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ABSTRACT

This paper discusses the development of a computer
program that.simulates the bootstrap. The computer based
bootstrap is used to understand the power and limitations of
the bootstrap.

The bootstrap is a tool that is used to estimate
statistical error, such as standard error or confidence
intervals. The advantage of the bootstrap is it makes no
assumptions about the population distribution. The
bootstrap resamples from the original sample to obtain an
estimate of the statistic's distribution. Measures of
statistical error are obtained from this estimated
distribution.

The computer based bootstrap simulation was applied to
two common statistics, the sample mean and sample variance.
These two statistics have well-known properties and provide
excellent reference points for understanding the bootstrap.
The results demonstrate the accuracy of the bootstrap
depends on the original sample size, the population
distribution, and the statistic of interest. These three
factors are also interrelated in their effécts on the.
bootstrap.

The power of the bootstrap is demonstrated by applying
it to a lesser known statistic, the process control ratio.
Methods for obtaining measures of statistical error for the
process control ratio are based on strict assumptions about
the underlying population distribution. The bootstrap

avoided this assumption and performed well.
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CHAPTER 1

'INTRODUCTION

Often in scientific and engineering applications
statistics help describe and provide information about a
process. The sample mean is an example of a statistic
commonly used for these purposes. Statistics are only
estimates of the respective population parameters and many
times the researcher requires a measure of the error in the
statistic. This is often done through the use of standard
error and confidence intervals. Traditionally, the
researcher had to either know the distribution of the
statistic of interest, or use a large sample so that the
distribution could be appfoximated. Under these conditions,
the researcher could then determine a standard error or
confidence interval.

The bootstrap is a tool proposed by Bradley Efron of
Stanford University (Efron 1982) that provides a method for
obtaining estimates of statistical error without any
assumptions about the population. This is a significant
advantage over traditional methods of statistical error
estimation. For some statistics a closed form solution
exists for the bootstrap estimate of statistical error;
however, for most statistics this is not the case. When an
empirical bootstrap estimate does not exist, a bootstrap
estimate can be obtained using a computer based simulation.
‘The balanced bootstrap algorithm (Davison, Hinkley, and
Schechtman 1986) is a modified version of the bootstrap used

in computer simulations. It is designed to reduce the
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simulation error that is inherent in computer simulations.
The balanced bootstrap is discussed in detail in section
3.2.

The purpose of the work described in this paper was to
develop a computer based simulation of the bootstrap. The
simulation could then be used to better understand the power

and limitations of the bootstrap.
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CHAPTER 2

THE BOOTSTRAP

2.1 The Bootstrap

The bootétrap was introduced as a nonparametric tool
for estimation of statistical error, such as bias and
standard error (Efron 1982). The idea behind it is straight
forward. Consider a sample of size n, denoted by X;, X3,
X3, ++«es+, Xn, where the observations are independent and
identically distributed. Independence means that any one
sample observation does not depend on any of the other
sample observations and identically distributed means that
‘the sample observations come from the same distribution,
denoted by F. The bootstrap estimates the population
distribution F by using the empirical distribution of the
sample. Each observation in the sample is assigned a
probability of 1/n and this discrete probability
distribution, denoted as %, is used to estimate the
original population distribution. This estimate of the
population distribution is a nonparametric maximum
likelihood estimate (Efron 1982). Suppose é(F) is the
statistic of interest, this notation signifies that the
statistic is a function of the underlying population
distribution F, the bootstrap estimates é by substituting'%
for F. The bootstrap is estimating the distribution of é
based on F. From the estimated distribution of b,
estimates of statistical error such as standard error and

confidence intervals are obtained.
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2.2 Example Using Sample Mean

As an example, consider finding the standard error of
the sample mean. The sample mean is a commonly used
descriptive statistic defined as

n

X = Z:XVAI , where n is the sample size.

i=1

The standard error of the sample mean is

se = /c’/n ,
where o2 is the variance of the original population. The

variance of the population is often unknown so it is

commonly estimated by the sample variance

~ n _
o? = s = Z(& —Xf/n—1).
i=1
With this definition, the sample variance is an unbiased
estimate of the population variance. An estimate of

standard error is simply the square root of the sample

variance divided by the sample size

se, = +/s?/ n.

The bootstrap estimate of the standard error of the
sample mean starts with a sample of size n from %, denoted
as X*;, X%, ....., X*,. The sample is drawn by random
sampling with replacement from F. Therefore the bootstrap

estimate of the standard error of the sample mean is

Y2 where X is the bootstrap sample mean.

(variance X )
The variance of the bootstrap sample mean is defined as
var X° = E{[X": - E(X) P} ,
where E(X) is the expected value of the random variable X.
But
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var X" = var( ilx: / n) = 1/n® ifjlvar( X)),
i= =

because the random variables are independent. The variance
of the bootstrap random variable is

var(X;) = E{[X] - E(X{)]}.
The expected value of an observation in the bootstrap sample
is

E(X';) = Txf(x;)=Xx,/n=X,
because
f(x,) =Probability (X; =x ,)=1/n
and X, can only be the values xj, X3, X3, +++.., Xp. Using

similar arguments, the variance of the bootstrap random

variable reduces to
var(X's) = E[(X] — X)?] = (1 / n)iz:(xi - X2,
SO
var(X' ) =(1/ nz)é(xi - X)%. (2.1)

The bootstrap estimate of the standard error is the square

root of equation 2.1. Notice that

Sebootstrap = ‘\/(n - 1) / n se0 ’
the bootstrap estimate of the standard error of the sample
mean is smaller than sep, the common estimate of standard

error.

2.3 Bootstrap Simulation

For many statistics it is not possible to write an
equation for the bootstrap estimate of statistical error.
The advantage of the bootstrap is that its general form can



T-4436 6

be implemented using a computer simulation. The basic
algorithm for this simulation is:

1) Randomly draw a bootstrap sample of size n with

replacement from the n original sample values.

2) Calculate the point estimate of the statistic from the

bootstrap sample.

3) Repeat the steps 1) and 2) B times.
This algorithm uses the sample distribution as an estimate‘
of the original population distribution and samples from it
to obtain an estimate of the distribution of the statistic,
referred to as the bootstrap distribution. The bootstrap
distribution will have B data points that do not have to be
unique.

To illustrate the bootstrap simulation, consider a
sample of fifteen observations from which a point estimate
of the population variance has been calculated. An estimate
of the standard error of this point estimate is desired.
First, obtain a bootstrap sample by ;andoqu selecting
fifteen values from the original sample, the original
observations can be selected as many times as desired, but
each observation must have the same probability of being
selected. Next, calculate the variance of this bootstrap
sample and save it as the first point in the bootstrap
distribution of the sample variance. Keep taking bootstrap
samples until there are B points in the bootstrap
distribution. To find an estimate of the standard error of
the point estimate of the variance, calculate the standard
deviation of the bootstrap distribution. As B approaches
infinity the simulation estimate approaches the bootstrap
estimate. How large should B be? This question will be

addressed in the Chapter 3.
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2.4 Bootstrap Confidence Intervals

Confidence intervals are a powerful'tool for measuring
statistical error because they place bounds on an estimate.
A confidence interval has a confidence level, a lower
confidence limit, and an upper confidence limit. They are
usually reported in the following form, a 95% confidence
interval estimate of the population mean is 1.234 < mean <
3.702. The interpretation of the confidence interval is
that with repeated sampling of the same sample size from the
population, the confidence intervals calculated for each
sample would include the true population mean 95% of the
time. As the confidence level increases for a given sample
size so does the width of the interval.

To generate confidence intervals, traditionally, the
user had to know a relationship between the population
parameter and the statistic of interest that would yield a
known population distribution. 1If the relationship yielded
a commonly tabulated distribution, such as a normal or chi-
squared, then upper and lower values can be found such that
the area enclosed in these bounds equal the confidence
level. For example, the sample mean, where the sample is
drawn from a population with a normal distribution, has a
normal distribution. Since the sample mean is normally
distributed, we know that

(X - n)/o;
is distributed as a standard normal, a normal distribution
with mean zero and variance one. The (1-a)100% confidence
interval is

X

24,2y Og < Mean < X + z, . Oy
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where z is the 100a percentage point of the standard

(o)
normal distribution. In situations where the population is
not normally distributed, the distribution of the sample
mean is asymptotically normal under fairly general
conditions (Freund 1992). As the sample size approaches
infinity the standardized sample mean usually approaches a
standard normal distribution.

A procedure for generating bootstrap confidence
intervals has been proposed (Efron 1987) that assumes a
monotone increasing transformation exists such that ¢=g(0)
and ¢=g(é). Again, é is the statistic from the sample that
estimates the population parameter 6 and 6 is the
transformation of the statistic. The transformation has the
relationship

(¢-¢)/T ~ N(-2o,1),
where t is the standard error of the transformed statistic.
This means that the transformation has a normal distribution
with variance one and mean -z,. The -z, is a bias term.
This distribution is displayed in Figure 2.1. To transform
this distribution into a standard normal distribution it
must be shifted by the bias z5,. Therefore

(¢-9¢) /T + zo ~ N(0,1),
meaning this quantity is distributed as a standard normal.

The confidence interval is found from

Prob”(@ - @)/ t4—zof< Z,2]=1-a,
which yields

P+20T 2 )2, T<PO<O+ZOTHZ 5T+ (2.2)
The confidence interval for 6 is obtained by taking the
inverse transformation.

The bootstrap provides a way to obtain the confidence

intervals without knowing the transformation g. All that is
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needed is an estimate of zo and the bootstrap distribution
of 6. The bootstrap estimate of é_is 0*. The transform of
0* is g(0*)=¢p*. sSampling under the bootstrap distribution,
the transformation relationship ¢*- ¢ is an estimate of ¢-
®. This means that

(0*- @) /t~N(-20,1).
The probability of ¢* being less than a value d is defined
as

Prob, (¢*<d)= G(d),
where é(d) is the estimate of the cumulative distribution
function of the transformed distribution. The notation
Prbb*(¢*<d) means that probability is calculated by adding
the number of transformed bootstrap samples less than d and
dividing by the total number of bootstrap samples. Likewise

Prob, (6*<c)= F(c),
where %(c) is the estimate of the cumulative distribution
function of the bootstrap distribution. The following
relationship holds

G[g(t)]= Prob[o*<g(t)]=F(t)= Prob(8*<t),
because g is a monotone increasing function. To estimate
Zo, it is necessary to make use of the fact that the median
of the bootstrap distribution is median unbiased (Efron
1982). This means that the expected value of the median of
the bootstrap distribution is equal to the parameter that is
being estimated. Since the parameter is unknown, ¢ is used
an estimate. So

Prob(o*<(p)= G(9)=G(g(8))=F(8)=D(20),
where ® is the cumulative distribution of the standard
normal distribution. Solving for zg

2o=®"1[F(0)].
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This is interpreted as finding the number of values from the
bootstrap distribution that are less than the statistic from
the original sample and dividing by the total number of
bootstrap samples. This estimates the median bias of the
bootstrap distribution. Any difference from 0.5 is due to
bias and will be accounted for in the confidence interval.
Then to find z, take the inverse standard normal cumulative
density function of the median bias estimate.

To develop a confidence interval from equation 2.2 an
expression for @+zoTtzyt is needed. It is known that

Prob(0*<9+zoTt2z 4/,,T) =G (9 +2oTt2Z 4, T) (2.3)
and

(0*-9)/1+25~N(0,1).
Rearranging equation 2.3

Prob[(0*=0)/1+26<220%Z 4,3, ) 1=P (22012 45 ) - (2.4)
Combining equations 2.3 and 2.4

P+2oTEZ o), T=G " H{D@[ 22012 45,1} -
Transforming equation 2.2 back to 6

37 H(P+2oTEz (4,5, 1) =g L (G T H{ @[ 2202242, ] })
which reduces to

F-l{®[2z0%2,,,,]}-
Therefore the (1-a)100% confidence interval for 0 is

Fl{®[220-24,,, 1 }<0<F " 1{®@[2205+2 45,1} -
Since ® will return a percentage, F-l is found by
multiplying this percentage by the number of bootstrap
samples, taking the greatest integer value of this result,
and then picking that value from the numerically sorted

bootstrap distribution.
The method of generating a confidence interval assumes

that a monotone increasing function for transforming the

distribution exists and that z, is a constant. There are
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situations where these may not be valid assumptions.
Therefore, the user must be careful when using bootstrap
confidence intervals. Note also that there was the
assumption that the transformations produce a normal
distribution. The true requirement is that the
transformation produce a symmetric distribution. The normal
distribution was selected because it is common and well
documented. A monotone decreasing function could also be
assumed without affecting the results.
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CHAPTER 3

COMPUTER PROGRAM

As previously discussed, the bootstrap estimate of
statistical error does not have a simple equation for many
statistics. However, the bootstrap lends itself well to a
computer based simulation. This chapter discusses the
development and operation of a bootstrap computer package.

In writing the computer program, there were two primary
goals. First, the program had to be easy to use and
understand. This was accomplished by the use of a menu
driven interface and on-line help system. Second, the
program must allow new features to be added without having
to re-write much of the existing code. This is important if
it is necessary to add a statistic of particular interest.

A modular program design incorporating four source files was

used to accomplish the goal.

3.1 Computer Program

The computer program was written in C for an IBM
compatible personal computer. The compiler was Borland's
Turbo C, the DOS vérsion. To execute the program, go to the
directory that contéins the file boot.exe and type boot. To
use the help menus, the four files with the .hlp extension
must also be in the directory from which you executed the
program.

Figure 3.1 shows the menu hierarchy of the computer
program. Notice that a help menu is available at any of the
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menus. This help system provides a brief description of the
options available in each menu.

