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Abstract: The classical discrete uniform distribution and traditional algorithms for it are not suitable for uncertain
environments and do not account for the degree of indeterminacy. To address these gaps, the paper first introduces
the Neutrosophic Discrete Uniform Distribution (NDUD) along with its basic properties. Two algorithms are then
developed using this distribution by incorporating the degree of indeterminacy. These algorithms can generate data from
the discrete uniform distribution while considering different levels of indeterminacy, enabling them to handle imprecise
data effectively. Importantly, they also extend the scope of classical statistical algorithms. Simulation studies show that
the level of indeterminacy has a significant effect on data generation, and we recommend using these algorithms for
generating data in complex or uncertain environments.
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1. Introduction
The discrete uniform distribution finds widespread application in Monte Carlo simulations, particularly in scenarios

requiring extensive simulations. This distribution serves as a fundamental source for generating random data, playing a
pivotal role in determining the probabilities associated with various outcomes during simulations. Specifically tailored for
count data, the discrete uniform distribution’s significance is underscored in the generation of random data sets. Çalik et
al. [1] delved into expected values by utilizing order statistics derived from the discrete uniform distribution. Lumbroso
[2] introduced a methodology for generating discrete uniform data employing coin flipping techniques. Papatsouma,
et al. [3] contributed to the field by presenting a goodness-of-fit test for the discrete uniform distribution. Alrumayh
et al. [4] extended the application of discrete distributions to overspread and non-normal data. Lei [5] proposed an
algorithm for generating discrete uniform data, specifically addressing scenarios where a biased random source is available.
Additionally, various other applications of discrete distributions have been explored by Mattner et al. [6], Comoglio et
al. [7], Roychowdhury [8], and Pepelyshev et al. [9]. These studies collectively highlight the versatile and essential role
played by the discrete uniform distribution in diverse fields. Noori et al. [10] presented a review on some extensions of
the Weibull distribution. Sarwar et al. [11] worked on the extended version of Jamal-Chris-Abbas (JCA) distribution with
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application. Idrees et al. [12] worked on the extended version of exponentiated exponential distribution using the quantile
of the distribution.

Smarandache [13] introduced the concept of neutrosophic statistics as a valuable tool for analyzing imprecise, fuzzy,
and interval data. Neutrosophic statistics incorporates an additional parameter known as the degree of indeterminacy, a
factor overlooked in classical statistics analysis. The inclusion of this parameter enhances the efficiency of neutrosophic
statistics compared to classical statistics, as demonstrated in studies by Chen et al. [14] and Chen et al. [15]. Alhabib et
al. [16] worked some probability distributions under neutrosophic statistics. Duan et al. [17] worked on the exponential
distribution under the neutrosophic statistics with application. Khan et al. [18] proposed neutrosophic gamma distribution
for complex data analysis. Highlighting the superior performance of neutrosophic statistics over interval statistics,
Florentin Smarandache [19] provided compelling examples to underscore its efficacy. Granados [20] explored several
discrete distributions using the neutrosophic random variable, while Granados et al. [21] presented various statistical
distributions under the framework of neutrosophic statistics. Furthermore, researchers such as Guo et al. [22], Garg et al.
[23], Aslam et al. [24] have contributed by presenting algorithms designed for different scenarios, leveraging the power
of neutrosophic statistics. These diverse studies collectively underscore the versatility and effectiveness of neutrosophic
statistics across various statistical analyses and applications. Aslam et al. [25] presented the data generation method using
the neutrosophic geometric distribution. El-latif et al. [26] proposed the inverse Rayleigh distribution using the idea of
the neutrosophic statistics.

A review of the existing literature shows that the discrete uniform distribution has been widely applied inMonte Carlo
simulation. The current uniform distribution and its algorithms cannot be used in uncertain environments that involve a
degree of indeterminacy. However, there is a clear gap, as no studies have explored the discrete uniform distribution
within the framework of neutrosophic statistics or developed algorithms to generate data under this setting. This paper
addresses these gaps by introducing the discrete uniform distribution under conditions of indeterminacy and presenting two
algorithms for simulating data. Each algorithm is designed to generate discrete uniform data while incorporating different
degrees of indeterminacy. The presentation of extensive data will offer insights into how the degree of indeterminacy
influences the generation of discrete uniform data. The findings of this study will advocate for the integration of the
proposed algorithms into computer software, emphasizing the importance of updating existing systems to enhance their
capability in handling indeterminate scenarios efficiently.

