, 

representation of 

modeling knowledge. 

there are no differences between the 

the heuristic rules and that of the 

Heuristic rules are more concerned with 

qualitative reasoning based upon the experience and 

e,cperti se of various human experts, rather than quanti tati ve 

analysis. So, heuristic rules do not include module 

predicates. 

An example has been cited from King [1985] to 

illustrate how to express heuristic rules in the predicate 

calculus. The heuristic rules shown in the upper part of 

Figure 4.7 might be expressed in the predicate calculus as 

shown in the lower part of Figure 4.7. 

CLIENT-NAME (C-NAME) implies that the user must 

input "C-NAME" value to get the minimum amount that the 

client should invest in Certificates of Deposit (CDs). 

CLIENT (C-NAME, AGE) indicates that the age of the client 

can be retrieved from the "CLIENT" table by specifying the 

"C-NAME" value. LT (AGE, 30), LE (AGE, 50), GE (AGE, 50), 

and GT (AGE, 50) are all logical comparison predicates that 

belong to domain predicates. Finally, MINIMUM$ (C-NAME, 

3000), MINIMUM$ (C-NAME, 6000), and MINHI.IUM$ (C-NAME, 9000), 

as consequent predicates that are one subtype of domain 

predicate, imply that the minimum amount that the specified 

client should invest in CDs is $3,000, or $6,000, or $9,000, 

respectively. 
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1. Heuristic Rules in Production Rules 

- RULE 1 

- RULE 2 

- RULE 3 

If a client is less than 30 years of age, 

then the minimum amount that the client 

should invest in CDs is $3,000. 

If a client is between 30 and 50 years of age, 

then the minimum amount that the client should 

invest in CDs is $6,000. 

If a client is over 50 years of age, 

then the minimum amount that the client 

should invest in CDs is $9,000. 

2. Heuristic Rules Expressed in Predicate Calculus 

- RULE 1 

- RULE 2 

- RULE 3 

CLIENT-NAME (C-NAME) ~ CLIENT (C-NAME, AGE) ~ 

LT (AGE, 30) ==> MINIMUM$ (C-NAME, 3,000) 

CLIENT-NAME (C-NAME) ~ CLIENT (C-NAME, AGE) ~ 

LE (AGE, 50) ~ GE (AGE, 30) 

==> MINIMUM$ (C-NAME, 6,000) 

CLIENT-NAME (C-NAME) ~ CLIENT (C-NAME, AGE) ~ 

GT (AGE, 50) ==> MINIMUM$ (C-NArIJE, 9,000) 

Figure 4.7 A Sample Heuristic Rules 
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A method for formally expressing modeling knowledge 

and heuristic rules by employing predicate calculus has been 

suggested. It achieves a high degree of domain 

independence. Any modeling knowledge and heuristic rules 

can be expressed in this manner. The next issue to be 

addressed is how to represent this knowledge in a data 

representation model to facilitate the development of GIPSS. 

Continuing to use the examples above, the procedures for 

representing the modeling knowledge and heuristic rules in 

the knowledge system will be examined. 

4.3 Relational Model for Knowledge Representation 

As mentioned previously, most large-scale 

organizations possess a tremendous amount of data that are 

generally embedded in a database established with a database 

management system. Data and their interrelationships are 

logically 

relations. 

represented by hierarchies, networks, or 

More 

gained prominence. 

recently, relational representations have 

The relational view of data is well 

defined in Date [1981j. Given a set of attribute domains 

D1, D2, Dn, a relation is formally defined as an 

n-tuple <d1, d2, dn> such that d1 belongs to Dl, d2 

belongs to D2, dn belongs to Dn. Crudely stated, a 

relation is basically a table in which columns represent 
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attribute domains, and rows represent tuples. Thus, a 

relational database is a database that is perceived by its 

user as a collection of tables [Date, ~9841. 

There is a logical resemblance between the way data 

are represented in a relational database and the 

representation of knowledge in the predicate calculus. The 

predicate symbol in an axiom might be viewed as a key 

attribute, and arguments in a predicate as attribute domains 

in a relation (or table). In this view, the values of the 

variable arguments in a predicate can be instantiated by 

updating the corresponding attributes. The values can be 

obtained from the retrievals of factual DB, the executions 

of some modules, and the instantiation of the modeling 

knowledqe or heuristic rules. This striking resemblance and 

the fact that the relational data base is gaining the 

popularity in many organizations have stimulated the use of 

relational model for representing knowledge. 

4.3.1 Features of the Relational Model 

First, the relational model makes it possible to use 

a currently existing relational DBMS as a model management 

system, a heuristic management system, and a dialog 

management system with some extension of the DBMS. That is, 

a corporate relational DBMS can be used to manage knowledge 

as well as data, once the knowledge is stored in a 
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collection of tables. The underlying search techniques of 

the DBMS can be readily used by the inference engine of the 

GIPSS and the retrieval and the update function of a 

relational DBMS facilitate instantiating the variables 

arguments. Furthermore, the knowledge base itself can be 

easily updated to accommodate different application areas or 

changes in the decision-making environment. The relational 

model also allows more than one domain-specific knowledge 

system to live simultaneously. This feature allows one 

application-specific DA to communicate with another DA 

directly, if necessary. 

Second, the relational model provides an effective 

communication link between the factual database and the 

knowledge base. The knowledge base indicates the points at 

which data retrieval from the factual DB is needed during 

the inferencing process. Data retrieval queries then are 

generated by the GIPSS and transmitted to the DBMS, and 

answers are given to the knowledge base. This linking might 

be compared with the "tight coupling" of the expert system 

with an external DBMS [Jarke and Vassiliou, 1984]. 

Third, the relational model provides grouping or 

structuring of the knowledge, allowing evaluative 

capabilities and, more importantly, facilitating the 

inferences. As mentioned before, predicate calculus does 

not indicate how modeling knowledge or heuristic rules could 
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be structured to facilitate inference, so the relational 

model remedies the major shortcoming of predicate calculus 

representation. This issue will be discussed in detail 

later in this chapter. 

In addition to the strengths just mentioned, the 

relational model is very simple to understand. Once the 

developers of the knowledge base have become accustomed to 

this model, they may be able to develop the knowledge base 

without the intermediate step, predicate calculus 

representation. 

4.3.2 Modeling Knowledge in Relational Model 

An axiom (or assertion) representing a piece of 

modeling knowledge is stored in one relational table of the 

knowledge base; a set of axioms which b~long to one category 

might be organized into one table. If the same consequent 

predicate appears in more than one axiom, then those axioms 

may be said to belong to one category. 

Since the previous example (Figure 4.6) has only one 

axiom, the knowledge is stored in one table, named REVENUE 

as shown in Table 4.2. Predicate symbols in the axiom are 

stored sequentially in the PS (Predicate Symbol) attribute 

(column), but predicate symbols of user-input-data 

pred~cates are excluded. Since the user-input-data 

predicate has only one argument, it suffices to store the 
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argument (variable name) as a attribute name. The arguments 

of the other predicates appear in the table as attribute 

names. The same attribute name should not appear more than 

once. Then type or subtype of predicate is stored in the PT 

(Predicate Type) attribute. Table 4.3 shows the possible 

types or subtypes of predicates and symbols to be used for 

storing in the table. 

REVENUE table 

LBL PS PT YEAR NOPD UOUT FIND PIND Y B REV 

1 FSALEIND RFDB 1986 1.2 

2 MEQ M 10 10 

3 PSALEIND RFDB 10 1 

4 SALES RFDB 10 2 

5 REGRESS M 1 2 42.8 

6 PREDICT M 1.2 42.8 56.9 

7 REV CON 

-1 IOI 1986 10 56.9 

Table 4.2 Modeling Knowledge in Relational Model 
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1 TYPES 1 SUB-TYPES 1 SYMBOLS 
1---------1----------------------
1 DATA 1 USER-INPUT-DATA 
1 1----------------------
1 1 DB-RETRIEVED-DATA RFDB 
1 _________ 1 ______ ----------------

MODULE M 

DOMAIN MODELING KNOWLEDGE MK 

HEURISTIC RULE HR 

1 LOGICAL COMPARISON LOG 
1---------------------- --------------
1 CONSEQUENT CON 

Table 4.3 Types and Subtypes of Predicates 

The LBL (Label) attribute is needed to retrieve and 

update the values stored in the table sequentially. If the 

relational DBMS to be employed has sequential retrieval and 

update function, this column may not be needed. Finally, 

the I01 row which has "-1" value in the LBL attribute is 

needed to store inputs provided by the user and final 

results of the current axiom. If sensitivity analysis is 

needed, I02 row which has "-2" value in the LBL may be added 

to store another set of input and output values which could 

be compared with the values in I01 row. 

The instantiated value of each variable argument is 

stored in the corresponding attribute column in the table, 

so the variable attribute columns are viewed as short-term 

memory. This approach has a fundamental problem: how to 
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deal with vector or matrix data. That is, if some variable 

has more than one value, what mechanism is needed to store, 

retrieve, and update these values. In a business 

environment, this situation might happen frequently. One 

way to solve the problem is to use one array to store 

multiple values of one variable during the firing of the 

knowledge and to use another relational table to store the 

final results. That is, if the output variable arguments of 

a consequent predicate have multiple values, they are stored 

in a separated relational table which is termed here 

"working-memory." To facilitate this setting, UOUT attribute 

and simple MEQ module have been employed. The MEQ module 

makes the output value the same as the input value, and the 

UOUT attribute column is needed to keep domain independency, 

since NOPD is a domain-dependent variable. A "1" value in 

the PIND column indicates that the actual vector data for 

PIND variable are stored in array No.1 and the "2" value in 

the Y column indicates that the actual vector data for Y 

variable are stored in array No.2. How to retrieve and 

update these scalar and vector data will be examined in 

chapters 5 and 6. 

Another example is needed to show the structuring 

capability of the relational model. This example also is 

cited from Bonczek et al. [1981b] for the sake of 

consistency. A portion of modeling knowledge in the 

predicate calculus is represented in Figure 4.8. The first 
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axiom states that if an R value that is one output of the 

REGRESS module is greater than 0.36, then the PREDICT module 

will be executed with FIND and B to get REV, revenue of some 

specified future year. The second axiom states that if the 

R value is less than or equal to 0.36, then the 

SALES-FORCAST module will be executed with appropriate 

ECON-DATA Z retrieved from the factual DB to get REV. 

It should be noted that the consequent predicates of 

these two axioms are the same, so the axioms can be 

structured or grouped into one table, allowing evaluative 

capabilities. The impact of permitting evaluative 

capabilities is that they allow branching knowledge to be 

embedded in the a2tiom set. 

Table 4.4 represents a relational model of the 

previous modeling knowledge. The RC, or real constant, 

column stores 0.36. The FB, or false branch, column stores 

a value, 9. The firing process of this knowledge follows 1, 

2, 3, 4, 5 by LBL and if R > 0.36, then 6, 7, 8, -1, 

otherwise 9, 10, 11, -1. (Table 4.4). The value of the FB 

column, 9, implies that if the predicate (GT) has returned a 

value of "false" as the result of instantiation, the process 

goes to LBL 9 (indicating ECON-DATA); otherwise it goes to 

the next predicate (FSALEIND). Furthermore, by employing 

the FB column and a logical comparison predicate, recursive 

capabilities can be implemented into the modeling knowledge. 

The capabilities will be demonstrated in Chapter 7. 



FYEAR (~) ~ NO-OF-PERIOD (NOPD) ~ 

PSALEIND (NOPD, PIND) ~ SALES (NOPD, Y) ~ 

REGRESS (PIND, Y, B, R) ~ GT (R, 0.36) ~ 

FSALEIND (YEAR, FIND) ~ PREDICT (FIND. B, REV) 

==> REVENUE (YEAR, NOPD, REV) 

FYEAR (1§8B) ~ NO-OF-PERIOD (NOPD) ~ 

PSALEIND (NOPD, PIND) ~ SALES (NOPD, Y) ~ 

REGRESS (PIND, Y, B, R) ~ LE (b 0.36) ~ 

ECON-DATA (YEAR, Z) ~ SALES-FORCAS'r (]., REV) 

==> REVENUE (YEAR, NOPD, REV) 

Figure 4.8 Modeling Knowledge in 
Predicate Calculus 
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REVENUE table 

LBL PS TP YEAR NOPD UOUT PIND Y B R RC 'FIND Z REV FB 

1 MEQ M 10 10 

2 PSALEIND RFDB 10 1 

3 SALES RFDB 10 2 

4 REGRESS M 1 2 42.8 0.42 

5 GT LOG 0.42 0.36 9 

6 FSALEIND RFDB 1987 1.2 

7 PREDICT M 42.8 1.2 

8 REV CON 

9 ECON-DATA RFDB 1987 1.4 

10 SALES-FOCAST M 1. 4 53.6 

11 REV CON 

-1 IOI 1987 10 "" 53.6 

Table 4.4 A Relational model of modeling Knowledge 
co 
-.] 
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4.3.3 Heuristic Rules in Relational flJodel 

Heuristic rules also can be represented in a 

relational model in the same way modeling knowledge is 

stored there, since these two types of knowledge can be 

similarly represented in predicate calculus. Sample 

heuristic rules have already been represented in predicate 

calculus as shown in Figure 4.7. 

The consequent predicates of the three rules are 

the same, MINlMUM$, so they can be structured in one table 

as shown in Table 4.5. 

MINlMUM$ table 

LBL PS PT C-NAME AGE IC MINlMUM$ FB 

1 CLIENT RFDB SUE 36 

2 LT LOG 3630 4 

3 MINlMUM$ CON 3,000 

4 GT LOG 36 50 6 

5 MINlMUM$ CON 9,000 

6 MINlMUM$ CON 6,000 

-1 IOI SUE 6,000 

Table 4.5 A Relational Model of Heuristic Rules 
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The IC (Integer Constant), the MINlMUM$, and the 

FB (False Branch) attributes of the relational table 

stores constant values which would not changed over 

sessions unless a knowledge engineer updates the values to 

accommodate changes in decision environments. 

As discussed in the previous section, branching 

knowledge is embedded in the table to provide evaluative 

capabilities. The predicates in the table would be 

e~cecuted in a different sequence, based on the value of 

age. 

4.4 Summary 

A predicate calculus knowledge representation 

scheme has been selected to express modeling knowledge and 

heuristic rules, since it provides a unified logical view 

of each knowledge and achieves a high degree of domain 

independence in knowledge representation. However, 

predicate calculus has a major drawback; it does not 

indicate how the knowledge tan be grouped or structured to 

facilitate inferences. 

A relational approach to representing modeling 

knowledge and heuristic rules make it possible to use a 

currently existing commercial relational DBMS, with some 

extension, as a model management system, as a heuristic 
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rule management system, and as a dialog management system. 

It also provides an effective communication link between 

the factual data base and the knowledge base. 

Furthermore, it overcomes the major drawback of predicate 

calculus by grouping or structuring more than one axiom 

into one relational table. Such capability is critical to 

facilitating inferences, and embedding branching knowledge 

or recursive knowledge. 

The following chapter will discuss how inferences 

could be made on the relational model of each knowledge. 



CHAP'l'ER 5 

INFERENCE ENGINE 

In the previous chapter, it has been observed that 

modeling knowledge and heuristic rules expressed in the 

predicate calculus can be stored in the relational model 

just as data can. This chapter examines the strategies used 

to draw inferences and to control the reasoning process. 

The inference engine embeds the inference and the control 

strategies to guide it in the correct direction by examining 

facts stored in the factual DB and/or obtained directly from 

the user as well as knowledge stored in the modeling 

knowledge base or the heuristic rule base. 

The strategies which will be adopted to design the 

inference engine should be based upon the knowledge 

representation scheme chosen. Once the knowledge is 

represented in the predicate calculus, an inference engine 

could be designed by employing the resolution principle, 

which is a well-defined inference method in predicate 

calculus. Backward or forward chaining and depth-first or 

breadth-first search are control strategies that must be 

considered deciding upon the design of the inference engine. 
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Following a bri~f overview of fundamental inference 

and control strategies, a "relational resolution" which can 

be applied to the knowledge stored in the relational model 

will be developed. Such a relational resolution might be 

viewed as a virtual resolution in the sense that it is a 

modification of the original resolution. 

5.1 Overview of Inferences and Controls in AI 

As explained in Chapter 2, the inference engine in 

an ES performs two main tasks. First, it examines existing 

facts and rules in order to analyze a certain situation or 

synthesize a solution for a specific problem, and then 

memorizes new facts learned if learning capabilities are 

required. Second, it decides the order in which inferences 

can be made efficiently. Although many strategies have been 

developed to accomplish those tasks in the AI field, only 

the topics most relevant to this research will be examined 

here. 

5.1.1 Resolution 

The resolution procedure devised by Robinson [1965] 

is a theorem-proving technique by which, given a set of 

well-formed formulas comprising a knowledge base, it is 

possible to discover whether a new fact (which is called a 
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conjecture) is logically valid. Resolution works by first 

converting WFFs into clause-form equivalents, then negating 

the conjecture and trying to "unify" it with one or more 

clauses in the knowledge base. 

A clause is defined as a WFF consisting of 

disjunctions of literals, where a literal is an atomic 

formula composed of a predicate symbol and terms enclosed by 

parentheses, or a negated atomic formula. A detailed 

algorithm for the conversion from WFFs into the equivalent 

clauses is given by Rich [1983]; it is enough here to show 

that "A l\. B ==> C" is equivalent to "-A v -B v C" which is 

in clause form. It is derived from the following sequence 

of two conversion steps ; 

1) Eliminate ==>, using the fact that "A ==> B" is 

equivalent to "-A v B", so the original WFF can be converted 

to "-(A l\. B) v C". 

2) Reduce the scope of -, using the fact that "-(A l\. 

B)" is equivalent to "-A v -B" (deMorgan's laws), so "-(A l\. 

B) v C" can be converted ·to a clause, "-A v -B v C". 

All WFFs in a knowledge base and a conjecture to be proven 

are converted to equivalent clauses by the foregoing 

algorithm. 

A unification is accomplished by reducing two 

clauses (called "parent") into a single clause (call.ed 
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"resolvent") . If one clause of the parent contains a 

literal that is the negation of a literal (i.e., 

complementary) in the other clause of the parent, then the 

two clauses are reduced into a single clause by making 

argument substitutions between them and eliminating the two 

complementary literals. 

The conjecture is viewed as proven if all the terms 

eventually can be unified by the applying the unification 

procedure recursively until the "nil" clause results. It is 

possible, however, that the conjecture does not follow from 

the WFFs in the knowledge base and the resolution procedure 

will continue indefinitely. This anomaly known as the 

halting problem is an undesirable property of the resolution 

and must be controled by terminating the procedure after an 

arbitrarily determined amount of time. 

An example of application of 

procedure to the modeling knowledge 

this resolution 

expressed in the 

predicate calculus is given by Bonczek et al. [l981bj. The 

example will not be duplicated here, but several problems 

associated with the implementation of the resolution 

procedure will be discussed, since they are relevant to the 

development of the GIPSS and the KS. 

Upon reaching a resolvent which contains only 

DB-retrieved-data predicates and module predicates, the 

following procedure is undertaken. DB- ret:ri eved data 
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predicates can be instantiated against the factual data 

base, and module predicates can be executed by requesting 

outputs with their inputs interfacing with the model base. 

However, the order of data retrievals and module executions 

is crucial, since a data retrieval or a model execution can 

be done successfully only when its preconditions have been 

satisfied. That is, any input variable terms must be 

instantiated. Some backtracking during the resolution 

process will be necessary if the order is not correct. 

Furthermore, resolution implementation involves two 

kinds of choices: selection of a literal to be used as the 

basis of unification and selection of a axiom which can be 

unified on the basis of the selected literal. As the 

knowledge system grows, the combinatorial problem [Emden, 

1977] arises. 

Bonczek et al. [1981b] cited several techniques for 

reducing the amount of backtracking. Among these are 

semantic resolution [Slagle, 1965], lock resolution [Boyer, 

1971], and input resolution [Chang and Lee, 1973]. Bonczek 

et al. also suggested some methods for finding heuristics 

to guide resolution in the model formulation process. 

However, some of these are complicated to implement and 

others are not efficient because they do not entirely 

eliminate the backtracking. 

In summary, the order of data retrievals and module 

executions is critical to avoiding unnecessary backtracking. 
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For this reason the predicates in an axiom (or axioms if 

they are organized in one axiom table) must be ordered so 

that the preconditions of each predicate can be satisfied 

perfectly. 

5.1.2 Backward / Forward Chaining 

The inference engine must have a strategy for 

deciding where to start the reasoning process, from the goal 

or from the data. The strategy can either be forward 

chaining, backward chaining, or some mix of the two. The 

forward chaining in some literatures might be called 

antecedent reasoning or data-driven inference and backward 

chaining, consequent reasoning or goal driven inference. 

These strategies, along with pattern matching, have been 

widely used as control mechanism in production-rule-based 

expert systems. 

In backward chaining, the inference engine starts 

with the goal (i.e., potential solution or conclusion) and 

proceeds backward to see whether the solution or conclusion 

is supported by the knowledge. Thic starts with searching a 

rule (or an axiom in predicate calculus terminology) whose 

consequence corresponds to the potential solution or 

conclusion. The antecedent portion of the rule is then 

tested, yielding one of three results for each clause (or 

predicate in predicate calculus terminology, and not to be 

confused with the clause form in the resolution). Either it 
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is known to be "true", it is known to be "false", or it is 

"unknown" whether it is true or false. If all the 

antecedent clauses are known to be true, then the inference 

engine infers that the consequence is true and asserts it. 

If one of the clauses is known to be "false", then the 

consequence cannot be asserted. If one or more than one 

antecedent clause is "unknown", then the inference engine 

suspends working on the current rule and takes one of the 

unknown clauses to be a subgoal to be proven. The foregoing 

procedure then is continued with the subgoal. By following 

this procedure recursively the original top-level goal can 

be proven to be "true" or "false". 

In forward chaining, the clauses in the antecedent 

parts of the rules are examined to see whether or not they 

are "true", given a set of assertions. When the inference 

engine finds a rule for which all antecedent clauses are 

known to be "true", the consequence is triggered and is 

taken to be a new assertion. The inference engine follows 

this procedure until a solution is found or until no rule's 

an·tecedent part is known to be "true" [Winston, 1984]. 