The main menu allows the user to input data, write
results to an output file, or perform a bootstrap. Figure
3.2 is a reproduction of the actual main menu as it  would be
seen on ﬁhe screen. The other menus have a similar format.
When the program is first executed it skips the main menu
and puts the user at the input menu because the program must
have data to operate.

The user has two options for data input, direct input
from the keyboard or input from a data file. If the data is
input from a file, it must be in ASCII format and each data
point must be separated by a space or carriage return. The
program asks the user for the file name. If the file is in
a different directory than the program, the directory must
be specified. The user is given the options of viewing the
data and of viewing a histogram of the data. Both of these
tools allow the user to verify the data. If the data was
entered from the keyboard, an option to correct the values
is also available.

The write output option of the menu allows the user to
output the data to an ASCII file. The program asks for the
file name. 1If the file already exists, the program prompts
the user that the old file will be lost if the program is
allowed to continue. The user is given the chance to pick a
different file name. The program offers the options of
writing the input data, the bootstrap data, histogram of the
data sets, and a summary, which may include the expected
value, standard error, and confidence interval, to the
outputlfile.

The bootstrap menu has a choice of statistics.

Currently included on the menu are mean, variance, .median,
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Figure 3.2
Main Menu Screen

BOOTSTRAP SIMULATION

Main Menu
0: Help Screen
1: Input data
2: Write to file
3: Perform Bootstrap

4: Exit Program

Input your choice: [0...4]:
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and process control ratio. The first three were added to
explore the bootstrap as will be discussed in Chapter 4;
however, median will not be discussed. The program is
written in modular code so that any statistic of interest
can be added. This will require computer code and a new
executable code. This process is discussed in section 3.4.

Once a statistic is selected, the user must enter the
number of bootstrap replications. The program generates the
bootstrap distribution for the selected statistic. The-
number of replications determines the number of observations
in the bootstrap distribution. The larger the number of
replications there are, the better the estimate of the
statistic's distribution; but the longer the computational
time. A counter at the bottom displays the percentage
completion to keep the user informed of the progress of
generating the bootstrap distribution.

At the completion of the bootstrap the user is taken
into a menu that allows him to explore the bootstrap
distribution. This menu estimates parameters of the
statistic's distribution from the bootstrép distribution.
The expected value is estimated by the mean of the bootstrap
replications. Standard error is estimated by the standard
deviation of the bootstrap distribution. Confidence
intervals are calculated using the bias corrected method
discussed in Chapter 2. The reboot procedure calculates the
standard error of the standard error of the statistic. For
repeated sampling schemes, the reboot provides a method to
determine how many replications are necessary. A histogram
option allows the user to observe a histogram of the
bootstrap distribution. Figure 3.3 is an actual screen

display of a representative histogram.
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Figure 3.3
Histogram from Program
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3.2 Balanced Bootstrap

The program's main algorithm is the bootstrap.- The

bootstrap algorithm used in the program is based on a
balanced bootstrap (Davison, Hinkley, and Schechtman 1986).
Simulating the bootstrap yields simulation error. This
occurs because the number of bootstrap replications ideally
should be infinite, but simulation uses a finite number of
replications. The bootstrap uses an empirical distribution
where each of the n sample points has a probability of 1/n
of being selected. The problem is that for a finite number
of bootstrap replications the ratio of the number of times a
particular sample appears is not 1/n. This will lead to
small errors due only to simulation. The balanced bootstrap
reduces this error by ensuring that each of the original
samples is used only in the ratio of 1/n. This is
accomplished by generating a population that has the
bootstrap number of replications for each of the original
observations. For example, suppose the original sample had
10 observations and the user wanted a bootstrap distribution
that has 1000 values, the number of bootstrap replications
is 1000. The balanced bootstrap population is generated by
placing 1000 copies of each of the original observations in
the population. The population has 10,000 values. The
bootstrap distribution is generated by random sampling
without replacement from the population of 10,000.
Therefore each of the original values will appear in the
bootstrap distribution 1/n times. 1In the example each of
the original 10 sample values appears 1000/10,000 or 1/10
times in the bootstrap distribution.

As a simple example of how the simulation error is

reduced by using the balanced bootstrap consider the
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bootstrap estimate of the bias of the sample mean. Bias is
defined as the difference between the expected value of a
statistic and the parameter that the statistic is
estimating. In notation form the bias for the sample mean
is

BIAS =E (X) - u,
but

E(X)=E (XX, /n)=(1/n)E(XX,)=p.
i=1 i=1
The bias of the sample mean is zero. The bootstrap estimate
of bias uses the mean of the bootstrap distribution minus

the statistic from the original sample

*

BIAS" = X' - X. (3.1)
Now

x|

"= fi”’/3=§(ix;b/n)/3= fix;b/(na).
b=1 b=1 i=1 b=1i=1
The balanced bootstrap uses each sample B times, so further
reducing yields
(BX,)/(nB) + (BX,)/(nB) + ...... + (BX,)/(nB)
but this is

il(xi/n)=2.
Substituting back into equation 3.1,

BIAS" = X' -X = X - X = 0.
This agrees with the true bias of the sample mean. If the
bootstrap had been used instead of the balanced bootstrap,
then the expected value of the bootstrap sample might not
have been the sample mean. This occurs because it is
unlikely that each sample will be selected B times. So in

the case of the bootstrap estimate of the bias of the sample
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mean, a non-zero value would have resulted. This bias would
be due purely to simulation error.

The actual balanced bootstrap algorithm is modeled
after the one proposed by Gleason (1988). Algorithms used
in other portions of the program are referenced in the
selected bibliography (see Craig and Griffiths and Hill).

3.3 How Many Replications?

When the bootstrap is simulated, one of the primary
questions is how many replications are necessary? Remember
that the bootstrap simulation provides a measure of
‘statistical error for a statistic. Obviously the greater
the number of replications there are, the better the
estimate of statistical error. Better in the sense that the
estimate will have less variability due to simulation and
therefore will be more stable. The cost is computational
overhead; a large number of replications may, depending on
the computer, take a long time. The reboot option provides
a method to determine how many replications are sufficient.

The reboot calculates the standard error of the
standard error for a statistic. This gives a measure of the
stability of the standard error estimate. The reboot works
by generating a standard error estimate using the prescribed
number of bootstrap replications. This process is repeated
for each of the reboot replications. This is an extremely
long procedure. As an example of the use of the reboot
procedure, suppose the standard error of a statistic with
500 replications was 0.234 and the reboot indicated that the
standard error of the 0.234 estimate was 0.010. The user
must make a subjective decision whether this 1is acceptable.

If the user considers this level of variability acceptable,
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then 500 replications should be used. Otherwise, more than
500 replications would be required.

Since the reboot procedure is computationally
intensive, it is best used when there is repeated use of the
bootstrap on similar sample data. For example, suppose a
company wants to establish the process capability for a
machining process. This will require many samples to be
taken over a period of time and process control ratios
calculated for each sample. 1In this case the reboot
procedure is used to determine the number of bootstrap
replications. If the bootstrap is a one time shot, the user
is better off just‘using a large number of replications.

3.4 How to Add a New Statistic

One of the goals of the program is to have the ability
to adapt the program by adding different statistics. This
is accomplished through a modular program design. The
program is broken into four source files, or modules. The
boot.c file has all the math computations including the
bootstrap algorithm. The input.c file controls all data
input and output as well as the histogram algorithm. The
menu.c file contains the structure and displays for the
menus and also the help displays. The main menu controls
the three other files. It determines which menu to call,
when to call for input or output, and when to call the
bootstrap.

To illustrate how to add a statistic, consider the
situation where we want to get the standard error of the
trimmed mean. Trimmed mean is similar to sample mean except
a percentage of the sample points from both ends of the

ordered sample are ignored. The percentage ignored is
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decided by the user. First, trimmed mean must be added to
the statistic menu. The easiest method to accomplish this
is by replacing an existing statistic. 1If the statistic is
added without replacing an existing menu item, the menus
tend to get too long and more changes must be made to the
code. For the example, replace process control ratio with
trimmed mean. In the menu.c file replace "Process Control
Ratio" with "Trimmed Mean." 1In main.c, changes to the
section that controls the program when trimmed mean is
selected must be made. This section is the one in the main
code that controls the statistic menu. In the example,
change the statements asking for specification limits to one
asking for the percentage to be trimmed. In boot.c, write a
function for calculating the trimmed mean. This would be
easy because a sorting algorithm already exists in boot.c.
Then in the bootstrap function change the call to Cpk to a
call to our new trimmed mean function. To finish, compile
and link the program. This entire process requires
knowledge of the C programming language, copies of the
source files, and a Borland Turbo C compiler.
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CHAPTER 4

BOOTSTRAP SIMULATION OF MEAN AND VARIANCE'

4.1 Introduction

This chapter will explore the bootstrap by using two
common and well-understood statistics, the sample mean and
sample variance. The effects of sample size, number of
bootstrap replications, and population distribution on
standard error and confidence intervals of these two
statistics are examined. Samples of sizes 10, 100, 1000
from a normal distribution with mean zero and variance 1 and
three samples of the same sizes from an exponential
distribution with mean and variance 1 are used. A sample
size of 10 represéents a small sample, 100 is a large sample,
and 1000 is essentially an infinite sample. Table 4.1
summarizes the statistics for these samples.

Table 4.1
Summary Statistics for Test Samples

Normal Distribution Exponential Distribution
(u=0, o2=1) (u=1, o2=1)
Sample Sample Sample Sample Sample
Size Mean Variance Mean ~ Variance
10 .020 1.3479 .633 2777
100 .2181 .7240 1.0291 .6233
1000 .0136 .9795 .9424 .9308
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4.2 Sample Mean for a Normal Population

The distribution of the sample mean, when the
population has a normal distribution, is normal with mean u,
the population mean, and variance czln, where 62 is the
population variance. The standard error of the sample mean
is

o/ vJn,
which for a population variance of 1 is simply the
reciprocal of the square root of the sample size. Often the
population variance is not known, so it is a common practice
to estimate the population variance by the sample variance.

Remember that sample variance is defined as

s? = i(xi - X)»¥ /(n - 1).
i=1

For the bootstrap simulation, replication sizes of 500,
2000, and 10000 were used. Table 4.2 summarizes the
results. Notice that the bootstrap estimate of standard
error closely matches the commonly used estimate of the
square root of sample variance divided by sample size. This
occurs because, as discussed in section 2.2, the two
estimates are proportiocnal.

A reboot procedure was also performed to obtain the
standard error of the standard error. When the sample size
was ten and there were 500 bootstrap replidations, the
standard error of the standard error was .0106. When the
replications went up to 2000, the value was halved to .0052.
When the sample size increased to 100 and there were 500
bootstrap replications, the standard error of the standard

error was .0025. This demonstrates that by increasing the
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Table 4.2
Standard Error for Sample Mean
(Random Sample from a Standard Normal Population)
Bootstrap Estimate of Common Actual
Standard Error Estimate Standard
B = Number of Bootstrap Error
Replications
Sample B=500 B=2000 - | B=10000 s / vJn o/ Jn
Size
n=10 .3588 .3585 .3506 .3671 .3162
n=100 .0851 .0844 .0846 .0851 .1
n=1000 .0307 .0308 .0311 .0313 .0316

number of replications,

error becomes more stable.

the bootstrap estimate of standard

not reduce the magnitude of the standard error of the

standard error.

For the sample size of 10,

the standard

The increase in sample size did

error of the standard error divided by the standard error is

.0106/.3588 or 3%,
result is

and for the sample of size 100,
.0025/.0851 which is also 3%.

the

Next bootstrap confidence intervals were generated for

the sample mean.

X —

distribution with v degrees of freedom.

The 100(1-a)% confidence interval that is
commonly used for the sample mean is

thwpz S/ VD < u <X+t ,,,s/Jn,
where t , ., , is the a/2 percentage point from a t-

This confidence

interval is used as a reference for the bootstrap confidence

interval.

replications for each of the three sample sizes.

The bootstrap distribution is based on 1000
Table 4.3
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Table 4.3
Bootstrap 95% Confidence Intervals for Mean
(Random Sample from a Standard Normal Population)

Sample Size 95% Confidence Reference
Inﬁerval Confidence Interval
n=10 -.5953<u<.7668 -.8105<u<.8505
n=100 .0525<u<.3841 .0493<u<.3869
n=10000 -.0469<u<.0733 -.0373<u<.0645

summarizes the results. The bootstrap confidence interval
produces results that closely match the one derived from the
t-distribution.

The bootstrép performed well for the sample mean from a
population with a normal distribution. Even with a small
sample size and small number of replications, the bootstrap
estimate of the distribution of the sample mean closely
matches the actual distribution. This can be see in Figure
4.1. With an accurate estimate of the distribution of the
sample mean, the bootstrap estimates of standard error and
confidence intervals will be accurate. This is confirmed by

the data.

4.3 Sample Mean for an Exponential Population

The same experiment described in Section 4.2 was
repeated for a population with an exponential distribution.
The distribution had a mean and a variance of 1. The
exponential distribution was selected because it is

asymmetrical.
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‘Table 4.4 summarizes the results for the standard error
of the sample mean. Two estimates of the standard error are
provided. The naive estimate is where the square root of
the sample variance is substituted as an estimate of the
exponential population parameter (3, where B is the mean of
the exponential population. This is something someone
without a lot of statistical experience might do. The
second estimate uses the maximum likelihood (ML) estimate of
the exponential population parameter . Notice that the
bootstrap estimate of standard error is closer to the naive
estimate of standard error than it is to the actual standard
error. This agrees with section 2.2 because the bootstrap
standard error of the sample mean is based on sample
standard deviation.

