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Abstract Most RTS techniques are not safe. Techniques that

Regression test selection techniques reduce the cost
of regression testing by selecting a subset of an exist-
ing test suite to use in retesting a modified program.
Safe regression test selection techniques guarantee (un-
der specific conditions) that the selected subset will not
omit faults that could have been revealed by the entire
suite. Many regression test selection techniques have
been described in the literature. Empirical studies of
some of these techniques have shown that they can be
beneficial, but only a few studies have empirically com-
pared different techniques, and fewer still have consid-
ered safe techniques. In this paper, we report the results
of a comparative empirical study of implementations of
two safe regression test selection techniques: Dej aVu
and Pyt hi a. Our results show that, despite differ-
ences in their approaches, and despite the theoretically
greater ability of Dej aVu to select smaller test suites
than Pyt hi a, the two techniques often selected equiv-
alent test suitesin practice, at comparable costs. These
results suggest that factors such as ease of implementa-
tion, generality, and availability of supporting tools and
data may play a greater role than cost-effectiveness for
practitioners choosing between these techniques.

1 Introduction

Regression testing is the process of testing modified
software to detect whether new faults have been intro-
duced into previoudly tested code. One approach to re-
gression testing is to save the test suites for a product
and reuse them to retest the product after it is modified,
but this retest-all technique can be excessively expen-
sive. Regression test selection (RTS) techniques (e.g.
[5, 19, 23)), in contrast, attempt to reduce the cost of re-
gression testing by selecting a subset of the existing test
suite to use on the modified program.

are not safe can fail to select test cases that reveal faults
in the modified program. In this paper, we focus on safe
RTS techniques. When an explicit set of safety con-
ditions is satisfied, safe RTS techniques select all test
cases, in the original test suite, that can revea faultsin
the modified program [18]. Of course, under these same
safety conditions the retest-all technique is safe, but it
requires execution of all test cases. Key to the cost-
effectiveness of safe techniques, then, is precision: the
ability of atechnique to exclude unnecessary test cases.

In this paper, we present the results of a compara-
tive empirical study of two safe RTS techniques. The
techniques we studied have been implemented as the
toolsDej aVu [19] and Pyt hi a [23]. Thesetechniques
present tradeoffs of the sort that implementors and users
of safe RTS techniques must consider. Dej aVu exam-
ines source code at the level of individual statements,
and is among the most (theoretically) precise techniques
available. Pyt hi a employs atheoretically less precise
analysis, examining modified code at the statement level
but selecting test cases at the level of enclosing basic
blocks. The two approaches differ in terms of ease of
implementation, implementation requirements (support-
ing tools and data required) and generality (ease of ap-
plication to other languages and systems).

To examine the effects of these tradeoffs between
Pyt hi a and Dej aVu, we performed an experiment, in
which we applied both techniques to a set of programs
and modified versions of those programs, on large sets
of test suites of two different types. Our results showed
that, despite the differencesin their approaches, and the
theoretically greater ability of Dej aVu to select smaller
test suites, the two techniques often selected equivalent
test suitesin practice, at comparable costs. Theseresults
suggest that factors such as ease of implementation, gen-
eraity, and availability of supporting tools and data may



play a greater role than cost-effectivenessfor practition-
ers choosing between these techniques.

In the next section, we review the relevant literature,
and describe the algorithms underlying, and implemen-
tations of, Dej aVu and Pyt hi a. In Section 3, we
present our experiment design and results. Section 4
provides additional discussion of those results, and Sec-
tion 5 concludes.

2 Background and Related Work

In the following discussion, let P be a program, let
P’ be amodified version of P, and let S and S’ be the
specificationsfor P and P’, respectively. Let T be atest
suite developedinitially for P.

2.1 SafeRegression Test Selection

Regression testing involves several subproblems|[13,
18], including the problems of selecting a subset of the
original test suiteto run, generating new test casesto ex-
ercise new code or functionality, executing old and new
test cases, and constructing a new test suite for use on
future versions. While each of these problemsis impor-
tant, in this work we focus on the regression test selec-
tion problem: the problem of selecting a subset of an
existing test suite T' to execute on P’. Regression test
selection (RTS) techniques (e.g. [5, 19, 23, 27]) address
this problem.

