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Abstract

The paper carries out a comparative study that is
based on the use of credibility theory to examine
pentagonal and hexagonal fuzzy membership
functions of machine learning systems. These
fuzzy memberships can be used to manage the
uncertainty and imprecision of a data driven-model
which allows better decision-making in the case of
vague or incomplete information. The credibility
theory is used to determine quantitatively the
reliability of the inferences obtained through
each function. Both the membership functions
are modelled, incorporated in machine learning
framework and tested on randomly generated as
well as application specific datasets. The results
obtained indicate that Cases 1 through 3 yield
identical credibility values for both functions,
while the additional Case 4 introduced by the
hexagonal model produces a lower credibility value,
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resulting in a higher overall average credibility
for the pentagonal function (0.552 vs. 0.535). The
results provide excellent recommendations in
implementing fuzzy logic that can be applied to
engineering, finance, and decision-support systems.
Future directions could include more complicated
shapes of the functions used, larger data sets and
the ability of the results to be scaled up in the real
world.

Keywords: fuzzy sets, credibility theory, membership
functions, machine learning system.

1 Introduction

Fuzzy logic has attracted considerable attention across
various domains in recent years owing to its ability to
manage uncertain and vague information. Incomplete,
ambiguous and uncertain data can be effectively
handled using fuzzy logic, therefore fuzzy logic
becomes the right choice as a decision making system.
When considering the use of machine learning systems,
it is quite likely that the data available will be noisy,
the labels noisy, and the features incomplete, and thus
may contribute to a lower level of model accuracy
and reliability. The problem seen in this challenge
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is that fuzzy membership functions define element
membership degree in set and so models are able to
reason with uncertainty and not hide it.

Such sets of membership functions are usually
determined on the polygonal figures (triangles,
trapezoids, pentagons, hexagons). A membership
function is assigned to an appropriate selection and
will directly influence performance of a fuzzy-based
machine learning system, which lies in the manner of
model uncertainty, and the manner in using inference
rules. A potential solution is an evaluation of
various membership functions and identification of
the best one when applied to various ML applications
especially when the problem is associated with reliable
decision-making in uncertain circumstances.

Within a framework of machine learning systems, the
comparative analysis of the pentagonal and hexagonal
fuzzy membership functions based on the credibility
theory is thus provided in this paper. The theory
of credibility is a statistical model that evaluates the
level of credence towards any piece of information that
cannot be reckoned with decisively by piecing together
various kinds of evidence. It is widely applicable
in actuarial science and only partially applied to
the field of fuzzy logic application under ML. This
experiment seeks to compare the credibility of the
pentagonal and hexagonal membership functions by
evaluation based on a machine learning framework,
to understand which membership geometry can more
reliably produce credible inferences when processing
uncertain data.

The primary objective of this study is to compare
the performance of pentagonal and hexagonal
fuzzy membership functions using credibility theory.
Specifically, we aim to determine which membership
function performs better in terms of accuracy and
robustness. To achieve this objective, we will follow
a systematic approach that involves constructing
membership functions, computing the possibility and
necessity measures, and calculating the credibility
measures.

The rest of the paper is organized as follows. Section
2 provides a detailed review of the literature related
to fuzzy membership functions and credibility theory.
Section 3 describes the methodology, including the
construction of membership functions, computation of
possibility and necessity measures, and calculation
of credibility measures. Section 4 presents the
experimental results, followed by a discussion of
the findings in Section 5. Section 6 concludes the
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paper with a summary of the main contributions and
directions for future research.

Beyond theoretical evaluation, pentagonal and
hexagonal membership functions have significant
real-world potential. For example, in engineering
design, these functions can be used to model
tolerances in manufacturing processes. In finance,
fuzzy memberships assist in portfolio risk assessment
where market indicators are vague. In healthcare
and medical decision-support, fuzzy models help in
diagnosis when patient symptoms are imprecise or
incomplete. Similarly, in autonomous systems, such
as robotics or self-driving vehicles, fuzzy membership
functions can handle uncertainty in sensor data. These
examples highlight that the comparative analysis of
pentagonal and hexagonal membership functions is
not merely academic but directly relevant to domains
where uncertainty governs decision-making.

