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Knowledge representation and processing within an expert system are rather conflicting 
characteristics, due to the fact that the increase in knowledge power representation 
reduces the system efficiency and validity. The use of variables in a knowledge 
representation formalism allows knowledge factorization. The first order predicates 
languages facilitate rigorously expressing complex knowledge, imposing appropriate 
reasoning techniques. The goal of this paper is to provide an extended framework for fuzzy 
knowledge representation and processing, used in a prototype system CFK. 
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1. Introduction 

The CFK system consists of a compiled fuzzy rules base and the inference engine. The types of 
knowledge accepted by CFK system are [9,10]: i) variables (symbols always preceded by ‘?’, as ?x, ?y, which 
will occur only in rules); ii) atomic constants (numbers or strings); iii) possibility distributions or fuzzy 
constants (symbols always preceded by the character ‘*’ and used to represent imprecision); iv) logical 
operators. Possibility distribution can take any form. This complexity can cause a number of difficulties for 
the application of possibility theory. In economic practice, when the variables are numeric, it appears that a 
trapezoidal possibility distribution on continuous referentials is well suited. It can be represented through 
four parameters (g, d, , ). Trapezoidal form of possibility distributions is preserved in most of the inference 
and calculation operations. All the fuzzy constants used in knowledge representation and modelling, for the 
synthesis of fuzzy reasoning algorithms, are represented by trapezoidal possibility distributions, such as g  
d, ,   0, called T-numbers. In most expert systems, the rules within the rules base are independent. 
Independence indicates clearly that no other rule interferes with the consequences inferred by any of the 
rules. Such rules are called normal rules. For fuzzy knowledge processing, the rules’ independence hypothesis 
is not always valid. It is the case of incomplete rules which infer conclusions based on a collection of 
dependent rules. Managing uncertainty and imprecision is an important feature of an expert system, 
incorporating imprecise knowledge, and whose results are essentially addressed to the human decision 
maker [1,3,7]. There are different types of imprecision in a fuzzy expert system [12,17]: i) The confidence in a 
given rule and the relationship between a rule’s premise and conclusion, called confidence in the inferred 
conclusion. Confidence in a rule can be seen as a form of fuzzy probability in the sense that the rule is usually 
true but not always. The numerical value of the confidence in a rule usually replaces linguistic values in most 
cases. ii) Rule priority allows taking into account its importance within the problem-solving process; iii) 
Confidence in the input data; iv) Imprecision in describing knowledge and data embedded into the 
management model; v) Filtering, unification and calculation of the inferred conclusion for the fuzzy case. The 
types of imprecision fall into three categories, according to where they occur: i) Confidence in a rule, 
confidence in the conclusion inferred and the priority of the rule are associated with the knowledge base; ii) 
Imprecision in describing knowledge and data can be found in the information provided by the expert or by 
the user, through various means of communication; iii) Filtering, unification and calculation of the inferred 
conclusion are specific to the inference engine. Since incorporating different types of imprecise knowledge 
reduces the response time of the expert system, is necessary the pre-processing of the fixed part of the 
management model. We exemplified on a reduced knowledge model the behaviour of our prototype CFK, 
respecting the formalisms and the analysed performances, as a real-time planning system [4,5,8,11].  
 Section 2 presents the CFK parameters used in all fuzzy processings, the section 3 refers to the GMP 
inference rule. The section 4 points out the general inference mechanism and at the end we propose some 
important conclusions. 
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2.The CFK parameters used in all fuzzy processings 
 Fuzzy constants can occur both in facts and rules, and are always associated to fuzzy sets (T-
numbers) through constfaz function. Within CFK we can equate the fuzzy set to a fuzzy constant. Undefined 
fuzzy constants are not allowed. A fuzzy constant has always a value corresponding to a continuous, 
trapezoidal and normalized fuzzy set. Using possibility distributions provides a unified framework for 
representing imprecision and uncertainty. Parameter  is used to measure fuzzy sets uncertainty (0    1). 
If a fuzzy set is uncertain, the parameter  must be defined in constfaz function through a list (uncertain  ). 
We admit that a completely uncertain fuzzy set ( = 1) has no effect on system’s behaviour. In contrast to 
facts, a reason is a structured list in which variables may occur. This signifies the presence of variables, 
atomic constants and of fuzzy constants within reasons’ structure. In addition, the reasons (named also 
motives) may occur in both the conditional part and in rules’ conclusion. Uncertainty is allowed in the 
conditional part and in the consequent of GMP inference rule, only if a particular linguistic model requires it. 
To process the fuzzy knowledge in CFK system, represented in a first order logic,we used the Generalized 
Modus Ponens (GMP) inference rule. This is justified because one of the great advantages of fuzzy expert 
systems is based on the fact that there is no need for a perfect fit between the rule’s antecedent and a fact. 
Confluence between the knowledge pieces is achieved by using T-norms and -operators. Probabilistic 
reasoning’s limits led to the development of uncertainty measures g, with the following properties: i) g(F) = 0, 
g(T) = 1; ii) if q is a logical consequence of p, then g(q)  g(p); iii) g(pq)  max (g(p), g(q)) and g(pq)  min 
(g(p), g(q)). If choosing the case of equality in these last two inequalities, we obtain the possibility  and 
necessity N measures, where [2]: 
 