In this paper we are primarily interested in safe RTS
techniques([2, 5, 12, 19, 23]), which by definition, given
that certain preconditions are met, eliminate only test
cases that are provably not able to reveal faults. Infor-
mally, these preconditionsrequirethat: (1) the test cases
in T are expected to produce the same outputs on P’
as they did on P; i.e, the specifications for these test
cases have not changed; and (2) test cases can be exe-
cuted deterministically, holding all factorsthat might in-
fluence test behavior constant with respect to their states
when P was tested with T'. (This notion of safety is
defined formally, and these preconditions are expressed
more precisely, in [18].) The techniques we examinein
this paper, implemented as Dej aVu and Pyt hi a, are
both safe given the same set of preconditions.

Reference [18] presents a framework for analyzing
and comparing RTS techniques, part of which we em-
ploy in thiswork. The framework consists of four crite-
ria. inclusiveness, precision, efficiency, and generality.
Inclusiveness measures the extent to which a technique
selectstest cases from 1" that can expose differences be-
tween P and P’ — for the safe techniques that we con-
sider, 100% inclusiveness is required. Precision mea-
sures the ability of atechnique to omit unnecessary test

cases. Efficiency measures the time and space require-
ments of a technique. Generality measures the range
of situations (including types of systems, programs and
languages accommaodated) in which atechniqueis capa-
ble of functioning.

In assessing efficiency, we distinguish between costs
incurred in the preliminary phase of regression testing
and costs incurred in the critical phase. The critical
phase of regression testing occurs following completion
of modifications creating P’ from P, and prior to re-
lease of P’, and is the (typically limited) time during
which regression testing must be accomplished. Pre-
liminary phase costs are incurred prior to the critical
period, incrementally, as the project develops. For in-
stance, source code control and configuration systems
canincrementally maintain information used later by the
analysis portion of a safe RTS technique, and program
profiling information for P can be gathered, following
its release, and prior to the critical period. Techniques
can take advantage of these phases, scheduling activities
in the preliminary phase where possible. In our analy-
ses, we focus on critical phase costs.

2.2 Two Safe Techniques

221 Deavu

Rothermel and Harrold developed a family of safe RTS
techniques, one of whichisimplemented asthetool De-
j aVu. We provide an overview of Dej aVu here; refer-
ence[19] presentsthe detailed algorithm, with cost anal -
yses and examples of its use.

Dej aVu operates on C programs, constructing
control-flow graph (CFG) representations of the proce-
duresin P and P’, inwhichindividual nodesarelabeled
by their corresponding statements. Dej aVu assumes
that atest history is available that records, for each test
caset inT and each edge e in the CFG for P, whether
t traversed e. Thistest history is gathered by instrumen-
tation code inserted into the source code of the system
under test. Construction and storage of the CFGs for
the base program P and the test history are preliminary
phase costs, since they can be accomplished during off-
peak times before the critical phase. Construction of the
CFGsfor P’, however, is acritical-phase cost.

Dej aVu performs a simultaneous depth-first graph
walk onapair of CFGs G and G’ for each procedureand
its modified versionin P and P’, keeping pointers + N
and 1 N’ to the current node in each graph. Thetool be-
ginswith the entry nodes of G and G'; it then executesa
recursivedepth-first search on both CFGs. Uponvisiting
apair of nodes N and N’ in G and G’, the tool examines
each edge e leaving N to determine whether thereis an



equivalently labeled edgein G'. If not, the tool placese
into a set of dangerous edges. If there is a correspond-
ing edgein G', and that edge enters an already traversed
portion of the graph at the same nodein both CFGs, then
the current recursion is terminated. Otherwise, T IV and
1 N’ are moved forward to point to a new pair of nodes.
The tool then checks to see if the labelson + N and
1T N’ are lexically equivalent (textually equivalent after
white space and comments have been removed). If they
are not, it places the edge just followed into the set of
dangerous edges and returns to the source of that edge,
ending that trail of recursion.

After Dej aVu has determined the dangerous edges
that it can reach by crossing non-dangerousedges, it ter-
minates. At this point, any test caset € T is selected
for retesting P’ if the execution trace for ¢ contains a
dangerous edge.