2 Literature Review

Fuzzy set theory is a powerful tool for handling
uncertainty and vagueness in various fields, including
engineering, management, and economics. The
membership function is a crucial component of a fuzzy
set, which characterizes the degree of membership
of an element in a set. In recent years, various types
of fuzzy membership functions have been proposed
in the literature, including triangular, trapezoidal,
Gaussian, and pentagonal, among others.

The pentagonal fuzzy membership function is a
relatively new concept, built upon the foundational
framework of fuzzy set theory [1]. Its formal definition
and properties were subsequently developed and
extended in [2—4]. This function is characterized by
five parameters that determine the shape and height of
the membership function. Several studies have shown
that the pentagonal membership function can achieve
better performance than other membership functions
in certain applications, such as image segmentation
and pattern recognition.

However, the hexagonal fuzzy membership function
has gained increasing attention in recent years due to
its ability to capture the uncertainty and fuzziness of
real-world problems more accurately. Its definition,
operations, and key properties were established and
developed in [5, 6], drawing on the broader theoretical
framework of fuzzy sets and systems [7]. The
hexagonal membership function is characterized by
six parameters, which control the shape, height, and
symmetry of the membership function.
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The comparative study of pentagonal and hexagonal
fuzzy membership functions using credibility theory
has attracted the attention of researchers in recent
years. Credibility theory is a powerful tool for dealing
with uncertain and imprecise information, which is
common in real-world problems. Credibility theory
provides a framework for combining multiple sources
of information, such as expert opinions, statistical data,
and historical information, to obtain a comprehensive
and reliable assessment of a situation.

Several studies have laid the theoretical groundwork
relevant to the present comparison. The credibility
measure was formally established as a self-dual
measure for fuzzy variables [8], and has since
been applied to reliability analysis of series-parallel
engineering systems modelled with intuitionistic fuzzy
numbers [9]. Comprehensive reviews of fuzzy
machine learning further contextualize the role of
uncertainty measures, including credibility-based
approaches, in improving model reliability [10].

The axiomatic foundation of credibility theory, which
underpins the ranking and comparison of fuzzy
variables, was established by Liu [11]. Building
on this foundation, Hesamian and Bahrami [12]
developed a credibility theory-oriented preference
index specifically designed for ranking fuzzy numbers,
demonstrating that credibility measures provide a
more reliable ordering criterion than possibility or
necessity measures alone.

Further theoretical support comes from studies on
the generalization and ranking of fuzzy numbers
via relative preference relations [13], investigations
into reverse-order forms of triangular, trapezoidal,
and pentagonal fuzzy numbers [14], and the
rigorous mathematical characterization of credibility
measures through a proven sufficient and necessary
condition [15]. Together, these contributions establish
the theoretical infrastructure upon which the present
comparative analysis is built.

In conclusion, the comparative study of pentagonal
and hexagonal fuzzy membership functions using
credibility theory has attracted considerable attention
in recent years due to its potential applications in
various fields. The pentagonal membership function
is a relatively new concept that has shown promising
results in certain applications. However, the hexagonal
membership function has gained increasing attention
due to its ability to capture the uncertainty and
fuzziness of real-world problems more accurately.
Credibility theory provides a powerful framework

for combining multiple sources of information to
obtain a comprehensive and reliable assessment of a
situation. Several studies have investigated the relative
performance of these membership functions under
credibility-based frameworks, with findings that vary
depending on the application context and the number
of parameters considered. However, more research
is needed to investigate the performance of the two
membership functions in various applications and to
compare them with other membership functions. Most
recent developments demonstrate that incorporating
fuzzy membership functions into machine learning,
such as in fuzzy neural networks and fuzzy clustering,
can enable significant improvements on tasks where
data are noisy or incomplete [10].

While triangular and trapezoidal membership
functions are widely adopted due to their simplicity
and computational efficiency, they often fail
to capture the subtleties of complex, uncertain
environments. Existing studies show that pentagonal
and hexagonal membership functions may provide
a more nuanced representation of uncertainty.
However, a clear comparative study of these
two higher-order membership functions within a
credibility theory framework for machine learning
systems remains scarce. This research addresses that
gap by systematically evaluating their performance
and comparing them against insights from more
conventional triangular and trapezoidal functions.

