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Abstract

The purpose of this rsearch-was to study the perfor-
mance of the Cox and Snell Upper Error Limit Model. Twelve

• . '* ..

Cox and Snell bounds were constructed by changing the prior

error probabilities incorporated in the model. The perfor-

mance of the twelve bounds was compared to the performance

of the Stringer bound.

The study constructed twenty-four study populations

from an actual accounting population, sampled from these

study populations, and compared the error estimates produced

by the Cox and Snell model with the true dollar error in the

study populations. The objective was to find the best upper

error limit estimator from the Cox and Snell bounds tested.

The bounds were examined in terms of robustness, mean rela-

tive tightness, effect of nominal confidence level, and

statistical power.

In order to analyze the results of the simulation, the

study populations were divided into four categories by error

amount intensity. Robust bounds were found for the low

error amount intensity study populations only. For the

medium, high, and highest error amount intensity popula-

tions, bound coverage was significantly less than the nomi-

nal confidence levels of the bounds. The Cox and Snell

vii
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*. bounds were significantly tighter than the Stringer bound.

The effect of lowering the bound confidence level on the

relative tightness of the bounds was negligible. Some of

the bounds which provided adequate coverage were statistic-

ally powerful.
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SELECTED UPPER ERROR LIMIT METHODS APPLIED

TO AN ACCOUNTING POPULATION 1-.4

I. Introduction

General Issue

Periodic audit programs allow organizations to find

instances of inefficiency and to draw conclusions on the

accuracy of their financial statements and their compliance

with prescribed management rules. They also allow manage-

ment to make accounting estimates and to uncover instances

of inefficiency. These are important objectives both in

industry and government. Auditors have an obvious interest

in expressing as accurate an opinion as possible on the

error amount in the audit population because of the serious

implications of a material error going undetected. For

instance, an undetected material -rror in an account balance

can have serious earnings implications for a company, and an

undetected large error in government accounts could have

serious adverse effects on public opinion about the compe-

tence of government in managing public funds (ll:no page).

A number of statistical models for predicting errors in S.

accounting populations are available, but there is a need

for research to validate and refine these models and to find

new models (4:39).

5... .:
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Ideally, auditors would audit all accounting records in

order to render an opinion on the error in those records

with as high a level of confidence as possible. Cost consi-

derations make this impractical, so auditors have turned to

statistical sampling procedures to evaluate the correctness

of audit populations. Using samples and sample statistics,

they can construct acceptable confidence intervals around

their estimates of the total error in the population. They

have an obvious interest in finding the best statistical

tools to help them (11:7).

Various researchers have noted problems in the applica-

tion of classical statistical sampling and estimating techni-

ques to accounting populations. Neter and Loebbecke

provided empirical evidence that error bounds based on

classical confidence interval estimators do not perform well

for accounting populations with low error rates. Since many

accounting populations do have low error rates, they do not

meet the assumption of normality of the distribution of

sample statistics which is the basis for the use of classi-

cal statistical estimators. As a result, classical estima-

tors tend to produce poor error prediction bounds for

accounting populations (20:76-77).

In response to the difficulties associated with the use

of classical statistical estimators, researchers developed

new techniques which can be classified as Bayesian and

non-Bayesian. Godfrey and Andrews refer to the non-Bayesian

2
.5.
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approaches as the classical procedure and divide the

Bayesian approaches into the infinite Bayesian procedure and

the finite Bayesian procedure. The classical procedure uses

the hypergeometric, binomial, or Poisson distributions to

estimate the number of errors in a population. The Bayesian .

procedures differ from the classical procedure in that they

incorporate auditor prior expectations about the distribu-

tion of errors in the population. This feature may give the

Bayesian procedures an advantage over non-Bayesian
. %

approaches (7:304). However, the incorporation of incorrect .

auditor prior expectations about accounting populations

could adversely affect the accuracy of Bayesian error predic-

tion models. The difficulty of quantifying prior expecta-

tions is probably the main reason that Bayesian methods have

not received more widespread acceptance (7:313).

There is still room for research into improved error

prediction models for auditing. Empirical research to find
?". '..

more accurate and concise bounds for errs- prediction than

currently exist will improve and facilitate the audit task.

This is the general problem that this thesis addresses.

Specific Problem

This study compares the performance of the Cox and

Snell upper error limit model and the Stringer bound. The .

Cox and Snell model is a Bayesian upper error limit bound "'"-

that has been used in a number of research studies. The

Stringer bound is a widely used non-Bayesian upper error

3
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limit bound. Both bounds were tested using 24 study popula-

tions constructed by varying the error characteristics of an

actual accounting population of U.S. Air Force aircraft

parts inventory accounts.

A major objective of this study was to find a robust

Cox and Snell bound among the bounds tested. A (1-a) Baye-

sian bound is considered robust if it is correct in repeated

sampling (l-a)*100 percent of the time for a wide variety of

populations. A robust bound is accurate at a certain level

of confidence for populations with widely varying error

characteristics and therefore auditors can use it without

being concerned about their ability to assess prior prob-

abilities. Godfrey and Neter studied the characteristics of

the Cox and Snell bound and searched for robust Cox and

Snell and modified Cox and Snell bounds. They found that
SN

the Cox and Snell and modified bounds are very sensitive to

changes in the prior error parameters incorporated into

them. They also showed that the Cox and Snell bound 2

performs better than the Stringer bound for low total error

accounting populations. Specifically, they found the"Cox

and Snell bound to be tighter than the Stringer bound and to

provide high coverage for low error rate populations , •

(8:520). Coverage refers to the number of times that a

bound equals or exceeds the true population dollar error in

repeated sampling. In comparing bounds, a bound which

exceeds other bounds by a lesser amount while providing at

.44
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least the same coverage, is the tighter bound (18:9-10). -

The Stringer bound is considered a conservative, or loose I

bound. The looser a bound is, the less desirable it is for p..-.

the auditor because to obtain a given level of confidence, * .. '

the auditor must accept a larger interval estimate than he

would with a tighter bound. Godfrey and Neter found that by

choosing conservative prior parameters, auditors could find

a Cox and Snell bound that is robust, much tighter than the

Stringer bound for low error amount populations, and moder-

ately tighter than the Stringer bound for populations whose

total error amount is large. In the conclusion to their

1984 study, Godfrey and Neter addressed the need for further

research to examine the robustness of the Cox and Snell

bound with conservative prior distributions for other error
." J.-

characteristics and sample sizes than they used (8:521). In

line with this, then, this study tested the Cox and Snell

bound with different error characteristics than previous

researchers used. The next section addresses the research

objectives in more detail.

Research Questions

The first research question addressed the robustness of

selected Cox and Snell error limit bounds using study

populations with known error characteristics. The Cox and

Snell bounds used had different prior error rate and error

taint probabilities than those used in earlier research.

Error rate is defined as the probability that an individual

5
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population item is in error. Error taint is defined as the

error amount divided by the book value of the line item in

error (10:281). The objective was to find new robust

bounds, if possible. Godfrey and Neter found some robust

bounds in their 1984 and 1985 studies of the Cox and Snell

bound. As already noted, the importance of finding such a

robust bound is that auditors could use such a bound for a

wide variety of populations without having to quantify their -

prior judgement on the error characteristics of the popula- .-

tion they are auditing. The prior error characteristics

incorporated in a robust bound would be conservative enough ,

to ensure that the bound accurately predicts errors (1-)

*100 percent of the time. See Chapter III for a descrip-

tion of the error characteristics of the study populations. '4
The second research question addressed bound tightness. -

The objective was to find the tightest robust bound from

the bounds tested. Godfrey and Neter measured relative

tightness by comparing the median Cox and Snell bounds with

the median Stringer bounds. Another possible measure of

relative tightness is the mean ratio of a given Cox and

Snell bound and a given Stringer bound. Phillips used this

measure to reinforce the Godfrey and Neter measure (18:10).

The present study measured only the mean relative tightness

of the bounds.

The third research question examined the effect on

bound robustness of changing the nominal confidence level of __

6..
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the bounds tested. The nominal confidence level is the

expected frequency with which the bound yields correct error

.4 %
estimates in repeated sampling (9:5). Godfrey and Neter

examined Cox and Snell bounds at the 95 percent nominal

level and found some robust bounds. Phillips examined Cox

and Snell bounds at the 85 percent nominal level (18:11).

This study lowered the nominal level even more (to the 75 -/'

percent and 80 percent levels) to see if this might yield

robust bounds that are tighter than comparable bounds at "

higher confidence levels. This would give the auditor the

choice of balancing confidence level against bound tight-

ness, which are both determinants of the precision of the

estimate.