Most existing expert systems, including MYCIN, 

employ the backward chaining strategy. If the number of 

potential solutions is small and the number of assertions of 

facts is large, then backward chaining is more efficient 

than forward chaining. Otherwise, a forward chaining 

strategy is often used. 
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5.1.3 Depth-first / Breadth-first Search 

The inference engine needs another type of control 

strategy: depth-first search, breadth-first search, or a 

mixed one. When it encounters a situation in which there 

are more than one subgoal to be proven, it has to decide 

whether to to follow a deeper or a wider direction. 

In the depth-first search, the inference engine 

takes every opportunity to prove a subgoal, digging deeper 

and deeper into detail. A breadt.h-first search sweeps 

across all subgoals (i.e., clauses of which the truth or 

falseness is unknown) in the rule before digging for greater 

detail. 

Breadth-first search is particularly inappropriate 

in situations where there are many directions that lead to 

solutions but each of them is quite long. In such 

situations, depth-first search is more efficient [Rich, 

1983]. Figure 5.1 summarizes the above discussion. A 

comparison of the control strategies suggests that a 

backward chaining in depth-first search is most likely to be 

suited to the development of the GIPSS. In addition, other 

more complex strategies have been developed for control 

purposes in the AI field; among these are hill-climbing, 

best-first search, etc. Detailed discussions of this topic 

can be found in Winston [1984] or Rich [1983]. 
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Figure 5.1 Major Categories of Search Strategies Used 
by Inference Engine -- Harmon and King [1985] 

5.2 Inference Engine in the Relational Model 

Many researchers have found that the performance 

level of an ES is primarily a function of the completeness 

and quality of the facts and heuristics in the knowledge 

base [Ennis, 1983 Gervarter. 1983]. This implies that 

inference engine, in other word heuristic rule management 

systems, might be generalized by employing the most 

efficient inference and control strategies which are 

relatively domain-independent. Ruler system [1985] 
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developed in the MIS Department of the University of Arizona 

is one case of a generalized approach to development of 

inference engine. 

We can use a well defined inference principle, i.e., 

resolution, to formulate a solution model, since modeling 

knowledge and heuristic rules have been represented in 

predicate calculus. The fact that they are organized and 

structured in a relational model makes the inference process 

relatively simple. A relational resolution technique which 

can be applied to the knowledge in the relational model will 

be developed, along with backward chaining and d~pth-first 

search as control strategies. 

5.2.1 Relational Resolution 

As mentioned previously, resolution is one inference 

strategy which can be applied to rules stated in the 

predicate calculus. However, if the rules are structured or 

organized in the relational model as shown in Chapter 4, the 

resolution process needs some modifications. The modified 

resolution might be termed "relational resolution," since it 

has been developed on the relational model of the knowledge. 

Relational resolution is relatively simple, in 

comparison with the original resolution process. It does 

not need the conversion of each WFF into the clause form, 

nor does it require the explicit unification procedure which 
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is critical in resolution. In relational resolution, 

implicit unification can be done on the axiom set by 

examining existing facts, modeling knowledge, and heuristic 

rules to infer new facts. The existing facts can be 

obtained by questioning the user at the beginning of a 

session or by accessing an existing factual DB, and new 

facts can be generated throughout the session as the direct 

results of system inference. 

An inference in the relational resolution then can 

be made by firing in tandem a set of axioms, which are 

stored in the relational table individually. If one axiom 

calls another axiom as it is fired, the former may be 

designated a "calling axiom" and the latter a "called 

axiom". The firing of an axiom means instantiating the 

variables in the consequent predicate, 'Ylhich is resulted 

from instantiating all the variables in the antecedent 

predicates. That is, the firing can be accomplished by 

executing all the predicates in the axiom table beginning 

with the first row, until the consequent predicate is 

reached. 

It will be recalled that a predicate is composed of 

a predicate symbol and a set of terms enclosed by 

parentheses. The instantiation of a predicate might be 

viewed as assigning a "true" or "false" value to the 

predicate as a result of instantiating the variable terms in 
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the predicate. The "true" or "false" value is determined in 

the following way: 

1) User-input-data predicate This type of predicate 

has only one input variable as a term. It returns a "true" 

value if the value of the input variable has been provided 

by the user, a "false" value otherwise. 

2) DB-retrieval-data predicate: It returns a "true" 

value if it has retrieved the needed data from the factual 

DB by specifying the input (key) values, a "false" value 

otherwise. 

3) Module predicate: It returns a "true" value if it 

has provided output values by executing the module given 

input values, a "false" value otherwise. 

4) Modeling knowledge predicate It returns a "true" 

value if the modeling knowledge has been fired successfully 

to instantiate the variables in the consequent predicate of 

the knowledge and the instantiated values are transferred to 

the calling axiom, a "false" value otherwise. 

5) Heuristic rule predicate: It returns result in the 

same manner as the modeling knowledge case. 

6) Logical comparison It returns a "true" value if 

the relation of the two terms is satisfied by the predicate 
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syntiJo1, a "false" value otherwise. For instance, LT (2, 3) 

is "true" since 2 is less than 3. 

7) Consequent predicate: It returns a "true" value if 

the variables in the consequent predicate has been 

successfully instantiated, a "false" value otherwise. 

Actually, successful instantiation of all predicates that 

appeared in the antecedent part of the predicate guarantees 

the instantiation of the variables in the consequent 

predicate. Therefore, in the relational model, this 

predicate acts as a 

inference engine that 

reached. 

dummy predicate only to notify the 

the consequent predicate has been 

During the instantiation of each predicate, the inference 

engine instantiates (updates) the output variable columns of 

the predicate which have values rather than blanks. That 

is, if the output variables of the predicate appear in other 

predicates, they are instantiated simultaneously. Upon 

executing each predicate, the inference engine jumps to the 

next predicate if the return value is "true". Otherwise, it 

either makes a logical branch based on the value of the FB 

(False Branch) column (in the case of logical comparison 

predicates) or enters an unexpected halting condition. 

When it encounters a consequent predicate with a 

"true" value, the instantiated values of the variables which 



104 

are contained in the output list of the predicate are 

transferred to the calling axiom if the results are not the 

final goal for the user query. In this way, the axioms are 

chained in a depth-first manner to get an answer to the user 

query. Clearly it employs a backward chaining control 

strategy, since the inference engine starts at the goal and 

works backward through the subgoals in an effort to get an 

answer. 

5.2.2 Inferences on the Heuristic Rules 

A simple case that is purely 

from King [1985] to illustrate 

relational resolution. The case 

pedagogical is cited 

the inference process in 

is a hypothetical 

investment system in which the knowledge base would consist 

of a set of heuristic rules (Figure 5.2) for making simple 

investment recommendations. By merging these rules with a 

specific set of facts about individual clients who want to 

invest and particular companies of interest (Table 5.1), the 

system is able to drive stock investment recommendations. 

With heuristic rules stored in the relational knowledge base 

as shown in the Table 5.2, a query such as "Should a client, 

Sue, purchase stocks in company XXX 7" can be made. 



Rule 1 

Rule 2 

Rule 3 

Rule 4 

Rule 5 

Rule 6 

Rule 7 

Rule 8 
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If a client is less than 30 years of age, 
then the minimum amount that the client should invest 
in CDs is 3,000 $. 

If a client is between 30 and 50 years of age, 
then the minimum amount that the client should invest 
in CDs is 6,000 $. 

If a client is over 50 years of age, 
then the minimum amount that the client should invest 
in CDs is 9,000 $. 

If the amount the client has invested in CDs is less 
than the minimum amount that the client should invest 
in CDs, 
then the client should invest in CDs. 

If the amount the client has invested in CDs is greater 
than the minimum amount that the client should invest 
in CDs, 
then the client should invest in stocks. 

If the company's last year's revenue were le~s than 
$ 500 million and its price-sales-ratio is under 0.75, 
then the company's PSR is low. 

If the company's last year's revenue were $ 500 million 
or more and its price-sales-ratio is under 0.4, 
then the company's PSR is high. 

If a company's PSR is low and the client should invest 
in stocks, 
then we recommend purchasing the company's stocks. 

Figure 5.2 Heuristic Rules for a Hypothetical 
Investment System King [1985] 



CLIENT TABLE 

NAME AGE INV$ 

JOHN 45 5,000 

JOE 26 1,400 

SUE 32 8,000 

DAVE 40 10,000 

COMPANY TABLE 

CO-NAME REV CO-PSR 

xxx 271 0.60 

yyy 224 1.07 

zzz 129 0.17 

Table 5.1 Factual Data Base for a Hypo
thetical Investment System 
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MINIMUM$ TABLE (Rule 1, Rule 2, Rule 3) 

LBL PS PT C-NAME AGE IC MINIMUM$ FB 

1 CLIENT RFDB SUE 36 

2 LT LOG 30 4 

3 MINIMUM$ CON 3,000 

4 GT 36 50 6 

5 MINIMUM$ CON 9,000 

6 MINlMUM$ CON 6,000 

-1 I01 SUE 6,000 

INVEST TABLE (Rule 4, Rule 5) 

LBL PS PT C-NAME INV$ MINlMUM$ INVEST FB 

1 CLIENT RFDB SUE 8,000 

2 MINIMUM$ HR SUE 6,000 

3 LT LOG 8,000 6,000 5 
----------------------------------------~------------------

4 

5 

-1 

INVEST CON CDS 

INVEST CON STOCKS 

IOl SUE STOCKS 

Table 5.2-1 Relational Heuristic Rule Base for 
a Hypothetical Investment System 
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PSR TABLE (Rule 6, Rule 7) 

LBL PS PT CO-NAME REV CO-PSR IC RC PSR FB 

1 COMPANY RFDB XXX 271 0.6 

2 LT LOG 271 500 5 

3 LT LOG 0.6 0.75 5 

4 PSR CON LOW 

5 GE LOG 271 500 8 

6 LT LOG 0.6 0.4 8 

7 PSR CON LOW 

8 PSR CON HIGH 

-1 IOI XXX LOW 

PURSTKS TABLE (Rule 8) 

LBL PS PT PSR INVEST SC PURSTKS 

1 PSR HR LOW 

2 INVEST HR STOCKS 

3 EQ LOG LOW LOW 

4 EQ LOG STOCKS STOCKS 

5 PURSTKS CON YES 

6 PURSTKS CON NO 

-1 I01 LOW STOCKS YES 

Table 5.2-2 Relational Heuristic Rule Base for 
a Hypothetical Investment System 
-- continued 

FB 

6 

6 
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The inference engine starts with the goal, "purchase 

stock;s (PURSTKS) " , since its control strategy is back\'/ard 

chai:q.ing in a: depth-first manner. It searches a table which 

stor~s the needed rule(s) to solve the problem, taking 

advan.tage of the relational DBMS to optimize search 

techn.iques. 

The t:able, PURSTKS, says that if PSR and INVEST 

valu~s are known, PURSTKS can be obtained. The inference 

engiqe therefore identifies two subgoals, PSR and INVEST. 

Fortll-nately, .the values of the predicate type (PT) for those 

subgqals are "HR"s, implying that there should be other 

tabl~s in which the knowledge about those subgoals is stored 

individually. 

The inference engine then searches the PSR 

emplqying the! search function of a relational DBMS. 

table, 

The PSR 

tabl~ contains heuristic rules 6 and 7, which are used to 

obta~n the Icompany's PSR based on its previous year's 

rever:lUe and I price-sales-ratio which are stored in the 

COMPANY tabl.e of the factual DB. In this axiom table, the 

infe~~ence engrine starts its inference with the factual DB 

retr~eval to 'get REV, and CO-PSR by specifying CO-NAME, XXX. 

The ~=O-NAME, XXX has already been input by the user. The 

retr~eved values, 271 and 0.6 are used to instantiate the 

REV ~nd COPSFt variables in the other predicates as well as 

the ~urrent predicate. 
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The next step is a logical comparison, LT, in which 

the REV value, 271 is compared with an integer constant, 500 

to see if the former is less than the latter. If the 

predicate returns a "true" value, the control of the 

inference engine goes to the next predicate, another LT 

labeled "3;" otherwise the inference engine branches to the 

GE logical comparison labeled "5," since FB (False Branch) 

has a value,S. in this case, since the control has been 

reached at LBL 3, or LT, another logical comparison will be 

done to decide whether to go to LBL 4 or LBL 5. 

If the control has been branched to LBL 4, then a 

conclusion for PSR would be obtained. The table indicates 

that the value for PSR should be "LOW". The value is used 

to update the 101 row and passed to the calling table, 

PURSTKS. As it will be addressed later, the 101 row might 

be referenced as a long-term memory. The row indicates that 

"the PSR of the XXX company is low." That is a new fact, 

inferenced from the rules stored in this table. So, if the 

factual DB has not been updated since the previous access 

and the input value CO-NAME is the same with the previous 

input value, then all that is needed to obtain the PSR is to 

look in the 101 row, rather than firing the axiom from the 

beginning, 

The control of the inference engine goes back to the 

previous table, PURSTKS which has called the PSR table to 
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get the PSR value. The value is used to instantiate the PSR 

variable in the PSR predicate and the PSR variables in the 

other predicates. Continuing to the next predicate, INVEST, 

the inference engine follows the process just described, but 

the INVEST table calls another table which stores some rules 

for the minimum amount that the client should invest. At 

this point in the firing, the control goes to that table to 

get the value. In this manner, heuristic rules are chained 

to solve the problem in what is clearly a backward chaining 

in a depth-first manner. 

When the control encounters a logical comparison, 

EQ, it goes to the next predicate if the value of PSR is 

equal to a string constant (ST), "LOW", otherwise to LBL 6. 

In this example, the situation satisfies two logical 

comparisons, or EQs, in a row to get the final result, "YES" 

for the PURSTKS variable. That is, "a client, Sue is 

recommended to purchase stocks of the company XXX." Finally 

the I01 row is updated to hold the result so that it could 

be stored in long-term memory. The details of the long-term 

memory and learning will be examined Chapter 6. 

Figure 5.3 shows how the inference is made on this 

example and demonstrates how the factual DB interacts with 

the other components of the system. 
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Purchase Stocks? 

DECISION MAKER I~-------------------
-------------------- PURSTKS 
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Figure 5.3 An inference on a Hypothetical 
Investment System 
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5.2.3 Inferences on the Modeling Knowledge 

The inference process on the modeling knowledge is 

basically the same as that on the heuristic rules. It will 

be showed with a simple case from Bonczek et al. [1981b]. 

The case is a hypothetical yield system whose knowledge base 

would consist of a set of modeling knowledge stated in the 

predicate calculus (Figure 5.3). The module base contains a 

regression module (REGRESS) that computes regression 

coefficients, a prediction module (PREDICT) that predicts a 

parameter value with associated independent values, an 01 

module that finds profit from revenues and expenses, and an 

02 module that finds dividends from profit and shares. A 

factual DB stores past sales and past expenses data and 

contains sales indicators and expenses indicators. A 

decision maker has made a query, such as "Find dividends for 

YEAR=1986, SH=500, and NOPD=10, in which NOPD means the 

number of past periods which will be used for the analysis. 

The inference is accomplished in the following 

steps; 

1) Search DIV axiom table and update SH variable 

attribute column with the user input data, 500. 

2) Instantiate the first predicate in the table, PRo 

Since its predicate type is modeling knowledge, goes to PR 

axiom table suspending the firing of the DIV axiom table. 



Rule 1 

Rule 2 

Rule 3 

Rule 4 

FYEAR (YEAR) A FSALEI~ID (YEAR, FIND) A 

NO-OF-PERIOD (NOPD) A PSALEIND (NOPD, PIND) A 

SALES (NOPD, Y) A REGRESS (PIND, y, B) A 

PREDICT (~, B, REV) 

==> REV (YEAR, REV) 

FYEAR (YEAR) A FEXPIND (YEAR, FIND) A 

NO-OF-PERIOD (NOPD) A PEXPIND (NOPD, PIND) A 

EXPS (NOPD, .Z) A REGRESS (PIND, Z, N) A 

PREDICT (FIND, N, EXP) 

==> EXP (YEAR, EXP) 

REV (REV) A EXP (EXP) A 01 (REV, EXP, PR) 

==> PR (REV, EXP, PR) 

SHARE (Sa) A PR (PR) A 02 (sa, PR, DrV) 

==> Drv (sa, PR, DrV) 

Figure 5.4 Modeling Knowledge in Predicate Calculus 
for a aypothetical Yield System 
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REV TABLE 

LBL PS PT YEAR NOPD UOUT FIND PIND Y B REV 

1 FSALEIND RFDB 1986 1.2 

2 MEQ M 10 10 

3 PSALEIND RFDB 10 1 

4 SALES RFDB 10 2 

5 REGRESS M 1 2 42.8 

6 PREDICT M 1.2 42.8 56.9 

7 REV CON 

-1 IOI 1986 10 56.9 

EXP TABLE 

LBL PS PT YEAR NOPD UOUT FIND PIND z N EXP 

1 FEXPIND RFDB 1986 1.1 

2 MEQ M 10 10 

3 PEXPIND RFDB 10 1 

4 EXPS RFDB 10 2 

5 REGRESS M 1 2 37.2 

6 PREDICT M 1.1 37.2 39.6 

7 REV CON 

-1 IOI 1986 10 39.6 

Table 5.3-1 Relational Modeling Knowledge Base 
for a Hypothetical Yield System 



PR TABLE 

LBL PS PT REV EXP PR 

1 REV MK 56.9 

2 EXP MK 39.6 

3 01 56.9 39.6 17.3 

4 PR CON 

-1 lOl 56.9 39.6 17.3 

DlV TABLE· 

LBL PS PT SH PR DlV 

1 PR MK 17.3 

2 02 500 17.3 4.5 

3 DlV CON 

-1 rOl 500 17.3 4.5 

Table 5.3-2 Relational Modeling Knowledge Base 
for a Hypothetical Yield System 
-- continued 
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3) Instantiate the first predicate, REV. Its predicate 

type is also modeling knowledge, so goes to REV axiom table. 

4) Update YEAR and NOPD variable attribute columns with 

the user input values, 1986 and 10. 

5) Instantiate the first predicate, FSALEIND, 

retrieving FIND value, 1.2, from the FSALEIND fact table 

with YEAR=1986. 

6) Execute MEQ module obtaining UOUT value, 10, with 

NOPD=10, and update UOUT variable attribute column. 

7) Instantiate PSALEIND DB-Retrieveo.-Data predicate, 

obtaining PIND values which are stored a short-term array 

(ARRAY 1) with UOUT=10. 

8) Instantiate SALES DB-Rstrieved-Data predicate, 

obtaining Y values which are stored a short-term array 

(ARRAY 2) with UOUT=10. 

9) Execute REGRESS module to get B=42.8 with PIND and Y 

values which are stored in the ARRAY 1 and ARRAY 2 

respectively, and update B variable column. 

10) Execute PREDICT module to get REV=56.9 

FIND=1.3 and B=42.8, and update REV variable column. 

with 

11) REV value, 56.9, is passed to the calling axiom PR 

to update REV variable attribute column. 
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12) Instantiate the next 

predicate type is modeling 

predicate, EXP. Since its 

knowledge , goes to EXP axiom 

table suspending the firing of PR axiom table. 

13) - 20) are almost the same as 4) - 11). 

21) Execute 01 module to get PR=17.3 with REV=56.9 and 

EXP=39.6, and update PR variable column. 

22) PR value, 17.3 is passed to the calling axiom DIV 

to update PR variable attribute column. 

23) Instantiate the next predicate, 02 module to get 

DIV=4.5 with SH=500 and PR=17.3, and update DIV variable 

column. 

24) The final result, DIV=4.5, is represented to the 

decision maker. 

Figure 5.5 shows how the inference is made on this 

user query. 
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Figure 5.5 An inference on a Hypothetical Yield System 
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5.3 Summary 

Relational resolution has been developed as an 

inference mechanism which can be applied to the modeling 

knowledge and the heuristic rules stored in the relational 

model. It is relatively simple in comparison with the 

original resolution principle that is articulated to make 

inference for the knowledge represented in predicate 

calculus. The simplicity comes from the fact that knowledge 

can be organized and structured in the relational tables. 

The inference process in relational resolution 

utilizes the several capabilities of a currently existing 

relational DBMS such as search, retrieval, and update. It 

first searches a table which has a consequent predicate 

corresponding to the user's problem under consideration, and 

then instantiates each predicate appearing in the table from 

the first predicate until it encounters the consequent 

predicate. During the process, it interfaces with the 

f~ctual data base, makes logic comparisons, and chains other 

axiom tables backward in a depth-first manner. 

In the following chapter, several issues related to 

the implementation of a prototype GIPSS will be detailed. 



CHAPTER 6 

TECHNICAL DESCRIPTIONS OF 

A PROTOTYPE GIPSS 

As described in Chapter 3, the GIPSS embeds only 

domain-independent knowledge that includes the dialog 

management functions, the data management functions, the 

model management functions, and the heuristic rule 

management functions. 

Two key assumptions have guided the implementation 

of GIPSS. The first is that many organizations already have 

established data management functions for their information 

systems and, more recently, have adopted a relational model 

for data representation. The second assumption is that 

dialog management, model management, and heuristic rule 

management should be developed as analogues of data 

management. These two assumptions have led us to consider 

the currently existing commercial relational DBMS as an 

essential software component for the implementation of a 

GIPSS. 

In the previous chapter, the most important issues 

about knowledge representation and inference strategies were 

detailed. This chapter describes other technical issues, 
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including dialog with the users, learning capabilities, and 

dynamic modeling capabilities. 

6.1 Dialog with the User 

In this prototype GIPSS, dialog with the user has 

been simplified only enough to receive a user's problem, 

generate user input attributes (variables), accept input 

from the user, and display output to the user. However, to 

demonstrate its capabilities for explanation. it has been 

designed to show the process of knowledge chaining, along 

with the predicates in the knowledge tables fired to solve 

the problem. 

The dialog style chosen for the implementation of 

the GIPSS is menu-driven since it is popular for DSS that 

utilize CRT terminals. Indeed, the menu-driven dialog seems 

to be quite effective for inexperienced or infrequent users 

who are familiar with t.he problem to be solved. 

