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Abstract

Neutrosophic sets play a significant role for handling
indeterminacy. In this paper, we introduce a
novel fuzzy non-linear regression model to find

the minimum spread of neutrosophic fuzzy sets.

Kuhn-Tucker’s necessary conditions are employed to
estimate the parameters for non-linear regression

models, which can be applied to any data set.

The resulting hybrid model possesses the ability
to minimise the spread of uncertainty in a much
better fashion than the existing non-linear regression
contenders which rely on KKT- based model. The
hybrid approach reduces the maximum spread
by 22.09% and improves prediction accuracy, as
shown by a 22.23% reduction in RMSE. The
study’s findings highlight the hybrid model’s
ability to achieve tighter spreads and enhanced
predictive reliability, particularly in complex systems
where uncertainties in data are significant. This
research contributes to advancing fuzzy regression
techniques, offering a powerful tool for improved
uncertainty quantification in nonlinear systems.
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1 Introduction

Complex systems inherently contain uncertainty, and
conventional fuzzy sets have played a crucial role in the
modeling and analysis of such systems. However, in
the face of inherent uncertainty and unpredictability in
real-world issues, they frequently fail to capture their
subtleties. Neutrosophic fuzzy sets, which can deal
with the ambiguity and uncertainty present in many
domains, have arisen as a potent tool to overcome this
constraint. In addition to the conventional membership
and non-membership components, Abo-Sinna etal. [1]
expanded the idea of fuzzy sets to include a third
component called the indeterminacy component. This
new concept is called neutrosophic fuzzy sets. This
methodology permits a more thorough portrayal
of uncertainty, which in turn permits more precise
modeling of complicated systems. Recent years
have seen a surge in interest in neutrosophic fuzzy
sets and their potential applications, especially in
regression analysis. The non-linear connections
present in many real-world systems are tough for
traditional linear regression models to represent,
despite their widespread usage for analyzing variable
correlations. Contrarily, non-linear fuzzy regression
models perform better when trying to represent
complicated relationships; yet, they frequently have
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limitations when it comes to dealing with uncertainty.
To overcome these limitations and create better
ways to model and assess complex systems, we
can combine neutrosophic fuzzy sets with nonlinear
fuzzy regression. The research on estimating the
minimal spread of neutrosophic fuzzy sets using
non-linear fuzzy regression is severely lacking, despite
the increasing interest in these sets. To fill this need,
this research suggests a new method for neutrosophic
fuzzy sets based on non-linear fuzzy regression.
We show that the minimal spread of neutrosophic
fuzzy sets can be estimated using Kuhn-Tucker’s
necessary conditions for non-linear regression model
parameters, which gives a better picture of system
uncertainty. Because of the inherent complexity
and unpredictability in these domains, the suggested
method has far-reaching consequences for engineering,
economics, and the social sciences. Our understanding
and interaction with uncertain systems might be
completely transformed by this method, which offers
a more robust and flexible foundation for modeling
and studying complex systems. Here is how the
rest of the paper is structured: section 2 consist of
literature review section 3 consist of research gap,
section 4 consists of preliminaries, section 5 consists
of methodology, Section 6 gives a numerical example
to back up the findings; and Section 7 consists of
conclusion.

2 Literature review

Recent years have seen an explosion in interest in
neutrosophic fuzzy sets, first proposed by Abo-Sinna
et al. [1], because of their capacity to deal with
complex systems’ indeterminacy and uncertainty.
Due to their inability to account for the non-linear
correlations present in many real-world systems,
conventional linear regression models might be
surpassed by combining neutrosophic fuzzy sets with
non-linear fuzzy regression. Image processing [2],
decision-making [3], medical diagnosis [4], and
engineering [5] are just a few of the disciplines
where neutrosophic fuzzy sets have been the subject
of research. Neutrosophic fuzzy sets have been
shown to be helpful in these researches for dealing
with complex systems” uncertainty and indeterminacy.
Nevertheless, there is still a lot of uncharted territory
when it comes to estimating the lowest spread
of neutrosophic fuzzy sets using non-linear fuzzy
regression. When trying to represent complicated
interactions between variables, several disciplines
have turned to non-linear fuzzy regression models.
This includes engineering, economics, and the social

