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ABSTRACT 

Fuzzy cognitive maps (FCMs) are a flexible and powerful soft computing technique for modeling 

and simulating systems. FCMs can successfully depict knowledge and human experience, 

introducing concepts to represent the essential elements and the cause and effect relationships 

among the concepts to model the behavior of any system. In this paper, the process of gathering 

and integrating knowledge from experts in form of fuzzy cognitive maps is enhanced with a 

graph-based learning method in order to the improve effectiveness of the final digraph.  
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INTRODUCTION 

 In tackling complex real world problems, decision makers commonly seek to find and 

integrate different experts' knowledge and experiences about the problem situation. This multi-

expert approach is applied to different fields of management from construction (Lin et al, 2008), 

health and clinical practice (Greenhalgh et al, 2008) and Financial management (Sun et al., 2007) 

to facility location selection (Chou et al, 2008). 

FCMs were originally developed by Kosko (1986, 1988, 1992, 1997), and since then 

successfully applied to numerous domains, such as engineering, medicine, control, and political 

affairs. Their popularity stems from the simplicity and transparency of the underlying model. 

FCMs constitute an attractive knowledge-based methodology, combining the robust properties of 

fuzzy logic and neural networks. FCMs represent causal knowledge as a signed directed graph 

with feedback and provide an intuitive framework which incorporates the experts’ knowledge. 

At the same time FCMs are hindered by necessity of involving domain experts to develop the 

model. Since human experts are subjective and can handle only relatively simple networks 

(maps), there is an urgent need to develop methods for automated generation of FCM models. 

 In order to construct an FCM, usually a group of experts are asked to determine the key 

factors and their relationship in a brain storm meeting. They discuss different aspects of the 

system under investigation and determine the structure and interconnections of the system with 

fuzzy conditional statements. Each expert might draw his own FCM which can be different from 

the others.  With use of the assigned weights by all experts and the degrees of similarity between 

concepts, a constructed FCM is then built (Khan et al., 2004; Stach et al., 2005; Schneider et al., 

1996; Rodriguez-Repiso et al., 2007). In some situations, when similarity of concepts does not 

necessarily mean the causality between them, FCM cannot be constructed using this method. 
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This paper focuses on the development of a new method based on using experts' knowledge for 

constructing an augmented FCM. This method uses a graph-based relational learning algorithm 

for finding the relational patterns in each FCM and drawing the unique substructures of them. 

This substructure helps us understand the basic cognitive structure of the system. Finally a 

substructure of the most frequent patterns in each FCM is produced which is the constructed 

FCM of all experts. 

 

FUZZY COGNITIVE MAPS 

 Cognitive maps are digraphs and have their historical origins in graph theory, which 

started with Euler in 1736 (Biggs et al., 1976). In digraphs, each relation or connection between 

variables or nodes has a direction (Harary et al., 1965). Axelrod (1976) was the first to use 

digraphs to show causal relationships among variables as defined and described by experts, 

rather than by the researcher himself. He called these digraphs cognitive maps. Different 

successful studies showed cognitive mapping is effective in complex problem situations. (Bauer, 

1975; Bougon et al., 1977; Brown, 1992; Carley and Palmquist, 1992; Cossette and Audet, 1992; 

Hart, 1977; Klein and Cooper, 1982; Malone, 1975; Montazemi and Conrath, 1986; Nakamura et 

al, 1982; Rappaport, 1979; Roberts, 1973). 

 Fuzzy Cognitive Maps (FCMs) are graphical representation including nodes determining 

the most relevant factors of a complex system and links between these nodes determining the 

relationships between those factors (Rodriguez-Repiso, 2005). FCM is a modeling methodology 

for complex systems, which is originated from the joining of fuzzy logic and neural networks. 

FCMs describe the behaviour of a complex mostly dynamic system in terms of concepts that 
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represent an entity, a state, a variable, or a characteristic of the system (Xirogiannis & Glykas, 

2004).  