The fourth research question addressed the power of the Lw
bounds studied. In order to discuss the power of a statis-

tical test, it is necessary to discuss statistical hypothe- . "

sis testing. In this kind of testing, an inference is drawn

from sample data. The hypothesis to be tested is typically -

called the null hypothesis and designated H0 . In classi-

cal statistical testing, H is the hypothesis that is the

most costly or damaging if rejected when true. It is also

necessary to formulate an alternative hypothesis, typically

designated H1 . In hypothesis testing, you can make two

kinds of errors, a Type I and Type II error. A Type I

error, denoted by a, is the probability of accepting H1  .

when in fact H is the correct conclusion. A Type II

7
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error, denoted by 6, on the other hand, refers to the proba-

bility of accepting H when in fact H is correct. There
0

is a need to control both types of risk, but because of cost -

considerations which necessitate the use of samples instead

of a complete census of a population, some risk is unavoid-

able. It is important to realize that if a is reduced, 6

will increase. The tradeoff between a and 6 risk depends on

the seriousness of a Type I or Type II error. Ideally, you

would want to minimize both types of risk, but since the

more extreme error is typically in rejecting H when it is
0

true, it is usual to specify the maximum a tolerable, and A.

then to choose the test that minimizes .

The power of a statistical test refers to the probabil-

ity of rejecting the null hypothesis when the null hypothe-

sis is in fact false. In other words, it refers to the

probability of making the correct decision. In the audit

situation, the null hypothesis typically would be

H :M=X (1)

0

where ;A is the population error, and X is the hypothesized

amount of g. For the pupose of this research question, X is

a predetermined level of error materiality. Auditors typic-

ally set such a level since it is not cost effective to redo

records to correct small error amounts.

The alternative hypothesis would be

H1 : L M X (2)

8
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By using a statistical upper error limit method, auditors

can estimate with a given level of confidence the maximum

amount of error in a population based on a sample. They can

then compare that estimate to the predetermined level ofP

materiality to help them in making their recommendation

(14:349-356). Auditors thus have a need to know the power

characteristics of different accounting populations and test

statistics (2:42).

4-9



II. Literature Review

This literature review examines previous research into

the use of statistical sampling and testing procedures in :

auditing. Specifically, it addresses the use of classical

statistical techniques in auditing, the use of dollar unit"''

sampling, and the use of non-Bayesian and of Bayesian tech- __

niques for auditing. It also examines a study by Johnson,-. " "

Leitch and Neter of the error characteristics of certain ""

ILaccounting populations. To clarify the differences between

non-Bayesian and Bayesian models for predicting errors, '.

reference is made to Godfrey and Andrews' classification '.

scheme. They distinguish between non-Bayesian models which

they call the classical procedure, and Bayesian models. ,-

According to their classification, the non-Bayesian proce- .

dures include models based on the hypergeometric, Poisson,

or binomial distributions. Thus, the errors in a population

are presumed to follow these distributions. Bayesian "

approaches, on the other hand, incorporate auditor prior

knowledge of accounting population error characteristics. [[

( 7 :304 ). [.:"

Classical Statistical Techniques

Initially auditors used classical survey sampling esti-"[

mators such as ratio and difference estimators to construct.-["

confidence limits for the proportion of dollar error amounts..-'.

10.
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in accounting populations. Researchers, however, found that

classical techniques did not work well in the typical audit

situation. Classical statistical theory presumes that these

estimators follow an approximately normal distribution for

large samples. With their typically low error rates,

accounting populations do not satisfy the normality assump-

tion (20:76-77). Specifically, Stringer pointed out that

the use of these estimators will lead to unsatisfactory

results when no error rates are found in a sample, a reason-

able finding to expect in a low error rate population.

Stringer noted that with zero sample errors the estimated

standard error would also equal zero which would cause the

classical confidence limit to collapse into a point esti-

mate. Kaplan, and Neter and Loebbecke conducted simulation r
studies which showed that the nominal confidence level based

on the classical normal distribution assumption often

differed significantly from the actual confidence intervals.

Given the evidence on the poor performance and lack of

suitability of classical estimators in audit sampling,

Kaplan concluded that new approaches for audit sampling

should be considered (17:77-78).

Dollar Unit Sampling

As a response to the inadequacy of classical statisti-

cal techniques in the typical audit setting, researchers

developed new sampling methods. Dollar unit sampling (DUS)

is one method that has gained acceptance. DUS overcomes the

114
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drawbacks of classical estimators because it makes no assump-

tion about the normality of the population and is particu-

% *larly well suited for low error rate populations. This suit-

ability is due to the fact that the sampling unit in DUS is

the individual dollar rather than the more traditional physi-

cal sampling unit (for example, accounts receivable or

invoice). In DUS each dollar, instead of each physical

unit, has an equal chance of selection. As a result, the

use of DUS reduces the probability of a material dollar

error escaping undetected. This is because each dollar unit

of the material dollar error has an equal chance of being

selected under DUS whereas in physical unit sampling the

likelihood of detection depends on the probability of the

physical unit which has the material error being selected.

In essence, DUS is a very efficient stratification tech-

nique. It breaks the sample unit down to the smallest unit,

which has obvious advantages in low error rate populations. .

Furthermore, each dollar unit sample is the same size so

that stratification by book value is not necessary (17:79).

Thus, DUS is very well suited for audit sampling. DUS is

often used in conjunction with error limit models

researchers have developed to deal with the need for

accurate error prediction in auditing. The DUS method will

be described in more detail in Chapter III of this thesis.

~ ~.. ...
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Non-Bayesian Upper Error Limit Models

Stringer developed a non-classical procedure for obtain-

ing bounds for the population error amount. The Stringer

bound uses the Poisson probability distribution for the

number of errors to obtain upper confidence limits on the

error amount in a population. Goodfellow, Loebbecke and

Neter reviewed the Stringer bound and found a major drawback

of the bound to be that there is no general statistical

theory to support it. Empirical research to date has also

shown the Stringer bound to be overly conservative (17:78).

Neter, Leitch and Fienburg developed a different error

prediction method. They used DUS with a multinomial distri-

bution for error prediction to calculate a bound for total

population overstatement and understatement errors. Their

bound produced tighter bounds than the Stringer bound.

Another advantage of their model compared to the Stringer

bound is that the distributional properties of the multi-

nomial bound are fully known (17:77).

Bayesian Upper Error Limit Models

Bayesian upper error limit models enable the auditor to

incorporate his suppositions on the error characteristics of

the audit population into the upper error limit model. This

property of Bayesian models can be an advantage as well as a
'.-.,-F

disadvantage. If the auditor suppositions on the error char-

acteristics are fairly accurate, a Bayesian model incorporat-

ing these suppositions would probably produce more accurate

13



estimates than other models (7:304). On the other hand,

auditors find it difficult to express their suppositions in

quantitative terms. Crosby compared two techniques for

eliciting auditor beliefs in the form of a probability

distribution. The practical applications of his study could

not be ascertained. He pointed out that the results of

studies in this area are inconclusive and that further

research to find improved ways of eliciting auditor beliefs

in terms of probability distributions might increase the

usefulness of Bayesian methods to auditors (1:364).

Alternatively, auditors can resort to the use of robust

Bayesian upper error prediction models. These are models

with conservative prior error probabilities built into them

that have been shown to perform well over a wide variety of

populations. Researchers have found such robust models and

-, one objective of this study is to find a robust model for

general auditing applications. Bayesian models have outper-

formed other models in numerous simulation studies in spite

of the difficulty of expressing auditor beliefs in terms of

a probability distribution. A review of some of the major

studies follows.

Garstka proposed a compound Poisson model for DUS with

a discrete prior distribution for the mean error taint only.

Sample evidence from his simulations indicated that his

models yielded much tighter upper error limits than the

hStringer bound used by Anderson and Teitlebaum in 1973.

14
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Vanacek proposed a model using a beta prior distribution for

the population error rate only. He calculated bounds based

on the Bayesian bounds for the error rate using a Stringer "

type bound (8:499)•. -:

Felix and Grimlund developed a model based on a single

beta-normal probability distribution for the total error in

acomposite account. A composite account consists of a -'"

large number of subsidiary accounts. Felix and Grimlund

noted that Bayesian approaches in the literature had primar-

ily looked at error rates. They felt that auditors would be

interested in error amounts. Their approach incorporates

auditor judgement on error rate and size. They assume an

auditor can express his prior judgement on error rates using

the beta distribution and his prior judgement on error size

in terms of a normal-gamma-2 probability distribution.

Their goal was simply to analyze the properties of this

model; they did not test it against other models or run

simulations with it (4:24-27). %

Cox and Snell used infinite population sampling theory .%

to develop a Bayesian upper error bound for the total over-

statement error in a population (8:499). Godfrey and Neter

studied the characteristics of the Cox and Snell bound, the

sensitivity of the Cox and Snell bound when its assumptions

are modified, and the robustness of the Cox and Snell bound.

