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Abstract

Software inspection is a method to detect errors in software artefacts early in the
development cycle. At the end of the inspection process the inspectors need to make
a decision whether the inspected artefact is of sufficient quality or not. Several
methods have been proposed to assist in making this decision like capture recapture
methods and Bayesian approach. In this study these methods have been analyzed and

compared and a new Bayesian approach for software inspection is proposed.

All of the estimation models rely on an underlying assumption that the inspectors
are independent. However, this assumption of independence is not necessarily true
in practical sense, as most of the inspection teams interact with each other and share
their findings. We, therefore, studied a new Bayesian model where the inspectors
share their findings, for defect estimate and compared it with the Bayesian model
(Gupta et al. 2003), where inspectors examine the artefact independently. The
simulations were carried out under realistic software conditions with a small number
of difficult defects and a few inspectors. The models were evaluated on the basis of
decision accuracy and median relative error and our results suggest that the
dependent inspector assumption improves the decision accuracy (DA) over the

previous Bayesian model and CR models.
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Chapter 1

Introduction

1.1 Overview

Software inspection (Ebenau and Strauss 1994; Gilb and Graham 1993) is a method to
detect faults in software artefacts early in the development cycle (Petersson et al
2003). It was introduced by Fagan (1976) and after that it has become a vital part of
the software development process. During software inspection a software artefact is
examined for errors by a team of inspectors and all the errors detected are removed. A
typical inspection team consists of 3-4 inspectors with varied abilities. It has been
shown that a defect that leaks to the next step in a software development will cost at
least 10 times more to detect and correct (O’Neill 1997). Therefore, it is crucial to
detect and remove errors as early as possible in the software development life cycle.
The usefulness of software inspections is now well established. Once an organization
adopts software inspections training, it can expect to detect 50 percent of the defects
present (O'Neill 1997). It can take from 12 to 18 months to achieve a detection rate of
60 to 90 percent. After 10 years of use, IBM reported 83 percent and AT&T reported

92 percent for defect detection resulting from software inspections practice (O’Neill



1997). Therefore, it is very important to minimize the number of escapes from design
and code inspections to improve software quality. Escapes are defects found after the
inspection that should have been found and removed during the inspection (Barnard
et al. 2003). One way can be to improve the software inspection process itself, for
example, by using a team of highly experienced inspectors or using a large team size.
Another option can be to reinspect the artefact, depending upon the level of
satisfaction. A study revealed that only 52 percent of the reinspection decisions were
correct (Barnard er al 2003). Therefore, a correct reinspection decision is of utmost
importance. Reinspections can be considered a part of the general problem of when to
stop inspections. The decision of whether to reinspect or not depends on the
estimation of the total number of defects in the artefact. Several methods have been
proposed to assist in making a correct reinspection decision such as capture recapture
(CR) models. All of these methods fall into the category of Defect Content Estimation
Techniques (DCETs) that try to estimate the total number of defects in a document
based on the number of defects detected during inspections. Once total number of
defects are estimated then the remaining defects in the documents can be calculated,

and then the reinspection decision can be made.



1.2 Motivation

There are different kinds of defects present in a piece of software of varying degree of
difficulty. The defects can be broadly classified into two categories, minor, defects
that are easy to find and major, defects that are hard to find. For example, a defect
that would cause the system to fail to satisfy a requirement would be classified as
major; all others would be classified as minor (e.g., typographical errors, minor
standards violation) (NASA, 1993). Though the number of major defects is less, they
are the ones that cause the most of the damage. Therefore, we are primarily interested
in estimating the number of major defects, which have a strong impact on product
quality and functioning. Hence, the accuracy of the defect content estimation
techniques (DCET) is an important issue for their practical application in the

industry.

The defect estimation problem is similar to the problem of estimating animal
abundance in biology and wildlife research. For example, knowing the population
size of a particular kind of fish is one such problem encountered by the fisheries
department. Though, the exact number is impossible to determine, a reliable
estimation indicating the order of magnitude is often adequate. The solution to this
problem in wildlife research is to estimate the population size by means of capture-

recapture (CR) models (see Chapter 3).



The concept of capture-recapture was first applied to software inspections by Eick et
al. (1992). They were the first to adopt CR models for the inspection process at AT&T.
However, in these studies the true number of defects was unknown and therefore an
evaluation of their true efficacy was not possible. Later work consisted of a Monte
Carlo simulation to evaluate the robustness of different CR models (Weil and Votta

1993).

Objective empirical evaluation of CR models started with the study of Wohlin er al
(1995). However, this study was conducted with non-software engineering
documents. Subsequent work used software engineering artefacts (Miller 1998). All
the above work utilized models that were originally developed in wildlife research.
Other researchers considered the incorporation of Bayesian methods to estimate
defect content (Basu and Ebrahimi 1998 & Gupta, 2003), performed further
evaluations of CR models (Thelin and Runeson 1999a) and evaluated their

applicability to perspective-based reading (Thelin and Runeson 1999b).

It has already been proved that the CR models fail under realistic software conditions
(El Emam et al 1997, El Emam et al 2000, E1 Emam ez a/ 2001, Gupta 2003) and

several modifications have been suggested to improve the results. One such approach



is proposed by Gupta (2003) who uses subjective estimates to estimate the population
size. Subjective estimates depend on the knowledge and capability of the individual
inspector, who inspects the object carefully and reports the defects. The basic concept
behind the subjective estimates is to ask inspectors after an inspection to estimate the
percentage of defects in a document they believe they have actually found (El Emam
et al. 1999). Combining this information with a Bayesian DCET, one can estimate the
total number of defects in a document. In many cases of population studies, prior
information is available about the population size. Gupta (2003) has incorporated the
prior information using a Beta family and derived Bayesian estimators for the

population size.

Although several models have been proposed to assist in making a correct
reinspection decision, these models overlook the basic fact of dependence among
inspectors. The models studied so far are based on the assumption of independence
among inspectors (discussed in Chapter 3). As discussed later, this assumption is not
necessarily true in practice where inspectors may exchange notes. Therefore, in our
research we try to study the effect of dependence among inspectors on the defect

estimate.



1.3 Main Contribution

The goal of our research was to study the effect of introducing dependence among
inspectors on the accuracy of the estimates and compare it with the independent
inspector Bayesian model described by Gupta (2003). One of the major tasks involved
in introducing dependence was how to incorporate it statistically in a mathematical
framework. We included a correlation factor for depicting dependence and the values
used were 0.2 (weak dependence) and 0.4 (moderate dependence). Since we were
interested in major defects, the degree of difficulty for the defects was chosen as 0.1

(very difficult) and 0.4 (moderately difficult).

1.4 Theses Outline

In Chapter 2 we explain the software inspection process in detail and highlight the
problems associated with it. Discussion of CR models and the different estimators is
presented in Chapter 3. In Chapter 4 we look into the Bayesian approach for software
defect content estimation. In Chapter 5, the overview of the research method and the
evaluation criteria of different estimation techniques is given. The simulations results
with appropriate tables and graphs are discussed in Chapter 6. We compare the results
of the two types of Bayesian models (dependent and independent) in Chapter 7. The

theses ends with Chapter 8 where results are discussed and future prospects are given.



Chapter 2

Software Inspections

Inspections are a formal, efficient, and economical method of finding errors in design
and code (Fagan 1976) and were introduced in the year 1976. Software inspection can
improve the quality of the software by detecting and removing errors before it is
released (O’Neill 1997, NASA 1993). In this chapter we explain what software
inspections are, how can it be used to improve the software quality and their

effectiveness.

2.1 Software Inspections — An Overview
The software inspection process as described by Fagan (1976), involves the following
key elements:
e Software Inspection Team
A software inspection team is a group of people working together to
accomplish the task of inspection. The team is assigned a set of procedural

roles as following (Fagan 1976):



Moderator — The moderator is the key person in the inspection };rocess.
He/She is responsible for ensuring that inspection procedures are correctly
followed during the inspection process. He/She must be a skilled programmer
but need not be a technical expert. Some of the responsibilities of the
moderator are:

e Managing the inspection team

e Scheduling suitable meeting places

e Reporting inspection results

e Follow-up on rework

Designer — The designer is a programmer responsible for producing the
program design.

Coder/ Implementer— The programmer is responsible for translating the design
into code.

Tester — The tester is responsible for writing and/or executing test cases or

otherwise testing the product of designer and coder.

Software Inspection Process Stages
A software inspection process follows a set of pre-defined stages which are

shown in the image below.



OVERVIEW PREPERATION _____, INSPECTION

l

FOLLOW-UP _— REWORK

Fig. 2.1 Inspection Stages

Overview — This is done by the whole team. The designer explains the overall
area being addressed and then the specific area he/she has designed in detail -
logic, data paths, dependencies etc. Documentation of the design is distributed
to all the members of the inspection team on conclusion of the overview.
Preparation — This is performed by each individual team member. Each
individual studies the design document to understand the design, its intent and
logic. This stage is like homework for the participants.

Inspection — After the preparation is done, the next step is inspection. It is
performed by the whole team. A ‘reader’ is chosen by the moderator who
describes the implementation of the design (as done by the designer). Every
minute detail of the design like logic, branch etc is discussed. All higher level
documentation, high level design specifications, logic specifications, etc. and

macro and control block listings must be available and presented during

-9-



inspection. Once the design is understood, the objective is to detect errors.
Errors are found during the implementer/coder’s explanation of the code and
noted down by the moderator along with its severity (major or minor) (see
Section 1.2). Within one day of conclusion of the inspection, the moderator is
expected to write a report describing the findings of the inspection process.
This report will be used during rework and follow-up operations.

Rework - During rework all the errors encountered during inspection (noted
in the report) are resolved by the designer or coder/implementer.

Follow-Up — It is required that all the errors, issues and concern be entirely
resolved at this level. It is the duty of the moderator to ensure that all the

errors and issues have been resolved.

2.2 When to Stop Inspections
At the end of the inspection process a decision has to be made whether the inspected
artefact is of sufficient quality and if reinspection is required. This is vital as a defect
that leaks into next phase are 10 to 100 times more expensive to fix at later stages
(Fagan 1976). Several approaches have been suggested to make the decision of
reinspection (Briand et al 1997).

e The first approach is to let the inspection team make the reinspection decision

at the end of the inspection process. Studies suggest that these kind of

-10 -



subjective estimates have fairly good accuracy and can be applied to make the
reinspection decision. However, these estimates can be politically motivated
and can dilute the decision process and hence objective reinspection criterion
is necessary (Briand ez a/ 1997).

The second approach is to compare the inspection results with certain
benchmarks. For example, a document is reinspected for the second time if the
number of defects is significantly different from the historical average (Eick er
al. 1992). Too many defects would indicate a poor document, and too few
defects a poor inspection. There is a limitation with such an approach as a
high-quality document may be re-inspected (due to low number of defects),
and a poor-quality document may not be re-inspected if the inspection is
performed poorly. Therefore, such an approach is reliable only when defect
densities are roughly constant across inspected artefacts.

Another approach is to use upper and lower thresholds on the number of
defects found (Vander Wiel and Votta 1993). The lower limit is set to detect
poor quality inspections and the upper limit for detecting low-quality
documents. This, however, raises the risk that inspectors are tempted to find
only a passing number of defects regardless of the document’s quality.

The last approach is to use the number of defects found to estimate the total
number of defects remaining in the artefact. This estimate can then be used to

make the reinspection decision. Since it is impossible to estimate the total

-11 -



number of defects in a software before it is put in use, it is necessary to build
estimation models of the number of defects in a software artefact. This
estimation problem is similar to the problem of estimating animal abundance
in biology and wildlife research. For example, knowing the population size of
a certain type of animal is essential for deciding on the number to be released

for shooting.

2.3 A Probable Solution

Now we know that the defect estimation problem is similar to animal abundance
estimation problem in wildlife and biology. So how do wildlife researchers deal with
animal abundance problem? The solution is the use of capture recapture (CR)
estimation models (Otis et al 1978, White et al. 1982). During CR studies animals
are captured, marked, and released on several trapping occasions. If an animal bearing
a mark is captured on a later trapping occasion, it is said to be recaptured. Based on
the number of marked animals that are recaptured one can estimate the total
population size using statistical models and their estimators. The capture-recapture
principle in biology can easily be transferred to software inspections. The defects can
be considered as equivalent to the animals. An inspector detects some number of
defects from the population of defects in the software artefact. This is comparable to

the purpose of a particular trapping occasion in biology. A defect found by one

12 -



inspector and later found by another is said to be recaptured (just as a marked animal
is said to be recaptured if it is captured on a subsequent trapping occasion). Using the
estimators similar to the ones used in biology, the total number of defects in the
software artefact can be estimated statistically. Several estimators have been proposed
based on the capture recapture principle (Darroch 1958, Burnham and Overton 1978,
Chao 1987, Chao 1988, Chao 1992). During the past few years several Bayesian
models have also been suggested to enhance the results of these CR models (Basu and
Ebrahimi 1998, Basu and Ebrahimi 2001, Basu 2003, Gupta er al 2003). Most of the
Bayesian and capture recapture models work on a basic assumption of independent
inspectors. This might not be a valid assumption in real life as the inspectors can share
their findings. Therefore, in this work we studied a new dependent inspector
Bayesian model for software defect content estimation and conducted simulations to
evaluate different models to compare their performance. The capture recapture and

Bayesian models are discussed in detail in Chapters 3 and 4, respectively.

13-



Chapter 3

Capture Recapture Models

In biology and wildlife, CR method is used to estimate the size of an animal
population like deer, fish etc. In this chapter the capture recapture models, their

assumptions and methodology are discussed.

