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Appendix 1

The all simulation program contains the subroutines CONTROL,
EXPT, CHOOSE ,SAMPLING and TERMINAL .

CONTROL is the main procedure and contains the do loop
whose iteration gives the replications of the experiment and the
code for accumulation of data, computation of statistics and input/
output.

EXPT is the executive program in the event simulation environment
. Each call to EXPT vyields replication. At the end of an execution of
EXPT, the following information is available:

1. The index of the selection population: SEL-POP, SAMP.
2. The number of successes and failures observation in each population:
NS(1),...NS(K) and NE(1),....... NF(K).

The interaction among the investigator CONTROL and EXPT is as
follows : The investigator specifies the input constants by means of
values of k , nmax ,p(i),rp(i) and np(i) (i=1,....,k) ( where rp and np
means rthe prior information r' and n' respectively ). Together with a seed
for the random number generator and number of replications to be
performed ,these are put in a fail for input to CONTROL . For the given
input values
CONTROL calls EXPT for as many replications as required and tabulates

the observation values.
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The number of the replications effects the precision of the estimator
from the simulation.

To create the event simulation environment, EXPT invokes
the procedures CHOOSE, SAMPLE and TERMENAT each of which
corresponds to aspect of the sequential procedure .

Now, we have two groups of programs. The first group contains the
sampling rules A1,AzAs3,A4As5 A6 and 6 and the same stopping and
terminal rules DS and DT. From this groups selected the scheme 6:(A4)
program which has been expressed by using the first flow chart. The
other programs followed the same method with some different in
SAMPLE subroutine.

The second group of programs contains the combination of the
sampling rules BKR,PWCR,PCWR and GS(VT), the same stopping rules
BKS and modification of it and terminal decision rule BKT . The
program of the scheme (BKR,BKS,BKT) shows by the second flow chart
,and the others programs followed the same method with some different
in CHOOSE and SAMPLE subroutines.
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Appendix 2
Listing of the computer code for the simulation of

the schemes 6:(A4) and (BKR,BKS,BKT).
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Chapter One introduction

1.1 Prelude

Multiple decision problems are encountered in many real- life
situations. The classical approach to solve these problems is the testing
hypothesis, but in many cases, the goal is not only rejecting or accepting
the homogeneity hypothesis but to select the best among several
alternatives or ordering them according to their performance. For
example, we may be interested in choosing the best of several drugs
(treatments) or choosing best candidate from several alternatives. The
statistical techniques by which these problems can be solved are known
as Ranking and Selection procedures. Therefore, Ranking and Selection
procedures are statistical techniques for comparing some number k of
populations [17, 24], we assume at the outset that the populations are not
all the same and can be ordered in some meaningful way ( according to
their bestness), from worst to best, or from smallest to largest [14,16,37]

The Selection procedures are designed specifically to identify the
best single population, or the best subset of — populations, or some subset
of populations that includes the best population, or like [16].

Also we can define Ranking and Selection as: selecting the system
with the largest or smallest expected performance measure (selection of
the best). [42, 43]

This thesis deals with Binomial selection problem where the goal is
to select the best Binomial population among k Binomial populations.
The approach is Bayesian where some prior information about the
parameter of the underlying distribution is involved. Some Monte Carlo
simulation results are obtained.

Through this thesis, we shall generally assume the following
conditions:

1. There is a prior knowledge regarding the parameters of interest.
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2. The procedures are truncated (closed) where there exists an upper
bound of number of observations carried out until a decision is
taken. Evidently, the procedure will terminate with probability
one. The fact that these procedures are closed increases their
potential for use in read- life applications.

3. The outcomes of observations are independent and the
probabilities for these outcomes remain constant from observation

to another observation (stationary). [36]

1.2 The statement of the problem

If there is [Ti(i=1,...... ,k) are k Binomial populations. The quality
of the ith population is characterized by a real- valued parameter p;, the
unknown probability of a success in a single trial from population i,
where 0<pi< 1 (i=1,....k). The problem is to select the best of these
Binomial populations on the basis of sequence of observations. The
values of ppj( i= 1,....,k) are assumed to be unknown to us. Moreover, we
do not know which population is associated with ppq.The best population
is defined to be the one with the highest probability of success that is the
population associated with py. The ranked success probabilities ps, ...., pk
are denoted by

Py < Ppzp =+ = Py

Observations may be obtained sequentially, singly or in groups of
constants size.

Oure goal is to design selection procedures using Bayesian
approach that enable us to select the population associated with pyy.

The statistical formulation as stated above is typical of many well-

known practical problems in many situations in real life. For examples,
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Selecting the best production method for certain product among several
alternative methods, or selecting the best treatment among several

alternatives (treatments).

1.3 Review of literature

In the last three decades, there has been an increasing interest in the
development of the selection procedures to solve the problem of selecting
the best of k Binomial populations. This interest has stemmed from the
potential applicability of these procedures in medical trials and related
fields of applications.

Sobel and Hnyett (1957)[44] is considered as a fundamental paper
in Binomial selection studies. In this paper they proposed a single
sampling procedure in which an equal number of observations n* are
taken from each population and the population having the most successes
is selected as the better population with ties broken by randomization.
They employed the idea of indifference zone approach which was
developed by Bechhofer (1954)[6] to solve the problem of selection in
Normal populations. This classical approach requires that the probability
of making a correct selection is greater than or equal to some preassigned
value, p’, and the true difference between the largest and next to the

largest is a preassigned number A* formally ,

P(CS) 2 p” (1)
whenever :
Py — Ppeyg = A 0<A <], %< P <l (1.2)

Where CS (for correct selection) denotes the final selection of a

population with probability of success py.
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With the condition above, called p*, A"~condition, we will be at
least 100 p” percent sure of selecting the better parameter whenever the
largest parameter pyy is at least A™ better than the second largest pix1j.

The P(CS) is minimized when

P = Py =47

This is called the least favorable configuration (LFC) of the
population parameters pi,pz,......... pr. The value of n™ is then chosen to
guarantee (1.1) when the parameter values in the least favorable
configuration.

The problem of allocating (assigning) observations among patients
in clinical trials has been investigated using other approaches by many
authors. Armitage (1975) [3] developed closed sequential procedures.
Anscombe (1963)[1], Colton (1963)[13] and Canner (1970)[10] used loss
functions to produce a decision theoretic approach using a fully
sequential procedure. Pocock (1977)[40] has developed a group
sequential design for clinical trials in which the data are analysed at less
frequent intervals and which may lead to an early decision, or stopping of
a clinical trial, if large treatment differences are observed.

Other workers using the indifference zone approach are Taylor and
David (1962)[48] who discussed a multistage procedure for this problem.
Paulson (1967)[39] who proposed an open sequential procedure, which
permitted the elimination of "non- contending™ population and Bechhofer,
Kiefer and Sobel (1968)[4] who proposed an open sequential procedure
employing a vector at a time sampling rule (VT). The application of the
play the winner-sampling rule (PWR) to problem of allocating
observations among treatments appeared first in Zelen (1969)[49].

Later a great deal of attention has been paid to the sequential

procedures for this problem using different sampling rules such as PWR
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and VT sampling rules. Kiefer and weiss (1971)[32]. Hoel (1972)[21],
Nebenzahl and Sobel (1972)[38], Berry and Sobel (1973)[9],
Fushimi(1973), Kiefer and Weiss (1974)[33]and Tamhance (1985)[47]
proposed and studied closed sequential procedures for selecting the better
of the two Binomial populations. Procedure for selecting the best
population of k>2 Binomial population were considered by Sobel and
Weiss (1972)[46]. Hoel and Sobel (1972)[21] and Hoel, Sobel and Weiss
(1975)[22].

At the same time, another approach to the Binomial selection
problem has been suggested in the classical framework; it is known as the
subset selection approach. Here the goal is to select a subset containing
the best population with a preassigned probability p*. This approach is
useful for the situation when we have very large number of populations
and the procedures require more observations than that available.
Therefore it is desirable to select a subset consisting of the best for further
extensive investigation. Gupta, Huyett and Sobel (1957)[45], Gupta and
Huang (1976)[19] are among those who studied this problem using this
approach. Goal and Rubin (1977)[18] gave a general Bayesian decision
theoretic approach for selecting a subset containing the population.

The main difference between the subset selection approach and the
indifference zone approach is that in the subset selection we have no
indifference zone and the least- favorable configuration is simply the
worst configuration with all parameters are equal.

Although the literature on Binomial selection problems is large, the
literature using Bayesian approach to solve the problems is rather scarce.
Important contributions were made By Bland and Bratcher (1968),
Bartcher and Bland (1975)[7], who developed Bayesian fixed sample size
procedures to solve the problem of ranking Binomial probabilities where

more than two populations are compared. In Madin (1986)[36],where
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Bayesian sequential schemes are developed for selecting the better of two
Binomial populations.

Bechhofer and kulkarni(1981)[6] proposed a very interesting closed
sequential procedure avoiding the (p”,A™-condition) of the indifference
zone approach. In a subsequent paper, Bechhofer and Kulkarni (1982)[5]
gave exact numerical results for the performance characteristics of the
procedures given in Bechhofer and Kulkarni (1981). Bechhofer and
Frisardi (1982)[15] investigated these procedures employing Monte Carlo
simulation. Law and Kelton (1991)[24] provide an excellent introduction
to Ranking and Selection (R&S) with corresponding references to more
mathematically intense treatments. Likewise Sanchenz (1997) [12]gives
an overview of R&S with several sample scenarios and an extensive list
of references. Chick (1997)[12] presents a Bayesian analysis of
selecting.The best simulated system. Inoue and Chick (1998)[11]
compare Bayesian and frequents approaches for selecting the best system.
Chick and Inove (1998) extend Chick’s (1997) work to the study of
sampling Costs and value of information arguments to improve the
computational efficiency of identifying the best system.

Recently, there are many researches concern with the application of
ranking and selection, for instance in the medical field, In 2004 Jennison
presented a studying about adaptive sequential designs [28],and in the
same year, he presented another paper involves a studying about group
sequential monitoring of clinical trials[29]. In 2005 the investigator he
did a research about the group sequential selection procedure with
elimination and Data- dependent treatment allocation[30], also he taken
par with Bruce Turubull to publish a paper cleans with the subject of
adaptively in clinical trial designs old and new[31].

Pichitlamken and Nelson (2001) and Boesel et. at. (2003) presented
more on the application of Ranking and Selection [43].
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1.4 Some Basic ideas and concepts

This section presents some concepts and ideas which are useful in

constructing the proposed selection procedures.

1.4.1 Bayesian approach

This approach requires that we specify a prior probability density
function nt(p;), expressing our beliefs about p; before we obtain the data. It
would be very convenient if p; is assigned a prior distribution which is a
member of a family of distributions closed under Binomial sampling or a
member of the conjugate family. The conjugate family in this case is the
family of Beta distributions.

Accordingly, let p; is assigned Beta prior distribution with

parameters ;' and n{, B(r/,n/), the normalized density function is given

by
= pirll_l(l_ Pi )ni_ﬁ'_l 14.1
z(p;) I (1.4.1)
0<p; <1 1<r'<n/ , i=1...,k

Where B(r/,n/ —r/) is the complete Beta function. It is also
assumed that p; are a prior distribution independent. The parameters r’
and n{ not be integer. However it is convenient from this point, we
assume that r’ and n; are integers so that we can replace the Gamma
functions by the factorial terms in our formulation of the schemes [23].

If our prior distribution beliefs can not be presented in a form of
(1.4.1), the analysis which follows will not be applicable and the form of
the probability density function will have to be calculated directly from

the assessment of prior distributions is not pursed here, we assume that

the statistician has already chosen his prior distribution.
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In addition to the prior information, we obtain some sampling
information from the population [Ti(i=1,...... k). In doing so, we assume
that we observe the number of successes r;i, obtained in n; trials giving

probability function.

f(r./p; ’ni):[:iJ = )T (1.4.2)

The posterior probability density function is derived from the prior
probability function and the assumed sampling model by means of Bayes

theorem mentioned earlier.
f(ri"\ pi,”i")”(pi)

N )= 1.4.3
(p/rin) I f(5"\ pi,ni )z (pi )dp; (143
Pi
where r'=r +r/,n'=n+n ,i=1,...k

If the sample size n; taken from population IT; is large, then the

actual choice of prior parameters (r’,n{) has little effect on the posterior

density function which can be well approximated by a Beta probability
density function with parameters r; and n;. In this case it is sufficient to
take the uniform prior distribution w(pi)=1, to express vague knowledge
about the parameters of interest.

