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Abstract. In this paper a new approach for construction of neuro-fuzzy
systems for nonlinear classification is introduced. In particular, we con-
centrate on the flexible neuro-fuzzy systems which allow us to extend
notation of rules with weights of fuzzy sets. The proposed approach uses
possibilities of hybrid evolutionary algorithm and interpretability criteria
of expert knowledge. These criteria include not only complexity of the
system, but also semantics of the rules. The approach presented in our
paper was tested on typical nonlinear classification simulation problems.

1 Introduction

The process of construction methods for the nonlinear classification is focused
mostly on reaching high accuracy. The other important aim is to achieve a good
clarity and interpretability of classification rules. It allows to better understand
considered problem. These both aims are contradictory, so the balance between
accuracy and interpretability of classifier is often investigated in the literature
(see e.g. [28,36,37,71]).

A number of methods are used for nonlinear classification, i.e. neuro-fuzzy
systems (see e.g. [35,47,48,55,67,90,95,102]). In those systems the knowledge is
gathered in a form of rules ifthen. These rules contain linguistic variables and
variables corresponding to fuzzy sets and their parameters. Methods for increas-
ing interpretability of neuro-fuzzy system rules take an important place in the
literature. This interpretability arises not only from complexity of the system,
but also from semantics of the rules (see e.g. [2,30]). In the area of those re-
search is worth to list methods focused on: (a) Definition and implemention of
new criteria of interpretability of fuzzy rules (see e.g. [1,30,86,87]). (b) Appropri-
ate aggregation of those criteria (see e.g. [3,18,31,99]) and using multi-objective
methods (see e.g. [57,85,86,100]). (c) Use of population-based algorithms to ob-
tain interpretable systems (see e.g. [49,60,65,74]). (d) Use of possibilities of non-
supervising learning in the field of initialization of fuzzy rules for increasing
interpretability (see e.g. [4,41,72,88]). (e) Use of possibilities of gradient and
evolutionary methods for reduction and scaling of fuzzy rules and fuzzy sets
(see e.g. [39,45,46,63]). (f) Use of extended structures of neuro-fuzzy systems
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in purpose to increase both the accuracy and interpretability of neuro-fuzzy
rules (see e.g. [20,21,79], [80]). (g) Extending notation of neuro-fuzzy rules for
additional possibilities in the field of more precise description of considering
problems (see e.g. [42,59,72,73,89]). It is worth to mention that there are many
papers that focus on reviewing methods that concentrate on interpretability and
interpretability-accuracy trade-off (see e.g. [1,30,86,87]). For example, in [30] au-
thors are focused on splitting types of methods in the context of interpretability
into following quadrants of interpretability: (a) complexity at the rule base level
(it refers to i.e. number of rules, number of inputs used), (b) complexity at the
fuzzy partition level (it refers to i.e. number of antecedences and consequents),
(c) semantics at the rule base level (it refers to i.e. level of active rules for in-
dividual input sets), (d) semantics at the fuzzy partition level (it refer to i.e.
equal covering the search space by fuzzy sets, shape and place of the fuzzy sets).

In this paper we propose a new method for increasing the interpretabil-
ity of neuro-fuzzy systems for nonlinear classification. Neuro-fuzzy systems
(see e.g. [29,52]) combine the natural language description of fuzzy systems
(see e.g. [6,61]) and the learning properties of neural networks (see e.g.
[7,8,9,10,11,12,13,14,15,51,94,98]). In particular we propose: (a) a new approach
for construction and tuning of neuro-fuzzy systems (including flexible neuro-
fuzzy systems, see e.g. [19,22,23,103,108,109]) (b) a new interpretability criteria
for increasing interpretability of expert knowledge taking into account not only
the complexity of the system but also semantics of the rules.

It is worth to note that many computational intelligence methods (see e.g.
[5,24,25,26,62,81,82,91,92,93]) are succesfully used in pattern recognition (see
e.g. [38,75,76,77,84]), modelling (see e.g. [16,69,83,97,104,105,106,107]) and many
other (see e.g. [32,33,34,50]) issues.

This paper is presented as follows: in Section 2 a description of proposed sys-
tem and its tuning process for nonlinear classification is presented. In Section 3
a new interpretability criteria to increase interpretability for neuro-fuzzy sys-
tems are shown. The results of simulations are presented in Section 4, finally the
conclusions are described in Section 5.