2. Preliminaries
Let XN = XL +XLIN be a neutrosophic random variable, where XL denotes the lower value of random variable and is

known as the variable under classical statistics. The second part XLIN shows the indeterminate part and IN be the degree
of indeterminacy. As mentioned in Granados [20] that IN .0 = 0 and I2

N = I, it is In
N = I for all positive integers n when

INε[0,1]. Suppose that XL has the mean µ and variance σ2. By following Aslam [27], the expected value of neutrosophic
random variable is given by

E (XN) = E (XL)+E (XL) IN = (1+ IN)E (XL) = (1+ IN)µ. (1)

The variance value of neutrosophic random variable is given by

Var (XN) =Var (XL)+ I2
NVar (XL) = σ2 + I2

Nσ2
= (1+ IN)

2 σ2. (2)

The more properties of the expected value of neutrosophic random variable XN are stated as
1.
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E (aXN +b+ cI) = aE (XN)+b+ cI; a, b, c ∈ R,= a(1+ IN)µ +b+ cI, (3)

where R is set of real numbers.
Here a, b and c are constants.
2. If XN and YN are two neutrosophic random variables, then

E (XN ±YN) = E (XN)±E (YN) = (1+ IN)µ +(1+ IN)µ = 2(1+ IN)µ. (4)

3.

E (XNYN) = E (XN)E (YN) = (1+ IN)
2 µ2. (5)

The more properties of the variance of neutrosophic random variable XN are stated as
1.

Var(aXN +b+ cI) = a2 Var(XN) ; a, b, c ∈ R= a2 (1+ IN)
2 σ2. (6)

2.

Var(aXN +b) = a2 Var(XN) = a2 (1+ IN)
2 σ2. (7)

3. Neutrosophic Discrete Uniform Distribution (NDUD)
The existing discrete distribution assumes that each outcome has an exact probability. However, in practice, due to

complexity, outcomes do not always provide precise probabilities, making the traditional discrete distribution unsuitable.
Therefore, it is necessary to modify the existing discrete distribution to account for and quantify the degree of uncertainty.
Suppose that X1N = X1 +X1IN , X2N = X2 +X2IN , . . . , XnN = Xn +XnIN be a neutrosophic random variable of size n.
Suppose that XiN (i = 1, 2, 3, .., n) follow the NDUD. Note that INε [IL, IU ] denotes the degree of indeterminacy and the
proposed neutrosophic random variable reduces to random under classical statistics having mean µ and variance σ2 when
IL = 0. We define the Neutrosophic Probability Mass Function (NPMF) with parameters a (lower bound) and b (upper
bound) and derived some basic properties for NDUD that are expressed as follows

fN (XN) =
1

(1+ IN)(b−a+1)
; INε [IL, IU ]

XN = (1+ IN) , 2(1+ IN) , . . . , N (1+ IN) .

(8)

We have that it is probability mass function as
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N(1+IN)

∑
XN=(1+IN)

1
(1+ IN)N

=
(1+ IN)N
(1+ IN)N

= 1, (9)

where N = b−a+1.
Note that npmf in Eq. (7) reduces to discrete uniform distribution under classical statistics if IL = 0. The mean of

neutrosophic random variable XiN (i = 1, 2, 3, .., n) is given by

E (XiN) =
(a+b)

2(1+ IN)
; INε [IL, IU ] . (10)

The variance of neutrosophic random variable XiN (i = 1, 2, 3, .., n) is given by

Var (XiN) =

[(
N2 −1

)
+2(N +1)(2N +1)IN

]
12(1+ IN)

2 , (11)

where N = b−a+1. It is important to note that the proposed distribution, as well as its mean and variance, simplify to
the classical statistical forms when there is no uncertainty.

4. Algorithm 1 for NDUD

Figure 1. The flowchart of the proposed Algorithm 1
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In this section, we outline the algorithm for generating neutrosophic data from NDUD. The proposed algorithm
is the extension of the algorithm mentioned in Thomopoulos [28]. The proposed algorithm will become the algorithm
mentioned in Thomopoulos [28] when IL = 0. The routine to simulate the neutrosophic data from NDUD will be stated
as by following Mohamad and Kahleel [29].

