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Abstract: Survey sampling has a wide range of applications in biomedical, meteorological, stock
exchange, marketing, and agricultural research based on data collected through sample surveys or
experimentation. The collected set of information may have a fuzzy nature, be indeterminate, and be
summarized by a fuzzy number rather than a crisp value. The neutrosophic statistics, a generalization
of fuzzy statistics and classical statistics, deals with the data that have some degree of indeterminacy,
imprecision, and fuzziness. In this article, we introduce a fuzzy decision-making approach for
deciding a sample size under a fuzzy measurement cost modeled by an intuitionistic fuzzy cost
function. Our research introduces neutrosophic ratio-type estimators for estimating the population
mean of the neutrosophic study variable YN ∈ [YL, YU ] utilizing all the indeterminate values of the
neutrosophic auxiliary variable XN ∈ [XL, XU ] rather than only the extreme values XL and XU . Three
simulation studies are carried out to explain the proposed methods of parameter estimation, sample
size determination, and efficiency comparison. The results reveal that the proposed neutrosophic
class of estimators produces more accurate and precise estimates of the neutrosophic population
mean than the existing neutrosophic estimators in simple random sampling, which is the ultimate
goal of inferential statistics.

Keywords: survey sampling; fuzzy cost function; neutrosophic statistics; sample size; mean estimation

MSC: 62D05; 62B86; 62C86

1. Introduction

Survey sampling is the most practical and cost-effective approach for collecting data
for research or estimating population means for making decisions. The validity and prac-
ticality of these judgments are dependent on the accuracy and precision of estimates,
which are significantly affected by two important decisions made during the planning
stage of a simple random sampling scheme. The first is determining a sample size un-
der cost constraints, and the second is selecting an efficient estimator of the population
mean. Refs. [1–3] explained the utilization of a survey budget to the per-unit measurement
cost and modeled it as a classical linear cost function of sample size. Many researchers
like [4–12], etc., used different transformation techniques to develop efficient ratio-type esti-
mators of the population mean by utilizing auxiliary information. These classical ratio-type
estimators produce a crisp value as an estimate of the population mean in a deterministic
sampling environment

However, different types of uncertainties exist in the real world, in science, and in
everyday life due to variation, incomplete information, fuzziness, imprecision, and indeter-
minacy. The classical sampling theory is unable to deal with the determination of sample
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size and the estimation of parameters of interest under these nonrandom uncertainties.
Many theories have been developed to model these uncertainties in real-life problems.
Refs. [13–15] developed the fuzzy sets theory to deal with decision-making problems under
fuzzy uncertainty. Ref. [16] discussed the uncertainty modeling and sensitivity analysis
of the different techniques of survey sampling. Refs. [17,18] proposed fuzzy assessment
methods to aggregate the fuzzy responses. Ref. [19] provided a comparative survey of
fuzzy data set measures of central tendency and examined the robustness of fuzzy sample
statistics. Ref. [20] developed the sampling framework to classify and model the random
and nonrandom uncertainties that affect the public strategy for making decisions about
environmental changes. Ref. [21] suggested the fuzzy importance of sampling methods for
estimating the possibility of failure by increasing the efficiency of classical fuzzy simula-
tion. Ref. [22] presented the notion of random sampling with fuzzy replacement, with the
fuzzification parameter taking a value in the range [0, 1].

But in many studies, the information collected through survey sampling or experimen-
tation can be expressed in the interval form rather than as a single value due to impression
and indeterminacy. For example, the daily temperature of a city, the daily share price of a
company, the daily blood pressure of a person, the daily cholesterol level of a person, etc.,
are presented in an interval linked with a linguistic fuzzy variable. The indeterminate col-
lected information can be summarized as a neutrosophic number. In 2013, Samarandache
introduced the statistical methods to be used for finding descriptive neutrosophic measures
such as the mean, variance, coefficient of skewness, coefficient of kurtosis, etc., to determine
the relationship between two neutrosophic variables; connected probability logic with
neutrosophic logic; and introduced the concepts of neutrosophic probability theory [23,24].
The neutrosophic statistics summarized the data that have some degree of uncertainty due
to fuzziness, imprecision, and indeterminacy. The neutrosophic estimation methods are
equivalent to the classical methods if this degree of uncertainty is zero. Ref. [24] proposed
a sample neutrosophic estimator for the neutrosophic population mean in simple random
sampling. Ref. [25] developed a new sampling strategy for considering neutrosophic pro-
cess loss. Ref. [26] proposed neutrosophic ratio and exponential ratio estimators for the
estimation of the neutrosophic population mean in simple random sampling under the
given sample size. Ref. [27] suggested the neutrosophic exponential-type estimator of the
population mean in simple random sampling. Ref. [28] suggested neutrosophic estimators
for the estimation of a finite neutrosophic population mean using underrank set sampling
and compared the efficiency of the proposed estimators using solar energy data. Ref. [27]
proposed the neutrosophic exponential-type estimator for estimating the population mean.
Ref. [29] suggested the robust neutrosophic ratio estimator for estimating the average stock
prices of pharmaceutical companies. Ref. [30] proposed a ratio and an exponential-type
estimator to estimate the imprecise population parameter and compared the efficiency of
the proposed estimator with that of existing neutrosophic estimators. Ref. [31] proposed
robust Hartley–Ross-type estimators for estimating the population mean of sensitive and
non-sensitive variables under simple random sampling.

1.1. Research Gap

All the existing neutrosophic estimators are based on the extreme values of the neu-
trosophic study variable and the neutrosophic auxiliary variable. These neutrosophic
estimators always produce biased and imprecise estimates, which lead to misleading in-
ferences about unknown parameters of the neutrosophic variable of interest. Moreover,
the accuracy and precision of the estimate are directly proportional to the sample size that
is determined under the given budget of the survey. The classical linear cost function in
survey sampling relies on an estimate of the per-unit measurement cost that occurred in a
pilot survey but does not take into account expert knowledge, the historical survey cost,
the inflation factor, or fuzzy uncertainty in the per-unit measurement cost.
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1.2. Scope of the Study

Fuzzy sampling theory has the flexibility of modeling the cost of a sample survey,
the decision of sample size, and the estimation of the parameters of interest in a nonrandom,
uncertain environment. These uncertainties are studied in the domains of fuzzy set theory
and neutrosophic theory. This study has two main objectives, given as follows:

• To decide the sample size under a nonrandom, uncertain measurement cost.
• To propose a more efficient neutrosophic estimator for estimating the population

mean of the neutrosophic study variable, utilizing all indeterminate values of the
neutrosophic auxiliary variable.

This article presents fresh research on the estimation of the mean utilizing all values of
the neutrosophic auxiliary variable rather than extreme indeterminate points. The fuzzy
decision-making approach for deciding the per-unit measurement cost, considering the
expert opinion, the cost incurred in pilot surveys, prior surveys, and fuzzy uncertainty
is suggested. In this approach, the utilization of the survey budget is modeled as an
intuitionistic fuzzy cost function, taking into account the per-unit measurement cost as
an intuitionistic fuzzy number and suggesting the sample size estimation procedure. We
propose the neutrosophic ratio class of estimator, the neutrosophic exponential class of
estimator, and the neutrosophic ratio–exponential class of estimator, which utilizes all
indeterminate values by introducing the function of the neutrosophic auxiliary variable.
The intuitionistic fuzzy cost function and procedure for determining the sample size are
explained in Section 2. Section 3 includes the theoretical formulation and mathematical
properties of the proposed neutrosophic estimators. The mathematical expression for a
theoretical efficiency comparison with existing neutrosophic ratio-type estimators and
the criteria for an empirical efficiency comparison are given in Section 4. To explain the
numerical computations and efficiency comparisons, a simulation study is presented in
Section 5. The discussion and conclusion are presented in Sections 6 and 7, respectively.

2. Intuitionistic Fuzzy Cost Function

Resource constraints (cost, trained staff, time, etc.) are the main reasons for conducting
a study based on data collected through survey sampling instead of a census. The de-
termination of sample size is an important part of planning survey sampling as well as
estimation procedures. The required precision and available resources are key parameters
for deciding the sample size. Considering the fixed cost c0, per-unit measurement cost c,
and budget available for survey B, the sample size n under the classical linear cost function
in simple random sampling is defined as

c0 + cn = B

⇒ n =
B− c0

c
As we know, the accuracy of an estimate is directly proportional to the sample size n.
But n ∝ (B− c0) and n ∝ 1

c . The decision on per-unit measurement cost c is based on its
values from previous surveys, pilot surveys, estimated costs, etc. Mathematically, the cost c
is selected from the universal set of costs D:

D = {a1, a2, ..., ai, ..., ao}.

The classical or crisp value of c ∈ D is defined by the characteristic function:

φD(c) =

{
1 if c = ai

0 otherwise.

The selected value of c by this indicator function, used in the classical linear cost function,
may be either true or false, i.e., φD(c) = {0, 1}. But in this time of rapidly changing
inflation, it is a difficult decision to select a sharply defined value of c and ignore the
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expert’s judgment. The decision-maker is facing uncertainty in selecting the true single
value of c from set D. The intuitionistic fuzzy decision-making approach has the adaptability
and flexibility to include a subset of set D in a decision on the per-unit measurement cost.
This approach covers fuzzy uncertainty and expert knowledge and is a generalization of
the classical approach. Under this approach, the per-unit measurement cost is determined
by mapping c in the interval [0, 1] rather than being bound to the bi-valued set {0, 1}.
The intuitionistic fuzzy set (IFS) of the measurement unit cost c̃i is defined as a triplet:

c̃i =
{(

ai, µi
c̃(ai), νi

c̃(ai)
)

: ai ∈ D
}

where µi
c̃(ai) is the degree of expert satisfaction regarding the cost ai to set c̃i and νi

c̃(ai) is the
degree of expert dissatisfaction regarding the cost ai to set c̃ such that µi

c̃(ai) + νi
c̃(ai) = 1.

