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Abstract 

A multiple dependent state sampling plan (MDSSP) is designed when the lifetimes of the variables follow New Lomax 
Rayleigh Distribution (NLRD). The decision to accept or reject a lot in the proposed methodology is based on the qual-
ity of the given present or previous lots. A binomial model-based operating characteristic curve (OC curve) for con-
tinuous lots of variables under similar settings in healthcare is used in finding the probability of acceptance, accept-
ance number, rejection number, and the number of preceding (succeeding) lots to consider. Time truncated life test 
based on the specified median of the NLRD is used in designing the current acceptance sampling plan. For specified 
values of the parameters of NLRD, quantile ratios, consumer’s risk and producer’s risk, average sampling number (ASN) 
and probability of acceptance of a lot are reported in tables. Real data on worldwide suicide rates of 15–19 years 
in the year 2019 from the World Health Organization (WHO) website is considered to illustrate this methodology. The 
minimum sample size required from the selected data to comment on worldwide suicide rates in late adolescents 
is explained with MDSSP. The results of the proposed acceptance sampling method are compared with the single-
stage sampling plan.

Keywords Multiple dependent state sampling plan, New Lomax Rayleigh distribution, Average sample number, 
Suicide rates of late adolescents, Health care quality indicators, Quality gap analysis in hospitals

Introduction
Quality in the manufacturing or the service sector is a 
determinant for attracting demand. Continuous inspec-
tion and improving quality in the healthcare sector 
gained significance for the benefit of the patients and 
service providers. In this sector, quality is in two ways 
health-related and hospitality related. The former is 

objective, and the latter is subjective, it is equally impor-
tant to measure both in the healthcare setting for healthy 
clinical outcomes and the satisfaction of the customer. 
Measuring, monitoring and controlling are parts of 
health policy design. Many health indicators are the tar-
gets of sustainable development goals (SDGs). Reducing 
deaths due to suicides is one of the priorities of the WHO 
mental health action plan 2013–2030 and is also goal 3.4 
of SDGs. This paper aims to introduce the use of MDSSP 
in estimating the required sample size in monitoring and 
commenting on worldwide health indicators.

Sampling plans specify parameters of the sampling pro-
cess like the number of samples to inspect from a selected 
lot, average Sampling Number (ASN), acceptance crite-
ria: acceptable quality level (AQL), limiting quality level 
(LQL), producer’s (service providers) risk and consumer’s 
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risk. Acceptance sampling plan (ASP), a tool of statisti-
cal quality control (SQC) spread its application wings 
to the manufacturing and service industry after its first 
use in World War II. In the service sector, inspect a lot 
with minimum cost, communicate with management to 
necessitate action. Acceptance sampling plans operating 
procedure is designed differently in lot-by-lot inspections 
and continuous flow processes (services). In the first case, 
single sampling and double sampling plans are useful, for 
the second type two-stage sampling, chain sampling, and 
multiple state dependent sampling plans are suitable.

The most common phenomenon in life testing is trun-
cating a life test after a predefined time t0 and noting 
the number of non confirming members/items in the 
inspecting lot before the pre specified time.Acceptance 
sampling plans literature for different symmetric and 
skewed distributions under truncated life testing is struc-
tured and coherent. The first single acceptance sampling 
plan based on exponential lifetimes was introduced by 
[1]. Truncated life test sampling plans based on normal 
and log-normal distributions are designed by [2]. Average 
life based sampling plans for log-logistic distribution are 
given by [3]. Rayleigh distribution based time truncated 
acceptance sampling plans were discussed by [4]. ASP 
for Birnbaum-Saunders distribution based on median 
life is illustrated by [5]. Percentile based acceptance sam-
pling plans are given by [6, 7] for Birnbaum-Saunders and 
Burr type-XII distribution. Al-Nasser et al. [8] discussed 
Power Lomax acceptance sampling based on truncated 
life testing. Group acceptance sampling plans for resub-
mitted lots, size-biased Lomax distribution and MDSSP 
for exponentiated log-logistic distribution are given by 
[9, 10] respectively. Acceptance sampling plans for new 
Weibull-Pareto distribution based on percentiles are 
given by [11].

Application of statistical quality control tools 
in health care
Unlike the manufacturing industry service sector suffers 
from more variability in outcome. Especially in health 
care service, input variability is more due to inevitable 
biological variability among human beings. So it is a great 
challenge to the healthcare sector to deliver quality clini-
cal outcomes. Health care sector started employing SQC 
tools way back in the early nineteenth century mentioned 
in [12] or additional information on the SQC techniques 
usefulness in managing quality indicators in hospitals 
refer to [12–14]. Callahan et al. [15] used control charts 
to analyze patient waiting times and time from registra-
tion to the physician’s first orders. Rachmania et al. [16] 
discussed the application of a lot acceptance sampling 
plan in screening women and concluded that this proce-
dure is useful in deciding the quality level of the indicator. 

Clemente et al. [17] mentioned the use of statistical pro-
cess control in the emergency medicine department 
studying door-to-reperfusion time of myocardial infarc-
tion patients. Ray et  al. [18] presented a case study in 
Indonesia on the use of control charts in hospitals. Rao 
et al. [19] discussed the use of control charts usefulness 
in monitoring surgical site infections and comparing 
mortality rates in CABG surgery and other surgeries. 
Quality indicators and benchmarks for different ICUs 
are given by [20]. The use of a multiple-state depend-
ent sampling plan in assessing COVID-19 mortality rate 
lots is discussed by [21]. Statistical process control use in 
economic analysis and safety of chemotherapy batches 
in hospital pharmacies is mentioned by [22]. After this 
literature review, it is observed that distribution-based 
control charts and acceptance sampling plans were not of 
much use in healthcare quality analysis. With this moti-
vation, we developed the MDSSP based on NLRD and its 
application in analyzing quality gaps and acceptability of 
worldwide suicide rates of late adolescents in 2019.

