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ABSTRACT

Regression testing is an important but expensive actigity a
great deal of research on regression testing methodolbgiebeen
performed. In recent years, much of this research has eiaplas
empirical studies, including evaluations of the effeatizes and ef-
ficiency of regression testing techniques. To date, howewest
studies have been limited in terms of their consideratiotesting
context and system lifecycle, and have used cost-benefielniod
that omit important factors and render some types of corapasi
between techniques impossible. These limitations canecsiusl-
ies to improperly assess the costs and benefits of regreesitmg
techniques in practical settings. In this paper, we proiig@oved
cost-benefit models for use in assessing regression tesgtigpd-
ologies, that incorporate context and lifecycle factors cunsid-
ered in prior studies, and we use these models to compareakeve
common methodologies. Our results show that the factorsone c
sider (in particular, time constraints and incrementabuese avail-
ability) can affect assessments of the relative benefitegreission
testing techniques, and suggest that particular classestufiques
may compare differently across different types of testesuit

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

General Terms
Experimentation, Measurement, Verification

Keywords

Regression testing, regression test selection, test casgipation,
evaluation schemes, economic models, empirical studies

1. INTRODUCTION

As software evolves, engineers use various approachesdssas
its quality. One common approach, regression testing,\iego
saving and reusing (and as necessary, incrementally ugjlaést
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suites created for earlier versions of the software [2, 4,2].
By reusing test cases, this approach amortizes the costsigfrd
ing and creating test cases across a system’s lifetime. Bogn
reusing and maintaining test suites can be expensive, senous
approaches to reducing or prioritizing regression tesdictiyities
have been proposed (e.g., [5, 11, 30, 32, 34]). Initiallgeeech
on regression testing — similar to research on testing ireggn
— relied primarily on analytical approaches to assess antpace
techniques (e.g. [21, 29]). Testing techniques are hésgjdtow-
ever, and to properly evaluate their cost-effectivenegsrattice,
empirical studies are essential.

More recent research on regression testing, therefored[312,
14, 18, 19, 23, 25, 28, 33], has employed empirical studiesorA-
mon way to conduct such studies has been to collect one or more
software systems with multiple versions, and for each systiad
or create a test suite for, and locate or seed faults in, earstion.
Next, the techniques being studied are applied to eachoveasid
its test suite, and the results are assessed using mea$uess- o
ing effort (numbers of test cases or time required) and &ffETess
(rate of fault detection or numbers of faults revealed).

Empirical studies such as these have allowed researchessto
pare regression testing techniques in terms of costs anefitsen
However, studies to date suffer from several limitationghair
abilities to assess cost-benefit tradeoffs relative totjpaldesting
situations. These limitations involve context factorfedycle fac-
tors, and cost-benefit models, and can be summarized aw$ollo

Context factors. Previous studies have considered only a few con-
text factors when assessing techniques. Most studies loagide
ered differences in programs and regression testing tgeasj but
none have considered costs of other essential testingtastisuch

as test setup and obsolete test identification, or colleeti@ main-
tenance of resources (e.g. test coverage information)edefxt
retesting. And only a few studies have considered the sffett
time constraints on testing cost-effectiveness.

Lifecycle factors. Previous studies have calculated costs and ben-
efits independently per system version. This “snapshoti \oé
costs and benefits masks the fact that regression testingigees
are applied repeatedly across system lifecycles. Thebmossfit
tradeoffs for techniques across entire lifecycles may beemele-
vant for choosing a technique than the tradeoffs on sindggases.

Cost-benefit models Previous studies have relied on limited cost-
benefit models. Costs are often ignored, or calculated ysatel
terms of time or numbers of faults missed. Benefits are ofédn c
culated solely in terms of reduced test suite size or inectaate of
fault detection. Costs of missed faults and human time, stk



offs involving product revenue, have not been consideredreM
over, often different techniques are evaluated using rdiffemet-
rics, rendering their relative performance incomparable.

Limitations such as these can make it difficult to empiricall
compare regression testing techniques, or can lead eialagb
improperly assess the costs and benefits of techniques ati-pra
cal contexts. Ultimately, this can lead to inaccurate casiohs
about the relative cost-effectiveness of techniques, aagliropri-
ate decisions by engineers relying on such conclusions lextse
techniques for particular situations.

It follows that researchers who empirically investigatgression
testing techniques, and practitioners who might act on ¢iselts
of those investigations, would be better served by empinivas-
tigations founded on more comprehensive cost-benefit mddel
those techniques, that incorporate richer context andylie fac-
tors. In this paper, therefore, we provide such a model, aed w
conduct an empirical study comparing several common rsignes
testing techniques using that model.

The results of our study show that the factors we consideatan
fect assessments of the relative benefits of regressiangesth-
niques. In particular, the effects of time constraints iseasing
techniques are large, and incremental resource avaialibugh
less pronounced in its effects, can also effect assessrottite
relative benefits of regression testing techniques. Ouwlteealso
provide insights into the relative strengths and weakregstech-
nigues, with consequences for their application in practic

Overall, this work makes the following contributions. Ejrgy
providing a cost-benefit model that better captures theesbraind
lifecycle factors that affect technique cost-effectivenewne facili-
tate more accurate interpretation of empirical resultsragtiion-
ers and researchers. Second, by providing a mechanismsiessas
ing the costs and benefits of various regression testingnitgods
in terms of a single model using shared units of comparisan, w
enable researchers to directly compare the cost-benefiedffs
between previously incomparable techniques. Third, ottiquéar
empirical results add to the growing body of knowledge altbat
tradeoffs between regression testing techniques, witli¢atjpns
for practitioners who might want to use the techniques stilidi

In the next section of this paper, we review relevant previou
work. Section 3 presents our cost-benefit model. Sectioedents
our study design, results, and analysis. Section 5 dissusse
results, and Section 6 presents conclusions.

2. BACKGROUND AND RELATED WORK

We focus on three regression testing methodologies: ratiest
regression test selection, and test case prioritization.

Let P be a program, leP’ be a modified version oP, and let
T be a test suite foP. Regression testing attempts to validate
As a typical common practice [24], 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. [32] 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.

When only small portions of have been modified, a retest-all
technigue can involve unnecessary wdregression test selection
techniques(e.g., [5, 25, 28, 30], for a survey and additional ref-

1A test case is obsolete fd? if it can no longer be applied t&

(e.g. due to changes in inputs), is no longer needed tad€stg.
due to being designed solely for code coveragé’pand now on
P’ redundant in coverage) or if its expected outputRndiffers

(e.g. due to specification changes) from its expected oapii.

erences see [29]) reduce testing costs by selecting tess$ ¢hat
are necessary to test a modified program. Regression testisel
techniques use information aboft, P’, andT to select a sub-
setT’ of T with which to testP’. Saferegression test selection
techniques are those that ensure (under certain conditiloats’”
detects the same faults @5 whereas non-safe techniques provide
no such assurance, but rather, trade such assuranceslier fsmv-
ings in testing cost (for an in-depth discussion of safety @dasses
of regression testing techniques, see [29]).

While regression test selection techniques focus on radubie
number of test cases that must be executest, case prioritization
techniques(e.g., [11, 32, 34]) reorder test cases, scheduling test
cases with the highest priority according to some criteBarlier
in the testing process. Test case prioritization techrsguaa yield
benefits such as providing earlier feedback to testers arligrea
fault detection. To date, most research on prioritizatias focused
on this latter goal, typically described as one of improviantest
suite’srate of fault detectionFurthermore, when organizations cut
testing processes short, prioritization can decrease dbsilglity
that faults will have escaped into the released system.

