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Abstract
In the realm of sample survey research, the classical statistics approach pri-
marily deals with precise and definitive types of data to estimate population
parameters when additional information is available. However, this approach
fails when faced with data indeterminacies. To address such ambiguities, neu-
trosophic statistics emerges as an extension of both fuzzy and classical statis-
tics. Thus, in light of the challenges posed by indeterminacy in sampling, we
have introduced a proficient neutrosophic class of estimators, with and with-
out Searls technique (optimization tool) for estimating the mean utilizing
additional (ancillary) information under neutrosophic simple random sam-
pling (NeSRS). The expression for the Bias and mean square error (MSE)
of propounded estimators are derived up to the first order of approxima-
tion. The primary objective of this manuscript is to attain optimal estimates
using our proposed neutrosophic estimators for unknown population mean
values, while minimizing MSE and maximizing relative efficiency (RE). We
accomplish this through an extensive study utilizing neutrosophic real data
and simulations.

AMS (2000) subject classification. 62D05; 62A86.
Keywords and phrases. Neutrosophic statistics, Ancillary variable, Class of
estimators, Neutrosophic simple random sampling, Mean square error.

1 Introduction

Classical statistics primarily deals with precise and well-defined numerical
values for estimation. Numerous researchers have harnessed the principles of
classical statistics within the realm of sampling theory, particularly for esti-
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mating population parameters while incorporating ancillary information. As
a result, a substantial body of literature has emerged, encompassing diverse
advancements in the field of estimators. Cochran (1940) delved into the
intricacies of ratio estimation, while Murthy (1964) explored product esti-
mation, both accompanied by illustrative examples. Building upon these
foundations, Sisodia and Dwivedi (1981) devised a transformed ratio esti-
mator, leveraging the coefficient of variation of the ancillary variable. In a
similar vein, Upadhyaya and Singh (1999) introduced a methodology involv-
ing transformed ancillary information to estimate the population mean.
Introducing enhanced techniques, Bahl and Tuteja (1991) advocated the
employment of efficient ratio and product exponential methods for estima-
tion purposes. Expanding upon these ideas, Upadhyaya et al. (2011) and
Khan et al. (2014) contributed to the field by presenting improved esti-
mators for mean estimation, capitalizing on ancillary information. In con-
clusion, classical statistics serves as the foundation for precise estimation
using definite numerical values. Its integration with sampling theory and
ancillary information has paved the way for a wealth of innovative estima-
tor development, as evidenced by the contributions of various researchers
over time. The estimation under classical statistics is free from uncertainty
in the measurements of the observations but where there is uncertainty in
data, we deal with these problems with fuzzy and neutrosophic statistics
among these two methods neutrosophic statistics is better as it measures
the indeterminacy in data too, see Aslam (2019). So, to deal with the data
having some kind of uncertainty or indeterminacy, neutrosophic statistics is
the most preferred method to analyze these kinds of data sets. Nowadays,
neutrosophic statistics is very popular in statistical theory, and only because
of its popularity, many forms or modified forms of estimators have also been
proposed by several authors. An alternative definition characterizes it as an
extension that amalgamates concepts from both fuzzy and classical statis-
tics, designed to effectively manage the inherent data uncertainty. A lot of
work has been carried out by many researchers based on neutrosophic statis-
tics. Smarandache (2014) proposed neutrosophic statistics. In the previous
few years, the development of new estimators or modification of estimators
are much in trend and many authors have propounded various extended
forms of classical as well as neutrosophic estimators with their applications
in many applied fields. For a more detailed study including the applications
of classical as well as neutrosophic statistics, one may refer to Chakraborty
et al. (2021), andVishwakarma and Singh (2022a, b). The paper is presented
as follows: In Section 1, we present an introduction followed by the sub-
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sequent sections. In Section 2, we have discussed neutrosophic data, the
research gap, and the motivation of the study, in Subsection 2.1, we have
defined the terminologies. In Section 3, we have shown some existing neu-
trosophic estimators by several authors. In Section 4, we have proposed the
neutrosophic estimators motivated by several authors with and without the
Searls technique. In Sections/Subsections 5, 5.1, and 5.2, we have shown
efficiency comparisons theoretically as well as numerically. The results and
discussion are shown in Section 6, and in Section 7, the conclusion of this
manuscript is shown.

2 Neutrosophic Data, Research Gap, and Motivation
of the Study

Zadeh (1996, 1965) introduced the foundational concept of fuzzy sets, mark-
ing a significant milestone in the field. To tackle uncertainty within data,
neutrosophic logic emerged as an extension of fuzzy logic. Consequently, neu-
trosophic statistics, rooted in neutrosophic logic and sets, emerged as a more
sophisticated iteration of fuzzy statistics designed to address uncertainty.
The development of neutrosophic statistics has been enriched by extensive
research endeavors. The inception of neutrosophic theory is attributed to
Florentin Smarandache, with comprehensive literature available in Florentin
Smarandache works (1999, 2001, 2013, 2014, 1998, 2005, 2019), offering an
introduction to neutrosophic statistics as an extension of fuzzy sets. Smaran-
dache (2010) emphasized the superiority of neutrosophic logic over fuzzy
logic. Neutrosophic statistics not only extends fuzzy and classical statis-
tics but also encompasses intuitionistic statistics, as explored by Atanassov
(1986, 1999). Furthermore, Chen et al. (2017a, b) elucidated the applica-
tion of neutrosophic numbers in rock engineering contexts. Aslam (2019)
pioneered the novel neutrosophic analysis of variance technique for neutro-
sophic data. Alhabib et al. (2018) embarked on groundbreaking research
in neutrosophic probability statistics. Building upon these foundations,
a multitude of researchers, including Aslam (2019), Aslam et al. (2020),
Aslam and Algarni (2020), and Rao and Aslam (2021), have harnessed
the concept of neutrosophic statistics across diverse statistical procedures
and fields. Recent contributions have extended to sampling theory, with
Tahir et al. (2021) introducing neutrosophic ratio-type estimators for mean
estimation and Vishwakarma and Singh (2022a, b) presenting computa-
tions for neutrosophic generalized estimators. AlAita and Aslam (2023)
have given the analysis of covariance under neutrosophic statistics. Further,
Singh et al. (2023a, b), Yadav and Smarandache (2023), Singh et al.
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(2023a, b), Alomair and Shahzad (2023), Tahir et al. (2023), Raghav (2023),
Singh et al. (2024a, b), Kumari et al. (2024), Abbasi et al. (2024), Khanna
(2024), Singh et al. (2024a, b), Singh and Kumari (2024), Shahzad et al.
(2025), Singh and Gupta (2025), and Singh et al. (2025a, b) have given neu-
trosophic estimation procedures for estimation population mean. Neutro-
sophic statistics offers a solution to address the inherent uncertainty within
data. A comprehensive resource for exploring this concept can be found
in the book “Cognitive Intelligence with Neutrosophic Statistics in Bioin-
formatics” authored by Florentine Smarandache and Muhammed Aslam.
Further in-depth study of neutrosophic statistics can also be undertaken by
visiting the website (http://fs.unm.edu/NS/NeutrosophicStatistics.htm). In
the last two decades or so, several studies have been carried out in survey
sampling for certain, determined, and clear data. Nevertheless, in numer-
ous scenarios, data exhibit a neutrosophic nature, characterized by uncer-
tainty, vague interval values, and ambiguous observations, under some cir-
cumstances, at this instant, neutrosophic statistics is applied. In real life, the
scenario is quite different, here data that is indeterminant are more avail-
able than determinant data therefore neutrosophic statistical techniques are
much needed. This manuscript is one step in this area. Statistics is the com-
pilation of the data collection, analysis, and interpretation. To amass data,
it becomes imperative to employ statistical techniques capable of accommo-
dating a spectrum of uncertain observations, encompassing the likelihood of
incorporating actual measurements. Here, classical statistics failed to inves-
tigate the data in the indeterminant form and hence neutrosophic statistics
replace classical statistics. Taking the motivation from the lots of work, Tahir
et al. (2021), and Vishwakarma and Singh (2022a, b) have initiated estima-
tion procedure in sampling theory, and also, taking motivation from them,
this article aims to propose some class ofratio and product type estimators
under the neutrosophic scheme.