2 Description of Neuro-Fuzzy System for Nonlinear
Classification and Algorithm for Its Tuning

2.1 System Description

We consider multi-input, multi-output neuro-fuzzy system mapping X → Y,
where X ⊂ Rn and Y ⊂ Rm. The flexible fuzzy rule base consists of a collection
of N fuzzy if-then rules in the form

Rk :

[(
IF
(
x̄1 isA

k
1

) ∣∣∣wA
k,1 AND . . .AND

(
x̄n isA

k
n

) ∣∣∣wA
k,n

THEN
(
y1 isB

k
1

) |wB
1,k, . . . ,

(
ym isBk

m

) |wB
m,k

) ∣∣wrule
k

]
, (1)
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where n is a number of inputs, m is a number of outputs, x̄ = [x̄1, . . . , x̄n] ∈ X,
y = [y1, . . . , ym] ∈ Y, Ak

1 , . . . , A
k
n are fuzzy sets characterized by member-

ship functions μAk
i
(xi), i = 1, . . . , n, k = 1, . . . , N , Bk

1 , . . . , B
k
m are fuzzy sets

characterized by membership functions μBk
j
(yj), j = 1, . . . ,m, k = 1, . . . , N ,

wA
k,i ∈ [0, 1], i = 1, . . . , n, k = 1, . . . , N , are weights of antecedents, wB

j,k ∈
[0, 1], k = 1, . . . , N , j = 1, . . . ,m, are weights of consequences, wrule

k ∈ [0, 1],
k = 1, . . . , N , are weights of rules. In logical approach output signal ȳj , j =
1, . . . ,m, of the neuro-fuzzy system can be described by the formula

ȳj =

R∑
r=1

ȳdefj,r ·
N

T ∗
k=1

{
S∗
{
1−

n

T ∗
i=1

{
μAk

i
(x̄i) ;w

A
k,i

}
, μBk

j

(
ȳdefj,r

)
; 1, wB

j,k

}
;wrule

k

}
R∑

r=1

N

T ∗
k=1

{
S∗
{
1−

n

T ∗
i=1

{
μAk

i
(x̄i) ;wA

k,i

}
, μBk

j

(
ȳdefj,r

)
; 1, wB

j,k

}
;wrule

k

} ,

(2)
where T ∗ {·} and S∗ {·} are weighted triangular norms (see e.g. [20,21,78], [79,80]),
ȳdefj,r , j = 1, . . . ,m, r = 1, . . . , R, are discretization points, R is a number of dis-
cretization points. For more details see our previous papers, e.g. [20,21,78].

2.2 Description of tuning algorithm

For selection of structure and parameters of system (2) we propose an evolu-
tionary algorithm (see e.g. [27,54,53,66,68,96,101]). In the process of evolution
(evolution of parameters) all parameters of the neuro-fuzzy system (2) will be
found. Moreover, in the process of evolution (evolution of the structure) we will
find the number of inputs n, the number of rules N , the number of antecedents
and consequents (number of fuzzy sets) and the number of discretization points
R. The algorithm is based on the Pittsburgh approach ([58,78]), on the evolu-
tionary strategy (μ, λ) for selecting parameters of system (2), on the classical
genetic algorithm for choosing structure of system (2) and on the bees algorithm
for fixing parameters of reduced systems (2).

The evolutionary strategy (μ, λ) starts with a random generation of the initial
parents population P containing μ individuals. Next, a temporary population T
is created by means of reproduction, whose population contains λ individuals,
while λ ≥ μ. Reproduction consists in a multiple random selection of λ individu-
als out of the population P (multiple sampling) and placing the selected ones in
temporary population T. Individuals of the population T undergo crossover and
mutation operations as a result of which an offspring population O is created,
which also has size λ. The purpose of the repair procedure of the population O
is to correct the parameters if they reach inadmissible values. The new popu-
lation P containing μ individuals is selected only out of the best λ individuals
of the population O. The bees algorithm mimics the food foraging behaviour of
honey bee colonies and it is used to tuning parameters of system (2). The aim
of using this algorithm is to tune the parameters of the system with recently
reduced structure and to repair damaged accuracy. The behaviour of the bees
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can be described as follows: (a) For every μ population chromosomes of P and
μ chromosomes are generated (scout bees), b) For every chromosome of B a
search territory area is calculated (as an area of solution explorations coded in
the population P). For every iteration of the algorithm the area of exploration
is decreased, (c) After this modification, chromosomes from B are repaired and
evaluated (analogically to evolutionary strategy (μ, λ)), (d) In the last step one
solution (with best fitness function value) is picked from each group of scout
bees and moved into the population P. More details about bees algorithm can
be found in [64].

