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Abgract

This paper presents the overview of an ongoing
project which goa is to obtain and simulate the
dynamics of qualitative systems through the
combination of the properties of Fuzzy Boolean
Networks and Fuzzy Rule Based Cognitive Maps.

1. Introduction

Decision makers, whether they are socia scientists,
politicians or economists, usually face serious
difficulties when approaching significant, rea-world
dynamic systems. Such systems are composed of a
number of dynamic concepts interrelated in complex
ways, usually including feedback links that propagate
influences in complicated chains. Axelrod work on
Cognitive Maps (CMs) [1] introduced a way to
represent realworld qualitative dynamic systems, and
several methods and tools[2][3] have been developed
to analyze the structure of CMs. However, complete,
efficient and practical mechanisms to analyze and
predict the evolution of datain CMs are necessary but
not yet available for several reasons [4]. System
Dynamics tools like those developed by J.W.Forrester
[5] could be a solution, but since in CMs numerical
data may be uncertain or hard to come by, and the
formulation of a mathematical model may be difficult,
costly or even impossible, then efforts to introduce
knowledge on these systems should rely on natural
language arguments in the absence of formal models.
Fuzzy Cognitive Maps (FCM), as introduced by Kosko
[6], are an alternative approach to system dynamics.
However, in most applications, aFCM isindeed aman-
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trained Neural Network that doesn't share the
qualitative properties of other fuzzy systems [7], and
the modeled system ends up being represented by a
quantitative matrix without any qualitative knowledge.
Therefore, we can say that there are currently no tools
available to adequately represent the dynamics of
qualitative systems.

Even if we had the toolsto represent and analyze those
systems, a different issue would be the building of a
qualitative CM. The standard methodology for
acquisition of the necessary data relies usually on

lengthy processes of individual and simplistic
information collection: the result ends up being alist of
quantitative relevant world concepts displayed as a
matrix where weights represent the relations between
those concepts [2][3][4][6]. Therefore we end up with
quantitative CMs where any vestiges of a system with
real-world rich qualitative entities and rich qualitative
relations were simply ignored. Besides, there is the
additiona problem of combining the views of different
analystsinto one single map, which is usually done by
simple math operations between the resulting matrixes.

This paper presents a general overview of an ongoing
work that pretends to potentiate two origina research
linesto solve the problems presented above.

The first research line is in the potential use of really
Qualitative Cognitive Maps as a tool not only to
describe but also to simulate scenarios in qualitative
real world systems like Socid Conflicts, Political
Science cases or Economic real-world problems. Fuzzy
Rulebased Cognitive Maps (RB-+CM) [7][8][9][10]
were introduced in previous works and are still being
developed. They provide new Fuzzy Operators and a



complete methodology for analysis and design of the
dynamics of qualitative systems.

The second research line develops a new class of
Boolean Neura Nets - Fuzzy Boolean Networks (FBN)
[12][12][13]- which behave like fuzzy systems and are
capable of non supervised learning of rules and of
using the learned rules in qualitative reasoning.

2. Automatic Implementation and
Simulation of Dynamic Qualitative
Sygems

This paper purposes and introduces the overal
architecture of AISCMap (A utomatic Implementation
and Simulation of Cognitive Maps). AISCMap should
automatically generate a RB-FCM using FBN for the
acquisition of the rules, concepts and relations that
compose the map, alowing the simulation of “What-if”
scenariosin the qualitative system that it models.
AISCMAP can be described in the following steps:

a) Experts analyze the system and provide their

inputs under several formats.

b) The FBN module learns and combines the
expert knowledge and trandates it into a
cognitive map.

¢) RB-FCM are used to represent and simulate
the resulting system.

d) “What-if” scenarios can be simulated to
predict the evolution of the modeled system.

The following sections provide a smplified description
of AISCMap, including somewhat more detailed
presentations of RB-FCM and FBN since they are
essential to the understanding of the problem.

