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ABSTRACT 

I - This dissertation reports on an effort to design, 

construct, test, and adjust an expert system for making 

certain business decisions. A widely used approach to 

recurring judgmental decisions in business and other social 

organizations is the "rule-based decision system". This 

arrangement employs staff experts to propose decision 

choices and selections to a decisionmaker. Such decisions 

can be very important because of the large resources 

involved. Rules and values eneountered in such systems are 

often vague and uncertain. 

Major questions explored by this experimental effort 

were: (1) could the output of such a decision system be 

mimicked easily by a mechanism incorpo~ating the rules 

people say they use, and (2) could the imprecision endemic 

in such a system be represented by fuzzy set constructs. 

The task environment chosen for the effort was a 

computer-based game which required player teams to make a 

number of interrelated, recurring decisions in a realistic 

business situation. The primary purpose of this resear~h is 

to determine the feasibility of using these methods in real 

decision systems. 

xi 
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The expert system which resulted is a relatively 

complicated, 

each wi th no 

feed-forward 

more than 

network of "simple" inferences, 

one consequent and one or two 

antecedents. Rules 

from published game 

elicited from an expert in the game or 

instructions become the causal 

implications in these inferences. 

Fuzzy relations are used to represent imprecise 

rules and two distinctly different fuzzy set formats are 

employed to represent imprecise values. Once imprecision 

appears from the environment or rules the mechanism 

propagates it coherently through the inference network to 

the proposed decision values. 

The mechanism performs as well as the average human 

team, even though the strategy is relatively simple and the 

inferences crude linear approximations. 

Key aspects of this approach distinct from previous 

work, include: (1) the use of a mechanism to propose 

decisions in situations usually considered ill-structured; 

(2) the use of continuous rather than two-valued variables 

and functions; (3) the large scale employment of fuzzy set 

constructs to represent imprecision; and (4) use of feed 

forward network structure and simple inferences to propose 

human-like decisions. 



CHAPTER 1 

INTRODUCTION 

Everyone agrees that decisionmaking in social 

organizations is important ---much can be lost by a careless 

mistake. However, until recently, most people r~signed 

themselves to "muddling through" (Lindblom 1959), because 

the decision processes were, in most cases, too complicated 

and too subtle to be understood very well. This 

dissertation reports one approach to an expert system for 

assisting decisionmakers in social organizations. 

1.1. Definition of the research 

The general domain of this research is that of 

management control decisions (Anthony Dearden and Vancil 

1972). Such decisions are normally recurring. They direct 

the ongoing course of the organization within guidelines 

provided by strategic decisions (which change the character 

or direction of the organization). More specifically, the 

research will address quantitative, management control 

decisions. "Quantitative", in this context, refers to 

essentially continuous values such as dollars or sales and 

production levels (as opposed to "qualitative", which refers 

to boolean values like "hire" versus "not hire"). 

1 



Management control decisions differ 

called technical decisions; in the 

difficult to define the connection 

2 

from what might be 

former it is more 

between the factors 

bearing on the decision and the chosen course of action and 

more judgement is required. In addition, there is usually 

more uncertajnty associated with management control 

decisions. 

This research is prescriptive rather than 

descriptive. There is no intent to study how organizations, 

the people in them, or the decision procedures used by them 

actually work. Rather, the purpose is to produce an 

artifact or mechanisnl which can propose certain decisions 

reliably. To construct this mechanism it will be necessary 

to use available information from the human organization 

already making these decisions. Such information will 

include data and rules concerning the task environment and 

the decision process itself as perceived by the people in 

the organization. The mechanism itself is ca[led an expert 

system because it is based on the knowledge of experts. 

Since one must depend on managerial experts for 

information, the resulting mechanism will reflect the 

reasoning of these experts: simple, usually linear 

functions, used sequentially without feedback. The 

mechanism must also have some way to represent the vagueness 

inherent in natural language responses from the experts, in 

the rules themselves, and in the data available from the 



task environment. 

3 

It is not obvious that such a mechanism 

can function nonpathologically. It is pot clear that 

available representations for vagueness or uncertaintly will 

function coherently through such a complicated decision 

mechanism. Traditionally, management control decisions have 

been considered too intractable for direct attack with 

computer-based methods. One exception is the contingency 

model of Vroom and Yet ton (1973) designed to choose among 

five possible decision methods (a decision about how to make 

decisions). That effort was intended to be descriptive but 

the result was equivalent to a qualitative (using boolean 

values), management control, decision-proposing mechanism. 

Expert systems are normally quite large and 

complicated. Design and adjustment of such a system is a 

very substantial task. Therefore, this research effort 

takes the form of a case study. By choosing a specific 

decision system operating in a particular task environment, 

it is possible to explore the process of designing a 

decision proposing mechanism in at least a representative 

decision situation. In undertaking the case study it was 

hoped to discover whether it is possible, using the methods 

described above, to build a decision proposing mechanism in 

this intractable area of decision making. 

Recurring human decisions are usually made in 

decision systems. Large, functionally structured 

organizations often use arrangements which the author calls 
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"rule-based decision systems". Each particular kind of 

recurring decision has its own rule-based decision system 

consisting of people, procedures, rules, etc. The decision 

proposing mechanism would function only as an advice giving 

part of such a system, not as the decisionmaker. Most of 

the information embodied in the mechanism would come from 

the experts in the system. The case study referred to above 

would pertain to some particular rule-based decision system. 

The original work in this research effort includes: 

(1) the extension of the expert system to quantitative, 

management control decisionmaking (as defined at. the 

beginning of this section); (2) use of crude, mostly linear 

functions with one or two-dimensional antecedents as the 

basis for a network of simple inferences in lieu of the 

multidimensional, linear algebraic functions traditionally 

used to describe judgment in complex, quantitative 

situations; (3) trial of two existing representations ("LR" 

and "vector") for fuzzy values and relations in a large 

scale system, and new ways of transforming one form into the 

other; (4) experimentation with fuzzy sets as a natural 

language representation for use in eliciting knowledge from 

experts. 

~_~~~!fi!~~_2!~2~!ing_~~~~~~!!~l 
!-~~!~~~!-~~~~! 

1. 2. 

The name used for the decision proposing mechanism 

described in 1.1 is the "Player Model". This label or the 
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term "Model" will generally be used henceforth. Readers 

should understand that the Player Model is not a model of 

the behavior of a person or a group of persons (expert or 

otherwise), or of an organization. Nor is it intended to 

represent the essential interdependencies or the "true 

mechanism" of the decision task. In short, the label is 

used in the sense of "modeled after" rather than as 

"representation of". In this respect, the mechanism labeled 

"Player Model" is much like a robot---designed to do 

somethinrg that people also do. 

1.3. ~£~!~!!~K_!~~_~~i~£!l!~! 

The approach has been to select a reasonably 

controlled example situation that approximates real world 

problem!;, create a decision proposing mechanism based on 

information from experts in that situation, and conduct 

trials of the mechanism against the environment created by 

the situation. 

Success of the mechanism can be measured by how well 

its decisions "perform" relative to the human decision 

system (or an average of such systems). The performance is 

assessed in the same way as that of a human decisionmaker. 

In carrying out such a plan one would expect to 

learn something about 

(1) how to deal with experts and elicit rules and 

facts from them, 
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(2) how to convert situational information and 

experts' rules into an inference network which contains the 

causal knowledge leading to the decisions, 

(3) methods for representing fuzzy information in 

various situations and transformations among them. 

(4) how to structure the software required to 

implement the inference network, 

(5) how to analyze mechanism performance and use 

the results to revise it. 

1.4. Outline of the dissertation 

In support of the plan in section 1.3, chapter 2 

makes a formal statement of research objectives and defines 

the "rule-based decision system". It then relates that 

decision system to decision problem types, human factors, 

and solution methods associated with problem solving in 

organizations. 

Chapter 3 gives a preliminary description of the 

Company Z Game, the example situation mentioned in section 

1.3. It also presents a high level description of the 

Player Model, the mechanism labeled in section 1.2 and 

applicable to the Company Z task environment. 

Chapter 4 traces the development of an inference 

network from its roots in the state-space representation of 

a decision problem and the causal knowledge provided by 



7 

experts. The chapter also relates the Player Model to other 

expert systems. 

Chapter 5 discusses the theoretical basis for the 

two fuzzy set representations used in the Player Model. 

Chapter 6 is a more detailed "block diagram" explanation of 

the Player Model. Chapter 7 considers a number of general 

and research issues from an engineering ("how to get it 

done") standpoint and Chapter 8 gives some results from 

running the Player Model and some consequences of its 

decisions. 



CHAPTER 2 

THE RESEARCH PROBLEM 

2.1. ~!!!~~~~!_~!_!~!~!!£~_~£l~£!!Y~! 

The objectives of the work reported in this 

dissertation have been to: 

(a) determine whether it is possible to build a 

mechanism for proposing decisions, using rules primarily 

derived from experts, that will function in a management 

control situation; this kind of situation is characterized 

by recurring requirements for decisions, continuously valued 

attributes, vaguely defined rules for generating decision 

values, and substantial uncertainty in the task 

envirionment; 

(b) determine the feasibility of using fuzzy 

set constructs in the elicitation from experts of linguistic 

rules used in the decision process, and of propagating the 

impreCision, originating in the input data and rules of the 

process, through this complex mechanism in a coherent way; 

(c) learn the techniques needed to design and 

construct such models; 

8 
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This section briefly describes the evolution and 

essential elements of the rule-based decision system and 

some of its manifest defects. 

2.2.1. Evolution of a rule-based decision system 

Thompson (1967 ch. 5) describes two steps in the 

construction of organizations. First, the overall task of 

the organization (eg. selling shoes, providing banking 

service) is partitioned and assigned to a hierarchy of 

operating units. This tends to fix the "structure" of the 

organization. The manager of each unit has an assigned 

subtaslc whose complexity is supposedly within his cognitive 

grasp (Fox 1981). Task complexity has a direct effect on 

each manager's ability to make decisions, his most important 

function. Thus, organizational structure follows in part 

from division of decision making labor. 

Next: the interdependencies among the units must be 

coordinated. Different kinds of interdependence are 

accommodated by different coordination methods. (Thompson 

1967 ch. 5). For example, sequential interdependency, where 

one unit must wait on another, requires coordination by 

plan, etc •• Any method of coordination increases the 

complexity of decisions. ~en a great deal of coordination 

is superimposed on task complexity, the unit manager can no 

longer handle important (and thus relatively more complex) 
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decisions by himself. His plight could be relieved by 

reducing his responsibility (and increasing the number of 

units), but this increases the amount of costly coordination 

required. It reduces the overall responsiveness of the 

organization as well. 

Instead, the manager is most likely to respond by a 

further division of decisionmaking labor. He assigns parts 

of the decision task to specialists who advise him, in their 

specialties, on important decisions. 

As decisions recur, specialists become experts and 

accumulate cause/effect knowledge about important decisions. 

They further decompose the decision problem in their own 

areas. This process involves the aggregation (Fox 1981) of 

raw internal and external data into "intervening" variables, 

whose values are passed to other specialists or to the 

decisionmaker (DM). Ultimately the DM deals with a few 

highly abstracted variables. In this way the complexity of 

an important decision is reduced to managable level. By 

trial and error, specialists establish ad hoc rules which 

map input values to intervening values, thence to other 

intervening values and, finally, to output values. 

2.2.2. Difficulties with rule~based decision systems 

The most severe problem with such systems is the ad 

hoc nature of the rules. The ill-structured nature of 

decision problems in social organizations virtually forces 
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the use of heuristic rules, except in special cases. These 

ad hoc rules may not be well tested, valid, or pertinent. 

Intra and extra-organizational 'uncertainty further 

compounds the problem by increasing the number of possible 

values of variables (input, intervening, and output) which 

must be considered. The rule-based decision system, in most 

cases, has no organized way to consider this uncertainty, so 

it is usually ignored. 

In addition, there are a number of cognitive biases 

affecting human judgment which reduce the quality of 

decisions. Specialists and the DM alike have such biases 

(Hogarth 1980 ch. 9). 

requires 

effort. 

The specialization in the rule-based decision system 

coordination and cooperation, which takes time and 

This problem becomes acute when there is time 

pressure on the final decision. 

Turnover of people in an organization brings novices 

into the system. The novice may be a specialist or the DM 

himself; either way, his inexperience can cause mistakes, 

especially when he is under stress. 

Lastly, it is the experience of the author over some

years as a manager, that rUle-based decision reasoning is 

rarely documented. Usually rules exist only in the minds of 

the experts. They are hard to articulate and, if expres~ed, 

are usually in linguistic form. They may even be scattered 

among several experts. If an expert leaves, his rules of 
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thumb leave with him. Further, the uncertain envirorument 

discourages experts from writing their rules down. If there 

is documentation it usually occurs in rules which map into 

or out of an intervening variable common to two or more 

specialties (eg., the production man provides a current 

capacity value to the sales expert). 

2.2.3. Some dimensions of the problem 

The rule-based decision system described in 2.2.1 is 

one of several kinds of decision system employed in the 

"management control" process, briefly described in section 

1.1. It is widely employed in social organizations to make 

certain kinds of important decisions. These range from high 

level operating issues, such as changing the price of a 

product, to "operations center" decisions like the diversion 

of aircraft from one task to another. Not suitable for 

rule-based decision systems are one-time, policy decisions 

such as whether to enter a new kind of business, build a 

major new piece of equipment, etc •• 

Clearly, the factor separating rule-based from 

one-time decisions is the presence of rules. The rules, in 

the absence of analytical understanding of the problem, must 

spring from recurring experience. The DM calls on the 

specialists for advice in both recurrent and policy problems 

and the boundary between the two is obviously not sharp. At 

some juncture, however, the expert will have crystalized his 
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experience with any particular decision to the point where 

he can formulate rules for his own portion of it. 

The "importance" of a d~cision is the other 

dimension of the problem space. Delegation of authority in 

any unit of social organization tends to limit the decisions 

made by the leader to those with important consequences 

relative to his own responsibilities. Almost always this 

means decisions affecting a substantial portion of his 

resources. Of course, the decisionmaker makes some trivial 

decisions too, but they are excluded from consideration 

here. Thus, this research focuses on relatively important 

decis j;'lns where the DM is supported by a group of experts 

who have, from past experience, formulated rules (and the 

interconnections among them) which lead collectively to the 

final decision. 

2.2.4. Potential improvements 

.Although actual rule-based decision systems already 

produce reasonably adequate decisions, some of their defects 

can be moderated. If a computer-based model of some 

specific system were constructed and used to propose 

decisions, one would expect the following: 

(1) the decisions proposed would be fairly 

close to those from the currently operating rule-based 

decision system; 

(2) some of the cognitive biases in the current 
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system would be avoided; 

(3) the model would be much faster than the 

current system; 

(4) the problems caused by novices in the 

current system would be reduced; 

(5) the model values for intervening variables 

would provide an additional basis for coordinating the staff 

experts' portions of the decision problem; 

(6) the coherent picture of the uncertainties 

in the situation provided by the model should allow better 

decisions than the current system, which provides no such 

information. 

2.3. ~!~~!~~_£~!~g~!l~!!l~~~ 

This section considers the different types of 

problems faced by social organizations. It identifies those 

categories which the rule-based decision system defined in 

2.2 can best solve and, in the process, further constrains 

the research problem. 

2.3.1. Degree of structure 

Newell (1969) proposed a continuum of problems on a 

universe from "ill-structured" to "well-structured". 

Well-structured problems are usually distinguished by 

numerical variables, well defined objective functions, _and 

algorithms for obtaining good or even optimal solutions. On 

the other hand, ill-structured problems tend to have no 
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formal statement and no formal method for solving them. 

Newell noted that only people can deal with both kinds of 

problem and only they can translate an ill-structured 

problem into a well-structured one. Clearly, the rule-based 

decision system discussed in 2.2 deals primarily with 

ill-structured problems. It is noteworthy that in 

establishing such a system, a manager is moving his decision 

problem to the right on Newell's ill to well-structured 

axis. 

2.3.2. Managerial decisions 

Thompson (1967 chI 10) defines decision problems on 

two dimensions~ (1) knowledge of cause/effect relations, 

and (2) degree bf certainty about preferences (for possible 

outcomes). The dimensions are continuous but Thompson 

dichotomized them for simplicity, as shown in figure 2.1. 

The resulting four kinds of decision p,oblems are labeled 

"computational", "compromise", "judgmental" and 

"inspirational". For example, if one knows the causal 

relations associated with some issue but cannot decide on 

the goal, then there is a compromise problem. Thompson's 

computational problems are in many cases Newell's 

well-structured problems. The 

generally solves problems which 

category in figure 2.1. 

rule-based decision system 

fall into the judgmental 
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Figure 2.1. Thompson's categorization of decision problems. 

2.3.3. Decision purposes 

Andriole (1982) lists three reasons for making 

decisions: (1) evaluation (ie. situation assessment), (2) 

forecasting, or (3) option selection. The rule-based 

decision system is used for all three kinds of problem. 

Final option selection (3) is the province of the OM, but 

staff experts regularly recommend to him which option to 

choose. 

2.4. Human factors 

The decision problems categorized in 2.3 are made 

more difficult by people's cognitive limitations. This 

section considers a few of these limitations and their 

relationship to rule-based decision systems. 
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2.4.1. Cognitive complexity 

One model of cognitive complexity (Schroeder, Driver 

and Streufert, 1967, as summarized by Benbasat and Taylor, 

1982) suggests that the amount of information processed by 

an individual has a maximum at an intermediate environmental 

pre~sure or load (resulting from complexity or uncertainty). 

Maximum processing at moderate load, with declines at under 

and overloads, is in consonan~e with the division of labor 

in a rule-based decision system. 

2.4.2. Cognitive biases 

People are subject to many cognitive biases 

affecting decisionmaking. Hogarth (1980 ch. 9) cites 28 of 

them. Most are related to one of three facets of the 

decision problem: (1) complexity in the problem .or its 

input data, (2) uncertainty in the data, or (3) distortions 

from reality introduced by the values and beliefs of the DM 

and his experts. 

The rule-based decision system interacts with these 

biases in at least three ways: (1) biases are built into 

the system through its rules ane the selection of its 

experts, (2) some biases, notably complexity biases, are 

attenuated because the system is designed to spread the 

complexity over several individuals; and (3) other biases, 

including those associated with judgments about uncertain 
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events have their effects reduced by experience in repeating 

the same decisions. 

If a model of a rule-based decision system were used 

as an advice-giver, it would probably moderate a portion of 

the damage caused by the following biases: 

(1) inconsistency: the inability to apply the 

same jud~ental strategy over similar cases; 

(2) "best guessing": basing jud~ent on a 

"most likely" hypothesis and ignoring other pertinent 

factors and data; 

(3) complexity: inconsistent, hasty, and 

superficial jud~ents caused by information overload, time 

pressure, or emotional stress; 

(4) illusion of control: the DM is unaware of 

the real uncertainties in the situation because favorable 

outcomes occurring by chance give him false confidence; 

(5) extreme jud~ents: ignorance of the actual 

level of uncertainty prevents OM from exercising caution 

(regression toward mean). 

2.4.3. Simple decision process 

Benbasat and Taylor (1982) report that the decision 

processes typically used by individuals in making decisions 

are very simple. Frequently the cues are combined linearly. 

Research indicates that many of these simple rules e.re 
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employed sequentially---an analog of the method used in the 

rule-based decision system. 

2.5. ~~1~!1~~_~~!~~~!_!~!_~~£1!1~~_2!~~1!~! 

This section discusses the different ways of 

classifying solutions for the problems discussed in 2.3. It 

considers some techniques used and how these techniques 

relate to rule-based decision systems. 

2.5.1. Generality and power 

Newell (1969) offers a perceptive way of 

categorizing solution methods. He defines the "generality" 

of a method as a measure of the number of different problems 

for which it suffices. This number covaries with the amount 

of domain information the method demands. "Power" is a 

measure of a method's ability to deliver a solution. For 

example, a very general, but not very powerful method 

demanding little domain information is "generate and test"; 

on the other hand, a powerful but limited method, demanding 

much domain information, is the simplex algorithm. For each 

degree of generality there is some upper bound on any 

method's power. The bound is depicted on figure 2.2 along 

with the locations of the rule-based decision system and the 

two methods mentioned above. Methods like generate and test 

and the simplex algorithm exploit completely the information 
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they have, so they lie at the upper bound of power. 

