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Motivacion

« En gran medida, la ciencia y la ingenieria residen
en el mundo de las mediciones y los nimeros.

« En este mundo, una pregunta basica que surge es:
¢ Cuan confiables son los numeros que tratamos?

 Esta pregunta desempefia un papel
particularmente importante en el analisis de
decisiones, la planificacion, la economia, la
evaluacion de riesgos, el disefio y el analisis.de
procesos, evaluacion de riesgos, prediccion,
anticipacion, y biomedicina.
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Numero Z

 EIl concepto de un nimero Z esta destinado a
proporcionar una base para el calculo con
numeros gue no son totalmente fiables.

« Mas concretamente, un numero Z, Z = (A, B), es

un par ordenado de dos numeros difusos.

— El primer nimero, A, es una restriccion sobre los
valores que puede tomar una variable de valor real, X.

— El segundo nimero, B, es una restriccion en la
fiabilidad de que X es A.

— Normalmente, Ay B se describen en un lenguaje
natural.

Z= (fuzzy value, fuzzy reliability)
NL NL
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Numero Z

A = aproximadamente 2 millones de dolares
B = muy probable

A = aproximadamente 1 hora
B = normalmente

A = alto
B = seguramente
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Valoracion Z

» Es una tripleta ordenado de la forma (X, (A, B)),
donde X es una variable de valor real y (A, B) es
un nimero-Z.

Ejemplos.
« (desempleo el préoximo ano, fuerte declive,
poco probable)

« (Edad (Robert), joven, muy probable)
 (Trafico, pesado, por lo general).
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Valoracion Z Condicional

Si (X, A, B) entonces (Y, C, D)

 \ersion mas simple
SI (X, A) entonces (Y, B, C)

« De forma equivalente,
SI (X es A) entonces (Y 1z (B, C))
Regla Z
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Informacion Z

En entornos reales, gran parte de la informacion en
un entorno de incertidumbre e imprecision puede
representarse como una coleccion de valoraciones
Z y valoraciones Z condicionales, a lo que se
denomina informacion Z.

Ejemplos:

« Por lo general, es dificil encontrar aparcamiento cerca del
campus en la madrugada => (encontrar aparcamiento
cerca del campus en la madrugada, dificil, por lo
general)

« Por lo general, Robert tarda una hora en llegar a casa del
trabajo => (tiempo de viaje del trabajo a casa,
aproximadamente una hora, por lo general)
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SEMANTICA DE UNA REGLA Z

If XisAthenYisB=>(X,Y)Is AxB

If (X'isA) then Y iz (B, C) => (XxY) iz (AxB, C)
If XisA;thenY iz (B,C))
If Xi1sA,thenY iz (B,C,)

(X, ¥) 1z (A xBy,Cy) +--+ (X, Y) 1Z (AXB;,,Cp))
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SEMANTICA DE UNA REGLA Z

(Aproximadamente 1 hora, usualmente) +
(aproximadamente 45 minutos, usualmente)

Pero, ¢Cual es el significado del promedio de
(aproximadamente x tiempo, ?)?

Hay dos conceptos que desempenan un papel
esencial en la computacion con numeros-Z, los
conceptos de restriccion y de extension.
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Concepto de restriccion

 La pieza central del calculo de los nimeros Z es el
concepto de una restriccion.

« El concepto de restriccion es mas general gue los
conceptos de intervalo, conjunto, conjunto difuso,
conjunto bruto (rough set) y distribucion de
probabilidad.

Una restriccion sobre una variable X, R(X), es una
respuesta a una pregunta de la forma: ;Cual es el valor

de X?
 Ejemplos
X=5 Xesentre3y7
X es pequeio Es probable que X sea pequefio

Normalmente X es mucho mas grande que aproximadamente 5.
Los veranos suelen ser frios en San Francisco (X esta implicito)
Robert es mucho mas alto que la mayoria de sus amigos (X esta implicito)
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Concepto de restriccion

Un ejemplo de un problema simple que implica el
calculo con restricciones.

Por lo general, Robert deja su oficina alrededor de las 5
pm.

Por lo general, Robert tarda una hora en llegar a casa del
trabajo.

A gue hora llega Robert a casa?
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Concepto de restriccion

La forma canonica de una restriccion se expresa
como

R (X): XesR,
Donde X es la variable restringida, R es la relacion de

restriccion y r es una variable indexical gue define la
forma en que R restringe a X.

Hay muchos tipos de restricciones.

— Una restriccion es singular si R es un singleton (uno
unico elemento).
Ejemplo. X =5.

— Una restriccion es no singular si R no es un
singleton. No singular implica incertidumbre.

Jose Aguilar



Concepto de restriccion

Una restriccion es directa si la variable restringida es X.

Una restriccion es indirecta si la variable restringida es
de la forma F(X).
Ejemplo.

a

R(p) = f u(u)p(u)du es probable
b

Es una restriccion indirecta en p.

Los principales tipos de restricciones son:
—  restricciones posibilistas,
—  restricciones probabilisticas y

— restricciones Z.
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Restricciones posibilistas

R (X): XesA,
Donde A es un conjunto difuso en un espacio U, con la
funcidn de pertenencia pi,.

« Ajuega el papel de la distribucion de la
posibilidad de X,

Poss (X = u) = p(u).

* Ejemplo
X es pequeno

Variable restringida Relacion de restriccion (conjunto difuso)

El conjunto borroso pequeno juega el papel de la distribucion de la
posibilidad en X.
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Restricciones posibilistas

Leslie es mas alto que Ixel =>

(Altura (Leslie), Altura (Ixel)) es mas alto
i /

Variable restringida Relacion de restriccion (conjunto difuso)

« Larelacion fuzzy mas alta es la distribucion de
posibilidad de ((Altura (Leslie), Altura (Ixel)).
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Restricciones posibilistas

El lenguaje natural puede ser visto como un
sistema de restricciones.

En el lenguaje natural, las restricciones son
predominantemente posibilistas.

11(x) 4 U, u I,
i p) 06 RN f.... i Nggflvssiinaniasa
o (p) =0.4 FEEEEEs

; P
0 10 2024 30 40 50 6 70
edad(p)=24
Definitivamente Definitivamente Definitivamente
no adulto adulto no adulto
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Restricciones probabilisticas

R (X): X isp p,

Donde p es la funcion de densidad de probabilidad
de X,

Prob (u £X<u+du) = p(u)du.

* Ejemplo
X isp —exp(-(X-m)?/2c?
P \/— p(-(X-m)“/267)
V. N
Variable restringida Relacion de restriccion (Funcién de

densidad de probabilidad)
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Restricciones Z

X es una variable aleatoria de valor real.

