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Abstract. Point estimates have their limitations in survey sampling due to the fact that they
provide just a single value for the parameter under study, which may vary between samples due
to sampling errors. By producing interval estimates of the expected position of the parameter,
the neutrosophic approach serves as a viable alternative in sampling theory. The neutrosophic
approach optimizes the traditional strategy for effectively handling ambiguous data. To find the
mean of the population using neutrosophic information we introduce a new family of estimators
that incorporate additional information. Discovering the bias and mean square error is performed
up to the first-order approximation. These estimators are ideal for data which is logical, confused,
or ambiguous. This estimator is designed to make neutrosophic statistics (NS) in basic random
sampling easier to understand. To better show the range of possible values for our population
parameter, we show numerical findings for these estimators as intervals rather than single points.
To further assess the efficiency of our proposed neutrosophic estimator, we utilize interval data
and simulation derived from the Islamabad Stock Exchange (ISE).
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1. Introduction

In conventional statistics, data are already established and are represented by precise fig-
ures. The estimation of population means using auxiliary data has been extensively studied
and developed by numerous scholars in traditional statistics. Typically, a specific value is
assigned to a study variable for each population unit before sample selection. A high cor-
relation between the study and auxiliary variables significantly lowers the ratio’s sampling
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error when the auxiliary variable is also considered. This impacts the smallest necessary
sample size for ratio estimation methods, or how much these methods can reduce sample
size without losing precision. Classical statistics focus on fixed data, where all possible
measurement errors are preemptively addressed, leading to a scenario with no measure-
ment error margin. Consequently, new approaches are required to handle indeterminate
data. Fuzzy logic (FL) is one approach for managing data when precise measurements
of the variable of interest are unavailable. Fuzzy statistics allow for the analysis of data
with uncertain, ambiguous, or undefined characteristics, although this method does not
account for the level of data indeterminacy. Conversely, neutrosophic logic extends FL,
enabling the assessment of both conclusive and inconclusive elements of data under vague
or uncertain conditions. The utilization of uncertain logic in decision-making processes
has surged Ali and Mahmood [3] and Jan et al. [9], accompanied by an enhancement in
the complexity of its methodologies. Following the concept of fuzzy sets, the development
of a complex neutrosophic set Liu et al. [11] represents an advanced stage of evolution
in fuzzy collections. These collections and their broader applications are detailed in Li et
al. [10], which includes thorough discussions of their characteristics and functionalities,
and also examines interval-valued neutrosophic sets. When fuzzy sets are inadequate for
addressing ambiguities in decision-making contexts, neutrosophic sets emerge as a supe-
rior alternative. Neutrosophic sets are categorized into diverse types. Chakraborty et al.
[14] has introduced a trapezoidal bipolar neutrosophic quantity, specifically designed for
decision-making applications. Additionally, generalized spherical fuzzy numbers and their
analytical frameworks were discussed in a publication by Haque et al.

Different research support the use of a mobile application to handle geometric and math-
ematical operations on pentagonal neutrosophic numbers Chakraborty et al. [13]. The
obsession with neutrosophic numbers intense with time; for example, a technique has been
devised for the cylindrical neutrosophic environment Chakraborty et al. [12]. Neutrosophic
statistics provide a solution for issues involving ambiguous data display. It is imperative
to use neutrosophic statistics instead of traditional statistics when data or samples show
neutrosophic features. Statistically, neutrosophic approaches Smarandache [16] are used
where the data from populations or samples are vague, obscure, or not well-defined. This
discussion covers several uses of neutrosophic logic: by addressing uncertainties in the
opinions of survey participants, neutrosophic logic enhances survey sampling techniques.
It adopts a more intricate approach to data gathering and analysis by accepting ambigu-
ity, conflicting information, and indeterminate details. This approach leads to a deeper
understanding of diverse viewpoints, thereby improving the accuracy and reliability of
survey results.

