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1 Introduction

Here, following and extending [26, 31], we discuss the origin, the current state of research and
the applications of Generalized Nets (GNs) and Intuitionistic Fuzzy (IF) tools in the area of Data
Mining (DM) .

First, following [26, 31], we give a short list of the different areas which various authors
consider to lay at the foundation of the Artificial Intelligence (AI) framework:

(a) different kinds of automatic theorem proving;

(b) methods for finding of paths in labyrinths;
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(c) intellectual games;

(d) pattern recognition;

(e) scene analysis;

(f) natural languages and semantic networks;

(g) robotics;

(h) expert systems;

(i) (artificial) neural networks;

(j) genetic algorithms;

(k) computer learning;

(l) Turing machines and different types of finite automata;

(m) planning systems;

(n) multi-agent systems;

(o) heuristics based problems related to scheduling, assignment, optimization, decision
making, etc.;

(p) LISP, PROLOG, and their modifications;

and others.
Of course, this classification is not complete. In addition, it is outdated – it was prepared in

1991, when the author formulated the hypothesis that if there exists a unique mathematical tool
that can describe all areas of AI, then this area of knowledge will be essentially developed. My
thesis from 1991 was that the apparatus of GNs is such a tool.

Now, the author is prone to think that Data Mining – as an essentially new area of sciences
– can be interpreted as a natural extension and union of some of the areas of AI. Therefore, we
discuss how to represent each of the above areas in terms of GNs and also how both sides (AI and
GN theory) will benefit from that. As far as the latter is concerned, imagine a mathematical tool
that can play the role of a relatively universal language for describing all scientific areas listed
above, and even more. Moreover, we will see that the individual areas of AI have a common
background, although at the moment it is not clear whether it is true for all or only for a part of
them. Therefore, this will facilitate the transfer of ideas from one area to another, as well as their
stronger formalization and further development.

There exists, however, another problem – how to generalize and extend this description, within
the framework of the GN-description of each event, adding new (perhaps not yet existing but
theoretically possible) elements in a way that allows the newly obtained process (object) to be
described by a GN, as well. If we can achieve this, then it will be clear that GNs are not only
capable of describing processes (objects), but they serve to construct new, even not yet existing,
processes (objects).

Finally, a third problem arises, namely to search for the possible directions of further
development of GN-methodology and new objects to be described by it.
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Simultaneously, we will discuss the possibility to use the IF-tools for evaluation of DM
procedures and objects.

Now, we shortly discuss the already existing results. They are collected in the books [31, 43,
54, 56, 100, 123, 170, 177, 189, 249, 258, 259, 272], which are based on a lot of papers in journals
and conference proceedings.

In book [31], nine GN-models of Expert Systems (ESs) are described. In [42], we will discuss
the results from this book in more detail, because some ideas from there can be transferred directly
for the DM case. A continuation of these ideas is given in [100, 170], where the functioning
and the results of the work of relational databases, uncertain data and knowledge engineering
processes are described by GNs.

The book [43] contains GN-models of process of machine learning of: neural networks,
genetic algorithms, intellectual games, GNs and intuitionistic fuzzy GNs, abstract systems, and
others. The process of machine learning described by a GN essentially extends the standard
machine learning process, but we can now also take into account many facts generated at the
time of the GN-functioning which are related to the training process, as well as to the object of
learning.

The processes of pattern recognition and decision making are represented by GN-models in
books [54,56]. Multi-criteria decision making procedures are described by GNs in [64,215,216],
while the procedures of intercriteria analysis (see [60, 78, 80]) are described by GNs in future
author’s book [42].

The GN-models of a part of the existing types of Neural Networks (NN) are described in
books [177, 189, 272] and in papers [1, 8, 12, 13, 59, 68–70, 112, 136, 140, 178–186, 188–190, 197,
205, 227, 228, 266–271, 273–282, 284–288, 292].

In book [123], the Ant Colony Optimization procedures, introduced by M. Dorigo [113, 114]
are described by GNs, while in book [249] and papers [66,219–225,241–243,245–248,250,251],
the functioning and the results of the work of different types of genetic algorithms are represented
by GNs.

Existing research shows that there is a possibility for GNs to be used as tools for modelling
of practically all AI paradigms.

