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ABSTRACT

Software engineering methodologies are subject to conmusk
benefit tradeoffs. Economic models can help practitionedsra-
searchers assess methodologies relative to these traidé&dfec-
tive economic models, however, can be established onlugftro
an iterative process of refinement involving analytical angpir-
ical methods. Sensitivity analysis provides one such nettRy
identifying the factors that are most important to mode&nss
tivity analysis can help simplify those models; it can alderitify
factors that must be measured with care, leading to guielior
better test strategy definition and application. In priorkvave
presented the first comprehensive economic model for threseg
sion testing process, that captures both cost and bendbtdael-
evant to that process while supporting evaluation of thesegsses
across entire system lifetimes. In this work we use seiitgitanal-
ysis to examine our model analytically and assess the fathait
are most important to the model. Based on the results of tizya
sis, we propose two new models of increasing simplicity. ¥éeas
these models empirically on data obtained by using regressst-
ing techniques on several non-trivial software systems.r€sults
show that one of the simplified models assesses the relhijmns
between techniques in the same way as the full model.

Categories and Subject Descriptors
D.2.5 [Software Engineering: Testing & Debugging—testing tools

General Terms
Experimentation, Measurement, Verification, Economics

Keywords

Regression testing, test case prioritization, regreds&trselection,
economic models, sensitivity analysis, empirical studies

1. INTRODUCTION
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[2], and these contribute to determining the overall costslzene-
fits of particular processes.

To assess methodologies and predict their costs and beeéfits
fective economic modelare needed. Several such models have
been created in relation to software engineering. For el@mp
Boehm et al. [2] provide COCOMO-II for use in estimating soft
ware development costs, and Freimut et al. [10] provide aeinod
for use in assessing the cost-effectiveness of inspectiocepses.
While these models estimate costs incurred during the softw
development phase, other models consider issues relatgasto
development phases. For example, Ostrand et al. [34] prowid
model for use in estimating the fault proneness of systemd, a
Wagner [36] provides a model for use in assessing the costs an
benefits of defect detection techniques.

Economic models such as these cannot be created and assessed
in a single step; rather, they must be refined and improves ite
atively over time. Thus, for example, the COCOMO model has
gone through several calibration and evaluation stepstaassess
its accuracy researchers used a database of 63 completedrsof
projects over a period of 15 years [2]. Models must also be as-
sessed, iteratively, across different systems in ordereteglize
them; thus, for example, Ostrand et al. [35] have appliedthed
adjusted their fault proneness model across several system

One fundamental question to ask when refining an economic
model involves whether it can be simplified, because modgbisi
fication renders the process of collecting or estimating ehddta
less expensive. A second question to ask involves a modelfsss
of uncertainty and imprecision, because in most non-triviadels
some data (e.qg., fault costs) must be estimated, and somiefap
tors are associated with uncertainty (e.g., programmensand
revenue with economic growth). Answers to this second ¢uest
can help practitioners and researchers identify factasréquire
more careful measurement tools and estimation effortgljigao
guidelines for better test strategy definition and applcat

There are many approaches available, both analytical apd-em
ical, for refining and improving economic models. For exaapl

Many software engineering methodologies face complex cost Principal component analysis [12] assesses the importahper-

and benefit tradeoffs that are influenced by a wide varietyaof f
tors. For example, software development processes arermatal
by system size, personnel experience, and requiremeraslivpl
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ticular factors in models, supporting model simplificatiddensi-
tivity analysis [30] uses empirical data and statisticathmds to
investigate the dependence of model outputs on model inants
it facilitates the apportionment of uncertainty in outpttsources
of uncertainty in inputs, supporting both model simplifioatand
input factor prioritization. Empirical studies formuledead test hy-
potheses that allow us to determine causal connectionsebatw
factors and cost-benefits, and to assess the degree of agrielesa
tween model estimations and cost-benefits in practice.
One area of software engineering in which comprehensive eco

nomic models have been relatively scarce (see Section @lvew



software testing, and in particular, software regressstirig. This
scarcity is unfortunate, because comprehensive economizis
of testing and regression testing processes would be usetfaith
practitioners and researchers, providing ways to pretietrela-
tive cost-benefits of particular techniques, and ways tessstech-
niques more accurately in empirical studies.

In earlier work we presented EVOMO, the first comprehensive
economic model for assessing the costs and benefits of ségmes
testing processes [4], that captures both cost and benetfitsael-
evant to those processes, while facilitating their evabmafcross
entire system lifecycles rather than on single releasehisrpaper
we use sensitivity analysis to refine EVOMO. We use the result
of this analysis to identify the input factors that are magportant
to the model; this analysis allows us to generate two new teode
of increasing simplicity. We assess our simplified modelpieim
cally by applying them to data obtained from several sofensys-
tems. Our results show that one of our simplified models caasss
the relationships between regression testing techniguieisame
way as the full model.

Ultimately, this paper makes two primary contributionsrsEi
our simplified models are less expensive to utilize than oitiiai
model, as they require attention to fewer metrics. Secamcaial-
ysis yields a way to prioritize the factors included in ourdats,
helping researchers understand which factors merit stosty éind
helping practitioners understand which factors merit noaseful
measurement. Beyond these contributions, as an illustrafi the
process of using sensitivity analysis, this work may be wlstef
other researchers creating economic models for other sinand
testing processes and techniques.

The rest of this paper is organized as follows. Section 2igesy
background information on regression testing, economidets
and sensitivity analysis. Section 3 describes our economoidel.
Section 4 describes the application of sensitivity analysiour
model, and presents our simplified models. Section 5 presemt
empirical evaluation of the models. Section 6 discussetpé-
cations of the analysis and empirical work and concludes.

2. BACKGROUND AND RELATED WORK

2.1 Regression Testing Practice and Research
Let P be a program, leP’ be a modified version oP, and let
T be a test suite foP. Regression testing attempts to valid&te
As a typical common practice [21], often engineers simplysee
all non-obsoletktest cases iff” to testP’ — this is known as the
retest-all techniqueRerunning all of these test cases, however, can
be very expensive; for example, Srivastava et al. [33] citase in
which an office productivity application of 1.8 million lisef code
has a test suite of 3128 test cases that require over fourtdays.
For this reason, researchers have studied various methiooks
ducing the cost and improving the effectiveness of regoessst-
ing. Regression test selection techniq(esg., [22, 29], for a survey
and additional references see [28]) attempt to reducentgstists

coverage information obtained through instrumentaticroofe and
collection of test traces.

Numerous studies of test selection and prioritization Hzeen
performed (e.g., [8, 14, 27]), and these have revealed usifec-
tors responsible for the performance of specific techniguegen-
eral, regression test selection techniques can reducs bypste-
ducing testing time, but they can lead to increased coskejf ket
faults slip through undetected into the post-testing peri@st case
prioritization techniques can reduce costs by revealingSaarly,
allowing fault correction activities that occur in that joet to be
performed in parallel with testing rather than afterwardt they
can increase costs if the analyses they depend on are iateljin
expensive. Determining in advance what techniques arly likédoe
most cost-effective in a particular situation, howevenassimple,
and even finding metrics capable of properly assessing thtvee
benefits of techniques can be difficult [7, 9].