Dej aVu requires input from a control flow graph
construction tool and an instrumenter that functions at
the level of control flow graph nodes, and such tools are
relatively expensive to implement. On the other hand,
the agorithm underlying Dej aVu applies, with minor
extensions, to procedural-language programs generally,
and the tool can be applied to any systems for which the
required control flow graph model and profiling data are
provided in proper format. (To date the algorithm and
tool have been extended to handle systems built in C++
[21], Java[7] and Ada-83).

222 Pythia

Vokolos and Frankl developed a textual differencing
approach to safe regression test selection, and imple-
mented this approach asthetool Pythia. What followsin
this section provides an overview of Pythia; for a more
detailed description refer to [23, 25].

Pyt hi a operates on C programs. The tool was im-
plemented by integrating three UNIX programs: cc, the
C language compiler; pr et ty, a beautifier for C pro-
grams; and di f f , the general purpose file comparison
program. Given P, P', and T, to select aregression test
suite 7’ from T', Pyt hi a maintains a history of the ba-
sic blocks executed by each test casein T', and compares
the source files of P and P’ to identify modified state-
ments. Each modified statement is mapped to the appro-
priate basic block and all test casesthat executed that ba-
sic block are selected. The source-to-source comparison
isdone with di ff. Sincedi f f treats each line sim-
ply as a character string, it could report differences with
no lexical or syntactic import, such as formatting differ-
ences. To avoid this, Pyt hi a first transforms each pro-
gram version into a canonical form. The prettyprinter,

pretty [15, 22], which transforms code into an aes-
thetically appropriate format with uniform conventions
on indentation and line breaks, is used to accomplish
this. Execution tracing is accomplished by instrument-
ing the source code using the C compiler.

One difference between Pyt hi a and Dej aVu in-
volvesthe granularity at which they performtheir analy-
ses. Pyt hi a associates differencesin source codelines
with the basic blocksin P whose behavior could change
as aresult, then selects all test cases that executed the
selected basic blocks. Inthe simplest situation, achange
is contained within a single basic block; in such cases,
Pyt hi a selects all test cases that execute that block.
In more complicated situations, atextual difference may
change the basic block structure of the program. In such
situations, Pyt hi a selects a basic block b (possibly at
ashallower depth of nesting) such that all test cases that
may be affected by the code modifications execute block
b. For example, under some circumstances, changes to
thet hen clauseinani f statement may cause selection
of al test cases that reach the i f condition, regardliess
of whether they causeit to evaluateto “true’ or “false”.

Given this procedure, Pyt hi a is (at least theoreti-
cally) less precise than Dej aVu, potentially selecting
larger test suites. Pyt hi a, however, can be imple-
mented from common UNIX utilities, making itsimple-
mentation for C programs simpler than that of Dej aVu,
albeit at reduced generality.

2.3 Redated Work

RTS techniques have been evaluated and compared
analytically in [18], but only recently have attempts
been made to evaluate or compare them empiricaly
[3, 4,5, 6, 8, 11, 17, 19, 20, 24, 26]. Of these studies,
most focus on single techniques. In contrast, the work
described in this paper focuses on safe RTS techniques
and on comparative empirical analysis.

Three recent studies have focused on comparisons of
techniques. In [6, 11], three types of techniques, includ-
ing a safe technique, a minimization technique, and an-
other non-safe technique, were empirically compared to
random test selection for relative precision and inclu-
siveness. In [3], results of a study comparing Dej aVu
tothe safe RTStechnique Test Tube [5] werereported,
inwhich the two were compared for relative precisionon
two subject groups of programs. The study we report in
this paper is also comparative, and like the study in [3],
focuses on safe techniques, however, this study exam-
ines techniques not previously empirically compared.



3 Experiment

Our primary objective was to empirically investigate
the relative cost-benefit tradeoffs involved in utilizing
Pyt hi a or Dej aVu for regression test selection. We
also wished to compare the cost-benefits of using those
toolsto those of not using regression test selection at all,
and to determine whether these tradeoffs depend on the
type of test suite being used.

3.1 Measures

To meet these objectives, we consider the percentages
of test cases selected by Dej aVu and Pyt hi a over var-
ious programs and test suites. In terms of the compari-
son framework described in Section 2, these percentages
constitute the precisions of the techniques. We measure
precisionas (|T'|/|T|) = 100, where |T'| and |T"'| are the
sizes of theinitial and selected test suite, respectively.

