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Summary 

A new kind of simulation roodels is introduced, namely a 

linguistic model. This linguistic modelling approach is 

basedon the theory of fuzzy sets. Besides the general 

rationale and description of the approach, a factual 

linguistic model of Mulder 1s theory of power is presen

ted. This linguistic model is compared to a similar but 

numerical simulation model of Mulder's power theory. 
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AN EXAMPLE OF LINGUISTIC MODELLING: 

A SECOND ATTEMPT TOWARDS SIMULATION OF 

MULDER' S THEORY OF POWER 

I . Introduetion 

This paper deals about a relatively new kind of modelling, namely 

linguistic modelling. This method makes use of linguistic variables 

and linguistic causal relationships in stead of the numerical 

variables and relations which are usual in systems modelling. The 

whole approach is basedon the theory of fuzzy sets. 

Up till now the method of linguistical modelling has mainly been 

applied to technical systems, namely in the form of fuzzy-logic

control. Promising results have been obtained in this field of 

application [1,2J and research is still going on there [3J . How

ever we feel that this intrinsically vague and imprecise approach 

had better be applied to the so-called "soft sciences" in stead of 

a "hard science".like control theory. It is only very recently 

that an application study appeared where the method was used to 

model organizational behaviour [4J • 

In order to show the differences between the linguistic approach 

and the numerical approach to simulation models, we have chosen 

to model the power theory of M. Mulder [5] . This choice was 

mainly made because a simulation study of this theory by means of 

numerical simulation techniques was recently performed [6J . The 

second reason for choosing this social-psychological theory is 

that thc theory nas heen presented in a qui te unambiguous manner, 

namely in the form of fourteen clear theses. This avoids a lot 

of subjective interpretation of the theory, which would otherwise 

have to performed before being able to model anything at all. 
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This paper is ment to introduce the linguistic modelling ap

proach but mainly intends to show its usefulness in modelling 

social scientific processes and theories about these phenomena. 

Contrary to the lot of fuzzy set research we do not want to 

show how fuzzy sets can be applied but we want to solve a prac

tical problem. 

Therefore relatively little att~ntion will be paid to the theory 

of fuzzy sets. The paper should be understandable to readers 

with a basic knowledge of set theory. 
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2. Mulder's power theory 

The Dutch social-psychologist M. Mulder has developed a theory 

about power which has some interesting properties [SJ • The 

outstanding novelty in.his theory is that he states that power 

per se leads to satisfaction. This is contrary to the usual ideas about 

"rational man" as usual in social sciences. According to these 

theories man pursues a goal, generally speaking the maximizing 

of some kind of profit. In order to attain this goal man can use 

power. Power gives him an advantageous bargaining position and 

therefore a better chance to obtain his goal. In those theo-

ries about human behaviour, power is only a means to arrive at some 

desired state [7, 8J . 

Mulder states that this is a false starting-point. Motivation for 

power does not have to be derived from other motives; the exercise 

of power per se can lead to satisfaction (thesis I of Mulder's 

theory). Man strives for power, for more power than he has. 

Basedon this fundamental thesis,Mulder proposes a theory about the reduc

tion of the power-distance. His theory has the:advantage of being 

dynamic: it prediets changes in power (distance) levels. The 

power theory essentially is a theory about power processes in 

small groups and it wants to give an explanation of the increases 

and decreases in power of the persons of the group. Mulder has 

conducted fairly extensive laboratory and field experiments to 

validate his theory. The theory is laid down in fourteen clear 

theses which can roughly be divided into a group of theses about 

the primary tendencies of people behaving in power situations 

(theses I to 5) and into a group of theses which describe secun-

dary effects, such as personality factors and crisis situations 

(theses 6 to 14). In table I all theses are presented. 

Insert table I here 

Like mentioned betore, the fundament of the whole theory is laid 

down in the first thesis~ power is aspired for its own sake. The 

basic dynamical principles of the theory are presented in the 

theses 2 until 6, where theses 2 and 3 deal with the tendency of 

the more powerful while theses 4 and 5 deal with the less power-
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ful • The tendency of the more powerful to increase the power 

distance is·.positively reinforeed by a larger power distance 

while on the contrary the tendency of the less powerfull to re

duce the power distance increases as the power dist.ance dimi

nishes. 

Thesis 7 represents the following situation. When a powerleas 

person fancies to take over the position of the man in power, 

this aspiration is characterized by a low level of reality. In 

case the same person is faced with the real situation to fac

tually take over the more powerful position, he will realise 

that the exercise of power has a lot of disadvantages: a loss 

of personal contact, a risk of failing, the tension, the respon

sibility, etc. The harriers before becoming more powerfull are 

harder to overcome in reality than in imagination. According to 

thesis 7 the cost factor will resist the tendency of power

distance-reduction to increase as expressed in thesis 5. In this 

sense thesis 7 represents an extra dynamic element in the theory. 

Because it does not lie in the scope of this report to give an ex

naustive description and analysis of Mulder's power theory, if 

only it was because of the fact that the author is no expert on 

the field of social psychology, the interpretation of the other 

theses will be left tothereader (see [SJ). Roughly speaking 

they add a theory of personality to the power distance reduction 

theory. For practical reasons this extension will not be dealt 

with in this report. 
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3. A systems model of the power theory 

Although Mulder has presented his theory about power distance 

reduction in a series of clear theses, some interpretation still 

has to be done befare the theory can be modelled as a consistent 

formal sys tem. 

In this section the main theses will be reviewed and translated 

into systems language. 

The fundamental thesis of the theory - power per se leads to 

satisfaction - will be interpreted as to mean that the system is 

closed. This means that the model of pow,er behaviour is not a 

part of a larger system, such as a decision process in which power 

only plays a part as a means to obtain more preferred decisions~ 

but that this model is self-containing; power behaviour can be 

considered for its own sake irrespective of the possible surroun

dings, which is the very definition of a closed system. 

Secondly, we can identify several feedback loops in the system. 

The first loop is contained in theses 2 and 3. The tendency of 

the powerful to increase the power distance is itself influenced 

by the power distance; the larger the power distance, the larger 

this tendency will be. Obviously we have to do here with a posi

tive feedback loop. 

In a similar way the power distance influences the tendency of 

the less powerful to reduce the power distance (theses 4 and 5). 

According to the theory this reduction tendency increases as the 

power distance decreases. Hence in this case we have to do with 

a negative feedback loop. 

The interpretation of thesis 7 causes somewhat more trouble, mainly 

because of its shortness. Mulder has explicitely stated that the 

power distance has an influence on the casts and benefits. Litter

ally nothing more is said. However, this thesis was ment to repre

sent a resisting factor in the tendency of power-distance-reduction. 



6 -

Interpreted in that sense, this thesis adds an extra feedback 

loop to the model: the power distance influences the costs and 

benefits which on their turn influence the power-distance-reduc

tion tendency. 

This tendency obviously affects the power distance. 

A diagram of the theory as formulated up t~ll now, is presented 1 

in figure I. 

Insert fig. I here. 

Note that a symmetrical cast/benefit subsystem is added to the be

haviour at the side of the powerful ; although Mulder does not 

explicitely mention that this mechanism also holds for these 

people, there is no reason why it should not exist or at least 

be tried out in the simulation study. Eventually it can always 

be discarded. 