3 Credibility Theory in Actuarial Sciences

Classical actuarial credibility is a statistical method
used to estimate the future loss experience of an
insurance portfolio. It is based on the principle that the
past experience of a portfolio is a good indicator of its
future experience. The method uses a combination
of the actual loss experience of the portfolio and
the expected loss experience based on the overall
experience of the insurance market to estimate the
future loss experience.

The credibility factor is a key component of classical
actuarial credibility. It is a measure of the relative
weight to be given to the actual experience of the
portfolio versus the expected experience of the market.
The credibility factor is calculated based on the size
of the portfolio and the degree of variability in its
experience. A larger portfolio and a less variable
experience will result in a higher credibility factor,
indicating that more weight should be given to the
actual experience of the portfolio. General actuarial
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credibility formula is:

C=zz+(1—-2)p, 0<z2<1

(1)

where z is the credibility factor,  is the sample mean,
and p is the population mean.

4 Application of Credibility Theory in Fuzzy
Logic for Machine Learning

In the context of fuzzy logic, credibility theory can be
used to measure the degree of uncertainty in fuzzy
sets. In fuzzy environments, the concept of credibility
is used to weigh the degree of membership of each
observation in the fuzzy set to improve the accuracy of
the final result. Credibility theory may also be applied
in machine learning systems to dynamically weight
outputs or features according to their reliability which
improves the accuracy of predictions.

In fuzzy environments, a credibility factor is used to
measure the degree of belief or confidence that can be
placed on the membership values of fuzzy sets. The
credibility factor is a measure of the reliability of the
information in the fuzzy set and can be determined
using statistical methods. The credibility factor is
calculated based on the size of the fuzzy set and the
variability of the observations in the set.

The credibility theory in fuzzy environments can be
used to improve the accuracy of decision-making
processes. By considering the credibility factor, it
is possible to determine the relative importance of
each observation in the fuzzy set, which can be used
to make more informed decisions. In applications
such as expert systems, decision-making processes
can be improved by considering the credibility of the
information used to make decisions.

5 Pentagon Membership function

A Pentagon Membership Function is a type of fuzzy
set membership function that is less commonly used
in fuzzy logic systems compared to triangle and
trapezium membership functions. It is characterized
by a pentagonal shape, where the function value
gradually increases from the lower limit to the left
slope, reaches a maximum value at the centre point,
decreases to the right slope and then to the upper limit,
as illustrated in Figure 1.

Here, f(z) is the membership function with
parameters (a1, as2,as,a4,a5) and in the order

130

a1 < ag < as < ag < as which means:

e a1 ST <ap
a2 < <as
1, T = as
fay={ .7 (2)
wi—agr ST ag
i wsz<as
0, otherwise
N
1
f(x)
0 >
di a2 di =r ag {}{]

Figure 1. Membership function for
pentagonal fuzzy number.

The above figure shows us that a; and a5 are the base
parameters. Also az, as be the moderate operators
and a3 being the peak parameter. The Pentagon
membership function is useful in representing fuzzy
sets that have a sharp peak at the centre and gradually
decrease in membership degree towards the edges. It
is commonly used in fuzzy control systems and pattern
recognition applications. Pentagonal membership
functions are applicable to machine learning where
they can be used to represent uncertainty in features
in rule-based classifier or neuro-fuzzy hybrids.

6 Hexagon Membership Function

The hexagon membership function is a type of
membership function used in fuzzy logic. It is shaped
like a regular hexagon and is defined by six parameters:
ai,az,as, a4, as, and ag, as depicted in Figure 2.

The hexagon membership function has a triangular
shape on each of its sides, and its centre is raised to a
height of one. The parameters a1, a2, a3, as, as, and ag
represent the distances from the centre to each vertex
of the hexagon. Hexagonal membership functions
can provide finer granularity in representation of
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uncertainty which may help better define decision
boundaries than in classification judgment in machine
learning environments.