2.2 Economic Models

There have been only a few, simple models for regression test
ing proposed to date. Leung and White [17] present a model tha
considers some of the cost factors (testing time, technéeeu-
tion time) that affect the cost of regression testing, batrttmodel
does not consider benefits. Malishevsky et al. [18] exteisdibrk
with cost models for regression test selection and testmaseti-
zation that incorporate benefits related to the omissioaufs and
to rate of fault detection. Harrold et al. [11] present a cage-
based predictive model of regression test selection éftawtss,
but this predictive model focuses only on reduction in nurg
test cases. Do et al. [6] extend Leung and White and Maligty&s/s
models, for test case prioritization, to incorporate daddal cost
factors (analysis and technique execution time).

There has been some work on economic models for testing (as
distinct from regression testing). Muller et al. [19] presan eco-
nomic model for the return on investment of test-driven ttgyve
ment (TDD) compared to conventional development, provicess
benefit analysis, and identify a break-even point at whiclDT2-
comes beneficial over conventional development. As alreathd,
Wagner [36] proposes an analytical model of the economickof
fect detection techniques that incorporates various easofs and
revenues, considering uncertainty and using sensitivighyais to
identify the factors most relevant for model simplification

While economic models in the software testing and regrassio
testing areas are not well established, in other softwag@ear-
ing areas models have been considered much more extensively
These include the models of Ostrand et al. [34] and Freimut et
al. [10], already mentioned; Kusumoto et al. [16] also ps®o
a model for assessing the cost-effectiveness of softwapeation
processes. There have also been many models created tssaddre
software process and development costs and benefits; Bdedim e
[2]'s COCOMO-II model, mentioned earlier, is probably thesh
well-known. Recent research in value-based software epging
has also sought to model various engineering activitiegfReOn

by selecting, froni’, a subset of test cases that should be executed |nvestment (ROI) models, which calculate the benefit retfra

on P’. Test case prioritization techniqués.g., [8, 33]) reorder test
cases, scheduling test cases with the highest priorityrdicgpto
some criterion earlier in the testing process. Most selacnd pri-
oritization techniques operate in concert with some soptrofram
analysis activities; most prevalent are techniques thitaicode

LA test case is obsolete fdP if it can no longer be applied t®
(e.g., due to changes in inputs), is no longer needed td*téstg.,
due to being designed solely for code coverag@pand now on
P’ redundant in coverage) or if its expected output®ndiffers
(e.g., due to specification changes) from its expected v oip& .

given investment [24], provide one such approach, supgpgys-
tematic, software business value analysis [1, 19].

2.3 Sensitivity Analysis

While sensitivity analysis has been applied in many areas in
which complex modeling is required, including atmosphehem-
istry, transport emission, and fish population dynamicg, [Bhas
not yet seen widespread use in relation to software engigger
Nonetheless there has been some research that has utéizgid s
tivity analysis in software engineering contexts.



Wagner [36, 37] applies sensitivity analysis to his modetief

fect detection techniques and the COCOMO model to investiga

which input factors are most important. Freimut et al. [10} a
ply sensitivity analysis to their models of software insjg@t pro-
cesses. Musilek et al. [20] perform sensitivity analysis@@-
COMO Il to assess the effect of imprecise evaluations, sérstie
mation models typically rely heavily on data obtained byjsative
expert evaluations affected by imprecision and uncesgtaifo-
drigues et al. [26] use sensitivity analysis to identify gmments
and usage profiles that have the greatest impact on theiligjialb
software systems. Wakeland et al. [38] apply sensitivigigsis in
evaluating changes to a software development process toreap
number of important aspects of the software developmernitanv
ment.

To date, of this work, only Wagner’s has studied models eelat

to testing, and none of this work has considered sensitriglysis
in relation to economic models of regression testing praees

3. THE EVOMO ECONOMIC MODEL

In this work we utilize an economic model of regression testi
that we introduced initially in [4]. Our economic model, EMD
(EVOlution-aware economic MOdel for regression testingjp-c
tures costs and benefits of regression testing methodslogie-
tive to particular regression testing processes, corisglenethod-
ologies in light of their business value to organizatiomsfarms

of the cost of applying the methodologies and how much rexenu

they help organizations obtain. The regression testingga®that
the model corresponds to is the comntmatch process in which
system modifications are performed over a period of time ¢lhi

might range from days to several weeks or months) and then re-

gression testing is used (in succeeding days, weeks or gjorath
assess those modifications [21].

EVOMO involves two equations: one that captures costsaélat

to the salaries of the engineers who perform regressiomge&bd
translate time spent into monetary values), and one thatiep
revenue gains or losses related to changes in system reigese
(to translate time-to-release into monetary values). iSagmtly,
the model accounts for costs and benefits across entirarslifte
times, rather than on snapshots (i.e. single releasespsé tsys-
tems, through equations that calculate costs and benefitss en-

tire sequences of system releasélse model also accounts for the

use of incremental analysis techniques (e.qg., reliance@nqusly
collected data where possible rather than on complete neatam
tion of data), an improvement also facilitated by the coasition
of system lifetimes.

The two equations that comprise EVOMO are as follows; terms

and coefficients are described briefly in Table 1.

Cost = PS * Zn:(csa) + CO;(i) + CO, (i)
- +b(i) * CVi(i) + (i) * CF(3)) (1)
Benefit = REV x i:(ED(i) — (CS(i) + CO4 (i) + CO.(i)
+ ain(i — 1) % CAmEi:i 1) + aer(i — 1) % CAp(i — 1) + CR(3)
+b(0) % (CE() + CVi(i) + CVa(i)) + CD(©))  (2)

To illustrate the use of this formula, if an organization sloet
test their product at all before delivery, then they gaireraie by
reducing all of the cost terms other théi#' in Equation 1 to zero,
and all the cost terms of fornd’X in Equation 2 to zero. IICF
is zero, the resulting revenue increase is proportionahéosaved

Table 1: Terms and Coefficients

Term Description
S software system
i index denoting a releas®; of S
n the number of releases of the software system
u unit of time (e.g., hours or days)
CS(3) time to setup for testing activitieS;
CO; (i) time to identify obsolete tests fd;
CO, (1) time to repair obsolete tests {6t
CAj, () | time toinstrument all units in
CAy-(2) | time to collect traces for test casesSp_ ;
CR(1) time to execute a technique itself &h
CE(i) time to execute test cases 6p
CVy(1) time to apply tools to check outputs of test cases ruispn
CVi(i) (human) time for inspecting the results of test cases
CF (1) cost associated with missed faults after the delivergof
CD(1) cost associated with delayed fault detection feedback;on
REV revenue in dollars per unit
PS average hourly programmer’s salary in dollars per unit
ED(1) expected time-to-delivery in unitsfor .S; when testing begins
ain (1) coefficient to capture reductions in costs of instrumeotefor .S;
due to the use of incremental analysis techniques
a(1) coefficient to capture reductions in costs of trace coltecti
for .S; due to the use of incremental analysis techniques
b(4) coefficient to capture reductions in costs of executing alidiating
test cases fof; due to the use of incremental analysis techniquep
c(i) number of faults that are not detected by test suit&pn

expected delivery timé&D. When a regression testing technique
reduces (increases) testing time, either through sefeoctigriori-
tization, the right hand side of Equation 2 is positive (g3, in-
dicating an increase (decrease) in revenue. These reveanges
are coupled, however, with changes in costs captured intiequi

in determining whether techniques are cost-beneficialadver

When comparing regression testing technigiidsand 72 for
relative cost-benefits, we use Equations 1 and 2 as follows:

(Benefityy — Costry) — (Benefitpa — Costra) (3)
with positive values indicating tha&f'1 has greater value than2,
and negative values indicating tH&t has lesser value thah2.