Note that under this measure, lower precision num-
bers, representing lower percentages of test cases se-
lected, are better, indicating greater savings. Further,
since savings in the cost of testing are proportiona to
the cost of executing and validating test cases [14], pre-
cision provides a way to measure and compare relative
savings. The percentages may then be compared to the
cost, in terms of test suite size, of retest-all (100%).

3.2 Experiment Instrumentation

3.2.1 Subject Programs, Versions, and Tests

We used eight C programs as subjects. The first seven
programs, with faulty versions and test cases, were as-
sembled by researchers at Siemens Corporate Research
for a study of the fault-detection capabilities of control-
flow and data-flow coverage criteria [9]. We refer to
these as the Semens programs. The eighth program,
space, isaprogram devel oped for the European Space
Agency. Werefer to this program as the Space program.
Table 1 describes the programs. The tablelists, for each
program, the number of lines of executable code in that
program, the number of modified versions available, the
size of the initial test pool, and the average size of its
test suites. (The information in these last three columns
is further described below.)

The Siemens programs. The Siemens programs per-
form various tasks. tcas implements a collision
avoidance algorithm, schedul el and schedul e2
are priority schedulers, t ot i nf 0 computes statistics,
printtokl and printtok2 are lexica anayzers,
repl ace performs pattern matching and substitution.
For each program, the Siemens researchers created a

Lines Test Pool | Test Suite
Program of Code | Versions Size Avg. Size
tcas 138 41 1608 6
schedulel 299 9 2650 8
schedule2 297 10 2710 8
totinfo 346 23 1052 7
printtok1 402 7 4130 16
printtok2 483 10 4115 12
replace 516 32 5542 19
space 6218 35 13585 155

Table 1. Experiment subjects.

test pool of black-box test cases using the category par-
tition method and TSL tool [1, 16]. (These test pools
serve as universes of potential test cases, and can be
used as a source for multiple test suites) They then
augmented this test pool with manually created white-
box test cases to ensure that each exercisable statement,
edge, and definition-use pair in the base program or its
control flow graph was exercised by at least 30 test cases.
Theresearchersalso created faulty versions of each pro-
gram by modifying code in the base version; in most
cases they modified a single line of code, and in a few
cases they modified between 2 and 5 lines of code. Their
goal wasto introduce faults that were asrealistic as pos-
sible, based on their experience with real programs. To
obtain meaningful results, the researchers retained only
faults that were detectable by at least 3 and at most 350
test cases in the associated test pool.

Space program. The Space program is an inter-
preter for the Array Definition Language (ADL), an
application-specific language which allows the user to
describe the configuration of an array of antennas. The
program reads a file of ADL statements, and checks the
contents of the file for adherence to the ADL grammar
and specific consistency rules. If the ADL file is cor-
rect, the Space program outputs a data file containing a
list of antenna elements, positions, and excitations; oth-
erwise the program outputs error messages. The Space
program has 35 versions, each containing a single fault:
30 of these were discovered during the program’s devel -
opment; we discovered five others. Thetest pool for the
Space program was constructed in two phases. We be-
ganwith apool of 10,000 randomly generated test cases.
Then we added new test cases until every executable
edge in the program’s control flow graph was exercised
by at least 30 test cases. This process yielded atest pool
of 13,585 test cases.

Test Suites. To obtain sample test suites for these pro-
grams, we used the test pools for the base programs and



test-coverage information about the test cases in those
poolsto create 500 branch-coverage-adequatetest suites
for each program. Each suite was created by randomly
selecting (without replacement) test cases from the ap-
propriate pool, adding a given test case to the suite if it
adds coverage, and continuing until coverage was 100%
branch-coverage-adequate. We al so created a second set
of test suites for each program, by randomly selecting
(without replacement), from the program’stest pool, test
suites of sizes equivalent to the branch-adequate suites.
Inthe sequel, we refer to these two varieties of test suites
as branch-coverageand random test suites, respectively.

3.22 Instrumentation

To perform the experiment we used existing implemen-
tations of the Pyt hi a and Dej aVu agorithms. The
Dej aVu tool, described in [19], implements the basic
technique outlined in Section 2.2.1. The Pyt hi a toal,
described in [23], implements the textual differencing
technique outlined in Section 2.2.2. Test execution was
automated by encoding test input and output validation
instructionsin Unix shell scripts.