Many regression test selection and test case prioritizagoh-
nigues, including those that we consider in this work, depen
information about the coverage of code achieved by testsh Bu
formation is obtained by inserting probes into (instrunregjtcode,
and this activity, along with the activity associated withlecting
traces (coverage information) about test execution, angrthe
costs incurred by these techniques.

Empirical evaluations of the foregoing regression testieghod-
ologies to date (as cited in Section 1) have relied, impyioir
explicitly, on relatively simple cost-benefit models. Lguand
White [22] present a model that considers some of the fa¢tess-
ing time, technique execution time) that affect regressesting
costs, but their model does not consider benefits. Harroll. et
[15] present a coverage-based predictor of regressiosédésttion
technique effectiveness, but this predictor focuses onlyealuc-
tion in numbers of test cases. Malishevsky et al. [23] exlezuthg
and White’s work with cost models for regression test saacind
test case prioritization that incorporate benefits relabeamission
of faults and rate of fault detection. As discussed in Sactichow-
ever, each of these models omits many context and lifecackerfs
related to the costs and benefits of techniques in practice.

3. MODELLING COSTS AND BENEFITS

We now describe the cost-benefit model that we utilize. Wénbeg
our discussion by outlining the regression testing prooesshich
our model is based. Section 3.2 describes the constitustd 0
regression testing techniques that we model, Section &8epts
our model, and Section 3.4 describes how the model is uliliae
assess and compare techniques.

3.1 Regression Testing Process

Cost-benefit models capture costs and benefits of methddslog
relative to particular processes. In this work, we use a Inofdée
regression testing process that corresponds to the moshaniy
used approach for regression testing at the system tesf2e}e—
abatchprocess model — and which, though simple, is sufficient to
allow us to investigate our research questions.

Figure 1 presents a timeline depicting the maintenancegseg
sion testing, and post-release phases for a single reléassadt-
ware system following a batch process model. Titheepresents
the time at which maintenance (including all planning, gsial, de-
sign, and implementation activities) of the release begiidime
t2 the release is code-complete, and regression testing atd fa



scheduled

product release cost downstream. Moreover, revenue itself is not the sokesome
date of benefit, because market value is also important.
ime:  tl 2 33 " There are also many other regression testing process ntbdels

| | | | could be considered. For example, some organizations gse-in
| ‘ - o & ‘ mental testing processes, in which test cases are run egichas
phase: maintenance regression testing post—release . d
fault correction (revenue) mamtenan(_:e proceeas. .

These differences noted, this process model does allow us to
investigate a cost-benefit model that is much more complar th
those used in research on regression testing to date. Ma@-im
tant, we believe that the cost-benefit model we present larde
adjusted to accommodate relaxations in the foregoing gstsoms,
as well as process differences.

Figure 1: Maintenance and regression testing cycle.

correction begin. (These activities may be repeated andavety

lap within time intervalt2-t3, as faults are found and corrected.)
When this phase ends, at tin® product release can occur — at
this time, revenue associated with the release (togethérasso- 3.2 Costs Modelled

ciated increases in the company’s market value) begin touacc We now describe the constituent costs of regression tetgthy

In a perfect world, actual product release coincides wittedaled niques that we consider in this work. In this section we foons
release time, following completion of testing and faultreation what these costs are, not on methods for measuring or estgnat
activities, and this is the situation depicted in the figure. them; discussion of measures is provided in Section 4.2.

This process model relates to the regression testing gobsi To model the costs and benefits of regression testing, wéd=ns
we wish to investigate as follows. Suppose the timeline shie nine constituent cost components. Here we describe eachazom
situation in which the retest-all technique is employedthia case, nent and some of the factors that cause it to vary.
regression test selection techniques attempt to reduceititer- Test setup (CS). CS includes the cost of activities required to pre-
val t2_-t3 by reducm_g testing time, with, for non-sa_1fe technlques, a pare to run tests, such as setting up the testing environhard-
possible increase in the number of faults that slip throwghing — \are and software) and arranging for the use of resourcess, Th
and are detected in the post-release phase. Test casdizaimn CS varies with characteristics of the system under test, ssch a
techniques attempt to reduce time intezat3by allowing greater  \yhether it exists standalone, in a distributed environgenin an
portions of the fault correction activities that occur irathperiod environment involving special hardware or human intecacti

to be performed in parallel with testing, rather than afemdv If
either of these techniques succeeds, the software candzseel
prior to its scheduled release date, and overall revenuaceease.
If prioritization is unsuccessful and fault correctionieities cause
time intervalt2-t3to increase, then the release will be delayed and
revenue can decrease.

We also use this model to explore one further dimension of re-

Identifying obsolete test cases@O;). CO; represents the cost of
determining which of the test cases in a test suite are pplieable
to a new system version to be tested. This cost varies wittyfiee
of test cases (e.g., specification-based, code-base@nsyshit),
the amount of change occurring between consecutive ves,sioml
the availability of documentation or engineer experience.

gression testing that occurs commonly in practice, invgvine Repairing obsolete test cases({0;). Often, obsolete test cases
interaction between resource availability and procesisiders re- are still potentially useful for the current system. For rapée,
lated to product release and revenue. Organizations teatecr ~ When a class interface is changed by one parameter typéingxis
software for sale regression test it with the goal of impngvits test cases related to that class can not be used directlg, $iot-
dependability and attracting greater revenue by redutiegcosts ~ ple change may repair them. Similarly, a test case for wiriphts
of post-release fault correction and increasing the pezdevalue remain the same but for which expected output has changeeean
of the released software and the market value of the compgjny [ quire edits of oracle information. This cost varies with thenber
The cost of this testing activity competes, however, withdiesire of test cases needing repair, and the complexity of the regaist

to field the software earlier, which itself can also resulgieater cases, oracle procedures, and system.
revenue and company market value. Releasing software @tZim  Supporting analysis (CA). CA represents the cost of the analysis
in the timeline can increase revenue due to the benefits @litim  needed to support a regression testing technique. Fordheitgies

ness, but potentially increases costs due to missed faults. being considered her€;A can include costs of instrumenting code,
In practice, pressure to release software and preserveueve analyzing changes between old and new versions, and dotject

may cause organizations to terminate testing early. Indhse, test execution traces, and thus can vary widely with cheristics

also, revenue may increase but with potential for costs dtvwam of techniques, programs, tests, and executions.

due to missed faults. An analogous situation occurs whemtie- Significantly, CA can also vary with the extent to which data

tenance period runs long and the organization terminat®de  from previous testing sessions is reused or leveraged iouttrent
early in order to meet scheduled release dates, althougisindse testing session. For example, suppose engineers preyiossiu-

the focus is on not losing revenue. Note that in such casgs;dse mented and collected test execution traces for releaséprogram
prioritization can decrease the degree to which such caestgdy P in order to apply a regression testing technique to a sulesgequ
increasing the likelihood that faults are detected pridhtermi- releaser, of P. Whenr is regression tested, to prepare for the
nation of testing. In our empirical study we investigate éffects next releasers, engineers must instrument and collect test execu-
of “early” regression testing termination. tion traces forr,. As a software system evolves, however, a large

The process model we have just described makes several aspercentage of its code may be shared between consecutbiengr
sumptions. For example, organizations may also createai®t  Thus, engineers can re-instrument a version incremeriigliglen-

for reasons other than to create revenue. Organizationsdna tifying code changes between consecutive versions, amg pse-
plete testing early could in theory spend additional timefqren- vious instrumentation in unchanged code. Similarly, eegia can
ing other forms of verification until the scheduled releaatecar- collect test execution traces for only the subset of testsctisat are

rives, and this could lead to increased revenue via redumeltl f  affected by instrumentation changes, reusing prior trimasthers.