At least as important as telling what is in-
cluded in the system is to mention what is not incorporated. 

As stated befare we restriet ourselves to the modelling of the 

primary power behaviour as expressed intheseven first theses. 

This implies that no features of personality are included, such 

as self-confidence (see theses 11, 12 and 13). Neither does the 

model account for the so-called "crisis" si tuation (thesis 10). 

Moreover there is one factor which is explicitely mentioned in 

thesis 7 which is deliberately not incorporated, namely the so

called level of reality (also referred to in thesis 14). lt is 

simply assumed that the whole process of power behaviour does 

take place at a high level of reality, namely in reality. Apart 

from the reason that the model will remain simpler, the main 

reason to exclude this extra factor is that a lot of interpreta

don would otherwise have to be done. Again, like in the cost/ 

benefit explanation, it is not very clear how the factor reality 

should exactly be dealt with. Therefore it is simply abandoned. 

As an illustration of what system might result if all these addi

tional factors were included, we present the diagram of the system 

used in [6J • 

Insert fig. 2 bere 
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This system will be discussed in more detail in section 6 where 

we present our factual model. 

We have now arrived at the stage where the model is given in the 

most elementary farm of a system, namely as a set of elements and 

a set of relations between those elements. The model, as visua

lized in figure I , only describes the structure of the system. 

In many cases this might be a satisfactory result and one might 

praeeed to~analyse this structural model in the usual way, e.g. 

by means of graph theory [9] • This might reveal the connected

ness of subsystems, critical paths, hierarchies, etc. Apart from 

the fact that this analysis does not·seem to open much new realms 

in this particular case, our aim is to go beyond this essentially 

static structure analysis; we want to model the theory dynamically 

to be able to predict future behaviour. For remark that though 

figure l represents a directed graph of the system and gives the 

causal relations, dynamics - i.e. time- are not incorporated yet. 

Because it goes beyond the scope of this report to discuss the 

general sense of dynamic modelling, we will directly praeeed to 

discuss some possible methods of dynamic simulation models. 
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4. Numerical versus linguistic models 

At first it should be pointed out that the concept of models and 

modelling as used in this report, does not refer to the general 

notion of building theories [10, liJ, but refers to system models 

and that the method used is that of computer simulation. This 

kind of modelling can as well be used to simulate empirica! situ

ations as to simulate theories about empiry - like in our case. 

In this latter case the model represents a kind of meta theory. 

Computer simulation studies in social sciences are not new. Taking 

e.g. organization theory, several simula!tion models have been 

proposed to explain and predict organizational behaviour [12, 13, 

14, 15J • The information processing analysis of human problem 

solving is well-known to bè basedon computer simulations [16] . 

For simulation models in social science we refer e.g •. to the 
. ,, . ~ " . . JOurnal Behav~oral Sc~ence. An ~ntroduct~on to the problems of 

computer simulation in the social sciences is given in [ 17] . It 

gives e.g. a summary of the advantages of computer simulation 

models, of which we mention a few: 

- the use of a formalized language forces a theorist to express 

himself clearly and precisely 

- the logica! structure between the concepts and the propositions 

has to be made clear 

- they enable us to discover gaps in our knowledge 

- the system of propositions can be tested empirically without 

the use of re-interpretations and ad hoc explanations to save 

the model or theory from falsification 

- they permit fast and correct deductions from complex systems 

of propositions that are not disturbed by or adapted to wishful 

thinking 

- they show how processes progress in time, they dynamise a theory 

- they make it easy to effectively use large amounts of data and 

are easily adapted to new data 
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However, there are disadvantages as well such as: 

- the danger of "model overs training"; the danger of toa rigo

rously reducing the complex reality in order to fit it in a 

simulation model 

- the danger of nat using the right empirical data 

- the danger of adapting a theory to a computer language, to 

the possibilities of a computer. This danger is considerably 

reduced by the availability of a large amount of computer 

languages. 

In general it can be stated that simulation models offer a rela

tively clear, easy, fast and cheap methad of investigating theo

ries. So far the general rationale for this kind of modelling. 

There exist numerous·simulation techniques, such as analog com

puters or digital computer languages like SIMULA, CSMP or 

DYNAMO (Based on Forrester's systems dynamics [18]). All tech

niques have in common that they are numerical; the variables 

assume numerical values. 

Here we arrive at the crucial argument of this report, which after 

all attempts to introduce a qualitatively different kind of model

ling, namely non-numerical linguistic modelling. It is argued 

that this numerical character of models constitutes a major dis

advantage of the usual simulation method. 

The history of science is characterized by an ever increasing use 

of formal mathematica! tools. This is surely true of the natural 

sciences but it might also be stated of the social sciences. No 

one will deny that this development was usefull. looking e.g. at 

the massive results in natura! sciences anè the indespensability 

of e.g. statistics in the social sciences. It can however nat be 

circumvented that the introduetion of mathematica! methods in 
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fields like social sciences posess great problems. The very 

existence of a theory of measurement might highlight this fact. 

Lots of problems arise when trying to use mathematics; we will 

center on one of those problems, may be the most essential one, 

namely that of the required precision. In order to be able to 

use precise and exact techniques like mathematics, the quantities 

have to be measurable in that same precise and exact way. Variables 

have to be exactly defined and they have to be numerically mea

surable. The same holds for any relationships used. Every practi

sing scientist knows from experience that this often raises dif

ficulties. Take e.g. the problems of validity, reliability and 

accuracy. 

We believe that one of the main difficulties 1s caused by the 

requirement of numerical precision. The more precisely and exactly 

one wants to work, the more simplifications and approximations 

one has to introduce, and hence the greater the gap between the 

reality and the derived theory. One might state that - often -

precision is complementary to reliability. 

Specifying these general remarks for the case of simulation 

models, we would like to add a few extra disadvantages of nume

rical simulation models: 

- the danger of "overstraining" the empirical data to meet the 

requirement of numerical precision 

- the danger of "over interpreting" the numerical results of the 

model 

- the danger of "overstraining" all kinds of actually vague rela

tionships into exact relations, usually by means of simplifica

tion, complexity reduction and approximations. 

One possible way to diminish the required amount of precision is 

to use linguistic variables in stead of numerical values. Exam

ples of linguistic values are: "high11
, "low", "very low11

, 

"rather low", etc. Similarly one might use linguistic relations 

between variables in stead of numerical relations, such as: 
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"A is similar to B", "A becomes much higher than B if B is 

rather high", etc. Hence the two constituting parts of any 

system - its elements and its relationships - have become 

linguistic. We will call such a model a linguistic model. 
I 

We hope that such models will be more reliable and signifi-

cant because of their implicit inexactness and vagueness. 

Remember that our aim still is to simulate these models on a 

computer. Although on first sight this might seem a contra

diction we will try to show how this can be done by means of 

the theory of fuzzy sets. 
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5. Linguistic roodels 

In this section we will firstly elaborate the idea of linguistic 

variables. A theory .will be proposed which defines linguistic 

variables in a syntactical and in a semantica! way (5.1). The 

semantica! meaning of a linguistic value will be defined as a 

fuzzy set. Therefore a brief explanation of the theory of fuzzy 

sets will be given (5.2). Finally the frameworkof linguistic 

systems will be presented (5.3). 