Coding of Parameters and Structure. The parameters of system (2) are
coded in the following chromosome (Pittsburgh approach)

Xpar
ch =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

x̄A
1,1, σ

A
1,1, . . . , x̄

A
n,1, σ

A
n,1, . . .

x̄A
1,Nmax, σ

A
1,Nmax, . . . , x̄

A
n,Nmax, σ

A
n,Nmax,

ȳB1,1, σ
B
1,1, . . . , ȳ

B
m,1, σ

B
m,1, . . .

ȳB1,Nmax, σ
B
1,Nmax, . . . , ȳ

B
m,Nmax, σ

B
m,Nmax,

wA
1,1, . . . , w

A
1,n, . . . , w

A
Nmax,1, . . . , w

A
Nmax,n,

wB
1,1, . . . , w

B
m,1, . . . , w

B
1,Nmax, . . . , w

B
m,Nmax,

wrule
1 , . . . , wrule

Nmax,
ȳdef1,1 , . . . , ȳ

def
1,Rmax, . . . , ȳ

def
m,1, . . . , ȳ

def
m,Rmax

⎫⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

=
{
Xpar

ch,1, . . . , X
par
ch,L

}
,

(3)
where L = Nmax·(3 · n+ 3 ·m+ 1)+Rmax·m is the length of the chromosome
Xpar

ch , ch = 1, . . . , μ for the parent population or ch = 1, . . . , λ for the temporary
population, {x̄A

i,k, σ
A
i,k}, i = 1, . . . , n, k = 1, . . . , N , are parameters of Gaussian

membership functions μAk
i
(xi) of the input fuzzy sets Ak

1 , . . . , A
k
n (were used

in our simulations), {ȳBj,k, σ
B
j,k}, k = 1, . . . , N , j = 1, . . . ,m, are parameters of

Gaussian membership functions μBk
j
(yj) of the output fuzzy sets Bk

1 , . . . , B
k
m,

Nmax is the maximum number of rules, Rmax is the maximum number of
discretization points. The maximum number of rules Nmax should be selected
individually to the problem from the range [1, Nmax]. Analogously, the maxi-
mum number of discretization points Rmax should also be selected individually
to the problem from the range [1, Rmax] ([20,21,78]). The purpose of the al-
gorithm is also to select the number of antecedents (from the range [1, n]) and
consequents (from the range [1,m]) within each rule from rule base. The reduc-
tion of the system is done using additional chromosome Xred

ch . Its genes take
binary values and indicate which rules, antecedents, consequents, inputs, and
discretization points are selected. The chromosome Xred

ch is given by

Xred
ch =

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

x1, . . . , xn,
A1

1, ..., A
1
n, ..., A

Nmax
1 , ..., ANmax

n ,
B1

1 , ..., B
1
m, ..., BNmax

1 , ..., BNmax
m ,

rule1, ..., ruleNmax,
ȳdef1,1 , ..., ȳ

def
1,Rmax, ..., ȳ

def
m,1, ..., ȳ

def
m,Rmax

⎫⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎭

=
{
Xred

ch,1, ..., X
red
ch,Lred

}
, (4)
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where Lred = Nmax ·(n+m+1)+n+Rmax ·m is the length of the chromosome
Xred

ch . Its genes indicate which rules (rulek, k = 1, . . . , Nmax), antecedents (Ak
i ,

i = 1, . . . , n, k = 1, . . . , Nmax), consequents (Bk
j , j = 1, ...,m, k = 1, ..., Nmax),

inputs (x̄i, i = 1, . . . , n), and discretization points (ȳr, r = 1, . . . , Rmax) are
taken to the system. We can easily notice that the number of inputs used in the
system and encoded in the chromosome ch can be determined as follows

nch =

n∑
i=1

Xred
ch {xi}, (5)

where Xred
ch {xi} means gene of the chromosome Xred

ch associated with the input
xi (as previously mentioned, if the value of the gene is 1, the associated input is
taken into account during work of the system). The number of rules (Nch) used in
the system and encoded in the chromosome ch may be determined analogously.
Implementation of the strategy (μ, λ) uses an additional chromosome