Since the KS can accommodate knowledge about more 

than one domain specific DA, the first menu activated by the 

dialog management subsystem of the GIPSS is a list of 

domain-specific DA to be selected by the user. Once a DA 

the user want to access has been selected, the subsystem 

shows a second menu, which requests the user to select one 

from a list of problems that can be solved by the stored 
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Jmowledge. To show these two menus to the user, a 

meta-lmowledge 

necessary. An 

Appendix A. 

base which stores the information is 

example of a meta-knowledge base appears in 

As described previously, factual data describing a 

one is the problem can be obtained from two sources; 

corporate factual DB, the other is a system user. The 

former constitutes a body of information that is widely 

shared and publicly available. That is, it may contain 

information about an application domain. Some of this 

information may help to describe a problem under 

consideration, so the existence of the corporate factual DB 

diminishes the user's problem description task. 

Because the dialog management subsystem has been 

designed to accept only scalar type user input data, all 

vector or matrix type data which are needed to describe a 

problem must be stored in the factual data base. This, both 

reduces the amount of user input data required and provides 

input format with generality. 

When a problem is posed to the GIPSS, the dialog 

management subsystem generates intelligently a set of user 

input attributes which are needed to solve the problem. 

Since the problem can be solved by firing ( or executing) 

only an axiom or chain of axioms, the subsystem first 

generates a set of user input attributes needed for an axiom 



124 

to be fired to solve the problem and then requests the user 

to enter values of the attributes. If the user has entered 

all values for the attributes first generated, control is 

transferred to the main GIPSS for execution of the axiom. 

If the user does not know the values of some attributes, the 

subsystem checks to determine whether the knowledge base 

contains knowledge which can provide the unknown values. If 

so, the subsystem generates another set of user input 

attributes whicll can be used to provide the unknown values. 

Otherwise, the subsystem generates a message to say that it 

is impossible to solve the problem without the value, and 

again requests the user to input the value. This process is 

repeated recursively until the user input data is sufficient 

to solve the problem by employing the knowledge in the 

knowledge base. A detail description with an example will 

be discussed in Section 6.3. 

Upon obtaining a solution to the user s problem, the 

GIPSS directs the dialog management subsystem to display the 

output to the user. Output formats can be partially 

generalized. If all the output data are of the scalar type, 

they can be displayed in a generalized format. On the other 

hand if the output contains vector or matrix data, the 

system designer must implement output formats to be stored 

in the ouput-format base. 
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6.2 Working-Memory and Learning 

The attribute values entered by the user, perhaps in 

the form of a list of symbols, are assigned to the 

appropriate variable attribute columns in the a}ciom tables. 

The variable attribute columns may be termed short-term 

memory, since they store information on a particular problem 

at a particular point of time. The GIPSS takes the values 

provided by the user as a starting point and instantiates 

predicates in the table to alter the short-term memory until 

it contains a solution. After the solution is reported to 

the user, the data which are related to the problem in 

consideration. and stored in the short-term memory have no 

meaning. 

In the relational model for storing knowledge, such 

short-term memory stores only a single scalar datum for each 

variable. In business environments, however, many variables 

might be assigned vector or matrix data. making it necessary 

to use arrays to store vector or matrix data that are 

generated during the firing of the knowledge in one axiom 

table. Such intermediate arrays also should be viewed as 

short-term memory designed to store vector or matrix data . 

. ~ur·thermore. in addition to the short-term memory 

designed to store intermediate data, the GIPSS needs another 

type of memory so that learning capabilities can be embedded 
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into the system. Although AI researchers have suggested 

several varieties of learning to simulate human experts' 

impressive capacities for learning from experiences, one of 

the most powerful involves giving the system the ability to 

recognize analogies between current problems and those 

previously encountered [Ulrich and Moll, 1977 Winston, 

1979 McDermott, 1979]. Such learning by analogy would 

retain the fruits of problem-solving experiences so that 

they can be compared with the current problems. 

To implement the foregoing idea, an 101 row is added 

to each axiom table and used to store the fruits of 

problem-solving experiences in the form of production rules. 

Actually, this row stores user provided input data and the 

instantiated values of the consequent predicate. For 

example, the 101 row of each table in Tables 5.3-1 and 5.3-2 

stores the new knowledge learned from the previous session. 

That is; 

1) REV table If YEAR is 1986 and NOPD is 10, 

then REV is 56.9 

2) EXP table If YEAR is 1986 and NOPD is 10, 

then EXP is 39.6 

3) PR table If REV is 56.9 and EXP is 39.6, 

then PR is 17.3 

4) REV table If SH is 500 and PR is 17.3, 

then DIV is 4.5 
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In this situation, it will be supposed that a 

decision maker has made a query to obtain DIV value with the 

ussr input values, SH=500 and PR=17.3. GIPSS then would 

give an answer from the retrieval of the knowledge stored in 

the IOI row of the DIV table, rather than instantiating all 

the predicates in the table. For another example, if a 

decision maker has provided input values, YEAR=1986, 

NOPD=10, and SH=500, to obtain DIV, GIPSS would chain in a 

backward direction these four pieces of learned knowledge 

stored in the 101 rows of REV, EXP, PR, and DIV tables, to 

get a DIV value of 4.5. It does not need to fire all the 

knowledge accessed in the previous session to get the 

learned knowledge, with the result that response time to get 

an answer to the user query is dramatically reduced 

The learning capabilities of GIPSS might be applied 

to heuristic rules in the exactly same manner as in the 

modeling knowledge case. Each axiom table in Tables 5.2-1 

and 5.2-2 also has a IOI row in which the result of previous 

problem-solving experience is stored. 

The 101 row also stores only scalar data, so another 

type of memory is needed to store vector or matrix data 

generated from the instantiation of the consequent predicate 

of an axiom table. For this purpose, spread-sheet files or 

relational tables may be considered. Relational tables have 

been used to implement the prototype GIPSS, since they can 
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be managed in a uniform manner employing the relational DBMS 

already selected for managing dialogs, modeling knowledge 

and heuristic rules as well as data. Such tables, called 

"working tables" , and 101 rows are, from this point on, 

termed long-term memory. The long-term memory and 

short-term memory in all is termed working-memory. 

The learning capabilities can be utilized for 

different problems in a single session, since it can be 

reasonably assumed that factual DB will not be updated 

during a session. In other words, the knowledge learned 

from solving problems in one domain might be effectively 

used to solve other problems during a session. 

The learning capabilities also might be utilized for 

solving problems in different sessions, if the user is sure 

that the factual DB accessed by the system has not been 

updated since the previous session or the changes in the 

factual DB made during the interval between the two sessions 

can be ignored. 

All these points have been considered in 

implementing the prototype GIPSS. At the end of each 

session or when leaving a domain specific DA to approach 

another one, GIPSS aslts whether the user wants to keep or 

destroy the long-term memory in the domain knowledge base. 

If the user wish to keep the long-term memory, the new 

knowledge learned by the problem-solving experience is 

maintained so it can be used for the next session. 
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6.3 Dynamic Modeling 

Dynamic modeling capabilities of the GIPSS meet the 

desire to provide effective decision support under 

conditions of semi-structured and unstructured decision 

making. It allows greater flexibility in capturing the 

situation(s) being modeled, unlike static modeling in which 

much, if not all, of the knowledge about models and model 

operation is embedded in the solution algorithm and its 

input. Thereby, the user can concentrate on model 

description independent of model solution. This implies a 

more natural, a more accurate, and a more flexible means of 

model description that no longer needs to be tied to the 

procedural input requirements of a solution algorithm. 

An appropriate model to solve a problem under 

consideration would be formulated according to the set of 

data provided by the user and the current long-term memory. 

Different models might be formulated on the bases of 

different user input data and different values in the 

long-term memory. 

For instance, suppose a decision maker wants to get 

some information from a hypothetical yield system whose 

modeling knowledge is stored in Tables 5.3-1 and 5.3-2 and 

he (she) accessed the system previously to keep the 

long-term memory. To illustrate the dynamic modeling 
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capabilities and the intelligent attribute-generating 

capabilities of the GIPSS , all possible cases will be shown 

one by one. 

1) Query No.1: Revenue 

GIPSS generates a set of user-input attributes for 

the most simple model to get "REV" and requests the user to 

enter values for those attributes. The attributes are 

"YEAR" and "NOPD". When the user has entered the values, 

GIPSS first checks whether the values are the same 

values stored in the 101 row of the REV table. 

as the 

If the 

values are the same, all that is needed to answer the query 

is to retrieve the "REV" value from the 101 row, rather than 

formulating a model based on the modeling knowledge. 

Otherwise, GIPSS formulates a model which consists of MEQ, 

REGRESS, and PREDICT modules interfacing with the factual DB 

to get 

5.3-1). 

"YEAR" 

some needed factual data (see REV table of Table 

However, if the user does not know the value for 

or "NOPD", then GIPSS searches a table which stores 

modeling knowledge for "YEAR" or "NOPD" to check whether it 

can get the values by firing the stored modeling knowledge. 

In this example, there is no such table, so GIPSS gives a 

message saying, "You should enter this value to get answer 

to your query," and again requests the user to enter the 

value. 
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2) Query No.2 E'tpense 

Similar to Query No.1 (see EXP table of Table 

5.3-2) . 

3) Query No.3 : Profit 

First, GIPSS generates "REV" and "EXP" attribute 

variables and asks the user to input the values. In terms 

of the availability of the values from the user, there are 

four cases; 

3-1) User knows "REV" and "EXP" 

The system checks whether a model formulation 

is needed or an answer can be obtained from a data retrieval 

from the long-term memory. If the user input values are not 

the same as the values stored in the 101 row of the PR 

TABLE, GIPSS formulates a model which consists of one 

module, 01, whose inputs are "REV" and "EXP", and output is 

"PR" . 

3-2) User knows "REV" but does not know "EXP" 

The system searches and, in this example, finds 

the EXP table, which contains modeling knowledge for "EXP". 

The user input variables are "YEAR" and "NOPD" to get "EXP" 

value, so the system requests the user to enter "YEAR" and 

"NOPD" values instead of "EXP" , and then follows the same 

procedure as the above to get expense value. In this way, 
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the PR table and the EXP table are chained (more accurately, 

the EXP table is embedded into the PR table) to formulate a 

model in order to answer the user query. 

3-3) User knows "EXP" but does not know "REV" 

As in the preceding case, except that the REV 

table is chained instead of the EXP table. 

3-4) User does not know either "REV" nor "EXP" 

The system chains the REV table and then the 

EXP table with the PR table, following the same procedure as 

above. Although the user input attributes for "REV" and 

"EXP" axioms are both "YEAR" and "NOPD" , the user is asked 

to input them only once. 

4) Query No.4: Dividend 

The system 

variables for the 

generates "SH" and "PR" user input 

most simple model to get "DIV" and 

requests the user to enter values for those variables. The 

user must enter an "SH" value, since there is no table which 

contains modeling knowledge for "SH". There are two cases; 

4-1) User knows "SH" and "PR" 

The system formulates a model which contains 

one module, "02", whose inputs are "SH" and "PR", and whose 

output is "DIV" , if the user input values are not the same 

as those stored in the 101 row of the DIV table. 
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4-2) User knows "SH" but does not know "PR" 

The system searches the PR table to check 

whether it is possible to get the value by firing some 

modeling knowledge. In this example, the system finds the 

PR table and there are four cases in the situation. 

4-2-1) User knows "REV" and EXP" 

The system follows the same process as in 

3-1) to get the "PR" value and then follows the same process 

as in 4-1) to get "DIV". 

4-2-2) User knows "REV" but does not know "EXP" 

The system follows the same process as in 

3-2) to get "PR" value and then follows the same process as 

in 4-1) to get "OIV". 

4-2-3) User knows "EXP" but does not know "REV" 

The system follows the same process as in 

3-3) to get "PR" value and then follows the same process as 

in 4-1) to get "OIV". 

4-2-4) User does not know either "REV" nor "EXP" 

The system follows the same process as in 

3-4) to get the "PR" value and then follows the same process 

as in 4-1) to get "OIV". 
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6.4 Summary 

A prototype GIPSS has been developed in order to 

illustrate the technical feasibility of the conceptual 

framework of the knowledge-based DA. Menu-driven dialog 

style has been chosen since it is popular for DSS that 

utilize CRT terminal and it seems to be quite effective for 

inexperienced users. 

When a problem is posed to the GIPSS, it first 

generates a set of attributes which must be instantiated by 

the user to solve the problem, firing the most simple chain 

of modeling knowledge and/or heuristic rules. If the user 

does not know the values of some of the attributes 

generated, GIPSS generates another set of attributes for the 

unknown attributes. This procedure is continued until any 

set of user-provided attribute values are sufficient enough 

to solve the problem by firing a chain of knowledge stored 

in the KS. 

Based on these user-provided values and the lessons 

learned from the previous problem-solving experiences, GIPSS 

formulates a model (a chain of modeling knowledge and/or 

heuristic rules) dynamically. That is, the model formulated 

by the GIPSS to solve a problem varies according to the 

attributes instantiated by the user and the knowledge stored 

in the long-term memory. The learning capability of the 
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GIPSS is a very important feature in the sense that it can 

facilitate providing the next version of GIPSS with 

sensitivity analysis capability. 

The current version of GIPSS might be said to have 

indirect explanation capability. However, since the GIPSS 

has been designed to be able to trace the chaining of the 

knowledge, a direct explanation capability on the user's 

request might be feasible with some extension of the current 

prototype GIPSS. 



CHAPTER 7 

CASES 

This chapter presents two cases of 

application-specific DA which have been implemented by using 

a prototype GIPSS developed b.:/ the author. COCOMO and CAPO 

have been selected to demonstrate the capabilities of the 

GIPSS. 

The development approaches in these two cases are 

basically the same. Iterative or prototyping approach is 

required to achieve user's satisfaction. The following 

steps are repeated to upgrade the system or accommodate 

changes in the environment: 

1) Identifying what questions the various managers 

related to a specific domain are most likely to ask by 

interviewing them. 

2) Extracting the domain knowledge related to the 

identified problems from the human experts. 

3) Developing a KS which is to interact with a GIPSS. 

7.1 COCOMO 

COCOMO (COnstructive COst MOdel) was developed by 

Boehm [1981] to present the software life-cycle 
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quantitatively, in terms of the amount of time and effort 

required to complete each phase. COCOMO exists in a 

hierarchy of increasingly detailed and accurate forms; basic 

COCOMO, intermediate COCOMO, and detailed COCOMO. 

The simplest model, basic COCOMO, estimates software 

develop~ent effort and cost solely as a function of the size 

of the software product in source instructions. 

The intermediate model estimates effort and cost as 

functions of the most significant software cost drivers 

besides the size, which include product, computer hardware, 

personnel, and project attributes. 

Detailed COCOMO estimates detailed cost for 

developing large software projects based on phase-sensitive 

effort multipliers which determine the amount of effort 

required to complete each phase, and the three-level product 

hierarchy in which module level, subsystem level, and system 

level are treated differently. Boehm [1981] provides a 

complete description of detailed COCOMO. 

Basic and intermediate COCOMO were implemented in 

the VAX environment using FORTRAN, by Scott [1985] in the 

MIS Department of the University of Arizona. However, for 

the purposes of the current research, the system has been 

implemented by using a GIPSS with a separated KS which 

contains domain knowledge, rather than traditional 

programming directed to an application-specific domain. 
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7.1.1 Problem Description and Domain Knowledge 

The CAPO developers identified the questions likely 

to be asked by the system users (Figure 7.1) and then 

extracted the knowledge needed to answer the questions from 

human experts. 

- Effort Adjustment Factor 

- Total Development Effort (MOO) 

- Total Development Schedule (MONTHS) 

- Productivity (DSI/MM) 

- Average Staffing (FSP) 

- Total Development Cost (DOLLARS) 

- Development Schedule by Phase (MONTHS) 

- Staffing by Phase (FSP) 

- Development Cost by Phase (DOLLARS) 

- Staffing by Activity (FSP) 

Figure 7.1 Anticipated User Queries of COCOMO System 

The software development environment can be divided 

into three modes, i.e., the most common "organic" mode which 

covers the small-to-medium size products developed in an 

in-house, familiar software development environment, the 

ambitious and tightly-constrained "embedded" mode, and an 

intermediate model called the "semidetached" mode. These 
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different software development modes have cost-estimating 

relationships which are similar in form but which yield 

significantly different cost estimates for software products 

of the same size. 

The equations to estimate effort, schedule, and 

other queries in the basic CO COMO model are; 

1) The total development effort (MAN-M) required to 

develop a software product, in terms of the number of lines 

of the estimated delivered source instructions (EDSI) in the 

software product, 

MAN-M = COEF * (EDSI / 1000) ** EXPO 

Table 7.1 stores the values for COEF and EXPO needed 

to calculate effort in each mode. 

1 
1 Model 1 _____________ _ 

Basic 

Mode COEF EXPO 

Organic 2.4 1.05 

Semidetached 3.0 1.12 

Embedded 3.6 1.20 

1 Organic 1 3.2 1 1.05 
1--------------------------------------------

Intermediate! Semidetached I 3.0 1 1.12 
1--------------------------------------------1 
I Embedded I 2.8 I 1.20 1 

Table 7.1 COEF and EXPO for Effort 
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2) The total development schedule (TDEV) in months, 

TDEV = COEF * MAN-M ** EXPO 

Table 7.2 stores the values for COEF and EXPO needed 

to calculate schedule in each mode. 

Mode COEF EXPO 

Organic 2.5 0.38 

Semidetached 2.5 0.35 

Embedded 2.5 0.32 

Table 7.2 COEF and EXPO for Schedule 

3) The productivity (PROD) in DSI/MM 

PROD = EDSI / MAN-M 

4) The average staffing (STAFF) in FSP 

(full-time-equivalent software personnel, a measure of the 

equivalent number of people working on the project at a 

given time) 

STAFF = MAN-M / TDEV 

5) The total labor cost in dollars, given man-month 

labor cost (LAB-C) 

TLC = MAN-M * LAB-C 
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The development effort (or schedule) by phase can be 

obtained by multiplying the total effort (or schedule) by 

the percentage distribution shown in the Table 7.3. While 

the table stores only the distribution data for 

standard-size projects, the phase distributions for projects 

which are not the standard size can be obtained by linear 

interpolation. The productivity, the average staffing, and 

the labor cost by phase are calculated from the development 

effort and schedule by phase obtained. 

In addition to generating the above information, it 

often is necessary to estimate how the effort is distributed 

among the primary software life-cycle activities: design, 

programming, test, etc. For instance, a project manager 

must be able to staff a project, working out individual 

assignments and responsibilities with prospective team 

members. As shown in Tables 7.4 through 7.6, the 

distribution of effort by activity varies with the size of 

the project. 

The staffing by phase must be distributed among the 

various activities of each phase. For example, in order to 

estimate the staffing for test planning activity for the 

product design phase of a very large (512 KDSI) 

embedded-mode project, the following processes would be 

needed: 
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1) Total development effort 

MAN-M = 3.6 * 512 ** 1.2 = 6420 MM (see Table 

7.1) 

Size 

Effort distribution Inter- Very 
Small mediate Medium Large Large 

Mode Phase 2 KOSI 8 KOSI 32 KOSI 128 KOSI 512 KOSI 

Organic Plans and requirements ('Yo) 6 6 6 6 
Product design 16 16 16 16 
Programming 68 65 62 59 

Detailed design 26 25 24 23 
Code and unit test 42 40 38 36 

Integration and test 16 19 22 25 

Semidetached Plans and requirements ('Yo) 7 7 7 7 7 
Product design 17 17 17 17 17 
Programming 64 61 58 55 52 

Detailed design 27 26 25 24 23 
Code and unit test 37 35 33 31 29 

Integration and test 19 22 25 28 31 

Embedded Plans and requirements (0/0) 8 8 8 8 8 
Product design 18 18 18 18 18 
Programming 60 57 54 51 48 

Detailed design 28 27 26 25 24 
Coda and unit test 32 30 2B 26 24 

Integration and test 22 25 2B 31 34 

Schedule distribution 2 KOSI 8 KOSI 32 KOSI 128 KOSI 512 KOSI 

Organic Plans and requirements-(o/,-l 10 11 12 13 
Product design 19 19 19 19 
Programming 63 59 55 51 
Integration and test 18 22 26 30 

Semidetached Plans and requirements ('Yo) 16 18 20 22 24 
Product design 24 25 26 27 28 
Programming 56 52 48 44 40 
Integration and test 20 23 26 29 32 

Embedded Plans and requirements ('Yo) 24 28 32 36 40 
Product dasign 30 32 34 36 38 
Programming 48 44 40 36 32 
Integration and test 22 24 26 28 30 

Table 7.3 Phase Distribution of Effort and Schedule 
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Plans and Integration 
Phase Requirements Product Design Programming and Test 

Product Size S I M L S I M L S I M L S I M L 
Overall Phase Percentage 6 16 68 65 62 59 16 19 22 25 

Activity percentage 
Requirements analYSis 46 15 5 3 
Product design 20 40 10 6 
Programming 3 14 58 34 
Test planning 3 5 4 2 
Verification and validation 6 6 6 34 
Project office 15 11 6 7 
CM/OA 2 2 6 7 
Manuals 5 7 5 7 

Table 7.4 Activity Distribution by Phase for Organic Mode 

Phase 

PrOduct SilO 

Overall Phaso Percenlage 

ACllvlly percenlage 

AeqUlrements analyai3 
Product design 
Programming 
Tost planrung 
Vonficauon and validaUOn 
Proioct ollico 
CM/QA 
Manuals 

Plans anel 
ReqUiremonls 

S M VL 

7 

48 47 46 45 44 
16 16.5 17 17.5 18 
2.5 3.5 4.5 5.5 6.5 
2.5 3 3.5 4 4.5 
6 6.5 7 7.5 8 

15.5 14.5 13.5 12.5 11.5 
3.5 3 3 3 2.5 
6 6 5.5 5 5 

ProduCI o.slgn 

S I M VL 

17 17 17 17 17 

12.5 12.5 12.5 12.5 12.5 
41 41 41 41 41 
12 12.5 13 13.5 14 
4.5 5 5.5 6 6.5 
6 6.5 7 7.5 8 

13 12 11 10 9 
3 2.5 2.5 2.5 2 
6 7.5 7 

Inlegrallon 

Programming and reSI 

S I M VL I M VL 

64 01 58 55 52 19 22 25 28 31 

4 2.5 2.5 2.5 2.5 2.5 
II a a a 6 5 5 5 

56.5 56.5 56.5 58.5 58.5 33 35 37 39 41 
4 4.5 5 5.5 6 2.5 2.5 3 3 3.5 
7 7.5 8 0.5 9 32 31 29.5 28.5 27 
7.5 7 6.5 6 5.5 8.5 7.5 7 6.5 

6.5 6.5 6.5 6 8.5 a 7.5 
6 6 5.; 5 8 7.5 7 

Table 7.5 Activity Distribution by Phase for Semidetached 
Mode 

Plans and Integration 
Phase Requirements Product Design Programming and Test 

Product Size S I M L VL S I M L VL S I M L VL S I M L VL 
Overall Phase Percentage 8 8 8 8 8 18 18 18 18 18 60 57 54 '51 48 22 25 28 31 34 

Activity percentage 
Requirements analysis 50 48 46 44 42 10 10 10 10 10 3 3 3 3 3 2 2 2 2 2 
Product design 12 13 14 15 16 42 42 42 42 42 6 6 6 6 6 4 4 4 4 4 
Programming 2 4 6 8 10 10111213 14 55 55 55 55 55 32 36 40 44 48 
Test planning 2 3 4 5 6 4 5 6 7 8 4 5 6 7 8 3 3 4 4 5 
Verification and validation 6 7 8 9 10 6 7 8 9 10 8 9101112 30 28 25 23 20 
Project off:es 16 14 12 10 8 15 13 11 9 7 9 8 7 6 5 10 9 8 7 6 
CM/OA 5 4 4 4 3 4 3 3 3 2 8 7 7 7 6 10 9 9 9 8 
Manuals 7 7 6 5 5 9 9 8 7 7 7 7 6 5 5 9 9 8 7 7 

Table 7.6 Activity Distribution by.Phase for Embedded Mode 
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2) Total development schedule 

TDEV = 2.5 * 6420 ** 0.32 = 41 months (see 

Table 7.2) 

7.3) 

3) Development effort by product design phase 

MM-PH = 6420 * 0.18 = 1156 (see Table 7.3) 

4) Development schedule by product design phase 

TDEV-PH = 41 * 0.38 = 15.6 months (see Table 

5) Staffing by production design phase 

ST-PH = 1156 / 15.6 = 74 FSP 

6) Staffing by test planning activity for product 

design phase 

ST-ACT = 74 * 0.8 = 6 FSP 

The basic model provides estimates that are only 

good enough for the rough early stages of software product 

definition. The intermediate COCOMO incorporates additional 

15 predictor variables which account for much of the 

software project cost variation left unexplained by basic 

COCOMO. The greater accuracy and the level of detail of the 

intermediate model make it more suitable for cost estimation 

in the more detailed stages of software product definition. 
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The cost drive attributes used in the intermediate COCOMO 

model are grouped into four categories: software product 

attributes, computer attributes, personnel attributes, and 

project attributes. They are listed along with their effort 

multipliers, in Table 7.7 (The basic rating scales for each 

attribute are explained in Boehm [1981]). The product of 

effort multipliers, called effort adjustment factor (EAF), 

is applied to (more accurately, multiplied by) a nominal 

COCOMO development effort estimate to obtain an adjusted 

estimate of software development effort. 

