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Abstract---Studies in the health sciences often seek to discover 
cause-effect relationships among observed variables of interest, 
for example: treatments, exposures, preconditions, and out-

comes. Consequently, causal modeling and causal discovery are 

central to medical science. In order to algorithmically consider 
causal relations, the relations must be placed into a representa-
tion that supports manipulation and discovery. Knowledge of at 
least some causal effects is inherently imprecise or approximate. 
The most widespread causal representation is directed acyclic 
graphs (DAGs). However, DAGs are limited in what they can 
represent. Another graph methodology, fuzzy cognitive maps 
(FCMs) hold promise as a model that overcomes some of the 
difficulties found in other approaches. This paper considers 
causality and suggests fuzzy cognitive maps as a useful causal 
representation methodology.  
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I. INTRODUCTION 

Causal knowledge makes up much of what we know and 
want to know in science [1]. Causal modeling and causal dis-
covery are central to medical science as recognition of cause-
effect can lead to robust treatments. Causality is a relation, 
relating causes to effects [2]. Experimental studies, such as 
randomized controlled trials, often provide the trust worthiest 
results for establishing causal relationships. However, human 
experimental studies, while potentially informative, may not 
be: safe, ethical, logistically feasible, or financially worth-
while. Alternatively, observational data is often available in 
the form of medical records; this data can be analyzed to 
attempt to recognize causal relationships. Sometimes, there is 
insufficient data to draw precise results; or, the available data 
is imprecise, incomplete, or contradictory; this leads to the 
need to accommodate imprecision in a casual model. 

The target of many studies in the health sciences is the 
discovery of cause-effect relationships among recorded vari-
ables of interest, for example: treatments, exposures, precon-
ditions, and outcomes [3]. Yet, until recently, the dominant 
methodology in health science research has been statistical 
analysis. Statistical analysis of recorded data can provide in-
formation about correlations (or associations), but not neces-
sarily information about causal relationships. For example, 
the correlation between a patient’s coughing and fever may 
be high. But, this does not necessarily indicate a causal rela-
tionship; i.e., someone’s cough is caused by their fever (or 
the other way around). A high correlation does not indicate 
causality. All that a high correlation tells us is that, for some 
reason, certain items often occur at the same time. 

Causal relationships can be described as having varying 
strengths; i.e., we can say that they are always true, often, 
sometimes true, rarely true, etc. Zadeh [4] calls approximat-
ing natural language terms: linguistic variables. Linguistic 
imprecision can be best manipulated and represented using 
fuzzy arithmetic which is based on fuzzy sets [5]. 

Statistical analysis of observational data can provide 
information about correlations, but not necessarily informa-
tion about causal relationships. For example,  

In a grocery store, the correlation between customer pur-
chases of bread and the purchases of milk may be high and 
may be a frequently occurring data pair (association).  

This does not necessarily indicate a causal relationship; i.e.,  
Someone’s purchase of bread is caused by their purchase of 
milk (or the other way around). 

Sometimes, high medical attribute correlations have led to 
questionable causal statements. For example,  

A Prussian army physician, Hans Reiter, observed a syn-
drome (called Reiter’s syndrome) that often occurred where 
the patient also had syphilis. He concluded that Reiter’s 
syndrome was caused by syphilis.  

This causal connection description has found its way into 
many medical textbooks. Unfortunately for this causal con-
nection statement, the incidence of syphilis was high in most 
armies of that time and almost any disorder, including the 
common cold, could have been similarly causally connected 
(by a high correlation) to syphilis. (In the Prussian army, the 
incidence of Reiter’s syndrome was lower than the incidence 
of either syphilis or common colds.) 

Similarly, some years ago,  

Epidemiologists found that women taking hormone therapy 
replacement therapy (HRT) had fewer heart attacks [6]. 
However follow on controlled studies showed that HRT 
caused more heart attacks. It turned out that women taking 
HRT in the epidemiologic study were from higher socio-
economic classes, so they ate and exercised better. Eco-
nomic class caused both HRT and fewer heart attacks. 

Networks (graphs) of causes and effects can be con-
structed; i.e.,  

 (� � �,�), (� � �),  (� � �), (� � � �)  

The question is: How to best represent a causal network if the 
following characteristics are to be part of it: direction, 
strength, imprecision, network (graph) structure? 
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When trying to precisely reason about causality, complete 
knowledge of all of the relevant events and circumstances is 
needed.  As complete knowledge may not be possible, impre-
cise causal reasoning is needed. 