Rule-based decision systems do not fully exploit their data • 

. power 
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f.--_ generality 
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Figure 2.2 Newell's categorization of solution methods in 
terms of generality and power. 

2.5.2. Categorizing decision problem solution methods 

One way of classifying solution methods is by number 

of stages. The one-stage methods (~ite and Sage 1980) 

often rely on one function or a number of parallel functions 

to map alternatives into the real numbers, producing an 

utility or other value for each alternative. The DM 

compares these values to make the decision. Multiattribute 

utility theory (MAUT) and multiobjective optimization theory 

(MOOT) are two versions of this idea. Bayesian decision 
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methods, ba~ed on expected utility values for alternatives, 

are often one-stage (Benjamin and Cornell 1970 ch. 5). 

Multistage methods require decomposition of the 

problem into subproblems which are solved separately. The 

results are interconnected in a network where values from 

the solution of one subproblem become inputs to other 

subproblems. Bayesian decision models can sometimes take 

this form (Schum 1980). 

Solution methods c~n also be classified by the 

degree to which they are grounded in accepted sets of 

axioms. Typical sets are the axioms of logic, utility, and 

probability. Such "analytical" solution methods have the 

advantage of well defined bases (the axioms). All 

statements can be proved formally and precise assertions can 

be made independently of each other, knowing that they are 

all grounded in the same axioms (Barr and Feigenbaum 1981 

ch. III C1). The MAUT, MOOT, and Bayesian methods mentioned 

above are analytic in this sense. The difficulty with 

analytic methods is that the complexity of real decision 

problems combined with the stringency of the axioms and 

definitions often lead to failure in actual application. 

Ad hoc solution methods, on the other hand, are 

informal and grounded in human experience. People use them 

because they work. They are usually limited to specific 

situations. For example, pattern recognition methods 

(Ben-Bassat and Freedy 1982) are often ad hoc and may be 
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single or multistage. The rule-based decision system is a 

good example of a multistage, ad hoc method. 

2.5.3. Decision rules 

Decision rules are techniques which allow the DM to 

compare options and ultimately select the best from a set of 

alternatives. Sage (1981) proposes three general categories 

of rules: 

(1) 

of "goodness" 

expected utility, 

rules. 

"Holistic evaluation" assigns some measure 

to each possible option. Examples are 

subjective expected utility, and MAUT 

(2) "Heuristic elimination" uses simplified 

approxmations to the holistic rules. These approximations 

~ompare one option with some, but not necessarily all 

others. For instance, the lexicographic decision rule 

chooses the alternative which is most attractive on the most 

important attribute. 

(3) "Wholistic judgment" chooses options on the 

basis of previous experience. 

reasoning by analogy, looking at 

rather than disagregating it, 

There are three versions: 

the "whole" situation 

and following standard 

operating procedures, which are experience-based guides. 

The rule-based decision system is a standard 

operating procedure. It is the equivalent of a large number 

of "if A happens, do e" rules based on experience. 
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If the DM is not to be overwhelmed by detail, the 

input information to the decision must be combined 

(aggregated) into a few values which are, nevertheless, 

still meaningful in terms of making the decision. A common 

example is the taking of averages. 

For people, aggregation and other mechanisms used in 

problem solving are most easily done in steps. Each step 

must be simple enough for human comprehension, have 

understandable (concrete) start and end points, and have 

some plausible rule connecting its start and ~nd points. 

The more complicated the decision problem, the more steps 

will be necessary. This kind of analysis is called problem 

decomposition (Naylor 1981). 

The "steps" above can be viewed as inferences (eg., 

if one knows the value of A and, in addition, has a rUle,-

"if A, then C", one can easily infer the value of C). 

Variable A is the antecedent of the rule and C its 

consequent. Variable A may be an input or an intervening 

variable (introduced in 2.2.1) and variable C may be an 

intervening or output variable. Such inferences are the 

"atomic" subsystems of the decision system. 

To finish the definition of the decomposed system it 

is necessary to define the interconnections among the 

inferences. Naylor (1981), in his formal decomposition 
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"inference network". 
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The result is an 

The rule-based decision system is a loosely defined, 

informal inference network. Both rules and interconnections 

are defined by experts as they are needed or seem useful. 

Each expert is generally responsible for a subnetwork of 

inferences. 



CHAPTER 3 

THE PLAYER MODEL 

This chapter introduces the Player Model as a 

decision proposing mechanism in a specific rule-based 

decision system. The chapter considers the circumstances 

surrounding the establishment of the Model and the task 

envirorument in which it must operate. It also provides an 

overall description of the Model and its operation. 

3.1. Model frame of reference 

3.1.1. The task environment 

A business game called Company Z Decision Game (CZO) 

(developed and managed by J.F. LaSalle, Department of 

Mangement Information Systems Department, University of 

Arizona) provides a simulated industrial environment for six 

competing companies. The game operates on a periodic 

(quarterly) basis for some 10 to 12 periods. Normally, 

student teams make decisions for the six companies. The 

Player Model can sUbstitute for one or more of the student 

teams. 

CZG provides each player team with comprehen~ive 

data for interpretation of the performance of that team's 

25 
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company and the industry in the preceding period (labeled 

t-l). The team, using this data and results from earlier 

periods, makes a number of business decisions which take 

effect in period t. The decisions involve prices, 

promotional spending, production, plant, etc •• CZG receives 

decisions from all six teams and returns new results for 

period t. In substituting for a student team the Player 

Model receives and acts on precisely the same information as 

would the student team. 

If the Player Model were to operate in a real 

business situation 

decisionmaker (ll\1) • 

i t 

The 

would 

DM would 

propose 

also 

actions to a 

receive proposed 

actions from his staff experts. He would 

recommendations of both staff and Player Model 

explore the 

by asking 

each expert (within his specialty) to explain his own 

reasoning and that of the Player Model. The DM would 

accept, amend, or reject proposed actions based on his own 

intuition, knowledge, and experience. 

In a CZG simulated environment the situation would 

be similar to that described above. However, the CZG 

environment is, inevitably, more stable than a real 

industry. Furthermore, the student teams would have to 

operate by consensus rather than authority. 

During the test and adjustment of the Player Madel 

it is obviously essential to avoid intuitive, ex post facto 

adjustment of Model recommendations. Instead, all 
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adjustments must be to the internal mechanism of the Model 

so that proposed decisions will be rational in any 

situation. Thus, during adjustment the decisions proposed 

by the Player Model are simply converted from fuzzy to crisp 

valuas'and used directly as CZ&inputs. 

The strategems used by all players are derived from 

common economic knowledge, certain limited information 

concerning the behavior of CZG provided prior to the grume 

(in class and by a Player Manual (LaSalle 1983», and 

observation of actual CZG responses. The CZG mechanism is 

deterministic but, since outputs depend on six independent, 

usually human inputs, the results appear somewhat random to 

the player. 

3.1.2. Origins of the Player Model 

Section 2.2 introduced the notion of a rule-based 

decision system for making recurring, judgmental decisions. 

The Company Z game provides a competitive task environment 

in which a number of such decision systems can operate. The 

Player Model, then, is a member of a class of 

transformations which can map sets of CZG period t-1 outputs 

into recommended decision values for period t. Such 

transformations can be considered models because they 

represent working, rule-based decision systems used to play 

CZG. 



28 

Mechanisms like this can includE! analytical problem 

solving arrangements that teams might not use, as well as 

rules borrowed from actual decision systems. In this 

particular case the Player Model incorporates knowledge from 

a rule-based decision system proposed by the author, 

corrected and guided by an expert with experience in the 

game. 

One ~an view a rule-based decision system as having 

two versions: A, the set of rules and their 

interconnections used in day-to-day operation of the system, 

and B, an hitherto informulated, more complicated version 

that must be elicited from the experts. Behaviors of the 

two versions are supposed to match, but this homomorphism 

can never be altogether preserved because of difficulties in 

eliciting information from the experts. The passage from A 

to B, h owe v e r imp e r f e c t , i san imp 0 r tan t ph a s e i nth e 

transfer of information from expert to Player Model 

knowledge base. The Player Model, then, is the computer 

program, resulting from some particular version B of the 

rule-based decision system existing in the collective minds 

of the author and the expert guiding him. 

3.2. !~~_Q2~2!~l_~_g~~~_iQ~Ql 

The CZG is a computer-based simulation of the task 

environment in an "electronics" industry of six companies. 

Decisions for the companies are made by student teams. 
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3.2.1. The decisions 

The six companies provide CZG with price, marketing 

budget, design/styling budget, quality (cost per unit), and 

production level decisions for each of three products for 

the upcoming quarter, t. In addition they provide the 

dollar commitment for new plant to come on line at the start 

of t+2 and the amount of securities to be bought or sold 

during t. 

3.2.2. The market 

Consumer sectors are differentiated primarily by 

product price on a scale from "economy" to "luxury". Demand 

for a product depends on price (p) and expenditures for 

marketing (m), design/styling (ds) and product quality (q). 

Total industry demand is affected by industry economic 

conditions, measured by a business index superimposed on a 

seasonal cycle. The business index is forecast by CZG and 

the seasonal index is known by the teams. 

Fragmentary "hand-me-down" information on the change 

in demand with changes in p, m, ds, and q is available in 

the CZG Player Manual. Also listed are some constraints on 

q relative to price and in absolute terms. In addition the 

manual provides linguistic values for the fractional 

allocation of demand changes over the current period, t, and 

the subsequent three periods. 
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3.2.3. Production 

Available plant produces the amount (pdn) ordered 

for all three products up to 1.25 times nominal capacity. 

The extra 25% is overtime, available automatically (at extra 

cost). Beyond the overtime, plant shortages result in equal 

fractional cutbacks for all products. There are side costs 

for production rate changes, inventories, administration, 

etc •• 

3.2.4. Plant 

The replacement cost of plant is $20.00 per unit of 

capRcity per period. Plant depreciates automatically 2.5% 

per period. To increase plant a company must offset the 

depreciation and provide extra funds for the increase. 

There are side costs for increases. If a company commits 

funds for new plant in t, it must pay the monies in t+1; 

the new plant is available at the start of t+2. 

3.2.5. Finance 

Liquid assets for a company are in cash on hand and 

securities held. The latter pay 2% per period but incur a 

4% penalty if they are sold. If cash on hand goes negative 

the Company goes into debt at costs which rise steeply as 

debt increases. In effect, a company can commit virtually 

any amount for promotion (m, ds, and q) and production (pdn) 

but must "pay back" the money from sales revenues (or go 



31 

into debt) at the end of the period. Thus, finances are 

essentially a device for buying new plant or securities. 

3.2.6. Reports 

CZG returns a substantial report to each team at the 

end of each period. One part pertain~ solely to the company 

receiving it and includes consolidated company and 

individual product data. It contains the usuAl profit/loss, 

demand/sales, cash 

production/inventory 

flow, 

data. 

financial condition and 

A second part includes 

abbreviated competitor data including profit/loss, financial 

condition, product price, promotional budget and sales 

volume data on all six industry companies. It also includes 

past and forecast business index values. There is more 

information available in these reports than the average team 

can use. 

3.2.7. Summary 

This is not a particularly complicated game, as such 

games go. Even so, it provides a complex environment when 

the variabilities of the six competitor teams are included. 

It requires the player team to walk a fairly "fine line" in 

most decision areas to avoid penalties, without knowing, in 

the beginning, where that line is. It presents an 

ill-structured problem where most of the variables invo!ved 

are continuous and the decisions are choices among a 

seemingly infinite number of options. 
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The information in the CZG Player Manual about the 

envirorument is generally vague and largely qualitative. 

Quantitative information is often in linguistic form. In 

this respect the game mimics the actual environment of a 

real organization quite well. From this less than perfect 

information players must formulate their initial rules for 

coping with the task environment and modify them as the game 

proceeds. Such rules, of course, form the basis for the 

Player Model. 

3.3. ~!!~~!_M~£~!_£~~£!12!1~~ 

There are five levels in the Player Model taxonomy; 

the first is the model itself. The upper levels are 

"functional", defining the separate subtasks. At lower 

levels the emphasis is on technique and many of the 

variables become software conveniences rather than 

fundamental descriptors of the system. 

3.3.1. Model structure 

Figure 3.1 illustrates the levels of the Model in 

fragmentary form. One of the six decision algorithms in the 

Model, "target demand", is identified at the second level in 

the Model. This algorithm consists of six schemata at the 

third level. One of these schemata is "arena shortfall", 

which has four schema subtasks at the fourth level~ A 

particular schema subtask is "upward revision in target 

demand" which, in turn, has three inferences at level five. 
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The inference shown is labeled FORB, after the fuzzy 

implication it contains. 
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Figure 3.1. Fra~ent of Player Model structure. 

With the exception of "target demand", all six 

decision algorithms produce specific output variable values 

as shown in figure 3.2. The arrows in the figure show the 

general flow of internal data and the sequence of operation 

of the Player Model. There are many data flows not shown, 

but they all feed forward. One would not expect feedbacks 

in a rule-based decision system because people have 

difficulty in coping with them. It appears that humans 

avoid repeated revision of their judgments by suitable 

assumptions and approximations. 

Generally speaking, the coupling between - the 

decision algorithms is loose. Each requires'many inputs 

from the environment but few from the preceding algorithm. 
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Figure 3.2 Decision algorithms, information flows and 
output variables: 2nd level of Player Model 
structure. 

The decision algorithm structure of the Model 

corresponds fairly well with the staif specialization one 

would expect in a company. For instance, Sales would handle 

price and promotion; Production would deal with the 

production levels; Planning would propose plant 

commitments, and Finance, the securities transactions ---all 

after suitable coordination. 

The Model uses several hundred old and new input 

values from the environment and the residue of the previous 

run. These inputs are too numerous to show in figure 3.2. 
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An example decision algorithm is "target demand". 

It projects demands for all competitor products and sorts 

them by "arenas" (centered on the prices of the Company's 

own products). Then it finds the average projected 

competitor demand for an arena and maps this value to an 

appropriate "target demand" for the Company's own product in 

that arena. As shown in figure 3.2, target dffinand is a key 

mechanism because it drives the twelve m, ds, q, and pdn 

decisions. Once the Model has an initial value for target 

demand, it adjusts that value for shortages in Company and 

competitor plant. 

The third level of structure consists of schemata, 

the outputs of which are normally "observable" variable 

values (that is, measurable 9 available to specialists, and 

understood by the DM). There are one or several schemata in 

each decision algorithm and 16 in all. Two stand alone, 

supporting several algorithms. A typical schema is 

tIt-projected demand", which finds the projected demands at 

period t for all 18 industry products. It considers demand 

changes induced in the past and effective in period t and 

forecasted changes in the business climate. This particular 

schema is part of the target demand algorithm. Schemata are 

discussed in more detail in chapter 6. 

The fourth level of structure contains "schema 

subtasks". There are several, and sometimes many subtasks 

in each schema. They are functional in that they produce 
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values of variables, meaningful to the expert, from some set 

of input or intervening variable values. As an example, one 

subtask in the "scram" schema determines whether the members 

of any pair of the Company's own products are so close 

together in price that they will compete with each other. 

The bottom or fifth level in the Player Model 

structure consists of inferences. From the standpoint of 

structure the act of drawing an inference based on some set 

of information is equivalent to mapping an input (the set of 

information or antecedent) to an output (the consequent 

set). Antecedent-consequent pairs in inferences are always 

connected by previous observation or experience; it is this 

aspect that distinguishes inferences from other kinds of 

mappings (Wikelgren 1974 pp. 21-26). Chapter 4 describes 

inferences in more detail. 

In the Model, implications can be continuous 

functions, fuzzy relations, or trees representing discrete 

functions. Each implication represents a rule elicited from 

some expert or incorporated in the Model from some other 

source. 

Consequent variables of inferences in the Model are 

either antecedent variables of other inferences or output 

variables of the Model. Thus the inferences in the Model 

are connected in an intricate network. 
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3.3.2. Computational tools 

The Player Model employs two computational 

mechanisms quite often. The first is a "demand change 

algorithm" which transforms period-to-period changes in 

demand variables (p,m,ds, and q) into the equivalent changes 

in demand for the product concerned. The conversion works 

in both directions. The necessary rules are given in the 

CZG Player Manual, but in vague terms. The changes vary 

with price, so the Model linearly interpolates. This demand 

change intelligence concerning competitor products plays an 

important role in Model decisions. 

The second mechanism is "demand change accounting". 

Using rough CZG rules for fractional allocation of demand 

changes over time, the Model can determine expected dema~ds 

for all industry products. With some linear trend 

assumptions it can project competitor demand into periods t, 

t+1, and t+2. Techniques like these are convenient only 

with computer support. They allow the Player Model to use 

information which often is neglected in "manual" decision 

systems. 

3.3.3 Model strategems 

The Player Model tacitly assumes that the Company it 

supports is operating in a turbulent field (Emery and Trist 

1965), where competition is the largest factor in 

environmental uncertainty. To shield itself from this 
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uncertainty the Model bases most of its calculations on what 

the competition has just done or might do in the near 

future. 

Examples of keying on the competition include moving 

one's own products away in price from concentrations of 

competitor products, setting target demands for one's own 

product a little higher than the average demand for nearby 

competitor products, and basing t+2 plant commitment on the 

average company projected demand in period t+2. 

The Model generally aims to profit by the mistakes 

of the competition. For instance, it will increase target 

demand in an arena that shows a shortage in competitor 

plant. It also takes advantage of its computational power 

to remember past changes in 

allowing better forecasts 

competitor 

of demand. 

easily make such tedious calculations. 

Other strategems include: 

demand variables, 

Human teams cannot 

(1) linear trend demand projections; 

(2) using price changes to avoid intra-company 

product competition, (but not to generate demand); 

(3) viewing product demand changes as having a 

nominal component induced by changes in business and 

seasonal cycles, and a promotional component, induced by 

changes in demand variables p, m, ds, q; 

(4) using a high proportion of available overtime 

in lieu of increases in plant; and 
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(5) use of a debt "breakeven point" above which it 

is cheaper to sell off securities rather than go further 

into debt. One can look on these various strategems as 

meta-rules. Any rule-based decision system must have a 

structure of such meta-rules, if only to provide a basis for 

incremental adjustment of the system as the task environment 

"evolves". 



CHAPTER 4 

ALTERNATIVE WAYS TO REPRESENT 
A MULTISTEP DECISION PROCESS 

State-space representation is a convenient starting 

point for describing the particular decision problem solved 

by the Player Model. In this kind of description the 

reasoning proceeds in a forward direction from an initial 

state to a goal state. It is analogous to the data-driven 

or "bottom-up" way of solving a decision problem having many 

inputs and only a few outputs. 

The objective of this chapter is to describe the 

relationships among ill-structured, recurring decision 

problems, rule-based decision systems used in social 

organizations to solve them, and decision proposing 

mechanisms (like the Player Model) in such decision systems. 

State-space representation will provide a theoretical basis 

for this task. The chapter will compare the Player Model 

with other artificial intelligence techniques designed to 

solve ill-structured decision problems. 

The state-space approach used in what follows is 

based on Nilsson (1980 pp. 19-20, 153-155), Barr and 

Feigenbaum (1981 ch. II B), and Wikelgren (1974 pp. 10-20). 

40 
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4.1.1. Parameters of state-space representation 

The necessary parameters for state-space problem 

representation are "objects" (including individuals), 

"states" (configurations) of the collection of objects 

involved, and "operators", which change the problem from one 

state to another. 

Objects are the basic entities in our perceived 

world. They exist at a level of abstraction below that of 

natural language (Korzybski 1948). 

Attributes are descriptions of object properties by 

which we communicate to others the differences and 

similarities among the objects (eg., "orange ball", "the 

orange ball has dimples", "his name is John", "John is in 

Portland"). Each attribute has a value defined on some 

universe of discourse. A given attribute may be two-valued, 

many valued, or even infinitely valued. When an attribute 

value is the same in all states of a problem the attribute 

is "constant"; otherwise it is a "variable". 

The state of a decision problem is a description in 

terms of selected attributes of the objects associated with 

the problem. For example, the state of a chess game must be 

defined in terms of the attributes "name of piece", "color", 

"location" and "presence/absence" of the objects in the 

game. Each attribute in the specification of a state 
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applies to some one object. There can be many objects 

associated with the problem, each with several attributes. 