As the Beta family is conjugate with the Binomial sampling, it is
unnecessary to revise a Beta prior distribution on the basis of a sample
from a Bernoulli process using Bayes theorem. Given the prior
distribution and the sample results, we need simply note that

'=r+r and n'=n, +n

are the parameters of the posterior Beta density function [23].
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1.4.2 Sequential procedure
A sequential procedure has three elements: sampling rule, stopping
rule and Terminal decision rule [15,17].
These elements are now defined as follows.
(@). sampling rule.
The sampling rule prescribes which observations are taken from
which population. There are different sampling rules such as one at a time

or group at a time [15].

(b). Stopping rule.
The stopping rule prescribes when sampling should be terminated.

At this stage one population is chosen as the best.

(c). Termination rule.
A decision is made at the time when sampling is terminated .
Di: pi is the best, (i=1,...... k).

1.5 QOutline of the thesis

The plan of the thesis can be summarized as follows: Chapter two
deals with Bayesian sequential procedure Based on posterior Estimates
where Fully sequential schemes &; and Group sequential schemes ¢ are
considered. In addition, Bechhofe and Kulkarni (BK) and its conjugate
are described in this chapter which also involves the modifications of the
stopping rules for BK schemes

There are further selection procedures based on sampling rule such
as(the Cyclic Play-the -winner- sampling rule(PWCR), the Cyclic play-
the-Loser-sampling rule (PLCR) and Play-the-clear -winner —sampling
rule (PCWR)). These are presented in chapter two.

Chapter Three contains Monte Carlo simulation studies to

investigate the performance of all schemes in terms of some performance
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measure such as the probability of correct selection and expected sample

size.
Discussion of simulations results and some concluding remarks are

presented in chapter four.

10



Chapter Two Bayesian sequential procedures

2.1: Bayesian sequential procedure Based on Posterior

Estimates
In this section some Bayesian sequential suboptimal schemes are
proposed with decision criteria based on the posterior probabilities of p;,
i=1,....,k, these are prompted by the need for a quick, easy schemes, to
select the best of k Binomial populations, which allow for the
incorporation of prior information about the populations with the
sampling information.
This section contains the description and formulation of the

schemes: fully sequential () and group sequential (8¢).

2.1.1:Description of fully sequential and group

sequential schemes (&f and 6c)

Suppose that observations are taken sequentially one at a time ()
or group at a time (8g), with a maximum sample size of n;, and are

assumed to be independent with probability
f(n){fijﬂﬁa—m"f“ =12,k

where p; is the probability of success for IT;. Further, assume that p; is
assigned a Beta prior distribution with integer parameters r/,n; (or
B(r/,n!)) with density function proportional to;

J/ 1] J
ri-1.nj—r-

1 ’ ’
Pi' Q; Jl<sr<ni-1, g =1-0p
then after r; successes in n; trials on [1; (i=1, .....,k), the posterior
distribution of p; is Beta with integer parameters r" ,n{ where r'=r'+r;,

n'=n;+n, and the posterior expectation of p; or the predictive

14

probability that the next trial results in a success is p; =—.[13].
n;

11
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Let Pp)< P <. < Pyc) be the ordered values of fy, ;... Py

These Bayesian sequential suboptimal schemes, termed 3-schemes with &
refers to the fully sequential scheme and oz to the group sequential
scheme, are based merely on

O = P = Plkca] e, (2.1)
and a preassigned constant 5,(0< 5, <1) serving as an appropriate

distance measure of the differences among the populations.

2.1.2 Formulation of the fully sequential scheme (&)

As we mentioned, in these schemes we sample observations
sequentially one at a time. The difference 6 is used both to determine the
type of observations and the stopping rules and the terminal decision
rules. For all schemes D; is made at termination, where

Di: pi = P (i=1,......... , k),
and for all sequential schemes sampling is stopped once 6>,.

Let DS and DT denote to the stopping and terminal decision rules
for these schemes respectively.

The fully sequential scheme is considered under the following six
sampling rules A; — As, when 3<,.

A; : sample from population [k-1] (I'T j-17) at next trial if >0
sample from population [K] (IT ) at next trial if <0
sample at random from populations (I, [T k-17), if 5=0
A,: A modification of A; to break ties, there are unlikely to be ties for
non-integer prior parameters.
[T 1y if >0 or 6=0 and A = npg- 13> 0 .
[Tpq if 6<0 or 6=0 and A < 0.
At random from (I 1y, [T xag) if6=0and A =0

12
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As: 1y ifd>0o0rd=0and A <0
[Tpgifo<0orod=0and A >0
at random from it if 5=0 and L =0

Az I e if 8<0
[1pq if 5>0
(ITpg, 1 eag) if 6=0

As: [Ty ifd<0ord=0and A >0
[Tpgif6>00rd=0and A <0
(ITpg, [ k) if6=0and A =0

As: [ ifd<0ord=0and A <0
[Tggif6>00rd=0and A >0
([T, [Mpg) if6=0and A =0

2.1.3: Formulation of group sequential Scheme (6¢)

This scheme is similar to ¢ as it depends on the posterior estimates
of the parameters p; (i=1, ....., k). the observations here are taken
sequentially in group of kn observations at each stage, n on each
population until a decision is reached or N is reached.

The stopping and terminal decision rules used are DS and DT
described in section 2.2. Here there is no choice of sampling among the
populations as we continue sampling with all populations if & < &, is
satisfied, otherwise, we stop sampling and proceeds to the terminal
decision rule DT. If the sampling has not stopped before N according to

this stopping rule then it should be terminated at N.

13
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2.2: Bechhofer and Kulkarni Selection procedure (BK) and
(BK*) with modification
This section concerns with considering the selection scheme of
Bechhofer and Kulkarni (1982) (BK) and some modifications to their
stopping rule. As well as it deals with conjugate of selection scheme of
Bechhofer and Kulkarni (BK”).

2.2.1: Description of (BK) and (BK™) Schemes
Bechhofer and Kulkarni (BK) (1982)[5] proposed a closed

sequential scheme for selecting the best of k (k>2) Binomial populations.
This scheme consists of three rules: Sampling rule (BKR), a stopping rule
(BKS) and terminal decision rule (BKT).

In this procedure each observation corresponds to a stage thus, at
stage m, a total of N observations have been taken from all the
populations.

The following notation is used to define the Bechhofer and
Kulkarni procedur (BKR, BKS, BKT) and it's conjugate procedure
(BKR", BKS, BKT). Suppose the experiment is at stage m, that is the m™
observation has been taken. Let,
ni,m be the number of observations taken from [1];.

Zim be the number of successes yielded by [T;.
Fim be the number of failures yielded by [1;.

Note that Ni,m - Zim = Fim

The procedure (BKR, BKS, BKT) is as follows. Sampling rule
(BKR) is:

Part 1. Determine

14
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i.e. the set of populations [];, with the fewest failures, If only one such
population exists, then take the next observation from it and proceed to
BKS. Otherwise proceed to part2.

Part 2: Find the set

{Hi,:Hi,eF and Zi,m:rjre‘aé{zj,m}}

i.e. among the populations having the fewest, the [1;, are those havig the
most successes. If there is only one such population, take the next
observation from it, otherwise, select observation from it.

Stopping rule BKS:

After taking observation (m+1),consider the inequalities for
1<i<k

. >n-—n. .
Zl,m+1—n n|,m+1+zj,m+1

for 1<j<k and j=i ..(2.2)
If the inequalities hold for any i then stop sampling and proceed to

BKT, otherwise, return to partl of BKR and continue sampling.
Sampling stops when there is at least one population such that no

other population can have a greater number of successes in the n available

observations.

Terminal rule (BKT):

The terminal decision rule is to select the population i for which the
inequalities (2.2) holds. If more than one such population exists, select
one at random from among them. Thus, population is selected such that
no other population can have a greater number of successes in the n
available observations.

We use the following notations for several random variable
associated with (BKR, BKS, BKT) when all sampling has terminated:

15
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Nip: Is the number of observations taken from the population associated

with ppip (1< i <k)

N : is the total number of observations N=n; + n,...... + 1n;

Ns and Ng: are the total numbers of successes and failures observed in the

experiment.

Some remarks about this procedure have to be noted. These are.

(i)  The inequalities (2.2) with BKR imply n< N <kn-1. To see that N
attains the lower bound suppose that the first population sampled
from yields n consecutive successes, then BKS calls for stopping,
and the population that yielded these successes is selected.

(i) A consequence of the definition of BKR is that sampling proceeds
in cycles. Each cycle, except possibly that last, consists of a
sequence of observations taken from each of the k populations.
Within a cycle sampling is continued from a given population until
it yields a failure or until n observations are taken from that
populations. At the start of a cycle, all populations have the same
number of failures (this is the same as the number of cycles) so part
2 of BKR applies. Therefore, the first sample is taken from the
population having the most successes, randomizing to break ties.
Sampling from this population continues until a failure is observed
or until n observations have been taken from that population,then
partl of BKR requires that sampling with to one of remaining
populations.

The next observation is taken from that population having the
largest number of successes among the (k-1) remaining populations
(randomizing to break ties). Observations are taken from this population
until n observations have been taken from that population. The process is

repeated for the (k-2) remaining populations and so on until a failure is

16
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observed in all (k) populations or until BKS requires that sampling stop.
If sampling is not stopped by BKS a new cycle is begun.

The conjugate procedure of Bechhofer and Kulkarni (BK™) consists
of three rules: conjugate sampling rule BKR", stopping rule BKS and the
terminal decision rule BKT.

BKR" is the conjugate sampling rule of BKR. The definition of
BKR™ is as for BKR with the roles of successes and failures exchanged.

The sampling rule BKR" can be described as follows:

Partl. Determine

G :{Hi 1<i< k’ni,m < n,zi’m =]£1ji2k{zj’m}}
I.e the set of populations having the fewest successes. If only one such

population exists, take the next observations from it and proceed to BKS.

Otherwise, proceed to part2.

Part2. Determine
ir[i, 11, eG,F, = max{n- ~Zim };

jeg - M

whereF . =N~z and K = Nim=2Zjm

I.e the set of populations having the most failures among those having the
fewest successes. If there is one such population, take the next
observation from it, otherwise, select at random a population from this set
and take the next observation from it. Sampling with BKR™ may also
represented by cycles exchanges the roles of successes and failures in the

description of sampling in cycles with BKR.

2.2.2 Some modifications to the stopping rule BKS

Each stopping rule calculates the potential future number of

successes on each population in different ways:

17



Chapter Two Bayesian sequential procedures

1. The stopping rule BKS1

In many practical problems it is not possible to have all the
samples of the same size , since in some cases the investigator has no
control over the sample sizes. Hence another modification can be made to
the stopping rule BKS so that maximum number of observations on each
population is not restricted.

The first stopping rule becomes:

z;2z,+(N-n—n;)where i, j=1....k and i# j............. (2.3)

Stop and take decision, in the event of a tie i.e r,=r; after the

maximum of N-1 observations, make the decision randomly.

2. The stopping rule BKS;

A modification to the stopping BKS. Using the posterior estimates
of p;(i=1,.....k). The stopping rule becomes

z,zz;+(N-n)p, where i, j=L1....,k and i= j............... (2.4)

Then stop and proceed to BKT.

3. The stopping rule BKS3
A modification of the stopping rule BKS; using the posterior
estimate of p;(i =1,....,k). Therefore, the stopping rule becomes:
z;>z,+(N-n—n;)p, where i, j=1....k andi=j......... (2.5)
stop and proceed to BKT.
2.3: Further Selection Procedure
we discuss some further selection schemes which are combinations
of the various sampling, stopping and terminal decision rules already
given in the previous section. Let GS(VT) denotes the group sequential

sampling rule where vector of observations, one observation from each

18



Chapter Two Bayesian sequential procedures

population, are taken at a time. The investigation also covers three further

sampling rules.

2.3.1 The Cyclic Play the winner-sampling rule (PWCR)
The play-the-winner rule (PWR) is a betting strategy used by

gamblers for years. This sampling rule was first suggested by Robbins
(1956)[41] in a discussion of the two armed-bandit problem (Biiringer et
al., (1980)) [8]and its application to the problem of allocating
observations among treatments appeared in Zelen (1969)[49]. According
to this rule the observations are taken sequentially one at a time. At the
outset one of the populations is randomly selected and the first
observation is taken from this population. If there exists some prior
information on the populations then the first observation is taken from the
population which has the largest prior mean, or in the event of a tie, at
random. In subsequent stages a success generates another trial on the
same population and a failure causes a switch to the other population. It is
assumed that each observation has instantaneous response. The PWCR
orders the k populations at random at the outset and use this ordering in a
cyclic manner. After each success, we sample from the same population;
after each failure, we switch to the next population in the ordering
scheme. After the k™ population, we complete the cycle by go back to the
first population. The use of PWR and PWCR causes a bias in a favor of

sampling the best population.