Multiple dependant state sampling plans (MDSSP)
Conditional sampling plans are suitable for continuous 
process monitoring and improvement; it is first intro-
duced by [23]. Chain sampling and multiple dependent 
state sampling come under continuous sampling plans. 
Different variations in chain sampling plans were studied 
by [24]. In 1976, [25] introduce another sampling plan, 
named MDSSP belonging to the conditional sampling 
family. MDSSP for measurement data was discussed by 
[26]. Aslam et al. [27] designed novel multiple depend-
ent state sampling plan based on process loss consid-
eration. The Multiple dependent state repetitive group 
sampling plan for normally distributed quality charac-
teristics is given by [28]. Rao et al. [29] gave novel con-
trol charts based on multiple dependent state sampling 
plans. Some recent works to mention on MDSSP are 
[9, 10, 30] developed MDSSP based on repetitive group 
sampling for exponentiated half-logistic distribution and 
exponentiated Weibull distribution respectively. Modi-
fied multiple dependent state sampling plan is intro-
duced and its economic efficiency is studied by [31]. The 
MDSSP efficiency over other sampling plans in reducing 
ASN is given by [32].

In the following sections, median-based probability 
of failure formulas for NLRD distribution and MDSSP 
when quality (health) indicator variable follows NLRD is 
derived.

New Lomax Rayleigh distribution
NLRD is a new T-X family distribution proposed by 
[33] considering Lomax distribution, a special case of 
Pareto Type-II and Rayleigh distribution, its suitability 
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in estimating life time data was verified. Different gener-
alizations of Lomax distribution are available in the lit-
erature to make it suitable for studying lifetime data. To 
estimate drilling machine lifetime, [34] used the Lomax-
G generator to derive Lomax-Rayleigh distribution and 
applied it to drilling machine data. Different types of 
estimators of Pareto-Rayleigh distribution are given by 
[35]. Different traditional and heuristic methods of esti-
mation for the Lomax-Rayleigh distribution generated by 
the Lomax-X generator are given by [36]. Rady et al. [37] 
used Power Lomax distribution and tested its applica-
bility in estimating the mean remission times of bladder 
cancer patients. Bladder cancer remission times data is 
studied with Pareto Weibull distribution by [38].

Let T be a quality indicator following NLRD with 
parameters θ , � and σ then the cumulative distribution 
function (CDF) and probability density function (PDF) of 
the variable T are given as follows:

where � and σ are the scale parameters and θ is the shape 
parameter.

The qth quantile of NLRD is

Let ηq =

[
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Median of the NLRD distribution,  50th percentile is

Let p be the probability of failure of the variable follow-
ing NLRD with terminating time t0 and truncating time 
tq , then p = F(t0) . Experiment termination time can be 
expressed as t0 = ktq0.

By substituting t0 = ktq0 and σ0 values in Eq. (5)
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Here it is important to consider both consumer’s risk 
and the producer’s risk. Quantile ratio plays a signifi-
cant role in decision making about lot acceptance. As 
per Producer’s angle of lot acceptance quantile ratio 
must be at least one. If (tq

/

tq0) > 1 , then the probabil-
ity ( p1 ) obtained is considered as AQL and the consumer 
wants this ratio must be almost the pre defined level of 
the consumer’s risk β . LQL is the probability of this ratio 
(tq

/

tq0) = 1 being one(p2 ). NLRD parameters can be 
obtained from previous data on mortality rates. MDSSP 
is designed by substituting estimated parametric values 
of NLRD at different quantile ratios, terminating ratios, 
consumer’s risks and producer’s risk; the average sample 
number required to sentence a lot of world suicide rates 
is estimated with the WHO fact sheet data on suicides in 
2019.

Operating procedure for NLRD based MDSSP
The operating procedure and designing methodology of 
MDSSP based on NLRD are described in detail in the 
subsequent subsections.

Operating procedure
MDSSP consists of the following symbols and notations:

N- Lot size, n- sample size,
Pa(p)-Probability of acceptance for a given p,
p1-Probability of rejecting lot that has acceptable qual-

ity level (AQL), related to producers risk.
p2-Probability of acceptance of lot with limiting quality 

level (LQL), associated with consumer’s risk.
α - Producers risk, β-Consumers risk.
ASN- Average Sample Number
c1, c2 - Unconditional and conditional acceptance num-

bers respectively.
m- Required number of past or future lots to accept the 

present lot.
d- Number of units failed before the terminating time 

t0 in the sample selected from the lot under test.
Step-1 From the lot, select a sample of units with size n, 

and put all these n items under test till predefined time t0.
Step-2 Observe d, the number of units that failed 

before the test terminating time t0.
Step-3Compare d with unconditional and conditional 

acceptance number c1, c2 and make a decision.

a. If d ≤ c1 accept the lot otherwise reject the lot.
b. If c1 < d ≤ c2 , then consider the number of failures 

in the preceding lots before terminating t0 and this 

(6)
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number must be less than c1 in all the m previous 
lots.