2 Generalized nets and Data Mining –
possibilities for the future

What is Data Mining? The answer of this question is so unclear, as well as the answer of the
question for the areas of AI. Again, there are different answers with respect to the opinions of the
specialists, giving answers. For example:

“The aim of DM is to make sense of large amounts of mostly unsupervised data, in some
domain” [106];

“The aim of DM is to extract implicit, previously unknown and potentially useful (or action-
able) patterns from data. DM consists of many up-to-date techniques such as classification
(decision trees, naive Bayes classifier, k-nearest neighbor, NNs), clustering (k-means, hierar-
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chical clustering, density-based clustering), association (one-dimensional, multi-dimensional,
multilevel association, constraint-based association)” [300];

“DM stands at the confluence of the fields of statistics and machine learning” [263];
“DM is a tool, not a magic wand” [161];
“DM is a term that covers a broad range of techniques being used in a variety of industries”

[252];
“DM is the core of the knowledge discovery in databases process, involving the inferring of

algorithms that explore the data, develop the model and discover previously unknown patterns”
[193].

Data Mining is a process of finding reasonable correlations, repeating patterns and trends in
large DBs. There are a lot of papers and books, devoted to DM. As a basis of our research, we
use the publications [11, 83, 84, 86–88, 99, 105, 106, 108, 110, 138, 141, 143, 151–158, 161, 166–
169, 193, 199, 213, 217, 218, 230, 234, 239, 252, 257, 263, 293, 300, 309, 310, 312].

Extending the text from [31], here we make a review of some of the problems related to the
above ones – those already existing, and those planned for future research within the framework
of the theory of GNs. Everywhere we emphasize on:

• the way GNs have been used to describe the process (object) up to now (if ever);

• possible extensions or generalizations of already existing GN-models of the corresponding
processes (objects) and ways for their modifications;

• possibilities for construction of new GN-models.

3 Expert systems, databases, data warehouses,
big data and OLAP-structures

A lot of colleagues already assert that the ESs are dying. The author supports the idea that they
will live their “Renaissance”, obtaining a special place in the instrumentation of DM.
Preserving their basic purpose to generate new knowledge by answering hypotheses, we can
essentially extend the area of their capabilities. When some unclear situation arises in a process
controlled by DM-tools, and when some hypotheses for its future development are generated,
then the new type of ESs can help.

In a series of papers collected in [31], the author described the basic steps of the process of
the functioning and the results of work of ESs.

The first of the models from [31] shows how a GN-model of a given ES can be constructed.
This model contains information about the separate ES components (Data Base (DB),
Knowledge Base (KB) hypotheses), which are represented by GN–transitions, places, tokens and
token characteristics. It shows that we can construct one GN-model for any ES. In the second and
third GN-models from [31], a part of the GN-components that correspond to the ES-components
are changed only by token characteristics. In the second GN-model the DB is represented by a
characteristic of a specially constructed token, while in the third GN-model the same is done for
the KB.
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Therefore, the second and the third GN-models are already independent of the concrete DB
and the concrete KB of a given ES, being modelled by the GN. Hence, the third GN-model is
universal for the class of all ordinary ESs.

The fourth GN-model is an extension of the third one, but with the possibility to represent KB
rules containing the operation “negation” in their antecedents. The remaining five GN-models,
described in [31], are devoted to extensions of the concept of an ES. The new ESs contain new
components, which can be represented by the GN-tools. Of course, these new components are not
all of those necessary for modelling concrete expert processes, but they illustrate the possibility
for extending the ES-structures, and in separate cases they can be useful.

The fifth GN-model represents the functioning and the results of the work of an ES, with
priorities of the data within its DB. The data have now a specific priority. At the time of the
ES functioning (within the context of a GN-model), new data (represented by GN-tokens) can
enter the DB changing the existing information in it (if the new data are in contradiction with the
data already existing, and if the priority of the new data is greater than the priority of the old),
or confirm it. There are special tools, described by GN-subnets, which can check the correctness
of the new data and this information will enter the DB only if it is not in contradiction with the
existing rules of the ES’s KB.

The seventh GN-model is devoted to an analogous extension of the ES, but now related to its
KB. The rules there have priorities and they can be changed or confirmed as in the previous case.
Now, there are GN-subnets that check the correctness of the new rules and they will enter the DB
only if they are not in contradiction with the existing rules of the ES’s KB and with the existing
data in the ES’s DB.

The sixth GN describes an ES that contains “metafacts”. This new concept is similar to DB
facts and simultaneously to the KB rules. In practice, the metafacts can be interpreted as facts
about the DB-facts, as well as, as simple KB-rules.