For example, using a 10 KDSI embedded-mode software 

product to perform communications processing functions on a 

commercial microprocessor, the following estimates could be 

made: 

1) Nominal effort 

2.8 * 10 ** 1.20 = 44 MM 

2) Effort adjustment factor = 1.17 (See Table 7.8) 

3) Adjusted estimate of the software development effort 

44 * 1.17 = 51 MM 

The other estimates in the intermediate COCOMO model are 

obtained from the adjusted software development effort using 

the equations in the basic COCOMO model. 
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Ratings 

Very Very Extra 
Cost Drivers Low Low Nominal High High High 

· Product Attributes 
RELY Required software reliability .75 .88 1.00 1.15 1.40 
DATA Data base size .94 1.00 1.08 1.16 
CPU< Product complexity .70 .85 1.00 1.15 1.30 1.65 

· Computer Attributes 
TIME Execution time constraint 1.00 1.11 1.30 1.66 
STaR Main storage constraint 1.00 1.06 1.21 1.56 
VIRT Virtual machine volatility- .87 1.00 1.15 1.30 
TURN Computer turnaround time .87 1.00 1.07 1.15 

· Perscmnal Attributes 
ACAP Analyst capability 1.46 1.19 1.00 .86 .71 
AEXP Apnlications experience 1.29 1.13 1.00 .91 .82 
PCAP Programmer capability 1.42 1.17 1.00 .86 .70 
VEXP Virtual machine experience- 1.21 1.10 1.00 .90 
LEXP Programming language e>;perience 1.14 1.07 1.00 .95 

· Project Attributes 
MODP Use of modern programming practices 1.24 1.10 1.00 .91 .82 
TOOL Use of software tools 1.24 1.10 1.00 .91 .83 
SCED Required development schedule 1.23 1.08 1.00 1.04 1.10 

• For a given software product, tho underlying virtual machine is the complex of hardware and software (OS, 
DBMS, etc.) it calls on to accomplish its tasks. 

Table 7.7 Software Development Effort Multipliers 
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Cost EHort 
Driver Situation Rating Multiplier 

RELY Local use of system. Nb serious Nominal 1.00 
recovery problems 

DATA 20.000 bytes Low 0.94 
CPLX Communications processing Very high 1.30 
TIME Will use 70% of available time High 1.11 
STOR 45K of 641( store (70%) High 1.06 
VIRT Based on commercial micropro· Nominal 1.00 

cessor hardware 
TURN Two·hour average tumaround Nominal 1.00 

time 
ACAP Good senior analysts High 0.86 
AEXP Three years Nominal 1.00 
PCAP Good senior programmers High 0.86 
VEXP Six months Low 1.10 
LEXP Twelve months Nominal 1.00 
MODP Most techniques in use over one High 0.91 

year 
TOOL At basic minicompuler tool level Low 1.10 
SeED Nine months Nominal 1.00 

Effort adjustment factor (product of eHort multipliers) 1.17 

Table 7.8 Cost Driver Ratings for an Example 

7.1.2 Implementation 

All that is needed to implement the COCOMO system is 

to design the KS. A factual data base stores the relevant 

data, which are shown in the Table 7.1 through 7.7. 

Modeling knowledge base is composed of the axiom tables 

which store the modeling knowledge about the identified 

queries. The axiom tables are shown in Table 7.9 through 

7.19. 

1) EAF table stores the knowledge for obtaining the 

effort adjustment factor. 

2) MANM table: stores the knowledge for obtaining the 

total development effort in MM. 
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3) TDEV table: Stores the knowledge for obtaining the 

total development schedule in MONTHS. 

4) PROD table: Stores the knowledge for obtaining the 

productivity in DSI/MM. 

5} STAFF table: Stores the knowledge for obtaining 

the average staffing in FSP. 

6) LCN table Stores the knowledge for obtaining the 

total development cost in DOLLARS. 

7) MMPH table Stores the knowledge for obtaining the 

development effort by phase in MM. 

8) TDPH table Stores the knowledge for obtaining the 

development schedule by phase in MONTHS. 

9) STPH table: Stores the knowledge for obtaining the 

staffing by phase in FSP. 

10) LCPH table: Stores the knowledge for obtaining 

the development cost by phase in DOLLARS. 

11) STACT table Stores the knowledge for obtaining 

the staffing by activity in a particular phase in FSP. 

Input terms of each predicate are underlined. They do not 

require any explanations since each table is 

self-documenting. 

The model base contains the following modules: 

1) ADJUST: Calculates effort adjustment factor, given 

effort multipliers of the 15 cost drive attributes. 

2) EFFORT Calculates development effort, given EDSI, 

EAF, COEF, and EXPO. 
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3) SCHEDULE: Calculates development schedule, given 

development effort, COEF, and EXPO. 

4) PRODUCT Calculates productivity, given 

development effort and EDSI. 

5) NOM Obtains lower and upper normalized (i.e., 

standard) EDSI, given EDSI. 

6) INTER: Interpolates from the two sets of standard 

values. 

7) MULTPERC Calculates some partial value of 

something from percentage. 

8) REDIV: Divides one real value by the other real 

value. 

9) REMULT Multiplies two real values. 

Some modules, such as NOM, INTER, MULTPERC, REDIV, and 

REMULT, are invoked more than one time in the modeling 

knowledge. 

All output data for the user queries are scalar, so 

an output-format base is not needed; the function is already 

embedded in the GIPSS, that is, generalized. Working tables 

which serve as long-term memory also are not necessary, for 

the same reason. 

It took only three man-days to implement the COCOMO 

system. The model base contains modules which altogether 

have 80 lines of PASCAL codes. 
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Table 7.9 EAFAxiom Table f-' 
U1 
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Ilbllps 'pt Imodellmode ledsi leaf Icoef lexpo Imanm 1 
1----------· -----------------------------------------------------1 
I 11eaf mk2 I 011.00010.00010.0001 0.0001 
I 21eff rfdblbasiclembeddedl 010.00013.60011.2001 0.0001 
1 31effort m I 151200011.00013.60011.20016418.3971 
I 41manm can 1 I 010.00010.00010.0001 0.0001 
1 -11 101 IbasiclembeddedI512000 I1.00010.00010.00016418.3971 
1----------------------------------------------------------------1 

Table 7.10 MAMN Axiom Table 

I--' 
01 
I--' 
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Ibllps Ipt I mode Imanm leoef lexpo Itdev I 
------------------------------------------- -------------1 

11 manm I mJt2 I 6420.000 10.000 0.000 I 0.000 I 
21seh Irfdblembeddedl 0.00012.500 0.3201 0.0001 
31 schedule 1m I 6420.00012.500 0.3201 41.33 8 1 
41tdev Icon I 0.00010.000 0.0001 0.0001 

-11 IIOI I embedded I 6420.00010.000 0.0001 41.3381 
----------------------------------------------------------I 

Table 7.11 TDEV Axiom Table 

Ilbl Ips Ipt ledsi Imanm Iprod 
1---------------------------------------------------------
I Ilmanm Imk2 01 91.3311 0.000 
I 2 I product 1m 320001 91.3311 350.374 
I 31prod Icon 01 0.0001 0.000 
I -11 IIOI I 320001 0.0001 350.374 
1---------------------------------------------------------

Table 7.12 PROD Axiom table 

lbl Ips Ipt Imanm Itdev staff 
----------------- ---------------------------- ----------

Il manm mk2 91.3311 0.000 0.000 
21tdev mk2 0.0001 13.899 0.000 
31rediv m 91.331 1 13.899 6.571 
41 staff con 0.0001 0.000 0.000 

-11 IOI 91. 3311 13.899 6.571 

Table 7.13 STAFFAxiom Table 



lbl Ips 

11manm 
21 r emult 
31lcn 

-11 

Ipt 

Imk2 
1m 
Icon 
1101 

Imanm 
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Ilabc Ilcn 

91. 3311 
91.33 1 1 

0.0001 
91. 3311 

0.0001 0.000 
300.0001 27399.330 

0.0001 0.000 
300.0001 27399.330 

Table 7.14 LeN Axiom Table 

Ilbllps Ipt I mode ledsi I phase Imanm 
1------------ -------- ------ -----------------------
I 11manm mk2 0 16420.000 
I 21nom m 512000 I 0.000 
I 31ph rfdb embedded 0 product designl 0.000 
I 41ph rfdb embedded 0 product designl 0.000 
I 51inter m 512000 I 0.000 
I 61multperc m 0 16420.000 
I 7 I mmph con 0 -I o. 000 
I -11 101 embedded 512000 product design16420.000 
1---------------------------------------------------------

no Inom2 Ipere1 Ipere2 IpereO Immph I 
I 

----- ----- ------- ------- ------------ ______ 1 I 
0 0 0.000 0.000 0.0001 0.0001 

2000 8000 0.000 0.000 0.0001 0.0001 
=> 2000 0 18.000 0.000 0.0001 0.000 

0 8000 0.000 18.000 0.0001 0.000 
2000 8000 18.000 18.000 18.0001 0.000 

0 0 0.000 0.000 18.0001 1155.600 
0 0 0.000 0.000 0.0001 0.000 
0 0 0.000 1 0.000 1 0.0001 1155.600 

1----------------------------------------------

Table 7.15 OOMPH Axiom Table 
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lbll ps Ipt I mode I phase Itdev ledsi 

Iltdev mk2 I 40.990 0 
21nom m I 0.000 512000 
31ph rfdb embedded product designl 0.000 0 
41ph rfdb embedded product designl 0.000 0 
51 inter m I 0.000 512000 
61multperc m I 40.990 0 
71tdph ,con I 0.000 0 

, -11 1101 embedded product designl 40.990 512000, 
1---------------------------------------------------------I 

Inoml Inom2 Ipersl Ipers2 IpersO Itdph 

0 0 0.000 0.000 0.000 0.000 
512000 512000 0.000 0.000 0.000 0.000 
512000 0 38.000 0.000 0.000 0.000 

=> 0 512000 0.000 38.000 0.000 0.000 
512000 512000 38.000 38.000 38.000 0.000 

0 0 0.000 0.000 38.000 15.576 
0 0 0.000 0.000 0.000 0.000 
0 0 0.000 0.000 0.000, 15.5761 

------------------------------------------------1 

Table 7.16 TDPH Axiom Table 

lbl Ips Ipt Immph Itdph Istph 
---------------------------------------------------------

Ilmmph Imk2 1156.0001 0.0001 0.000 
21tdph Imk2 0.0001 15.6001 0.000 
31rediv 1m 1156.0001 15.6001 74.103 
41stph Icon 0.0001 0.0001 0.000 

-11 1101 1156.0001 15.6001 74.103 

Table 7.17 STPH Axiom Table 



lbl 

Ilmmph 
21remult 
311cph 

-11 

I mlt2 
1m 
Icon 
IIOI 

Immph Ilabc 

350.0.·0.0.0.1 
350.0.·0.0.0.1 

0·0.0.0.1 
350.0.·0.0.0.1 
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Ilcph 

0·0.0.0.1 
1. 20.0. I 
0.·0.0.0.1 
1. 20.0 I 

0..0.0.0. 
420.0..0.0.0. 

0..00.0. 
420.0..0.0.0. 

Table 7.18 LCPH Axiom Table 

Ilbllps Ipt I mode ledsi I phase Istph I 
I 

1--- -------- -------------- ------ -------------- -------1 
I 1 stph mk2 I 0. 74.9891 I I 
I 2 nom m I 5120.0.0. 0.·0.0.0.1 I I 
I 3 act rfdb I embedded 0. product design 0.·0.0.0.1 I 
I 4 act rfdb I embedded 0. product design 0.·0.0.0.1 I 
I 5 inter m , 5120.0.0. 0·0.0.0.1 , , , 6 multperc m , 0. 74.9891 , , , 7 stact con I 0. 0.·0.0.0.1 , , , -1 IOI 1 embedded 5120.0.0. product design 74.9891 I 

----------------------------------------------------------I 

activity Inoml Inom2 Iperal1pera2 'peraGlstact 
--------------------------- ------------ ----- ------, 0. 0. 0.·0.0.0.1 0..00.0. 0..0.0.0. 0..0.0.0. , 

'5120.0.0. 5120.0.0. 0.·0.0.0.1 0..00.0 0..0.0.0. 0..0.0.0. 
test planning 5120.0.0. 0. 8.0.0.0. 0..00.0. 0..0.0.0. 0..00.0. 

=> test planning 0. 5120.0.0. 0..0.0.0 8.0.0.0. 0..0.0.0. 0..0.0.0. 
5120.0.0. 5120.0.0. 8.0.0.0. 8.0.0.0. 8.0.0.0. 0..0.0.0. 

0. 0. 0..0.0.0. 0..00.0. 8.0.0.0. 5.999 
0. 0. 0..0.0.0. 0..00.0. 0..0.0.0. 0..0.0.0. 

test planning 0., 0.,0..0.0.0. 0..00.0.,0..0.0.0. 5.999 

Table 7.19 STACT Axiom Table 
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7.2 CAPO 

CAPO (Computer-Aided Process Organization) was 

developed by Karimi [19821 to automate the process 

organization phase of the detailed design stage of a 

software life cycle. The objective is to cluster processes 

into program modules that satisfy the attributes associated 

with a structured software design. 

The automated tool is not intended to replace the 

designer, but rather to support the design activities and to 

provide a unified approach to the design process. In this 

sense, the CAPO system might be viewed as a specific DA. 

The tool focuses on providing a set of quantitative 

measures of design quality in order to facilitate design 

evaluation by the analyst. Design quality includes the 

following attributes: 

1) High level of cohesion 

2) Low level of coupling 

3) I .. ow level of reference distribution 

4) Low level of information distribution 

5) Low level of transport volume 

The goodness measure is derived based on the degree 

to which a particular design satisfies the attributes of 1) 

and 2). The internal module strength or cohesion refers to 

the level of association between component elements of a 
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module, and module coupling refers to a measure of the 

strength of interconne~tion between modules. Reference 

distribution in a modular system depends on the structure of 

the system and the extent of sharing of lower level modules 

by higher level modules. Low level of reference 

distribution is insured 

modularization, each design 

if sharing 

interface 

is limited. 

should contain 

In 

as 

little information as possible to specify it correctly and 

each module should hide assumptions about the solution that 

are likely to change. 

The volume of data transported between modules 

within the software structure also has a significant 

influence on the quality of the design. The higher the 

volume of data transported between modules, the higher will 

be the processing time of executing software. So, the total 

transport volume is a useful measure of comparison between 

candidate designs. 

From the analysis of the system under study, a 

data-flow diagram is generated. The data-flow diagram 

represents a logical model of the system. The process 

structuring starts with the detailed data-flow diagram. 

7.2.1 Problem Description and Domain Knowledge 

The system designers of CAPO have identified the 

questions which are likely to be asked by the system users 
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(Figure 7.2), then extracted from human experts the domain 

knowledge needed to answer the questions. Since a full 

account of CAPO system is too lengthy and complicated, only 

a brief synopsis of the key points will be presented here. 

Detailed explanations of the system are contained in the 

Karimi [1982]. 

- Precedence Matrix 

- Reachability Matrix 

- Partial Reachability Matrix 

- Matrix of Concurrent Process 

- Matrix of Feasible Groupings 

- Interdependency Weight Matrix 

- Similarity Matrix 

- Order of the Similarity 

- Goodness Measure (GM) for a Step 

- Incidence Matrix 

- Transport Volume (TV) for a Step 

- GM and TV for a Range of Steps 

- Optimal Process Grouping 

Figure 7.2 Anticipated User Queries of CAPO System 

The problem is to organize processes into modules to 

improve the quality of design by evaluating a large number 
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of alternatives. To facilitate the explanation, a data-flow 

diagram for a master inventory file updating design problem 

is cited from Karimi [1982] (Figure 7.3). 

Figure 7.3 A Data Flow Diagram for a Master Inventory 
File Updating System -- Karimi [1982] 

A methodology concerned with this problem starts 

with converting the data flow diagram into a series of 

several matrices in order to capture all the control, data, 

logical and timing interdependencies between processes. 

From the matrices. an interdependency weight matrix is 

derived that assigns an interdependency weight to the link 

joining each pair of processes. The weights range from 0 to 

1 and represent the cohesion existing between each pair of 

processes. 
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Modules should be designed with the objective of 

obtaining a high level of cohesion and a low level of 

coupling. A high level of cohesion results when the 

processing elements within a module have strong data or 

functional relationships. A system of modules having a high 

level of cohesion would, in turn, also have a low level of 

coupling. 

There are seven level of cohesion which might result 

from grouping different processing elements in a module 

[Yourdon, 19801. These are shown in Table 7.20. 

Level of Cohesion Interdependency Weight 

Coincidental o 

Logical 0.1 

Temporal 0.3 

Procedural 0.5 

Communicational 0.7 

Sequential 0.9 

Functional 1 

Table 7.20 Comparison of Levels of Cohesion 

The weighting scheme is used in the process of 

automating the design, in which the interd8pendency weights 

are chosen in [0, 11 range for normalization and, later, for 

decomposition purposes. 
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When procesping elements have no logical or data 

relationships and tpey are grouped just to avoid repeating a 

segment of code, the resulting module will have coincidental 

cohesion. However, if processing elements that have no data 

relationships are invoked in the same time interval, 

grouping them would result in a module with temporal 

cohesion. Procedural cohesion results when the processing 

elements either are activated by a particular process or 

activate a particular process, but they do not necessarily 

use or produce the same dat.a set (files) as input or output. 

Communicational cohesion results when the processing 

elements within a module either use the same input data sets 

or produce the same output data sets. Sequential cohesion 

between processes results from a linear chain of successive 

transformations of data. 

The coincidental, temporal, procedural, 

communicational, and sequential cohesion just described can 

be recognized from a close look at the data-flow diagram and 

the related matrices derived for the interdependency weight 

matrix. However, ~he logic~l and functional cohesions are 

not directly identifiable from the data-flow diagram and the 

related matrices. Logical cohesion results when two 

processes are lOQically ~elated by being part of a single 

operation. In thiq case, the system user (designer) would 

be asked to identi(y the prpcesses. 
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After proper weights are assigned to the link 

joining the processes, the data flow diagram (Figure 7.3) 

would change to a weighted directed graph (Figure 7.4). The 

resulting weighted graph must be decomposed into a set of 

non overlapping subgraphs to find the optimal 

modularization. A clustering method can be applied to the 

graph decomposition problem if measures of similarity 

between nodes of the graph are given . 
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Figure 7.4 A Weighted Directed Graph 

Among several methods for obtaining similarity 

measures, the most promising is based on a definition first 

suggested by Gotteib and Kumar [1968] in the context of 

clustering index terms for library design. The approach is 
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based on the concept of a "core set" which is used to find 

high strength subgraphs. 

The core set of a node i can be defined as a set of 

nodes connected to j (directly or virtually) in the weighted 

directed graph, including i itself. Then the similarity 

n,easure is defined as follows: 

I Q{i} n Q{j} I Uij~ 
Pij = ----------------- * -----

I Q {i} U Q {j} I Vi j 

where Pij : Similarity measure for process i and j 

Q {i} : Core set of process i 

Q {j } : Core set of process j 

Uij : Average weight on the links from i to 

Q{i}f\Q{j} and from j to Q { i } (\ Q { j } 

Vij Average weight on the links from i to 

other nodes in Q[iJ and from j to other 

nodes in Q[jJ 

For example, the similarity measure for processes 

6 and 9 in Figure 7.4 would be: 

Q[6} (\ Q {9} = [ 7} I = 1 I 

Q{6} U Q{9} = {6, 5, 7, 3, 9, 8, 10, II, 13} = 9 

U = (0.5 + 0.9) / 2 = 0.7 

V = (0.9 + 0.5 + 0.3 + 0.9 + 0.5 + 0.7 + 0.7 + 0.9) / 8 

= 0.675 
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1 0.7 0.49 
So, Pij = * ------- = ------- = 0.0806584 

9 0.675 0.675 

For a special case, similarity measure for processes 

1 and 12 in Figure 7.4 would be: 

Q{l} = {l, 2, 4} 

Q{12} = {12, 10, II} 

I Q { I} n Q {l2 } = I {} = 0 

So, Pij should be 0, no matter what the other values are. 