2.1 Notations and Terminologies The neutrosophic number’s poten-
tial range could extend over an unfamiliar interval [a, b], yet there exist
various methods to express neutrosophic observations, each offering distinct
representations of the interval values.Here, we are presenting neutrosophic
values as ZN = ZL + ZUIN , where IN ε[IL, IU ], ZL and ZU are lower and
upper values of neutrosophic observations, and N is here for neutrosophic
number. Thus,the neutrosophic values are in the interval form ZN ε[a, b] ,

http://fs.unm.edu/NS/ Neutrosophic Statistics.htm
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where `a′ and `b′ are the lower and upper values of the ZN . Taking moti-
vation from Tahir et al. (2021), and Vishwakarma and Singh (2022a, b), we
propose some classes of estimators with Searls and without Searls technique
using ancillary variable. The technique proposed by Searls (1964) aims to
minimize the mean square error or reduce the bias of an estimator by incor-
porating known values of the coefficient of variation (C.V.) on prior infor-
mation related to the study variable. The prior knowledge is often accessible
or available in advance to researchers in many research fields, like biology,
agriculture, risk and finance analysis, quality control and reliability engineer-
ing, and medical and pharmaceutical research for conducting clinical trials,
if not available in advance, then can be attained from the past data. This
information plays a crucial role in designing experiments and determining
optimal sample sizes, ultimately leading to the development of more precise
estimators. With the Searls (1964) technique, the family of neutrosophic
estimators appears to be more efficient than their member estimators. The
whole procedure of estimation can be seen in a flowchart diagram placed in
Appendix B.

Consider a neutrosophic random sample of size nN drawn from a finite
population comprising NN units. Assume yiN as the i -th sample observa-
tion of our neutrosophic data, which is of the form yiN and similarly the
auxiliary variable as xiN . Here, yiN is our neutrosophic variable of interest,
and similarly is our auxiliary neutrosophic variable which is correlated to
our study variable yiN . In addition, ȳN and x̄N are sample means, ȲN and
X̄N are the overall averages, CyN and CxN are neutrosophic coefficient of
variation for YN and XN , respectively, ρxyN is the neutrosophic correlation
between YN , and XN , (neutrosophic variables), β2(x)N is the neutrosophic
coefficient of kurtosis for auxiliary variable XN , ēyN , and ēxN are neutro-
sophic mean errors study and auxiliary variable respectively. In a similar
vein, the calculation of bias and mean squared error (MSE) is extended to
neutrosophic sets for analytical purposes. To formulate the expressions for
Bias and MSE of the estimators, relevant error terms that are up to the
first-order approximation are taken into account, contributing to the com-
prehensive analysis.

ēyN = (ȳN −ȲN ); ēxN = (x̄N −X̄N ) and expected values are as: E(ēyN ) =
E(ēxN ) = 0;

E(ē2yN ) = θN Ȳ 2
NC2

yN ; E(ē2xN ) = θN Ȳ 2
NC2

xN ; E(ēyN ēxN ) = θN ȲNCyNX̄N ;

C2
xN = σ2

xN

X̄2
N

; C2
yN = σ2

yN

ȳ2
N

; ρxyN = σxyN

σxNσyN
; θN = 1−fN

nN
; fN = nN

NN
.
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3 Existing Estimators within the Framework
of Neutrosophic Simple Random Sampling (NeSRS)

Here, we have transformed many existing estimators into neutrosophic esti-
mators to defeat the complications of uncertainty in data.

The mean and variance under the neutrosophic estimator of the unbiased
estimator are given below:

ȳN =
1
n

nN∑

i=1

yiN (1)

MSE(ȳN ) = V ar(ȳN ) = θN Ȳ 2
NC2

yN (2)

The neutrosophic ratio estimator for estimating the mean using ancillary
variables is given below:

ȳrN =
ȳN

x̄N
X̄N (3)

ȳrN = (ȲN + ēyN )
(

1 +
ēxN

X̄N

)−1

(4)

Expanding Eq. 4 in neutrosophic error terms. We have expressions for the
Bias and MSE of the estimator in Eq. 4 up to 1st order of approximation
are given as

Bias(ȳrN ) = θN ȲN

[
C2

xN − CxNCyNρxyN

]
(5)

MSE(ȳrN ) = θN Ȳ 2
N

[
C2

yN + C2
xN − 2CxNCyNρxyN

]
(6)

The neutrosophic product estimator, in the case of negative correlation, is
given by:

ȳrN = ȳN

(
x̄N

X̄N

)
(7)

ȳrN = (ȲN + ēyN )
(

1 +
ēxN

X̄N

)
(8)

Simplify Eq. 8 and then by taking expectation, the Bias of the estimator in
Eq. 7, as given below:

Bias(ȳrN ) = θNCxN ȲNCyNρxyN (9)
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Squaring and taking the expectations of the simplified form of Eq. 8, the
MSE of neutrosophic product estimator up to the 1st order approximation
is given by:

