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Abstract 

Objective: This paper aims to introduce an algorithm designed for generating ran-
dom variates in situations characterized by uncertainty.
Method: The paper outlines the development of two distinct algorithms for pro-
ducing both minimum and maximum neutrosophic data based on the Weibull 
distribution.

Results: Through comprehensive simulations, the efficacy of these algorithms 
has been thoroughly assessed. The paper includes tables presenting neutrosophic 
random data and an in-depth analysis of how uncertainty impacts these values.

Conclusion: The study’s findings demonstrate a noteworthy correlation 
between the degree of uncertainty and the neutrosophic minimum and maximum 
data. As uncertainty intensifies, these values exhibit a tendency to decrease.

Keywords: Neutrosophic data, Classical statistics, Simulation, Weibull distribution, 
Indeterminacy

Introduction
Order statistics has been playing important role in many areas including quality control 
and inference. It is used in ordering the data and used to deal with the application of 
these ordered data and their related functions. In acceptance sampling plans, the order 
statistics is used to shorten the failure data and use to improve the robustness of sampling 
plans [15]. Evans et al. [9] applied the discrete random variable from order statistics in 
bootstrapping. Shi et al. [16] studied the application of correlated random variables from 
order statistics at-speed testing. Chen [5] discussed the use of order statistics in various 
statistical tests and in clinical studies. The order statistics is applied in statistical tests to 
give minimum variance unbiased estimators. Dytso et al. [8] discussed the application 
of order statistics in image denoising. Bhoj and Chandra [4] applied the order statistics 
for skewed distribution. More applications of order statistics can be seen in [1, 10, 12–
14, 20] discussed that the measurement quantities are not always imprecise. Classical 
statistics cannot be applied in the presence of imprecise data. Neutrosophic statistics 
is an extension of classical statistics and is applied when imprecise data is presented 
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[17]. Chen et al. [6, 7] discussed the methods to analyze the neutrosophic data. Aslam 
[3] proposed an algorithm to generate random variables from the DUS-neutrosophic 
Weibull distribution. Recently, Florentin [18] proved the efficiency of neutrosophic 
statistics over interval statistics and classical statistics. Jdid et  al. [11] presented 
generating the random variable method from the uniform distribution.

The existing order statistics methods cannot be applied when imprecise data is 
presented. According to the best of our knowledge, there is no work on order statistics 
under neutrosophic statistics. We will introduce neutrosophic order statistics first and 
then we will design algorithms to generate neutrosophic random numbers. In this paper, 
we will propose a generator to generate random numbers from neutrosophic statistics. 
We will present the algorithms to generate minimum neutrosophic data and maximum 
neutrosophic data from the Weibull distribution. The neutrosophic data will be presented 
for various measures of indeterminacy to see its effect on neutrosophic data. Based on 
the simulation study, it is expected the reduction in neutrosophic data as the degree of 
indeterminacy is increased.

Neutrosophic order statistics
Let xN = xL + xUIN ; IN ǫ[IL, IU ] and  nnN = nL + nUIN ; IN ǫ[IL, IU ] be neutrosophic 
random variable and neutrosophic sample size, respectively. Note that the first values 
in both neutrosophic forms present the determinate value (classical statistics) and the 
second values present the indeterminate part. Rearranging nnN neutrosophic sample in 
ascending order x(1N ), x(2N ), x(3N ), . . . , x(nN ) , where x(iN ) be the ith smaller value in nnN . 
Let yN presents ith neutrosophic shorted values from x(1N ), x(2N ), x(3N ), . . . , x(nN ) with the 
following neutrosophic probability density function (npdf):

Let yN be a minimum value of the data yN = min(x1N , x2N , x3N , . . . , xnN ) . The npdf of 
yN by following [19] is given by

The ncdf of yN is given by:

Suppose that wN be the maximum value of the data from NWD. By following [19], the 
npdf of wN = max(x1N , x2N , x3N , . . . , xnN ) is given by:

The ncdf of wN is given by:
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Algorithm to generate minimum neutrosophic value
From [2], the npdf of the neutrosophic Weibull distribution (NWD) is given by.