sciences. More accurate predictions and insights
may be obtained using non-linear fuzzy regression
models compared to conventional linear regression
models, according to studies [6, 7]. Unfortunately,
indeterminacy and uncertainty are frequently beyond
the capabilities of these models. Fuzzy sets and
non-linear regression models have been the subject
of several investigations as a potential solution to
the twin problems of uncertainty and non-linearity.
One such example is the fuzzy non-linear regression
model put out by Qiu et al. [8], which makes use of
genetic algorithms for parameter estimation. Fuzzy
non-linear regression, which models complicated
interactions between variables using neural networks,
was also created by Aydin et al. [9]. A more thorough
representation of uncertainty can be provided by
neutrosophic fuzzy sets, which were not considered in
these researches. There has been a lot of research on
estimating non-linear regression model parameters
using Kuhn-Tucker’s required conditions [10, 11].
The use of non-linear fuzzy regression in the
context of neutrosophic fuzzy sets, however, is still
mostly uncharted territory. Additional research
has investigated neutrosophic fuzzy sets” potential
uses in a range of fields, like as Image processing:
One neutrosophic approach to image processing
that Vennila et al. [12] suggested is based on
a similarity measure. =~ When it comes time to
make a call, Edalatpanah et al. [13] suggested a
neutrosophic approach that uses a similarity metric.
A similarity-based neutrosophic medical diagnostic
approach was proposed by Rajesh et al. [14] for use in
medical diagnosis. In their paper on complex systems
engineering, Smarandache et al. [15] suggested a
neutrosophic fuzzy control approach. A neutrosophic
fuzzy model was suggested for economic forecasting
by Alqaysi et al. [16]. In order to analyze social
networks, El-Hefenawy et al. [17] suggested a
neutrosophic fuzzy model. Furthermore, neutrosophic
fuzzy sets have been the subject of several theoretical
investigations, such as: As an extension of intuitionistic
fuzzy sets, Vazquez [18] presented the idea of
neutrosophic fuzzy sets. The neutrosophic fuzzy set
theory put forward by Salama et al. [19] is based on
the similarity measure. The neutrosophic fuzzy set
theory put forward by Borah et al. [20] is based on
the entropy measure. Neutrosophic fuzzy sets have
recently been investigated for potential use in a number
of fields, such as: Artificial intelligence: Alqaysi et
al.[16] proposed a neutrosophic fuzzy deep learning
approach for image classification. A similar method
was also suggested in[21]. In the field of natural
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language processing, Khan et al. [22] introduced a
neutrosophic fuzzy framework for text categorization.
Likewise, a neutrosophic fuzzy control strategy has
been proposed to enhance the performance and
robustness of robotic systems. Although neutrosophic
fuzzy sets and non-linear fuzzy regression have been
the subject of several research, the use of the latter to
estimate the minimal spread of the former is still an
area that has received little attention. To fill this need,
this research suggests a new method for neutrosophic
fuzzy sets based on non-linear fuzzy regression.

Recent advancements have focused on integrating
machine learning with neutrosophic fuzzy regression.
For example, Abo-Sinna et al. [1] and Khan et al. [22]
demonstrated that hybrid models combining fuzzy
logic with non-linear techniques perform better in
uncertain data environments. These studies support
and validate the design of the proposed hybrid
method.

3 Research gap

Using non-linear fuzzy regression models to
estimate the lowest spread of neutrosophic fuzzy
sets is still a mostly unexplored field [4]. A new
breed of neutrosophic fuzzy regression models
capable of handling uncertainty and intricate
interdependencies among variables is urgently
required. Image processing, decision-making, medical
diagnostics, and engineering are just a few examples
of real-world challenges that might benefit from
more investigation into neutrosophic fuzzy set
applications [6]. Neutrosophic fuzzy sets, along with
other theories of fuzzy sets like intuitionistic and
type-2 fuzzy sets, require more investigation [3]. New
techniques for neutrosophic fuzzy sets, including
clustering, classification, and regression analysis
procedures, are required [5]. Additional research is
required to investigate the theoretical underpinnings
of neutrosophic fuzzy sets, which should cover their
characteristics and connections to other theories of
fuzzy sets, among other things. Further investigation
into the use of neutrosophic fuzzy sets in deep
learning and NLP is required [1]. New metrics for
assessing the efficacy of neutrosophic fuzzy sets,
including measures for recall, precision, and accuracy,
are required [8, 9]. Additional study is required to
fully understand how neutrosophic fuzzy sets might
be utilized in multi-criteria decision-making. This
research should focus on creating new algorithms
and techniques for assessing and ranking different
options [10].
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4 Preliminaries

Assume that the universe set represented as X.
An ordered set of pairs A = {(z, pi(x)),r €
X} where p;(x) : X — [0,1] where p ;(x) is a fuzzy
set (FS) A in X from [0, 1] expresses the grade of the
membership function of the element z € X to the set
A.