MSE(ȳrN ) = θN Ȳ 2
N

[
C2

yN + C2
xN + 2ρxyNCxNCyN

]
(10)

Motivated by Bahl and Tuteja (1991), we propose the neutrosophic expo-
nential type ratio estimator by doing some transformation in the existing
estimator, given as follows:

ȳBTrN = ȳNexp

(
X̄N − x̄N

X̄N + x̄N

)
(11)

Using the expression of neutrosophic mean error terms, we have:

= (ēyN + ȲN )exp

(−ēxN

2X̄N

(
1 +

ēxN

2X̄N

)−1)
(12)

Expanding the above series in Eq. 12, we have:

ȳBTrN − ȲN = ēyN − ēxN ēyN

2X̄N
− ȲN ēxN

2X̄N
+

3ȲN ē2xN

8X̄2
N

(13)

To get the expression of Bias, we take the expectation of Eq. 13 on both
sides:

Bias(ȳBTrN ) = θN ȲN

[
3
8
C2

xN − 1
2
CxNCyNρxyN

]
(14)

Taking the square on both sides in Eq. 13 and after applying expectation,
we obtain the MSE as given below:

MSE(ȳBTrN ) = θN Ȳ 2
N

[
C2

yN +
1
4
C2

xN − ρxyNCxNCyN

]
(15)

Motivated by Bahl and Tuteja (1991), we propose the neutrosophic exponen-
tial type product estimator, after doing some transformation in the existing
estimator which is given as:

ȳBTrN = ȳNexp

(
x̄N − X̄N

x̄N + X̄N

)
(16)
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Following the Case of the estimator in Eq. 11, the expressions for Bias and
MSE for the neutrosophic exponential estimator in Eq. 16 are as:

Bias(ȳBTpN ) = θN ȲN

(−1
8

C2
xN +

ρxyNCxNCyN

2

)
(17)

MSE(ȳBTpN ) = θN Ȳ 2
N

(
C2

yN +
1
4
C2

xN + ρxyNCxNCyN

)
(18)

The neutrosophic values can be represented in various formats, with the
neutrosophic numbers potentially encompassing an unknown interval [a, b].
Here, we are illustrating neutrosophic values as ZN = ZL + ZUIN with
IN ε[IL, IU ] , the symbol ‘N’ is used to represent a neutrosophic number.
Consequently, our neutrosophic observations will fall within an interval ZN ∈
[a, b], where `a′ and `b′ denote the lower and upper values of the neutrosophic
data.

4 Proposed Neutrosophic Class of Estimators
with and without Searls Technique

Motivated by Singh and Espejo (2003), we have developed the following
neutrosophic estimator by combining the ratio and product estimator, given
below:

ȳSErpN = ȳN

[
α1

(
X̄N

x̄N

)
+ (1 − α1)

(
x̄N

X̄N

)]
(19)

Here α1 is a constant which is supposed to optimize the estimator ȳSErpN

for minimum MSE. Now putting the values of ȳN and x̄N in terms of the
neutrosophic mean error in Eq. 19, we have the result below:

ȳSErpN = (ēyN + ȲN )
[
α1

(
1 +

ēxN

X̄N

)−1

(1 + α1)
(

1 +
ēxN

X̄N

)]
(20)

The approximated Bias and MSE of ȳSErpN , up to 1st order are given
by

Bias(ȳSErpN ) = θN ȲN

(
α1C

2
xN + (1 − 2α1)ρxyNCxNCyN

)
(21)

MSE(ȳSErpN ) = θN Ȳ 2
N

(
C2

yN + C2
xN + 4α2

1C
2
xN − 4α1C

2
xN

+ (2 − 4α1)ρxyNCxNCyN

)
(22)
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The optimum value of the constant α1is given by

α1 =
1
2

(
1 +

ρxyNCyN

CxN

)
(23)

Bias(ȳSErpN ) = θN ȳN

(
1
2

(
1 +

ρxyNCyN

CxN

)
C2

xN − ρ2xyNC2
yN

)
(24)

We have the optimum (minimum) MSE of (ȳSErpN ) as follows:

MSE(ȳSErpN )min = θN Ȳ 2
NC2

yN

(
1 − ρ2xyN

)
(25)

Inspired by Singh et al. (2008), we have propounded a neutrosophic ratio
cum product exponential estimator, as given below:

ȳSrpeN = ȳN

[
α4exp

(
X̄N − x̄N

X̄N + x̄N

)
+ (1 − α4)exp

(
x̄N − X̄N

x̄N + X̄N

)]
(26)

Now emplacing the values of ȳN and x̄N in terms of the neutrosophic mean
error in Eq. 26), the simplified expression is:

ȳSrpeN = (ȲN + ēyN )
[
α4exp

(
ēxN

2X̄N

(
1 +

ēxN

X̄N

)−1)

+ (1 − α4)exp

(
ēxN

2X̄N

(
1 +

ēxN

X̄N

)−1)]
(27)

ȳSrpeN − ȲN = α4

[−ēyN ēxN

X̄N
− ēxN ȲN

X̄N
+

ē2xN ȲN

X̄N

]
+ ēyN

+
ēyN ēxN

2X̄N
+

ēyN ēyN

2X̄N
− ē2xN ȲN

8X̄2
N

(28)

The approximated Bias and MSE of the estimator ȳSrpeN up to 1storder are
given by as

Bias(ȳSrpeN ) = θN ȲN

[(
− α4 +

1
2

)
ρxyNCyNCxN

+
(

α4

2
− 1

8

)
C2

xN

]
(29)
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MSE(ȳSrpeN ) = θN Ȳ 2
N

[
C2

yN +
(

− α4 +
1
2

)2

C2
xN

+2
(

− α4 +
1
2

)
ρxyNCyNCxN

]
(30)

and α4 is constant whose optimum value is obtained by minimizing (equating
the derivative of MSE(ȳSrpeN ) with respect to α4,to zero), given by:

α̂4 =
1
2

+ ρxyN
CyN

CxN
(31)

The expressions of Bias(ȳSrpeN ) and minimum MSE of ȳSrpeN as follows:

Bias(ȳSrpeN ) =
−θN ȲN

8
( − C2

xN + 8ρ2xyNC2
yN

−4ρxyNCyNCxN

)
(32)

MSE(ȳSrpeN )min = θN Ȳ 2
NC2

yN (1 − ρ2xyN ). (33)

Influenced by Searls (1964), Rehman and Asif (2020), we propose the class
of neutrosophic estimator
Case I:

ȳR1rN = k1ȳN

[
α5

(
X̄N

x̄N

)
+ (1 − α5)