If the costs of instrumentation and trace collection aréicgahtly
high and the changes between versions are sufficiently sthat
we would expect lower costs to be associated with this agproa

Regression testing technique execution{R). CR represents the
cost of applying a regression testing technique or tool riégres-
sion test selection or test case prioritization), itsdtErasupporting
analyses have been completed. This cost also varies withcha
teristics of techniques, programs, test suites, and clsgigé

Test execution (CE). CE represents the cost of executing tests.

This cost varies with test execution processes (e.g., nhaaua
tomatic, or semi-automatic), as well as with charactesstf the
system under test and the particular test cases utilizedy Maya-
nizations attempt to run test cases automatically, but nodimgrs
continue to use manual or semi-automated testing appreafdre
example, in human/machine interface testing, test casgspnia
marily involve human interaction [6].

Test result validation (CV; and CV;). CVy and CV; represent
the cost of checking test results to determine whether otesit
cases reveal failures. These two variables represent twip@o
nents of the validation task: (X)'V, is the cost of using automated
differencing tools on test outputs to detect output diffiees with
respect to prior testing sessions, and (Z); is the (human time)
cost of inspecting test outputs flagged as different to deter
whether the difference in fact represents a failure. Thestswary
with the number of test cases and the complexity of test augsu
well as with the automated technique used to check outputiffo
ferences. A regression testing technique that reducesithber of
test cases to be executed also reducés and C'V;.

Missing faults (CF). CF represents the cost of missing faults.
Regression test selection techniques can miss faults dunmigsion
of existing test cases that could, if executed, have regehkm. In
this work, we focus on the costs of missing faults that theaggjon
test suite could, if executed in full, have detected. (Initald all
regression testing techniques can miss faults that areatettéble
by any of the test cases executed; however, these costareeith
similarly by all techniques so we do not consider them here.)

CF varies with regression testing technique; clearly, nde-sa
techniques incur this cost to a greater extent than safeitpobs.
As discussed in Section 3.CF also varies with the testing organi-
zation’s processes (e.g., with reduced testing time cabgeshrly
test termination). FinallyCF varies with business and financial
characteristics such as market conditions, product $étsip the
market, and the severity of missed faults.

Delayed fault detection feedback ¢'D). C'D captures the cost of
delayed fault detection feedback. When faults are detdatedn

a regression testing cycle, efforts to correct them canydelad-
uct release. Faults detected early in a cycle can potgnballad-
dressed, prior to completion of the cycle. As a simple exampl
suppose a fault requiring five days to correct is discoverethe
last day of a ten day regression testing cycle. In this caselust
delivery is delayed by the four days required to correct thetf
and also by the time required to (again) regression test ¢he c
rected program (another ten days under the retest-all apipyolf
this fault is detected prior to the fifth day of the testing leyat
does not add any additional delay to product delivery tineyobd
the time required to retest the corrected program.

Other costs not considered.In addition to the costs we have de-
scribed, there are other testing costs, such as initiatéesst devel-
opment, initial automation costs, test tool developmesst suite
maintenance, management overhead, database cost, andtloé c
developing new test cases. In this work we restrict our aitten

to the costs just listed, but our cost-benefit model couldyebs
extended to incorporate these other costs.

3.3 A Cost-Benefit Model

We use the preceding costs to formulate a cost-benefit mioalel t
allows us to investigate the research questions we focus tnid
paper. We consider all of the costs just outlined, and fotyaisa
costs we consider two analyses on which the specific regressst
selection and test case prioritization techniques we stiaghend:
the cost of inserting instrumentation into the system, dedcbst
of collecting test traces.

The model that we present is constructed based on the regress
testing process model discussed in Section 3.1, but theothetie
have used to construct the model can be used to constructisnode
for other processes.

Before we describe our cost-benefit model, we define several
terms and coefficients that are used in the model, most oftwhic
instantiate the general constituent costs outlined in@e&t2. As-
sume that we are considering regression testing techignee-
leases of software systeBdenotedS;, Sz, . .., S,, andnversions
of test suiteT (one per release @) denotedT’;, T, ..., Ty.

i is an index denoting a particular releaseof S

e uis aunit of time (e.g., hours or days).

e REYV is an organization’s revenue in dollars per time unit
relative toS.

e ED(i) is the expected time-to-delivery in unitsor release
S; when testing begins (in Figure 3.1, intervait3).

e PS is a measure of the cost (average hourly salary) associ-

ated with employing a programmer per unit of timne

CS(1) is the setup cost for testing releaSe

CO; (1) is the cost of identifying obsolete tests for reledse

CO, (1) is the cost of repairing obsolete tests for reledse

CA;» (1) is the time needed to instrument all units i

CA-(i) is the time required to collect traces for test cases in

T;—; foruse in analyses needed to regression test relgase

e CR(i) is the time required to execuRitself on releases;.

e CE(i) isthe time required to execute test cases on reléase
(either all of the test cases ifi; or some subset df’).

e (C'V4(i) is the cost of applying automated differencing tools
to the outputs of test cases run on reledséall test cases in
T; or some subset df’;).

e (CV,(i) is the (human) cost of checking the results of test
cases determined to have produced different outputs when
run on release; (all test cases if7; or some subset of;).

e CF(i) is the cost associated with a missed fault after the
delivery of release;.

e CD(i) is the cost associated with delayed fault detection
feedback on releass .

e a;, (i) is a coefficient used to capture reductions in costs of

instrumentation required for releaséollowing changes, in

terms of the ratio of the number of units instrumentedtm
total number of units in:

numberO fUnitsInstrumented
total NumberO fUnits

ain (1) = (1)
When all units are instrumented, this ratio equals 1.

e a;,(4) is a coefficient used to capture reductions in costs of
the trace collection required fofollowing changes, in terms

2Systems can be incrementally instrumented at varioussgsath
as per file, per class, or per method. We use “unit” geneyidall
account for this; in our studies we consider instrumentasibthe
level of class files.



of the ratio of the reduced number of traces collected when
focusing on changes into the total number of traces that
would need to have been collected otherwise.

numberO fTracesCollected

aer(8) = total NumberO fT'races

&)

When all traces are collected, this ratio equals 1.

e b(3) is a coefficient used to capture reductions in costs of
executing and validating test cases ifowhen only a subset
of Tis rerun:

NumberO fTestsRerun
Total NumberO fTestsInT

b(i) = ©)
When all test cases are run, this ratio equals 1.

e ¢(1) is the number of faults that could be detectedTbgn
releasea but that are missed due to execution of subsefs of

To formulate a cost-benefit model incorporating the foregoi
costs, we must ensure that all costs are measured in idemtits.
To do this, we initially record all costs for which the mnerian
take the formCX using a time metric in some unit We then con-
vert these costs into monetary values so that we can coniféne t
in calculations involving revenues. To perform this cosien, we
categorize the costs into two groups: costs related to hefiarts
(Cs, Co,;, CO,, CV;andCF), and costs related to machine time
(CA;p, CAy, CR, CV4, andCE).