5.1. Linguistic variables 

Let us begin to give an illustrative example of a linguistic 

variable, which at the same time clarifies the parallels with 

the more usual notion of a numerical variable, namely that a 

variable assumes values. For example, the numerical variable 

"age" might assume the values: 15, 20, 47, 65, etc., each of 

which is a numerical value of the variable. In a parallel way 

the linguistic variable "age" might assume the values: 

"young", "old", "rather old", "very young", etc. each of which 

1s a linguistic value of the variable. 

In the same sense as the numerical values that a variable can 

assume, are bounded- e.g. they have to belong to the set of 1n

teger numbers, f ractions, re al numbers · or irrational numbers 

- we want to put a restrietion on the linguistic values that a 

linguistic variable can assume. We want to define a set of 

linguistic values where any possible value should belong to 1n 

order to be an admissible value of a variable. This set will be 

called the term-set. This termrset is defined by syntactic 

rules which generate the possible values; in other words, this 

termrset 1s defi~ed as the language of a generative grammar 

l19, 20J . A simple illustration of such a syntactical defini-

tion of the term-set is the following: 
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Take a context-free grammar G = {VN, VT, P, S} where the non

terminal symhols VN are denoted by capital letters, the set of 

terminal symhols is V = {young, old, very, not, and, or} and S 
p 

is the starting symhol. The production rules P are given by: 

s ~ A B ~ not c 
s ~ s or A c ~ D 

A ~ ,B c ~ very c 
A ~ A and B c ~ E 

B ~ c D ~ young 

E ~ old 

A term-set T which can be generated by this grammar is 

T(age) = {young, old, young or old, young and old, not young, 

very young, ••.• , young or (not very young and not very old), 

.... } 
Similarly to the case of numerical values, thesetof possible 

or admissible values has so been defined in a structural way 

and not by simple enumeration. 

On the other hand we want to define the meaning - the semantics -

of the linguistic values of the term-set. That is where fuzzy 

set theory enters the scene. 

For each linguistic value is defined as a fuzzy set. A fuzzy set 

is a function which assigns grades of memhership of elements to 

vague concept. E.g. the fuzzy set "young" might be defined as 

~young(20) = 1.0; ~young(25) = 0.9 

~ (30) = 0.8; young ~ (35) ~ 0.6 etc. young 

which denotes t};,at we adhere to the (numerical) age cf 20 a 

grade of memhership of the fuzzy set "young" of 1 .0, that means: 

20 completely belongs to "young". The age of 25 belongs with a 

grade of 0.9 to "young", etc. 

Returning to our original example of the linguistic variable 
11age", the several relationships between a variable, the values 
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and the semantics can be illustrated by the following figure [21]. 

Insert figure 3 here 

We now present the formal definition of the concept of a linguistic 

variable. 

A linguistic variable wilLbe defined by a quintuple {A, T(A), U, G, M} 

in which A is the name of the linguistic variable, T(A) is the term

set of A, that is, the set of names of linguistic values that A can 

assume, where each linguistic value of A, denoted by X, is a fuzzy 

set over the universe of discourse U. G is a syntactic rule (usually 

a generative grammar) for generating the names of the values of A, 

that is, for generating the term-set T(A). Mis asemantic rule for 

assigning toeach X from T(A) its meaning M(X), which is a fuzzy 

subset over U. A particular name of a linguistic value, X, 1s 

called a term [ZIJ • 

The semantic rule M requires somewhat more explanation. This rule 

essentially serves the following purpose: given the meanings of 

the basic linguistic values and connectives "young" and "old", 

(defined as fuzzy sets), one would like to be able to derive the 

meaning of a composite term like X = "young or (not very young 

and not very old)", in other words, to deri ve the merobership func

tion of X. This is possible by taking the following semantic 

rules for the four connectives: 

M(A and B) = M(A) A M(B) 

M(A or B) = M(A) V M(B) 

M(not A) 

M(very A) 

= I - M(A) 

= (M(A)) 2 

The computation of the meaning of a composite term is performed 

by first constructing the syntactic tree of the term, then filling 

in the meaning of the terminal symbols and working up the tree 

till the composite term at the top. The meaning of the example 

will thus become 
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2 ((I -(M(young) ))A (1 -(M(old)) 2))) 

Arrived at this stage of hopefull expectations it seems appro

priate to finally introduce the theory of fuzzy sets. 

5.2. Basic definitions of the theory of fuzzy sets 

Fuzzy set theory enables us to handle inexact, vague data and yet 

to work in a mathematically strict and rigorous way. Vagueness is 

namely defined as a fuzzy set. Because the concept is defined on 

the level of set theory which in fact constitutes the general 

fundament of the whole of mathematics, the theory of fuzzy sets 

is a rather universal theory. It was 1 L·A· Z~deh who introduced 

this theory in 1965 [22J , and who has ever since remained the 

inspirator of most of the research done in this field. 

In ordinary set theory, by definition, a set consists of a finite 

or infinite number of elements. The elements of the universe of 

discourse of the set belong or do not belong to the particular 

set. This is denoted by the characteristic function fA of a set 

A. This function can only take the value 0 or 1. 

Let the universe of discourse be X 

tic function fA of the set A becomes 

fA(x) if and only if x € A 

fA(x) = 0 if and only if x € A 

{x} then the characteris-

Zadeh introduced the concept of fuzziness ~n set theory by gene

ralizing the characteristic function. This function is now ad

mitted to assume an infinite number of different values in the 

closed interval fO, 1 J • Elements belong to a fuzzy set wi th dif

ferent grades of membership. 
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Let the universe of discourse be X = {x} • A fuzzy set A over X 

is defined by its memhership function ~A(x) which assigns to 

each element x!X a real numher in the interval [0,1] where the 

value of ~A(x) represents the grade of memhership of x in A [22] . 

An ordinary set thus becomes only a special case of a fuzzy set 

with a memhership function which is reduced to the well-known two 

valued characteristic function. An example may contribute to the 

clarification of the concept. 

The fuzzy set A= {young} over the universe of integer numbers. 

Some values of its memhership function may be 

~A(O) == ~A (5) = llA (10) 

~A(25) = 0.9 

lJA(30) = 0.8 

JlA(35) = 0.6 

~A(40) = 0.3 

~A (45) = 0. 1 

lJA(50) = lJA(55) = 

= ll A ( 15) = ll A ( 20) = 1.0 

= o.o 

or the memhership function may be an analytical function such as 

(See figure) 

Insert figure 4 here 

A second example of a fuzzy set which stipulates its non-numerical 

character is the fuzzy set A = {beautiful} T.rhere the universe con-

sists of X 

defined as 

{mary, betsy, anne, pamela} . This fuzzy set might be 



~A (mary) = 0 . 7 

~A (betsy) = 0.6 

lJA(anne) = 0.9 

~A(pamela)= 0.3 
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Because a fuzzy set is an extension of the concept of an ordinary 

set, it is not surprising that the basic definitions of fuzzy 

set theory, such as union, intersection and complementation are 

extensions of the corresponding definitions in ordinary set theo

ry. All definitions of fuzzy sets coincide with those of ordinary 

sets in case of only binary memhership values (0 and 1). 