The intuitionistic fuzzy measurement cost set c̃i is called the intuitionistic fuzzy number if
c̃i satisfies the normality, convexity, and continuity condition of IFS. The intuitionistic fuzzy
cost function in simple random sampling is defined as follows:

c0 + c̃in = B (1)

Let c̃i = (a1, a2, a3) be the linear triangular intuitionistic fuzzy cost and be defined by
µc̃i (c) : R+ → [0.5, 1], νc̃i (c) : R+ → [0.5, 1] given as follows:

µc̃i (c) =


µl =

c−a1
a2−a1

, a1 < c < a2

1, c = a2

µu = a3−c
a3−a2

, a2 < c ≤ a3

0, otherwise.

νc̃i (c) =


νl =

a2−c
a2−a1

, a1 < c < a2

0, c = a2

νu = c−a2
a3−a2

, a2 < c ≤ a3

0, otherwise.

where µl : R+ → [0.5, 1], µu : R+ → [0.5, 1], νl : R+ → [0.5, 1], and νu : R+ → [0.5, 1].
Let µ−1

l : [0.5, 1] → R+, µ−1
u : [0.5, 1] → R+, ν−1

l : [0.5, 1] → R+, and ν−1
u : [0.5, 1] → R+

be the inverse functions of µl , µu, νl , and νu, respectively. Let µ−1
c̃i (z) : [0.5, 1] → R+ and

ν−1
c̃i (z) : [0.5, 1]→ R+ be the inverse functions of µc̃i (c) and νc̃i (c), respectively, defined as

µ−1
c̃i (z) =

{
µ−1

l = a1 + z(a2 − a1), 0.5 ≤ z ≤ 1
µ−1

u = a3 + z(a2 − a3), 0.5 ≤ z ≤ 1

ν−1
c̃i (z) =

{
ν−1

l = a2 + z(a1 − a2), 0.5 ≤ z ≤ 1
ν−1

u = a2 + z(a3 − a2), 0.5 ≤ z ≤ 1

Now, the centriod point (A(c̃i), Z(c̃i)) of the triangular intuitionistic fuzzy cost c̃i is calcu-
lated as follows:

Aµ(c̃i) =

∫ a2
a1

cµldc +
∫ a3

a2
cµudc∫ a2

a1
µldc +

∫ a3
a2

µudc

Aµ(c̃i) =

∫ a2
a1

c2−a1c
a2−a1

dc +
∫ a3

a2

a3c−cc

a3−a2
dc∫ a2

a1

c−a1
a2−a1

dc +
∫ a3

a2

a3−c
a3−a2

dc

Aµ(c̃i) =
a1 + a2 + a3

3
(2)
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Aν(c̃i) =

∫ a2
a1

cνldc +
∫ a3

a2
cνudc∫ a2

a1
νldc +

∫ a3
a2

νudc

Aν(c̃i) =

∫ a2
a1

a2c−c2

a2−a1
dc +

∫ a3
a2

c2−a2c
a3−a2

dc∫ a2
a1

a2−c
a2−a1

dc +
∫ a3

a2

c−a2
a3−a2

dc

Aν(c̃i) =
2a1 − a2 + 2a3

3
(3)

Zµ(c̃i) =

∫ 1
0.5 zµ−1

u dz−
∫ 1

0.5 zµ−1
l dz∫ 1

0.5 µ−1
u dz−

∫ 1
0.5 µ−1

l dz

Zµ(c̃i) =

∫ 1
0.5(a3z + (a2 − a3)z2)dz−

∫ 1
0.5(a1z + (a2 − a1)z2)dz∫ 1

0.5(a3 + (a2 − a3)z)dz−
∫ 1

0.5(a1 + (a2 − a1)z)dz

Zµ(c̃i) =
2
3

(4)

Zν(c̃i) =

∫ 1
0.5 zν−1

u dz−
∫ 1

0.5 zν−1
l dz∫ 1

0.5 ν−1
u dz−

∫ 1
0.5 ν−1

l dz

Zν(c̃i) =

∫ 1
0.5(a2z + (a3 − a2)z2)dz−

∫ 1
0.5(a2z + (a1 − a2)z2)dz∫ 1

0.5(a2 + (a3 − a2)z)dz−
∫ 1

0.5(a2 + (a1 − a2)z)dz

Zν(c̃i) =
7
9

(5)

The rank function d(c̃i) for the single crisp value of the TrIF cost c̃i is defined as

d(c̃i) =

√
1
2

[(
Aµ(c̃i)− Zµ(c̃i)

)2
+
(

Aν(c̃i)− Zν(c̃i)
)2
]

d(c̃i) =

√√√√1
2

[(
a1 + a2 + a3

3
− 2

3

)2
+

(
2a1 − a2 + 2a3

3
− 7

9

)2
]

(6)

The fuzzy cost functions given in Equation (1) are written in crisp form as

co + d(c̃i)n = B (7)

⇒ n =
B− c0

d(c̃i)
(8)

3. Neutrosophic Estimators of Population Mean

The neutrosophic population consists of data that have some degree of indeterminacy
and imprecision and is presented in interval form rather than as an information object sum-
marized by a precise value. The classical estimator can be transformed into a neutrosophic
form that depends on the extreme points in the neutrosophic data set. The neutrosophic
estimator provides a nonrandom interval value as an estimate of an imprecise parameter of
interest. Let Y be the determinate part and IY be the indeterminate part of a quantitative
neutrosophic study variable YN which can be written as YN = Y + IY or more precisely
presented in interval form as YN ∈ [YL, YU ]. Let X be the determinate part and IX be
the indeterminate part of a quantitative neutrosophic auxiliary variable XN which can be
written as XN = X + IX or more precisely presented in interval form as XN ∈ [XL, XU ].
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Let yNi ∈ [yLi, yUi] and xNi ∈ [xLi, xUi] be the neutrosophic values of YN and XN observed
from the ith unit of a population containing M units. Let ȳN ∈ [ȳL, ȳU ] be the sample mean
and ȲN ∈ [ȲL, ȲU ] be the population mean of YN . Let x̄N ∈ [x̄L, x̄U ] be the sample mean and
X̄N ∈ [X̄L, X̄U ] be the population mean of XN . Let S2

YN ∈ [S2
YL, S2

YU ] and S2
XN ∈ [S2

XL, S2
XU ]

be the neutrosophic population variances, and let CYN ∈ [CYL , CYU ] and CXN ∈ [CXL , CXU ],
respectively, be the neutrosophic population coefficients of variation of YN and XN . Let
β1(XN) ∈ [β1(XL)

, β1(XU)] be the coefficient of skewness and β2(XN) ∈ [β2(XL)
, β2(XU)] the

coefficient of kurtosis of the neutrosophic auxiliary variable. Let ρYN XN ∈ [ρYLXL , ρYU XU ] be
the neutrosophic population population correlation coefficient.

3.1. Existing Neutrosophic Estimators

Ref. [26] proposed the neutrosophic ratio estimators for the estimation of the neutro-
sophic population mean given in (9), (11), (13), and (15) below.

ȳNR =
ȳN
x̄N

X̄N , (9)

ȳNR ∈ [ȳLR, ȳUR].

The bias and mean square error of ȳNR are defined as

Bias(ȳNR) = λNȲN

(
C2

xN
− CyN CxN ρxN yN

)
where λN = MN−nN

MN nN
, λN ∈ [λL, λU ].

Bias(ȳNR) ∈ [Bias(ȳLR), Bias(ȳUR)].

MSE(ȳNR) = λNȲ2
N

(
C2

yN
+ C2

xN
− 2CyN CxN ρxN yN

)
, (10)

MSE(ȳNR) ∈ [MSE(ȳLR), MSE(ȳUR).

ȳSDrN = ȳN
X̄N + CxN
x̄N + CxN

, (11)

ȳSDrN ∈ [ȳSDrL, ȳSDrU ].

The bias and MSE of ȳSDrN are given as

Bias(ȳSDrN) = λNȲN

(
θ2

Nr1C2
xN
− θNr1CyN CxN ρxN yN

)
,

where

θNr1 =
X̄N

X̄N + CxN
, θNr1 ∈ [θLr1, θUr1],

Bias(ȳSDrN) ∈ [Bias(ȳSDrL), Bias(ȳSDrU)].

MSE(ȳSDrN) = λNȲ2
N

(
C2

yN
+ θ2

Nr1C2
xN
− 2θNr1CyN CxN ρxN yN

)
, (12)

MSE(ȳSDrN) ∈ [MSE(ȳSDrL), MSE(ȳSDrU)].

ȳSKrN = ȳN
X̄N + β2(XN)

x̄N + β2(XN)
(13)

ȳSKrN ∈ [ȳSKrL, ȳSKrU ].



Axioms 2023, 12, 890 7 of 26

The bias and MSE of ȳSKrN are given as:

Bias(ȳSKrN) = λNȲN

(
θ2

Nr2C2
xN
− θNr2CyN CxN ρxN yN

)
,

where

θNr2 =
X̄N

X̄N + β2(XN)
, θNr2 ∈ [θLr2, θUr2],

Bias(ȳSKrN) ∈ [Bias(ȳSKrL), Bias(ȳSKrU)].

MSE(ȳSKrN) = λNȲ2
N

(
C2

yN
+ θ2

Nr2C2
xN
− 2θNr2CyN CxN ρxN yN

)
, (14)

MSE(ȳSKrN) ∈ [MSE(ȳSKrL), MSE(ȳSKrU)].