             qN,pNminqpNandq,pmaxqp   

Possibility measure represents the intersection degree of two fuzzy sets, denoted hereinafter by M and F (reason and 
fact). It is an optimistic measure and is defined as follows:  

 
Necessity measure is defined based on possibility measure as follows: 

 
 

 For  < 1, N = 0 always takes place relation: (M, F)  N(M, F), which indicate that N is a 
compatibility measure more demanding than . As a first conclusion, we may note that N(M, F) > 0  
Supp(M)  Ker(F).  
 

 

 

 

 

 

Figure 1. The relationship between  and N 

Figure 1 shows the significance of necessity measure, for the case: 

Supp(M(u))  Supp(F(u))  , N > 0; Ker(M(u))  Ker(F(u))  . 

Other situations that highlight the values of N compared with the relative position of M and F, respectively: 
Supp(M(u))  Supp(F(u))    0<N<1; Ker(M(u))  Ker(F(u))  ; Supp(M(u))  Ker(F(u)); 
Supp(M(u))  Ker(F(u)); Supp(M(u)) Ker(F(u))  N<1 (very close to 1); Supp(F(u))  Supp (M(u)); 
Ker(F(u))  Ker(M(u)); N = 1  Supp(F(u))  Ker(M(u)). For the CFK prototype developed and tested for 
a case study, the calculation of possibility and necessity measures is done in the "options" menu, parameters 
calculation.  
 
3. GMP inference rule 
 A rule can be represented based on a conditional possibility distribution. Let a relationship between 
two variables X and Y respectively defined on the universes of discourse U and V, which is a restriction of 

1-F M 

1-F 
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possible values of Y when is assumed that the variable X takes certain values. It can be expressed through a 
function Y|X:VU  [0,1]. This function is called conditional possibility distribution and is the degree of 
possibility that Y takes the value v, given that X takes the value u. If X is the possibility distribution that limits 
a priori the values of X, we can calculate the possibility distribution X|Y which limits the values of the pair (u, 
v), using the two values of Y|X and X. For () vV, () uU, is valid the relationship X|Y(u, v) = min (X(u), 
Y|X(v, u)). By projection, is obtained the possibility distribution of Y(v), which narrows the possible values of 
variable Y, given by:  

 
 
 In practice, one rule is not sufficient to fully describe a relationship, this requiring a collection of 
rules. If the relationship is represented by a single rule, then we get: 

 
 Inequality comes from the fact that is wanted "Y is B" when "Y is B", as soon as B is enclosed in B. 
There are several possible solutions, but we are essentially interested in the solution which is the largest 
(with respect to fuzzy sets inclusions), since this is the least restrictive (denoted 'Y|X(v, u)), where:  