Una restriccion Z se expresa como
R (X): X1z Z,

Donde Z es una combinacion de restricciones
posibilistas y probabilisticas definidas como

Z. Prob (X esA) es B,
Xiz (A, B)
El nimero Z(A, B) es una restriccion de X.

X es una variable aleatoria con funcion de densidad de probabilidad
desconocida, p.

p se denomina funcion de densidad de probabilidad de X.
La probabilidad de A puede expresarse COmo pi,-p
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Restricciones Z

 Enunnumero Z, (A, B), B es una restriccion indirecta
posibilista sobre la medida de probabilidad de A.

« Mas concretamente,
uA-pis B.
Esta expresion relaciona p con B.

Si1 X = (A, B), entonces (A, B) es una restriccion directa
de Z sobre X.

Ejemplos.

« Probablemente Robert es alto => Altura (Robert) es (alto, probable)

« Normalmente la temperatura es baja =>La temperatura es (baja, normalmente)

« Normalmente X es A, es una restriccion Z cuando A es un numero difuso.
P=> Xisr R,

p: Robert es joven La edad (Robert) es joven
X R
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COMPUTACION CON NUMEROS Z

» Juega un papel esencial para procesar la
Informacion Z.

« Entérminos generales, el calculo con nimeros Z
implica la evaluacion de una funcion n-ary, f,
Cuyo0s argumentos son numeros-Z. Por
simplicidad, en lo siguiente, se supone que nes 1
0 2.

* Ejemplos de calculo

— (aproximadamente 1 hora, generalmente) +
(aproximadamente 2 horas, muy probable

— (pequeno, usualmente) x (aproximadamente 4, muy.
probable)

— laraiz cuadrada de (alrededor de 30, probablemente)
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COMBINACION DE 2 NUMEROS Z

e SeaX=(Ay, ByeY=(A,By)losnumeros Z
en el espacio de numeros reales.

« Sea Z unacombinacionde XeY, Z = X*Y.
* Ejemplo.

Z = (Ax, Bx) * (A, By)
Z=X*Y.

*Mas precisamente,
(Az B2)=(Ax, Bx) * (A, By)

*El objetivo es determiner A, y B,
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COMBINACION DE 2 NUMEROS Z
Az = Ay ™ By

Bz= pa; Pz
« Donde p, es la funcion de densidad de
probabilidad de Z.

Mas concretamente, p, = Py Py

 El calculo de p, es simple si conocemos py Y py.
* Py Y Py son restricciones posibilistas.

Bax - Px 1S By
Hay - Py IS By
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Concepto de extension

« El calculo de p, requiere el uso de una version
basica del Principio de extension

e Supongamos que Z es una funcion de X e 'Y
Z =f(X,Y)
X e Y sujetos a restricciones posibilistas
g(XxX) IsA
h(Y) is B,
Donde Ay B son conjuntos difusos.

« En esta version del principio de extension, Z
puede expresarse como la solucion del problema
variacional

pz(W)=sup, vV(pa(g())Apg(h(v)))
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Concepto de extension

« Aplicando esta version del principio de extension
al calculo de p,, llegamos a la siguiente
definicion de la combinacion de dos nimeros Z

(Ax, Bx) * (A, By)= (Ax, AV) Rax*ay.pz
Donde p,,, esta dada por

o (W)=SUpy (Mex (Rax WA (R (1ayV)
Donde u, vy w toman valores en el espacio de funciones
de densidad de probabilidad
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Resumen

« El calculo con nimeros Z es un movimiento
recientes con varios problemas.

— Uno de estos problemas es la informatizacion de sus
resultados.

— Lo que es relevante es que una restriccion es portadora
de informacion.

« En general, la informatizacion se simplifica por
la combinacion de numeros Z.

« [Esta presentacion se centra en los fundamentos
del calculo de los nimeros Z.

— Las aplicaciones de los numeros Z estan empezando a
desarrollarse
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Introduction

UL LT LR

*Decision makers and policy proponents face serious
difficulties when approaching significant dynamic systems.

Formulating a mathematical model may be difficult,

costly, even impossible.
*Developing the model typically requires a great deal of effort and
specialized knowledge.
*Systems involving significant feedback propagates casual
Influences and complicated chains may be nonlinear, in which
case a quantitative model may not be possible.
Numerical data may be hard to come by or uncertain.

A qualitative approach can be sufficient. If the results of
this preliminary model are promising, the time and effort to
pursue a quantitative model can be justified.
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Introduction

T
What is a “cognitive map” (CM)?

« ACM is an effort to simulate the behavior of a black box system
through cause and effect relationships.

*At first, Axelord used cognitive maps as a formal way of
representing social scientific knowledge and modeling decision
making in social and political system.

A CM can avoid many of the knowledge-extraction problems
which are usually posed by rule based systems. This form of
knowledge presentation presents problems such as:
sImpossibility of have dynamic behavior;
sImpossibility of have performance in real time, and so for
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Introduction

« Relevant concepts in a domain are chosen. These concepts represent
observable state within the domain. Variable concepts are represented by nodes
In a directed graph. The value of a node reflects the degree to which the
concept is active in the system at a particular time. This value is a function of
the sum of all incoming edges multiplied and the value of the originating
concept at the immediately preceding state.

« Relationships: They indicate as the concepts are affected with other concepts.
The graph’s edges are the casual influences between the concepts.

Bad Weather
+ Bad Conges Acci- . ’
+ Weather ST Hents Speed Police Behavior
< Congestion Bad
Weather g il +1 0 0 0
Congestion 0 0 -1 1 0 0
. Police Accidents 0 +1 0 0 +1 1
Speed drive Patrols
Speed 0 0 +1 0 0 0
+ -
Police 0 0 -1 0 0 1
Risk of Behavior Behavior 0 0 0 +1 0 0

Different representations of a Cognitive Map:
a Graph Representation and the Connection Matrix.



Introduction
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*The state of a given node is obtained from the prior states of all causal
nodes. These states are multiplied by the edge weight between the two
nodes. The sum of these products is taken as the input to a threshold
function.

*In this way, we define the activation level of a concept:

ANEw = S(ZI’]J:]_ Ajnew Eji)+ AiOId

*There are different threshold functions: bivalent, trivalent, and logistic

signal.
0= S Bivalent
S.(x,)=1x,>0
S,(x,)=-1,x, <-0.5 o
S,(x,)=0,-0.5<x, <0.5 Trivalent
S.(x,)=1x,>0.5
1 Logistic signal

Si (XI ) = 1_|_ e—cx‘



SARS

A discrete time simulation is performed by iteratively applying the
summation and threshold process to the state vector of the graph.

*The simulation halts if an equilibrium state is reached.