(
x̄N

X̄N

)]
(34)

where k1 and α5 are constants.
Substituting the values of ȳN and x̄N in terms of the neutrosophic mean

error in Eq. 34, now the resulting expression is given here:

ȳR1rN = k1(ȲN + ēyN )
[
α5

(
1 +

ēxN

X̄N

)−1

+ (1 − α5)
(

1 +
ēxN

X̄N

)]
(35)

Now, we expand the neutrosophic mean error given in Eq. 35, up to first-
order approximation,the simplified expression is given below:

ȳR1rN − ȲN = (k1 − 1)ȲN + k1

[
ēyN + (1 − 2α5)

(
ēxN ȲN

X̄N
+

ēxN ēyN

X̄N

)

+α5ȲN

(
ēxN

X̄N

)2]
(36)
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Approximated Bias and MSE of ȳR1rN , up to 1storder are given by:

Bias(ȳR1rN ) = (k1 − 1)ȲN + θNk1

[
(1 − 2α5)ȲNρxyNCyNCxN (37)

+ȲNα5θNC2
xN

]
(38)

MSE(ȳR1rN ) = (k1 − 1)2Ȳ 2
N + θNk2

1Ȳ 2
N

[
C2

yN + (1 − 2α5)
2C2

xN + 2(1 − 2α5) × ρxyNCyNCxN

]

+θNk1(k1 − 1)Ȳ 2
N

[
α5C2

xN + (1 − 2α5)CxNCyNρxyN

]
(39)

Now minimizing MSE(ȳR1rN ) (equating the derivatives of MSE(ȳR1rN )
w.r.to α5 and k1 to zero), we get the following two solution sets:
The solution set I:

k1 = 0, α5 =
θNρxyNCyNCxN + 1

θNCx(2ρxyNCyN − CxN )

The solution set II:

k1 =
8θNρ2xyNC2

yN − 6θNρxyNCyNCxN − θNC2
xN − 4

16θNρ2xyNC2
yN − 8θNρxyNCyNCxN − 3θNC2

xN − 4θNC2
yN − 4

.

α5=
4θNρ2

xyNCxNC2
yN −3θNρxyNCyNC2

xN +2θNρxyNC3
yN −θNC3

xN −θNCxNC2
yN −2ρxyNCyN −2CxN

CxN (8θNρ2
xyN

C2
yN

−6θNρxyNCyNCxN −θNC2
xN

−4)

On putting the values from solution set IIin Eqs. 36 and 37, the Bias
and minimum MSE of ȳR1rN as follows:

Bias(ȳR1rN ) =
θN ȲN (4θNρ2

xyNC2
xNC2

yN − 4θNρ2
xyNC4

yN − 2θNρxyNC3
yNCxN − θNC4

xN

4 + 4θNC2
yN + 3θNC2

xN + 8θNρxyNCxNCyN − 16θNρ2
xyNC2

yN

(40)

MSE(ȳR1rN ) =

[
θN Ȳ 2

N (4θNρ2
xyNC3

xNC2
yN − 4θNρ2

xyNC4
yN − 2θNρxyNCyNC3

xN

4 + 4θNC2
yN + 3θNC2

xN + 8θNρxyNCxNCyNCxN − 16θNρ2
xyNC2

yN

]

+

[
4θNρxyNCxNC3

yN − θNC4
xN − θNC2

xNC2
yN − 4ρ2

xyNC2
yN + 4C2

yN

4 + 4θNC2
yN + 3θNC2

xN + 8θNρxyNCxNCyNCxN − 16θNρ2
xyNC2

yN

]
.

(41)
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Case II:

ȳR2rN = k2ȳN

[
α6

(
X̄N − x̄N

X̄N − x̄N

)
+(1−α6)

(
x̄N − X̄N

X̄N + x̄N

)]

(42)
where k2 and α6 are constants.

Now, placing the expressions of neutrosophic mean error terms in Eq. 40
results in the expression below:

ȳR2rN = k2(ȲN + ēyN )

[
α6 exp

(−ēxN

2X̄N

(
1+

ēxN

2X̄N

)−1)
+(1−α6) exp

(
ēxN

2X̄N

(
1+

ēxN

2X̄N

)−1)]

(43)

Now, we expand the neutrosophic mean error given in Eq. 41, up to
first-order approximation, the resulting expression given here:

ȳR2rN − ȲN =

[
ȲN (k2 −1)+k2

(
ēyN +

(
1

2
−α6

)(
ēyN ēxN

X̄N
+

ēxN ȲN

X̄N

)
+

(
α6

2
− 1

8

)
ē2xN ȲN

X̄2
N

)]

(44)

Approximated Bias and MSE of ȳR2rN , up to 1st order are expressed by:

Bias(ȳR2rN ) = ȲN

[
(k2 − 1) + k2θN

((
1

2
− α6

)
ρxyNCyNCxN +

(
α6

2
− 1

8

)
C2

xN

)]
(45)

MSE(ȳR2rN ) = (k2 − 1)2Ȳ 2
N + θNk2

2Ȳ 2
N

[
C2

yN +

(
1

2
− α6

)2

C2
xN + 2

(
1

2
− α6

)
ρxyNCyNCxN

]

+2θNk2(k2 − 1)Ȳ 2
N

[(
α6

2
− 1

8

)
C2

xN +

(
1

2
− α6

)
CyNCxNρxyN

]
(46)

Following the lines of case I, we minimize MSE(ȳR2rN ), and get the
following two possible solution sets:
The solution set I:

k2 = 0, α6 =
8θNρxyNCyNCxN − θNC2

xN + 8
4θNCx(2ρxyNCyN − CxN )

The solution set II:

k2 =
16θNρ2xyNC2

yN − 12θNρxyNCyNCxN + θNC2
xN − 8

8(4θNρ2xyNC2
yN − 2θNρxyNCyNCxN − θNC2

yN − 1)
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and

α6 =
2(4θNρ2

xyNCxNC2
yN −3θNρxyNCyNC2

xN+4θNρxyNC3
yN−2θNCxNC2

yN −4ρxyNCyN−2CxN )

CxN (16θNρ2
xyNC2

yN −12θNρxyNCyNCxN −θNC2
xN − 8)

By putting values from the solution set II in Eq. 44, we have the following
Bias and minimum MSE as

Bias(ȳR2rN ) =
θN ȲN (16θNρ2

xyNC2
xNC2

yN + 64θNρ2
xyNC4

yN − 16θNρxyNCyNC3
xN − θNC4

xN )

64(4θNρ2
xyNC2

yN − 2θNρxyNCyNCxN − θNC2
yN − 1)

−16θN ȲNC2
xNC2

yN − 192ρ2xyNC2
yN + 64C2

yN

64(4θNρ2xyNC2
yN − 2θNρxyNCyNCxN − θNC2

yN − 1)
(47)