 

GMPinference rule features are: i) the conclusion B obtained by applying it, cannot be more specific or more 
restrictive than the rule consequent B, i.e. B  B if A is normalized; ii) the more restrictive is A, the more 
restrictive is the conclusion B, i.e. for A A, it follows B  B; iii) if there is no perfect filtering between the 
given fact A and the rule antecedent A, then occurs a level of indeterminacy ; iv) in practice, the rule is 
expressed as an operator which is represented at semantic level as a conditional possibility distribution. 
Introduced by Zadeh, the rule has the following solution:  

  
In this case, this relationship can be re-written:  
 

 
 

Let the calculation relationship for B(u) be a function that transforms B into B, during which occur 
two phenomena: i) a global level of indeterminacy of B, for the values which are outside the support of B; ii) 
calculating the core of the inferred conclusion B, which is determined by enlarging the core of the set B. 
 
Definition 1. The degree of indetermination in the conclusion inferred through GMPrule, is the degree of 
possibility that A is not included in the support of set A, and the complement to 1 of this degree is to what 
extent it is necessary that Y takes values in A. The degree of indeterminacy is noted with  and is calculated as 
follows: 

 
Let A = tp(g, d, , ) and A= tp (g, d, , ). We get: 

 
The degree of indetermination  depends on the position of A with respect to A. , 

 where Supp(A) = (g-; d+)   = max1, 2 = 1. We may see that if gg- or dd+, then  = 
1, i.e. B is completely uncertain. The degree of indetermination occurs whenever Supp(A)  Supp(A). If 
Supp(A)  Supp(A), then  = 0. We may see the degree of indeterminacy exactly as the maximum value in 
Supp(A) which is not included in Supp(A). 
 
Definition 2. The core of the inferred conclusion B, denoted K, is to determine for which interval in V, B(v) 
= 1. According to relationship 

 
This is equivalent to the relation: K = inf (A(u) | u  {u  U | A(u) = 1}}      
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We can see that Ker(A(u)) = [g, d], and obtain K1 = A(g) and K2 = A(d), which implies K = min 
(K1, K2). It follows that B(v)  K. Parameter K varies as the parameter , in connection with the position of A 
against the position of A. If Ker(A(u))  Ker(A(u)), then K = 1.  

For g  g- or d  d+, it follows that K = 0. It is noted that the parameter K is zero iff  = 1, and K > 0 
iff  <1. Knowing the value of K, we can determine the core Ker(B) of B, which is the K-cut of B. For B = (gB, 
dB, B, B) and Ker(B) = [gB, dB], the core and the support of the inferred conclusion B are calculated as 
follows: 
 

 
 

Functions , ,  and  are similar to those presented in (Mazilescu 2012). The core of B is 
completely determined by the value of the parameter K.  

For K = 1, we get Ker(B) = Ker(B). Conversely, if 0K1, i.e. the core of A is not included in the core 
of A, but is included in A’s support, then Ker (B)  Ker(B), which means that the result inferred by a rule is 
less accurate than the rule’s conclusion. This is due to the filtering between condition A and the fact A, which 
is not precise. The conclusion obtained by GMPalways leads to Ker(B)  Ker(B), i.e. the result inferred cannot 
be more precise than the rule’s conclusion. The inferred conclusion B is determined finally with the 
relationship:  

B = max ((gB, dB, B, B), ) 
which shows that the basic element in the GMPcalculation is to evaluate parameters  and K. If the rule’s fact 
and condition are low compatible, the inference engine of CFK based on GMPrule induces an increase of the 
inferred conclusion’s imprecision. These issues will arise in the case study for the fuzzy case of the flexible 
production system, when activating the meta-rules along with their chaining, demonstrating the effective use 
of all these theoretical results.  
 