A. An Association Does Not, By Itself, Mean Causality 

Associations or correlations do not necessarily describe 
causality. Sometimes, the association might be causal; for 
example, if  

Someone eats salty peanuts, then drinks beer. 
or 

Someone drinks beer, then becomes inebriated.  
there may be a degree of a causal relationship. On the other 
hand, if  

A rooster grows, then the sun rises. 
or 

Someone wears a ‘lucky’ shirt, then wins a lottery. 
there may not be a causal relationship. Recognizing true 
causal relationships greatly enhances the decision value of 
data analysis. 

The naïve use of simple associations may lead to errors. 
Errors might occur; either if causality is recognized where 
there is no causality; or if the direction of the causal relation-
ship is wrong [7] [8]. For example, if 

A study of past customers shows that 94% are sick. 
• Is it the following rule?  

Our customers are sick, so they buy from us. 
• Is it the following complementary rule? 

If people use our products, they are likely to become sick. 
When making a decision, it is not enough to know that  

People both buy our products and are sick. 
what is needed is knowledge of what causes what; and, to 
what degree is something a causal effect of another thing.  

B. Granularity 

Causality is often granular. This is true both with com-
monsense reasoning as well as for more formal mathematical 
and scientific approaches. At a very fine-grained level, the 
physical world itself may be granular [9]. Commonsense 
perceptions of causality are often large-grained while the 
underlying causal structures may be fine-grained. 

Larger-grained causal objects are often more imprecise 
than some of the components that are collected into the 
larger-grained object. Some components of a larger-grained 
causal object may be precisely known, while others maybe be 
somewhat imprecise, and others unknown. The larger the 
grain, the greater is the likelihood that there might be missing 
or unknown components.  

How to best evaluate the impreciseness of a larger-
grained causal object when the impreciseness of the under-
lying cascade of components is not clear; perhaps, some form 
of Type-II fuzzy [10] manipulation might be helpful. 

C. Reasoning 

Commonsense understanding of the world tells us that we 
have to deal with imprecision, uncertainty and imperfect 
knowledge. This is also the case with scientific knowledge of 

the world. A difficulty is striking a good balance between 
precise formalism and commonsense imprecise reality.  

Causal relationships exist in the commonsense world; for 
example: 

When a glass is pushed off a table and breaks on the floor 
it might be said that  

Being pushed from the table caused the glass to break. 
Although,  

Being pushed from a table is not a certain cause of break-
age; sometimes the glass bounces and no break occurs; or, 
someone catches the glass before it hits the floor. 

Counterfactually, usually (but not always),  

Not falling to the floor prevents breakage.  
Sometimes,  

A glass breaks when an errant object hits it, even though it 
does not fall from the table.  

Positive causal relationships can be described as: if � then 

� (or, � � �). For example:  

When an automobile driver fails to stop at a red light and 
there is an accident; it can be said that the failure to stop 
was the accident’s cause.  

However, negating the causal factor does not mean that the 
effect does not happen; sometimes effects can be overdeter-
mined. For example: 

An automobile that did not fail to stop at a red light can still 
be involved in an accident; another car can hit it because 
the other car swerved and hit it while the car was stopped. 

Similarly, negating a causal description often does not 
work. This is often because an effect can be overdetermined. 
Also, negative statements are weaker than positive statements 
as the negative statements can become overextended. For ex-
ample, it cannot be said that ¬� � ¬�, for example: 

Failing to stop at a red light is not a certain cause of an ac-
cident occurring; sometimes no accident at all occurs. 
(There may be no other cars; the other cars brake in time; 
etc.) 

Negative causal relationships are less sure as negative 
statements are easily overextended; but negative causal rela-
tionships are often stated; for example, it is often said that: 

Not walking under a ladder prevents bad luck.  
Or, usually (but not always), as before 

Stopping for a red light avoids an accident. 

Perhaps, complete knowledge of all possible factors 
might lead to a crisp understanding of whether an effect will 
occur. However, it is unlikely that all possible factors can be 
known for most situations, as the knowledge of at least some 

causal effects is imprecise for both positive and negative 
descriptions. Consequently, causal reasoning models must 
accommodate inherent ambiguity [13]. 

When trying to precisely reason about causality, complete 
knowledge of all of the relevant events and circumstances is 
needed. In commonsense, every day reasoning, approaches 

are used that do not require complete knowledge. Often, a 
satisficing [14] paradigm is acceptable.  
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II. GRANULARITY AND COMPLEXES 

When events happen, there are usually other related 
events. The entire collection of events can be called a com-
plex. A “mechanism” [15] or a “causal complex” [16] [17] is 
a collection of events whose occurrence or non-occurrence 
results in a consequent event happening.  