Let A’ be the universe set. AnIFS of A in X is a set with
the following structure: A’ = {(z, p 5 (), v 5 (z)), €
X} where pj:(z) : X — [0,1] and vz(z) : X —
[0, 1] express the degree functions of membership and
non-membership of the set’s components so that 0 <
pii(x) +vzi(r) <1 foreachx € X. Forany z € X,
the value of 7 3, (x) = 1 — p z:(z) — vz ().

This is known as the level of uncertainty of the element
x € X with respect to the intuitionistic fuzzy set A’.

4.1 Operations on Some Neutrosophic Number and
Neutrosophic Sets

4.1.1 Single valued neutrosophic number

Consider two single-valued neutrosophic numbers

AN]_ = (Tl;IlaFl) and A~2 = (T23127F2) (1)

Then, the operations for SVNNs are defined as below:
i. Ay @ Ay = (T1 + Ty — T'Ta, L1z, FiFy)
ii. Ayj@Ay = ()T, I + Is — 1o, Fi + F» — Fi )
iii. Ay = (1-(1-T1)% I, F})

iv. A2= (T2, 1-(1-10)2 1-(1-F)?)
0

It is to be noted here that 0,, may be defined as follows:

On = {(z, (0, 1, 1)) : 7 € X} (2)

4.1.2 Interval valued neutrosophic sets

Assume that ¢ is a set of points (items) with
x representing generic components in X. The
truth-membership function of an interval is what
defines an interval valued neutrosophic set A (IVNS
A).  Functions Ta(z) = [T TY], Ia(z) =
(1%, 1F], Fa(z) = [F%, FY] all pertain to interval
indeterminacy-membership. For each point z € X,
Ta(z), Ia(x), Fa(z) € [0,1]. AnIVNS A may express
as:

A ={x:Ts(z), [s(x), Fa(z), x € &} (3)
Numerical Example: Assume that X = {z,z9, 23},
x1 is capability, x5 trustworthiness, x3 price. The

where A\ >
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values of z1, z2 and z3 are in [0, 1]. They are obtained
from questionnaire of some domain experts and the
result can be obtained as the degree of good, degree
of indeterminacy and the degree of poor. Then an
interval neutrosophic set can be obtained as:

(21, [0.5,0.3], [0.1,0.6], [0.4,0.2])
(22, [0.3,0.2], [0.4,0.3], [0.4,0.5])
(23, [0.6,0.3], [0.4,0.1], [0.5,0.4])

A= (4)

4.1.3 Multivalued neutrosophic fuzzy set

Let X be a space of points (items) and z representing
a generic member in X, multi-valued neutrosophic sets.

The X-dimensional set A is c}eﬁned by
the truth-membership function Ty4(x), the

indeterminacy-membership function I A(z), and
the falsity-membership function F4(x). One way to
describe multi-valued neutrosophic sets is as follows:

A={(x,Ta(@), La(2). Fa@)) |2 € X} (5)
where T4 (z) € [0,1], I4(z) € [0,1], Fa(z) € [0,1],
are sets of finite discrete values, and satisfy the
condition: 0 < 7,7,§ < 1.0, 4t + 9t + &7 <
3, 7 € Ta(z), n € Ialz), £ € Falz) v" =
supTa(z), nt = supla(z), &' = supFa(z) For
the sake of simplicity, A = <TA, I, FA> is called a
multi-valued neutrosophic number.

When there is just one value for T4(z), [4(z), Fa(x),
the sets of multi-valued neutrosophic functions are
called single-valued neutrosophic functions.

The multi-valued neutrosophic sets are considered
double hesitant fuzzy sets if T4 (z) = @.

The multi-valued neutrosophic sets are confused fuzzy
setsif Ty(x) = Fa(z) = @.

5 Methodology

5.1 Computational Complexity Analysis

The proposed hybrid model includes additional
computational steps due to constraint handling
and fuzzy optimization. Nevertheless, it remains
computationally feasible and performs efficiently for
medium-sized datasets. The increase in complexity is
justified by significant gains in prediction accuracy
and reduced uncertainty. Here we will discuss
about the existing and proposed methodology, based
on the use of Kuhn-Tucker’s necessary conditions

to estimate the parameters of the non-linear fuzzy
regression model. The Kuhn-Tucker conditions are
a set of necessary conditions for the optimality of a
non-linear programming problem, and they can be
used to estimate the parameters of a non-linear fuzzy
regression model.