Neutrosophic data pertains to datasets characterized by inherent uncertainties, analyzed
through neutrosophic numerical methods. In the realm of neutrosophic statistics, the ex-
act sample size may remain undefined Smarandache [16]. It has been established that
neutrosophic statistics provide substantial benefits and should be integrated into current
models dealing with uncertainty Aslam [23] and Smarandache [24]. Rock engineers uti-
lize neutrosophic numbers to investigate the effects of gauge and anisotropy on the total
roughness coefficient, which results in reduced loss of information and the generation of
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an adequate number of appropriate functions Chen et al. [25]. A novel method for con-
ducting neutrosophic analysis of variance has been introduced within the framework of
neutrosophic data Aslam [30]. Contributions from Singh et al. [32] and Alsharif et al.
[33] have discussed diverse kerosene-based nano-fluids in a dual-zone vertical annulus with
electro-osmosis. Pioneers in the area of neutrosophic interval statistics, Aslam [26], Aslam
[27], Aslam [28] and Aslam [29] have led developments in their fields. Further information
on neutrosophic data is available in references Tahir et al. [17], Yadav and Smarandache
[18], Bouze and Subzar [21], Aslam [22], Das et al [36], Granados et al. [34].

In real-world applications, a variety of factors can be examined, yet data collection can
be exceedingly costly, particularly when the data is not clear. This situation makes it
expensive and risky to accurately determine a population’s value using methods designed
for uncertain data. When both primary and auxiliary variables are neutrosophic, it be-
comes unfeasible to describe the issue. Reviews of existing literature reveal that there
has been no substantial research on the use of enhanced generalized class estimators for
estimating the unknown mean of a population with auxiliary variables in survey sampling.
This observation is based on current studies in published works. The field of statistics is
yet to see significant pioneering research to be deemed complete. This research begins to
address this gap.

Neutrosophic analysis is advantageous for dealing with data that is either incomplete or
vague. This approach also accommodates multiple viewpoints. During data collection
using specific instruments, it is conceivable that some data may fall into an undefined
category. The failure of traditional analytical methods due to statistical ambiguity ne-
cessitates the adoption of neutrosophic statistics, which acts as both a substitute and a
supplement to traditional statistics in uncertain conditions. Recent progress in neutro-
sophic survey sampling is significant, however, the wider field of estimation is still largely
uncharted and requires meticulous attention due to the uncertainties involved in the data
framework. Products with minor flaws in measurements or manufacturing defects are ac-
ceptable within a certain tolerance, such as in the production of nuts or bolts. Employing
traditional statistical methods that yield a single result could result in the discarding of
otherwise usable items. Neutrosophic statistics offer the most accurate evaluation of inter-
val results with the minimal mean squared error, effectively tackling these issues Kumar
et al. [19], Raghav [20] and Granado et al. [35].

1.1. Research gap

Previously researchers who studied survey sampling only looked at data that was partic-
ular, clear, and certain. The one thing that all of these methods can reliably give you is
not always free of mistakes, overstatements, or underestimates. Using these methods only
leads to one correct result. Neutrosophic data, on the other hand, are present in many
circumstances and under certain conditions. In this case, neutrosophic statistics are used
even when more typical statistical approaches didn’t work. Neutrosophic data includes
observations that aren’t clear, reasoning that isn’t clear, and fuzzy interval values. This
means that data from trials or populations can be used as neutrosophic numbers with in-
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terval values. One of the hypotheses said that the genuine observation, whose value could
not be known when the data was being collected, would fall within that range. In the
real world, there is a lot more data that is hard to define than data that is easy to define.
This shows that neutrosophic research needs more statistical methods to be devised. In
the actual world, it might be hard and expensive to get information on all the possible
study parts, especially when the proof isn’t clear. It is impossible to explain the problem
when a study and its extra variables are neutrosophic. A literature review indicated that
enhanced generalized class estimators have not been studied while trying to use regression
cum-exponential estimation methods to find a way to estimate the unknown population
mean with extra variables in neutrosophic data. This is the conclusion that comes from the
review’s results. Therefore, there is a demand for additional statistical methods tailored
to neutrosophic research. This is clear from a thorough look of Alomair and Ahmad [1].
More research has to be done in this area of statistics. This study gives a basic overview
of the topic.