Step-1: Pre-specify the degree of indeterminacy, IN .
Step-2: Generate a uniform random number u from 0 to 1.
Step-3: Generate random variate XN = ceiling [{[(a−1)+u(b−a+1)]}(1+ IN)], where ceiling function in excel

is used to round numbers up.
Step-4: Return XN .
The proposed Algorithm 1 is also shown in Figure 1.

5. Simulation using Algorithm 1
In the current investigation, we conducted a simulation study utilizing Algorithm 1 to generate data from NDUD.

The generation of data involved fixing various values of IN , a, and b. Tables 1-4 showcase the results obtained through
the application of Algorithm 1. Specifically, Table 1 displays outcomes for a = 10 and b = 20, while Table 2 exhibits
results for a = 10 and b = 30. Furthermore, Table 3 is presented for a = 10 and b = 40, and Table 4 corresponds to a = 20
and b = 40. Tables 1-3 were generated by keeping the value of a constant while allowing b varying from 20 to 40. Table
4, on the other hand, showcases outcomes when the value of changes while b remains fixed. A notable observation from
Tables 1-4 is the increasing trend in data as the values of IN are elevated. For instance, in Table 1, the random variate
registers a value of 19 at IN = 0.1 and increases to 21 at IN = 0.2. Additionally, a discernible upward trend in random
variate values is observed as the parameter b increases, with a fixed value of a. For example, at a = 10 and b = 20, the
random variate is 21 when IN = 0.2, whereas at a = 10 and b = 30, the corresponding value is 29. The trends in random
variates corresponding to varying degrees of indeterminacy are visually represented in Figure 2, highlighting an increase
in data as the degree of indeterminacy rises. Figure 3 illustrates the behavior of random variates with increasing values of
b while keeping other parameters constant. Both figures indicate a consistent upward trend in the data, emphasizing the
influence of increased indeterminacy and changing b values on the generated data. To assess the validity of the results
based on the simulated data, we computed the mean and variance using both the simulated data from Algorithm 1 and
the properties of the proposed uniform distribution. For illustration, we considered the simulated data from Table 1 with
parameters a = 10, b = 20 and IN = 0. The simulated mean and variance were 14 and 12, respectively, which are consistent
with the theoretical values of 14 and 12 obtained from the properties of the proposed distribution. Similarly, when using
the parameters a = 10, b = 20 and IN = 0.1, the simulated mean and variance were 15 and 14, while the corresponding
theoretical values were 14 and 12. This analysis demonstrates that the results obtained from the simulated data are quite
similar to those derived from the mean and variance of the proposed neutrosophic distribution.
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Table 1. Random variates when a = 10, b = 20

IN = 0 IN = 0.1 IN = 0.2 IN = 0.3 IN = 0.4 IN = 0.5 IN = 0.6 IN = 0.7 IN = 0.8 IN = 0.9 IN = 1

17 19 21 22 24 26 27 29 31 33 34
11 12 14 15 16 17 18 19 20 21 22
20 22 24 26 28 30 32 34 36 38 40
11 12 13 14 15 16 17 18 19 20 21
19 21 22 24 26 28 30 31 33 35 37
18 20 21 23 25 26 28 30 32 33 35
18 20 22 23 25 27 29 31 32 34 36
15 17 18 20 21 23 24 26 27 29 30
11 12 13 14 15 16 17 18 19 20 21
15 17 18 20 21 23 24 26 27 29 30
10 11 11 12 13 14 15 16 17 18 19
19 20 22 24 26 28 29 31 33 35 37
19 21 23 25 27 28 30 32 34 36 38
20 22 24 26 28 30 32 34 36 38 40
18 20 22 24 26 27 29 31 33 34 36

Table 2. Random variates when a = 10, b = 30

IN = 0 IN = 0.1 IN = 0.2 IN = 0.3 IN = 0.4 IN = 0.5 IN = 0.6 IN = 0.7 IN = 0.8 IN = 0.9 IN = 1

24 27 29 32 34 36 39 41 44 46 48
13 14 16 17 18 19 21 22 23 24 26
30 33 36 39 41 44 47 50 53 56 59
12 13 14 15 16 17 18 20 21 22 23
27 30 32 35 38 40 43 46 48 51 54
25 28 30 33 35 38 40 43 45 48 50
26 29 31 34 36 39 41 44 47 49 52
21 23 25 27 29 31 33 35 37 39 41
12 14 15 16 17 18 19 21 22 23 24
21 23 25 27 29 31 33 35 37 39 41
10 11 12 13 13 14 15 16 17 18 19
27 29 32 35 37 40 42 45 48 50 53
28 31 33 36 39 41 44 47 50 52 55
30 33 35 38 41 44 47 50 53 56 59
26 29 32 34 37 39 42 45 47 50 52
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Table 3. Random variates when a = 10, b = 40