21. Fuzzy Boolean Networks

Neurd Networks are known for their capability in
apprehending relationships among variables, but is
aso well known their difficulty in expliciting these
relations into human comprehensive rules [15]. Fuzzy
logic based systems are very useful in explaining
behaviors by a set of qualitative rules [14], but are not
so good in which concerns learning of those rules. A
synergetic cooperation between these two paradigms
leads usually to hybrid systems that can learn and also
explain the relationships by rules. However, these
hybrid systems are usually an artificial engineered
human work, where agorithms as well as fuzzy and
neural components are "inserted" into the system.
Although being based on common grounds, FBN are a
new class of neural fuzzy systems that don't have
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systems. Fuzzy qualitative reasoning is a natural and
emergent property of Boolean networks [11][12]. These
nets present many similarities with natural systems.
They are capable of learning rules from non-supervised
experiments in a Hebbian-like manner and they can
automatically adapt to the granularity [13] of the
antecedent variables and select the relevant ones. FBN
are Boolean Nets with Macroscopic Emergent Fuzzy
Reasoning, which alows them to extract qualitative
rules from experimental data [11][12]. Here are some of
the main FBN features:

V ariables/Concepts are associated with neural areas
Values are given by neura activation

Loca Random Neural Connections

Macro Structured (Links connecting Areas)
Hebbian like Non-supervised Learning by
experiments

Embedded Variable Sdection and Granular
adaptation

2.2. RB-FCM: Representing and Modding Real World
Qualitative Dynamic Systems

RB-FCM provide a representation of the dynamics of
complex real-world qualitative systems with feedback
and allow the simulation of the occurrence of events
and their influence in the system. They are fuzzy
directed graphs with feedback, which are composed of
fuzzy nodes (Concets), and fuzzy links (Relations). RB-
FCM are true cognitive maps (CM) since are not limited
to the representation of causal relations. Unlike FCM,
concepts are fuzzy variables defined by fuzzy
membership functions (mbf), and relations are defined
with fuzzy rule bases. RB-FCM are essentialy fuzzy
rule based systems where we added fuzzy mechanisms
to deal with feedback, and different kinds of relationsin
order to cope with the complexity and diversity of the
qualitative systems we are trying to model.

RB-FCM are iterative: the current value of each
concept is computed with its inputs previous values.
The evolution of the system through time might reach
equilibrium and converge to asingle state or a cycle of
states under certain conditions [10]. Severa
simulations are necessary when possihilistic and/or
probabilistic relations are involved.

One of the main important uses for a dynamic model of
a system is the analysis of "WHAT-IF" scenarios
(“What happens to the system when some event
occurs?’), since the change of state in one or more

concepts or relations affect the system in waysthat are
usudly difficult or impossible to predict due to complex
feedback links. RB-FCM are well adapted to these
analysis, since they can dea with the timing issues
involved in the study of these scenarios (RB-FCM
include mechanisms that allow the inhibition of certain
relations and/or concepts when they have no influence
on a given instant) and also because introduction or
removal of concepts and/or relations are possible and
easily done without the hassle of the exponential
increase of rules usualy associated with fuzzy rule-
based systems|[7][9].

221. Concepts

Concepts represent the actors, entities and social,
political, economic or abstract concepts that compose
our system. Examples of concepts might be Inflation,
the actions of an influent Politic, a Revolution, the
Weadlth of an individual or a nation, the Welfare of
population, Road conditions, etc.

In RB-FCM we can have 2 kinds of concepts: Levels
and Rates’. Levels represent the absolute value of a
concept in a given instant. Rates represent the
variation of the concept since the last iteration. Some
entities are represented by Levels, others by Rates, and
some few need the use of both. Usualy only the Rate
is important in causa relations [9][10][16][17], and
since these are the most used relations in CM[18],
many systems do not need the absolute value of a
concept.