ȳUSrN = ȳN
X̄N β2(XN) + CxN

x̄N β2(XN) + CxN
, (15)

ȳUSrN ∈ [ȳUSrL, ȳUSrU ].

The bias and MSE of ȳUSrN are given as

Bias(ȳUSrN) = λNȲN

(
θ2

Nr3C2
xN
− θNr3CyN CxN ρxN yN

)
,

where

θNr3 =
X̄N β2(XN)

X̄N β2(XN) + CxN
, θNr3 ∈ [θLr3, θUr3],

Bias(ȳUSrN) ∈ [Bias(ȳUSrL), Bias(ȳUSrU)].

MSE(ȳUSrN) = λNȲ2
N

(
C2

yN
+ θ2

Nr3C2
xN
− 2θNr3CyN CxN ρxN yN

)
, (16)

MSE(ȳUSrN) ∈ [MSE(ȳUSrL), MSE(ȳUSrU)].

Ref. [26] proposed the neutrosophic exponential estimators for the estimation of the neutro-
sophic population mean, given in (17) and (19) below:

ȳBTrN = ȳNexp
(

X̄N − x̄N

X̄N + x̄N

)
, (17)

ȳBTrN ∈ [ȳBTrL, ȳBTrN ].

The bias and MSE of ȳBTrN are given as

Bias(ȳBTrN) = λNȲN

(
3
8

C2
xN
− 1

2
CyN CxN ρxN yN

)
,

Bias(ȳBTrN) ∈ [Bias(ȳBTrL), Bias(ȳRrU)].

MSE(ȳBTrN) = λNȲ2
N

(
C2

yN
+

1
4

C2
xN
− CyN CxN ρxN yN

)
, (18)

MSE(ȳBTrN) ∈ [MSE(ȳBTrL), MSE(ȳBTrU)].

ȳRrN = ȳNexp
(
(X̄N + 1)− (x̄N + 1)
(X̄N + 1) + (x̄N + 1)

)
, (19)

ȳRrN ∈ [ȳRrL, ȳRrU ].
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The bias and MSE of ȳRrN are given as

Bias(ȳRrN) = λNȲN

(
3
8

θ2
Nr4C2

xN
− 1

2
θNr4CyN CxN ρxN yN

)
,

where

θNr4 =
X̄N

X̄N + 1
, θNr4 ∈ [θLr4, θUr4],

Bias(ȳBTrN) ∈ [Bias(ȳRrL), Bias(ȳRrU)].

MSE(ȳRrN) = λNȲ2
N

(
C2

yN
+

1
4

θ2
Nr4C2

xN
− θNr4CyN CxN ρxN yN

)
, (20)

MSE(ȳRrN) ∈ [MSE(ȳRrL), MSE(ȳRrU)].

The proposed neutrosophic ratio–exponential estimator by [30] is given as

ȳtpN = ȳN

(
k1

X̄N + 1
x̄N + 1

+ k2 exp
(
(X̄N + 1)− (x̄N + 1)
(X̄N + 1) + (x̄N + 1)

))
, (21)

ȳtpN ∈
[
ȳtpL, ȳtpU

]
The mathematical expression for the bias of ȳtpN is given as

Bias(ȳtpN) = ȲN

[
k1

(
1 + θN

(
θNr4C2

xN
− τNCxN CyN ρxN yN

))
+k2

(
1 + λN

(
3
8

θNr4C2
xN
− 1

2
τNCxN CyN ρxN yN

))
− 1
]

,
(22)

Bias(ȳtpN) ∈
[
Bias(ȳtpL), Bias(ȳtpU)

]
.

The mathematical expression for the minimum MSE of ȲtpN is given as

MSE(ȳtpN)min = Ȳ2
N

(
1 + Ak2

1opt + Bk2
2opt − 2Ck1opt − 2Dk2opt + 2Fk1optk2opt

)
, (23)

MSE(ȳtpN)min ∈
[
MSE(ȳtpL)min, MSE(ȳtpU)min

]
,

where
A = 1 +

(
λNC2

yN
+ 3λNθNr4C2

xN
− 4λNθNr4NCxN CyN ρxN yN

)
B = 1 +

(
λNC2

yN
+ λNθNr4C2

xN
− 2λNθNr4CxN CyN ρxN yN

)
C = 1 +

(
λNθNr4C2

xN
− λNθNr4CxN CyN ρxN yN

)
D = 1 +

(
3
8

λNθNr4C2
xN
− 1

2
λNθNr4CxN CyN ρxN yN

)
F = 1 + N

(
λNC2

yN
+

15
8

λNθNr4C2
xN
− 3λNθNr4CxN CyN ρxN yN

)
k1opt =

DF− BC
FF− AB

, k2opt =
CF− AD
FF− AB
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3.2. Proposed Generalized Neutrosophic Ratio-Type Estimators Using Neutrosophic
Subsidiary Information

Let xNi ∈ [xLi, xUi] contain K values. We introduce two variates XA : XN → R and
XS : XN → R+, defined as

XA =
U

∑
j=L

Xji

K
, i = 1, 2, 3, ..., M.

XS =

√√√√ U

∑
j=L

(Xji − XAi)2

K
, i = 1, 2, 3, ..., M.

Let X̄S be the population mean, S2
XS be the population variance, CVXS be the population

coefficient of variation, β1(XS)
be the coefficient of skewness, and β2(XS)

be the coeffi-
cient of kurtosis of variable XS. Let ρYN XS ∈ [ρYLXS , ρYU XS ] be the neutrosophic pop-

ulation correlation coefficient between YN and XS. Let eN0 = ȳN−ȲN
ȲN

, eN0 ∈ [eL0, eU0],

eN1 = x̄N−X̄N
X̄N

, eN1 ∈ [eL1, eU1], E[eN0] = 0, E(eN1) = 0, E
(
e2

N0
)

= λNC2
yN

, E
(
e2

N1
)

=

λNC2
xN

, E(eN0eN1) = λNCxN CyN ρxN yN , and λN = MN−nN
MN nN

, λN ∈ [λL, λU ]. Let α and Ψ

represent the parametric values of variables XN and XS or α, Ψ ∈ R. Let τN = αX̄N
αX̄N+Ψ ,

τN ∈ [τL, τU ].

3.2.1. Neutrosophic Ratio Class of Estimator

The proposed generalized neutrosophic ratio (GNR) class of estimators ȳNRTi is de-
fined as

ȳNRTi = ȳN
αX̄N + Ψ
αx̄N + Ψ

, (24)

ȳNRTi ∈ [ȳLRTi, ȳURTi]

and we have
ȳNRTi − ȲN = ȲNeN0(1 + τNeN1)

−1 (25)

The bias of ȳNRTi up to the first-order approximation is given as

Bias(ȳNRTi) = ȲN

[
1 + λN

(
τ2

NC2
xN
− τNCxN CyN ρxN yN

)]
, (26)

Bias(ȳNRTi) ∈ [Bias(ȳLRTi), Bias(ȳURTi)]

The MSE of ȳNRTi up to the first-order approximation is given as

MSE(ȳNRTi) = λNȲ2
N

[
C2

yN
+ τ2

NC2
xN
− 2τNCyN CxN ρxN yN

]
, (27)

MSE(ȳNRTi) ∈ [MSE(ȳLRTi), MSE(ȳURTi)].

Some members of the proposed GNR class of estimator are given in Table 1.

3.2.2. Neutrosophic Exponential Class of Estimator

The proposed generalized neutrosophic exponential (GNE) class of estimators ȳNETi
is defined as

ȳNETi = ȳNexp
(
(αX̄N + Ψ)− (αx̄N + Ψ)

(αX̄N + Ψ) + (αx̄N + Ψ)

)
, (28)

ȳNETi ∈ [ȳLETi, ȳUETi].
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From Equation (28), we have

ȳNETi − ȲN = eN0ȲN Exp
(

τNeN1

2

(
1 +

τNeN1

2

)−1
)

(29)

Table 1. Some members of proposed GNR, GNE, and GNRE classes of estimator.

S,No α Ψ ȳNRTi ȳNETi ȳNRETi

1 1 0 ȳRN ,
[26] ȳBTrN , [26]

2 1 1 ȳRrN ,
[26]

ȳtpN ,
[30]

3 1 CXN

ȳSDrRN ,
[26]

4 1 β2(XN)
ȳSKrRN ,
[26]

5 β2(XN) CXN

ȳUSrRN ,
[26]