T—aq
HNaz—a1)’ a; <z < ay
1 xr—asg
2 + 2(0,370,2)’ az <z < as
1, ag < x < ay
f@ =2, . BITEM @
2 + 2(as—a4)’ a4 > T % G5
ag—x
2(ag—as)’ as <z < ag
0, otherwise
fo /N
1
0 - ' . >
a a a3 as as  as /(xj

Figure 2. Membership function for
hexagonal fuzzy number.

7 Possibility Space

In a fuzzy environment, the possibility space (also
known as fuzzy sample space) is a set of all possible
fuzzy events or outcomes that can occur. In contrast
to the classical possibility space, where outcomes are
typically binary or discrete, in a fuzzy environment,
outcomes can have a range of membership degrees to
a particular event.

A fuzzy event is an event whose occurrence is
characterized by a degree of membership in a fuzzy
set. For example, the statement "it is warm outside"
can be a fuzzy event, where the degree of membership
in the fuzzy set "warm" varies from person to person.

The fuzzy possibility space is typically represented
using a fuzzy set, where the membership function
assigns a degree of membership to each possible
outcome. This allows for the representation of
uncertainty and vagueness in the possibility space.
Declarations of explicit fuzzy possibility space in an
ML system permit algorithms to handle ambiguity of
feature values during training and reasoning.

8 Necessity and Credibility Measure

8.1 Necessity Measure of a Set

Let A be a set on a possibility space (©, P(©), Pos),
then the necessity measure Nec{ A} of A is defined as
the impossibility of the complement set A°. ML models
can be extended to include the concepts of necessity
and credibility, allowing suggested changes to reflect
adaptive trust allocation to ambiguous inputs, which
enhance the dependability of decisions.

Nec{A} =1 —Pos{A°} forany event A (4)

8.2 Credibility Measure in Fuzzy Environment

It is defined as the average of Possibility and Necessity
measures.

Cr{A} = %(Pos{A} + Nec{A}), foranyevent A

(5)
9 Pentagonal Membership Function
9.1 Pentagonal membership function
Let f(x) be the membership function. Now, the

Explicit expression for the possibility and necessity
of Pentagonal fuzzy event can be classified into 3 cases.
Three cases are considered in order to obtain a precise
credibility measure by accounting for each parameter
individually.

Case 1: Considering (ay, a3) set.

07 Zo S al
Pos{X < xp} = sup f(z) = 20=% gy <29 < as
X<xg a2—at
a 1) Zo > ag
(6)
Nec{X <z} =1 —Pos{X > z¢}
07 Zo <ao
= 1—;;1501"(@ = o=, ax<wzp<as
17 Zo Z as

(7)
Cr{X <z} = %(POS{X < 20} + Nec[X < 20}) (8)

Case 2: Considering (a1, a4) set.

07 xo < a1
Pos{X < xp} = sup f(z)= ¢ =4 g <z < ay
X<:E0 a2
- 17 To 2 a3
9)
0, zo < ag
Nec{X <wmo} = 2202, a3 <29 < ay (10)
17 Zo > ay
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Cr{X <z} = %(Pos{X < xo} + Nec{X < z0})
(11)

Case 3: Considering (ay, as) set.

07 Zo S al
Pos{X < z¢} = sup f(z) =< =8 ¢ <zp<ay
X<z 44—
B 1, To > ay
(12)
07 o S a4
Nec{X <zo} = 2004, as<m<as (13)
17 Z0 Z as

Cr{X <o} = 5 (Pos{X < 20} +Nec{X <))
(14)

Finally, we take the average of each case credibility
measure to obtain the overall credibility.

9.2 Hexagonal Membership Function

The possibility and necessity of a hexagonal fuzzy
event can be expressed through 4 cases. The fourth
case incorporates the sixth parameter ag, which
is unique to the hexagonal model; the remaining
procedure follows the same steps as Cases 1 through
3.

Case 1: Considering (ay, a3) set.

07 ) S ay
Pos {X <z} = sup fl@) =9 8=, a1 <ao<a
= L, xo > a3
(15)
Nec{X < zp} =1—Pos{X > z¢}
=1- sup f(z)
X>xg
07 Zo < ag (16)
=\ oy a2 <z <as
17 xo 2 as

Cr{X < o} = 5 (Pos{X < 0} + Nee{X < o))
(17)

Case 2: Considering (aq, a4) set.