5.2 Kuhn-Tucker necessary conditions (KTNC)

An optimal solution to a nonlinear programming
issue can be found by using the Kuhn-Tucker
Necessary Conditions (KTNC). For a given issue,
the provided equations symbolize the KTNC. The
Kuhn-Tucker criteria, a collection of requirements
for a nonlinear programming problem to have a
local minimum, will be utilized to estimate the
hybrid model’s parameters. To guarantee that the
estimated parameters are optimum and meet the issue
constraints, the Kuhn-Tucker criteria offer a systematic
way to addressing the optimization problem. We shall
describe in depth the hybrid Neutrosophic Nonlinear
Fuzzy Regression Model and its parameter estimation
using the Kuhn-Tucker criteria in the sections that
follow.

" .
U1 [22 (hl yi — BiInzy; — Boln in) . <—fll> ]
i=1 t
n n
- Z V13713 + Z wyixry; =0
i=1 i—1
(6)

u; [22 (hlyi — Bilnzy; — o 1H962i) . <_§22@> ]

i1
n n
— Z V2 T2; + Z wo;T2; = 0
i=1 i—1
(7)

Stationarity criteria, expressed as these equations,
guarantee that the Lagrangian function’s gradient is
Zero.

du=1, Y uy=1 (8)
i=1 i=1

The normalization criteria, represented by these
equations, guarantee that the sum of the weights uy;
and us; is 1.

n

5 R 2
> (lnyi — Prlnay; — B2 1I1£U2z‘> <0

i=1

9)
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Inequality is a concavity constraint, meaning it
guarantees a concave objective function.

n n

- Zvliﬂfli =0, Zwlilei =0 (10)
1=1 =1
n n

- sziiﬂzi =0, ngix% =0 (11)
1=1 i=1

lz15] <0, |zl <0

Either the constraint is active ( v; or w; is nonzero)
or the Lagrange multiplier is zero, as stated by these
equations, which provide the complimentary slackness
criteria.

n
. . 2
U; [Z (ln yi —PrInzy; — f2ln «T2i>

i=1

] =0 (12)

The goal of using the KTNC is to discover the best
solution to a nonlinear programming problem while
meeting certain requirements, such as stationarity,
normalization, inequality, non-negativity, and the
redundant equation.

up >0, wuy; >0, wuy>0, i=1,...,n (13)
ui >0, wu;; >0, uy >0, i=1,....,n (14)
5.3 Estimation the parameters of quadratic
regression using Kuhn-Tucker necessary

conditions (KTNC) [4]

Any non-linear regression model that incorporates a
quadratic factor is known as a quadratic regression
model. The following is the format of a quadratic
regression model used in KTNC studies: The equation

holds for all valuesof i = 1,2,...,n.

Assuming that the domain of the input variables is the
universe of discourse, they estimated the regression
parameters as Y;, X;, and (fll, /12) are vectors of output
variables and input variables, respectively.

The objective is to find the values of X; that minimize
the sum of squared errors when both the observed and
predicted responses are based on a quadratic model,
with the constraint that the predictor variables cannot
be negative. Here is one way to express the problem:

n
mianE €2, i=1,2,...,n
=1

st. ST [Vi- (MXi+ XD <Q, X >0
=1
(16)
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the KTNC for this problem express in the form:

Ui

-2} (Y — (A1 X + flzXf)) (Ay + 24, X;)
=1

m
— Z’Uij =0
j=1

(17)

According to this equation, the Lagrangian function’s
gradient must be zero in order for there to be
stationarity.

(18)

n
Zui =1
i=1

With this formula, we know that the total of all u;
weights is 1.

Zn: [Yz - <A1Xi +A2X¢2>}2 <0

=1

(19)

The goal function must be concave in order to
satisfy this inequality constraint, which is a concavity
requirement.