 FCMs have been applied in simulation (Fu, 1991), the physiology of appetite (Taber and 

Siegel, 1987), modeling of organizational strategies (Paradice, 1992), political developments 

(Taber, 1991), support for strategic problem formulation and decision analysis (Eden & 

Ackermann, 1993), electrical circuits (Styblinski and Meyer, 1988), knowledge bases 

construction (Silva, 1995), virtual world of animals (Dickerson and Kosko, 1994), managerial 

problems diagnosis (Carrico & Guimaraes, 1997), organizational behavior and job satisfaction 

(Craiger et al., 1996), failure modes effects analysis (Pelaez & Bowles, 1995), requirements 

analysis (Montazemi & Conrath, 1986), systems requirements specification (Downing & Fickas, 

1992), urban design support (Xirogiannis, Stefanou, & Glykas, 2004), relationship management 

in airline services (Kang, Sangjae, & Choi, 2004) and web-mining inference amplification (Lee, 

Kim, Chung, & Kwon, 2002). 

 

The FCM Representation 

In Figure 1, a simple FCM (graph) representation is illustrated which has five generic nodes (C1 

to C5) and the weighted arcs (edges) showing the relationships between concepts. In this simple 

fuzzy cognitive map, the relation between two nodes is determined by taking a value in interval 

[-1, 1]. While -1 corresponds to the strongest negative, +1 corresponds to strongest positive one. 

The other values express different levels of influence. This model can be presented by a square 

matrix called an adjacency matrix (Ad). 



Journal of Economic Development, Management, IT, Finance and Marketing, 1(1), 103-125, Sept. 2009 
 

 

 

107

 

Figure 1 - Representing a simple Fuzzy Cognitive Map 

MINING OF FREQUENT PATTERNS FROM GRAPHS  

Graph data mining aims to discover interesting and/or useful patterns that are hidden in a given 

set of graphs and to use them as explicit knowledge. Graph-based modeling has emerged as a 

powerful abstraction capable of capturing in a single and unified framework many of the 

relational, spatial, topological, and other characteristics that are present in a variety of datasets 

and application areas. (Kuramochi et al., 2005) A number of researchers have developed data 

mining algorithms that work with graphs in many different fields such as link analysis (Jensen 

and Goldberg, 1998; Kleinberg et al., 1999; Kleinberg, 1999; Palmer et al., 2002), semantic web 

(Berendt et al., 2002), behavioral modeling (Wasserman et al., 1994; Mooney et al., 2004), VLSI 

reverse engineering (Yoshida and Motoda, 1995). 

There are two distinct problem formulations for graphs frequent pattern mining, (1) graph-

transaction setting and (2) the single-graph setting. Graph-transaction setting uses a set of 

relatively small graphs (called transactions) as input, whereas in the single-graph setting the 

input data is a single large graph. The different input datasets affect the way that the frequency of 

the various patterns is determined. Graph-transaction setting determines the frequency of a 

pattern by the number of graph transactions that the pattern occurs in, regardless of how many 
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times a pattern occurs in a particular transaction. On the other hand, in the single-graph setting, 

the frequency of a pattern is determined by the number of its occurrences in the single graph.  

In recent years, many efficient algorithms have been developed to find patterns in the graph-

transaction setting (Borgelt and Berthold, 2002; Yan and Han, 2002; Inokuchi et al., 2003; Hong 

et al., 2003; Yan and Han, 2003; Huan et al., 2003; Kuramochi and Karypis, 2004). These 

algorithms are complete in the sense that they are guaranteed to discover all frequent subgraphs 

and were shown to be scalable to large graph datasets. Existing algorithms that are guaranteed to 

find all frequent patterns are (Ghazizadeh and Chawathe, 2002; Vanetik et al., 2002) and 

algorithms that are heuristic, such as GBI (Yoshida et al., 1994) and SUBDUE (Holder et al., 

1994) which can use powerful measures such as information entropy, gini-index and description 

length to figure out important graph structures (Yoshida and Motoda, 1995; Cook and Holder, 

1994). 