IN = 0 IN = 0.1 IN = 0.2 IN = 0.3 IN = 0.4 IN = 0.5 IN = 0.6 IN = 0.7 IN = 0.8 IN = 0.9 IN = 1

32 35 38 41 44 47 50 53 57 60 63
15 16 18 19 21 22 23 25 26 28 29
39 43 47 51 55 59 63 67 71 74 78
13 14 15 16 18 19 20 21 23 24 25
35 39 42 46 49 53 56 60 63 67 70
33 36 39 43 46 49 52 56 59 62 65
34 37 41 44 47 51 54 57 61 64 67
26 29 31 34 36 39 41 44 46 49 51
14 15 16 18 19 20 22 23 24 26 27
26 28 31 33 36 38 41 43 46 49 51
10 11 12 13 14 15 16 16 17 18 19
35 38 42 45 49 52 56 59 62 66 69
36 40 44 47 51 54 58 62 65 69 72
39 43 47 51 55 59 62 66 70 74 78
35 38 41 45 48 52 55 58 62 65 69

Table 4. Random variates when a = 20, b = 40

IN = 0 IN = 0.1 IN = 0.2 IN = 0.3 IN = 0.4 IN = 0.5 IN = 0.6 IN = 0.7 IN = 0.8 IN = 0.9 IN = 1

34 38 41 45 48 51 55 58 62 65 68
23 25 28 30 32 34 37 39 41 43 46
40 44 48 52 55 59 63 67 71 75 79
22 24 26 28 30 32 34 37 39 41 43
37 41 44 48 52 55 59 63 66 70 74
35 39 42 46 49 53 56 60 63 67 70
36 40 43 47 50 54 57 61 65 68 72
31 34 37 40 43 46 49 52 55 58 61
22 25 27 29 31 33 35 38 40 42 44
31 34 37 40 43 46 49 52 55 58 61
20 22 24 26 27 29 31 33 35 37 39
37 40 44 48 51 55 58 62 66 69 73
38 42 45 49 53 56 60 64 68 71 75
40 44 47 51 55 59 63 67 71 75 79
36 40 44 47 51 54 58 62 65 69 72
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Figure 2. Random variates coves when a = 10, b = 20

Figure 3. Random variates coves when b changes

6. Algorithm 2 for NDUD
In this section, we will design another algorithm to generate neutrosophic data from NDUD. The proposed algorithm

will be developed using inverse probability transformation. The proposed algorithm will be the extension of the algorithm
using the classical statistics. The proposed algorithm will become the algorithm under the classical statistics when IL = 0.
The routine to simulate the neutrosophic data from NDUD using inverse probability transformation will be stated as

Step-1: Specify the degree of indeterminacy IN .
Step-2: Generate a uniform random number u from 0 to 1.
Step-3: Generate random variate XN = ceiling [{[u(b−a+1)]+1}(1+ IN)].
Step-4: Return XN .
The proposed Algorithm 2 is also shown in Figure 4.
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Figure 4. The flowchart of the proposed Algorithm 2

7. Simulation using Algorithm 2
In this ongoing investigation, we executed a simulation study utilizing Algorithm 2 to generate data from NDUD.