The list of objects and attributes is the same for all 

states of the problem. Each state differs from its fellows 

by at least one variable value (For instance, one state of a 

chess game might differ fom the next only in the location of 

one of the pieces). The set of all attainable states 

determined (in part) by all possible combinations of 

variable values is called the "state-space". 

Operators are partial functions which may act on the 

problem in one state to transform it to another state. To 

define an operator one must specify: (1) in which 

situations the operator applies to a state (the situation 

can be defined in terms of variable values or any other 

identifiable aspect of the state), (2) to which variables it 

applies, and (3) how it changes the value(s) of these 

variables. For example, the "move-up-one-floor" operator in 

a building applies only when the variable "floor" reads 

n: n<top floor number; the operator changes that variable 

value from n to n+l and, in so doing, moves the system to a 

new state. 

It is convenient to represent the state-space of a 

system by a directed graph whose nodes are states and whose 

arcs are operatur applications. The graph begins at an 

"initial state" (or states) and terminates at a "goal state" 

(or states). 
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4.1.2. Solving the decision problem in state-space 

The judgmental decision problem of section 2.3.2 

neatly fits the state-space format above. Each state in the 

problem can be viewed as containing "slots" for a value of 

each of the system variables. One state can differ from the 

others in as little as one of these slot values. If there 

are more than a few variables and they are allowed to assume 

more than a few values, the state-space can become very 

large indeed. 

It is evident now that the major hurdle in solving a 

decision problem lies in finding a path through the 

state-space graph from a given one of the initial states to 

the proper goal state. The "solution" to such a problem is 

defined as a finite sequence of operators (a path) that 

moves the system from an initial state to the correct goal 

state. There are a great many paths from each initial state 

to any particular goal state. One can search for the 

optimal path, a suboptimal but easily found path, all 

possible paths, or just any path. Seeking principles and 

mechanisms for searches like this is an important activity 

of artificial intelligence (AI) research. AI workers use a 

number of "blind" and "heuristic" methods to solve such 

search problems. The latter are used when there are no 

algorithms available or the problems become so complex that 

available algorithms become impractical. 
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In the special case of rule-based decision systems, 

and other decision systems involving experts, there is a 

shortcut which avoids the search. The recurring nature of 

the decisions in such systems allows the ex~erts to specify 

both a path through the state-space and, from that, a 

plausible, but not necessarily optimal decision for each 

given initial state. This shortcut is a oaradigm underlying 

some AI "expert systems". Such suboptimal results are 

acceptable if there is no better method, and if they work. 

4.2.1 The connection between state-space 
solutions and inference networks 

Section 2.5.4 introduced the notion of decomposing 

complex problems into more easily handled steps labeled 

inferences. This section relates state-space solutions, 

representing a theoretical basis for rule-based decision 

systems, and the inference networks actually used in 

decisionmaking and in the Player Model. 

"Drawing an inference" means to conclude or decide 

from something known or assumed (Webster's Second College 

Edition 1980). In particular (Barr and Feigenbaum ch. III 

Cl pp. 162,163), an "inference" is a situation where two 

elements are present: 

(1) Knowledge regarding associations or conne~tlons 

observed in the past between attributes of objects. This 
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knowledge is represented by a mapping from values of an 

"antecedent" variable, standing for an attribute of some 

object, to another, "consequent" variable, standing for a 

different attribute of a different object (In special cases, 

of course, the attributes, variables or objects can be the 

same) • 

(2) Information (or the assumption) that some 

specific antecedent variable has a particular value. One 

cannot draw an inference unless both imp 1 i cat ion (l) and 

evidence ( 2) are present. 

Element (l) above fit s the definition of an 

implication in first order logic (Barr and Feigenbaum 1981 

ch. III C1 pp. 162-165). If element (2), the evidence, is 

also present in the form of an antecedent variable value, 

the combination of antecedent value and implication will 

draw an inference and produce the corresponding consequent 

variable value. The use of the term "inference network" 

refers to many interconnected implications. Such 

interconnections occur when the consequent variables of some 

implications or rules happen to be the antecedent variables 

of other rules. 

4.2.2. Comparison of state-space and 
inference representations 

The easiest way to compare state-space and inference 

network representations of decision problems is with an 

artificially simple example. There are two operators and 
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four variables associated with the state-space shown in 

figure 4.1(a). Two solution paths through the state-space 

are shown. 8tates 81, 82, and 83 are on the left path; 84, 

85, 86 are on the right path. The dotted arcs and states 

are not on either of the two (known) solution paths. 

The variable list for each state is (a,b,c,d); a 

and b are input variables; c is an intervening variable; d 

is the output variable. Variables a,b,c, and d are defined 

on 1[0,4]. In this example, only two initiai states, 81 and 

84, are possible. There are two operators, OPI and OP2, 

generating the state-space from the initial states. 

Operator OPt makes the value of c equal to the sum of a and 

b. Operator OP2 makes d equal to the sum of a and c. 

(b) 

a b 

i..,.lerence :1 

Ol'l 

Figure 4.1(a). Paths through a state-space. (b) Analogous 
inference network. 

In the inference network (figure 4.1(b» which 

represents the solution paths shown in figure 4.1(a) there 
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Antecedent 

variable A1=al\b, consequent variable C:I.=c, antecedent 

variable A2 =aA c, and consequent variable C2=d. The mapping 

for Ai =? C,i, can be expressed as c=a+b. The mapping for 

A2. =? C,2 is d=a+c. 

Comparing figures 4.1(a) and 4.1(b) one can see that 

the collective invocations of OPI on the two.paths in 4.1(a) 

have become inference 1 in 4.1(b); those of OP2 have become 

inference 2 in 4.1(b). If there had been a hundred initial 

states and paths, all the applications of OPt and OP2 to 

these particular states would still be represented by 

inferences 1 and 2 respectively. The states on the paths in 

figure 4.1(a) are represented by the newly instantiated 

va ria b 1 e sin f i gu r e 4. 1 ( b) • For ins tan c e, s tat e s 81 and 84 

are represented by the vector variable (a,b), states 82 and 

85 by variable c, and states 83 and 86 by variable d in the 

analogous inference network. 

One can see that the state-space representation is 

operating on a "value" basis, where each different state 

involves a different value of some attribute of a particular 

object. The inference representation operates on a 

"variable" basis, where all the possible values of a given 

attribute are lumped together under a common variable label. 

Further, multiple, parallel invocations of a 

operator, mapping values of one variable to values of 
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another, are combined under a single label called an 

" i mp I i cat ion" • 

Comparing the 

representations, it 

is searching for a 

state-space and inference network 

is clear that when the problem at hand 

path or paths to some goal, the 

state-space representation is essential. Conversely, when 

one already knows a path through state-space (provided, say, 

by an expert) the inference network is much more compact and 

e f f i c i en t • I t mu s t be r ememb ere d ,of co u r s e , t hat the 

network represents one particular bundle of paths through 

state-space, not necessarily the only one or the best one. 

The "network" of figure 4.I(b) contains only two 

inferences. But it is easy to see that with more variables, 

operators, and states the tandem inferences in 4.1(b) could 

expand into a complicated network. These networks, in 

practice, come from rules in the minds of experts, not from 

state-space graphs. For recurring decisions at least, it 

appears that people actually think in terms of antecedents, 

implications, and consequents. Thus, inference networks are 

a very "natural" representation in these special cases. 

4.2.3. Implications in inference networks 

There are three kinds of implication in the Player 

Mode I : 

(I) Causal implications whose mappings express the 

idea: A (to some degree) causes C". 
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(2) Taxonomic mappings which are the connectors in 

hierarchies. For instance, "Individual A belongs to 

category C". 

(3) Axiomatic mappings which are grounded in 

assumptions called axioms. For example, two of the mappings 

used extensively in the Player Model are addition and 

multiplication. These are the two laws of combination used 

in the definition of a field. A field of scalars is 

established by 11 axioms. These include def:1nitions of sum, 

product, negative, zero, one, and associative, commutative, 

and distributive rules for combination of scalars (Nering 

p. 6). Axiomatic and causal mappings predominate in the 

Player Model. 

In recent years AI researchers have constructed a 

number of advice-giving systems with knowledge bases 

contributed by human experts. The motivations were the same 

as those of the Player Model---to avoid all or parts of the 

search problem and human cognitive biases and frailties such 

as variability of judgment and memory failure. 

4.3.1. Types of expert system 

There are two major types of expert system: 

scientific systems like DENDRAL, CHRYSALIS, etc., and 

professional/clinical systems such as PROSPECTOR, MYCIN: 



CASNET, etc. (Barr 

Scientific systems perform 

expert sources to make 

searches. 

and Feigenbaum 

searches, but 

inferences in 
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ch. VII,VIII). 

use rules from 

support of these 

Professional/clinical systems generally form 

alternative hypotheses concerning the presence or type of 

disease, ore body, etc. in a given situation. Then they 

seek to match field data or medical symptoms and findings 

with the hypotheses. Partly as a result of custom in the 

professional fields involved (eg., medical), the variables 

used in the inference networks are nearly always boolean. 

This means that they carry very little information. A large 

portion of the expert knowledge resides in separate, but 

associated inference networks. These carry "belief", 

"confidence", or "relevance" information which modifies the 

"truth" of the associated boolean values. 

Professional/clinical systems often decide among 

hypotheses by scoring them, using belief values that have 

expert-derived thresholds for action. In general, these 

systems work with belief values and hypotheses because 

causal knowledge is sparse. Lacking causal knowledge, such 

systems sometimes depend on pattern recognition, which 

involves taxonomic rather than causal relationships. 

Military situation assessment is a typical exa~ple 

(Ben-Bassat and Freedy 1982). 
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4.3.2. Player Model versus other expert systems 

The Player Model, in common with 

professional/clinical systems, does not have to search for 

paths through state-space. Expert information provides 

paths in the form of an inference network. This means the 

control program for the Player Model can be simple, avoiding 

complicated search heuristics and decisions. 

Most expert systems mimic single, even specific 

judges or experts (doctors, chemists, geologists, etc.). 

However, the Player Model involves groups of experts who 

must interact with one another. Professional/clinical 

systems often operate in two steps: diagnosis and 

treatment. Diagnosis involves comparison of the input, eg., 

symptoms and test findings, with some norm (Bouwman 1983); 

then the deviations from that norm lead to disease 

identification by inference or pattern recognition. 

Treatment is then inferred from the disease identification 

and the symptoms/findings. The Player Model, on the other 

hand, is strictly a "treatment" system, turning any rational 

input into proposed decisions without classifying the input 

conditions in the process. 

The Player Model has relatively more causal domain 

knowledge and input data than other expert systems. The 

reason is that more is "known" about its particular dom~in. 

Increased causal knowledge reduces the need for pattern 

recognition, hypothesis generation, and belief propagation. 
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The additional information leads to use of continuous or 

multivalued variables in place of the boolean variables in 

other expert systems. 

All expert systems, including the Player Model, are 

alike in their dependence on expert knowledge. They often 

apply to recurring, but ill-structured, judgmental problems 

in social organizations (see 2.3.2). They all provide 

benefits similar to those listed in section 2.2.4. However 

because of the increased amount of causal knowledge required 

and the use of continuous variables, the Player Model 

appears to differ enough from the professional/clinical 

systems so that it falls into a third class. "Strongly 

causal" or "continuous variable" might be appropriate names 

for members of such a class. 



CHAPTER 5 

FUZZY SET REPRESENTATIONS 
I N mE PLAYER IDDEL 

The problem of confidence, or certitude, is one of 

the many aspects of belief (as opposed to fact) which make 

reasoning difficult (Barr and Feigenbaum 1981 ch. XI F 

p. 67). In any "judgmental" decision (see 2.3.2) there are 

few "hard facts" presented to the OM. Most information 

provided must be considered a "belief" of the presenter. 

The OM has no alternative but to view such data as 

imprecise. This chapter describes some fuzzy set methods 

for representing that imprecision. 

"Imprecision" in this report, is used in its natural 

language sense---that is, one does not know the exact values 

of those attributes required to make some decision. When 

decisions recur, however, those concerned can usually learn 

to assign some sort of subjective value to the amount of 

imprecision present in the information they receive. 

There are several ways to represent the degree of 

uncertainty, among them fuzzy sets and probability 

mechanisms. Dubois and Prade (1980 p. 1) define fuzziness 

53 
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as "vagueness" (citing Black 1937). Black specifically 

distinguishes fuzziness from "generality" and "ambiguity". 

Dubois and Prade (1980 p. 2) distinguish fuzziness from 

"imprecision" also. However, in this re~ort "imprecision" 

and "fuzziness" are used interchangably. 

Understanding the idea of fuzziness and fuzzy set 

representation of it requires a brief examination of the 

circumstances where uncertainty can arise in the 

communication of information. This report will use the 

label "uncertainty" to refer to a subjective belief 

concerning one's lack of precise knowledge about a measured 

attribute value on some universe. The attribute may have a 

point-value or an interval-value on that universe. 

All attribute values must stem originally from 

measurements, which may be in error. If the individual 

making the measurements perceives this, he can express this 

uncertainty using probability mechanisms, for example, a 

subjective mean and variance. However, if he must then 

communicate with others on the subject, he very often finds 

it inconvenient (or not strictly ne~essary) to use devices 

1 ike meL',n and var i ance. Human cornnun i ca t i on a I ready 

includes natural language categories used to increase its 

efficiency. 

reflect the 

It is often effective to choose one of these to 

perceived imprecision. For instance, ~500 

knots" becomes "very fast". 
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Resorting to natural language immediately introduces 

at least three other kinds of uncertainty: (1) inclusion of 

the original value in a larger category, where it loses its 

"identity" among the other point-values or intervals; (2) 

the category boundaries may be naturally diffuse because 

borderline objects are difficult to assign "in" or "out" of 

the category~-- eg., "very fast"; and (3) there are always 

variations in category boundary definition among 

individuals. In this report the hodgepodge of uncertainties 

above will be referred to as "vagueness" or "imprecision". 

Note that the natural language categorical representation is 

not equivalent to representation by probability measures, 

since the axiomatic structure of the former is weaker. 

Fuzzy sets are mathematical constructs which 

conveniently describe categories like "fast", "tall", 

"young", etc •• These categories have boundaries which 

express a gradual transition between membership and 

nonmembership (of objects) in the category. Those 

categories with "sharp" boundaries like "married", "at sea", 

etc., are more efficiently represented by two or 

multi-valued variables. 

5.2. ~~!!X_!~!_g~!i~i!!2~!_~~~_2!!~£!21~! 

This section presents formal definitions, notation, 
-

etc., sufficient to support a description of the extension 



56 

principle and fuzzy inference. Much of the material and 

notation are from Dubois and Prade (1980 Part II ch. 1,2,3). 

5 • 2 • 1. . De fin i t ion 0 f a f u z z y set 

Let U={a} be an ordinary set of objects, called the 

universe, whose elements are denoted "a". One can view 

membership in a classical subset ACU as a "characteristic" 

function )J.A:U -+{O, I} such that 

IJ-A(a)= 1 iff a€A (5.1) 
0 iff a ¢ A. 

{0,1} is called the "valuation set". Now suppose the 

val u a t ion set i s a I lowe d to be come [0, 1J. A i snow c a lIe d a 

"fuzzy" set and the grade of membership of some particular 

object, aE.U, in subset A is the value PA(a)E[O,l], a 

fractional value between 0 and 1. The closer the value of 

~A(a) is to 1 the more the object a belongs to subset A. 

Fuzzy set A is completely characterized by the set 

of pairs: A=[(a,r-A(a», a~UJ. A is really a subset of U, 

but the term fuzzy "set" is used for convenience. I tis 

useful to keep in mind that "A" is the label or name of the 

fuzzy set, while ~A (the membership function) serves to 

define the "shape" of the fuzzy set and, thus, its meaning 

(Wenstop 1975 p. 13). 

If the universe U is a discrete set, then A is 

defined only at discrete "support points" on the range of U. 

If U is continuous then A is defined continuously. Figure 

5.1(a) shows the membership function for A="roughly 7000 



57 

units of production", where U is a continuous range of 

production levels [0, 10000 units]. Figure 5.1(b) shows the 

same value, where U is a finite range of production levels. 

A: YO~9hly 7000 

~ 

o 

5 t' t 10K prod.uc 101'\ ra e 

(b) 

a 

() (~ 

~. 
'Product1o,,", rate 

101( , 

Figure 5.1(a). Continuous fuzzy set representation of value 
"roughly 7000". 5.1(b). Discrete 
representation of the same value. 

The set A="roughly 7000" illustrates a useful 

quality of fuzzy sets: their ability to represent 

linguistic values. "Roughly 7000" is a value of the 

variable "production level" just as the crisp value "7000" 

is. In fact the crisp value is just an extreme special case 

of a family of possible fuzzy values: "more or less 7000", 

"roughly 7000", "just about 7000", etc •• 

5.2.2. Union, intersection, and complementation 
of fuzzy sets. 

The classical union and intersection of ordinary 

subsets of U are extended by the following formulas (Zadeh 

1965): 



V a E U, i--tAuB (a) =max [Y-A( a) , 1-tB( a) J , 
v a E U, PAf\B (a) =mi n [~A (a) , f-l.s( a) J , 

where 11. r-Au13 are respectively the 
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( 5 .2) 

( 5 • 3 ) 

membership 

functions of fuzzy sets AuB and AI"'\B. The point-by-point 

max and min operations are equivalent to the semantic 

connectives "or" and "and" respectively (Wenstop 1975 

p. 36). 

The complement A of A is defined (Zadeh 1965) by the 

membership function 

(5.4) 

This complement operation is equivalent to a semantic 

modifier meaning "not A" (Wenstop 1975 pp. 33,36). 

G.2.3. Fuzzy mappings 

There are several fuzzy mapping schemes which are 

used in the Player Model. Kickert (1979) describes three of 

them; they are illustrated in figure 5.2(b), (c), and (d). 



Uni~se U 

cr~sp ~at 

(c) 

Figure 5.2(a). 

(b) 

fu.zzj' sat 

(d) 

Ordinary mapping. 5.2(b). 
from a fuzzy set. 5.2(c). 
from a crisp set. 5.2(d). 
from a fuzzy set. 
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Crisp mapping 
Fuzzy mapping 

Fuzzy mapping 

Crisp mapping from a fuzzy set maps a fuzzy value 

AS U (mean i ng "fuzzy subse t 0 f") to B ~ V • The i ndependen t 

and dependent variables are fuzzy but the mapping itself is 

crisp. Let the mapping be b=f(a), where aEU, bEY; let 

~A(a) be the membership function of A and ~B(b) that of B. 

Then the mapping assigns points in fuzzy set A to points in 

fuzzy set B in the following way: 

rtB(b)=J-LA(a)=/AA(C
j 

(b», 

subject to a=f~ (b). 

(5.5) 

One first selects a point bEY, finds its corresponding -
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inverse image, a, and then ~B(b)=~A(a). This procedure must 

be carried out for each point b in B. 

Expression 5.5 assumes that f is monotonic. If i t 

is not, then more than one point a can map to a given point 

b. In such cases the expression becomes 

P-:s( b) =max PAC a) , ( 5.6 ) 

sub j e c t to a = r-1 (b). 

In (5.6) the largest of the values ~A(a) is chosen as the 

value JLB(b). 

If there is a conjunction of fuzzy velues in 

different universes, say A£U={a} and B£V={b}, being mapped 

to fuzzy set CSW={c}, then (5.6) becomes 

flc (c) =max{mi n[ tJ-A (a) , tlB(b) J}, 

subject to (a,b)=f~(c) or c=f(a,b), 

( 5 .7) 

where min[P-A(a),/L»(b)]=I-lAcmd.B (a,b). The min operation in 

(5.7) combines the two "input" values into a single 

input---a two-dimensional equivalent of ~A(a) in (5.6). 

Expressions (5.5), (5.6), and (5.7) are all aspects of the 

extension principle (Zadeh 1975). The extension principle 

simply assures that the degree of membership at each support 

point of fuzzy set A in figure 5.2(b) is carried over to the 

image of that support point in universe V, ie., to point 

f(a)=b. 