We then project the cost-benefits of regression testing bgide
ering techniques in light of their business value to orgations, in
terms of how much organizations pay for applying the teahesq
and how much revenue they gain or lose by doing so. This iegolv
two equations: one that captures costs in terms of saldribs en-
gineers who perform regression testing tasks (uifdo translate
time spent by one or more engineers into monetary valueg)oaa
that captures revenue gains or losses related to changesduagp
release time (usin@ £V to translate times into monetary values).

Further, in keeping with our desire to accountlitecycle factors
by tracking costs and benefits across entire system lifesycur
equations calculate costs and beneditsoss entire sequences of
system releasesather than simply on individual system releases.

The two equations that comprise our model are as follows:

Cost = PS x i(csa) +CO; (i) + COx(4)
- +b(i) % CVa(i) + c(i) * CF(i))  (4)
Benefit = REV % zn:(ED(z') — (CS(i) + CO; (i) + CO, (i)
+ ain(i— 1) % CAmz(ji 1) + ar(i — 1) % CAg(i — 1) + CR(3)
+b(i) * (CE(i) + CV;(3) + CVy(i)) + CD(i)))  (5)

Relating these formulas to our prior discussions of praeeasd
cost-benefits, if an organization does not test their produall be-
fore delivery, then they gain potential revenue by reduahgf
the cost terms other tha@F' in Equation 4 to zero, and all the
cost terms of formCX in Equation 5 to zero. IICF is zero, the
resulting revenue increase is proportional to the savedagd de-
livery time ED. When a regression testing technique reduces (in-
creases) testing time, either through selection or pizatibn, the
right hand side of Equation 5 is positive (negative), indighan in-
crease (decrease) in revenue. These revenue changes pledcou
however, with changes in costs captured in Equation 4 irriehére
ing whether techniques are cost-beneficial overall.

Note that of the costs that we consider in this work, sever4l,
CO;, CO,, CA) can potentially be partially offloaded from the
critical testing phase to the maintenance phase; thatéspiiase
denotedt1-t2 in Figure 1. For example, test engineers can make
test hardware ready or perform preliminary analyses on esdn
which maintenance is complete. In this case, costs may akeere
they continue to have associated salary and hardware aspett
may be less likely to contribute directly to delays in rekedstes.
Four other costsR, CE, C'V;, C'V,) are incurred primarily dur-
ing the regression testing phas€D occurs during the regression
testing and fault correction phase, but may also extendfietpost-
release phase’F is incurred during the post-release phase.

In constructing the foregoing model we make several siyplif
ing assumptions. We assume tl&has just one (evolving) test
suite, that tests have equal run times, that instrumentatsts per
unit and trace are uniform, and that fault costs are all tiesa
We assume that test case execution, analysis, and regréesto
ing technique costs involve only machine time, with no hurcast
component, and we consider test setup and obsolete testidete
to have only human effort cost, (an assumption appropratait
experiment objects). In this work, where we consider thaties
efficacy of regression testing techniques that refysge consider
only fault losses incurred due to execution of subseTs @fe make
these assumptions for convenience, as they are suitatiie sre-
narios we consider in our empirical study. All of these agstions
can be relaxed, however, given appropriate changes madein t
model and sufficiently accurate measurement instruments.

3.4 Evaluating and Comparing Techniques

The foregoing cost models can be used in cost-benefit arsalyse
in various ways. Lef andB be regression testing techniques with
costsCosty and Costg, and benefitfBenefit4 and Benefitp. We
can determine whethéis beneficial by calculating:

Benefity — Costy (6)
Further, we can determine the difference in value betwéend
B by calculating:

(Benefity — Cost o) — (Benefitg — Costp) )
with positive values indicating that has greater value thaB, and
negative values indicating that has lesser value thas.

4. EMPIRICAL STUDY

The foregoing model captures a richer set of factors thae hav
been considered in prior research on regression testihgitpes,
and allows us to address various questions about thosedeelsn
Our study is designed to address three such questions:

RQ1: What effect does the imposition of time constraints have on
the relative cost-benefits of regression testing techisigue

RQ2: What effect does availability of incremental resourcegha
on the relative cost-benefits of regression testing tectas@

RQ3: What are the relative cost-benefits of regression testsele
tion and test case prioritization techniques?

None of these research questions have been addressediphgvio
in empirical studies of regression testing; In fact, no dwstefit
models previously defined capture the necessary factorsheln
case of RQ1 and RQ2, no prior models consider the relatipnshi
between fault omission or rate of fault detection and tegpimmiex-
ecution costs. In the case of RQ3, no prior models have been ca
pable of expressing the cost-effectiveness of these tvssetaof



techniques in comparable units. All three of these questame
important, however, for practitioners who wish to deteremmhat
technigue might be most cost-effective in their organirai

4.1 Objects of Analysis

We used five Java programs as objects of analyarg; xml-
security jmeter, galileo, andnanoxml The first three objects have
JUnit test suites, and the last two have TSL (Test Specificati
Language) suites [26]Ant is a Java-based build tool; it is simi-
lar to make, but it is extended using Java classes insteadtiof w
shell-based commanddmeteris a Java desktop application used
to load-test functional behavior and measure performantal-
securityimplements security standards for XMGalileois a Java
bytecode analyzeNanoxmlis a small XML parser for Java. Sev-
eral sequential versions of each of these systems, modifieaty-
ing degrees, were selected for use in this study. These qrgr
versions, and test suites are all available as part of aagtrfrcture
supporting experimentation [8].

Table 1 lists, for each of our objects, its associated “\dersi
(the number of versions of the object program), “Classeke (t
number of class files in the most recent version of that pragra
“Size (KLOCSs)” (the total lines of code in the most recentsien
of that program), and “Test Cases” (the number of test cassk a
able for the most recent version of that program). The rigistm
column is described in Section 4.3.

4.2 Variables and Measures

4.2.1 Independent Variable

Our study manipulated one independent variable, regness#t-
ing technique. We consider the three different regresssting
methodologies described earlier in Section 2: retestadiression
test selection, and test case prioritization. For eachesfdimethod-
ologies, we consider one or more specific techniques, asafsl|

Retest-all (control). The retest-all technique (reusing an entire ex-
isting test suite) together with original test case ordeveseas our
control technique, representing the typical common preaif run-
ning all non-obsolete test cases on a new version of a system,
whatever order they are presented in.

Regression test selection.For regression test selection we con-
sider a safe technique, that selects test cases which sxemie
that has been changed to produce a modified program vergipn [3
The technique relies on control flow graphs and program egpeer
information at the basic block level to select all test cdbasexe-
cute changed code.