2.3.2The Cyclic Play the Loser_sampling rule (PLCR)
It is a conjugate of PWCR, The PLCR order orders the k

populations at random at the outset and use this ordering in a cyclic
manner. After each failure, we sample from the same population; after

each success, we switch to the next population in the ordering scheme.
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After the k™ population, we complete the cycle by go back to the first
population. The use of PLCR causes a bias in a favor of sampling from

the worse population.

2.3.3 Play the clear — winner-sampling rule (PCWR)

This rule was proposed by Arkles and Srinivasan (1979)[2] and is a
modification to PWCR where by observations are taken sequentially
either from all or one of the population at each stage. At the first stage
one observation is made from each of the populations. In subsequent
stages sampling takes place on one population depending on the outcome
of the preceding stage. At the i stage (i=2.3,...... ) observations either
made on all populations if at the (i-1)"" stage given success results on all
populations or made on one population IT; if at the previous stage (i-1)"

given this population IT; success result.
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Chapter three Monte Carlo Studies

For some applications, it is of interest to compare the schemes
mentioned in the previous chapters under certain criteria. If the schemes
are to be used in clinical trials, measure such as the probability of
correctly selecting the best treatment at termination or the expected
numbers of trials on the poorer treatment are of more use. To calculate
these and other measures, some Monte Carlo (MC) simulations were

curried out to assess the effectiveness of our procedures.

3.1 Description of the Monte Carlo (MC) studies

In this section, we briefly describe the method of MC simulation as
it is applied to our procedures. Monte Carlo studies have been carried out
to investigate some of the performance characteristics of the proposed
procedures. Computer programs, which simulate the operations of these
procedures, were written in Fortran Power Station.

The simulation programs perform a large number of runs t
(t=100,000), which are assumed to be independent, in order to obtain MC
estimates with high precision. At each run mutually independent Bernouli
observations are generated by using the assumed probability model under

pi(i=12,......... . k) specified in advance and then the selection procedure

is applied. The observed values of several performance measures are
accumulated. At the end of all runs, these accumulated values are divided
by t to obtain the MC estimates of the performance characteristics of
interest.

The library function is used to generate a uniform variate

x(0 < x <1). Population TI; with probability of success and failure if

x>p; (i=1,..,k). Formally,
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Chapter three Monte Carlo Studies

n
A Binomial B(n,p) random variable r can be written as r=>x;,
i=1

where x; are independent Bernoulli random variables, each taking the
values x; =1 with probability p or x; =0 with probability (1-p). Thus, to
simulate such an r, we need just simulate n independent u(0,1) random
variables, us, Uy, ...upand set x; =1 ifu;<p and x; =0 if u; > p.

The values of p;(i=12,......... k) are fixed, where for each run of
100,000 trials the same p;(i=12,......... k) are used.

With the observed value p;, the values of x can be considered as

the observed values of a random variable, possessing the Bernoulli
distribution that should be simulated. According to the suboptimal
sampling schemes, the following quantities are required for input.

(i) For the fully sequential scheme J; :
N, k, priors information , J,
(i) For the Bechhofer and Kulkarni schemes and other sampling rules:

N, Kk, prior information .
(ii1) Fot the group sequential scheme J :

N, Kk, priors in formation ,J,, group size:

As measures of performance of the proposed procedures we shall
use the following quantities.
1.P(CS): probability of correct selection

In a MC experimentation the population that has the greatest
probability of success is known to us, so we can check if the procedure
gives a correct selection. After t repetitions we estimate the probability of
correct selection by the fraction of correct selections in the t replications.

It can be computed as follows:
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P(Di/Di): The proportion of number of times when the procedure stops

and takes decision Di given decision Di is true in t
repetitions.

K
P(CS)=Y p(Di/Di) , where D : pi = ppg, i=1,....k
=1

2.E(M): Expected sample size, where (M ) denoted the actual number of

observations taken from the given population. An estimate of
M is given by

E(M):iMj/t

where M i denotes the number of observations taken from

the k populations in the j* run.

3.E(Ngy)): Expected number of observations on the inferior population.

An estimate of N is given by
t

E(Ng)- 2.Now; /1
j=

where N); is the number of observations assigned to the
inferior population in the j™ run. E(Ng) is not given for the
group sequential schemes since E(N(y))=E(M)/k.

4.E(S) : Expected number of successes. An estimate of S is given by:

o i)

K

where > R; is the number of the successes gained in the j®
i=1

run with R; successes from population IT;(i =1,...., k).
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Chapter Four Discussion and Conclusion of Monte Carlo estimates

These simulation studies provide a comprehensive picture of the
performance of the schemes mentioned before over a broad range of

values of p = (p[l], p[2] .......... p[k]) for k= 3, 4, 5 and 9 populations, and for

a range of N-values of practical interest. We have limited our study to
equally spaced p-values and equal p- values; the values chosen permit
meaningful sensitivity studies for one p- vector to another.

In this thesis it is an important to recall that the symbol of greater
than (>) refers to the favorites of an schemes.

The contents of this chapter can be summarized as follows:
The performance of the suboptimal selection schemes &, 6¢ and Fss are
given is section 4.1.

The performance of the sampling rule BKR with stopping rules
BKS and modifications are discussed in section 4.2. the performance of
the sampling rules PWCR, PCWR and GS (VT) all these with stopping
rules BKS, BKS;, BKS; and BKS; are discussed in section 4.3, 4.4 and
4.5, respectively.
4.1 Performance characteristics of the schemes &¢,6c and Fss

In this section, attention is confined to the study of suboptimal
schemes that based on posterior expectation of pi(i=1, .....,k) using Monte
Carlo simulation technique. The purely sequential schemes &; , which are
constructed from the sampling values Ai, Az, Az, A4 As and Ag in
conjunction with the stopping rule DS and terminal decision rule DT. In
the group sequential schemes &g, when the group size n=N/K, we will
have the fixed suboptimal sampling size.

To assess the properties of these schemes we need to study the
effect of the parameter &y on the behavior of the schemes. The
performance measures P(CS) , E(M) , E(Nu) and E(S) are increasing

functions of &, but the rate of increase is large for small value of &, and
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Chapter Four Discussion and Conclusion of Monte Carlo estimates

small for large values of d, . Therefore , an increase in the values of J
has little effect on P(CS), but allowing a small decrease in P(CS) can be
compensated for by a large reduction in E(M) and E(N) as it is clear
from table (4.1).
Graphically, the effect of 8, on the performance measures of the
schemes &+ (A1) and 5¢(Ay) are displayed in Figures (4.1- 4.4).
Table (4.1)

Performance characteristics of the schemes &:(A1)and dq«(A4) for N=150,
different values of &, for fixed pi (i=1,2,3) , p=(0.4,0.6,0.8) and for

Uniform priors .

| PES | EM | ENg | ES |
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Fig. 4.1 P(CS) as a function of 6y for the schemes &t (A1) and 6¢ (As)
when N=150 with fixed Pi's , where i=1,2,3 ,under uniform priors.
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Fig 4.2 E(M) as a function of &y for the schemes 6; (A;) and & {(As)
when N =150 with fixed pi's ,where i =1,2,3 ,under uniform priors.
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Fig 4.3 E(N@)) as a function of §o for the schemes ¢ (A1) and 6¢(As)
when N =150 with fixed pi's ,where i =1,2,3 ,under uniform priors.
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Fig 4.4  E(S) as a function of &y for the schemes d¢ (A;) and &¢ (As)
when N =150 with fixed pi's, where 1 =1,2,3 ,under uniform priors.
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We conclude that it is necessary to find a compromise between &,
which given earlier stopping resulting in smaller P(CS), and larger o
giving later stopping with larger P(CS). In our particular examples, where
Pi (i=1, ....,k) are fixed, the value do= 0.4 is a good compromise if we
wish to judge the overall performance of the schemes under all measures
we considered.

If we took at the comparison between the sampling rules (Ai-Ag).
There is a large differences between the groups (Ai- As) and (As-As)
under all criteria P(CS), E(M), E(Nq)) and E(S) as in table (4.2). This
table shows that the performance measures are increasing function of N.
As a group the sampling rules (As-As) have the property of sampling
from the population which has the greater posterior expected success
probability and hence the property of stay on the winner. The group of the
sampling rules (A:-As3) has the property of sampling form population that
has the smaller posterior expected success probability and hence it has the
property of stay on the loser. In general, the sampling rule A, performs
better that others sampling rule within the group (A;-As) and As performs
better than other sampling rules within the group (As-Ag). Therefore,
these two sampling rules are chosen as the candidates representing these

two groups for future comparisons.

Table (4.2)
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Chapter Four Discussion and Conclusion of Monte Carlo estimates

Performance characteristics of the schemes 6¢(A1), 6:(A2), 5:(As), 0¢(As),
01(As), d1(Aes), N=30(30)150 for fixed pi (i=1,2,3), p=(0.2,0.6,0.8) under

the uniform priors.
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Table(4.2)

15.15.75
23.60

29.10
33.73
38.27

In group sequential schemes, n observations are taken from each

population at each stage. A series of the simulation runs was carried out
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Chapter Four Discussion and Conclusion of Monte Carlo estimates

with N=450 and different n, where N=kn. It was decided in these cases
the use 6,=0.4 in the sampling and stopping rules. The results are
presented in table (4.3). Varying the group size has little effect on P(CS)
but earlier stopping is obtained by decreasing n, in judging the
performance one must take into account that the smaller the number of
groups the easier and cheaper the scheme would to implement.

In group sequential schemes there are two special cases which are
of interest the first case n=1, called vector at a time sampling rule
GS(VT), where on observation is taken from each population at each
stage, the second case n=N/k, called Fixed sample size Fss

Graphically, the effect of group size on the performance measures

on the group sequential scheme displayed figures (4.5- 4.7).

Table (4.3)
Performance characteristics of ¢ for different group size n,5,=0.4, where
N=450, for fixed pi(i=1,2,3), P =(0.1, 0.2, 0.3) under the uniform priors.

Group size

1

2

10

50

P(CS)




Chapter Four Discussion and Conclusion of Monte Carlo estimates

Fig.4.5 P(CS) for the scheme &g when N= 450 and &, = 0.4 with fixed
pi's, where i=1,2,3 under uniform priors and different group size.
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400 K/(/_/
350

Fig.
4.6
E(M
)for the scheme &g when N= 450 and 6, = 0.4 with fixed pi's,
where i = 1,2,3, under uniform priors and different group size.
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N

Fig.
4.7
E(S)
for the scheme &g when N= 450 and &, = 0.4 with fixed pi's,
where i = 1,2,3, under uniform priors and different group size.

51
N

Next we discuss in details the MC estimates of the performance

characteristics of the schemes &:(A.), 6:(As), GS(VT) and Fss.

4.1.1 The MC estimates of P(CS)
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we present some results, for fixed p; .(i=1,.....,k), k=3,4,5and for

small, equal and large p-values, in tables (4.4), (4.8), (4.12) and (4.16). In

all tables and for small and large p-values we notice that when N is small

the value of the performance measure P(CS) is changeable in all schemes,

but these results performs uniformly better than others as far as P(CS) is
concerned, but that is compensated for by using larger sample size.

In general ,the performance of schemes can be ordered as follows:

Fss>GS(VT)> 6:(As) > 5:(Ay).

Also, the tables show that when p-values are equal. The performance
P(CS)=% for all cases k=3,4,5 and 9.

In general, the performance, in all schemes, is increasing function
of N.

4.1.2 The MC estimate of E(M).

Tables (4.5), (4.9), (4.13) and (4.17) contain some results of
performance E(M),for fixed p;i (i=1,...,k),where k=3,4,5and 9,respectivly.
These show that when p-values are small the E(M) is the best in scheme
d+(A>). The performance can be ordering, interims of E(M), is as follows :

8t(A2)> GS(VT)>6¢(As)>Fss
Also when p-values are equal the scheme 8¢(A.) is the best scheme, the
performance measure is ordered as:

Ot(A2) >0:(As)> GS(VT)>Fss
Now, In these tables when p-values are large and p-values are small in
tables (4.17). The scheme 6¢(As) is best under E(M). The ordered of the
schemes is as follows:

8f(A5)>8f(A2) > GS(VT).
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It is intuitively clear that the performance of the scheme Fss as
measured by E(M) is poor since E(M)=N.
In all tables and in all schemes the performance measure E(M) is

increasing function of N.