Table 1: LIST OF ACRONYMS

MSE Mean Square Error

PRE Percentage Relative Efficiency

SRSWOR Simple Random Sampling Without Replace-
ment

ISE Islamabad Stock Exchange

NS Neutrosophic statistics

FL Fuzzy Logic

2. Methods and materials

Choose a neutrosophic sample of size ny€ (nr, ny), from a population of Ny units
(21, $%, ..., 2y) with the help of SRSWOR. Allow ypy; be the i sample observa-
tion of neutrosophic data, of the form yy € (yr, yr;) and similarly for auxiliary variable
rN€E (z1, 2p). As YneE (YL, Yy), and X e (X1, Xy) Xy is the population mean of
neutrosophic study and auxiliary variable. The neutrosophic coefficient of variation for
yn and zy are denoted by CyNE (CyNL, CyNU), and C,n€ (CzNLa CxNU)- Let SZN

X (v’ 2 _ X, (@in-7n) . : :
=SSN San T T T be the unbiased sample variances conforming
N T 2 N <. )2
: : 2 _ it in=YnN) 9 _ X (ziv—Xn)
to populatlon variances SyN == ’L]VT y SQCN = = Ny—1 > of YN and XN

respectively.
Let Cyny and C,p, denote the population coefficient of variation of yy and zy, where

_SyN _Sa:N
Cy]v— v ,and CXN— s

N (=Y n) N (zin—Xn)
Where S,y = ZL:l](\,y];—]\ilm and S,ny= \/ W—Nilw The correlation between
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Sy:tN
SyN SzN ’

yn and z is denoted by py.n. i.e. pyan=

Zi]il (yz'N - ?N) (l“z‘N - YN)
Ny —1

VAN = <1 — 1> ,ANE (€L,8u) -

Sur = ny Ny

3. Review of existing estimators
In this section, we have presented some prevailing counterparts.

(i) The conventional estimator is given in equation (1):
Yun =T (1)
The variance of ?UNis given in equation (2):
V(Vun) = AWV nC2y 2)
(ii) The adopted ratio estimator recommended by Cochran [42] is given in equation (3):

Yy = Ty <f]ifv> (3)

The bias of Y gy is given by:
Bias(Y rv) & ANY N (CSN - py:cNCyNCxN> ,
The MSE of Y gy is given in equation (4):

MSE(?RN) = AN??V (ngv + CQ%N - 2py:pNCyNCxN) (4)

(iii) The product estimator suggested by Murthy [7], given in equation (5):

Y = —— 5
PN = YN <XN) (5)
The bias of ?p N is given by:

Bias (?PN) = )\N?N pyzNCyNCxN )

The MSE of Y py is given in equation (6):

MSE(YPN) = )‘N??V (OjN + C%N + 2py$NCyNC$N) (6)
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(iv)

The usual difference estimator is given in equation (7):

?DN =ynv+Q (XN —7Zn), (7)

where (@ is constant.
_ Syn
Q— PyxzN ( SZ N)

The variance of Y py is given in equation (8):

~

= —2 A

Bahl and Tuteja [6] recommended the following two estimators, which are given in
Equation (9) and Equation (10):
) )

(10)

alls
2|z
+ |1
Sl |

&)
=

|

>
= |z ==
N———

Y Bran = Yyexp <

Y Brpn = Ynexp <

>
2
+
8|

The bias of Y gry is given by:
Bias <YBTRN> =~ Ay Y [2 C2y — 50yanCynCan],

The MSE of Y grgry is given in equation (11):
el —92 1
MSE (YBTRN> %“)\NYN |:C§N+4C§N—pnyCyNCIN (11)

The bias of Y grpy is given by:
Bias<?BTPN> = Ay YN [2C2y + 5pyanCynCan],
The MSE of §BTPN is given in equation (12):
= —9 1
MSE (YBTPN> ~ANY o [CjN + O+ pnyCchwN} (12)

Singh et al. [31] recommended a generalized exponential-type estimator, which is
given in equation (13):

Y = Jyeap ( « Xy ~7) ) (13)