To utilize EVOMO, the constituent costs captured by the rhode
must be measured or estimated in a manner appropriate tathe p
ticular regression testing processes being utilized amgdahnticular
systems being tested. While various approaches could liktase
measure constituent costs, in this work we measure costsl-as f
lows, a manner suitable to the object systems that we userin ou
empirical work with the model (described further in Secti)n

Cost of test setup(CS). This includes the costs of setting up the
system for testing, compiling the version to be tested, andig-
uring test drivers and scripts.

Cost of identifying obsolete test case6CO;). This includes the
costs of manual inspection of a version and its test casdgjeter-
mination, given modifications made to the system, of thedases
that must be modified for the next version.

Cost of repairing obsolete test case6CO,). This includes the
costs of examining specifications, existing test casestemtdrivers,
and those of observing the execution of suspect tests avetslri

Cost of supporting analysis(CA). This includes the costs of in-
strumenting programs({4;,) and collecting test trace€{ ).

Cost of technique execution(CR). This is the time required to
execute a regression testing technique itself.

Cost of test executionCE). This is the time required to execute
test cases.

Cost of test result validation (automatic via differencing (C'Vy).
This is the time required to run a differencing tool on testpots
as test cases are executed.



Cost of test result validation (human via inspection) C'V;). This
is the time needed by engineers to inspect test output casopar

Number and cost of missing faults(c and CF). For any regres-
sion testing technique that could miss faults, we measeretm-
ber ¢ of faults missed. Determining the cost of missed faults is
much more difficult. Given the factors that can contributeatod
the long-term nature of, this cost, we cannot obtain thissue=adi-
rectly. Instead, we rely on data provided in [32] to obtaitinreates

of the cost of faults, and given the size of our experimengcisjwe
choose 1.5 person hours, which is attributed by [32] as tkeafo
“ordinary” faults, as the cost of localizing and correctioie fault.

Cost of delayed fault detection feedbackCD). For each regres-
sion testing technique, we measure the rate of fault deteetx-
hibited by the test suite associated with that techniqueljeghto a
program version. Then, following the approach of [18], wang-
late this rate into the cumulative cost (in time) of waitirmy €ach
fault to be exposed while executing test cases under a plartic
order, defined adelays

Revenue(REV). We cannot measure revenue directly, so we es-
timate it by utilizing revenue values cited in a survey oftaaire
products ranging from $116,000 to $596,000 per empldyBe-
cause our object programs are relatively small, we use tladessh
revenue value cited, and an employee headcount of ten.

Programmer salary (PS). We cannot measure this metric directly
so we estimate it. We rely on a figure of $100 per person-hour,
obtained by adjusting an amount cited in [13] by an appropria
cost of living factor.

Expected time-to-delivery (ED). Actual values forED cannot
easily be obtained for the systems that we study. In our ecapir
work we rely on comparisons of techniques to a control sigtegu
Equation 3; this approach cancels out 8 values because these
are the same for all cases considered.

Other coefficients a;x (%), a:r (i), andb () capture, proportionally,
reductions in cost due to the use of incremental analysisitgues;
their values are captured directly from our empirical data.

In addition to the costs just described, there are othes@ssto-
ciated with regression testing that are not currently aotsmlifor
by EVOMO, such as the costs of initial test case developnieint,
tial automation, test tool development, test suite maemer, man-
agement overhead, database usage, and developing neadest ¢

Table 2: Object Programs and Associated Data

Objects Versions | Classes Size Test | Mutants
(KLOCs) | Cases

ant 9 627 80.4 877 412

jmeter 6 389 43.4 78 386

xml-security 4 143 16.3 83 246

nanoxml 6 26 7.6 216 204

galileo 16 87 15.2 912 2494

Monte Carlo methods require us to specify an input distiiiout
function for each input factor (each input variable in ouor@mic

model). There are various ways to obtain such input diginbu
functions, including the use of literature surveys, encairidata,

or expert opinion. In this paper we utilize empirical dat#lexied

through the following procedure.

Data collection procedure

We collected empirical data using sequences of versiorteafdva
systems described in Table 2nt, xml-security jmeter, galileo,
andnanoxml Antis a Java-based build tool; it is similar to make,
but it is extended using Java classes instead of with shskd
commands.Jmeteris a Java desktop application used to load-test
functional behavior and measure performanéaml-securityim-
plements security standards for XMGalileo is a Java bytecode
analyzerNanoxmlis a small XML parser for Java.

The table lists, for each of these objects, information sagso-
ciated “Versions” (the number of versions of the object paog),
“Classes” (the number of class files in the most recent versfo
that program), “Size (KLOCSs)” (the total lines of code in thest
recent version of that program), and “Test Cases” (the nurobe
test cases available for the most recent version of thatranogy
The first three objects have JUnit test suites, and the lashawve
TSL (Test Specification Language) suites [23]. These progra
versions, and test suites are all available as part of thergi&s-
tructure, a public repository supporting experimentafjn

We consider three test case prioritization approaches @srsh
in Table 3; an original order of test casé®), corresponding to
the use of the retest-all technique with no prioritizatioralgsis
performed and serving as a control, and two prioritizatienris-
tics: “total coverage” and “additional coverageTo utilizes the
order in which test cases are executed in the original gstnpts
provided with the object programs, and thus, serves as o@®0

There are also ways in which the costs captured by EVOMO have tja| representative of “current practice”. The former listic or-

been simplified; for example, expected-time-to-deliveogsl not
account for factors such as the additional costs of failmgneet
specific (e.g., contractual or sales-related) deadling©MNO could
be extended to incorporate other costs such as these.

4. SENSITIVITY ANALYSIS

There are various ways in which sensitivity analysis candsely
we focus on screening input factors to identify those thatraost
influential, in order to improve our model. To do this, we ol
standard sensitivity analysis procedures as defined in [THe
following subsections describe our application of the apph, our
results, and the simplified models that result.

4.1 Sensitivity Analysis Approach

We used theSimlabsensitivity analysis package, which is de-
signed for Monte Carlo methodsto perform our analysis [31].

2http://www.culpepper.com

ders test cases in terms of the total numbers of basic blocig-(
imal single-entry, single-exit sequences of statemehgsy tover
in the programs tested, as measured through test tracedatidre
heuristic adds a “feedback” mechanism, prioritizing testes in
terms of the numbers of additional (as-yet-uncovered)ksdhey
cover, by greedily selecting the test case that covers thst am
yet-uncovered blocks until all blocks are covered, thereaépg
this process until all test cases have been prioritized.