4.1.3 The MC estimates of E(N))

The value of E(N(y) for fixed p; (i=1,......,K) , where k=3,4,5 and 9
populations, are presented in tables (4.6), (4.10), (4.14) and (4.18). It can
be seen from these tables that the scheme 6¢(As) is better than the scheme
d¢(A>). This means that the order of the schemes is

31(As)>31(A2).

Also the ordered of schemes is same if we take the percentage ratio

of E(N)) for both schemes.

In generally, The performance E(N(1)) is increasing function of N in
all schemes . In the schemes GS(VT) and Fss, we have E(N))= E(M)/k.
From the above interpretation we conclude that 5:(As) is the best among
d+(Az), GS(VT) and Fss as measured by the performance characteristic
E(Nw).

4.1.4 The MC estimates of E(S)

Tables (4.7), (4.11), (4.15) and (4.19) contains some results of the
performance characteristic E(S), for fixed pi(i=1,........ k), k=3,4,5 and 9
population, respectively. It can be observed from these results the
measure E(S) is changeable for all schemes, but when be taken the
percentage ratio of E(S). They show that the schemes 6:(As) is the best
among other schemes. The performance is order as:

St(As)> d¢(A2)> GS(VT) =Fss,
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where (GS(VT)x=Fss) means both schemes have roughly same
performance. These order is for large and small p-values, when p-values

are equal, the performance E(S) is equal in all tables has the percentage
ratio is 1/2.

Generally, the performance measure E(S) is increasing function of
N in all tables.

Table(4.4)
P(CS) for the schemes &:(A),0:{(AS),GS(VT)and Fss with 8,=0.4,
N=30(30) 300, under uniform priors for fixed p;(i=1,2,3),
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p=(0.15,0.25,0.35) | p=(0.50505) | p=(0.7,0.80.9)

Scheme

Table (4.5)
E(M) for the schemes 6:(A2), 6:(As) and GS(VT) with 60=0.4, for fixed

pi.(i=1,2,3), N=30(30) 210 300, under uniform priors .
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p=(0.15,0.25,0.35) | p=(0.50505) | p=(0.7,0.80.9)

Scheme

GS(VT)

Table (4.6)
E(N@)) for the schemes 8¢(A,) and 5¢(As) with 5,=0.4, for fixed
pi (1=1,2,3), N=30(30) 210 300, under uniform priors
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p=(0.150.25,0.35) | (050505

As 30 2.50 5.35 1.66
90 6.89 17.66 4.83
150 9.86 29.91 7.96
210 10.87 42.54 10.78
300 12.36 61.05 13.99
Table (4.7)

E(S) for the schemes 61(Az), d«(As),GS(VT) and Fss with 80=0.4, for
fixed P; (i=1,2,3), N=30(30) 300, under uniform priors .
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p=(0.15,0.25,0.35) | P=(050505) | p=(0.7,0.809)

GS(VT)

Table(4.8)
P(CS) for the schemes 8¢(A,), 8:(As),GS(VT) and Fss with 8,=0.4, for
fixed p; (1=1,2,3,4), N=40(40)280 400, under uniform priors .
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p = (0.15,0.25,0.35 ,0.45) b = (0.5,05,0.5,0.5) p=(0.6,0.7,0.8,0.9)

GS(VT)

Table(4.9)
E(M) for the schemes 6:(A2), 6:(As) and GS(VT with 5,=0.4, for fixed
pi(i=1,.....,4), N=40(40)280 400, under uniform priors .
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Scheme p = (0.15,0.25,0.35 ,0.45) p = (05,05,05,05) p = (0.6,0.7,0.8,0.9)

GS(VT)

Table(4.10)
E(N@)) for the schemes 6¢(A;) and +(As with 8,=0.4, for fixed
pi(i=1,.....,4), N=40(40)280 400, under uniform priors
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Scheme p = (0.15,0.25,0.35 0.45) p = (05,05,05,05) p = (0.6,0.7,08,09)

Table(4.11)
E(S)for the schemes 6:(Az), 6:(As),GS(VT) and Fss with 60=0.4, for fixed
pi(i=1,.....,4), N=40(40)280 400, under uniform priors.
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Scheme p = (0.15,0.25,0.35 ,0.45) p = (0.5,0.5,0.5,0.5) p = (0.6,0.7,0.8,0.9)

Table(4.12)
P(CS) for the schemes &:«{Az), 0:(As),GS(VT) and Fss with 60=0.4, for
fixed p; (i=1,....,5), N=50(50)350 500, under uniform priors
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Scheme p = (0.15,0.25,0.35 ,0.45,0.55) p = (05,0.5,05,0.5,0.5) p = (05,0.6,0.7,08,0.9)

Table(4.13)
E(M)for the schemes &:Az), d:(As) and GS(VT) with 8,=0.4, for fixed
pi(i=1,....... 5), N=50(50)350 500, under uniform Priors.

Scheme p = (0.15,0.25,0.35 ,0.45,0.55) p = (05,0.5,0.5,0.5,0.5) p = (05,0.6,0.7,0.8,0.9)
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GS(VT)

Table(4.14)
E(N ))for the schemes 8¢(A;) and 8¢(As) with 5,=0.4, for fixed
Pi(i=1,....... 5), N=50(50)350 500, under uniform Priors.

p = (0.15,0.25,0.35 ,0.45,0.55) p = (05,05,0.5,05,0.5) p = (0.5,0.6,0.7,0.8,0.9)
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|
As 50 1.78 5.51 0.89 |
150 1.96 20.06 1.70
‘ 250 1.96 34.42 2.00 ’
| 350 2.05 50.15 2.74 |
I 500 2.06 67.74 2.80 I
Table(4.15)

E(S)for the schemes 6:(Az), 01(As),GS(VT) and Fss with 80=0.4, for fixed
pi(i=1,....... 5), N=50(50)350 (500), under uniform Priors

Scheme p = (0.15,0.25,0.35 ,0.45,0.55) p = (050.5,050.5,05) p = (05,0.6,0.7,08,0.9)
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GS(VT)

Table(4.16)
P(CS)for the schemes 8:{A2), 6:(As),GS(VT) and Fss with §,=0.4, for
fixed pi (i=1,....... 9), N=90(90)630 (900), under uniform Priors.
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GS(VT)

Table (4.17)
E(M) for the schemes &:(A2), 6:(As) and GS(VT) with 8,=0.4, for fixed
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GS(VT)

Table(4.18)
E(N() for the schemes 6¢(Az) and 8:«(As whit 8,=0.4, for fixed p;
a=1,....... 9), N=90(90)630 900, under uniform Priors
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|
As 90 0.07 6.06 0.15 |
270 0.07 23.25 0.15
‘ 450 0.07 42.60 0.15 ’
| 630 0.07 61.16 0.15 |
I 900 0.07 86.45 0.15 I
Table (4.19)

E(S) for the schemes 6:(A>), 6:(As),GS(VT) and Fss with 6,=0.4, for fixed
pi(i=1,....... 9), N=90(90)630 900, under uniform Priors.

Samr;llng p =(0.15025035045 | p=(0505050505 | p=(0.1,0.20.30405
rule ~ ~ ~
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,0.55,0.65,0.75,0.85,0.95) 0.5,0.5,05,0.5) 0.6 ,0.7,0.8,09)
Az 90 73.26 43.27 66.98
270 218.08 126.99 199.61
| 450 363.02 210.20 334.35
630 506.48 293.53 467.07
900 726.23 416.52 665.72

4.2 Performance characteristics of the sampling rule BKR

with the stopping rule BKS and modifications
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The values of the measures were calculated from the results of
Monte Carlo (MC) simulations with 100 000 trials for fixed values of p;
(i=1,... k).

In the following we discuss in details the performance of the
sampling rules BKR, with stopping rules BKS, BKS;, BKS,, and BKS3;

and the terminal decision rule BKT.

4.2.1 The MC estimates of P(CS).

The simulation results of the performance measure P(CS) are
presented in tables (4.20), (4.24), (4.28) and (4.32) for fixed
pi(i=1,....... k) where k=3,4,5 and 9, respectively.In these tables, we note
that the scheme (BKR,BKS;) is best in terms of measure P(CS). However,
when N increases the scheme (BKR,BKS;) becomes equal to the scheme
(BKR,BKS3). The performance measure can be ordered as follows.

BKS;>BKS;>BKS>BKS, when N is small
BKS,;=2zBKS;>BKS>BKS, when N is large
When p-values are equal, the performance measure P(CS) =1/k in

all tables. In general, the performance measure is increasing function of N.

4.2.2 The MC estimates of E(M)

It is preferable to stop sampling from populations as soon as
possible, that is the scheme with less E(M) is preferred.

Tables (4.21), (4.25), (4.29) and (4.33) display some results of
E(M) for fixed pi (i=1,....... k) , where k=3.4,5 and 9, respectively. We can
see from these tables that the scheme (BKR, BKS) is better than the
scheme (BKR, BKS;) and the scheme (BKR, BKS,) is better than the
scheme (BKR, BKS) in the measure E(M) . Also the scheme (BKR,
BKS;) is better than the scheme (BKR, BKS;) and the scheme (BKR,
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BKYS) is better than the scheme(BKR, BKS3), Therefore, the scheme
(BKR, BKS,) is the best among other schemes so the order of the
performance is as follows:

BKS,>BKS>BKS3;>BKS;
The performance in all schemes and in all tables is increasing function of
N.

4.2.3 The MC estimates of E(N()).

The values of the performance measure of E(N(;)) are presented in
tables (4.22), (4.26), (4.30) and (4.34) for fixed pi(i=1,...... k), where
k=3,4,5 and 9 populations, respectively . From these tables, we conclude
that the scheme (BKR,BKS,) is the best (lees value of E(N()) among
schemes. But by taking the percentage ratio of E(N)). We note that in all
tables the scheme (BKR,BKS;) is best among other schemes. Also show
that neither scheme (BKR, BKS;) nor (BKR,BKS) is better than others.
The order of E(N() is as follows.

BKS;>BKSs> [BKS=BKS,]

The performance measure E(N) is increasing function of N.

4.2.4 The MC estimates of E(S).

Comparisons of tables (4.21) with (4.23), (4.25) with (4.27), (4.29) with
(4.31) and (4.33) with (4.35), show that if E (M) is large then E(S) is large
too. Then the scheme (BKR, BKS2) is the worst and the scheme (BKR,
BKS1) is best. The performance ordering is as follows

BKS;>BKS;3;> BKS>BKS;
But it is appears that the measure E(S) is changeable in all schemes
specially when k=3 and 4 in both cases when p-values is small or large
under taken percentage ratio of E(S)/E(M). However, neither the scheme
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(BKR, BKS;) nor the scheme (BKR, BKSs;) is superior in terms of
measure E(S). In addition, we note that when p-values are equal that the
percentage ratio equal to 1/2 under all schemes. Moreover, in all tables the
measure E(S) is increasing function of N.

The conclusion to be drawn from these result and given in this
section is that the scheme (BKR, BKS;) and ( BKR, BKS3) should be used
if P(CS), E(S) and E(N¢)) are more important criteria, while the scheme
(BKR,BKS)) is preferred if E(M) is more interest. .

Table (4.20)
P(CS) of the schemes that are combination of the sampling rule BKR, the
stopping rules BKS,BKS;, BKS,, BKS;. In addition, terminal decision
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rules. BKT, where N=30(30)210 300, for fixed p; (i=1, 2, 3), under

uniform prior

Stopping p= (0,15,0,2510_35) p =(0.5,0.5,0.5) p=(0.7,0.8,0.9)

~

rule

Table (4.21)
E (M) of the schemes that are combination of the sampling rule BKR, the

stopping rules BKS,BKS;, BKS;, BKS;. In addition, terminal decision
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rules. BKT, for fixed pi(i=1,2,3), where N=30(30)210 300 under

uniform prior.