3.3 Experiment Design

The experiment was run using an 8 x 2 x 2 factoria
design with 500 precision measures per cell; the three
categorical factors were:

e The subject program (8 programs, each with ava-
riety of modified versions).

e The RTS technique (Pythiaand Dejavu).

e Thetest suite type (branch-coverage and random).

For each subject program P with each of itsversions,
for each test suite type, the RTS techniques Pythia and
Dejavu were applied to each of the 500 sample test
suites of that test suite type. The sizes of the selected
test suites were collected and used in calculating pre-
cision values. These precision values were used as the
statistical data set.

3.4 Threatsto Validity

In this section we discuss the potential threats to va-
lidity for this experiment.

34.1 External Validity

The threats to external validity for our experiment are
centered around the issue of how representative the sub-
ject programs studied are. The Siemens programs, a-
though nontrivial, are small, and larger programs may
be subject to different cost-benefit tradeoffs. Space

is a larger program; however, it is only one such pro-
gram. Further, peculiarities such as the complexity of
the control- and data-flow in the code of the subject pro-
grams, the kind and locality of changes to the subject
programs, and the composition of the subject test suite
al contribute threats to the external validity of the re-
sults. To reduce these threats, we used afactorial design
to apply each RTS tool to each test suite and subject pro-
gram.

The fact that the modifications in the Siemens pro-
grams involved synthetic (seeded) faults, some of which
are similar and some of which affect the same program
statements, may also affect our ability to generalize our
results. The faults in space were not artificially in-
jected; still, we cannot claim that these faults are repre-
sentative of typical faults encountered during software
development across programs generally, and thus, the
modifications made to correct the faults may not be rep-
resentative. In all versions of the programs, however,
the amount of modified code is small; results may differ
when larger and more complex patterns of modification
are present.

Finally, our experiment was performed using branch-
coverage-adequate and random test suites. The branch-
coverage-adequate suites utilized do represent one type
of test suite that might be used in practice; however, it is
possiblethat DejavVu and Pythiawill comparedifferently
when used with other types of test suites.

In general, such threats to external validity can be ad-
dressed only by additional studies on additional subjects.

3.4.2 Internal Validity

Our greatest concern with respect to interna validity in
these studies areinstrumentation effects that can bias our
results. One source of such effects are faultsin the tools
and scripts utilized. To reduce the likelihood of such
effects, we performed code reviews on our tools, and
validated tool outputs on several small programs.

3.4.3 Construct Validity

In these studies, our measurement of precision partially
captures the factors important to assessing the cost-
benefits of regression test selection. However, this mea-
sure does not account for the possibility that test cases
may have different costs. Our measure also makes sev-
era simplifying assumptions. It assumes that the cost
of executing test cases is the same under regression test
selection and retest-all, and that al test cases have uni-
form costs. However, the measure has proven to be an
accurate reflection of corresponding savings in regres-
sion testing time in previous studies [20], and has the
additional advantage of simplicity.
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Figure 1. Precision data for Dej aVu and Pyt hi a on branch-coverage-adequate test suites.

3.4.4 Conclusion Validity

Although we utilized alarge number of test suitesin this
study, the number of programs and versions used might
not have been large enough to detect other patterns. The
use of additional versions might have created an oppor-
tunity for finding significant differencesin precision.

3.5 Resultsand Analysis

Figure 1 depicts the precision values measured in the
experiment, for branch-coverage-adequate test suites.
The figure contains a graph for each of the eight sub-
ject programs. In each graph, each point represents the
average percentage of test cases selected on a particular
version of that program: the position of the point along
the horizontal axis indicates the precision of Dej aVu,
on average over the 500 test suites used for that version;

the position of the point along the horizontal axis indi-
catesthe precision of Pyt hi a, on average over the 500
test suites for that version. (Note that some overplotting
has occurred, on versions in which selection results are
equivalent.) Points on the z = y line indicate versions
on which Dej aVu and Pyt hi a selected, on average
over the test suites, the same number of test cases.