For the sample size of 10 the bootstrap estimate of
standard error is much smaller than the true standard error.

Table 4.4
Standard Error for Sample Mean
(Random Sample from an Exponential Population)

Bootstrap Estimate of Naive ML Actual
Standard Error Est. Est. Error
B = Number of Bootstrap

Replications

sample | B=500 | B=2000 [B=10000| s/+vn X/+Jn o/ Jn

Size

n=10 .1609 .1586 .1574 .1667 .2516 .3162

n=100 .0795 .0781 .0779 .0790 .1014 .1

n=1000 .0278 .0306 .0297 .0305 .0307 .0316
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This occurs because the variance of the sample is only .2777
compared with the actual variance of 1. The accuracy of the
bootstrap estimate of standard error depends on how close
the sample variance matches the population variance because
for the sample mean the bootstrap estimate of standard error
is the sample standard deviation divided by the square root
of the sample size. As the sample size increases the
bootstrap estimate of standard error gets closer to the
actual standard error, an asymptotic relationship.

Bootstrap confidence intervals were generated for the
test cases again using 1000 bootstrap replications. The
same reference intervals described in Section 4.2 were used.
However, for small sample sizes this confidence interval is
not appropriate. The reference confidence interval assumes
that the distribution for the sample mean is normal. When
the sample size is small, the distribution of the sample
mean from an exponential distribution is not normal.
Conversely for large samples, greater than 30, the central
limit theorem applies and the standardized sample mean is
approximately normally distributed. There is no commonly
used measure for calculating confidence intervals for the
sample mean from an exponential distribution with a small
sample size. Therefore, for comparison purposes, the same
reference confidence intervals were used for the sample size
of 10. Table 4.5 summarizes the confidence intervals.
Notice that the bootstrap confidence intervals closely match
the reference confidence intervals at the larger sample
sizes. At the smaller sample size the bootstrap provides a

confidence interval with a smaller width.
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Table 4.5
Bootstrap 95% Confidence Intervals for Mean

(Random Sample from an Exponential Population)

Sample Size 95% Confidence Reference
Interval Confidence Interval
n=10 .3396<u<.9535 .2560<u<1.0100
n=100 .8803<u<1.1865 .8725<u<1.1857
n=10000 .8856<u<1.0025 .8826<u<1.0022

4.4 Sample Variance for a Normal Population

Now the performance of the bootstrap for another common
statistic, sample variance, is examined. The variance of
the sample variance s2 is (Efron, 1982)

var(s®) = {p, —[(n - 3)/(n - 1)lp,*} / n, (4.1)
where

B = E{[X - E(X)I}.

For the normal distribution

u, = 3c°
and

W, = 6° (Mood, Graybill, and Boes 1974).

So after substituting into equation 4.1 and reducing

‘var(sz) = 20 /(n - 1).

Taking the square root of the variance yields

standard error of s? = 622/ (n - 1). (4.2)

Since ¢2 is often not known, s2 is used as an estimate of

the population variance.
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Bootstrap estimates of the standard error of the sample
variance for the samples from the standard normal
distribution were generated with replication size of 500,
2000, and 10000. Table 4.6 summarizes the results. Notice
that for the sample size of 10, the bootstrap provides a
better estimate of the standard error than is obtained by
substituting s2 into equation 4.2.

Bootstrap confidence intervals were generated using
1000 replications. For comparison, a reference confidence
intervalis needed. When the population has a normal
distribution, then the ratio

(n - 1)s® / o?
has a chiasquated distribution with n-1 degrees of freedom.

Table 4.6
Standard Error for Sample Variance

(Random Sample from a Standard Normal Population)

Bootstrap Estimate of Estimate Actual
Standard Error of Standard

B = Number of Bootstrap Standard Error
Replications Error

Sample 5 5
i — = — 2 —_— 62 T——————
Size B=500 B=2000 B=10000 S‘hn 1) \hn-—l)

n=10 .4189 .4368 .4399 .6354 .4714

n=100 '.1106 .1123 .1114 .1029 .1421

n=1000 .0402 .0440 .0433 . .0438 .0447
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So

Prob[y?, <(n-1)s* /0% < X2 mal = @,

m-1
where xi’m4 is the o percentage point from chi-squared

distribution with (n-1) dégrees of freedom. Thus the

(1-a)100% confidence limit for the population variance is

(n = 1)s* /%2, no1 < c® <(n-1)s* /i ., ;-1
For large n, greater than thirty, the chi-squared
distribution is approximated by a normal distribution. In
fact, if X is a random variable with a chi-square
distribution and (n-1) degrees of freedom, then

[X —(n-1)]/ 42(n - 1) ~ N(0,1) (Fruend 1992).
So

Prob(|{[(n - 1)s* / c*]-(n - 1)}/ J2(n - 1)| < 2,,,) = @

and the (1-a)100% confidence interval is

(n — 1)s? ) (n — 1)s?
(n-L+z,42n-1  (n-1-2z,,J2n-1)
Table 4.7 summarizes the results for the confidence

intervals. Notice that for the small sample size the

Table 4.7
Bootstrap 95% Confidence Intervals for Variance
(Random Sample from a Standard Normal Population)

Sample Size 95% Confidence Reference
Interval Confidence Interval
n=10 .4926<02<2.2088 .6377<02<4.4931
n=100 .5330<62<.9767 .5663<52<1.0036
n=10000 .8991<02<1.0707 .9005<62<1.0737
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bootstrap does not simulate the long tail of the chi-square
distribution. The reason is that the bootstrap distribution
is mulitnomial. 1In the case of the sample size of ten, the
maximum variance from the bootstrap occurs when five values
of the bootstrap sample are from one endpoint of the
original sample and the other five are from the other
endpoint. For small samples the probability of getting an
observation from the tail of the normal distribution is
smaller than it is for a larger sample. The maximum
bootstrap variance for small samples will often be less than
it is for large samples. It is this maximum bootstrap
variance that determines the upper tail of the bootstrap
distribution. With larger sample sizes there are more
observations from the tail of the normal population and thus
it is possible to get larger variances. As the sample size
increases, the bootstrap confidence interval closely matches
the reference interval. However, for this particular
example, the shorter width of the bootstrap confidence
interval is an advantage because it includes the actual
value in smaller limits. Most people would agree that it is
preferable to know a value is between 1 and 2 vice 1 and

200, so shorter confidence widths are preferred.

4.5 Sample Variance for an Exponential Population

The sample variance trial was repeated using the same
exponential distribution that was used for sample mean.

Using equation 4.1, an expression for the variance of
the sample variance from an exponential population will be
developed. The exponential distribution is defined as
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for x > 0 f(x) =(1/PB)e*P
elsewhere f(x) = 0.
Now
K, = B,
and
n, = 9B* (Mood, Graybill, and Boes 1974).

Substituting into equation 4.1 and reducing,

var(s®) = B*[(8n - 6) / (n® — n)]. (4.3)
The standard error of the sample variance is the square root
of the right hand side of equation 4.3.

Table 4.8 summarizes the bootstrap estimate of standard
error compared to the theoretical standard error and an
estimate of the standard error based on the theoretical

standard error. Since the parameter 3 is often not known,

Table 4.8
Standard Error for Sample Variance

(Random Sample from an Exponential Population)

Bootstrap Estimate of Estimate Actual
Standard Error of Standard
B = Number of Bootstrap Standard Error
Replications Error
sample | B=500 B=2000 | B=10000 | .
size N P
n=10 .0867 .0893 .0892 .3633 .9190
n=100 .0821 .0773 .0785 .2999 .2832
n=1000 .0933 .0900 .0892 .0794 . 0895
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the maximum likelihood estimate of B, the sample mean X, is
used as an estimate of standard error. The bootstrap
grossly underestimates the standard error for all except the
sample size of 1000. In fact the sample size of 10 is
almost an order of magnitude off.

As listed in Table 4.1, the sample variance for the
sample size of 10 is only .2777 while the true variance is
l. Figure 4.2 is a plot of the actual exponential
distribution, denoted by the solid line, and the discrete
nonparametric estimate of the actual distribution, denoted
by the triangles. 1In this case the estimate of the
distribution is a poor match with the actual distribution.
Examining the ten observations, it can be seen that the
largest value is 1.5989 and the smallest value is .0171.
The maximum bootstrap variance occurs when five of the
values selected are the smallest original observation and
the other five values are the largest observation. This
leads to a variance of .695. The smallest bootstrap
variance occurs when all ten values are the same original
observation, a variance of zero. The bootstrap variance is
between zero and .695. There are ten different ways to get
a zero variance as opposed to the one way to get .695, so
that the distribution of the bootstrap estimate of sample
variance is skewed. This is why the bootstrap estimate of
standard error is so low.

To determine the relationship between sample variance
and the bootstrap estimate of the standard error of the
sample variance, one hundred random samples of size 10 were
taken from an exponential distribution. For each of these
samples, a bootstrap estimate of standard error using 500
replications was generated. Figure 4.3 shows the results of

this experiment and indicates a strong linear relationship.
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Notice that the majority of the bootstrap estimates of
standard error are less than the actual standard error of
.9190. The problem appears to be due to the long tail of
the exponential distribution. Eighty percent of the
observations for the exponential population with mean and
variance 1 are between 0 and 1.6, yet the variance of the
sample variance for a sample size of 10 is .8222,

For comparison, 100 bootstrap estimates of the standard
error of the sample variance were generated from a standard
normal distribution. The samples were independent and of
size 10. Figure 4.4 is a histogram of the results. Figure
4.5 is a histogram of the bootstrap estimates of standard
error of random samples of size 10 from an exponential
population, this is the data plotted on the x-axis in Figure
4.3. Remember from section 4.3 that the results for the
bootstrap estimate of standard error of the sample variance
for a sample size of 10 from the standard normal population
were excellent. This was only one sample, which by
coincidence had a sample variance that closely matched the
population variance. Figqure 4.4 demonstrates that the
bootstrap also underestimates the standard error of the
sample variance from the standard normal population.
However, examining the chart you notice that there are quite
a few values near the actual value of .4714. Contrasting,
Figure 4.5 exhibits few values near the actual standard
error of .9190. So the problem is more exaggerated for the
exponential population.

To examine the effects of sample size, 100 independent
samples of size 100 from an exponential distribution were
generated. For each of these samples, the bootstrap
estimate of standard error of the sample variance was
calculated using 500 bootstrap replications. Figure 4.6
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shows a histbgram of the bootstrap estimates of standard
error. The theoretical value of the standard error is
.2832. Notice that the bootstrap again is underestimating
the actual standard error; however, many values are closer
to the actual value. This is an improvement from Figure 4.5
and is similar to Figure 4.4. The bootstrap estimate of
standard error improves as the sample size increases.

It is possible to generate bootstrap confidence
intervals for the sample variance from the exponential
population, however, there is no commonly used confidence
interval to use as a comparison. Without a comparison
point, it is difficult to interpret the bootstrap confidence
intervals. §So bootstrap confidence intervals for‘sample
variance from an exponential population are not listed in

this paper.

4.6 Summary

In this chapter the limits and capabilities of the
bootstrap were explored using the sample mean and sample
variance. The populatibn distribution, the sample size, and
the statistic of interest have the biggest effect and are
interrelated. The size of the bootstrap replication is of
minor importance only; larger replications improve the
stability of the bootstrap estimate of standard error.

The results of the experiments indicated that the
statistic used in the bootstrap plays an important role in
the outcome of the bootstrap simulation and is related to
population distribution. For the sample mean, the bootstrap
gave good results for both the normal and exponential
populations. Hdwever, for the sample variance the bootstrap
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had better results with the normal population than with the
highly skewed exponential.

The bootstrap performance for both the standard error
~‘and confidence interval improved with sample size. For
example, when the sample size was small, the confidence
intervals for the sample variance did not exhibit the long
tail. The actual sample size needed will depend on the
population's distribution, which is often unknown, and the
statistic of interest. For the sample mean, regardless of
the population distribution, we achieve adequate results
with sample sizes of 10. With sample variance, for a normal
population a sample size of 25 would be appropriate while
for the exponential we would need 50 to 100. The best
procedure is to test the statistic of interest with
simulated samples of varying sizes from populations that

might be possible.
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CHAPTER 5

APPLICATION OF THE BOOTSTRAP TO THE PROCESS CONTROL RATIO

5.1 Introduction

In this chapter the bootstrap simulation is used on the
process control ratio called Cpk to demonstrate how the
bootstrap can be adapted for lesser known statistics.

Process control ratios are used in statistical process
control situations. They offer an advantage over zero
defect quality control, which simply reports whether a
product is in specification, because they account for
process variability. For example, Cpk‘which is defined as

] upper spec - — lower spec
C, = min(—2B2f SP e E Pe%y, (5.1)
30 3o

is affected by the process variability and also by how well

the process is centered between the two specifications. A
higher Cpk indicates a higher quality product (Gunther
1989).

The problem with Cpk is that often p and ¢ are not
known. Estimates of these parameters have to be used in
equation 5.1. Sample mean and sample standard deviation are
commonly used as estimates of population mean and population

standard deviation for Cpk. Thus

~ . upper spec - X X — lower spec
Cox = min( ’ ). (5.2)
3s 3s
Note that this result is only an estimate of Cpyx. Like all

estimates, this estimate will have variability and therefore

some error. The bootstrap provides a method to estimate the



T-4436 46

standard error and confidence interval for the estimated
Cpk'

The bootstrap has been proposed for use with Cpk not
only as a means to estimate confidence intervals but also to
reduce sample size from 100 to only 20 (Wasserman, Mohsen,
Franklin 1991). In Chapter 4, however, it was demonstrated
the bootstrap improves with sample size. The claim of

reduced sample size will be explored.