Table 3: Test Case Prioritization Techniques.

Label | Technique Description
To original original ordering
Tct total coverage prioritize on coverage of blocks

Tca additional coveragg prioritize on coverage of blocks
not yet covered

To capture costs and benefits related to regression testisale
approaches we used two selective retesting approachesh wii

3Monte Carlo methods are one of the widely used sampling basedapplied to each of the three test prioritization approacligized.

sensitivity analyses.

The first approach uses complete test suites, and thus isadenti



to the retest-all technique. The second approach haltexesu-
tion halfway through the testing process (when half of tise¢ases
in the ordered test suite have been executed). This appadach
lows us to model, in a controlled manner, a test selectionga®in
which prioritization is used to rank test cases, such thanmy
intervening time constraints halt testing, the test cdsaisare most
important (up to that point in time) will have been executed.

Because our economic model evaluates regression testihg te
niques relative to their fault-revealing capabilities, reguired ob-
ject programs containing regression faults, so we utilizediation
faults that came with our object programs, having been coctstd
for use in a prior study [5]. The numbers of mutation faultaibv
able for each of our object programs is shown in column sixaef T
ble 2. To obtain test coverage information required by tepes
used in the experiment, we used the Sofya [15] analysis tool.

EVOMO evaluates the application of regression testingrtiegles
across entire sequences of versions of programs, so wetealle
data relative to our programs’ sequences of versions. Thidpwe
considered each object program in turn, and for each veditirat
program and each selected mutant group for that versioniedpp
each prioritization technique and collected the appropnalues
for cost variables. Then, for each object program, we obthB0
sequences of mutant groupyg randomly selecting a mutant group
for each version. We then collected cost variables consiglel|
orderings of test cases (original order and orders prodbgeuti-
oritization heuristics) under both selective retestingrapches (all
test cases or 50% of the test cases executed.) We used theted||
cost variables to provide the data for input distributioos fensi-
tivity analysis?

Analysis Procedure

Having collected empirical data, we examined the data tecsel
distribution functions for input factors. We chose a trialag dis-
tribution, a choice that is recommended when empirical dats
not show clear distribution patterns or when other evidéaag®t
available [31]. Using our empirical data we obtained theutngl-
ues necessary for generating sample data under this disbrib
the minimum, maximum, and most likely values for each inpwat f
tor. Table 4 presents this dataAll data except for coefficients
(ain, atr, b, andc), REVandPSare provided in seconds. For other
terms’ metrics see Table 1.

Table 4: Data Utilized in Sensitivity Analysis

Input Factor| Min Max | Most likely value
CS 720 | 3600 1730
co; 2460 | 12300 5900
O, 0 [ 20200 4040
CAip 0 | 5440 2020
CAygr 0 | 11900 3530
CR 0 | 11300 1980
CE 114 | 12000 3350
cv 329 | 6700 2070
CF 5400 | 82300 43800
CD 5 | 34600 4660
REV 0.088 0.82 0.454
PS 0.022 | 0.033 0.027
i, 0 1 0.41
agr 0 1 0.78
b 0 1 0.44

c 0 28 5

4Complete data sets can be obtained from the first author.

5CV,; and CV; have been merged into a single variabl¥, be-
cause in our dat&'V; contributed less than 10 seconds on average.
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Figure 1: Sensitivity analysis results (vertical axis:o; horizon-
tal axis: u)
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Figure 2: Detailed view of the lower-left corner of Figure 1 {er-
tical axis: o, horizontal axis: u)

The next step in sensitivity analysis after defining inpstrabu-
tions is to choose a sample generation method — these acaltypi
chosen based on the analysis goal [31]. Since our primaryigoa
the identification of important factors and model simplifios, we
selected the Morris method, a technique that ranks inptofam
order of importance (details given below). We applied thettmd
to our data using th8imlabpackage.

4.2 Sensitivity Analysis Results

Figures 1 and 2 show the result of our application of serifitiv
analysis. The first figure plots all factors, and the secoondiges
a more detailed view of the lower-left corner of the first. TWer-
ris method calculates two sensitivity measures for eactofaa
measureu that estimates the overall effect of the factor on the out-
put, and a measurethat estimates standard deviation of the factor.
Typically, uis used when the analysis goal is to rank factors in order
of importance (it does not quantify the differences in impnoce).

A smaller value ofu implies that a factor is less influential in af-
fecting output than a larger value. In the figures, the vaktixes
indicates values, and the horizontal axes indicatealues.

From Figure 1, we observe that input variables ¢ (number of
missed faults)CF (cost associated with missed faultREV (rev-
enue), andCD (cost associated with delayed fault detection feed-
back) have the most significant influence on the output, aad ar
clearly separated from others. In particular, the numbenisked
faults has the strongest effect, which suggests that tqubsithat
can reduce post release defects can make the most signifmant
tributions to the reduction of overall regression testiogts.



Turning our attention to other factors and Figure 2, we can-id
tify three separate groups of points in the figure: 1), CV, CS
andCA;,; (2) CE, air, C A, b; (3) CO;. The first group has the
smallest influence on the output, the second group has tloadec
smallest influence, and so on. Faofé®; could be placed into the
second group, but we separate it out because Figure 1 shatvs th
CO; is closer toPSandCR. Reflecting on this grouping, the low
influence ofCSandCV on output is not surprising, because these
costs tend to be relatively small compared to others.

4.3 Simplified Models

Given the foregoing classification of factors we proceechwit
model simplification by fixing unimportant factors at a giveue
over their range of uncertainty [31].

When fixing factors at given values, we need to select appropr
ate values. One common approach for doing this involvekzimg)
estimates of value ranges obtained from prior projects pekx
knowledge. This approach may be the only one available when
working with a new system, but it has the disadvantage ofiposs
ble imprecision. When dealing with evolving systems, anrak-
tive approach involves using values derived from earlistey re-
leases. This incurs measurement costs initially but thesadob-
taining these values are then amortized over subsequesibnsy

Before addressing these questions, however, it is impiottan
first assess whether the simplifications identified by thaiseity
analysis themselves are acceptable in terms of the impacttay
have on model computations. Sensitivity analysis allowsuysi-
oritize factors, but this does not tell us the degree of implaat
the removal of particular factors may have on model outpud, i
does not tell us how far to proceed with such removal. Until we
have examined the effects of the simplifications, we canasér
that the simplified models we have created are appropriate.

Because our simplified models omit certain cost factors, o dv
not expect them to produce results that are numericallyvatgnt
to those produced by the original model. However, if the difirepl
models preserve the same relationships between regreestory
techniques as are captured by the full model, then they ruomti
to support accurate conclusions about the relative castflie of
techniques. In this case, the simplified models are benkfizia
researchers, who can focus on more important factors wren th
assess and create regression testing techniques, ancctitiquma
ers, who can avoid the costs of measuring omitted factorsstihd
use the models to select techniques.