The concept of an Intuitionistic Fuzzy ES (IFES) was introduced in [28] as an extension of
fuzzy ESs. The estimations of the truth-values of the facts there have the form 〈m,n〉, where
m,n ∈ [0, 1] and m + n ≤ 1. Numbers m and n correspond to the degree of validity and the
degree of non-validity of the fact. In this case, there possibly exists a degree of uncertainty p, for
which p = 1−m−n ≥ 0. The three components of the Intuitionistic Fuzzy Set (IFS) [32,37] and
its derivatives (intuitionistic fuzzy logics, intuitionistic fuzzy graphs, intuitionistic fuzzy abstract
systems, intuitionistic fuzzy ESs, and so on), give greater possibilities for the real processes
modelling than ordinary fuzzy objects. The eighth GN-model describes the functioning and the
results of the work of an IFES.

On the basis of the modal types of operators defined over IFSs, the eighth GN-model was
constructed so that it represents the functioning and the results of an ES using modal logic
operations.

Here, we must mention that in [28], the concept of an Intuitionistic Fuzzy ES (IFES) was
introduced. It was essentially extended in [31, 100, 103, 170]. In these ESs, each fact F has IF-
estimations 〈µ(F ), ν(F )〉, determining its degrees of validity and non-validity. So, the answer
whether a given hypothesis is valid or not, obtains essentially more exact evaluation. In near
future, we will introduce an extension of the IFES whose facts will have the IVIF-estimations

13



〈M(F ), N(F )〉, where M(F ), N(F ) ⊆ [0, 1]and supM(x) + supN(x) ≤ 1. So, we will define
Interval Valued IFES (IVIFES). A next step of the extensions will be introducing of facts that
contain moments of time, when they started to be valid, and moments in which they ceased being
valid (a sequence of time-moments t1, t2, ..., tn). Then (cf. [31]), on the one hand we can answer
to questions related to the time (“at the moment”, “once”, “sometimes”, “for long/short time”,
“often”, “rarely”, “for short period”, “for long period”, etc. ). On the other hand, the IVIFES
rules can have essentially complex forms, containing different logical operations (conjunction,
disjunction, implication, negation, ...), quantifiers (“exists” and “for all”) and modal operators in
their antecedents. In addition, the facts and rules can have priorities that will determine whether
a given fact or rule can stay in the DB or must be changed with another one.

Finally, the ninth GN-model, described in [31], represents the functioning and the results of
the work of an ES with rules, related to a fixed time-scale, which is given as characteristics of a
special GN-token. In this way, we can construct a temporal ES using temporal logic operators.

A continuation of these ideas is given in [100, 170], where the functioning and the results of
the work of relation databases, uncertain data and knowledge engineering processes are described
by GNs.

The OLAP-structures (see, e.g. [106]) can be well represented by the means of IMs [96–
98, 301, 302] and especially by multi-dimensional IMs. IMs were developed as tools for formal
mathematical description of the GN-transitions and logic of the modelled process. On the other
hand, it is easily seen that the processes of realization of the operations, relations and operators
over IMs can be described by GNs. So, GNs can be used as a tool for description of the operations
in OLAP-structures [101, 102].

In [194–196] GN-models and IF-estimations of pipelined, cloud computing and others are
discussed.

4 Heuristics-based pattern and speech recognition,
scene analysis, planning systems, scheduling related
problems, assignment, optimization, decision making, etc.

Books [54, 56] contain GN-models in the areas of pattern and speech recognition, describing the
processes of face, signature, handwriting and typewriting texts recognition. On this basis, the
processes of decision making for obtaining classified access are represented by GNs. The most
interesting in this case is the possibility for automatic generation of checks for the individuals
who do not satisfy all but just a part of the access conditions. In this case, the control tool
determines other checks (for which information exists in the respective DBs) and preserves/stores
the changes in the information about the individuals who should obtain access. So, the next time,
these individuals are checked against the new and older data existing for them. A GN-model
describing this process will be given in the book [42]. It is an extension of the previous models
on this theme.

In the areas of planning systems, problems related to scheduling, assignment and others based
on heuristics, there are only a few attempts to model processes by GNs. At the moment, the
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existing research in the above areas is related to the problems of the decision making [54, 215,
216], the travelling salesman [22, 25, 27] and to the transportation problem [24]. For the last
problem it has been shown that on one hand the process of its solution can be described by a GN.