Uni on 

The union of two fuzzy sets A and B over X, denoted AUB, is de

fined by 

~AuB(x) = max {~A(x); ~B(x)} x~X 

The union corresponds to the connective "OR". 

Inters eetion 

The intersection of two fuzzy sets A and B over X, denoted AnB 

is defined by 

The intersecdon corresponds to the connective "AND". 

Comple~ent.atic~ 

The complement lA of a fuzzy set A is defined by 

lllA(x) = l - ~A(x) X€X 

Complementation corresponds to the negation "NOT". 
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Usually the max and min operators are abbreviated as v and A 

respeetively • 

)J =]J V)J 
ALB A B 

The eoneepts of union, interseetion and eomplementation are 

visualized in the following figure 

Insert figure 5 here 

It is easily verified that many algebraie properties from ordi

nary set theory also hold for fuzzy sets, sueh as eommutativity, 

assoeiativity and distributivity. Although it ean be shown that the 

ehoiee of the max and min operators is not so arbitrary as it 

seems [23] , these operators ean be replaeed by any appropriate 

ones e.g. by algebraie sum and product operations respeetively. 

However some useful above-mentioned algebraie properties do not 

hold any longer then. 

The reader interested in a thourough treatment of the theory of 

fuzzy sets is referred to [24J . A elear introduetion is given 

in [25J • Here we will only present some additional definitions 

that will be of use in the linguistie model. 

Empty fuzzy set 

A fuzzy set A over X is empty, denoted 0, if and only if (iff) 

its membe-~ship i metion is equal to ze·ro ev~rywhere on X 

A iff )JA (x) 0 ~X€X • 
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Equal fuzzy sets 

The fuzzy sets A and B over X are equal, denoted A=B, iff their 

merobership functions are equal everywhere on X. 

A= B ~x€ X 

Containment 

A fuzzy set A is contained in B (subset of B), denoted AcB, iff 

its merobership function is less or equal to that of B everywhere 

on X 

~X€ X 

Coneen tr at ion 

The concentration of the fuzzy set A over X, denoted CON(A), is 

defined by 

2 
J.ICON(A)(x) = (J.IA(x)) xeX 

concentration corresponds to the linguis tic hedge "VERY". 

Di lation 

The dilation of a fuzzy set A over X, denoted DIL(A), is defined 

by 

Dilaticn corr~s:onds to the linguistic hecl3z "RATHER" or nMORE 

OR LESS". 

Remark that 

CON(A) c A c DIL(A) 
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With these definitions the fuzzy set repreaenting the meaning 

of X= {young or (not very young and not very old)} from the 

example of se4tion 5.1 can easily be calculated, assuming that 

~ (x) and ~ ld(x) are given. young o 

5.3. Linguistic systems 

Having defined how to handle linguistic variables as the possible 

elements of a system, we automatically arrive at the second con

stituent part of a system: its relationships. 

We will discuss the fuzzification of the notion of a sys-

tems relation. in two phases. Firstly we will try to show on a 

general level how step for step a fuzzy system mapping can be ge

nerated, beginning with an ordinary mapping, via an 11ordinary 

. mapping on fuzzy sets" and a "fuzzy mapping on ordinary sets" up 

i:o a "fuzzy mapping on fuzzy sets". In the second phase we will 

describe a specific kind of fuzzy systems relations, namely.'the 

linguistic causal relations used in our final model. 

Fuzzy relation 

Let X and Y be ordinary sets. The cartesian product X x Y is the 

collection of ordered pairs (x,y) with xeX, y€Y. A fuzzy rela

tion R between a set X and a set Y is defined as a fuzzy subset 

of X x Y, characterized by a bivariate memhership function 

~R(x,y). 
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Fuzzy mapping 

A mapping F in urJinary set theory is defined as a specific kind 

of relation, namely arelation FcXxY where toeach xcX, one ytY 

is assigned with (x, y)EF, written as: 

F : X~ Y or F(x) = y (see figure 6 ). 

8-
Figure 6 

... 
ordinary 
mapp1ng 

The definition of a mapping cannot be extended directly in a fuzzy 

sense; it is not possible to assign to an xtX exactly one yEY 

in the case of fuzzy sets. This is inherent to the nature of fuzzy 

sets. 

One form of this extension could be to define a kind of "ordinary 

mapping on fuzzy sets", where the mapping itsèlf remains classical: 

Let F be an ordinary mapping trom set X to set Y, written as 

f(x) = y, xEX and yEY. Let ~A(x) be the memhership tunetion of a 

fuzzy set A in X. Then the mapping F assigns to a fuzzy set A 

a fuzzy set B in Y in the following way~ 

'11' y) 

Figure 7 

max IJ A (x) 
-1 

x=F (y) 

/----., 

0. luzzy··~ ·-, .. set A / \ 
. \ 

j 

/ 

(See figure 7) 

... 
C"dinary 
rr-•opp•ng 

Clearly this is not a completely fuzzv maPPÎnA: definition.i, 
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Another form of the exlension toa fuzzy mapping is to•define a 

"fuzzy mapping on ordinary sets" as being a fuzzy subset F on 

the Cartesian product XxY wi th bivariate memhership function 

~F(x, y). This is identical to the definition of fuzzy rela

tion (see figure 8) . 

Figure 8 

The next step should then he to define a "fuzzy mapping on fuzzy 

sets": 

Let the fuzzy set A on X induce a fuzzy setBon Y. So the fuzzy 

set B on Y is the fuzzy mapping of the fuzzy set A on X; the 

memhership function p
8

(y) is defined by:, 

I'B(y) = ).JF(A) (y) = max min h'A (x); JJF(x, y)} ($ ee figure 9) 
XEX 

F'igurc 9 
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This equation can he interpreted as the fuzzy system response 

definition: while the fuzzy relation F describes the fuzzy 

system transformation, this last formula defines which fuzzy 

output B results from a particular fuzzy input A. The formula 

is known as the compositional rule of interenee [25J • 

Linguistic causal relations 

The kind of relationships we used to model the systems relations 

are causal relations of the form: 

if A is high then B is low 

Clearly this is an impHeation between two fuzzy sets. A definition 

of a fuzzy implication together with the compositional rule of 

inference enables us to construct linguistic strings of inference 

like: 

if A is high then B is low 

A is rather high 

thus B is rather low 

We then have the framework to handle linguistic systems where the 

constituent elements are linguistic variables and where the sys

tems relations consist of linguistic eause-effect relationships. 

This seems to unlock an area of systems where neither the consti

tuent elements nor the coupling relationships could be made pre

cise, but where those concepts could at most he described in 

words and sentences. 

The definition of a fuzzy implication S : if A then B where A 

is a fuzzy set on X and B is a fuzzy set on Y is given by its 

memhership function as 

~5 (y,x) =min t~A(x);~8 (y)}. 
This is the semantica! rule for the meaning of a fuzzy implication. 

Given a fuzzy imv ;, i cation S of the form: if A then B and a fuzzy 

implicand A' on X, then the implied fuzzy set B' n Y is defined 

by i ts memhership function as 

~8 ,(y) = max min{~A 1 (x); ~8 (y,x)}. 
x 
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This is the compositional rule of inference. In terms of 

li9guistic variabl~s this rule constitues the semantic 

meaning of the fuzzified "modus ponens" . 
. . 