A fuzzy mapping from U to V is defined as R~_UxV 

having a bivariate membership function ~R(a,b). It is 

easiest to visualize ~~ as a "bumpy" surface in the range 
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[0,1] above the UxV plane. The altitude above some point 

(a,b) in that plane gives the "strength" of the -connection 

between crisp values a E U and bE-V. Figure 5.2(c) 

illustrates how crisp set A maps to fuzzy set B. The 

fuzziness in B derives from the imprecision in the fuzzy 

mapping or relation. The Player Model uses fuzzy relations 

to represent linguistic implications---rules elicited from 

experts in natural language. 

Figure 5.2(d) illustrates a fuzzy mapping from a 

fuzzy set Ax-U to an even fuzzier set BSV. The expression 

for the membership function of B (Kickert 1979) is 

( 5 • 8 ) 

One can say that "B=Ao R=composition of A with R" is a fuzzy 

set induced from A through R. This induction generalizes 

the non-fuzzy modus ponens rule: "if x=a and y=f{x), then 

y=f{a) (Dubois and Prade 1980 p. 74) (Wens top 1975 

pp. 22-24). 

Expression (5.8) is called the "compositional rule 

of inference" (Zadeh 1975). It is used in the Player Model 

to find consequent values of (linguistic) rules elicited 

from experts. 
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This section describes how the extension principle 

and fuzzy inference are theoretically applied to the Player 

Model. 

The Model is an inference network using mostly 

continuous variables. As the inferences are invoked, more 

and more of the variables become fuzzy as crisp variables 

interact with fuzzy ones. A majority of the inferences are 

algebraic in nature---adding, subtracting, etc., of numeric 

values. In this situation the Model needs a concise way to 

store and express continuous fuzzy numbers. Preferably it 

should use a representation in which fuzzy monadic and 

dyadic algebraic operations can occur without transformation 

to another representation. Dubois and Prade (1980 ch. 

11.2) have proposed fast computation formulas, based on the 

extension principle, which suit this requirement. The 

Player Model uses a modified version of these formulas for 

extended algebraic operations. 

In addition, the Player Model must invoke inferences 

where the implication is a fuzzy relation. The most 

practical method available to compute consequent values of 

these inferences is to use finite universes (and discrete 

variables and implications) in the compositional rule of 
-

inference. The Model must therefore transform continuous 

values into a discrete format to make fuzzy inferences, and 
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then convert the consequent values back to continuous 

format. 

The outputs (recommendations) of the Player Model 

are in continuous format. The DM can look at the fuzzy 

numbers provided and comprehend the "peaks" or point values 

and the "spreads" of the numbers directly. 

5.3.1. Extended real operations 

A binary (dyadic) operation * in Re (the real number 

universe) is ilincreasing" iff a1 ) b1 and a2.> b2 ::;> a1 *a~>'b1 *b,z. 

In the same way * is a "decreasing" operation iff ai >b.1 and 

a2.>'b2~ai*a.2<b1"'b)... For example, if '" is the dyadic 

operation + and ai=7, a.2,=6, b1=3, and b,2,=2, then 7>3 and 

6>2 =} 7+6>3+2; so + is an increasing operation. 

Dubois and Prade (1980 PP. 41-53) have shown that 

algebraic operations like addition, multiplication, etc. on 

the universe of real numbers can be extended to fuzzy 

numbers in certDin cases. They prove that if M and N are 

continuous fuzzy numbers whose membership functions are 

onto, and @ is an increasing dyadic operation, then the 

extension M ® N is a continuous fuzzy number whose 

membership function is onto. The operations @ are applied 

separately to the nondecreasing and nonincreasing parts of 

fJ.M and r"N to produce the nondecreasing and nonincreasing 

parts of f-J.-M®N When ® is a decreasing, continuous 

dyadic operation the preceding results hold except that one 
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must use the nonincreasing parts of ~M and ~N to build the 

nondecreasing part of ~Mfi>N and vice versa. 

The extension of • to ® can be understood by 

considering the example in figure 5.3. MS;;Re and NSCRe are 

two continuous fuzzy numbers; • is the dyadic + operation. 

M and N, for purposes of demonstration, contain only 

nondecreasing parts. two 

intervals on nondecreasing parts of ~M and ~N respectively. 

Dubois and Prade (1980 p. 42) state that 

V a E [I M ,u M ] ,\f b E [I N ,u N ] ' /-L M ( a ) = fJ.N ( b ) = w . ( 5 • 9 ) 

This says that one can find some intervals on lAM and rtN such 

that the height of the membership function ~M at a point a 

and the he i g h t 0 f fJ. Nat a poi n t b wi I I bet h e s arne val u e ,w , 

for every a and b in the intervals. The interval can be as 

narrow as a point (as they are in figure 5.3) or as wide as 

the entire nondecreasing part of the membership function. 

In figure 5.3, height 6J =.6 occurs at I-lM(a=1.2) and 

IJ-N(b=2.2). 

Dubois and Prade then proved (1980 p. 42) that 

Vc E [1M +IN 'UM +u N ] '~M$N(c=a+b)=W. 

For W=.6, a=1.2 and b=2.2 the height w of the membership 

function f-J-MG>N will occur at location c=a+b=1.2+2.2=3.4. 

By using other values of w one can find other points on 

I--lM EDN sufficient to define it. In figure (5.3), C?=O 

producesP--ME9N (c)=O at c1=a1+b1.=0.4 + 1.0; W =1 produces 

tAM<BN (c)=1 at c,2=a;L+b2,=1.6+3.0=4.6. Notice that the 
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"spread" of f-AM@N is 4.6-1.4=3.2 which is the sum of the 

spreads of /JM and /-iN • Not ice also that the "peak" of 

occurs at c~=4.6, which is the sum of the values of 
(-

the peak I oca t ions for JA.. M and flN. 

w-=1 

// 

i CJ ': 0 .--.-+~.<-~-- ~irf4:-~4--. (;1,_ ...... '1 ...... r-- ~, 
b::)..1. c.=o+b=r.2+l.'l-=3.4 I.l~ a 

4 

C.1-i- bi :: c1. 

Figure 5.3. Extended addition of two fuzzy numbers. 

The "opposite" of a fuzzy number M (denoted -M) is 

such that Va E.Re, !J.._
M 

(a)=~,.,,(-a). Th us I J i sam i r r 0 r I"'-M 

image of ~M about axis a=O. The inverse of a fuzzy number 

(denoted M- i ) is such that VaE. Re, jJ-M-1(a):::~M(1/a). A fuzzy 

number M is "positive" only when 0~(a)=0, '\1'a(O, and 

similarly "negative" only when ~M(a)=O, 'v'a)O. 

Extended addition is done as shown above. Extended 

multiplication is performed the same way (® is 0 ), 

providing each factor can be decomposed into a positive and 

a negative part. Also (M 0 N)~ =(M-1 ) 8 (N-1). Extendea 
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subtraction is accomplished by MeN = M EB (-N)( Dubois and 

Prade 1980 pp. 50,51). 

5.3.2. Fast computation with fuzzy numbers 

Much of the information in fuzzy sets is devoted to 

defining the "shape" of the set. This can be important when 

using fuzzy sets to represent (and distinguish between) 

purely linguistic concepts such as "beautiful" and "very 

very beautiful". Where fuzzy numbers are concerned, one is 

more interested in the location of the "peak" (where 

~M(·)=l) and the "spread" on either side of the peak. In 

addition, it is apparent from the point by point 

calculations in the example of figure 5.3 that practical 

computations with the Dubois and Prade extended algebraic 

operations will require the srune effort as calculations with 

the vector format for membership functions illustrated in 

f i gu r e 5. l( b ) • 

With this in mind, it is expedient to use some known 

and easily calculated, continuous "reference" function to 

convey the shape, and to adjust that shape by using 

parameters. Then, the fuzzy set can be defined by a few 

parameters of low information content. 

Dubois and Prade (1980 pp. 53-58) have invented such 

an a r rangemen t. They desc r i be the i r "LR" represen ta ti on 

with three parameters: (1) m is the location of the peak of 

the membership function ~M(a) on universe Re; (2) ~ is the 
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"left spread", the distance between m and the point to the 

left of m where the membership functien becomes 

approximately zero; and (3) P is the analogous "right 

spread". They define the shape of the left and right 

segments of ~M(a) with separate left and right reference 

functions called L(.) and R(·). 

A reference function must be symmetric about the a=O 

axis, have L(O)=I=~M(m), and be non-negative. Figure 5.4 

illustrates one function which meets these requirements: 

L ( • ) =msx{ 0 ,1- /-1 P } ,p ~ O. 

L(·) is never negative. 

The max operation insures that 

The function is used only to 

describe the shape of the fuzzy set to the left of its peak, 

so the portion to the right of the a=O axis is never needed. 

As shown in figure 5.4, the exponent p changes the shape of 

the function. 



~--------~~--~--~---r----~--------~~ 
D 

(YYl :: 12 

J--<-- 0( -:. 7 -~ ... ~I 
Figure 5.4. Left reference function. 
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Then a fuzzy number M is said to be in LR-format iff 

~M(a)= L (m;,a ) for a~m,o<>O, 

R (a;tn) for a~m,.I.3>O, (5.11) 

The transformations(m-a)/~ and (a-m) /,G adjust 

reference functions to fit any value of 0< or f3 . 
example, in figure 5.4 if a=8 and p=2, then (m-a) /0<. =.571 

and L«m-a)/~ )=max[O,1-.5712 ]=.673. 

L«12-5)/7)=L(1)=max[O,1-1~J=O. 

Note that if 

the 

For 

a=5 

number; 

Wben the spreads are both zero M is a nonfuzzy 

as spreads increase M becomes more fuzzy. DubGjs 

and Prade symbolize the LR-formatted fuzzy set as 

M=(m'~'~)L~ , where the subscript LR means reference function 

Land 0< pertain to the nondecreasing or left port ion of _ /-lM 

while R and ~ pertain to the nonincrea.ing or right 

portion. 
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Consider the addition of two LR-formatted fuzzy 

numbers M=(mM,O<M,f3M )L"R. and N=(mN,lXN,(3N)LR. Then 

(5.12) 

where w is a fixed value in [O,lJ. This is equivalent to 

(5.13) 

which implies 

(5.14) 

(5.15) 

The same reasoning holds on the decreasing parts of M and N 

so that 

(5.16) 

Using the same reasoning demonstrated in figure 5.3 one can 

show that 

(5.17) 

The LR formula for the "opposite" of fuzzy number M 

is 

(5.18 ) 

Notice that the reference functions have been exchanged so 

that function R and PM now pertain to the left portion of 

~-M. This leads directly to the expression for extended 

subtraction, the equivalent of adding the opposite of_one 

fuzzy number to the other, 

(mM,O<M,/3M)LR 6 (mN,O<N't3N~L =(mM-mN,o(,.,+t3N,t3M+o(N)LR· (5.19) 
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The reasoning for extended multiplication is the 

s arne as t hat use d for add i t ion, but the res u 1 tis a 2 n d 

order equation in L-i(W). It is expedient to neglect the 

2nd order term and use approximations. As an example, the 

extended product of negative M and positive N is 

(mM ,cxM ,fjM )~L 0 (mN , ()(N' (3N )L"R 

~(mMmN ,mN~M -mMf.'N ,mN ~M-mM Ot'N)RL • 

Scalar multiplication is a special 

(5.20) 

case of 

multiplication where the spreads of the point valued number 

are zero. If the scalar value a is positive, 

(5.21) 

The extended inverse also requires an approximation; 

(5.22) 

A similar formula holds for negative M since -(M-1)=(-M) . 

5.3.3 Adaptation of the LR-format for the Player Model 

Dubois and Prade (1980 p. 57) propose a "flat ftizzy 

number" to model a fuzzy interval. The membership function 

o f s u c han umb e r has ale f t pea k and a rig h t pea k wit h fL M = 1 

for all points between them. The spreads are defined as in 

the single peak LR-format. The author adopted the fuzzy 

interval idea early in the Player Model effort so the 

computing infrastructure could handle interval s, if 

required, 3S well as single-peaked fuzzy numbers. Currently 

only single-peaked numbers are used. 
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The Player Model must be able to transform fuzzy 

sets from LR format to the vector format (discussed in 

sections 5.3.3 and 5.3.4) and vice versa. To make the fit 

between LR and vector format better the shape exponent p, a 

constant in section 5.3.2, was made a parameter. 

The six parameter LR-format adopted for the Player 

Model is 

A=(ml,~,pl,mr,p,pr), 

where A is the label for the fuzzy set, 

(5.23) 

ml and mr are the peaks of the nondecreasing (left) 

and nonincreasing (right) parts respectively, 

~ and p are the spreads of the left and right parts 

respectively, and 

pI and pr are the exponents (or shape parameters) in 

the left and right reference functions, 

0A(a)=max{o,I-lwIP'} and JJ-A(a)=max{o,I-lwlpr}. (5.24) 

Variable w in these two functions is (for the left and right 

parts) 

Tn 1- a a -mr . w= -cX- and w=--;.r- respect Ively. 

If ml(mr, A is a "flat" fuzzy number, and ~A(a)=1 

for all values of a in the interval [ml,mrJ. If ml=mr, only 

one point ~A(ml=mr) has value 1. Figure 5.5 illustrates a 

po sit i v e f u z z yin t e r val ( 0 r "n umb e r " ) • 
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-1 0 1 .:2. 

t t 
-ml 'YtIr 

i 

~p(,:o.e~ )c: f3=1. . .-e ..-\ 

Figure 5.5. Fuzzy interval (1, 0.8, 0.4, 2, 1.8, 2). 

Extended algebraic operations using the six 

parameter LR-format are essentially analogs of those defined 

in expressions (5.17) and (5.19)-(5.22). The differences 

lie in the treatment of the additional parameters pI and pro 

The operations are defined below (subscripts 1 and 2 refer 

to the two fuzzy numbers, Ai' and Al , being combined): 

A1~ Al= (mI~+ ml2.'O<1.+ oc:l.' ex(p l1 ,pl2,), mr1+mr,2.,(31.+(J~, 

ex(pr.1. ,prl », 

where expressions ex(pI1. ,pr,2.) etc., stand for 

III [_ .SP/1~ ,51'/1 
] 

- . 
In ,S" 

(5.25) 

(5.26) 
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A.1 0 AI.. ~ (ml! mil' Iml.z I()(.L + Iml!1 /i<.J. , ex (p 11 ,p 12, ) , 

mr:tmr.2' ImrZ./f3i +lmr11~).' ex(pr1 ,pr.z»; (5.27) 

for A1<0,A~>0---

Ai 0Al ::f (ml! mr2 ,Jmr2IcX1+l mldt31 , eX(Pli ,pr2)' 

mrj,.ml2.' Imll/Pi +/mr1 C1-1' ex(pri,pll»; (5.28) 

for Ai )0,A2<0---

A1 0A2= (mr1 mll ,/ mr1(o<.2+lm12 1f31' ex(pr1 ,pl,2.)' 

mlimr~, Imr2jC<1 +lml.1/f32' ex( p11 ,pr:z»; (5.29) 

for A1<0,Az<0---

A.1 0A.2= (mrimrl ,/mr;2.lp1+lmr1\(3)., ex (pr.1 ,pr,2)' 

m11ml~, lmlllo<! +\ mliO<2' ex(p11 ,p12». (5.30) 

For fuzzy number A and scalar value a>O, 

a 8 A= ( a. mr, a ·IX ,p 1 , a . mr , a .~ , p r) ; 

for fuzzy number A and scalar value a<O, 

a (!) A= ( a· mr , - a.p ,p r , a· ml , - a· 0<. ,p 1 ) • 

For a negative or positive fuzzy number, 

A-i "'( 1.!3 ..L 0< 1) = \mr ' fi7ir'3. ,p r '11111 , 'Yn Ii, P ; 

(5.31) 

(5.32) 

(5.33) 

for a fuzzy number which "straddles" zero, 

A-1-=(r:, ':;1. ,Pl'';r' Itr'2. ,pr). (5.34) 

The peculiar form of the exponent parameters (3 and 

6) in expressions (5.25)-(5.30) can best be explained by 

examining the conversion of a vector-formatted fuzzy set to 

a roughly equivalent LR-format. Figure 5.6 shows the left 

part of a vector-formatted membership function ~A(a), a E_Re. 

Point ml is the left peak; z is the point where the 

function becomes approximately zero; h is an arbitrary 
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point between z and ml where the value of ~A(a) will be 

"sampled" to determine the appropriate shape parameter pI in 

the LR version of this fuzzy set. 

The transformation procedure will test ~A at some 

point h to find ~A(h) and, using this value, infer pl. The 

LR version of this fuzzy set will pass through points (z,O), 

(h'~A(h», and (ml,l). Expression (5.24) insures that this 

will occur for the first and third points; proper selection 

of exponent pI guarantees the second. 

(
ml- h)PI ('i"fl/-h)P/ pI From (5. 2 4) fJ-- ( h ) = 1 - of.. = 1 - .'10 I _ z. = 1 - f , 

where f is the fractional distance of the sampling point 

from ml on interval 

1 n [1- JA( h ) J =p 1· In f, so 

hl[ 1 - f.t(h)] 
that pl= lnf 

ml-z= D<. • and 

(5.35) 



v- fbh'YIa'fted 
~A(9) 

~-----~~~ ~--~--~.~~~--~> a 
iii ' 
~ h ~t 

\~< -- r>< -----">\ 
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Figure 5.6. Sampling a vector-formatted fuzzy set to 
establish shape parameter pI for an 
LR-formatted approximation of the set. 

The Player Model uses (5.35) by finding points ml 

and z and assuming a fraction f (which determines point h). 

The value of f used in the Player Model is 0.5. fA-(h) is the 

value of the element of vector ~A(a) corresponding to point 

h. If h falls between support points of the 

vector-formatted ~A(a), the Model interpolates between the 

two adjacent values of ~A(a). Insertion of ~(h) and f in 

5.35 determines pI. In figure 5.6 the LR-formatted 

membership function (solid line) is an approximation of the 

vector-formatted version (dashed line). 

Trials with pairs of fuzzy numbers like A and B in 

figure 5.7(a) show that the exponent pIC for C is a value 

between p1A;t5 and pIB~1. Experimentation with a range of 

values for pIA from 5 to .046, while holding pIB~l constant, 

-, 
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discloses that corresponding pai rs (flA(h A), fJ-c(h c», when 

plotted in figure 5.7(b), form an approximately straight 

line. 

i tLc (hc) (b) 

,E' 
0 0 

., 0 
0 

0 

.4 
0 

.2 
0 

o 
4 !i 

Il-A (hA,) 0 .2 ·4 ." .1 1.0 

Figure 5.7(a). Extended addition of fuzzy numbers A and B. 
5.7(b). Plot of pairs (IJA(hA), ~C(hc» for 
pIA in range [.046,5] and pIB=1. 

A typical trial in figure 5.7(a) proceeds as 

follows: 

( 1 ) and 

(2) Using the methods illustrated in figure 5.3 

find mlc=5, O<c=4, h(.=3; let a,bERe be support points for 

PA and fiB re3pec ti ve 1 y. 

(3) Seek a,b such that a+b=hC and 

P.A(a}=~:B(b)=fJc.(hC)=W, where vuE. [O,IJ is the height of a 



horizontal line through ~C(hC)' 

(4) Because lAB is 

-.5+(.5/l)b and b=2W +1. 

a 
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straight line,W= 

(5) Pick a trial value, say a=.49; the 

reference funct ion is 1- (m~- a t' =1- (=<. 2·f+.CfY' = j.J'A(a)=. 7546=W; 

calculate b=2W+l=2.509; find a+b=.49+2.509=2.999~3=h(; 

this indicates that the trial value a was properly chosen 

and that fJc.(hC )~W=.7546. 

() ( (TnI-2J.)'" ("-1.)S" 6 !-LA hA)=PA(I)=I- ~- =1- -2- =.969; then 

pair (~A(hA)' ~C(hC» is the rightmost point on figure 

5.7(b). 