Test case prioritization. For test case prioritization we consider
two coverage-based techniques [11]. These techniquesmdlipck
coverage information per test case. The first techniqual ibtnck
coverage prioritization, simply counts the total numbetblafcks
each test case covers and sorts test cases in terms of thogs.co
This technique has relatively low analysis costs. The sgtech-
nique, additional block coverage prioritization, ordersttcases in
terms of the numbers of additional blocks they cover by ghged
selecting the test case that covers the most as-yet-urecbiaévcks
until all blocks are covered, then repeating this processalhtest
cases have been used. This second technique incorporatésra n
of feedback not present in the total block coverage prizaiton,
which causes it to have larger analysis costs than thatitgaatin

Techniques facing time constraints. We also consider each of
the techniques just described in a manner that reflects feetef
of time constraints, in which regression testing actigitee termi-
nated early. To do this, for each of the foregoing techniques

Table 1: Experiment Objects and Associated Data

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

ant 9 627 80.4 877 2907

xml-security 4 143 16.3 83 127

jmeter 6 389 43.4 78 295

galileo 16 87 15.2 1533 1923

nanoxml 6 26 7.6 216 132

shorten the test execution process by 50%, simulating faetefof
having the testing process halted half way through.

Techniques using incremental resourcesTo investigate the ef-
fects of incremental resource availability, we considesians of
each of our prioritization techniques and our regressiehgelec-
tion technique that re-use analysis data pertaining tounstnta-
tion from previous testing sessions. In contrast to theinoremental
techniques just discussed, which re-instrument all codeesexecute
all tests under instrumentation, these incremental teciesi re-
instrument only classes that have changed, and re-execlytéest
cases known to have passed through changed classes phgvious

4.2.2 Dependent Variables and Measures

Our dependent variables are the cost and benefit factors pre-
sented in Section 3.3, and calculated by Equations 4 and &se€Th
values are measured in dollars, and their calculation dipen
several constituent cost measures, which we collect asfsll

Cost of test setup(CS). For our objects, the cost of test setup
involves only human resources, not hardware resources.relhe
evant activities include setting up a working directory festing,
compiling the program version to be tested, configuringdesers
and test scripts, and (in some cases) performing minor tditst
scripts. We measured the costs of these activities dirastyn av-
erage of the time taken by two graduate students (Ph.D. stside
from our research group) to perform them.

Cost of identifying obsolete test caseéCO;,). For our objects,
identification of obsolete test cases as versions wereajgsehwould
have required manual inspection of a version and its tesscasd
determination, given modifications made to the system, efdist
cases that need to be modified for the next version (due taelsan
in inputs or expected output). Our objects were already igeal/
with test suites, so to measure this cost we asked a gradudens
to perform these activities, working with the given suites.

Cost of repairing obsolete test case@C0O,.). For our objects the
cost of repairing obsolete test cases includes the costgaoh-e
ining specifications, existing test cases, and test drivasswell

as observing the execution of suspect tests and driverfioédh

all of our objects had obsolete test cases, and the cost ofiide
fying them was measured as described above, on only onetobjec
nanoxm] were repaired tests present. To measure the cost of re-
pairing tests on this object, we asked two graduate studeht®.
students from our research group) to perform these aetvitiVe
averaged the times taken by these students.

Cost of supporting analysis — non-incremental CA). The anal-
ysis costs for the non-incremental regression testingnigakes in-
clude the costs of instrumenting prograntsA(,,) and collecting
test execution tracesO{d;-). We calculated these values directly
for each version of each object program, by measuring the tim
required to run the Sofya system [20] for instrumentatiodaifa
bytecode, and the time required to execute the test casdbdir
version on that instrumented version.



Cost of supporting analysis — incremental(CA). Incremental
analysis costs consist of the time required to re-instranogty
modified classes for a given version (given a version presijou
fully instrumented), and the time required to re-executethat ver-
sion, only those test cases known to have reached modifisgeda
in the prior version. Our code instrumenter does not sugporée-
mental instrumentation, so we partially estimated thesaegaby
utilizing the directly measured non-incremental analgsists col-
lected as just described, and (as shown in Equation 5), phyiftg
this number by (in the case of re-instrumentation) the ratithe
number of classes requiring re-instrumentation to thd mtmber
of classes and (in the case of re-execution) the ratio of tineber
of traces requiring recollection to the total number of ¢éac

Cost of regression testing technique executiofCR). We directly
measured the time required to apply each regression tetgtihng
nigue studied, by running it against each version of eackabbj
program using appropriate analysis information.

Cost of test execution(CFE). For cases in which all test cases
were executed, we directly measured execution time of tetdss
automatically, by running them against each version of edjéct
program using appropriate analysis information. For casesich

a subset of a test suite was executed, we estimated exetumien
by multiplying the cost of executing the entire test suitahmyratio

of the number of test cases being rerun to the total numbezsof t
cases, as shown in Equatior? 5.

Cost of test result validation (automatic via differencing (C'Vy).
For cases in which all test cases were executed, we direebr m
sured this validation time automatically, by measuring ¢bst of
running a differencing tool on test outputs as test cases &ez-
cuted, for each version of each object program. For casesiichw
a subset of a test suites was executed, for reasons similaoge
discussed immediately above, we estimated this time byiphult
ing the cost of validating the entire test suite by the rafidghe
number of test cases being rerun to the total number of tessca

Cost of test result validation (human via inspection)(C'V;). To
measure the cost of validating test results, we averagedirttee
taken by two graduate students (Ph.D. students from ouargse
group) to compare program outputs across versions, forgcbf
versions. For cases in which a subset of a test suites wastegec
we estimated this time (for reasons discussed above) bypatyirig
the cost thus measured by the ratio of the number of test bages
rerun to the total number of test cases.

Cost of missing faults(CF). For each regression testing technique
that could omit faults, we measured the number of faults tewhit
during a testing session on each version of each object qrogr
Determining the cost of missing faults, however, is mucherdif-
ficult. Given the many factors that can contribute to thesgs;o
and the long-term nature of these costs, we could not obi@sn t
measure directly. Instead, we rely on data provided in [81dk-
tain estimates of the costs of faults. Because fault difiiesirange
widely, we decided to analyze results relative to two clasgdault
importance: one corresponding to costs attributed in [81se-
vere” faults, and one corresponding to costs attributedtdihary”
faults. These costs, respectively, are 22 and 1.5 hours.

3We used estimation in this case for two reasons: (1) the dost o
executing every test suite subset considered in this stadylavge;
and (2) because the test cases for each of our particulactolge
sions are quite similar to one another in terms of execuiioes,
and test suite execution time ultimately accounts for a sfre-
tion of overall costs, this estimation could not affect @leresults.

Cost of delayed fault detection feedback CD). For each pri-
oritization technique applied to each object version aistl gaite,
we measured the rate of fault detection using the APFD (Aera
Percentage Faults Detected) metric (a metric introducedhie
purpose in [12]) for that version and test suite. Then, feilg
the approach of [23], we translated APFD scores into the tamu
tive costs (in time) of waiting for each fault to be exposedlgh
executing test cases under a particular order, defineelags

Revenue(REV). A second metric that we cannot measure directly
relative to our object programs involves revenue, and izetour
cost models we required an estimate of this value. To obtath s
an estimate, we utilized revenue values cited in survey filata
software products [7], ranging from $116,000 to $596,000epe-
ployee. Because our object programs are relatively smaipened

to many commercial software systems, we utilize the smaiéss
enue and a headcount of ten in this study.

Programmer salary (PS). A third metric that we cannot mea-
sure directly on our object programs involves the salarfgsro-
grammers. To obtain an estimate, we rely on a figure of $100 per
person-hour, obtained by adjusting an amount cited in [/7&i
appropriate cost of living factor.