*The execution of a CM follows the following algorithm:

1 - To obtain an initial state C (0)
2- While the system does not converge

Introduction

a- To calculate the present state by means of C | +1

b- to go to step 2
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Bad Weather
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Weather
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Accidents(i+1)= S[1 * BadWeather(i) -1 * Congestion(i)

+1 * Speed drive (i) -1 * Police Patrols(i)]
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Theoretical Bases
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Theoretical Bases

SARS

Fuzzy Cognitive Maps (FCM)

*They are proposed by Kosko to represent the causal relationship
between concepts and analyze inference patterns.

*They are the fusion of the advances of the Fuzzy Logic, Artificial Neural
Networks and Cognitive Maps theories. FCMs combine the robust
properties of fuzzy logic and neural networks.

*FCMs represent knowledge in a symbolic manner and relate states,
processes, policies, events, values and inputs in an analogous manner.

*The fuzzy indicates that FCMs are often comprised of concepts that
can be represented as fuzzy sets, the causal relationships between the
concepts can be fuzzy implications, or the threshold function applied to
the weighted sums can be fuzzy in nature.
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Theoretical Bases

Bad Weadthe

POlICE
P trols

Efect over the i concept via causal relationship

I'(Ci’Cj):min{Wp,pﬂ:(p’p+1)€(i’k1|’k£, kél)}

Total Efect

T(Ci’Cj):maXh(Ci,Cj)



Theoretical Bases

SARS

P = {some < usually <always}

,(C,,Cs )= min {always, usually } = usually

1,(C,,C: )= min {usually, some, some } = some

T(C,,Cs)=max{l,,1,, |, } = max{usually, some} = usually
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Some Extensions
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Some Extensions
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1. Parallel FCMs

2. The second one focuses on the design of
learning algorithms

3. FCM based on random neural networks.
4. FCM Hierarchical System

5. Rule Based Fuzzy Cognitive Map

Jose Aguilar



Extensions
OO R

*There are two main approaches to develop Fuzzy Cognitive
Maps
*Deductive modeling (i.e., they use an expert knowledge from the
domain of application)
*Inductive modeling (i.e., they use learning algorithms to establish
FCMs from historical data) .

*Deductive modeling is based on expert knowledge from the area

of application.
*Models are developed manually based on best knowledge with a
group of experts.
*This approach usually consists of the following three steps:
1. Identification of key domain issues or concepts.
2. Identification of causal relations among these concepts.
3. Estimation of causal relations strengths.

Inductive modeling. Automated and semi-automated approaches
designed for learning FCM connection matrix, and their strength

(weights) based on historical data.
*In this case, the expert knowledge is substituted by a set of historical
data and a computational procedure



Deductive modeling
LR

*The development of a FCM often occurs within a group context. An
expert draws a FCM according to his experience. The assumption is that
combining incomplete, conflict opinions of different experts may cancel
out the effect of oversight, ignorance and prejudice.

*The group matrix (E®) could be computed as:
ES-maxfg,}] OF  ES-YhE, Vt=1tonumber of experts (NE).
t t=1

Where Eji is the opinion of the expert t about the causal relationship among C,
and C,, and b; is the expert’s opinion credibility weight.

il _ (E, 0 Off

*In a distributed system, a FCM is constructed for each subsystem. Then 01 c B OW

all FCM are combined in one augmented matrix E for the whole system. E=|, 02 £, 0
0 o SN

*Using Historical Data

M ={D,,D,....D, }={d,.d.?,...d,"||d,",d,% ..d,"|.. |d, }.d, % od," |

Adt - Ad!] Ad} =d; —di*
thi :thi_l +77. = : + I t Ad; =d; -d”
A dJ . A di where Nd} :dE _I_dE-l

Adt =d' +d"



Learning Algorithms
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*The main goal of learning in FCMs is to determine the values of the weights of
the FCM that produce a desired behavior of the system.

In general, two main learning paradigms are used: adaptive, and evolutionary
algorithms

*The adaptive algorithms are often based on the idea borrowed from the theory

of artificial neural networks that is called the differential Hebbian learning law.
*The general idea is: if two neurons on the opposite side of a connection are
activated simultaneously, then the weight of that connection is increased; else they
are activated asynchronously, then the weight is decreased.
*The idea of Hebbian learning has been adapted by Kosko to FCMs.

W (t +1) =W (t)+ Y(t)l_AaiAaj —W; (t)J

*The coefficient: y(t) = 0.1[1 — t/1]q changes over time. The constant parameter g
should ensure that the value of the weight does not fall beyond [-1, 1]

Let us notice that important features of equation:
*The learned weights depend on the temporal order of raw data,
the change in activation of cause concept (with subscript i) is assumed as a
necessary requirement of the change of the respective weight



Learning Algorithms
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*The evolutionary learning approach: the initially random weights of FCM
stored in W are optimized by the iterative evolutionary process.
*In this case, the relationships between concepts learned during the

evolution depend on the applied fithess function designed by an expert for
the considered task.

Bal es Acci A .
Weather <o dents Speed Police Behavior

N ' Congestion 0 0 <Al -1 0 0

T Learning Module (GA)

Candidate FCM



Learning Algorithms
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Some other approaches:

1.
2.

3.
4.

5.

The Balanced Differential Algorithm to learn FCMs from data.
Backpropagation learning procedure to enable the gradual
learning of symbolic representations

Parallel Genetic Learning of Fuzzy Cognitive Maps
Multi-Objective Evolutionary Fuzzy Cognitive Maps for
Decision Support

Fuzzy Cognitive Maps Learning through Swarm Intelligence
(The Particle Swarm Optimization Algorithm)

The desired behavior of the system is characterized by values of the output
concepts that lie within prespecified bounds, determined by the experts.

The user is interested in restricting the values of these output
concepts in strict bounds, which are crucial for the proper operation of the
modeled system.

Thus, the main goal is to detect a weight matrix W that leads the FCM to a
steady state at which, the output concepts lie in their corresponding bounds.

The latter is attained by imposing constraints on the potential values
assumed by weights.



Learning Algorithms
R
To do this, the following objective function is considered :

F(W) = S HQu)|Qur |+ L HQ

Qmax
out,

Where H is the well-known Heaviside function, i.e. H(x) = 0, if x < 0, and H(X) =
1 otherwise; QL”JE N A?U'E —A,, and A, are the steady state values of the
output concepts that are obtained using the weight matrix W.

*Obviously, the global minimizers of the objective function F are weight matrices
that lead the FCM to a desired steady state.

*The application of PSO for the minimization of the objective function F,
starts with an initialization phase, where a swarm of weight matrices is
generated randomly, and it is evaluated using F.

*Then, Vi(t + 1) = Xi(t) + Vi(t) + c( Pg(t) — Xi(t)) and Xi(t + 1) = Xi(t) + Vi(t + 1) are
used to evolve the swarm.

Assume g to be the index of the particle that attained either the best position of
the whole swarm.