5.2 Bootstrap Standard Error for Cpk (Normal Population)

The population distribution from which Cpk is
calculated is often assumed to be normal so that confidence
intervals can be generated. This is the only population
distribution that there are published confidence intervals
for Cpk. The study of using the bootstrap on Cpk was
started by taking 500 independent random samples each with
25 observations from the standard normal population. For
each of these samples, a bootstrap estimate of the standard
error for Cpk was generated based on 1000 bootstrap
replications. Since the population was a standard normal,
an upper specification of 3 and a lower specification of -3
were used in the calculation of Cpg. Figure 5.1 is a
histogram of the standard error estimates. The mean of
these 500 estimates is .1569. However, the maximum standard
error is .338 and the minimum standard error is .079.

The distribution of Cpk is complex. So to obtain an
estimate of standard error to compare with the bootstrap
estimates, a simulation was used. The distribution of Cpk
was simulated by generating 10000 random independent samples
each with 25 observations. For each of these samples, an

estimate of Cpk was calculated using equation 5.2. The

ARTHUR LAKES UBRARY

COLORADO SCHOQL OF
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standard deviation of these 10000 values was used as an
estimate of the standard error of Cpk- The value of this
estimate of the standard error was .1538.

The mean of the 500 bootstrap estimates of standard
error closely matches the value from the simulation.
However, the minimum and maximum bootstrap estimates of
standard error demonstrate there exists the possibility that
for certain samples the estimate of standard error can be
off by at least 100%. This must be tempered by the fact
that 90% of the bootstrap estimates of standard error fell
in the range of .1035 to .2307 and the standard deviation of
the 500 bootstrap estimates was only .0413.

The same experiment was repeated again except that the
sample size was increased to 100 observations. Figure 5.2
shows the histogram for the bootstrap estimates of standard
error. The mean was .0741 with 90% of the values between
.0592 to .0906. The standard deviation of the bootstrap
estimate of standard error was .0l1l. The results from the
simulation of the distribution of Cpyx by using 10000 values
yvielded an estimate of standard error at .0733.

The bootstrap provides an accurate method to estimate
the standard error of Cpk even for sample sizes as small as
25. As sample size increases the accuracy of the bootstrap
estimate of standard error improves because the size of the
standard error is reduced and the variability in the

estimate of standard error is smaller.

5.3 Bootstrap Confidence Intervals for Cpk

Confidence intervals are preferred over standard error
because they offer a bound on the estimate of Cpkx. The
distribution of Cpk does not have to be symmetrical, so it
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is difficult to translate standard error into a lower bound.
In this section, the performances of the bootstrap
confidence intervals for Cpkx are examined. Two samples from
a standard normal population, one with twenty observations
and the other with one hundred observations, will be used to
generate confidence intervals. Table 5.1 summarizes the
descriptive statistics for the two samples. An estimate of
Cpk using equation 5.2 is also presented. Again an upper
specification of 3 and a lower specification of -3 were used
in the calculation of Cpgk-.

Since it is desired that Cpk be as large as possible,
we are usually only concerned with the lower limit of the
confidence interval. A procedure has been proposed for
generating lower confidence limits on Cpk when the
population has a normal distribution (Chou, Owen, Borrego
1990). The equations developed can not be solved
explicitly, so numerical results are tabulated and presented
in the referenced document. The reference confidence
intervals reported in Chapter 5 are taken from these tables.

Table 5.1
Summary Statistics for Test Samples

Normal Distribution
(n=0, o2=1)
Sample Sample Sample Estimated Cpk
Size ~ Mean Variance
20 -.1317 1.0026 .9549
100 .2181 .7240 1.2808
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‘The bootstrap program provides a two-sided confidence
interval but it can easily be adopted as a one-sided
confidence interval. For example, when .90 is entered as
the confidence level, then each of the two limits has .05 of
the total of .10 uncertainty. Therefore, the lower limit
taken by itself in this example would have a 95% confidence
level. To achieve a 95% one-sided confidence level from the
bootstrap, generate a 90% two-sided confidence level and
take only the lower value.

Using the sample size and estimate of Cpk a reference
95% lower confidence limit is obtained from the tables.
Bootstrap lower confidence levels were generated by using
1000 replications. The results of the experiment are
presented in Table 5.2. The true value of Cpk from equation
5.1 is 1. The bootstrap estimate of the lower confidence
interval was the same as the theoretical result for the
sample size of 20. This sample had a sample mean and
variance that was nearly the population mean and variance.
The sample of 100 had a mean and variance that differed
more drastically from the population mean and variance. 1In

Table 5.2
95% Lower Confidence Limit for Cpg
(Standard Normal Population)

Sample Size Bootstrap Lower Reference Lower
Confidence Limit Confidence Limit
n=10 0.71<Cpk 0.70<Cp¥k
n=100 0.94<Cpk 1.13<Cpk
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this case the bootstrap lower confidence limit was better
than the theoretical confidence limit since it includes the

actual Cpg value.

5.4 Bootstrap of Cpk_for a Log-Normal Population

The bootstrap performed well when the population had a
normal distribution. This is an ideal case that seldom
exists in practice. To truly test the bootstrap, a skewed
distribution must be used. The log-normal distribution was
selected. If X is a normally distributed random variable,
then Y=e* has a log-normal distribution. To generate the
distributions in this section, random samples from a
standard normal distribution were obtained and then e was
raised to the power of the observations in the sample.

Since the log-normal distribution is bounded at =zero,
Cpk as defined in equation 5.1 does not apply. The log-
normal distribution simulates a one-sided process that does
not have a lower specification. So the definition of Cpk

was modified to

_ upper spec — U (5.3)

3o
An upper specification of 20.1 was used for the calculations

in this section. 20.1 is the transformation of the point
from the standard normal distribution that incorporates
99.87% of the distribution. This means that 99.87% of the
points in the log-normal distribution will be less than
20.1.

For this study, one sample of size 25 and one sample of

Cox

size 100 was used. Using 1000 bootstrap replications, a

bootstrap estimate of standard error and a lower 95%
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confidence limit for each sample was generated. There is no
applicable procedure in the literature to develop a
reference confidence interval or standard error to compare
to the bootstrap results. A simulation was used to generate
a reference. In the simulations, 10000 random samples of
size 25 and 10000 random samples of size 100 from the log-
normal distribution were used. Using equation 5.3, a Cpk
value from each of the random samples was obtained. Thus
there were simulation estimates of the distribution of Cpk
for sample sizes of 25 and 100 from a log-normal population.
The reference estimate of the standard error of Cpx is the
standard deviation of the 10000 simulation values. The
reference estimate of the 95% lower confidence limit is the
500th smallest value from the 10000 simulation values.

Table 5.3 summarizes the results. The actual Cpk is
2.8458. Notice that for the sample size of 25 the bootstrap
differs greatly from the reference values, especially the

Table 5.3
Bootstrap and Simulation Results for
Cpk from a Log-Normal Population

Sample Bootstrap Results Simulation Results

Size

Standard | 95% Lower Standard 95% Lower

Error Confidence Error Confidence
Limit Limit
25 1.2555 8.3768<Cphx 1.7881 1.5984<Cpk

100 .7343 2.6062<Cp) .9054 1.8325<Cpk
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95% lower confidence level. For this distribution, you
would be better off using a larger sample size such as 100,
because as Table 5.3 demonstrates, the sample size of 100

yielded excellent bootstrap results.

5.5 Summary

Similar to the results in Chapter 4, the bootstrap
performance for Cpk depended on sample size and population
distribution. If the population had a normal distribution,
the bootstrap yielded acceptable results even with a small
sample size of 20. However, for a skewed distribution, the
bootstrap was suspect at small sample sizes and it would be
prudent to use a large sample size. The bootstrap works
well for Cpk especially since it gives results even when the
assumption of a normal population is violated. Current
‘literature requires the assumption of a normal population to

derive confidence limits.
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CHAPTER 6

CONCLUSION

This paper has discussed the developed of a computer
based simulation of the bootstrap. The bootstrap was
discussed, the computer program was explained, the
usefulness and limitations of the bootstrap were explored,
and applying the bootstrap was demonstrated. The primary
contribution of the paper was the use of the bootstrap on
two common statistics, sample mean and sample variance, to
gain a thorough understanding of the bootstrap.

The bootstrap is a tool that uses resampling from an
original set of observations to obtain estimates of
statistical error for a statistic of interest. The
advantage of the bootstrap is that it makes no assumption
about the underlying population distribution. From the
bootstrap, estimates of statistical error such as standard
error, bias, or a confidence interval can be obtained.

The accuracy of the bootstrap depends on sample size,
population distribution, and the statistic of interest. As
the sample size increases, the bootstrap becomes
asymptotically correct. For small sample sizes the
performance of the bootstrap depends both on the population
distribution and the statistic'of interest. These two
factors are interrelated. For some statistics, sample mean,
the population distribution makes little difference.
However, for other statistics the bootstrap performs well
for small sample sizes for some population distributions and

for other population distributions the sample size must be
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increased to achieve the same level of performance from the
bootstrap.

The computer program discussed in this paper provides a
method to simulate the bootstrap for any statistic of
interest. The program is written in the C programming
language and compiled on Borland's Turbo C compiler. A user
can easily add any statistic of interest; however, they must
be able to program in C and have the original source files
to link with their code. The code is structured so that the

user has to only have minimal familiarity with the program.
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APPENDIX

File: allus.h

include <stdio.h>
include <stddef.h>
include <conio.h>
define DIM1 1000
define DIM2 10000

3= A Y I

/*Functions in input.c */

extern int read_input();
extern FILE *myopen();
extern void write_out();
extern float flt_querry();
extern int int_querry();
extern int char_querry();
extern void keyboard_input();
extern void my_pause();
extern void hist();

/* Functions in boot.c */
extern float cpn();

extern void boot();

extern float mean();

extern float booterr();
extern float boot_stderr();
extern float reboot();
extern float my median();
extern float norm cdf();
extern float norm_inverse();
extern void ci();

extern float cpk();

/* Functions in menu.c */
extern text_mode();
extern init_menu();
extern credit_menu();
extern boot_menu();

60
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extern stat _menu();
extern input_menu();
extern begin_screen();

61
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File: boot.c

/* LR R R R R R R TR R R

Copyright 1993

This file contains the functions to perform the bootstrap:
booterr
boot_stderr
boot
ci
cpk
mean
my_ median
my_sort
norm_cdf
norm_inverse
reboot

Brad Warner Revision O Feb. 23, 1993
KEAEA A AR A AR A AR AR A A A A A AR AR IR AAAAEA AR AR AAARAAKR AR A AT AR A ARk h kK */

# include <stdio.h>

# include <stddef.h>

# include <stdlib.h>

# include <math.h>

# include <time.h>

# define DIM1 1000 /* The maximum number of data points */
# define DIM2 10000 /* The maximum number of bootstraps */
# define BOOT_ITEM 1 1 /* First menu item on boot menu */

# define BOOT_ITEM 2 2 /* Second menu item on boot menu */

# define BOOT_ITEM 3 3 /* Third item on boot menu */

# define BOOT_ITEM 4 4 /* Fourth item on boot menu */

# define TRUE 1

# define FALSE O

# define ZERO 0.0

# define ONE 1.0

# define HALF 0.5

# define PI 3.141592653589793

# define SQRT2 1.414213562373095

extern float lower_cpn; /* Lower value for Cpn calculations */
extern float upper_cpn; /* Upper value for Cpn calculations */
extern int BOOT_FLAG; /* Which statistic did we use */

extern void percent_done();
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int big m=32767; /* Upper bound on integers 2 15 -1 make global */
int flag=0; /*A flag so that randomize is used once per program */

/* ****************************************************************

Function: boot

Description: This function uses a balanced bootstrap approach to
calculate the bootstrap distribution for the statistic desired by the
user.

Arguements: The number of data points, the number of bootstrap
replications,

a pointer to the array holding the data, a pointer to the
array

the holds the bootstrap distribution, and a flag if a
printout

of the percent complete.

Psuedo-code: 1. Set up array with observations and another array with
the number of of observations (# of bootstrap replications).

2. Choose at random from the list

a) Select a random j

b) Accept j if s/big m < cj/c_m this generates
a random list

c) If necessary pick new largest cj and adjust arrays.
Note: the variable adjust allows you to reduce the
number of updates that occur. With adjust equal to
zero c_m is updated every time. Other choices will
reduce the number of updates of c_m.