= uiX; =0 (20)
j=1
X;>0 (21)

By definition, X, u;, and v; must not be negative under
these circumstances. Since the preceding equations
already state this, it is unnecessary to state it again.

n

wi| Yo (Yi - (AiXs + AX2)* =0 (22)
=1

ul -_ 07 1 b b 7n (23)

v; >0, 7=12,...,m (24)

To summarize, estimation of the quadratic model’s
parameters Aq and A, using KTNC-based regression
curve estimators entails solving the redundant
equation, non-negativity conditions, inequality
constraint, complementary slackness condition,
normalization condition, and stationarity condition.

Instead of purely using logarithmic or polynomial
regression, consider a hybrid regression model where
the independent variables (z1;, x2; ) are modeled using
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a combination of logarithmic and polynomial terms.

This would allow for capturing both multiplicative
relationships (log terms) and non-linear interactions
(polynomial terms). According to [4].

_ 1P (&) + p (%)

() 5 (25)
L(z) + Y (

y(E) =2 ( 1)-2%7 (1) (26)
vl(z; v (%

ymp:(”; (&) (27)

Let the truth-membership function T';(z), the
indeterminacy-membership function I ;(z), and the
falsity-membership function F';(x) be non-linear and
defined as follows:

r—a

; , d<zr<a
a —a
1, r=a
Ti(x)=19p_ 4 (28)
, a<x<b
b—a
0, otherwise
(o — _
a x/—i—(x a)’ J<z<a
a —a
1 r=a
Ii(x) =4 (29)
A _ _
roatlb-z) oy
b—a
L0, otherwise
a—:r,—i—(x—a)’ J<z<a
a —a
1 r=a
Fi(x) =14 (30)
A _ _
roatle=r) Lo,
c—a
0, otherwise

5.4 Structured approach to build a hybrid
Neutrosophic Non-linear Fuzzy Regression
Model using the Kuhn-Tucker conditions

A hybrid Neutrosophic Nonlinear Fuzzy Regression
Model utilizing the Kuhn-Tucker conditions will be
introduced in this subsection. The technique will
be constructed. In the presence of uncertainty or
imprecision in the data, it becomes much more
difficult to estimate the parameters of a nonlinear
regression function. It is possible that conventional
regression models will produce erroneous results
because they cannot account for the intricate nature of
the interactions between the variables. We want to find
out how well the predictor variables and responder

variable relate to each other. In order to confront
these obstacles, we suggest a hybrid Neutrosophic
Nonlinear Fuzzy Regression Model that integrates the
advantages of fuzzy set theory, nonlinear regression,
and Neutrosophic logic.

Yi= AiXi+ Ao X7 + e (31)
This model captures the nonlinear interactions
between the variables, allowing it to manage uncertain
and imprecise data and deliver more accurate forecasts.
The equation of model can be expressed as

yi = f(zi; B) +&i (32)
where f(xz;; 8) is the nonlinear regression function,
represents the parameters to estimate, and ¢; is the
error term. For neutrosophic fuzzy sets, we extend
this to: .

vi = f(@i; B) + €
where y, = (T;(z), I;(z), Fi(z)) and g is a
neutrosophic fuzzy number for the model parameters.

(33)

5.4.1 Objective function

The objective is to minimize the spread of truth,
indeterminacy, and falsity components between
observed and predicted values. The objective function
is:
n
mi/nz { (Ty: — TObSi)2 + Iy, — IobS¢)2
S (34)
+(F1?i - FOsz‘)Q]

Adding constraint (KKT-conditions). The KKT
conditions come into play when we add inequality
and equality constraints to the problem. These
conditions generalize the Lagrange multipliers method
for problems with both equality and inequality
constraints.

5.4.2 Kuhn-Tucker Conditions

Suppose we introduce the following constraints to the
model:

1. Inequality constraint: g(3) < 0.
2. Equality constraint: 2(5) = 0.

The Lagrangian for this constrained optimization
problem is:

LB ) = DTy = Tone)? + (I, — Lobs,)?
=1

+(Fy, = Fous,)?| + AT g(B) + 1™ h(B)

(35)

47



ICCK Transactions on Machine Intelligence

ICJK

where A > 0 are the Lagrange multipliers for
the inequality constraints and p are the Lagrange
multipliers for the equality constraints.

The KKT conditions for this optimization problem are:

1. The gradient of the Lagrangian with respect to 3
must vanish:

VLB, p) =0 (34)

2. The original constraints must hold: ¢(8) <

0, h(B)=0.
3. The Lagrange multipliers for the inequality
constraints must be non-negative: A > 0.