*When a weight configuration that globally minimizes F is reached, the algorithm
stops.



Rule Based Fuzzy Cognitive Map
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oIt is proposed as an evolution of Fuzzy Causal Maps (FCM) that
allow a more complete representation of cognition, since relations
other than monotonic causality are made possible.

*It presents a method to implement Fuzzy Causal Relationship.

It consists of nodes (representing concepts), and fuzzy rule bases
(which relate and link concepts). Each concept contains several
membership functions.
“If the variable 1 (input variable) has feature A Then the variable 2
(output variable) has feature B.

*Any kind of relation that can be represented by fuzzy rules is allowed:
opposition, similarity, implication, traditional fuzzy reasoning, etc.

*The concept can be represented either by a crisp or fuzzy value.

*The set of rules obviously depend on the amount of membership
functions and intended meaning.



Rule Based Fuzzy Cognitive Map

UL
*Other FCM have been recently proposed based on adjusting

functions . The relationships are established using an adjustment
function based on rules

For instance, it is assumed that the state of the concepts in a
modeled system can be located in three zones :
v'A concept has a high state (between 2/3 and 1) when it
works correctly and contributes substantially with the
functioning of the modeled system.
v'A concept has a medium state (between 1/3 and 2/3) when
its functioning must be validated and its contributions to the
systems’ functioning is not so substantial, and so on.

*The relationship values are taken from the following table:
The following rules could be built under these three states
vIf the preceding concept is High and the consequent one is

Value

Linguistic
Variable

1.00

Complete*®

0.75

High*

0.50

Medium*

0.25

Low™"

0.00

Null

-0.25

Low~

-0.50

Medium-

-0.75

High-

also High then the relationship is Complete*(1.0).

-1.00

Complete

vIf the preceding concept is High and the consequent one is
Medium then the relationship is High* (0.75).




Rule Based Fuzzy Cognitive Map
OO L
*These rules would be used to determine all the relationships

between the different concepts, but each one would have a weight
defined by the experts that could vary from relationship to
relationship.

For example, if we take the relationship between Concept 1 and
Concept 2, and it is assumed that Concept 2 has a High state and
that Concept 1 has a Medium state, then the relationship resulting
from the rules would yield a high* value (that is, 0.75). This value is
multiplied by the weight of the relationship and if we assume that
the weight of this relationship is 0.5, then the final result of the
relationship would be 0.375.

Concept 1 Concept 2

Value=0,5"0,75 = 0,375

Weight of the relationship Value obtained by the rule

*The fuzzy rule for each interconnection is evaluated using fuzzy
reasoning and the inferred fuzzy weight is defuzzified using the
Center of Gravity defuzzification method



FCM based on random neural networks

SARS

FCM based on the random neural network model called the Random
Fuzzy Cognitive Map (RFCM).

*This model is based on the probability of activation of the
neurons/concepts in the network.

*To calculate the state of a neuron on the RFCM (the probability of
activation of a given concept C;), the following expression is used:

a(j) = min " (), max{r (i), &~ (j) |

where () = maximinfgOW G, Dff 4 (J) = max{min{a@.w (i, i)

In addition, the fire rate is  r(i)=maxw "G .w G i)}

*The general procedure of the RFCM is the following:
1. Design the configuration of the FCM.

2. Call the Initialization phase

3. Call the Simulation phase



FCM based on random neural networks
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*The RFCM can be used like an associative memory. In this way, when we present
a pattern to the network, the network will iterate until generate an output close to
the information keeps.

*The input is an initial state Sy={s; _, s,}, such as q°(1)=s,, ..., q°(n)=s; and s;[0,
1] (set of initial values of the concepts (S,=QV)).

*The output QM={g™(1), ..., gqm(n)}is the prediction of the RFCM such as m is the
number of the iteration when the system converge.

*During this phase, the RFCM is trained with a reinforced learning procedure.
Wi = W™ +H(ACIitAQE)

where Aq;is the change in the i"" concept’s activation value among iterations t and
t-1.
*The algorithm of this phase is:
1. Read input state Q°
2. Until system convergence

Calculate q(i)

Update W!
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Some Applications in
different domains
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Some Applications in different domains
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FCMs have gradually emerged as a powerful modelling
and simulation technique applicable to numerous research
and application fields: administrative sciences, game
theory, information analysis, popular political
developments, electrical circuits analysis, cooperative
man—machines, distributed group-decision support, etc.

1. FCMs have been used to model and support a plant control
system, to model the supervisor of a control system or of
manufacturing systems, etc.

2. FCMs have been used in multiagents system to represent different
types of knowledge in a group of agents, to support the building of
group consensus,

3. FCM has been used to structure virtual worlds that change with

time .

In business FCMs can be used for product planning

In computer assisted learning FCMs enable computers to check,

whether students understand their lessons

O 5=
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Social Systems

\
.

This map attempts to model property theft in a community.

C,=(0,0,1,0,0,1,0)

We then obtain the discrete time

Opportunity series
C,=(0,0,1,0,0,1,0)
C,=(1,0,0,0,1,1,0)
4.5 Cemmurity Invelvemert Cc,=(,0,0,0,1,0,1)
C;=(0,1,1,0,0,0,1)
c,=(0,1,1,1,0,1,0)
C;:=(1,0,1,1,0,1,0)
Cs=(1,0,0,0,0,1,12)
C,=(0,1,1,0,1,0,1)

The range of allowable state values is now [-1,
0, 1], i.e., we can have negative, indifferent,
and positive concept activation.
Co=(1,-1,1,-1,-1,1,-1)

Co=(1,-1,-1,-1,0,1, 1)
C,=(0,1,0,-1,1,-1, 1)
Ce=(-1,1,1,1,0,-1, -1)
C,=(0,-1,0,1,-1, 1, -1)

—~
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An FCM modeling a squad of soldiers in combat.