Their simulation studies showed that the Cox and Snell

bound is tighter than the Stringer bound and has a higher

15
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coverage when the accounting population has a low total "

-rror amount. They also concluded that Cox and Snell

unmodified and modified bounds are substantially affected by ., .

the prior parameters incorporated in them. Thus, by choos-

ing conservative prior parameters, a Cox and Snell bound

could be found that is robust, tighter than the Stringer

bound for low total error amount populations, and moderately

tighter then the Stringer bound for large total error amount

populations. As a result, they felt that auditors need not

be overly concerned about their ability to correctly assess

the probability distribution of their prior judgement. They

could simply rely upon the conservative Cox and Snell bound

for a wide range of populations (8:520).

Godfrey and Andrews presented a method for establishing

an upper error limit using a Bayesian approach which assumed

a finite population instead of the infinite population

assumed by Cox and Snell. One of their main conclusions was

that the finite Bayesian model is more representative of the

actual auditing environment than the infinite Bayesian model

or classical procedures. They also concluded that sample

sizes required by the finite Bayesian method will always be

smaller than or equal to sample sizes using infinite Baye- '

sian approaches (7:304-305). !

Dworin and Grimlund published the results of their

-* simulation studies with a new method of analysis for DUS in

1984. Their method, which they called the moment bound,

" "Z .'. 
"
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incorporates a beta distribution of possible error rates and

a hypothetical error tainting based on the average of the 4
'.4'=_

observed taints and the number of these observed taints.

Their model assumes the mean error taint is approximated by A.

the gamma distribution. They found that the moment bound

was significantly tighter than the Stringer bound and gener-

ally tighter than the multinomial bound for accounts receiv-

able populations with low material errors. For inventory .,--

accounts with both overstatement and understatement errors,

the moment bound produced significantly tighter bounds than '

the Stringer or multinomial bounds (3:219-220).

Tsui, Matsumura and Tsui published findings from their

research using a multinomial-Dirichlet bound with DUS. They ,.'

combined the numltinomial bound suggested by Fienberg,

Neter, and Leitch with an error probability distribution -

based on auditor expactations. The prior distribution they

used to incorporate auditor expectations belongs to the

class of Dirichlet distributions. They found that their
* 4 .4,. .4.

bound usually was tighter than the multinomial bound

(20:79).

Accounting Population Error Characteristics

To facilitate the task of making a prior assessment of

population error characteristics, auditors need information

about the error characteristics of accounting populations.

There has been relatively little research in this area.

17
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The results of a study by Crosby indicated that the

beta distribution, which has been widely used in practice

because of its analytical simplicity, is in fact an adequate

model of auditor prior expectations (1:364).

In response to the need for research on accounting

population characteristics, Johnson, Leitch, and Neter

studied the error characteristics of 55 accounts receivable

and 26 inventory populations. They found:

1. There is a great variability in error rates, with .4

error rates tending to be substantially higher in inventory

accounts.

2. There is evidence that error rates in both types of

populations may be higher for larger accounts and line

items.

3. The distribution of error amounts for both types of

populations is far from normal.

4. Receivables have mainly overstatement errors while

inventories have more of a balance of overstatement and

understatement errors.

5. There are frequent 100 percent overstatement errors

in accounts receviables and moderately frequent large nega-

tive taintings for inventory population.

6. There is variability in taintings for both types of

populations, with surprisingly large mean taintings for

accounts receivable. The mean taintings of inventories

'18
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studied were smaller because of the offsetting effect of

understatement error (10:291).

Conclusion

The foregoing review of some of the research on account-

ing upper error limit models makes clear that numerous stati-

stical tools have been developed to assist in the audit task

and that an auditor's choice of upper error limit model can

make a great difference in the accuracy of his estimate.

The classical statistical methods have some major flaws when

used with accounting populations. DUS, Bayesian and non-

Bayesian upper error limit models exist to help the auditor.

The Bayesian methods show particular promise because they

allow the auditor to incorporate his prior knowledge of the

accounting population characteristics into the estimate.

This advantage is also a disadvantage of the Bayesian

methods because of the difficulty auditors may have expres- '..

sing their prior expectations in the form of a probability

distribution. In order to improve the accuracy of upper

,error limit models, research is needed to find more useable

and accurate models, to find techniques for successfully

eliciting auditor judgement in the form of a probability

distribution, and to document the error characteristics of

real accounting populations.
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III. Research Methodology
*' ....-

Introduction *I -

This chapter addresses the sampling approach, the upper

error limit models, the design of the simluation study, and

the measurement procedures used in this study.

The first step of the research effort was to write a

computer program to construct study populations. The pro-

gram constructed 24 study populations by inserting different

error characteristics into an actual population of U.S. Air

Force aircraft parts inventory accounts. The second step

was to use a computer program to draw 500 random dollar unit

samples of size 200 from each study population. For each

sample, the computer program computed upper error limit

1..1

bounds using the Stringer and 12 Cox and Snell bounds. Each

Cox and Snell bound differed in the prior error character-

istics incorporated into it. The fourth step was to measure

the performance of each bound in terms of coverage, rela-

tive tightness, and power. As defined in Chapter I and as

used in this study, coverage refers to the number of times

in 500 replications that an upper error limit bound includes

the true study population total error amount. Relative

tightness refers to the size of one bound compared to

another, more conservative or looser bound. In this study,

the Stringer bound is the bound used for comparison

20
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purposes. A tighter bound is preferable to a looser bound .

with comparable coverage (18:10). Power refers to the

number of times a bound projected a material error when

there was in fact a material error. The fifth step was to

analyze the results of the study in terms of the research

objectives. " .

Accounting Population

This population was obtained from the United States Air

Force (USAF) Logistics Data Supply Center at Gunter Air

Force Station, Alabama. It consists of 5412 USAF aircraft

parts inventory accounts. Table 3.1 gives some descriptive

statistics on this population.

Sampling Approach

In this study, DUS was used. The rationale for using

DUS in auditing was already discussed in Chapter II. To

summarize, in DUS the sampling unit is the individual dollar

unit instead of a physical unit such as an invoice or

account receivable. The advantage of using dollar unit

samples is that, in the typical low error rate accounting

population, DUS reduces the probability of a large material

error going undetected. Since DUS is the method employed in .

this study, it is necessary to understand precisely how the

technique works. Neter, Leitch, and Fienberg summed the

procedure up succinctly as follows:

21
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TABLE 3.1

Accounting Population Descriptive Statistics

*-p,-

Mean Book Value $ 197.24

Standard Deviation $ 947.30

Minimum Book Value $ .01

Maximum Book Value $ 42,248.24

Total Book Value $1,067,465.00

Variance $ 897,383.67

Skewness 24.08

Kurtosis 849.85

Coefficient of Variation 4.08

1. Determine the total cumulative book value for the

line items in the population. The total cumulative book

value, X, is the total number of dollar units in the popula-

tion.

2. If the desired sample size is 200, the auditor

selects 200 random numbers from 1 to X. These are the

dollar unit samples.

3. Each dollar unit sample is associated with a physi-

cal unit. The auditor examines the physical unit to which a

dollar unit sample belongs. If the audit value for the

physical unit differs from the book value of that unit,

there is an error. Thus, the error in the dollar unit is

defined as

22
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te = PUe/Y1 (3),"

where

Y- = the book value of the physical unit in error1

Xi = the audit value of the physical unit in error

PU = Yi - Xi (18:79).

Upper Error Limit Models

Upper error limit models calculate an upper limit or

bound on the estimated amount of error in a population based

on a sample of that population. The models used in this

research are the Stringer and Cox and Snell bounds. A L

discussion of each follows.

The Stringer Bound. In the following analysis of the

Stringer bound, the assumption is made that all errors in

the population are overstatement errors. Since inventory

and accounts receivable populations both have overstatement

errors, this assumption is not unreasonable. Most research

with the Stringer bound and the Cox and Snell bounds has

dealt with only overstatement errors. According to Godfrey

and Neter, substantial modifications to the Cox and Snell

bound would be necessary to make it applicable to understate-

ment errors also (8:499). For these reasons, this research

will be restricted to overstatement errors. The reader -

should be aware, however, that this model is not as appli-

cable to populations which show large understatement errors, ,,,

23



which is more often the case with inventory accounts than

with accounts receivable.

The Stringer bound almost always uses the Poisson dis-
k%

°

tribution to obtain the upper confidence limits for the

error in a population. It has been found to be a conserva-

tive error estimator (18:5). However, Neter, Leitch and

Fienberg point out that use of the binomial distribution

with the Stringer bound would yield tighter bounds (17:5).

The Stringer bound for the total overstatement error in

the population is

KD<Xpu(0;I-ctI+X F, [Pu(m;l-01)-Pu(m-l;l-a)]d (4)"-"
-- m=l m

where

Y = total population audit value

X = total population book value

D = X - Y = total population overstatement error amount

di, d2, d3 represent the observed sample errors

where dl> d2 . . .

n = number of dollar units in random sample

m = number of errors observed

P (m;l-at) stand for the upper error limit for popula-

tion proportion P based on a confidence coefficient of 1 - a A

dhen n dollar units are sampled and m errors observed.