Each complex, taken as a whole, often can be reduced to 
a granule if the grain size is increased. Alternatively, larger 
complexes often can be decomposed into smaller complexes; 
going from large grained to small grained. For example, 
when describing starting an automobile, A large-grained to 
small-grained, nested causal view could start with  

When an automobile’s ignition switch is turned on, this 
causes the engine to start.  

But, it would not happen if a large system of other conditions 
were not in place.  

There has to be available fuel. The battery has to be good. 
The switch has to be connected to the battery so electricity 
can flow through it. The wiring has to connect the switch to 
the starter and ignition system (spark plugs, etc.). The en-
gine has to be in good working order; and so forth.  

Turning the ignition switch on is one action in a complex of 
conditions required to start the engine. One of the events 
might be used to represent the collection of equal grain sized 
events; or, a higher-level granule might be specified with the 
understanding that it will invoke a set of finer-grained events. 

start car: turn on ignition switch

wires 
connect:
battery, 
ignition 
switch

wires 
connect:
ignition 
switch, 
starter, 
spark 
plugs

good 
battery 

available 
fuel

fuel 
in 

tank

working 
fuel 
pump

intact 
fuel 
lines

...turn on 
ignition 
switch

 
Figure 1. Nested causal complex. 

In nested complex granules, the largest-grained event is 
the sole causal element: Turn on the ignition switch. The 
complex’s other elements represent finer-grains. These ele-
ments in turn could be broken down into still finer-grains; 
for example: “available fuel” can be broken down into:  
fuel in tank, working fuel pump, intact fuel lines, ... 

Sometimes, it is enough to know what happens at a large-
grained level; at other times it is necessary to know the fined 
grained result. For example, if  

Bill believes that turning the ignition key of his automobile 
causes the automobile to start. 

It is enough if  

Bill engages an automobile mechanic when his automobile 
does not start when he turns the key on.  

However,  
The automobile mechanic needs to know a finer-grained 
view of an automobile’s causal complex than does Robin. 

Instead of being concerned with all of the fined grained 
detail, a better approach may be to incorporate granulation 
using rough sets [18] and/or fuzzy sets to soften the need for 
preciseness.  

In causal reasoning, commonsense reasoning may recog-
nize that a complex collection of elements can be involved 
causally in a particular effect, even if the precise elements of 
the complex are unknown. It may not be known what events 
are in the complex; or, what constraints and laws the complex 
is subject to. Sometimes, the details underlying an event are 
known, sometimes not. For example: 

A traffic jam might be observed in mid-town Manhattan. A 
reasonable supposition might be made that the jam was 
caused by a complex collection of elements. It might be 
possible to conjecture what were some of the causes; but, it 
is unlikely to be able to precisely know what were the com-
plete set of actual causes. 

Causal complexes may be described using nested granu-
larity. A complex may have several larger-grained elements. 
In turn, each of the larger-grained elements may be made up 
of a complex of more fine-grained elements. Recursively, in 
turn, these elements may be made up still finer-grained ele-
ments. In general, people are more successful in applying 
commonsense reasoning to a few large-grain sized events 
than to many fine-grained elements. 

When using large-grained commonsense reasoning, peo-
ple do not always need to know the extent of the underling 
complexity.   

Somebody waiting for a dinner companion in mid-town 
Manhattan who observed a traffic jam might presume that 
they might be late because their taxi would most likely be 
delayed. Only the imprecise large-grained knowledge of the 
traffic jam would be needed; knowing the more precise 
finer-grained details of the jam are not be needed. 

Not needing to know fine grained detail is also true for 
situations not involving commonsense reasoning; i.e.:  

When designing an electric circuit, designers are rarely 
concerned with the precise properties of the materials used; 
instead, they are concerned with the devices functional 
capabilities and take the device as a larger-grained object.  

Hobbs [16] uses first order logic to describe his causal 
complexes. Pearl [19] develops probabilistic causal networks 
of directed graphs (DAGs). The causal complexes explicitly 
considered separately by Hobbs and Pearl have a required 
structure that may be overly restrictive for commonsense 
causal understanding: 

• If all of the events in the causal complex appropriately 
happen, then the effect will occur 

• There is nothing in the causal complex that is irrelevant to 
the effect 

These requirements are probably too precise and extensive to 
be realized in a commonsense world. Sometimes, only some 
of the events need to happen. For example,  

Someone may be able to save more money: 
• If their taxes are lowered or  
• If they earn more money.  

