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Abstract: - In this paper we propose the use of Fuzzy Cognitive Map (FCM) models for decision making 
through simulations. FCMs create models as collections of concepts and the various causal relations that exist 
between these concepts. The concepts are represented by nodes and the causal relationships by directed arcs 
between the nodes. Each arc is accompanied by a weight that defines the type of causal relation between the 
two nodes. The sign of the weight determines the positive or negative causal relation between the two 
concepts-nodes.  
 In this paper the decision making capabilities of the FCM models are examined and presented using a model 
concerning a car industry. The model is examined dynamically through simulations, in order to simulate 
scenarios proposed by decision makers. Predictions are made by viewing dynamically the consequences of the 
scenario’s actions. Conclusions are drawn for the use of FCM models for decision making and possible ways 
are identified, to increase the quality of the constructed FCM model. 
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1   Introduction to Fuzzy Cognitive 
Maps 
Fuzzy Cognitive Maps (FCMs) have been 
introduced by Kosko [1], [2] based on Axelord's 
work on Cognitive Maps [3]. An example of FCM 
model concerning a car industry is given in figure 1 
(modified version from original found in [4]).  
FCMs are used to create models as collections of 
concepts and the various causal relations that exist 
between these concepts.  
The nodes of the FCM represent the concepts of the 
model and the directed arcs between the nodes 
represent the causal relationships that exist among 
the concepts. Every arc is accompanied by a positive 
or a negative weight which define both the type and 
the strength of causal relation between the two 
nodes/concepts. Positive/negative causal relation 
between two concepts Ci and Cj means that an 
increase/decrease of the activation level of concept 
Ci will increase/decrease Cj. Negative causal relation 
between Ci and Cj means that an increase/decrease of 
concept Ci will decrease/increase Cj. 
Each concept Ci is accompanied with a number Ai 
which represents its level of activation. If n is the 
number of concepts of an FCM, the vector 

],...,A,A[AA t
n

ttt
21=  gives the state of the FCM at 

time step t, where 
t
iA  is the activation level of 

concept Ci at time step t. 
 

 
Figure 1. FCM model of a car industry (dashed arcs 
represent negative causal relationship, modified 
version of original taken from [4]) 
 
W is also defined as an n×n matrix where wij is the 
weight of the arc that connects Ci and Cj (it is taken 
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that wii =0, i=1,...,n because no loop from a concept 
to itself is allowed). The activation level of all 
concepts is updated simultaneously. This means that 

],...,A,A[AA t+
n

t+t+t+ 11
2

1
1

1 =  where
1t+

iA , i=1,...,n is 
given by the following formula: 

                             )wA= f(A ji

n

j=

t
j

t+
i ∑

1

1                     (1)       

Function f() allows the activation to take a value 
among the distinct values that are allowed (usually 
0,1). Using matrix notation, eq. (1) can be written as 

W)f(AA tt+ =1
. The type of f() varies but the 

commonest choices are the step threshold function at 
0, 1 and the sign function.  
 
 
2   Certainty Neuron Fuzzy Cognitive 
Maps 
In FCMs, in a strict binary manner, each concept can 
be either activated or not activated. Certainty 
Neuron Fuzzy Cognitive Maps (CNFCMs) were 
introduced [5] to provide additional fuzzification to 
FCMs by allowing each concept’s activation to be 
activated just to a degree. In CNFCM the activation 
level of each concept can be any value of the 
interval [-1,1] and not only one of the two levels –1 
and 1. The aggregation of the influences that each 
concept receives from other concepts is handled by 

function f M () that was used in MYCIN Expert 
System [6], [7] for the handling of certainty factors. 
A detailed analysis of the dynamical behaviour and 

the characteristics of function f M () can be found in 
[8]. 
 
 Certainty Neurons are defined as artificial neurons 
that use this function as their threshold function [9]. 
Using such neurons, the updating function of 
CNFCMs is the following: 

                   
1+t

iA = Mf (
t
iA ,

t
iS )- id t

iA              (2)  
where 1+t

iA  is the activation level of concept iC  at 

time step t+1, ∑=
j

t
jji

t
i AwS  is the sum of the 

weighted influences that concept iC  receives at time 
step t from all other concepts, id  is a decay factor 
and 
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 is the function that was used for the aggregation of 
certainty factors to the MYCIN expert system. 
 
 
3 Construction of FCM models based 
on the opinions of many experts  
In FCM model construction, the reliability of the 
model increases, as the number of the domain 
experts that provide their opinion also increases. 
This means that asking for opinions of more experts 
will lead to the construction of a better FCM model. 
Especially now, with Internet technology making 
communication and interactions of 
experts/colleagues around the world very easy, the 
FCM model can be more reliable and much more 
easily developed.  
 