3.1 Basic Concepts

In capture recapture method to estimate animal abundance, animals are captured,
marked, and then released on a number of trapping occasions. A marked animal that
is caught at a subsequent trapping occasion is said to be recaptured. The number of
marked animals that are recaptured allows one to estimate the total population size
based on the overlap. As an example, suppose one wants to estimate the size N of a

population. Let », animals are captured on first day. These animals are marked and

released into the population. After allowing some time for the marked and unmarked
animals to mix, a second trapping occasion is performed on a second day. On this day,

suppose n, animals are captured. Let this sample of »n, animals consists of m, animals

bearing a mark (animals captured on both days) and #», —m, animals without a mark

14 -



(newly captured animals). Assuming that the ratio of marked to total animals in the
second sample is equal to the ratio of marked to total animals in the entire population,

the so-called Lincoln-Peterson Estimator for the number of animals in the population

can be derived as (Seber 1982 and White et al 1982),

=~ nn
N=—>= (3.1)

m,

Applying the same principle to software inspections, each inspector is considered as a
trapping occasion and the defects as the animals. Each inspector reads the software
artefact and tries to find the defects, i.e. draw independent samples from the
population of defects. Based on the overlap of defects amongst inspectors, one can
estimate the total number of defects in a software artefact and hence the remaining
defects can be calculated. Taking into account this number of remaining defects, one
can decide on a more objective basis whether the software artefact has to be
reinspected.

There are a number of estimation models available based on various assumptions

made about the CR. These models and their assumptions are discussed in Section 3.7.

-15 -



3.2 Closed and Open Population Models

All of the estimation models can be classified into two categories namely, open and
closed population models. A closed population model is one in which the population
remains unchanged during the capture recapture study period. In a closed population
there is no birth, death, immigration or emigration. In contrast, an open population

can have population change via birth, death, immigration or emigration.

3.2.1 Closure — An Important Assumption
The closure of population is an important assumption. It says is that there is no
birth, death, immigration or emigration. This assumption is never completely
true in biological systems but if the study is done carefully, it can be
approximately true.
The closure property can be further subdivided into two components:
Geographical Closure - Closure by boundary.
Demographical Closure - Closure to birth, death, immigration and emigration.
The distinction between demographic closure and geographical closure is
important because the open population models (as described before) are open

to demographical closure only and not to geographical closure.

-16 -



3.3 Assumptions
The closed population estimation models have certain assumptions that affect their
estimation method used by those models. These assumptions are (White et al. 1982):

e The population is closed.

¢ Animals do not lose their marks during the experiment.

o All marks are correctly noted and recorded at each tapping occasion.

A fundamental assumption that affects all the models is the capture probabilities of
various population members. The modelling of the capture probability is very basic
problem faced during CR studies. A decade ago, it was assumed that all the animals
have equal capture probabilities and that capturing and marking do not affect their
subsequent catchability of the animal. This assumption is unrealistic in capture
studies of animals and is generally not met (Young er al 1952, Huber 1962,
Swinebroad 1964). Therefore, the models must take these probabilities into account.
Several models have been proposed based on the various capture probabilities that

they take care of. These models are discussed later in the chapter in Section 3.7.

3.4 Applying CR Models for Software Inspections

Capture-recapture models make certain assumptions that may differ between biology

and software inspections. Thus, before using the models it is necessary to check the
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feasibility of using those assumptions in software inspections. These assumptions can
easily be translated into software inspection perspective (Miller 1998):
¢ Once the document is issued for inspection, it must not be changed.
e Inspectors must not reveal their proposed defects to other inspectors, i.e. they
work independently.
e Inspectors must ensure that they accurately record and document every defect
they find.
o All inspectors must be provided with identical information, in terms of source
materials, standards, inspection aids etc; and this material must be available to

them at all times.

3.5 Sources of Variation

Various models and corresponding estimators have been developed and proposed in
biology to alleviate the effects of these assumptions (Pollock 1991). The most
important models that can be considered for inspections have been proposed by Otis
et al. (1978) and White er al (1982). They present a set of closed models that allow for
a varying capture probability. Based on the source of variations different models can
be classified into three broad categories:

e Behaviour

e Heterogeneity

¢ Time
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3.5.1

3.5.2

Behaviour

These estimators were suggested with the idea that the probabilities of
capture among animals differ with the behavioural response of these animals
(Otis et al 1978), i.e. animal behaviour is altered after capture, as the animals
may get fascinated by traps and so these animals are more likely to be captured
while others could be scared of capture. The capture probabilities of the
animals change during the capture period. Initially, all animals have the same
probability of capture. However, when an animal is caught its capture
probability is changed. In software inspections, this variation may be used to
model the fact that defects captured by more than one inspector have a higher
probability of being detected. However, the estimators for this model depend
on the order of inspectors and since there is as such no specified ordering of

inspectors, these estimators are not considered adequate (Briand et al 1997).

Heterogeneity

Variation by heterogeneity in biology models the fact that the animals vary in
their capture probability, i.e. certain animals are more likely to be captured
then the others. For example, older animals do not move around a lot and are

less likely to be captured then young animals. This fact can be used to model
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different detection probabilities of the defects in software inspections. Hard
defects have low capture probability than the easy defects.
353 Time

In this family of estimators, the capture probability varies with the trapping
occasion, i.e. at different time periods the animals may be more open to traps.
For example, the weather on one day may be too cold or hot and so some
animals may not move around a lot thus being less receptive to the traps.
While on another day the weather could be ideal for the animals to move
around thus being more likely to be captured by traps. The equivalent of time
variation in software inspections can be the different detection abilities of the
inspectors. An experienced inspector is more likely to find errors then an

inexperienced inspector.

3.6 Statistics and Notation Used

The data obtained after capture recapture experiments is expressed in form of a matrix
called X matrix. The rows denote the animals (defects) and the columns denote the

trapping occasions (inspectors).
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where,

X,

{1 if inspector j detected defect 1

0 otherwise

It is to be kept in mind that the matrix may not be observable in its entirety as the
total number of defects is not known. We observe only those rows that have at least
one non zero entry. Hence, the matrix contains D rows, where D denotes the number

of unique defects found during inspection.

3.6.1 Some Notations Used

The estimate of the number of defects in the document.

The actual number of defects in the document.

The number of defects found only by inspector j.

The number of unique defects found by the inspection team.

The number of defects found i times.

N
N
Z/
D
/i
K - Number of inspectors.

n, - The number of defects found by the j, inspector.

k
n - Sum of the n, :n=zlnj.
j:

W - Subset of inspectors (1...k).
n, - Number of defects that were found by the inspectors in .
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3.7 Capture Recapture Estimators

Based on the above categories different estimators have been proposed. Although the
models have three broad categories, the estimators can overlap different categories.

Various models that have been developed are:

e M, - no variation.

o M

, - variation by time.

e M, - variation by heterogeneity.

e M, - variation by behaviour.

e M, -variation by time and heterogeneity.

e M, -variation by time and behaviour.

e M,, - variation by behaviour and heterogeneity.

e M, - allthe variations.

Out of these, estimators with behavior variation are not studied as they are very

difficult to implement. So the estimators M ,M,,M,, M, are studied.
Let, p, = probability that defect 7is detected by inspector ; (3.2)

We now define different models in terms of p,
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Model M, - No variation. p, =p. The probability of the defect being

captured by an inspector is constant.

detection probability
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Inspector 3
Defect 3

Inspector 2 o’
Defect 2

Inspector 1 Defect 1

Fig. 3.1 Assumptions of model MO (Briand er a/. 1997)

Model M, - variation with inspector ability p, = p, .

4

detection probability

1.0

0.8
0.6
04
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Defect 3
Defect 2

Inspector Defect 1

Fig. 3.2 Assumptions of model Mt (Briand er al 1997)
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e Model M, - variation with defect detection probability p, = p,. The
probability depends on the difficulty of defect, all inspectors have same
ability.

detection probability
Fig. 3.3 Assumptions of model Mh (Briand er al 1997)
L J

Model M, - variation by defect difficulty and inspector ability p, = p,p; .

detection probability

1.0 “/ﬁ/jf“'

08
06 t°

04 +°

02 7

Inspector 3

Defect 3
Defect 2

Inspector 2

Inspector 1 Defect 1

Fig. 3.4 Assumptions of model Mth (Briand et al 1997)
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3.7.1

3.7.2

Null Estimator - M, (Darroch 1958)

The derivation for this model involves the hypergeometric functions. The
hypergeometric probability function is used to derive the generalized

hypergeometric density, which itself is used to derive the following estimator:

N = max {m ( (Nltl[!))!] +nln(n) + (tN-n)In(N-n)-tNln(tN)} : (3.3)
where NV is a member of 7 the set of integers starting at D, ie.[D, D+1,
D+2,...}, D is the number of distinct animals found, ¢ is the number of
occasions, and n is the total number of animals caught during the experiment.
The NULL estimator is described because it ignores the effect of time and
heterogeneity. It would be worthwhile to see if these factors show great

changes in the estimate by comparison with the NULL estimator.

Jackknife Estimator - M, (JE) (Burnham and Overton 1978)

For this estimator the theoretical assumptions on capture probability are:
pij = pj

le.,

where /=1,..,tand j=1,...,N. (t is the number of days of the experiment and N

is the number of animals in the wild)
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3.7.3

3.74

The Jackknife requires the capture frequencies of the experiment. The capture
frequencies are the frequencies associated with the number of times an animal
was caught over the period of the experiment. Hence, the sum of the capture

frequencies should equal the number of distinct animals caught, i.e.

D=7 (34

Chao Heterogeneity Estimator — M, (Ch)

This is the first of three estimators that Chao developed. In her article (Chao
1987), Chao indicates that the Jackknife 'does not work well' when the
captured animals were mostly caught once or twice., i.e. samples skewed right.

Her estimator addresses this apparent shortcoming.

Nep+ i (3.5)
2/,

Maximum Likelihood Estimator (time) - M,(MLE)

This estimator is a derivative of the NULL estimator mentioned earlier. For

this estimator the theoretical assumption on capture probability is

pzj =p1

1.e.,

where 7= 1,..,tand j=1,...,N (Again, tis the number of occasions and N is the

number of animals in the wild). Slightly more detailed capture data is
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3.75

required. The algorithm is as follows:

N= max {m ( (Nlt]];)!j + Zn In(n,) + 21: (N-n, )In(N-n, )-tNln(N)} (3.6)

The parameter n is the number of animals caught on occasion i Other

parameters are as in the NULL estimator.

Chao Time Estimator - M, (Ch)

Chao (1988) discussed that the Maximum Likelihood Estimator overestimates
very sparse data. To account for sparse data the model incorporates details

regarding the frequency of animals caught once only.

f12 _z Ziz
+ i=1
2(f, +1)

{ t
Z Z ZZ,
=D+ i=l j=i+l (37)
i+l

where Z, are the components of f, i.e. Z, is the number of animals caught on

occasion 7and no other.
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3.7.6 Chao Heterogeneity — Time Estimator - M, (Ch)

Chao (1992) formulated an estimator that would allow the probability to vary
with the time and heterogeneity variables. The probability of capture will

depend on both the animal and the occasion of the experiment, i.e.

pU :pipj

The extra factor involved increases the details required. The formulation is
reflective of this fact. There are three possible estimators in this model; the
latter two versions are bias corrected. The inclusion of higher order frequency

terms should reduce the dependence on f| and thus their bias. This C value is

termed as the sample coverage and is defined as:

/ f‘_zi f1—2tf21+6 t 1f3t 2
C=1-—-S— C=1-——1=1 ¢ -1- “1 @=bi=2) 5
2, 2., 2. H,
k=1 k=1 k=1
These values are used in conjunction with:
Nos=2
Cl
o~
. Noi Y k(k-1)f,
y, =max P -1,0:,i=1,2,3 (3.9)
22 z nn,
J=1 k=j-1
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Together, the estimates can be calculated as:

NPl s (3.10)
c. G

3.8 Applying the Estimators To Software Inspection

All the models and their estimators described above can be applied to software
inspections. The number of trapping occasion in biology is equivalent to the number
of inspectors in an inspection team, i.e. £ The number of animals to be estimated is
equivalent to the total number of defects in a software artefact, i.e. /V. Therefore, the
task of estimating total number of animals is equivalent to estimating total number of
defects in a software document. Different assumptions associated with estimators

have already been transformed in previous sections.

3.9 Performance of the CR Models

Previous simulation studies (El Emam et al 1997, El Emam et al 2000, El Emam et al.
2001, Gupta 2003) showed that CR models perform very poorly when the number of
defects is small and they are difficult to find. Most of the models fail to estimate at all
and if they estimate then the result is not satisfactory. The reason for the failures is
the overlap parameter (Gupta, 2003). Overlap is the indication of identical defects

found by different inspectors. The CR model estimates rely on the number of unique
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defects found by the inspection team (given by D, see Section 3.6.1) and total number
of defects found (given by n). In realistic scenario, these parameters tend to zero as
the data matrix becomes sparse. As a result the models fail to estimate.

As the CR models fail to estimate under realistic software conditions we need to use
some other model or combine the estimates with other variables to improve the
estimates (Bernard er al 2003). This led to the use of Bayesian technique for the CR
models (Basu and Ebrahimi 1998, Gupta 2003, Gupta et al. 2003). The idea was to
combine the prior knowledge about the population estimate with the calculated value

to improve the result. In the next chapter this approach is discussed in detail.
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Chapter 4

Bayesian Approach

The Bayesian approach to the defect population estimation in a software artefact is
described in this chapter. The basic idea in using Bayesian method is to combine the
prior knowledge about the population size with the number of defects found during
inspection to get a better posterior estimate of the population. A general problem
with most of the objective population estimators is that they fail to estimate when the
X matrix (see Section 3.6) is sparse. Therefore, we need to use subjective estimates to

get an improved population estimate.