Of course, the system cannot b~ described by only one relation-

ship. The system is descr.ibed by a Set bf fuzzy implications. 

The final system is consider~d to behave as the union of all 

these eauaal relationships 

S: if A1 then s 1 or, if A2 then B2 , ••. , if A th~ B n n 
is defined by 

l-Is (y .x) = max · Lmin {!JA. (x); IJ B. (y) }J i :& I • 2, n • . . . " 
1 l l 

The system thus defined will result in a fuzzy output set. This 

fuzzy set will have to be transformed back into a linguistic 

value. This is done by generating the linguistic values of 

the te~set (by means of the semantic grammar) and successively 

fitting between those values and the fuzzy set. As the fitting 

criterium the least sum of squares or the least sum of absolute 

difference can be taken. This last operation is called the linguis

tic approximation [21] • 
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6. The linguis tic power-di,s tance-reduc ti on model 

As the title already suggests this whole alternative simulation 

attempt is up to some extent a reaction on the simulation at

tempt of Hezewijk et al [6] • We already extensively elaborated 

the main argument against their simulation model, namely the 

numerical character of it. However there are more differences 

between our and their model. In section 3 both the structure of 

the present model and the structure of the model in [6] are 

given (figure I and 2 respectively). Apart from the already men

tioned omissions (personality factors and level of reality index) 

the main difference lies in the interpretation of Mulder's the

sis 7. Hezewijk et al. derive from this thesis four distinct 

system equations. Several remarks can be made about these aqua

tions (see [6] pg._ •• ) • Fi.rstly it is n.ot clear why they let the 

costs depend on different factors from those on which the bene

fits depend. Secondly the language they used, namely 

DYNAMO~caused them to split the power distance reduction into 

an observable tendency and a non-observable tendency [26] cor

responding to Forrester's difference between le~els and rates. 

None of these refinements is mentioned in Mulder [5] • 

Making a long story short, my criticism against their actual 

model comes down to the already mentioned "danger of adapting 

a theory to a computer language" and "the danger of model over

straining", that is, putting more in the model of the theory than 

the theory itself actually says. 

Re .ntly the simulation model of Hezewijk et.al. was further 

elaborated by Koppelaar ~27 J • Koppelaar reformulated their 

DYNAMO-model into a system of linear first-order differential 

equations. This enabled him to analyse the stability of the 

model by means of the phase plane method. The analysis resulted 

in a set of conditions for stability: depending on the sign of 

the parameter 

- PERVAE + PERVAl + (PERVAE - GENE) REALE + 

(PERVAI - GENI) REALI 
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the power distance will oscillate or explode. According to Heze

wijk et.al. [6] the symbols used have the following meaning: 

PERVA. • personality variable, a linear combination of power 

motivation, perception constant, self confidence and 

abilities 

GEN. 

REAL. 

= the satisfaction the person derives from power 

= constant for the level of reality the person operates on 

the • refers to an I or E for respectively the less or the more 

powerful person. 

We sincerely have our doubts about the psychological interpre

tatien of this condition. We question whether it will ever be 

possible to measure as well a personality as a satisfaction as 

a reality factor accurately enough to be able to calculate this 

composite parameter and determine its sign. In our view the ana

lysis in [27 J gives an excellent example of the "danger of over 

interpreting the numerical results of the model". 

Last but not least the time has come to present our own simula

tion model. 

The structure of the simulation model has been described in 

figure 1 (section 3). Keeping this structure in mind one can 

place the actual dynamic relationships between the variables, 

which are presented in table 2. 

Insert table 2 here 

These rules require somewhat more explanation. 

As will be clear from the inspeetion of table 2, we have used 

two rule structures .in this model, namely eaus al relation

ships oi the forms: 
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a) if A is high then B is low 

b) if A is higher than B then C is lower than D 

Obvious ly two more alternative rule s tructures could be: 

c) if A is high then B is lower than C 

d) if A is higher than B then C is low 

Another possible rule structure could be: 

e) A is higher than B 

but this last kind of rule does not seem to be a causal relation

ship any langer. The difficulty with these four different rule 

structures is that statements like "the higher A the lower B" can 

not unquestionably be translated into one of those four rules. 

All th ree rul es 

- if At is high then Bt is low 

if At is high then Bt+l is lower than Bt 

-if At+ I is higher than At then Bt+l is lower than Bt 

could be appropriate descriptions of the statement. The morale of 

this remark is that evidently there remains a danger of inter

pretation with linguistics too.(Note that e.g. theses 3and 5 

of Mulder's power theory have this ambiguous form.) 

Some examples of the semantics of the linguistic values used, 

are given in table 3. 

Insert table 3 here 

There are two remarks to be made about these data. Clearly all 

fuzzy sets have a ten-point support set. This implies that all 

universes of discourse .are computationally identical. Note that 

this does not imply that the linguis tic val ues like "low", 

"rath.-•r low", ~te. have P.Xactly the same meaning independent of 

the variables; the support sets could easily be transformated 

while all arithmetics would keep the same. 

Secondly it should be noted that the theoty about linguistic 

hedges, such as "verj", "rather" and "sortof" is not applied; 
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this is mainly due to the fact that a strict application of 

that theory does not seem practical bere. 

In figure 10 the diagram of the simulation model is given. 

Insert figure 10 bere 

The actual program bas been written in FORTRAN IV and implemen

tedon a PDP-11/40. The reason that an essentially numerical 

language as FORTRAN was used in stead of a language like APL, 

which is much better suited for this kind of linguistic data 

handling [4J is that most computers have a FORTRAN compiler 

and that most scientists know FORTRAN. This is now always the 

case with a language as APL. 
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7. Simulation results 

Note that the actual rute contiguration as presented in table 2 

implies that only one initial state had to be determined to 

start the model, namely the initial power distance. Below some 

results are shown where all variables are reported linguistically. 

Simulation 

Initial power distance: low 

Output: 

period I 

power distance is rather low or medium 

power distance increase is very low 

power distance reduction is medium or rather low or sortof high 

period 2 

power distance is 

p.d. increase is 

p.d. reduction is 

period 3 

power distance is 

p.d. increase is 

p.d. reduction is 

Simulation 2 

rather high or rather low or sortof low 

sortof high or rather low 

sortof high or rather low 

rather high or rather low or sortof low 

sortof high or rather low 

sortof high or rather low 

Initial power distance: medium 

Output: 

period 1 

power distance is rather high or sortof low 

period 2 

power dis tance is rather high or rather low or sortof low 

period 3 

power distance is rather high or rather low or sortof low 



- 29a-

Simulation 3 

Initial power distance: rather high 

Output: 

peri ad I 

power distance is rather high 

period 2 

power distance is rather high or sartof low 

period 3 

power distance is rather high or sartof low 

period 4 

power distance is rather high or rather low or sartof low 
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These results are quite remarkable in two senses. Firstly there is 

an important difference between these results and the results 

reported in [26] which almast always showed an ever-increasing 

power distance. In fact the power distance exponentially in

creased, that is, the process was non-stable. Koppelaar analy

tically proved under what conditions the process was stable or 

unstable [27] . In our case the model displays a definite stable 

character. The output tends to strive at some "golden mean" for 

nearly all situations. 