P (0;1-a) stands for the upper error limit for zero errors,

and P (m-l;l-a) has been called the "incremental factor" by

Anderson and Teitlebaum (17:79-80). The Stringer bound
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starts with an assumption that all error taints are 100

1,4rcent taints. We know from the assumptions of the model •

that the error amounts d1 > d2 . . > dk. The maximum

error incorporated in the Stringer bound is then increment-

ally reduced by the excess of the maximum error over the

actual sample error by the inclusion of the incremental

factor (18:17).

The Cox and Snell Bound. Cox and Snell based their

Bayesian upper error limit model for the total overstatement

error in a population on infinite population sampling

theory. Thus, they treated a finite population of N items

with total book value, Y, as a continuous density function

d(y). They let P(y) be the probability that a line item is .

in error. Since the total book value of line items contain-- - -'

ing errors is a function of P(y), Cox and Snell defined iT,

the probability that a dollar unit is in error, as ,

= TY /Y (5)
(e)

where TY ()is the total book value of line items in

error.

Letting k(eiYi) be the conditional density function

of the error amount e. in a line item, Cox and Snell defined

ti, the taint for the ith dollar unit sample, as

t. = ei/Yi (0 < t. < 1) (6)

where Yi is the book value of line item i.

25
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Note that equation 6 constrains errors to overstatement

errors. Then, the mean taint for dollar units in error, p,

is

= Te/TY(e )  (7) _

where Te is the total population error amount. Then

e
T e Y Y(70 (A) (8)

Since Y is known, we must estimate [(r)(A)], the population

mean error amount per dollar unit, which Cox and Snell

define as

T = (,r) OA) (9)

Multiplying Y by T then yields the total error amount in the

population, Te

The assumptions of the Cox and Snell model are:

1. The unconditional error probability, t, follows a

gamma prior distribution: ".-.

( a/ ° ) a Ir(a-i) (10)
0l(w) = V expl-ar/wro)]/F~la)(I) .

0" 0

where is the expected value of w and a is a gamma

distribution parameter controlling the prior distribution

variance.

2. The reciprocal of the mean taint, A 1 , follows a

gamma prior distribution:

(b-1) b -(b+1)(I)= [AA )exp[-(b-l)p1/l]/F(b) (11)

2 0 .0-.-
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whereo is the expected value of A and b is the gamma0T

distribution parameter controlling the prior distribution

variance.

3. ir and 14 are independent random variables. As a

result, the prior density function of T, f(T), is a multi-

ple of the F distribution.

4. The observed number of dollar units in error, m, in

the sample of n dollar units follows the Poisson distribu-

tion with parameter (nir). Its probability is

L1 (mIw) = exp[ (-nr) ] (nr)m/m! (12)

5. The sample error taints, tl, . tm, are m

random observations that follow an exponential distribution

with parameter (1/A). Their probability is

L(t A) = 1Am exp (-mt/A) (13)

where

t= (Et)/m. (14)

6. Since the gamma prior distributions for 7r and i/p

are conjugate prior probabilities to the likelihoods

L1 (m lr) and L2 (tiu), it follows that the posterior

density functions of r and 1/ are also gamma densities. F

Therefore, the posterior density function of T is also a

multiple of the F distribution.

2 ..
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Given the prior values of 7ro a, Ao' b, and the

ubserved sample values of m and t, the (I-a)*i00 percen-

tile of the F distribution with 2(m+a) and 2(m+b) degrees of '.

freedom can be calculated. Based upon the above assump-

tions, the Cox and Snell upper error limit model can be

calculated:

UEL = [ [m+(b-I) ]/[a/r +n]]

[(m+a)/(m+b)]F[(l-);2(m+a),2(m+b)] (15)

where UELcs is the Cox and Snell upper error limit

(18:19-22).

Simulation Study Design

Simulation Procedures. The following is a summary of

the steps used to design the study populations:

1. The accounting population was sorted by line item

from lowest to highest book value and split into two strata

with equal total book values. The rationale for splitting

the population into two strata (low book value/high book

value) originates with findings by Johnson, Leitch, and

Neter that error rates in accounts receivable and inventory

populations are higher for higher velue accounts and line

items (10:291).

2. A computer program randomly selected line items to

be in error. The number of line items selected was in accor-

dance with the mean error rates decided upon for use in this

study.
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3. For stratum 1 (low book value line items), 100

percent error taints were randomly assigned to 10 percent of

the line items receiving errors, in accordance with findings

by Johnson, Leitch, and Neter about error characteristics in

actual accounting populations. The remaining 90 percent of

the line items in error in stratum 1 received random error

taints generated from an exponential distribution truncated

at 1.0 with the appropriate mean taint. This truncation was

done in order to make the study populations more realistic

in accordance with the 1984 Godfrey and Neter study (see

. Appendix A for an explanation of the truncating process).

In accordance with the assumptions of the Cox and Snell

bound, only overstatement errors were seeded into the study

populations (18:27-29).

4. For stratum 2 (high book value line items), random

taints were assigned to line items selected to receive

errors using an exponential distribution truncated at 1.0

(18:28).

5. The above procedure designed the 24 study popula-

tions with the error characteristics shown in Appendix B.

Once these were designed, the next step was to take 500

samples of 200 dollar units using systematic random

sampling. A computer program using a random starting point

and skip intervals accomplished the sampling task. The

sampled dollar units and the line items to which they

.5. belonged were placed in arrays for analysis.
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6. The next step was to compute the Stringer and Cox

and Snell bounds. For each dollar unit sample, the Stringer

bound and 12 Cox and Snell bounds used in this research were

calculated at the 0.95, 0.80 and 0.75 nominal confidence

levels.

7. The last step was to analyze the results of the

simulation in terms of coverage, relative tightness, and

power.

Prior Probability Parameters. Godfrey and Neter,

Neter and Godfrey, and Phillips conducted simulation studies -

to test the performance of Cox and Snell bounds with varying

error characteristics. Table 3.2 shows the range of

selected prior parameter values for the Cox and Snell bounds

used in these studie-s. It also shows the prior parameters

selected for use in this research.

As is evident from the above table, this research

focused on a more limited range of prior parameter settings

than previous research. This was done in accordance with

the findings by Neter and Godfrey that the most promising

region in which to find conservative Cox and Snell bound

prior parameter values is the range from (QA° = .40, ir =

.10) to ( = .05, ro = .20). Furthermore, this research

focused on the region in which Neter and Godfrey found three

robust bounds (o= 40 = .10, = .30, % = .15,"'-
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TABLE 3.2

Range of Prior Parameter Settings
of Cox and Snell Bounds ..

Godfrey and Phillips Cukr
Neter Study Study Study

Error Rate, lro  .01-.20 .01-.20 .12-.25

Standard

Deviation, or .005-.20 .005-.20 .10-.30

Mean Taint, Ao .05-.40 .05-.40 .20-.35

Standard
Deviation, 4'g .025-.40 .025-.40 .10-.30

.20, ro = .20) (16:10-11). The specific bounds this

research tested are identified in Table 3.3.

Each bound was tested for =o' Oro .10, .15, .30.

This resulted in twelve Cox and Snell bounds tested for

each sample. See Appendix C for a complete listing of the•

prior expectation parameters used for the bounds.

Study Population Characteristics. Twenty-four study

populations were constructed with different error rates and

mean error taints. Table 3.4 shows the planned error char-

acteristics of the study populations. Actual error charac-

teristics are outlined in Appendix B. They differ from the
.

planned figures because the exponential distribution was

"31.
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TABLE 3.3

Cox and Snell Bound Prior Parameter Settingsgio 0
.35 .12

.30 .17

.25 .22

.20 .25

truncated at 1.0 when seeding the error taints (see Appendix

A for an explanation).

Table 3.4 shows that the Cukr population tests the Cox

and Snell bounds under even more adverse conditions than the

previous research in this area. In accordance with the

assumptions of the Cox and Snell bound, only overstatement

errors were seeded into the study populations.

Table 3.4 also shows that this study uses a smaller

error rate (.005) than the Godfrey and Neter studies and the

Phillips study. Also, this study uses the highest error

rate (.80) that Godfrey and Neter used. The error rates

chosen for this thesis were intended to cover a large

spectrum of possible error rates and to differ from the

error rates used in previous research. The error rates

selected are also in accordance with research into actual
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TABLE 3.4

Study Populations Error Characteristics

Cukr Godfrey and Phillips
Study Neter Studies Study

Error Rates, 7r
A - r

.80 .80 .50

.25 .50 .30

.10 .30 .15

.05 .20 .15 ""'"

.01 .10

.005 .01

Approximate Mean Error Taints, .