As the figure shows, both techniques frequently re-
duce test suite size, often by more than 50%. (Re-
call that lower precisions are better than higher preci-
sions.) Also, a larger number of cases in which pre-
cision was gained were observed on the larger Space
program than on the Siemens programs, suggesting that
the opportunity for savings may increasewith larger pro-
grams. Precision results do vary, however, across ver-
sions; on some versions of several programs, including
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Figure 2. Precision data for Dej aVu and Pyt hi a on random test suites.

some versions of Space, no reduction in test suite size
was observed. Where Dej aVu is concerned, these pre-
cision results have been observed previously and are dis-
cussed in [20], and thereader can refer to that discussion
for details. Where Pyt hi a is concerned, similar re-
sults have been observed on other programs, including
Space [24], though not the Siemens programs.

Where these results present new insights is with re-
spect to the comparison of the two RTS techniques.
As Figure 1 shows, for branch-coverage-adequate test
suites, on the Siemens programs the two techniques
were amost always equally precise, and on Space,
they were alwaysequally precise. Altogether, therewere
only four modified program versions on which the two
techniques differed in their test selection: in these four
cases Dej aVu was more precise than Pyt hi a. Specif-

ically (on average over the test suites), on one version
of printtokl Pyt hi a selected 100.0% of the test
cases whereas Dej aVu selected 63.8%, and on a sec-
ond version of pri ntt okl Pyt hi a selected 87.6%
of thetest caseswhereas Dej aVu selected 86.9%. Also,
ononeversionof t ot i nf o Pyt hi a selected 92.6% of
thetest caseswhereasDej aVu selected 85.3%, andona
second version of t ot i nf o Pyt hi a selected 100.0%
of the test cases whereas Dej aVu selected 99.5%.

Results on random test suites (Figure 2) are simi-
lar to those observed on branch-coverage-adequate test
suites. Both techniques exhibited identical precision on
all but five versions. These included the same two ver-
sions of printtokl, with (on average over the test
suites) Pyt hi a selecting 100.0% and 97.4% of the test
cases, and Dej aVu selecting 53.3% and 96.0% of the



test cases, respectively, and the same two versions of
t ot i nf o, with Pyt hi a selecting 91.8% and 100.0%
percent of the test cases, and Dej aVu selecting 85.3%
and 99.8% of the test cases, respectively. A small differ-
ence was also observed ont cas, with Pyt hi a select-
ing 8.1% of the test cases and Dej aVu selecting 8.0%
of the test cases.

We also compared the four testing strategies (i.e., the
four combinations of RTS technique and type of test
suite) cumulatively for al 170 versions of the eight sub-
ject programs. We considered four variables. Pythia
cov, the precision of Pythia on the branch-coverage test
suites, Pythia-rand, the precision of Pythia on the ran-
dom test suites, DejaVu-cov, the precision of Dejavu
on the branch-coveragetest suites, and DejavVu-rand, the
precision of DgjaVu on the random test suites. For ex-
ample, one of the pointsin Pythia-cov is the mean pre-
cision of Pythia for program pri ntt ok, versionl,
with test suites generated using the coverage technique.
These estimates of the means are very accurate, sincewe
had 500 test suites for each.

We performed the following four hypotheses tests:

H1: Pythia-cov and DegjavVu-cov have differ-
ent precisions

H2: Pythia-rand and DejaVu-rand have dif-
ferent precisions

H3: Pythia-rand and Pythia-cov have differ-
ent precisions

H4: DejaVu-rand and DejavVu-cov have dif-
ferent precisions

In each case the null hypothesiswas that the correspond-
ing groups were equally precise.

The data in these groups were not normaly dis-
tributed so we used non-parametric tests. Since the four
variables were all measured for the same 170 program
versions, we used the Wilcoxon test [10] for paired vari-
ables.

The mean precisions of the four groups were:
DegaVu-rand: 0.55, Pythiarand: 0.55, DeaVu-cov:
0.53, Pythia-cov: 0.52. The data did not support rejec-
tion of the null hypothesisin any of the four tests. (P-
values for the the tests of hypotheses H1, H2, H3, and
H4were 0.428 and 0.795, 0.410, and 0.434, respectively.
Values under 0.05 would have been needed to reject the
corresponding null hypotheses.) Thus we conclude that
Pythia was not significantly less (or more) precise than
Dejavu and that the nature of the original test suitesdid
not effect the precision of either technique.