Cluster

Jose Aguilar

Virtual Worlds

From the initial state vector
c0=(,0,0,1,0,1,1,0,1,0)

That is, the squad advancing in
good order under the control of the
squad leader, and no external
influences, we reach the five step

limit cycle
c7r=(,1,1,1,0,1,0,1,0,1)
c8=(1,0,1,1,0,12,0,1,1,0)
Cc9=(1,1,0,1,0,2,0,0,1,1)
c10=(,1,1,0,1,1,0,0,1,1)
ci1=(1,1,1,1,1,0,0,1,1,1)
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Fault Management System

MAS

Maintenance
Management Tasks

Monitoring and
Fault Analysis Tasks

—

juswsbeuey

Fault Tolerant Controlled Process

Dagnost[clan A

1
Contr ollerA ’ (oordlnatorA

"

Process

Observer A Jose Aguilar

Finder
Agent Diagnostician
3 Agent
Detector |, i
Agents-based Agen
QO
DCS = Predictor
» © .| Coordinator Agent
= Agent
G) 3
; e
o Controller Supervision
2 Agent Level
= 3
Observer Actuator P[%(\:,ZTS
Agent Agent
Control Maintenance
Process
'/'
£



Fault management system
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If the antecedent concept is High and the consequent one is High then the
relationship is complete+ (1.0)

If the antecedent concept is High and the consequent one is Medium then the
relationship is high+ (0.75)

If the antecedent concept is High and the consequent one is low then the relationship
Is low+ (0.25)

If the antecedent concept is Medium and the consequent one is High then the
relationship is high+ (0.75)

If the antecedent concept is Medium and the consequent one is Medium then the
relationship is average (- 0.5)

If the antecedent concept is Medium and the consequent one is Low then the
relationship is high (- 0.75)

If the antecedent concept is Low and the consequent one is High then the
relationship is high (- 0.75)

If the antecedent concept is Low and the consequent one is Medium then the
relationship is average (- 0.5)

If the antecedent concept is Low and the consequent one is Low then the
relationship is complete (- 1.0)
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Evolution of the agents with a Middleware with value of 0.3

1
Coordinator Agert
Diagnostician Agent
0.9 Predictor Agent |7
Finder Agent
0.8 Detector Agent
' Controller Agent
Actuator Agent
0.7 Observer Agent |__|
Middleware
: ' ' Process
e 0.6 LTTTTTT T i N T T TrTmTmmmmmmmmmmmees N
Q_ " ) : ]
@
o
=
o
B 1 e s T e e e P e PP e P PP P EP PP TP —
=43
-
E L] L] ) ]
m [ v ' '
= 0.4 r o e T e L e N S et L RRRRREEEELED R e o —
0.34 ) - ------- \-\5 ---------- % -------------------- —
= ' s AL s
02F--mmmmmmmmmmmmmeeees :- ---------- NN binh St el i S Sl i el el - i
0.1 : Ao : : S -
0
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Vol _ A1 _pyv_a )
dt dt

-
(A )—plkz- > +_ >
Input

biA

" » )

Output

ITlw]=

sqrt

alA Square
Root

The dynamic relationships are defined of the A
following form:

*The relationship between the constant of input
stream and the Level is given by the value of
the applied voltage to pump V.

*The relationship between the constant of the
exit flow and the level is given by the squared
root of the value of the concept that represents
the level.
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The dynamic for V= 0,2
Mathematical Model Dynamic

Level

025

02

0.15

0.1

005}--

Level

025

02

0.15

0.1

005f---
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Consurmey
Spencng

Irnvestrmert Infl.aBon

Ermployes
confidence

Polinc e
Sty

Commarmet
confdence

The fuzzy map will grow better and better as people contribute to it!!

An example of fuzzy maps library http://www.ochoadeaspuru.com/fuzcogmap/software.php:

Challengers

The figure is
Incomplete, and
the relationships
between the factors
may be wrong

1 .Donnelly's investment rules
2. Tax cuts

3. Correction fears grip US market

4. Money - This is a map derived from alternative currency/economic proponents

|
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~ Case Study: Wikipedia
~ Experiments
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\__
« There are multiple problems that can be solved using:
monolayer CM. However, there are complex cases wherg §
It IS necessary to use Multilayer CM (MCM). \

* The ability to model of a MCM is much higher, allowing “"%_
characterize different aspects. %

* |In general, the different tools proposed to model CM, as the t
FCM Designer tool [16], FCModeler tool [17], the
Multiagent-Causal Maps tool [18], Amit Roy [19], the FCM —
applet based on Python [20], etc., do not support MCM. |

This paper presents an approach to build multilayer
cognitive maps.



IIIIIIIIIIRIIH%IIIFIIiIII';?IIiII?IIiIH?IIIII‘IIIIII%IIIFIIIlﬂlIIIIIIIIIlIIIIIHEE‘ ., ki

The main aspect in the MCM is the necessity ta
connect the CM of the different levels, viewing
them as a multilayer system, where the concepts off
the layers depend on the concepts of other layers.

Interface

:‘:_> F:l{l:Ml;i >

‘ Ck2




FCM Hierarchical System

TN
*For the case of two levels, the macroalgorithm is:

FCM1

Values of the concepts on lower level
Interface (fuzzy rules)

New values of upper concepts FCM2
If accept values of upper concepts then final decision
Else update concepts on lower level (Interface (fuzzy rules))

kb E

*The interface is a set of fuzzy rules. An example of the fuzzy
rules:
* If value of OUT-LC1 is very high values then value of UC2 is very high.

In the same way, we can define a set of fuzzy rules for the
Interface from the upper-level toward the lower-level

Jose Aguilar
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Each function F; can be defined in different ways, In \'\.;.,
%‘

order to define the communication or relationship ‘«‘
between different CM:

\
o Fuzzy rules: they describe the relationship between the &
concepts of the different CM using the fuzzy sets |
theory. ’
r/

o Weights: the user can assign the weights of the
connections between the concepts of the different CM. |

o Mathematical Equations: The user can define
mathematical equations to describe the relationships
between the concepts of the different CM.



Definition of a MCM
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In a multilayer system the equation for calculating the
current status of the concepts of a CM is modified, in order
to integrate the function generated by the interface (F;):

-ﬁ'r

C,(i+1) =5 [Z W & E';;(i}] + F;(m.p)

=1

(1)

C,,(i+1) indicates the value of the concept m in the next iteration,
N indicates the number of concepts in the level where the concept m belong,

w,,, . indicates the value of the causal relationship between the concepts C, and C_, (they belong at the
same level),

S(y) is the function used to normalize the value of the concept, and

F.(m, p) is the function of the interface of the MCM, due to the relationship between the concepts p
and m in different levels (F; can be F1 or F2).

4
For a given level, there is a F; for each level to which is connected ,/
4
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Main algorithm of the MCM : '\
1 Repeat while CM1 and CM2 not converge globally. X
1.1 Repeat while CM1 not converge locally. ‘
Calculate concepts of CM1 using eq. 1 f
1.2 Repeat while CM2 not converge locally. |
Calculate concepts of CM2 using eqg. 1 r

1.3 Invoke interface (F; Is recalculated).
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MASOES Is an agent architecture for studying self-organizing
and emergent systems. The architecture Is divided into two
levels: individual and collective.

o The collective level follows the next ideas: in order to
generate emergent behavior, self-organization is based on a
set of rules that specifies the interactions among the system’s
components using only local information.

o The individual level consists of characterizing the reactive,
cognitive, emotional and social individual behaviors of each
type of agent in the system. The architecture at an individual
level Is made up of 4 components: Reactive; Cognitive;
Behavior and Social
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To design a Multiagent
Architecture for Self-
Organizing systems i.e
systems which produces a
state of a community of

agents where agents’
actions mutually adapt in a
coherent way through
behaviors that emerge from
local interactions among
them and from the changes
that take place in the
environment

Collective Level

Individual Level

MASOES

ollective Cognitive Emergence
y N

J
b

45

|:> General Interaction.
Highest Abstraction *

Level. Based on
Common Goals.