4. The compatibility of possibility distributions and fuzzy filtering 

Possibility measure  and necessity measure N, estimate the degree of compatibility between fact 
and reason, and the parameters K and  serve for conclusion deduction. 

 Possibility distributions compatibility. Assume that ((*f, *m  *c) *c) where *m is the reason of 
rule *m  *c and *f is the fact, each expressed by (constfaz *m(tp gm, dm, m, dm)) and (constfaz *f(tp gf, df, f, 
df)). In order to obtain the conclusion *c, should be known if the fact is compatible with the reason of the 
rule. If so, the GMP rule can be applied to infer the conclusion *c. If the fact is uncertain (  0), the fact *f is 
represented as: (constfaz *f( tp gf, df, f, f)(uncertain )), *f = max (*f(u), ). For the latter case, the 
possibility and necessity measures  and N are: 

 

 
Starting from the definition, the practical calculation of  is: 

 
Necessity measure N(*m, *f) is the degree to which the fuzzy set *f is included into the fuzzy set *m. 

Generally, calculation of N is more complicated than the one of . A simple calculation method is based on 
separating the complement of the set *m. It fallows N(*m, *f) = 1 - ( *m, *f) = 1 - (max (Es, Ed), *f), or: 
 

N(*m, *f) = 1 – max((Es, *f), (Ed, *f)) 
 

Thus defined and calculated  and N respectively, we distinguish several classes of decreasing 
compatibility: i) (*m, *f) = 1 and N(*m, *f) = 1 equivalent to full compatibility; ii) (*m, *f) = 1 and N(*m, *f) 
> 0 equivalent with the values of *f are compatible to some degree with those of *m, but this is not fully 
certain; iii) (*m, *f)  1 and N(*m, *f) = 0 (the values of *f are poorly compatible with *m, certainly); iv) 
(*m, *f) = 0 and N(*m, *f) = 0 (total incompatibility). 

Even though  and N measures estimate well the degree of compatibility between the fuzzy 
constants, these measures cannot be used directly to infer the conclusion for an inference engine based on the 
GMPrule. If the measures  and N satisfy certain imposed thresholds, we only know that the fact *f managed 
to filter the reason *m. For the GMPrule calculating are also needed the parameters K and , whose 
significance is: 

(*m, *f) = max (*f(gm - m), *f(dm + m))  , K(*m, *f) = min (*m(gf), *m(df)) 
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In general, the reason C and the fact F contain more fuzzy constants, in the form:  
 

Cont_f(C) = (*p1 ,...,*pm) and Cont_f(F) = (*g1,..., *gm). 
 
Possibility measure  and necessity measure N, at the level of the entire reason and fact, are defined 

by: (C, F) = min (*pi, *gi), N(C, F) = min N(*pi, *gi), (1  i  m). Similarly we calculate the parameters  and 
K at the level of the entire reason and fact: 

(C, F) = max (*pi, *gi), K(C, F) = min K(*pi, *gi), 1  i  m 
 
The possibility distributions pattern-matching 

Like for the classical case, the fuzzy pattern-matching aims to determine the sets of instances of the 
reasons. It is stronger than the classical one, due to its ability to process fuzzy knowledge, namely evaluating 
the filtering degree between a fuzzy reason and a fuzzy fact. One of the major differences between classical 
and fuzzy filtering is that classical pattern-matching determines whether a fact unifies or not with a reason, 
returning a binary result, while fuzzy f pattern-matching provides a result that is no longer binary. The 
conclusion is that the fact filters more or less the reason.  

Let C a fuzzy reason and F a fuzzy fact. Reason C is represented as a nested list containing three types 
of data. The reason can be naturally represented through a tree, the sub-tree representing sub-lists, and the 
leaves are the knowledge pieces within the reason. Fuzzy fact F is also a nested list and contains only atomic 
and fuzzy constants (not variable). In order to filter a fact with a reason, is built a recursive algorithm, 
comparing the two associated trees to determine whether: i) the tree associated with the reason and the one 
associated with the fact have the same structure; ii) the leaves of the tree associated with the reason filter 
those of the fact tree.  