3. Process the bootstrap sample

Returns: None.
AKAKEKEAEAKEAKAAKRARAARA KA ARAAAAARAARAAAARARKAAARAKARARAKARAARNAKRARKAARAARRA AR A A AR AN A hk */

void boot(n,b,n_array,b_array,reboot_flag)

int b; /* The number of bootstraps */
int reboot_flag; /* Do you want a print out of % complete? */
int n; /* The number of data points */

float n_array|

]; /* The pointer to the array holding the data */
float b_array(];

/*Pointer to array that holds bootstrap distribution*/

{

double c_m; /* Used for calculating prob. for accepting j */

int adjust; /* Determines if we have to find new max_c */
int array_ cj[DIM1]; /* Number of observation j left */

int h; /* Counter variable for loops */

ARTHUR LAKES LIBRARY .
COLORADO SCHOOL OF MIREL
GOLDEN, CO 80401
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int i; /* Counter varaible for loops */

int ii; /* Counter varaible for loops */

int j; /* The data value [l to n] */

int dist; /* Number of distinct data points left */
int largest_cj; /* Subscript on largest index */

int max_c; /* Largest index */

int randint; /* Random integer up to big m */

float *ar_of ptrs[DIM1]; /* Pointers to the original data */
float array boot[DIM1]; /* Bootstrap sample */

float booterr();

float boot_stderr();

float cpk();

float mean();

float my median();

float *selected; /* Pointer to the value selected */
float std_err; /* Bootstrap standard error */

/* Psuedo-Code 1 */
/* Initialization */
while(!flag){
randomize();
flag = 1;} /* End while */
for(h=0;h < n; h++){
array cj[h] = b;
ar_of ptrs[h] = (n_array + h);} /* End for */
dist = n-1; /* Since arrays run 0 to n-1 */
largest_cj = dist;
max_c = b;
c_m = (double) max_c / (double) big_m;

/* Psuedo-code 2a */

/* Choose at random from the list */

for (h=0;h<b;++h) { /* This loop controls the replications */
for(i=0;i<n;i++){ /* This loop makes a sample of size n */
do{

/* Random number between O and 32766 */
randint = random(big_m) ;

/* Gives a number from O to dist */
j = (randint % (dist+1));

/* Psuedo-code 2b */
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/* Accepts j with Prob. array cj/max_c */
}while(((double) randint*c_m) > (double) array cj[j]);

/* stores the address of data value */
selected = ar_of ptrs([j];

/* Now one less value in array _cj to select */
array cj[j] —= 1;

/* Psuedo-code 2c */

/* Need to update what the largest value is */
if(j == largest_cj){

/* A conditional so max_c is not updated every loop */
adjust = ((b-h+dist+2)/(dist+1));
if((max_c - array cj[largest_cj]) > adjust){

/* Find the point in the array with the most elements left*/
for(ii=0;ii<=dist;ii++){

if(array_cj[ii] > array_cj[largest_cj])
largest_cj = ii;} /* End for */

65

/*Now set max_c equal to the largest number of data points left */

max_c=array_cj[largest_cj];

c_m = (double) max_c / (double) big_m;}} /*End ifs */

/* Check to see if all of the elements in array_cj[j]
have been selected */

if(array_cj[j] == 0){

/* Reconfigure so the empty slot will not be selected */

if(largest_cj == dist)largest_cj = j;
ar of ptrs[j] ar_of ptrs{dist];
array cj[j] = array_cj[dist];

dist -= 1;} /* End if */

array boot[i] = *selected; /*Store the current bootstrap sample*/

} /* End for */
/* Psuedo-code 3 */
switch (BOOT FLAG){

case BOOT_ITEM 1:
b_array{h] = mean(array_boot,n};
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break;

case BOOT_ITEM 2:
b_array[h] = booterr(array_boot,n); /* booterr is variance */
break;

case BOOT_ITEM 3:
b_array{h] = my _median(array_boot,n);
break;

case BOOT_ITEM 4:
b_array[h] = cpk(array_boot,n);

break;} /* End switch */
if(reboot_flag)percent done(h,b);} /* End for */
return;

}

/* LA R X R R R AR R R R R R R R R R R

Function: booterr
Description: This function calculates the sample variance.
Arguements: The sample array and the number of data points.

Returns: A float of the variance.
RS R AR E S S SRR R R R RS R EER R AR R R R LR AR R R R R XX R XS ER R R R R R R R R K& */
float booterr(b_array,b)
int b;
float b_array[];

{

int counter;

float boot mean;

float delta;

float mean();

float sq_err=0;

/* Get the mean of the bootstrap samples */

boot_mean = mean(b_array,b);

/* Get the sum of the squares of sample minus mean */
for (counter=0;counter<b;counter++) {

delta = b_array[counter] - boot mean;
sq_err += (delta * delta);} /* End for */

66

/* Variance is the square error divided by # of data points minus 1 */
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sq_err = sq_err/(float) (b-1);
return sq_err;

}

/* % Kk %k ko ke kK ok %k %k ke kK ok ke ke %k sk g sk ke ek e ke ok ok sk ke ke ke ke ke %k ke ke ok vk vk ke R ok ke kb ke ok ke ok ok ok ke ok

Function: boot_stderr
Description: This function calculates the sample standard error.
Arguements: The sample array and the number of data points.

Returns: A float of the standard error.
AEREREA KA A A KA A A AR A AT A AR AT AR A AR A A AR AAAKRARAAR AR AR A AR A AR A AR AR Ak K */

float boot_stderr(b_array,Db)
int b;

float b_array([];

{

float std_err;

/* Get the variance of the sample */

std_err booterr (b_array,b);
std_err = sqgrt((double)std _err);
return std_err;

}

/* KRR KK AR KA R A IR AR AR A AR AT AR AR AKRAARR AR KRR A AR A AR ARAA AR AR A AN A Ak kA k K

Function: ci

Description: This function calculates the confidence interval for the
bootstrap distribution. It uses a bias corrected method.

Arguements: The confidence interval array, boétstrap array, the number
of data points, the original array, and its number of data
points.

Returns: None.
Kk ok Kk Kk ok k ok Rk ke ke kR kR ok Ak ke sk e gk ok gk K e ke ke ek e ok ok e ok ok e %k ok e ok ok ok vk ke R gk R ok ok ke ke ok ok ok e ok e e */

void ci(ci_limits,b array,b,n_array,number)

float ci_limits[];
float b_array{];
float n_array(];
int b;

int number;
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extern float con_level;

float alpha;
float cpk():
float mean();
float my median();
float norm cdf();

float norm_inverse();

float orig_value;
float p;

float per_lower;
float per upper;
float temp;

float z_bias;
float z_normal;
int counter;

int int_per lower;
int int_ per upper;
int j=0;

int k=0;

int list;

int sorted = FALSE;

/*
/*
/*
/*

68

Number of values less than the original value */
Number of values equél to the original value */
For partial sorting */

For partial sorting */

/* Find the rank of the original statistic */

switch (BOOT_ FLAG){

case BOOT_ITEM 1:

orig _value = mean(n_array,number);

break;

case BOOT_ITEM 2:

orig value = booterr(n_array,number);

break;

case BOOT_ITEM_3:

orig value = my median(n_array,number);

break;

case BOOT_ITEM 4:

orig value = cpk(n_array,number);
break;} /* End switch */

/* Find number of values less than original value and half the number
equal to original value */
for (counter=0;counter<b;counter++) {
if(orig_value>b_array[counter])j++;
if(orig_value == b_array{counter])k++;} /* End for */
p=(float) (j+(k+1)/2)/(float)b;

/* Find invervse normal of p and alpha values */
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alpha = con_level + (1.0-con_level}/2.0;
z_normal= norm_inverse(alpha);
z_bias = norm_inverse(p);

/* Find the percent corresponding to z-values calculated */
per_lower = norm_cdf((2*z bias - z_normal));
per_upper = norm cdf((2*z_bias + z_normal));
int_per lower = per lower*(b-1)+ HALF;
int_per upper = per_upper*(b-1) + HALF;

/* Partially sort upper 'int_per upper' values of the array */
list=b-1;
while(!sorted) {
sorted = TRUE;
for(j=0;3j<list;j++)
if(b_array[j] > b_array[j+1]){
temp = b_array([]jl;

b_array[j] = b_array[j+1];
b_array[j+1] = temp;
sorted = FALSE;} /* End if */
if(list == int_per upper)break; /* Ending criteria */
list——;} /* End while */
/* Partially sort lower 'int per lower' values of the array */
list=0;

sorted = FALSE;
while(!sorted){
sorted = TRUE;
for(j=int_per upper-1;j>list;j--)
if(b_array{j] < b_array[j-1]){
temp = b_array[jl;

b_array[j) = b_array[j-1];
b array([j-1] = temp;
sorted = FALSE;} /* End if */

if(list == int_per lower)break; /* Ending criteria */
list++;} /* End while */

/* Set confidence interval */

ci_limits[0] = b_array[int_per_ lower];
ci_limits[l] = b_array[int_per_upper];
return;
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/* AR SRS LR RS RS EEEREAEEREEEEE RS RS R R RS R R E R SRR TR

Function: cpk

Description: This function calculates the process control ratio Cpk.
This function is defined as min[ (mean-lower)/3tau, (upper-mean)/3tau)]
Where: tau = (varaince)**.5
lower = lower specification limit
upper = upper specification limit

Arguements: The sample array and the number of data points.

Returns: A float of the Cpk.

LA R SRR SRR EEEEEE LSS R R RS RSS2 R 1 */

float cpk(cpk_array,number)

float cpk_arrayl[];
int number;

{

float cpk lower;
float cpk_upper;
float mean();
float mean_cpk;
float tau;

float var_cpk;

mean_cpk = mean(cpk_array,number);

var_cpk = booterr(cpk_array,number);
tau = sqgrt(var_cpk);
cpk_lower = (mean_cpk - lower cpn)/(3 * tau);

cpk_upper = (upper_cpn - mean_cpk)/(3 * tau);
if (cpk_lower > cpk upper) return cpk upper;
else return cpk_lower; '

/'k AE A A KRR K KA AR RARKA AR ARARR AR AAAKRAAARRA A AR AR IR ARk ko ke hk

Function: mean

Description: This function calculates the mean of the array.
Arguements: The sample array and the number of data points.

Returns: A float of the mean of the sample.
KA A A KA A AR AR A A A KA AR AR AR AR ARKAAKRAKRAAAKRARARARAA AN A A AR AR A hhkh*h */

float mean(array boot,n)
int n; /* Number of sample points */
float array boot[]; /* Sample data */

THUR LAKES LIBRARY
ggLORADO SCHOOL OF MINES

GOLDEN, CO 80401
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int counter;
float result=0; /* The mean */

for (counter=0;counter<n;counter++)result += array_boot[countér];

result = result/(float) n;
return result;

}

/* LA RS R RS R EEEEEEEREESERE RS EEERE s E Rt ERRREERE R R R RS EEEEEXESE]

Function: my median
Description: This function calculates the median of the array.

Arguements: The sample array and the number of data points.
If the number of points is even it takes the larger order point.

Returns: A float of the median of the sample.
AR A RS AR E R R RS 2R E RS2 R 22 2SR R R R R RS R R R R RS X R R R R R R R R R R 2 */

float my median{array boot,n)

int n; /* Number of sample points */
float array_boot[]; /* Sample data */

{

float result;

int med;

void my sort();

my_ sort(array_boot,n);
med = n/2;

result = array_ boot[med];
return result;

/* LEEERE RS SRR SRR E AR 22t Rt 2222 AR R RS S

Function: my_sort

Description: This function sorts an array of floats using a bubble
sort.

Arguements: The sample array and the number of data points.

Returns: None.
LR AR AR AR RS E SRR R R R R R R R R AR AR SRR RS R RS RS RS R RS R RS R R R R R R */

void my_sort(array_ boot,n)
int n; /* Number of sample points */
float array boot[]; /* Sample data */
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int j;

int k;

int list = n;
int sorted =
float temp;

while(!sorted) {
sorted = TRUE;
for(j=0;j<list-1;j++)

FALSE;

if (array boot[j] > array boot[j+1]){

temp = array boot([j];

array boot[j] = array boot[j+1];

array boot[j+1l] = temp;

sorted = FALSE;} /* End if */
list——;} /* End while */
return; .

}

72

/* KA KA KR AR A AR KA A AR KRR A ARNAAAKRAKRKRAAA AR ARAKRAN AR A A AR AR AT AR A Ak hkkk

Function: norm_cdf

Description:

Arguements: The z_value.

Returns: A float of the aréa.

This function calculates the lower tail
area of the standardized normal curve.

KAKA KA AR KA AR AR AR AR AR AR IR A AR AR A IR A AN AR A ARk hkhhkhhkhkhhkhk */

float norm_cdf(z_value)
float z_value;

{

float erf;

float rn;

float s;

float y;

float area;

int counter;

y = z_value/SQRT2;

if(z_value < ZERO)y=-y;

s=ZERO;

for (counter=1;counter<38;counter++){
rn=counter;

s=s+exp(-rn*rn/25.0)/counter*sin(2.0*counter*y/5.0);}

s=s+y/5.0;
erf=2.0*s/PI;
area=(ONE+erf)/2.0;

/* End for */
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if(z_value < ZERO) return (ONE-erf)/2.0;
if(z_value < -8.3) return ZERO;
if (z_value > 8.3) return ONE;

return area;

}

/* (IR E RS EEEEEE RS SRS ERRE R RS RS R RS R R R RS RERRRS R R R SRR RS R

‘Function: norm inverse

Description:

Arguements:

Returns:

This function calculates the z_value given the p
value of area for the standardized normal curve.

The p value.

A float of the z value.
AR AR T A A AR A A A A A AR AT A A A AR AR AT AT AR A A AR KR ARNARA AR A R AR AT AR A AR AR A A Kk h */

float norm_inverse(p_value)
float p value;

{
float

float
float
float
float
float
float
float
float
float
float
float
float
float
float
float
float
float

a0 = 2.50662823884;
al = -18.61500062529;
a2 = 41.39119773534;
a3 = -25.44106049637;
bl = -8.47351093090;
b2 = 23.08336743743;
b3 = -21.06224101826;
b4 = 3.13082909833;
cO = -2.78718931138;
cl = —-2.29796479134;
c2 = 4.85014127135;
c3 = 2.32121276858;
dl = 3.54388924762;
d2 = 1.63706781897;
split = .42;

q;

r;

z _value;

g = p_value - HALF;

if(fabs(qg) <= split){
a*q;
z_value

r =

return z_value;}

ag*(((a3*r+a2)*r+al)*r+a0)/ ({((b4d*r+b3)*r+b2)*r+bl) *r+ONE);
/* End if */

r = p value;

if (q@ > ZERO)r = ONE - p value;

if (r <= ZERO){
z_value

return z_value;}

-1000.0;

/* End if
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r=sqrt(-log(r)):;
z_value=(((c3*r+c2)*r+cl)*r+c0)/((d2*r+dl)*r+ONE);
if(gq < ZERO)z_value=-z_value;

return z_value;

}

/* LR R AR RS RS RS ERRRER AR EERRER R RS EREEREREEEEE RS RS EEES]

Function: reboot

Description: This function calculates the distribution of standard
error.