6 β1(XN) X̄S ȳNRT1 ȳNET1 ȳNRET1

7 β2(XN) X̄S ȳNRT2 ȳNET2 ȳNRET2

8 β1(XN) X̄S + CV(XS) ȳNRT3 ȳNET3 ȳNRET3

9 β2(XN) X̄S + CV(XS) ȳNRT4 ȳNET4 ȳNRET4

10 β2(XS) X̄S + CV(XS) ȳNRT5 ȳNET5 ȳNRET5

11 β2(XN) X̄S − CV(XS) ȳNRT6 ȳNET6 ȳNRET6

12 β1(XN) X̄S + CV(XN) ȳNRT7 ȳNET7 ȳNRET7

13 β2(XN) X̄S + CV(XN) ȳNRT8 ȳNET8 ȳNRET8

14 β2(XS) X̄S + CV(XN) ȳNRT9 ȳNET9 ȳNRET9

15 β2(XN) X̄S − CV(XN) ȳNRT10 ȳNET10 ȳNRET10

16 β2(XN) − β2(XS) X̄S − CV(XN) ȳNRT11 ȳNET11 ȳNRET11

17 β1(XN)β1(XS) X̄S + CV(XN) ȳNRT12 ȳNET12 ȳNRET12

18 β2(XN)β2(XS) X̄S + CV(XN) ȳNRT13 ȳNET13 ȳNRET13

19 β2(XN)β1(XN) X̄S + CV(XN) ȳNRT14 ȳNET14 ȳNRET14

20 β2(XS)β1(XS) X̄S + CV(XN) ȳNRT15 ȳNET15 ȳNRET15

21 β2(XN)β2(XS) X̄S − CV(XN) ȳNRT16 ȳNET16 ȳNRET16

22 β1(XN)β1(XS) X̄S − CV(XN) ȳNRT17 ȳNET17 ȳNRET17

23 β2(XN)β1(XN) X̄S − CV(XN) ȳNRT18 ȳNET18 ȳNRET18

24 β2(XS)β1(XS) X̄S − CV(XN) ȳNRT19 ȳNET19 ȳNRET19

25 β1(XN)β1(XS) X̄S + CV(XS) ȳNRT20 ȳNET20 ȳNRET20

26 β2(XN)β2(XS) X̄S + CV(XS) ȳNRT21 ȳNET21 ȳNRET21

27 β2(XN)β1(XN) X̄S + CV(XS) ȳNRT22 ȳNET22 ȳNRET22

28 β2(XS)β1(XS) X̄S + CV(XS) ȳNRT23 ȳNET23 ȳNRET23

29 β2(XN)β2(XS) X̄S − CV(XS) ȳNRT24 ȳNET24 ȳNRET244

30 β2(XN)β1(XN) X̄S − CV(XS) ȳNRT25 ȳNET25 ȳNRET25

31 β2(XS)β1(XS) X̄S − CV(XS) ȳNRT26 ȳNET26 ȳNRET26
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The mathematical expression for the bias of ȳNET is given as

Bias(ȳNETi) = λNȲN

[
3
8

τ2
NC2

xN
− 1

2
τNCyN CxN ρxN yN

]
, (30)

Bias(ȳNETi) ∈ [Bias(ȳLETi), Bias(ȳUETi)].

The mathematical expression for the mean square error of ȳNETi is given as

MSE(ȳNETi) = λNȲ2
N

[
C2

yN
+

1
4

τ2
NC2

xN
− τNCyN CxN ρxN yN

]
, (31)

MSE(ȳNETi) ∈ [MSE(ȳLETi), MSE(ȳUETi)].

Some members of the proposed GNE class of estimator are given in Table 1.

3.2.3. Neutrosophic Ratio–Exponential Class of Estimator

The proposed generalized neutrosophic generalized ratio–exponential (GNRE) class
of estimator ȳNRETi is defined as follows:

ȳNRETi = ȳN

[
k1N

αX̄N + Ψ
αx̄N + Ψ

+ k2N exp
(
(αX̄N + Ψ)− (αx̄N + Ψ)

(αX̄N + Ψ) + (αx̄N + Ψ)

)]
, (32)

ȳNRETi ∈ [ȳLRETi, ȳURETi]

Equation (32) can be written as follows:

ȳNRETi = ȲN(1 + eN0)

[
k1N(1 + τNeN1)

−1 + k2Nexp
(
−τNeN1

2

(
1 +

τNeN1

2

)−1
)]

(33)

Expanding Equation (33) up to first-order approximation and subtracting ȲN from
both sides, we have

ȲNRETi − ȲN = ȲN

[
k1N

(
1 + eN0 − τNeN1 − τNeN0eN1 + τ2

Ne2
N1

)
+k2

(
1 + eN0 −

τNeN1

2
− τNeN0eN1

2
+

3τ2
Ne2

N1
8

)
− 1

] (34)

Using Equation (34), the mathematical expression for the bias of ȲNRETi is given as

Bias(ȳNRETi) = ȲN

[
k1N

(
1 + λN

(
τ2

NC2
xN
− τNCxN CyN ρxN yN

))
+k2N

(
1 + λN

(
3
8

τ2
NC2

xN
− 1

2
τNCxN CyN ρxN yN

))
− 1
]

,
(35)

Bias(ȳNRETi) ∈ [Bias(ȳLRETi), Bias(ȳURETi)]

Using Equation (34) and taking terms up to the first-order approximation, the mathematical
expression for the MSE of ȲNRETi is given as

MSE(ȳNRETi) = Ȳ2
N

(
1 + β1Nk2

1N + β2Nk2
2N − 2β3Nk1N − 2β4Nk2N + 2β5Nk1Nk2N

)
, (36)

MSE(ȳNRETi) ∈ [MSE(ȳLRETi), MSE(ȳURETi)],

where

β1N = 1 + λN

(
C2

yN
+ 3τ2

NC2
xN
− 4τNCxN CyN ρxN yN

)
, β1N ∈ [β1L, β1U ],

β2N = 1 + λN

(
C2

yN
+ τ2

NC2
xN
− 2τNCxN CyN ρxN yN

)
, β2N ∈ [β2L, β2U ],
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β3N = 1 + λN

(
τ2

NC2
xN
− τNCxN CyN ρxN yN

)
, β3N ∈ [β3L, β3U ],

β4N = 1 + λN

(
3
8

τ2
NC2

xN
− 1

2
τNCxN CyN ρxN yN

)
, β4N ∈ [β4L, β4U ],

β5N = 1 + λN

(
C2

yN
+

15
8

τ2
NC2

xN
− 3τNCxN CyN ρxN yN

)
, β5N ∈ [β5L, β5U ].

The real-valued constants k1N and k2N are selected that minimize MSE(ȳNRETi). Differenti-
ating Equation (36) with respect to k1N and k2N , we obtain

k1Nopt =
β4N β5N − β2N β3N
β5N β5N − β1N β2N

, k2Nopt =
β3N β5N − β1N β4N
β5N β5N − β1N β2N

The resultant minimum MSE(ȳNRETi) is

MSE(̄̄yNERTi)min = Ȳ2
N

(
1 + β1Nk2

1Nopt + β2Nk2
2Nopt − 2β3Nk1Nopt − 2β4Nk2Nopt + 2β5Nk1Noptk2Nopt

)
(37)

MSE(ȳNRETi)min ∈ [MSE(ȳLRETi)min, MSE(ȳURETi)min]

Some members of the generalized neutrosophic ratio–exponential (GNRE) class of estima-
tors are presented in Table 1. It is mentioned that the existing neutrosophic estimators of
the population mean are special cases of our proposed generalized neutrosophic estimator
presented in Table 1.

4. Efficiency Comparison

The mathematical expression has been derived for the efficiency of the proposed
neutrosophic class of estimators to its corresponding existing neutrosophic estimators.
Using Equations (10) and (27), the GNR class of estimator ȳNRTi is more efficient than ȳNR if

ρxN yN ≤
CxN (τN + 1)

2CyN

Using Equations (12) and (27), the GNR class of estimator ȳNRTi is more efficient than
ȳSDrN if

ρxN yN ≤
CxN (τN + θNr1)

2CyN

Using Equations (14) and (27), the GNR class of estimator ȳNRTi is more efficient than
ȳSKrN if

ρxN yN ≤
CxN (τN + θNr2)

2CyN

Using Equations (16) and (27), the GNR class of estimator ȳNRTi is more efficient than
ȳUSrN if

ρxN yN ≤
CxN (τN + θNr3)

2CyN

Using Equations (18) and (31), the GNE class of estimator ȳNETi is more efficient than
ȳBTrN if

ρxN yN ≤
CxN (τN + 1)

4CyN

Using Equations (20) and (31), the GNR class of estimator ȳNRTi is more efficient than
ȳRrN if

ρxN yN ≤
CxN (τN + θNr4)

4CyN
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Using Equations (23) and (31), the GNRE class of estimator ȳNRETi is more efficient
than ȳtpN if (

Ak2
1opt + Bk2

2opt − 2Ck1opt − 2Dk2opt + 2Fk1optk2opt

)
−
(

β1Nk2
1Nopt + β2Nk2

2Nopt − 2β3Nk1Nopt − 2β4Nk2Nopt + 2β5Nk1Noptk2Nopt

)
≥ 0

For the empirical efficiency comparison, let θ̂1N ∈
[
θ̂1L, θ̂1U

]
and θ̂2N ∈

[
θ̂2L, θ̂2U

]
be

two neutrosophic estimators of the neutrosophic population mean θ1N ∈ [θ1L, θ1U ] having
mean square errors MSE(θ̂1N) ∈

[
MSE(θ̂1L), MSE(θ̂1U)

]
and MSE(θ̂2N) ∈ [MSE(θ̂2L),

ˆMSE(θ2U)]. We used two criteria for the efficiency comparison between θ̂1N and θ̂2N. The neu-
trosophic percentage relative efficiency (NPRE) criteria is defined as

NPRE =
MSE(θ̂1N)

MSE(θ̂2N)
, NPRE ∈ [LPRE, UPRE].

The percentage relative efficiency total (PRET) criteria is defined as

PRET =
MSET(θ̂1N)

MSET(θ̂2N)
× 100

where MSET(θ̂1N) = MSE(θ̂1L) + MSE(θ̂1U), MSET(θ̂2N) = MSE(θ̂2L) + MSE(θ̂2U).

5. Simulation Study

Three simulated neutrosophic data sets are used for validating the theoretical and nu-
merical efficiency comparisons of a proposed generalized class of neutrosophic estimators
with existing neutrosophic estimators. The algorithm for the neutrosophic simulated data
set has two steps. First, a bi-variate neutrosophic data set is generated from the bi-variate
neutrosophic normal distribution of the study variable YN ∈ [YL, YU] and auxiliary vari-
able XN ∈ [XL, XU]. That is, (XN , YN) ∼ NN (µN , ΣN) , where µN is the neutrosophic
mean vector and ΣN is the neutrosophic var-covariance matrix given as

µN =
(
µXN , µYN

)
, µXN ∈ [µXL , µXU ], µYN ∈ [µYL , µYU ]

ΣN =

[
σ2

XN
σXN σYN ρXNYN

σXN σYN ρXNYN σ2
YN

]
where σXN ∈

[
σXL , σXU

]
, σYN ∈

[
σYL , σYU

]
, and ρXNYN ∈

[
ρXLYL , ρXUYU

]
. Second, the

K = 100 uniformly distributed values are generated from [XL, XU ] and find the value of
XA : [XL, XU ]→ R and XS : [XL, XU ]→ R+.