Stopping p=(0.15,0.25,0.35) p= (0.5,0.5,0.5) p= (0.7,0.8,0.9)

BKS 30 19.25 22.33 15.77
90 67.18 76.47 52.34
150 116.99 132.16 89.80
210 166.83 188.76 127.50
300 242.47 274.70 182.33

BKS; 30 27.69 26.89 22.08
90 84.91 84.85 69.65
150 142.16 143.44 117.59
210 199.41 202.35 165.28
300 285.24 290.94 236.29

Table (4.22)
E(N@)) of the schemes that are combination of the sampling rule BKR, the
stopping rules BKS,BKS;, BKS,, BKS;. In addition, terminal decision
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rules. BKT, for fixed pi(i=1,2,3), where N=30(30)210 300 under uniform
prior.

Stopping p= (0,15,0,2510_35) p =(0.5,0.5,0.5) p=(0.7,0.8,0.9)

~

rule

Table (4.23)
E(S) for the schemes that are combination of the sampling rule BKR, the
stopping rules BKS,BKS;, BKS,, BKS;. In addition, terminal decision
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rules. BKT, for fixed pi(i=1,2,3), where N=30(30)210 300 under uniform

prior.

Stopping p= (0,15,0,2510_35) p =(0.5,0.5,0.5) p=(0.7,0.8,0.9)

~

rule

Table (4.24)
P(CS)for the schemes that are combination of the sampling rule BKR, the
stopping rules BKS, BKS;, BKS; and BKSs;. In addition, the terminal
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decision rules. BKT, for fixed pi(i=1,...,4), where N=40(40)280 400 under

uniform prior

Stopping

p = (0.15,0.25,0.35 ,0.45)

rule

p = (05,05,05,05)

p = (0.6,0.7,0.8,0.9)

Table (4.25)

E(M) for the schemes that are combination of the sampling rule
BKR, the stopping rules BKS,BKS;, BKS, and BKSsand the terminal
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decision rules. BKT, for fixed pi(i=1,...,4), where N=40(40)280 400 under
uniform prior

Stopp-

p = (0.15,0.25,0.35 ,0.45) p = (05,05,05,05) p = (0.6,0.7,0.8,0.9)

ing rule

Table (4.26)
E(Nq) for the schemes that are combination of the sampling rules
BKR, stopping rules BKS,BKS;, BKS ;and BKS; and terminal decision
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rules. BKT, for fixed pi(i=1,...,4), where N=40(40)280 400 under uniform
prior

Stopping

p = (0.15,0.25,0.35 0.45) p = (05,05,05,05) p = (0.6,0.7,08,09)

rule

Table (4.27)
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E(S) of the schemes that combinations of the sampling rule BKR,
stopping rules BKS,BKS;, BKS, and BKS; and terminal decision rules.
BKT, for fixed pi(i=1,...,4), where N=40(40)280 400 under uniform prior

Stopping rule p = (0.15,0.25,0.35 ,0.45) p = (05,0.5,0.5,0.5) p = (06,0.7,08,0.9)

BKS 9.27 13.23 14.42
29.93 48.81 47.92
50.48 85.43 82.19
71.21 122.85 116.49
102.38 179.64 107.66
13.49 19.22 24.98
40.96 58.74 77.72
68.50 98.45 130.43
96.54 138.33 182.83
138.39 197.97 261.39
4.57 7.20 4.46

18.40 36.62 22.6

34.24 71.27 42.96
50.43 106.60 64.89
75.23 161.04 97.86
15.84 18.03 20.87
47.88 57.28 71.42
79.70 96.59 122.15
112.01 136.14 172.34
160.47 195.68 246.74

Table (4.28)
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P(CS) of the schemes that combinations of the sampling rule BKR,

stopping rules BKS,BKS;, BKS;, BKSs.

rules.

In addition, terminal decision

BKT, for fixed pi(i=1,...,5), where N=50(50)350 500 under uniform prior

Stopping

p = (0.15,0.25,0.35 ,0.450.55)

rule

p = (0505,0505,0.5)

p = (05,0.6,0.7,08,0.9)

Table (4.29)
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E(M) of the schemes that combinations of the sampling rules BKR,
stopping rules BKS,BKS;, BKS; and BKS; and terminal decision rules.
BKT, for fixed pi(i=1,...,5), where N=50(50)350 500 under uniform prior

Stopping p = (0.15,0.25,0.35 ,0.45,0.55) p = (0.5,0.5,0.5,0.5,0.5) p = (0.5,0.6,0.7,0.8,0.9)
rule ) ) )

Table (4.30)
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E(N@) of the schemes that combinations of the sampling rule BKR,
stopping rules BKS,BKS;, BKS; and BKS; and terminal decision rules.
BKT, for fixed pi(i=1,...,5), where N=50(50)350 500 under uniform prior

Stopping p = (0.15,0.25,0.35 ,0.45,0.55) p = (0.5,0.5,0.5,0.5,0.5) p = (0.5,0.6,0.7,0.8,0.9)
rule ) ) )

Table (4.31)
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E(S) of the schemes that combinations of the sampling rule BKR,
stopping rules BKS,BKS;, BKS,and BKS; and terminal decision rule.
BKT, for fixed pi(i=1,...,5), where N=50(50)350 500 under uniform prior

Stopping p = (0.15,0.25,0.35 ,0.45,0.55) p = (0.5,0.5,0.5,0.5,0.5) p = (0.5,0.6,0.7,0.8,0.9)
rule ) ) )

Table (4.32)
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P(CS) for the schemes that combinations of the sampling rule
BKR, stopping rules BKS,BKS;, BKS;, and BKS; and terminal decision
rule BKT, for fixed pi(i=1,...,9), where N=90 (90) 630 900 under uniform

prior.

Stopping p =(0.1,0.2,0.3,04,05.

p = (0.15,0.25,0.35,0.45,0.55, | p = (0.5,0.5,0.5,0.5,0.5,0
N - 0.6, 0.7,0.8,0.9)

rule 0.65,0.75,0.85,0.95) 5,0.5,0.5,0.5)

Table (4.33)
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E(M) for the schemes that combinations of the sampling rule
BKR, stopping rules BKS,BKS;, BKS; and BKSzand terminal decision
rule BKT, for fixed pi(i=1,...,9), where N=90 (90) 630 900 under uniform

priors.

Stopping p =(0.1,0.2,0.3,04,05.

p = (0.15,0.25,0.35,0.45,0.55, p =(0.5,05,0.5,0.5,0.5
- - 0.6, 0.7,0.8,0.9)

rule 0.65,0.75,0.85,0.95) 0.5, 0.5,0.5,0.5)

Table (4.34)
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E(Nw) for the schemes that combinations of the sampling rule
BKR, stopping rules BKS,BKS;, BKS; and BKS; and terminal decision
rule BKT, for fixed pi(i=1,...,9), where N=90 (90) 630 900 under uniform

priors

Stopping p =(0.1,0.2,0.3,04,05.

p = (0.15,0.25,0.35,0.45,0.55, | p = (0.5,0.5,0.5,0.5,0.5,
- N 0.6, 0.7,0.8,0.9)

rule 0.65,0.75,0.85,0.95) 0.5,0.5,0.5,0.5)

Table (4.35)
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E(S) for the schemes that combinations of the sampling rule BKR,
stopping rules BKS,BKS;, BKS; and BKS; and terminal decision rule
BKT, where N=90 (90) 630 900 for fixed pi(i=1,...,9), under uniform

priors

Stopping

b = (0.15,0.25,0.35,045,055, | p= (0505050505, | P = (0102030405

rule 0.65,0.75,0.85,0.95) 0.5,05,0.5,0.5) 0.6,0.7,0.8,09)
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4.3 Performance characteristics of PWCR with BKS

and modifications

The values of the measures were calculated from the results of MC
simulations with 100 000 trials for fixed p-values. It should be noted that
the measures are related to N. In the following, we discuss in details, the
performance of the schemes that are combinations of the sampling rule
PWCR, the stopping rules BKS, BKS;, BKS, and BKS3 and the terminal

decision rule BKT.

4.3.1 The MC estimates of P(CS)

Tables (4.36), (4.40), (4.44) and (4.48) give the performance
measures P(CS) of designs that consist of the sampling rules PWCR with
the stopping rules BKS, BKS;, BKS; and BKS; for fixed pi(i=1.,...... K),
where k=3,4,5 and 9, respectively. For all schemes, P(CS) increases as N
increases. The same tables also show that the measure P(CS) under the
stopping rule BKS; is the best. However, when N increases the
performance measure P(CS) has roughly the same values under the
stopping rules BKS, BKS; and BKS;. We also note that the scheme under
the stopping rule BKS, has P(CS) less than others for small N and nearly
the same for large N.

When the p-values are equal, we have the value of P (CS) z1/K.

4.3.2 The MC estimates of E (M)

Table (4.37), (4.41), (4.45) and (4.49) contain some results of E(M)
for fixed pi(i=1,.......... k) where k=3,4,5 and 9, respectively. These
tables show that performance measure E (M) under the stopping rule
BKS; is best than other schemes. The performance of the stopping rules
for k=3 and 4 for small p-values can be ordered as follows:

BKS,>BKS3;>BKS>BKS; .
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And for others values as
BKS,>BKS>BKS;>BKS;

The performance measure E(M) increases as N increases.

4.3.3 The MC estimates of E (N())

Tables (4.38), (4.42), (4.46) and (4.50) presented some numerical
results on the performance measure E(N)), where pi(i=1,......k) are fixed,
and k=3,4,5 and 9, respectively. The results in the tables indicate the
superiority of the stopping rule BKS, over other stopping rules if the
performance measure E (N(p) is used.

Based on the results given in the tables, the percentage ratio of

E(N@)/E(M) shows that the stopping rule BKS; is best than other

stopping rules. Moreover, the order of the performance is as follows:
BKS:>BKS;>BKS>BKS;.

However, the tables show that if p-values are equal, the ratio has roughly

the same values and is approximately equal to 1/k. In general, the ratio

decreases as N increases.

4.3.4 The MC estimates of E(S)

Some results of E(S) are presented in tables (4.39), (4.43), (4.47)
and (4.51) for fixed Pi(i=1,......k) , k=3,4,5, and 9, respectively. If E (M)
Is taken into account then the scheme under the stopping rule, BKS; yields
small values of E(S).

It would be reasonable to compare the schemes in terms of the
percentage ratio E(S)/E(M) which indicates the superiority of the scheme
under the stopping rule BKS. According to this ratio we can order the
performance of the stopping rules under PWCR as follows:

BKS;>BKS3;>BKS>BKS,
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This is true when p-values are small or large; however, when p-
values are equal, the ratio has roughly equaled to 1/2. In general, the ratio
Is decreasing function of N.

From this discussion, we can conclude that the schemes (PWCR,
BKS;) and (PWCR, BKSs3) should be used if P (CS), E (N)) and E(S) is
more important while the scheme (PWCR, BKS) is the more suitable for

use if we are interested in reducing E(M).

Table (4.36)
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P(CS) for the schemes that are combinations of the sampling rule PWCR,
the stopping rules BKS, BKS;, BKS;and BKS;z and the terminal decision
rule BKT , for fixed pi(i=1,2,3) where N=30 (30) 210 300 under uniform

priors.

StODrIJing p=(0.15,0.25,0.35)| p=(0.5,0.505)| p=(0.7,0.8,0.9
rule - - -

Table (4.37)
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E(M)for the schemes that are combinations of the sampling rule PWCR,
the stopping rules BKS, BKS;, BKS; and BKS; and the terminal decision
rule BKT , for fixed pi(i=1,2,3) ,where N=30 (30) 210 300 under uniform

priors.

StODrIJing p=(0.15,0.25,0.35)| p=(0.5,0.50.5)| p=(0.7,0.8,0.9)
rule - - -

Table (4.38)
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E(N)for the schemes that are combinations of the sampling rule
PWCR, the stopping rules BKS, BKS;, BKS; and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,2,3) ,where N=30 (30) 210 300 under

uniform prior.

St0p||0in9 p=(0.15,0.25,0.35)| p = (0.5,0.5,0.5)
ruie ~ ~

Table (4.39)
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E(S) for the schemes that are combinations of the sampling rule
PWCR, the stopping rules BKS, BKS;, BKS; and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,2,3), where N=30 (30) 210 300 under
uniform priors

StODrIJing p=(0.15,0.25,0.35)| p=(0.5,050.5)| p=(0.7,0.8,0.9)
rule - - -

Table (4.40)
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P(CS) for the schemes that are combinations of the sampling rule
PWCR, the stopping rules BKS, BKS;and BKS; and BKS; and the
terminal decision rule BKT , for fixed pi(i=1,...,4), where N=40 (40) 280

400 under uniform prior.