Based on these similarity measures, nodes can be 

clustered step by step, using one of the available 

clustering methods. The goodness measure for each step of 

clustering is obtained by the following process. 

Let 

Li = Number of links within a subgraph i 

Ni = Number of nodes within a subgraph i 

Si = Subgraph strength 

Lij = Number of links connecting nodes in subgraph i to 

nodes in subgraph j 

K = Number of non-overlapping subgraphs 

Wi = Sum of the weights on the links in subgraph i 

Wij = Sum of -the weights on the links connecting nodes 

in subgraph i to nodes in subgraph j 
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Cij = Coupling_between subgraph i and subgraph j 

GM = Goodness measure for a partition 

Then 

Li - (Ni - 1) Wi 
Si = --------------------------- * ------

Ni * (Ni - 1) Li 
-------------- - (Ni - 1) 

2 

Lij Wij Wij 
Cij = --------- * ----- = ---------

Ni * Nj Lij Ni * Nj 

k k-1 k 
GM = ~ Si - E ~ Cij 

i=l i=l j=k+1 

The goodness measure for each step of the clustering 

provides a quantitative measure for assessment of process 

organization, which reflects the level of coupling and 

cohesion. Therefore, the higher the value of goodness 

measure, the better the process organization in terms of 

coupling and cohesion. 

As mentioned earlier, one property of a good design 

is lower data transport volume in the system. Lower 

transport volume results in less processing time and lower 

data organization complexity. That is, total transport 

volume is a useful quantitative measure when comparing 

candidate designs. The total transport volume can be 

obtained in the following way: 
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TVj = FSj * NAj 

k 
TV = ~ TVj 

j=l 

where TVj Transport volume for a file j 

TV Total transport volume 

FSj Size of file j 

NAj Number of accesses to file j 

Number of times file j is an input 

or output of a set of processes) 

These two measures are then used as decision rules 

for finding optimal process organization. It should be 

pointed out that no general agreement on the relative 

importance of these two properties is expected to emerge. 

Although there may be initial agreement with the notion that 

the properties are all of equal importance, experience has 

shown that in different situations and different 

organizations one property takes on more significance than 

the other. 

Based on the foregoing observations, the rules for 

finding optimal process organization might be defined as 

follows. 

1) Assumption The system designer is concerned only 

with those process organizations which are ranked first, 

second, and third by the goodness measure. 
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2) The system designer is requested to input weights on 

GM and TV to reflect their relative importance. 

3) Scale factors (SF) for the selected first three 

process organizations are obtained, based on GM, TV, and 

weights on GM and TV. 

GM 
It * Wgm + (1 -

GM 
SF = 

Wgm + Wtv 

where SF Scale factor 
1$ 

~ 

TV - TV 
----------) * Wtv 

TVR 

GM Optimal GM among the selected three process 
organizations 

~ 

TV Optimal TV among the selected three process 
organizations 

Wgm Weight on GM 

Wtv Weight on TV 

These scale factors then are used to select the optimal 

process organization. 

7.2.2 Implementation 

The case implemented in the current research is a 

Master Inventory File Updating System, which is identical 

with the case selected by Karimi. To compare various 

aspects of implementation of the two different approaches, 

the case in which there are 13 processes and 18 files has 

been selected. The data-flow diagram is that shown in. 
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Figure 7.3 and the detailed descriptions on the processes, 

the files, and the data-flow diagram are stored in a factual 

data base as a result of steps previously taken in the 

system life cycle (Table 7.21 and 7.22). 

no : name Iti Inopp Inosp Inoif 
---------------------------------- ----- -----------

1IPRO-GET-ORDER-RECS 1 0 1 1 
2 I PRO-VERI FY-ORDER-RECS 2 1 2 1 
3IPRO-WRITE-EXCEPTION-REPORT-A 3 1 0 1 
4'PRO-GET-MASTER-RECS 1 0 1 1 
5 PRO-VERI FY-MASTER-RECS 2 1 2 1 
6 PRO-WRITE-EXCEPTION-REPORT-B 3 1 0 1 
7 PRO-MATCH-TRANS-AND-MAST-KEYS 3 2 4 2 
8 PRO-WRITE-INVALID-PART-RECS 4 1 0 1 
9 PRO-UPDATE-MASTER-RECS 4 1 1 1 

10 PRO-WRITE-UPDATE-MASTER-RECS 5 1 0 1 
11 PRO-COMPUTR-AMT-ORDER-PER-PART 4 1 1 1 
12 PRO-SUMMARIZE-PER-PART-NO 5 I, 0 1 
13 PRO-WRITE-OUT-OF-ORDER-PARTS 4 11 0 1 

--------------------------------------------------------

Inoof Ippl Ipp2 Ispl Isp2 sp3 sp4 if 1 I if2 lof1 lof2 
,----------, -------------- --------------, 1 0 0' 21 0 0 0 1 01 2' 0 , 

2 1 0 31 7 0 0 2 0 3' , 4 
1 2 0 0' 0 0 0 3 0 5' , 0 
1 0 0 5 0 0 0 6 0 7' , 0 
2 4 0 6 7 0 0 7 0 8' , 9 

=> 1 5 0 0 0 0 0 9 0 10' 0 
2 2 5 8 9 11 13 4 8 11 12 
1 7 0 0 0 0 0 11 0 13 0 
1 7 0 0 0 0 0 12 0 14 0, 
1 9 0 0 0 0 0 14 0' , 15 01 
1 7 0' , 2 0 0 0 12 0' , 16 0' , 
1 111 0' , 0 0, 0 0 16 0' , 17 0' , 
1 71 0 1 , 0 0 1 , 0 0 12 01 181 0' , 

-------------------------------------------------------, , 

Table 7.21 A Table of Processes 
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no I name 1 key Irecs Inorec 1 _____________ 1 

1ITRANS-FILE PART-NUM 761 1000 
210RDER-RECS-FILE PART-NUM 761 1000 
3 1 EXCLUDED-ORDER-REC-FILE PART-NUM 761 200 
4IVALID-ORDER-RECS-FILE PART-NUM 761 800 
5IEXCEPTION-REPORT-A-FILE PART-NUM 761 200 
6IMASTER-INVENTORY-FILE PART-NUM 121 10000 
7IMASTER-RECS-FILE PART-NUM 121 10000 
8IVALID-MASTER-RECS-FILE PART-NUM 121 8800 
9 EXCLUDED-MASTER-RECS-FILE PART-NUM 121 200 

10 EXCEPTION-REPORT-B-FILE PART-NUM 121 200 
11 INVALID-PART-RECS-FILE PART-NUM 76 501 
12 MATCH-PART-RECS-FILE PART-NUM 121 750 
13 INVALID-PART-ORDER-FILE PART-NUM 76 50 
14 UPDATED-MASTER-RECS-FILE PART-NUM 121 750 
15 UPDATED-MASTER-FILE PART-NUM 121 750 
16 PART-ORDER-RECS-FILE PART-NUM 121 600 
17 PART-ORDER-FILE IPART-NUM 121 600 

I 18 PART-OUT-OF-ORDER-FILE IPART-NUM 121 150 
1---------------------------------------------------------

Table 7.22 A Table of Files 

To implement the CAPO system using GIPSS as a DA 

generator requires only the development of the KS for CAPO~ 

which includes the factual data base, the modeling knowledge 

base, a module base, and an output-format base. The factual 

data base has been already created from the analysis of the 

system. The modeling kno\vledge base is composed of the 

axiom tables which store the modeling knowledge for each 

identified user s problems. However, if needed, 

intermediate axiom tables might be included in the modeling 



170 

knowledge base for the purpose of increasing the ability to 

share knowledge. The axiom tables are shown in the Table 

7.23 through 7.35. 

1) PR Table : Stores the knowledge for obtaining the 

precedence relationships between 

(Number Of Processes). outputs are 

table from row 1 to 169. 

processes. Input is NOP 

stored in the ProcMD 

2) RC Table stores the knowledge for obtaining the 

reachability relationships between processes. 

3) PRC Table: Stores the knowledge for obtaining the 

partial reachability relationships between processes. 

4) REL Table: Stores the knowledge for obtaining 

timing relationships between processes and relationships 

between processes and files. 

5) FG Table Stores the knowledge for obtaining 

feasible groupings of processes. 

6) IW Table Stores the knowledge for obtaining 

interdependency weights linking a pair of processes. 

7) SM Table Stores the knowledge for obtaining 

similarity measures for a pair of processes. 

8) OSM Table: Stores the knowledge for obtaining the 

order of similarity measures sorted in descending order. 

9) GOO Table Stores the knowledge for obtaining 

goodness measures for a particular step. 
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10) PFR Table Stores the knowledge for obtaining the 

incidence matrix for a particular step, which shows the 

relationships of the processes and files. 

11) TV Table: Stores the knowledge for obtaining 

total transport volume for a particular step. 

12) GOOTV Table: Stores the knowledge for obtaining 

goodness measures and total transport volumes simultaneously 

for a range of steps. 

13) OPG Table: Stores the knowledge for obtaining 

optimal process grouping. 

The final table. OPG. needs some explanation. 

Inputs are number of processes (nop). weight on GOO (gmw). 

and weight on TV (t~l). In this table. recursive knowledge 

is embedded. To get GOO for all steps (in this example. 1 

through 13). the segment of knowledge from lbl 2 to lbl 4 is 

applied recursively, i.e., 13 times. The resulting values 

are stored in a working array No.4. Also. lbl 8 is 

applied three times. in this manner, recursive knowledge as 

well as branching knowledge can be embedded in the modeling 

knowledge or heuristic rules. 



lbllps Ipt InopilinluiniloutluoutinospIspllsp21sp31sp41pri 
---------------- ------- -------------- ------- ----------1 

11meq 1m 13 0 0 01 169 1 0 01 0 01 0 0 
21processlrfdb 0 0 0 01 169 1 1 21 1 3 41 5 0 
31prp 1m 13 0 0 01 169 1 1 21 1 3 4.1 

-I 5 7 
41procmd lawt 0 0 0 01 1691 0 01 0 0 1 

1 0 0 
51procmd luwt 0 0 0 0 1 

1 1691 0 0 1 1 0 0 1 
1 0 7 

61pr leon 0 0 0 01 0 1 1 0 0 1 1 0 0 1 
1 0 0 

-llprocmd 1101 13 0 0 1 01 1691 0 0 1 
1 0 0 1 

1 0 7 
--------------------------------------------------------------

Table 7.23 PR Axiom Table 

~ 

-....J 
tv 
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Ibl Inop Ilout luout Ipr 

Ilpr Imk3 0 1 
I 0 1 

I 169 1 11 
I 0 

21rcp 1m 13 1 0 1 
I 1691 11 2 

31procmd luwt 0 1 
I 0 1 

I 1691 0 1 
I 2 

41rc Icon 0 1 
I 0 1 

I 0 1 
I 0 1 

I 0 
-llprocmd IIOI 13 1 0 1 

I 169 1 01 2 
---------------------------------------------------------

Table 7.24 RC Axiom Table 

lbl Ips Ipt Inop 1 lout luout Ipr Irc Iprc 
--------------- ----------- ----- -----------------------

Ilpr mk3 0 0 1691 8 1 
I 01 0 

21rc mk3 0 0 1691 0 1 
I 11 0 

31prcp m 13 0 1691 81 11 2 
41procmd uwt 0 0 1691 0 1 

I 0 1 
I 2 

Slprc con 0 0 0 1 
I 0 1 

I 0 1 
I 0 

-llprocmd IOI 13 0 1691 0 1 
I 0 1 

I 2 
---------------------------------------------------------

Table 7.25 PRC Axiom Table 
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lbll ps Ipt Inopllout'uoutlti Inopp'nosp Inoiflnoof 
----------------- --------.. -------- ----------------

1 meg 1m 131 0 1 69 1 0 0 0' , 0' , 0 
2 proeesslrfdb 0' , 0 1691 1 2 31 4' , 5 
3 relp 1m 131 0 1691 1 2 3 1 , 4' , 5 
4 proemd luwt 0' 1 0 169 1 0 0 0' , 0' , 0 
5 rel Icon 0' , 0 0' , 0 0 0' , 0 1 , 0 

-1 proemd II01 131 0 1691 0 0 01 0' , 0 
---------------------------------------------------------

pp1lpp2'sp1lsp2lsp3 Isp4 lif1 I if2 'of1 lof2 Itr Ipf 
, , 

------------- --------- --------- ___ I , 
0 0 0 0 0' , 0 0 1 , 0 0' , 0 0 0' , 
6 7 8 9 101 11 121 13 141 15 0 0 1 , 

=> 6 7 8 9 101 11 121 13 141 15 16 171 
0 0 0 0 0 1 , 0 0' , 0 0' , 0 16 171 
0 0 0 0 0' , 0 0' , 0 0' , 0 0 0' , 
0 0 0, 0 0' I 0 0' , 0 0 1 , 0 16 171 

--------------------------------_._-------------------, , 

Table 7.26 REL Axiom Table 

Ilbl Ips Ipt Inop I lout luout Ipr ' re 'pre Itr Ipf Ifg 
1-------------------- ----------- -------, 

11pr Imk31 0 0 1 169 20 0 0 0 0' 0 1 , 
2 re Imk31 0 0 169 0 19 0 0 0 0 
3 pre Imk31 0 0 169 0 0 18 0 0 0 
4 rel Imk31 0 0 169 0 0 0 1 2 0 
5 £gp 1m 1 13 0 169 20 19 18 1 2 3 , 
6 proed luwtl 0 0 169 0 0 0 0 0 3 
7 fg leonl 0, 0, 0, 0, ° ° ° 0 0' , 

-1 proemd 11011 131 01 1691 01 ° ° ° 0 3' , 
----------------------_._----------------------------- ____ I , 

Table 7.27 FG Axiom Table 
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lbl Ips pt Inop I lout luout Itr Ipf Ifg I iw 
--------------- ----- --------------------------

1 fg mk3 0 0 1 I 1691 0 1 I 01 1 0 
2 reI mk3 0 0 1 

I 1691 211 221 0 0 
3 iwp m 13 0 1 I 1691 211 221 1 1 
4 procmd uwt 0 0 1 I 1691 0 1 I 0 1 I 0 1 
5 ivT con 13 0 1 I 0 1 I 0 1 I 0 1 I 0 1 

I -1 procmd 101 13 11 I 1691 0 1 I 01 0 1 
1 ______ ----------------------------------------------- _____ I 

Table 7.28 IW Axiom Table 

lbl IpS Ipt Inop I lout luout liw Ism 
------ ------------------------------ ------------- ------

1 iw Imk3 0 1 I 0 169 1 1 0 
2 smp 1m 131 0 1691 1 2 
3 procmd luwt 0 1 I 0 169 1 0 2 
4 sm Icon 01 0 0 1 I 0 0 

-1 procmd 1101 131 1 1691 0 2 
----------------------------------------------------------

Table 7.29 SM Axiom Table 

Ilbl Ips Ipt Inop I lout luout Ism lord 
---------------- ------ ----------------------------------

11sm mk3 0 1 I 01 1691 11 I 0 
210smp m 131 0 1 I 1691 11 1 
31procmd uwt 01 01 1691 0 1 

I 1 
410sm con 0 1 

I 0 1 
I 0 1 I 01 0 

-1 1 procmd 101 131 11 I 169 1 0 1 I 1 
----------------------------------------------------------

Table 7.30 OSM Axiom Table 
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lbll ps Ipt Inop Isteplloutluoutliw lord Ik In Ipg Igm 
--------------- ------------------ ---------

lliw Imk3 0 0 7QI - 1 85 1 31 0 0 1 1 0 1 0 0 
2 osm Imk3 0 0 791 85 1 01 1 01 0 0 0 
3 pgp 1m 13 7 791 85 1 0 1 1 1 21 1 3 1 0 
4 gmp 1m 13 7 791 85 1 3 1 1 0 21 1 3 1 2 
5 procmdluwt 0 0 791 851 01 0 21 3 1 2 
6 gm Icon 0 0 0 1 1 0 1 1 0 1 1 0 01 0 0 0 

-1 procmdlIOl 13 7 791 851 0 1 1 0 21 1 3 1 2 
----------------------------------------------------------

Table 7.31 GM Axiom Table 

lbl Ips Ipt I nop Inof step lout luout Inoif 
-------------- --------- ----- ----- ----- -----

1 gm mk3 1 0 0 0 1 234 0 1 
2 meq m 1 13 0 0 0 234 0 

• 3 addl m 1 0 0 0 1 0 0 1 
4 process rfdb l 0 0 0 1 234 3 
5 pfrp m 13 18 7 1 234 3. 
6 filemd awt 0 0 0 0 234 0' , 
7 filemd uwt 0 0 0 0 234 0' , 
8 pfr con 0 0 0 0 0 ' , 0 1 , 

, -1 filemd 101 131 18 7, 1 2341 01 
1------------------- ---------------------------______ 1 1 

Inoof lif1 I if2 lof1 lof2 'k In. Ipg Igm Ipfr :,1 _____ ----- ----- ----------- --------
0 0 0 0 0 II 21 1 1 11 0 
0 0 0 0 .:: O· 0 1 1 0 0 1 1 0 
0 0 0 0 0 0 0 1 1 0 0 1 1 0 

=> 4 5 6 7 8 0 0 1 1 0 0 1 1 0 
4 5 6 7 8 1 21 1 1 01 9 
0 0 0 0 0 0 0 1 1 0 0 1 1 0 
0 0 0 0 1 1 0 1 0 01 0 0 1 1 9 
0 0 0 01 01 0 0 1 1 0 1 01 0 

1 0 0 0 1 1 01 0 1 1 0 1 0 1 1 0 1 1 0 1 1 9 
1-----------------------------------------------

Table 7.32 PFR Axiom Table 



Ilbllps Ipt InoplnoflsteplloutluQutlpfrlrecslnoreclfsltvlnalttvl 
1--------------- --------------------------

_________________ 1 

I 
1 11pfr Imk3 01 01 01 109 1 1261 1 0 01 0 0 0 O· 1 1 

2\meq 1m 0\ 18 1 0 1 
1 01 126\ 0 0 01 0 0 0 O· 1 

31 f ile Irfdb 01 01 0 1 
1 109 1 126 1 0 2 31 0 0 0 0 1 

I 
41tvp 1m 131 181 71 109 1 1261 1 2 31 4 5 6 71 
51filemdluwt 01 01 O· 1 1091 126 1 0 0 01 4 5 6 7\ 
61 t v Icon 0 1 

1 0 1 
1 01 01 01 0 0 01 0 0 0 O· 1 

-llfilemdlIOl 13\ 18\ 71 109\ 1261 0 0 0\ 4 5 6 7\ ______________________________________________________ ------ ______ 1 

• 

Table 7.33 TV Axiom Table 

I-' 
-.J 
..-J 
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Ibl Ips Ipt Inop Inof Ilstep lustep I step I lout 
----------------- ------ --------------------

1 meq 1m I 0 0 6 01 8 ' 0 I I 
2 tv Imk3 I 0 0 0 0 ' 8 ' 66 I I I 
3 gm Imk3 I 0 0 0 0 ' 8 ' 66 I I I 
4 add1 1m I 0 0 0 0 ' 8 ' 0 I I I 
5 It Ilog I 0 0 0 71 8 ' 0 I I 
6 grntvp 1m I 13 18 6 71 0 ' 66 I I 
7 procmd luwt , 0 0 0 01 0' 66 , , 
8 grntv Icon I 0 0 0 0 ' 01 01 I , 

-1 procmd 1101 , 13 18 , 0 01 0 ' 661 I I 
-------------------------------------------------------I 

uout Ifs ltv Ina Ittv Ik In Ipg Igm Ifb I I 
----- ----------- ------- - ______ 1 

0 0 ' I 0 0 0 0' 0 0 0' I 0 
85 101 11 12 13 0 0 0 01 0 
~5 0 0 0 0 14 15 2 41 0 

=> 0 0 0 0 0 0 0 0 01 0 
0 0 0 0 0 0 0 0 0 ' I 2 
0 0 0 0 13 0 0 0 01 0 

85~ 0 0 0 13 14 15 2 41 0 
01 0 0 0 0 0 0 0 0 ' I 0 

I 851 0 0 0 131 14, 15 2 41 0 , 
1------------------------------------------

Table 7.34 GMTV Axiom Table 
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Ilbllps Ipt Inoplnoflgmwltvwldintlsteplloutluoutlk I I 
1------------ -------- ------- --------- __ I 

I 
I 1 addl m 0 0 0 1 0 0 7 0 0 0 1 
I I 
I 2 gm mk3 0 0 0 0 0 7 53 91 101 I 
I 3 addl m 0 0 0 0 0 7 0 0 0 1 I 

4 It log 13 0 0 0 0 7 0 0 0 
5 self3 m 13 0 0 0 0 0 0 0 0 
6 meq m 0 0 0 0 0 7 0 0 1 0 
7 addl m 0 0 0 0 4 0 0 0 1 I 0 
8 tv mk3 0 0 0 0 0 7 53 911 0 
9 addl m 0 0 0 0 4 0 0 0 1 I 0 

10 eq log 0 1 0 0 0 4 0 0 01 0 
11 meq m 0 0 0 0 0 71 0 1 0 0 
12 eq Ilog 0 0 1 0 0 4 0 1 I 0 0 0 
13 1meq m 0 0 0 0 0 71 0 0 0 
141eq log 0 0 0 0 4 0 1 I 0 0 0 
1510pgp m 13 18 5 5 0 0 1 I 53 91 0 
161procmd uwt 13 18 5 5 0 0 1 I 53 91 10 
1710pg con 0 0 0 0 0 01 0 0 0 
-llprocmd 101 13 18 5 51 4 71 53 91 10 

--------------------------------------------------------

n Ipglgmlfsteplsstepltsteplfsltvlna Ittvltm liconlfb 
----------------- ----- ----------------

0 01 0 01 0 0 0 0 0 0 1 I 0 0 1 I 0 
11 21 4 0 1 I 0 0 0 0 0 0 0 0 1 0 

0 01 0 01 0 0 0 0 0 0 0 0 0 
0 0 1 I 0 0 1 I 0 0 0 0 0 0 0 0 2 
0 0 1 

1 4 5 6 7 0 0 0 0 0 0 0 
0 0 1 I 0 5 0 0 0 0 0 0 0 0 0 
0 0 1 01 0 0 0 0 0 0 0 0 0 0 

=> 0 0 0 1 0 0 0 21122 23 24 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 

I 0 0 0 0 0 0 0 0 0 0 0 2 13 
0 0 0 0 6 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 3 8 
0 0 0 0 0 7 0 0 1 I 0 0 0 0 0 
0 0 0 0 0 0 0 0 1 I 0 0 0 4 8 
0 0 4 51 6 7 0 0 1 

! 0 24 5 0 0 
11 2 41 01 0 0 0 0 1 I 0 24 5 0 0 

0 0 01 0 1 I 0 0 1 0 0 1 I 0 1 0 0 0 0 
11 2 41 I 51 6 1 71 0 01 01 24 51 0 0 

------------------------------------------------------

'l'able 7.35 OPG Axiom Table 
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The module base contains the following modules: 

1) PRP Figures out the precedence relationships, 

given factual data on the processes. 