MSE(ȳR2rN ) =

θN Ȳ 2
N (16θNρ2

xyNC2
xNC2

yN −64θNρ2
xyNC4

yN −8θNρxyNCyNC3
xN +64θNρxyNCxNC3

yN )

64(1−4θNρ2
xyNC2

yN +2θNρxyNCyNCxN +θNC2
yN )

−θNC4
xN − 16θNC2

yNC2
xN − 64ρ2xyNC2

yN + 64C2
yN

64(1 − 4θNρ2xyNC2
yN + 2θNρxyNCyNCxN + θNC2

yN )
(48)

For the above all expressions in this section, the neutrosophic observations
can be represented in various formats, with the neutrosophic numbers poten-
tially encompassing an unknown interval [a, b]. Here, we are illustrating
neutrosophic values as ZN = ZL + ZUIN with IN ε[IL, IU ], the symbol ’N’
is used to represent a neutrosophic number. Consequently, our neutrosophic
observations will fall within an interval Zε[a, b], where ‘a’ and ‘b’ denote the
lower and upper values of the neutrosophic data.

5 Efficiency Comparison

In this section, to show the properties of the proposed estimators theoreti-
cally, we compare the optimum MSE of proposed estimators with the other
existing estimators, we have used the MSE and relative efficiency (RE) cri-
teria to show the supremacy of our proposed estimators over other existing
estimators Θ and proposed estimators will be better than to other existing
estimators iff

(MSE(Φ)-MSE(Θ))< 0 ⇒ MSE(Φ)< MSE(Θ) ⇒ MSE(Θ)
MSE(Φ) > 1, and we

have a relative efficiency formula:
RE(Φ, Θ)=MSE(Θ)

MSE(Φ) i.e., RE must be greater than 1.
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Where, MSE(Φ) is the MSE of the proposed estimators Φ = ȳR1rN , ȳR2rN

and MSE(Θ) is the MSE of the existing estimators Θ = ȳnN , ȳrN , ȳpN , ȳBTrN ,
ȳBTpN , ȳSErpN , ȳSrpeN . The comparisons of proposed estimators over exist-
ing estimators are as follows:

(i) The estimator ȳR2rN from Eq. 46 will be more efficient than the esti-
mator ȳnN from Eq. 2 iff
(MSE(ȳR2rN )-MSE(ȳnN ))< 0 or RE(ȳR2rN , ȳnN )= MSE(ȳnN )

MSE(ȳR2rN ) > 1,

i.e.,

[
θN Ȳ 2

N (16θNρ2
xyNC2

xNC2
yN − 64θNρ2

xyNC4
yN − 8θNρxyNCyNC3

xN + 64θNρxyN

64(1− 4θNρ2
xyNC2

yN + 2θNρxyNCyNCxN + θNC2
yN )

×CxNC3
yN )− θNC4

xN − 16θNC2
yNC2

xN − 64ρ2
xyNC2

yN + 64C2
yN )

64(1− 4θNρ2
xyNC2

yN + 2θNρxyNCyNCxN + θNC2
yN )

− θN Ȳ 2
NC2

yN

]
< 0

8θNρxyNCyNC3
xN+64θNC3

yNρxyNCxN+θNC4
xN+16θNC2

yNC2
xN+64ρ2

xyNC2
yN+64θNC4

yN

16θNρ2
xyNC2

xNC2
yN+192θNρ2

xyNC4
yN

>1

(ii) The estimator ȳR2rN from Eq. 46 will be efficient than the estimator
ȳrN from Eq. 6 iff
(MSE(ȳR2rN )-MSE(ȳrN ))< 0 or RE(ȳR2rN ,ȳrN )= MSE(ȳrN)

MSE(ȳR2rN ) > 1,

i.e.,

[
θN Ȳ 2

N (16θNρ2
xyNC2

xNC2
yN − 64θNρ2

xyNC4
yN − 8θNρxyNCyNC3

xN + 64θNρxyNCxNC3
yN)

64(1 − 4θNρ2
xyNC2

yN + 2θNρxyNCyNCxN + θNC2
yN)

−θNC4
xN − 16θNC2

yNC2
xN − 64ρ2xyNC2

yN + 64C2
yN )

64(1 − 4θNρ2xyNC2
yN + 2θNρxyNCyNCxN + θNC2

yN )

−θN Ȳ 2
N (C2

yN + C2
xN − 2CxNCyNρxyN )

]
< 0, i.e.,

[
θNC4

xN + 80θNC2
yNC2

xN + 136θNρxyNCyNC3
xN + 64ρ2

xyNC2
yN

528θNρ2
xyNC2

xNC2
yN + 192θNρ2

xyNC4
yN + 64θNρxyNC3

yNCxN + 128ρxyNCyNCxN

64θNC4
yN + 64C2

xN + 512θNρ3
xyNC3

yNCxN

528θNρ2
xyNC2

xNC2
yN + 192θNρ2

xyNC4
yN + 64θNρxyNC3

yNCxN + 128ρxyNCyNCxN

]
> 1
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(iii) The estimator ȳR2rN from Eq. 46 will be more efficient than the esti-
mator ȳBTrN from Eq. 15 iff
MSE(ȳR2rN )-MSE(ȳBTrN )< 0 or RE(ȳR2rN ,ȳBTrN )= MSE(ȳBTrN )

MSE(ȳR2rN ) > 1,

i.e.,

[
θN Ȳ 2

N (16θNρ2
xyNC2

xNC2
yN − 64θNρ2

xyNC4
yN − 8θNρxyNCyNC3

xN + 64θNρxyNCxNC3
yN )

64(1 − 4θNρ2
xyNC2

yN + 2θNρxyNCyNCxN + θNC2
yN )

−θNC4
xN − 16θNC2

yNC2
xN − 64ρ2

xyNC2
yN + 64C2

yN )

64(1 − 4θNρ2
xyNC2

yN+2θNρxyNCyNCxN + θNC2
yN )

−θN Ȳ
2
N (C2

yN+
C2

xN

4
−CxNCyNρxyN )

]
<0

[
256θNρ3xyNCxNC2

yN + 40θNρxyNCyNC3
xN + θNC4

xN

208θNρ2xyNC2
xNC2

yN + 192θNρ2xyNC4
yN + 64θNρxyNCyNCxN

+32θNC2
xNC2

yN − 64C4
yN + 64ρ2xyNC2

xN + 16C2
xN

208θNρ2xyNC2
xNC2

yN + 192θNρ2xyNC4
yN + 64θNρxyNCyNCxN

]
> 1

Similarly, further efficiency comparison is done like Shukla et al.
(2023).