The neutrosophic cumulative distribution function (ncdf ) of the NWD is given by:

Let G
(

yN
)

= uN  and F
(

yN
)

= vN  in Eq. (4), we have

To generate the neutrosophic minimum data of nN  from xN  follows NWD, the 
following routine will be run:
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Fig. 1 Algorithm to generate minimum value
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Step-1: Generate a uniform random number between 0 and 1 that is uN ∼ U(0, 1).
Step-2: Specify IN  , α and β.
Step-3: Compute the values of vN  using Eq. (9).
Step-4: Use the inverse transform method, compute yN = F−1(vN )

Step-5: Return yN
The operational process to generate the minimum neutrosophic value is shown in 

Fig. 1.
The minimum neutrosophic values are generated using the above-mentioned algo-

rithm and are shown in Tables 1, 2, 3, 4 and 5. Tables 1, 2, 3, 4 and 5 present these val-
ues for various values of measure of indeterminacy IN   α, β and n . From Tables 1, 2, 3, 
4 and 5, it is clear for other same values, as IN  increases, we note the decreasing trend 

Table 1 Random variate when α = 0.5 , β = 0.5 and n = 15

UN IN

0 0.1 0.2 0.3 0.4

0.0773 0.0146 0.0118 0.0098 0.0083 0.0071

0.8613 0.0000 0.0000 0.0000 0.0000 0.0000

0.3816 0.0021 0.0017 0.0014 0.0012 0.0010

0.4204 0.0017 0.0014 0.0011 0.0010 0.0008

0.0935 0.0125 0.0102 0.0084 0.0071 0.0061

0.9264 0.0000 0.0000 0.0000 0.0000 0.0000

0.5284 0.0009 0.0007 0.0006 0.0005 0.0005

0.6094 0.0005 0.0004 0.0004 0.0003 0.0003

0.7484 0.0002 0.0002 0.0001 0.0001 0.0001

0.9964 0.0000 0.0000 0.0000 0.0000 0.0000

0.4339 0.0015 0.0013 0.0011 0.0009 0.0008

0.5091 0.0010 0.0008 0.0007 0.0006 0.0005

0.6839 0.0003 0.0003 0.0002 0.0002 0.0002

0.7206 0.0002 0.0002 0.0002 0.0001 0.0001

0.6002 0.0006 0.0005 0.0004 0.0003 0.0003

UN IN

0.5 0.6 0.7 0.8 0.9

0.0773 0.0061 0.0053 0.0047 0.0042 0.0037

0.8613 0.0000 0.0000 0.0000 0.0000 0.0000

0.3816 0.0009 0.0008 0.0007 0.0006 0.0006

0.4204 0.0007 0.0006 0.0006 0.0005 0.0004

0.0935 0.0053 0.0046 0.0040 0.0036 0.0032

0.9264 0.0000 0.0000 0.0000 0.0000 0.0000

0.5284 0.0004 0.0003 0.0003 0.0003 0.0002

0.6094 0.0002 0.0002 0.0002 0.0002 0.0001

0.7484 0.0001 0.0001 0.0001 0.0001 0.0001

0.9964 0.0000 0.0000 0.0000 0.0000 0.0000

0.4339 0.0007 0.0006 0.0005 0.0005 0.0004

0.5091 0.0004 0.0004 0.0003 0.0003 0.0003

0.6839 0.0001 0.0001 0.0001 0.0001 0.0001

0.7206 0.0001 0.0001 0.0001 0.0001 0.0001

0.6002 0.0003 0.0002 0.0002 0.0002 0.0002
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in minimum neutrosophic values. We also note that for other same parameters, when 
α increases, the values of minimum neutrosophic values are increased.

Comparative analyses of minimum neutrosophic values
As discussed before that neutrosophic statistics is an extension of classical statistics. 
Neutrosophic statistics reduces to classical statistics when IL = 0 . In this section, we 
will compare the results of minimum neutrosophic values with the minimum values 
obtained under classical statistics. The minimum values under classical statistics are 
shown in Tables  1, 2, 3, 4 and 5. Figure  2 shows the behavior of minimum neutro-
sophic values for exponential distribution (α = 1,β = 1) for various values of IN  . Fig-
ure 2 depicts that there is no specific trend in minimum neutrosophic values. But, it is 