Stopping

p = (0.15,0.25,0.35 ,0.45) p = (05,05,05,0.5) p = (0.6,0.7,0.8,0.9)

rule

Table (4.41)
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E(M)for the schemes that are combinations of the sampling rule
PWCR, the stopping rules BKS, BKS;, BKS; and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,...,4) ,where N=40 (40) 280 400 under

uniform prior.

Stopping

p = (0.15,0.25,0.35 ,0.45) p = (05,05,05,05) p = (0.6,0.7,08,0.9)

rule

Table (4.42)
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E(N)for the schemes that are combinations of the sampling rule
PWCR, the stopping rules BKS, BKS;, BKS;and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,...,4) ,where N=40 (40) 280 400 under

uniform priors.

Stopping

p = (0.15,0.25,0.35 ,0.45) p = (050505,0.5) p = (060.7,080.9)

rule

Table (4.43)
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E(S) for the schemes that are combinations of the sampling rule
PWCR, the stopping rules BKS, BKS;, BKS; and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,...,4) ,where N=40 (40) 280 400 under

uniform priors.

Stopping

p = (0.15,0.25,0.35 ,0.45) p = (05,05,05,0.5) p = (0.6,0.7,0.8,0.9)

rule

Table (4.44)
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P(CS) for the schemes that are combinations of the sampling rule
PWCR, the stopping rules BKS, BKS;, BKS;and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,...,5), where N=50 (50) 350 500 under

uniform priors.

Stopping p = (0.15,0.25,0.35 ,0.45,0.55) p = (05,05,0.5,0.5,0.5) p = (0.5,0.6,0.7,0.8,0.9)

Table (4.45)
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E(M) for the schemes that are combinations of the sampling rule
PWCR, the stopping rules BKS, BKS;, BKS; and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,...,5) ,where N=50 (50) 350 500 under

uniform priors

Stopping p = (0.15,0.25,0.35,0.45,0.55) p = (05,05,0.5,0.5,0.5) p = (0.5,0.6,0.7,0.8,0.9)

Table (4.46)
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E(N) for the schemes that are combinations of the sampling rule
PWCR, the stopping rules BKS, BKS;, BKS; and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,...,5) ,where N=50 (50) 350 500 under

uniform priors

Stopping p = (0.15,0.25,0.35 ,0.45,0.55) p = (05,0.5,0.5,0.5,0.5) p = (0.5,0.6,0.7,0.8,0.9)

Table (4.47)
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E(S) for the schemes that are combinations of the sampling rule
PWCR, the stopping rules BKS, BKS;, BKS;and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,...,5) ,where N=50 (50) 350 500 under

uniform priors

Stopping p = (0.15,0.25,0.35 ,0.45,0.55) p = (05,0.5,0.5,0.5,0.5) p = (0.5,0.6,0.7,0.8,0.9)

Table (4.48)
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P(CS) for the schemes that are combinations of the sampling rule
PWCR, the stopping rules BKS, BKS;, BKS; and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,......,9) ,where N=90 (90) 630 900
under uniform priors

Stopping p =(0.1,0.2,0.3,04,05,

p = (0.15,0.25,0.35,0.45,0.55, | p =(0.5,0.5,0.5,0.5,0.5,0.5,
- N 0.6, 0.7,0.8,0.9)

rule 0.65,0.75,0.85,0.95) 0.5,0.5,0.5)

Table (4.49)
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E(M) for the schemes that are combinations of the sampling rule
PWCR, the stopping rules BKS, BKS;, BKS;, BKS; and the terminal
decision rule BKT , for fixed pi(i=1,......,9) ,where N=90 (90) 630 900
under uniform priors

Stopping p =(0.1,0.2,0.3,04,05,

p = (0.15,0.25,0.35,0.45,0.55, | p =(0.5,0.5,0.5,0.5,0.5,
- - 0.6, 0.7,0.8,0.9)

rule 0.65,0.75,0.85,0.95) 0.5,0.5,0.5,0.5)

Table (4.50)
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E(N) for the schemes that are combinations of the sampling rule
PWCR, the stopping rules BKS, BKS;, BKS;and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,......,9) ,where N=90 (90) 630 900
under uniform priors

p =(0.1,0.2,0.3,0.4,0.5,

Stopplng p = (0.15,0.25,0.35,0.45,0.55, | p = (0.5,0.5,0.5,0.5,0.5,0.5,

rule 0.65,0.75,0.85,0.95) 0.5.0.5,0.5) 0.6,0.7,0.8,09)

Table (4.51)
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E(S)for the schemes that are combinations of the sampling rule
PWCR, the stopping rules BKS, BKS;, BKS;and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,......,9) ,where N=90 (90) 630 900
under uniform priors

Stopping p =(0.1,0.2,0.3,04,05.

p = (0.15,0.25,0.35,0.45,0.55, | p = (0.5,0.5,0.5,0.5,0.5,0.
- - 0.6, 0.7,0.8,0.9)

rule 0.65,0.75,0.85,0.95) 5,0.5,0.5,0.5)
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4.4 Performance characteristics of PCWR with BKS

and modifications.

In the following we discuss in details the performance
characteristics of the scheme that are combination of the sampling rule
PCWR, The stopping rule BKS with some modification and the terminal

decision rule BKT.

4.4.1 The MC estimate of P(CS)

The simulation results of performance measure P(CS) are presented
in tables (4.52), (4.56), (4.60)and (4.64) for fixed pi(i=1,....,k), where
k=3,4,5 and 9, respectively. For all schemes the measure P(CS) is
increasing function of N. It is clear from these tables that the values of
P(CS) is changeable for all scheme, but as N increase P(CS) has roughly
same values under all schemes .However , when p-values are equal the
measure P(CS) has nearly same values which are equal to 1/k in all

schemes .

4.4.2 The MC estimates of E (M)

In tables (4.53) ,(4.57),(4.61) and (4.65) ,we presented some
simulation results , for fixed pi (i=1,...,k) ,where k=3,4,5.and 9,
respectively .Under the performance measure E(M) has the same order as
in section 4.3.2. Also has the same properties for the versions values of
pi's .Indeed BKS, shows the superiority over the other stopping rules in
terms of E (M).

4.4.3 The MC estimates of E (N().

Tables (4.54), (4.58), (4.62) and (4.66) contain some results of
performance measures E (N¢). It is a parent from these tables that the

scheme under the stopping rule BKS; is the best among others in terms of
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E(N) , but the percentage ratio of E(N))/E(M) is used for comparison,
we note that the scheme under the stopping rule BKS; is the best . The

general order of performance E (N()) under this ratio will be as :
BKS;> BKS;>BKS>BKS;.

In general, the ratio is decreasing function of N.

4.4.4: The MC estimates of E(S)

The values of performance of E(S) are presented the tables (4.55),
(4.59), (4.63) and (4.67). As usually, if E (M) is large so E(S) is large.
Therefore, the performance E(S) has the same order of E (M). That is

BKS;> BKS;>BKS>BKS;,

This order remains as the same when percentage ratio taken. The
ratio is decreasing function of N, while the E(S) is an increasing function
of N.

The conclusion to be drawn the results given in this section is that
the schemes (PCWR, BKS;) and (PCWR, BKS3) should be used if P (CS),
E(N@) and E(S) is more important criterion, while the scheme (PCWR,
BKS,) is preferred if E(M) is of more interest.

Tale (4.52)
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P(CS)for the schemes that are combinations of the sampling rule
PCWR, the stopping rules BKS, BKS;, BKS;and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,2,3),where N=30(30) 210 300 under

uniform priors

Stopping p =(0.15,0.25,0.35)
rule ~

p =(0.5,0.5,0.5)

p=(0.7,0.8,0.9)

Table (4.53)
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E(M)for the schemes that are combinations of the sampling rule
PCWR, the stopping rules BKS, BKS;, BKS; and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,2,3),where N=30(30) 210 300 under

uniform priors

St0p||0in9 p=(0.15,0.25,0.35)| p =(0.5,0.5,0.5)| p=(0.7,0.8,0.9)
rule - - -

Table (4.54)
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E(N)for the schemes that are combinations of the sampling rule
PCWR, the stopping rules BKS, BKS;, BKS;and BKS; and the terminal
decision rule BKT , for fixed p;i(i=1,2,3),where N=30(30) 210 300 under
uniform priors.

St0p||0in9 p=(0.15,0.25,0.35)| p=(0.5,0.505)| p=(0.7,0.8,0.9)
rule - - -

Table (4.55)
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E(S)for the schemes that are combinations of the sampling rule
PCWR, the stopping rules BKS, BKS;, BKS;and BKS; and the terminal
decision rule BKT , for fixed p;i(i=1,2,3),where N=30(30) 210 300 under

uniform priors

St0p||0in9 p =(0.15,0.25,0.35)| p = (0.5,0.5,0.5)| p =(0.7,0.8,0.9)
rule - - -

Table (4.56)
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P(CS) of the schemes that are combinations of the sampling rule
PCWR, the stopping rules BKS, BKS;, BKS; andBKS; and the terminal
decision rule BKT , for fixed pi(i=1,....,4),where N=40(40) 280 400 under

uniform priors

Stopping

p = (0.15,0.25,0.35 ,0.45) p = (050505,0.5) p = (0.6,0.7,080.9)

rule

Table (4.57)
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E(M) of the schemes that are combinations of the sampling rule
PCWR, the stopping rules BKS, BKS;, BKS; and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,....,4),where N=40(40) 280 400 under

uniform priors

Stopping

p = (0.15,0.25,0.35 ,0.45) p=(05050505) | p=/(06070809)

rule

Table (4.58)
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E(N) of the schemes that are combinations of the sampling rule
PCWR, the stopping rules BKS, BKS;, BKS; and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,....,4),where N=40(40) 280 400 under

uniform priors

Stopping

p = (0.15,0.25,0.35 ,0.45) p=(05050505) | p=/(06070809)

rule

Table (4.59)
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E(S) of the schemes that are combinations of the sampling rule
PCWR, the stopping rules BKS, BKS;, BKS;and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,....,4),where N=40 (40) 280 400

under uniform priors.

Stopping rule p =(0.150.25,0.35 ,0.45)

p = (05050505)

p = (0.6,0.7,0.8,0.9)

Table (4.60)
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P(CS) of the schemes that are combinations of the sampling rule
PCWR, the stopping rules BKS, BKS;, BKS; and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,....,5),where N=50 (50) 350 500

under uniform priors

Stopping p = (0.15,0.25,0.35,0.45,0.5) p = (05,05,05,0.5,0.5) p = (0.5,0.6,0.7,0.8,0.9)

Table (4.61)
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E(M) of the schemes that are combinations of the sampling rule
PCWR, the stopping rules BKS, BKS;, BKS; and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,....,5),where N=50 (50) 350 500

under uniform priors

Stopping p =(0.15,0.25,0.35,0.45,055) | p = (0505050505) | p = (0.50.6,0.7,0.8,0.9)

Table (4.62)
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E(N) of the schemes that are combinations of the sampling rule
PCWR, the stopping rules BKS, BKS;, BKS; and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,....,5),where N=50 (50) 350 500

under uniform priors

Stopping p = (0.15,0.25,0.35,0.45,055) | p = (0.5,0.5,0.5,0.5,0.5) | p = (0.5,0.6,0.7,0.8,0.9)

Table (4.63)
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E(S)of the schemes that are combinations of the sampling rule
PCWR, the stopping rules BKS, BKS;, BKS; and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,....,5),where N=50 (50) 350 500

under uniform priors

Stopping p = (0.15,0.25,0.35,0.45,055) | p = (0.5,0.5,0.5,0.5,0.5) | p = (0.5,0.6,0.7,0.8,0.9)

Table (4.64)

103



Chapter Four Discussion and Conclusion of Monte Carlo estimates

P(CS) of the schemes that are combinations of the sampling rule
PCWR, the stopping rules BKS, BKS;, BKS; and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,....,9),where N=90 (90) 630 900
under uniform priors.

Stopping p =(0.1,0.2,0.3,04,05,

p = (0.15,0.25,0.35,0.45,0.55, | p =(0.5,0.5,0.5,0.5,0.
- - 0.6, 0.7,0.8,0.9)

rule 0.65,0.75,0.85,0.95) 5,05, 0.5,0.5,0.5)

Table (4.65)
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E(M) of the schemes that are combinations of the sampling rule
PCWR, the stopping rules BKS, BKS;, BKS; and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,....,9),where N=90 (90) 630 900

under uniform priors.