Thus, we investigate the research questi®um our simplified
models preserve the relative cost-benefit relationshipedsen re-
gression testing techniques that the initial model cag@re

on which the fixed factors need no longer be measured. We thus To answer this question we performed a controlled expetimen

chose this alternative approach.
Based on our analysis results we consider three modelsidincl
ing our original EVOMO model and two refinements, as follows:

e Model 1(the original EVOMO model) considers all factors,
as shown in Equations 1 and 2 in Section 3.

e Model 2fixes the four least significant factoGS CV, C A;.,,
anda;,. In the equations, we represent the value of these
fixed factors collectively as constarks and Ko.

Cost = PS*(zn:(COZ'(i)—i—COT(i)—i—c(i)*CF(i))—i—Kl)
i=2

4)

Benefit = REV % () _(ED(i) — (CO;i(i) + CO(i)
=2
+ at,-(i — 1) * CAtr(’i — 1) + CR(Z)
+b(i) * CE(i) + CD(7))) — K2) (5)
e Model 3fixes the four additional factors;, CE, a¢-, and
C Ay, in addition to those fixed fokModel 2 We represent
these together as constdis.

Cost = PS*(Xn:(COZ-(i)—i—CO,-(i)+c(i)*CF(i))+K1)
=2
(6)

Benefit = REV x (i:(ED(z) — (CO; (@) + COr(4)
i=2

+ +CR(i) + CD(i))) — K2 — K3) (7)

5. MODEL EVALUATION

In the previous section, we obtained two simplified economic
models by conducting sensitivity analysis. There are varigues-
tions that should be examined empirically about these nsodét
timately we would like to assess the accuracy of the modejeem
tations, and whether the models generalize over otherragste

The following subsections present our objects of analysigpen-
dent and dependent variables, experiment setup and désigats
to validity, and data and analysis. Section 6 provides &irthis-
cussion of the implication of the results.

5.1 Objects of Analysis

We use the five Java systems described in Section 4 (Table 2),
together with their versions, tests, and faults, as ob@csalysis.

5.2 Variables and Measures

Independent Variables

Our experiment manipulated two independent variablesritida-
tion approach and selective retesting approach. As in@edtithe
three prioritization approaches are those listed in Tapln8 the
two selective retesting approaches are those in whichdestsin to
completion (the retest-all technique), and in which timestoaints
halt testing prematurely (in our case, when testing is halfaom-
plete). The latter choice provides a controlled approacetective
test re-execution that can be combined in a controlled nramite
each of the priorization techniques considered.

Dependent Variable and Measures

Our dependent variable is the cost-benefit value calculayeap-
plying the models presented in Sections 3 and 4. Cost andibene
components are measured in dollars. The cost componethisiénc
the constituent measures collected as described in Segtioro
compare techniques, however, we use a further calculatiaiv-

ing Equation 2. For this calculation, we use the original teder

as a baseline, assuming that the cost-benefit value of usa@t-
der is zero for the given cadeThen, we determine the difference
in cost-benefit values between the original test order aadeth-
niques by treating the technique&$ in Equation 2, and the orig-
inal order asl"2 in that equation. We apply the foregoing approach
separately for the cases in which testing is run to compiediad
halted halfway. This approach removes the need to haves/&ue
E D because the use of Equation 2 cancels that variable out.

5We use a mean value of the cost-benefit of the original tegtrord
for each version since each has 30 sequence values.
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Figure 3: Empirical data from each model for ant, jmeter, and xml-security.

5.3 Experiment Setup

In Section 4, we described how we collected and estimated cos
variables relative to our object programs. In this expenmee
utilize the same procedure. We then used the collected eoist v
ables to calculate relative cost-benefit values for eachethiree
prioritization approaches applied to each of the five pnografor
each of the two selective retesting approaches, and wetespibés
for each of the three economic models. Each of these cailougat
required a calculation of the relative cost-benefit valudtie given
technique for each of the 30 sequences of mutant groupsdréat
each given program. These relative cost-benefit valueg sarthe
data for our subsequent analysis.

5.4 Threats to Validity

In this section we describe the external, internal, and tcacis
threats to the validity of our study, and the approaches e ts
limit the effects of these threats.

External Validity. The Java programs that we study are relatively
small (7KLoc - 80KLoc), and their test suites’ executionésrare
relatively short. Complex industrial programs with ditet char-

"Complete data sets can be obtained from the first author.

acteristics may be subject to different cost and benefibfacind
tradeoffs. The testing process and the cost of faults we aigedot
representative of all processes and the fault severiters iseprac-
tice. On the other hand, our experiment objects are reatmaal
systems, with the original test suites created for them tyelde
opers. Ultimately, further understanding of the extent kicl our
results on these objects generalize can be achieved onlyghad-
ditional studies with wider populations of programs and sestes,
different testing processes, and wider ranges of faults.

Internal Validity. The inferences we draw could have been af-
fected by several factors. One factor involves potentialt$an the
tools that we used to collect data. To control for this thret val-
idated our tools on several simple Java programs. A secatarfa
involves the actual values we used to calculate costs, sbmigich
involve estimations (e.g., fault costs, revenue, and @nogner’s
salary). The values we used for revenue and costs of cargecti
and missing faults are estimated based on surveys foune ilitth
erature, but such values can be situation-dependent. @ fenitor
involves the choice of factors for model simplificationsn& the
Morris method provides qualitative sensitivity measuetber than
measures that quantify how much more important a given fagto
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Figure 4: Empirical data from each model for nanoxml and galileo.

than others, our choice of factors to elide is somewhat stitage In
summary, we exercised care in selecting reasonable egtimaael-
evant to our object programs, but larger-scale studiedwitieeded
to follow up on these results.

Construct Validity. The dependent measures that we have con-
sidered for costs and benefits are not the only possible mesasu
related to regression testing cost-effectiveness. O#sting costs,
such as initial test case development, initial automatwsts; and
test suite maintenance, might be worth measuring for diffetest-

ing situations and organizations.

5.5 Data and Analysis

In this section, we describe and analyze our results. Weisksc
implications of these results in Section 6.

To provide an overview of the collected data, we present box-
plots in Figures 3 and 4, which show relative cost-benefitiltes
for the three programs(it, jmeter, andxml-security that have JU-
nit test suites, and the two programsafoxmland galileo) that
have TSL test suites, respectively. In the figures, each resgmts
results for one object program. Each row contains two subfig-
ures, presenting results for the two selective retestimgagthes
(complete test runs and runs halted halfway, labeled “edstton:
100%” and “test selection: 50%”, respectively).

In each subfigure, the horizontal axis lists technique-rhpalies,
and the vertical axis lists relative cost-benefits in dsllaHigher
values correspond to greater relative cost-benefit vallibs. first
three boxplots present results obtained udihgdel 1, the next
three boxplots present results usiktpdel 2 and the last three
boxplots present results usitpdel 3(as indicated by suffixes on
technique-model labels appearing beneath the subfiguréhinw
each model’s results, the three boxplots represent, fagitles test
suite orderings, the distribution of relative cost-beseifit dollars
across the 30 sequences of mutant groups used on the ver§ions
that object program. For example, the first boxplot (To-mlgach
subfigure presents data for the original test ordering uivimtel
1, and the next two boxplots (Tct-m1 and Tca-m1) present data f
the two prioritization heuristics undéfodel 1

We begin with descriptive analysis of the data in the boxglot
considering cost-benefit differences between techniques.