Arguements: The sample array, boot strap array, and reboot array
and the number of data points for each.

Returns: A float of the standard error of the standard error.
(22 AR 2R R 2RISR EEEEL SRS R R R X R RS R R R R R R ERREE R EREE SRR R R R R SR RSN EES */

float reboot(n_array,b_array,re_boot,number,b,reb)

float b_arrayf];
float n_array(];
float re boot[];
int b;

int number;

int reb;

{

float re_ stderr;
int counter;

for (counter=0;counter<reb;counter++) {
boot (number,b,n_array,b_array,FALSE);
re_boot[counter] = boot_stderr(b_array,b);
percent_done(counter,reb);} /* End for */

re_stderr = boot_stderr(re_boot,reb);

return re_stderr;

}

74
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File: input.c

/* AEREKE AR KRR KA R AR AR RN A AN A A AR NN A AR AKRARARKRRAAKRANRANTARARANAAKRA AR AR AR AR Rk Kk

.Copyright 1993
This file contains functions to input and output data:

char_querry
flt_ querry
hist
int_querry
myopen
my_pause
percent_done
read_input
write_ out

Brad Warner Revision O Feb. 23, 1993
AR AT KR TR KRR AR AT AR A AR KA AR R R AR R A A AR AR RN AR AR AR AR ARARAKRAKR AN AR AR AR AKX */

include <stdio.h>
include <stddef.h>
include <math.h>
include <dos.h>
include <dir.h>
include <conio.h>

3 3 I = = A

/* HRAKXERAKRAAKRAR KR ARKRRARAAANKAKRARARKR AR IR A AR AR AR A A A ARk Ak Ak hhk

Function: char_querry

Description: This function asks for a character answer
and checks if it is yes of no.

Arguements: Question string.

Returns: Returns a 1 if yes and a 0 if no.
(AR SRR R SR SRS R R SRR 2222t R X2 */

int char_ querry(str)

char *str;

{

char input_char;
int x;

int y;

void my_pause();

75
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x=wherex () ;
y=wherey();
while(1){ /* Loop until get y or n */
gotoxy(x,y);
fflush(stdin);
printf("\n%s? [y/n]:",str);
scanf ("%c", &input_char);
switch (input_char)

{
case 'y':
case 'Y':

return 1;
case 'n':
case 'N':
return 0;
default :
printf("\nPlease enter y or n.");
my pause();
gotoxy(x,y+4);
clreol();
gotoxy(x,y+5);
clreocl();
gotoxy(x,y+2);
clreol(); }
}
}

/* KEKIK KKK A AR AR KA AR AR A AR AR AR RARRKRR KRR KR AR AKRRANANARA KRR AN AR AR Ak

Function: flt querry

Description: This function asks for an float input and
checks if it is in the specified range.

Arguements: Question string, lower bound, upper bound.

Returns: Returns float value.
AA KA A AR AT A AR A AN AR AARAARARA AR AR RAA AR RAKRRARAAKRA AR AR AR A A ARk Ak kkk */

float flt_ querry(str,lb,ub)

char *str;
float 1b;
float ub;

{

float input_int;
int x;

int y;

76
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void my pause();

x=wherex();
y=wherey();
do
{
gotoxy(x,y);
printf("\n%s (%.2f...%.2f]:",str,1lb,ub);
scanf ("%$£f", &input_int);
if(input_int < 1b || input_int > ub)
{

printf("\n\t\t%.2f is not in the range

[%.2f...%.2f]",input_int,1lb,ub);
my pause();

gotoxy(x,y+3);

clreol();

gotoxy(x,y+4);

clreol();

gotoxy(x,y+1);

clreol();

}
}while(input_int < 1lb || input_int > ub);
return input_int;

}

/* KA A A KA AR A AR AR AR R AR AR A AR AR AAAAAAAKRRARA AR AR AR A KRR R R KKk hkk

Function: hist
Description: This function produces a crude histogram.

Arguements: A pointer to the data array, the number of data points in
the array, and the output device flag.

Returns: None.
(2RSSR EEEE RS R R R R R RS AR R s R XA R AR AR AR RERREERRRRRRRRR R R R R RS & */

void hist(data_array,number,cutput_stream)

float data_array(];
int number;
FILE *output_ stream; /* pointer to output file */
{

char a blank = ' ';
char a_dash = '-';
.char a_star = '*';
char iout[10];

float c;

float div;

float eta = 1.0E-38;
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float out[10];

float range; /* xmax - xmin */
float step;

float temp;

float tk;

float =xm;

float =xmax; /* maximum of data */

float xmin; /* minimum of data */

int classes; /* Number of groups to divide the data */

int counter;

int counter2;

int flag; /* Tell if gone through range adjustment loop */
int freq[10}; /* The frequency output */

int index;

int int_ step;

int int_temp; /* integer value of temp */

int k; '

int key;

int 1;

int leng;

int length = 50; /* Number of lines of output */
int scale;

/* Get initial data and initailize screen */

clrscr();

fprintf (output_stream,"\t\t\t Histogram \n\n\n\n");
classes = int_querry("Enter the number of groups",2,10);
leng = length - 10;

textmode (64);

clrscr();

/* Initailize data and arrays */
for (counter=0;counter<classes;counter++)freg[counter]=0;
xmin = data_arrayf0];
Xmax = xXmin;
for (counter=1;counter<number;counter++){
if(data_array[counter] < xmin)xmin=data_array[counter];
if(data_array[counter] > xmax)xmax=data_array[counter];}/*End for */
if((xmax-xmin) < (eta*classes)){
printf("\nAll data values are equal!\n");
textmode(3);
clrscr();
return;} /* End if */

/* Determine scale */
key = 1;

k= 0;

step = 0.0;
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do{
range = xmax — xmin;
temp = xmin;
do{
flag = 0O;
while(range <= 1.0){
k++;

}while(key != 4 && (xmax —-xmin <=

range *= 10.0;}
while(range > 10.0){

k=-;

range /= 10.0;}
if(key <= 2){
tk = powlO(k);
temp *= tk;
int_temp = temp;

/* End while */

/* End while */

if(temp < 0.0 && int_temp != temp) temp —= 1.0;

int_temp = temp;
temp = int_temp/tk;

range = (xmax — temp) / classes;
k = 0;

key += 2;

flag = 1;} /* End if */

}while(flag); /* End do */

int_step = range;

step = int_step; /*

if (step != range)step += 1.0;
if (range < 1.5)step -= 0.5;
step /= powlO(k);

if (key != 4){

k=1;

key=2;}

xmin = tenmp;
int_step = (temp / step);

c
i

if (ct+classes*step >= xmax)xmin =

= step * int_step;

(0.8*classes*step)));

f (¢ < 0.0 & c != range) c —-= step;

Cci

/* Calculate frequencies for each interval */
for (counter=0;counter<number ;counter++) {
int_step = (data_array[counter]-xmin)/step;
/* End for */

/* Print frequency vector */
fprintf (output_stream, "Frequency

freg[int_step] += 1;}

");

for (counter=0;counter<classes;counter++)
fprintf (output_stream,"%5d", freg[counter]);

fprintf (output_stream,"\n");

79

Get the integer part of range */

/* End do */
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for (counter=0;counter<(classes*5+15) jcounter++)
fprintf (output_stream,"%c",a_dash);
fprintf (ocutput_stream,"\n");

/* Find largest frequency and scale */
int_step = 0;
for (counter=0;counter<classes;counter++)
if(freg[counter] > int_step)int_step = freg[counter];
scale = 1;
div = 1.0;
if(int_step > leng){
scale = (int_step + leng - 1)/leng;
fprintf (output_stream,"\n Each %c equals %d
points.\n\n",a_star,scale);
div = 1.0/(float)scale;} /* End if */

/* Clear output array */
for (counter=0;counter<classes;counter++)iout[counter]=a_blank;

/* For line of print fill output array */
int_step = (float) int_step * div +.5;
for (counter=0;counter<int_step;counter++) {

k = int_step - counter;
for (counter2=0;counter2<classes;counter2++) {
index = (float)freqg[counter2] * div + .5;
if(index == k)iout[counter2]=a_star;} /* End for */
1 = k*scale;
fprintf(output_stream, "%8d ",1);
for (counter2=0;counter2<classes;counter2++)
fprintf (output_stream," $c", iout{counter2]);

fprintf (output_stream,"\n");} /* End for */
for (counter=0;counter<(classes*5+15) ;counter++)
fprintf(output_stream, "%c",a_dash);
fprintf (output_stream,"\n");

/* Compute Interval mid-points and scale if necessary */
k=0;

xmin=xmin+step*.5;

xmax = xmin + step * (float) (classes -1);

xm = fabs(xmin);

if (xm > fabs(xmax) )xm=fabs(xmax);

if(xm < eta)xm=xm+step;

while(xm<0.1){

k += 1;
xm *= 10.0;} /* End while */
XM=Xmax;

if(xm < -xmin)=xm=-xmin;
while(xm > 1000.0)({
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k -= 1;
xm /= 10.0;} /* End while */
tk = powlO(k);
step = step*tk;
out [O]=xmin*tk;
for (counter=1;counter<classes;counter++)
out[counter ]=out[counter-1]+step;

/* Print out interval mid-points */

fprintf (output_stream," Interval ");

for (counter=0;counter<classes;counter+=2)
fprintf (output_stream,"%8.3f ",out[counter]);

fprintf (output_stream,"\n Mid-points ");

for (counter=1;counter<classes;counter+=2)
fprintf (output_ stream,"%8.3f ",out[counter]);

fprintf (output_stream,"\n");
k = -k;

if(k != 0)

fprintf (output_stream,"The printed values must be multiplied by
10**%d.",k);
return;

}

/* LA RS SR RS EEEEEEREEEEREEEERR R R ERRE RS R R R R REEEEEESE]

Function: int_querry

Description: This function asks for an integer input and
checks if it is in the specified range.

Arguements: Question string, lower bound, upper bound.

Returns: Returns integer value.
KAEKEAA AN A AAAAKRKRAKA A KKK ARNRAKRARKRAARKRRA KRR AR R AR AR A A AR R R A ARk k */

int int_querry(str,lb,ub)

char *str;
int 1lb;
int ub;

{

int input_int;
int x;

int y;

void my pause();

x=wherex ()
y=wherey ()
do

.
r
.
14
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{

gotoxy(x,y):

printf("\n%s [%d...%d]:",str,1lb,ub);

scanf ("%d",&input_int);

if(input_int < 1b || input_int > ub)
{

82

printf("\n\t\t%d is not in the range [#d...%d]", input_int,1b,ub);

my_pause();

gotoxy(x,y+3);

clreol();

gotoxy(x,y+4);

clreol();

gotoxy(x,y+1);

clreol();

}
}while(input_int < 1lb || input_int > ub);
return input_int; ‘

}

/* L2 AR R EE R LSS SRS RS REERR R S RS R EREEEEEEEEERSE]

Function: keyboard_input

Description: This function asks for the data to be input by
the user directly from the keyboard.

Arguements: the number of data points and the pointer to the
array to hold the data.

Returns: None.
AR AT AR AL A A A AR A A AR AA A ARARA AR AARA AR AAAAKRARAAARA AR AR AAARRARKRA R AR AR %k */

void keyboard_input (number,n_array)

float n_arrayl[]; /* Data array */
int number; /* Number of data points */
{
int answer; /* Holds result of querries */
int answer2; /* Holds result of querries */
int correct; /* The number of the value to be corrected */
int counter; /* Counter to enter data */

printf("Enter data by typing number and pressing the return key\n\n");

for (counter=0;counter<number ;counter++) {
printf ("Enter value %d:",counter+l);
scanf ("%f",n_array+counter);} /* End for */

/* View and Edit data */
answer = char_querry("\nDo you want to view data for mistakes");
if (answer){
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clrscr();
printf("The input data is:\n");
counter=0;
while(counter!=number) {
printf("+d\t\t%-6.4f\n",counter+l, *(n_array+counter));
if(!((counter+l) % 20) || (counter==(number-1))) {
answer2 = char_querry("\nDo you want to correct a data point");
if (answer2){
correct=int_querry("Which data point",1,number);

printf("Enter new value for data point %d: '",correct--);
scanf ("%f",n_array+correct);
if(!((counter+1)%20))counter —-= 20;

else counter=number-(number %20)-1;} /* End if */
printf ("\n\n\n\n");} /* End if */
counter++;}} /* End while and if */
return;-

}

/* KA E A A A AA A A A A I A R KRR AT A AR AR A AR ARAAR KR AR AR A ARA AR AR A A AR A A AR ANk hx

Function: myopen

Description: This function asks for the data file name, opens
the file and returns a pointer to the file stream. If there is
an error it will return the NULL pointer.

Arguements: iostatus tells whether it is for input or output.