.10/.05* .40 .40/.20

.20/.10* .20 .20/.10

.40/.20* .20

.80/.40*

* (low book value/high book value)

accounting population error characteristics by Johnson,

Leitch, and Neter. These researchers found error rates in

the inventory audits to be substantially higher then error

rates in the accounts receivable audits they examined

(10:291).
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Table 3.4 also shows that this study uses a higher mean

taint (.80/.40) than the Godfrey and Neter studies and the

Phillips study. The taints chosen for this study cover a

broad cross section of possible error taints. They are in

accordance with the range of mean taints Johnson, Leitch,

and Neter found in their study of actual accounting popula-

tions. These researchers found many of their accounts

receivable audits to have mostly overstatement errors and

high mean taints. The inventory accounts they examined had

lower mean taints because of the greater proportion of large

understatement errors in these accounts as compared to

accounts receivables, which had almost no understatement

errors. In accordance with the findings by these

researchers that error taintings in the actual accounting

populations they studied had frequent 100 percent overstate-

ment errors, 100 percent error taints were randomly assigned

to 10 percent of the dollars in error in the low book value

strata of the study populations (10:291). The remaining

error taints were generated by an exponential distribution

to yield the study population mean taints. Additionally, to

make the study more realistic in accordance with Phillips,
' 4

the exponential distribution was truncated at 1.0 (18:28).

Analysis Criteria

The performance of the bounds for each study population

was measured in terms of coverage, relative tightness, and

power. A description of each measure follows.
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Coverage refers to the proportion of times that an

upper error limit bound equals or exceeds the true

population error amount at the nominal level of confidence.

This was measured by summing the bounds over the 500 samples

and taking their mean value. To qualify as robust, a bound

would have to provide 100 percent coverage (i-a)*i00 percent

of the time.

Relative tightness is measured using the mean ratio of -

the Stringer bound and each Cox and Snell bound over the 500

samples taken. This measure was used by Phillips (18:35).

Power was measured as the proportion of times a bound

correctly predicted a material error. Two levels of mater-

iality, .005 percent and .0025 percent of study population

total book value, were used.

3 5..
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IV. Analysis

The Cox 'and Snell bounds used in the simulation are

referred to in the analysis as shown in Table 4.1.

P TABLE 4.1

Simulation Study -Cox and Snell Bounds

Cox and Error Taint
Snell Error Standard Error Standard
Bound Rate Deviation Taint Deviation

T O'~ Ucry

CSl .12 .10 .35 .10

CS2 .12 .15 .35 .15

CS3 .12 .30 .35 .30

CS4 .17 .10 .30 .10

CS5 .17 .15 .30 .15

CS6 .17 .30 .30 .30

CS7 .22 .10 .25 .10

C58 .22 .15 .25 .15

C59 .22 .30 .25 .30

5S0 25.1 .0 1

CS1O .25 .10 .20 .10

CS12 .25 .30 .20 .30
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In order to analyze the results of the simulation, it was ,V.

necessary to first sort the 24 study populations by error

amount intensity (EAI), which is calculated by dividing

total dollars in error by the total population book value. . .1

Algebraically,

EAI= T x T
LI t

where T is the dollar-unit error rate, and t is the
LI t

* mean taint included in the Cox and Snell bound (18:36).

The sorted study populations were logically sorted into

four categories: (1) low, (2) medium, (3) high, and (4)

*- highest EAI. Table 4.2 shows the number of study popula-

tions and the EAI range in each category.

TABLE 4.2

EAI Categories

Number of Study
Category EAI Range Populations

Low .000344 - .008763 11

Medium .014495 - .060927 8

High .072104 - .118089 3

Highest .247347 - .349158 2
.:.-.?-.:..

Total 24 ,.
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Table 4.3 shows the distribution of study populations

by EAI category.

TABLE 4.3

Study Populations (SP) by EAI Category

Low Medium High Highest

SP EAI SP EAI SP EAI SP EAI

-o .

21 .000344 15 .014495 7 .072104 3 .247347

17 .000374 10 .017958 8 .112713 4 .349158

22 .000702 5 .018480 2 .118089

18 .000757 16 .022046

24 .001067 11 .031940

23 .001493 6 .036288

19 .002379 12 .060417

20 .002806 1 .060927

13 .004045

9 .007882

14 .008763

Bound Robustness

The first research question addressed bound robustness.

To assess upper error limit bound robustness two

6-1.
approaches, point estimate and statistically achieved, were

used. A robust upper error limit bound is one that
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correctly estimates the population error from repetitive ". ,

samples (1-ae) x 100 percent of the time for a wide variety

of accounting populations. Using the point estimate

approach, a bound is robust as long it meets or exceeds its

nominal confidence level in repetitive sampling for all

study populations. Using the statistically achieved

approach, sampling variation is taken into account. Thus,

if the bound has a 95 percent nominal level, an observed

coverage of .9309 or greater for all study populations would -'

be sufficient for that bound to be considered robust at the

95 percent nominal confidence level. For the 80 percent and

75 percent nominal confidence levels, the observed coverages

would have to be 76.49 percent and 71.20 percent, respec-

tively, for all study populations in order for the bounds to

pass the robustness test. The algebraic equation which

determines the statistically achieved robustness level for 5',m

the 95 percent confidence level is

.95-1.96[ (.95)(.05)/500]expi = .9309

Thus, if a bound achieved coverage of at least .9309 in
I.•

repetitive sampling most of the time (97.5%) at a certain

nominal confidence level over all study populations, it

could be considered robust (18:39).

Using the point estimate approach, none of the bounds

qualified as robust. Bound robustness did not improve

using the statistically achieved approach. Tables 4.4

.1'. 39
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TABLE 4.4

Number of Populations for Which Coverage by Cox
and Snell Bounds Met or Exceeded the Nominal

0 Level (Point Estimate Approach)

I 95 Percent Nominal Level

EAI Category

Cox and Snell
Bound Low Medium High + Highest

CSl 11/11 4/8 0/5

CS2 11/11 1/8 0/5

CS3 6/11 0/8 0/5

CS4 11/11 1/8 0/5

CS5 11/11 0/8 0/5

CS6 711 08 0/

CS7 11/11 0/8 0/5

CS7 11/11 0/8 0/5

CS8 6/11 0/8 0/5

CS90 6/11 0/8 0/5

CSl0 9/11 0/8 0/5

CS12 6/11 0/8 0/5-
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TABLE 4.5

I Number of Populations for Which Coverage by Cox
* ~and Snell Bounds Met or Exceeded the Nominal .~

Level (Point Estimate Approach)

I. 80 Percent Nominal Level

EAI Category

Cox and Snell

jBound Low Medium High + Highest

CSl 11/11 3/8 0/5

CS2 7/11 0/8 0/5
CS3 0/1 0/8 0/

PCS4 01/11 0/8 0/5

CS4 81/11 0/8 0/5

CS5 2/11 0/8 0/5

9CS6 11/11 0/8 0/5

CS7 11/11 0/8 0/5

CS8 4/11 0/8 0/5

ICS90 4/11 0/8 0/5

CS1O 8/11 0/8 0/5

CS12 8/11 0/8 0/5
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TABLE 4.6

Number of Populations for Which Coverage by Cox
and Snell Bounds Met or Exceeded the Nominal

Level (Point Estimate Approach)

75 Percent Nominal Level

EAI Category

Cox and Snell
Bound Low Medium High + Highest

CSl. 11/11 3/8 0/5

CS2 7/11 0/8 0/5

CS 01 08 /

ICS3 11/11 0/8 0/5

CS4 81/11 0/8 0/5

CS5 2/11 0/8 0/5

CS7 11/11 0/8 0/5

CS7 91/11 0/8 0/5

CS8 4/11 0/8 0/5

.5,.S 9/1 /80/

CS91 8/11 0/8 0/5

CS12 9/11 0/8 0/5
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through 4.6 show how many Cox and Snell bounds provided

coverage at or above the nominal confidence level. From

these tables it is apparent that there were some robust

bounds for the low EAI study populations. Specifically,

CS4, CSI, and CS7 were robust at all confidence levels for

the low EAI study populations. CS2 and CS5 were robust at

the 95 percent confidence level only. None of the bounds

were robust for the medium, high, and highest EAI study S

populations. These results are consistent with findings by

Godfrey and Neter, Neter and Godfrey, and Phillips. These

studies showed the Cox and Snell bounds in general to be 0

robust for the lowest EAI study populations. They also

showed that the Cox and Snell bound is very sensitive to

changes in its prior parameter settings (8:520).