The operating characteristic (OC) function of MDSSP 
is given by

The probabilities in Eq.  (7) are obtained by using the 
binominal theorem and the decision rule designed about 
lot acceptance at p is as follows:

Designing methodology
The objective of designing any sampling plan is to avoid 
laborious 100% inspection and achieve ASN that mini-
mizes the resources of the organizations. MDSSP also 
reduces the inspection time and cost by deciding the 
minimum number of units required to verify whether the 
sampled lot of quality indicator is acceptable or not. If 
the lot is rejected communication should be given to the 
management about the process (service). In this section, 
we tried to achieve minimum ASN through an optimiza-
tion problem. The proposed optimization procedure for 
MDSSP based on NLRD is given below:

Minimize ASN (p) = n,
Subject to

Pa(p2) ≤ β,

The probability of AQL and LQL is obtained from the 
following equations:

In this paper median quantile ratio tq/tq0 at the con-
sumer’s risk must be at least 1, tq/tq0 = 2, 4, 6, 8, 10 
are considered at the producer’s risk. The opti-
mal parameters of the proposed plan for NLRD 
(θ , �) = (1.5, 1.5), (0.5, 0.5), (1.5, 1.0), (1.5, 2.0) are pre-
sented in the Tables  1, 2, 3 and 4. Values assumed for 
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consumer’s risk are β = 0.25, 0.10, 0.05, 0.01 and pro-
ducer’s risk is considered as α = 0.05 at  50th percen-
tile. The values considered for the termination ratio are 
k = 0.5, 0.7, 1.0 . The computational work is done by using 
R software and R code is provided in Supplementary file.

Results observed from Tables 1, 2, 3 and 4 when para-
metric combinations are fixed are as follows.

1. An inverse relationship is observed between sample 
size and consumer’s risk. In all the Tables 1, 2, 3 and 

4 sample size increases when the consumer’s risk 
decreases.

2. Sample size decreases as the termination ratio k 
increases from 0.5 to 1.0

3. Probability of lot acceptance increases along with the 
quantile ratio. As tq/tq0 approaches ‘10’ probability 
of lot acceptance also increases and approximates to 
almost ‘1’.

Applications of MDSSP for real data
In this subsection, we demonstrate the proposed meth-
odology with two real data sets one related to public 
health issue and engineering application related to failure 
time of the components.

Worldwide suicide rates data
Suicide is a preventable death. As it is a global public 
health issue impacting all age groups, suicide prevention 
is a high priority condition in the WHO Mental Health 
Action Plan 2013–2030. Losing an adolescent in suicide is 

a great loss to the family as well as the country. Reasons 
for suicide in middle and late adolescence may be due to 
not addressing mental health issues. The adolescent state 
is more vulnerable to mental health problems due to 
psycho-physiological changes, environment and circum-
stances. Late adolescence in India has become stressful 
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Table 1 Optimal parameters of the proposed MDSSP for NLRD with θ = 1.5, � = 1.5

β tq
/

tq0 k = 0.5 k = 0.7 k = 1.0

n c1 c2 m pa(p1) n c1 c2 m pa(p1) n c1 c2 m pa(p1)

0.25 2 21 2 4 2 0.9792 12 2 5 2 0.9774 7 2 3 2 0.9511

4 7 0 6 3 0.9771 4 0 1 2 0.9772 3 0 2 1 0.9744

6 7 0 6 3 0.9949 4 0 1 2 0.9949 3 0 2 1 0.9950

8 7 0 6 3 0.9983 4 0 1 2 0.9983 3 0 2 1 0.9983

10 7 0 6 3 0.9993 4 0 1 2 0.9993 3 0 2 1 0.9993

0.1 2 30 2 5 1 0.9532 20 3 13 2 0.9687 12 3 5 1 0.9601

4 12 0 10 2 0.9574 7 0 1 1 0.9597 7 1 3 1 0.9973

6 12 0 10 2 0.9903 7 0 1 1 0.9909 4 0 1 1 0.9884

8 12 0 10 2 0.9967 7 0 1 1 0.9970 4 0 1 1 0.9961

10 12 0 10 2 0.9986 7 0 1 1 0.9987 4 0 1 1 0.9983

0.05 2 40 3 13 2 0.9541 24 3 8 1 0.9560 16 4 6 1 0.9588

4 17 0 3 1 0.9567 9 0 2 1 0.9531 8 1 3 1 0.9956

6 15 0 10 2 0.9853 8 0 3 2 0.9841 5 0 2 1 0.9868

8 15 0 10 2 0.9950 8 0 3 2 0.9946 5 0 2 1 0.9955

10 15 0 10 2 0.9979 8 0 3 2 0.9977 5 0 2 1 0.9981

0.01 2 60 4 8 1 0.9535 38 5 9 1 0.9688 25 6 11 1 0.9711

4 33 1 2 1 0.9851 19 1 4 1 0.9920 11 1 5 1 0.9876

6 23 0 1 1 0.9753 13 0 3 1 0.9793 7 0 2 1 0.9751

8 23 0 1 1 0.9915 13 0 3 1 0.9929 7 0 2 1 0.9915

10 23 0 1 1 0.9964 13 0 3 1 0.9970 7 0 2 1 0.9964

Table 2 Optimal parameters of the proposed MDSSP for NLRD with θ = 0.5, � = 0.5

β tq
/

tq0 k = 0.5 k = 0.7 k = 1.0

n c1 c2 m pa(p1) n c1 c2 m pa(p1) n c1 c2 m pa(p1)