Stopping p =(0.1,0.2,0.3,04,05,

p = (0.15,0.25,0.35,0.45,0.55, p = (0.5,0.5,0.5,0.5,0.5,
- N 0.6, 0.7,0.8,0.9)

rule 0.65,0.75,0.85,0.95) 0.5,0.5,0.5,0.5)

Table (4.66)
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E(N) of the schemes that are combinations of the sampling rule
PCWR, the stopping rules BKS, BKS;, BKS; and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,....,9),where N=90 (90) 630 900
under uniform priors

Stopping p=(0.1,0.2,0.30.4,05,

p = (0.15,0.25,0.35,0.45,0.55, | p = (0.5,0.5,0.5,0.5,0.
N - 0.6, 0.7,0.8,0.9)

rule 0.65,0.75,0.85,0.95) 5,05, 0.5,0.5,0.5)

Table (4.67)
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E(S) of the schemes that are combinations of the sampling rule
PCWR, the stopping rules BKS, BKS;, BKS;and BKS; and the terminal
decision rule BKT , for fixed pi(i=1,....,9),where N=90 (90) 630 900
under uniform priors

Stopping p=(0.1,0.2,0.30.4,05,

p = (0.15,0.25,0.35,0.45,0.55, | p = (0.5,0.5,0.5,0.5,0.5,0.5,
N - 0.6, 0.7,0.8,0.9)

rule 0.65,0.75,0.85,0.95) 0.5,0.5,0.5)
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4.5 Performance characteristics of GS (VT) with BKS

and modifications.

In this section, we discuss the performance characteristics of the
schemes that are combinations of the sampling rule GS (VT), the stopping
rules BKS, BKS;, BKS; and BKS; and terminal decision rule BKT.

The values of the performance measure E (N)) do not appear in these
tables since E(N@))=E(M)/K.

4.5.1 The MC estimates of P(CS)

Tables(4.68), (4.71), (4.74) and (4.77) display some results of
P(CS) ,for fixed pi(i=1,...... k) ,where k=3,4,5 and 9, respectively. They
show that the performance measure P (CS) has the same behavior as in the

last section 6.3.1.

4.5.2 The MC estimates of E (M)
The results presented in the tables (4.69), (4.72), (4.75) and (4.78)

show also the same behavior in section 4.3.2 in terms of E(M).

4.5.2 The MC estimates of E(S)

Tables (4.70), (4.73),(4.76) and (4.79) contains some results of
E(S), for fixed Pi(i=1,....... k), where k=3,4,5 and 9, respectively. We
notice from these tables that the performance measure E(S) has the same
order as in section 4.3.4.

we can suggest the use of the schemes (GS(VT), BKS;) and
(GS(VT), BKS3 ) if we are interested in the performance measure P(CS)
and E(S) and the scheme (GS(VT), BKS,) , if the performance E(M) is of
more importance.

Table (4.68)
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P(CS) for the schemes that are combinations of the sampling rule
GS(VT), the stopping rules BKS, BKS;, BKS; and BKS;z and the terminal
decision rule BKT , for fixed pi(i=1,2,3),where N=30 (30) 210 300 under

uniform priors.

Stopping

p = (0.15,0.25,0.35)

rule

p = (0.5,0.5,0.5)

p =(0.7,0.8,0.9)

Tale (4.69)
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E(M) for the schemes that are combinations of the sampling rule
GS(VT), the stopping rules BKS, BKS;, BKS;and BKS;z and the terminal
decision rule BKT , for fixed pi(i=1,2,3),where N=30 (30) 210 300 under

uniform priors.

Stopping

p = (0.15,0.25,0.35)

rule

p = (0.5,0.5,0.5)

p =(0.7,0.8,0.9)

Tale (4.70)
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E(S) for the schemes that are combinations of the sampling rule
GS(VT), the stopping rules BKS, BKS;, BKS; and BKS;z and the terminal
decision rule BKT , for fixed pi(i=1,2,3),where N=30 (30) 210 300 under

uniform priors .

Stopping

p = (0.15,0.25,0.35)

rule

p = (0.5,0.5,0.5)

p =(0.7,0.8,0.9)

Tale (4.71)
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P(CS) for the schemes that are combinations of the sampling rule
GS(VT), the stopping rules BKS, BKS;, BKS;and BKS;z and the terminal
decision rule BKT , for fixed pi(i=1,.....,4),where N=40 (40) 280 400

under uniform .

Stopping

p = (0.15,0.25,0.35,0.45) | p=(05050505) | p=(0.6070809)

rule

Tale (4.72)
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E(M) for the schemes that are combinations of the sampling rule
GS(VT), the stopping rules BKS, BKS;, BKS; and BKS;z and the terminal
decision rule BKT , for fixed pi(i=1,.....,4),where N=40 (40) 280 400

under uniform priors.

Stopping

p = (0.15,0.25,0.35,0.45) | p=(05050505) | p=(0.6070809)

rule

Table (4.73)
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E(S) for the schemes that are combinations of the sampling rule
GS(VT), the stopping rules BKS, BKS;, BKS;and BKS;z and the terminal
decision rule BKT , for fixed pi(i=1,.....,4),where N=40 (40) 280 400

under uniform priors.

Stopping

p = (0.15,0.25,0.35,0.45) | p=(05050505) | p=(0.6070809)

rule

Table (4.74)
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P(CS) for the schemes that are combinations of the sampling rule
GS(VT), the stopping rules BKS, BKS;, BKS; and BKS;z and the terminal
decision rule BKT , for fixed pi(i=1,.....,5),where N=50 (50) 350 500

under uniform priors .

Stopping

p = (0.15,0.25,0.35,0.45)

rule

p = (0.5,0.5,0.5,0.5)

p =(0.5,0.6,0.7,0.8,0.9)

Table (4.75)

115




Chapter Four Discussion and Conclusion of Monte Carlo estimates

E(M) for the schemes that are combinations of the sampling rule
GS(VT), the stopping rules BKS, BKS;, BKS; and BKS;z and the terminal
decision rule BKT , for fixed pi(i=1,.....,5),where N=50 (50) 350 500

under uniform priors .

Stopping

p = (0.15,0.25,0.35,0.45) p=(05050505) | p=(050607080.09)

rule

Table (4.76)
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E(S) for the schemes that are combination of the sampling rule
GS(VT), the stopping rules BKS, BKS;, BKS; and BKS;z and the terminal
decision rule BKT , for fixed pi(i=1,.....,5),where N=50 (50) 350 500

under uniform priors .

Stopping

p = (0.15,0.25,0.35,0.45) p=(05050505) | p=(050607080.09)

rule

Table (4.77)
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P(CS) for the schemes that are combination of the sampling rule
GS(VT), the stopping rules BKS, BKS;, BKS; and BKS;z and the terminal
decision rule BKT , for fixed pi(i=1,.....,9),where N=90 (90) 630 900

under uniform priors .

Stopping p =(0.1,0.2,0.3,04,05,

p = (0.15,0.25,0.35,0.45,0.55, | p = (0.5,0.5,0.5,0.5,0.5,0.5,
- - 0.6, 0.7,0.8,0.9)

rule 0.65,0.75,0.85,0.95) 0.5,0.5,0.5)

Table (4.78)
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E(M) for the schemes that are combination of the sampling rule
GS(VT), the stopping rules BKS, BKS;, BKS; and BKS;z and the terminal
decision rule BKT , for fixed pi(i=1,.....,9),where N=90 (90) 630 900
under uniform priors .

Stopping p =(0.1,0.2,0.3,04,05,

p = (0.15,0.25,0.35,0.45,0.55, | p = (0.5,0.5,0.5,0.5,0.5,0.5,
- N 0.6, 0.7,0.8,0.9)

rule 0.65,0.75,0.85,0.95) 0.5,0.5,0.5)

Table (4.79)
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E(S) for the schemes that are combination of the sampling rule
GS(VT), the stopping rules BKS, BKS;, BKS; and BKS;z and the terminal
decision rule BKT , for fixed pi(i=1,.....,9),where N=90 (90) 630 900
under uniform priors .

Stopping p =(0.1,0.2,0.3,04,05,

p = (0.15,0.25,0.35,0.45,0.55, | p = (0.5,0.5,0.5,0.5,0.5,0.5,
- - 0.6, 0.7,0.8,0.9)

rule 0.65,0.75,0.85,0.95) 0.5,0.5,0.5)
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We have discussed stopping rules effect on the sampling rule and
deduced the best of the stopping rule .In this section we discuss the best
sampling rules.

We select some tables, where k=9 to investigate this case ,the other

tables have the same behavior.
4.6 The Sampling rules BKR, PWCR, PCWR, and GS(VT)
under the stopping rule BKS

Figures (4.8-4.13) presents some numerical results on the
performance characteristics, for fixed pi(i=1,.....,9).

In fig. (4.8a), (4.8b) the performance measure P(CS) is the best
under the sampling rule PWCR and we can show that this performance is
increasing function N but in Fig.(4.8b) the measure P(CS)~1/k in all
schemes.

The fig.(4.9) show that the performance measure E(M) is best
under the sampling rule BKR, and worst under the sampling rule
GS(VT).

From the fig.(4.10), it is clear that the measure E(N,)) is always the
best (less values of E(N)) )using the sampling rule BKR. Furthermore
little differences can be noted among the sampling rules if percentage
ratio E(N))/E(M) is considered. However, it is clear that the sampling
rule BKR and PCWR are the best alternatively, see Fig. (4.11). Also we
can notice that from fig.(4.11b) E(N«))=1/k when p-values are equal, and
this ratio is decreasing function of N.

As E(M) increases, E(S) also increases. Since GS(VT) is the worse
as E(M) (the highest observations) hence GS(VT) being the best as E(S),
but sometimes BKR or PCWR values become the best ,this happens when
the percentage ratio is take and this ratio is increasing function of N. see
fig.(4.12) and (4.13).
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Fig 4.11 Percentage ratio of E(N(1)) for the schemes that are combination
of the sampling rules BKR ,PWCR,PCWR and GS(VT) ,the
stopping rule BKS and terminal decision rule BKT, where

N=90(90) 360 900 under uniform priors ,for fixed pi(i=1,...,9) ,
when p-values equals for (a) (0.15,0.25,0.35,0.45,0.55,0.65,0.75
,0.85,0.95) (b) (0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5) (c) (0.1,0.2
,0.3,0.4,0.5,0.6,0.7,0.8,0.9).
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uniform priors ,for fixed pi(i=1,...... ,9),when p-values equals
for (a)(0.15,0.25,0.35, 0.45,0.55,0.65,0.75,0.85,0.95) (b) (0.5,0.5
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Perce
ntage ratio of E(S) for the schemes that are combination of the
sampling rules BKR,PWCR,PCWR and GS(VT),the stopping rule
BKS and terminal decision rule BKT, where N = 90(90) 360 900
under uniform priors ,for fixed pi(i=1,...... ,9),when p-values

equals for (a)(0.15,0.25,0.35, 0.45,0.55,0.65,0.75,0.85,0.95)
(b) (0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5) (c) (0.1,0.2,0.3,0.4,
0.5,0.6,0.7,0.8,0.9).

4.7 The Sampling rules BKR, PWCR, PCWR and
GS(VT) under the stopping rule BKS;.

Figures (4.14 — 4.19) involve some results of the performance
characteristics of the sampling rule BKR, PWCR, PWR and GS(VT) in
conjunction with the stopping rules BKS; for fixed p; (i=1,

From fig.(4.14) it is notable that the values of the performance
measures P(CS) is the best under BKR. It can be show that when we
increase N the all sampling rules has roughly the same values.

The performance E(M) is the best under the sampling rules PWCR
and BKR alternatively as in fig.(4.15) and from fig.(4.15b) it is clear that

E(M) has roughly the same value in all sampling rules.
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It is clear from fig.(4.16) the performance measure E(N¢q)) is
changeable but it can be show from fig.(4.17) that the sampling rules
BKR or PWCR are the best after taking the percentage ratio of
E(N@)/E(M), while we note that the ratio E(N))=1/k when p-values are
equals. Moreover, this ratio is decreasing function of N.

It is clear from fig.(4.18) that E(S) is the best under either the
sampling rules BKR or PWCR , also if we take the percentage ratio. And
appears the ratio of E(S)~0.5 when p-values are equals as in fig. (4.19)

and it can show that this ratio is increasing function of N.
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(©)

Fig 4.15 E(M) for the schemes that are combination of the sampling rules
BKR ,PWCR,PCWR and GS(VT) ,the stopping rule BKS1 and
terminal decision rule BKT,where N = 90(90) 360 900 under

uniform priors ,for fixed pi(i=1,......