Lets imagine that there are k experts that will 
participate into the construction of an FCM model. 
That means that if initially each expert was left 
alone to develop his FCM model, there will be 
initially k different FCM models. Each such model 
will have a weight matrix Wi  of dimension ni ni  
where ni the number of concepts that expert i is 
using. These models will have some common 
concepts and some different concepts. Entering to an 
FCM model a concept that was not proposed by the 
expert that created it (but it was proposed by some 
other expert in his  FCM model), will lead to the 
insertion of a new column and a new row to the 
weight matrix of the model, both to be full with 
zeros. In this way, we can increase the dimension of 
the Wi matrices of the i FCM models, from 
dimension ni ni  to dimension n n, with n to be 
the number of different concepts that all experts are 
using. These new augmented matrices Fi have the 
same dimensions n n and can be added. Weight 
matrix F that is defined as 

( ) ( )kFFFF k
1...21 ×+++=    (4) 

has dimension n n and is created by adding the 
opinion of all company’s experts. This new FCM 
model is called augmented FCM [2,10,11]. Positive 
and negative weights are neutralized meaning that 
contradicting opinions of experts are eliminated. 
Some experts would prefer to leave these 
contradictions in the model in order differences to 
be discussed. In this case Negative-Positive-Neutral 
logic should be followed [12,13,14]. 
 
Often experts that participate in the construction of 
the augmented FCM are not of the same reliability. 
To take more into account the opinions of the more 
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reliable experts, a reliability weight ai is attached to 
each expert [2]. The more reliable an expert is, the 
bigger that reliability weight is. In this case, the 
matrix of the augmented FCM  is estimated in the 
following way: 

    ( ) ( )aFaFaFaF kk
1...2211 ×+++=        (5) 

where kaaaa +++= ...21   is the normalization 
factor. 
 
Having developed such an augmented FCM model 
that integrates the opinions of all company’s domain 
experts, the FCM decision making process can 
begin, with each expert being able to participate. 
  
It can also be noticed that the above augmented 
FCM model construction technique can be used in 
the opposite way, that is for evaluation the reliability 
of each expert [15,16]. 
 
 
4 Simulations of a car industry FCM 

model 
In our study we will use the FCM model of figure 1 
to examine the group decision making capabilities of 
FCM structure.  The FCM model of figure 1 is a 
modified version of the model presented in [4] and 
concerns an imaginary car industry. According to 
the car industry FCM model of Figure 1, the 
concepts that were identified as playing important 
role in the decision making process of the car 
industry, are the following:  
 

C1: High Profits 
C2: Customer Satisfaction 
C3: High Sales 
C4: Union Raises 

C5: Safer Cars  
C6: Foreign Competition 
C7: Lower Prices 

 
The weights of the causal relationships that 
according to the experts exist in the model and 
construct the weight matrix of the model, are 
presented in Appendix A. 
 
In FCM technique, decision making conclusions are 
drawn by simulating the model in a computer 
system. Scenarios are introduced to the system and 
the consequences of the corresponding actions are 
predicted. The model of figure 1 was simulated 
using the CNFCM technique that was presented in 
section 3.  
 
In the first scenario, all the concepts of the model 
were left free to interact with each other. The result 
of the simulation is shown in figure 2. 

 

 
Figure 2: The limit cycle behaviour of the car 
industry model when all concepts are free to interact 
(scenario #1). 
 
The system enters a complex limit cycle behaviour, 
returning periodically to the same state. It can be 
concluded that if the concepts of the car industry 
model are free to interact and there is no external 
influence to them from concepts not represented to 
the model, the concepts of the model strongly 
interact with each other, not letting some concepts 
be “winners” by having positive activation and some 
to be “losers” by having negative activation. 
 
In the second scenario, we assume that a decision to 
produce safer cars was taken. The degree that cars’ 
safety will be improved is “very” or equal to the 
degree 80% (or 0.8 in the interval [0,1]). The 
scenario is introduced to the model by assigning 
concept C5: “Safer car” with activation level equal 
to 0.8 during the whole simulation process. As it is 
shown in figure 3, the system after some interactions 
reaches an equilibrium point.  
 

 
Figure 3:  Transition phase of Car Industry FCM 
model towards an equilibrium point when concept 
“Safer car” is set to 0.8 (scenario #2) 
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The concepts of the system have at equilibrium the 
following activation levels: 

High 
Profits 

Customer 
Satisfaction 

High 
Sales 

Union 
Raises 

-0.786 -0.083 -0.662 -0.349 
Safer 
Cars 

Foreign 
Competition 

Lower 
Prices  

0.8 -0.271 -0.842  
 
Conclusions that can be drawn from studying the 
activation levels of concepts at equilibrium are the 
following: The car industry in its attempt to create 
“very” safer cars increased the cost of car 
production. This also led to an increase of the cars 
prices (Lower Prices =-0.842). Although customers 
were satisfied by the production of safer cars, the 
increase of the price made them not to be satisfied 
(overall Customers Satisfaction =-0.083). Sales and 
profits were severely decreased (High Sales=-0.662, 
High Profits= -0.786 and a decrease is also shown to 
Foreign Competition but to a lower degree. Union 
Raises were decreased due to the decrease of profits. 
 
In the third scenario we assume that the decision 
was to produce a “little” safer cars (instead of “very” 
safer cars). The degree that the car will be safer is 
estimated to be 20% (or 0.2 in the interval [0,1]). 
The scenario is introduced to the model once again 
by setting concept C5: “Safer car” with activation 
level equal to 0.2 during the whole simulation. As it 
is shown in figure 4, the system after some 
interactions reaches a different equilibrium point. 
 