After constructing a GN for the movement of one travelling salesman, the constructed GN
was extended. Its transition condition predicates and its tokens’ characteristic functions were
modified, and the new GN is capable of describing the following problem: determine the best
move of each of a fixed set of travelling salesmen, collected in n groups, if:

• every two salesmen, from different groups compete;

• for each travelling salesman, the types of the products which he sells, are known in advance;

• for each product of a given salesman, its price, its quantity, the date of its production and
its expiry date are known (i.e., a part of the salesman production may be discarded);

• for each graph vertex, the necessary quantity of different types of products is known;

• for each two adjacent vertices, the distances between them, the cost of the path and the
possibility for connection between them at a given time-moment are known.

The following question is very interesting (and its answer can be obtained within the frames
of a corresponding GN-model): Can a GN-model, similar to the above one, be constructed so
that the “travelling salesmen” search for concrete information in a DB or a Data Warehouse
(DW)? Now, the “salesmen” will collect information instead of selling things and the attributes
of this information (quality, quantity, time-moments (or periods) of validity, etc.) correspond to
product attributes. Since the behaviour of the “salesmen” is similar to the agents from multi-
agents systems (see, e.g. [107, 145]), below, we denote the objects from the “salesmen”-type as
“agents”.

Some GN-models of decision making processes are given in book [54] and in papers [215,
216].They can find applications as solutions of decision-making agents that must collect suitable
information from a DB/DW/KB and to represent it in a predefined form. In the book [42], we
describe a new GN-model of decision making processes.

Another important question is related to the development of algorithms for automatic learning
of the already constructed GN-models.

In [174–176], it is shown that the basic UML-components can be represented by GNs.
The apparatus of the IFLs is suitable for estimation of different pattern recognition procedures.

Some of them, but in a combination with the concept of a GN are described in [54]. Here, we
give the following short example. Let us have some original pattern – in our example, triangle
ABC that must be compared to other pattern – e.g., triangle ADE (see Fig. 1).
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Figure 1.

Let a be the surface of the region ABME that includes both triangles, b be the surface of the
regionADMC that is included in both triangles and let c and d be the surfaces of trianglesDBM
and CEM , respectively. Therefore, the IF-degree of coincidence of second pattern with the
original pattern will be 〈 b

a
,
c

a
〉, i.e., the degree of coincidence is b

a
, the degree of non-coincidence

is c

a
and the degree of uncertainty is d

a
= 1− b

a
− c

a
. This simple example shows the IF-possibility

to estimate more detail than the fuzzy set tools, because in the fuzzy set-case, the estimation had
to be only b

a
.

5 Process of natural language analysis,
semantic networks and translation

At the moment, there exist only two attempts for research in this direction and they are related to
the GN-description of semantic networks in [203] and of a translation process in [53]. After
the first step, the question arises about extending the semantic networks in the direction of,
for instance, their (intuitionistic) fuzziness and the representation of the new nets by GNs. In
future, there will be constructed GNs, which describe the translation process of information from
a DB/DW from one language to another.

6 Clusterization and classification of data, processes
of rule extraction, of solution/decision-tree generation
and of associative rule construction

The first attempts of GN models of clusterisation and classification procedures are discussed
in [89, 91–95], but until now none of the processes of rule extraction, of solution-tree generation
and of associative rule construction exist. It will be important that in future GN-models for all
these procedures and processes are developed. For example, it will be interesting to construct a
GN that contains as subnets the GNs that describe the functioning and the results of the work of
the separate clusterization procedures.

The first attempts to use IF-estimations in clusterization and classification of data are
described in [37, 90] with the introduction of the concept of an IF histogram, but for the moment
none of the processes of clusterisation, classification, rule extraction, decision-tree generation and
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associative rule construction, has made use of IF-estimations. In future, it will be important to
develop procedures for determining IF-estimations for all these particular procedures and
processes. The IF-operations and operators will give us the possibility to determite pessimistic,
optimistic, standard and other IF-estimations.

7 Knowledge discovery processes
and processes for imputation of missing data

“The Knowledge Discovery Process (KDP), also called knowledge discovery in databases, seeks
new knowledge in some application domain. It is defined as the nontrivial process of identifying
valid, novel, potentially useful, and ultimately understandable patterns in data.” [106]. In the
same book, two missing data imputation methods, the mean and the hot deck, are described.
Both types of processes can be described by GNs and this will be an aim of the author for the
future and can be evaluated by IF-estimations and as a result, more detailed information for them
is expected to be obtained.