Since the only robust bounds were for low EAI study

populations, the bounds were analyzed further by EAI cate- -

gory, with particular emphasis on the low EAI category. Of I

the Cox and Snell bounds that were robust for the low EAI

study populations, CS4 had the highest mean coverage for all

three confidence levels, followed closely by CSI and CS7,

respectively. CS2 and Ca5, although only robust at the 95 -

percent nominal level, had mean coverages above the nominal

levels for the other nominal levels. Additionally, CS8 and

CS10 had mean coverages above the nominal levels for the 80

percent and 75 percent nominal confidence levels. CS10 also

had a fairly high mean coverage (.9164) for the 95 percent

43 ,. .
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nominal confidence level. Tables 4.7 to 4.10 show the mean Ike

coverages of the Cox and Snell bounds by EAI category and
nominal confidence level. 

%-1The bounds that were robust for all nominal levels for

the low EAI study populations, CS4, CSl, and CS7 all had

moderate (.10) prior parameter settings for ajA and air.
Their prior parameter settings for error rate, 1r, ranged

from .12 to .22 and their prior parameter settings for mean

taint, M, ranged from .25 to .35. The next best performing

bounds were CS2 and CS5. These bounds differed from CSl and

CS4 only in their higher prior parameter settings for CA/-

and arr. CS10 came next in terms of mean coverage. It had

moderate (.10) prior parameter settings for au and air, and a

higher error rate and lower error taint than any of the

other bounds that performed well. CS8, which followed CS10

in terms of mean coverage, had an expected error rate and

mean taint between that of CS5 and CS0, but a higher prior "'

parameter setting for air and aum.

From the above results, it appears that the bounds,

when applied to low EAI study populations, are particularly

sensitive to changes in air and 0A. A lower prior setting

for these parameters seems to result in increased coverage.

Also, high prior error taint settings (.25 to .35) combined .-

with moderate (.12 to .22) prior error rate settings seem to

increase coverage.
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TABLE 4.7

Mean Coverages of Cox and Snell Bounds
for Low EAI Study Populations

Mean Coverage

Nominal Confidence Level

Cox and Snell

Bound 95% 80% 75%

CSl 1.0000 1.0000 0.9669

CS2 1.0000 0.8725 0.8362

CS3 0.7247 0.4209 0.3558

CS4 1.0000 1.0000 0.9998

CS5 1.0000 0.8507 0.7922

CS6 0.7544 0.4073 0.3596
4

CS7 1.0000 0.9902 0.9515

CS8 0.8451 0.8184 0.8158

CS9 0.6642 0.4625 0.3547

CS1O 0.9164 0.8200 0.8184

CS11 0.8182 0.7273 0.6944

CS12 0.6124 0.4151 0.3038

.4
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TABLE 4.8

Mean Coverages of Cox and Snell Bounds
for Medium EAT Study Populations

Mean Coverage

Nominal Confidence Level

Cox and Snell
Bound 95% 80% 75%

A CSl 0.5403 0.4005 0.3795

Cs2 0.2508 0.0830 0.0665

CS3 0.0840 0.0377 0.0308

CS4 0.4265 0.1303 0.0910

CS5 0.1000 0.0455 0.0355

CS6 0.0730 0.0308 0.0240

CS7 0.0863 0.0268 0.0175

CS8 0.0650 0.0258 0.0175

CS9 0.0620 0.0255 0.0172 ... -..

CSl0 0.0400 0.0063 0.0027

CSll 0.0505 0.0122 0.0068

CS12 o.0570 0.0215 0.0122
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TABLE 4.9

Mean Coverages of Cox and Snell Bounds
for High EAI Study Populations

Mean Coverage

Nominal Confidence Level

'"" Cox and Snell
Bound 95% 80% 75%

CSl 0.2507 0.1187 0.0893

CS2 0.2073 0.0840 0.0620

CS3 0.1740 0.0653 0.0507 ./

CS4 0.1573 0.0440 0.0267

CS5 0.1633 0.0527 0.0340

CS6 0.1660 0.0567 0.0393

CS7 0.0940 0.0133 0.0053

CS8 0.1380 0.0320 0.0213

CS9 0.1573 0.0513 0.0327

CS10 0.0633 0.0033 0.0000

CSlI 0.1167 0.0233 0.0140

CS12 0.1527 0.0480 0.0313

-4
.1o.
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TABLE 4.10

Mean Coverages of Cox and Snell Bounds
for Highest EAI Study Populations

,

Mean Coverage

. Nominal Confidence Level

Cox and Snell
* Bound 95% 80% 75%

CSI 0.1680 0.0060 0.0000

CS2 0.3490 0.0230 0.0070

CS3 0.4460 0.0480 0.0210

CS4 0.0800 0.0000 0.0000

CS5 0.2660 0.0100 0.0000

CS6 0.4200 0.0380 0.0190

CS7 0.0460 0.0000 0.0000

CS8 0.2120 0.0050 0.0000

CS9 0.4120 0.0350 0.0160

CSI0 0.0350 0.0000 0.0000

CS1 0.1830 0.0020 0.0000

CS12 0.4040 0.0350 0.0100
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In his 1985 study, Phillips found one robust bound. In

Phillips' study, the highest EAI for a study population was

.1259, compared to .3492 for this study. This must be borne

in mind when comparing the results of the two studies.

Phillips' robust bound had high prior parameter settings

(.40 and .20) for p and aA, and moderate settings (.10 and

.10) for 7 and GW. CS1 and CS2 are the bounds with the

closest prior parameter settings to the settings of Phil-

lips' robust bound. Interestingly, CSl is also the bound

with the highest mean coverage for the medium EAI study popu-

lations. CS4 has the second highest mean coverage for the

medium EAI study populations. CS2 is in third place. CS4

and CS1 have their low prior parameter settings for air and

ap in common. CS2, on the other hand, has a higher prior If

parameter setting for ow and U/.. It also has higher mean

4..I'. coverage for the medium EAI study populations then CS5,

which has the same prior parameter setting for ai and aGM

but a lower prior parameter setting for p and a higher

setting for W. Thus, it seems that for the medium EAI study

populations, low settings for o and ow increase coverage.

At the same time, a higher mean taint may be necessary to

achieve higher coverage for these study populations. This

supports the results of Phillips, Godfrey and Neter, and

Neter and Godfrey (18:105).

For the highest EAI study populations the mean cover-

ages for CS3, CS6, CS9, and CSl2, were significantly higher

49
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than the mean coverages of the bounds that performed well

for the low and medium EAI study populations. CS3, CS6,

CS9, and CS12 have in common high prior parameter settings

(.30) for ai and G•m.

To summarize, moderate to high prior settings for mean

taint (.25 to .35), moderate prior error rates (.12 to .22)

and moderate prior parameter settings (.10 to .15) for "--

and ax resulted in high coverage for low EAI study popula-

tions. For medium EAI study populations, a high prior mean

taint (.35), moderate error rate prior parameter setting

(.12), and moderate prior parameter setting (.10) for a-

and aw increased the mean coverage. Phillips found a robust

bound for all EAI categories. It had a high prior parameter

setting (.40) for error taint, a moderate prior parameter

setting (.20) for ag and moderate settings (.10) for error .'. '

rate and ow (18:60). Thus, the difference between high

coverages for low and medium EAI study populations appears 4

to lie in the prior parameter setting for mean taint. A

higher mean taint increased the coverage for the medium EAI

. populations. The results of this study also show that for

the highest EAI study populations, a high (.30) prior

parameter setting for ag and gr resulted in increased

coverage. Thus, in selecting prior parameter settings, the V

probable EAI of the study population should be considered.

Research into the error characteristics of accounting

populations will help in this task. Also, researchers can

Z % -.%
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narrow their search for robust bounds to the prior parameter

scttings identified by Godfrey and Neter and verified by

Phillips.

Bound Mean Relative Tightness
A..

The second research question addressed bound relative

tightness. Bounds were evaluated in terms of mean relative

tightness. Mean relative tightness is measured by comparing

the dollar value of one bound to another, more conservative

bound (eg., the Stringer bound). Given acceptable coverage,-

the bound with the greater relative tightness is the one

auditors would prefer. A tighter bound reduces the risk of

incorrectly stating that an account contains a material

error because it gives upper error limits closer to the true

error amount than a looser bound. Thus, a tighter bound

with acceptable coverage will make any required adjustment

in financial data smaller. As a result, of two bounds with

the same coverage, the tighter is preferred (18:62).

In this study, the measure of relative tightness is the

arithmetic mean of the Stringer bound divided by each Cox

and Snell bound for the 500 samples from each study popula-

tion. The Stringer bound was presumed to be the more conser-

vative bound and was thus placed in the numerator of the

equation to compute mean relative tightness

500
MRT ( STR./CSi)/500

Fly
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MRT = mean relative tightness

STR. = the Stringer bound value for iteration i
,

CS. = the Cox and Snell bound value for iteration i .,-

(18:63)

Tables 4.11 to 4.14 show the mean relative tightness of

each Cox and Snell bound. With regard to relative tight-

ness, the robust bounds for the low EAI study populations

.1> are of most interest. These and the other Cox and Snell

bounds that provided adequate coverage are examined in the

next paragraphs.