 

Figure 2 - Subdue discovers common substructures within multiple graphs 

Graph-based relational learning is focused on finding novel and meaningful, but not necessarily 

most frequent, substructures in a graph representation of data. Using SUBDUE as a graph-based 

relational learning system (Holder et al., 1994) we can discover interesting,  useful approximate 
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substructure patterns in structural data which is based on minimum description length (MDL) 

(Rissanen, 1989) principle and optional background knowledge. SUBDUE not only discovers 

patterns which abstract instances of the patterns by compression, but also provides better 

understanding of the data (Cook and Holder, 1994). Using background knowledge given as 

predefined substructures can guide graph-based relational learning to find more meaningful 

substructures. SUBDUE has been applied to a variety of areas such as Chemical Toxicity, 

MolecularBiology, Security and Web Search. 

Subdue uses a variant of beam search for its main search algorithm which is depicted in Figure 3 

and summarized in Figure 2. It grows a single node incrementally by expanding a node in it. At 

each expansion it searches for the best total description length: the description length of a pattern 

and the description length of the graph set with all the instances of the pattern condensed into 

single nodes. SUBDUE performs approximate matching to allow slight variations of 

substructures, thus supporting the discovery of approximate substructures. 

SUBDUE(Graph,BeamWidth,MaxBest,MaxSubSize,Limit) 

ParentList = Null; 

ChildList = Null; 

BestList = Null; 

ProcessedSubs = 0; 

Create a substructure from each unique vertex label 

and its single-vertex instances; 

Insert the resulting substructures in ParentList; 

while ProcessedSubs ≤ Limit 

and ParentList not empty 

do 

while ParentList is not empty 

do 

Parent = RemoveHead(ParentList); 

Extend each instance of Parent in all possible 

ways; 

Group the extended instances into Child 

substructures; 

for each Child 

do 

if SizeOf(Child) less than MaxSubSize 
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then 

Evaluate Child; 

Insert Child in ChildList in order by value; 

if BeamWidth < Length(ChildList) 

then 

Destroy substructure at end of ChildList; 

Increment ProcessedSubs; 

Insert Parent in BestList in order by value; 

if MaxBest < Length(BestList) 

then 

Destroy substructure at end of BestList; 

Switch ParentList and ChildList; 

return BestList; 

Figure 3 - SUBDUE’s discovery algorithm 

SUBDUE’s search is guided by the MDL principle given in Eq. (1), where )(SDL is the 

description length of the substructure being evaluated, )\( SGDL is the description length of the 

graph as compressed by the substructure, and )(GDL is the description length of the original 

graph. In this technique, the best substructure is the one that minimizes compression ratio:  

)(

)\()(

GDL

SGDLSDL
nCompressio

+
=  (1) 

MULTI-STEP FCM LEARNING METHOD 

The proposed multi-step FCM learning approach includes the following steps: 

(1) Drawing of fuzzy cognitive maps for each expert, 

(2) Coding the fuzzy cognitive maps into adjacency matrices, 

(3) Categorizing the weights of relationship and labeling the arcs accordingly, 

(4) Preparing the FCMs for being used by SUBDUE algorithm, 

(5) Running and collecting the results of learning algorithm, 

(6) Translating the results to an FCM, 

(7) Checking the validation of the FCM with experts. 

These steps are illustrated with a real world problem situation case study on using VOIP (Voice 

over IP) technology instead of satellite telephones in offshore industry. 
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ILLUSTRATION OF THE FCM METHOD 

Background 

Iranian Offshore Engineering and Construction Company (IOEC) is the first Iranian general 

contractor in the oil and gas industry, specializing in offshore engineering, procurement, 

construction, pipe coating, pipe laying, and installation of jackets, TopSites, etc. IOEC designs, 

procures, builds, installs and services a complete range of offshore surface and partial subsurface 

infrastructure for the offshore oil and gas industry. With more than 400 employees operating 

wherever there is offshore oil and gas activity. IOEC is one of the largest truly integrated 

offshore and subsea pipeline companies in the Middle East. 