Imprecise knowledge pattern-matching is the fundamental operation in terms of time (complexity). 
Achieving this objective involves the three cases: a) If the leaf of the tree associated with the reason (fam) is a 
variable (?x), it can filter any term, be it atomic constant (ca) or fuzzy constant (cf), represented by a 
corresponding leaf in the fact tree. This variable is then instantiated by that term. It is possible for the 
variable to take as value a fuzzy constant. Appears, in this case, the problem of substitutions compatibility; b) 
If the leaf of the reason tree is an atomic constant, then there are two possible filtering situations: either the 
atomic constant corresponds exactly with the one from the fact tree or the filtering fails; c) If the leaf of the 
reason tree is a fuzzy constant defined with constfaz function, there are two possibilities: either the fuzzy 
constant filters a number or another fuzzy constant from the fact tree, or must be assessed whether the 
reason’s fuzzy constant is compatible with the data (the fact), which can be a fuzzy number or constant. We 
synthesize the presented concepts in the form of a filtering algorithm, presented below. 
 
Algorithm1 (Fuzzy reason-fact pattern-matching) 

If (fam =?x) then {fam can filter any term} 
{Term = atomic constant or fuzzy constant, ?x instantiates itself with a term} 
{arises the problem of substitutions compatibility} 
else if (fam = ca) 
then if (fam = faf) then filtering fails 
else filtering fails 
End 
else {fam = cf} 
{either cf filters a fuzzy number or constant from the fact tree, or must be assessed to what extent the 

reason’s fuzzy constant is compatible with the fact, which can be a ca or another cf} 
End 

 The most interesting problem is the one in which fam = cf and faf = cf, raising the issue of the pattern-
matching degree between two fuzzy sets. Are preferred two scaling measures in order to estimate the 
compatibility between M and F. These measures are (M, F) and N(M, F). The (M, F) estimates to what 
extent it is probable for M and F to refer to the same value u, in other words (M, F) is the degree of 
intersection of the fuzzy set corresponding to the possible values of F. The N(M, F) estimates to what degree 
is necessary (i.e. certain) that the value referred by F to be among the ones compatible with , or N(M, F) is 
the degree of inclusion of the possible values from F into the set of values compatible with M. Always take 
place the relations: (M, F)  N(M, F), N(F, F)  1/2, N(Supp (F), F) = 1.  
 We can also check the following properties: i) (M, F) = 0  Supp(M)  Supp(F) = ; ii) (M, F) = 1 
 Ker(M)  Ker(F) ; iii) N(M, F) = 1  Supp(F)  Ker(M). 

The algorithm based on the iteration of condition/fact filtering is inefficient because of the numerous 
redundancies. Assume T, a limited time for the filtering between a condition Cj and a fact F, the cost for 
determining IC(Cj) is T| BF |. The cost in time for the elementary filtering of the rules base is lower than the 
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value: TK|BF||BR|, where K is the maximum number of conditions per rule. The complexity of condition-
fact filtering is O(|BR||BF|). 

Knowing the significance of the four parameters , N, , K, we may consider the problem of choosing 
the reasonable thresholds for the possibility and necessity measures, to determine the facts that do not filter 
at all the reasons. This choice must be made in close accordance with the values of  and K parameters, 
knowing the links between these pairs of parameters. For the GMPrule, we consider that the associated T-
numbers are: (Constfaz *m(tp gm, dm, m, m)), (constfaz *c(tp gc, dc, c, c)) and (constfaz *f(tp f, df, f, f)); 
this rule proves the following properties: 
 
Proposition 1 a) K = 0   = 1; b) K> 0   <1; c) Conclusion *c inferred through GMPis totally uncertain 
(*c = 1)   = 1.  
Choosing the right thresholds for measures  and N is based on the next results. 
Proposition 2 N(*m, *f) > 0   <1. This derives from the observation that:  < 1  Supp(*m)  Ker(*f)  
N(*m, *f) >.  
We may notice the fulfilment of the condition which ensures the inequality N(*m, (f)> 0 (i.e.  <1, equivalent 
with Supp(*m)  Ker(*f)) (Figure 2). 
 