σpar
ch =

(
σpar
ch,1, . . . , σ

par
ch,L

)
. (6)

This allows the implementation of the mechanism of self-adaptive range of mu-
tation (see e.g. [78]). At the beginning of the operation of evolutionary strategy
the range is large, while during the convergence its gradual reduction is observed.
This results in a smooth transition from exploration (occurring at the beginning
of the algorithm) to exploitation of the promising areas.

Evolution of Parameters and Structure. This hybrid population-based
method allows for tuning both structure and parameters of system (2) with
various interpretability criteria. It is worth to mention that: (a) An evolutionary
strategy (μ, λ) is used for tuning the parameters of system (2). It processes
chromosomes Xpar

ch and σpar
ch from the population P, T and O. The details about

crossover and mutation operators from this strategy can be found in [78]. (b) For
the structure evolution of system (2), a classic genetic algorithm is chosen. It
processes chromosomes Xred

ch from the population P, T and O. The details about
crossover and mutation operators from this strategy can be found in [58]. It is
important to mention that genetic algorithm works together with evolutionary
strategy (μ, λ) and it allows to reduce any element of the system structure,
such as antecedences, consequents, inputs, rules and discretization points. (c) A
bees algorithm is additionally used for tuning parameters of the system (2). It
processes chromosomes Xpar

ch from the population B. The purpose of the use
of the bees algorithm is to search neighbourhood around chromosomes from
population B (chromosomes with reduced structure of the system) and replace
them with fitter solutions. The details about bees algorithm can be found in
[64]. (d) The important mechanism of our method is an evaluation process of
the chromosomes from populations P, T, O and B described in next subsection.
It takes into account an accuracy-interpretability trade-off and allows to obtain
a balanced dependent from weights of the fitness function components solutions
(see e.g. [30]).
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Chromosome Population Evaluation. Each individual Xch of the parental
and temporary populations is represented by a sequence of chromosomes〈
Xpar

ch , σpar
ch ,Xred

ch

〉
, given by formulas (3), (4) and (6). Genes of two first chromo-

somes take real values, whereas the genes of the last chromosome take integer
values from the set {0, 1}. The system aims to minimize the following fitness
function

ff (Xch) = T ∗
{
ffaccuracy (Xch) ,ffinterpretability (Xch) ;

wffaccuracy, wffinterpretability

}
, (7)

where T ∗ {·} is the algebraic weighted t-norm (see e.g. [20,21,78]), wffaccuracy ∈
(0, 1] is a weight of the component ffaccuracy (Xch) and wffinterpretability

is a weight of the component ffinterpretability (Xch). The component
ffaccuracy (Xch) determines the accuracy of the system (2) i.e. average normal-
ized percentage classification error for all data from learning sequence. A purpose
of normalization of the component ffaccuracy (Xch) is to ensure an influence on
every component of the function (7). The component ffinterpretability (Xch) de-
termines complexity-based (component ffintA (Xch)) and semantic-based (com-
ponents ffintB (Xch)-ffintG (Xch)) interpretability of the system (2) encoded in
the tested chromosome

ffinterpretability (Xch) =

T ∗

⎧⎨
⎩

ffintA (Xch) ,ffintB (Xch) ,ffintC (Xch) ,ffintD (Xch) ,
ffintE (Xch) ,ffintF (Xch) ,ffintG (Xch) ;

wffintA, wffintB, wffintC, wffintD, wffintE, wffintF, wffintG

⎫⎬
⎭ ,

(8)

where wffintA ∈ (0, 1] denotes weight of the component ffintA (Xch), etc. The
individual components of the formula (8) are defined in the next section.