4.1 Bayes’ Theorem

Bayes' theorem is a result in probability theory, which gives the conditional
probability distribution of a random variable A given B, in terms of the conditional
probability distribution of variable B given A and the marginal probability

distribution of A alone.

In the perspective of Bayesian probability theory and statistical inference, the

marginal probability distribution of A alone is usually called the prior probability
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distribution or simply the prior. The conditional distribution of A given the "data" Bis

called the posterior probability distribution or just the posterior.

4.2 Statement of Bayes' Theorem

Bayes' theorem is a relation among conditional and marginal probabilities. It can be
viewed as a means of incorporating information, from an observation, for example, to
produce a modified or updated probability distribution. To derive Bayes' theorem,

note first that from the definition of conditional probability

P(A/B)P(B) = P(4, B)= P(B/ A)P(4) (4.1)

where P(A, B)is the joint probability A and B.

It says that, the probability of A given B times the probability of B is equal to the
probability of both event A and B occurring together and is also equal to the

probability of Bgiven A times the probability of A.

Rearranging Eqn. 4.1, we obtain

P(B/ A)P(4)

P(A/B)= B)

(4.2)
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which is known as Bayes' theorem.

Each term in Bayes' theorem has a conventional name. The term P(A4) is called the
prior probability of A. It is "prior" in the sense that it precedes any information about
B. P(A) is also the marginal probability of A. The term P(A/B) is called the posterior
probability of A, given B. It is "posterior" in the sense that it is derived from the
specified value of B. The term P(B/A), for a specific value of B, is called the likelihood
function for A given Band can also be written as L(A4/B). The term P(B)is the prior or
marginal probability of B, and acts as the normalizing constant. With this

terminology, the theorem may be paraphrased as

likelihood x prior

posterior = (4.3)

normalizing constant

4.3 Independent Inspector Bayesian Model

Ananda (1997) described a Bayesian model to estimate the population of mountain
sheep and this model was used by Gupta (2003) for software inspections. As explained
earlier, the defects in a software document are considered as animals and the
inspector are equivalent to the trapping occasions in biological studies. So the task of
estimating the total number of defects in the software artefact is similar to animal
population estimation. The difference between a normal capture recapture and a

Bayesian model is that the latter allows incorporating the prior knowledge directly
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into statistical analysis. As given by Eqn. 4.3 the likelihood function is modified to
give a posterior distribution as following:
posterior distribution = likelihood function x prior distribution , (4.4)

where normalizing constant is taken as unity.

43.1 Notations and Statistics Used

N - total number of defects in the software

n, - number of defects found by the most experienced inspector

s - number of inspectors
n, - number of defects found by each inspector (i =1......s)
m - number of defects found by each inspector that overlapped with

the most experienced inspector (i =1.....5)
¢, (n) —density supplying n,, s

4.3.2 Model Description
It is assumed that the distribution of m, and n, follows the hypergeometric

distribution.

—‘(—]\}j—,mi = 0, 1, ....... n; (45)

When n, values are small and #, is large, this distribution can be

approximated by the binomial distribution with parameters n, and p=—

3
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n
f(ml/nl)z[ :
m.

3

Jp,-'"' A=p)" "1, = 0L (46)

Since the second stage samples are independent the likelihood function

L(p,A) can be written as:

L(p,z)=ﬁ(2]p"" 1-p)"™" ¢,(n)

s . Zslmi in,—zs:m‘
= [H(; }1& (n, )} p (=-p -

To apply Bayesian methods, suppose that the prior density of p is a beta

(4.7)

density function with parameters 2 and b,

I'la+d) ..

W (1-p)y " ,0<p<l (4.8)

f(p)=

and the prior density of 1 is w(A). Here all the prior information regarding
the population size is incorporated into the inference process using the beta
density and these parameters must be evaluated using the prior information.

Then the posterior density pand A is proportional to,

“

n(p, Al data) o p*'(1- p)”“l//(i)( | (:1 Jp"" ¢4(n,)J
A (4.9)

s

S Zm,+a—1 inl_imz*'h_l
“{W(A)H[@(n,-)]}p“ (1-p)= =
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Therefore, the posterior density of p given data is,

n(p/data) = F(in,. +a+b){f‘(iml +a]l“(inl —im, +bﬂ_
i=1 i=l i=1 (410)

i=1

5

im, +a-1 in,—2n1,+b—1
xp*t (=p)* 7

§ S s
which is a beta density with parameters Zm, +a and Zn,. —Z m +b.

i=1 =1 i=1
Assuming the quadratic loss, the Bayes estimate of the population size is

expected value of n;/p with respect to the posterior distribution. Therefore,

the Bayes estimate of the population size Nis given by,

i=1

no(a+b+zslnl.——1]
]/\\,ab= B
(a%—Zml. —1)
i=1

(4.11)

If the estimation problem has no prior information, then one can use a
uniform prior on p corresponding the choice (a=1, b=1I) or a generalized prior
density on p, a choice such as (a=1, b=0). Notice that when (a=1, b=0), the
generalized Bayes estimate coincides with the maximum likelihood estimate.

One approach to calculate a2 and bis to use the prior data. With the given prior

data, estimates for mean E(p) and standard deviation o, can be calculated

and then the parameters a and b can be computed using the following formula,

E(p)=—"2

7 and o) = ab(a+b+1)"(a+b)~ (4.12)
a—+
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4.4 Dependent Inspector Bayesian Model

The assumption of independent inspector is not necessarily true all the time and
considering the dependence among inspectors might improve the defect estimate. We
follow the model described by Basu (2003), Basu and Ebrahimi (2001) and Basu and
Ebrahimi (1998), which incorporates the dependence among inspectors. This model
also falls into the broad category of capture recapture methods where defects are
considered as animals and the inspectors are considered as trapping occasions and the
task of estimating the number of defects is similar to estimating the animal
population. Just like the Bayesian model described in Section 4.3 this model too

allows to combine the prior knowledge directly into statistical inference.

441 Notations Used

N - unknown defect population size
k - number of inspectors

X - the data matrix with entries X,

. {1 if i member of population is included in the j list

0 otherwise
i - 1. N
j - la.k

number of distinct defects found

p, - P(X,;=1), it is the probability of an error being detected

n, -number of members in the j * list (the number of error detected

N
by j” inspector) n,=» x,,j=1..k
i=1
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k
y, - le.j,i =1.....N. It is the i"row sum of the X matrix.

1
fi -#{yy=jhi=0..k
fo -N-n

4.4.2 Model Description

For this dependence model, the probability of inclusion of a defect in a list
depends on the other inspectors. For this, one needs to consider the joint
probabilities, p(x,,x,,....x,)=P(X, =x,...X, =x,), i=1....N and the
joint counts n(x,, X,,......x, ) = #{X, =x,...X, =x,, i=L....N},

where, x ;= Oorl,j=1,...k. As an example p(0,.....,0)is the probability that
none of the inspectors detects the error, p(l,.....,0) gives the probability that
the error is detected by only the first inspector only and so on. Since there

are k inspectors, there will be2* p(x,,.....,x,)’s summing to 1. Similarly, there
will be 2°n(x,....x)’s, where n(0,....00=N=-> {n(x,..x,): at least
onex, #0}= N —»n is unknown as N is unknown. Let s=2°. Under these

assumptions the likelihood is given by:
Lop(data| N, p(D,.....p(s) = N'T | p(j)"” / [0 (4.13)
Jj=1 J=1

In Bayesian method the nuisance parameters {p(l),.....p(s)} can be integrated

out to obtain the marginal likelihood of N For further simplicity
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onex, #0. For example, 7(1,0,...0) = p(1,0,...0)/{1- p(0,.....,0)} is the

conditional probability that the error is detected by only the first inspector
and no body else given that it was found by at least one inspector. Using this

notation the likelihood in Eqn. 4.13 can be written as,

N ! s—1 )
Ly (data| N, p(s),7) = K ; ]{1 - ()}’ p(S)N‘"} = i [Irir7 @14
[Tr()t

It is clear from the above equation that only the first part of the likelihood
depends on N and the second term consists of s-/ nuisance parameters. It has
been shown that only the first part of the likelihood should be used for
inference about NV (Reid 1995). For Bayesian inference we need to assign joint
prior (N, p(s),7) and an independent prior 7(N)z(p(s),y)is commonly
used (Basu 2003). If we can further assume that 7(p(s),y)=z(p(s))7(y) then
it can be easily calculated that the inference of Nonly depends on the first part
of the likelihood (Eqn. 4.14). If {p(1),.....p(s)} are assumed to have a Dirichlet
distribution (x«) prior with mean «a ={a(l),....a(s))where Za(r):land
concentration parameter x then the required condition of a priori
independence of p(s)and y is satisfied. Here o represents the supervisor’s

belief about the chance of detecting an error (for example chance of detection
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may be 35%). The concentration parameter x represents the strength of the
supervisor’s belief.
Let us assume a Dirichlet prior on{p(l),.....p(s)}, then (as discussed before) the
inference for N will only depend on first part of likelihood in Eqn. 4.14.
Further, p(s) can also be integrated out and the marginal posterior for N is
given by,

(N |data) c Z(NYN'T'(N —n+ka(s))/{N —n)!T'(N + )} (4.15)
The marginal posterior satisfies the following recursion relation (George et al,
1992),

(N +1|data)y (N +1)(N —n+xa(s)) 7(N +1)
7(N|datay ~ (N+1-m(N+x) =(N)

, (4.16)

which can be used to obtain the complete posterior distribution of Nup to a
constant of proportionality.
In the above equation the choice of prior 7(N)is very important. According to
Basu (2003) the marginal posterior (N | data)is proper if,
D N=-n+x)* " g(N) <o,

According to this result,

l—a(s)>0 and, x{l-a(s)}>1 (4.17)
So the range of values for x and « should satisfy the above equations.
To evaluate the model extensive simulations were performed by varying
different parameters like k', , number of inspectors, number of defects etc. In
the next chapter we talk about the research method and evaluation criteria in

detail.
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Chapter 5

Research Method and Evaluation Criteria

The research method used to simulate the model under different sets of parameters
and evaluation criteria used to study the performance of the estimator is explained in
this chapter. Also discussed are various factors affecting the performance of the
estimator like the number of inspectors, number of defects and the degree of

dependence among the inspectors.

5.1 Factors Affecting the Performance of the Estimator
There are different factors that can have a strong impact on the performance of an
estimator namely, the number of inspectors, the number of defects and their degree of

difficulty and the degree of dependence among the inspectors.

5.1.1  Number of Inspectors and their Abilities
The first important factor to be kept in mind while applying the DCET is
the number of inspectors and their abilities. More inspectors mean more

error detections and hence a better estimate, but employing a large number
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of inspectors is not feasible for practical and economical reasons. Each

additional inspector costs a lot both in terms of money and time.

In studies dealing with the biological application of capture-recapture
models, use of five trapping occasions (equivalent to five inspectors in
software engineering) is suggested, though a number of 7 or 10 was found

more appropriate (Otis et al 1978, Briand ez al 2000).

In software inspection researches, the reported number of inspectors varies.
According to Eick er al (1992) inspections at AT&T can involve a number of
inspectors that can range up to twelve. Briand er al/ (2000) have
investigated the accuracy for inspections involving two to six inspectors.
Their research recommended that capture-recapture models ought not to be
used with less than four inspectors unless shown to work in a particular
environment. El Emam and Laitenberger (2001) report on the evaluation of
capture-recapture models with two inspectors.

There is no benchmark for the number of inspectors to be used for

inspection, hence we use 2 to 4 inspectors for our simulations.

Apart from the number of inspectors the other factor that affects the

performance of an estimator is the defect detection abilities of the
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5.1.2

inspectors. For example a team of 5 novices would certainly do worse than a
team of 2-3 experts. Hence, it is more useful to employ a small number of
experts than to employ a large number of novices. Therefore, we vary the

inspector abilities from 0.1 (novice) to 0.9 (expert).

Number of Defects and their degree of Difficulty

The number of defects present in a piece of software can have a serious
impact on the accuracy of the estimate. If the number of defects is low then
the number of detection would be less thereby affecting the accuracy of the
result. On the other hand if the number of defects is high then there will be

more number of detections and hence a more accurate estimate.

The effect of number of defects is not considered openly in software
inspection literature. The simulations conducted by Otis et al (1978) used
the number of defects that ranged from 100 to 800. Eick er al (1992)
present the results of inspections with the number of defects ranging
approximately from 15 to 200. In their later work they present the data
matrix of an inspection meeting with a document containing 47 defects. El
Emam and Laitenberger (2001) performed simulations with 30 defects with

the inspection team of two inspectors. In the biological framework of
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5.1.3

capture-recapture studies the population is much higher, ranging to several

hundred or even thousands of animals (White et al 1982).

In practice, the number of defects that seriously affect a software, i.e. major
defect is low and most of the CR models do not work well when the number
of defects is low (El Emam et al. 1997, El Emam et al. 1998, El Emam et al,,
2000, Gupta 2003). A robust model should be able to estimate accurately
under this condition. Our focus is to test models that work well with low
number of defects and in our research we have considered a small defect
population ranging from 10 to 30. Along with the number of defects the
other factor affecting the accuracy of the estimate is the degree of difficulty
of the defect (see Section 1.2). Since we are interested in major defects, a
degree of difficulty of 0.1 (very hard to find) and 0.4 (moderately difficult to

find) is used in the simulations.