Secondly the model results show a tendency to become more and more 

fuzzy as time increases, up to a level where significanee becomes 

doubtfull (extra information about the results can be obtained 

QY displaying the fuzzy sets themselves besides their linguistic 

label). On close inspeetion this fact is not so surprising; feeding 

a fuzzy input into a fuzzy relation will evidently result in a 

still more fuzzy output. Because of the iterative character of 

the model a steady increase in fuzziness will occur. Of course 

this kind of intuitive explanation does not prove anything. A 

general mathematica! analysis of this sort of processes would be 

very useful, but is still missing except for some incièental 

attempts [28, 29] • 

7. 1. Simulation of other rule structures 

As stated in section 6 the sort of rules used - see table 2 -

are arbitrary. This consideration tagether with the stable simu

lation results which are quite contrary to the numerical simula

tion results, induced us to try a different kind of rules as well. 

We changed the rule structure of the first six blocks of rules 

of table 2 into rules of the form: "if Xt high, then Yt higher 

than Y 
1
" e.g. The very first rule of table 2 now becomes: 

t-

PDit becomes ((higher than PDI 
1 

if PD is high) or (some-
t- t 

what higher than PDI 
1 

if PD is rather high) 
t- t 

or (somewhat lower than PDit-l if PDt is rather 

low) or (lower than PDit-l if PDt is low)) 
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Although the choice of this rule structure might look rather 

arbitrary there was a good reason for choosing this one. One 

might namely see a intuitive similarity between the four kind 

of rules and some kinds of differential, integral or algebraic 

equations. For ins tance a rule like "if X is high, then Y is 
t t 

higher than Yt_l" might be considered as the linguistic counter-

part of the numerical equation Y - Y 
1 

= K . Xt. This latter 
t t-

equation is the discrete counterpart of a differential equation 

d - Y(t) = dt lim Y(t) - Y(t-1) 
fit 

== K' • X(t) 

Hence the above-mentioned linguistic rule can be viewed as a 

linguistic differential equation of the farm :t Y(t) = K'X(t). 

In this same intuitive way one might argue that a rule of the 

farm "if xt is higher than xt-1 then y t is high 11 re presen ts a 

linguistic integral equation of the farm Y(t) = K' ~ X(t) and 

that a rule like "if Xt is high, then Yt is high" represents a 

linguistic algebraic equation of the farm Y(t) = K . X(t). How

ever, we should be aware of the fact that there is no rigid 

mathematical basis forthese analogies. This of course does nat 

prevent that there might be a convincing practical basis for 

the analogies. Previous research on fuzzy logic controllers has 

indeed established some qualitative comparability between lin

guistic rules and differential, integral and proportional equa

tions [30] . 

If indeed this similarity would actually hold, this change in 

rule structure of the first six blocks of rules of table 2 

should result in a linguistic model which is almost the linguis

tic analogon of the system of differential equations used in [6] • 

Same results are shown below. 

(Three cases were tested where the power distance should respec

tively grow, remain the same and diminish.) 
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Simulation 1 

Initia! values: power distance is rather high, p.d. increase is 

sartof high, p.d. reduction is sartof low 

Output: 

period 1 

power di stance is 

power distance increase is 

power distance reduction is 

period 2 

power distance is 

p.d. increase is 

p.d. reduction is 

Simulation 2 

rather high 

rather high or sartof 

low or sartof low 

undefined 

undefined 

undefined 

low 

Initia! values: p.d. is sartof low, p.d. increase is sartof high, 

p.d. reduction is sartof high 

Output: 

period I 

power distance is 

p.d. increase is 

p.d. reduction is 

period 2 

power distance is 

p.d. increase is 

p.d. reduction is 

rather high or rather low or sartof low 

rather low or medium 

rather high or rather low or sartof low 

rather high or rather low or ~ortof low 

rather high or rather low or sartof low 

rather high or rather low or sartof low 
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Simulation 3 

Initial values: p.d. is very low, p.d. increase is very low, 

p.d. reduction is very high 

Output: 

ped.od 1 

power distance is 

p.d. increase is 

p.d. reduction is 

undefined 

undefined 

undefined 

These results are still less informative than the previous runs. 

The tendency of the model outputs to become more fuzzy with each 

iteration, has even increased in this case. As a matter of fact 

the above-men.tioned intuitive explanation of the fuzzification 

tendency would imply this result: we have inserted an extra set 

of vague relations between the vague variables, hence the final 

vagueness will further increase. 

Although up to some extent this might be a reasonable and in

tuitively logical-results, one can not deny that it is rather 

annoying: it makes long-term predictions impossible. 

As a matter of fact one might be more interested to know what 

happens in the long run than to know what happens in the very 

near future; it might be more interesting to predict that the 

power-distance will cventually become infinite than to predict 

that this power-distance decreases during the first few steps. 

One could state that by avoiding "the danger of ever interpre

ting numerical results" we now ended up at the complementary 

"danger of insignificance of linguistic res•-1 ts ". 

Therefore some possible ways of solving this problem will be 

discussed here. 
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t·2 Reducing the fuzziness 

The most obvious way of reducing fuzziness would be to sharpen 

the definitions of the constituent fuzzy sets and fuzzy relations: 

by diminishing the spread of the fuzze sets their fuzziness will 

decrease. However, this would come down to the arbitrariness of 

the meaning of words, that is, the linguistic values. We think 

it not senseful to shift and change those meanings at pleasure. 

Moreover the model seems to be quite insensitive to changes in 

the basic fuzzy sets. 

The second possibility for decreasing the fuzziness in this lin

guistic system might be to adopt a different set of definitions 

for fuzzy logic. Although we have chosen a particular definition 

for fuzzy implication and fuzzy modus ponens (compositional rule 

of inference) many other definitions are possible. 

The only condition which these definitions should satisfy is 

the following argument: 

Given an implication A ~ B, an implicant A and the infered con

sequence A* (A~ B). 

Suppose that the corresponding truth values are ~A and ~A~ B • 

Now we do notwant the truth value of the consequence ~A* ~A* B 

to exceed the trutb value of B, that is, ~B. On the other hand 

we would like to have it as large as possible. 

This argument in fact is a sort of intuitively appealins descrip

tion of a fuzzy modus ponens. 

Remark that the definitions which we have adopted indeed satisfy 

the condition. 

However the following combinations of definitions satisfy the 

condition as well 

with the minimum operator for * [31] , or 

~ = l~B/~A if ~A ~ 
A • B 

I otherwise 

~B 

with multiplication for * [32]. 
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Preliminary simulation tests however indicate that none of these 

alternative definitions leads to a decrease in fuzziness of the 

simulation results. 