2) RCP: Figures out the reachability relationships, 

given precedence relationships. 

3) PRCP 

relationships, 

relationships. 

Figures out the partial 

given precedence and 

reachability 

reachability 

4) RELP: Figures out the timing and process-file 

relationships, given factual data on the processes. 

5) FGP: Figures out feasible groupings of processes, 

given reachability, partial reachability, and timing and 

process-file relationships. 

6) IWP: Calculates interdependency weights, given 

timing and process-file relationships, and feasible 

groupings of the processes. 

7) SOOP Calculates similarity measures, given 

interdependency weights. 

8) OSOOP: Decides the order of similarity measures, 

given similarity measures. 

9) PGP Figures out process grouping for a particular 

step, given order of the similarity measures. 

10) GMP Calculates goodness measures for a 

particular step, given interdependency weights and process 

groupings. 
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11) PFRP Figures out the relationship processes and 

files for a particular step, given goodness measure and 

factual data on the processes. 

12) TVP Calculates transport volume for a particular 

step, given relationships of processes and files, and 

factual data on the files. 

13) GMTVP Moves the transport volume data to 

appropriate locations of the specified working array, given 

transport volume for a range of steps. 

14) SELF3: Selects the first three steps which result 

in process organizations ranked at the first, second, and 

third levels of optimality in terms of GM, given GM for all 

steps. 

15) OPGP: Calculates scale factors for the selected 

first three process organizations and ranks them in terms of 

scale factor, given GM and TV for the selected ones. 

16) MEQ: Makes output the same as input. 

17) ADD!: Makes output have the value of input plus 

one. 

The last two modules are invoked several times, 

allowing sharing of the modules. The other modules are 

invoked only one time in the development of the modeling 

knowledge. 
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An output-formats must be designed, since the outputs of 

most user queries include matri}t data. In this case, 

problem-specific output formats are stored in the 

output-format base. The actual formats are shown in 

Appendix C. "procmd" and "filemd" tables are created and 

updated automatically by the GIPSS as working tables to 

store matrix data. 

It has taken about 15 man-days to implement the CAPO 

system. The output generator consists of 350 lines of 

PASCAL code, and the module base contains 1120 lines of 

PASCAL code altogether. 

7.3 Summary 

The generality feature of the GIPSS has been 

demonstrated by implementing two domain-specific DA using 

the software tool as a DA generator. Only a KS has been 

.developed for eachDA to interact with the GIPSS. In fact, 

the GIPSS is suf:iiciently domain-independent to make it 

applicable to any kind of domain, whether analytic-model 

oriented or heuristic-rule oriented. This power of the 

GIPSS comes from the integration of the DSS and the ES in 

such a way that modeling knowledge and heuristic rules are 

stored in the relational tables in a uniform manner. 

We have found that the development effort for each 
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sy?tem has been reduced dramatically by this approach. 

Furthermore, each module in the model base as well as each 

output format in the output-format base is totally 

independent of the others and of GIPSS. They have data 

coupling only within the system. 

The intelligence feature of the GIPSS has been shown 

by the user-input generating capabilities, the dynamic 

modeling capabilities, and the learning capabilities of the 

system. With some extension, the GIPSS can do sensitivity 

analysis and provide direct explanation capabilities since 

the system has been designed to be able to trace chains of 

knowledge. 

Although the dialog style adopted to implement this 

prototype GIPSS is menu-driven only, enough versatile dialog 

styles can be added to the system to make it acceptable to 

users having different level of skills. 



CHAPTER 8 

CONCLUSIONS 

The focus of this research has been on a generalized 

approach to development of DA whiGh are intelligent, 

powerful, and user-friendly. The following characteristics 

have been identified as important foundations for this 

research: 

1) The software systems developed for decision supports 

embed two kind of knowledge: domain-dependent knowledge and 

domain-independent knowledge. By extracting and aggregating 

the functions of domain-independent knowledge from the 

currently existing systems, we find that they include data 

management, model management, and dialog management. 

2) Many benefits, such as reduction of program 

maintenance costs, reduction of data redundancy and 

increased data sharing, have resulted from the separation of 

application programs and data management functions (DBMS). 

This approach might be applied to model management and 

dialog management to pave the way to a generalized approach 

to DA implementation. 

184 
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3) A DA into which DSS and ES concepts for problem 

solving are incorporated should be powerful enough to solve 

a variety of problems requiring quantitative analysis and/or 

qualitative heuristic judgment, and should be intelligent 

enough to mimic the human problem-solving process. 

Heuristic rule management function (inference) of an ES here 

may be viewed as domain-independent knowledge. 

4) If the domain-dependent knowledge about modeling, 

heuristics, and dialog can be represented uniformly in a 

model designed for data representation, a DBMS developed for 

the data model, with some extensions, could be utilized as 

model management system, heuristic rule management system, 

and dialog management system. 

These findings have guided the formulation of a 

conceptual framework for a future advanced DA in which there 

are two main building blocks: a generalized intelligent 

problem-solving system (GIPSS) which embeds only 

domain-independent knowledge and a knowledge system (KS) 

which stores domain-dependent knowledge. The GIPSS serves 

as a DA generator in the sense that an application-specific 

DA can be built by linking the KS developed for an 

application field with the GIPSS. The feasibility of this 

approach was demonstrated by implementing a prototype GIPSS 

and building two application-specific DA, COCOMO and CAPO, 

with the GIPSS. 
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8.1 Contributions 

The primary contribution of this research has been 

the development of a relational (tabular) model for the 

uniform representation of modeling knowledge and heuristic 

rules. The relational model~ which derives its precision 

from mathematical set theory, initially was designed for 

data representation. It offers a simple but p~ecise 

approach to logically describing a data base and it provides 

users with a clear view of data. 

By adopting the relational model to represent other 

knowledge in addition to data, the main functions of 

domain-independent knowledge can be incorporated into a 

single integrated system since it provides a unified logical 

view of each type of knowledge, and subsequently facilitates 

communication among them. Communication is critical so that 

the output obtained from execution of one piece of knowledge 

can readily be used by another piece of knowledge as input. 

Moreover, the relational data model adds another dimension 

to this approach since matrix representation of data 

(tables) have been popularly adopted by OR/MS models which 

are widely used in DSS. Thus, the lin]{age between models 

and their data is greatly enhanced. 

In addition, the relational model permits knowledge 

expressed in predicate calculus to be organized or 
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structured .. This makes possible evaluative capabilities 

resulting from embedding branching knowledge and, more 

importantly, facilitates the inference process. Actually, 

the relational knowledge model remedies the major. 

shortcoming of knowledge representation in predicate 

calculus, which does not indicate how modeling knowledge and 

heuristic rules can be structured to facilitate inferences. 

other contributions of this research have been 

establishment of the paradigm of GIPSS to be used as a DA 

generator and implementation of a prototype GIPSS based on a 

relational model for knowledge representation. A result has 

been the development of relational resolution as an 

inference principle which can be applied to the knowledge 

stored in relational axiom tables. Inferences in the 

relational resolution are drawn by firing a set of axioms in 

backward chaining and depth-first searching strategies. 

Compared with the original resolution principle, the 

relational resolution shows some outstanding features; it 

does not need the conversion of each WFF into clause form, 

nor does it require explicit unification procedures which 

too often ne~essitate some backtracking. 

In particular, dynamic modeling capabilities and 

learning capabilities have been operationalized in the 

prototype GIPSS to validate the effectiveness of the 

paradigm. These capabilities have been realized by 

integrating the ES and DSS concepts into a single system. 
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Two cases chosen to demonstrate the features of ~he 

GIPSS are more than just "toy" problems. They can be used 

effectively as decision aids in real situations. In one 

case, software development effort ann cost in each phase of 

a system life cycle are estimated. In the other, processes 

are clustered into program modules that satisfy the 

attributes associated with a structured software design. We 

believe that the dynamic modeling capabilities and the 

learning capabilities of the GIPSS have made these systems 

more flexible and intelligent than they were in their 

original implementation. 

effort in each case has 

employing this approach. 

Furthermore, the development 

been reduced dramatically by 

8.2 Extensions and Future Research 

A prototype GIPSS has been implemented in a VAX 

environment using PASCAL as a host language and INGRES as a 

relational DBMS. The response time to a prob~em posed by a 

user is longer than when the system is developed by 

traditional programming. We believe that it stems from some 

features of INGRES: 1) it cannot open more than one data 

base simultaneously, 2) it requires a relatively long time 

to update data. As can be expected, more powerful and fast 

relational DBMS become available in the near future and 

processing time of computer hardware should be reduced 

dramatically. 
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The prototype GIPSS implemented for the purpose of this 

research is only the first step toward development of a 

system which can be used effectively in real situation. We 

outline here our views on the future direction that this 

research may take. 

1) It is required to improve the system's performance 

so that faster response time be obtained. Response time is 

critical in order for a DA to be acceptable to a decision 

maker. A GIPSS could be implemented in a personal computer 

by employing a spread-sheet software, which represents data 

in a tabular structure like a relational DBMS. In that 

case, the system's performance might be expected to be 

improved. 

2) GIPSS is flexible and can be extended to incorporate 

sensitivity analysis, to upgrade dialog management function, 

and to provide explanation capabilities on users requests. 

Sensitivity analysis can be incorporated by adding one more 

row, I02, into each axiom table. Although the current 

version of GIPSS is designed to interact with a user in a 

menu-driven dialog style, it could be upgraded to handle a 

variety of dialog styles, and perhaps have the ability to 

shift among them at the users' choice. The current GIPSS 

explains its underlying reasoning process before it displays 

the solution to the user irrespective of his (her) intention. 

Since the system can trace the chaining of knowledge, it can 
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be extended so that it could provide the explanation 

whenever the user requests it. 

3) The following issues suggest 

research: 

possible future 

a) How can probabilistic or uncertain knowledge be 

represented? The fuzzy set concept might be applied. 

b) how can knowledge system development be 

automated? A translation mechanism from verbal rules to 

relational axiom tables may be desired. 

c) how can parallel problem solving be incorporated? 

We conclude that computer support of high-level 

decision making requires the coordination of data 

management, model management, heuristic rule management, and 

dialog management. This, in turn, implies the need for 

integration of concepts and tools from various fields, 

including data base management, OR/MS models, artificial 

intelligence, and linguistics. We suggest that a relational 

model for knowledge representation provides a powerful 

medium which effectively encompasses all four (Figure 8.1). 
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Figure 8.1 Relational Model as a Unified Knowledge 
Representation Scheme in Decision Aids 
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APPENDIX A 

META-KNOWLEDGE BASE 

ITRF table 

fno litrf Idescpt 

llYIELD 1 Revenue, Expense, Profit, Dividend 
21 INVESTMENT 1 Decision on Stock Purchase 
31CAPO IDecision on Process Organization 
41COCOMO IEstimation of System Development Effort 

YIELD table 

qno Ikb 

Ilmkl 
21mkl 
31mkl 
41mkl 

1 rev 
lexp 
Ipr 
Idiv 

INVEST~IENT table 

qno lkb 

llerl 
21erl 
31erl 
41erl 

lqr 

1 minimum 
I invest 
Ipsr 
Ipurstks 

Idescpt 

I revenue 
lexpence 
Iprofit 
I dividend 

ldescpt 

IMinimum Amount 
IWhere to invest 
ILevel of PSR 
IPurchase stocks? 
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COCOMO table 

QrNo IKwBs IQr 

1 mk2 
2 mk2 
3 mk2 
4 mk2 
5 mk2 
6 mk2 
7 mk2 
8 mk2 
9 mk2 

10 mk2 
11 mk2 

leaf 
lmanm 
ltdev 
prod 
staff 
lcn 
mmph 
tdph 
stph 
lcph 
stact 

I Description 

'Effort Adjustment Factor 
Total Development Effort (man-months) 
Total Development Schedule (months) 
Productivity (DSI/MM) 
Average Staffing (FSP) 
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Total Development Cost (dollars) 
D"evelopme':1t Effort by Phase (man-months) 
Development Schedule by Phase (months) 
Staffing by Phase (FSP) 
Development Cost by Phase (dollars) 
Staffing by Activity (FSP) 

1----------------------------------------------------------

CAPO table 

QrNo I KwBs 
-----------

Ilmk3 
2lmk3 
3lmk3 
41mk3 
Slmk3 
6 mk3 
7 mk3 
8 mk3 
9 mk3 

10 mk3 
11 mk3 
12 mk3 
13 mk3 

IQr 
-----
pr 
rc 
prc 
reI 
fg 
iw 
sm 
osm 
gm 
pfr 
tv 
gmtv 
opg 

'deacpt 

Precedence Matrix 
Reachability Matrix 
Partial Reachability Matrix 
Matrix of Concurrent Process 
Matrix of Feasible Grouping 
Interdependency Weight Matrix 
Similarity Matrix 
Sorted Similarity Matrix 
Goodness Measure(GM) for a Step 
Incident Matrix 
Transport Volume(TV) for a Step 
GOO and TV for a Range of Steps 
Optimal Process Grouping 



IOVarTy table 

!kw Ilbllps Inoinlnooutlivl liv2 litllit2 1 0vl lov2 lotllot21 1 _______ ------------------------------------- --------------- ______ 1 I I 
I minimum 1 client I 11 llcname Istr age I inti I 

I I 
m::nimum 2 It I 11 Ilage int ic I 1 inti I I I I I 
minimum 3 minimum I 11 llcname str minimuml lint! I 

I 
minimum 4 gt I 11 llage int ic I lint I I I 
minimum 5 minimuml 1 llcname str minimuml lint I 
minimum 6 minimum I 1 llcname str minimum i~t I I 
invest 1 client I 1 1 cname str inv int I I , 
invest I 2 minimuml 1 1 cname str minimum int I 

I 
invest 3 1lt I 1 1 inv lint minimum int I 

I I 

invest 41 invest I 2 1 cname minimum str int invest str I 
I I 

invest 51 invest I 2 1 cname minimum str int invest str I 
I I 

Ipsr 11 company I 1 2 coname str rev copsr int rell 
Ipsr 21It 1 1 rev int ic lint 
Ipsr 3 It 1 l,copsr re rc re 
psr 4 psr 1 llconame strl psr str 
psr 5 ge I' llrev int ic int 
psr 6 It 1 llcopsr re rc re 
psr 7 psr 1 llconame I str psr str 
psr 8 psr 1 l'coname str psr str 
purstks I I Psr 0 1 psr str 
purstks 21 invest 0 1 invest str 
purstks 3!eq 1 1 psr str sc strl 
purstks 4!eq I 1 1 invest str sc I str ! 
purstks 51purstksl 2 1 psr invest str str purstks Istrl 
purstks l 6lpurstksl 21 1 psr ,invest strlstrlPurstks, Istrl 
--------------------------------------------- -----------------------------

* There should be other IOVARTY tables for Yield OA, COCOMO OA, CAPO OA. 

J-I 
\.0 
f!:.>. 



APPENDIX B 

A SESSION WITH THE GIPSS 

**************************************** 
* WELCOME TO THE WONDERFUL WORLD * 
* OF * 
* G IPS S * 
**************************************** 

»> Press RETURN key to be continued : <RET> 

»> Which Decision Aid (DA) do you want to access? 

1. ==> Revenue, Expense, Profit, Dividend 
2. ==> Decision on Stock Purchase 
3. ==> Decision on Process Organization 
4. ==> Estimation of System Devzlopment Effort 

»> Enter the number, and press RETURN key : 2 
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»> What information do you want? 

1. ==> Minimum Amount 
2. ==> Where to Invest 
3. ==> Level of PSR 
4. ==> Purchase Stocks 

»> Enter the number, and press RETURN key : 2 

»> Enter input data for the following variables. 
Upon entering each data, press RETURN key to 
enter next data. But if you do not know the 
data for some variable, just press RETURN key. 

1. cname 
2. minimum 

(str type) 
(int type) 

dave 
<RET> 
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* Even though the value for "minimum" is not entered by the 
user, the system can figure out the value with the stored 
knowledge and user input data "cname". 



»> This screen shows how the modeling knowledge 
and heuristic rules are chained to get an 
anS\'ler to your query. 

Pred-Sym Pred-type 
-------- ---------
invest erl 
client rfdb 
minimum erl 
client rfdb 
It log 
gt log 
minimum con 
lt log 
invest con 

»> Press RETURN key to get an answer : <RET> 

»> The answer to your query is; 

1. invest: stocks 

»> Press RETURN key to be continued : <RET> 

»> What are you going to do next? 

1. ==> Get another info. using the current DA. 
2. ==> Switch other DA from the current DA. 
3. ==> Exit. 

»> Enter the number, and press RETURN key : 1 
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»> What information do you want? 

1. ==> Minimum Amount 
2. ==> Where to Invest 
3. ==> Level of PSR 
4. ==> Purchase Stocks 

»> Enter the number, and press RETURN key : 1 

»> Enter input data for the following variables. 
Upon entering each data, press RETURN key to 
enter next data. But if you do not know the 
data for some variable, just press RETURN key. 

1. cname (str type) dave 

»> This screen shows how the modeling knowledge 
and heuristic rules are chained to get an 
answer to your query. 

Pred-Sym Pred-type 
--"------

minimum er1 

»> Press RETURN key to get an answer : <RET> 
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* Since the GIPSS has learned the minimum amount value of a 
customer, Dave from the previous query, it is enough only 
to retrieve the value from the long-term memory, 101 row. 



»> The answer to your query is; 

1. minimum 6,000 

»> Press RETURN key to be continued : <RET> 

»> What are you going to do next? 

1. 
2. 
3. 

==> 
==> 
==> 

Get another info. using the current DA. 
Switch other DA from the current DA. 
Exit. 

»> Enter the number, and press RETURN key : 1 

»> What information do you want? 

1. ==> Minimum Amount 
2. ==> Where to Invest 
3. ==> Level of PSR 
4. ==> Purchase Stocks 

»> Enter the number, and press RETURN key : 4 
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»> Enter input data for the following variables. 
Upon entering each data, press RETURN key to 
enter next data. But if you do not know the 
data for some variable, just press RETURN key. 

1. psr (str type) <RET> 
2. invest (str type) <RET> 
3. coname (str type) bbb 
4. cname (str type) dave 
5. minimum (in't type) <RET> 
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* First, the GIPSS generates a set of user input variables, 
"psr", and "invest". However, it generates another set of 
user input variables, "coname", "cname", and "minimum" 
since the user do not know the values. 

»> This screen shows how the modeling knowledge 
and heuristic rules are chained to get an 
answer to your query. 

Pred-Sym Pred-type 
-------- ---------
purstks erl 
psr erl 
company rfdb 
It log 
It log 
ge log 
psr con 
invest erl 
eq log 
purstks con 

»> Press RETURN key to get an answer : <RET> 



»> The answer to your query is; 

1. purstks no 

»> Press RETURN key to be continued : <RET> 

»> What are you going to do next? 

1. ==> Get another info. using the current DA. 
2. ==> Switch other DA from the current DA. 
3. ==> Exit. 

»> Enter the number, and press RETUru~ key : 2 

»> Enter [K] or [D] to keep or destroy 
the Long-Term Memory of the current 
DA, and press RETURN key k 
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»> Which Decision Aid (DA) do you want to access? 

1. ==> Revenue, Expense, Profit, Dividend 
2. ==> Decision on Stock Purchase 
3. ==> Decision on Process Organization 
4. ==> Estimation of System Development Effort 

»> Enter the number, and press RETURN key : 4 

»> What information do you want? 

1. ==> Effort Adjustment Factor 
2. ==> Total Development Effort (man-months) 
3. ==> Total Development Schedule (months) 
4. ==> Productivity (DSI/MM) 
5. ==> Average Staffing (FSP) 
6. ==> Total Development Cost (dollars) 
7. ==> Development Effort by Phase (man-months) 
8. ==> Development Schedule by Phase (months) 
9. ==> Staffing by Phase (FSP) 

10. ==> Development Cost by Phase (dollars) 
11. ==> Staffing by Activity (FSP) 

»> Enter the number, and press RETURN key : 7 

»> Enter input data for the following variables. 
Upon entering each data, press RETURN key to 
enter next data. But if you do not know the 
data for some variable, just press RETURN key. 

1. mode (str type) 
2. edsi (int type) 
3. phase (str type) 
4. manm (re type) 

organic 
8000 
product design 
<RET> 
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»> This screen shows how the modeling knowledge 
and heuristic rules are chained to get an 
answer to your query. 

Pred-Sym Pred-type 
-------- ---------
mmph mk2 
manm mk2 
eaf mk2 
eff rfdb 
effort m 
manm con 
nom m 
ph rfdb 
ph rfdb 
inter m 
multperc m 
mmph con 

»> Press RETURN key to get an answer : <RET> 

»> The answer to your query is; 

1. mmph 3.40860E+00 

»> Press RETURN key to be continued : <RET> 

»> What are you going to do next? 

l. 
2. 
3. 

==> 
==> 
==> 

Get another info. using the current DA. 
Switch other DA from the current DA. 
Exit. 

»> Enter the number, and press RETURN key : 1 
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»> What information do you want? 