IOEC has successfully expanded its offshore services providing projects with full marine fleet 

support for pipe laying, installation, hook-up, and commissioning. Today as a Holding Company, 

IOEC is planning to extend its oil, gas and petrochemical activities to onshore and offshore, 

upstream as well as downstream activities and operations. IOEC owns over $600 million in 

assets including fabrication yards, concrete weight coating plant (CWC), pipe laying vessels, 

various lifting vessels, barges and other relevant equipment . 

In the recent years IOEC has been growing considerably. This philosophy set out in this section 

has been developed to help IOEC maintain its position as a general contractor in the offshore oil 

and gas industry and to help to attain its aim of becoming "the contractor of choice across the 

range of products and services that they offer." 

In IOEC, telecommunication project started in June 2001 with the scope of telecom building 

utilities, detail engineering, supply equipment/material, construction and installation, testing, 

commission and training. Different communication systems were developed such as VHF radio 

system, paging radio system, marine radio system, and satellite communication. Voice over IP 



Journal of Economic Development, Management, IT, Finance and Marketing, 1(1), 103-125, Sept. 2009 
 

 

 

112

technology is regarded as essential for economic communications between the company’s 

vessels, offices in Iran and abroad. Different aspects of developing this new technology was 

captured by five experts and therefore five FCMs were drawn. 

In the following steps, to augment all experts' knowledge, a graph learning method is used. 

Step 1: Drawing Of Fuzzy Cognitive Maps for Experts 

Experts develop FCMs or mental models manually based on their knowledge in related area. At 

first, they identify key domain aspects or concepts (Table 1). Secondly, each expert identifies the 

causal relationships among these concepts and thirdly estimates causal relationships strengths. 

This achieved digraph (FCM) shows not only the components and their relationships but also the 

strengths (Figure 4). 

Table 1 

Main concepts in the field of new technology development which is identified by all experts 

Node Concept 

A 
Complexity of new 
technology 

B Integration risk 
C Technology development 

performance 
D Actual testing results 
E Discrepancy 
F Target testing results 
G Redevelopment 
H Technology development risk 
I Technology maturity 
J Training 
K Technology development 
L Technology development 

management 
M Testing Effort 
N Actual Costs 
O Cost Overrun 
P Funding 
Q Funding Stability 
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Figure 4 - A fuzzy cognitive map describing the technology development aspects which is 

drawn by one expert (FCM 01) 

All these five FCMs have the same concepts (which were agreed by all five experts) but different 

relationships and weights. In the next step FCMs are coded into their adjacency matrices. 

Step 2: Coding the Fuzzy Cognitive Maps into Adjacency Matrices 

Collecting every five fuzzy cognitive maps, FCMs are coded into weight matrices (adjacency 

matrices) as shown in Table 2. 

Table 2 

The adjacency matrix for FCM 01 

concepts A B C D E F G H I J K L M N O P Q 

A  0 0 0 0 0 0 0.45 0 0 0 0 0 0 0 0 0 
B 0  0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
C 0 0.6  0 0 0 0 0 0 0 0 0 0 0 0 0 0 
D 0 0 0.54  0.76 0 0 0 0 0 0 0 0 0 0 0 0 
E 0 0 0 0  0 0.55 0 0 0 0 0 0 0 0 0 0 
F 0 0 0 0 0.78  0 0 0 0 0 0 0 0 0 0 0 
G 0 0 0 0.7 0 0  0 0 0 0.24 0 0 0 0 0 0 
H 0 0.3 0 0 0 0 0  0 0 0.59 0 0 0 0 0 0 
I 0 0 0 0 0 0 0 0.87  0 0 0 0 0 0 0 0 
J 0 0 0 0 0 0 0 0.66 0  0 0 0 0 0 0 0 
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K 0 0 0 0 0 0 0 0 0 0  0.11 0.56 0 0 0 0 
L 0 0 0 0 0 0 0 0 0 0 0  0 0.11 0 0 0 
N 0 0 0 0 0 0 0 0 0 0 0 0.87  0.48 0 0 0 
M 0 0  0 0 0 0 0 0 0 0 0 0  0.34 0 0 
O 0 0 0 0 0 0 0 0 0 0 0.9 0 0 0  0 0 
P 0 0 0 0 0 0 0 0 0 1 0.68 0 0 0 0.38  0 
Q 0 0 0 0 0 0 0 0 0 0 0 0.45 0 0 0 0.78  

 

Step 3: Categorizing the Weights Of Relationship 

In order to categorize the weights of relationships, a 3-point Likert scale which is one of the best 

known rating scales (poor, average, high) was used (Likert, 1932). The idea is to define a label 

for each arc. For example the relationship between C and B is 0.6 which according to Table 3 is 

a medium strength relationship. 