8 Neural networks and evolutionary algorithms

The idea for Intuitionistic Fuzzy Neural Networks (IFNNs) was introduced in [146–150] about
30 years ago. It was discussed in the books [189, 272]. In a series of papers, functioning and the
results of the work of different types of neural networks are described [1, 13, 59, 68–70, 112, 136,
140, 177–180, 182, 184, 186, 188, 190, 197, 205, 227, 228, 266–271, 273–281, 283–287, 298].

9 Procedure for inductive reasoning

As is mentioned in [143], “the rule induction is one of the fundamental tools of DM. Usually
rules are expressions of the form

if (attribute1, value1)&(attribute2, value2)& ... &(attributen, valuen)

then (decision, value).

Obviously, the process of evaluation of the truth values of the members of the antecedent can
be represented by the sequential characteristic of a fixed token in the GN and when it has obtained
all n characteristics, it will obtain in addition the characteristic “(decision, value)”.

Therefore, the discussed procedure is representable by GNs. But now, we can use, e.g., an
intuitionistic fuzzy GN from the third type. In this case, we obtain sequentially the following n
characteristics
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(attribute1, value1, µ1, ν1),

(attribute2, value2, µ2, ν2),

...

(attributen, valuen, µn, νn),

where, in the simplest case

µi =


1, if valuei is anticipated (expected, correct, etc.)
0, if valuei is not anticipated (not expected, incorrect, etc.)
∗, if there is no information for attributei

and νi = 1 − µi, but in more general case µi, νi ∈ [0, 1] and µi + νi ≤ 1. The (n + 1)-th
characteristic can have the form

(decision, value, µ, ν),

where
µ =

p

n
, ν =

q

n
and p is the number of degrees µi that are equal to 1, q is the number of degrees νi that are equal
to 1. Obviously, p+ q ≤ n. Therefore, the evaluation 〈µ, ν〉 is an intuitionistic fuzzy pair. Hence,
we obtain more precise estimation for the validity of the procedure for inductive reasoning. If in
the beginning we determine some threshold of validity tv, then we can assert that a decision is
sufficiently valid if µ > tv. On the other hand, if we determine some threshold of non-validity tn
then we can assert that a decision is sufficiently valid if ν < tn.

If we use the IVIF-apparatus, the final estimation can have the form

(decision, value,M,N),

where M,N ⊆ [0, 1] and supM + supN ≤ 1, and
Let p be the number of degrees µi that are equal to 1, q be the number of degrees νi that are

equal to 1, r be the number of degrees µi that satisfy 1 > µi >
1

2
, s be the number of degrees νi

that satisfy 1 > νi >
1

2
. Obviously, p+ q + r + s ≤ n.

Now, the final estimation can have the IVIF-form

(decision, value,M,N),

where

M =

[
p

n
,
p+ r

n

]
,

N =

[
q

n
,
q + s

n

]
.

Therefore, M,N ⊆ [0, 1] and supM + supN ≤ 1.
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Repeating the above words for the IF-case, now we will say that we obtain more precise
estimation for the validity of the procedure for inductive reasoning than in the cases of standard,
fuzzy and intuitionistic fuzzy inductive reasoning. If in the beginning we determine some
threshold of validity tv, then we can assert that a decision is positive sufficiently valid, if
supM > tv and it is strongly positive sufficiently valid, if infM > tv. On the other hand, if
we determine some threshold of non-validity tn then we can assert that a decision is negative
sufficiently valid, if inf N < tn and it is is strongly negative sufficiently valid, if supN < tn.

The procedures for decision making include the multi-criteria decision making procedures
that can be re-organized so that they use IVIF-estimations. For example, let us have s experts
who must estimate some objects or processes. Let m of them estimate it as “perfect”, “the best”
or “very good”; n of them – as “worst” or “very bad”; r – as “good”, “suitable” or “useful”; and
s – as “bad”, “non-suitable” or “non-useful”, then we can estimate the objects or processes by
IVIF-estimations.

In [39], a new type of decision making procedure, based on the apparatus of the intercriteria
analysis, is discussed. It is called intercriterial decision making. Its aim is to search dependencies
among the used criteria. For example, it is very suitable when separate experts offer for use in
concrete procedure different criteria. Now, after finishing of the procedure, we can determine
whether there are connections between some of these criteria. In IFS-case, this procedure is
discussed in [75], while for the IVIFS-case similar research has appeared. The new method is
based on the apparatus of the IMs.