1. ==> Effort Adjustment F3ctor 
2. ==> Total Development Effort (man-months) 
3. ==> Total Development Schedule (months) 
4. ==> Productivity (DSlfMM) 
5. ==> Average Staffing (FSP) 
6. ==> Total Development Cost (dollars) 
7. ==> Development Effort by Phase (man-months) 
8. ==> Development Schedule by Phase (months) 
9. ==> Staffing by Phase (FSP) 

10. ==> Development Cost by Phase (dollars) 
11. ==> Staffing by Activity (FSP) 

»> Enter the number, and press RETURN key : 11 

»> Enter input data for the following variables. 
Upon entering each data, press RETURN key to 
enter next data. But if you do not know the 
data for some variable, just press RETURN key. 

1. 
2 . 
3. 
4. 
5. 
6. 
7. 
8. 
9. 

10. 
11. 

mode 
edsi 
phase 
activity 
stph 
mmph 
tdph 
manm 
tdph 
model 
eaf 

(str 
(int 
(str 
(str 
(re 
(re 
( re 
(re 
{re 
(str 
(re 

type) 
type) 
type) 
type) 
type) 
type) 
type) 
type) 
type) 
type) 
type) 

embedded 
512000 
product design 
test planning 
<RET> 
<RET> 
<RET> 
<RET> 
<RET> 
basic 
1.0 
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»> This screen shows how the modeling knowledge 
and heuristic rules are chained to get an 
answer to your query. 

Pred-Sym Pred-type 
-------- ---------
stact mk2 
stph mk2 
mmph mk2 
manm mlt2 
eaf mk2 
eff rfdb 
effort m 
manm con 
nom m 
ph rfdb 
ph rfdb 
inter m 
multperc m 
mmph con 
tdph mk2 
rediv m 
stph con 
nom m 
act rfdb 
act rfdb 
inter m 
multperc m 
stact con 

»> Press RETURN key to get an answer : <RET> 
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»> The answer to your query is; 

1. stact 5.93373E+00 

»> Press RETURN key to be continued : <RET> 

* It might be compared with the value of ST-ACT in the page 
144. 

»> What are you going to do next? 

1. ==> Get another info. using the current DA. 
2. ==> Switch other DA from the current DA. 
3. ==> Exit. 

»> Enter the number, and press RETURN key : 2 

»> Enter [K] or [D] to keep or destroy 
the Long-Term Memory of the current 
DA, and press RETURN key k 



»> Which Decision Aid (DA) do you want to access? 

1. ==> Revenue, Expense. Profit, Dividend 
2. =~> Decision on Stock Purchase 
3. ==> Decision on Process Organization 
4. ==> Estimation of System Development Effo~t 

»> Enter the number, and press RETURN key : 3 

»> What information do you want? 

1. ==> Precedence Matrix 
2. ==> Reachability Matrix 
3. ==> Partial Reachability Matrix 
4. ==> Matrix of Concurrent Process 
5. ==> Matrix of Feasible Grouping 
6. ==> Interdependency Weight Matrix 
7. ==> Similarity Matrix 
8. ==> Sorted Similarity Matrix 
9. ==> Goodness Measure(GM) for a Step 

10. ==> Incident Matrix 
11. ==> Transport Volume(TV) for a Step 
12. ==> GM and TV for a Range of Steps 
13. ==> Optimal Process Grouping 

»> Enter the number" and press RETURN key : 6 

»> Enter input data for the following variables. 
Upon entering each data, press RETURN key to 
enter next data. But if you do not know the 
data for some variable, jUS"t press RETURN key. 

1. nop (int type) 13 
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»> This :3creen shows how the modeling knowledge 
and heuristic rules are chained to get an 
answer to your query. 

Pred-Sym Pred-type 
-------- ---------

iw mk3 
fg mk3 
pr mk3 
meg m 
process rfdb 
prp m 
procmd awt 
procmd mit 
pr con 
rc mk3 
pr mk3 
rcp m 
procmd uwt 
rc con 
prc mk3 
pr mk3 
rc mk3 
prcp m 
procmd uwt 
pre con 
rel mk3 
meg m 
process rfdb 
relp m 
procmd uwt 
reI con 
fgp m 
procmd uwt 
fg con 
reI mk3 
iwp m 
procmd uwt 
iw con 

»> Press RETURN key to get an answer : <RET> 
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----------------------------------------------------------

*** Interdependency Weight Matrix *** 

1 2 3 4 5 6 7 8 9 10 11 12 
1 0.0 0.9 0.0 0.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
2 0.9 0.0 0.9 0.0 0.5 0.0 0.9 0.0 0.0 0.0 0.0 0.0 
3 0.0 0.9 0.0 0.0 0.0 0.3 0.5 0.0 0.0 0.0 0.0 0.0 
4 0.3 0.0 0.0 0.0 0.9 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
5 0.0 0.5 0.0 0.9 0.0 0.9 0.9 0.0 0.0 0.0 0.0 0.0 
6 0.0 0.0 0.3 0.0 0.9 0.0 0.5 0.0 0.0 0.0 0.0 0.0 
7 0.0 0.9 0.5 0.0 0.9 0.5 0.0 0.9 0.9 0_0 0.9 0.0 
8 0.0 0.0 0.0 0.0 0.0 0.0 0.9 0.0 0.5 0.0 0.5 0.0 
9 0.0 0.0 0.0 0.0 0.0 0.0 0.9 0.5 0.0 0.9 0.7 0.0 

10 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.9 0.0 0.0 0.3 
11 0.0 0.0 0.0 0.0 0.0 0.0 0.9 0.5 0.7 0.0 0.0 0.9 
12 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.3 0.9 0.0 
13 0.0 0.0 0.0 0.0 0.0 0.0 0.9 0.5 0.7 0.0 0.7 0.0 

»> Press RETURN key to be continued <RET> 

»> What are you going to do next? 

l. 
2. 
3. 

==> 
==> 
==> 

Get another info. using the current DA. 
Swi tch o'cher DA from the current DA. 
Exit. 

»> Enter the number, and press RETURN key : 1 

13 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.9 
0.5 
0.7 
0.0 
0.7 
0.0 
0.0 



»> What information do you want? 

1. ==> Precedence Matrix 
2. ~=> Reachability Matrix 
3. ==> Partial Reachability Matrix 
4. ==> Matrix of Concurrent Process 
5. ==> Matrix of Feasible Grouping 
6. ==> Interdependency Weight Matrix 
7. ==> Similarity Matrix 
8. ==> Sorted Similarity Matrix 
9. ==> Goodness Measure(GM) for a Step 

10. ==> Incident Matrix 
11. ==> Transport Volume(TV) for a Step 
12. ==> GM and TV for a Range of Steps 
13. ==> Optimal Process Grouping 

»> Enter the number, and press RETURN key : 9 

»> Enter ipput data for the following variables. 
Upon entering each data, press RETURN key to 
enter next data. But if you do not know the 
data for some variable, just press RETURN key. 

1. nop 
2. step 

(int type) 
(int type) 

13 
7 
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»> This screen shows how the modeling knowledge 
and heuristic rules are chained to get an 
answer to your query. 

Pred-Sym Pred-type 
-------- ---------

gm mk3 
iw mk3 
osm mk3 
sm mk3 
iw mk3 
smp m 
procmd uwt 
sm con 
osmp m 
procmd uwt 
,')sm con 
pgp m 
gmp m 
procmd uwt 
gm con 

»> Press RETURN key to get an answer : <RET> 

*** Goodness Measure for Step 7 *** 

CLUSTER 1 01 
CLUSTER 2 02 03 
CLUSTER 3 04 
CLUSTER 4 05 06 
CLUSTER 5 07 08 13 11 09 
CLUSTER 6 10 
CLUSTER 7 12 

Goodness Measure : 2.38000 
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»> What are you going to do next? 

1. ==> Get another info. using the current DA. 
2. ==> Switch other DA from the current DA. 
3. ==> Exit. 

»> Enter the number, and press RETURN key : 3 

»> Enter [K] or [D] to keep or destroy 
the Long-Term Memory of the current 
DA, and press RETURN key k 

BYE 

SEE YOU A G A I N 
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APPENDIX C 

SAMPLE OUTPUTS OF THE CAPO SYSTEM 

*** Precedence Matrix of Processes *** 

1 2 3 4 5 6 7 8 9 10 11 12 13 
1 0 1 0 0 0 0 0 0 0 0 0 0 0 
2 0 0 1 0 0 0 1 0 0 0 0 0 0 
3 0 0 0 0 0 0 0 0 0 0 0 0 0 
4 0 0 0 0 1 0 0 0 0 0 0 0 0 
5 0 0 0 0 0 1 1 0 0 0 0 0 0 
6 0 0 0 0 0 0 0 0 0 0 0 0 0 
7 0 0 0 0 0 0 0 1 1 0 1 0 1 
8 0 0 0 0 0 0 0 0 0 0 0 0 0 
9 0 0 0 0 0 0 0 0 0 1 0 0 0 

10 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 1 0 
12 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 
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*** Reachability Matrix of Processes *** 

1 2 3 4 5 6 7 8 9 10 11 12 13 
1 0 1 1 0 0 0 1 1 1 1 1 1 1 
2 0 0 1 0 0 0 1 1 1 1 1 1 1 
3 0 0 0 0 0 0 0 0 0 0 0 0 0 
4 0 0 0 0 1 1 1 1 1 1 1 1 1 
5 0 0 0 0 0 1 1 1 1 1 1 1 1 
6 0 0 0 0 0 0 0 0 0 0 0 0 0 
7 0 0 0 0 0 0 0 1 1 1 1 1 1 
8 0 0 0 0 0 0 0 0 0 0 0 0 0 
9 0 0 0 0 0 0 0 0 0 1 0 0 0 

10 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 1 0 
12 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 
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**,,< Partial Reachability Matrix of Processes .,,** 

1 2 3 4 5 6 7 8 9 10 11 12 13 
1 0 0 1 0 0 0 1 1 1 1 1 1 1 
2 0 0 0 0 0 0 0 1 1 1 1 1 1 
3 0 0 0 0 0 0 0 0 0 0 0 0 0 
4 0 0 0 0 0 1 1 1 1 1 1 1 1 
5 0 0 0 0 0 0 0 1 1 1 1 1 1 
6 0 0 0 0 0 0 0 0 0 0 0 0 0 
7 0 0 0 0 0 0 0 0 0 1 0 1 0 
8 0 0 0 0 0 0 0 0 0 0 0 0 0 
9 0 0 0 0 0 0 0 0 0 0 0 0 0 

10 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 
12 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 
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*** Concurrent Processes Matrix *** 

1 2 3 4 5 6 7 8 9 10 11 12 13 
1 0 0 0 1 0 0 0 0 0 0 0 0 0 
2 0 0 0 0 1 0 0 0 0 0 0 0 0 
3 0 0 0 0 0 1 1 0 0 0 0 0 0 
4 1 0 0 0 0 0 0 0 0 0 0 0 0 
5 0 1 0 0 0 0 0 0 0 0 0 0 0 
6 0 0 1 0 0 0 1 0 0 0 0 0 0 
7 0 0 1 0 0 1 0 0 0 0 0 0 0 
8 0 0 0 0 0 0 0 0 1 0 1 0 1 
9 0 0 0 0 0 0 0 1 0 0 1 0 1 

10 0 0 0 0 0 0 0 0 0 0 0 1 0 
11 0 0 0 0 0 0 0 1 1 0 0 0 1 
12 0 0 0 0 0 0 0 0 0 1 0 0 0 
13 0 0 0 0 0 0 0 1 1 0 1 0 0 

*** Process To Process Relation Matrix *** 

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 
2 0 0 0 0 1 0 0 0 0 0 0 0 0 
3 0 0 0 0 0 0 1 0 0 0 0 0 0 
4 0 0 0 0 0 0 0 0 0 0 0 0 0 
5 0 1 0 0 0 0 0 0 0 0 0 0 0 
6 0 0 0 0 0 0 1 0 0 0 0 0 0 
7 0 0 1 0 0 1 0 0 0 0 0 0 0 
8 0 0 0 0 0 0 0 0 1 0 1 0 1 
9 0 0 0 0 0 0 0 1 0 0 2 0 2 

10 0 0 0 0 0 0 0 0 0 0 0 0 0 
11 0 0 0 0 0 0 0 1 2 0 0 0 2 
12 0 0 0 0 0 0 0 0 0 0 0 0 0 
13 0 0 0 0 0 0 0 1 2 0 2 0 0 
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*** Matrix of Feasible Grouping *** 

1 2 3 4 5 6 7 8 9 10 11 12 13 
1 -1 1 -1 0 0 0 -1 -1 -1 -1 -1 -1 -1 
2 1 -1 1 0 2 0 1 -1 -1 -1 -1 -1 -1 
3 -1 1 -1 0 0 0 2 0 0 0 0 0 0 
4 0 0 0 -1 1 -1 -1 -1 -1 -1 -1 -1 -1 
5 0 2 0 1 -1 1 1 -1 -1 -1 -1 -1 -1 
6 0 0 0 -1 1 -1 2 0 0 0 0 0 0 
7 -1 1 2 -1 1 2 -1 1 1 -1 1 -1 1 
8 -1 -1 0 -1 -1 0 1 -1 2 0 2 0 2 
9 -1 -1 0 -1 -1 0 1 2 -1 1 2 0 2 

10 -1 -1 0 -1 -1 0 -1 0 1 -1 0 0 
11 -1 -1 0 -1 -1 0 1 2 2 0 -1 1 2 
12 -1 -1 0 -1 -1 0 -1 0 0 0 1 -1 0 
13 -1 -1 0 -1 -1 0 1 2 2 0 2 0 -1 
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*** Interdependency Weight Matrix *** 

1 2 3 4 5 6 7 8 9 10 11 12 13 
1 0.0 0.9 0.0 0.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
2 0.9 0.0 0.9 0.0 0.5 0.0 0.9 0.0 0.0 0.0 0.0 0.0 0.0 
3 0.0 0.9 0.0 0.0 0.0 0.3 0.5 0.0 0.0 0.0 0.0 0.0 0.0 
4 0.3 0.0 0.0 0.0 0.9 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
5 0.0 0.5 0.0 0.9 0.0 0.9 0.9 0.0 0.0 0.0 0.0 0.0 0.0 
6 0.0 0:0 0.3 0.0 0.9 0.0 0.5 0.0 0.0 0.0 0.0 0.0 0.0 
7 0.0 0.9 0.5 0.0 0.9 0.5 0.0 0.9 0.9 0.0 0.9 0.0 0.9 
8 0.0 0.0 0.0 0.0 0.0 0.0 0.9 0.0 0.5 0.0 0.5 0.0 0.5 
9 0.0 0.0 0.0 0.0 0.0 0.0 0.9 0.5 0.0 0.9 0.7 0.0 0.7 

10 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.9 0.0 0.0 0.3 0.0 
11 0.0 0.0 0.0 0.0 0.0 0.0 0.9 0.5 0.7 0.0 0.0 0.9 0.7 
12 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.3 0.9 0.0 0.0 
13 0.0 0.0 0.0 0.0 0.0 0.0 0.9 0.5 0.7 0.0 0.7 0.0 0.0 



*** Similarity Matrix *** 

1 2 3 4 5 6 7 8 9 10 11 12 13 
1 1.00 0.37 0.23 0.08 0.19 0.00 0.10 0.00 0.00 0.00 0.00 0.00 0.00 
2 0.00 1.00 0.42 0.19 0.31 0.32 0.27 0.13 0.11 0.00 0.11 0.00 C.12 
3 0.00 0.00 1.00 0.00 0.32 0.20 0.23 0.10 0.08 0.00 0.08 0.00 0.10 
4 0.00 0.00 0.00 1.00 0.37 0.23 0.10 0.00 0.00 0.00 0.00 0.00 0.00 
5 0.00 0.00 0.00 0.00 1.00 0.42 0.27 0.13 0.11 0.00 0.11 0.00 0.12 
6 0.00 0.00 0.00 0.00 0.00 1.00 0.23 0.10 0.08 0.00 0.08 0.00 0.10 
7 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.40 0.40 0.10 0.40 0.10 0.45 
8 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.55 0.12 0.55 0.12 0.69 
9 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.33 0.47 0.20 0.57 

10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.20 0.08 0.14 
11 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.33 0.57 
12 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.14 
13 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00 

N 
...... 
U) 
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*** Order of Similarity of Processes *o{<* 

1 2 3 4 5 6 7 8 9 10 11 12 13 
1 0 13 22 55 29 0 47 0 0 0 0 0 0 
2 0 0 8 30 19 17 21 34 41 0 42 0 35 
3 0 0 0 0 18 28 25 43 52 0 54 0 50 
4 0 0 0 0 14 23 48 0 0 0 0 0 0 
5 0 0 0 0 0 9 20 33 39 0 40 0 36 
6 0 0 0 0 0 0 24 44 51 0 53 0 49 
7 0 0 0 0 0 0 0 10 11 45 12 46 7 
8 0 0 0 0 0 0 0 0 4 38 5 37 1 
9 0 0 0 0 0 0 0 0 0 16 6 26 3 

10 0 0 0 0 0 0 0 0 0 0 27 0 32 
11 0 0 0 0 0 0 0 0 0 0 0 25 2 
12 0 0 0 0 0 0 0 0 0 0 0 0 31 
13 0 0 0 0 0 0 0 0 0 0 0 0 0 
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*** Goodnef.:s Measure for step 7 *** 

CLUSTER 1 01 
CLUSTER 2 02 03 
CLUSTER 3 04 
CLUSTER 4 05 06 
CLUSTER 5 07 08 13 11 09 
CLUSTER 6 10 
CLUSTER 7 12 

Goodness Measure 2.38000 



222 

*** Incidence Matri}t *** 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 
1 1 -1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
2 0 1 0 -1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
3 0 0 0 0 -1 0 0 0 0 0 0 0 0 0 0 0 0 0 
4 0 0 0 0 0 1 -1 0 0 0 0 0 0 0 0 0 0 0 
5 0 0 0 0 0 0 1 -1 0 0 0 0 0 0 0 0 0 0 
6 0 0 0 0 0 0 0 0 0 -1 0 0 0 0 0 0 0 0 
7 0 0 0 1 0 0 0 1 0 0 0 0 0 0 0 0 0 0 
8 0 0 0 0 0 0 0 0 0 0 0 0 -1 0 0 0 0 0 
9 0 0 0 0 0 0 0 0 0 0 0 0 0 -1 0 0 0 0 

10 0 0 0 0 0 0 0 0 0 0 0 0 0 1 -1 0 0 0 
11 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 -1 0 0 
12 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 -1 0 
13 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 -1 
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*** Transport Volume for step 7 *** 

File No. Num Access File Size Trans. Vol. 
1 1 76000 76000 
2 2 76000 152000 
3 0 15200 0 
4 2 60800 121600 
5 1 15200 15200 
6 1 1210000 1210000 
7 2 1210000 2420000 
8 2 1064800 2129600 
9 0 24200 0 

10 1 24200 24200 
11 0 3800 0 
12 0 90750 0 
13 1 3800 3800 
14 2 90750 181500 
15 1 90750 90750 
16 2 72600 145200 
17 1 72600 72600 
18 1 18150 18150 

Total Trans. Vol. 6660600 
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*** GM and TV for step 6 *** 

CLUSTER 1 01 
CLUSTER 2 02 03 
CLUSTER 3 04 
CLUSTER 4 05 
CLUSTER 5 06 
CLUSTER 6 07 08 13 11 09 
CLUSTER 7 10 
CLUSTER 8 12 

Goodness Measure 2.69000 

Transport Volume 6709000 

*** GM and TV for Step 7 *** 
CLUSTER 1 01 
CLUSTER 2 02 03 
CLUSTER 3 04 
CLUSTER 4 05 06 
CLUSTER 5 07 08 13 11 09 
CLUSTER 6 10 
CLUSTER 7 12 

Goodness Measure 2.38000 

Transport Volume 6660600 



*** First Ranked Process Organization *** 

STEP: 5 

CLUSTER 1 01 
CLUSTER 2 02 
CLUSTER 3 03 
CLUSTER 4 04 
CLUSTER 5 OS 
CLUSTER 6 06 
CLUSTER 7 07 08 13 11 09 
CLUSTER 8 10 
CLUS'I'ER 9 12 

Goodness Measure 
Transport Volume 
Scale Factor 

2.80000 
6739400 
0.99408 

*** Second Ranked Process Organization *** 

STEP: 6 

CLUSTER 1 01 
CLUSTER 2 02 03 
CLUSTER 3 04 
CLUSTER 4 05 
CLUSTER 5 06 
CLUSTER 6 07 08 13 11 09 
CLUSTER 7 10 
CLUSTER 8 12 

Goodness Measure 2.69000 
Transport Volume 6709000 
Scale Factor 0.97672 

*** Third Ranked Process Organization *** 

STEP: 7 

CLUSTER 1 01 
CLUSTER 2 02 
CLUSTER 3 04 
CLUSTER 4 05 
CLUSTER 5 07 
CLUSTER 6 10 
CLUSTER 7 12 

Goodness Measure 
Transport Volume 
Scale Factor 

03 

06 
08 13 11 09 

2.38000 
6660600 
0.92500 

225 



REFERENCES 

Alter, S., Gecision Support System: CUrrent Practice and 
continuing Challenges. Addison-Wesley Publishing 
Company, Inc., 1980. 

Barr, A. and Feignbaum, S., The Handbook of Artificial 
Intelligence (three volumes). Heuristech Press, Los 
Altos, California. 1981. 

Bell, d. and O'hare, G., "The Coexistence Approach to 
Knowledge Representation", Expert systems. Vol.2, 
No.4, October 1985, page 230-237. 

Ben-Bassat, M., Shaket, E. an~ Freedy, A., "Research into 
Decision Support System for (Military) Situation 
Assessment", Transactions First International 
Conference on Decision Support Systems. edited by 
D. Young and P. Keen. June 1981. 

Berger, P. and Edelman, F., "IRIS: A Transactions-Based 
DSS for Human Resources Management", Data Base. 
Vol.8, No.3, 1977. 

Blanning, R., "The Functions of a decision Support System", 
Information and Management. Vol.2, No.3, September 
1979. 

Blanning, ~., "A Relational Framework for Model Management 
in Decision Support Systems", Transactions on Second 
International Conference on Decision Support 
Systems. Ed. G. Dickinson, June 1982, page 16-28. 