Table 3 

Likert labels for relationships 

Likert label 
Weight 
Interval 

Poor (P) [0, 0.24] 

Medium 
(M) 

[0.25, 0.74] 

High (H) [0.75, 1] 

Using Table 3, a labeled FCM is produced (Figure 5). 
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Figure 5 - Labeled FCM 01 using a 3-point Likert scale 

 

Step 4: Preparing the FCMs 

Before using SUBDUE as a graph-based learning method, FCMs should be transformed to the 

appropriate codes. Subdue algorithm uses this codes to analyze the graphs. For example consider 

the following graph coding (Figure 6). 

Sample codes which are used by SUBDUE 

v 1 a 

v 2 b 

v 3 c 

v 4 d 

d 1 2 causality_weak (CW) 

d 1 3 causality_weak (CW) 

d 3 4 causality_medium (CM) 

d 4 2 causality_medium (CM) 

d 4 1 causality_high (CH)  

Legend: 

"v" means vertex and "d" mean a directed relationships 

Figure 6 - SUBDUE graph coding samples 

 

a  

b  

d  

c  

CW 

CW 

CM 

CM 

CH 
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The first line of code means that the graph has a vertex (node) which labeled "a" and second also 

means that the next vertex is labeled "b" and so on. Line five means that the graph has a directed 

relationship which is labeled "causality_weak". This relationship means poor causality between 

two vertexes (nodes or concepts) "a" and "b". Figure 7 shows the code representation of first 

FCM in form of SUBDUE algorithm syntax. 

% This is FCM 01 (Code Comments) 

v 1 A 

v 2 B 

v 3 C 

v 4 D 

v 4 E 

v 4 F 

v 4 G 

v 4 H 

v 4 I 

v 4 J 

v 4 K 

v 4 L 

v 4 M 

v 4 N 

v 4 O 

v 4 P 

v 4 Q 

d 1 8 M 

d 8 2 M 

d 8 11 M 

d 3 2 M 

d 4 3 M 

d 4 5 H 

d 7 4 M 

d 5 7 M 

d 6 5 H 

d 9 8 H 

d 10 8 M 

d 7 11 P 

d 11 12 P 

d 11 13 M 

d 12 14 P 

d 15 11 H 

d 16 10 H 

d 16 11 M 

d 16 15 M 

d 17 16 H 

d 14 15 M 

d 13 14 M 

d 13 12 H 

d 17 12 M 

Figure 7 - FCM 01 code representation 

Step 5 and 6: Drawing the Final FCM 

In this step the SUBDUE algorithm is used with a computer package and finally a FCM is 

produced as shown in Figure 8. 
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Figure 8 - Final FCM which is automatically produced via SUBDUE 

Step 7: Validating the Final FCM 

Once the resulted FCM is constructed automatically, it should be validated with one or a group 

of relevant experts to show valid causal relationships of a system. After this process of 

validation, the final FCM is drawn as shown in Figure 9. 
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Figure 9 – Final FCM for developing new telecommunication technology in offshore 

industry 

CONCLUSION 

The critical process of gathering and integrating knowledge from experts in form of fuzzy 

cognitive maps is enhanced with a graph-based learning method in order to the improve 

effectiveness of the final digraph. A fuzzy model which represents the system in a form that 

corresponds closely to the way it is perceived by humans is developed to show the dynamic 

complex causal relationships for developing a new technology in offshore industry. The model 

can be easily altered to incorporate new phenomena for example by changing the graph 

datamining method. 
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