10 Statistical procedures for Data Mining

Up to now, there have been no GN-models of the statistical procedures for Data Mining, but their
development can be realized in terms of GNs. Indeed, in some subset of a given GN-model of a
real process we can collect the necessary information in the form of characteristics of especially
determined GN-tokens. Other GN-tokens will collect the results of the statistical data processing.
So, all statistical methods can obtain GN-realizations.

On the other hand, the IFSs give possibility for constructing of new statistical tools. For
example, in [37], an following idea for IF-Histogram (IFH) is described and two illustrative
examples are discussed.

Example 1. Let us take a sudoku puzzle that was being solved, no matter correctly or not, and
let some of its cells be still vacant. For instance, the sudoku puzzle in Fig. 2 contains a lot of
mistakes and is not complete, but it serves us well as an illustration.

Let us divide the 9 × 9 grid into nine 3 × 3 sub-grids, and let us arrange vertically these
sub-grids one over another (see Fig. 3). Let the rows and columns of each sub-grid be denoted
by “i” and “j”, and let each of the 9 cells in a sub-grid be denoted by the pair “(i, j)”, where
i, j = 1, 2, 3. Let us design the following table from Fig. 4, in which over the “(i, j)” indices, that
correspond to a cell, nine fields be placed, coloured respectively in white if the digit in the cell is
even; black – if the digit is odd; and half-white half-black if no digit has been entered in the cell.

Now let us rearrange the table fields in a way that the black ones are shifted to the bottom
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positions, the black-and-white cells are placed in the middle and the white fields float to top.
Thus, we obtain Fig. 5.

This new table has the appearance of a histogram and we can juxtapose to its columns the
pair of real numbers 〈 p

9
,
q

9
〉, where p and q are respectively the numbers of the white and the

black sudoku cells, while 9 − p − q is the number of the empty cells. Let us call this object
an intuitionistic fuzzy histogram. It gives us an idea of the kinds of numbers in the sudoku
placeholders, and is clearer than the one we would have if we used a standard histogram. Back to
the example from Fig. 5, the values of the individual columns will be, respectively: 〈 3

9
,
3

9
〉, 〈3

9
,
4

9
〉,

〈4
9
,
3

9
〉, 〈5

9
,
4

9
〉 , 〈1, 0〉, 〈4

9
,
2

9
〉, 〈4

9
,
4

9
〉, 〈5

9
,
4

9
〉, 〈1

9
,
4

9
〉.
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In the case of IFH, several situations may possibly rise:

1. The black-and-white cells count as white cells. Then we obtain the histogram on Fig. 6.
We call it “N-histogram” by analogy with the modal operator “necessity” from [32, 37].

2. The black-and-white cells will be counted as half cells each, so that two mixed cells yield
one black and one white cell. Then we obtain the histogram from Fig. 7. We call this
histogram “A-histogram”, meaning that its values are average with respect to Fig. 5.

3. The black-and-white cells count for black cells. Then we obtain the histogram from Fig. 8.
This histogram will be called “P-histogram” by analogy with the modal operator “possi-
bility” from [32, 37].
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Example 2. Now let us consider the chess board, part of which is illustrated in Fig. 9. Each
couple of squares on the board is divided by a stripe of non-zero width. The board squares are
denoted in the standard way by “a1”, “a2”, ..., “h8” and they have side length of 2.

Let us place a coin of surface 1 and let us toss it n times, each time having it falling on the
chess board. After each tossing, we assign the pairs 〈a, b〉 to the squares on which the coin has
fallen, where a denotes the surface of the coin that belongs to the respective chess square, while
b is the surface of the coin that lies on one or more neighbouring squares. Obviously, a+ b < 1.
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In this example, it is possible to have two specific cases:

• If the tossed coin falls on one square only, then it will be assigned the pair of values 〈1, 0〉.
This case is possible, because the radius of the coin is

√
1
π

while its diameter is 2
√

1
π
< 2.

• If the tossed coin falls on a square and its neighbouring zone, without crossing another
board square, then it will be assigned the pair of values 〈a, 0〉; where 0 < a < 1 is the
surface of this part of the coin that lies on the respective square.