A third possible way of reducing the fuzziness is to insert a 

transformation between the successive model iterations. In stead 

of feeding the linguistic output value, that is, the fuzzy output 

set, directly back into the next model iteration, the vague out

put data are first transformed into exact data before being fed 

into the model. This results in a model input with a "membership 

function" which is equal to zero exëept-- at one point x
0 

where its 

value is one: 

tJA' (x) = 1 

0 

at x= x 
0 

elsewhere 

This degenerated fuzzy set of course represents a non-fuzzy exact 

value. With this input the compositional rule of inference reduces 

to 

t.t8 ,(y) = max min {t.tA 1 (x); lls(y,x)} 
x 

= 

The idea behind the fuzzy-exact .transformation is that one repre

seuts the linguistic value by a non-fuzzy exact value. This exact 

value should be a good substitute for the fuzzy set. A possible 

way of doing this is to take that value at which the memhership 

function is maximal: 

y at which 
0 

or to take the value 

y """ 
0 

l: y . Jl (y . ) /l: ll (y . ) 
i ~ ~ i ~ 

The latter representation was chosen, firstly because it gives an 

unique value, secondly because it takes into account the whole 

shape of the fuzzy set. 
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We are surely aware of the fact that in fact this way of reducing 

the fuzziness in the model results is no solution at all, but 

merely a rather artificial way of bypassing the problem. Every 

step vagueness is just removed. This intermediate transformation 

of linguistic values into numerical values in fact touches the 

fundaments of this kind of model, that is, the linguistic ap

proach. 

Suffice it to give one counter argument: it works. 

Not only does it work with this simulation model, it also is 

exactly the way the succesful fuzzy logic controllers work [1,2,3]. 

Some results are shown below. 

Simulation 1 

Initial values: power distance is medium, p.d. increase is sortof 

hihg, p.d. reduction is medium 

Output: 

period 1 

power distance is 

p.d. increase is 

p.d. reduction is 

period 2 

power distance is 

p.d. increase is 

sortof high 

sortof high or rather high 

ralow or sortof low 

very high 

very high 

p.d. reduction is low 

Evidently the power distance explodes in this case. 
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Simulation 2 

Initial values: power distance high, p.d. increase sortof high, 

p.d. reduction very high 

Output: 

period 1 

power distance is 

p.d. increase is 

p.d. reduction is 

period 2 

power distance is 

p.d. increase is 

p.d. reduction is 

very high 

high 

medium 

very high 

very high 

rather low 

Although initially the reduction tendency prevailed, the power 

distance still exploded. 

Simulation 3 

Initial values: power distance is rather low, p.d. increase 1s 

medium, p.d. reduction is medium 

Output: 

period I 

power distance is 

p.d. increase is 

p.d. reduction is 

period 2 

power distance is 

p.d. increase is 

p.d. reduction is 

rather low 

sartof low 

medium or sartof high 

very high 

rather low or sartof low 

very high 
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An initially low power distance will tend to further decrease, 

even with an initially prevailing p.d. increase tendency, like 

the next simulation shows. 

Simulation 4 

Initial values: power distance is rather low, p.d. increase is 

rather high, p.d. reduction is rather low 

Output: 

per:i:od l 

power distance is 

p.d. increase is 

p.d. reduction is 

period 2 

power distance is 

p.d. increase is 

p.d. reduction is 

sartof low 

sortof high 

rather low or sartof low 

very low 

sartof low 

very high 
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8. Conclusions and discussion 

Conclusions about the, linguistic model can:be made from two points of 

view. The first poiqt of view is the field;of application: what was the 

sense of this computer simulation for social sciences and more 

in particular, for Mulder's theory of power? The second point 

of view is that of the theory of fuzzy sets: is fuzzy set theory 

the right basis for the semantic interpretation of linguistics? 

We will start with the latter question. 

Like in most practical applications of fuzzy set 

theory, one of the main problems is how to obtain the particular 

fuzzy sets and how to be sure that they do represent the meaning 

of the linguistic terms. Wenst-p reported in [33] a method of 

finding acceptable meanings for the primary terms by means of 

questionnaires. He also noted that people easily adapt to the 

slightly different use of natural language. On the other hand, 

there are indications that the usual interpretation 

of meanings by fuzzy sets is not the one actually used [34] . 

Obviously the question is not settled yet. 

An argument in favor of this fuzzy sets semantics is that the 

functioning of the model is quite insensitive to changes in the 

definitions of the primary linguistic terms. This result was 

also reported by Wenst-p [4] and might turn out to be one of the 

major advantages of. the fuzzy-logic-controller type of applica

tion of the method [3J • 

We now arrive at the other type of question: what sense do 

linguistic models have for social sciences in general and Hulder's 

theory of power in particular? We still believe that the use of 

linguistic variables and relationships in the rnadelling of human 

or ~ocial processes is to be preferred to the use of numerical 

models. The problem of the required precision and exactness often 

shows to be huge and sametimes seems to bel insurmountable. 

Like Hezewijk et al. frequently report there is a great danger 



- 40 -

in "overstraining" and "overinterpreting" the numerical data 

[6, 26] • The much more approximate, vague and unpretentious 

linguistic data do nat have these disadvantages. Actually it 

turns out that the linguistic model every period steadily in

creases the fuzziness of the results. On one hand this seems 

an evident and right fenomenen, on the other hand this blocks 

the possibility of long-term predictions. We have proposed a 

way to circumvent this problem. 

The obtained results seem to differ from those found in[26, 27] 

in the sense that the stable state where the power distance 

either tends to zero or to a medium position, seems to he of 

frequent occurrence. It has been suggested that this kind of 

structural behaviour might he dependent on the sart of lin

guistic rules used, for there seems to exist an intuitive 

similarity between several linguistic causal relations and 

the conventional integral, differential or algebraic equations. 

Two general remarks are left to he made. 

Firstly it should he emphasized that the practical usefulness 

of the linguistic model approach can only be proved by actually 

applying the method. A lot more application studies will have 

to he performed to study this question. 

Secondly it seems to he very useful if one could develop a 

mathematical tool for the analysis of the linguistic model be

haviour. Up till now only the fuzzy-logic-controller type of 

linguistic systems have been studied in this sense [27, 28] . 

Like Wenst~p remarked [4] this would certainly add to the power

fulness of linguistic models. 
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thesis 1 

thesis 2 

thesis 3 

thesis 4 

thesis 5 

thesis 6 

thesis 7 

thesis 8 

TABLI 1: MOLDER'S FOURTEEN THESES [5] 

the exercise of power per se leads to satisfaction 

the more powerful person strives to eniarse the power-distance 

in respect to the less powerful 

this power-distance-increase tendency is stronger with a larger 

power-distance 

the less powerful person strives for a reduction in power dis

tanee in respect to the more powerful 

this power-distance-reduction is stronger with a smaller power

distance 

a small power-distance is a satisfactory reason for the power

distance-reduction tendency 

with a reduction of power-distance in reality the expected 

costs increase more than the benefits 

in case of a very large power distance participation will not 

lead to a reduction but to an increase of the power-distance 



thesis 9 

thesis 10 

thesis 11 

thesis 12 

thesis 13 

thesis 14 

thesis 15 

the quantity of power (power distance) is a stronger deter

minant of p.d.r. than the quality, namely the legitimacy of power 

in situations of crisis people need leaders who strongly exercis.e 

power 

if leaders strongly exercise power,people credit them with a 

large self-confidence 

people with a large amount of self-confidence and motivation for 

power show a stronger p.d.r. tendency 

when less powerful. people find to dispose of more self-confidence 

than the more powerful , their p.d.r. tendency in respect of 

those is larger 

the p.d.r. tendency occurs in the Y-structure, even if people 

only imagine this structure and themselves in it 

to equalize with an other person is a human tendency, not 

restricted to the dimeosion of power. To be nice is infec

tieus too 



TABLE 2. THE RULES OF THE POWER-DISTANCE-REDUCTION MODEL 

INFLUENCE OF POWER DISTANCE (PD) ON POWER DISTANCE INCREASE (PDI) 

PDit becomes ((high if PDt is high) or (rather high if PDt is 

rather high) or (rather low if PDt is rather low) 

or (low if PDt is low).) 