Table 2 Random variate when α = 1 , β = 0.5 and n = 15

UN IN

0 0.1 0.2 0.3 0.4

0.0773 0.0291 0.0237 0.0196 0.0165 0.0141

0.8613 0.0001 0.0001 0.0001 0.0001 0.0001

0.3816 0.0041 0.0034 0.0028 0.0024 0.0021

0.4204 0.0033 0.0027 0.0023 0.0019 0.0017

0.0935 0.0250 0.0203 0.0169 0.0142 0.0122

0.9264 0.0000 0.0000 0.0000 0.0000 0.0000

0.5284 0.0018 0.0015 0.0012 0.0011 0.0009

0.6094 0.0011 0.0009 0.0008 0.0006 0.0006

0.7484 0.0004 0.0003 0.0003 0.0002 0.0002

0.9964 0.0000 0.0000 0.0000 0.0000 0.0000

0.4339 0.0031 0.0025 0.0021 0.0018 0.0016

0.5091 0.0020 0.0017 0.0014 0.0012 0.0010

0.6839 0.0006 0.0005 0.0004 0.0004 0.0003

0.7206 0.0005 0.0004 0.0003 0.0003 0.0002

0.6002 0.0012 0.0010 0.0008 0.0007 0.0006

UN IN

0.5 0.6 0.7 0.8 0.9

0.0773 0.0122 0.0107 0.0094 0.0083 0.0074

0.8613 0.0000 0.0000 0.0000 0.0000 0.0000

0.3816 0.0018 0.0016 0.0014 0.0012 0.0011

0.4204 0.0015 0.0013 0.0011 0.0010 0.0009

0.0935 0.0105 0.0092 0.0081 0.0072 0.0064

0.9264 0.0000 0.0000 0.0000 0.0000 0.0000

0.5284 0.0008 0.0007 0.0006 0.0005 0.0005

0.6094 0.0005 0.0004 0.0004 0.0003 0.0003

0.7484 0.0002 0.0001 0.0001 0.0001 0.0001

0.9964 0.0000 0.0000 0.0000 0.0000 0.0000

0.4339 0.0014 0.0012 0.0010 0.0009 0.0008

0.5091 0.0009 0.0008 0.0007 0.0006 0.0005

0.6839 0.0003 0.0002 0.0002 0.0002 0.0002

0.7206 0.0002 0.0002 0.0002 0.0001 0.0001

0.6002 0.0005 0.0004 0.0004 0.0004 0.0003
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interesting to be noted that the curve of minimum values from the exponential distri-
bution under classical statistics is higher than the other minimum neutrosophic val-
ues of IN > 0 . From this study, it is concluded that under uncertainty, the minimum 
random variate is smaller than the minimum random variate under classical statistics.

Effect of parameters on random variates

In this section, we will explore how the parameters of the Weibull distribution impact 
the generation of minimum random variate values. We present Tables 1, 2, 3, 4 and 5, 
each showcasing various combinations of α and β values. Specifically, Table 1 displays 
results for α=0.5, β=0.5, and n=15. Table  2 features data for α=1, β=0.5, and n=15. 
Table 3 presents results for α=1, β=1, and n=15. Additionally, Table 4 shows outcomes 