1. The first neutrosophic data set, containing 3000 values, is generated fromNN (µN , ΣN)
with µN = ([130, 250], [90, 129]) and

ΣN =

[
[102, 62] [10, 6][5, 9][0.10,−0.40]

[10, 6][5, 9][0.12,−0.35] [52, 92]

]
2. The second neutrosophic data set, containing 3000 values, is generated from

NN (µN , ΣN) with µN = ([20, 25], [80, 120]) and

ΣN =

[
[2.52, 52] [2.5, 5][3, 7][0.40, 0.50]

[2.5, 5][3, 7][0.40, 0.50] [32, 72]

]
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3. The third neutrosophic data set, containing 3000 values, is generated from
NN (µN , ΣN) with µN = ([11, 26], [13, 28]) and

ΣN =

[
[52, 32] [5, 3][7, 9][−0.40,−0.50]

[5, 3][7, 9][−0.40,−0.50] [72, 92]

]
The statistical summaries of the above three simulated data sets are presented in Tables 2–4,
respectively.

Let B = 630, c0 = 130, and c̃i = (10, 23, 31). The intuitionistic fuzzy cost function of
nN is written as

130 + (10, 23, 31)n = 630 (38)

The intuitionistic fuzzy measurement cost c̃i = (10, 23, 31) is a linear triangular intuitionistic
fuzzy number defined mathematically by Equation (39) and graphically by Figure 1:

µc̃i (c) =


c−10

23−10 , 10 < c < 23
1, c = 23
31−c

31−23 , 23 < c ≤ 31
0, otherwise.

, νc̃i (c) =


23−c

23−10 , 10 < c < 23
0, c = 23
c−23

31−23 , 23 < c ≤ 31
0, otherwise.

(39)

Figure 1. Triangular intuitionistic fuzzy measurement cost.

Using Equation (6), the intuitionistic fuzzy cost function given in Equation (38) can be
converted into the classical form as

130 + 19.80n = 630

=⇒ n =
630− 130

19.80
= 25.25 ≈ 25

Data Summary and Results

This section includes the statistical summary of three simulated data sets and the
results of the estimation methods.
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Table 2. Data summary of simulated population 1.

Variable Mean Variance CV β1 β2 ρYN XN

YN [89.96268, 129.13892] [24.81400, 81.61350] [0.05537, 0.06996] [0.00322, −0.06089] [−0.10347, −0.16364] [0.09739 , −0.39750]

XN [129.83972, 249.86187] [99.91385, 35.02842] [0.07698, 0.02369] [0.05101, −0.01263] [0.05193, −0.02479]

XS 35.34425 13.96304 0.10572 0.06596 0.04418

Table 3. Data summary of simulated population 2.

Variable Mean Variance CV β1 β2 ρYN XN

YN [84.97644, 125.21253] [9.42978, 50.66704] [0.03614, 0.05685] [−0.00468, 0.00747] [−0.02556, 0.03357] [0.38504, 0.51247]

XN [20.01850, 25.15033] [6.11129, 24.03838] [0.12349, 0.19494] [0.04325, 0.04441] [0.12058, 0.00489] [0.00000, 0.00000]

XS 1.81335 1.59007 0.69539 0.72147 0.00965

Table 4. Data summary of simulated population 3.

Variable Mean Variance CV β1 β2 ρYN XN

YN [13.08261, 28.38166] [49.26777, 81.40849] [0.53652, 0.31790] [−0.01568, 0.01242] [−0.07760, 0.08264] [−0.40618, −0.50048]

XN [11.04027, 25.95948] [25.87714, 8.88683] [0.46076, 0.11484] [0.01566, −0.03767] [−0.02383, −0.07052] [0.00000, 0.00000]

XS 4.40090 3.03458 0.39583 0.07965 −0.13579
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6. Discussion

The neutrosophic statistical approach is best for estimating the parameters of interest
for uncertain and indeterminate data. Under such circumstances, the neutrosophic estima-
tors of the population mean are more flexible and produce more efficient estimates. We
proposed the GNR class of estimator ȳNRTi, GNE class of estimator ȳNETi, and GNRE class
of estimator ȳNRETi for the population mean in simple random sampling. The mathemati-
cal properties of the proposed estimators ȳNRTi, ȳNETi, and ȳNRETi are derived up to the
first-order approximation. The mathematical conditions have been derived for a theoretical
efficiency comparison. The proposed neutrosophic estimators will perform better than
neutrosophic estimators if these conditions are satisfied. The intuitionistic fuzzy set theory
is the best alternative to classical set theory for making decisions in uncertain and fuzzy
environments. The intuitionistic fuzzy cost function is introduced for decision making
about per-unit measurement cost and sample size n under the fuzzy uncertain environment
of simple random sampling. This cost function takes into account all possible values of
the per-unit measurement cost collected through different sources like historical surveys,
similar studies, pilot surveys, predicted costs, etc., and expert knowledge. The sample of
21 units is selected by the traditional linear cost function using an indicator function for de-
ciding the per-unit measurement cost from (10, 23, 31) in the numerical study. The decided
sample size under the classical approach is smaller than the proposed intuitionistic fuzzy
approach. Because the precision of estimates is directly proportional to the sample size,
the classical approach for deciding sample size under uncertain measurement costs will
therefore produce smaller precision estimates. Tables 2–4 represent the statistical summary
of the three simulated neutrosophic populations, 1, 2, and 3, respectively, with different
levels of indeterminacy and correlation. The MSE and MSET of the existing neutrosophic
ratio estimators ȳNR ȳSDrRN , ȳSKrRN , and ȳUSrRN and the proposed GNR class of estima-
tors ȳNRTi(i = 1, 2, . . . , 26) are given in Table 5. Table 6 shows the MSE and MSET of
the existing neutrosophic ratio estimators ȳBTrRN and ȳRrN and the proposed GNE class
of estimators ȳNETi(i = 1, 2, . . . , 26). Table 7 shows the MSE and MSET of the existing
neutrosophic ratio–exponential estimator ȳtpN and proposes the GNRE class of estimators
ȳNRETi(i = 1, 2, . . . , 26). We compared the efficiency of the existing neutrosophic estimators
and the proposed GNR class of estimators, GNE class of estimators, and GNRE class of
estimators with the neutrosophic estimator ȳNR and the results are presented in Tables 8–10,
respectively. Using PRET given in Table 8, it is noted that all members of the GNR class of
estimators ȳNRTi(i = 1, 2, . . . , 26) outperformed the existing neutrosophic estimator. ȳNRT6
produced the most efficient results for simulated population 1 and simulated population 3,
and ȳNRT26 produced the most precise estimate of the neutrosophic mean for simulated
population 2. From Table 9, the proposed GNE class of estimators ȳNETi(i = 1, 2, . . . , 26)
have higher efficiency than the existing exponential neutrosophic estimators ȳBTrRN and
ȳRrN for all three simulated populations. Among ȳNETi(i = 1, 2, . . . , 26), the estimator
ȳNET11 produced the most efficient result for simulated population 1, the estimator ȳNET12
produced the most precise estimate for simulated population 2, and the estimator ȳNET5
produced the most efficient estimate for simulated population 3 based on the PRET. The pro-
posed GNRE class of estimators ȳNRETi(i = 1, 2, . . . , 26) is more efficient than the existing
estimator ȳtpN based on the NPRE and PRET as shown in Table 9. It can be observed that
the estimator ȳNRET11 is most efficient for simulated population 1, the estimator ȳNRET1
produced the most precise estimate for the neutrosophic mean of simulation population 2,
and the estimator ȳNRET9 produced the most efficient results for simulated population 3.
All the proposed neutrosophic class estimators performed better than the existing respec-
tive neutrosophic estimators for all three simulated populations. The utilization of all the
indeterminate values of the neutrosophic auxiliary variables in the proposed neutrosophic
class of estimators is the main reason for producing more efficient results as compared to the
respective existing neutrosophic estimators based only on extreme indeterminate values.
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Table 5. MSE of generalized neutrosophic ratio class of estimators.