0.25 2 16 2 12 2 0.9636 13 3 12 4 0.9611 12 4 11 2 0.9606

4 5 0 4 4 0.9602 4 0 1 1 0.9652 5 1 2 1 0.9920

6 5 0 4 4 0.9906 4 0 1 1 0.9919 3 0 2 1 0.9871

8 5 0 4 4 0.9968 4 0 1 1 0.9973 3 0 2 1 0.9955

10 5 0 4 4 0.9986 4 0 1 1 0.9988 3 0 2 1 0.9981

0.1 2 26 3 13 2 0.9519 20 4 7 2 0.9533 19 6 16 2 0.9534

4 9 0 1 1 0.9517 10 1 2 1 0.9885 7 1 3 1 0.9872

6 9 0 1 1 0.9888 6 0 1 1 0.9822 4 0 1 1 0.9706

8 9 0 1 1 0.9962 6 0 1 1 0.9939 4 0 1 1 0.9896

10 9 0 1 1 0.9984 6 0 1 1 0.9974 4 0 1 1 0.9955

0.05 2 35 4 10 2 0.9543 27 5 8 1 0.9558 24 7 12 1 0.9533

4 18 1 2 1 0.9893 12 1 3 1 0.9904 8 1 3 1 0.9793

6 11 0 10 2 0.9782 7 0 1 1 0.9762 5 0 2 1 0.9666

8 11 0 10 2 0.9925 7 0 1 1 0.9917 5 0 2 1 0.9881

10 11 0 10 2 0.9968 7 0 1 1 0.9964 5 0 2 1 0.9948

0.01 2 56 6 10 1 0.9648 40 7 12 1 0.9512 38 11 18 1 0.9605

4 25 1 3 1 0.9860 16 1 4 1 0.9773 14 2 6 1 0.9894

6 17 0 1 1 0.9633 11 0 3 1 0.9609 11 1 5 1 0.9955

8 17 0 1 1 0.9871 11 0 3 1 0.9862 7 0 2 1 0.9777

10 17 0 1 1 0.9945 11 0 3 1 0.9940 7 0 2 1 0.9902
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Table 3 Optimal parameters of the proposed MDSSP for NLRD with θ = 1.5, � = 1.0

β tq
/

tq0 k = 0.5 k = 0.7 k = 1.0

n c1 c2 m pa(p1) n c1 c2 m pa(p1) n c1 c2 m pa(p1)

0.25 2 21 2 4 2 0.9792 12 2 5 2 0.9774 7 2 3 2 0.9511

4 7 0 6 3 0.9771 4 0 1 2 0.9772 3 0 2 1 0.9774

6 7 0 6 3 0.9949 4 0 1 2 0.9949 3 0 2 1 0.9950

8 7 0 6 3 0.9983 4 0 1 2 0.9983 3 0 2 1 0.9983

10 7 0 6 3 0.9993 4 0 1 2 0.9993 3 0 2 1 0.9993

0.1 2 30 2 5 1 0.9532 20 3 13 2 0.9687 12 3 5 1 0.9601

4 12 0 10 2 0.9574 7 0 1 1 0.9595 7 1 3 1 0.9973

6 12 0 10 2 0.9903 7 0 1 1 0.9909 4 0 1 1 0.9884

8 12 0 10 2 0.9967 7 0 1 1 0.997 4 0 1 1 0.9961

10 12 0 10 2 0.9986 7 0 1 1 0.9987 4 0 1 1 0.9983

0.05 2 40 3 13 2 0.9541 24 3 8 1 0.956 16 4 6 1 0.9588

4 17 0 3 1 0.9567 9 0 2 1 0.9531 8 1 3 1 0.9956

6 15 0 10 2 0.9853 8 0 3 2 0.9841 5 0 2 1 0.9868

8 15 0 10 2 0.995 8 0 3 2 0.9946 5 0 2 1 0.9955

10 15 0 10 2 0.9979 8 0 3 2 0.9977 5 0 2 1 0.9981

0.01 2 60 4 8 1 0.9535 38 5 9 1 0.9688 25 6 11 1 0.9711

4 33 1 2 1 0.9851 19 1 4 1 0.992 11 1 5 1 0.9876

6 23 0 1 1 0.9753 13 0 3 1 0.9793 7 0 2 1 0.9751

8 23 0 1 1 0.9915 13 0 3 1 0.9929 7 0 2 1 0.9915

10 23 0 1 1 0.9774 13 0 3 1 0.997 7 0 2 1 0.9964

Table 4 Optimal parameters of the proposed MDSSP for NLRD with θ = 1.5, � = 2.0

β tq
/

tq0 k = 0.5 k = 0.7 k = 1.0

n c1 c2 m Pa(p1) n c1 c2 m Pa(p1) n c1 c2 m Pa(p1) 