Dependence Among Inspectors

As stated earlier, in our research we want to study the impact of dependence
among inspectors on the accuracy of the estimate. Software inspection
literatures have not addressed the issue of dependence so far and they

assume that the inspectors work independently. However this assumption is
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not necessarily true all the time, since inspectors can share their findings
during informal or formal talks and hence can affect the accuracy of the
result. In our study we use two levels of dependence, 0.2 (weak correlation)

and 0.4 (moderate correlation) for the simulations.

Evaluation Criteria

We use the evaluation criteria used by El Emam er al (2000) and Gupta (2003) to

evaluate the performance of the models.

Bias, Failure and Dispersion
For each model median relative error (med (RE)) is calculated which is the
median of the 1000 simulations. The med (RE) gives an indication of the

bias of a model. RE is defined as follows:

rE=N-N 5.1)
N

where, N is the estimated number of defects and N denotes the actual

number of defects.

Another quantity that was used to evaluate the estimators was the failure
rate. This occurs, for example, due to divisions by zero. The last value used

was the inter-quartile range (IQR) of the relative error. The IQR and the
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presence of extreme outliers were used as a measure of dispersion in relative ‘.
error (i.e., whether the extent of over/underestimates is consistent). For
both the med (RE) and the IQR calculations, case wise deletion of missing
values was performed. Missing values occurred when an estimator fails to

provide an estimate.

Decision Accuracy

CR models are used to make a binary reinspection decision, i.e. reinspect or
not reinspect. For controlling inspections, this decision would be based on
whether the effectiveness of the inspection is above a specified threshold.
The effectiveness threshold is set to ensure a high quality inspection that
ensures that the most detectable defects have been detected in the software
artefact. Since actual effectiveness is not known CR estimate are used to

calculate the estimated effectiveness.

Let Qp denote the threshold effectiveness set by the organization, then the

decision can be stated in terms of the following inequality (Gupta, 2003):

D
0, (5.2)
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where, 2 is the estimated inspection effectiveness. The artefact is passed on
N

to the next phase if this inequality is satisfied. If it is not satisfied, then the
artefact should be reinspected. The whole decision for controlling inspection

effectiveness across many inspections can be defined as follows (El Emam et

al. 2000, Gupta, 2003):

I,NSQ2

A= 1; (5.3)
O,N>—
o,

where, Ais the decision based on the CR model, and is one (pass) if the
estimated effectiveness is higher than or equal to a certain threshold, and

zero (reinspect) if it is lower than the threshold.

To evaluate decision accuracy, the calculated decision based on the

estimates, i.e. 4 can be compared with the decision that would be made if
the CR model was perfectly accurate (i.e., always made the correct decision),

which is denoted by A:

A= " (5.4)
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The results of an evaluation study over M inspections can be placed in a

confusion matrix as shown in Table 5.1.

Table 5.1: Notation for a confusion matrix showing the decision of a CR model.

p)
A
4 A
0 1
0 M1+
mil mi
A 1 mo1 mz» Mz,

The value of M is 1000, which is the number of simulation runs. Here, mu is

the number of times both 1and A give the decision to reinspect the artefact,
whereas m2 is the number of times both give the decision to pass the
document. The decision accuracy in terms of the proportion of correct
decisions that would be made using the estimates can be defined as:

my, +my

Decision Accuracy = DA = (5.5)

Though this definition of decision accuracy seems perfect, it does not take
into account the improvement due to the use of the CR model estimates.
Reinspections are rarely performed in practice, hence, the “no reinspection”
decision can be considered as the default one. Consider if 90% of the time
the default decision is the correct one and the use of CR model estimates also

results in achieving the correct decision 90% of the time, then one does not
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gain anything from using the CR model estimates. Therefore, it is also

necessary to consider the default decision.

El Emam et al (2000) and Gupta (2003) used Relative Decision Accuracy
(RDA) to get the improvement over the default decision which is defined as
follows

RDA =DA - A4 (5.6)
where Aqis the accuracy obtained when using the default decision, which in
our case is always pass. A4 can be defined with respect to the confusion
matrix as follows:

Table 5.2: Notation for a confusion matrix with the default decision.

Default Decision

4 A N
0 1
0 0 mi2 M1+
/1 1 O m M2+
0 M.z M
Therefore,
: m
Ag= 2 5.7
= (5.7)

Relative decision accuracy indicates how much better a CR model estimate is

beyond the default decision-making criteria. It is positive if the CR model
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decision is better, zero if they are the same and negative if the CR model

decision is worse than the default decision.

Also, E1 Emam et al (2000) and Gupta, (2003) mention two values of the

threshold, 0.57 and 0.7 for the evaluation of the models and used those two

values for Qp during simulation. In a study (Briand er al, 1998) it was found

that the average effectiveness of code inspections in practice was 0.57, and

the most likely value was 0.7 and hence Gupta (2003), used these two values.

The lower threshold intended to ensure “above average” defect detection

effectiveness, and the higher threshold is intended to ensure “best in class”

effectiveness.

5.3 Simulations

This section describes the methodology used to carry out the simulations. In our
model the posterior distribution for NVis given by Eqn. 4.15 and it was very difficult to
get the posterior estimate using the traditional integration method. Hence, we used

Gibbs Sampling (George et al. 1992) to get the estimate for /V.
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5.3.1

Gibbs Sampling

The Gibbs sampler is a technique for generating random variables from a
(marginal) distribution indirectly, without having to calculate the density
(George er al. 1992). Most of the applications of Gibbs sampler have been in
Bayesian models and it reduces the amount of work required to do
complicated calculations. For example, suppose we are given a joint density

Xy Vyserrens and are interested in calculating the characteristics of the
y 1 y p g

marginal density,

@)= [ [ £ 30009,y (5.8)
such as the mean or variance. The traditional approach would be to calculate
f(x)directly and use to get the desired characteristic. However, there are
many cases in which the integrations in Eqn. 5.8 can be very difficult to
perform. In such cases the Gibbs sampler provides an alternative method to
obtain f(x) . For a large variety of priors 7(N, p), the Gibbs sampler gives an
approximate marginal distribution of N, namely 7(N|D)by simulated

sampling from the conditional distributions (Gelfand er al 1990 and Casella

et al. 1992),

#(N|p,D), #n(p|N,D) (5.9)
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A Gibbs sequence,

NO_p© N pO (5.10)

can be generated starting with an initial value N O for N, where,

N® ~7(N| p*",D) and p“ ~ z(p| N, D).

To apply the Gibbs sampler we have to first derive the conditional
distributions for the likelihood in Eqn. 4.14. As already explained in Section
442, Nand p are a priori independent and, therefore, following Castledine

(1981) the posterior conditionals for Eqn. 4.14 can be written as,

Nt [+ v
ﬂ(NIP,D)OC(N_n)!{l;[(l—P,-)} 7(N), (5.11)
ﬂ(plN,D)OC{HP,"’(l—p;)N_"’}ﬂ(p) (5.12)

The next step now is to specify the prior distribution for NV and p and
calculate the conditional posteriors (Eqn. 5.11 and Eqn. 5.12). We used

Jeffreys prior (George et al 1992) n(N)=1/N for N and the conditional

posterior of /V is the negative binomial (see Eqn. 5.13) with parameters

n—landl-z(1-p,).
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For simulation of {p“'}, assuming independent beta prior Be(a,b)for p,'s,

the conditional posterior of p is Be(n,+a,N-—n,+b) (see Eqn. 5.14).

Therefore,
LU= e e = (1= p )Y
z(N|p,D)= NI (D) {=72(1-p)}y" {1-(A=-7z(1-p)} (5.13)
ﬂ(p‘N,D) — F(N+Cl+b) pn‘+a—1(1_p)N—n,+b—1 (514)

I'(n,+a)['(N —n, +b)

Using above conditional distributions the value NV can be calculated by

applying Gibbs Sampling.

5.3.2  Selection of Bayesian Parameters
The most important factor in a Bayesian method is the choice of the prior
distribution. In our research the prior distribution used is the Dirichlet
distribution (xo) described by x and o (see Section 4.4.2). As stated earlier
we use Gibbs sampling to obtain the estimate for N and the conditional
distributions are given by Eqn. 5.13 and Eqn. 5.14.
This distribution is described by a and b parameters which are determined

by the prior mean E(p) and the standard deviationo,, (see Eqn. 4.12).
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Since we do not have any knowledge of the prior, we try to determine these
parameters from the data matrix described in Section 3.6. We define the

mean as 1,/ N. We allow our estimated number to deviate as much as up

to =30 % from the actual defect population. Thus, the prior mean can now
be written as

n
E S — 5.15
(P) N—-FErxN ( )

where, offset from the actual mean, Er=0, £0.1, £0.2, +0.3.
We chose values of 0.025, 0.05, 0.075, 0.1 and 0.2 for standard deviation.
For each value of the standard deviation, we had seven values of E (p) as

given above. Now, a and b can be calculated from E(p) and o, as follows,

a= E(p)(—E(—p)—[l—E(p)]—lj (5.16)
var(p)
b= al__ﬂ(ﬁl (5.17)
E(p)

k and o are derived from a and b using the following formula,
a=kKa (5.18)

b=xk(l-a) (5.19)
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5.3.3

Generating the Data Matrix

We used two values of correlation (dependence), i.e. 0.2 (weak correlation)
and 0.4 (moderately strong correlation) and used the method described by
Basu (2003) to generate the data matrix. A multivariate normal distribution

isusedto getZ, =(Z,,,....2;)" .

Multivariate Normal Distribution

A random vector X =[X,,...X, ]follows a multivariate normal distribution,

also sometimes called a multivariate Gaussian distribution, if it satisfies the

following equivalent conditions:

e every linear combination Y=gJX +..... +ayX,is normally

distributed

o there is a random vectorZ =[Z,,...Z,,], whose components are

independent standard mnormal random variables, a vector

H=[p,....0y ]and an Nx M matrix A such that

X=AZ+u (5.20)

e there is a vector y=[g,,....ty]and a symmetric, covariance matrix

¥ (NxN matrix) such that X'has density
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Fe@y) = exp(—%(x—u)TZ’l(x—ﬂ)) (5.21)

1
(27[)N/2 | Z |1/2
At first, we generated the covariance matrix X using the following relation,
Y=(1-p)+pE (5.22)

where, 7 is the identity matrix and each entry of £'is 1. prepresents the

correlation and as stated before we use two values of correlation 0.2 and 0.4.

We used Cholesky decomposition to get A (see Eqn. 5.20) from the

covariance matrix 2 as follows,

1 & R
4, =T(2” _ZAi,kAJ,kJ’ for i<j
- =l
o > (5.23)
i—1 _)
Ai,i = Zl,i -> A4

1,k
k=1

The matrix X'in Eqn. 5.20 is used to denote the degree of difficulty of each

defect. Now Z can be generated as,
Z=A"(X-p) (5.24)
Next, we assign X, =1,if ®(Z,)< p,, and = 0 otherwise where ®(+)is the

normal distribution function and p,,....,p,are the inspector detection

capabilities.
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53.4  Study Points

We consider the following sets of variables for our simulations: the number

of difficult defects, the probability of a defect being found, number of

inspectors and their defect detection capability. We performed simulations

with the population size of 10, 20 and 30 difficult defects with detection

probabilities of 0.1 (very difficult to detect) and 0.4 (moderately difficult).

We used 2, 3 and 4 inspectors for the simulations and we also considered

for the simulations the general defect detection effectiveness of the

inspectors themselves (i.e., their ability to detect defects). The last variable

that we used was the correlation factor as described in Section 5.3.3.

For 2-inspector simulations, the inspector abilities were denoted as Px and

Py for inspector X and Y respectively. These abilities are defined as follows:

* {Px=0.1, Py = 0.9} one with low capability and the other with high
capability

»  {Px=0.25, Py = 0.75}: one with low capability and other with relatively
high capability

* {Px=0.4, Py = 0.6}: similar capabilities

»  {Px=0.3, Py = 0.3}: both relatively low capabilities

»  {Px=0.8, Py = 0.8}: both relatively high capabilities

»  {Px=0.5, Py = 0.5}: both average capabilities
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For 3-inspector simulations, the inspector abilities were denoted as Px, Py
and P: for inspector X, Y and Z respectively. These abilities are defined as
follows:

» {Px=0.1,Py=05,P.=0.9}

» {Px=0.25, Py =05, P.=0.75}

* {Px=04, Py=0.5, P.=0.6}

= {Px=0.3, Py=0.5, P.=0.6}

= {Px=0.8,Py=05,P.=0.8}

. {Px: 05, Py = 0.5, Pz= 05}

For 4-inspector simulations, the inspector abilities were denoted as Px, Py,
P. and P: for inspector X, Y, Z and T respectively. These abilities are
defined as follows:

= {Px=0.1,Py=04,P.=0.6, P:=0.9}

» {Px=0.1,Py=0.1,P.=0.9, P.= 0.9}

= {Px=05,Py=05,P.=0.9, P:=0.9}

» {Px=0.9,Py=0.9,P.=0.9, P. = 0.9}

» {Px=0.1,Py=0.1,P.=0.1, P.= 0.1}

» {Px=0.5,Py=05,P.=0.5, P.=0.5}

* {Px=0.5,Py=0.5P.=0.5,P:=0.9}

= {Px=0.1, P, =05, P.=0.5, P. = 0.5}
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= {Px=0.1,Py=0.1,P.=0.1, P. = 0.9}

= {Px=0.1,Py=0.9,P.=0.9, P:= 0.9}

Study points for each type of simulation were constructed by combining the
values of the above mentioned variables. For each study point 1000
inspections were simulated. We selected the above values for our study
points due to the following reasons. Briand er al. (2000) suggested that, for a
reasonable performance of CR models the minimum number of inspectors is
4, and El Emam and Laitenberger (2001) concluded that selecting 2
inspectors is a reasonable choice. Also, a significant incremental gain in
median relative error was not observed from 3 to 4 inspectors (Freimut
1997), we therefore selected 2, 3 and 4 inspectors for our simulations. We
selected the range of defects as 10, 20 and 30 due to the reason mentioned in
Section 4.1. Since we are dealing with only one type of defects, i.e. the
difficult defects, which can have serious impact on the software quality,
therefore we chose to vary the defects using two degrees of difficulty, 0.1
(very difficult to detect) and 0.4 (moderately difficult to detect). Finally, for
the last variable, we chose the same inspector abilities as was considered by
El Emam and Laitenberger (2001) for two inspectors. For 3 inspectors, we
added an average ability inspector and likewise, for 4 inspectors, we formed
the teams with low capability, average capability, and high capability and

mixed capabilities inspectors.
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Chapter 6

Simulation Results

The purpose of our simulations has been to study the effect of dependence among
inspectors on the decision accuracy and compare it with the previous Bayesian model
(Gupta 2003, Ananda 1997). As previously mentioned (Chapters 2, 3 and 4) we have
used realistic scenarios of small numbers of rather difficult defects, which can have
serious impact on the quality of the product. In this chapter, we present the results in
terms of median relative error, IQR, number of failures, decision accuracy and
relative decision accuracy for both the thresholds of 0.57 and 0.7 (see Section 5.2.2)
for 2, 3 and 4 inspectors and the defect size of 10, 20 and 30. The above results are
also presented with respect to two degrees of difficulties, 0.1 (extremely difficult
defects) and 0.4 (moderately difficult defects); and two degrees of dependence, 0.2

(weak correlation) and 0.4 (moderate correlation) as was done by Basu and Ebrahimi

(1998), Basu and Ebrahimi (2001), and Basu (2003).
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6.1 Main Results

The main variables in our simulations were the number of inspectors and their
abilities, number of defects and their degree of difficulty and the correlation factor.
The detailed results are given in Appendix A. We present a summary of the results in

this section.