S,No Estimator
Simulated Population 1 Simulated Population 2 Simulated Population 3

MSE MSET MSE MSET MSE MSET

1 ȳRN [2.62039, 4.47995] 7.10033 [3.75781, 18.57995] 22.33776 [4.75908, 4.81816] 9.57723

2 ȳSDrRN [2.61829, 4.47979] 7.09808 [3.71045, 18.27212] 21.98257 [4.59128, 4.80931] 9.40059

3 ȳSKrRN [2.61897, 4.48011] 7.09908 [3.71156, 18.57214] 22.28370 [4.76827, 4.82364] 9.59190

4 ȳUSrRN [2.58068, 4.48615] 7.06683 [3.39087, 2.81246] 6.20333 [2.69187, 4.95460] 7.64646

5 ȳNRT1 [0.98961, 3.15546] 4.14507 [0.51214, 2.75074] 3.26287 [2.00787, 2.93006] 4.93793

6 ȳNRT2 [0.99042, 3.06895] 4.05936 [1.23625, 1.65660] 2.89285 [1.87344, 2.61138] 4.48481

7 ȳNRT3 [0.98948, 3.15572] 4.14519 [0.40905, 2.07641] 2.48546 [2.00345, 2.95787] 4.96132

8 ȳNRT4 [0.99028, 3.06949] 4.05977 [0.94167, 1.73141] 2.67308 [1.88003, 2.66911] 4.54914

9 ȳNRT5 [0.98407, 3.46520] 4.44927 [0.32600, 1.57056] 1.89656 [1.63234, 3.23046] 4.86280

10 ȳNRT6 [0.99056, 3.06839] 4.05895 [1.74167, 1.54196] 3.28363 [1.86556, 2.54490] 4.41046

11 ȳNRT7 [0.98951, 3.15552] 4.14503 [0.48684, 2.50371] 2.99054 [2.00280, 2.93869] 4.94149

12 ȳNRT8 [0.99032, 3.06907] 4.05939 [1.17250, 1.68099] 2.85349 [1.88101, 2.62905] 4.51006

13 ȳNRT9 [0.98410, 3.46564] 4.44974 [0.32070, 1.52289] 1.84360 [1.63292, 4.40972] 6.04264

14 ȳNRT10 [0.99052, 3.06882] 4.05934 [1.30635, 1.62891] 2.93526 [1.86413, 2.59294] 4.45707

15 ȳNRT11 [0.97836, 2.74398] 3.72234 [1.22364, 2.72553] 3.94916 [2.36208, 3.59385] 5.95593

16 ȳNRT12 [0.98132, 3.23219] 4.21351 [0.39378, 1.92481] 2.31859 [1.95815, 3.20884] 5.16699

17 ȳNRT13 [0.98220, 3.23056] 4.21276 [0.36297, 2.00563] 2.36860 [1.96431, 3.29127] 5.25558

18 ȳNRT14 [0.98190, 3.23926] 4.22116 [0.33513, 1.99082] 2.32595 [1.95313, 3.24686] 5.19999

19 ȳNRT15 [0.98168, 3.25507] 4.23675 [0.32765, 1.59527] 1.92292 [1.92087, 3.15364] 5.07451

20 ȳNRT16 [0.98219, 3.23055] 4.21274 [0.36147, 2.00463] 2.36610 [1.96665, 3.29447] 5.26113

21 ȳNRT17 [0.98131, 3.23218] 4.21349 [0.42656, 2.27291] 2.69947 [1.95905, 3.20774] 5.16679

22 ȳNRT18 [0.98190, 3.23926] 4.22116 [0.33513, 1.99082] 2.32595 [1.95313, 3.24686] 5.19999

23 ȳNRT19 [0.98167, 3.25509] 4.23676 [0.32441, 1.54539] 1.86980 [1.91308, 3.14942] 5.06251

24 ȳNRT20 [0.98133, 3.23220] 4.21353 [0.35142, 1.68926] 2.04068 [1.95820, 3.21005] 5.16825
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Table 5. Cont.

S,No Estimator
Simulated Population 1 Simulated Population 2 Simulated Population 3

MSE MSET MSE MSET MSE MSET

25 ȳNRT21 [0.98220, 3.23058] 4.21278 [0.36536, 2.00646] 2.37182 [1.96445, 3.28775] 5.25220

26 ȳNRT22 [0.98190, 3.23926] 4.22116 [0.34169, 1.99457] 2.33626 [1.95312, 3.24583] 5.19895

27 ȳNRT23 [0.98169, 3.25503] 4.23671 [0.33434, 1.64950] 1.98384 [1.92042, 3.15824] 5.07866

28 ȳNRT24 [0.98219, 3.23054] 4.21273 [0.35578, 2.00233] 2.35811 [1.96645, 3.29887] 5.26533

29 ȳNRT25 [0.98189, 3.23927] 4.22116 [0.32184, 1.97603] 2.29787 [1.95289, 3.24909] 5.20197

30 ȳNRT26 [0.98167, 3.25513] 4.23680 [0.31861, 1.48661] 1.80521 [1.91375, 3.14357] 5.05732

Table 6. MSE of generalized neutrosophic exponential class of estimators.

S,No Estimator
Simulated Population 1 Simulated Population 2 Simulated Population 3

MSE MSET MSE MSET MSE MSET

1 ȳBTrRN [1.32667, 3.76585] 5.09252 [0.97390, 4.38635] 5.36025 [2.99634, 3.91834] 6.91468

2 ȳRrN [1.32045, 3.76585] 5.08630 [0.89588, 4.38635] 5.28223 [2.88235, 3.91834] 6.80069

3 ȳNET1 [0.97510, 3.19551] 4.17061 [0.32904, 1.52194] 1.85098 [1.98057, 3.07104] 5.05160

4 ȳNET2 [0.97514, 3.14895] 4.12410 [0.44908, 1.80938] 2.25846 [1.91241, 2.86686] 4.77926

5 ȳNET3 [0.97510, 3.19564] 4.17074 [0.31966, 1.48246] 1.80211 [1.97843, 3.08663] 5.06507

6 ȳNET4 [0.97514, 3.14926] 4.12439 [0.39529, 1.85771] 2.25299 [1.91595, 2.90903] 4.82498

7 ȳNET5 [0.97495, 3.34604] 4.32099 [0.34444, 1.74420] 2.08864 [1.71884, 2.42036] 4.13920

8 ȳNET6 [0.97515, 3.14865] 4.12380 [0.54777, 1.71790] 2.26566 [1.90815, 2.81240] 4.72054

9 ȳNET7 [0.97510, 3.19554] 4.17063 [0.32622, 1.50217] 1.82839 [1.97812, 3.07590] 5.05402

10 ȳNET8 [0.97514, 3.14902] 4.12416 [0.43713, 1.82573] 2.26286 [1.91647, 2.88017] 4.79664

11 ȳNET9 [0.97495, 3.34624] 4.32119 [0.33839, 1.69765] 2.03604 [1.72197, 2.48566] 4.20764

12 ȳNET10 [0.97515, 3.14888] 4.12403 [0.46238, 1.78991] 2.25229 [1.90736, 2.85253] 4.75989

13 ȳNET11 [0.98096, 2.90644] 3.88739 [0.44670, 2.32990] 2.77660 [2.13764, 3.40307] 5.54071



Axioms 2023, 12, 890 19 of 26

Table 6. Cont.

S,No Estimator
Simulated Population 1 Simulated Population 2 Simulated Population 3

MSE MSET MSE MSET MSE MSET

14 ȳNET12 [0.98274, 3.23476] 4.21749 [0.31897, 1.48289] 1.80186 [1.95622, 3.21899] 5.17521

15 ȳNET13 [0.98321, 3.23394] 4.21715 [0.36835, 2.00771] 2.37606 [1.95928, 3.25995] 5.21923

16 ȳNET14 [0.98305, 3.23830] 4.22135 [0.35173, 2.00026] 2.35199 [1.95371, 3.23801] 5.19172

17 ȳNET15 [0.98293, 3.24616] 4.22910 [0.34593, 1.76452] 2.11045 [1.93735, 3.19096] 5.12831

18 ȳNET16 [0.98321, 3.23394] 4.21714 [0.36756, 2.00721] 2.37477 [1.96044, 3.26152] 5.22196

19 ȳNET17 [0.98273, 3.23476] 4.21748 [0.32076, 1.48859] 1.80935 [1.95667, 3.21843] 5.17510

20 ȳNET18 [0.98305, 3.23830] 4.22135 [0.35173, 2.00026] 2.35199 [1.95371, 3.23801] 5.19172

21 ȳNET19 [0.98293, 3.24618] 4.22910 [0.34289, 1.72126] 2.06415 [1.93333, 3.18880] 5.12213

22 ȳNET20 [0.98274, 3.23476] 4.21750 [0.31933, 1.50035] 1.81968 [1.95624, 3.21960] 5.17584

23 ȳNET21 [0.98321, 3.23395] 4.21716 [0.36961, 2.00812] 2.37774 [1.95935, 3.25822] 5.21757

24 ȳNET22 [0.98305, 3.23830] 4.22135 [0.35613, 2.00215] 2.35828 [1.95370, 3.23750] 5.19120

25 ȳNET23 [0.98293, 3.24614] 4.22908 [0.35117, 1.80449] 2.15566 [1.93712, 3.19331] 5.13043

26 ȳNET24 [0.98320, 3.23393] 4.21714 [0.36446, 2.00606] 2.37051 [1.96034, 3.26368] 5.22402

27 ȳNET25 [0.98304, 3.23830] 4.22135 [0.33998, 1.99277] 2.33275 [1.95359, 3.23911] 5.19270

28 ȳNET26 [0.98293, 3.24620] 4.22912 [0.33291, 1.63983] 1.97274 [1.93368, 3.18579] 5.11947

Table 7. MSE of generalized neutrosophic ratio–exponential class of estimators.

S,No Estimator
Simulated Population 1 Simulated Population 2 Simulated Population 3

MSE MSET MSE MSET MSE MSET

1 ȳtpN [0.97490, 2.72566] 3.70056 [0.31859, 1.48196] 1.80055 [1.63155, 2.41954] 4.05109

2 ȳNRET1 [0.97483, 2.72551] 3.70034 [0.31858, 1.48176] 1.80034 [1.62236, 2.41629] 4.03865

3 ȳNRET2 [0.97483, 2.72549] 3.70032 [0.31858, 1.48187] 1.80045 [1.62107, 2.41501] 4.03608

4 ȳNRET3 [0.97483, 2.72551] 3.70034 [0.31858, 1.48177] 1.80034 [1.62233, 2.41638] 4.03870
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Table 7. Cont.