Level Rate

Concepts are fuzzy variables. Each has a set of mbf that
defines it. The mbf of a Rate represent the variation of
the concept, usually from Decrease Very _Much to
Increase Very Much, or from Very_Much Worse to
Very Much Better, and wusualy have several
restrictions [9]. The mbf of aLevel represent itsvarious
possible values and are not restricted: they can range
from the representation of a quantity, to its severa
possible states. When both Rate and Level of a
concept are present it is necessary to guarantee certain
conditions to maintain coherence between the absolute
value of a concept and its variation. These conditions
arepresentedin [10].

YIn previous papers, Rates are referred as Changes.
This dteration was made to maintain a certain
coherence with Quantitative System Dynamics [5][19]



22.2. Rdations

Relations represent the interactions between the
concepts present in the system. In RB-FCM, relations
are defined by the use of different kinds of fuzzy
“If...Then” rule bases. Mechanisms to support the
several types of relations have been developed [10].
Presently RB-FCM allow thefollowing relations:
Fuzzy Causal Reations (FCR) [9]- FCR use a new
fuzzy operation (Fuzzy Carry Accumulation [9]) to
provide a causal accumulative effect (not possible
with usual fuzzy rule based inference) that allows
the modeling of non symmetric/non monotonic
accumulative causal reasoning.
Influence Relations (FIR) - model influence relations
using classic fuzzy “If... Then” rule bases.
Possbiligic Rdations (P9)- allow the simulation of
alternative complementary scenarios.

Invariant and Time Variant Probabiligic (Pr) -
introduce probability of occurrence to uncertain
causal relations.

Possibiligtic and Probabilistic (PrPs)

Fuzzy Similarity (FS) - measure the similarity of
different concepts.

Levd/Rate (L>R, R>L, R<>L) - maintain coherence

between a Level concept and its correspondent
Rate.

223. RB-FCM Syntax

RB-FCMSyntax is a language that was developed to
describe real-world qualitative systems in RB-FCM. It
alows the definition of the concepts, relations, fuzzy
mbf, etc. that compose the system. In order to simplify
the description of the systems, macro mechanisms
allow the definition of simple monotonic and symmetric

causal relations (which are the only relations present in
Fuzzy Causal Maps) with asingle instruction.
A few examples:

CRate Inflation ® Defines a Rate concept named
Inflation in the system

MBF Good 60,80,90 ® Defines the triangular mbf
Good

Inflation Decrease,Maintain,Increase ® Definesthe
mbf of concept Inflation

FCR CCorp_Results Good, CCorpVdue IM ®
Defines the following Fuzzy Causa Relation: If
Results of CorporationC are Good Then Stock
Market Vaue Increases Much

FCR+ Interest_rate, Inflation ® A macro (set of
rules) that defines a positive causa relation
between the Interest Rate and Inflation (If the
Interest Rate increases then Inflation will increase,
If the Interest Rate increases much then Inflation
will increase much, If the Interest Rate decrease
then Inflation will decrease, etc.)

FCR -
LA Fuzzy Relation

Rate A Level A (defined in a fuzzy rulebase
(Fuzzy Concepts) Or amacro)

Figurel- A generic RB-
FCM

2.3. Inputsfor AISCMAP

The inputs for AISCMap consist of the output
provided by expert’'s analysis of the system to be

modeled. Even after debate, each expert usually hasits
own view of the problem and a preferred way of
representing the system. There are several methods to
represent a cognitive map, from a smple drawing

expressing concepts and the connections between

those concepts, to a complete and detailed description
of the concepts and the nature and characteristics of

therelations relating them (RB-FCM Syntax).

The simplest map consists of alist of relevant concepts
and the indication of the existence or non-existence of



a relation between each pair of concepts. These maps
can be represented by a square matrix with “0” and “1”.
These are unfortunately the most commonly analyzed
causal maps, and provide no qualitative description at
all. These maps can beimproved if one uses more detail
to describe the relation, like a discrete or continuous
value instead of a binary one. This value might
represent the intensity or the importance of the relation
in the expert view (dtill no qualitative knowledge,
though, and limited to a single kind of relation, usually
monotonic and symmetric causal relations).