We observed that the DA decreased as the standard deviation of the prior increased.
We also noted that within a given standard deviation, the DA did not seem to change
significantly with respect to the error (Er). It was also observed that the failure rate
in each simulation increased when the abilities of the inspectors decreased and also
when the defects became more difficult to find. Additionally, the DA increased with
an increase in the dependence among inspectors. These general trends were observed

throughout the entire simulations.

1. We first considered changing the number of inspectors while keeping all the other
parameters fixed. The results for 10, 20 and 30 defects and the degree of difficulty
of 0.1 and standard deviation of 0.025 are shown in Tables 6.1, 6.2 and 6.3. The DA
for both the thresholds (0.57 and 0.7) increased as the number of inspectors
increased. Here we chose the inspector abilities as 0.5 for all the inspectors, which

means a moderate ability. The DA of 10 defects increased from 0.82 to 1.0 for a
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threshold of 0.7 as the number of inspectors increased from 2 to 4. There was a
similar increase in DA for a threshold of 0.57. This trend was observed for 20 and
30 defects as well (Fig. 6.1).

. We obtained the second set of results by varying the ability of the inspectors. In
Table 6.4, we show the DA for a case of 4 inspectors and 20 defects. The two
groups of inspectors have been chosen to illustrate the extreme variations, i.e. a
team of 4 experts and a team of 4 novices. The DA for the team of experts is
significantly more than the DA of a team of novices, for both the thresholds used
in our simulations (Fig. 6.2).

. Next, we varied the number of defects while keeping the number and the ability
of the inspectors fixed. Tables 6.5, 6.6 and 6.7 show the results of DA for 2, 3 and
4 inspectors respectively. The DA increased with increasing number of defects for
a given number of inspectors. For example, the DA increases from 0.54 to 0.84 for
a threshold of 0.7 for 10 defects. Similar increase in DA was observed for 0.57
thresholds as well. The same trend was observed for all the inspection teams.

. Lastly, we varied the degree of correlation while keeping all the other parameters
fixed. Tables 6.8, 6.9, 6.10 and 6.11 show the DA for 10 and 20 defects. The DA
increased with the increase in the degree of correlation. Similar trend is observed

for 3 and 4 inspectors also.
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5. The most important result is that the DA of Dependent Bayesian CR model is

remarkably higher than the Bayesian CR model (Gupta, 2003) under realistic

conditions.
2 Inspectors 3 Inspectors 4 Inspectors
Er DA(0.7) | DA(0.57) | DA(0.7) | DA(0.57) | DA(0.7) | DA(0.57)
0.3 0.91 0.97 1.00 1.00 1.00 1.00
0.2 0.77 0.90 0.99 1.00 1.00 1.00
0.1 0.89 0.95 0.99 1.00 1.00 1.00
0.0 0.82 0.95 0.98 1.00 1.00 1.00
-0.1 0.79 0.95 0.96 1.00 1.00 1.00
-0.2 0.87 0.95 1.00 1.00 1.00 1.00
-0.3 0.82 0.88 0.97 1.00 1.00 1.00
Table 6.1: DA for 10 Defects of 0.1 degree of difficulty and standard deviation of 0.025 and p =0.2

2 Inspectors 3 Inspectors 4 Inspectors
Er DA(0.7) DA(0.57) | DA(0.7) DA(0.57) | DA(0.7) | DA(0.57)
0.3 0.93 0.98 1.00 1.00 1.00 1.00
0.2 0.90 0.99 1.00 1.00 1.00 1.00
0.1 0.87 0.98 0.99 1.00 1.00 1.00
0.0 0.90 1.00 1.00 1.00 1.00 1.00
-0.1 0.92 0.98 0.99 1.00 1.00 1.00
-0.2 0.79 0.97 1.00 1.00 1.00 1.00
-0.3 0.92 0.97 0.99 1.00 1.00 1.00

Table 6.2: DA for 20 Defects of 0.1 degree of difficulty and standard deviation of 0.025 and p =0.2

2 Inspectors 3 Inspectors 4 Inspectors
Er DA(0.7) DA(0.57) | DA(0.7) DA(0.57) | DA(0.7) | DA(0.57)
0.3 0.87 1.00 1.00 1.00 1.00 1.00
0.2 0.91 0.99 1.00 1.00 1.00 1.00
0.1 0.93 0.99 1.00 1.00 1.00 1.00
0.0 0.91 0.99 1.00 1.00 1.00 1.00
-0.1 0.90 1.00 1.00 1.00 1.00 1.00
-0.2 0.91 1.00 1.00 1.00 1.00 1.00
-0.3 0.84 0.99 0.99 1.00 1.00 1.00

Table 6.3: DA for 30 Defects of 0.1 degree of difficulty and standard deviation of 0.025 and p =0.2
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Fig. 6.1: DA for 10 defects of 0.1 degree of difficulty and standard deviation of 0.025 and p =0.2

4 Inspectors 4 Inspectors
Novices (0.1,0.1,0.1,0.1)  Experts (0.9,0.9,0.9,0.9)

Er DA(0.7) DA(0.57) DA(0.7) | DA(0.57)
0.3 0.04 0.21 1.00 1.00
0.2 0.07 0.33 1.00 1.00
0.1 0.12 0.23 1.00 1.00

0 0.06 0.39 1.00 1.00
-0.1 0.04 0.29 1.00 1.00
-0.2 0.14 0.28 1.00 1.00
-0.3 0.07 0.22 1.00 1.00

Table 6.4: DA for a team of experts and a team of novices. The table shows 20 defects of 0.1 degree of
difficulty and standard deviation of 0.025 and p =0.2.
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Fig. 6.2: DA for a team of experts (0.9, 0.9, 0.9, 0.9) and a team of novices (0.1, 0,1, 0.1, 0.1). The table
shows 20 defects of 0.1 degree of difficulty and standard deviation of 0.025 and p =0.2.

10 Defects 20 Defects 30 Defects

Er DA(0.7) DA(0.57) DA(0.7) DA(0.57) | DA(0.7) | DA(0.57)
0.3 0.54 0.79 0.74 0.93 0.79 1.00
0.2 0.61 0.80 0.57 0.94 0.9 0.99
0.1 0.57 0.69 0.60 0.97 0.91 0.99

0 0.54 0.81 0.68 0.96 0.84 0.99
-0.1 0.59 0.74 0.66 0.96 0.84 0.99
-0.2 0.61 0.69 0.70 0.97 0.85 0.98
-0.3 0.61 0.81 0.74 0.97 0.8 0.97

Table 6.5: DA for 2 Inspectors with 0.1 degree of difficulty and standard deviation of 0.025. (Inspector
abilities are 0.25, 0.75) and p =0.2.
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10 Defects 20 Defects 30 Defects

Er DA(0.7) DA(0.57) DA(0.7) DA(0.57) | DA(0.7) | DA(0.57)
0.3 0.85 0.82 0.98 1.00 1.00 1.00
0.2 0.79 0.89 0.99 1.00 1.00 1.00
0.1 0.8 0.95 0.96 1.00 1.00 1.00

0 0.78 0.91 0.97 1.00 1.00 1.00
-0.1 0.82 0.96 0.91 1.00 1.00 1.00
-0.2 0.81 0.89 1.00 1.00 0.99 1.00
-0.3 0.85 0.87 0.99 1.00 1.00 1.00

Table 6.6: DA for 3 Inspectors with 0.1 degree of difficulty and standard deviation of 0.025. (Inspector
abilities are 0.25, 0.50, and 0.75) and p =0.2.

10 Defects 20 Defects 30 Defects
Er DA(0.7) DA(0.57) DA(0.7) DA(0.57) | DA(0.7) | DA(0.57)
0.3 0.86 0.75 0.88 0.99 0.98 1.00
0.2 0.74 0.86 0.88 0.99 0.98 1.00
0.1 0.79 0.71 0.87 1.00 1.00 1.00
0.0 0.70 0.77 0.92 0.98 0.99 1.00
-0.1 0.85 0.78 0.87 0.99 0.99 1.00
-0.2 0.69 0.77 0.90 0.98 0.98 1.00
-0.3 0.71 0.85 094 0.98 0.99 1.00

Table 6.7: DA for 4 Inspectors with 0.1 degree of difficulty and standard deviation of 0.025. (Inspector
abilities are 0.1, 0.6, 0.2 and 0.4) and p =0.2.

2 Inspectors 3 Inspectors 4 Inspectors

Er DA(0.7) DA(0.57) DA(0.7) DA(0.57) | DA(0.7) | DA(0.57)
0.3 0.91 0.97 1.00 1.00 1.00 1.00
0.2 0.77 0.90 0.99 1.00 1.00 1.00
0.1 0.89 0.95 0.99 1.00 1.00 1.00

0 0.82 0.95 0.98 1.00 1.00 1.00
-0.1 0.79 0.95 0.96 1.00 1.00 1.00
-0.2 0.87 0.95 1.00 1.00 1.00 1.00
-0.3 0.82 0.88 0.97 1.00 1.00 1.00

Table 6.8: DA for 10 defects with 0.1 degree of difficulty and standard deviation of 0.025. (Inspector
abilities are 0.5) and p =0.2.
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2 Inspectors 3 Inspectors 4 Inspectors

Er DA(0.7) DA(0.57) | DA(0.7) | DA(0.57) | DA(0.7) | DA(0.57)
0.3 0.88 0.97 1.00 1.00 1.00 1.00
0.2 0.85 0.96 0.97 1.00 1.00 1.00
0.1 0.88 0.97 0.99 1.00 1.00 1.00

0 0.84 0.97 1.00 1.00 1.00 1.00
-0.1 0.87 0.98 1.00 1.00 1.00 1.00
-0.2 0.88 0.96 1.00 1.00 1.00 1.00
-0.3 0.90 0.99 1.00 1.00 1.00 1.00

Table 6.9: DA for 10 defects with 0.1 degree of difficulty and standard deviation of 0.025. (Inspector
abilities are 0.5) and p =0.4.
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Fig. 6.3: Comparison for 0 =0.2 and 0.4, 10 defects and 0.1 degree of difficulty, 2 inspector and
moderate inspector abilities (0.5) and SD = 0.025.

2 Inspectors 3 Inspectors 4 Inspectors

Er DA(0.7) DA(0.57) DA(0.7) | DA(0.57) | DA(0.7) | DA(0.57)
0.3 0.93 0.98 1.00 1.00 1.00 1.00
0.2 0.90 0.99 1.00 1.00 1.00 1.00
0.1 0.87 0.98 0.99 1.00 1.00 1.00

0 0.90 1.00 1.00 1.00 1.00 1.00
-0.1 0.92 0.98 0.99 1.00 1.00 1.00
-0.2 0.79 0.97 1.00 1.00 1.00 1.00
-0.3 0.92 0.97 0.99 1.00 1.00 1.00

Table 6.10: DA for 20 defects with 0.1 degree of difficulty and standard deviation of 0.025. (Inspector
abilities are 0.5) and p =0.2.
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2 Inspectors 3 Inspectors 4 Inspectors

Er DA(0.7) DA(0.57) DA(0.7) DA(0.57) | DA(0.7) | DA(0.57)
0.3 0.84 1.00 1.00 1.00 1.00 1.00
0.2 0.87 0.99 1.00 1.00 1.00 1.00
0.1 0.86 0.95 1.00 1.00 1.00 1.00

0 0.90 0.99 1.00 1.00 1.00 1.00
-0.1 0.91 1.00 1.00 1.00 1.00 1.00
-0.2 0.92 1.00 1.00 1.00 1.00 1.00
-0.3 0.84 0.99 1.00 1.00 1.00 1.00

Table 6.11: DA for 20 defects with 0.1 degree of difficulty and standard deviation of 0.025. (Inspector
abilities are 0.5) and p =0.4.
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0.8 ‘
0.75 : : : : : :

Fig. 6.4: Comparison for © =0.2 and 0.4, 20 defects and 0.1 degree of difficulty, 2 inspector and
moderate inspector abilities (0.5, 0.5) and SD = 0.025.