0.25 2 21 2 4 2 0.9792 12 2 5 2 0.9774 7 2 3 2 0.9511

4 7 0 6 3 0.9771 4 0 1 2 0.9772 3 0 2 1 0.9774

6 7 0 6 3 0.9949 4 0 1 2 0.9949 3 0 2 1 0.995

8 7 0 6 3 0.9983 4 0 1 2 0.9983 3 0 2 1 0.9983

10 7 0 6 3 0.9993 4 0 1 2 0.9993 3 0 2 1 0.9993

0.1 2 30 2 5 1 0.9532 20 13 13 2 0.9687 3 0 5 1 0.9601

4 12 0 10 2 0.9574 7 1 1 1 0.9597 12 3 3 1 0.9973

6 12 0 10 2 0.9903 7 1 1 1 0.9909 7 1 1 1 0.9884

8 12 0 10 2 0.9967 7 1 1 1 0.9970 4 0 1 1 0.9961

10 12 0 10 2 0.9986 7 1 1 1 0.9987 4 0 1 1 0.9983

0.05 2 40 3 13 2 0.9541 24 8 8 1 0.9560 4 0 6 1 0.9588

4 17 0 3 1 0.9567 9 2 2 1 0.9531 16 4 3 1 0.9956

6 15 0 10 2 0.9853 8 3 3 2 0.9841 8 1 2 1 0.9868

8 15 0 10 2 0.9950 8 3 3 2 0.9946 5 0 2 1 0.9955

10 15 0 10 2 0.9979 8 3 3 2 0.9977 5 0 2 1 0.9981

0.1 2 60 4 8 1 0.9535 38 9 9 1 0.9688 5 0 11 1 0.9711

4 33 1 2 1 0.9851 19 4 4 1 0.9920 25 6 5 1 0.9876

6 23 0 1 1 0.9753 13 3 3 1 0.9793 11 1 2 1 0.9751

8 23 0 1 1 0.9915 13 3 3 1 0.9929 7 0 2 1 0.9915

10 23 0 1 1 0.9964 13 3 3 1 0.9970 7 0 2 1 0.9964
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due to their senior secondary school education under 
heavy pressure towards productivity and achievement 
without any physical activity. According to WHO Facts on 
Suicide 2019, suicide is the fourth leading cause of death 
among late adolescents. The major contribution (77%) of 
global suicidal deaths is from low- and middle income 
countries (data available in Supplementary Material file).

As per the WHO fact sheet on 15–19  years suicides in 
the year 2019, overall suicide rates are high in Western 
specific, Europe and American countries (Guyana (40.37 
per 100,000)) in India it is reported as 10.4 per 100,000. In 
females highest percentage of suicides is reported in the 
American country Guyana (45.71 per 100,000), Indian 
female late adolescents suicide rate is 14.55 per 100,000 
which is double that of males (6.71 per 100,000). The high-
est suicide rate in males was reported in the Western Pacific 
country, Kiribati (51.93 per 100,000). Worldwide, it is the 
need of the hour to design effective suicide prevention strat-
egies to reduce its contribution to premature deaths due to 
non- communicable diseases. From the above discussion it 
is observed that, world suicide rates of late adolescents’ data 
are highly skewed, the applicability of NLRD distribution 
proposed by [33] to heavily right-skewed data is verified and 
compared with some other existing distributions.

In this section worldwide suicide mortality rates down-
loaded from WHO factsheet data on suicides in 2019 in 
the age group 15–19 are used to estimate the parameters of 
the NLRD. The goodness of fit of the NLRD distribution to 
this data is tested by using the Kolmogorov–Smirnov test, 
the value of D is 0.0291 and the p- value is 0.7908. Esti-
mated values of the parameters of the NLRD are obtained 
by using the maximum likelihood estimation method and 
they are ̂θ = 1.0559 , ̂� = 0.6867 and σ̂ = 3.7817 . Figure 1 
displayed the visual presentation of fitted model, these 
graphs explain to us about the goodness of fit of the NLRD 
distribution to worldwide suicide rates of all the countries.

For instance, the industrialist would like to use the 
developed multiple dependent state sampling plans to 
implement the median life percentile of the product 
where the product lifetime follows NLRD with the shape 
parameters are ̂θ = 1.0559 and ̂� = 0.6867 . By 2030, sui-
cide prevention and reducing the suicide mortality rate by 
one third is Goal 3 of Sustainable Development Goals. It 
may be necessary to check whether the suicide death rates 
are reduced year by year or not. The medical practitioners 
suggest that the given median suicide rate is 0.95 whereas 
the medical practitioners expected that the median sui-
cide rate is 1.9. The consumer’s risk is 0.05 if the actual 
median suicide rate is 0.95 and the producer’s risk is 0.10 
if the actual median suicide rate is 1.9. With these con-
straints, the optimal parameters selected from Table 5 are 
n = 37, c1 = 3, c2 = 9, and m = 2 with values of ̂θ = 1.0559 , 

̂� = 0.6867,tq0 = 0.75, α = 0.05, β = 0.05, tq/tq0 = 2 at k = 0.5. 
The MDSSP are illustrated as follows:

In this context, a lot is a group of suicide rates of some 
of the countries selected at random from worldwide sui-
cide rates. For example, a sample of 37 countries suicide 
rates of late adolescents in the age group of 15–19 years 
will be selected at random for the group of young peo-
ple and check their suicide rate is 0.95. If the suicide 
rate before 0.95 is in 3 countries in a group of the popu-
lation will be accepted and the group of the population 
will be rejected if it is greater than 9 countries in a group. 
There will be indecision of the group of the population is 
deferred until the 2 preceding the group of the popula-
tion will be tested in case of the suicide rate of countries 
in younger people in a group of the population is between 
3 and 9. For this real example, there are 16 countries’ sui-
cide rates in younger people in a group of the popula-
tion before the suicide rate before 0.75. Hence, reject the 
suicide rates of the countries in late adolescent people 
in a group of the population. Thus medical practition-
ers could suggest to the government or public that the 
median suicide rate of countries in late adolescent people 
in a group of the population is at an unacceptable level.