 
Figure 4:  Transition phase of car industry FCM 
model towards an equilibrium point when concept 
“safer car” is set to 0.2 (scenario #3) 
 
The concepts of the system have at equilibrium the 
following activation levels: (the signs after the 
activation levels represent the increase or decrease 
towards the equilibrium in the previous scenario): 

High 
Profits 

Customer 
Satisfaction 

High 
Sales 

Union 
Raises 

-0.787 (0) -0.497(-) -0.751(-) -0.565(-) 
Safer 
Cars 

Foreign 
Competition 

Lower 
Prices  

0.2(-) -0.174(+) -0.651(+)  
 
Conclusions that now can be drawn are the 
following: The car industry in its attempt to create 
even “little” safer cars increased once again the cost 
of car production. That led to an increase of the cars 
prices (Lower Prices =-0.651). Although customers 
were satisfied by the production of safer cars, the 
increase of the price made them overall to be 
unsatisfied (Customers Satisfaction =-0.497). Sales 
and profits were severely decreased (High Sales=-
0.751, High Profits= -0.787) and a decrease is also 
present to Foreign Competition but to a much lower 
degree. Union Raises were decreased due to the 
decrease of profits.  
 
Interesting conclusions can also be drawn by 
comparing the results of the last two scenarios. For 
example, that by making cars a “little” safer 
(scenario #2) and not “very” safer (scenario #3), the 
car industry managed both to increase prices and 
keep more unsatisfied the customers (scenario #3 is 
worse than scenario #2). Furthermore, the car 
industry is shown very sensitive to costs cause by 
improving the safety of the car. 
 
The fourth scenario that was introduced to the 
system for simulation, assumes that the car industry 
decided to decrease a “little” the prices of its cars. 
Translating the linguistic value “little” to the value 
0.2 of the interval [0,1], the new scenario was 
introduced to the model.  The result of the 
simulation is shown figure 5.  
 

 
Figure 5:  The limit cycle behaviour of the car 
industry model when concept “lower prices” is set to 
0.2 (scenario #4) 
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The system reached a limit cycle behaviour, with no 
concept to be “winner” or “loser” but all of them to 
be periodically high and low. This means that from 
the action to decrease a little the price of the cars, no 
clear predictions of the consequences can be made.  
 
The fifth scenario that was introduced to the system 
for simulation, assumes that the car industry decided 
to decrease “severely” the prices of its cars. 
Translating the linguistic value “severely” to the 
value 0.5 of the interval [0,1], the new scenario was 
introduced to the model.  The results of the 
simulation are shown in figure 6.  
 
The system reached equilibrium with concepts to 
have the following activation levels: 

High 
Profits 

Customer 
Satisfaction 

High 
Sales 

Union 
Raises 

0.782 0.688 0.755 0.606 
Safer 
Cars 

Foreign 
Competition 

Lower 
Prices  

0.363 0.191 0.5  
 
 

 
Figure 6:  Transition phase of car industry FCM 
model towards an equilibrium point when concept 
“Lower Prices” is set to 0.5 (scenario #5) 
 
Conclusions that can be drawn are the following: 
The car industry by severely decreasing the prices of 
the cars, created very satisfied customers 
(Customers Satisfaction =0.688), increased sales and 
profits (High Sales=0.755 High Profits= 0.782). The 
Union Raises in now increased because of the high 
profits of the car industry (Union Raises=0.606). 
Foreign Competition is increased (Foreign 
Competition= 0.191) which lead also to a pressure 
to the car industry to make safer cars (Safer 
cars=0.363). 
 
 

5  Summary - Conclusions 
In this paper the decision making capabilities of 
FCM models were examined, using an FCM model 
concerning a car industry. Various scenarios were 
introduced to the model and through computer 
simulations, predictions were made. The 
representing and decision making capabilities of the 
FCM structure were presented. 
 
The FCM technique was identified as a useful 
Decision Support tool, since it is capable of 
providing support to decision makers, by making 
predictions on various scenarios that are imposed to 
the FCM model. The uncertainty handling 
capabilities of FCM models make also the technique 
suitable for decisions were uncertainty and fuzziness 
exist 
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Appendix A 

Weight matrix of the car industry FCM model 

 

 High 
Profits 

Customer 
Satisfaction 

High  
Sales 

Union 
 Raises 

Safer  
Cars 

Foreign  
Competition 

Lower 
Prices 

High 
Profits 0 0 0 0.8 0 0.9 0 

Customer 
Satisfaction 0 0 0.7 0 0 -0.4 0 

High 
Sales 0.98 0.3 0 0 0 -0.4 0 

Union 
Raises -0.4 -0.6 0 0 0 0.3 0 

Safer 
Cars 0 0.8 0 0 0 0 -0.5 

Foreign 
Competition 0 0 -0.8 -0.7 0.3 0 0.5 

Lower 
Prices 0 0.8 0.7 -0.4 0 -0.5 0 
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