S,No Estimator
Simulated Population 1 Simulated Population 2 Simulated Population 3

MSE MSET MSE MSET MSE MSET

5 ȳNRET4 [0.97483, 2.72549] 3.70032 [0.31858, 1.48188] 1.80046 [1.62114, 2.41529] 4.03644

6 ȳNRET5 [0.97483, 2.72555] 3.70039 [0.31858, 1.48185] 1.80043 [1.61662, 2.41047] 4.02709

7 ȳNRET6 [0.97483, 2.72549] 3.70032 [0.31859, 1.48185] 1.80044 [1.62099, 2.41463] 4.03562

8 ȳNRET7 [0.97483, 2.72551] 3.70034 [0.31858, 1.48176] 1.80034 [1.62232, 2.41632] 4.03864

9 ȳNRET8 [0.97483, 2.72549] 3.70032 [0.31858, 1.48187] 1.80045 [1.62115, 2.41510] 4.03625

10 ȳNRET9 [0.97483, 2.72555] 3.70039 [0.31858, 1.48184] 1.80042 [1.61671, 2.41010] 4.02680

11 ȳNRET10 [0.97483, 2.72549] 3.70032 [0.31859, 1.48186] 1.80045 [1.62097, 2.41491] 4.03588

12 ȳNRET11 [0.97484, 2.72539] 3.70023 [0.31858, 1.48194] 1.80053 [1.62496, 2.41794] 4.04290

13 ȳNRET12 [0.97484, 2.72552] 3.70036 [0.31858, 1.48177] 1.80035 [1.62192, 2.41708] 4.03900

14 ȳNRET13 [0.97484, 2.72552] 3.70035 [0.31858 , 1.48190] 1.80049 [1.62197, 2.41729] 4.03926

15 ȳNRET14 [0.97484, 2.72553] 3.70037 [0.31858, 1.48190] 1.80048 [1.62187, 2.41718] 4.03905

16 ȳNRET15 [0.97484, 2.72552] 3.70036 [0.31858, 1.48186] 1.80044 [1.62156, 2.41694] 4.03850

17 ȳNRET16 [0.97484, 2.72552] 3.70036 [0.31858, 1.48190] 1.80049 [1.62199, 2.41729] 4.03929

18 ȳNRET17 [0.97484, 2.72552] 3.70036 [0.31858, 1.48176] 1.80034 [1.62192, 2.41708] 4.03901

19 ȳNRET18 [0.97484, 2.72553] 3.70037 [0.31858, 1.48190] 1.80048 [1.62187, 2.41718] 4.03905

20 ȳNRET19 [0.97484, 2.72552] 3.70036 [0.31858, 1.48185] 1.80043 [1.62148, 2.41693] 4.03841

21 ȳNRET20 [0.97484, 2.72552] 3.70036 [0.31858, 1.48178] 1.80036 [1.62192, 2.41709] 4.03900

22 ȳNRET21 [0.97484, 2.72552] 3.70035 [0.31858, 1.48190] 1.80049 [1.62197, 2.41728] 4.03925

23 ȳNRET22 [0.97484, 2.72551] 3.70035 [0.31858, 1.48190] 1.80048 [1.62187, 2.41718] 4.03905

24 ȳNRET23 [0.97484, 2.72552] 3.70036 [0.31858, 1.48187] 1.80045 [1.62155, 2.41695] 4.03851

25 ȳNRET24 [0.97484, 2.72552] 3.70035 [0.31858, 1.48190] 1.80049 [1.62199, 2.41731] 4.03930

26 ȳNRET25 [0.97484, 2.72551] 3.70035 [0.31858, 1.48190] 1.80048 [1.62187, 2.41719] 4.03905

27 ȳNRET26 [0.97484, 2.72552] 3.70036 [0.31858, 1.48183] 1.80041 [1.62149, 2.41692] 4.03840
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Table 8. NPRE and PRET of generalized neutrosophic ratio class of estimators.

S,No Estimator
Simulated Population 1 Simulated Population 2 Simulated Population 3

NPRE PRET NPRE PRET NPRE PRET

1 ȳRN [100, 100] 100 [100, 100] 100 [[100, 100] 100

2 ȳSDrRN [100.08006, 100.00341] 100.03169 [101.27647, 101.68472] 101.61581 [103.65474, 100.18393] 101.87908

3 ȳSKrRN [100.05401, 99.99643] 100.01767 [101.24626, 100.04206] 100.24263 [99.80726, 99.88642] 99.84706

4 ȳUSrRN [101.53861, 99.86177] 100.47412 [110.82149, 660.62933] 360.09302 [176.79476, 97.24620] 125.25053

5 ȳNRT1 [264.79028, 141.97433] 171.29583 [733.75067, 675.45388] 684.60409 [237.02090, 164.43889] 193.95234

6 ȳNRT2 [264.57410, 145.97668] 174.91247 [303.96788, 1121.57420] 772.17185 [254.02939, 184.50646] 213.54820

7 ȳNRT3 [264.82564, 141.96279] 171.29070 [918.67583, 894.81094] 898.73853 [237.54368, 162.89272] 193.03784

8 ȳNRT4 [264.61081, 145.95061] 174.89478 [399.05725, 1073.11367] 835.65698 [253.13828, 180.51558] 210.52849

9 ȳNRT5 [266.27983, 129.28388] 159.58410 [1152.71100, 1183.01279] 1177.80425 [291.54888, 149.14770] 196.94884

10 ȳNRT6 [264.53705, 146.00293] 174.93027 [215.75914, 1204.95912] 680.27717 [255.10118, 189.32614] 217.14807

11 ȳNRT7 [264.81606, 141.97174] 171.29743 [771.88175, 742.09796] 746.94653 [237.62152, 163.95598] 193.81281

12 ȳNRT8 [264.60086, 145.97083] 174.91149 [320.49588, 1105.29996] 782.82352 [253.00626, 183.26617] 212.35268

13 ȳNRT9 [266.27289, 129.26747] 159.56741 [1171.74313, 1220.04331] 1211.64125 [291.44619, 109.26216] 158.49422

14 ȳNRT10 [264.54715, 145.98255] 174.91344 [287.65733, 1140.63548] 761.01421 [255.29808, 185.81798] 214.87735

15 ȳNRT11 [267.83456, 163.26448] 190.74912 [307.10137, 681.70165] 565.63268 [201.47809, 134.06674] 160.80162

16 ȳNRT12 [267.02574, 138.60407] 168.51337 [954.29857, 965.28587] 963.41984 [243.03947, 150.15251] 185.35415

17 ȳNRT13 [266.78799, 138.67380] 168.54340 [1035.30500, 926.38958] 943.07990 [242.27734, 146.39206] 182.22986

18 ȳNRT14 [266.86859, 138.30148] 168.20799 [1121.29879, 933.28186] 960.37195 [243.66371, 148.39439] 184.17785

19 ȳNRT15 [266.92775, 137.62988] 167.58906 [1146.88947, 1164.69134] 1161.65802 [247.75630, 152.78061] 188.73203

20 ȳNRT16 [266.79029, 138.67420] 168.54411 [1039.58918, 926.85145] 944.07446 [241.98850, 146.24966] 182.03765

21 ȳNRT177 [267.02889, 138.60437] 168.51411 [880.95461, 817.45301] 827.48732 [242.92740, 150.20418] 185.36135

22 ȳNRT18 [266.86859, 138.30148] 168.20799 [1121.29879, 933.28186] 960.37195 [243.66371, 148.39439] 184.17785

23 ȳNRT19 [266.93056, 137.62888] 167.58854 [1158.36969, 1202.28249] 1194.66372 [248.76470, 152.98535] 189.17965

24 ȳNRT20 [267.02516, 138.60356] 168.51281 [1069.33186, 1099.88791] 1094.62597 [243.03298, 150.09614] 185.30905
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Table 8. Cont.

S,No Estimator
Simulated Population 1 Simulated Population 2 Simulated Population 3

NPRE PRET NPRE PRET NPRE PRET

25 ȳNRT21 [266.78756, 138.67313] 168.54271 [1028.51846, 926.00704] 941.79818 [242.26060, 146.54866] 182.34717

26 ȳNRT22 [266.86811, 138.30167] 168.20809 [1099.75875, 931.52769] 956.13262 [243.66566, 148.44125] 184.21471

27 ȳNRT23 [266.92723, 137.63159] 167.59059 [1123.95352, 1126.39894] 1125.98681 [247.81449, 152.55840] 188.57809

28 ȳNRT24 [266.79073, 138.67488] 168.54481 [1056.22998, 927.91600] 947.27518 [242.01318, 146.05455] 181.89243

29 ȳNRT25 [266.87167, 138.30118] 168.20816 [1167.59830, 940.26728] 972.10741 [243.69453, 148.29270] 184.10776

30 ȳNRT26 [266.93109, 137.62716] 167.58700 [1179.44595, 1249.82430] 1237.40299 [248.67820, 153.27011] 189.37364

Table 9. NPRE and PRET of generalized neutrosophic exponential class of estimators.

S,No Estimator
Simulated Population 1 Simulated Population 2 Simulated Population 3

NPRE PRET NPRE PRET NPRE PRET

1 ȳBTrN [197.51566, 118.96238] 139.42659 [385.84991, 423.58601] 416.72974 [158.82949, 122.96425] 138.50576

2 ȳRrN [198.44674, 118.96238] 139.59722 [419.45387, 423.58601] 422.88519 [165.11079, 122.96425] 140.82732

3 ȳNET1 [268.72953, 140.19515] 170.24690 [1142.04051, 1220.80954] 1206.80699 [240.28878, 156.89029] 189.58807

4 ȳNET2 [268.71769, 142.26780] 172.16693 [836.77946, 1026.86755] 989.06978 [248.85292, 168.06400] 200.39140

5 ȳNET3 [268.73135, 140.18927] 170.24170 [1175.56986, 1253.32238] 1239.53065 [240.54757, 156.09759] 189.08408

6 ȳNET4 [268.71978, 142.25405] 172.15454 [950.65697, 1000.15444] 991.47015 [248.39304, 165.62739] 198.49271

7 ȳNET5 [268.77059, 133.88815] 164.32193 [1090.99271, 1065.24390] 1069.49017 [ 276.87782, 199.06775] 231.37904

8 ȳNET6 [268.71554, 142.28164] 172.17940 [686.02388, 1081.55337] 985.92659 [249.40848, 171.31855] 202.88420

9 ȳNET7 [268.73086, 140.19383] 170.24587 [1151.91564, 1236.87663] 1221.71782 [240.58611, 156.64219] 189.49744

10 ȳNET8 [268.71922, 142.26471] 172.16431 [859.65449, 1017.67007] 987.14530 [248.32505, 167.28739] 199.66555

11 ȳNET9 [268.77061, 133.88009] 164.31427 [1110.49190, 1094.45442] 1097.11987 [276.37351, 193.83786] 227.61553

12 ȳNET10 [268.71613, 142.27089] 172.16955 [812.71782, 1038.03854] 991.78203 [249.51085 168.90830] 201.20700
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Table 9. Cont.