Obviously, the tossed coin cannot fall on more than 4 squares at a time. Let us draw a table,
having 64 columns, that will represent the number of the squares on the chess board, and n rows,
that will stand for the number of tossings. On every toss, enter pairs of values in no more than
4 columns at a time. However, despite assigning pairs of numbers to each chess square, we may
proceed by colouring the square in black (rectangle with width a), white (rectangle of width b)
and leave the rest of the square white, as shown in Fig. 10.
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Figure 10.

After n tossings of the coin, we rearrange the squares by placing the black and/or grey squares
to the bottom of the table. Thus we obtain a histogram that is analogous to the one from the first
example. We can also build a histogram of necessity, a histogram of possiblity and an average
histogram.

11 GN-models of the collaborative Data Mining processes

Following [201], we mention that “collaborative DM aims to combine the results generated
by isolated experts, by enabling the collaboration of geographically dispersed laboratories and
companies.” The definition of the concept of a GN is a guarantee that the separate components of
the collaborative DM processes can be represented by synchronized subnets of a larger GN.

12 GN-descriptions of the different kinds
of automatic theorem proving

There are some publications devoted to descriptions by Petri nets and some extensions of these
(as, for instance, Predicative-transition nets, colour nets, and so on; see, for example, [128, 129,
164, 315]); processes in the area of automatic theorem proving are also known (see, for example,
[85, 131, 173, 265, 296, 303, 307]). Among the first publications in this area was [296].

Subsequently, the ideas from this paper were transformed into a series of papers which were
devoted to GN-models of expert systems. The GNs constructed in [296] give the possibility of
tracing the processes of forward and backward reasoning in automatic theorem proving. The
models described there sound obsolete and the need for their modernization is urgent. When
this happens, a GN-description of Skolem’s procedure is to be proposed and it will work also
for the intuitionistic fuzzy values of the variables. This will allow the use of intuitionistic fuzzy
interpretations of the standard logical operations and quantifiers, and the use of the modal and
temporal operators in the antecedents of the rules as well.

13 Turing machine and finite automata of different types

Practically, all types of Turing machines and finite automata were described by GNs in the middle
of the 1980s (see, for example, [24]). Now, a very important, although somewhat embarrassing is
the question: “Can an example of a process be found so that a Turing machine cannot describe it,
but a GN can?”. At the moment, we do not have answer of this question, but it is possible when
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the GN-models of semantic networks and the GNs of the process of natural language speaking
are constructed, this question can be solved positively and, therefore, Church’s thesis would fail.
In [36], following [46] it was described a GN that realizes Kolmogorov’s algorithm (see [171])
for which D. Grigoriev asserted in [139] is stronger than Turing machine.

14 Programming languages LISP and PROLOG,
and their modifications

Up to now, there have been no attempts to describe these languages by means of GNs, but the
possibility of describing the work of algorithmic languages by GNs and the ways of ESs descrip-
tion by GNs give a sufficient reason to assert that such GNs can be constructed.

In [52], the idea for an Intuitionistic Fuzzy Prolog was described. Unfortunately, it was not
realized. Now, having in mind that the theory of IFSs was essentially extended during the last 30
years, the author plans to repeat the attempt to introduce a new version of an Intuitionistic Fuzzy
Prolog. It will give to the user essentially more possibilities.

15 Intellectual games

Up to now no serious attempts to describe intellectual games by GNs have been undertaken.
There are some simple (unpublished) attempts to construct GN-models for chess. In one of them,
each of the 32 chess pieces is interpreted as a GN-token that has as a current characteristic the
piece’s place on the chess board. Other interpretations are possible, too. For example, the GN
can initially have only one token with an initial characteristic

“the initial locations of the chess pieces on the chess board”.

Each of the existing tokens will split into as many tokens as possible (the moves the corresponding
player can make legally), independently on their sense, and these tokens will obtain the next
current characteristic in the above form. After this, all possible moves can be estimated and the
token with the best characteristic will remain; all other tokens will leave the net. It is possible that
some modifications of the GNs will need to be used (for example, the opposite GNs). In practice,
the situation about the other games is similar.

The first step towards modelling the process of searching for a path in a labyrinth is introduced
in [104]. There, the process is described in a sufficiently general form, and some of the possible
labyrinth generalizations are described.