The data generation process involved maintaining fixed values for IN , a, and b. Tables 5-8 present the outcomes derived
from the application of Algorithm 2. Specifically, Table 5 showcases results for a=10 and b = 20, while Table 6 exhibits
outcomes for a = 10 and b = 30. Furthermore, Table 7 is presented for a = 10 and b = 40, and Table 8 corresponds to a = 20
and b = 40. Tables 5-8 were generated by keeping the value of a constant while allowing b to vary from 20 to 40. Table 5,
on the other hand, illustrates outcomes when the value of IN changes while b remains fixed. A notable observation from
Tables 5-8 is the consistent upward trend in data as the values of IN are increased. For example, in Table 5, the random
variate registers a value of 10 at IN = 0.1 and increases to 14 at IN = 0.5. Additionally, a discernible upward trend in random
variate values is noted as the parameter b increases, with a fixed value of a. For instance, at a = 10 and b = 20, the random
variate is 11 when IN = 0.2, whereas at a = 10 and b = 30, the corresponding value is 20. Visual representations of the trends
in random variates corresponding to varying degrees of indeterminacy are illustrated in Figure 5, highlighting an increase
in data as the degree of indeterminacy rises. Figure 6 portrays the behavior of random variates with increasing values of
b while keeping other parameters constant. Both figures underscore a consistent upward trend in the data, emphasizing
the impact of increased indeterminacy and changing b values on the generated data. To assess the validity of the results
based on the simulated data, we computed the mean and variance using both the simulated data from Algorithm 2 and
the properties of the proposed uniform distribution. For illustration, we considered the simulated data from Table 5 with
parameters a = 10, b = 20 and IN = 0. The simulated mean and variance were 14 and 12, respectively, while the theoretical
values from the distribution properties were 7 and 10. Similarly, with parameters a = 10, b = 20 and IN = 0.1, the simulated
mean and variance were 7 and 14, compared to theoretical values of 14 and 12. This analysis indicates that the results
obtained from Algorithm 2 are not consistent with the theoretical values. Therefore, data generated using this algorithm
should be used with caution, and increasing the sample size may help achieve closer agreement between the simulation
results and the theoretical properties of the mean and variance.
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Table 5. Random variates when a = 10, b = 20

IN = 0 IN = 0.1 IN = 0.2 IN = 0.3 IN = 0.4 IN = 0.5 IN = 0.6 IN = 0.7 IN = 0.8 IN = 0.9 IN = 1

9 10 11 12 13 14 15 16 16 17 18
3 4 4 4 5 5 5 5 6 6 6
12 13 14 16 17 18 19 20 21 23 24
3 3 3 3 4 4 4 4 4 5 5
11 12 13 14 15 16 17 18 19 20 21
10 11 12 13 14 14 15 16 17 18 19
10 11 12 13 14 15 16 17 18 19 20
7 8 9 9 10 11 11 12 13 14 14
3 3 3 4 4 4 4 5 5 5 5
7 8 9 9 10 11 11 12 13 13 14
2 2 2 2 2 2 2 2 3 3 3
11 12 13 14 15 16 17 18 19 20 21
11 12 13 14 15 16 17 18 20 21 22
12 13 14 16 17 18 19 20 21 22 24
10 11 12 13 14 15 16 17 18 19 20

Table 6. Random variates when a = 10, b = 30

IN = 0 IN = 0.1 IN = 0.2 IN = 0.3 IN = 0.4 IN = 0.5 IN = 0.6 IN = 0.7 IN = 0.8 IN = 0.9 IN = 1

16 18 20 21 23 24 26 28 29 31 32
5 6 6 6 7 7 8 8 9 9 10
22 24 26 28 30 32 35 37 39 41 43
4 4 4 5 5 5 6 6 6 7 7
19 21 23 25 26 28 30 32 34 36 38
17 19 21 22 24 26 27 29 31 32 34
18 20 22 23 25 27 29 30 32 34 36
13 14 15 16 18 19 20 21 22 24 25
4 5 5 6 6 6 7 7 7 8 8
13 14 15 16 17 19 20 21 22 23 25
2 2 2 2 2 2 3 3 3 3 3
19 21 22 24 26 28 30 31 33 35 37
20 22 24 26 27 29 31 33 35 37 39
22 24 26 28 30 32 34 36 39 41 43
18 20 22 24 26 27 29 31 33 35 36
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Table 7. Random variates when a = 10, b = 40

IN = 0 IN = 0.1 IN = 0.2 IN = 0.3 IN = 0.4 IN = 0.5 IN = 0.6 IN = 0.7 IN = 0.8 IN = 0.9 IN = 1

24 26 28 31 33 35 38 40 42 44 47
7 7 8 9 9 10 11 11 12 12 13
31 34 38 41 44 47 50 53 56 59 62
5 5 6 6 7 7 7 8 8 9 9
27 30 33 36 38 41 44 46 49 52 54
25 27 30 32 35 37 39 42 44 47 49
26 29 31 34 36 39 41 44 46 49 51
18 20 21 23 25 27 28 30 32 34 35
6 6 7 7 8 8 9 9 10 10 11
18 20 21 23 25 26 28 30 32 33 35
2 2 2 2 2 3 3 3 3 3 3
27 30 32 35 37 40 43 45 48 51 53
28 31 34 37 40 42 45 48 51 54 56
31 34 37 40 43 47 50 53 56 59 62
27 29 32 34 37 40 42 45 47 50 53