3 A New Interpretability Criteria for Neuro-Fuzzy
System for Nonlinear Classification

In this section a new interpretability criteria for neuro-fuzzy system for nonlinear
classification are described, each criterion is a component of fitness function
responsible for interpretability (8) of the system. The criteria are defined as
follows:
(a) The component ffintA (Xch) determines complexity of the system (2) i.e. a
number of reduced elements of the system (rules, input fuzzy sets, output fuzzy
sets, inputs, and discretization points) in relation to length of the chromosome
Xred

ch (it allows to increase complexity-based interpretability)
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ffintA (Xch) =

⎛
⎜⎜⎜⎜⎜⎜⎜⎝

n∑
i=1

Xred
ch {xi} ·

Nmax∑
k=1

Xred
ch {rulek} ·Xred

ch

{
Ak

i

}
+

+
m∑
j=1

Nmax∑
k=1

Xred
ch {rulek} ·Xred

ch

{
Bk

j

}
+

+
m∑
j=1

Rmax∑
r=1

Xred
ch

{
ȳdefm,r

}

⎞
⎟⎟⎟⎟⎟⎟⎟⎠

Nch · (nch +m) +m · Rmax
, (9)

where Xred
ch {xi} means a gene of the chromosome Xred

ch associated with the input
xi, etc.
(b) The component ffintB (Xch) minimizes number of rules fired at the same
time in the system (2) for fuzzy sets

ffintB (Xch) = 1− 1

Z

Z∑
z=1

(
max

k=1,...,Nmax

{
Xred

ch {rulek} · τk (x̄z)
})2

Nmax∑
k=1

Xred
ch {rulek} · τk (x̄z)

, (10)

where x̄z is a vector of input signals learning sequence (z = 1, ..., Z), Z is the
number of samples of learning sequence and τk (x̄z) is the flexible firing strength
of the k-th rule described by the formula

τk (x̄) = μAk (x̄) =
n

T ∗
i=1

{
μAk

i
(x̄i) ;w

A
k,i

}
. (11)

(c) The component ffintC (Xch) maximizes a fitness of training data to input
fuzzy sets of the system (2) encoded in the tested chromosome

ffintC (Xch) =

Z∑
z=1

n∑
i=1

Xred
ch {xi} ·

(
1− max

k=1,...,Nmax

{
Xred

ch {rulek} · μAk
i
(x̄z,i)

})
Z · nch

.

(12)
(d) The component ffintD (Xch) reduces overlapping of input and output fuzzy
sets of the system (2) encoded in the tested chromosome
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ffintD (Xch) =

1
4 ·

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

nch∑

i=1

noifs(i)
−1∑

k=1

⎛

⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎝

∣∣∣∣∣cffintc − exp

(
−
(

Xsupp
ch {x̄A

i,k}−Xsupp
ch {x̄A

i,k+1}
Xsupp

ch {σA
i,k}+Xsupp

ch {σA
i,k+1}

)2
)∣∣∣∣∣+

+

∣∣∣∣∣− exp

(
−
(

Xsupp
ch {x̄A

i,k}−Xsupp
ch {x̄A

i,k+1}
Xsupp

ch {σA
i,k}−Xsupp

ch {σA
i,k+1}

)2
)∣∣∣∣∣

⎞

⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎠

nch∑

i=1

(noifs(i)−1)

+

+

m∑

j=1

noofs(j)
−1∑

k=1

⎛

⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎝

∣∣∣∣∣cffintc − exp

(
−
(

Xsupp
ch {ȳB

j,k}−Xsupp
ch {ȳB

j,k+1}
Xsupp

ch {σB
j,k}+Xsupp

ch {σB
j,k+1}

)2
)∣∣∣∣∣+

+

∣∣∣∣∣− exp

(
−
(

Xsupp
ch {ȳB

j,k}−Xsupp
ch {ȳB

j,k+1}
Xsupp

ch {σB
j,k}−Xsupp

ch {σB
j,k+1}

)2
)∣∣∣∣∣

⎞

⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎠

m∑

j=1
(noofs(j)−1)

⎞
⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

,

(13)
where Xsupp

ch stands for additional chromosome with list of non-reduced fuzzy
sets

Xsupp
ch =

⎧⎪⎪⎨
⎪⎪⎩

x̄A
1,1, σ

A
1,1, x̄

A
1,2, σ

A
1,2, . . . ,

x̄A
nch,1, σ

A
nch,1, x̄

A
nch,2, σ

A
nch,2, . . . ,

ȳB1,1, σ
B
1,1, ȳ

B
2,Nch

, σB
2,Nch

, . . . ,

ȳBm,Nch
, σB

m,Nch
, ȳB2,Nch

, σB
2,Nch

, . . .