INFLUENCE OF POWER DISTANCE (PD) ON POWER DISTANCE REDUCTION (PDR) 

PDRt becomes ((low if PDt 1s high) or (rather low if PDt is 

rather high) or (rather high if PDt is rather low) 

or (high if PDt is low)), 

INFLUENCE OF POWER DISTANCE (PD) ON COSTS FOR THE MORE-POWERFULL (COSM) 

COSMt becomes ((low if PDt is rather low) or (high if PDt is rather 

high) or (very high if PDt is high)) 

INFLUENCE OF POWER DISTANCE (PD) ON BENEFITS FOR THE MORE-POWERFULL (BENEM) 

BENEMt becomes ((low if PDt is rather low) or (rather high if PDt 

is rather high) or (high if PDt is high)) 

INFLUENCE OF POWER DISTANCE (PD) ON COSTS FOR THE LESS-POWERFULL (COSL) 

COSLt becomes ((low if PDt is rather high) or (high if P~t: is 

rather low) or (very high if PD t is low)) 



INFLUENCE OF POWER DISTANCE (PD) ON BENEFITS FOR THE LESS-POWERFULL (BENEL) 

BENELt becomes ((low if PDt is rather high) or (rather high if PDt 

is rather low) or (rather high if PDt is low)) 

INFLUENCE OF COSTS (COSM) AND BENEFITS (BENEM) ON THE POWER DISTANCE 

INCREASE (PDI) 

PDit+ 1 becomes ( (lower than PDit if COSMt is higher than BENEMt) 

or (somewhat lower than PDit if COSMt is somewhat 

higher than BENEMt) or (slightly lower than PDit 

if COSMt is slightly higher than BENEMt)) 

INFLUENCE OF COSTS (COSL) AND BENEFITS (BENEL) ON THE POWER DISTANCE 

REDUCTION (PDR) 

PDRt+l becomes ((lower than PDRt if COSLt is higher than BENELt) or 

(somewhat lower than PDRt if COSLt is somewhat higher 

than BENELt) or (slightly lower than PDRt if COSLt is 

slightly higher than BENELt)) 

INFLUERCE OF POWER DISTANCE INCREASE (PDI) AND POWER DISTANCE 

REDUCTION (PDR) ON POWER DISTANCE (PD) 

PDt+l becomes ((lower than PDt if PDit+l is higher than PDRt+l) or 

(somewhat lower than PDt if PDit+l is somewhat higher 

than PDRt+l) or (similar to PDt if PDit+l is similar 

to PDRt+l) or (somewhat higher than PDt if PDit+l is 

somewhat lower than PDRt+l) or (higher than PDt if 

PDit+l is lower than PDRt+l) 



TABLE 3. SEMANTICS OF SOME LINGUISTIC VALUES 

high: 0 0 0 0 0 0 0.2 o. 7 1.0 1.0 

very high: 0 0 0 0 0 0 0 0.2 0.7 1.0 

rather high: 0 0 0. 0 0 0.1 0.5 1.0 0.5 0. 1 

sortof high; 0 0 0 0 0. 1 0.5 1.0 0.5 0. ! 0 

medium: 0 0 0 0.2 0.7 1.0 o. 7 0.2 0 0 

sortof low: 0 0 0. I 0.5 I .0 0. 5 0. I 0 0 0 

rather low: 0. I 0.5 1.0 0.5 o. 1 0 0 0 0 0 

very low: 1.00.70.2 0 0 0 0 0 0 0 

low: 1.0 1.0 0.7 0.2 0 0 0 0 0 0 

undefined: 0 0 0 0 0 0 0 0 0 0 

somewhat 0 0. I 0.51.00.5 0. I 0 0 0 0 

higher than: 
0 0 0. I 0.5 1.0 0.5 0.1 0 0 0 

0 0 0 0. 1 0. 5 I .0 0.5 0. I 0 0 

0 0 0 0 0. I 0.5 1.0 0.5 0. 1 0 

0 0 0 0 0 0. I 0.5 1. 0 o.s 0. 1 

0 0 0 0 0 0 0. 1 0.5 1.0 o.s 

0 0 0 0 0 0 0 0. 1 0.5 1.0 

0 0 0 0 0 0 0 0 0. 1 o.s 

0 0 0 0 0 0 0 0 0 0.1 

0 0 0 0 0 0 0 0 0 0 



more 
powerfu I 

co st 

benefit \ 

power 
d1stance 

Ie ss 
po we rfu I 

co st 

benef 1t 

p.d.~ ~ p.d. 

1 ncrease reduct1on 

I 
STRUCTURAL MODEL 

OF THE POWER THEORY 



re a 11 t ~ ~ cos t 

sat1s- /~ 
tactJon7}enet1t 

Utility 

\ p.d. 
1ncrease 

I 
p.d.l. 

tendency 
~ ga1n 

personality / 

cast, 
realtty 

\ satJs-
1 · benefit \ fact1on 

I 
\ 

· ut111ty 

I J 
power ...--- p.d · 

dJstance reduct1on 
\ 

. p.d .r. 
~tendency 

ga1n ~-

'-._personality 

EXTENDED STRUCTURAL MODEL 



AGE 

old 

llnQUIStiC 
var1able 

l1ngutst1c 
values · · 

base vartable 
20 25 30 35 40 50 55 60 65 

EXAMPLE OF LINGUrSTIC VARfABLE M 

~ 
~ 

~ 
"i-



0 0 -Jr. 

• • 
0 • 0 (JI -c 

0 
",-.... 

I x --t "-" 
I 
IT1 
.,., 
c 
N 
N 1\) -< (J1 

Cf) 

IT1 
-I 

... --< 
0 
c 
z 
(j) 

... ... 

x 

. , 



1 

A 

0 
1 

8 0 -
0 ..c 

(/'] 

1 L 
Q.l 

NOT A 
..0 

E 
0 

Q.l 

E 
1 

'+-

A OR B 0 
tr. 

0 <V 
1J 

1 ~ 
L 
0 

A AND 8 

0 
unrverse 

BASIC DEFI NI TIONS 



ord1nary 
mapp1ng 



fuzzy 
set A 

set X ord1nary 
mapp1ng 

fuzzy 
set B 

set Y 



fuzzy 
mapp1ng F 



fuzzy 
set A 

set X 

fuzzy 
mapp1ng F 

fuzzy 
set B 

set Y 



re ad 
fuzzy data 

re ad 
1,n1tïal va!ues 

,, 
llnQUIStiC 

rul es 

fuzzy 
output set 

llnQUIStJC 

a pproxr mat 1 on 

LINGUISTIC MODEL 