(YN + EN) + 2b
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(T ~ v (s 2
BlaS(YSN) = A Yy (% 0%,C N\ — %9prxNCyNCxN),
The mean square error of Y gy is given in equation (14):
= —92 1
MSE (YSN> =AYy <C§N + 10]2\,093]\, - eprxNCyNC$N> : (14)

where GN:a%XNer.
N

4. Suggested estimator:

By taking Inspiration from Alomair and Ahmad [1], Ahmad et al. [2] and Ahmad et al. [4],
we propose enhanced generalized neutrosophic estimators for calculating the population
mean with simple random sampling and auxiliary data. These neutrosophic estimators
could outperform traditional estimators when the observations of the study variable are
nondeterministic, but might not be as effective when the observations are deterministic.
The proposed estimator is presented in equation (15):

= (%) _ a(Xy—T
YPP?"op7 N — [ QS?N + Q4 (XN _EN)] ETP <a ()((N —J:.%‘N)N-z 2b> (15)
aX N

where HN:aY 3
N

Some members of the generalized class of estimators are given in Table 2.

~(*)a,b
Table 2: Some estimators of Y p,o,

=)
a b Prop, N
=0
1 CxN Prop, N
=
1 /82(zN) Yg%iop N
~(3
62(1N) Cun YProp N
=4
CxnN /Bz(zN) YPTOp N
=06)
1 PyzN YPT‘Op, N
~(6)
Cun PyxzN Yg%)vp N
~(7
pyzN CﬁN YgD'r)‘opj N
~(8
52(mN) PyxN Yé%)’op N
~(9
PyxN ﬂ2(mN) YProp, N
_ ~(10)
1 NNXN YProp N
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Simplifying equation (15), we got:

=) —_ - 0 303 &3
YP'rop, N — { QSYN (1 + 50) - Q4XN§1} exp (1 - ]\;gl + gfl + .. ) (16)
By expanding equation (16):
- _ 1 —
~ (%) _ —VNHYNQs+Y NG Q3 — 5 Vv Oné1 Qp — Xv6r Qq
(Ypmp, N~ YN> = 1 3 5 .2 1 ) (17)
— 5 Y Ov€o81 Qa+ oY nONET Qa5 Xy OnEi Q

=)
From equation (17), the bias and MSE of Y p,,, y, are given by:

) ~ () _ _ _
Bias <Ypmp’ N> = % [—8YN + 4)\N(9NC'IN(XNCQUN Q4) +YnN Qs {8 + ANONCan (39]\709;]\[ - 4CprymN)}]

=(%)
The MSE of Y p,,,, n, is given in equation (18):
. _ _ _
Yy + AWXNCoy Qu (=Y N0 + X v Q)

+YNQE [+ Ay {Con + OnCan (On — 2Cupyan) }]

1 _ _ _
+ ZYN Qs [—SYN + Cin {HNCxN (—3YNON +8X N Q4) }]

I

= (%)
MSE <Y Prop, N) (18)

1 _ _
_ZYN Q3 [+4Cyn (Y NON — 2X N Q) pyan]
The values of Q3 and Q, are:

8 — AnB3,C2y
8 {14 A2 (1= pyaw) }

Q3(opt) =

I

and

8XNCon{l = ANCon{1 — py w1}

Q4(opt) =

Using values of Q3(0pt), and Q4(Opt) in equation (18), we got the minimum mean square
error, which is given in equation (19):

- <{/;)p N> . WYy (6405N (1 - pZzN) — ANOLCLy — 16AN0%,C2C2y (1 - p?ﬁN>)
min 64 {14 A C2y (1= 02,0 ) }

Figure 1:
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Figure 1. Showing Bias of Estimator

5. Numerical study

In this section, we utilize real data to compare the proposed and current estimators numer-
ically. A numerical study was performed using interval data containing uncertain values
from the ISE, focusing on United Bank Limited (UBL), taken from Alomair and Ahmad
[1]. In Table 2 we see the data sets and their eXBIanations. Estimators are compared with

one another based on their PRE. The PRE of Y7 with due regard to Y is expressed
below:

PRE= _Yarun) _ 100

MSE(Yinn) ’
Wl(le)re i =YRN, YPN, YDN, YRDN, Y BTRN, Y BTPN, Y SN,
~(*

YProp, N (* =1,2,3,4,5,6,7,8,9, ]-0)
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Table 3: Summary statistics using actual data