(iv) ȳR2rN is more efficient compared to ȳBTpN iff RE(ȳR2rN ,ȳBTpN )=
MSE(ȳBTpN )
MSE(ȳR2rN ) > 1

(v) ȳR2rN is more efficient compared to ȳSErpN iff RE(ȳR2rN ,ȳSErpN )=
MSE(ȳSErpN )
MSE(ȳR2rN ) > 1

(vi) ȳR2rN is more efficient compared to ȳSrpeN iff RE(ȳR2rN ,ȳSrpeN )=
MSE(ȳSErpN )
MSE(ȳR2rN ) > 1

(vii) ȳR2rN is more efficient compared to ȳpN iff RE(ȳR2rN ,ȳpN )=
MSE(ȳpN )

MSE(ȳR2rN ) > 1

(viii) ȳR1rN is more efficient compared to ȳnN iff RE(ȳR1rN ,ȳnN )=
MSE(ȳnN)

MSE(ȳR1rN ) > 1

(ix) ȳR1rN is more efficient compared to ȳrN iff RE(ȳR1rN ,ȳrN )=
MSE(ȳrN)

MSE(ȳR1rN ) > 1

(ix) ȳR1rN is more efficient compared to ȳBTrN iff RE(ȳR1rN ,ȳBTrN )=
MSE(ȳBTrN )
MSE(ȳR1rN ) > 1
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(x) ȳR1rN is more efficient compared to ȳBTpN iff RE(ȳR1rN ,ȳBTpN )=
MSE(ȳBTpN )
MSE(ȳR1rN ) > 1

(xi) ȳR1rN is more efficient compared to ȳSErpN iff RE(ȳR1rN ,ȳSErpN )=
MSE(ȳSErpN )
MSE(ȳR1rN ) > 1

(xii) ȳR1rN is more efficient compared to ȳSrpeN iff RE(ȳR2rN ,ȳSrpeN )=
MSE(ȳSrpeN )
MSE(ȳR1rN ) > 1

(xiii) ȳR1rN is more efficient compared to ȳpN iff RE(ȳR1rN ,ȳpN )= MSE(ȳpN )
MSE(ȳR1rN )

> 1

5.1 Empirical Study This section consists of applying real-life data
to examine the performance of the proposed estimators under NeSRS. The
data is taken from chapter 16 of the book titled “Cognitive Intelligence with
Neutrosophic Statistics in Bioinformatics”, and is aboutnetworking and sales
of medical representatives. We have considered two neutrosophic variables
Percentage of networking before the pandemic and Percentage of sales after
the pandemic. Here, Percentage of networking before the pandemic is the
neutrosophic subsidiary variable, XN ∈ [XL, XU ] and `, Percentage of sales
after the pandemic′ is a neutrosophic study character YN ∈ [YL, YU ]. The
parameters for the given data are listed in Table 1.

Further, by the method of NeSRS, we have taken total nN = 10, 15
samples from the population, NN = 30 and from Table 1, we have REs
values of the propounded neutrosophic estimators in Table 5.

5.2 Monte-Carlo Simulation This section consists of applying a
Monte-Carlosimulationfor neutrosophic values given in Vishwakarma and
Singh (2022a, b). The neutrosophic random variables (NRV) follow a neutro-

Table 1: Neutrosophic parameters for the data
Percentage of networking before the pandemic vs Percentage of sales
after pandemic

Parameters Neutrosophic values Parameters Neutrosophic values
NN [30, 30] SyN [12.32, 12.32]
nN [10, 10], [15, 15] CxN [0.441, 0.438]
X̄N [34.16, 34.45] CyN [0.354, 0.351]
ȲN [34.80, 35.04] β2(x)N [1.793, 1.793]
SxN [15.08, 15.09] ρyxN [0.861, 0.862]
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sophic normal distribution (NND) i.e., (XN , YN ) ∼ NN [(μxN , σ2
xN ), (μyN ,

σ2
yN )]. The neutrosophic data are sourced from a 4 variable multivariate nor-

mal distribution characterized by means (μxL, μyL, μxU , μyU ) and a covari-
ance matrix

⎡

⎢⎢⎣

σ2
xL ρyxLσxLσyN 0 0

ρyxLσxLσyN σ2
yL 0 0

0 0 σ2
uU ρvuUσuUσvU

0 0 ρvuUσuUσvU σ2
vN

⎤

⎥⎥⎦

The neutrosophic parameters for the simulated uncertain data are in
Tables 2 and 3, and for classical data corresponding in Table 2 is given in
Table 4. In Table 2, the neutrosophic data is generated with a correlation
coefficient [0.70, 0.70], and in Table 3, the data is generated with a cor-
relation coefficient[0.90, 0.90], and in Table 4, classical data is generated
with correlation coefficient 0.70 along with means and variances are taken
as averages of lower and upper values of corresponding neutrosophic means
and variances in Table 2 for classical evaluation along with neutrosophic
evaluation.

Further, by the method of NeSRS and SRS for both positive and negative
correlation coefficients, we have taken total n = 42, 72 samples from the
population of size 150 along with the parameters stated in Tables 2, 3,

Table 2: Neutrosophic parameters for the estimation under NeSRS

For +ve correlation coefficient
Parameters Neutrosophic values Parameters Neutrosophic values
NN [150, 150] SyN [10.54, 12.56]
nN [42, 42], [72, 72] CxN [0.250, 0.207]
X̄N [45.42, 65.69] CyN [0.233, 0.194]
ȲN [45.29, 64.86] β2(x)N [2.702, 3.114]
SxN [11.33, 13.58] ρyxN [0.700, 0.700]

For -ve correlation coefficient
Parameters Neutrosophic values Parameters Neutrosophic values
NN [150, 150] SyN [11.56, 13.75]
nN [42, 42], [72, 72] CxN [0.263, 0.215]
X̄N [44.4, 65.38] CyN [0.259, 0.211]
ȲN [44.71, 65.14] β2(x)N [2.977, 2.946]
SxN [11.68, 14.05] ρyxN [−0.70, −0.70]
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Table 3: Neutrosophic parameters for the estimation under NeSRS

For +ve correlation coefficient
Parameters Neutrosophic values Parameters Neutrosophic values
NN [150, 150] SyN [11.48, 13.59]
nN [42, 42], [72, 72] CxN [0.243, 0.176]
X̄N [46.08, 65.3] CyN [0.296, 0.210]
ȲN [46.29, 64.65] β2(x)N [3.268, 3.426]
SxN [11.22, 13.59] ρyxN [0.900, 0.900]