Table 8. Random variates when a = 20, b = 40

IN = 0 IN = 0.1 IN = 0.2 IN = 0.3 IN = 0.4 IN = 0.5 IN = 0.6 IN = 0.7 IN = 0.8 IN = 0.9 IN = 1

16 18 20 21 23 24 26 28 29 31 32
5 6 6 6 7 7 8 8 9 9 10
22 24 26 28 30 32 35 37 39 41 43
4 4 4 5 5 5 6 6 6 7 7
19 21 23 25 26 28 30 32 34 36 38
17 19 21 22 24 26 27 29 31 32 34
18 20 22 23 25 27 29 30 32 34 36
13 14 15 16 18 19 20 21 22 24 25
4 5 5 6 6 6 7 7 7 8 8
13 14 15 16 17 19 20 21 22 23 25
2 2 2 2 2 2 3 3 3 3 3
19 21 22 24 26 28 30 31 33 35 37
20 22 24 26 27 29 31 33 35 37 39
22 24 26 28 30 32 34 36 39 41 43
18 20 22 24 26 27 29 31 33 35 36
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Figure 5. Random variates coves when a = 10, b = 20 s

Figure 6. Random variates coves when b changes

8. Comparative studies
In this section, we compare the performance of the proposed algorithms with a classical statistical algorithm

mentioned in Thomopoulos [28]. The proposed algorithms, as previously mentioned, extend the classical statistical
algorithms. Specifically, the proposed algorithms converge to the existing ones under classical statistics when IL =
0. Random variates were generated from both the existing and proposed algorithms. The first column of Tables 1-8
displays random variates from the existing algorithms. Tables 1-4 show random variates from both the existing and
proposed Algorithm 1, while Tables 5-8 present random variates from the existing and proposed Algorithm 2. Analyzing
Tables 1-4 reveals that the random variates generated by the existing algorithm from Thomopoulos [28] produce smaller
values when IU > 0. Similarly, examining Tables 5-8 for data generated using Algorithm 2 highlights the consistent
behavior that the existing algorithm yields smaller values compared to the proposed Algorithm 2. To visually depict these
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differences, Figure 7 illustrates the contrast between the existing algorithm and proposed Algorithm 1, while another
Figure 8 showcases the distinction between the existing algorithm and proposed Algorithm 2. Both figures demonstrate
an increasing trend in data as the degree of indeterminacy rises. This comparative study concludes that under uncertainty,
the existing algorithms generate higher values of data. Consequently, relying on data from existing algorithms in uncertain
scenarios may mislead decision-makers. Therefore, based on this analysis, it is recommended to use the proposed
algorithms to generate data from the NDUD under conditions of uncertainty.

Figure 7. Random variates from the existing and proposed Algorithm 1

Figure 8. Random variates from the existing and proposed Algorithm 2

9. Application
In this section, we discuss the application of data generated using the proposed algorithms for acceptance sampling

plans, assuming the product lifetime follows a Weibull distribution. An acceptance sampling plan is defined by two key
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parameters: the sample size n and the acceptance number c. The product lot is tested for a specified duration, t0. A
sample of size n is drawn from the lot and subjected to testing. If the number of failures observed is less than c by the end
of t0, the lot is accepted; otherwise, it is rejected, see AL-Marshadi et al. [30]. As noted in Hsu et al. [31], the lifetime
data is imprecise and recorded under conditions of uncertainty. To implement the sampling plan, data from Table 1 with
parameters a = 10, b = 20, and IN = 0.1 is utilized and presented in Table 9. Before using this data for product inspection,
it was normalized as follows:

Xnormalized =
u

Maximum value
+ ε. (12)

Here, ε represents a very small addition to the normalized values and u represents the uniform value. The
neutrosophic data (XN) follows a Weibull distribution with the neutrosophic shape parameter kN = (1+ IN)kL and the
neutrosophic scale parameter λN = (1+ IN)λL, which can be determined as follows:

XN = λN [− ln(1−u)]
1

kN . (13)

Suppose kL = 1.5, ε = 0.01 and λL = 2. Using these values, the data follows the Weibull distribution under classical
statistics, while the neutrosophic Weibull distribution values are reported in Table 9. To implement the single sampling
plan, we assume n = 15, c = 0, and t0 = 1.60 h. From the ordered neutrosophic data XN , we observe no failures before
the specified time, and therefore, the product lot is accepted. Conversely, from the ordered data XL, we note one failure
before the specified time, resulting in the rejection of the product lot. This analysis clearly demonstrates that incorporating
degrees of uncertainty into the sampling plan can result in different decisions regarding the acceptance or rejection of the
product lot.