Table 3 Random variate when α = 1 , β = 1 and n = 15

UN IN

0 0.1 0.2 0.3 0.4

0.0773 0.1707 0.1539 0.1401 0.1286 0.1189

0.8613 0.0100 0.0090 0.0083 0.0076 0.0071

0.3816 0.0642 0.0582 0.0532 0.0490 0.0455

0.4204 0.0578 0.0524 0.0479 0.0441 0.0409

0.0935 0.1580 0.1426 0.1299 0.1193 0.1103

0.9264 0.0051 0.0046 0.0042 0.0039 0.0036

0.5284 0.0425 0.0386 0.0353 0.0325 0.0302

0.6094 0.0330 0.0300 0.0274 0.0253 0.0235

0.7484 0.0193 0.0175 0.0161 0.0148 0.0138

0.9964 0.0002 0.0002 0.0002 0.0002 0.0002

0.4339 0.0557 0.0505 0.0462 0.0425 0.0394

0.5091 0.0450 0.0408 0.0374 0.0344 0.0319

0.6839 0.0253 0.0230 0.0211 0.0194 0.0180

0.7206 0.0218 0.0198 0.0182 0.0168 0.0156

0.6002 0.0340 0.0309 0.0283 0.0261 0.0242

UN IN

0.5 0.6 0.7 0.8 0.9

0.0773 0.1105 0.1032 0.0968 0.0912 0.0862

0.8613 0.0066 0.0062 0.0058 0.0055 0.0052

0.3816 0.0424 0.0397 0.0373 0.0352 0.0333

0.4204 0.0381 0.0357 0.0336 0.0317 0.0300

0.0935 0.1025 0.0958 0.0899 0.0847 0.0800

0.9264 0.0034 0.0032 0.0030 0.0028 0.0027

0.5284 0.0281 0.0264 0.0248 0.0234 0.0222

0.6094 0.0219 0.0205 0.0193 0.0182 0.0172

0.7484 0.0128 0.0120 0.0113 0.0107 0.0101

0.9964 0.0002 0.0001 0.0001 0.0001 0.0001

0.4339 0.0368 0.0344 0.0324 0.0305 0.0289

0.5091 0.0298 0.0279 0.0262 0.0248 0.0234

0.6839 0.0168 0.0158 0.0148 0.0140 0.0133

0.7206 0.0145 0.0136 0.0128 0.0121 0.0114

0.6002 0.0226 0.0211 0.0199 0.0188 0.0178



Page 7 of 17Aslam  Journal of Big Data          (2023) 10:177  

for α=2, β=0.5, and n=15, while Table 5 reveals data for α=2, β=1, and n=15. To inves-
tigate how these parameters influence the generation of random variates, we introduce 
Figs. 3 and 4. Figure 3 is presented with α=0.5, 0.10, and β=0.5, shedding light on the 
effect of α on random variates while keeping β constant. Notably, Fig. 3 demonstrates an 
increasing trend in random variate values as α progresses from 0.5 to 1, for the same β 
value of 0.5. In Fig. 4, we examine the behavior of random variates when α remains the 
same but β varies. This figure showcases the impact of different β values (0.5 and 1.0) 
on random variates when α=2. It is evident from Fig. 4 that as β increases, the values 
of random variates also show an increase. Therefore, Fig. 4 illustrates the rising trend in 
random variates as β changes from 0.5 to 1 when α is set to 2.

Table 4 Random variate when α = 2 , β = 0.5 and n = 15

UN IN

0 0.1 0.2 0.3 0.4

0.0773 0.0583 0.0474 0.0393 0.0331 0.0283

0.8613 0.0002 0.0002 0.0001 0.0001 0.0001

0.3816 0.0083 0.0068 0.0057 0.0048 0.0041

0.4204 0.0067 0.0055 0.0046 0.0039 0.0033

0.0935 0.0499 0.0406 0.0337 0.0284 0.0243

0.9264 0.0001 0.0000 0.0000 0.0000 0.0000

0.5284 0.0036 0.0030 0.0025 0.0021 0.0018

0.6094 0.0022 0.0018 0.0015 0.0013 0.0011

0.7484 0.0007 0.0006 0.0005 0.0004 0.0004

0.9964 0.0000 0.0000 0.0000 0.0000 0.0000

0.4339 0.0062 0.0051 0.0043 0.0036 0.0031

0.5091 0.0041 0.0033 0.0028 0.0024 0.0020

0.6839 0.0013 0.0011 0.0009 0.0008 0.0007

0.7206 0.0010 0.0008 0.0007 0.0006 0.0005

0.6002 0.0023 0.0019 0.0016 0.0014 0.0012

UN IN

0.5 0.6 0.7 0.8 0.9

0.0773 0.0244 0.0213 0.0188 0.0166 0.0149

0.8613 0.0001 0.0001 0.0001 0.0001 0.0001

0.3816 0.0036 0.0031 0.0028 0.0025 0.0022

0.4204 0.0029 0.0026 0.0023 0.0020 0.0018

0.0935 0.0210 0.0184 0.0162 0.0143 0.0128

0.9264 0.0000 0.0000 0.0000 0.0000 0.0000

0.5284 0.0016 0.0014 0.0012 0.0011 0.0010

0.6094 0.0010 0.0008 0.0007 0.0007 0.0006

0.7484 0.0003 0.0003 0.0003 0.0002 0.0002

0.9964 0.0000 0.0000 0.0000 0.0000 0.0000

0.4339 0.0027 0.0024 0.0021 0.0019 0.0017

0.5091 0.0018 0.0016 0.0014 0.0012 0.0011

0.6839 0.0006 0.0005 0.0004 0.0004 0.0004

0.7206 0.0004 0.0004 0.0003 0.0003 0.0003

0.6002 0.0010 0.0009 0.0008 0.0007 0.0006
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Table 5 Random variate when α = 2 , β = 1 and n = 15