Expected time-to-delivery (ED). We do not calculateED, be-
cause the comparisons we need to perform to address ouraesea
questions do not require its calculation. To explain: we Egea-
tion 7 to compare techniques, and this equation subtraetsehefit
value for a second technique from the benefit value for the fins

so doing, because ED is necessarily identical for two teples
compared on the same version, the value of ED is canceled out.

4.3 Experiment Setup and Analysis Strategy

To perform test case prioritization and regression tesctieh
we required two types of data: coverage information and fath.
We obtained coverage information by running test cases paolsu
ject programs instrumented using Sofya [20]. The resuliiigr-
mation lists which test cases exercised which blocks in tioe p
gram; a previous version’s coverage information is therduse
prioritize a current version’s set of test cases, and to aupghe
selection of a subset of test cases for the current version.

To measure rate of fault detection for test case prioribpaiech-
niques, and fault omission for non-safe regression testgeh, we
required object programs containing faults. The objecgmms
we obtained had not been supplied with any such faults ot faul
data. Thus we used mutation faults generated using a Jaga byt
code mutant generator [$]Because our focus is regression testing,
however, we use only generated mutants that fall within frextli
areas of code. The number of mutants created for each of geotob
programs is shown in column five of Table 1.

In actual testing scenarios, programs do not typically @ionas
many faults as the number of mutants we generated. Also, ke wi
to investigate the use of regression testing techniquéstije to
the lifecycle factor) across the entire sequences of vessid our
object programs. To do this, for each version of each progvam
randomly selected sevenalutant groupgrom the mutant pool for
that version; each mutant group’s size varied randomly éetw
one and five. Then, for each program, we obtained fe@quences

4Although studies involving real faults can be preferablediter-

nal validity, real faults are seldom available in numberf§icient to
support controlled experimentation; thus, researcheéengély on
faults created by mutation tools. Recent studies [1, 9] ls&gsvn,
moreover, that mutation faults can be representative ofaaks.
SThese numbers were chosen to maintain consistency witip setu
procedures followed in an earlier experiment [9].



of mutant groupsy randomly selecting a mutant group for each
version of that program.

Given these materials, to collect the data necessary tetigege
our research questions, we considered each object programmi
and for each version of that program, applied each regmes$est-
ing technique, and collected the appropriate values foessary
cost variables (as indicated in Section 4.2.2). In this @sec all

times were measured on a PC running SUSE Linux 9.1 with 1G

RAM and with a 3 GHZ processor.

Given these cost variables we calculated, for each objest pr
gram and each technique, the benefit and cost of that techajou
plied to the sequence of versions (with their associatedstetes)
of that program for each of its four sequences of mutant group

We then averaged these numbers. These benefit and cost sumber

serve as the data for our subsequent anafysis.

4.4 Threats to Validity

In this section we describe the construct, internal, andrazat
threats to the validity of our study, and the approaches \ed ts
limit the effects of these threats.

Construct Validity. The dependent measures that we have consid-

ered for costs and benefits are not the only possible meas#es
lated to regression testing cost-effectiveness. As desttiin Sec-
tion 3.2, other testing costs might be worth measuring ffieint
testing situations and organizations.

Internal Validity. The inferences we have made about the cost-
benefits of regression testing techniques could have béected

by two factors. The first factor involves potential faultslie tools
that we used to collect data. To control for this threat, wi va
dated our tools on several simple Java programs. The seecnd f
tor involves the actual values we used to calculate costagesaf
which involve estimations. For example, we used code chaage
tios to estimate incremental instrumentation costs, anavarage
test case execution time over the instrumented prograntito&s
incremental trace collection costs. We also measured thies ob
test setup, finding obsolete tests, repairing obsolets,tast val-
idating outputs by measuring the time taken by one or two-grad
uate students. The use of such estimates could confountistesu
The values we used for revenue and costs of correcting arsd mis
ing faults are estimated based on surveys found in the tiitera
but such values can be situation-dependent; for examptey &ed
Stieg [27] present a different set of fault costs. Howeves,did
choose a relatively small revenue figure so as not to inflatelte
given that our object programs are relatively small. In surym
we exercised care in selecting reasonable estimationgarel¢o
our object programs, but larger-scale industrial casdestualill be
needed to follow up on these results.

External Validity. The Java programs that we study are relatively
small (7K - 80K), and their test suites’ execution times aa+
tively short. Complex industrial programs with differefiacacter-
istics may be subject to different cost-benefit tradeofis|uding
also different amounts of revenue that could yield différenst-
benefit tradeoffs. The testing process we used is not repese
of all processes used in practice, and our results shouldtbe i
preted in light of this. The tools we use in this study are @ingies,
and thus may not reflect tools used in a typical industrialrenvy
ment. Control for these threats can be achieved only thraagh
ditional studies with wider populations of programs, ottesting
processes, and enhanced performance-efficient tools.

éComplete data sets can be obtained by contacting the fitsbraut

Incremental Analysis Resources

No Yes
BOX 1 BOX 2
org  original order org original order
n ol mna retest-all rta retest-all
E Z| rts safe reg. test. sel rts.i  safe reg. test. sel|
% tot total cov. prio. tot.i  total cov. prio.
s add addt'l cov. prio. | add.i addt’l cov. prio.
i BOX 3 BOX 4
% org.50 original order | org.50 original order
@ | rta.50 retest-all —
> | rts.50 reg. test. sel. —
tot.50 total cov. prio. | tot.50.i total cov. prio.
add.50 addt'l cov. prio. | add.50.i addt’l cov. prio.

Figure 2: Cost factor scenarios.

4.5 Data and Analysis

In our analysis of results, in keeping with our research tioes,
we organize the data considering two different contexbiacttime
constraints (captured in our process model, and througiougr
factors in our cost-benefit model, through the early tertionaof
testing activities), and availability of incremental args$ resources
(captured in our cost-benefit model in terms of incorporatid
differing forms of analysis costs in relation to instrunsign and
trace collection). The combinations of these context facyield
four classes of technique applications, as illustratediguie 2.
Each of these classes (each of the four boxes in the figurefeten
a different scenario that an organization could face inrtgste-
pending on resource availability and time constraints. &&cdbe
each scenario further as follows.

Upper left (Box 1): no time constraints are applied and no incre-
mental analysis resources are available. In this situgfivmof the
regression testing techniques we consider apply: thréeass pri-
oritization techniques (original test order (“org”), tbtdock cov-
erage (“tot”), and additional block coverage (“add”)), ama re-
gression test selection techniques (retest-all (“rtat) esgression
test selection (“rts”)).

Upper right (Box 2): no time constraints are applied and incre-
mental analysis resources are available. In this situatiercon-
sider the same five techniques considered in Box 1, but three o
the heuristics (“tot”, “add”, and “rts”) use incrementaladysis re-
sources. To identify techniques succinctly we add the tago‘i
each technique’s mnemonic: “tot.i”, “add.i”, and “rts.i.”