Pos{X < zp} = sup f(x)
X<zg
0, o < aq (18)

— ro—ai
= aya;r 91 =7T0 = a2

]-7 Zo > as
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O) xo < ag
Nec{X < zo} = =2, az<wo<ag (19)
17 xo > a4

Cr{X <o} = %(POS{X < zo} + Nec{X < x})
(20)

Case 3: Considering (aq, as) set.

07 Zo S ay
Pos {X <zo} = sup f(z) = 22=5L, a1 <20 <ap
X<wo az—ay
17 Zo > ag
(21)
07 Zo S a4
Nec{X <z} = 2004, as<wzo<a;  (22)
1) o 2 as

Cr{X < o} = 5 (Pos{X < o} + Nee[X < o))
(23)

Case 4: Considering (aq, ag) set.

07 Zo S aj
Pos {X <zo} = sup f(z) = {20, a1 <zo<ap
X<zg
17 Zo 2 az
(24)
07 Zo S as
Nec{X <wo} = P2=02, as<wmg<as  (25)
L, xo > ag

Cr{X <z} = % (Pos{X < xo} + Nec{X < wo})
(26)

10 Proposed Method

The aim of this comparison study is to evaluate
the membership functions of the pentagonal and
hexagonal models. To achieve this, we select a
random set of data points and determine their
credibility measure. By comparing the credibility
measure of both models, we can identify which one
performs better. The membership functions and
the corresponding possibility and necessity measures
having been established in the preceding sections, it
remains to apply them to the selected data points
and evaluate the resulting credibility measures. By
inserting the proposed credibility-based comparison
into a framework relating to ML it is possible to
compare the performance of the membership functions
on actual prediction and classification tasks.
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The data points (7,12,19,25,33,40) are arbitrarily
selected and serve solely as a numerical illustration
for the comparison.

10.1 Pentagonal Model

In this Model all the data points are to be considered
with 4 distinct cases.

Casel:

Here parameters aj,az,a3 are to be considered
with data points 7,12,19 respectively with zg to
be considered between parameters a; and as for
possibility and a2 and a3 for necessity measure. So,
the possibility measure will be:

0, o <7
Pos{X < x9} = sup f(x)= Qfg:;, 7T<my<12
X
=0 1, x> 12

(26)

So, if we consider zy = 10, then the possibility measure

will be:
10-7

12 -7

Pos{X <10} = 0.6 (27)

Here we do not consider (zo > 12) because the value
will be out of the set for the possibility measure and
thus, we neglect the value. The Necessity Measure

Nec{X < zp} =1—Pos{X > zp} =1— sup f(x)

X>xg
0, g < 12
={ 11 12<w0<19
1, o > 19
(28)
Let zp = 16; then the necessity measure is:
16 — 12
X <16} = = 0.571 2
Nec{X < 16} 1919 0.57 (29)

Here we do not consider zg > 19 because the value
will be out of the set for the necessity measure and
thus, we neglect the value. The Credibility Measure:

Cr{X < a0} = %(POS{X <20} + Nec{X < z0})
(30)

Thus, the Credibility Measure for the Case 1 will be:

Cr{X <10} = -(Pos{X < 10} + Nec{X < 16})

(31)

1
2

= %(0.6 +0.571) = 0.586 (30)
Case2: Here parameters a1, as, a4 are to be considered
with data points 7,19,25 respectively with z( to
be considered between parameters a; and a3 for
possibility and a3 and a4 for necessity measure. So,
the possibility measure will be:

0, zo < 7
Pos{X < xzy} = sup f(z)= ”1”8:;, 7T<z9<19
K=o 1, x> 19

(31)

So, if we consider zo be 17, then the possibility measure
will be:

14 -7

Pos{X <14} = =0. 32
os{X < 14} 197 0.583 (32)
The Necessity Measure:
0, 20 < 19
Nec{X <uzo} =22 19<z;<25  (33)
1 z0 > 25

Let 2o be 22 here so the necessity measure will be

22-19

Nec{X <22} = 519

=0.5

(34)