Returns: Returns a pointer to the file stream.
LA AR A SR RS AR RS R XS R R R Y R R SRR R S R */

FILE *myopen(iostatus) /*Will return a pointer to the open file */
int iostatus;

{

char buffer [MAXPATH];

char file name[20]; /*variable for file name */

FILE *fp; /*File pointer*/

int answer;

void my pause();

getcwd(buffer, MAXPATH);

printf ("Enter the name of file (include the directory).\n");
printf ("The default directory is %s: ",buffer);

scanf ("%s",file name);

/*open file */
switch (iostatus){
case 0O: /* Input */
if ((fp=fopen(file_name,"r")) == NULL) {
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fprintf(stderr,'Could not open %s.",file name);
my_pause();
return NULL; /* If file could not be opened return the null
pointerx*/
} /* End if */
return fp;

case 1: /* Writing or output */
if ((fp=fopen(file_name,"r")) != NULL){
fprintf (stderr,"%s already exists!\n",file_name);
answer = char_querry("\nDo you want to write over it");
if(lanswer){
printf("\nPlease try again.\n");
my_pause();
return NULL;} /* End if */
} /* End if */
if ((fp=fopen(file_name,"w")) == NULL){
fprintf (stderr,'"Could not open %s.\nPlease try
again.\n",file_name);
my_pause();
return NULL; /* If file could not be opened return the null
pointer*/
} /* End if */
return fp;
} /* End switch */
return NULL;
}

/* AR R AR LR RS SRS SRS R EERR SRR S SR RRXE R XE 2]

Function: my_pause
Description: This function holds the screen.
Arguements: None.

Returns: None.
AEK KA KK AR A AR AR A AR AR AR AR AR AR AR ARKRAAAKRKARARKARARAARARA A A AR A AR AR K */

void my pause(void)

{

printf("\nPress any key to continue");
getch();

return;

}
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/* AEAIE KKK AN AR AR AR AR AT AARARNRNRKAAARARA KRR AR AKARNANIRRAR AR A AR A A Ak kK

Function: percent_done

Description: This function tells how much of a long iteration
is complete.

Arguements: Integer counter and integer for total iteration number.

Returns: None.
AR TR A AT AR A AR AT A A AR A A AR AR AKRAARAARAKARAANRA AR A A A AR R XK jk/

void percent_done(counter,total)

int counter;
int total;

{

int y;

int result;
long midresult;

y = wherey();

gotoxy(1,y);

midresult = (float)counter*100.0;
result = midresult/total;

printf ("3%d percent complete',result);
return;

}

/* AR R AR EESEEERSE RS EEER LRSS RS R R AR R R R R R R EEEEEEEEEE]

Function: read_input

Description: This function reads the data from the file stream
and stores it in an array.

Arguements: Pointer to file steam, pointer to float array for data.

Returns: Returns an integer for the number of data points read.
% % Kk Kk ok ok ok ok ke kK K Kk gk ok ok ke e ek ok %k %k % Kk ke Kk K ek ek ok ok A ok ok ke ke ok %k ok e ok ok e ok R ko ke ok */

int read_input(fp,n_array) /* Returns the number of data points read
*/ :
FILE *fp; /* fp is the pointer to the file stream */
float n_array(]; /* Data array */

{

int answer;

int counter=0; /* Counter for how many values */

/* Since !feof executes one time too many want to
print first then read data so must have one initial

ARTHUR LAKES LIBRARY
COLORADO SCHOOL OF MIN
GOLDEN, CO 80401

ES
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read line also ask if data should be viewed */

answer = char_querry("\nDo you want to view input data");
if (answer) {

clrscr();

printf("The input data is:\n");} /* End if */

/*Get first data point */
fscanf(fp,"%f",n_array+counter);

/* Read input until the end of file is reached */
while (!feof(fp)){
if (answer) {
printf("%$-6.4f\n",*(n_array+counter));
if(!((counter+l) % 20)){
my_pause();
printf("\n\n\n\n");}} /* End ifs */
counter++;
fscanf (fp,"%f",n_array+counter);} /* End while */

/* Close the file and reset feof*/

printf("\nData has been entered.");

my_pause();

clearerr (fp);

fclose(£fp);

return (counter); /* Since array starts at zero no need to decrement */

}

/* EAEA AR AR A AR R AR IRAARKI AR RKAR KRR RA I RARA R AR A I AR ARk ke kd ko kk

Function: write_ out
Description: This function writes the data to the file stream.

Arguements: Pointer to file steam, pointer to float array for data,
and an integer for the number of values to print.

Returns: Returns a void.
AAKEAAAAEAKAAAKAAAAAKAAEAARKAAKRARRLAAARARNKRARAER AR AR AR Ak hkkhkhkhkhhkdhhkkihihkk ik */

void write_out (fout,n_array,num)

FILE *fout; /* fout is the pointer to the file stream */
float n_arrayl[]; /* Data array */

int num; /* number of data points in Data array */

{

char str{40];
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int answer;
int counter;
struct date d; /* For date in header line */

/* Check to see if user wants a header in file */
answer = char_querry("\nDo you want a header line in your output
file");
if(answer) {
getdate(&d); .
fprintf (fout,"The date this data was created was
$d/%d/%d\n",d.da_mon, \
d.da_day,d.da_year);
printf ("Enter the header you want printed:\n");
fflush(stdin);
while( (fgets(str,40,stdin)) == NULL){
printf ("Please type header again, do not use more than 40
charaters");
my pause();} /* End while */
fprintf (fout,"%s",str);} /* End if */

/* Write Data */
for (counter=0;counter<num;counter++)
fprintf(fout,"%-6.4f\n",n_array[counter]);

return;

}
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File: main.c

/* IR SRS SRS ERESEER RS ESRRE SRR R R ERRRER R R R R EEEEEEEEEEE S S &R

Copyright 1993
This file is the main program

Brad Warner Revision O Feb. 23, 1993

LE R A RS R EEREEESE SRS SRS SRS ERERE R SR SRRE SR SRS ERESEREESESEERESRESRSS */

include <stdio.h>
include <stddef.h>
include <bios.h>
include <conio.h>
include "allus.h"

H H A

define MAIN MENU 1
define INPUT_MENU 2
define BOOT_MENU 3
define STAT_MENU 4
define NO O
define YES 1

3 I A 3

float con_level; /* The confidence level for confidence intervals */
float lower cpn; /* Upper value for Cpn calculations */
float upper cpn; /* Lower value for Cpn calculations */
int BOOT_FLAG=0;/* Which statistic did we use global becasue used
in boot.c */

main ()
( .
FILE *fp; /* Pointer to input file */
FILE *fpout; /* Pointer to output data file */
float b_array[DIM2]; /* Bootstrap distribution */
float ci_limits[2]; /* Confidence interval */
float n_array[DIM1]; /* Input data */
float expected;
float re _boot[DIM1]; /* The distribution of the std err */

float re_stderr;

float std_errx;

int answer;

int b;

int ci_flag=0;

int cont;

int flag bootexpect=0; /* Did you calculate expected value */
int flag_bootstderr=0; /* Did you calculate std err */

int flag hist=0; /* Should ask for histogram */
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int flag _input = 0;

int flag menu = INPUT_MENU; /* Tells which menu currently using */
int flag reboot = 0; /* Did you reboot */

int dontwrite; /* Allows an escape from write menu */

int number; /* Number of input data points */

int reb; /* Number of reboot replications */

int status; /* Check printer status */

static char *stat[5] = {"Nothing","mean","variance","median","Cpk"};

/* Start Program with credit */
text _mode(3);
credit menu();

/* Menu System */
while(flag menu) {
switch(flag_menu) {
case MAIN MENU:
answer = init_menu();
switch(answer) {
case 1:
flag_menu = INPUT_ MENU;
break;

case 2:

begin_screen();

dontwrite = 0;

while ((fpout = myopen(l)) == NULL) /*Keep asking for file*/

{

cont=char_querry("\nDo you to exit to the Main Menu");
if(cont){
dontwrite = 1;
break;} /* End if */
} /* End while */
if (dontwrite)break;
begin screen();

cont=char_querry("\nDo you want to write input data to your file");

if(cont)write_ out(fpout,n_array,number);
cont=char_ querry("\nDo you want to write histogram of input data to your
file");

if(cont)hist(n_array,number,fpout);
cont=char_querry("\nDo you want your bootstrap distribution printed to
your file");

if (cont && !BOOT FLAG) {

printf("\nYou have not executed a bootstrap!");

break;} /* End if */

if (cont && BOOT_FLAG) {

write_out(fpout,b_array,b);
cont=char_querry("\nDo you want to write a histogram of the bootstrap
data to your file");
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if(cont)hist(b_array,b,fpout);} /* End if */
if(flag_reboot){
cont=char_querry("\nDo you want your reboot distribution printed to your
file"); .
if (cont)write_out(fpout,re _boot,reb);} /* End if */
cont=char_querry("\nDo you want a summary printed to your file");
if (cont && BOOT_FLAG){
fprintf (fpout,"A bootstrap simulation of the %s was
carried out.\n \
The input data had %d points.\n \
There were %d bootstrap replications.\n", \
stat [BOOT_FLAG], number,b) ;
if(flag_bootexpect)
fprintf (fpout, "The expected value of the bootstrap
distribution \ '
of the %s was %-6.4f.\n",stat[BOOT_FLAG],expected);
if(flag_bootstderr)
fprintf (fpout,"The standard error of the bootstrap
distribution \
of the %s was %-6.4f.\n",stat[BOOT_FLAG],std_err);
if (flag_reboot)
fprintf (fpout, "The standard error of the standard error
distribution \
of the %s was %-6.4f.\n",stat[BOOT_FLAG],re_stderr);
if(ci_flaqg)
fprintf (fpout, "\n\t\t\tThe %.2f confidence interval is:
\n\n \ '
\t\t%-6.4f < %s < %—
6.4f",con_level,ci_limits[0],stat[BOOT_FLAG],ci_limits[1]);
' } /* End if */
break;

case 3:
if(!flag_input) {
printf("\nYou have no data to execute a bootstrap!");
my_pause() ;
break;} /* End if */
flag_menu=BOOT_MENU;
break;

case 4:
close(fpout);
textmode(2);
clrscr();
return;} /* End switch */
break;

case INPUT_MENU:
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Menu") ;

answer = input_menu(});
switch(answer) {
case 1l:

begin_screen();

number = int querry("How many data points",l,lOOO);

keyboard_input (number,n_array);
flag_input=YES;
flag hist=YES;
flag menu = MAIN_MENU;
break;
case 2:
begin_screen();
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while ((fp = myopen(0)) == NULL) /* Keep asking for file */

{begin_screen();

cont=char_querry("\nDo you want to exit to the Main

if(cont){
flag_menu MAIN_ MENU;
flag hist = NO;
break;} /* End if */
} /* End while */
if(flag menu == MAIN_ MENU)break;
number = read input(fp,n_array);

printf("\n\nThere are %d values in the array.",number);

my_pause () ;
flag menu = MAIN MENU;
flag_input = YES;
flag_bootexpect = NO;
flag_bootstderr= NO;
ci_flag=NO;
flag_reboot = NO;

flag _hist=YES;
break;

case 3:
flag menu = MAIN_MENU;'
flag _hist=NO;
break;
/* End switch */

flag bootexpect = 0;
flag bootstderr= O;
ci flag=0;
flag_reboot = 0;

/* Check if there is input data */
if(flag_hist){
begin_screen();
cont=char_querry("\nDo you want to display

input");

a histogram

of your
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if(cont){
hist(n_array, number, stdout);
my_pause();

text _mode(3);

clrscr();}} /* End ifs */
break;

case BOOT_MENU:
answer = boot_menu();
switch(answer){
case 1:
case 2:
case 3:
case 4:
if (answer == 4){
begin_screen();
printf ("\n\n\nWhat is the upper specification value? ");
scanf ("$f", &upper cpn);
printf ("\n\n\nWhat is the lower specification value? ");
scanf ("$£f",&lower_cpn);} /* End if */
b = int_querry("\nHow many bootstrap replications?",2,10000);
BOOT FLAG = answer;
boot (number,b,n_array,b_array,YES);
flag menu = STAT_MENU;
break;

case 5:
flag menu = MAIN_MENU;
break;
} /* End switch */
break;

case STAT_ MENU:
answer = stat_menu();
switch(answer) {
case 1:
expected = mean(b_array,b);
flag_bootexpect=1;
begin_screen();
printf ("\nThe expected value of the bootstrap distribution is:
\
$—6.4f",expected);
my_pause();
break;

case 2:
std err = boot_stderr(b_array,b);
flag bootstderr=1;
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\

begin_screen();

printf("\nThe standard error of the bootstrap

%—6.4f",std_err);

my_ pause();
break;

/* CI */ case 3:

begin_screen();
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distribution is:

con_level=flt_querry("\n\nWhat is the confidence level (1 -
alpha)",0.0,1.0);

Enter the number of reboot replications",1,1000);

ci(ci_limits,b_array,b,n_array,number);

ci_flag=1;
begin_screen();

printf("\n\t\t\tThe %.2f confidence interval is: \n\n \
\t\t\t%-6.4f < %5 < %-
6.4f\n",con_level,ci_ limits[0],stat[BOOT FLAG],ci_ limits[1l]);

my pause();
break;

case 4:

reb = int_querry("This is a long procedure.\n \

re_stderr=reboot (n_array,b_array,re_boot,number,b,reb);

begin_screen();

printf ("\nThe standard error of the standard error of the %s

iss: \

%

-6.4f",stat[BOOT_FLAG],re_ stderr);

my_pause();

flag menu = MAIN MENU;
flag_reboot = 1;
break;

case 5:
hist(b_array,b,stdout);
my_pause() ;
text _mode(3);
clrscr();
break;

case 6:
flag menu = BOOT_MENU;
break;
} /* End switch */
break;
} /* End switch */
} /* End while */
returnj;}
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File: menu.c

/* IS S SRR EREE SR AR SRS REE RS E R RS R R RS E R EEREEEEEEEEEEREEESERESSEE

Copyright 1993
This file contains functions for menu and user interface

begin_screen
boot_menu
credit_menu
help menu
init_menu
input_menu
menu
stat_menu
text mode

Brad Warner Revision O Feb. 23, 1993
L E S AR R SRR R ERE R R EE SR EEE SRR R SRR RS R R R R R R R RS R R AR R R R R R AR R RS R SRR */

# include <stdio.h>
# include <conio.h>
# include <stddef.h>

extern int_ querry();

/* A RS AR RS R EE RS SRR AR SRR R R SRR R RRERR RS R R RS RRRRREEEEEEREE SRS EEEE]

Function: begin_screen
Description: Set background screen
Arguements: None

Return: -void

AAKKKA KA RKREAA KA AR AAAA AT AAAKRAARAARKAAKRARKAKARARAARA A ARARA AR AR AR Rk kk kK */
void begin screen(void)

{

clrscr();
printf ("\t\t\t BOOTSTRAP SIMULATION\n\n");
return;

}

94
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/* KAEKKRARARAAAAKRARAAAARAARAAKIAARAAKRA AR ARRAAR AR AR AR AR AR Ak h kK

Function: boot_menu
Description: Sets up bootstrap menu
Arguements: None.