Parameter Values Parameter Values
Nn [239,239] XN [149.6231,153.5848)|
ny [35,35] SSN [2968.468,3131.635]
AN [0.02438733, 0.02438733] SgN [3110.931,3156.542]
YN [131.5651,135.6154] PyzN [0.8680465,0.5235659]
Table 4: Biases using actual data

Estimator Bias Values

Yun -

Y rN [-0.002514721, -0.001244049]

YN [0.003125356, 0.001836447]

YN -

Y BTRN [0.006398227, 0.006869877]

Y rpN [0.009523583, 0.008706324]

Y BrpN [0.006390427, 0.00686232]

ENE)

Y prop. N [-0.00273157, -0.0175342]

Mean Squared Errors (MSEs) Percentage Relative Efficiency (PREs)

0.016 1

00144

00124

0,010

1,006 1

:

0.004 1

Tn -

0,002 1

3=1, b=C_iH

Parameter Combinations

-+ TN -+ T

-+ TR 400 1 -+ TR

-+ T -+ TP

-+ 0N -+ 70

- T ETRN 50 4 -# T ETRN

-# TETM -# TETM

-# T SNl -# ¥ SHl

-+ T 2 3004 -+ T 502

-# ¥ 53 2 -# T SH3

et ::sm 3 + ;5“‘

b 2l 'SHS £ - -+~ '5|'|5

e ™ -4 1 _SHE

-+ % -+ 50

-+ ] -+ S

-+ T % 2001 + T

- 510 ] -+ 50

=# Y _[PrepM1I™{*H 5 -# Y _[PrepH1I™{*0

-+ T Proph2 i) ¥ 1504 T Prph
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& T Prpsel il 0 o | -4 T Ppnatin
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4 T [Prep NI 4 T [Preg b0
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o |0 T Ppai) 0] o— ol P ]
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Figure 2: Showing MSEs and PREs of estimators based on real data set
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Table 5: MSE using actual data
~ ~ ()
Estimator Values For values of a | Ygn Prop, N
and b
Yun [0.004771434, | [For a=1, | [0.002051822, [0.001176135,
0.004771434] | b=C,n] 0.003495624] 0.003463482]
Y rNn [0.001176741, | [For a=1, | [0.002077862, [0.001176136,
0.004079918] bzﬁz(xN)] 0.003500653] 0.003463481]
Y pNn [0.01574454, [For a:ﬂz(xN), [0.002051802, [0.001176135,
0.01290342] b=C,N] 0.00349562] 0.003463482]
YN [0.002050780, | [For a=Cyn, | [0.004184703, [0.001176135,
0.001895328] b:pygdv] 0.004426577] 0.003463482]
Y BTRN [0.002051786, | [For a=1, | [0.002062184, [0.001176135,
0.003495617] bzpymN] 0.003496803] 0.003463482]
Y BrPN [0.009335684, | [For a=Cyn, | [ 0.003647159, | [0.001176135,
0.007907368| b:pymN] 0.003956309] 0.003463482]
[For a=pyzN, [0.002051827, [0.001176135,
b=C,n| 0.00349563] 0.003463482]
[For azﬁz(xN), [0.002056549, [0.001176135,
b:pymN] 0.003496158| 0.003463482]
[For a=pyzN, [0.002081793, [0.001176135,
b=ﬁ2(mN)] 0.003505421] 0.003463482]
[For o a=1, | [0.004756275, [0.001176135,
b=NyX y] 0.004771342] 0.003463482]

5.1. Theoretical Analysis of MSE and PRE Using Actual Data
Mean Squared Errors (MSEs)

(i) The MSE gauges the average squared difference between the actual and projected
values. Better estimate performance is shown by minimum MSE values.