We first examine the boxplots for each object program in the su
figures on the left, corresponding to the case in which alldases
are executed. In Figure 3, for the three object programshiines
JUnit test suites, we see that neither of the prioritizakiearistics
(TctandTca) appears to be cost-beneficial compared to the orig-
inal ordering o), under any of the models. For the two object
programs in Figure 4, which have TSL test suites, the hécsiss-



ing feedback Tca) appear to be slightly more cost-beneficial than
the original ordering for all models. Techniques not usiegdback
(Tct) are more cost-beneficial than original orderings for Mdglel
on nanoxm) but not in other cases.

The boxplots in the subfigures on the right, correspondirtgeo
case in which test selection halts halfway through, disgléigrent
results. In all cases but onarf(f), at least one of the prioritiza-
tion heuristics appears to produce test orders that are ouste
beneficial than the original ordering. In particular, in teses of
xml-securityandnanoxm] both heuristics appear to be more cost-
beneficial than the original order.

In other words, there are several cases, under each of the mod

els, in which prioritization heuristics appear to improve tcost-
effectiveness of regression testing, but the improvensmetgreater
in the cases in which testing has been halted halfway througére
selective retesting has occurred.

Moving on to our research question, we next consider the rela
tionships between techniques as our model is simplifiedreTae
two ways to consider these relationships. The first apprcach
siders whether theelative rankingof techniques (which performs
best, which second best, which third best) remains the sarmesa
models. However, relative rankings of techniques can rertie

same even though technique benefits change, so the second af

proach considers whethassessed benefitivhether an heuristic
outperforms the original order for a given type of test sided
varies across models.

Considering the results descriptively, under both modetgp+
pears that on all programs other thant, the relative ranking of
technigues remains the same. In the casanfrelative rankings

appear the same in all cases except for Model 3 under saectiv

retesting; this model, unlike Models 1 and 2, ranks both iséas
above the original order. Viewing the results in terms okased
benefit, the prior observation indicates thatis problematic, and
also, onnanoxmlandgalileo there are cases in which, under sim-
plified models, heuristics seem to be assessed as benefreatw
they were not under Model 1.

Statistical Analysis

The foregoing observations prompt us to assess the diffescloe-
tween models statistically. Since results vary substliy@aeross
object programs, we analyzed the data for each object gepara
For our statistical analyses, we used the Kruskal-Wallizpaoa-
metric one-way analysis of variance followed by Bonferiotest

for multiple comparisons [25]. We used the Kruskal-Wakisttbe-
cause our data did not meet the assumptions necessary gy usi

Table 5: Kruskal-Wallis Test Results, per Program

test selection: 100%
Program Modell Model2 Model3
chi. p-val. | chi. p-val. chi. p-val.
ant 79 | <0.0001| 79 | <0.0001 79 | <0.0001
jmeter 59 | <0.0001| 59 | <0.0001 59 | < 0.0001
xml-security | 59 | < 0.0001 59 [ < 0.0001 59 | < 0.0001
nanoxml 33 | <0.0001| 37 | <0.0001 45 | < 0.0001
galileo 58 | <0.0001| 57 | <0.0001 65 | < 0.0001
test selection: 50%
Program Modell Model2 Model3
chi. p-val. | chi. p-val. | chi. p-val.
ant 58 < 0.001 30 < 0.001 10 0.005
jmeter 12 0.002 4 0.13 | 4.5 0.1
xml-security | 25 < 0.001 31 < 0.001 25 < 0.001
nanoxml 74 < 0.001 74 < 0.001 74 < 0.001
galileo 204 < 0.001 | 204 < 0.001 [ 204 < 0.001

Table 6: Bonferroni Test Results, per Program

test selectin: 100%
Pr. Modell Model2 Model3

Tech. | Mean | Grp | Tech. | Mean | Grp | Tech. | Mean [ Grp

ant | To 0] A To 0] A To oA

Tct 912 | B Tct -725 | B Tct -206 | B

Tca -1117 | C Tca 930 | C Tca 412 | C

jm. | To 0| A To 0| A To 0] A

- Tca -467 | B Tca -457 | B Tca -461 | B

Tct 470 | B Tct -460 | B Tct -465 | B

xml. | To 0] A To 0] A To oA

Tca -145 | B Tca -143 | B Tca -147 | B

Tct -146 | B Tct -145 | B Tct -148 | B

na. | Tca 70 | A Tca 87 | A Tca 142 | A

To 0| B To 0| B Tct 33 (B

Tct -38 | B Tct 20 | B To 0B

ga. | To 0] A Tca 50 | A Tca 365 A

Tca -14 | A To 0| A To 0B

Tct -965 | B Tct -901 | B Tct -586 | C

test selection: 50%
Pr. Modell Model2 Model3

Tech. | Mean | Grp | Tech. | Mean | Grp | Tech. | Mean [ Grp

ant | To 0] A To 0] A Tct 193 | A

Tct -585 | B Tct 324 | B Tca 193 | A

Tca -624 | B Tca -363 | B To 0B

jm. | To 0| A To 0| A To 0] A

Tca 98 | A Tca 47 | A Tca -141 | A

Tct -188 | AB | Tct -136 | A Tct 51 A

xml. | Tca 345 | A Tca 364 | A Tca 361 | A

Tct 289 | A Tct 314 | A Tct 311 | A

To 0| B To 0| B To 0B

na. | Tca 929 | A Tca 992 | A Tca 1046 | A

Tct 755 | B Tct 818 | B Tct 873 | B

To 0| C To 0| C To 0ofcC

ga. | Tca 1078 | A Tca 1330 | A Tca 1645 | A

To 0| B To 0| B To 0B

Tct -758 | C Tct -506 | C Tct -191 [ B

ANOVA: our data sets do not have equal variance, and some data

sets have severe outliers. For multiple comparisons, we tse
Bonferroni method for its conservatism and generality. \Wedu
the Splus statistics packdge perform the analyses.

Table 5 presents the results of the Kruskal-Wallis tests: (&,
for a significance level of 0.05, and Table 6 presents thdtsesf
the Bonferroni tests using a Bonferroni correction [25]. Table
6, techniques are listed within each program and each magdel b
their mean relative cost-benefit values, from higher (bgettdower
(worse). We use group letters (columns with headers “Grp”) t
partition the techniques such that those that are not sigunifiiy
different share the same group letter. For example, in theh&df
of the table, the results fgmeteron Model 1 show that (1Yo
andTcaare statistically significantly different (they have diffat
group lettersiTo has A andTcahas B), but (2)TcaandTctare not
statistically significantly different (they share grouftée B).