Group Interaction.
Social Networks.
Based on Goals by
Communities or
Groups.

Local Interaction.
Direct and Indirect.
Based on Individual
Goals.

Conscious Behaviours Oriented
by Goals.

Emotional Behaviours Oriented by
Emotions.

Unconscious Behaviours
Oriented by Stimulus.
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Collective

Knowledge Components at Collective Level

Social Reasoner

Collective Goal’s
Configurator \
Social KB
“Bottom-Up” ;

Approach
Social Component
Local Interactions: = | [ Individual Goal's
v &8% Direct and Indirect = | | Configurator ”
== |ndividual == I Cognitive
B @ . KB
B Knowledge B _,__J Deliberative Reasoner |
Base I i
. ’ 2 Cognitive Component |
: Emotional \
B Configurator M
e Behavior ]
. KB ]
=7 Behavior Manager s
o .
=I= [ Behavior Component <T
Components at Individual Level | —_—
Reactions Selector
Reactive
KB
Reactive Component
(7 Environment 71

y
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Verification method for MASOES.

o To verify the emergent and self-organizing properties in the -
modeled system. ‘t‘

o For this, MASOES uses concepts such as: density, diversity, ,
independence, emotions, self-organization, emergence, among &
others

o the proposed CM for MASOES verification establishes the ’
relationships between the architectonic concepts and those linked :
to self-organizing and emergent properties.

o The levels are:

o Level I: composed by the self-organizing and emergent properties,
representing the MASOES verification criteria,

o Level I1: composed by architectonic concepts of MASOES at the
collective level,

o Level I11: composed by architectonic concepts of MASOES at the 4
individual level. 4

Vs
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Self-Organization Emergence

O

FCM for Concepts .
linked to self-organized, @ Diversity + ndependence
emerging properties
Emotiveness Gath@
Type

Agent N° .
Indirect i
Aggregation
- l\/?egchgnism Feedback
< Mech. +
Feedback
Direqt -
Interaction
Direct Indirect Emotiveness
Interaction Interaction

A A A

Agent Emotional
State

f FCM for Architectonic Concepts

Behavioral
Component

Reactive
Component

CogrDA

‘ Component
Social
Component




CASE STUDY: WIKIPEDIA
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MASOES has been used to study the self-organizing and emergent properties in _
In the Wikipedia community. In this previous work have been used FCM tools, \
which support one level of CM "

N. Perozo, J. Aguilar, O. Teran, H. Molina, “A Verification Method for MA-SOES, IEEE Transactions on Cybernetics, , vol.43, pp.64-76, 2013!,

[

|

o Self-Organization: Wikipedia has the ability to self-organize. ‘
o Emergency: It is possible the emergence of articles and rules of operation, thanks to the collective

effort of people around the world. |
o Density: In Wikipedia, each article is the result of multiple contributions of a critical mass of [

participants, ensuring the quality of the content. ,
o Diversity: there are different individuals involved in both the creation, revision and maintenance

of content, and management of the platform that supports Wikipedia.
o Synthesis: The formation of social networks in Wikipedia, its rules and regulations, and the r

content managed with high standards, is the result of a process of aggregation and collective

cleansing.

o Independence: Each wikipedista involved in the process of generating content in Wikipedia,
initially is integrated according to their knowledge, skills, goals, and interests.

o Emotionality: It is measured by the satisfaction of Wikipedians according to their activities
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Verification method for MASOES.

Self-Organization

Emergence

Self-Organization Emergence

S
Y%
Level Il @ @

Emoliveness Gathering Agent Behavior
Type

Agent N° i i
- | :ndlrt:_ct Aggregation Feedback
nteraction Mechanism Mech. +
I - Feedback
Mech. -

Density

Independence

Emotiveness

Gathering

Direct Indirect
Interaction Interaction
Reactive
Component

Type of Emotion

Cognitive Behavioral
Social
Component

Level |

Direct
Interaction

Level Il



FCM for MASQOS
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« Study Case: Free Software Development based on
communities using the Bazaar Paradigm \

Scenario 1: ldeal Case for the LKDC &

Self-Organization

Emergence

Density

Emotiveness

Diversity

Gathering

Independence

-AgentsNumber

= [Jirect Interaction

q | === AgregationMechanism
(+)FeedbackMec

m— AgentBehaviorType
Indirect Interaction

7 | = (-)FeedbackMec
AgentEmocionalState
Social Component

* Cognitive Component

m=fl== Reactive Component

—&— Behavioral Component

Indirect Interaction

Walue of Concept

Evolution over time

-

y



FCM for MASQOS
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« Study Case: Free Software Development based on
communities using the Bazaar Paradigm

s | . \
Scenarlc_) 2: Affecting the Aggregation Scenario 3: Free Software Development| !
Mechanism.

through Cathedral Style

In this case, the initial value of the
aggregation concept will begin in 0.25, which
represents a decrease in its performance of
approximately 68 % with respect to its ideal
value for the LKDC.

Number of agents 0.1 the direct interactions
0.5, and indirect 0.5. (reduced group of
participants)and quality of the social
component is diminished (0.5) and the
emotional state (0.1) (establishment of a

SCENARIO 2: AFFECTING THE AGREGATION MECHANISM
N P ) P P P Py ~

..... SelfOrganization style of leadership and coordination )
W P S | Bl Emergence
0.9 Ts B e [ [ Density SCENARIO 3: DEVELOPMENT OF FREE SOFTWARE ACCORDING TO CATHEDRAL STYLE
ot ———
‘ Emativeness ‘ ‘ ‘ '
08+ 4] =----- Diversity 09r A ----- Sel-Organization
Gatherng | | Wiy oo 7T Emergence
08k A" Density
= 07k Independence . Emotiveness
s AgentsMumber o7l MY Diversity
S == Direct Interaction ol Gathering
S . . = Independence
= 06 AgregationMechanism o 06 Agentshumber
a (+}Feedbac|-cMec Direct Interaction
z — A BehaviorT 205 AgregationMechanism)
S 05 4 gentBehaviorType z (+)Feedbackllsc
Indiract Interaction = g4l AgentBehaviorType
P (—}FeedbackMec § : Indirect Interaction
04F . (-)FeedbackMec
- AgentEmocional State 0.3r AgentEmocionalState
Social Component s SocialComponent
@ Cognitive Component 02- 5 | —&— CognitiveComponent
03 T g ) p ReactiveComponent
Reactive Component 01k —— BehavioralComponent
- | —&— Behavioral Component
1 2 3 4 5 B 7 8 9 10 0

Ewvolution over time Evolution over time



CASE STUDY: WIKIPEDIA
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Implementation of the verification method for
MASOES like MCM |

CM of the Level | for Wikipedia

CM for the Levels Il and 111 of Wikipedia



CASE STUDY: WIKIPEDIA
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Implementation of the verification method for
MASOES like MCM

destination
0,110 Direct interaction.
-0,160 Indirect interaction.
0,500 Synthesis

mechanism

1,000 Emotionality
0,100 Density
0,566 Density
0,333 Density

CONNECTION WEIGHTS BETWEEN LAYERS
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We instantiate both CM in a
first scenario, which
represents the case of
Wikipedia in English, i.e.,
the case where almost all
concepts work correctly.