Performance of NLRD is compared with five other 
related distributions; Rayleigh distribution (RD), 
Lomax distribution (LD), Pareto Type–II(PD2), Power 
Lomax distribution (PLD) and Lomax Rayleigh distri-
bution (LRD). Estimates of -2log likelihood, AIC, BIC, 
CAIC and HQIC of NLRD compared with other above 
mentioned distributions is given below. A better fit 
of the distributions to real data sets is estimated with 
Cramer-Von Mises statistic  (W*), Anderson–Darling 
statistic  (A*) and Kolmogrov-Smirnov statistic (K-S).
The distribution with lower A,W, and K-S values is a 
better fit. Maximum likelihood estimates of param-
eters of the NLRD and K-S test p-values are presented 
in Table 6 and AIC, BIC, CAIC, HQIC,  W* and  A* val-
ues are reported in Table  7. From Tables  6 and 7 it is 
evident that, the intended model is a satisfactory model 
among several models. The Performance of NLRD is 
compared with five other related distributions RD, LD, 
PD2, PLD and LRD. In both real data sets, our antici-
pated model fits perfectly when compared to all other 
distributions. As a result, the anticipated model is an 
alternative model for real data modeling in lifetime 
data, specifically in the medical field.

Failure time data
We consider the real time application to illustrate the 
suggested MDS sampling plan for engineering indus-
trial use, if lifetime of an item comes from NLRD with 
unknown shape parameters. The following data is 



Page 8 of 14Kolli et al. BMC Medical Research Methodology          (2023) 23:192 

acquired from [39] and this data set corresponds to time 
between failures of 30 repairable components. Failure 
time (days): 0.11, 0.30, 0.40, 0.45, 0.59, 0.63, 0.70, 0.71, 
0.74, 0.77, 0.94, 1.06, 1.17, 1.23, 1.23, 1.24, 1.43, 1.46, 1.49, 
1.74, 1.82, 1.86, 1.97, 2.23, 2.37, 2.46, 2.63, 3.46, 4.36, 4.73.

The demonstration of the goodness of fit for the 
given model is shown in Fig.  2, the empirical and 
theoretical cdfs and Q-Q plots for the NLRD for the 
time between failures of repairable items and also in 
Fig.  2, Estimates of the density functions for the time 

between failures of repairable items. The maximum 
likelihood estimation of the parameters of NLRD for 
the time between failures of 30 repairable items is are 
θ̂ = 1.9273 and �̂ = 1.8958 and the maximum distance 
between the real time data and the fitted of NLRD was 
found from the Kolmogorov–Smirnov test is 0.0862 
and also the p-value is 0.979.

Assume that the investigator wish for implement the 
median life of the product for the proposed MDS sam-
pling scheme when the product lifetime comes from 

Fig. 1 Visual presentation of fitted model for worldwide rates of suicide deaths data
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NLRD with estimated shape parameter is θ̂ = 1.9273 
and �̂ = 1.8958. Let the specified quantile time between 
failures of repairable items is 0.5 i.e. t0q = 0.65 and the 

experiment termination time is 0.65, i. e. t0 = 0.65. 
Hence, the termination constant, k = t0

/

t0q = 1.0 . 
Assuming that,α = 0.05 , β = 0.10,k = 1.0 and 

Table 5 Optimal parameters of the proposed MDSSP for NLRD with θ̂ = 1.056, �̂ = 0.6867

β tq
/

tq0 k = 0.5 k = 0.7 k = 1.0

n c1 c2 m pa(p1) n c1 c2 m pa(p1) n c1 c2 m pa(p1)

0.25 2 19 2 3 3 0.9601 11 2 10 5 0.9545 8 2 5 1 0.9598

4 7 0 6 2 0.9807 4 0 3 2 0.9765 3 0 2 1 0.9731

6 7 0 6 2 0.9958 4 0 3 2 0.9948 3 0 2 1 0.9940

8 7 0 6 2 0.9986 4 0 3 2 0.9983 3 0 2 1 0.9980

10 7 0 6 2 0.9994 4 0 3 2 0.9993 3 0 2 1 0.9992

0.1 2 32 3 13 3 0.9670 19 3 13 2 0.9636 14 4 13 2 0.9707

4 11 0 10 2 0.9562 6 0 2 2 0.9511 7 1 3 1 0.9963

6 11 0 10 2 0.9900 6 0 2 2 0.9887 4 0 1 1 0.9860

8 11 0 10 2 0.9967 6 0 2 2 0.9962 4 0 1 1 0.9953

10 11 0 10 2 0.9986 6 0 2 2 0.9984 4 0 1 1 0.9980

0.05 2 37 3 9 2 0.9508 26 4 6 1 0.9655 18 5 10 2 0.9695

4 16 0 3 1 0.9533 13 1 2 1 0.9917 8 1 3 1 0.9939

6 14 0 10 2 0.9843 8 0 1 1 0.9857 5 0 2 1 0.9840

8 14 0 10 2 0.9947 8 0 1 1 0.9952 5 0 2 1 0.9946

10 14 0 10 2 0.9978 8 0 1 1 0.9980 5 0 2 1 0.9977

0.01 2 63 5 8 1 0.9673 37 5 10 1 0.9583 25 6 11 1 0.9543

4 31 1 2 1 0.9833 18 1 4 1 0.9907 11 1 5 1 0.9831

6 21 0 10 2 0.9671 12 0 1 1 0.9694 7 0 2 1 0.9701

8 21 0 10 2 0.9886 12 0 1 1 0.9895 7 0 2 1 0.9897

10 21 0 10 2 0.9951 12 0 1 1 0.9955 7 0 2 1 0.9956

Table 6 Estimate of the parameters, K-S statistic and p-value for worldwide suicide data set