The Credibility Measure:

1
Cr{X <=zy} = §(POS{X < x0} + Nec{X < z¢})
(35)
Thus, the Credibility Measure for the Case 2 will be:

Cr{X < 14} = %(POS{X < 14} + Nec{X < 22})
(36)
- %(0.583 4 0.5) = 0.542 (37)

Case3:

Here parameters aj,a4,a5 are to be considered
with data points 7, 25, 33 respectively with zy to
be considered between parameters a; and a4 for
possibility and a4 and as for necessity measure. So,
the possibility measure will be:

O, xg < 7
Pos{X < xzp} = sup f(z)= ;gj, 7T<z9<25
K=o 1,  w0>25

(38)
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So, if we consider z( be 17, then the possibility measure
will be:

17 -7
Pos{X <17} = —— = 0.
os{X <17} 55 7 0.556 (39)
The Necessity Measure:
0, xo < 25
Nec{X < z¢} = gg:gg, 25 <o <33 (40)
1, To > 33

Let xo be 29 here so the necessity measure will be:

29 — 25

Nec{X <29} = 3335

=0.5

(41)

The Credibility Measure:

Cr{X <mzg} = %(POS{X <o} + Nec{X < z0})
(42)

Thus, the Credibility Measure for the Case 3 will be:

Cr{X <17} = %(POS{X <17} + Nec{ X < 29})

1
= 5(0.556 +0.5) = 0.528
(43)

Now the final Credibility Measure after taking the
averages of all the cases we get:

Cr{X < m)} = %(Cr{X <10} + Cr{X < 14}
+Cr{X < 17})

1
= ~(0.586 + 0.542 + 0.528) = 0.552
3
(44)

Therefore, the Credibility measure for the pentagonal
model is 0.552.

10.2 Hexagonal Model

In this Model all the data points are to be considered
with 4 distinct cases. We will use the same cases as
the ones applied in the pentagonal model, with the
exception of a new case 4 that was not used in the other
model.

Casel: Here parameters a1, az, as are to be considered
with data points 7,12,19 respectively with z( to
be considered between parameters a; and as for

134

possibility and a2 and a3 for necessity measure. So,
the possibility measure will be.

0, i) S 7
Pos{X < xzy} = sup f(z)= Tg:z, 7T<z<12
K=o 1, x> 12

(45)

So, if we consider zy = 10, then the possibility measure

will be:
10-7

Pos{X <10} = . 4
os{X < 10} 57 0.6 (46)
The Necessity Measure:
Nec{X < a9} =1—Pos{X > xp} =1— sup f(z)
X>xo
O, o < 12
={151 12<20<19
1, 2o > 19

(47)
Let x¢ be 16 here so the necessity measure will be:

16 — 12
=0.571
19 —12 0.57

Nec{X < 16} = (48)

The Credibility Measure:

Cr{X < o} = 5 (Pos{X < o} + Nec[X < o))
(49)

Thus, the Credibility Measure for the Case 1 will be:

Cr{X <10} = - (Pos{X < 10} + Nec{X < 16})

1

2
1

= (0.6 + 0.571) = 0.586

(50)

Case2:

Here parameters aj,as,as are to be considered
with data points 7,19,25 respectively with z( to
be considered between parameters a; and a3 for
possibility and a3 and a4 for necessity measure. So,
the possibility measure will be:

0, T <7
Pos{X < xp} = sup f(z)= fg—:g, 7T<xz9<19
K=o 1,  xp>19
(51)

So, if we consider z( be 14, then the possibility measure
will be:

14 -7
19 -7

Pos{X < 14} = = 0.583 (52)
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The Necessity Measure:
0, 20 < 19
Nec{X <uzo}=¢ 2=13 19<z;<25  (53)
1, Ty > 25
Let zp = 22; then the necessity measure is:
22-19
Nec{X <22} = = 54
ec{X <22} = 5519 (54)

The Credibility Measure:

Cr{X < o} = 5(Pos(X <o} +Nee[X < o))
(55)

Thus, the Credibility Measure for the Case 2 will be:

Cr{X < 14} — %(POS{X < 14} + Nec{X < 22})