4. For each j, either \; =0 or g;(8) =0.

5.4.3 Hybrid model:

The hybrid model combines neutrosophic fuzzy
regression and the KKT conditions. Here’s the
structure of the hybrid model:

e The model estimates the parameters /3 subject to
the KKT constraints.

e The objective function is the sum of the squared
neutrosophic error terms.

The constraints ensure that the parameters J
respect the model’s physical, logical, or operational
boundaries (e.g., non-negativity of certain parameters,
boundary conditions).

5.4.4 Steps for Solving the Hybrid Model:

1. Initialize: Start with an initial guess for the
parameter set . This can be done using some
heuristic method or based on prior knowledge.

2. Compute the Objective Function: For each
iteration, compute the objective function, which
is the sum of the squared errors between the
predicted neutrosophic fuzzy values y; and the
observed neutrosophic fuzzy values oy ;.-

Objective = Z [(Tgl — Tobsi)” + (Ig, — Tobs,i)”
i=1
+(ij7 - Fobs,i)2]
(36)

3. Check Feasibility: Verify that the current set
of parameters § satisfies the primal feasibility
conditions ¢(3) < 0,h(B) = 0. If the
constraints are not satisfied, adjust the parameters

accordingly.
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4. Compute Lagrange Multipliers: Solve the KKT
conditions to obtain the multipliers A and p.

5. Update Parameters: Update the parameters /3
using an iterative method such as gradient descent
or sequential quadratic programming (SQP). This
involves minimizing the Lagrangian and ensuring
the solution satisfies the constraints and KKT
conditions.

6. Check Convergence: Check whether the changes
in the parameter estimates 3 between iterations
are within a predefined tolerance. If the solution
has converged, stop; otherwise, return to Step 2.

7. Output Solution: Once the parameters have
converged, the final estimates 5* are the optimal
neutrosophic fuzzy regression coefficients subject
to the constraints.

6 Numerical examples

In this section, we apply the KKT conditions to
minimize the spread (T, I, F) of the predicted values in
neutrosophic fuzzy regression. This involves solving
the Lagrangian with given constraints (e.g., parameter
non-negativity, specific ranges for coefficients). The
hybrid model involves both fuzzy regression and the
KKT conditions but adds another layer of minimizing
the spread in membership and non-membership
functions while introducing fuzzification in the
prediction process. This hybrid approach offers finer
control of the fuzziness and spread minimization.

Although this example is illustrative, it reflects
real-world uncertainty characteristics. Future research
may expand validation using benchmark datasets to
strengthen the model’s practical credibility.

6.1 Neutrosophic
analysis

non-linear fuzzy regression

To solve the existing and hybrid model, we use a small
dataset presented in Table 1, which includes the truth,
indeterminacy, and falsity values of the data. The
predictor variable x is used to make predictions about
the response variable y.

Table 1 shows how two models—the Hybrid
Neutrosophic Nonlinear Fuzzy Regression Model and
the Kuhn-Tucker (KKT) model—predicted values
for the response variable y. It also includes the true
values of y as well as the truth (T), indeterminacy (I),
and falsity (F) values used to evaluate the models’
performance. The discrepancy between the predicted
and real values is less in the Hybrid model, suggesting
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Table 1. Dataset overview with neutrosophic components
and model predictions.

. y Truth Indeterminacy Falsity Predicted Predicted

- (T) ) (F) (KKT)  (Hybrid)
1.00 997 975 0.49 0.63 10.06 9.17
111 482 518 0.39 0.09 542 4.52
123 14.01 1549 0.58 0.40 13.20 14.02
134 2423 2371 041 0.69 26.32 24.26
146 825 745 0.48 0.96 7.25 8.03
157 9.98 948 0.21 0.27 8.76 10.29
1.68 29.96 30.88 0.41 0.38 31.12 29.43
1.80 23.83 24.16 0.95 0.52 24.62 23.76
191 1357 13.04 0.12 141 14.20 13.63
203 2594 2645 0.38 0.32 26.56 26.19

that it provides more accurate y predictions than
the KKT model. While the Hybrid model is more
cautious, the KKT model tends to exaggerate y values
in some instances. The reduced discrepancies between
the actual and anticipated values show that the
Hybrid model does a better job of capturing the data’s
nonlinearity.