UN IN

0 0.1 0.2 0.3 0.4

0.0773 0.3414 0.3078 0.2803 0.2573 0.2378

0.8613 0.0199 0.0181 0.0166 0.0153 0.0142

0.3816 0.1285 0.1164 0.1065 0.0981 0.0909

0.4204 0.1155 0.1047 0.0958 0.0883 0.0818

0.0935 0.3160 0.2851 0.2598 0.2385 0.2205

0.9264 0.0102 0.0093 0.0085 0.0078 0.0073

0.5284 0.0850 0.0772 0.0706 0.0651 0.0604

0.6094 0.0660 0.0599 0.0549 0.0506 0.0470

0.7484 0.0386 0.0351 0.0321 0.0297 0.0275

0.9964 0.0005 0.0004 0.0004 0.0004 0.0003

0.4339 0.1113 0.1009 0.0923 0.0851 0.0789

0.5091 0.0900 0.0817 0.0747 0.0689 0.0639

0.6839 0.0507 0.0460 0.0421 0.0389 0.0361

0.7206 0.0437 0.0397 0.0363 0.0335 0.0311

0.6002 0.0681 0.0618 0.0566 0.0521 0.0484

UN IN

0.5 0.6 0.7 0.8 0.9

0.0773 0.2210 0.2064 0.1937 0.1824 0.1724

0.8613 0.0133 0.0124 0.0117 0.0110 0.0105

0.3816 0.0847 0.0793 0.0746 0.0703 0.0666

0.4204 0.0763 0.0714 0.0671 0.0634 0.0600

0.0935 0.2050 0.1916 0.1798 0.1694 0.1601

0.9264 0.0068 0.0064 0.0060 0.0057 0.0054

0.5284 0.0563 0.0527 0.0496 0.0468 0.0443

0.6094 0.0438 0.0410 0.0386 0.0364 0.0345

0.7484 0.0257 0.0241 0.0226 0.0214 0.0202

0.9964 0.0003 0.0003 0.0003 0.0003 0.0003

0.4339 0.0735 0.0688 0.0647 0.0611 0.0578

0.5091 0.0596 0.0558 0.0525 0.0495 0.0469

0.6839 0.0336 0.0315 0.0296 0.0280 0.0265

0.7206 0.0290 0.0272 0.0256 0.0242 0.0229

0.6002 0.0451 0.0423 0.0398 0.0375 0.0355
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Fig. 2 Minimum neutrosophic values for various IN
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Algorithm to generate maximum neutrosophic value
Let G(wN ) = uN  and F(wN ) = vN  in Eq. (4), we have

To generate the neutrosophic minimum data of nN from xN follows NWD, the 
following routine will be run:
Step-1: Generate a uniform random number between 0 and 1 that is uN ∼ U(0, 1).
Step-2: Specify IN , α and β.
Step-3: Compute the values of vN using Eq. (10).
Step-4: Use the inverse transform method, compute wN = F−1(vN )

Step-5: Return wN

(10)vN =

[

(uN )
1
nN

]

; nN ǫ[nL, nU ]
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The operational process to generate the maximum neutrosophic value is shown in 
Fig. 5.

The maximum neutrosophic values are generated using the above-mentioned 
algorithm and are shown in Tables 6, 7, 8, 9 and 10. Tables 6, 7, 8, 9 and 10 present these 
values for various values of measure of indeterminacy IN  α, β and n . From Tables 1, 2, 
3, 4 and 5, it is clear for other same values, as IN increases, we note the decreasing trend 
in maximum neutrosophic values. We also note that for other same parameters, when α 
increases, the values of maximum neutrosophic values are increased.

Comparative analyses of maximum neutrosophic values
As discussed before that neutrosophic statistics is an extension of classical statistics. 
Neutrosophic statistics reduces to classical statistics when IL = 0 . In this section, 
we will compare the results of maximum neutrosophic values with the maximum 
values obtained under classical statistics. The maximum values under classical sta-
tistics are shown in Tables 1, 2, 3, 4 and 5. Figure 6 shows the behavior of maximum 
neutrosophic values for exponential distribution (α = 1,β = 1) for various values of 
IN  . Figure  6 depicts that there is no specific trend in maximum neutrosophic val-
ues. But, it is interesting to be noted that the curve of maximum values from the 
exponential distribution under classical statistics is higher than the other maximum 

Fig. 5 Algorithm to generate maximum value
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neutrosophic values of IN > 0 . From this study, it is concluded that under uncer-
tainty, the maximum random variate is smaller than the maximum random variate 
under classical statistics.