6.2 Explanation of Results

We can understand the results and the behaviour of the Bayesian model in terms of
the data matrix and the prior (defined in Sections 3.6 and 4.2 respectively). The
product of the ability of the inspectors and the number of defects and their degree of

difficulty determine the sparseness of the data matrix. The estimated population
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depends on the values of #,,a and b parameters of the Eqn. 5.13 and Eqn. 5.14. The
parameter 7, determines the number of defects found by each inspector. It is clear
from Eqn. 6.3 that if n, =0 (happens more frequently when data matrix is sparse), the

estimated population depends more on a and b values, and hence the prior mean

E(p) and standard deviationo,. On the other hand when the data matrix is filled

(happens when the ability of the inspectors is high and the defects are easier to find,
as well as the defects being more in number) the estimated population depends more

on parametern,. Therefore, in the case of a sparse data matrix, the estimated

population depends entirely on the prior mean and standard deviation; hence it is
very important to have an accurate value of the prior. This can be explained by
taking the example of worst-case scenario when the data matrix is extremely sparse.
This is the case with 2 inspectors of low capabilities and 10 defects of 0.1 degree of
difficulty. Here, with standard deviation of 0.025 and all its seven values of E(p), the
DA remains almost constant, but when the data matrix gets filled up the DA no
longer remains entirely dependent on the prior mean as can be seen with 4 inspectors
of moderate abilities and 30 defects. The failure to estimate the population occurs
when the data matrix is completely empty. This happens when the team consists of

novices and the degree of difficulty of the defects is high.

- 69 -



Given the above explanation of the data matrix, we can easily understand all the
results of the Bayesian model. The data matrix is sparse for low number of defects
and gets filled with large number of defects as well as larger number of inspectors,
thereby increasing the DA. For example, there is a 25% gain in the DA as the defect
population increases from 10 to 20 defects, and from 20 to 30 defects for 2 inspectors
and with 0.1 degree of difficulty (see Table 6.5) Also, DA is increased as the inspector
abilities increase from a team of novices to a team of experts. Basically, for novices
the matrix will be sparse and their subjective estimates will be wrong in the worst-

case scenario.

The main focus of our research was to study the effect of dependence among

inspectors. Tables 6.8, 6.9, 6.10 and 6.11 show the DA for the two values of p for 10
and 20 defects. It is clear from these tables that the DA of p =0.41is better then the
lower value of p=0.2. The reason for this increase can be understood from the

parametern,. As the dependence is increased, the inspectors will find more errors

and hence the data matrix gets filled up and therefore the estimate about the number

of errors is better.
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Chapter 7

Comparison Between the two Bayesian Models

In Chapter 4 we discussed two types of Bayesian models, i.e. Bayesian model with
independent inspectors and Bayesian model with dependent inspectors. In this
chapter we compare the two models based on their performance under similar

simulation parameters and conditions.

7.1 DA of the two Bayesian Models

Figs. 7.1 to 7.8 show the comparison graphs for decision accuracy (DA) for the two
Bayesian models. Figs. 7.1 and 7.2 show the DA (0.7 and 0.57 thresholds respectively)
as a function of Er for 2, 3 and 4 inspectors for both Bayesian models for 10 defects

and 0.1 degree of difficulty and p=0.2. Figs. 7.3 and 7.4 show the DA (0.7 and 0.57

thresholds respectively) for both Bayesian models for 10 defects and 0.1 degree of

difficulty and p=0.4. Figs. 7.5 and 7.6 show the DA (0.7 and 0.57 thresholds

respectively) as a function of Er for 2,3 and 4 inspectors for both Bayesian models for

20 defects and 0.1 degree of difficulty and p=0.2. Figs. 7.7 and 7.8 show the DA (0.7

and 0.57 thresholds respectively) for both Bayesian models for 20 defects and 0.1
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degree of difficulty and p=0.4. We have chosen DA as a comparison parameter

between the two models as we essentially use relative error as an input parameter

{ Er
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Fig. 7.1: Comparison of DA of 0.7 for the two Bayesian models for 10 defects and 0.1 degree of
difficulty and p =0.2. Inspection team consists of moderate abilities, i.e. 0.5.
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Fig. 7.2: Comparison of DA of 0.57 for the two Bayesian models for 10 defects and 0.1 degree of
difficulty and o =0.2. Inspection team consists of moderate abilities, i.e. 0.5.
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Fig. 7.3: Comparison of DA of 0.7 for the two Bayesian models for 10 defects and 0.1 degree of
difficulty and p =0.4. Inspection team consists of moderate abilities, i.e. 0.5
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Fig. 7.4: Comparison of DA of 0.57 for the two Bayesian models for 10 defects and 0.1 degree of
difficulty and p =0.4. Inspection team consists of moderate abilities, i.e. 0.5
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Fig. 7.5: Comparison of DA of 0.7 for the two Bayesian models for 20 defects and 0.1 degree of
difficulty and o =0.2. Inspection team consists of moderate abilities, i.e. 0.5
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Fig. 7.6: Comparison of DA of 0.57 for the two Bayesian models for 20 defects and 0.1 degree of
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Fig. 7.9: Comparison of DA of 0.57 for the two Bayesian models for 10 defects and 0.1 degree of
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7.2  Comparison Between the two Models

Figs. 7.1 to 7.8 show the comparison between the DA (0.57 and 0.7) for both the
models. It can be seen from the figures that the performance of dependent Bayesian
model is better than the independent Bayesian model. Fig. 7.2 shows that the
performance of the dependent Bayesian model for 2 Inspectors is better than the
independent Bayesian model for 4 inspectors. All the graphs show that the dependent
inspector model outperforms the independent inspector on most of the study points.
Figs. 7.9 and 7.10 show that increasing the dependence among inspectors further
improves the decision accuracy. The reason for this improvement can be understood
from the number of defects found by each inspector. As the dependence is increased,
the inspectors will find more errors and hence the data matrix gets filled up and
therefore the estimate about the number of errors are better. Another important fact
that can be inferred from Figs. 7.1 to 7.8 is that the DA for dependent inspector model
for 3 and 4 inspectors is similar, i.e. the same decision accuracy can be obtained by a
team of 3 inspectors rather than having a team of 4 inspectors thereby saving the cost

and time of an inspector.

7.3  Practical Application

A software inspection is a method by which defects are detected, eliminated and

corrected by a team of inspectors during the development life cycle. The inspection
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team consists of a moderator, designer, implementer, tester (see Section 2.1) and other
inspectors. Entrance and exit criteria are used to determine if a product is ready to be
inspected (entrance) and it successfully passed the inspection process (exit). Entrance
criteria ensure that the product is mature enough to go through the inspection
process. For example, entrance criteria for a code inspection are usually that the code
has been compiled successfully and run through the automated standard checkers.
Exit criteria are used mainly to assure that major defects found during the inspection

process have been corrected.

The inspection process and its results are noted and documented by a set of forms.
Some of the forms that could be used are (NASA 1993):

e Inspection Announcement, completed by the moderator that notifies
participants of the inspection date, time, location, and other important
information;

e Preparation Logs, completed by each inspector, that list defects found and
time spent in preparation; and,

e An Inspection Defect List, completed by the recorder, to provide

information on each defect.

In addition, the moderator should complete a detailed inspection report at the end of

each inspection. Other useful forms include checklists that provide guidance for
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inspectors in finding possible defects, and the Inspection Summary Report that

summarizes data found during the inspection.

The software inspection stages have already been described in Section 2.1. In a typical
inspection process the inspection team detects the errors and corrects them.
Reinspection may be required when there are a large number of defects in the
product (depends on the threshold, see Sections 2.2, and 5.2.2) or when one or more
defects require extensive or complicated corrections. Reinspection allows the changes
to the product to be reviewed by the entire team instead of just the moderator. The
moderator and the team decide the necessity for reinspection at the end of the

inspection meeting.

In an inspection process the inspector data is recorded in a form of a matrix called the
data matrix (see Section 3.6). This data matrix serves as the input for all the estimation
models. We also use this data matrix as an input for our model but have an additional

input as the estimate by the most experienced inspector.

We use PERT-beta distribution to specify the estimate by the most experienced
inspector. In this distribution the inspector specify three values, a (an optimistic
estimate), m (a typical estimate) and b (a pessimistic estimate). These three values are

used to get the a and b parameters of the prior beta distribution used in our model
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(see Section 5.3). The conversion method is described in Appendix B. Once all the
input data, i.e. data matrix and a and b parameters for prior, are available then Eqn.
5.13 and Eqn. 5.14 are used to get the defect estimate. Based on the threshold value

and the defect estimate, a reinspection decision can be made using Eqn. 5.3.
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Chapter 8

Conclusions and Future Work

The main focus of our research was to compare the performance of a Bayesian model
with dependence among inspectors under a realistic scenario and compare it with the
performance of the previous Bayesian model (Gupta 2003). We extended the work of
Gupta (2003) and used the same set of parameters and variables to evaluate our model.
Extensive Monte Carlo simulations were carried out for 2, 3 and 4 inspectors and
defect population of 10, 20 and 30 with 0.1 and 0.4 degrees of difficulty and two
degrees of dependence 0.2 and 0.4. We find that the decision accuracy improves with
increase in the number of inspectors, and number of defects, when the defects
become easier to find and also with an increase in the degree of dependence. We can
understand the results and the behaviour of the Bayesian model in the context of the
sparseness of the data matrix and the prior distribution. In the case of a sparse data
matrix, the estimated population depends entirely on the prior mean and the standard
deviation; hence in such a case it is very important to have an accurate value of the
prior distribution. However, when the data matrix is not sparse, the estimation of the
population of defects depends more on the likelihood function rather than on the

prior distribution. Therefore, with a comparatively full data matrix, the likelihood
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function gets better defined. As the prior moves away from the correct value,
decision accuracy drops significantly. Since the reliability of the decision accuracy
depends on the correctness of the prior distribution, particularly in the case of a
sparse data matrix, it is rather essential to have a correct prior distribution. Also, with
the introduction of dependence among inspectors, the number of defects detected
increases, since an error detected by an inspector is more likely to be detected by

other inspectors.

Comparing the independent inspector Bayesian model with the dependent inspector
Bayesian model, it is observed that under most circumstances the decision accuracy
values of the dependent inspector Bayesian model are higher than those for
independent inspector Bayesian model. The decision accuracy, even for 4-inspector
independent inspector Bayesian model in some cases is much less than 2, 3-inspector

dependent inspector Bayesian model.

Future Work

The results for the dependent inspector Bayesian model are quite encouraging and
show an improvement over the independent inspector Bayesian model (see Chapter

7). We used two levels of dependence among inspectors, i.e. 0.2 and 0.4. Further
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research work can focus on the study of the effect of higher level of dependence

among inspectors.

We assumed a close population of defects where the population remains constant
throughout the inspection process (see Section 3.2.1). However, one can use different
CR models to estimate the population (Seber 1982). Open population in software
context could mean that correcting an error might lead to several more errors or it
may automatically correct other errors. One can also consider supplementing the CR
models studied in this work with some additional parameters such as size and

complexity metrics of the software artefact.

Considering the success of the Bayesian model presented in this work, one can also

design a tool for software inspections.

Moving away from purely Bayesian models, another avenue that is worthy of
exploration is that of capture-recapture models for estimating endangered species.
Such models are particularly good at dealing with a sparse data matrix, and therefore

may provide additional value to making the reinspection decision.
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Appendix A

This appendix gives partial simulation results! in the form of tables. The tables have
been divided into four sections based on degree of difficulty of defects and degree of

dependence.

Column heading used are:

SD is the standard deviation, Er is the offset from the actual mean (see Section 5.3.2),
MRE is the median relative error, IQR is the inter quartile range for the error, Fail
gives the number of times the model failed to estimate (out of 1000), DA(0.7) and
DA(0.57) is the decision accuracy for the two thresholds (see Section 5.2.2), and

RDA(0.7) and RDA(0.57) is the relative decision accuracy for the two thresholds.