Of the three bound that were robust for the three confi-

dence levels, CSl had the highest mean relative tightness.

CS4 and CS7 also showed significant increases in relative

tightness over the Stringer bound. CS2 and CS5 provided

even more significant increases in relative tightness.

Thus, an auditor could choose CS2 or CS5 over CS1, CS4, or

CS7 if a tighter bound and lower but adequate coverage is '

acceptable to that auditor. On the other hand, the more .'

risk averse auditor would choose CSI, CS4, or CS7. C88 and
Sio..

CS11 also had high mean relative tightnesses compared to the

Stringer bound. CS11 has the highest mean relative tight-

ness of the bounds with high mean coverage.

For the highest EAI category, where a number of bounds

achieved mean coverages of over 40 percent for the 95

percent nominal level, the increase in relative tightness

52
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TABLE 4.11

Mean Relative Tightness of the Cox and Snell
Bounds Compared to the Stringer Bound OV

Low EAI Study Populations %

.4

Nominal Confidence Level

Cox and Snell807%

CS 1.8511 1.7156 1.6797

CS2 2.6958 2.9305 2.9929

CS3 5.7023 11.7460 15.2107

CS4 1.6409 1.4386 1.3873

CS5 2.5060 2.4767 2.4544

CS6 5.0995 7.0387 7.7213

CS7 1.6065 1.3900 1.3351

CS8 2.5721 2.4620 2.4157

C59 5.2742 6.3660 6.6379

SCSlO 1.8809 1.6503 1.5885

CSll 3.0746 2.9494 2.8916

CS12 6.2194 7.2580 7.4702

lp
Ie

b.._-.1.
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TABLE 4.12

Mean Relative Tightness of the Cox and Snell
Bounds Compared to the Stringer Bound

Medium EAI Study Populations

Nominal Confidence Level

Cox and Snell

Bound 95% 80% 75%

CSl 1.7628 1.6413 1.6151

CS2 2.2752 2.1191 2.0845

CS3 3.2041 2.9527 2.8962

jCS4 2.0840 1.9296 1.8962

CS5 2.6619~ 2.62 2.4182

CS6 3.5451 3.2443 3.1771

CS7 2.4733 2.2750 2.2321

C58 3.0969 2.8417 2.7854

CS9 3.8909 3.5341 3.4551

CSlO 2.9865 2.7262 2.6698

CS1l 3.5960 3.2693 3.1977

CS12 4.2423 3.8227 3.7306 '4.

54 ..



TABLE 4.13

jMean Relative Tightness of the Cox and Snell
Bounds Compared to the Stringer Bound

High EAI Study Populations

Nominal Confidence Level

Cox and Snell
Bound 95% 80% 75%

CS1 1.9551 1.8975 1.8851

CS2 2.1431 2.0800 2.0663

CS3 2.3255 2.2545 2.2388

CS4 2.1425 2.0747 2.0600

CS5 2.2677 2.1972 2.1818 -

CS6 2.3768 2.3023 2.2858

CS7 2.2989 2.2214 2.2046

CS8 2.3649 2.2880 2.2711

CS9 2.4169 2.3395 2.3224

CSlO 2.4184 2.3333 2.3147

CSll 2.4353 2.3536 2.3857

CS12 2.4478 2.3682 2.3506
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TABLE 4.14

Mean Relative Tightness of the Cox and Snell
Bounds Compared to the Stringer Bound

* Highest EAI Study Populations

Nominal Confidence Level

C. Cox and Snell ~
Bound 95% 80% 75%

CSl 1.2551 1.2465 1.2456

CS2 1.2265 1.2196 1.2190

CS3 1.2090 1.2033 1.2028

CS4 1.2847 1.2758 1.2747

CS5 1.2406 1.2336 1.2330

CS6 1.2135 1.2076 1.2072

CS7 1.3051 1.2958 1.2948

CS8 1.2506 1.2435 1.2428

CS9 1.2169 1.2110 1.2106

CS1O 1.3135 1.3042 1.3031

CSll 1.2552 1.2481 1.2474

CS12 1.2189 1.2129 1.2126
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over the Stringer bound was not significant, particularly

since the Stringer bound was robust for these study popula-

tions. As a result, the Stringer bound may well be a better

choice for the highest EAI study populations.

Nominal Confidence Level Effects

The third research objective was to examine the effects

of lowering the nominal confidence levels of the bounds on

bound coverage and mean relative tightness. The assumption

was that by lowering the nominal confidence level, it might

be possible to find tighter bounds with acceptable cover-

ages. For bounds with comparable coverages but different

nominal confidence levels, the auditor might choose the

lower confidence level if it yielded sufficient increases in

mean relative tightness (18:70).

The effect of nominal confidence levels was only

examined for bounds that performed well for low EAI study

populations. Three bounds were robust for all confidence

levels, CSl, CS4, and CS7. All these bounds had actual mean

coverages over 95 percent even at the 75 percent nominal

confidence level. CS2 and CS5, on the other hand, experi-

enced larger losses in mean coverage as the nominal confi-

dence level was lowered from 95 percent to 80 percent.

These bounds still had mean coverages that exceeded their

nominal confidence levels at all confidence levels. CS8 and

CS10 were not robust for any of the low EAI study popula-

tions, but had mean coverages exceeding the nominal

57
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confidence level for the 80 percent and 75 percent nominal '

levels. These two bounds only showed small losses in mean

coverage as the nominal levels were lowered.

A lower nominal confidence level will generally result

in a tighter bound. Thus, if high coverage is an acceptable

criterion for selecting a bound, an auditor might prefer a .

bound that provides high mean coverage and increases in .

tightness to a looser bound. Table 4.15 shows the improve-

ments in relative tightness for bounds as the nominal confi-

dence level is lowered. The percentages in this table were

derived by dividing the mean coverage for each bound at the

95 percent nominal level by the mean coverage of each bound

at the 85 percent nominal level and multiplying the result

by 100 percent. The same was done for the 85 percent and 75

percent nominal confidence levels (18:73).

Table 4.15 shows that increases in tightness were only

significant for CS2, CS5, and CSl0. These are the bounds

with lower mean coverages at the lower confidence levels.

In order to achieve the gain in tightness that comes from

lowering the confidence level, it would be necessary to

sacrifice a significant amount of coverage.

Power of the Bounds

The fourth research objective was to examine the power

of the bounds tested. The more power a bound has, the more

likely the auditor is to correctly predict a material error.

Two levels of materiality were tested for: percent and
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TABLE 4.15 ". "

Effects of Lowering the Nominal Confidence
Level on Relative Mean Tightness .

Mean 95% Bound Coverage Relative to Mean 85% Bound
Coverage for low EAI Study Populations .

Cox and Snell Bound Percentage Comparison j

CSl 1.0000 _

CS2 1.1461

CS4 1.0000

CS5 1.1755

CS7 1.0099

CS8 1.0326

CSI0 1.1176

Mean 85% Bound Coverage Relative to Mean 75% Bound
Coverage for low EAI Study Populations

Cox and Snell Bound Percentage Comparison

CSl 1.0340

CS2 1.0434

CS4 1.0002

CS5 1.0738

CS7 1.0407

CS8 1.0032

CS10 1.0020
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* percent of total book value. Thus, if a bound had a

power of 1 at the 95 percent nominal confidence level, the

auditor could say that 95 percent of the time that bound

would correctly predict a material error. .

For the high and highest EAI study populations, all p-

bounds correctly predicted a material error 100 percent of

the time at all nominal confidence levels tested. For the

medium EAI study populations, most of bounds correctly

predicted a material error 100 percent of the time at all

confidence levels. Since none of the bounds in these EAI

categories provided adequate coverage, they are not

discussed further.

Tables 4.16 through 4.17 contain power statistics for

the low EAI populations. Note that, of the bounds that were

robust for the low EAI populations at all confidence levels,

only CS7 had a power of 1 for both levels of materiality at

all nominal confidence levels. The power of CSI and CS4

dropped when the nominal confidence level was lowered for .

the J percent level materiality. CS2 and CS5, which had

mean coverages above the nominal confidence levels at all

nominal levels, had fairly low power. CS10 had a power of 1

for all nominal confidence levels and for both levels of

materiality. Thus, in terms of power only, CS7 and CS10

performed best of the bounds with adequate coverage,

followed by CS4 and CS2. CS4 and CS2 both had a power of 1 *,. ,*

at the 95 percent nominal confidence level, however. Since

0-
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TABLE 4.16

Statistical Power of Selected Cox and Snell Bounds
Low EAI Study Populations

Level of Materiality: .005 x Total Book Value

Nominal Confidence Level .