(ii) Table 5 shows changing MSE values for several estimators and parameter combina-
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Table 6: PRE using actual data
= =0
Estimator Values For wvalues of a | Ygn Prop, N
and b

Yun [100,100] [For a=1, b=C,n] | [136.4973, [137.7641,
232.5462] 405.6875]

Y rN [116.9493, [For a=1, | [136.3012, [137.7642,
405.4787] bzﬁz(xN)] 229.6319] 405.6875]

Ypn [30.30533, [For a=P2(zn), | [136.4975, [137.7631,
36.97806] b=C,N] 232.5484] 405.6865]

Y pn [138.28, [For a=Cypn, | [107.7906, [137.7631,
251.7471] b=pyzn] 114.0208] 405.6864]

Y BTRN [136.4976, [For a=1, | [136.4513, [137.7661,
232.5503] b=pyzn] 231.3777] 405.6895]

Y pren [51.10963, [For a=Cyn, | [120.6031, [137.7641,
60.34162] b=pyzn] 130.8261] 405.6874]

[For a=pyanN, | [136.4971, [137.7641,

b=C,N] 232.5456] 405.6875]

[For a=P2(zN), | [136.4765, [137.7641,

b=pyzn] 232.0116] 405.6875]

[For a=pyzN, | [136.1159, [137.7641,

bzﬂz(ﬂv)] 229.1983] 405.6875]
[For o a=1, | [100.0019, [137.7641,

b=NyX y] 100.3187] 405.6874]

tions. Estimator Y sarn, for instance, indicates that it offers reliable estimates with
less variability by showing somewhat low MSE values compared to other estimators.

With somewhat high MSE values, estimator Y py indicates poorer accuracy than
other estimators.

(iii) The choice of parameters (¢ and b) influences the performance of the estimators.
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For instance, estimators with a=b=C, y tend to have lower MSE values compared to
other parameter combinations. This suggests that considering the mean of X values
(Cxn) as both a and b yields more accurate estimates.

(iv) To minimize MSE, it is advisable to choose parameter combinations that lead to
lower MSE values, such as a=b=C,n.

Percentage Relative Efficiency (PREs)

(i) The PRE measures the relative prediction error compared to the actual values.
Higher PRE values indicate greater prediction errors.

(ii) Table 6 shows different PRE values for several estimators and parameter combina-

tions. for instance: With rather high PRE values, estimator Y arn indicates more

prediction errors than other estimators. Relatively accurate predictions are shown
~ (%

by estimator ?Pmp, ~ Whose PRE values cross to 100.
- . . =) :
(iii) As compared to all existing considered estimators, the performance of Y p,,, n is
more accurate in terms of minimum MSE and higher percentage relative efficiency.

(iv) Similar to MSE, the choice of parameters (¢ and b) influences the PRE. Parameter
combinations that involve the mean of X values (Cyn.) tend to yield lower PRE
values, suggesting better prediction accuracy.

(v) To minimize prediction errors, it is advisable to choose parameter combinations that
lead to lower PRE values, such as a=b=C,y.

Overall Analysis

~ (%

The suggested class of estimators Ypm% wgenerally performs better in terms of minimum
MSE and higher PRE compared to other estimators across different parameter combina-
tions. Choosing parameter combinations where both a and b are equal to the mean of X
values (Cyn) tends to lead to more accurate estimates and predictions.

6. Simulation study

This sectlon 111ustrates the algebralc procedure for comparlng YS,),OP ~ to its existing
estlmators YUN7 YRN, YPN7 YDN7 YBTRN7 YBTPN7 and YSN

Numerical results are validated by means of a simulation research. We simulated neu-
trosophic data and performed MSE and PRE based comparison. Neutrosophic random
variables, Xy and Yy follow the neutrosophic normal distribution. With mean pxy and
variance 03( n exhibits a neutrosophic normal distribution. Yylikewise has mean py y and
variance 0% . When Xy € (Xp, Xy) and Yy € (Y7, Yy). Comparatively mean and
variance of neutrosophic random variables Xy and Yy have lower and upper limits. We
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have produced 5000 random normal variate from the neutrosophic normal distribution,
i-e-a YN ~ Ny ((57 8)5((09)27 (12)2) and XNy ~ Ny ((157 18)7( (05)25 (07)2 ))

The simulation study algorithm, which demonstrates the performance of different Y7y
estimators, is as follows:

(i) The Average mean square error of the estimators is defined by:

500

-~ 1 =~ =~
Average MSE (YUN> = 200 E(Y,-Yuyn)
i=1

2

(ii) The PRE of estimators as compared to the usual estimator Yy is defined by:

_ Var(Yyun) 100

PRE (2
v MSE(Y;)

(iii) The Average percentage relative efficiency of the estimators is given by:

Average PRE (i) = — Z PRE(?i)
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Table 7: Biases using simulated data
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Estimator Bias Values

Yun -

YRy [-0.001244049, -0.001244049]
Yrn [0.001836447, 0.002023558]
7DN -

Y BrrN [0.006869877, 0.006934565]
YBren [0.008706324, 0.009213423]
YBren [0.00686232, 0.00694341]
ENE!