8http://www.insightful.com/products/splus

For the comparison between techniques, results of the lusk
Wallis tests indicate that in all but two cas@méterwhen test runs
are halted halfway) there are significant differences bebech-
niques. However, this does not necessarily mean that tagard
ships between techniques are preserved as the model chalmes
determine whether simplified models preserve the relatipsshat
the full model captures we examine the Bonferroni resultswé
can observe from Table 6, the results from multiple pairevasm-
parisons (Bonferroni test) show slightly different trerzitween
techniques among object programs, so we discuss each in turn

In the case ofant, as we observed from the boxplots, relative
ranking and assessed benefit remain the same across allsmodel
when all test cases are executed. When testing is haltedayalf
Models 1 and 2 remain the same in both respects as well. In this
case, however, Models 2 and 3 differ both in relative rankaogn-
paring heuristics to original) and with respect to asse$fsgubfit
(heuristics become beneficial under Model 3).



In the case ofmeter, similar to the results foant, relative rank-

the differences we observed between Models 1 and 2 is relativ

ing and assessed benefit remain the same across all modais whesmall, suggesting that Model 2 is likely to be a sufficientyi-r

all test cases are executed. When testing is halted halfhvaygh,
under Model 1, relative rankings betwe&a and Tct change (in
terms of statistical significance).

In the case okml-security both relative ranking and assessed
benefit remain the same across all models.

In the case ofianoxm] both relative ranking and assessed benefit
remain the same for Models 1 and 2. Models 2 and 3 differ in
relative ranking and assessed benefit, however, in the chsseew
all tests are executed (do andTcf). The difference, however, is
not statistically significant.

In the case ofalileo, both relative ranking and assessed benefit
vary for Models 1 and 2 when all test cases are executedidand
Tca), although the differences are not statistically différeflso,
relative ranking varies for Models 2 and 3 in both selectiases
(onToandTct) in terms of statistical differences.

6. DISCUSSION AND CONCLUSIONS

Through sensitivity analysis, we obtained two simplifieddno
els from our original full model, and empirically evaluatetiether
these simplified models possessed the same ability as tieari
to assess cost-benefit relationships between regressiorgteech-
niques. To further explore the implications of our results eon-
sider two issues: (1) an analysis of the model simplificatesults;

(2) a discussion of the practical implications of the result

Where issue (1) is concerned, our empirical evaluation estgg
that if the results of our studies generalize, our first sifigal model
(Model 2) can typically be expected to assess the relatiprisd
tween techniques in the same way as the full model. We ohgerve
only two exceptions to this, as detailed in the precedingicec
(1) onjmeterwhen test runs are halted halfway, the relationship
betweenTo andTct changes in terms of the statistical significance
of the difference between them, but the simplified modelicoess
to rank them in the same order; (2) galileo with complete test
runs, the rankings ofoandTctare swapped between the two mod-
els, but the statistical relationship between these twirtiggies is

maintained. Only in case (2) does Model 2 find a technique ben-

eficial that was not found so by Model 1 (the mean benefifaH
increases from -14 to 50); however this difference is smadl iés
effect could be offset by providing margin-of-error esttesmalong
with reported comparisons.

In the case of Model 3, in contrast, we observed quite a feescas
(detailed in the previous section) in which the model fadgpte-
serve the relationships between techniques as capturedtgIN
(or Model 2). Having fixed the four additional factdssCE, ay,
andC A;, at particular values, the model evaluated techniques dif-
ferently in several cases. One plausible reason for thisveg the
particular fixed values selected for these four factors. Waioed
these values from data gathered on the initial version df gac-
gram, and then we used these values across the rest of thengers
of the system. This is potentially a practical approach faaming
such values, but if the values of these variables on thaingrsion
of the program are quite different from their values on latsions
of the system (e.g., significantly larger as the system eg)\then
the results obtained using the initial values in Model 3 czed|
to greater differences in its computations. The two programat
show the greatest inconsistency in model comparison segel-
tive to Model 3 areantandgalileo, and further examination of cost
factor values on the versions of these systems as the systerts
suggests that they fit the trend just described.

Given the foregoing, we return to one of our primary initiekg-
tions: how far we can go in simplifying our model. The extefit o

able substitute. Simplifying to Model 3, however, appeaskyr
because the model seems overly prone to loosing accuraesnis t
of the relationships it captures. Nevertheless, it is a aityeto
draw an absolute conclusion about Model 3; for one thing, eemo
accurate approach to fixing factors might improve the meda-
curacy. Furthermore, the model might retain sufficient eacyiin
certain situations. For example, if analysis costs haveg argdmall
effect on overall regression testing costs, as they do irctses
of xml-securityand nanoxm] the simplifications made to Model
3 do not affect its evaluation of relationships between négples.
Further understanding of these issues requires additeangirical
evaluation utilizing a wider range of programs, includirggmplex
industrial programs.

Regarding issue (2), our results have several practicdidep
tions. One type of implication relates to our motivation foodel
simplification. Simplified models provide many benefits tea@rchers
and practitioners; they reduce the effort required for datkection
and they simplify the empirical evaluation process. Ourpdifica-
tion of our original model should yield both of these benefits

A second type of implication relates to another use of sensit
ity analysis involving prioritization of input factors. €hresults of
our sensitivity analysis show that four input factors (thenter of
missed faults, the cost associated with missed faultsneeveand
the cost associated with delayed fault detection feedidzag the
most significant influence on overall regression testingscobhis
result is useful in several ways. First, this result idegsififor both
practitioners and researchers, which factors merit thet iwa®-
ful measurement when utilizing or empirically studying negsion
testing techniques. Second, this result can lead to gaetefor or-
ganizations in making decisions regarding resource dilmts For
example, organizations can make decisions about whereetwsp
additional effort in regression testing by examining thenitfied
important factors. Finally, and perhaps of greatest usesd to
researchers interested in regression testing methoéslotjiis re-
sult identifies several issues worth considering when gitieg to
create or improve such methodologies. For example, inanahe
analysis techniques do not seem to be the best choice fiad it
tention; rather, a focus on faults escaping testing and dlsés of
residual faults (faults that escape testing and then pefsisugh
multiple releases) would have a greater chance of leaditgcte
niques that might have high impact in terms of improving esgr
sion testing cost-effectiveness.

Our results suggest several avenues for future work. Fitst,
though the economic model that we present captures spesfiog-
related factors relative to just one (common) regressisting pro-
cess, it can be adapted to include other factors and applsh&y o
processes. Second, in the study reported in this paper, aleated
regression testing techniques and refined EVOMO using small
medium size systems and relatively small revenue estimétage
the systems and tests utilized are actual, practical sgstirRWN
from the field, more complex industrial systems will yieldyhér
revenues than those considered here, and might involvehigists
associated with post-release defects. We expect that mcases,
the important factors we have identified through sensytigitaly-
sis will have an even greater impact on the relative cosefitsrof
regression testing techniques. We will be seeking waysterie
age this through techniques that focus on these factorallfithe
most promising prospect suggested by our results is thentiate
for model simplification without losing the essential bebawf the
model. We expect to apply this approach to assess and imptove
models iteratively across different systems, as those aedelve.



Acknowledgements

This work was supported in part by NSF under Award CNS-048420

to the University of Nebraska - Lincoln.