The motion in such a generalized form within the labyrinth is described in the context of
the already existing GN-model, where only the transition condition predicates and tokens’
characteristic functions are changed. When the labyrinth has a tree structure, the motion in
the labyrinth can be abridged and this will result in a simplification of the GN-model. In this
case, the problem of new GN-model construction which will result in new algorithms for moving
a guaranteed minimal length of the transfer, minimal time for searching, and so on, will be
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generated. In [104], it is assumed that complete information about the architecture of the labyrinth
is in the GN-model (represented by token characteristics). If this information is absent, then the
algorithms (and their GN-realizations) must be constructed. They can be based, for example, on
the ideas of intuitionistic fuzziness.

16 Some other trends for future GN-interpretations

In [193], it is mentioned that there are several trends for future research and implementation,
including:

• Active DM – closing the loop, as in control theory, where changes to the system are made
according to the knowledge discovery in databases (KDD) results and the full cycle starts
again. Stability and controllability, which will be significantly different in these types of
systems, need to be well-defined.

• Full taxonomy – for all the nine steps of the KDD process. We have shown a taxonomy for
the DM methods, but a taxonomy is needed for each of the nine steps. Such a taxonomy will
contain methods appropriate for each step (even the first one), and for the whole process
as well.

• Meta-algorithms – algorithms that examine the characteristics of the data in order to
determine the best methods, and parameters (including decompositions).

• Benefit analysis – to understand the effect of the potential KDD or DM results on the
enterprise.

• Problem characteristics – analysis of the problem itself for its suitability to the KDD
process.

• Mining complex objects of arbitrary type – Expanding Data Mining inference to include
also data from pictures, voice, video, audio, etc. This will require adapting and developing
new methods (for example, for comparing pictures using clustering and compression
analysis).

• Temporal aspects – many data mining methods assume that discovered patterns are static.
However, in practice patterns in the database evolve over time. This poses two important
challenges. The first challenge is to detect when concept drift occurs. The second challenge
is to keep the patterns up-to-date without inducing the patterns from scratch.

• Distributed Data Mining – The ability to seamlessly and effectively employ Data Mining
methods on databases that are located in various sites. This problem is especially
challenging when the data structures are heterogeneous rather than homogeneous.

• Expanding the knowledge base for the KDD process, including not only data but also
extraction from known facts to principles (for example, extracting from a machine its
principle, and thus being able to apply it in other situations).
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• Expanding Data Mining reasoning to include creative solutions, not just the ones that
appear in the data, but being able to combine solutions and generate another approach.

Elements of all these trends can be represented by GN-tools and this will be one of our future
research aims.

17 Some other trends for future IVIF-evaluations

The present research aims to offer a new look on different aspects and procedures of Data Mining
from the point of view of IVIFSs.

In all the commented areas of Data Mining, we see the application of interval-valued
intuitionistic fuzziness as a tool for more precise estimation, which takes into account possibly
simultaneously opposite patterns of behaviour, as well as uncertainty.

In [314], an idea for a new direction in AI is formulated by L. Zadeh, based on the concept of
a granule. But, by the moment there is not a good formal definition of this concept. Probably, the
estimations of the IVIFS-elements can be used for a model. Indeed, the geometrical interpretation
of an IVIFS-element x is given in Fig. 11.
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Figure 11.

Let E be a universe,
A = {〈x,M(x),M(x)〉|x ∈ E}

be an IVIFS, and z ∈ E be a fixed element of the IVIFS. A granule can be defined as the set

Gcrisp(z) = {y|y ∈ E&µ(y) ∈M(z)&ν(y) ∈ N(z)}

(crisp form) or

GIFS(z) = {〈y, µ(y), ν(y)〉|y ∈ E&µ(y) ∈M(z)&ν(y) ∈ N(z)}

(intuitionistic fuzzy form).
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Of course, this is only a first step of the development of this idea that will be developed in the
future.

We assume that solving each of the above problems or, of course, all of them, will promote
not only the theory and application of GNs, but also the research in the area of DM, too.

Bearing in mind all of the above, we think that it is clear that GNs can really make a claim for
a place within DM. How central is this place? That will depend on how successfully the problems
above can be solved.

How shall we benefit from having the possibility of describing all the above areas by GNs?
First, this will mean that these DM-tools have a common basis, a common language by means
of which all separate tools can be described, and second, we shall be able to transform methods
already developed (like GN-models) from one DM-tool to another. This can be achieved by GN
operations and operators, as we will discuss shortly, below.

Finally, we must note that the thesis formulated in the introduction may be an overstatement,
but nevertheless it could turn out to be true, at least partially.
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