Model performance may be assessed using a number of
measures, including R-squared values, mean absolute
error (MAE), and mean squared error (MSE). To better
understand the models” performance and find places
to improve, these indicators might be useful. Here is
the comparative analysis showing the performance of
the KKT-based model versus the hybrid model, along
with the percentage improvement for each metric:

Note: RMSE (Root Mean Squared Error) measures the
average prediction error—lower values indicate higher
accuracy. Spread refers to the range across the truth,
indeterminacy, and falsity components. Reducing this
spread means the model provides more confident and
precise predictions.

This Table 2 compares the KKT-Based Model to the
Hybrid Neutrosophic Nonlinear Fuzzy Regression
Model utilizing a number of different criteria for
evaluation. The hybrid model shows significant
improvements, especially in reducing the maximum
spread (22.09% improvement) and RMSE (22.23%
improvement).

Table 2. Comparative performance of KKT-Based and

hybrid models.
) KKT-Based Hybrid Improvement

Metric Model  Model (%)
Average Truth Deviation 1.06 0.85 19.57
Average Indeterminacy 0.40 0.36 10.00
Average Falsity Deviation 0.61 0.52 15.00
Maximum Spread 5.14 4.00 22.09
RMSE 1.37 1.07 22.23

In Table 2, we can see how two models—the Hybrid

Neutrosophic Nonlinear Fuzzy Regression Model and
the Kuhn-Tucker (KKT) model—predicted values for
the response variable y. Also included in Table 2 are
the true values of y and the values used to evaluate
the models” performance: truth (T), indeterminacy
(I), and falsity (F). The discrepancy between the
predicted and real values is less in the Hybrid model,
suggesting that it provides more accurate y predictions
than the KKT model. While the Hybrid model is
more cautious, the KKT model tends to exaggerate
y values in some instances. The reduced discrepancies
between the actual and anticipated values show that
the Hybrid model does a better job of capturing
the data’s nonlinearity. We may compute metrics
like R-squared values, mean absolute error (MAE),
and mean squared error (MSE) to assess the models’
performance.

Using these estimates, we can write the final quadratic
model’s equation (29) as:

Y; = 253X+ 317 X7 + & (37)
This model can be used to predict the response variable
y for given values of the predictor variable z. The
average truth deviation is a statistic that quantifies how
much of a departure there is from the real values of the
response variable y compared to the projected values.
Better performance is indicated by a lower value.

The average degree of uncertainty in the forecasts is
measured by this statistic. Predictions with a lower
number are more likely to be accurate.

0 e . ®
o 1 2 3 4 5 6

*—KKT-Based Model *— Hybnd Model Improvement (%)

Figure 1. Comparative analysis of hybrid and existing
method.

The average deviation of the false values from the
projected values of the response variable y is called
the average falsity deviation. Better performance is
indicated by a lower value shows in Figure 1. The
greatest spread is a statistic that quantifies how much
of a deviation there is between the actual and projected
values of the response variable y. Better performance
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is indicated by a lower value. By taking the square root
of the average of the squared differences between the
predicted values and the real values of the response
variable y, we get the Root Mean Squared Error
(RMSE). Better performance is indicated by a lower
value. Both truth deviation and falsity are also reduced,
demonstrating the hybrid model’s ability to minimize
uncertainty better than the KKT-based model.

7 Conclusion

This study has demonstrated the effectiveness of
a hybrid fuzzy nonlinear regression model that
incorporating the KKT optimization method and
Neutrosophic Fuzzy sets has been very effective. It
is quite evident that the proposed hybrid method
tackles challenges of uncertainty components, truth
deviation, and indeterminacy moving beyond the
original KKT based model. Starting a samples
comparative correlation model analysis went on to
exhibit rather large decrease in the maximum spread
of uncertainty — by 22.09% that seemed astonishing
and great improvement in prediction accuracy as
manifested by 22.23% lower RMSE. The results
demonstrate the ability of the hybrid model in dealing
with complex nonlinear system where uncertainty is
a vital aspect. However, this research also shows that
by making more accurate and robust predictions with
smaller spreads one is able to steer future explorations
towards fields where a high degree of accuracy is
required in the presence of uncertainties like material
processing, machine learning, engineering systems
and many others. Essential improvements in making
decisions in uncertain environments are made by the
hybrid fuzzy regression model. The proposed hybrid
model is highly applicable in real-world scenarios
involving uncertainty, such as engineering system
design, manufacturing process optimization, and
decision-making under incomplete data. Its ability
to handle indeterminacy and minimize spread makes
it a valuable tool in environments where conventional
regression models fail to provide reliable estimates.
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