Table 9. The data from Weibull distribution

IN = 0 IN = 0.1
XL XN

Ordered data Ordered data

u u XL XL

17 19 3.0619 3.3380 1.5657 1.7611
11 12 1.7205 1.9041 1.7205 1.9041
20 22 7.7320 7.5784 1.7205 1.9041
11 12 1.7205 1.9041 1.7205 1.9041
19 21 4.1475 4.3516 2.4848 2.7901
18 20 3.4829 3.7336 2.4848 2.7901
18 20 3.4829 3.7336 3.0619 3.338
15 17 2.4848 2.7901 3.4829 3.7336
11 12 1.7205 1.9041 3.4829 3.7336
15 17 2.4848 2.7901 3.4829 3.7336
10 11 1.5657 1.7611 4.1475 3.7336
19 20 4.1475 3.7336 4.1475 4.3516
19 21 4.1475 4.3516 4.1475 4.3516
20 22 7.7320 7.5784 7.732 7.5784
18 20 3.4829 3.7336 7.732 7.5784
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10. Updating computer software
Based on extensive simulation and comparative studies, it is evident that discrete data generated from a uniform

distribution under specific conditions differs from data generated when accounting for the degree of indeterminacy. To the
best of our knowledge, there is currently no computer software or algorithm designed for generating data while considering
the degree of indeterminacy. Consequently, based on these findings, we recommend updating existing software with the
proposed algorithms to generate imprecise data in complex or uncertain environments. These algorithms are capable of
producing imprecise discrete data from a uniform distribution. Incorporating imprecise data generation into the decision-
making process enhances the ability to make better-informed decisions regarding the studied problem. The integration of
the proposed algorithms into existing statistical software can be achieved by modifying the code and updating the current
data generation modules to account for the degree of indeterminacy. However, this integration presents several technical
challenges, such as enhancing the data generation modules to incorporate imprecision, ensuring computational efficiency
when handling imprecise data, and thoroughly testing the software to verify that the generated data maintains accuracy
across various scenarios. It is crucial to ensure that the degree of indeterminacy does not compromise the reliability of
downstream analyses.

11. Limitations and utilization
The utilization of the uniform distribution is prevalent in generating random data, especially in computer systems

and gaming applications. Consequently, the suggested algorithms find applicability in computer-generated data when
uncertainty is a factor. Moreover, these algorithms can be effectively employed in reliability analysis for generating count
data. It is important to note that the proposed algorithms come with limitations-they are not applicable in situations where
there is no uncertainty in the data. Moreover, determining the degree of uncertainty can be challenging in certain cases.
The uniqueness of these algorithms lies in their incorporation of the degree of indeterminacy, making them well-suited
for application in complex and uncertain environments.

12. Concluding remarks
This paper introduces the concept of the neutrosophic discrete uniform distribution and subsequently incorporates

it into the design of two algorithms. These algorithms serve the purpose of generating imprecise data by accounting
for varying degrees of indeterminacy. Notably, the proposed algorithms extend the scope of existing classical statistical
algorithms. Simulation studies reveal a significant impact of the degree of indeterminacy on the generation of random data.
As a result, it is suggested to update computer software by integrating the proposed algorithms, presenting a promising
avenue for future research. Furthermore, the application of these algorithms in generating data within complex or uncertain
environments is recommended. To enhance the usefulness and persuasiveness of the proposed algorithms, they can be
applied in areas such as reliability analysis, statistical process control, finance, environmental studies, healthcare, machine
learning, and engineering, where uncertainty and imprecision are common in the data. The proposed algorithm, employing
the accept-reject method, holds potential for further exploration in future research endeavors. The proposed simulation
following Mohamad et al. [29] can be extended in future research by incorporating metrics such as computational time.
We proposed the discrete distribution under neutrosophic statistics, including its basic properties such as the mean and
variance. Other properties of the proposed distribution can be explored in future research.
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