S,No Estimator
Simulated Population 1 Simulated Population 2 Simulated Population 3

NPRE PRET NPRE PRET NPRE PRET

13 ȳNET11 [267.12505, 154.13883] 182.65017 [841.22953, 797.45698] 804.49917 [222.63277, 141.58266] 172.85225

14 ȳNET12 [266.64207, 138.49394] 168.35426 [1178.11411, 1252.95304] 1239.70493 [243.27971, 149.67914] 185.05994

15 ȳNET13 [266.51331, 138.52885] 168.36784 [1020.16583, 925.43032] 940.11685 [242.89931, 147.79850] 183.49900

16 ȳNET14 [266.55648, 138.34260] 168.20054 [1068.37183, 928.87577] 949.73692 [243.59172, 148.80005] 184.47138

17 ȳNET15 [266.58847, 138.00737] 167.89238 [1086.29732, 1052.97294] 1058.43521 [245.64870, 150.99392] 186.75219

18 ȳNET16 [266.51454, 138.52905] 168.36821 [1022.37397, 925.66123] 940.63007 [242.75529, 147.72724] 183.40290

19 ȳNET17 [266.64380, 138.49409] 168.35465 [1171.53168, 1248.15801] 1234.57374 [243.22374, 149.70497] 185.06371

20 ȳNET18 [266.55648, 138.34260] 168.20054 [1068.37183, 928.87577] 949.73692 [243.59172, 148.80005] 184.47138

21 ȳNET19 [266.58999, 138.00688] 167.89214 [1095.93593, 1079.43687] 1082.17761 [246.15907, 151.09643] 186.97757

22 ȳNET20 [266.64175, 138.49369] 168.35397 [1176.77507, 1238.37339] 1227.56367 [243.27647, 149.65095] 185.03733

23 ȳNET21 [266.51308, 138.52851] 168.36749 [1016.69004, 925.23907] 939.45486 [242.89097, 147.87686] 183.55739

24 ȳNET22 [266.55622, 138.34270] 168.20059 [1055.18562, 927.99891] 947.20560 [243.59270, 148.82348] 184.48977

25 ȳNET23 [266.58819, 138.00823] 167.89314 [1070.08990, 1029.65023] 1036.23806 [245.67811, 150.88268] 186.67499

26 ȳNET24 [266.51477, 138.52939] 168.36856 [1031.07157, 926.19344] 942.31804 [242.76759, 147.62960] 183.33065

27 ȳNET25 [266.55814, 138.34245] 168.20065 [1105.30757, 932.36757] 957.57213 [243.60714, 148.74920] 184.43645

28 ȳNET26 [266.59028, 138.00602] 167.89138 [1128.78376, 1133.03801] 1132.32009 [246.11523, 151.23903] 187.07480

Table 10. NPRE and PRET of neutrosophic generalized ratio–exponential class of estimators.

S,No Estimator
Simulated Population 1 Simulated Population 2 Simulated Population 3

NPRE PRET NPRE PRET NPRE PRET

1 ȳtpN [268.78563, 164.36163] 191.87171 [1179.50961, 1253.74459] 1240.60936 [291.68994, 199.13527] 236.41111

2 ȳNRET1 [268.80339, 164.37118] 191.88327 [1179.56139, 1253.91151] 1240.75495 [293.34208, 199.40302] 237.13919

3 ȳNRET2 [268.80339, 164.37216] 191.88411 [1179.53356, 1253.81988] 1240.67514 [293.57587, 199.50865] 237.29027



Axioms 2023, 12, 890 24 of 26

Table 10. Cont.

S,No Estimator
Simulated Population 1 Simulated Population 2 Simulated Population 3

NPRE PRET NPRE PRET NPRE PRET

4 ȳNRET3 [268.80339, 164.37118] 191.88327 [1179.56181, 1253.90672] 1240.75112 [293.34909, 199.39570] 237.13626

5 ȳNRET4 [268.80339, 164.37216] 191.88411 [1179.54617, 1253.81184] 1240.67094 [293.56321, 199.48523] 237.26949

6 ȳNRET5 [268.80336, 164.36824] 191.88074 [1179.54595, 1253.83165] 1240.68704 [294.38396, 199.88450] 237.82004

7 ȳNRET6 [268.80340, 164.37217] 191.88412 [1179.51477, 1253.83675] 1240.68538 [293.59117, 199.54030] 237.31776

8 ȳNRET7 [268.80339, 164.37118] 191.88327 [1179.56177, 1253.91127] 1240.75482 [293.35014, 199.40073] 237.14018

9 ȳNRET8 [268.80339, 164.37216] 191.88411 [1179.53625, 1253.81709] 1240.67337 [293.56134, 199.50116] 237.28022

10 ȳNRET9 [268.80336, 164.36824] 191.88073 [1179.54859, 1253.84082] 1240.69499 [294.36824, 199.91561] 237.83710

11 ȳNRET10 [268.80339, 164.37216] 191.88411 [1179.53067, 1253.82328] 1240.67737 [293.59399, 199.51682] 237.30197

12 ȳNRET11 [268.80272, 164.37798] 191.88898 [1179.53409, 1253.75793] 1240.62478 [292.87305, 199.26725] 236.89023

13 ȳNRET12 [268.80256, 164.37037] 191.88242 [1179.56150, 1253.90302] 1240.74806 [293.42329, 199.33749] 237.11892

14 ȳNRET13 [268.80252, 164.37040] 191.88243 [1179.53679, 1253.78919] 1240.65075 [293.41293, 199.32082] 237.10369

15 ȳNRET14 [268.80254, 164.36979] 191.88191 [1179.54297, 1253.79112] 1240.65347 [293.43178, 199.32967] 237.11611

16 ȳNRET15 [268.80255, 164.37015] 191.88222 [1179.54533, 1253.82786] 1240.68383 [293.48794, 199.34926] 237.14827

17 ȳNRET16 [268.80252, 164.37037] 191.88241 [1179.53707, 1253.78996] 1240.65143 [293.40901, 199.32019] 237.10197

18 ȳNRET17 [268.80256, 164.37037] 191.88242 [1179.56201, 1253.90964] 1240.75354 [293.42176, 199.33772] 237.11859

19 ȳNRET18 [268.80254, 164.36979] 191.88191 [1179.54297, 1253.79112] 1240.65347 [293.43178, 199.32967] 237.11611

20 ȳNRET19 [268.80255, 164.37015] 191.88222 [1179.54661, 1253.83608] 1240.69077 [293.50191, 199.35018] 237.15346

21 ȳNRET20 [268.80256, 164.37037] 191.88242 [1179.55943, 1253.89278] 1240.73933 [293.42320, 199.33724] 237.11871

22 ȳNRET21 [268.80252, 164.37043] 191.88246 [1179.53635, 1253.78919] 1240.65067 [293.41271, 199.32151] 237.10411

23 ȳNRET22 [268.80254, 164.37072] 191.88271 [1179.54126, 1253.79093] 1240.65299 [293.43181, 199.32988] 237.11627

24 ȳNRET23 [268.80255, 164.37015] 191.88222 [1179.54319, 1253.82072] 1240.67762 [293.48874, 199.34826] 237.14782

25 ȳNRET24 [268.80252, 164.37043] 191.88246 [1179.53817, 1253.79035] 1240.65195 [293.40935, 199.31933] 237.10147

26 ȳNRET25 [268.80254, 164.37072] 191.88271 [1179.54788, 1253.79213] 1240.65521 [293.43221, 199.32922] 237.11593

27 ȳNRET26 [268.80255, 164.37015] 191.88222 [1179.55115, 1253.85326] 1240.70560 [293.50071, 199.35146] 237.15398
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7. Conclusions

The classical approach to decision making on the per-unit measurement cost in survey
sampling is based on bi-valiant logic and modeled by a classical cost function. This
approach may not deal with the uncertain, fuzzy nature of measurement costs and expert
knowledge. The proposed intuitionistic fuzzy cost function models the fuzzy uncertainty
in the measurement cost, taking into account all possible values and expert knowledge,
by using a membership function. The estimation of the sample size under the proposed
cost function is also more flexible and a generalization of the classical method. Moreover,
the existing neutrosophic estimators of the population mean in simple random sampling
are unable to utilize all the indeterminate and imprecise parts of the set of information
collected through a sample survey or experimentation. These estimators are based on only
extreme values in the neutrosophic data set. Utilizing the parametric value of the proposed
function of the neutrosophic auxiliary variable, the proposed generalized neutrosophic
ratio-type estimators are based on all indeterminate values and consequently produce more
accurate and precise estimates of the indeterminate parameter of interest. The proposed
neutrosophic methods of the estimation of the mean and sample size determination under
fuzzy uncertainty can be potentially extended to other sampling designs.
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