The linear nature of the plot in figure 5.7(b) 

suggests that the value ~t(hC) will be approximately the 

average of ~A(hA) and 1J.B(h:B). Further experimentation shows 

that this idea is generally valid when A and B are either 

both concave or both convex. Wben this is not the case the 

resulting fJ-c. no longer fits the reference function for any 

value of exponent pIC' Even so, the averaging of ~(h)'s 

still produces a reasonable approximation of the true 

result. In either case, once ~(hc) is found, expression 

( 5 • 3 5 ) wi lip rod u c e a nap pro x i rna t e val u e for piC (0 r pre)' 

Figure 5.8 illustrates some typical extended additions: 

A $ B= D, A ® C= E, where A=(2,2,4---), B=(3,2,2,---), 

C=(3,2,.415,---). D' and E' are the approximations. D' is 

very close to D in shape; E is not the reference function, 

but E' is a fair approximation of E. 
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.S 

D 

p/D' =2.~7 

p1c-=.,IJls-
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--

I ..... 

Figure 5.8. Additions A ® B= D and A (f) c= E; 
approximations D' and E'. 

The expression for the combination of exponents used 

in dyadic operations (5.25-5.30) is derived as follows: 

(I) The value of fuzzy set A at point hA in the 

left part of ~A is found by using the reference function: 

() r _ (Yn 1- hA )PIA} (1'rlI- hA )PIA fL A h A = max \ u , 1··· 0<. = 1- 0<. • 

piA But ml-hA= ~/2, so ~A(hA)=I-.5 • 

(2) If the exponents of two fuz~y sets A and Bare 

combined into an exponent for fuzzy set C, it is first 

necessary to average ~A(hA) and 
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J-LB(h.B)' Then using (5.35), 

Considering the expression in the brackets only, 

1- (1 - S~IA) +(1- ,tPl.a) = 
2 

In [ .S ,.,IA 2+.5" Pia] 

111 ,Ii" 
pI = 

• Thus, 

5.3.4. Application of fuzzy composition and vector 
formatted fuzzy sets in the Player Model. 

Vector (or V)-formatted fuzzy sets are 
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simp 1 Y 

vectors of values, ~A(a), where the discrete support points 

a E U are evenly spaced across discrete universe U. Figure 

5.1(b) is such a representation. The vector elements are 

the heights of the function ~A at those points. In figure 

5.1(b), A="roughly 7000"={0 0 0 0 .25 .48 1.0 .48 .25 .1). 

Clearly the V-format is more intuitive than the 

LR-format. It is also obvious that the storage costs for 

V-formatted values will be much higher, especially since the 

Player Model stores them as 21 element vectors. 

One must always define the universe associated with 

a V-formatted value since only a limited number of support 

points are available. For instance, in figure 5.1(b) the 

universe is 1[0, 10000 units of production per period]. The 
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attribute is "production level". Whatever the range of the 

universe, the support set must cover it completely. To 

limit the "quantization" noise it is important to make the 

universe as small as possible. The universe assumed with 

all LR-formatted values is Re, so its size is never a 

consideration. During conversion from LR to V-format and 

vice versa, the V-format universe is always a subset of Re. 

Fuzzy inferences require as premises: (1) a fuzzy 

implication (relation), and (2) the presence of a fuzzy 

antecedent value. When these two premises occur together, 

the inference produces a corresponding fuzzy consequent 

value. This operation is the analog of crisp function 

c=f(8), where fuzzy consequent C, fuzzy antecedent A, and 

fuzzy relation R correspond to c, a, and f respectively. 

Figure 5.9 (a 3-dimensional extension of figure 2, Dubois 

and Prade 1980 p. 74) will assist in visualizing the 

infel'ence. 



o / 
/~(A) 
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Figure 5.9. Fuzzy inference: Ci is induced from AL through 
R. 

Fuzzy antecedent value Ai in figure 5.9 has its 

membership function, f.-LAL' drawn in Ux[O,1]. The cylindrical 

extension of At in UxVx[O,1J is a cylinder whose 

cross-section parallel to Ux[O,1] is everywhere !-lA~. The 

cylindrical extension is labeled c(A) and its projection on 

UxV is shown. The membership function,~~, is portrayed by 

six arbitrary crossections, along with the outline of its 

projection on UxV. ~~ is a surface like a curved range of 

mountains; its projection is reminiscent of a nonlinear 
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crisp function mapping U to V. The intersection c(A)~R 

generates a corresponding surface in UxVx [0, 1J • The 

projection of the surface on UxV is shaded. Consequent 

value Ct is represented by ~CL' which is the projection of 

c(A)AR on VX[O,lJ. Not ice that ro· 
'"'( is fuzzier than At 

because of the additional imprecision inserted by R. 

The fuzzy implication (relation) R is a disjunction 

of a number of linguistic (sub)implications elicited from 

some expert in the form: 

"if marketing is Ai' then sales are C1, or 

if marketing is A2, then sales are C2 , or n . .. . 
Representative fuzzy values Ai' Az , ••• and corresponding 

values Ci' C2, ••• have peaks spaced more or less evenly 

over their respective universes. In the Player Model there 

are 21 such pairs for each fuzzy implication. 

Each sub-implication Ai ~Ci. consists of a smooth 

peak---a portion of the "ridge" portrayed in figure 5.9. In 

practice, implication must be represented in a discrete 

fashion by a matrix whose cell values ~fa,c)E [O,lJ are the 

height of the Rt surface over the UxV plane. For example, 

in the case Ai. ':::} Ci. , the implication whose peak is at ( 0,0) 

on the UxV plane, the matrix for the impl icat ion might be 

~ia, c) = ~A1=>C1 (a,c)= 1.0 .4 .01 0 0 0 0 
• 3 .1 .002 0 0 o 0 
.005 .002 0 0 0 o 0 

0 0 0 0 0 o 0 
0 0 0 0 0 0 0 
0 0 0 0 0 0 0 
0 0 0 0 0 0 O. ( 5 • 36) 
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The matrix fJ-Rj. is formed by taking the outer product (using 

the minimum rather than the usual multiplication operation) 

of antecedent value Ai and consequent value C1. Each of 

these fuzzy sets are (in this example) 7 element vectors. 

Combining seven or so of these sub-implication 

surfaces as a disjunction requires taking the maxima of the 

seven surfaces at each of the 49 points on the matrices. 

The result is the discrete version of the ridge-shaped 

surface in figure 5.8 (see also expression 5.2). The 

resulting implication is a record of the entire set of 

(At,CL )pairs in the form of a fuzzy mapping which captures 

the linguistic input (including its imprecision) from the 

expert. 

To recover or infer the information stored in R, one 

uses the compositional rule of inference stated in 

expression (5.8). Given a fuzzy antecedent value, A[, the 

value Ct can be inferred by composing vector MAt with matrix 

~R to obtain ~tt. Composition of a vector and a matrix is 

equivalent to taking the max-min inner product of Ai and R 

(using maximum/minimum rather than the usual product/sum 

operations), 

(5.37 ) 

where r.L is the APL notation for max-min inner product. 

Expression (5.37) is equivalent toC=AoR and to expression 

(5.8). 



One interesting and useful aspect of 
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fuzzy 

compositional inference is that At need not be identical to 

a particular one of the original At's used to construct R. 

Because R is fuzzy it "interpolates" between the original 

(AL,Ci) pairs to produce a corresponding consequent for any 

antecedent (Dubois and Prade 1980 p. 4). This is not true 

for analogous logical operations like productions, where 

only an exact original antecedent value can evoke a 

corresponding consequent value. 



CHAPTER 6 

DECISIONMAKER'S DESCRIPTION 
OF THE PLAYER MODEL 

This chapter expands the brief description of the 

Player Model in section 3.3. The expanded description views 

the Model from a purely functional standpoint---that is, how 

it uses environmental and internal Company information to 

propose actions to the DM. There is no attempt to cover 

programming strategies and mechanisms or computer coding. 

In effect the chapter will try to answer "broadbrush" 

que.stions the DM might ask in connection with a decision: 

"explain your reasoning on this recommendation", "What 

assumptions did you make here?", "How exactly does 

competitor plant affect our marketing budget?, etc.. The 

sources of the operating strategies resulting in the 

mechanisms described in chapter 6 are discussed in section 

3.3.1. 

The structure of the chapter follows that of figure 

3.1 which identifies the six primary algorithms of the 

Player Model. The description in section 3.3 defined 

various sublevels in the Model: decision algorithms, 

schemata, schema subtasks, inferences. However, that 
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partition of the Model pertained primarily to the Model 

itself rather than the functions it performs for the DM. 

In this chapter the basic elements will be "blocks" 

with input and output variables. There will be a block 

diagram for each decision algorithm. The blocks may be 

roughly comparable to either schemata or schema subtasks. 

In all cases the blocks and their interconnections will be 

of direct interest to the DM. With this aim it should be 

clear that much of the fine structure of the Model will be 

deliberately excluded. 

6.1. Definition and notation 

This section defines various terms associated with 

the algorithm block diagrams. It also explains some common 

concepts necessary to understand the algorithms. 

When an algorithm description refers to the 

"Company" it means the organization for which the decision 

is being made. The word "company" refers to any of the six 

companies in the industry. The same distinctions apply to 

"Firm" and "firm". 

"Demand variable" refers to variables which can 

influence demand or sales. They are price (p), marketing 

(m), design/styling (ds) and quality or cost per unit (q). 

"Promotional variables" are variables deliberately used to 

influence demand: m, ds, q. Price is not a promotional 

variable because prioe changes move the product away from 
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the previous promotional investment in the market at the 

current price level. 

Period t is the quarter for which decisions are 

required. The Player Model operates in the interval between 

periods t-l and t. CZG provides data to the Company at the 

end of t-l. Variables values as far back as t-4 affect the 

decisions for t. In turn those decisions have direct 

effects through periods t+l and t+2. 

There are two periodiC indices which influence 

demand: (I) the "business index", forecast several periods 

ahead by CZG 1 and (2) the "seasonal index" which is fixed 

over the four periods in a year. The Player Model uses a 

"combined index" to define their composite effect. The 

combined index is defined on a universe [.35 ~ 1.65~ • It is 

multiplicative, so a value of 1 indicates "no change". As 

an example, if dem( t -1) is demand for some product in period 

t-l and CI(t-l,t) is the combined index representing the 

rat i 0 0 f the d ems n d s f 0 l' some pro due tin tan d t -I, the n 

dem(t)=CI(t-l,t)"dem(t-l) and 

dem(t+l)=CI(t-l,t)·CI(t~t+l).dem(t-l). 

The demands calculated for t and t+l in the example 

are called "nominal demands"---influenced only by the 

combined index. "Promotional demand", on the other hand, is 

influenced primarily by m, ds, and q budget changes, and 

occasionally price changes. Actual demand is a combination 

of both kinds of demand. 
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The objectives of this algorithm are to 
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(1) eliminate intra-firm competition by moving 

the Company products away from one another in price; 

(2) move Company products away from heavy 

competition. 

It should be r~membered that price is the demand 

variable with the most influence over demand. Furthermore, 

price has significant effect on subsequent promotional 

decisions, and the mix of product prices has great influence 

over competion from other companies. For these reasons the 

Model sets prices as a first order of business. 

Figure 6.1 is a block diagram of the price 

adjustment algorithm. 

6.2.1. Nominal price (1) 

This block assumes that the conventional law of 

supply and demand applies---that is, prices are raised in 

periods of rising demand (and possible scarcity) and dropped 

when the market falls. On an up-going combined index (CI) 

the algorithm raises prices enough to offset about 1/3 of 

the demand change implied by the CI. The actual price 

change depends on p(t-1) since price induced demand change 

varies with absolute ~rice. Such a "less than greedy" price 

rise increases revenues while limiting strain on production. 

When business activity falls prices are dropped enough to 
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Figure 6.1. Price adjustment algorithm. 
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offset 1/3 of the drop in demand. This prevents a 

precipitous drop in revenue. The maximum price change is 

4%. The Nominal price block produces proposed new nominal 

prices at t for each Company product. 

6.2.2. Arena structure (2) 

Block 2 defines arenas on the price axis as zones 

symmetrically distributed around the prices of the three 

Company products. The widths are 5% of the center prices. 

The algorithm identifies which competitor products fall into 

each of the three arenas. In some cases a single competitor 

product will fall into more than one arena. Implicit in 

this scheme is the idea that competition decreases with 

increasing price distance between products. 

6.2.3. Intra-firm move signals (3) 

Block 3 checks to see if any of the Company product 

prices are within the arenas of other Company products. The 

algorithm then proposes moves for each of the Company 

products in the form "move/no-move" and "up/down" (in 

price). 

6.2.4. Inter-firm move signals (4) 

Block 4 first counts the competitor products in each 

of the three Company product arenas. It then makes similar 

counts for overlapping upper and lower arenas whose centers 

are spaced 2 1/2% of p(t-1) above and below the Company 
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products. This provides "lower" "middle" and "upper" 

competition counts for each Company product. The block then 

generates "move/no-move" and "up/down" signals based on the 

rules: 

(1) no-move unless current arena has middle 

count greater than 5; if threshold is exceeded, 

(2) move toward adjacent arena having a smaller 

count than the middle count; or, if both have a smaller 

count, 

(3) move toward the one with the lesser count. 

6.2.5. Price change size (5) 

Block 5 determines how far in price to move for each 

Company product (should a move be necessary». The maximum 

change is 4% of p(t-1). Factors influencing proposed price 

change include (1) levels of competition in the new arena, 

and (2) combined business and seasonal indices (CI) • 

Separate fuzzy implications map competition counts and CI to 

values of p in ranges [0, .03p] and [0, .01p] respectively. 

6.2.6. Resolve intra-inter conflicts (6) 

Block 6 decides which product will move and in which 

direction it will move by giving priority to intra-firm 

movements. In general, movements are upward in price when 

there is a forced choice. 
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6.2.7. Scram (or "get away from the competition") price (7) 

Block 7 converts price changes and resolved 

move/direction signals into scram prices for period t. It 

also keeps Company products within price range boundaries, 

[400, 1800J. 

6.2.8. Resolve scram/nominal conflicts (8) 

Block 8 merges the two sets of nominal and scram 

prices by giving priority to scram prices which have changed 

from their t-1 values. 

6.3. !!!~!!_~!~!~~_!!~£!l!~~ 

This algorithm establishes sales targets for Company 

products during period t. Once these targets are known the 

Model can make changes in promotional variables to cause 

appropriate increases (or decreases) in customer demand 

during t. Target demand is also the most important factor 

in determination of period t production. 

A key element in finding target demand is knowledge 

of the relationship between changes in demand variable 

values (AP,~m,~ds,Aq) and changes in demand (~dem). As it 

happens, these functions vary with the price level of the 

product concerned. CZG provides ling'uistic-valued examples 

of the functions at the low and high ends of the price axis. 

The Player Model assumes that the variation of the functions 

wi th price is proportional to price and interpolates 

linearly between the two known points. 
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The Model expresses these variations as ratios for 

each demand variable-industry product combination. The 

ratios are calculated just prior to the Model run, based on 

t-l values of the demand variables. Using the ratios 

involves rearranging their equations. For instance, to find 

the change in demand for a particular product due to a 

change in design/styling expenditures the Model uses 

~dem (t-l,t)= Ads(t-1,t).cLem(t-1) 
ds V"ds (t-1) • ds (f.-i) 

(6.1) 

where: dem(t-l) is the known demand for the product at t-l, 

ds(t-l) is the known t-l design/styling budget, 

Ads(t-l,t) is the change in ds budget between t-l 

and t (assumed to be the same as 4ds(t-2,t-l) for that 

product), and 

( ) _ Acl.s (t-1J t 1 / d..em (t-1, t) 
ra.s t-l - cLs (t-1) / dem (t-1) 

(6.2) 
p(t-l)=price level 
at which product 
is operating, 

which is the ratio for ds and this particular product at 

pr ice p( t-1}. Ratios ~ds/ds and Adem/dem are, in effect, 

specified by CZG and adjusted by the Model for the price 

level p(t-l) at which the product is operating. Expression 

(6.1) is precalculated for p, m, ds, and q of all 18 

industry products prior to running the Model. During the 

run, the Model selects the proper ratio for demand variable 

and product from a matrix acting as a table. Recalculation 
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of the matrix is required each period because p(t-l) values 

change. 

Once ~dem(t-1,t) is, found the Model assumes the 

demand change will affect current and future periods in 

accordance with another set of CZG-provided rules. In the 

example, fractions 0.2,0.3,0.4 and 0.1 of Adem(t-1,t) are 

assigned to periods t, t+1, t+2 and t+3 respectively. Thus, 

O.2Ademds(t-1,t) is the demand change which should occur 

during t as the result of design/styling budget changes 

between t-1 and t for this product. 

Mapping of demand variable changes to demand changes 

and the allocation of the latter over time occur at many 

points in the Player Model. As one would expect, the Model 

must maintain a fairly elaborate accounting system to keep 

track of demand changes for all 18 industry products. It 

must do this over a 4 "induced-between" periods x 4 

"effective-at" periods x 4 demand variables x 18 industry 

products space. 

Figure 6.2 is the block diagram for the target 

demand algorithm. The demand change increrr~nts generated by 

the demand change allocation over time, described above, is 

symbolized as CD in figure 6.2. 

combined index is labeled CI. 

6.3.1. Projected t-demands (9) 

As in figure 6.1, the 

Block 9 forecasts 18 industry product demands by 
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Figure 6.2. Target demand algorithm. 
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adding 

(I) nominal demands at t, 

(2) demand changes induced between t-4 and t-3, 

t-3 and t-2, t-2 and t-l, and effective at t, and 

(3) projected demand changes induced between 

t-I and t and effective at t. 

The algorithm assumes a linear demand trend from t-I 

to t (ie., .6m(t-l,t)=~m(t-2,t-I». In addition it assumes 

that only Am and Ads will influence the t-demand. The 

reason is that firms cannot make substantial changes in 

price without penalty. Further, in the aggregate the demand 

changes associated with price changes will average out to 

zero because the t-demands will be used to find average 

arena (or industry demand). Quality values are coupled 

fairly strongly to product prices so they cannot change much 

either (on the average). 

6.3.2. Arena efficiency (10) 

Block 10 calculates a measure of Company product 

operating effectiveness for each product: 

Efficiency=operating profit 
/(direct costs+indirect costs) (6.3) 

All information needed is available as t-I data from CZG. 



97 

6.3.3. Attack/defend guidance (11) 

Block 11 uses efficiency figures to decide which 

Company product(s) should "attack" and which should "hold 

their own" against the competition. The assumption is that 

one should put the preponderance of resources where they 

will produce the most return. 

Rules are 

(1) product with highest efficiency attacks, 

(2) product with lowest efficiency defends, and 

(3) the other product attacks if it lies in 

upper third of efficiency range (otherwise it defends). 

This block puts out an attack/defend boolean signal 

for each Company product. 

6.3.4. Average arena demands (12) 

Block 12 sorts projected industry demands at t by 

arena, using the arena structure data produced by the price 

algorithm (block 2). Then it sums the demands in each arena 

and finds their average projected demand. 

6.3.5. Initial t-target demands (13) 

Block 13 maps average arena demand values to target 

demand values for attacking and defending Company products. 

~en attacking, it commits relatively heavier resources 

(ie., postulates a relatively larger target demand) against 

weak competition. When defending it tries to at least match 
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the competition, and to overmatch it for low demands. These 

are attempts to take advantage of competitor weaknesses. 

6.3.6. Arena plant shortfall (14) 

Block 14 compares known t-l production capacities 

for industry firms with sums of projected t-demands for 

their three products. If there is an apparent plant 

production shortfall at t for a company, the algorithm 

allocates the shortfall among the three products of that 

firm. The allocation arbitrarily assigns more of the 

shortfall to weaker products (ie., gives otronger products 

more of the limited plant capacity). 

The algorithm next sorts the allocated competitor 

plant shortfalls by arena and :sums the shortfs.l1s in eGch 

arena. 

6.3.7. New t-target demands (15) 

Block 15 maps competitor arena capacity shortfalls 

to changes in Company product target demand. If there is an 

arena shortfall greater that 15% of the demand universe 

(roughly [0,150000 units for one product in a period]), 

there will be a proportional increase in t-target demand 

change. When this change is added to the initial t-target 

demand the result is a larger "new t-target demand". 



99 

6.3.8. Projected t+l demands (16) 

Block 16 is the analog of block 9. It forecasts 

industry product demands one additional period into the 

future. The projected demands are the sum of 

(1) nominal industry product demands at t+l, 

based on CI(t-l,t).CI(t,t+l).dem(t-l), 

(2) demand changes induced prior to t and 

effective at t+l, 

(3) demand changes induced between t-l and t, 

and t and t+l and effective at t+l. 