 
Figure 2. Graphical relationship between N and  

 
For the necessity measure and the GMPinference rule, are proved the following equivalent relations: 

a) N > 0   < 1  K > 0; b) N(*m, *f) = 0   = 1; c) If N = 1, then  = 0. Inverse property ( = 0  N = 1) is 
not always true. Outlining a demonstration for the direct, we get: N = 1  Ker(*m)  Supp(*f)  Supp (*m)  
Supp (*f)   = 0. 

The above results show that the necessity measure and the degree of indeterminacy  are closely 
linked. Also can be revealed a quantitative relation between  and N. According to a previous observation, the 
necessity measure is defined by: N(*m, *f) = 1 – max (Es, *f), (Ed, *f)), showing clearly that the terms (Es, 
*f) and (Ed, *f) determine the value of necessity measure. If N(*m, *f) is known, the following two situations 
may be deducted: 1) (Es, *f) = 1-N and (Ed, *f)  1-N or 2) (Es, *f)  1-N and (Ed, *f) = 1-N. 
First, we consider case 1), where (Es, *f)  (Ed, *f), understanding the fact that the value of possibility 
measure between the fuzzy set Es and the fact (fuzzy) *f determines the necessity measure because:  

 
N(*m, *f) = 1 - max ((Es, *f), (Ed, *f)) = 1 max(1-N, (Ed, *f)  1-N)) = 1-(1-N) = N 

 
It suffices to consider the left side, Es, of the complement of *m. We have the situation when  

(Es, *f)  (Ed, *f), and the significance of (Es, *f) is defined by: (Es, *f) = sup min Es(u0), *f(u0)). 
Following the above observations, we get: 

a) 0 < d < s < 1, (Es, *f)  (Ed, *f),  = max (s, d) = s 
b) 0 < d < s < 1, (Es, *f)  (Ed, *f),  = max (s, d) = d 
 
For N(*m, *f) = 1 - max ((Es, *f), (Ed, *f)), with max (Es, Ed) = *m, we get:  
a) if (Es, *f)  (Ed, *f), then  = s , b) (Es, *f)  (Ed, *f), then  = d 

 
We may point out that the values of parameters  and K can be shown as a type of filtering between a 