Cox and Snell
Bound 95% 80% 75% .. 4

CS1 1.0000 0.4655 0.5655

CS2 0.7053 0.3424 0.2971

CS3 0.3424 0.1664 0.1375

CS4 1.0000 0.7053 0.7053

CS5 0.7053 0.2971 0.2713

CS6 0.1825 0.0318 0.0205

CS7 1.0000 1.0000 1.0000

C58 1.0000 0.1884 0.1825

CS9 0.0547 0.0082 0.0040

CSlO 1.0000 1.0000 1.0000

CSl1 0.8920 0.0256 0.0178

CS12 0.0105 0.0007 0.0000

W AI
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TABLE 4.17

Statistical Power of Selected Cox and Snell Bounds
Low EAI Study Populations

Level of Materiality: .0025 x Total Book Value

Nominal Confidence Level

Cox and Snell -,-Bound 95% 80% 75%

CSI 1.0000 1.0000 1.0000

CS2 1.0000 0.7053 0.7053

CS3 0.7053 0.4655 0.3424

CS4 1.0000 1.0000 1.0000

CS5 1.0000 0.7053 0.7053

CS6 0.7053 0.3165 0.2844

CS7 1.0000 1.0000 1.0000

CS8 1.0000 1.0000 1.0000

CS9 0.7053 0.2120 0.1909

CSlO 1.0000 1.0000 1.0000

CSII 1.0000 1.0000 1.0000

CS12 0.6582 0.1825 0.1802
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lowering the nominal confidence level did not result in

significantly tighter bounds for CSl and CS4, then, these Fb4

bouns culdbe used at the 95 percent confidence nominal

level where they correctly predicted a material error 100

percent of the time.

OL
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V. Summary and Recommendations for Future Research

This study builds upon research into the properties of

the Cox and Snell Upper Level Limit Model by Godfrey and -

Neter and Phillips. The prior probability settings for

error rate, mean taint, and the standard deviations of these I

parameters used in this study differed from the settings

used in earlier research. Twenty-four study populations

were constructed out of an actual accounting population of

USAF aircraft inventory parts. The Cox and Snell bounds

were then tested to see how well they captured the true

error in various study populations. Specifically, this

study focused on the coverage and mean relative tightness of

the bounds. It also looked at the effects of lowering the

nominal confidence level on coverage and mean relative tight-

ness and at the statistical power of the bounds.

The bounds only provided coverage at or above the nomi-

nal confidence levels for the low EAI study populations.

Therefore, none of the bounds was robust as defined ih

Chapter I. For the low EAI study populations, however,

there were some robust bounds. CSl, CS4, and CS7 were

robust for all nominal confidence levels. CS4 had the

highest mean coverage of all the bounds. CS2 and CS5 were

robust at the 95 percent nominal confidence level only but

had mean coverages above the nominal confidence level for

6 4 
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the other nominal levels. CS8 and CS10 were not robust, but

had high mean coverages. Their mean coverages were lower

than the nominal confidence level at the 95 percent level,

but exceeded the nominal levels for the other confidence

levels.

Of the bounds that were robust or had high mean cover- .5

ages for the low EAI study populations, all provided signifi- '"

cant increases in relative tightness over the Stringer
A 

.-

bound. Of the robust bounds, CSl had the highest mean rela-

tive tightness. CS2 and CS5 had even more significant

increases in mean relative tightness. CS10 had the highest

mean relative tightness of the bounds which provided high

mean coverages. Thus, if an auditor could accept a mean

coverage of 0.916 at the 95 percent nominal confidence

level, but wanted a tight bound, CSl0 would be a good

choice. On the other hand, the more risk averse auditor

would choose CS1, CS4, or CS7, which were robust and

provided significant increases in relative tightness over

the Stringer bound. Lowering the nominal confidence level - -"

only resulted in very insignificant increases in tightness

for CSl, CS4, and CS7. CS2, CS5, and CS10 had fairly signi-

ficant (above 10 percent) increases in tightness as the nomi-

nal level was lowered from 95 percent to 80 percent. V

The most powerful of the bounds were CS7 and CS10,

which provided (l-a) x 100 percent accuracy in predicting a .
material error correctly for all confidence levels and both

65 /4/
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levels of materiality. CSl, CS4, and CS8 provided (-) x

100 percent accuracy in predicting a material error

correctly at the 95 percent nominal confidence level for

both levels of materiality. Lowering the confidence levels

or raising the level of materiality lowered the power of

some of the bounds significantly.

Recommendations for Future Research

Further research is called for in the following areas:

1. The error characteristics of actual accounting
4%.

populations should be researched. The robust Cox and Snell

bounds found in this research could then be applied to the

kinds of populations more likely to have low error amount

intensities. %

2. Other upper error limit models should be tested

against the populations used in this study to see how their

performance compares to that of the Cox and Snell bound.
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Appendix A: Relationship Between Untruncated
and Truncated Exponential Distribution

When the exponential distribution is truncated at 1.0,

its mean value relationship to the untruncated distribution

can be expressed as .

JA* 11{-11(111A) [e /(l-e- ] }A.A). :-..-..---.

where

= the untruncated mean

;* = the truncated mean (18:306)
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Appendix B: Study Population Error Characteristics.

4-...

-F4

Study Total:

Population Error Error Error ristics
Number Amount Rate Taint EAIErr

1 65037.69 0.80 0.078 0.0609

2 126055.59 0.80 0.151 0.1181

3 264033.97 0.80 0.317 0.2473

4 372714.31 0.80 0.447 0.3492

5 19727.11 0.25 0.074 0.0185

6 38736.07 0.25 0.146 0.0363

7 76968.91 0.25 0.290 0.0721

8 120317.25 0.25 0.454 0.1127

9" 9 8414.06 0.10 0.065 0.0079

10 19169.31 0.10 0.148 0.0180

11 34094.70 0.10 0.264 0.0319

12 64493.30 0.10 0.499 0.0604

13 4318.28 0.05 0.067 0.0040

14 9354.64 0.05 0.145 0.0088

15 15472.69 0.05 0.240 0.0145

16 23533•.71 0.05 0. 365 0. 0220

17 399•.57 0.01 0. 064 0. 0004 .
.5;-

18 808.00 0.01 0.130 0.0008

19 2539.08 0.01 0.407 0.0024
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Appendix B (continued)

Study Total
Population Error Error Error
Number Amount Rate Taint EAI

20 2995.82 0.01 0.481 0.0028

21 366.86 0.005 0.112 0.0003

22 749.29 0.005 0.228 0.0007

23 1594.15 0.005 0.485 0.0015

24 1138.80 0.005 0.347 0.0011

69*



w V.

N'4

Appendix C: Cox and Snell Bound Prior
Expectation Parameters

Bounds o 9Jo a b T

CS1 0.12 0.10 0.35 0.10 1.44 14.25 0.042

CS2 0.12 0.15 0.35 0.15 0.64 7.44 0.042

CS3 0.12 0.30 0.35 0.30 0.16 3.36 0.042

CS4 0.17 0.10 0.30 0.10 2.89 11.00 0.051

CS5 0.17 0.15 0.30 0.15 1.28 6.00 0.051

CS6 0.17 0.30 0.30 0.30 0.32 3.00 0.051

CS7 0.22 0.10 0.25 0.10 4.84 8.25 0.055

CS8 0.22 0.15 0.25 0.15 2.15 4.78 0.055

CS9 0.22 0.30 0.25 0.30 0.54 2.69 0.055

CS10 0.25 0.10 0.20 0.10 6.25 6.00 0.050

CS11 0.25 0.15 0.20 0.15 2.78 3.78 0.050

CS12 0.25 0.30 0.20 0.30 0.69 2.44 0.050

T0  AwxM

. -. -

a v r/or2

0
2b =(MA AT + 2

if0 = prior expectation parameter of 7r

A = prior expectation parameter of A
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The purpose of this research was to study the performance of

the Cox and Snell Upper Error Limit Model. Twelve Cox and
Snell bounds were constructed by changing the prior error
probabilities incorporated in the model. The performance of
the twelve bounds was compared to the performance of the
Stringer bound.

4-.

The study constructed twenty-four study populations from an
actual accounting population, sampled from these study popu-
lations, and compared the error estimates produced by the
Cox and Snell model with the true dollar error in the study .3
populations. The objective was to find the best upper error
limit estimator from the Cox and Snell bounds tested. The
bounds were examined in terms of robustness, mean relative .4
tightness, effect of nominal confidence level, and statisti-
cal power.

In order to analyze the results of the simulation, the study
populations were divided into four categories by error
amount intensity. Robust bounds were found for the low
error amount intensity study populations only. For the 4
medium, high, and highest error amount intensity popula-
tions, bound coverage was significantly less than the nomi-
nal confidence levels of the bounds. The Cox and Snell
bounds were significantly tighter than the Stringer bound. I
The effect of lowering the bound confidence level on the
relative tightness of the bounds was negligible. Some of
the bounds which provided adequate coverage were statistic- .-"

ally powerful. ,
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