The next step in detail includes a description of each
concept (its possible values or states), and an
identification of the kind of relation involved.

The ideal map description for a qualitative system
should include the description of the concepts and
relations using natural language (which would alow
the representation of the nuances characteristic to
these systems).

The problem with detailed descriptions relies on the
fact that often experts are not able or do not have the
time or data to provide the necessary detail. This
problem can be solved if the experts provide examples
instead of a complete description. Given enough
examples for each relation, the FBN can extract fuzzy
qualitative rules to completely describe the system.

These different types of descriptions not only must be
somehow translated/introduced in AISCMAP, but they
must also be somehow combined into asingle map.

24. From FBNtoRB-FCM: Sructuring the maps

The FBN module of AISCMAP should extract RB-FCM
concepts, rules and relations from the expert raw data
combining them into a single qualitative cognitive map,
being the map described using RB-FCMSyntax.
Therefore it is necessary to extend the working
principles of the FBN to the problem of RB-FCM. This
involves the adequate definition of the relationship
between concepts and structure of the Maps and the
neural areas and sub-areas as defined on the FBN.

In which concerns the relationship between the
structure of the Maps and the neural areas of the
FBN's, thefollowing principles were taken:

Each concept mentioned by experts is transated
into acorresponding neural area.

For each causal relation between two concepts
results that each neuron on the consequent area
receives m inputs coming from the outputs of
randomly chosen antecedent neurons.

For non-causal relations (which can have more than
one antecedent), each consequent neuron receives
a set of minputs from each antecedent area (again,
randomly chosen among the antecedent neurons
on each areg).
This means that there is a natural and automatic
mapping from expert descriptions to the topology of
the FBN. If there are different descriptions from
different experts, a global topology is made including
every concept and connection described. At t hisstage
this can be done, since only the topology is
established, without any quantitative or qualitative
relationship among variables and, thus, without
contradictions.

Once the network topology is established, the learning
process [12] for such Boolean networks can be used to
establishinternal rulesand relations:

a) If experimental raw data is used (examples), areas
associated to the relevant concepts are intensified
accordingly (in order learning can be performed), as
follows:

If there is a large number of Yes/No input data,
either for antecedents or consequents or both, (e.g.,
a large number of experiments where the relevance
is associated with the presence/absence of the
concepts), input data can be directly mapped on
neuron values. Actualy, this implies a dlightly
modified version of the network topology since
thereisaneed to “synchronize” the several Yes/No
and the neural connections will not be completely
random.

If concepts have a continuous or multi-valued
“universe of discourse” the intensification of the
neurons on the corresponding area can be made
proportionally, that is, the fraction of neurons set to
“one” equals the value of the concept (this set of
neurons is chosen randomly, though).
b) If experts expose their opinions using a qualitative
language (e.g., if concept A increases concept C will
decrease much, or, if concept A and concept B are
medium concept C is low), each area is intensified
accordingly, as above, in order to learn those
assertions. It should be noticed that, as the topology
of the network can accommodate feedback pathes,
relative concept modifications, such as “increases a
little”, pose no major problem on the implementation.
One may associate neural areas to those modifications
(for antecedent concepts or consequent aswell).



At this stage contradictions may exist, for example, two
experts present different consequent results. If the
number of learning experiments is large enough this
pose no problem, since the learning process itself
solves statistically these problems. If not, care must be
taken and one may use, for each expert assertion, a
number of experiments proportional to the importance
given to the expert. These experiments are not repeated
but, rather, they are generated randomly (in fact, the
activated neurons are chosen randomly), but alwaysin
accordance with the assertion.

3. Condludons

AISCMAP is an ongoing work that is the result of a
synergic approach of two different areas. Most of its
modules are on an advanced stage of evolution, and
the obtained results are promising, but thereis till alot
of work to be done especially on the interaction
between the expert results and the inputs to the
system; and on the interaction FBN/RB-FCM.
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