The assumptions and linear trends in block 9 apply 

to block 16. 

6.3.9. t+l target demands (17) 

Block 17 is required so that an estimate of t+l 

inventory production can be made in block 18. The algorithm 

uses the same approach as that employed in block 13 to find 

target demands. However, projected competitor demands for 

t+l are used (rather than those for t). 

6.3.10. Company plant shortfall (18) 

Block 18 compares known Company capacity for t with 

an estimate of the required production in t. The result is 

a capacity shortfall 

capsf(t)=L: [tgt dem(t)-inven{t) 
3 prods +inven(t+l)]-pdn cap(t), (6.4) 

where: tgt dem{t) was calculated in block 15, 
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inven(t) is the inventory at t and is known from t-1 

inven(t+1)=.18(tgt dem(t+1» ,and 

pdn cap(t) is the known plant capacity at t. 

Note that tgt dem(t+1) was just calculated in block 17. The 

0.18 parameter value is arbitrary and represents a 

compromise between additional plant investment and costly 

stockouts or excessive inventory. 

6.3.11. New, new t-target demands (19) 

Block 19 adjusts the new t-target demand value from 

block 15 to conform with the realities of Company production 

capacity. Three situations can occur; 

(1) If capsf(t) in expression (6.4) is negative 

(an excess of plant capacity) the algorithm sets new new 

t-target dem(t) =new t-target demand. 

(2) If capsf(t) is somewhat positive, so that 

it is possible to make up the shortfall with overtime 

production, the algorithm also sets new new t-target 

dem(t)= new t-target demand. This forces the production 

mechanism to call for overtime. The Model sets an arbitrary 

fraction (.65) of overtime which can be used for this 

make-up effort. 

(3) If capsf(t) is so large that the shortfall 

cannot be made up with overtime the algorithm reduces 

new new t-tar!et demand to a value such that .65~(available 
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overtime) will make up the shortfall. 

The result of (1), (2), or (3) above is the final 

target demand. The policy here is to use a reasonable 

amount of overtime in lieu of increasing plant size. 

6.4. ~!~~~!!~~_~lg~!!!h~ 

This algorithm converts target demands for Company 

products into recommended marketing, design/styling and 

quality expenditures for these products. In proposing such 

decisions it must consider all other actions which the 

Company has taken or plans to take which will influence the 

demand for its products. These actions include past p, m, 

ds, and q changes from t-4 to t-1 and price changes between 

t-1 and t already proposed in section 6.2. 

Figure 6.3 shows the block diagram for the promotion 

algorithm. 

6.4.1. Demand shortfall (20) 

Block 20 first finds the expected demand for the 

Company produc t s based on pa,g t demand v ar i ab 1 e chang,es and 

AP(t-1,t) proposed in the price adjustment algorithm. 

Expected demand is the likely demand for Company products 

without the promotional budgets to be proposed by this 

algorithm. Expected demand includes 

(1) nominal demand at t, 

(2) demand changes induced between t-4 and t-1 

and effective at t, and 
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'WI, ds / ~{i-0 

Figure 6.3. Promotion algorithm. 



103 

(3) projected demand changes induced by 

~p(t-1,t) and effective at t. Then demand shortfall is 

demsf(t)=tgt dem(t)-exp dem(t) (6.5) 

Demand shortfall may be positive or negative. If it 

is positive (usually the case) then positive hm(t-l,t), 

Ads(t-1,t) and ~q(t-1,t) will be required. If demsf is 

negative, it will be necessary to reduce demand below the 

expected demand by reducing m,ds,and q. 

6.4.2. Initial Llm, Ads, D.q proposal (21) 

Block 21 divides up the demand shortfall among llm, 

Ads, and D.q. Examination of CZG rules discloses that the 

relative "power" of m, ds, and q to induce demand changes is 

(Am:6ds:~q)=(32.0079 1 34.9974) for economy products. 

The equivalent expression for luxury products is 

(Am:Ads:Aq)=(2.3999 1: 21.0315). Thus, for an economy 

product, Aq is about 35 times as powerful as ~ds. One can 

see the Am loses and Aq and D.ds gain relative power as price 

increases. 

The algorithm assumes a linear interpolation over 

the price axis for intermediate prices. It converts 

relative powers to fractional allocations (eg., for economy 

prices ~ 400, 32.0079/(32.0079+1+34.9974)=.4707, so that 

47/100ths of the demand shortfall is assigned to Am to- be 

made up. 
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Next the algorithm converts demand shortfall 

allocations to equivalent Am, Ads, and ~q using rearranged 

versions of expression (6.1). For example, to find the 

appropriate Am, gi ven a demand shortfall allocation 

demsfm(t), the algorithm uses 

rlll (t-1).m(t-l) 
A m( t -1, t ) = • dems fm ( t ) 

dem( t-l) 

6.4.3. Limit (22) 

(6.6) 

Block 22 applies a series of constraints to the 

initial promotional variable changes proposed in block 21. 

Various CZG rules establish or imply the various relative 

and absolute constraints listed below (all values in 

thousands): 

(1) ILlmis 1.2Sm(t-1), 

(2) m+Am~ 1000, 

( 3) I A dsl ~ 1.2 Sd s ( t -1) , 

(4) ds+~ds ~ lS0, 

(5) (q+Aq)/p E[.36,.S4J, 

(6) (m+llm)/ds+~ds E[3,6.667]. 

(6.7) 

(6.8) 

(6.9) 

(6.10) 

(6.1l) 

(6.12) 

In general, CZG uses these limits to enforce a 

modicum of rationality on the players. Limits (1) and (3) 

constrain one period changes; (2) and (4) are saturations; 

( 5) and (6) are reasonable ra ti os among demand 

variables---(5) is particularly important. 
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The algorithm cuts back any proposed ~m, Ads, or Aq 

to the bounds expressed above. Thus, if Aq is so large that 

(q+Aq)/p exceeds .54, the value Aq is reduced unti I the 

constraint is "tight". 

The order of the limits is an expression of their 

relative priority---Iatter ones being more important. The 

algorithm applies them in the order shown. One can see that 

some promotional variable changes may be modified more than 

once. 

The result is a set of adjusted Am, Ads, Aq. When 

the limiting process is over some of the constraints may be 

tight and some may be "slack". 

6.4.4 Residual demand shortfall (23) 

B I 0 c k 23 c omp are s the i nit i a 1 and ad jus ted l:l m , Ads, 

Aq and converts their differences back to residual demand 

changes using (for ~m) 

dem( t -1) 
dem(t-l,t»- -(Am-adjusted ~m) (6.13) 

rm (t-l ).m( t-l) 

Next, the algorithm sums the residual demands 

associated with m, ds, and q to produce a total residual (or 

not made up) demand shortfall. 

6.4.5. Eliminate residual shortfall (24) 

Block 24 provides a second iteration of demand 

shortfall allocation, essentially identical in principle to 

block 21. The algorithm uses the same allocation rules 
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(based on the relat ive "power" of Lim, 6ds, and Aq), but in 

this case eliminates those variables which have tight 

constraints after application of block 22 (Limit). This 

often requires a revised set of fractional allocations. The 

result is that the residual demand shortfall is allocated to 

those promotional variables whose constraints are still 

slack. 

The last step is to convert residual demand change 

allocations to ~m, Ads, and l\q, as in expression (6.6). 

This "two-iteration" procedure will not make up the demand 

shortfall in every case, but will eliminate most of it. 

6.4.6. Total ~m, 6ds, Aq (25) 

BI,,~k 25 adds together the "residual" [lm, 6ds, hq 

from block 24 and the adjusted (constrained) [lm, ~ds, Aq 

from block 22. The resulting totals may violate the 

constraints (6.7)-(6.12) because the residual shortfall 

might have been large enough to force unconstrained 

promotional variables beyond their limits. 

6.4.7. Second limit (26) 

Block 26 operates in precisely the same way as block 

22 except that it constrains "total Am, ~ds, llq". The 

result is a constrained or adjusted total ~m, ~ds, ll.q. 
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6.4.8. New m, ds, q (27) 

Block 27 adds the adjusted total ~m, Ads, and Aq to 

m, ds, and q for t-l to get the recommended met), ds(t), and 

q(t). 

At 

promotional 

Model. 

this point three price decisions 

decisions have been proposed by 

6.5. ~!~~~~!!~~_!!~~!!!~~ 

and nine 

the Player 

This algorithm sets the production levels during 

period t. When the algorithm senses a "trough" in the 

combined index it adjusts production so that it does not 

fall beneath a production "floor". Figure 6.4 contains the 

block diagram for the algorithm. 



Figure 6.4. Production algoritrum. 

6.5.1. Production level (28) 
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Block 28 determines the production during period t. 

It is governed by expression 

p d n ( t ) = L [t g t d em (t ) - i n v en ( t ) + i n v en ( t + 1) ] 
3 prods 

=L !}gt dem(t)-inven(t)+.18 tgt dem(t+1)] (6.14) 
3 prods 

Expression (6.14) is an element of the expression (6.4) for 

capacity shortfall. The parruneter .18 is an arbitrary value 

to ensure that the inventory does not fall too low. Recall 

that target demand for t+1 depends on projected average 

competitor demands for t+1---thus grounding the inventory 

production for t+l on an aggregation of competitor data. 
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Recall also that the target demand for t has been 

adjusted (block 19 of the target demand algorithm, section 

6.3) so that production cannot exceed plant capacity plus 

65% of overtime capacity. 

6.5.2. Production floor (29) 

Block 29 seeks to protect the Company against too 

large an increase in production. CZG penalizes unusually 

large jumps in production from one period to the next. One 

remedy is to note that the combined index, over time, 

consists of two "trough" periods followed by two "peak" 

periods. By doing some extra production during these slack 

periods, the inventory should rise enough to prevent 

penalty. 

The algorithm operates to keep production from 

falling below 85% and 95%, respectively, of the average 

company production in the industry in those two trough 

periods. This is another example of tying the Player Model 

to a baseline of aggregated competitor values. Any increase 

in production occurs as an adjustment to the results of 

expression (6.14). The added production is spread evenly 

over all Company products. Extra inventory is "worked-off" 

during the peak periods. 
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6.6. ~l!~!_£~~i!~~~!_!lg~!i!~~ 

This algorithm determines the corrrnitment of monies 

in period t to offset t-1 depreciation and add new plant in 

period t+2. The corrrnitment occurs in t, the funds are 

disbursed in t+l, and the new or repaired plant becomes 

available at the start of t+2. Figure 6.5 shows the block 

diagram. 

-aO. FL'Y\o. 'PrOject~ 
t+2 a.emands 

~ 
pcln cap(t -4-2.) 

Figure 6.5. Plant commitment algorithm. 

6.6.1. Projected t+2 demands (30) 

pd...,. cap (t+,) 

tt? plant 
t.ommi.tment 

"DM,32 

Block 30 operates (in the same manner as blocks 9 

and 16) to project industry product demands three periods 
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into the future. The projected demands are the sum of 

(1) nominal industry product demands at t+2, 

based on CI(t-l,t).CI(t,t+l).CI(t+l,t+2).dem(t-l) 

(2) demand changes induced prior to t and 

effective at t+2, 

(3) demand changes induced between t-I and t, t 

and t+l, and t+l and t+2 and effective at t+2. 

These demands will be used to get a measure of 

projected competitor capacity in't+2. 

6.6.2. Required t+2 plant (31) 

Block 31 attempts to estimate the plant needed in 

t+2. As a baseline the algorithm uses average projected t+2 

company plant for the whole industry. It finds this value 

by summing all 18 projected t+2 industry product demands 

(from block 30) and dividing the sum by 6. 

Then the required production capacity is 

pdn cap(t+2)=.975(tot proj indus dem(t+2»/6 (6.15) 

The .975 parameter is an arbitrary value, found by 

experiment to strike a reasonable balance between excessive 

overtime (or, alternatively, stockouts) and heavy plant 

investment (with severe depreciation costs). 

6.6.3. Plant shortfall (32) 

Block 32 calculates 'the monies required to offset 

t+l depreciation and put the required new plant in place for 

t+2. Plant costs $20.00 per unit of capacity. It 
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depreciates per period at a rate of .025-(pdn cap). To 

provide new plant in t+2 an amount sufficient to offset the 

depreciation in t+1 must be committed and then additional 

monies committed to build the new plant for t+2. 

The plant shortfall, plntsf(t+2), is the difference 

between the required capacity at t+2 and effective plant 

remaining at the end of t+1: 

plntsf(t+2)=pdn cap(t+2)-(pdn cap(t+1)-.025 pdn cap(t+1» 

=pdn cap(t+2)-.975 pdn cap( t+1), 

where: pdn cap(t+2) is expression (6.15)~ and 

pdn cap(t+1) is known from t-l data 

Then plant shortfall is the amount of money that 

committed in period t. 

6.7. §~£~!l!l~~_!!!~~!£!l~~_!!g~!l!~~ 

The objectives of this algorithm are to 

(6.16) 

must be 

(1) assure that the Firm does not accumulate 

excessive cash and 

(2) provide for sale of securities in lieu of 

borrowing, when the cost of borrowing becomes excessive. 

Essentially, the only two uses for cash are to buy 

new plant or to buy securities. Operating expenses, over 

anyone period, are paid off from sales revenues (a free, 

short-term loan). The surpluses or shortages are posted to 

"cash-on-hand" at the end of the period. Sales of 

securities during the period offset (portions of) the 
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borrowing which occurs automatically when cash-on-hand goes 

nega ti ve. 

The algorithm assumes that the Firm will never buy 

securities in lieu of investment in the primary business, 

manufacturing. Figure 6.6 shows the block diagram for 

securities transactions. 

t H p/~ n t _, C'<}.Sh. 
co'ft'rmi t~ent 

'32 
t-l-:z. pl;'\Ylt wmm ;tmell t 

CI 

\ 
'3tJ, Deferm ine 

bml\kave1\ point 

t-cash 
tri cas h sh~r tfa" [surplus 
shortfG\lljsuvp/us ~_-~_r= 

s(?curitic-s 
h~'c1. 

se /I ord.er 

buy order 

DM 
Figure 6.6. Securities Transaction algorithm. 

6.7.1. Obligations vs. cash (33) 

Block 33 calculates two cash shortfall/surplus 

measures which will be used later in the algorithm to make 

decisions about the buying or selling of securities. 
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Cash obligations of the Firm include 

(1) paying in t for plant committed in t-1, 

(2) "contingency" funds for t operations, and 

(3) paying in t+1 for plant committed in t. 

The algorithm compares cash-on-hand at t against (1) 

above. This result, nt-cash shortfall/surplus", which 

includes any debt incurred prior to t, will determine 

whether the algorithm will next investigate the selling or 

the buying of securities. If there is a cash shortfall, 

selling of securities may be indicated; if there is a 

surplus, purchase of securities may be indicated. 

The algorithm next tests (1)+(2)+(3) against 

cash-on-hand. The result is "t+1 cash shortfall/surplus". 

This quantity will later (if there is a t-cash surplus) 

determine whether the Firmwill buy securities or not. 

6.7.2. Breakeven point (34) 

Block 34 is pertinant only if there is at-cash 

shortage and the Firm will be going into (or further into) 

debt. 

Costs associated with securities sales are 

(1) A 2% per period opportunity loss reflecting 

unrealized interest over a time frame which extends out to a 

"securities buy-back horizon". This horizon is the period 

when the Firm would expect to buy back any securities sold 

in the current period. A reasonable assumption is that this 
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horizon is at the next turn-down in the combined index (this 

can occur as far out as t+3). At that time the assumption 

is that plant investment will stop and depreciation and 

sales revenues will supply cash to buy the securities back. 

(2) A one time 4% penalty on securities sales. 

Costs of debt increase parabolically with debt 

level. For 'example, at a debt level of $1.6 million the 

cost is 5.25% per period, while at a level of $.4 million 

the rate is only 1.5% per period. 

The breakeven point between securities sales costs 

and the marginal cost of new debt varies with horizon 

distance. For a horizon of five periods the breakeven point 

is a debt level of $820 thousand; for a one period horizon 

it is $1.9 million. 

The algorithm first finds the buy-back horizon by 

examining projected values of the combined index. Then it 

looks up the breakeven point for that horizon. 

6.7.3. Debt vs. sell (35) 

Block 35 determines whether or not to s~ll 

securities ano r if sales are necessary, how many to sell. 

If "t-cash shortfall" is less than the breakeven point, the 

decision is to sell no securities. CZG then automatically 

puts the Firm further into debt. 

-
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If the t-cash shortfall is above the breakeven point 

the algorithm will sell off sufficient securities to keep 

the resulting debt at the breakeven point. 

6.7.4. Securities buy (36) 

Block 36 determines whether to buy securities and, 

if so, how many to buy. If there is a t-cash surplus then 

the algorithm investigates whether there is a "t+1 cash 

shortfall". If there is, the decision is to buy no 

securities at t. If there is a t+1 cash surplus, the 

algorithm will buy that amount or some substantial fraction 

thereof. 

In the end, the Player Model has proposed 1 

security, 1 plant, 3 production, 9 promotional, and 3 price 

decisions---a total of 17 recommendations. 



CHAPTER 7 

MODEL CONSTRUCTION 

This chapter, in accordance with research objective 

2.1{d), considers some of the engineering issues encountered 

in the construction of the Player Model. 

The initial question is how should the Model be 

designed---is there some appropriate systematic or formal 

approach? After that, perhaps the most important 

engineering consideration is the transfer from the experts 

of the knowledge on which the Model must be built. 

Additionally, in the engineering process it is necessary to 

choose a programming structure which best fits the problem. 

There are some issues concerning the the applications of 

fuzzy techniques. Finally, there must be some provision to 

explain recommended decisions to the DM. 

7.1. !~~_~~~lg~_2!2~!~~ 

A "wicked problem" (Partridge 1981, Srillers 1977) 

is one which has no definitive formulation, absolute 

solution, stopping rule, or precedent. This kind of problem 

must usually be solved by argument among the interested 

parties. Spillers and Partridge report that this notion 

arose originally in the architectural literature with 

117 
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Bazjanac (1974). Partridge (1981) applies it to software 

engineering. 

The problem of designing a decision mechanism 

grounded in a rule-based decision system is a software 

engineering effort and appears to conform exactly to the 

four elements defining a wicked problem. For example, the 

very fact that the necessary information for the design lies 

only in the minds of some experts guarantees that there can 

be neither definiti-ve formulation nor absolute solution. 