Either may lead to greater savings. However,  
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The value of a node reflects the degree to which the con-
cept 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 pre-
ceding state. The threshold function applied to the weighted 
sums can be fuzzy in nature. Concept values are expressed on 
a normalized range denoting a degree of activation rather than 
an exact quantitative value.  

The mathematical model consists of1� n  state vector A 
that includes the values of the n concepts and a n � n  weight 
matrix W that gathers the weights Wij of the interconnections 
between the n concepts of the FCM. The matrix W has n 
rows and n columns where n equals the total number of dis-
tinct concepts of the FCM and the matrix diagonal is zero 
since it is assumed that no concept causes itself. The value of 
each concept is influenced by the values of the connected 
weighted concepts and by its previous value. The value Ai for 
each concept Ci is calculated by: 

  iA f jA jiW
j=1
j�1

n
�

� 

� 

� 
� 
� 

� 

	 


 

 

 

+ i
oldA   

where Ai is the activation level of concept Ci at time t+1, Aj 
is the activation level of concept Cj at time t+1, Aj is the ac-
tivation level of concept Ci at time t, and Wji is the weight of 
the interconnection between Cj and Ci, and f is a threshold 
function. 

   newA = f oldA oW( ) + oldA     

The new state vector Anew is computed by multiplying the 
previous state vector Aold by the weight matrix W. The new 
vector shows the effect of the change in the value of one con-
cept in the entire Fuzzy Cognitive Map.  

The simplest FCMs act as asymmetrical networks of 
threshold or continuous concepts and converge to an equilib-
rium point or limit cycles. FCMs have nonlinear structure of 
their concepts and differ in their global feedback dynamics 
[42] [38]. 

There are several unsupervised learning algorithms that 
might be used to reach convergence, or at least convergence 
within an acceptable tolerance [43] [44] [45] [46] [47] [48] 
[49]; the algorithms can be comparatively analyzed [50]; 
however, neither particular methods or a comparative analysis 
of the methods are within the scope of this paper.  The FCM 
system model takes the initial values of the concepts from 
the real system and is free to interact. The interaction happens 
because of change in the value of one or more concepts [51]. 
The interaction continues until the model: 
• Reaches equilibrium at a fixed point, with the output con-

cept values stabilizing. 
• Exhibits limit cycle behavior, with the concept values fal-

ling in a loop. 
• Exhibits chaotic behavior in a non-deterministic way. 

Causal feedback loops can occur in FCMs. FCM feed-
back allows causal adaptation. FCM feedback forces the 
abandonment of classic graph search, forward and backward 

chaining. Instead, the FCM is a dynamical system and take its 
equilibrium behavior as a forward-evolved inference. A FCM 
has the ability to specify a complex model, shows linear or 
non-linear relations and allows causal propagation [52]. 

The development of a FCM often occurs within a group 
context. Experts can pool or fuse their knowledge by adding 
the underlying FCM causal matrices [43]. The obvious 
advantage is that a causal relationship can be described in 
stages. If some form of data min�ing is discovering the causal 
relation�ships, it could be a highly desirable incremental 
method. Another claimed advantage [34] is that combining 
incomplete, conflicting opinions of different experts may 
cancel out the effect of oversight, ignorance and prejudice; 
although this would seem to require a fairly large number of 
overlapping relationships so a useful average relationship 
would be developed.  

V. EPILOGUE 

The target of many studies in the health sciences is the 
discovery of cause-effect relationships among observed vari-
ables of interest, for example: treatments, exposures, precon-
ditions, and outcomes. Causal modeling and causal discovery 

are central to medical science. In order to algorithmically 
consider causal relations, the relationships must be placed 
into a representation that supports manipulation. An algo-
rithmic way of handling causal imprecision is needed. There 
are several needs of a causal model. The needs are: 

• Represent causal direction 
• Represent degree of causal effect 
• Represent causal imprecision 
• Accommodate changes in grain size 
• Describe complexes 
• Support cycle models of all times 
• Be time varying 
• Not be restricted by Markov conditions 

The most widespread causal representation is directed 
acyclic graphs (DAGs). However, DAGs are severely limited 
in what they can represent. This paper considered the needs 
of commonsense causality and suggested Fuzzy Cognitive 
Maps as an alternative to DAGs. Fuzzy Cognitive Maps ap-
pear to be a good approximation of complex casual com-
plexes. They appear to be a comprehensive representation. 
Their primary difficulty lies with establishing their initial 
values. 
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