⎫⎪⎪⎬
⎪⎪⎭ =

{
Xsupp

ch,1 , ..., X
supp
ch,Lsupp

}
, (14)

where Lsupp = 2 ·
(

nch∑
i=1

noifs (i) +
m∑
j=1

noofs (j)

)
stands for length of the chro-

mosome Xsupp
ch . Moreover, a number of fuzzy sets for input i from equation (13)

can be reached using function noifs (i) defined as follows

noifs (i) =

Nch∑
k=1

Xred
ch {rulek} ·Xred

ch

{
Ak

i

}
. (15)

A number of fuzzy sets for output j can be calculated analogously. The lists
of parameters encoded in the chromosome Xsupp

ch does not have specified final
elements - their amount depends on a structure of the chromosome Xred

ch . It is
worth to mention that lists of parameters are sorted by centres of fuzzy sets.
Single rows from the Xsupp

ch contain parameters connected with specified input
and output fuzzy sets. Due to that this approach is different from the one that
uses chromosome Xred

ch .
(e) The component ffintE (Xch) increases the integrity of the shape of the input
and output fuzzy sets associated with the inputs and outputs of the system (2)
encoded in the tested chromosome
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ffintD (Xch) =⎛

⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎝

n∑
i=1

Xred
ch {xi} ·

Nmax∑
k1=1

Xred
ch {rulek1} ·

·
⎛
⎝1−

min

(

Xpar
ch {σA

i,k1}, 1
Nch

Nmax∑

k2=1
(Xred

ch {rulek2}·Xpar
ch {σA

i,k2})
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where Xpar
ch

{
σA
i,k

}
stands for a gene of the chromosome Xpar

ch associated with

the parameter σA
i,k (the width of the Gaussian function used in the simulations),

Xpar
ch

{
σB
j,k

}
means gene of the chromosome Xpar

ch associated with the parameter

σB
j,k.

(f) The component ffintF (Xch) increases complementarity of the input fuzzy
sets of system (2) encoded in the tested chromosome

ffintF (Xch) =

Z∑
z=1

n∑
i=1

⎛
⎝ Xred

ch {xi} ·
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(
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i
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(17)
(g) The component ffintG (Xch) increases readability of the antecedents and
weights of rules of system (2) encoded in the tested chromosome

ffintG (Xch) = 1−

⎛
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Xred
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, (18)

where μw

(
wA

i,k

)
is a function defining congeries around values 0, 0.5 and 1 (in

simulations we assumed that a = 0.25, b = 0.50 i c = 0.75). This function is
described as follows

μw (x) =

⎧⎪⎪⎨
⎪⎪⎩

a−x
a for x ≥ 0 and x ≤ a

x−a
b−a for x ≥ a and x ≤ b
c−x
c−b for x ≥ b and x ≤ c
x−c
1−c for x ≥ c and x ≤ 1

. (19)
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Table 1. Values of the weights of the components ffaccuracy (Xch) and
ffinterpretability (Xch) for variants considered in simulation: Case I-Case V. Weights
of remaining criteria was set as follows: wffintA = 0.50, wffintB = 0.10, wffintC = 0.10,
wffintD = 1.00, wffintE = 1.00, wffintF = 0.10, wffintG = 0.20.

Name of the weight Case I Case II Case III Case IV Case V
ffaccuracy (Xch) 1.00 1.00 1.00 0.75 0.25
ffinterpretability (Xch) 0.25 0.75 1.00 1.00 1.00

Table 2. The accuracy (%) of the neuro-fuzzy classifier (2) for learning phase, testing
phase and average value of them both for simulation variants Case I-Case V