Partridge notes that a computer program is at once 

the theory being tested and a tireless precise "secretary", 

keeping a record of that theory. When the program runs it 

generates the consequences of the current version of the 

theory. This idea leads directly to the iterative "wicked 

problem design theory" proposed by Partridge (1981) and 

described in figure 7.1 (after his figure 1). 



potentt.ClI 
Solution 

lTl it lal 
i:mpl~mentatioTl 

~~~~~~uate lTlade~uate 
i:mproved 
SOIu.Tio't1s 

ne.'xt 
rmplernentatloF\t---''----'~ - - - -

Figure 7.1. Wicked problem design theory. 
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The "loosely circumscribed" domain in figure 7.1 

corresponds to CZG. The "potential solutions" are decis ions 

of the Player Model; the "implementations" are successive 

versions of the Player Model. Each time the Model is run 

and its decisions processed by CZG deficiencies are found, 

"fixes" are contrived, and the process repeated until the 

results are judged "adequate" ( i e • , wi thout major 

deficiencies). One can see that this theory is a (very 

useful) formalization of "cut and try". 

Partridge specifies three requirements for the 

initial implementation in figure 7.1: 

(1) It must be complete---ie., produce_ a 

potential solution acceptable to the "real world domain" 
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(CZG in this case). 

(2) It must not constrain the problem in ways 

that allow easy solution in the constrained situation but 

result in failure when the full or unconstrained problem is 

addressed. 

(3) When large, unformalized "holes" in the 

reasoning of the mechanism remain, 

contribute to the final output, even 

"informed guesses". 

those holes 

if they are 

must 

only 

Experience with design of the Player Model showed 

that it fits the theory of wicked problem design in figure 

7.1 very well. Preparation of the initial version required 

bridging of many "unformalized holes" with informed guesses. 

Initial submission of Player Model decisions to CZG 

disclosed numerous defects, some of which appeared only 

after delays. Subsequent versions revised the defective 

areas. After some thirty large and small revisions the 

Player Model began to produce fairly adequate results. 

7.2. M£~~!_££~2!~!!!~_~~~_~~i~~!~~~! 

Experience with the Player Model indicates that 

complicated rule-based decision systems involving multiple, 

interrelated decisions usually deal with two categories of 

knowledge. 

(1) a central body of knowledge (with associated 

algorithms and input variables) which must be employed in 
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virtually every decision situation; 

(2) a body of "contingency" knowledge, -needed in 

some environmental situations, but not in others; special 

algorithms requiring additional input information are 

usually required to handle these contingencies. 

Examination of previous artificial players of 

business games (Hogarth and Makridakis 1981) (Shubik, Wolf, 

and Lockhart 1971) discloses that they are relatively simple 

mechanisms, concerned primarily with the central information 

above. Hogarth and Makridakis called their mechanism 

"naive" because it did the minimum possible while meeting 

the demands of the game for input. 

By comparison with these two artificial players the 

Player Model is quite complicated. The additional 

complexity springs from three sources: (1) the 

incorporation of considerable contingency knowledge; (2) 

the deliberate policy of disaggregation (section 7.3.4), 

which generates additional rules and intervening variables; 

and (3) extraneous rules and their associated variables 

introduced by the experts and by mistake---partly as a 

result of Model complexity itself. 

Complexity attributable to contingency algorithms 

and disaggregation appears justified by benefits gained. 

For example, the R1 system (Gevarter 1983) for configuring 

minicomputer installations grew from a prototype with 200 

rules, which correctly solved about half of the situations 
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given it, to a mature system with 2500 rules which can solve 

about 90% of the configuration problems in its domain. 

Elimination of extraneous rules and variables is 

very desirable since it directly reduces complexity. Note 

that this is not necessarily the case with erronious or 

irrational rules. These may be replaced by rational ones. 

Extraneous rules and variables in the Player Model 

could have been tracked down by reruns of CZG against 

simplified versions of the Model or by direct investigation 

of CZG's inner mechanism. The author pursued neither of 

these options because they are infeasible for real 

rule-based systems. The primary remedy in those systems is 

discovery and excision of extraneous (and faulty) rules 

during model adjustment, against on-going competition. 

Experience during the initial round of adjustment 

resulted in significant improvements in the Player Model. 

There is good reason to believe that substantial additional 

improvement would be possible. For example, the plant 

commitment algorithm (section 6.6) is weak. In addition the 

C.ZG he. s demo n s t rat edt hat i t wi I I pen a liz e the firm t hat 

spends too much on promotion---implying that the initial 

target demands (section 6.3.5), which are currently set at a 

high level, should be trimmed. This experience and that of 

other expert systems, like the R1 system above, leads the 

author to believe that, say, two additional adjustment 
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rounds of 10 to 12 iterations would raise model performance 

substantially. 

7.3. !!!~!!~!_~!_~!£~!!l!~ 

In discussing the capture of expert information for 

use i nth e P I aye r Mo del the term "e I i cit a t ion" ref e r s to 

interaction with these experts directly. The entire 

transfer process includes elicitation and then incorporation 

of the information into working software. 

7.3.1. Categories of data and advice 

Data elicited from experts 

categories: 

fall s into three 

(1) Observable variables, including labels, 

definitions, universes, and fuzziness; "observable" means 

commonly used by the expert in the definition or solution of 

his part of the decision problem. 

(2) Mappings (linear functions or nonlinear 

fuzzy implications), including their imprecision; such 

mappings are usually in the form of antecedent-consequent 

value pairs, (A,C), which define implications like "A causes 

C". 

(3) Consequent-to-antecedent interconnections 

among the mappings; the consequent value of one implication 

becomes the antecedent value of one or several implications 

occuring later in the Model. 



Expert advice can appear in two forms: 
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( 1) "h i gh 

level generalized", or (2) "model level". The latter is 

detailed enough (though perhaps not in the right form) for 

use in a decision mechanism derived from a rule-based 

decision system. High level advice often appears as 

aphorisms like "Keep cash-on-hand low", or "Keep your powder 

dry". High level information must be "interpreted" first 

and then "operationalized"; model level information need 

only be operationalized. 

7.3.2. Interpretation 

The conversion of expert advice into an internal 

representation, with minimal loss of information, is called 

interpretation (Barr and Feigenbaum 1982 ch. XIV C1). 

Operationalization is the further conversion of the initial 

representation into a form which the program can accept and 

use (or revision of the program to accept the interpreted 

representation directly). 

An example of both interpretation and 

operationalization in the Player Model is the mapping, FPC2, 

which is a fuzzy implication describing 21 combined 
- -

index-price change pairs. A high level version of this 

rna p pin g mig h t be: "Wh e n bus i n e s sis rea I I Y hot I r a i set he 

price about 1%, just on the basis of the indices; when it's 

average I raise it a little bit". Figure 7.2 illustrates 

the result of interpretation followed by operationalization. 
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Interpretation would ordinarily take the form of 

questions like: "If combined index is 'about 0.9', then 

what is the value of fractional change in price?" The answer 

might be: "Around 1 in 100". etc •• The numeric nature of 

these variables makes it convenient to speed up the process 

by getting only four expert estimates: average spreads for 

antecedents and for consequents and the point values 

representing the antecedent-consequent pairs (circles in 

figure 7.2). This yields directly the information required 

for operationalization. 

fr~c t i.oYla I 
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Figure 7.2. Trace of fuzzy implication 
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FPC2. 

The "function" displayed in figure 7.2 is actually a 

projection, on the combined index x fractional price change 

plane, of the crest of a ridge-like surface above that 
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plane. It is similar to the surface shown in figure 5.8. 

There are two kinds of scales shown on each axis. One is 

the dis c ret e I [1 , 2 1] un i v e r sea c t u ally use din ma kin g 

computations for this mapping. The other is the continuous 

universe on which independent variable, combined index 

([.35,1.65J), or dependent variable, fractional price change 

( [0,.010J), are actually defined. 

7.3.3. Operationalization 

This set of fuzzy pairs for FPC2 is operntionnlized, 

separately from the Player Model, by two APL routines. The 

first generates a set of 21 fuzzy antecedent values with 

peaks evenly distributed'over 1[1,21J and spreads equivalent 

to the just estimated average spread for antecedents. These 

are the fuzzy equivalents of {1,2, ••. ,2~ (designate these 

fuzzy sets At~I[1,21J,i=1,2, ••• ,2t). The same routine 

generates an analogous set of fuzzy consequents, CiS;;:;1 [1, 21J . 

Then the second routine runs through the pairs (circles in 

figure 7.2) finding the outer products Ai o.L CL (o.L is the 

APL symbol for outer product using minima). Each outer 

product is a surface in 1[1,21JxI[1,21Jx[0,1], similar to 

that in expression 5.36. 

" i f A' l then Ci."--- 21 

It represents (sub)implications 

x 21 matrices. For instance, the 

eleventh pair yields (sub)implication "if AU then C2". As 

each outer product is formed its cell by cell maximum is 

taken with the maximum of all the preceding outer products, 
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the equivalent of tI ••• or if Ali then Cl or if Ail then C3 

or ••• or if A~l then C~i ". This result is 21 x 21 matrix, 

FPC2, which is now permanently stored to represent the fuzzy 

implication. The Model uses FPC2 in making fuzzy 

compositional inferences, as described in section 5.3.4. 

It is evident that the elicitation procedure must be 

iterative. The expert himself may have never thought out 

his own rules with the rigor required by interpretation and 

operationalization. Experience has shown (Barr and 

Feigenbaum 1982 ch. VII A pp. 80-83) that elicitation can be 

very tedious. However, verbalization of intuitive 

understanding can also lead to important new insights 

concerning the nature of the process being modeled. 

Horvath, Cass, and Ferrell (1980) point out that the 

eli cit a t ion process thus becomes one of creative 

understanding rather than passive extraction of knowledge. 

7.3.4. Disaggregation 

During the interpretation process it may very well 

be necessary to tldisaggregate" a mapping---break up a rule 

into a network of less "comprehensive" rules. Two forces 

are at work here. First, it is difficult technically, in a 

computer program, to handle multidimensional antecedents in 

an inference. Second, it must be recognized that the h~man 

information processing limitations influence experts in real 
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decision systems to compress a great deal of "causality" 

into individual inferences. 

Disaggregation is best illustrated graphically. 

Figure 7.3(a) shows an inference used in a rule-based 

decision system with three antecedents, variables c, d, and 

e, and one consequent, variable f. If the expert using 

implication I had the luxury of time he might be able to 

analyze the problem in more depth and consider two 

additional factors, a and b. He might discover, for 

instance, that c was actually caused by a, d by band f by c 

and e, as shown in figure 7.3(b). 

(8) (b) 

f 

f 

Figure 7.3(a). "Comprehensive" inference. 7.3(b). Same 
inference after disaggregation 

The inference in figure 7.3(a) reflects the human 

ability to combine mnny factors. The inference network 

consisting of implications Ii' Iz , 13 and 14-, however, is 

probably "better" in terms of the quality of variable f. 
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Rule-based decisions are supported by experts who are paid 

to make many decisions fast, without excessive analysis. 

The rules like I, which they formulate, are ad hoc, 

undocumented, but usually adequate in the circumstances. 

However, they are not as suitable for 

implementation as the network in figure 7.3(b). 

careful disaggregations, being able to keep track 

computer 

Producing 

of them, 

and performing the operations without error is, perhaps, the 

main advantage of expert systems. 

The multidimensional antecedent for crisp monotonic 

functions can be handled by using the regulus. This is an 

easily judged and implemented, multidimensional function 

that allows interaction among the variables. In 3-space the 

implication is an hyperbolic paraboloid (Sheridan and 

Ferrell 1974). The Player Model uses a few of these. For 

fuzzy inferences with crisp mappings (see figure 5.2(b) and 

section 5.2.3) involving algebraic operations, the axioms 

defining a scalar field (Nering 1963 pp. 6,7) guarantee easy 

disaggregation of an inference with any number of 

antecedents. For example, an addition operator with three 

antecdents a,b,c and one consequent d can be disaggregated 

into two operations in tandem. The first has antecedents a 

and b and consequent a+b; the second has antecedents a+b 

and c and consequent d. 

In the case of fuzzy inferences with fuzzy implications (see 

figure 5.2(d) and section 5.3.4) a fuzzy implication with a 
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single antecedent like FPC2 is a 3-dimensional surface. Two 

antecedents require a 4-dimensional surface, realized with a 

3-dimensional array each cell of which has a value in [o,D . 
The computational and storage requirements for such 

structures severely constrain their use. The Player Model 

has a number of single antecedent, fuzzy implications. 

7.4. ~!~g!!~_~!g!~i~!!i~~ 

The nature of the system being modeled has a major 

influence on the organization of the computer program which 

constitutes the model. Important issues include program 

control, knowledge representation, and reasoning direction. 

7.4.1. Program control 

Artificial intelligence programs generally have 

three major elements: 

mechanism (Nau 1983). 

data, a knowledge base, and a control 

The control must decide what to do 

next at key points in the program. It is sophisticated or 

simple depending on the size and complexity of the search 

space associated with the problem. 

There are three commonly used ways of controlling 

the sequence of decisions: (1) predetermined order, (2) 

conditional branching, and (3) pattern directed invocation. 

The Player Model uses (1) and (2); AI programs relying on 

search heuristics often use (3) (Barr and Feigenbaum 1982 

ch. VI C4 p. 58). The Player Model can use a perfunctory 

control system because there is a great deal of causal and 
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taxonomic knowledge in the rule-based decision system being 

modeled. In essence, it always knows what to do next. 

7.4.2. Knowledge representation 

There are two major categories of kn0wledge 

representation used in artificial intelligence: declarative 

and procedural. Declarative representation stores explicit 

knowledge about objects, events, relations, and states as 

"facts" in a database. Prodedural representation encodes 

knowledge explicitly or implicitly in the procedural aspects 

of the program itself. Examples include specifying the 

order in which operations will occur, telling the program 

how or when to use the database knowledge, use of defaults, 

etc.. Procedural representation is easier to understand, 

but harder to change (Barr and Feigenbaum 1981 ch. III C2 

p. 172). 

The Player Model has a relatively small and simple 

data base containing input 

some fuzzy rules encoded as 

and intervening variables and 

data. The Model represents 

crisp rules, the interconnections among inferences, and the 

order of rule invocation procedurally. On balance, the 

Player Model uses more procedural than declarative 

representation. 

One of the reasons for using CZG as the test-bed for 

the Player Model effort was its ability to act as a 

controlled environment. Wben the environment of a 
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rule-based decision system changes radically the decision 

system simply becomes obsolete; if the changes are limited 

to variable values it is possible for the system (and its 

surrogate, the Player Model) to adapt within expected 

ranges. 

Environmental change influences programming 

organization because changes are most easily made when 

knowledge is organized in a "modular" way. Modularity means 

the ability to change elements of the knowledge base 

independently, without side effects in the rest of the 

program (Barr and Feigenbaum 1981 ch. III C4 p. 193). Thus, 

minimal environmental change (as with CZG) implies 

procedural rather than declarative representation of 

knowledge. The easier understanding of the program 

outweighs the convenience in making changes. 

7.4.3. Reasoning direction 

There are two fundamentally different ways to make 

deductive inferences: "forward" (data-dri':"en, etJ~~nt-driven.!_ .. _ 

bottom-up) and "backward" (goal-driven, expectation-driven, 

top-down) (Barr and Feigenbaum 1981 ch. III C4 p. 198). 

Forward inference applies known -rules to available input 

data, then to ti:e results of the first application, then to 

the results of the results, and so on until a target is 

reached. For exrunple, a value of model input variable a is 
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mapped by rule Ii to a value of variable b which, in turn, 

is mapped by rule 12 to a value of variable c, etc •• 

Backward inference examines the antecedents of rules 

which imply a particular hypothetical goal value to discover 

the rules which would, in turn, imply those antecedents, 

etc.. ~en the initial rules in the network are reached, 

their calculated antecedent values are compared with the 

corresponding real inputs from the environment. If there is 

a match the hypothetical goal value is correct. 

Interestingly, the rule-based decision system and the model 

which mimics it, although they themselves use forward 

reasoning, are actually product~ of backwards reasoning. 

The goal was probably "maximum profit" which, in turn, 

required production and promotion, which then required a 

target demand, etc •• 

Large input data sets and many alternative unknown 

goals are usually associated with forward inference, and 

that is the case with the Player Model. It would be very 

awkward to trace a seemingly infinite number of hypothetical 

goal values back to sets of input symptoms (for comparison 

with the known inputs). 

7.5. ~ee!!£!!!~~_~!_!~~~X_!~£~~!g~~~ 

Chapter 5 discussed the theoretical bases for some 

fuzzy set techniques applicable to systems like the Player 
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Model. This section considers some engineering issues 

relative to the application of those tools. 

7.5.1. The importance of imprecision 

The outputs of a decision analysis must be 

significant, i e. , relevant to the problem. However, 

significance may conflict with precision. Zadeh (1973) 

says: 

"As the complexity of a system iricreases, our 
ability to make precise and yet significant 
statements about its behavior diminishes until a 
threshold is reached beyond which precision and 
significance (or relevance) become almost mutually 
exclusive characteristics". 

If one intends to make decisions, it is essential to retain 

significance, even if it is at the expense of precision. If 

there must be some imprecision, the extent of it must be 

known. 

In real rule-based decision systems imprecision is 

very often ignored. Benbasat and Taylor (1982) call this 

"uncertainty absorbtion"---information gains an increasingly 

specious certainty as it filters upward in an organization. 

There can be unfortunate results, as described in section 

2.4.2 (biases (4) and (5». Aside from the natural desire 

of subordinates to appear certain of their "facts", Hogarth 

(1980 p. 148) points out that humans have considerable 

difficulty in assessing and, particularly, in aggregating 

imprecision. 
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In another aspect of this human deficiency, Slovic 

et al (1977 p. 23) cite Brehmer (1974) and Brehmer, 

Kuylenstierna and Liljcrgrer. (1974,J975) concerning the 

acquisition and testing of probabilistic inference rules by 

individuals. The testing by subjects of their tentative 

rules showed inadequate appreciation of the imprecision in 

the values of the antecedents of the inferences. Subjects 

kept searching for deterministic rules that would account 

for the randomness they observed. Since there were none, 

they changed rules frequently, even adopting rules they had 

previously discarded. 

7.5.2. Methods for manipulating imprecision 

There are some difficulties in using probability 

constructs to propagate imprecision through a network of 

inferences. This process is known as cascaded Bayesian 

inference. The axioms of probability are quite stringent 

especially with respect to independence and conditional 

independence. The disaggregation discussed in 7.3.4 and 

large system size makes "cascading" an important issue in 

complicated systems. With respect to cascaded Bayesian 

inferences, no one has as yet assessed the penalties for 

making simplifying assumptions regarding independence and 

conditional independence (Schum 1980). Such assumptions are 

essential in practice (see Kelly and Barclay 1973). 
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On the other hand, Gaines (1978) has shown that 

cascading of fuzzy inferences does not depend on 

independence assumptions because Lukasiewicz' infinitely 

valued logic rather than a probability logic is used. For 

example probability logic describes the probability of "x 

and y" with the expression P(XAY)=P(X)+p(y)-p(xvy). The 

third term involves an interaction between the two elements 

which means they are not independent. Co n v e r s ely., the 

analogous expression 

p (x I\. y) =mi n [p (x) , p (y >] 
in Lukasiewicz' .f..Aleph1 logic is 

£Aleph1 is the bas i s for the fuzzy 

logic used in the Player Model. In this logic there is no 

interaction. 

7.5.3. Sources of imprecision 

Another consideration in the Player Model is which 

sources of imprecision should be ignored. Imprecision could 

come from (at least) the following sources: 

(1) forecasting: the future cannot be 

perfectly known; 

the future; 

imprecision increases with distance into 

(2) i~~erfect understanding of the environment 

(nature): for the Player Model this is reflected in the CZG 

rules and data supplied by it; 

(3) judgmental imperfection in experts: this 

is represented in fuzzy rules elicited from experts. 
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The Player Model, somewhat arti ficial' y, assumes 

that there is no imprecision from source (2). This is 

consistent with the mechanical nature of CZG which provides 

point-vulued outputs. Of course, if there were real 

competitor companies, the data regarding them would not be 

known exactly. 

The basic forecasts provided to the Model (as 

opposed to the hard data) are initially assigned a fuzziness 

because they represent "informed guesses". Whenever a crisp 

and fuzzy variable become part of the same operation the 

result is fuzzy; whenever a fuzzy implication is used, 

imprecision in the consequent is greater than that of the 

antecedent. Each inference increases the aggregate 

imprecision so that successive intervening variables are 

more and more fuzzy. 

The result is that decision recommendations are 

quite fuzzy, especially those that depend on a large number 

of variables. The DM, of course, must pick a crisp number 

for each decision. He must use his intuition in reducing 

the proposed fuzzy decisions to point values. The spreads 

on the recommendations give the DM a rough measure of the 

Model's confidence in the point value presented. In a 

sense, they give a measure of the range in which his crisp 

decision might fall. 
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7.6. ~!2!~1~~~~~!~£~~~~g~!1~~! 
to tile ueclslonmaKer --------------------

Every expert system must have a way of explaining 

its output to its users. In this case the users are the DM 

and his staff experts. 

Because no search is required, the Player Model does 

not have to explain why the various rules were invoked. 

Since the OM is (supposedly) acquainted with the inference 

network the Model does not have to explain its reasoning 

process. However, the DM will be interested in why the 

Model makes some particular numerical recommendation. 

The Player Model explains its recommendations at 

this "functional" level by presenting a "trace" of key input 

and intervening variable values. The Model assumes that the 

OM understands the reasoning used. He should be able to 

follow the trail of variable values resulting from a 

particular environmental situation without difficulty. This 

is feasible in part because the co ng among the six major 

decision algorithms is reasonably loose. If this were a 

decision system involving a novice OM a more elaborate 

explanation system would be necessary. 



CHAPTER 8 

PLAYER MDDEL PERFORMANCE 

This chapter reports the measurements that were made 