7.
(1]
(2]

(3]

[4]

[5]

[6]

[7]

(8]

9]

[10]

[11]

[12]
[13]

[14]

[15]

[16]

[17]

[18]

REFERENCES

B. Boehm. Value-based software engineeri@gftw. Eng.
Notes 28(2), Mar. 2003.

B. Boehm, C. Abts, A. W. Brown, S. Chulani, E. H.

B. K. Clark, R. Madachy, D. Reifer, and B. SteeSeftware
Cost Estimation with COCOMO.|Prentice-Hall, 2000.

H. Do, S. Elbaum, and G. Rothermel. Supporting contrblle
experimentation with testing techniques: An infrastroetu
and its potential impactnt’l. J. Emp. Softw. Eng.
10(4):405-435, 2005.

H. Do and G. Rothermel. An empirical study of regression
testing techniques incorporating context and lifetimedes
and improved cost-benefit models.lht'l. Symp. Found.
Softw. Eng.pages 141-151, Nov. 2006.

H. Do and G. Rothermel. On the use of mutation faults in
empirical assessments of test case prioritization teci@siq
IEEE Trans. Softw. Eng32(9):733-752, 2006.

H. Do, G. Rothermel, and A. Kinneer. Prioritizing JUreist
cases: An empirical assessment and cost-benefits analysis.
Emp. Softw. Eng.: An Int’l. J11(1):33-70, Jan. 2006.

S. Elbaum, D. Gable, and G. Rothermel. Understanding and
measuring the sources of variation in the prioritization of
regression test suites. Int’l. Softw. Metrics Symppages
169-179, Apr. 2001.

S. Elbaum, A. G. Malishevsky, and G. Rothermel. Test case
prioritization: A family of empirical studiedEEE Trans.
Softw. Eng.28(2):159-182, Feb. 2002.

S. Elbaum, G. Rothermel, S. Kanduri, and A. G.
Malishevsky. Selecting a cost-effective test case
prioritization techniqueSoftw. Qual. J.12(3):185-210,

Sept. 2004.

B. Freimut, L. C. Briand, and F. Vollei. Determining
inspection cost-effectiveness by combining project dath a
expert opinionlEEE Trans. Softw. Eng31(12):1074-1092,
Dec. 2005.

M. J. Harrold, D. Rosenblum, G. Rothermel, and

E. Weyuker. Empirical studies of a prediction model for
regression test selectioflEEE Trans. Softw. Eng.
27(3):248-263, Mar. 2001.

R. Johnson and D. WicherApplied Multivariate Statistical
Analysis Prentice Hall, 1992.

C. JonesApplied Software Measurement: Assuring
Productivity and QualityMcGraw-Hill, 1997.

J. Kim and A. Porter. A history-based test prioritizati
technique for regression testing in resource constrained
environments. Innt’l. Conf. Softw. Eng.May 2002.

A. Kinneer, M. Dwyer, and G. Rothermel. Sofya: A flexible
framework for development of dynamic program analysis for
Java software. Technical Report TR-UNL-CSE-2006-0006,
University of Nebraska-Lincoln, Apr. 2006.

S. Kusumoto, K. Matsumoto, T. Kikuno, and K. Torii. A new
metric for cost-effectiveness of software revieW&CE

Trans. Info. SysE75-D(5):674-680, 1992.

H. Leung and L. White. A cost model to compare regression
test strategies. I@onf. Softw. Mainf.Oct. 1991.

A. Malishevsky, G. Rothermel, and S. Elbaum. Modelihg t
cost-benefits tradeoffs for regression testing techniques
Int’l. Conf. Softw. Maint.pages 204—-213, Oct. 2002.

[19] M. Muller and F. Padberg. About the return on investmant
test-driven development. Int’l. W. Econ.-Driven Softw.
Eng. Res.May 2003.

[20] P. Musilek, W. Pedrycz, N. Sun, and G. Succi. On the
sensitivity of COCOMO Il software cost estimation model.
In Int’l. Symp. Softw. Metric2002.

[21] K. Onoma, W.-T. Tsai, M. Poonawala, and H. Suganuma.
Regression testing in an industrial environmeZamm.
ACM, 41(5):81-86, May 1988.

[22] A. Orso, N. Shi, and M. J. Harrold. Scaling regressicsiitey
to large software systems. Int’'l. Symp. Found. Softw. Eng.
pages 241-251, Nov. 2004.

[23] T. Ostrand and M. J. Balcer. The category-partitiontmodt

for specifying and generating functional testamm. ACM

31(6):676—688, June 1988.

J. J. PhillipsReturn on Investment in Training and

Performance Improvement Progran@Gulf Publishing

Company, Houston, TX, 1997.

F. L. Ramsey and D. W. Schafé@e Statistical Sleuth

Duxbury Press, 1st edition, 1997.

G. Rodrigues, D. Rosenblum, and S. Uchitel. Sensytivit

analysis for a scenario-based reliability prediction molte

W. Arch. Dep. Sys2005.

G. Rothermel, S. Elbaum, P. Kallakuri, X. Qiu, and A. G.

Malishevsky. On test suite composition and cost-effective

regression testinghCM Trans. Softw. Eng. Meth.

13(3):277-331, July 2004.

G. Rothermel and M. J. Harrold. Analyzing regressicst te

selection technique$EEE Trans. Softw. Eng.

22(8):529-551, Aug. 1996.

[29] G. Rothermel and M. J. Harrold. A safe, efficient regiass

test selection techniquACM Trans. Softw. Eng. Meth.

6(2):173-210, Apr. 1997.

A. Saltelli. Sensitivity analysis for important asseeent.

Risk Analysis22(3):579-590, 2002.

A. Saltelli, S. Tarantola, F. Campolongo, and M. Ratto.

Sensitivity Analysis in PracticViley, 2004.

F. Shull, V. Basili, B. Boehm, A. W. Brown, P. Costa,

M. Lindvall, D. Port, |. Rus, R. Tesoriero, and M. Zelkowitz.

What we have learned about fighting defectsinit. Softw.

Metrics Symp.pages 249-258, June 2002.

A. Srivastava and J. Thiagarajan. Effectively priiaiitg

tests in development environment.lht'l. Symp. Softw. Test.

Anal, pages 97-106, July 2002.

[34] T. Ostrand, E. Weyuker, and R. Bell. Predicting the tara
and number of faults in large software systefB&EE Trans.
Softw. Eng.31(4):340-355, Apr. 2005.

[35] T. Ostrand, E. Weyuker, and R. Bell. Automating aldumits
for the identification of fault-prone files. limt'l. Symp.
Softw. Test. Relpages 219-227, July 2007.

[36] S. Wagner. A model and sensitivity analysis of the gyali
economics of defect-detection techniquesiniti. Symp.
Softw. Test. Analpages 73-84, July 2006.

[37] S. Wagner. An approach to global sensitivity analyBisST
on COCOMO. Inint'l. Symp. Emp. Softw. Eng.
Measurementpages 440-442, Sept. 2007.

[38] W. Wakeland, R. Martin, and D. Raffo. Using design of
experiments, sensitivity analysis, and hybrid simulatmn

[24]

[25]

[26]

[27]

(28]

[30]

[31]

[32]

[33]

evaluate changes to a software development process: A case

study. Inint’l. W. Softw. Process Sim. Mode2003.