Lower left (Box 3): time constraints are applied and no incremen-
tal analysis resources are available. In this situation la@ eon-
sider five techniques, representing the case in which teatitivi-
ties following the application of techniques in Box 1 arenarated
early. We eliminate the second half of the test suites for tduhe
techniques (“org.50”, “tot.50”, “add.50”, and “rta.50").For re-
gression test selection, we chose a different approacluonaly
selecting half of the test cases in the test suite, becauseished
all test suites for a given version in Box 3 to have the sane siz

Lower right (Box 4): time constraints are applied and incremen-
tal analysis resources are available. In this situation evesicler
only three techniques, “org.50", “tot.50.1", and “add.BObecause
incremental analysis does not apply to a test suite obtgioede-
gression test selection) by random reduction.

’In principle test suites are sets, but in practice test case®r-
dered, and thus the notion of using the first half of a suitdiepp



To address each of our research questions, we need to compare

pairs of techniques for cost-benefit tradeoffs, and thenpeoethe
relationships that occur between techniques under onef $at-0
tors to the relationships that occur under another set tdifacFor
example, we ask whether the relationship between “org” atsd “
in Box 1 is the same as the relationship between “org” and iints
Box 3, in order to assess whether the effects of early tesiiter

tion affect the relative cost-benefits of these two techesqu

We first perform technique comparisons within each box. Ta-
bles 2 and 3 summarize the result of this comparison, reprti
relative cost-benefit relationships measured for eachgfetiech-
niques within each box, per program, using Equation 7. Table
contains one subtable corresponding to Box 1, one subtable-c
sponding to Box 2 and two subtables for Box 3 — one for the case
in which non-severe faults are utilized in the cost-benefiiations,
and another for the case in which severe faults are utiliZedble
3 contains data for both types of faults with respect to BoiTée
use of pairs of tables for Boxes 3 and 4 corresponds to ourtwish
analyze results relative to two classes of faults diffeiimgever-
ity. Note, however, that differences between fault sexsrihave
effects only for cases in which time constraints limit tesg@uition,
because when constraints are not applied and full tesssaiigeex-
ecuted, there are no omitted faults and thus no fault cosltsis T
these results are reported only for Boxes 3 and 4.)

All of the data in Tables 2 and 3 is represented in dollar \&lue
obtained by converting time measurements using the fosrand
values described in Sections 3.3 and 4.2.2, respectively.

Within each subtable in the tables, columns are labeledpitis
of regression testing techniques compared, and rows aetethb
with object programs considered. If an entry in the table oi-C
umn B(T1, T2) and rowfoo contains a positive amount, théry
yields benefit by that amount, in dollars, ovEg, for programfoo.

If an entry in ColumnB(T1, T2) and rowfoo contains a negative
amount, theril’2 yields benefit by that amount, in dollars, ovEr
for foo. For example, the cell in ColumB (tot, org), row ant, in
the topmost subtable in Table 2, lists the result of appl\&oga-
tion 7 treating “tot” as techniqué and “org” as techniqué; the
amount listed, -916, is the dollar-cost advantage (or ratfisad-
vantage) of applyind\ rather tharB to ant

Table 2: Relative Benefits Between Technique Pairs (dollays

No incremental analysis resource & no time constraints (Box
Object B(tot, B(add, B(rts, B(rts, B(rts,
org) org) rta) tot) add)
ant -916 -1083 -1779 -616 -448
jmeter -298 -297 -552 -146 -147
xml -100 -104 -223 -63 -59
nanoxml -70 -41 -188 179 150
galileo -815 -322 -415 2576 2083
Incremental analysis resource & no time constraints (Box 2)
Object B(tot.i, B(add.i, B(rts.i, B(rts.i, B(rts.i,
org) org) rta) tot.i) add.i)
ant -599 148 -1483 -616 -448
jmeter -145 155 -399 -146 -147
xml -25 70 -148 -63 -59
nanoxml -32 66 -150 179 150
galileo -583 729 -182 2576 2079
No incremental analysis resource & time constraints (Bond@i-severe faults)
Object B(tot.50, | B(add.50, | B(rts.50, | B(rts.50, B(rts.50,
org.50) org.50) rta.50) tot.50) add.50)
ant 160 184 656 527 -1069
jmeter -96 -36 145 258 -158
xml 572 461 437 -132 -184
nanoxml 694 559 947 269 156
galileo -668 889 1822 2731 -1722
No incremental analysis resource & time constraints (Boge¥ere faults)
Object B(tot.50, | B(add.50,| B(rts.50, | B(rts.50, B(rts.50,
org.50) org.50) rta.50) tot.50) add.50)
ant 17800 21455 9994 -7773 -13002
jmeter 3016 4114 2221 -778 -2234
xml 10949 9281 6663 -4282 -2778
nanoxml 14183 11973 14436 269 2231
galileo 9707 42393 27762 18295 -17286

Table 3: Relative Benefits Between Technique Pairs (dollays

Incremental analysis resource & time constraints (Box 4)
Object B(tot.50.i, | B(tot.50.i, | B(add.50.i, | B(add.50.i,

org.50) org.50) org.50) org.50)

non-severe| severe non-severe severe

ant 477 18116 500 21771
jmeter 57 3170 117 4267
xml 647 11023 536 9356
nanoxml 732 14221 597 12011
galileo -436 9931 1122 42626

We now use the data in Tables 2 and 3 to address each of our

research questions, in turn.

4.5.1 RQ1: Effects of time constraints

Ouir first research question considers whether the impasifo
time constraints affects the relative cost-benefits ofeggjon test-
ing techniques. To answer this question, we compare teglniq
pairs in Boxes 1 and 2 in Figure 2 to corresponding techniirs p
in Boxes 3 and 4, respectively. We restrict our attentionotmpgar-
isons between heuristics and control techniques, defecompar-
isons between regression test selection and test caséipaiion
techniques to our discussion of RQ3.

Columns 2 through 4 in Table 2, in the subtable for Box 1, in-
dicate that heuristic regression testing techniques arbereeficial
compared to corresponding control techniques for any obkiject
programs considered. All comparisons yield negative numtie-
dicating that the original and retest-all techniques oditpmed the
heuristics in all cases. Data in the same columns in the lSiebitar

outperform control techniques. Furthermore, even the faeses
in which heuristics are not beneficial over control teche&jare
altered when we consider the case in which faults are severe.

4.5.2 RQ2: Effects of incremental resource use

Our second research question considers whether the dlisilab
of incremental resources affects the relative cost-beneffiitegres-
sion testing techniques. To answer this question, we casrteah-
nigue pairs in Boxes 1 and 3 in Figure 2 to corresponding figcien
pairs in Boxes 2 and 4, respectively. Again, we focus on campa
isons between heuristics and control techniques.

As already noted in Section 4.5.1, all three comparisonsngmo
heuristics and control techniques in Box 1 show no benefiteuac
ing to heuristics. When we consider the use of incrementlyais
resources (Box 2), however, comparisons do reveal a fewrdiff
ences. First, in all cases, the use of incremental analjalidsyad-
vantages over the use of non-incremental analysis: all Busnb

Box 2 also shows similar trends in the cases of columns 2 and 4 the table are higher than their corresponding humbers in1Bdx

(“tot” versus “org” and “rts” versus “rta”), but not in the sa of
Column 3 (“add.i” versus “org”).

Comparing this data to that for corresponding technique-com
parisons in Boxes 3 and 4 for non-severe faults revealsrdiife
trends: in all but three cases in Box 3 and one in Box 4, hecsist

the comparisons of “tot” to “org” and “rts” to “rta”, howevecon-
trol techniques continue to outperform heuristics overalbecond
difference, however, is more apparent: in the comparisdiadd”

to “orig”, the use of incremental analysis does render theibtc
beneficial with respect to the control technique.