1 Complete results take around 250 pages, here only the partial results are given.
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TABLE FOR 0.1 DEGREE OF DIFFICULTY AND DEGREE OF DEPENDENCE 0.2

Table: D1-12: 2 inspectors 10 defects 0.2 degree of dependence and 0.1 degree of difficulty

05 05)
SD Er MRE IQR Fail DA(0.7) RDA(0.7) DA(057) RDA(0.57)

0025 03 -03 022 380 0.84 0 0.95 0
0025 02 -02 024 260 0.81 0 0.91 0
0025 01 -03 021 410 0.8 0 0.93 0
0.025 0 -0.3 025 350 0.78 0 0.89 0
0025 -01 -0.2 023 220 0.81 0 0.91 0
0025 -02 -0.2 024 260 0.81 0 0.93 0
0025 -03 -0.2 021 300 0.86 0 0.96 0
005 03 -03 0.2 350 0.89 0 0.98 0
005 02 -02 018 350 0.86 0 0.98 0
005 01 -03 0.18 400 0.87 0 0.95 0
005 O -02 021 320 0.85 0 0.9 0
005 -01 -04 026 380 0.73 0 0.82 0
005 -02 -03 0.2 39 0.87 0 0.93 0
005 -03 -03 0.2 420 0.84 0 0.97 0
0075 03 -02 019 350 0.86 0 0.94 0
0075 02 -02 022 300 0.8 0 0.96 0
0.075 01 -03 023 310 0.81 0 0.94 0
0075 0 -03 023 330 091 0 0.97 0
0075 -0.1 -03 022 340 0.83 0 0.97 0
0075 -0.2 -03 02 340 0.83 0 0.95 0
0075 -03 -03 022 350 0.74 0 0.92 0
01 03 -03 023 350 0.83 0 0.91 0
01 02 -02 019 320 0.87 0 0.93 0
01 01 -03 02 350 0.83 0 0.92 0
0.1 0 -03 022 370 0.84 0 0.92 0
01 -01 -03 0.18 380 0.77 0 0.95 0
01 -02 -03 019 330 0.82 0 0.94 0
01 -03 -03 019 380 0.89 0 0.95 0
02 03 -03 0.19 400 0.88 0 0.92 0
02 02 -02 022 29 0.8 0 0.92 0
02 01 -03 0.2 440 0.89 0 0.98 0
0.2 0 -0.3  0.17 380 0.92 0 1 0
02 -01 -04 0.18 420 0.79 0 0.9 0
02 -02 -03 0.2 380 0.79 0 0.94 0
02 -03 -03 023 340 0.8 0 0.94 0
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Table: D1-13: 3 inspectors 10 defects 0.2 degree of dependence and 0.1 degree of difficulty
(05 05 0.5)
SD Er MRE IQR Fail DA(0.7) RDA(0.7) DA(0.57) RDA(0.57)
0.025 03 -01 011 190 1 1 0
0.025 0.2 0 0.1 200 1
0.025 01 -01 0.09 250 1
0025 0 -01 013 240 0.99
0.025 -01 -01 012 230 0.99
0.025 -02 -0.1 0.08 310 1
0.025 -03 -01 01 240 1
0.05 03 -01 009 210 0.99
005 02 -01 01 270 0.96
005 01 -01 01 19 099
005 0 -01 01 19 1
005 -01 -0.1 009 170  0.99
005 -02 -01 012 210 1
005 -03 -01 011 210 1
0.075 03 -0.1 01 180 0.98
0.075 0.2 0 0.1 190 1
0.075 01 -01 01 230 0.99
0075 0 -01 01 19  0.99
0.075 -0.1 -0.1 0.11 190 1
0.075 -02 -0.1 008 220 1
0.075 -03 O 0.08 180 1
01 03 -01 007 270 1
01 02 -01 009 170 0.98
01 01 -01 01 180 1
0.1 0 -01 009 210 099
01 -01 -01 01 280 099
01 -02 -01 008 220 1
01 -03 -01 0.09 240 0.99
02 03 -01 011 160 0.96
02 02 -01 01 210 0.99
02 01 -01 01 230 1
0.2 0 -01 011 250 1
02 -01 -01 01 170 1
02 -02 -01 008 180 0.99
02 -03 -01 0.08 180 1

O O OO O O OO OO0 O OO0 OO OO0 OLOOOoOOODOoOOoOOODoOoOLOOD OO oo
S e e e g e e e o e
O O O O O O O O O OO OO OO OO oo oo oo oo O oo oo oo oo
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Table: D1-14: 4 inspectors 10 defects 0.2 degree of dependence and 0.1 degree of difficulty
05 05 05 0.5)

SD Er MRE IQR Fail DA(0.7) RDA(0.7) DA(0.57) RDA(0.57)
0.025 0.3 0 0.07 160 1 0 1 0
0.025 0.2 0 0.07 170 1 0 1 0
0.025 0.1 0 0.08 110 1 0 1 0
0025 O 0 0.08 110 1 0 1 0
0.025 -0.1 0 0.07 120 1 0 1 0
0.025 -0.2 0 0.07 140 1 0 1 0
0.025 -0.3 0 0.09 140 1 0 1 0

005 03 0 0.07 150 0.99 0 1 0
005 0.2 0 0.06 180 1 0 1 0
005 0.1 0 0.09 140 1 0 1 0
0.05 0 0 0.07 110 1 0 1 0
005 -0.1 0 0.07 110 1 0 1 0
0.05 -0.2 0 0.05 180 1 0 1 0
005 -0.3 0 0.07 210 1 0 1 0
0.075 0.3 0 0.08 130 1 0 1 0
0.075 0.2 0 01 70 1 0 1 0
0.075 0.1 0 0.08 120 1 0 1 0
0075 0 0 0.07 150 1 0 1 0
0.075 -0.1 0 0.06 150 1 0 1 0
0.075 -0.2 0 0.09 170 1 0 1 0
0.075 -0.3 0 0.06 130 1 0 1 0

0.1 03 0 0.09 140 1 0 1 0

0.1 0.2 0 0.08 120 1 0 1 0

01 01 0 0.08 140 1 0 1 0

0.1 0 0 0.08 130 1 0 1 0

0.1 -0.1 0 0.07 160 1 0 1 0

0.1 -0.2 0 0.09 100 1 0 1 0

0.1 -03 0 0.08 120 1 0 1 0

02 03 0 0.08 140 1 0 1 0

02 0.2 0 0.06 130 1 0 1 0

02 01 0 0.06 140 1 0 1 0

0.2 0 0 0.07 130 1 0 1 0

02 -0.1 0 0.07 180 1 0 1 0

02 -0.2 0 0.05 190 1 0 1 0

02 -03 0 0.09 110 1 0 1 0
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TABLE FOR 0.1 DEGREE OF DIFFICULTY AND DEGREE OF DEPENDENCE 0.4

Table: D1-I2: 2 inspectors 10 defects 0.4 degree of dependence and 0.1 degree of difficulty

(0.5
SD
0.025
0.025
0.025
0.025
0.025
0.025
0.025
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.075
0.075
0.075
0.075
0.075
0.075
0.075
0.1
0.1
0.1
0.1
0.1
0.1
0.1
0.2
0.2
0.2
0.2
0.2
0.2
0.2

0.5)
Er
0.3
0.2
0.1

0

-0.1
-0.2

-0.3
0.3
0.2
0.1

0

-0.1
-0.2
-0.3
0.3
0.2
0.1

0

-0.1
-0.2
-0.3
0.3
0.2
0.1

0

-0.1
-0.2
-0.3
0.3
0.2
0.1

0

-0.1
-0.2
-0.3

MRE
-0.3
-0.2
-0.3
-0.3
-0.3
-0.3
-0.2
-0.3
-0.3
-0.3
-0.3
-0.3
-0.3
-0.3
-0.3
-0.2
-0.3
-0.3
-0.3
-0.3
-0.3
-0.3
-0.3
-0.2
-0.3
-0.3
-0.3
-0.3
-0.4
-0.3
-0.2
-0.3
-0.2
-0.2
-0.3

IQR
0.15
0.19
0.25
0.18
0.22
0.2
0.2
0.23
0.18
0.17
0.22
0.23
0.19
0.17
0.2
0.19
0.2
0.18
0.21
0.2
0.22
0.17
0.19
0.22
0.2
0.22
0.18
0.16
0.16
0.13
0.2
0.17
0.18
0.22
0.18

Fail
400
310
310
430
410
380
290
330
430
340
320
350
350
340
370
330
360
380
400
370
350
390
410
270
350
310
390
450
460
420
310
370
330
300
390

DA(0.7)
0.78
0.91
0.78
0.91
0.83
0.85
0.89
0.84
0.86
0.82
0.85
0.78
0.88
0.85
0.87
0.87
0.89
0.82
0.83
0.83
0.78
0.87

0.8
0.78
0.88
0.86
0.89
0.89

0.8
0.86
0.81
0.84
0.91
0.87
0.87
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RDA(0.7)
0
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DA(0.57)
0.93
0.99
0.94
0.98
0.95
0.97

1
0.99
0.93
0.94
0.93
0.94
0.95
0.94
0.98
0.94
0.95
0.94
0.97
0.95
0.92
0.95

0.9
0.9

1
0.96

1
0.93
0.93
0.98
0.94
0.97
0.96
0.97
0.93

RDA(0.57)
0
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Table: D1-13: 3 inspectors 10 defects 0.4 degree of dependence and 0.1 degree of difficulty

0.5
SD
0.025
0.025
0.025
0.025
0.025
0.025
0.025
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.075
0.075
0.075
0.075
0.075
0.075
0.075
0.1
0.1
0.1
0.1
0.1
0.1
0.1
0.2
0.2
0.2
0.2
0.2
0.2
0.2

0.5
Er
0.3
0.2
0.1
0
-0.1
-0.2
-0.3
0.3
0.2
0.1
0
-0.1
-0.2
-0.3
0.3
0.2
0.1
0
-0.1
-0.2
-0.3
0.3
0.2
0.1
0
-0.1
-0.2
-0.3
0.3
0.2
0.1
0
-0.1
-0.2
-0.3

0.5)
MRE
0
0.1
0.1
0
0.1
0.1
0.1
0.1
0
0
0.1
0.1
0.1
0.1
0.1
0.1
0.1
0.1
0
0
0
0.1
0.1
0
0
0
0.1
0.1
0.1
0.1
0
0.1
0.1
0
0.1

IQR
0.14
0.1
0.09
0.06
0.11
0.1
0.11
0.1
0.07
0.09
0.08
0.07
0.08
0.1
0.1
0.1
0.09
0.11
0.09
0.09
0.1
0.1
0.11
0.1
0.09
0.08
0.09
0.1
0.09
0.07
0.11
0.1
0.09
0.07
0.11

Fail
160
200
220
250
170
220
240
190
210
150
210
210
260
190
260
210
250
220
150
150
220
310
230
180
210
210
210
170
220
260
160
230
250
260
290

DA(0.7)
0.99
1
0.99
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DA(0.57)
1

RDA(0.57)
0
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Table: D1-14: 4 inspectors 10 defects 0.4 degree of dependence and 0.1 degree of difficulty

0.5
SD
0.025
0.025
0.025
0.025
0.025
0.025
0.025
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.075
0.075
0.075
0.075
0.075
0.075
0.075
0.1
0.1
0.1
0.1
0.1
0.1
0.1
0.2
0.2
0.2
0.2
0.2
0.2
0.2

0.5
Er
0.3
0.2
0.1
0
-0.1
-0.2
-0.3
0.3
0.2
0.1
0
-0.1
-0.2
-0.3
0.3
0.2
0.1
0
-0.1
-0.2
-0.3
0.3
0.2
0.1
0
-0.1
-0.2
-0.3
0.3
0.2
0.1
0
-0.1
-0.2
-0.3

0.5

2
2

O O O O O O O O O O O O O O O O OO O OO0 OO o 0O o oooc oo o oo

0.5)
IQR
0.07
0.06
0.08
0.06
0.07
0.06
0.07
0.06
0.06
0.08
0.08
0.07
0.05
0.06
0.07
0.08
0.07
0.08
0.06
0.07
0.07
0.05
0.06
0.08
0.06
0.06
0.05
0.06
0.07
0.06
0.06
0.07
0.06
0.06
0.06

Fail
110
170
120
130
130
160
140
180
110
110
150
110
120
120
150
110
150
110
120
100
80
130
120
110
170
90
130
110
110
90
120
80
130
160
160

DA(0.7)
1
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DA(0.57)
1
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TABLE FOR 0.4 DEGREE OF DIFFICULTY AND DEGREE OF DEPENDENCE 0.2

Table: D1-12: 2 inspectors 10 defects 0.2 degree of dependence and 0.4 degree of difficulty
(0.5 05)
SD Er MRE IQR Fail DA(0.7) RDA(0.7) DA(0.57) RDA(0.57)
0.025 03 -0.2 021 O 0.82 0 0.95 0

0025 0.2 -0.2 021 10 0.81 0 0.95 0
0025 0.1 -0.1 018 20 0.84 0 0.97 0
0.025 0 -0.2 017 O 0.84 0 0.92 0
0.025 -0.1 -0.2 0.2 0 0.8 0 0.92 0
0025 -02 -0.2 024 10 0.81 0 0.95 0
0025 -03 -02 023 O 0.85 0 0.97 0
0.05 0.3 -0.1 021 O 0.9 0 0.96 0
0.05 0.2 -0.1 024 20 0.81 0 0.95 0
0.05 0.1 -0.2 02 20 0.87 0 0.95 0
0.05 0 -0.2 0.14 10 0.87 0 0.96 0
005 -0.1 -0.2 0.19 10 0.89 0 0.97 0
005 -02 -02 022 10 0.77 0 0.92 0
005 -03 -02 019 0 0.87 0 0.99 0
0.075 0.3 -0.2 02 20 0.84 0 0.93 0
0.075 0.2 -0.2 02 30 0.82 0 0.94 0
0.075 0.1 -0.1 017 10 0.9 0 0.97 0
0.075 0 -0.2 022 10 0.81 0 0.95 0
0075 -0.1 -0.2 017 20 0.86 0 0.96 0
0075 -02 -0.2 0.14 30 0.81 0 0.92 0
0075 -03 -0.2 0.19 30 0.9 0 0.98 0
0.1 0.3 -0.1 0.2 0 0.89 0 0.96 0
0.1 0.2 -0.2 022 10 0.73 0 0.91 0
0.1 0.1 -0.2 0.18 20 0.88 0 0.95 0
0.1 0 -0.2 019 20 0.83 0 0.96 0
0.1 -0.1 -0.1 0.2 0 0.88 0 0.98 0
0.1 -02  -0.2 0.19 10 0.81 0 0.91 0
0.1 -03  -0.2 016 0 0.87 0 0.99 0
0.2 0.3 -0.2 017 0 0.84 0 0.97 0
0.2 0.2 -0.2 022 10 0.81 0 0.92 0
0.2 0.1 -0.2 021 10 0.87 0 0.97 0
0.2 0 -0.2 0.2 0 0.87 0 0.95 0
0.2 0.1 -0.2 0.18 10 0.86 0 0.98 0
0.2 02 -0.2 0.19 10 0.84 0 0.97 0
0.2 -03 -0.2 0.17 10 0.8 0 0.94 0
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Table: D1-13: 3 inspectors 10 defects 0.2 degree of dependence and 0.4 degree of difficulty
(0.5 05 0.5) :
SD Er MRE IQR Fail DA(0.7) RDA(0.7) DA(0.57) RDA(0.57)