Discussion
We have introduced algorithms designed to compute both the minimum and maximum 
values from a Weibull distribution. Random number generation plays a ubiquitous role 
in computing. Simulated data proves invaluable when obtaining the original data is chal-
lenging or impossible. Simulated data finds application across a multitude of fields, such 
as medical science, survey research, reliability analysis, machine learning, and computer 
science. However, the algorithms currently used in computer systems for generating 

Table 6 Maximum Random variate when α = 0.5 , β = 0.5 and n = 15

UN IN

0 0.1 0.2 0.3 0.4

0.0773 1.7152 1.0576 0.7352 0.5467 0.4249

0.8613 10.6475 2.6529 1.5198 1.0280 0.7544

0.3816 3.8565 1.8320 1.1566 0.8165 0.6141

0.4204 4.1475 1.9059 1.1926 0.8383 0.6288

0.0935 1.8491 1.1207 0.7728 0.5719 0.4430

0.9264 13.9491 2.7573 1.5605 1.0506 0.7690

0.5284 5.0528 2.1009 1.2843 0.8930 0.6656

0.6094 5.8724 2.2400 1.3469 0.9296 0.6899

0.7484 7.8265 2.4705 1.4457 0.9863 0.7273

0.9964 34.7769 2.8692 1.6031 1.0739 0.7840

0.4339 4.2520 1.9310 1.2046 0.8456 0.6337

0.5091 4.8776 2.0669 1.2686 0.8837 0.6594

0.6839 6.8018 2.3645 1.4010 0.9608 0.7106

0.7206 7.3523 2.4250 1.4266 0.9755 0.7202

0.6002 5.7713 2.2245 1.3400 0.9256 0.6873

UN IN

0.5 0.6 0.7 0.8 0.9

0.0773 0.3409 0.2801 0.2347 0.1996 0.1720

0.8613 0.5821 0.4651 0.3813 0.3189 0.2710

0.3816 0.4815 0.3891 0.3217 0.2709 0.2315

0.4204 0.4922 0.3973 0.3282 0.2761 0.2358

0.0935 0.3546 0.2910 0.2434 0.2068 0.1780

0.9264 0.5924 0.4728 0.3873 0.3237 0.2750

0.5284 0.5188 0.4175 0.3441 0.2890 0.2464

0.6094 0.5363 0.4307 0.3544 0.2973 0.2533

0.7484 0.5629 0.4507 0.3701 0.3099 0.2637

0.9964 0.6030 0.4806 0.3934 0.3286 0.2790

0.4339 0.4958 0.4000 0.3303 0.2778 0.2372

0.5091 0.5144 0.4141 0.3414 0.2868 0.2446

0.6839 0.5510 0.4418 0.3631 0.3043 0.2591

0.7206 0.5579 0.4469 0.3671 0.3075 0.2617

0.6002 0.5344 0.4293 0.3533 0.2964 0.2526
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simulated data often overlook the consideration of the measure of indeterminacy in gen-
erating random variates. The adoption of our proposed algorithms allows for the genera-
tion of minimum and maximum values from the Weibull distribution under conditions 
of uncertainty.

Concluding remarks
New algorithms to generate minimum and maximum neutrosophic data were gen-
erated using the Weibull distribution in the paper. The neutrosophic random vari-
ate was presented for various values of shape and scale parameters of the Weibull 