For -ve correlation coefficient
Parameters Neutrosophic values Parameters Neutrosophic values
NN [150, 150] SyN [10.30, 14.43]
nN [42, 42], [72, 72] CxN [0.236, 0.204]
X̄N [44.41, 63.48] CyN [0.224, 0.217]
ȲN [46.02, 66.38] β2(x)N [3.970, 3.010]
SxN [10.46, 12.97] ρyxN [−0.90, −0.90]

and 4, we have the REs values of the proposed neutrosophic estimators
and some other existing estimators under both NeSRSand classical simple
random sampling (SRS). The whole computation of the attaining REs values

Table 4: Neutrosophic parameters for the estimation under NeSRS

For +ve correlation coefficient
Parameters Classical values Parameters Classical values
N 150 Sy 13.02
n 42, 72 Cx 0.228
X̄ 56.19 CyN 0.233
Ȳ 55.85 β2(x) 2.892
Sx 12.81 ρyx 0.700

For -ve correlation coefficient
Parameters Classical values Parameters Classical values
N 150 Sy 13.02
n 42, 72 Cx 0.228
X̄ 54.99 CyN 0.221
Ȳ 54.8 β2(x) 2.571
Sx 13.36 ρyx −0.70



A Family of Neutrosophic Estimators for Estimating Mean...

of the estimators under both NeSRS and SRS is repeated 6000 times and
the results are shown in Tables 6, 7, and 8

6 Results and Discussion

We have given the mathematical expressions for the proposed estimators
approximated up to the 1st order under NeSRS. Also, we have shown theo-
retical efficiency comparisons and numerically, we have carried out real data
application and a simulation study on generated data. The calculated REs
are shown in Tables 5, 6, 7, and 8.

In Table 5, the REs of the propounded neutrosophic estimators and some
other existing estimators under NeSRS are given for sample sizes 10 and 15
through neutrosophic real data. The highest REs of the estimators ȳSErpN ,
ȳSrpeN , ȳR1rN , ȳR2rN are in bold font and we can see our proposed Searls
estimators ȳR1rN , and ȳR2rN are superior to other estimators.

In Table 6, the REs of the propounded estimators and some exist-
ing estimators are given through the Monte-Carlo simulation method for
ρyxN=[0.70, 0.70] and ρyxN=[-0.70, -0.70]. In Table 6 like Table 5, the high-
est REs of the estimators ȳSErpN , ȳSrpeN , ȳR1rN , ȳR2rN are in bold font.
Theproposed neutrosophic Searls estimators ȳR1rN , and ȳR2rN are superior
to proposed andother existing estimators under NeSRS. We also see the REs
of the propounded estimators and other existing estimators under NeSRS
are increasing with the increasing value of sample size.

Table 5: REs of the proposed estimators under NeSRS over ȳnN

Percentage of networking before the pandemic vs Percentage of sales
after pandemic

Estimators REs Estimators REs
n = 10 n = 15

ȳnN [1.000, 1.000] ȳnN [1.000, 1.000]
ȳrN [2.454, 2.468] ȳrN [2.454, 2.468]
ȳpN [0.213, 0.213] ȳpN [0.213, 0.213]
ȳBTrN [3.173, 3.183] ȳBTrN [3.173, 3.183]
ȳBTpN [0.406, 0.406] ȳBTpN [0.406, 0.406]
ȳSErpN = ȳSrpeN [3.865, 3.887] ȳSErpN = ȳSrpeN [3.865, 3.887]
ȳR1rN [4.032, 4.054] ȳR1rN [3.947, 3.969]
ȳR2rN [3.891, 3.913] ȳR2rN [3.878, 3.900]
The bold highlighted fonts are the estimators which performed better over other estimators
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Table 6: REs of the proposed estimators under NeSRS over ȳnN

ρxyN = [0.70, 0.70]
Estimators REs Estimators REs

n = 42 n = 72
ȳnN [1.000, 1.000] ȳnN [1.000, 1.000]
ȳrN [1.459, 1.615] ȳrN [1.466, 1.940]
ȳpN [0.288, 0.265] ȳpN [0.277, 0.266]
ȳBTrN [1.744, 1.957] ȳBTrN [1.805, 2.115]
ȳBTpN [0.509, 0.479] ȳBTpN [0.495, 0.477]
ȳSErpN = ȳSrpeN [1.816,2.081] ȳSErpN = ȳSrpeN [1.880, 2.374]
ȳR1rN [1.818, 2.082] ȳR1rN [1.882, 2.375]
ȳR2rN [1.817, 2.081] ȳR2rN [1.881, 2.374]

ρxyN = [−0.70, −0.70]
Estimators REs Estimators REs

n = 42 n = 72
ȳnN [1.000, 1.000] ȳnN [1.000, 1.000]
ȳrN [0.324, 0.305] ȳrN [0.285, 0.283]
ȳpN [1.326, 1.826] ȳpN [1.779, 1.863]
ȳBTrN [0.552, 0.523] ȳBTrN [0.501, 0.498]
ȳBTpN [1.545, 1.835] ȳBTpN [1.915, 1.964]
ȳSErpN = ȳSrpeN [1.585, 2.044] ȳSErpN = ȳSrpeN [2.101, 2.185]
ȳR1rN [1.585, 2.045] ȳR1rN [2.099, 2.185]
ȳR2rN [1.585, 2.045] ȳR2rN [2.102, 2.187]
The bold highlighted fonts are the estimators which performed better over other estimators

Similarly, in Table 7, like Table 6, the REs of the proposed estima-
tors and some existing estimators are given for both ρyxN=[0.90, 0.90] and
ρyxN=[-0.90, -0.90]. In Table 7 like Table 6, the highest REs of the estimators
ȳSErpN , ȳSrpeN , ȳR1rN , ȳR2rN are in bold font. The propounded neutrosophic
Searls estimators ȳR1rN , and ȳR2rN are superior to other proposed and exist-
ing estimators under NeSRS. We also seethe REsof theproposed estimators
and other existing estimators under NeSRS are increasing proportionally to
sample size and correlation coefficient.