Model Estimate (SE) K-S D Value P-Value

NLRD (θ , �, σ) 1.0559 (0.0968) 0.6866 (0.0074) 3.7817 (6.1241) 0.0291 0.7908
RD ( σ) 6.32 (0.1369) 0.3324 2.22e-16

LD ( θ , �) 41.7221 (60.1165) 252.1388 (371.8549) 0.1268 7.201e-08

PD2 ( α, σ) 85.4733 (77.8912) 522.9975 (652.1842) 0.1251 1.1243e-07

PLD (α,β , �) 0.9988 (0.2482) (2.2196) (0.2153) 26.5636(5.1004) 0.0563 0.0679

LRD (α, θ) 1.0777 (0.0968) 0.0493 (0.0074) 0.0295 0.7396

Table 7 The AIC, BIC, CAIC, HQIC,  W* and  A* values of distributions for worldwide suicide data

Model -2ll AIC CAIC BIC HQIC W* A*

NLRD (θ , �, σ) 1445.4717 2896.9434 2896.9887 2909.7789 2901.9662 0.1441 0.9350
RD ( σ) 1720.9616 3443.9232 3443.9307 3448.2017 3445.5975 2.7095 16.0523

LD(θ , �) 1504.5923 3013.1846 3013.2072 3021.7416 3016.5331 0.9125 5.4559

PD(α, σ) 1504.6856 3013.3171 3013.3398 3021.8742 3016.6627 0.9520 5.6965

PLD (α,β , �) 1446.9579 2899.9611 2899.9611 2912.7513 2904.9306 0.1563 1.0268

LRD (α, θ) 1445.4963 2894.9925 2895.0152 2903.5436 2898.3411 0.1508 0.9717
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tq

/

t0q = 2, so from Table  8 the design parameters are 
n = 30, c1 = 2, c2 = 4 and m = 1. Thus, the design could 
be carried out as persists: obtain 30 samples at random 
from the current lot. Accept the lot if two failures 
occur before 0.65 time between failures of repairable 
items. If more than 4 failures the lot should be rejected. 
Whereas, if the number of failures are between 2 and 
4, the outlook of the lot will be dependent until the 
preceding one lot is tested. If the preceding one lot is 
accepted, then product could be accepted. Otherwise, 
reject present lot. For the present example six failures 
are noted before the time between failures of repaira-
ble items 0.65. Therefore, the lot is rejected.

Comparison of proposed MDSSP with the single-stage 
sampling plan
The comparison is made for single and MDSSP when 
quality control follows NLRD, the OC curve is used here 
to show the efficiency of the plan. The curve has dis-
played the difference in probabilities of accepting a good 
lot as well as rejecting a bad lot. Table 9, has revealed the 
efficiency of the proposed MDSSP over the single sam-
pling plan (SSP) while assuming the underlying distribu-
tion of data to follow NLRD. Considering the quantile 

ratio tq
/

tq0 = 2, 4, 6, 8, 10 for each consumer’s risk 
β = 0.25, 0.10, 0.05, 0.01 while keeping the producer’s risk 
at α = 0.05 . The comparison is basically on the sample 
size n and probability of acceptance Pa(p1) . The accept-
ance sample size for the proposed MDSSP is smaller than 
the existing single sampling plan for several set parame-
ters see Table 9. For quantile ratio 2, the plan parameters 
for the MDSSP are n = 21, c1 = 2, c2 = 4, m = 2 whereas for 
SSP the design parameters are n = 33,  c1= 4 with a cor-
responding probability of acceptances are 0.9792 and 
0.9720 respectively when β = 0.25 , r = 2, θ = 1.5, �= 1.5 . 
The sample size is smaller for the MDSSP as compared 
with SSP. As the quantile ratio increased the acceptance 
sample size decreased for both sampling plans. Figure 3 
depicts the OC curve for comparison of MDSSP with 
plan parameters n = 40, c1 = 3, c2 = 13, m = 2 and SSP with 
n = 61, c1 = 6 when β = 0.05 . It is noticed that the MDSSP  
is convincingly greater efficient than SSP in terms of  
sample size.

Conclusions
Multiple dependent state sampling plans are developed 
when the lifetimes follow the New Lomax Rayleigh  
distribution. Lifetimes are truncated at a specified time 

Fig. 2 Visual presentation of fitted model for failure time data
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Table 8 Optimal parameters of the proposed MDSSP for NLRD with θ̂ = 1.9273, �̂ = 1.8958

β tq
/

tq0 k = 0.5 k = 0.7 k = 1.0

n c1 c2 m pa(p1) n c1 c2 m pa(p1) n c1 c2 m pa(p1)