Table 7 Maximum Random variate when α = 1 , β = 0.5 and n =  15

UN IN

0 0.1 0.2 0.3 0.4

0.0773 3.4304 2.1152 1.4704 1.0934 0.8498

0.8613 21.2951 5.3059 3.0395 2.0559 1.5087

0.3816 7.7129 3.6640 2.3132 1.6330 1.2281

0.4204 8.2949 3.8118 2.3852 1.6766 1.2577

0.0935 3.6983 2.2413 1.5455 1.1437 0.8861

0.9264 27.8983 5.5146 3.1211 2.1012 1.5379

0.5284 10.1055 4.2019 2.5685 1.7859 1.3311

0.6094 11.7447 4.4801 2.6937 1.8592 1.3799

0.7484 15.6529 4.9410 2.8914 1.9727 1.4545

0.9964 69.5538 5.7385 3.2061 2.1478 1.5679

0.4339 8.5041 3.8620 2.4093 1.6911 1.2675

0.5091 9.7552 4.1338 2.5372 1.7674 1.3188

0.6839 13.6036 4.7290 2.8020 1.9217 1.4211

0.7206 14.7046 4.8499 2.8533 1.9510 1.4404

0.6002 11.5426 4.4490 2.6800 1.8512 1.3746

UN IN

0.5 0.6 0.7 0.8 0.9

0.0773 0.6818 0.5603 0.4693 0.3992 0.3440

0.8613 1.1642 0.9302 0.7626 0.6378 0.5421

0.3816 0.9630 0.7782 0.6435 0.5418 0.4629

0.4204 0.9845 0.7946 0.6564 0.5522 0.4716

0.0935 0.7093 0.5819 0.4868 0.4136 0.3561

0.9264 1.1848 0.9455 0.7745 0.6474 0.5499

0.5284 1.0376 0.8349 0.6881 0.5779 0.4928

0.6094 1.0726 0.8614 0.7089 0.5946 0.5066

0.7484 1.1259 0.9014 0.7402 0.6198 0.5273

0.9964 1.2059 0.9612 0.7867 0.6571 0.5579

0.4339 0.9916 0.8000 0.6607 0.5557 0.4744

0.5091 1.0287 0.8282 0.6828 0.5736 0.4893

0.6839 1.1021 0.8836 0.7262 0.6086 0.5181

0.7206 1.1158 0.8939 0.7343 0.6151 0.5234

0.6002 1.0688 0.8585 0.7066 0.5928 0.5051
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distribution. From the study, it was observed that the measure of indeterminacy 
affected the random variate significantly. From the tables, it was noted that as the 
measure of indeterminacy increases, the minimum and maximum values of neutro-
sophic data decrease. The neutrosophic data presented in the paper can be applied 
where it is difficult to record the original data under complexity. The algorithms we’ve 
proposed for various statistical distributions hold promise for future research appli-
cations. Furthermore, there is potential for future research to delve into the develop-
ment of statistical tests tailored to fit neutrosophic ordered statistics. Additionally, 

Table 8 Maximum Random variate when α = 1 , β = 1 and n = 15

UN IN

0 0.1 0.2 0.3 0.4

0.0773 1.8521 1.4544 1.2126 1.0457 0.9218

0.8613 4.6147 2.3034 1.7434 1.4339 1.2283

0.3816 2.7772 1.9142 1.5209 1.2779 1.1082

0.4204 2.8801 1.9524 1.5444 1.2948 1.1215

0.0935 1.9231 1.4971 1.2432 1.0695 0.9413

0.9264 5.2819 2.3483 1.7667 1.4495 1.2401

0.5284 3.1789 2.0498 1.6027 1.3364 1.1538

0.6094 3.4271 2.1166 1.6413 1.3635 1.1747

0.7484 3.9564 2.2228 1.7004 1.4045 1.2060

0.9964 8.3399 2.3955 1.7906 1.4655 1.2522

0.4339 2.9162 1.9652 1.5522 1.3004 1.1258

0.5091 3.1233 2.0332 1.5929 1.3294 1.1484

0.6839 3.6883 2.1746 1.6739 1.3863 1.1921

0.7206 3.8347 2.2023 1.6892 1.3968 1.2002

0.6002 3.3974 2.1093 1.6371 1.3606 1.1724

UN IN

0.5 0.6 0.7 0.8 0.9

0.0773 0.8257 0.7485 0.6851 0.6318 0.5865

0.8613 1.0790 0.9645 0.8733 0.7986 0.7363

0.3816 0.9813 0.8822 0.8022 0.7360 0.6804

0.4204 0.9922 0.8914 0.8102 0.7431 0.6867

0.0935 0.8422 0.7628 0.6977 0.6431 0.5967

0.9264 1.0885 0.9724 0.8801 0.8046 0.7416

0.5284 1.0186 0.9137 0.8295 0.7602 0.7020

0.6094 1.0357 0.9281 0.8419 0.7711 0.7118

0.7484 1.0611 0.9494 0.8603 0.7873 0.7262

0.9964 1.0981 0.9804 0.8870 0.8106 0.7469

0.4339 0.9958 0.8944 0.8128 0.7454 0.6888

0.5091 1.0143 0.9100 0.8263 0.7574 0.6995

0.6839 1.0498 0.9400 0.8522 0.7801 0.7198

0.7206 1.0563 0.9454 0.8569 0.7843 0.7235

0.6002 1.0338 0.9266 0.8406 0.7700 0.7107
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Table 9 Maximum Random variate when α = 2 , β = 0.5 and n = 15