For that reason, the
architectonic concepts are
Initialized in a high state, in
order to contribute in an
important way to the self-
organization and emergence.

Vialor del Concepto
o s

st 2

Results obtained for Wikipedia in English, usi
CM with a level
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1.2 o =

Auto-Organizacion
Emergencia
Densidad
Emotividad

= = = Diversidad

] e e Results obtained f
2 I et Raente Wikipedia in English
: et Agegacion using a MCM

Mec, Retroa, +
Interaccion Indirecta

— = — = Mec Retro. -

—————— Tipo de Emocion
Componente Social
------ Componente Cognitivo
Componente Reac,
Componente Conductual

0 T T T *

o -

T 1 ]
1 2 3 4 5 6 7 8

Evolucién en el tiempo

The main differences are that

» Inamap of two levels its values are stabilized more quickly (only 3 iterations).

 Inaddition, the relationships between the concepts in different maps can be specifically
defined, which allows enriching the specification of the system under study.

« Finally, the design of these systems (verification method of MASOEYS) is natural with
MCM
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Modelo Cognitivo Difuso
Multicapa para la Identificacion
de TEA y Diagnostico Autista
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Entrevista para el Diagnostico
de Autismo-Revisada

Asai Le Couteun, Camenie Loso, JMiciuc, Rurren

Instrumento ADIR

ALGORITMOS

Algoritmo de |3 conducta actual
+ 2 ahos, 0 maces a 3 anas, 11 mases
« 4 afos, 0 mases a 0 afgs, 11 meses

+ 10 ahos, 0 meses on adelante

MARQUE A CONTINUACION FL ALGORITMO QUE VA A UTILIZAR:

Algoritmo diagndstice
=2 ahos, 0 meses a 3 afics, 11 meses Q’
- 4 akos, 0 mases en adelants ®

CONVERSION DE LOS CODIGOS
DE LOS ELEMENTOS A

Codizo

PURTUACION BE ALGORITMO

RESUMEN DE PUNTUACIONES
s Az[‘AT]
gt #|m2w —| 8340 — |

alz] @[ O] o z]

funtuacin

R )
O S

* Loy petn g corie o e pussien

Algertams Aprtma Bagosia Lk Mpeioen

Hignardca® 06 n et W (0t e
e do atx

Verbal
Total ¢ (G

Btald | 5

A. ALTERACIONES CUALITATIVAS DE LA INTERACCION SOCIAL RECIPROCA

ALGORITNG DF L4 CONDUCTA ACTUAL ALGORTHD DEAGHOSTES

m MAS
ANCGRE ISTE (0000 A 10 $IR ACTUAL ACTUAL  ANORMAL

Q8T 5 WL OTRO P ITCD.

[ixd doaricacion SCUICU
r »
311 aq o

: g o 2 ; Puntuacion
A1, heapacidad para utitizar conductas ro Yerbates en la regulacion de (a interaccion social do 'al;o.i,m

50  Miada directa

51  Sonrisa secial

57 Variedad de expresiones
acizles tsadaiopara comunicarse C J { ) € ]

Juego ‘maginativo con sus Iguales
62  Interes por okros NNas
63 Respucsta a Les aproximaci de
otros ninos

Juego en grupo con sus Iguates (puntue
si tiene entre 4 aros, 0 meses v 9 anos,
11 meses)

Amistades {puntiie si tiene 10 afies o
mis)

A3, Faita de gore o placer compartido

52 Mostrar y dirigir la atenciin

53 Ofrecimientos para compartir

54  Busca compartir su deleite o goce
con otios

A4, Falta de reciprocidad socio-emocional
31 Uodel QUIEIPO dé DA DeISina para
camunicarse

Qirecimienta de consseio

) &=

scciales

T agoritmo de laconducta actual de 10 anos enadelents
sile e aplicable a sujete “verbales” (elenento 30-0).
Para este grupa de edad ne existe un aigoritme de conducta
acteal para sujetos "no vertales™ (eRmentos 30216 2).
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Identificacion: __JPM Sexo: Varén D Mujer X
Fechade nacimiente: 02/03/2013 Fecha de evaluacion: _26/03/2015

T R U E T R U EUTTT R E E P vpTenmmmy (e concisger: ot oscai

ALGORITMO

NINOS MAYORES CON
ALGUNAS PALABRAS

Afectacion social (AS)

Comunicacién e -

Frecuencia de la vocalizacion espontdnea dinglda a otros i (A2) ["'

Senalar (AT) : 2

Gestos (A8) \ = :'

Interaccién social ndpfoca e - X

Contacto visual 1Y o gmos s e i G (B2 | 2
I n S t r u m e n t O Expresiones faciales dms)das aotros (B-4) " } ; 2

Integracion de la mirada y otras conductas durante las iniclaciones sociales (B+5) ’ § '» ) 1

Distrute compartido durante la interaccién (B-6) ’l !

Respuesta af nombre (B-7) - ) 1

Ignorar (B-8) 0

A D (5 TR SR T ALY (B-9) D o

Mostrar .. R S RS N (-5 V1) i f

Iniciacién espontanea de la atencidn conjunta ... (B-13) [ 0

Respuesta a la atencién conjunt. (B-14) { \

Caracteristicas de 1as iniciaci iales (B-15) , | o

Cantidad de fas iniciaciones sociales/familiar o cuidador .......oooveerrcene. (B-16b) ! 0

Calidad general de 12 relacion ... (B-18) ‘ 1]

-:-

Comportamiento restringido y repetitivo (CRR)

Comportamientos restringidos y repetitivos
Entonacién de las vocalizaciones 0 verbalizaciones ... (Ar3)

Interés sensorial inusual en los materiales de juego © en las personas ....(D-1)

Intereses inusualmente repetitivos o comportamientos estereotipados (D-5)

|

|
Movimientos de manos y dedos / postura (0-2) )i )