Problem Sequence Case Other authors
I II III IV V testing results

wine testing 92.21 91.53 90.59 88.48 87.88 85.00-98.61
recognition learning 98.95 98.70 98.73 98.31 97.50 [43,70]
problem average 95.58 95.11 94.66 93.39 92.69
glass testing 73.81 71.98 64.29 59.43 50.08 49.99-74.00
identification learning 76.77 75.19 73.10 71.09 68.86 [17,43,70]
problem average 75.29 73.58 68.69 65.26 59.47
Pima Indians testing 75.39 74.92 73.34 70.86 69.08 45.90-80.00
diabetes learning 79.40 78.61 77.10 74.56 71.63 [17,44]
problem average 77.40 76.77 75.22 72.71 70.35
iris testing 93.33 93.00 91.33 90.83 88.50 81.80-97.84
classification learning 98.42 98.59 98.15 98.24 98.24 [17,40]
problem average 95.88 95.80 94.74 94.54 93.37
Wisconsin testing 96.27 96.12 95.90 95.72 95.56 90.00-97.24
breast cancer learning 97.97 97.83 97.94 97.42 96.88 [40,70]
problem average 97.12 96.97 96.92 96.57 96.22

4 Simulation Results

In our simulations we considered five typical problems from field of nonlinear
classification ([56]): (a) wine recognition problem, (b) glass identification prob-
lem, (c) Pima Indians diabetes problem, (d) iris classification problem, (e) Wis-
consin breast cancer problem. For each problem a 10-fold cross validation was
used, and the process was repeated 5 times. Moreover, for each simulation prob-
lem a five variants of learning were applied. Each variant had different set of
weights of fitness function (7) - see Table 1. These variants can be described as
follows: (a) Case "high accuracy", where an accuracy component (2) is the most
important in the chromosome evaluation (marked further as "Case I"). (b) Case
"high interpretability", where the interpretability component (2) is the most im-
portant in the chromosome evaluation ("Case V"). (c) Case "balanced accuracy
and interpretability", where both components of the fitness function have the
same meaning (equal values of the weights) ("Case III"). (d) Two cases between
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Fig. 1. Example input and output fuzzy sets of the neuro-fuzzy system (2) for the
Pima Indians diabetes problem for three various settings of the function (7): a) Case I,
b) Case III, c) Case V. The position of the discretization points was marked as black
rectangles.

described above cases: Case II (case between Case I and Case III), Case IV (case
between Case III and Case V). Obtained results are presented on Fig. 3 and
in Table 2. Other relevant simulation properties can be summarized as follows:
(a) For the system (2) algebraic triangular norms were used. (b) The following
properties of evolutionary algorithm were assumed: the number of chromosomes
in the population was set to 100, the algorithm performs 10 000 steps (gener-
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Fig. 2. Example weights representation in the neuro-fuzzy system (2) (dark areas cor-
respond to low values of weights and vice versa) for Pima Indians diabetes problem for
different weights configuration of the function (7): a) Case I, b) Case III, c) Case V

ations), the crossover probability was set as pc = 0.8, the mutation probability
was set as pm = 0.2, the mutation intensity was set as σ = 0.3.

The conclusions from simulations can be summarized as follows: (a) The
effect of the weights of (7) is significant, which can be seen on Fig. 3. (b) Case
III from the simulations allowed to reach good interpretability of fuzzy sets
(see Fig. 1 and Fig. 2) and high accuracy (see Table 2). (c) Case I allowed (as
expected) to achieve significantly higher accuracy of the system (see Table 2) in
comparison with other cases and satisfactory results in comparison with other
authors’ results.
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Fig. 3. Dependence between accuracy (%) of neuro-fuzzy classifier (2) (average for
learning and testing phase) and values of interpretability components ffintA (Xch)-
ffintG (Xch) for considered simulation variants Case I-Case V for following simulation
problems: a) wine recognition problem, b) glass identification problem, c) Pima Indians
diabetes problem, d) iris classification problem, e) Wisconsin breast cancer problem
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5 Conclusions

In this paper, we proposed a new approach to the construction of interpretable
neuro-fuzzy systems for nonlinear classification. It allows to select a structure
and parameters of the neuro-fuzzy classifier. Moreover, it allows to take into
account different interpretability criteria. The method for selection and config-
uration of those criteria is very flexible. Due to that fact it allows to obtain the
balance between accuracy and interpretability of neuro-fuzzy system classifier
in a convenient way. Simulations confirmed the effectiveness of the proposed
approach.
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