Y prop. N [-0.0175342,-0.0163563]
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Figure 3: Showing MSEs and PREs of estimators based on simulation study
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Table 8: MSE using a simulation study
= = (%)
Estimator| Values For values | Ygsn Prop, N
of a and b
Yun 0.2619458, [For a=1, | [0.2022682, [0.02465215,
0.2619458] b=C,n] 0.1893483] 0.02063134]
Y rN [0.1290996, [For a=1, | [0.2082852, [0.02465263,
0.1497684] b=P2n)] | 0.1952096] 0.02063211]
Y pw [0.448552, [For 02017871, [0.02465212,
0.4089126] a=P2(zny, | 0.1890021] 0.02063127]
b:CxN]
Y pn [0.02566218, [For [0.2204352, [0.02465366,
0.02260200] a=Cyn, 0.2113867] 0.02063334]
b:pymN]
Y BTRN [0.1888027, [For a=1, | [0.2040597, [0.0246523,
0.2015085] b=pyzn] 0.1911544] 0.02063158]
Y BrpN [0.3310805, [For [0.2098011, [0.02465288,
0.3485289] a=CynN, 0.1985855] 0.02063229]
b:pny]
[For [0.2022997, [0.02465215,
a=pPyzN, 0.1893758] 0.02063134]
b:CxN]
[For [0.202462, [0.02465218,
a=P2(zny, | 0.1896759] 0.02063136]
b:pny]
[For [0.2085363, [0.2465265,
a=pPyzN 0.1955049] 0.02063214]
b:ﬁ2(mN)]
[For a=1, | [0.2618358, [0.02465485,
b=NyXy] | 0.2617713] 0.02063499]
6.1. Theoretical Analysis of MSE and PRE Using Simulation Data

Mean Squared Errors (MSEs)

(i) The MSE indicates the average squared difference between the actual and projected
values. Greater MSE values point to more estimate mistakes.

(ii) Table 8 shows changing MSE values for several estimators and parameter combina-
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Table 9: PRE using simulation
= =(x)
Estimator Values For values of a | Ygsn Prop, N
and b
Yun [100,100] [For a=1, | [129.5042, [1062.568, 1269.65]
b=C,n] 138.3407 |
Y rNn [202.9022, [For a=1, | [125.7631, [1062.547, 1269.603|
174.9006] bzﬁz(xN)] 134.1869 ]
Y pNn [58.3981, [For a=L2(xN)> [129.813, [1062.569, 1269.654]
64.05912] b=C,N] 138.5941 ]
YN [1022.347, [For a=Cyn, | [118.8312, [1062.503, 1269.527]
1158.95] b=pyzn] 123.9178 ]
Y BTRN [129.9925, [For a=1, | [128.3673, [1062.561, 1269.635]
138.7405] b=pyzn] 137.0336 ]
Y BrPN [75.15756, [For a=Cyn, | [124.8543, [1062.537, 1269.592]
79.11846] b=pyzn] 131.9058 ]
[For a=pyanN, | [129.4841, [1062.568, 1269.65]
b=C,n] 138.3207]
[For a=P2(zN)> [129.3802, [1062.567, 1269.649]
b=pyzn] 138.1018 ]
[For a=pyzN, | [125.6116, [1062.546,1269.601]
b:62($N)] 133.9843 ]
[For a=1, | [100.042, [1062.451, 1269.426]
b=NyX y] 100.0667 ]

tions. As one illustration: With somewhat high MSE values, estimator Y pnindicates
more estimating error than other estimators. With rather low MSE values, estimator

Y pn suggests improved accuracy performance.