[

o oo

- ]
PUNTUACION TOTAL GLOBAL (AS + CRR) |

RANGO DE PREOCUPACION E IMPRESION CLINICA

Rango de pr pacién: _Leve - Moderada

1
mp O

tea Copyrght © 2002 by Weshern Popchological Services. Copyrght 0o B ecoiin espaiols © 2015 by TEA Edcones SALL
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Resultados de la Simulacién de los 27 Casos
ADOS2 proporcionados por la Dra Catalina

ADOS
CasoADOS-1
CasoBADOS-2
CasoADOS-3
CasoBADOS-4
CasoADOS-5
CasoBADOS-6
CasoADOS-7
CasoADOS-8
CasoBADOS-9

CasoADOS-10
CasoPADOS-12
CasoADOS-13
CasoADOS-14
CasoBADOS-15
CasoADOS-16
CasoFADOS-17
CasoPADOS-18
CasoPADOS-19
CasoADOS-20
CasoADOS-21
CasoADOS-22
CasoADOS-23
CasoADOS-24
CasoFADOS-25
CasoADOS-26
CasoADOS-27

Codigo@olor:&

ModuloX-AlgoritDiagnos
M1-NV-7afos
M1-NV-9afos
M1-V-9afosy3meses

M1-V-3anos

OFrRr WUk wNMMONMNOOPMULIOWO R PM~AOCULIOPEN B M

M1-NV-3afosy8meses
M1-NV-6afos
M1-V-9anos
M2-V-11lahos
M1-V-5anos
M1-V-9anosy3meses

M1-V-4anos
M1-V-3anos

M1-NV-6anos

M1-V-8ahosybmeses

M2-V-8afosy7meses
M2-V-11anos

C

ISR
15
10

7
4
1
5
14
9
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Resultados de la simulacion de 3 Casos diagnosticados

=Tamil A, &P E. l. (2011
Or eX ertOS deta”ados en el artmtxr@pergprlnzﬁzoffuzz ipageorglou SW|t(h norzllnear
LT IIIIIIIIIIIIIIIIIIIIIIIIIlIIIH: | hebbian learning algorithm in predicting autistic digrder. Expert

Systems with Applications, 38(3), 1282-1292.
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Analisis de los tres resultados: B
El modelo replica o sigue de manera consistente los tres diagnosticos del experto. r
f'//

Usando modelo MCHAT
(psicologos han cuestionada ese modelo)



Simulacidén de 40 Casos de la Base de

datos usada en
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Kannappan, A., Tamilarasi, A., & Papageorgiou, E. I. (2011).
Analyzing the performance of fuzzy cognitive maps with nonlinear
hebbian learning algorithm in predicting autistic disorder. Expert
Systems with Applications, 38(3), 1282-1292.

Analisis de Resultados Griegos:

Accuracy Percentage = (20/23 +10/13 +3/4)/3 =79.9%

Tiene un ERROR de 21% en 40 casos

Analisis de resultados Nuestro:

32 Casos buenos (Estan dentro del rango)
indicados por la flecha verde
Accuracy Percentage: 84.2%
DA PA NA
(25/25+ 7/10 + 0/4)/3

I——

Tiene un ERROR de 15% en 40 casos

TR TR

Salida Experto Modelo Nu

.73
.75
.76
.73
.72
.76
.75
.71
.70
.73
.75
.77
.76
.73
.77
.73
72
.20
.70
.71
.33
.20
.32
.20
.30
.30
.39
.23
.28
.25
22
.83
.57
.73
.61
.36
.78
.73

Casol
Caso2
Caso3
Caso4
Caso5
Casob
Caso7
Caso8
Caso9
Casol0
Casoll
Casol2
Casol3
Casol4
Casol5
Casolé6
Casol7
Casol8
Casol9
Caso20
Caso21
Caso22
Caso23
Caso24
Caso25
Caso26
Caso27
Caso28
Caso29
Caso30
Caso31
Caso32
Caso33
Caso34
Caso35
Caso3@oyec
Caso37
Caso38

CO0O00000000000000O0O0O0OO0OOO0OO0OO0OO0OO0OOOOOOOO0O0O0O0OO0OO0OO0

0.722

AUTISMO-10
AUTISMO-10
AUTISMO-10
AUTISMO-10
AUTISMO-10
AUTISMO-10
AUTISMO-10
AUTISMO-10
AUTISMO-10 |

AUTISMO-10 =
AUTISMO-10 |

AUTISMO-10 |
AUTISMO-10

AUTISMO-10 =

AUTISMO-10
AUTISMO-10
AUTISMO-10
AUTISMO-10
AUTISMO-10
AUTISMO-10
TEA-4

TEA-4
AUTISMO-7
AUTISMO-6
TEA-5
AUTISMO-7
AUTISMO-7
AUTISMO-7
AUTISMO-8
TEA-5
AUTISMO-8
AUTISMO-8
AUTISMO-9
AUTISMO-7
AUTISMO-9
AUTISMO-8
AUTISMO-7
AUTISMO-8



Conclusions
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o The extension of MCM is essential to allow the u§
of the CM in problems where the utilization of
several CM is natural to model the system. 'a{,

o Our proposal of MCM allows the introduction of a| ’
way to follow the dynamics of systems, now
through the relationships that exist between * f
various CM, which describe the system, In
particular, through the interface that define the
dynamic relationships between these various CM*




Tools based on FCMs
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The FCModeler tool. \

http://orion.math.iastate.edu/danwell/GET/GETFC.html

FCM Designer
http://www.ing.ula.ve/~aguilar/desarrollo-software/desarrollo-
software.html

FCM Research Group - epapageorgiou
www.epapageorgiou.com/index.php/fcm-research-group

CARTES CAUSALES DANS LES SYSTEMES
MULTIAGENTS (Multiagent-Causal Maps.1.0)
http://www.damas.ift.ulaval.ca/~fabiola/recherche/

Amit Roy has written an FCM tool as Python CGil.
http://www.artecs.net/cgi-bin/FCM.cgi

The fuzzy cognitive map applet. y

http://www.ochoadeaspuru.com/fuzcogmap/software.php /
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*Obviously, the success of a particular FCM model depends greatly
on the selection of concept nodes and the interpretation of state
vectors.

*Generally, a FCM exhibits a number of desirable properties that

make it attractive:
*Provide qualitative information about the inferences in complex
dynamic models.
«Can represent an unlimited number of reciprocal relationships.
Facility the modeling of dynamic, time evolving phenomena and
process (it has defined learning procedure).
*Has a high adaptability to any inference with feedback.
« Another important characteristic is its simplicity, the result of each
cycle is computed from an specific equation.
*Most of the computations are intrinsically parallel and can be
Implemented on SIMD or MIMD architectures.
*The ability to easily model uncertain systems at low cost and with
adaptive behavior