of Player Model performance during and after its initial 

adjustment. 

8.1. M~!!~!em~~!~_!~~_!~!!!~g_~£~~! 

Measurement of Player Medel performance serves two 

distinct purposes: (1) Model adjustment as described in 

section 7.1, and (2) comparision the of Model with human 

performance. Competition between the Player Model and 

student teams over a sequence of game iterations will be 

called "on-line" testing. In this mode of testing the Model 

assumes the role of one of the teams and is forced to deal 

with the consequences of its own earlier decisions. In 

every period except the initial one the ModeU is faced with 

a situation (ie., a set of current and past input values) 

which differs substantially from the situations of the 

competing human teams. The economic results from the Player 

Model and human teams are compared to determine Player Model 

performance. 

Substitution of 

particular period, for 

Player Model decisions, in some 

the decisions originally made by a 
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stu den t team ina pas t g arne wi lIb e c a I led " 0 f f - lin e 

testing". In this testing mode the decision situations of 

Model Hnd teams with which it is compared are identical. 

The Model must contend with the past decisions and mistakes 

of the original human team. 

To accomplish off-line testing recorded decision 

sets from a previous game are used to replay that game up to 

the period of interest, say through t-1. Then the Player 

Model calculates a set of period t decisions for the company 

of interest. It can do this because it has recorded all the 

necessary environmental data for this period during the 

original play of the game (when it was playing the role of a 

different company). For example, it knows the demand 

changes generated by the previous decisions of all six 

companies. The new set of decisions and the original team 

decisions are based on the same data, but they will differ 

because human and Model reasoning are not identical. 

The game is played for period t with the Model's 

decisions substituted for those of the original human team. 

Since all other decision sets remain the same, the game 

outputs allow direct comparison of Model and original team 

performance. It is not possible to proceed further on such 

a particular game "track" because there are no valid t+1 

decision sets availablp. for the other four student teams, 

ie., decision sets that reflect the substituted actions of 

the Player Model during period t. Instead, the game is 
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"backed-off" to the end of t-l and another original team is 

chosen for comparison. 

Off-line testing could be used for adjustment of 

"next period" Model functions. However, this kind of 

testing reveals nothing about longer term Model functions 

like buying new plant or t+l inventory. Off-line testing is 

also unrealistic because in a real environment there can be 

no "reruns". Accordingly, off-line testing was.limited to 

comparing Player Model and human performance after 

completion of the initial Model adjustment effort. 

On-line testing is suitable for both adjustment and 

comparison purposes. Because of time constraints it was 

used mainly for adjustment. Two basic sets of changes were 

at work during the Model adjustment effort. The first was 

the revision of the Player Model; the second was the 

improvement in student ability to play the game. Model 

performance is affected by both, but changes in student 

performance are not enough to mask gross mistakes in Player 

Model reasoning. 

8.2. Measurements in connection with 
-~I~~~!=M~~~I=~~I~~I~~~I-------

This section reports the performance of the Player 

Model during its initial adjustment. Figures 8.1-8.4 show 

results for periods 1 through 12 in three independent games 

run simulteneously. These data are, in effect, a history of 

the Model adjustment. The data received after each period 
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of the game were used to uncover defects in Player Model 

reasoning and to support the repair process prior to the 

next iteration of the game. 

There are seven measures in figures 8.1-8.4. The 

first, sales revenue, indicates how well the demand 

generating and production mechanisms in the Model are 

working. The next three, operating profit, net earned, and 

net assets, are the conventional overall performance 

indicators. Together with sales revenue they tell whether 

costs are being contained. The last three, net cash/debt1 

plant, and inventory, often disclose where in the Model 

excessive costs or other problems are occurring. The only 

cumulative measures of the seven are net assets and plant. 

These two are good performance measures over time but net 

assets is not very useful for adjustment purposes. 

The values of the measures for the Player Model in 

each of the three industries are displayed in figures 

8.1-8.4. These values are shown against the range of values 

for all 18 companies in the three industries. For example, 

in figure 8.1, period 4, the sales revenues for all three 

industries ranged from $2 million to slighly more than $4 

million; the Player Model in industry 3 was at the latter 

value; in industry 2 it was at $3.8 million; in industry 1 

it was at $3.4 million. The ranges shown are for all three 

industries and, thus, generally larger than for a single 

industry. 
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Figure 8.1. On-line testing: Player Model sales revenue 
performance during adjustment. 
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Figure 8.2. On-line testing: Player Model operating and 
net earned performance during adjustment. 
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Figure 8.3. On-line testing: Player Model net assets and 
net cash/debt performance during adjustment. 
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Figure 8.4. On-line testing: Player Model plant and 
inventory performance during adjustment. 
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It should be noted that during adjustment of the 

Player Model the same repairs were made to the Model in each 

industry so that the version of the Model used for any given 

period was the same in all three games (industries). 

It should also be understood that there were many 

more diagnostic data available for assessment and repair of 

the Player Model than the seven measures shown in figures 

8.1-8.4. Complete financial reports (including individual 

product reports) on the Player Model company were provided 

each period by CZG. All information available was used in 

Model adjustment. The data in figures 8.1-8.4 are presented 

primarily to document that adjustment. 

Examination of on-line results discloses the 

following: 

(a) The combined effects of business and 

seasonal indices are clearly visible (peaks at periods 4,7, 

and 11). 

(b) Sales revenues for the Player Model are 

consistently higher than that of the competition---probably 

too high. Sales (and competition) are substantially higher 

in industry 3 than in industries 1 and 2. 

(c) Inventory dropped steadily over periods 

2,3, and 4, resulting in stockouts and reduced profits. To 

remedy this several changes were made (notably in block 18, 

figure 6.2, and block 28, figure 6.4) which eventually 

improved performance (see periods 8-12 in figures 8.2 and 
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8.3). The key to this adjustment was the realization that 

both capacity shortfall and production must take t+1 

inventory into account. 

(d) Initially the Model made no attempt to 

build new plant for use during the business boom of periods 

4,5, and 6; an ill~considered revision in period 5 caused 

the plant commitment algorithm (blocks 30 and 31, figure 

6.5) to overbuild radically (figure 8.4); a subsequent 

revision in period 7 changed the basis for new plant 

acquisition from projected demand to average competitor 

plant capacity and the excess plant began to depreciate; 

however the excessive debt service charges continued to 

degrade net profits in subsequent periods. An important 

influence in the period 7 revision was the discovery that 

when excess capacity is zero the marginal value of overtime 

is greater than that of new plant. 

(e) Performance in all three industries was 

improving by periods 10, 11, and 12. 

Other adjustments included revision of the "defend" 

target demand function (block 11, figure 6.2) to increase 

target demand, elimination or loosening of constraints on 

m, ds and demand shortfall (block 22, figure 6.3), the 

introduction of a production "floor" to prevent stockouts 

when production was increased after a dip in the combined 

index (block 29, figure 6.4), and changing the basis for 

attack/defend guidance (block 11, figure 6.2) from 



"arena competition" 

profits/costs). 

to "product efficiency" 
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( i e. , 

8.3. Q!!=!i~~_2~!!~!~~~£~_~~~!~!~~~~1! 

This section reports the performance of the Player 

Model when its proposed decisions are substituted for those 

of various student teams in industry 1. Two of the five 

student teams were chosen during each of periods 3-10 in 

such a way that each of the five teams were used 

approximately the same number of times. 

Figures 8.5-8.7 display the same measures in the 

same order as the on-line tests, except that "plant" is 

omitted because it cannot change in a single iteration of 

the game. For each measure, results for the two companies 

undergoing test are shown side by side under the period 

number. Model and team performance are distinguished by 

different symbols. 

Wi th the exception of sales revenue (figure 

8.5---discussed in section 8.2) and inventory (figure 8.7) 

the performances of Model and student teams are quite close 

together. The three overall performance measures: 

operating profit, net earned, and net assets, are 

particularly close. In part, this closeness is due to the 

influence of past decisions and inertia in the game 

dynami cs. 
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Figure 8.5. Off-line testing: sales revenues and operating 
profits for Player Model/student team pairs, 
periods 3,-10, Industry 1. 
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An interesting aspect of these three "bottom line" 

measures is that the Model is generally performs above the 

student benchmark in the earlier periods but slightly below 

that benchmark in the later periods. This shows that the 

students were learning to play the game better as they 

gained experience. This must be the case since the Player 

Model did not change and the competitions each started from 

the identical points with respect to the CZG environment. 



CHAPTER 9 

CONCLUSIONS 

To recapitulate the motivations for this research: 

(1) Rule-based decision systems, operating to 

support quantitative management control efforts in large 

organizations, are used to solve ill-structured decision 

problems which have, in general, resisted analytical 

solution. 

(2) For a number of reasons, including 

consistency, speed, complexity, uncertainity and problems of 

of lack of experience it would be useful to have a mechanism 

which could propose decisions in parallel with those of 

staff experts. 

(3) The primary source of knowledge for such a 

mechanism lies in the expertise of the specialists already 

advising the DM. Their knowledge is found to take the form 

of simple, generally linear functions, assembled in a 

feed-forward network structure. 

(4) Uncertainty about the environmental data and 

the imprecision of the experts' rules makes it imperative to 

have a method for representing this imprecisio~ coherently. 

Fuzzy set constructs have been proposed for this purpose. 
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(5) The crucial issue when addressing this 

extension of expert system methodology to a new, less well 

structured arena is whether the mechanism will work at all; 

subsidiary matters include the techniques to use and avoid 

in the construction of such mechanisms. 

9.1. ~2~£1!1£_!~!~!!!_~!_!~~_1~!~!!lg!!1~~ 

(1) The methods used in constructing the Player 

Model are capable of producing a mechanism which will 

propose potentially useful, quantitative, .nanagement control 

decisions (as defined in section 1.1) for use in a complex 

task environment. 

(2) The artificial task environment for which the 

Player Model was devised is highly realistic with the 

exception that it does not include the evolutionary change 

which occurs in many real decision problems. This task 

environment: (a) is complex, (b) requires the consideration 

of many decision factors which interact in unknown ways, (c) 

is dealt with by a realistic body of imprecise operating 

rules, (d) includes a stochastic component caused by 

competitor actions, and (e) is such that its true underlying 

functions can not be determined by the decisionmakers. This 

realism leads to the conclusion that an expert system, 

employing the methods used in the Player Model, can be 

successfully constructed for a real problem. 

(3) The initial adjustment process, normally 
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required by expert systems, was relatively easy and 

expeditious, considering the complexity of the mechanism, 

because: (a) mistakes in the initial version were errors of 

omission and commission in the knowledge base, rather than 

the construction methodology, and (b) knowledge base errors 

were easy to find and comprehend because the mechanism was 

transparent. It was transparent because the architecture of 

the Player Model reflects the structure of the social 

organization and special efforts were made to disaggregate 

the knowledge base into simple (and therefore easily 

understood) inferences. 

(4) ~ile the interaction of human DMs with fuzzy 

values proposed by the Player Model was not explored, the 

rank order of the spreads on the fuzzy decision values 

coincides with expert intuition concerning their relative 

imprecision. These spread sizes depend on the number and 

precision of the inferences needed to arrive at the values, 

the input variables used, and the distance into the future 

that the calculations must look. Prices are the least 

fuzzy, target demands next, followed by design/styling~ the 

promotional variable which has the least influence on sales. 

Next fuzziest are the other two promotional variables, 

marketing and quality, and the production variable. All 

three have roughly the same fuzziness. Most fuzzy are plant 

commitment and securities buy/sell. This order is generally 

in consonance with figure 3.2. 



157 

9.2. ~~~~!!_2~!!~!~!~£~_~!_!l~~!!_l~f~!~~£~_!~!!~~! 

Dawes and Corrigan (1974) compared studies of 

intuitive expert predictions with the predictions from 

linear algebraic (regression) models of the judges 

themselves. The models had been constructed by obtaining 

the decision factors (independent variables) and their 

weights from the experts or by fitting the (regression) 

models to their judgments. The investigators had tried 

other weighting schemes (random, optimal, equal) in addition 

to those of the experts themselves. The predictions 

(dependent variable values) had been tested against actual 

outcomes---the criterivn variable values. 

The terminology used in connection with the Player 

Model can be reconciled with that of the regression models 

as follows. The linear algebraic models are inferences 

usually having multidimensional predictor (antecedent) 

variables and one-dimensional predicted (consequent) 

variables. Each decision factor is an antecedent variable 

(or one dimension of a multidimensional antecedent 

variable). The weightings determine the multidimensional 

equivalent of the slope of the function used in the 

inference. The criterion values of the regression model are 

analogs of performance variable values from CZG, such as net 

profit, net assets, etc. Unlike criterion values, however, 

performance values cannot be established by subsequent 
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observation. They have meaning only when compared with 

equivalent values for competing rule-based decision systems. 

Dawes and Corrigan concluded that linear models fit 

very well in situations where 

(a) predictor variables have conditionally 

monotone relationships with the consequent variable (ie., 

higher or lower values of an antecedent result in higher or 

lower values of the consequent, independently of the other 

antecedents), and 

(b) there is uncertainty in the antecedent 

values and, therefore, in the consequent value. 

They stated that such models are very robust and that they 

produce good predictions in almost any situation where (a) 

and (b) apply. In fact they usually perform better than the 

human judges which they mimic. 

Comparison of the Player Model and the regression 

models surveyed by Dawes and Corrigan is instructive. Both 

contain expert knowledge about a decision situation; both 

operate in uncertain environments; both involve inferences 

whose implications are monotonic. For example~ the binary 

algebraic operations (addition, multiplication, etc.), used 

extensively in the Player Model, are linear and monotonic; 

the fuzzy relations used to represent certain rules are 

essentially linear and monotonic (see figure 7.2). 

There are two important differences between the 

Player Model and linear algbraic models: 
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(1) the inferences in the Player Model have one 

or two-dimensional antecedent variables; the regression 

models may have 10 or 20 antecedents; 

(2) the regression model is a single, 

rrruitidimensional inference; the Player Model is a network 

of "simple" inferences made possible by the invention of 

plausible intervening variables and connections among the 

inferences. 

Comparison of the Player Model and the regression 

model discloses that the latter is "opaque"---that is, 

people cannot easily discern the causal mechanisms involved 

in determining the consequent value. In this respect 

regression models are somewhat alien to the usual conscious 

thought processes which seek simple cause-effect 

relationships and step-by-step solutions to problems. 

People could be expected to prefer a decision mechanism that 

mimics their own analysis of the problem---a mechanism that 

is "transparent". This aspect becomes crucial when one must 

depend on experts to supply the essential subjective 

knowledge to construct the mechanism. 

Player Model results appear to support the insights 

of Dawes and Corrigan with respect to the robust nature and 

good performance of relatively crude linear models. 

Although it is a network of simple inferences rather than a 

regression equation, the Player Model roughly meets the 

conditionally monotone and uncertainty conditions described 
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in (a) and (b) above. The network and simple inference 

format achieved by introduction of intervening variables and 

functions should not violate these constraints as long as 

the inserted functions are themselves conditionally 

monotonic. 

The implications of the comparison above are 

potentially important. If networks of simple inferences do 

indeed act like the regression models, then mechanisms 

designed to propose decisions in large, working, rule-based 

decision systems could be expected to perform in a similar 

robust fashion, subject to the two constraints. This result 

is obviously desirable. 

9.3. ~~!~_~!!~gg!~g~!!~~ 

An unexpected phenomenon associated with 

construction of the Player Model mechanism was the ease 

which one could disaggregate or decompose an inference with 

a multidimensional antecedent. The method depends on the 

invention of new variables and causal connections among 

them. Such invention is a task for the expert and mechanism 

builder working together. Experience showed that one could 

produce plausible, potentially observable variables which 

could be used to replace complicated inferences with a 

network of simple ones. This idea is described in section 

7.3.4. If the variables themselves are observable, it is 
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not difficult to propose simple plausible conditionally 

monotone implications connecting them. 

Naylor (1981) proposes a formal set theoretic 

description for systems in general. Because it describes 

systems in terms of variables and dependencies among these 

variables it fits an inference network format, like that of 

the Player Model, quite well. Naylor points out that any 

change in (1) point of view, or (2) level of detail yields a 

different collection of "observable sets of variables" 

(subsystems). His message is that seemingly inmute.ble 

decision system structures can be transformed to new and 

better ones with very little effort. Disaggregation is 

exactly such a process. 

9.4·~£~~!_~~!!£!~!~£~_!~~_!~i~!!~~~! 

Two artificial players from the literature were 

cited in connection with Player Model complexity in section 

7.2 (Hogarth and Makridakis 1981) (Shubik, Wolf, and 

Lockhart, 1971). Performance of these two models was at or 

slightly below the novice level as measured against the 

benchmark of student team/individual performance. These 

models operate with a central body of essential knowledge as 

described in section 7.2. 

In comparing the Player Model performance with that 

of the two artficial players cited above, one must recognize 

that the complexity of CZG and the other two games may not 



be the srune. Hogarth and Makridakis 

Markstrat Game is quite complex, but it is 

that CZG is more complex---that is, it 
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state that the 

quite possible 

presents more 

contigency situations to the players or requires more output 

decisions. Furthermore, the relative difference in 

performance between expert and novice is not known with 

accuracy. A lower bound on expert rerformance may be near 

the performance of the best student team. CZG and Markstrat 

results indicate substantial differences between best and 

average student teams. These .things said, one notes that 

the Player Model performs only marginally better than the 

novice level as measured against the student performance 

benchmark. 

~y did not the Player Model perform 

it was designed to cope with many of 

situations built into CZG? Two hypotheses 

answer to this question seem reasonable: 

Model is not completely adjusted yet and has 

better, since 

the contingency 

concerning the 

(a) the Player 

the potential 

to perform better, or (b) there is some unsuspected obstacle 

which prevents models of decision systems in this kind of 

situation from performing much above the novice level. 

Hypothesis (a) is suggested by the fact that a 

number of expert systems defined on binary universes perform 

nearly as well as experts in their domains (eg., MYCIN, 

CASNET, INTERNIST (Barr and Feigenbaum eh VIII B». In 

addition the wicked problem paradi~ (sections 7.1 and 



9.3.1) suggests that continued 

Model would improve performance. 

with the Rl system (Gevarter 
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adjustment of the Player 

This was the experience 

1983), used to configure 

minicomputer installations. Nevertheless, the issue has not 

been settled for this particular kind of situation by the 

current research. The best way to acquire additional 

information to perform the additional adjustment proposed in 

section 7.2. 

The most natural probabilistic mechanism for 

representing uncertainty of a value on some universe is the 

probability density (or mass) function. An unique pdf would 

be required for each value of each variable in an inference 

network. The usual change of variable techniques used in 

calculating functions of a random variable would be 

applicable because the functions in the inferences are 

(generally) strictly increasing or decreasing (or could be 

partitioned to be that way). The result would be a 

consequent pdf of a different shape. 

The computation of a consequent pdf is substantially 

harder than the equivalent effort to find a consequent fuzzy 

value; the former involves taking derivatives and sometimes 

integration. Analytical expressions must be used in the 

continuous case. Actually, knowledge of measures of central 

tendency and dispersion (say, mean and variance) would 
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suffice to describe the un~ertain consequent value. These 

are easy to calculate from antecedent to consequent of a 

single function (given the antecedent pdf). However, for 

the next inference in the cascade one must have the 

consequent pdf of the preceding inference to continue. 

Another difficulty is the crisp nature of the 

functions (normally) used to map a random antecendent 

variable value to its consequent. Suppose this inference 

involved an uncertain mapping instead. This introduces a 

new order of complexity into the probabilistic calculation. 

Fuzzy relations performing the analogous mappings 

automatically include this additional imprecision. 

Considering all the factors above, fuzzy mechanisms appear 

to be more practical for inference networks than probability 

constructs. 

9.6 ~~!~~~l~~~_~!_!~~_~l!~~!_~~~~l_!~~~!!£~ 

The immediate follow on effort should be additional 

on-line adjustment of the Player Model against CZG as 

proposed in section 9.4. The next step would be the trial 

of a similar kind of model against a real environment rather 

than that provided by CZG. Besides answering questions 

about the artificialities of CZG, such an experiment would 

allow more realistic exploration of the elicitation, 

mechanism adjustment, and explanation processes. 
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It also seems reasonable to use the Player Model 

itself to explore the interaction between the DM and an 

expert system supporting him. In particular, it would be 

important to find out how the DM decides on the merit of 

such an advice-giver, how its proposals can and should be 

presented to him, and how it can best explain them. In 

answering such questions an artificial environment is an 

asset. 
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