Like Table 6, in Table 8, the REs of the proposed estimators and
some existing estimators are given under classical simple random sampling
through the Monte-Carlo simulation method for both ρyx=0.70 and ρyx=-
0.70. In Table 8 like Table 6, The highest REs of the estimators ȳSErp, ȳSrpe,
ȳR1r, ȳR2r are in bold font. The proposed Searls estimators ȳR1r, and ȳR2r
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Table 7: REs of the proposed estimators under NeSRS over ȳnN

ρxyN = [0.90, 0.90]
Estimators REs Estimators REs

n = 42 n = 72
ȳnN [1.000, 1.000] ȳnN [1.000, 1.000]
ȳrN [1.459, 1.615] ȳrN [1.466, 1.940]
ȳpN [4.604, 5.090] ȳpN [4.933, 5.755]
ȳBTrN [3.025, 2.919] ȳBTrN [2.313, 2.427]
ȳBTpN [0.449, 0.461] ȳBTpN [0.525, 0.516]
ȳSErpN = ȳSrpeN [5.185, 5.414] ȳSErpN = ȳSrpeN [5.069, 5.950]
ȳR1rN [5.193, 5.421] ȳR1rN [5.084, 5.962]
ȳR2rN [5.186, 5.415] ȳR2rN [5.070, 5.952]

ρxyN = [−0.90, −0.90]
Estimators REs Estimators REs

n = 42 n = 72
ȳnN [1.000, 1.000] ȳnN [1.000, 1.000]
ȳrN [0.252, 0.278] ȳrN [0.264, 0.274]
ȳpN [3.980, 5.851] ȳpN [4.919, 6.233]
ȳBTrN [0.453, 0.482] ȳBTrN [0.466, 0.477]
ȳBTpN [2.869, 2.741] ȳBTpN [2.837, 2.819]
ȳSErpN = ȳSrpeN [4.502, 5.879] ȳSErpN = ȳSrpeN [5.174, 6.275]
ȳR1rN [4.503, 5.879] ȳR1rN [5.174,6.277]
ȳR2rN [4.508, 5.890] ȳR2rN [5.197,6.306]
The bold highlighted fonts are the estimators which performed better over other estimators

are superior to proposed and other existing estimators under SRS. We also
see that the REsof theproposed estimators and other existing estimators
under SRS are increasing with the increasing value of sample size.We also
observe that for interval types of data, neutrosophic proposed estimators
are better than corresponding estimators as there is some loss of informa-
tion due to their crisp nature, and overall neutrosophic results are better
than corresponding classical values.

7 Conclusion

In this article, following Tahir et al. (2021), Vishwakarma and Singh
(2022a, b), and by employing neutrosophic ancillary information, we have
proposed neutrosophic generalized estimators with and without (Searls
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Table 8: REs of the proposed estimators under SRS over ȳnN

ρxyN = 0.70
Estimators REs Estimators REs

n = 42 n = 72
ȳn 1.000 ȳn 1.000
ȳr 1.149 ȳr 1.521
ȳp 0.325 ȳp 0.295
ȳBTr 1.447 ȳBTr 1.744
ȳBTp 0.557 ȳBTp 0.516
ȳSErp = ȳSrpe 1.456 ȳSErp = ȳSrpe 1.836
ȳR1r 1.458 ȳR1r 1.837
ȳR2r 1.457 ȳR2r 1.837

ρxyN = −0.70
Estimators REs Estimators REs

n = 42 n = 72
ȳn 1.000 ȳn 1.000
ȳr 0.313 ȳr 0.293
ȳp 1.527 ȳp 1.559
ȳBTr 0.536 ȳBTr 0.513
ȳBTp 1.675 ȳBTp 1.772
ȳSErp = ȳSrpe 1.770 ȳSErp = ȳSrpe 1.875
ȳR1r 1.772 ȳR1r 1.876
ȳR2r 1.772 ȳR2r 1.877
The bold highlighted fonts are the estimators which performed better over other estimators

1964) technique. We haveshown the mathematical expressions of approxi-
mated Biases and MSEs for the neutrosophic proposed estimators up to 1st.
Further, real data application and simulation studies have been carried out
to highlight the properties of the proposed neutrosophic estimators. The pro-
pounded neutrosophic estimators with highREs have gained supremacy over
the other existing estimators under NeSRS. Also, proposed neutrosophic
generalized estimators using the Searls technique have shown supremacy
over proposed neutrosophic generalized estimators without the Searls tech-
nique. We have also delineatedand concludedthat the neutrosophic method
of estimation is more reliable and efficient than the classical method of esti-
mationfor interval/uncertain types of data.

The work in sampling theory under a neutrosophic environment is initi-
ated by Tahir et al. (2021) for estimatingthe population mean and later by



A Family of Neutrosophic Estimators for Estimating Mean...

Vishwakarma and Singh (2022a, b), and motivated by them, we have also
given generalized estimators with and without the Searls technique under
NeSRS.The limitation of this study is that it is applicable to uncertain/fuzzy
data.

The future study can also be done in other neutrosophic sampling meth-
ods like neutrosophic systematic sampling, stratified sampling, cluster sam-
pling, successive sampling, neutrosophic ranked set sampling,and under its
variantsor by applying some efficient estimators better than the estimators
in this manuscript. Also, this same study can be done utilizing the Searls
technique under RSS as by Singh and Vishwakarma (2021).
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Appendix A

Table 9: Some particulars of the suggested Searl estimators

Case 1
k α Estimators

k α ȳR1rN = kȳN

[
α

(
X̄N

x̄N

)
+ (1 − α)

(
x̄N

X̄N

)]
Proposed estimator

1 α ȳSErpN = ȳN

[
α

(
X̄N

x̄N

)
+ (1 − α)

(
x̄N

X̄N

)]
, Proposed estimator

k 1 ȳkaur rN = kȳN

(
X̄N

x̄N

)

k 0 ȳkaur pN = kȳN

(
x̄N

X̄N

)

1 1 ȳkaur rN = kȳN

(
X̄N

x̄N

)
, Tahir et al.(2021)
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Table 9: continued

Case 2
k α Estimators

k α ȳR2rN = ȳN

[
α

(
X̄N−x̄N

X̄N+x̄N

)
+ (1 − α)

(
x̄N−X̄N

X̄N+x̄N

)]
Proposed estimator

1 α ȳSrpeN = kȳN

[
α

(
X̄N−x̄N

X̄N+x̄N

)
+ (1 − α)

(
x̄N−X̄N

X̄N+x̄N

)]
, Proposed estimator

k 1 ȳSreN = kȳNexp

[
α

(
X̄N−x̄N

X̄N+x̄N

)]
,

k 1 ȳSpeN = kȳNexp

[
α

(
x̄N−X̄N

x̄N+X̄N

)]
,

1 1 ȳBTrN = ȳNexp

[
α

(
X̄N−x̄N

X̄N+x̄N

)]
,Tahir et al.(2021)

k 1 ȳBTpN = ȳNexp

[
α

(
x̄N−X̄N

x̄N+X̄N

)]
, Tahir et al.(2021)
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Appendix B
Flow Chart

Here, Flow diagram is given below, which explians the path of using the proposed
methods under neutrosophic numbers.
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