(iii) The performance of the estimators depends on the parameters a and b selected.
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For example, parameter combinations including the mean of X values C,yor other
pertinent statistics usually produce smaller MSE values, hence suggesting improved
estimate accuracy.

(iv) To minimize MSE, it is advisable to choose parameter combinations that lead to
lower MSE values, such as those involving relevant statistics like Czn or Ba(zn)-

Percentage Relative Efficiency (PREs)

(i) The PRE measures the relative prediction error compared to the actual values.
Higher PRE values indicate larger prediction errors.

(ii) Table 9 shows us different PRE values for several estimators and parameter combi-

nations. As an instance: With rather high PRE values, Estimator Y py indicates

more prediction errors than other estimators. With PRE values crossing to 100,
=)
estimator Y p,,, n suggests rather accurate predictions.

(iii) Similar to MSE, the choice of parameters (a and b) influences the PRE. Parameter

combinations that involve relevant statistics like Czny or Ba(,ny) tend to yield lower
PRE values, suggesting better prediction accuracy.

(iv) To minimize prediction errors, choosing parameter combinations that lead to lower
PRE values, such as those involving relevant statistics like Cyn or fa(,n) is advis-
able.

Overall Analysis
. . =)
(i) The suggested class of estimaotrs Y p,,, y generally have better MSE and PRE
than other estimators over several parameter settings.

(ii) The performance of estimators is significantly influenced by the parameters cho-
sen; so, combinations of appropriate statistics produce superior accuracy in both
estimation and prediction.

(iii) Theoretical study indicates that choosing the best parameter combinations depends
on knowing the link between parameters and their influence on estimator perfor-
mance.

7. Discussion

In table 1, we presented a list of acronyms. In Table 2, we present the generalized class
of estimators. Table 3 consist the overall statistics for the real data sets. Table 4 shows
the detailed bias from estimators used on the real data set. Tables 5 and Table 6 record
the results from the real data set. Table 5 details the mean square errors for both existing
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and proposed estimators, while Table 6 shows the percentage relative efficiency results
for all considered estimators in this analysis. By varying the parameters 'a’ and ’b’, the
proposed generalized class of estimators achieves different minimum mean squared errors,
as shown in Tables 5 and 8. Based on the numerical result it is found that the MSE of our
generalized class of estimators is minimal as compared to all considered estimators in this
paper. The Biases of estimators using simulated data sets are given in Table 7. Similarly,
the MSE and PRE using the simulated data sets are given in Table 8 and Table 9. Data
presented in Table 6 and Table 9 show that changing a and b changes the PREs for any
variety of estimators. Furthermore, it is possible to notice that PREs are higher when a =
Land b = pyan, a = pyzny and b = Cyn, @ = pyzy and b = By, ), and somewhat lower
when ¢ = 1 and b = NyXy. The numerical results are shown with the help of graphs.
The Figure 1, shown the biases of all considered estimators. Figure 2 and Figure 3, shown
the MSEs and PREs for the real data set and a simulation study. It is demonstrated that
the suggested estimators achieve minimum MSE demonstrating improvement in efficiency
as compared to existing estimators.

8. Conclusion

Point estimates in survey sampling are limited by providing only a single value for the pa-
rameter being studied, which can differ across samples due to sampling error. Conversely,
parameter estimates in sampling theory are significantly enhanced by the neutrosophic
approach, which offers credible interval estimates with a high probability of encompass-
ing the parameter. Thus, the neutrosophic strategy, an advancement of the traditional
method, addresses ambiguous, indeterminate, or uncertain elements. This paper proposes
a new general class of estimators for the population mean using neutrosophic data and
simple random sampling. By varying the values of ’a’ and ’b’, this new class of estimators
yields different minimum values for each case. The numerical analysis shows that the Mean
Squared Error (MSE) of these new estimators is the lowest when compared to all other
estimators discussed in this study. The results confirm that these estimators have the
lowest MSE, indicating enhanced efficiency over several other modified estimators. This
study paves the way for future research in creating more accurate estimators suitable for
a broad range of neutrosophic data and sampling techniques, including stratified ranked
set sampling, systematic sampling, and predictive methods in simple random sampling.
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