0025 0.3 0 013 O 1 0 1 0
0025 0.2 0 015 0 0.99 0 1 0
0.025 0. 0 014 O 0.97 0 1 0
0.025 0 0 015 O 1 0 1 0
0025 -0.1 0 012 O 0.97 0 0.99 0
0025 -02 -0.1 014 O 1 0 1 0
0.025 -0.3 0 012 O 0.99 0 1 0
0.05 0.3 0 013 10 0.99 0 1 0
0.05 0.2 0 013 O 0.98 0 1 0
0.05 0.1 0 014 20 0.97 0 1 0
0.05 0 0 0612 O 0.99 0 1 0
0.05 -0.1 0 014 O 0.98 0 1 0
005 -0.2 0 014 O 0.99 0 1 0
005 -03 0 014 O 1 0 1 0
0.075 0.3 0 013 O 1 0 1 0
0.075 0.2 0 013 O 0.99 0 1 0
0.075 0.1 -0.1 015 0 1 0 1 0
0.075 0 0 013 0 0.98 0 0.99 0
0.075 -0.1 0 011 O 0.98 0 1 0
0.075 -0.2 0 009 0 0.99 0 1 0
0.075 -0.3 0 013 0 1 0 1 0
0.1 0.3 0 015 O 0.99 0 1 0
0.1 0.2 0 013 O 1 0 1 0
0.1 0.1 0 012 0 1 0 1 0
0.1 0 0 014 0 0.98 0 1 0
0.1 -0.1 0 016 O 1 0 1 0
0.1 -0.2 0 012 0 0.99 0 1 0
0.1 -0.3 0 012 0 0.98 0 1 0
0.2 0.3 0 015 O 0.99 0 1 0
0.2 0.2 0 014 O 1 0 1 0
0.2 0.1 0 015 O 0.99 0 1 0
0.2 0 0 014 0 0.98 0 1 0
0.2 -0.1 0 013 O 0.99 0 1 0
0.2 -0.2 0 016 O 0.98 0 0.99 0
0.2 -0.3 0 014 O 0.99 0 1 0
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Table: D1-14: 4 inspectors 10 defects 0.2 degree of dependence and 0.4 degree of difficulty
0.5 0.5 0.5 0.5)

SD Er MRE IQR Fail DA(0.7) RDA(0.7) DA(0.57) RDA(0.57)
0.025 0.3 0 0.09 10 1 0 1 0
0025 0.2 0 009 0 1 0 1 0
0025 0.1 0 011 0 1 0 1 0
0025 0 0 009 0 1 0 1 0
0025 -01 0 009 0 1 0 1 0
0025 -02 0 01 0 1 0 1 0
0025 -03 0 01 0 1 0 1 0
005 03 0 01 0 1 0 1 0
0.05 0.2 0 009 0 1 0 1 0
005 0.1 0 01 0 1 0 1 0

005 0 0 008 0 1 0 1 0

005 -01 0 01 0 1 0 1 0

005 -02 0 008 0 1 0 1 0

005 -03 0 009 0 1 0 1 0
0.075 03 0 0.09 0 1 0 1 0
0.075 0.2 0 0.06 0 1 0 1 0
0.075 0.1 0 0.08 0 1 0 1 0
0075 0 0 009 0 1 0 1 0
0075 -01 0 008 0 1 0 1 0
0075 -02 0 009 0 1 0 1 0
0075 -03 0 009 0 1 0 1 0

01 03 0 0.09 10 1 0 1 0

01 02 0 008 0 1 0 1 0

01 01 0 011 0 1 0 1 0

0.1 0 0 01 0 1 0 1 0

01 -01 0 011 0 1 0 1 0

01 -02 0 009 0 1 0 1 0

01 03 0 011 0 099 0 1 0

02 0.3 0 011 0 1 0 1 0

02 02 0 01 0 1 0 1 0

02 0.1 0 012 0 1 0 1 0

02 0 0 008 0 1 0 1 0

02 01 0 007 0 1 0 1 0

02 02 0 008 0 1 0 1 0

02 03 0 008 0 1 0 1 0
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TABLE FOR 0.4 DEGREE OF DIFFICULTY AND DEGREE OF DEPENDENCE 0.4

Table: D1-12: 2 inspectors 10 defects 0.4 degree of dependence and 0.4 degree of difficulty

0.5
SD
0.025
0.025
0.025
0.025
0.025
0.025
0.025
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.075
0.075
0.075
0.075
0.075
0.075
0.075
0.1
0.1
0.1
0.1
0.1
0.1
0.1
0.2
0.2
0.2
0.2
0.2
0.2
0.2

0.5)
Er
0.3
0.2
0.1

0

-0.1

-0.2

-0.3
0.3
0.2
0.1

0

-0.1

-0.2

-0.3
0.3
0.2
0.1

0

-0.1

-0.2

-0.3
0.3
0.2
0.1

0

-0.1

-0.2

-0.3
0.3
0.2
0.1

0

-0.1

-0.2

-0.3

MRE
-0.1
-0.2
-0.1
-0.2
-0.2
-0.2
-0.2
-0.2
-0.1
-0.2
-0.2
-0.2
-0.2
-0.2
-0.2
-0.2
-0.1
-0.1
-0.1
-01
-0.2
-0.1
-0.2
-0.1
-0.1
-0.1
-0.1
-0.2
-0.2
-0.2
-0.2
-0.1
-0.2
-0.1
-0.1

IQR Fail DA(0.7)

0.21
0.19
0.16
0.19
0.19
0.23
0.21
0.18
0.19
0.18
0.16
0.24
0.19
0.18
0.14
0.16
0.19
0.21
0.18
0.18
0.21
0.17
0.19
0.16
0.19
0.22
0.21
0.2
0.16
0.18
0.23
0.19
0.18
0.19
0.25

0
20
10
10
10
40
10
10
10

0
20
20
10
20
10
30

0
10

0
20

0

0

0
10

0
20
10
30
10
10
10
10
20
20
20

0.89
0.84
0.92
0.88
0.88
0.78
0.85
0.88
0.9
0.8
0.89
0.8
0.82
0.85
0.91
0.9
0.87
0.86
0.89
0.87
0.86
0.89
0.84
0.85
0.88
0.85
0.9
0.84
0.87
0.88
0.81
0.88
0.83
0.9
0.82
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DA(0.57)
0.97
0.94
0.97
0.97
0.96
0.95
0.94
0.97
0.95
0.96
0.96
0.95
0.95
0.97
0.97
0.99
0.96
0.98
0.95
0.98
0.96
0.96
0.97
0.94
0.96
0.98
0.95
0.97
0.97
0.96
0.97
0.94
0.91
0.96
0.94

RDA(0.57)
0
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Table: D1-I3: 3 inspectors 10 defects 0.4 degree of dependence and 0.4 degree of difficulty

0.5
SD
0.025
0.025
0.025
0.025
0.025
0.025
0.025
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.075
0.075
0.075
0.075
0.075
0.075
0.075
0.1
0.1
0.1
0.1
0.1
0.1
0.1
0.2
0.2
0.2
0.2
0.2
0.2
0.2

0.5
Er
0.3
0.2
0.1
0
-0.1
-0.2
-0.3
0.3
0.2
0.1
0
-0.1
-0.2
-0.3
0.3
0.2
0.1
0
-0.1
-0.2
-0.3
0.3
0.2
0.1
0
-0.1
-0.2
-0.3
0.3
0.2
0.1
0
-0.1
-0.2
-0.3

0.5)
MRE

O O O O O O O O O O O O O O OO OO OC OO OO0 OO O o oo o oo

IQR
0.16
0.12
0.12
0.11
0.13
0.13
0.14
0.14
0.12
0.11
0.1
0.12
0.12
0.12
0.17
0.14
0.11
0.13
0.12
0.13
0.14
0.12
0.1
0.12
0.12
0.12
0.12
0.13
0.12
0.16
0.11
0.12
0.14
0.13
0.1

Fail

OO 000000005 000D DO 5 OO0 00000 0O OO0

Ao
© 3

DA(0.7)
0.98
0.98

-100-

RDA(0.7)

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

DA(0.57)
0.99
1

RDA(0.57)
0
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Table: D1-14: 4 inspectors 10 defects 0.4 degree of dependence and 0.4 degree of difficulty

0.5
SD
0.025
0.025
0.025
0.025
0.025
0.025
0.025
0.05
0.05
0.05
0.05
0.05
0.05
0.05
0.075
0.075
0.075
0.075
0.075
0.075
0.075
0.1
0.1
0.1
0.1
0.1
0.1
0.1
0.2
0.2
0.2
0.2
0.2
0.2
0.2

0.5
Er
0.3
0.2
0.1
0
-0.1
-0.2
-0.3
0.3
0.2
0.1
0
-0.1
-0.2
-0.3
0.3
0.2
0.1
0
-0.1
-0.2
-0.3
0.3
0.2
0.1
0
-0.1
-0.2
-0.3
0.3
0.2
0.1
0
-0.1
-0.2
-0.3

0.5

=
&
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0.5)
IQR
0.07
0.06
0.11
0.09
0.07
0.09
0.08
0.11
0.08
0.06
0.11
0.08
0.08
0.06
0.07
0.07
0.08
0.07
0.08
0.09
0.07
0.08
0.06
0.09
0.06
0.07
0.06
0.09
0.06
0.06
0.09
0.05
0.07
0.08
0.07

Fail DA(0.7)

OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO

1

1
1
1
1
1

1
1
1
1
1
1
0
1
1
1

9
1
1
1
1
1
0.99
1
1
1
1
1
1
1

1
1
1
1

0.99
1
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RDA(0.7)
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DA(0.57)
1

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

RDA(0.57)
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Appendix B

PERT - Beta Distribution

This appendix discusses the PERT Beta distribution and how an inspector’s experience

can be converted to a beta distribution.

Program Evaluation and Review Technique [PERT] was developed by the consulting
firm of Booz, Allen & Hamilton in conjunction with the United States Navy in 1958
as a tool for coordinating the activities of over 11,00 contractors involved with the

Polaris missile program .

The inspector’s experience can be described using the following three values,

e a=an optimistic value (approximate number of defects)
e m=atypical value (most likely)

e b=a pessimistic estimate (minimum number of defects)

The statistical model upon which PERT is based is known as the Bera distribution.
The Beta distribution looks and behaves much like the normal distribution when m is

exactly centered between a2 and b.
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PERT Approximation Formulas

The two statistics needed for statistical application are the mean time and the
variance or standard deviation. The mean value formula is a weighted average of the
three given values where the weight on the minimum and maximum value is one and

the weight on the typical value is 4, thus mean is given by,

_a+4m+b
6

d (B.1)

The variance formula is motivated by the fact that for the symmetric case, almost all
of the probability distribution will be within 3 standard deviations of the mean, so
that one-sixth of the range of the interval is a reasonable approximation for the
standard deviation for the activity duration. Thus the variance is given by the

equivalent formulas shown below:

o2 =(b_“j (B.2)

Beta Distribution Parameters for PERT

The general beta distribution has 4 parameters: minimum and maximum range limits

(A to B), and two shape parameters referred to as o ("alpha") and S ("beta").
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The mean and variance for the beta distribution are given by the following formulas:

a
y—E[X]—A+(a+’BJ(B—A) (B.3)
and,
ol = 124 B (B_A)2 (B.4)
a+B \a+p)(a+p+1) '

Note that the mean value is a weighted average of A and B such that when O <a < 8

the mean is closer to A and the distribution is skewed to the right; whereas for

a > > 0the mean is closer to B and the distribution is skewed to the left. When
o = fthe mean is exactly half way between A and B and the distribution is

symmetric around the mean.

Also note that for a given «/fBratio, the mean is constant and the variance of the
distribution varies inversely with the absolute magnitude of a+f. Thus by
increasing aand B by proportionate amounts the standard deviation may be
decreased while holding the mean constant; and conversely by decreasing « and g

by proportionate amounts, the standard deviation may be increased while leaving the

mean unchanged.
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Thus the range of the beta distribution is determined by A and B, the mean is

somewhere between A and B depending on the «/(a+ ) ratio, and the standard
deviation is small or large depending on whether the absolute value of o + S 1is large

or small.

Now in the PERT application we want to work these equations in the reverse order.

For given end points A and B, we must solve for the appropriate and £, given
mean and variance values determined from the PERT approximation formulas (see

Egn. B.1 and B.2). This can be readily done by introducing the quantity,

p=alla+p).

From the formula for the mean it follows that p=(u—A4)/(B—A4). Then, since

1- p= B /(x+ p), the variance formula implies that,

wipoPA=DB=?
(o}

(B.5)

Then « is given by p(a+ f)and g is given by (1- p)(a + ) . The beta distribution
obtained in this way is called a PERT-beta distribution since the (a,f) shape

parameters are chosen to give mean and variance as given by the PERT approximation

formulas.
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Summarizing, letting 4, B, 11,0 in the above be a, b, d o (Eqn. B.1 and B.2) it follows

that,
az[d—aJ((d—a)(zb—d)_lj (B.6)
b—a o
and,
b-d
'B_(d—a)a’ (B.7)

where the mean and variance terms d and o’ are given in terms of a, m and b by the

PERT approximation formulas given by Eqn. B.1 and B.2.

With these parameter formulas in hand, the simulations can be performed with the
desired beta distributions, i.e. with beta distributions having ranges and means and

variances according to the PERT approximation.
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