Blochowiak, K., "The Evaluation of Knowledge Based Expert 
Systems: An Analytical Framework with Example~", 
Transactions Fourth International Conferen~8 on 
Decision Support Systems. Ed. R. Zmud. April 
1984. 

Bohanek, M., Bratko, I. and Rajkovic. V., "An Expert 
System for Decision Making" in Process and 'rools for 
Decision Support. edited by H. Soil, 
North-Holland, Amsterdam, 1983. 

226 



227 

Boehm, B., Software Engineering Economics. Prentice-Hall, 
Inc., Englewood Cliffis, New Jersey 27632, 1981. 

Boyer, R., Locking: A Restriction of Resolution. Ph.D. 
Dissertation, University of Texas, Austin, 1971. 

Bonczek, R., Holsapple, C. and ~"lhinston, A. , "Future 
Directions for Developing Decision Support Systems", 
Decision Sciences. Vol. 11, No.4, 1980, page 
616-631. 

Bonczek, R., Holsapple, c. and Whinston, A., Foundations of 
Decision Support Systems. Academic Press, New York, 
1981a. 

Bonczek, R., Holsapple, C. and Whinston, A., "A. Generalized 
Decision Support System Using Predicate Calculus and 
Network Data Base Management", Operation Research. 
Vol.29, No.2, March/April 1981b, page 263-281. 

Bonczek, R., Holsapple, C. and Whinston, A., 
"Computer-Based Support of Organizational Decision 
Making" in Decision Support Systems. edited by 
House, W., Petrocelli Books, Inc., 1983a, page 
291-324. 

Bonczek, R., Holsapple, C. 
Roles of Models 
Decision Support 
Petrocelli Books, 

and Whinston, A., "The Evolving 
in Decision Support Systems" in 

Systems. edited by House, W., 
Inc., 1983b, page 343-370. 

Borgida, A., Greenspan, S. and Mylopuulos, j., "Knowledge 
Representation as the Basis for Requirements 
Specification", Computer. Vol. 18, No.4, April 1985. 

Bradley, S., Hax, A. 
Programming. 
Inc., 1977 

and Magnanti, T., Applied Mathematical 
Addison-Wesley Publishing Company, 

Brown, J., Burton, R. and deKleer, J., "Pedagogical Natural 
Language and Knowledge Engineering Techniques in 
SOPHIE I, II, and III", Intelligent Tutoring 
Systems. edited by Sleeman et al., Academic Press, 
1981. 

Bullers. W. et al., "Implementation Issues for Intelligent 
Decision Support Systems", Proceedings of 1984 IEEE 
Workshop on Languages for Automation, IEEE Computer 
Society. 1109 Spring st., Suite 300, Silver Spring, 
MD., 20910, November 1984. 



228 

Carlson, E., "Proceedings of 
Support Systems", Data 
1977. 

a Conference on Decision 
Base. Vol.8, No.3, Winter 

Chambers, J., "Some Thoughts on Expert Soft",are" , Computer 
Science and Statistics: Proceedings of 13th 
Symposium on Interface. edited by W. Eddy, New 
York, Springer-Verlag, 1981, page 36-40. 

Clancey, W., "Review of Books: A Practical Guide for 
Designing Expert Systems by C. Kulikowski and S. 
Weiss", The AI Magazine. Vol.5, No.4, Winter 1985, 
page 84-86. 

Chang, G. and Lee, R., Symbolic Logic and Mechanical 
Theorem Proving. Academic Press, New York, 1973. 

Clifford, J., Jarke, M. and Vassiliou, Y., "A Short 
Introduction to Expert Systems", IEEE Database 
Engineering Bulletin. Vol.8, No.4, December 1983. 

Cohen, M., Huber, G., Keeney, R., Levis, A., Lopes, L., 
Sage, A., Sen, S., Whinston, A., Winkler, R., 
Winterfeldt, D. and Zadeh, L., "Research N"~eds and 
the Phenomena of Decision Making and Operations", 
IEEE Transactions on Systems, Man, and Cybernetics. 
Vol.SMC-15, No.6, November/December 1985, page 
764-775. 

Couger, J., "Computers and the Schools of Business: Expert 
Systems", Decision Line. Bimonthly Publication of 
American Institute of Decision Sciences, Atlanta, 
GA. Vol.16, No.1, January 1985, page 4-6. 

Date, C., An Introduction to Database Systems. 3rd Edition, 
Addison-Wesley, 1981. 

Date, C., A Guide to DB2. Addison-Wesley, 198 f • 

Davis, R. et al., '"rhe Diometer Advisor: In,:erpretation of 
Geological Signals", Proceedings of 7th 
International Joint Conference on Artificial 
Intelligence. 1977a, page 1030-1037. 

Davis, R., Buchanan, B. and Shortliffe, E., 
Rules as Representation for a 
Consultation Program", Artificial 
Vol.8, February 1977b, page 15-45. 

" Production 
Knowledge-Base 

Intelligence. 



229 

Davis, R., "Tactical and Operational Planning and Budgeting: 
A Study of Decision Support System Evolution", 
Management Information Systems Quarterly. Vol.3, 
No.4, December 1979, page 1-19. 

Dolk, D. and Konsynski, B., "Knowledge Representation for 
1Y1odel Management Systems", IEEE Transactions on 
Software Engineering. Vol.SE-10, No.6, November 
1984, page 619-628. 

Duda, R., Gaschnig, J. and Hart, P., "Model Design in the 
PROSPECTOR Consultant System for Mineral 
Exploration", Expert Systems in the Micro-Electronic 
Age. edited by D. Michie, Edinburgh University 
Press, 1979, page 153-167. 

Duda, R. and Gaschnig, j., "Knowledge Base Expert Systems 
Come of Age", BytG. September 1981, page 238-278. 

Dutta, A. and Basu, A., "An Artificial Intelligence 
Approach to Model Management in Decision Support", 
IEEE Computer. Vol.17, No.9, September 1984, page 
89-97. 

Elam, J., Henderson, J. and Miller, L., "Model Management 
Systems: An Approach to Decision Support in Complex 
Organizations", Proceedings of the First 
International Conference on Information Systems. 
December 1980, page 98-110. 

Elam, j. and Henderson, j., "Knowledge Engineering Concepts 
for Decision Support System Design and 
Implementation", Information and Management. Vol.6, 
1983, page 109-114. 

Emden, V .• "Programming with Resolution Logic" in 
Intelligence. edited by E. Elcock and D. 
Halstead Press, New York, 1977. 

Machine 
Michie, 

Emrich, M., "A Short History of Expert Systems", Artificial 
Intelligence Reporter. Vol.2, No.9, June 1985, page 
10-11. 

Ennis, S., "Expert 
Technology" , 
184-188. 

Systems An Emerging Computer 
Oil and Gas Journal. July 1983, page 

Execucom Systems Corp., IFPS Tutorial. 
1983. 

Austin, TX, June 



230 

FanTell, D., "A Model Based Approach to Decision Support 
System Flexibility", Interfaces. Vol.12, No.S, 
October 1982, page 79-86. 

Farwell, D., "DSS Mechanisms for Judgmental Flexibility: An 
Exploratory Survey", Journal of Management 
Information Systems. Vol.l, No.2, Fall 1984, page 
72-79. 

Feigenbaum, E., "The Art of Artificial Intelligence: 'rhemes 
and Case Studies of Knowledge Engineering", 
Proceedings of Sth IJCAI. 1977, page 1014-1029. 

Fisher, E., "The Cutting Edge - Expert Systems", IE News. 
Vol.18, No.3, 1984, page 1-6. 

Ford, F., "Decision Support Systems and Expert Systems:A 
Comparison", Information and Management. Vol.8, 
1985, page 21-26. 

Fox, M., "The Intelligent Management System: An Overview" 
in Process and Tools for Decision Support. edited 
by H. Soil, North-Holland, Amsterdam, 1983. 

Fox, M. and Smith, S., "ISIS - a Knowledge Based System for 
Factory Scheduling", Expert Systems. Vol.l, No.1, 
July 1984, page 2S-S0. 

Freedy, A. and Johnson, E., "Human Factor Issues in 
Computer Management of Information for Decision 
Makin", IEEE Transactions on System, Man, and 
Cybernetics. Vol.SMC-12, No.4, July/August 1982, 
page 437-438. 

Gervarter, w., "An Overview of Expert Systems", NBSIR 
82-2S0S. Prepared for NASA Headquarters, Washington 
D.C. 20S46, October 1982. 

Gervarter, W., "Expert Systems: Limited But Powerful", IEEE 
Spectrum. August 1983, page 39-4S. 

Gorry, g. and Krymland, R., "Artificial Intelligence 
Research and Decision Support Systems" in Building 
Decision Support Systems. edited by J. Bennet, 
Addison-Wesley Publishing Company, Inc., 1982. 

Gottlieb, C. and Kumar, S., "Semantic Clustering of Index 
Terms", Journal of the ACM. Vol. IS, No.4, October 
1968. 



231 

Harmon, P. and King, D., Expert Systems: Artificial 
Intelligence in Business. John Wiley and Sons Inc., 
1985. 

Hart, P., "Directions for AI in the Eighties", SIGART 
Newsletter. No.79, January 1982, page 11-16. 

Hayes-Roth, F., Waterman, D. and Lenat, D., Building Expert 
Systems. Addison-Wesley Publishing Company, Inc., 
Reading, 1983. 

Hayes-Roth, F., "The Knowledge-Based Expert System: A 
tutorial", IEEE Computer. Vol.17, No.9, September 
1984, page 11-28. 

Huber, G., "The Nature of Organizational Decision Making and 
the Design of Decision Support Systems", Management 
Information Systems Quarterly. Vol.5, No.2, June 
1931, page 1-11. 

Hwang, S., "Automatic Model Building Systems: Survey", 
DSS-85 Fifth International Conference on Decision 
Support Systems. San Francisco, California, April 
1985, page 22-32. 

Jarke, M. and Shalev J., "A Data Base Architecture for 
Supporting Business Transactions", Journal of 
Management Information Systems. Vol.l, No.1, 
Summer 1983, page 63-80. 

Jarke, M. and Vassi liou, Y., "Coupling Expert Systems wi.th 
Data Base Management Systems", Working paper 53-83, 
Center for Research on Information Systems. Faculty 
of Business Administration, New York University, 90 
Trinity Place New York, NY 10006, November 1983 

Karimi, J., Computer Aided Process Organization in Software 
Design. Ph.D. Dissertation, Department of 
Management Information Systems, University of 
Arizona, 1983. 

Keen, P. and Morton, 00., Decision Support System: An 
Organizational Perspective. Addison-Wesley 
Publishing Company, Inc., 1978. 

Keen, P., "Value Analysis: Justifying Decision Support 
System", management Information Systems Quarterly. 
Vol.5, No.5, March 1981, page 1-15. 



232 

Kellog, C., "From Data Management to Knowledge Management", 
IEEE Computer. Vol.19, No.1, January 1986, page 
75-84. 

King, D., "Bridging the 4th and 5th Generations: Linking 
Relational Database with Expert Systems", DSS-85 
Fifth International Conference on Decision Support 
Systems. San Francisco, California, April 1985, 
page 5-17. 

King, J., "Query Optimization by Semantic Reasoning", Report 

King, 

No.CS-81-857. Computer Science Dept., Stanford 
University, 1981. 

W., "Decision Support Systems, Artificial 
Intelligence, and Expert Systems", MIS Quarterly. 
editor's comment, September 1984, page 4-5. 

Klass, R., "A DSS for Airline Management", Data Base. 
Vol.8, No.3, Winter 1977, page 3-8. 

Konsynski, B., "Knowledge Abstractions in Model Management" 
in Transactions Second International Conference on 
Decision Support Systems. edited by G. Dickinson, 
June 1982. 

Konsynski, B., "Model Management in Decision Support 
Systems" in Data Base Management: Theory and 
Application. edited by C. Holsapple and A. 
Whinston, D. Reidel, Dordrecht, 1983. 

Konsynski, B., Kottemann, J., Nunamaker, J. and Stott, J., 
"PLEXSYS-84: An Integrated Development Environment 
for Information Systems", Journal of Management 
Information Systems. Vol.l, No.3, Winter 1984-1985, 
page 65-104. 

Kroeber, D. and Wartson, H., Computer-Based 
Systems: A Management Approach. 
Publishing Company, New York, 1984. 

Information 
MacMillian 

Leal, A., "Evaluating the Effectiveness of Military Decision 
Support Systems: Theoretical Foundations, Expert 
System Design, and Experimental Plan", Research note 
83-18. Controlling office: U. S. Army Research 
Institute for the Behavioral and Social Science, 
5001 Eisenhower Ave., Alexandria, Va. 22333. 
Performing organization: Integrated Sciences 
Corporation, 1640 Fifth St., Santa Monica, Ca. 
90401. September 1982. 



233 

Lee, R., "Database Inferencing for decision Support", 
Decision Support Systems. Vol.1, No.1, 1985, page 
57-68. 

Lehner, P., Probus, M. and Donnell, 00., "Building Decision 
Aids: Exploiting the Synergy Between Decision 
Analysis and Artificial intelligence", IEEE 
Transactions on Systems, Man, and Cybernetics. 
Vol.SMC-15, No.4, July/August 1985, page 469-474. 

Lerch, F. and Mantei, 00., "A Framework for Computer Support 
in Managerial Decision Making", Fifth International 
Conference on Information Systems. Tucson, Arizona, 
November 1984, page 28-30. 

Martin, N., "Knowledge-Base Management for Experiment 
Planning in Molecular Genetics", Procedings of Fifth 
International Joint Conference on AI. 1977. 

McDermott, J., "Learning to Use Analogies", IJCAI-6. 
page 568-576. 

1979, 

McDermott, J. flRI: A Rule Based Configurer 
Systems", Artificial Intelligence. 
September 1982, page 39-88. 

of Computer 
Vol.9, No.1, 

Mclean, E. and Riesling, T., "MAP: A DSS for Financial 
Planning". Database. Vol.8, No.3, Winter 1977, page 
9-14. 

Michaelsen, R. and Michie, 
Business", Datamation. 

D., "Expert Systems in 
November 1983, page 240-245. 

Minch, R, and Burns, J., "Conceptual Design of· Decision 
Support Systems Utilizing Management Science 
Models", IEEE Transactions on Systems, Man, and 
Cybernetics. Vol.SMC-13, No.4, July/August 1983, 
page 549-557. 

Mins}ty, M., itA Framework for Representing Knowledge", The 
Psychology of Computer Vision. McgraW-Hill, 1975, 
page 211-277. 

Morton, 00., Management Decision Systems: Computer Based 
Support for Decision Making. Cambridge, Mass., 
Division of Research, Harvard, 1971. 

Multinovich, J. and Vlahovich, V., "A Strategy for 
Successful MIS/DSS Implementation", Journal of 
Systems Management. Vol.35, No.8, August 1984, page 
8-16. 



Nau, D., "Expert Computer Systems", IEEE Computer. 
No.2, February 1983, page 63-85. 

Naylor, T. and Schanland, H., "A 
Corporate Planning Models", 
Vol.22, 1976, page 927-937. 

Survey of 
Management 

Nilson, N., Principles of Artificial Intelligence. 
Kaufman, Inc., 1981. 

234 

Vol.16, 

Users of 
Science. 

William 

Niwa, K., Sasaki, 
Comparison 
Magazine. 

k. and Ihara, H., "An Experimental 
of Knowledge Representation Schemes", AI 

Vol.5, No.2, Summer 1984, page 29-36. 

Pople, H., "Knowledge Based Expert Systems: 
Build Decision", Artificial 
Applications for Business. edited by 
Ablex, 1983. 

The Buy or 
Intelligence 

W. Reitman, 

Rasmussen, J., "The Role of Hierarchical Knowledge 
Representation in Decision-making and System 
Management". IEEE Transactions on Systems, Man, and 
Cybernetics. Vol.SMC-15. No.2, March/April 1985, 
page 708-719. 

Reggia. J. et a1., "Towards an Intelligent Textbook of 
Neurology", Proceedings of 4th Annual Symposium on 
Computer Applications in Medical Care. 1980. page 
190-199. 

Reitman, W. , "Applying Artificial IntelUgence to Decision 
Support", NYU Symposium on Decision Support Systems. 
New York University Graduate School of Business 
Administration, Computer Applications and 
Information Systems Dept., 700 Merrill Hall, 90 
Trinity Place, New York, N.Y. 10006. May 1981. 

Reitman, W., "Applying Artificial Intelligence to Decision 
Support: Where Do Good Alternatives Come From?" in 
Decision Support Systems. edited by M. Ginzberg, 
W. Reitman, and E. Stohr, North-Holland. 
Amsterdam. 1982. 

Rich, E., Artificial 
Company. 1983. 

Intelligence. McGraw-Hill Book 

Robey, D. and Taggart, W., "Human Information Processing in 
Information and decision Support Systems". 
management Information Systems Quarterly. Vol.6, 
No.2, June 1982, page 61-73. 



235 

Robinson, J., "A 
Resolution 
page 23-41. 

Machine-Oriented Logic Besed on the 
Principles", JACM. Vol.l, No.4, 1965, 

Ruler System, Ruler User Manual. Department of Management 
Information Systems, University of Arizona, Tucson 
AZ 85721, 1985. 

Sage, A. and White, C., "ARIADNE: A knowledge-Based 
Interactive System for Planning and Decision 
Support", IEEE Transactions on Systems, Man, and 
Cybernetics. Vol.SMC-14, No.1, January/February 
1984, page 35-47. 

Sandverg, G., "A Primer on Relational Data Base 
IBM Systems Journal. Vol.20, No.1, 
23-40. 

Concepts", 
1981, page 

Saxena, K. and Kaul, M., "A Conceptual Architecture for DSS 
Generators", DSS-85 Fifth International Conference 
on Decision Support Systems. San Francisco, 
California, April 1985, page 115-124. 

Scott, M., COCOMO User Manual. Department of Management 
Information Systems, University of Arizona, Tucson 
AZ 85721, 1985. 

Shortliffe, E. , Computer--Based Medical Consultations: 
MYCIN. North Holland Publishing Company, 1976. 

Slagle, J., "Automatic Theorem proving with Renamable and 
Semantic Resolution", JACM. March 1965, page 23-41. 

Smith, R., "On the Development 
Systems", The AI Magazine. 
page 61-73. 

of Commercial Expert 
Vol.5, No.3. Fall 1984, 

Sprague, R., "A framework for the Development of Decision 
Support Systems", MIS Quarterly. Vol.4, October 
1980, page 1-26. 

Sprague, R., "Knowledge Based DSS: A Research Progress 
Report", Transactions Second International 
Conference on Decision Support Systems. edited by 
G. Dickinson, June 1982a. 

Sprague, R., "System Support for a 
Model", Management Accounting. 
1982b, page 29-34. 

Financial Planning 
Vol.53, No.12, June 



236 

Sprague, R. and Carlson,E., Building Effective Decision 
Support System. Prentice Hall, Englewood Cliffs, 
New Jersey, 1982. 

Stohr, E. et aI, "A Data Driven User Interface for a 
Generalized Multiple Criteria Decision Support 
System", Proceedings of 1984 .IEEE Workshop on 
Languages for Automation, IEEE Computer Society. 
1109 Spring st., Suite 300, Silver Spring, MD., 
20910, November 1983. 

Stohr, E., M. Je1assi and M. 
Multiple Criteria Decision 
of Management Information 
Spring 1985, page 24-43. 

Jarke, "A Generalized 
Support System", Journal 
Systems. Vol.l, No.4, 

Sullivan, G. and Fordyce K., "Decision Simulation (DSIM): 
One Outcome of Combining Artificial Intelligence and 
Decision Support Systems", DSS-85 Fifth 
International Conference on Decision Support 
Systems. San Francisco, California, April 1985, 
page 42-51. 

Sullivan, G. and Fordyce K., Decision Simulation (DSIM); 
One Outcome of Combining Expert Systems and Decision 
Support Systems, International Business Machines. 
Dept 746, Bldg 965-3, Essex Junction, vt. 

Susan, P., "Expert Systems An Emerging Computer 

Tohru, 

Technology", Oil and Gas Journal. July 25, 1983. 

M. and 
Systems: 
Computer. 

Stone, H., "Fifth Generation Computer 
A Japanese Computer Project", IEEE 

Vol.17, No.3, March 1984, page 14-18. 

Ulrich, J. and Moll, 
Proceedings 
Intelligence 
Newsletter. 

R., "Program Synthesisby Analogy", 
of the Symposium on Artificial 
and Programming Languages, SIGNAT 

No.64, 1977, page 22-28. 

Vassiliou, Y., Clifford, J. and Jarke, M., "Access to 
Specific Declarative Knowledge by Expert System: 
The Impact of Logic Programming", Decision Support 
System. 1984. 

Wang, M. and Courtney, J., "A conceptual Architecture for 
Generalized Decision Support System Software", IEEE 
Transactions on Systems, Man, and Cybernetics. 
Vol.SMC-14, No.5, September/October 1984, page 
701-711. 



237 

Webber, B. and Nilson, N. Readings in Artificial 
Intelligence. Palo Alto, CA. 1981 

Welsch, G., "Successful Implementation of Decision Support 
Systems: The Role of the Information Transfer 
Specialist", Thirteenth Annual Meeting of American 
Institute for the Decision Sciences. November 1981, 
page 18-20. 

Wiederhold, G., "Knowledge and Database Management", IEEE 
Software. Vol.1, No.1, January 1984, page 63-74. 

Winston, P., "Learning by Understanding Analogies", Memo 
520. MIT Artificial Intelligence Laboratory, April 
1979. 

Winston, P., Artificial 
Publishing Company, 

Intelligence. Addison-Wesley 
Inc., 1984. 

Zadeh, L., "Commonsense Knowledge 
Fuzzy Logic", Computer. 
1984. 

Representation Based on 
Vol.16, No.10, October 

Yourdon, E., The Practical Guide to Structured System 
Design. Yourdon Press, 1133 Avenue of the Americas, 
New York, NY 10036, 1980. 

Zeldin, P., An Expert Model Based on User/Process Profiles 
for Computer Systems Evaluation. Ph.D. 
Dissertation, Department of Management Information 
Systems, University of Arizona, 1984. 

Zwass, V., "Management Information Systems Beyond the 
Current Paradigm", Journal of Management Information 
Systems. Vol.1, No.1, Summer 1984, page 3-10. 