Comparisons between Box 3 and Box 4 do not reveal many dif- uct). Meanwhile, complete-test but late delivery can lesshhaller

ferences, but here too, overall the benefits associatechwittistics
increase, and in two cases (“tot.50” versus “orig.50” andd:&0”

versus “orig.50” forjmetel) the use of incremental analysis re-

sources allows heuristics to outperform control techréque

4.5.3 RQ3: Test selection versus prioritization

Our third research question considers whether the relatve
efits of regression test selection and test case prioidizaech-

numbers of post-release defects, but if the delivery datielsyed
long, the company can lose opportunities to earn revenum tine
product. These inferences are not unexpected, but whanwpir-e
ical results suggest is that cost models such as ours caredeas
ascertain the regression testing technique that can bestoein a
particular scenario, based on expected revenues and vdlater
factors related to testing costs.

Regarding the use of incremental resources, our resulis thiad

nigues differ. Columns 5 and 6 in the subtables for Boxes 1 and this factor, too, can affect evaluations of regressionirigstech-
2 show the comparison results between these techniquesmehen niques, but such impact was apparent in only some cases.
time constraints are applied, and when safe regressioseiestion cause of this was the relationship observed, for our objdxs
is involved. (Note that Columns 5 and 6 in Box 1 contain values tween instrumentation and trace collection costs. In genere
identical to those in Box 2; this is because the techniqued imsthe expect that if we reduce the number of class files that nee@ to b
two boxes differ only in terms of their use of incremental lgsis instrumented to collect information for a testing sessiea,could

resources, and in the case of these particular techniqiresewime also reduce the number of trace files to be collected by a propo

One

constraints are not applied, the costs of the activitiefopmed do
not differ across the boxes.)

The results show that the regression test selection tew8ifcs”)
is more cost-effective than test case prioritization tépes (“tot”
and “add”) for the two object programadnoxmlandgalileo) that
have specification-based test suites. For the other thoegamns,
which use JUnit test suites, test case prioritization teghes are
more beneficial than regression test selection. This resittpor-
tant because it suggests that in practice, a preferreditpehmight
vary with test suite type. Further study of this effect is desh
however, to determine whether test suite type, techniquéheair
interaction are responsible for this effect.

Turning to the subtable for Box 3, when we compare results be-

tween test case prioritization and regression test setedti the
case in which time constraints apply, we see differentimiahips
between techniques. For non-severe faults, the seleaatmigue
is better than the “tot” technique in all but one case, but‘tuksl”
technique is better than selection in all but one case. Rmree
faults, the comparison between random and “add” reveatsltre
similar to that of the non-severe fault case, but the corspari
between selection and “tot” reveals two casast @ndjmetel) in
which selection ceases to be better than the “tot” technique

5. DISCUSSION

To further explore the results of our study we consider tws to
ics: (1) the ramifications for practice of the results we oted;
and (2) a comparison of our results with those obtained itieear
work using different cost models.

Where the first topic is concerned, our results support time co

clusion that accounting for different context factors irsessing
regression testing techniques makes a difference wheissiisge
the relative benefits of those techniques. In particularamalysis
shows that the time constraints factor had a large impactlative
benefits. In practice, cases in which time constraints \etez to
affect product release are frequent in the software ingusten-
dricks et al. [16] report that a typical reason for produdags is
the need for additional testing and debugging. At other ginoe-
ganizations cut back on testing activities in order to emsimely
release of their product.

Further study of our data suggests, in fact, that the priroange
of the impact of time constraints was the tradeoff betweerctsts
of applying additional tests and not missing faults, anddbsts
of reduced (non-safe) testing in which faults are missed-ti@a
but incomplete-test delivery can lead to revenue increasgsif
the product contains defects after delivery, the orgaioizatan
suffer from post-delivery revenue losses (due to additiciefect
removal costs and the loss of customers due to distrust qirtte

tional amount, because we need to collect only traces tleaafar
fected by instrumentation changes. However, this expeotatas
often not met on our objects. For example, in the casgaabxm]
incremental instrumentation required only 30% of totatrmsien-
tation time, but incremental trace collection required 98#/4o0-
tal trace collection cost. This result occurred becauseesointhe
newly instrumented files are accessed by most test casede§-he
son learned from this example, where our study and the usesof ¢
models are concerned, is that it can be important to decdagtiers

in those models, to avoid conflating different effects.

Where our second topic of discussion is concerned, in thi& wo
we evaluated regression testing techniques using a cos!ritad
(1) allows comparisons of previously incomparable clas$ésch-
niques (prioritization and selection) and (2) includescher set of
factors than has been employed in prior evaluations. Oupeom
ison of prioritization and selection (RQ3) illustrates #féects of
considering such factors on the relative cost-effectigerd these
classes of techniques: not only time constraints, but alsib $ever-
ity and test suite type potentially affect tradeoffs betwdeem.

To gain further insights into how evaluations of regresgist-
ing techniques differ as cost models vary, we compared cuitse
with those from a previous empirical study of prioritizatitech-
nigues in which three of the same JUnit object programs wsed u
(ant, jmeter, andxml-security [10]. The previous study evaluated
a prioritization technique (additional block coverageingsa cost
model that considered only two cost components (test casmiex
tion time and prioritization technique cost) and one ber(éditlt
detection rate). The study showed that the additional btasler-
age technique was beneficial compared to original test qales-o
ings for two of the three programp(eter, andxml-security. This
result is quite different from our results in this study, wlndo not
show benefits for any heuristics over control techniquebéncase
in which time constraints do not apply. One lesson suggdsyed
this observation is that evaluations of techniques basetiffanent
models can result in quite different evaluations of the -txestefits
of techniques, and so, efforts to capture richer sets obffadh
models, as we have done in this work, are worthwhile.

6. CONCLUSIONS

Empirical assessments of regression testing techniquasnde

on cost-benefit models. In this paper we have presented such a

model, that captures a richer set of the factors (includiogtext
and lifecycle factors) that affect technique cost-effestess than
prior models. Our model facilitates the investigation aothpari-
son of techniques along dimensions that have not previdaesin
possible, and our empirical results indicate that this edpd view
has practical implications for users and researchers bhiguaes.



Although the cost-benefit model that we present captures spe
cific testing-related factors relative to just one (comnmmagyession
testing process, it can be adapted to include other factatsyaply
to other processes, and our future work will consider sueptd
tions. Further, our study results are somewhat explorativéhe
sense that they do not provide data sufficient to suppoiisttat
analysis. Such results are important in the early stagessefarch
to show whether value potentially exists in models; howelav-
ing shown this, this work motivates future studies emplgyarger
data sets and statistical analysis.

In the study reported in this paper, we evaluated regredeiin
ing techniques using systems of size (7K - 80K) and relatisaiall
revenue estimates. Program size, however, does not agpearat
factor in our results, for the programs that we considers thwe
conjecture that similar trends could be expected for langelius-
trial systems. Such larger systems, however, will also becated
with higher revenues than those considered here, and wetdkae
in such cases, the context factors we have considered wil ha
even greater impact on the relative cost-benefits of reigmressst-
ing techniques. We hope that through continuing researchisn
area, we can bring the benefits of better cost models and éggan
empirical understanding to organizations that create systems.
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