UN IN

0 0.1 0.2 0.3 0.4

0.0773 6.8609 4.2304 2.9409 2.1868 1.6996

0.8613 42.5902 10.6117 6.0790 4.1119 3.0174

0.3816 15.4259 7.3281 4.6264 3.2660 2.4562

0.4204 16.5899 7.6236 4.7703 3.3531 2.5153

0.0935 7.3966 4.4827 3.0911 2.2875 1.7722

0.9264 55.7965 11.0292 6.2422 4.2023 3.0759

0.5284 20.2111 8.4037 5.1371 3.5719 2.6623

0.6094 23.4895 8.9601 5.3875 3.7184 2.7598

0.7484 31.3058 9.8820 5.7827 3.9453 2.9091

0.9964 139.1075 11.4769 6.4123 4.2956 3.1358

0.4339 17.0081 7.7240 4.8186 3.3822 2.5349

0.5091 19.5104 8.2676 5.0744 3.5349 2.6376

0.6839 27.2072 9.4581 5.6040 3.8434 2.8422

0.7206 29.4093 9.6999 5.7066 3.9020 2.8807

0.6002 23.0852 8.8981 5.3600 3.7025 2.7492

UN IN

0.5 0.6 0.7 0.8 0.9

0.0773 1.3635 1.1206 0.9386 0.7984 0.6880

0.8613 2.3285 1.8603 1.5251 1.2756 1.0842

0.3816 1.9261 1.5565 1.2869 1.0835 0.9258

0.4204 1.9690 1.5892 1.3128 1.1045 0.9432

0.0935 1.4185 1.1638 0.9735 0.8272 0.7122

0.9264 2.3697 1.8911 1.5490 1.2948 1.0999

0.5284 2.0752 1.6699 1.3762 1.1558 0.9856

0.6094 2.1452 1.7228 1.4177 1.1893 1.0132

0.7484 2.2517 1.8029 1.4804 1.2397 1.0547

0.9964 2.4118 1.9225 1.5734 1.3142 1.1159

0.4339 1.9832 1.6000 1.3213 1.1114 0.9489

0.5091 2.0574 1.6564 1.3656 1.1472 0.9785

0.6839 2.2041 1.7671 1.4525 1.2172 1.0362

0.7206 2.2316 1.7877 1.4686 1.2302 1.0469

0.6002 2.1376 1.7170 1.4133 1.1857 1.0102
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Table 10 Maximum Random variate when α = 2 , β = 1 and n = 15

UN IN

0 0.1 0.2 0.3 0.4

0.0773 3.7043 2.9088 2.4252 2.0913 1.8437

0.8613 9.2293 4.6069 3.4868 2.8677 2.4566

0.3816 5.5544 3.8283 3.0419 2.5558 2.2164

0.4204 5.7602 3.9048 3.0888 2.5896 2.2429

0.0935 3.8462 2.9942 2.4864 2.1389 1.8827

0.9264 10.5638 4.6966 3.5333 2.8991 2.4803

0.5284 6.3578 4.0997 3.2053 2.6728 2.3075

0.6094 6.8541 4.2332 3.2825 2.7271 2.3494

0.7484 7.9128 4.4457 3.4008 2.8090 2.4121

0.9964 16.6798 4.7910 3.5811 2.9311 2.5043

0.4339 5.8323 3.9304 3.1044 2.6009 2.2516

0.5091 6.2467 4.0664 3.1857 2.6589 2.2968

0.6839 7.3766 4.3493 3.3478 2.7725 2.3842

0.7206 7.6693 4.4045 3.3783 2.7936 2.4003

0.6002 6.7949 4.2185 3.2741 2.7212 2.3449

UN IN

0.5 0.6 0.7 0.8 0.9

0.0773 1.6514 1.4971 1.3701 1.2637 1.1730

0.8613 2.1580 1.9289 1.7465 1.5972 1.4725

0.3816 1.9627 1.7643 1.6043 1.4721 1.3608

0.4204 1.9844 1.7828 1.6203 1.4862 1.3734

0.0935 1.6844 1.5257 1.3954 1.2863 1.1935

0.9264 2.1770 1.9448 1.7601 1.6092 1.4832

0.5284 2.0373 1.8275 1.6591 1.5204 1.4040

0.6094 2.0713 1.8562 1.6839 1.5423 1.4235

0.7484 2.1221 1.8989 1.7207 1.5746 1.4524

0.9964 2.1963 1.9609 1.7739 1.6213 1.4939

0.4339 1.9916 1.7889 1.6256 1.4909 1.3776

0.5091 2.0285 1.8201 1.6527 1.5148 1.3989

0.6839 2.0996 1.8800 1.7044 1.5603 1.4396

0.7206 2.1126 1.8909 1.7138 1.5686 1.4470

0.6002 2.0677 1.8531 1.6812 1.5399 1.4214
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the exploration of computer software for generating random variates through our 
proposed methodology stands as a viable avenue for future research.
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