fact and the rule’s antecedent, when applying GMP rule. Necessity N and the degree of indetermination play a 
similar role in evaluating the basic filtering degree. Thus, it becomes natural to select as threshold for the 
necessity measure in the filtering stage (for the inference engine that uses GMP) the value N > 0, as it ensures 
consistency between fuzzy filtering and GMP inference rule. Following the above analysis, and correlating it 
with the values of possibility and necessity measures also used in the fuzzy variables binding stage, we settle 
as a criterion for fuzzy filtering within CFK, the simultaneous fulfilment of conditions: (*m, *f) = 1 and N(*m, 
*f) > 0, which ensure the preservation of normality for the possibility distributions derived from the logical 
inferences. 
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Fuzzy unification in CFK system 
 Fuzzy unification aims at checking the consistency of fuzzy substitutions, in which variables can be 
associated with fuzzy sets. Fuzzy unification is one of the basic problems in fuzzy expert systems, and can be 
represented as follows: Let R be a rule with Cond(R) = {C1, ..., Ck}. After fuzzy condition-fact filtering, if each 
condition Ci filters a fact Fi (in the fuzzy sense), then there is a fuzzy substitution i so that Fi  iCi, and 
eventually the four parameters i, Ni, i and Ki (if there are fuzzy constants in the rule’s reason and in its 
associated fact). Let ?v a variable of the rule, which we assume that appears n times in the conditional part of 
the rule (counted only the occurrences within the reasons and not within the predicates). We use ?vi to note 
the occurrence i of the variable ?v. In this case, all the occurrences of ?v in the global condition of the rule can 
be represented by the list {?v1, ?v2, ..., ?vn}. After the fuzzy condition-fact filtering, each variable ?vi will 
certainly be associated with a term ti, which can be an atomic constant or a fuzzy constant, and which can be 
denoted schematically by: {t1/?v1, t2/?v2, ..., tn/?vn}. All the different variables of a rule are independent. Each 
variable may appear several times in a rule, each occurrence of the variable being independent of other 
occurrences. Almost all expert systems preserve this hypothesis.  
 Fuzzy unification consists of two stages: i) the consistency checking for the items in list {t1/?v1, t2/?v2, 
..., tn/?vn} with respect to a given criteria. Checking substitutions consistency resides in a symbolic 
comparison operation. For the crisp case, this operation is relatively easy. For the case of fuzzy facts, the 
variables will be associated with fuzzy terms, and the consistency checking is more complicated; ii) the fuzzy 
substitutions composition: starting from the set {t1, ..., tn}, using a given criteria and following the calculation 
algorithm, is built a new value t, which will be associated with the variable as a result of the composition. To 
eliminate any confusion, we use ?v to denote the variable ?v after the fuzzy unification, which is represented 
by: {t1/?v1, t2/?v2, ..., tn/?vn}  {t/?v}, where t shall be calculated. 
 
5. Conclusions  

Formal logic reasoning is embedded in rule-based production systems. Experts’operational 
knowledge is expressed as rules, each rule gathering information relative to its launching conditions and 
information on the resulting effects. The inference engine performs its reasoning dynamically, by chaining the 
basic cycles, which involves two phases: evaluation and execution. In the evaluation phase the engine 
determines if, within the rules base, there are rules to be activated, using the current state, and also the 
effective set of these rules. The inferential chains determine the reasoning process. In the execution phase the 
engine launches the rules found in the evaluation stage. The complexity of the domain of the problem that an 
expert system must solve, involve different reasoning strategies [6,13,14,15,16,18]: i) if the state space is 
small and the knowledge involved is low, then the search can be exhaustive and the reasoning can be 
monotonous (use only one type of reasoning); ii) if the data or knowledge is complex, is justified to combine 
indexes from multiple sources, and may be used probabilistic models or fuzzy models; iii) for the time-
varying knowledge is necessary to include certain temporal attributes and appropriate reasoning techniques; 
iv) for large state spaces is possible to use generation, hierarchical testing, as well as abstraction; v) if the 
sub-problems or the agents interact, can be used restriction propagation techniques; vi) if necessary to use 
incomplete models, can be used the plausible reasoning and the backtracking; vii) when a reasoning model is 
too weak, are used multiple reasoning lines; viii) if the knowledge base is ineffective (size, complexity, 
operating time, etc.), is useful to apply the knowledge compilation technique, used within CFK expert system, 
presented in this paper. We may outline the following conclusions: i) the formalism chosen for knowledge 
representation is strong enough to support the representation of some types of knowledge underlying the 
management decisions synthesis. It has the advantage of factorizing the knowledge, which substantially 
reduced the size of fuzzy rules base. Also, this knowledge representation method is more appropriate to 
express some types of knowledge similar to those commonly used in the decision synthesis through natural 
language;  ii) the management fuzzy model for the problem presented was developed incrementally, as was 
embedded in the model sufficient domain knowledge, resulting from the limitations observed for the crisp 
case. Is it possible to constantly adapt the management fuzzy model through simulations, often rather 
difficult; iii) the inferential subsystem based on fuzzy logic, designed and presented throughout this paper, 
solves the management situations correctly, both from the computational point of view and in terms of the 
semantics of the conclusions inferred through the chosen inference rule; iv) modeling the economic problems 
and the expert system as systems with logical events allowed the qualitative analysis of management expert 
system. 
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