,9),when p-values equals for

(a)(0.15,0.25,0.35, 0.45,0.55,0.65,0.75,0.85,0.95) (0)(0.5,0.5,0.5
0.5,0.5,0.5,0.5,0.5,0.5,0.5) (c) (0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8

0.9).
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(c)
Fig 4.16 E(N(1)) for the schemes that are combination of the sampling
rules BKR ,PWCR,PCWR and GS(VT),the stopping rule BKS1
and terminal decision rule BKT,where N = 90(90) 360 900
under uniform priors ,for fixed pi(i=1,...... ,9),when p-values
equals for (a) (0.15,0.25,0.35, 0.45,0.55,0.65,0.75,0.85,0.95)
(b) (0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5) (c)(0.1,0.2,0.3,0.4,

0.5,0.6,0.7,0.8,0.9).
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Fig 4.17 Percentage ratio of E(N(1)) for the schemes that are combination
of the sampling rules BKR,PWCR,PCWR and GS(VT),the
stopping rule BKS1 and terminal decision rule BKT,where
N=90(90) 360 900 under uniform priors ,for fixed p;(i=1,.....,9),
when p-values equals for (a)(0.15,0.25,0.35,0.45,0.55,0.65,0.75,
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uniform priors ,for fixed pi(i=1,...,9),when p-values equals for
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Fig 4.19 Percentage ratio of E(S) for the schemes that are combination of
the sampling rules BKR , PWCR, PCWR and GS(VT),the
stopping rule BKS1 and terminal decision rule BKT, where N=
90(90)360 900 under uniform priors ,for fixed pi(i=1,...,9),
when p-values equals for (a)(0.15,0.25,0.35 0.45,0.55,0.65

,0.75,0.85,0.95) (b) (0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5) (c)
(0.1,0.2,0.3,0.4, 0.5,0.6,0.7,0.8,0.9).
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4.8 The sampling rules BKR, PWCR, PCWR and
GS(VT) under the stopping rule BKS;

Some numerical results concerning the performance of the
sampling rules BKR, PWCR, PCWR and GS(VT) in conjunction with the
stopping rule BKS; and terminal decision rule BKT for fixed p; (i=1,...,9)
presented in figures (4.20-4.25).

It can be observed from these figures that all the performance
characteristics are increasing function of N.

We found in fig.(4.20) the value of the performance measure P(CS)
Is the best for sampling rule PWCR.

From the results of the fig.(4.21), it can be observed that the
measures E(M) is the best either under the sampling rule BKR or PWCR
and the value of E(M) is the worse under the sampling rule GS(VT).

Fig.(4.22) shows that either the sampling rule BKR or PWCR is the
best for the performance measure E(N(y)), but E(N¢)) is the best under the
sampling rules BKR and PCWR alternatively when we take the
percentage ratio of E(N(y)) and this ratio is decreasing function of N. (see
fig.(4.23))

We note that, E(S) increases as E(M) increases. Therefore the
sampling rule GS(VT) is the best in this case. However BKR is the best
when we use the percentage ratio (see fig.s(4.24) and (4.25)).
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4.21 E(M) for the schemes that are combination of the sampling
rules BKR ,PWCR,PCWR and GS(VT) ,the stopping rule
BKS2 and terminal decision rule BKT, where N = 90(90) 360
900 under uniform priors ,for fixed pi(i=1, ...,9),when p-values
equals for (a)(0.15,0.25,0.35, 0.45,0.55,0.65,0.75,0.85,0.95)
(b)(0.5,0.5, 0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5) (c)(0.1,0.2,0.3,0.4,0.5
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Fig. 4.24 E(S) for the schemes that are combination of the sampling rules
BKR ,PWCR,PCWR and GS(VT),the stopping rule BKS2 and
terminal decision rule BKT, where N = 90(90) 360 900 under
uniform priors ,for fixed pi(i=1,...... ,9),when p-values equals
for(a)(0.15,0.25,0.35,0.45,0.55,0.65,0.75,0.85,0.95) (b)(0.5,0.5
,0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5) (c) (0.1,0.2,0.3,0.4,0.5,0.6,0.7,
0.8, 0.9).
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Fig.4.25 Percentage ratio of E(S) for the schemes that are combination of
the sampling rulesBKR ,PWCR,PCWR and GS(VT) ,the
stopping rule BKS2 and terminal decision rule BKT ,where
N=90(90) 360 900 under uniform priors ,for fixed pi(i=1,....,9)
,when p-values equals for (a)(0.15,0.25,0.35,0.45,0.55,0.65,0.75,
0.85,0.95) (b) (0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5) (c) (0.1,
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4.9: The sampling rules BKR, PWCR, PCWR and

GS(VT) under the stopping rule BKSs.
It can be observed from fig.(4.26) that the sampling rule BKR is

the best under the performance measure P(CS), also the performance
P(CS)=~1/k for all sampling rules when p-values are equals.

E(M) (less values of E(M))is the best under the sampling rule BKR
and PWCR alternatively, (see fig. (4.27)).

From fig.(4.28), it is clear that the measure E(Ny) is the best under
either sampling rule PCWR or BKR, E(N()) approximately equals in all
sampling rules, and this appears clearly when we take percentage ratio of
(EN@)). (see fig.(4.29)). It is note worthy that E(S) is the best under the
sampling rule PCWR, but it appears that in sometimes the sampling rules
BKR and PCWR being the best when we use the percentage ratio . (see
fig.(4.30) and (4.31)).
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and terminal decision rule BKT,where N = 90(90) 360 900
under uniform priors ,for fixed pi(i=1,...... ,9),when p-values
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Fig 4.28 E(N(1)) for the schemes that are combination of the sampling
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Fig.4.29 Percentage ratio of E(N(1)) for the schemes that are combination
of the sampling rules BKR,PWCR,PCWR and GS(VT) ,the
stopping rule BKS3 and terminal decision rule BKT, where
N=90(90) 360 900 under uniform priors, for fixed pi(i=1,....,9),
when p-values equals for (a) (0.15,0.25,0.35, 0.45,0.55,0.65,0.75
,0.85,0.95) (b) (0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5) (c) (0.1,

0.2,03,0.4,0.5,0.6,0.7,0.8,0.9).
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(©)

Fig. 4.30 E(S) for the schemes that are combination of the sampling rules
BKR ,PWCR,PCWR and GS(VT) ,the stopping rule BKS3 and
terminal decision rule BKT, where N = 90(90) 360 900 under
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()

Fig. 4.31 Percentage ratio of E(S) for the schemes that are combination of
the sampling rules BKR,PWCR,PCWR and GS(VT),the
stopping rule BKS and terminal decision rule BKT,where N =
90(90) 360 900 under uniform priors ,for fixed pi(i=1,...,9),when
p-values equals for (a)(0.15,0.25,0.35 0.45,0.55,0.65,0.75 ,0.85
,0.95) (b) (0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5,0.5) (c)(0.1,0.2,0.3,
0.4,0.5,0.6,0.7,0.8,0.9).

4.10 Comparison of sampling rule BKR and BKR”

In this section we compare the sampling rule BKR with the
sampling rule BKR" using the stopping rules BKS, BKS, BKS; and BKS;
and same terminal decision rule BKT, where the effect of these sampling
rules are of interest.

Table (4.80) give the performance characteristics of the designs
that consist of the sampling rules BKR and BKR™ in conjunction with the
stopping rules BKS, BKS;, BKS; and BKS; for fixed p;(i=1,2,3). For all
designs P(CS) increases as N increases.

It is clear that the performance measure P(CS) is best under the
schemes (BKR, BKS;) and (BKR, BKS3), but the schemes (BKR", BKS;)
and (BKR", BKS3) is the worst than others.

As we have shown before that the scheme (BKR, BKS) is the best
scheme under the measure E(M). We can also confirm that the scheme
(BKR", BKS) is the best scheme among those schemes that use the same
sampling rule. It can be observed from table (4.80) that the measure
E(M)=11.02 for the scheme which uses the sampling rule BKR, while
E(M)=12.15 for the scheme that uses the sampling rule BKR™ this means
that the scheme uses sampling rule BKR is better than the scheme using

sampling rule BKR".
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Also the sampling rules BKR has the smallest values of the
performance measure E(N)) with respect to the sampling rule BKR”™,
When we take the percentage ratio of E(N))/ E(M).

It is clears that the schemes (BKR, BKS;) and (BKR, BKS;) are the
best schemes, Also the scheme (BKR”, BKS;) and (BKR", BKS3) is the
best, but the values of ratio using sampling rule BKR™ is smaller than the

value using the sampling rule BKR.

We can observe that the measure E(S) under the sampling rule
BKR" is better than that under the sampling rule BKR. However, using
the percentage ratio of E(S)/ E(M). We note that the value of ratio under
the sampling rule BKR is better under the sampling rule BKR",
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Table (4.80)

Comparison of the performance characteristics for selection
procedure that are combinations of the sampling rules BKR and BKR™,
the stopping rules BKS, BKS;, BKS; and BKS; and the terminal decision
rule BKT, when N=30, 300 and p= (0.3,0.4,0.5).

Sampling | Stopping
rule rule
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BKS 0.93 233.72 59.70 89.73
BKS; 0.60 229.37 75.91 114.60 |
BKS; - 0.93 226.50 | 57.92 86.81
BKS; 0.61 297.21 75.20 113.71

4.11 Comparison of sampling rule PWCR and PLCR

Table (4.81) presents some results about the scheme that are
combinations of the sampling rules PWCR and PLCR, with the stopping
rules BKS, BKS;, BKS; and BKS; and the terminal decision rule BKT.

Under the performance measure P(CS) the schemes PWCR , BKS;
and (PWCR, BKS3) are the best and the schemes (PLCR, BKS) and
(PLR, BKS,) are better than the schemes (PWCR, BKS) and (PWCR,
BKS,).

It is clear that all schemes that use the sampling rule PWCR are
better than the schemes that use the sampling rule PLCR. The order of the
performance under the stopping rules is the same under both sampling

rules.

This table shows that the performance measure E(N)) small
differences between the sampling rule PWCR and PLCR. However,
taking the percentage ratio of E(N@))/E(M) , it is clear that all schemes
using the sampling rule PLCR the measure E(N(1)) is the best among all

that schemes use the sampling rules PWCR.
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The table shows that as E(M) increases, E(S) is also increases.
Hence, under E(S) all schemes that use sampling rule PLCR are better
than the scheme using sampling rule PWCR. But PWCR is the best ,by
use the percentage ratio of (E(S)/E(M)).

Table (4.81)

Comparison of the performance characteristics for selection
procdure that are combinations of the sampling rules PWCR and PLCR,
the stopping rules BKS, BKS;, BKS; and BKS; and the terminal decision
rule BKT, where N=30, 300 and p;=0.3, p,=0.4 and p3=0.5.

Sampling | Stopping
rule rule
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BKS 0.92 238.19 81.17 61.17
BKS; 0.49 296.89 75.77 115.63 |
BKS; - 0.91 23790 | 61.94 91.34
BKS; 0.49 289.39 73.97 110.88

4.12 Conclusions

The most important of the concluded points of this thesis are:

For the schemes that are combination of the sampling rules 6:A2)
,0¢(Ab),Fss and d¢,the stopping rule ST and terminal decision rule
DT.

The scheme (Fss,ST,DT)is the best for the performance measure
P(CS),and the schemes(6¢(A2),ST,DT) and (6#A5),ST,DT) are
preferred if E(M) is more interest. We can suggest the use of the
scheme (6+A5),ST,DT) if we are interested in the performance
measures E(N@)) and E(S).

The study conclusions of the effect stopping rules on the sampling
rules, we can summers that on all sampling rules the stopping rules
BKS1 and BKS3 is the best for the performance measures
P(CS),E(N)) and E(S) ,and the stopping rules BKS2 is preferred
for E(M),sometimes BKS is the best for E(M).
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Also from the study of the effect sampling rules, we conclude
that the sampling rules BKR, PWCR and PCWR are the best for all

performance characteristics.

Thus , we can conclude that , the schemes(BKR,BKS1,BKT)
and (BKR,BKS3,BKT) are prefer for the measure P(CS),and the
schemes (BKR,BKS2,BKT) and(PWCR,BKS2,BKT) are the more
suitable for use if we are interested in reducing E(M). The schemes
(BKR,BKS1,BKT) ,(BKR,BKS3,BKT) , (PWCR,BKS1,BKT) and
(PCWR,BKS3,BKT) should be used if E(N()) and E(S) are more
important .
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