Returns: integer for choice desired
LA SR AR S SR EAR SRR R EEE SRR R AR R RRRRR AR R R R R REEEEEEEEESEEE] */

int boot_menu(void)

{

static char *str[6] = { "Distribution for", '"Sample Mean",
"Variance",'"Median", "Process Control Ratio (Cpk)",
"Return to Main Menu"};

int menu();

int num=5;

int answer;

void help menu();

answer = menu(str,num);
while(answer == 0){

help menu(3);

answer = menu(str,num);} /* End while */
return answer;

}

/* I E R RS SRR SRS R R R R R Rttt Rt 22222ttt Rt R R R NS

Function: credit_menu
Description: Sets up credit display
Arguements: None.

Returns: None.
A S S SR SRR SRR SRS R SRS R SRR R RS R R RS Rt Rt ARt RRRRRRRRRRRRRER R RS */

void credit_menu(void)
{ .
begin_screen();

printf ("\n\n\n\n\n\n\n\n\n\n\n\n");

printf ("\t\t\t\tDeveloped by\n\t\t\t\t Brad Warner");
printf ("\n\n\t\t\t Colorado School of Mines");
printf ("\n\t\t\t\tMarch 15, 1993");

printf ("\n\n\n\n\n\t\t\tPress any key to continue");
getch();

return;

}
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/* KAIEK AT AR A KA KA RN ARA AR AR AN AR A AR KRR AAAAKRAARAAARAAARAAR KRR AR A AR AR AR K hhk

Function: help menu
Description: Sets up help screens
Arguements: Menu help is called from.

Returns: void
PR R R RS A SRR R R AR R R R R R R R E R R A R E R E R R R R RS R R R RS R R R R R SRR R R R E RS EEREXEER */

void help menu(number)
int number;
{
FILE *fhlp;
int counter;
switch (number) {
case 1:
fhlp=fopen("helpl.hlp","r");
if(fhlp == NULL){
clrscr();
printf ("\n\n\t\t\tHelp menu is not available\n\n");
printf("\n\n\n\t\t\tPress any key to continue");
getch();
break;} /* End if */
while(!feof(fhlp)){
clrscr();
printf ("\t\t\t HELP SCREEN\n\n");
counter=0;
while(counter<18 & !feof(fhlp)){.
if (putc(getc(fhlp),stdout)=='\n')counter++;} /* End while and if

*/
printf("\n\n\n\t\t\tPress any key to continue");
getch();} /* End while */
break;
case 2:

fhlp=fopen('"help2.hlp","r");
if(fhlp == NULL){
clrscr();
printf("\n\n\t\t\tHelp menu is not available\n\n");
printf ("\n\n\n\t\t\tPress any key to continue");
getch();
break;} /* End if */
while(!feof(fhlp)){
clrscr();
printf ("\t\t\t HELP SCREEN\n\n");
counter=0;
while(counter<18 & !feof(fhlp)){
if (putc(getc(fhlp),stdout)=='\n')counter++;}/* End while and if */
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printf ("\n\n\n\t\t\tPress any key to continue");
getch();} /* End while */

break;

case 3:
fhlp=fopen("help3.hlp","r");
if (fhlp == NULL){

clrscr();
printf("\n\n\t\t\tHelp menu is not available\n\n");
printf ("\n\n\n\t\t\tPress any key to continue");
getch();
break;} . /* End if */
while(!feof (fhlp)){
clrscr();
printf("\t\t\t HELP SCREEN\n\n");
counter=0;
-while(counter<18 & !feof(fhlp)){
if (putc(getc(fhlp),stdout)=="'\n"')counter++;} /*End while and if */
printf ("\n\n\n\t\t\tPress any key to continue");
getch();} /* End while */
break;
case 4:
fhlp=fopen('"help4.hlp","r");
if (fhlp == NULL){
clrscr();
printf ("\n\n\t\t\tHelp menu is not available\n\n");
printf ("\n\n\n\t\t\tPress any key to continue");
getch();
break;} /* End if */
while(!feof (fhlp)){
clrscr();
printf ("\t\t\t HELP SCREEN\n\n");
counter=0; ’
while(counter<l1l8 & !feof(fhlp)){
if (putc(getc(fhlp),stdout)=='\n')counter++;} /*End while and if */
printf ("\n\n\n\t\t\tPress any key to continue");
getch();} /* End while */
break;} /* End switch */
return;

}

/* LR SRR SRR R R R EE RS SRR R Rt Rt R R Rt R R R EEERER R R LR SR

Function: init_menu
Description: Sets up initial menu
Arguements: None.

Returns: integer for choice desired
A A AR R R R SRR R RS R RS R R AR Rt i i i s s R a2 R AR XA R R X R R R & & 2 X ] */
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int init_menu(void)

{

static char *str[5] = { "Main Menu", "Input data","Write to file",
"perform Bootstrap", "Exit Program"};

int menu();

int num=4;

int answer;

answer = menu(str,num);
while(answer == 0){

help menu(l):;

answer = menu(str,num);} /* End while */
return answer;

}

/* LEE R EREE R SRS R RS SRR SRS ER R Rttt RRRE R RS R EREEEEEE]

Function: input_menu
Description: Sets up input menu
Arguements: None.

Returns: integer for choice desired
L2 E SR EE RS EE SRS RS ER R 22X R RS XAXEAER RS RRR R XE X R R R R R */‘
int input_menu(void)
1
static char *str(4]={"Data Input","Input from keyboard","Import data
file",
"Return to Main Menu"};
int menu();
int num=3;
int answer;

answer = menu(str,num);
while(answer == 0){

help menu(2);

answer = menu(str,num);} /* End while */
return answer;

}
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/* AR E S S AR R RS X R R R R R R R R R R R R R R R R R R A RS R R R 2

Function: menu
Description: Sets up a menu

Arguements: Character strings for questions, integer for number of
questions

Returns: integer for choice desired
KA A AR AR A A AR KRR KR AR A A A AR AR AARAKRAKRAKRAKAAKAAIAA AR A AR AR AR AR A AR Ak ok hd */

int menu(str,num)

char **gtr;
int num;

{

int answer;
int counter;

begin_screen();
printf ("\n\n\t\t\t $s8",*(str));
printf ("\n\n");
printf ("\t\t\tO: Help Screen");
for (counter=1;counter<=num;counter++)
{
printf ("\n\n");
printf("\t\t\t%a: %s",counter, * (str+counter)) ;
}
printf ("\n\n");
answer=int_querry("\t\tInput your choice:",0,num);
return answerj;

}

/* LA RS R A S RERE RS AR EEEE R RERREREE SRRt R 2R aX X X

Function: stat_menu
Description: Selects sample statistic
Arguements: None.

Returns: integer for choice desired
A2 A S S S E SRR R LSRR S XX 2 R RS R R R R R R R X RS SRR R R XS E R R */

int stat menu(void)

{
static char *str[7] = { "Statistic from the Distribution", "Expected
Value",
"Standard Error","Confidence Interval",
"Reboot","Histogram", "Return to Previous Menu"};
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int num=6;
int answer;

answer = menu(str,num);
while(answer == 0){

help menu(4); ‘

answer = menu(str,num);} /* End while */
return answer;

}

/* AR AR AN KRR R AR AR AR A AR AN AN AN AN AR AR AR ARNRNAANRRARNRNARARAKRARRN AR AN AN AN

Function: Text mode
Description: Sets the text mode
Arguements: Integer for text mode

Returns: Void

HEAA KA A KA A AR A A AR A A A AR AR A A A AAAAAARAARKRAAAKRARA RN AN AR AR AR A */

void text_mode (mode)

int mode;

{

textmode (mode) ;
textbackground (BLUE) ;
textcolor (WHITE);
clrscr();

return;

}
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File: helpl.hlp

The bootstrap is a non—-parametric procedure to estimate standard
error and confidence intervals. This program provides a computer based
simulation of the bootstrap.

The first step is to input data. Data can be entered directly from
the keyboard or imported as ASCII file. Data can be entered by
selecting option 1) from the current menu.

Option 2) will allow you to write output to a file of your choice. This
step can be performed at any time after data has been entered. BEWARE
that this step will write over the file if the name of the file you give
already exists. The program will take you through a number of options.
First you will be allowed to write your input data out. Then you can
write your bootstrap data to the output file. For both of these options
you can write the histogram of the data and a header. The header is one
line of whatever identification data you desire. The summary option
will print the number of data points, bootstrap replications, and the
bootstrap results you selected. The output file generated is in ASCII
format. Once data has been entered, a bootstrap can be performed. To
print the file you must exit the program and print it from DOS or some
text editor.

Option 3) from the current menu will produce the bootstrap menu. The
bootstrap menu has a list of statistics, for example sample mean. The
bootstrap will generate an estimate of the distribution of the statistic
selected by using the input data. The number of bootstrap replications
determines how many data points will be in the distribution. The larger
the number of replications the longer the procedure takes. When the
bootstrap is complete, you are taken to a menu which allows you to
extract information such as standard error and confidence intervals.

Option 4) closes all files and returns you to your operating system.
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File: help2.hlp

There two ways to enter data into the bootstrap pfbgram. Option 1)
allows you to enter and edit the data directly from the keyboard. The
information is first entered and then the user has the option of viewing
and editing the data. The data is entered by typing the value and
hitting return. Numbers are printed next to each value during viewing
to act as a tag. This allows you to identify the value you wish to

correct.

Option 2) has the program read the information from an ASCII format
file. The data in the file must be seperated by either a blank or a
return. The program looks for the file in the default directory, that
is the directory the program was executed from. If the file is in a
directory other than the default directory include the path in the file
name. For example, if you started the program from C:\ but your file,
thefile.dat, is in C:\data\, then when the program asks for the file
name enter it as C:\datal\thefile.dat.

After the data has been entered you have the option of viewing a
histogram of the data. The only option for the histogram is the number
of groups to break the data into. You are limited between 2 and 10.
Read the graph carefully because each * may represent more than one
point and the mid-point value may also be scaled. The numbers at the
top of each column represent the total number of values in that group.
If you want to print the histogram you must go to the Main Menu and
write the histogram to the output file.
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File: help3.hlp

This menu lists the statistic available for performing the bootstrap.
The bootstrap will produce an estimate of the distribution of the
statistic. The number of data points in the distribution equals the
number of bootstrap replications. The larger the number of replications
the longer the procedure will take.

The current choices are:
Mean: Defined as the sum of the values divided by the
total number of values.

Variance: Defined as the sum of the square of the values minus
the mean all divided by the total number of values minus one.

Median: Defined as having an equal number of values above
and below it. If n is the total number of values and is odd
then the median is the value with (n-1)//2 values less than
it and greater than it. 1If n is even then the median is

the (n//2)+1 value.

Cpk: Is used in statistically process control. It is

used to determine the how stable a process is. It is defined
as the minimum of thé mean minus a lower specification all
divided by three times the standard deviation or the upper
specification minus the mean all divided by three times the
standard deviation.
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File: help4.hlp

This menu allows you to malipulate the bootstrap distribution of the
statistic selected on the bootstrap menu. The option are:

Expected value: This is the mean of the bootstrap distribution.
This is an estimate of the expected value of the statistic from the
bootstrap menu.

Standard Error: This is the bootstrap estimate of the standard
error of the statistic from the bootstrap menu. It is a measure of
the error in the statistic from the data you entered.

Confidence Interval: This option lets you generate a bootstrap
confidence interval. You can enter the confidence level and the
program will return a two-sided limit.

Reboot: This option generates an estimate of the standard error of
the standard error of the statistic selected from the bootstrap
menu. This allows you to get an understanding of the stability of
your standard error estimate. This is important if you want to
reduce the number of bootstrap replications. The bootstrap
estimate will be most stable if you use the entire 10000
replications but this can be slow. The reboot procedure is
extremely slow. It is recommended that you perform this

only if you are generating repeated bootstrap estimates for the
same statistic of interest with approximately the same sample
sizes.

Histogram: This generates a histogram of the bootstrap
distribution. This distribution is an estimate of the statistic's
distribution selected in the bootstrap menu. You are given the
choice of how many groups to break the data into, a number between
2 and 10. If you want a printout of the histogram, this can be
done from the Main Menu. Read the graph carefully because the *
can represent more than one value and the mid-point value could
also be scaled. The numbers at the top of each column is the total
number of values in that group. The numbers on the side are the
frequency of the values in that column.