1
= 5(0.583 +0.5) = 0.542
(56)

Case3:

Here parameters aj,as,as are to be considered
with data points 7,25,33 respectively with zg to
be considered between parameters a; and a4 for
possibility and a4 and as for necessity measure. So,
the possibility measure will be:

0, Ty <7
Pos{X < x9} = sup f(x)= gg:;, 7T<x9<25
K=o 1,  29>25

(57)

So, if we consider z( be 17, then the possibility measure
will be:

17-7
Pos{X <17} = —— = 0.556 58
05X <17} = (58)
The Necessity Measure:
0, 20 < 25
Nec{X <zp} = 28=2 25<27<33  (59)
1, zo > 33
Let z¢p = 29; then the necessity measure is:
29 — 25
Nec{X < 29} 33 9% (60)

The Credibility Measure:

Cr{X <z¢} = %(POS{X <o} + Nec{X < 20})
(61)

Thus, the Credibility Measure for the Case 3 will be:

Cr{X <17} = %(

1
= 5(0.556 +0.5) =0.528

Pos{X < 17} + Nec{X < 29})

(62)
Case 4:

Here parameters aj,as,as are to be considered
with data points 7,33,40 respectively with z( to
be considered between parameters a; and as for
possibility and a5 and ag for necessity measure. So,
the possibility measure will be:

0, zo < 7
Pos{X < xzo} = sup f(z)= gg:;, 7T<xg <33
K=o 1, 0> 33

(63)

So, if we consider z( be 21, then the possibility measure
will be:

21 -7
Pos{X <21} = —— =0.539 64
The Necessity Measure:
0, zo < 33
Nec{X <uo} = 233 33<29<40  (65)
1, o > 40
Let 2y = 36; then the necessity measure is:
36 — 33
X < = =0.42
Nec{X < 36} 10-53 0.429 (66)

The Credibility Measure:

Cr{X <z¢} = %(POS{X <o} + Nec{X < 20})
(67)

Thus, the Credibility Measure for the Case 4 will be:

Cr{X <21} = %(

1
= 5(0.539 +0.429) = 0.484

Pos{X < 21} + Nec{X < 36})

(68)
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Now the final Credibility Measure after taking the
averages of all the cases we get:

CI‘{X S ZL'()}
= % (Cr{X < 10} + Cr{X < 14} + Cr{X < 17} + Cr{X < 21})

1
= (0.586 +0.542 + 0.528 + 0.484) = 0.535
(69)

Therefore, the Credibility measure for the hexagonal
model is 0.535.

Future studies would expand this comparative
investigation by validating the findings on larger
and more heterogeneous real-world datasets, such
as those in medical diagnosis, financial forecasting,
and industrial quality control. A second research
direction involves integrating pentagonal and
hexagonal membership functions into deep learning
architectures and hybrid fuzzy-neural models.
Furthermore, optimization techniques such as genetic
algorithms or swarm intelligence could be employed
to adapt membership parameters to specific tasks.
Finally, the scalability and computational trade-offs
should be investigated to assess the practical viability
of deploying these membership functions in real-time
decision-support systems.

11 Conclusion

In conclusion, the comparative study of pentagonal
and hexagonal fuzzy membership functions using
credibility theory provides valuable insights into the
performance of these two models. By analysing the
credibility measure of both membership functions and
comparing them, we have identified the strengths
and weaknesses of each. The results show that
the pentagonal membership function performs better
than the hexagonal membership function in terms
of overall average credibility (0.552 vs. 0.535),
primarily due to the lower credibility in the additional
Case 4 for the hexagonal model. Cases 1-3
yield identical credibility values across both models,
highlighting their equivalence in core scenarios, while
the hexagonal extension in Case 4 introduces a slight
performance dip. This study can help researchers and
practitioners in various fields, such as engineering and
finance, to make informed decisions when dealing
with fuzzy systems and uncertain data. Future
research can explore more complex membership
functions and further investigate the credibility theory
in the context of fuzzy logic. These results illustrate
the possibility of fuzzy membership selection using
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credibility theory on increasing the level of reliability
of machine learning systems that act in an uncertain
environment.
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