0.25 2 21 2 3 3 0.9653 12 2 3 2 0.9643 7 2 3 2 0.9571

4 8 0 7 2 0.9815 4 0 1 2 0.9793 3 0 2 1 0.9794

6 8 0 7 2 0.9960 4 0 1 2 0.9955 3 0 2 1 0.9955

8 8 0 7 2 0.9987 4 0 1 2 0.9985 3 0 2 1 0.9985

10 8 0 7 2 0.9995 4 0 1 2 0.9994 3 0 2 1 0.9994

0.10 2 30 2 4 1 0.9515 17 2 5 1 0.9514 12 3 5 1 0.9665

4 12 0 3 2 0.9613 7 0 1 1 0.9634 4 0 1 1 0.9539

6 12 0 3 2 0.9913 7 0 1 1 0.9918 4 0 1 1 0.9895

8 12 0 3 2 0.9971 7 0 1 1 0.9973 4 0 1 1 0.9965

10 12 0 3 2 0.9988 7 0 1 1 0.9989 4 0 1 1 0.9985

0.05 2 41 3 10 2 0.9592 24 3 6 1 0.9602 16 4 6 1 0.9661

4 16 0 1 1 0.9504 9 0 2 1 0.9574 8 1 3 1 0.9963

6 16 0 1 1 0.9887 9 0 2 1 0.9905 5 0 2 1 0.9881

8 16 0 1 1 0.9963 9 0 2 1 0.9969 5 0 2 1 0.9960

10 16 0 1 1 0.9984 9 0 2 1 0.9987 5 0 2 1 0.9983

0.01 2 62 4 8 1 0.9574 38 5 11 2 0.9603 22 5 8 1 0.9557

4 35 1 3 1 0.9934 19 1 3 1 0.9924 11 1 5 1 0.9895

6 24 0 1 1 0.9759 13 0 2 1 0.9809 7 0 2 1 0.9775

8 24 0 1 1 0.9918 13 0 2 1 0.9936 7 0 2 1 0.9924

10 24 0 1 1 0.9965 13 0 2 1 0.9973 7 0 2 1 0.9968

Table 9 Comparison of ASN values between MDSSP and SSP when θ̂ = 1.5, �̂ = 1.5

β tq
/

tq0 k = 0.5 k = 1.0k = 1.0

MDSSP SSP MDSSP SSP

n c1 c2 m Pa(p1) n c Pa(p1) n c1 c2 m Pa(p1) n c Pa(p1)

0.25 2 21 2 4 2 0.9792 33 4 0.9720 7 2 3 2 0.9511 14 5 0.9685

4 7 0 6 3 0.9771 14 1 0.9849 3 0 2 1 0.9744 5 1 0.9751

6 7 0 6 3 0.9949 7 0 0.9582 3 0 2 1 0.995 2 0 0.9526

8 7 0 6 3 0.9983 7 0 0.9762 3 0 2 1 0.9983 2 0 0.9730

10 7 0 6 3 0.9993 7 0 0.9847 3 0 2 1 0.9993 2 0 0.9826

0.1 2 30 2 5 1 0.9532 48 5 0.9607 12 3 5 1 0.9601 19 6 0.9522

4 12 0 10 2 0.9574 20 1 0.9701 7 1 3 1 0.9973 7 1 0.9512

6 12 0 10 2 0.9903 20 1 0.9935 4 0 1 1 0.9884 7 1 0.9889

8 12 0 10 2 0.9967 12 0 0.9596 4 0 1 1 0.9961 7 1 0.9963

10 12 0 10 2 0.9986 12 0 0.9739 4 0 1 1 0.9983 4 0 0.9655

0.05 2 40 3 13 2 0.9541 61 6 0.9593 16 4 6 1 0.9588 23 7 0.9508

4 17 0 3 1 0.9567 24 1 0.9581 8 1 3 1 0.9956 11 2 0.9825

6 15 0 10 2 0.9853 24 1 0.9906 5 0 2 1 0.9868 8 1 0.9854

8 15 0 10 2 0.9950 24 1 0.9969 5 0 2 1 0.9955 8 1 0.9951

10 15 0 10 2 0.9979 15 0 0.9675 5 0 2 1 0.9981 5 0 0.9570

0.1 2 60 4 8 1 0.9535 89 8 0.9552 25 6 11 1 0.9711 35 10 0.9525

4 33 1 2 1 0.9851 42 2 0.9805 11 1 5 1 0.9876 14 2 0.9657

6 23 0 1 1 0.9753 33 1 0.9827 7 0 2 1 0.9751 11 1 0.9726

8 23 0 1 1 0.9915 33 1 0.9942 7 0 2 1 0.9915 11 1 0.9906

10 23 0 1 1 0.9964 23 0 0.9506 7 0 2 1 0.9964 11 1 0.9960
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point. At predefined producer’s and consumer’s risk opti-
mal parameters of the proposed sampling plans are esti-
mated. As suicide rates are continuously observed over 
years, and reducing suicide deaths is one of the SDGs, 
application of the proposed MDSSP to check accept-
ability of the countries’ suicide rates worldwide in late 
adolescents is verified when the data follows NLRD. We 
conclude that the proposed MDSSP is more efficient 
than the existing plans and it can be applied to verify the 
acceptability of different variables in health statistics. In 
future applications, multiple dependent state sampling 
plans may be applied in understanding health indicators 
quality, hospital equipment manufacturing industries can 
use this plan to sentence on manufactured lot quality (a 
lot of health quality indicators) and the average sampling 
number needs to decide on the quality of the lot. Some 
examples where it can be applied to evaluate the quality 
in the utilization of operation theatre timings, waiting 
times in outpatient departments, waiting times for lab 
reports and quality care in life-saving treatments like the 
door to balloon times in cardiology, etc. The proposed 
MDSSP helps to understand the quality of services pro-
vided today not only based on today’s data but also from 
previous days’ lots to ensure consistency in quality health 

care. The future scope of the work is to develop NLRD 
based attribute control charts, control charts based on 
multiple dependent state sampling, multiple dependent 
state repetitive sampling and modified multiple depend-
ent state sampling plan for NLRD distributed quality 
indicators.
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