4 Further Discussion

Our results and analysis focus on the relative preci-
sions of Dej aVu and Pyt hi a. There are, however,
other dimensions of interest when comparing RTS tech-
niques; oneinvolves efficiency.

Our implementations of Dej aVu and Pyt hi a are
prototypes, and are not optimized for speed. Further, the
implementations had been created independently with
no controls imposed to ensure that tasks performed in
common were performed by equivalent code, and that
only the code associated with differencesin the specific
algorithms differed. Thus, formal consideration of the
relative efficiencies of the techniques is not possible.
However, it is still interesting to consider, informally,
the execution costs of the two implementations; thus, we
measured those costs on the Siemens programs. !

Table 2 reports our measurements for various aspects
of the regression testing and RTS tasks using Pyt hi a,
Dej aVu, and the Retest-all technique on the Siemens
programs. The table presents results relative to each of
the subject programs. For each program, the first six
columns of the table show the program name, the time
required for Dej aVu to performits test-selection analy-
sis(column 1), thetime required to executethe test cases
selected by Dej aVu (column 2), the time required for
Pyt hi a to performitstest-selection analysis (column
3), thetime required to execute the test cases selected by
Pyt hi a (column 4), the time required by the Retest-all
techniqueto select all test cases (column 5). The second-
to-last column sums columns 2 and 3, presenting, thus,
the overall cost of regression testing using Dej aVu, and
the last column sums columns 4 and 5, presenting, thus
the overall cost of regression testing using Pyt hi a. All
times are averages, in seconds, of the times observed
across all runson al versions of that program. 2

As the data illustrates, the total testing time using
Pyt hi a was less than the regression testing time us-
ing Dej aVu on six out of seven programs. Measure-
ments on larger programs, with more careful control of
non-essential implementation details, are needed to de-
termine how significant the efficiency differencesarein

IWe also measured the costs on Space, however, due to limita-
tions in our RTS toals, to process Space it was necessary to run the
two tools on different architectures of quite different speeds; thus,
comparisons of the tools times gathered in these runs on Space
would be misleading and we do not report them.

2Both Pyt hi a and Dej aVu rely on trace information collected
for the existing test suite. Asdetailed in Section 2, this information
must be collected during the preliminary period of regression testing
—the time prior to when changes are complete and testing has begun.
Thus, the costs of instrumentation are not a factor in comparing the
critical-phase costs of the techniques, and we do not consider them.



Dejavu | DejavuTest | Pythia | Pythia Test | Retest-all DejaVu Pythia
Program | Analysis | Execution | Analysis | Execution Time Total Total
Name Cost Time Cost Time Time (Cols. 2+3) | (Cols. 4+5)
totinfo 16 0.3 05 0.2 0.5 19 0.7
schedulel 11 0.3 0.8 0.3 0.5 14 11
schedule2 11 04 0.8 05 0.5 15 13
tcas 0.9 0.2 04 0.3 0.3 11 0.7
printtok1 15 0.6 18 0.6 11 21 2.4
printtok2 14 0.2 1.0 0.2 0.8 16 12
replace 15 05 1.0 0.4 12 20 14

Table 2. Average time (seconds) required for various testing and RTS tasks using Pyt hi a,
Dej aVu, and a Retest-all approach, for branch-coverage-adequate test suites.

practice and to better understand the trade-offs between
precision and analysistime. At most, we can say that in
the cases studied, the two techniques were observed to
be relatively comparablein terms of efficiency.

Another factor illustrated by the datais that, in com-
parison to the retest-all technique, on the Siemens pro-
grams, neither Pyt hi a nor Dej aVu saved testing time
with respect to the retest-all technique. However, if the
test cases used on the Siemens programs were more ex-
pensive to execute and validate, then given their preci-
sions, both techniques could have provided savings. Pre-
vious studies of Dej aVu on programswith more expen-
sivetest suites [3, 20] illustrate the possibilities for such
savings, and show that they can be practically significant
on larger systems.

5 Conclusion

In this paper, we have described the results of acom-
parative empirical study of two implementations of safe
RTS techniques, Pyt hi a and Dej aVu. In particular,
we compared these tools for precision, measuring their
relative success at reducing the number of test cases nec-
essary for regression testing. Our results showed that,
despite the differences in their approaches, and despite
the theoretically greater ability of Dej aVu to select
smaller test suites, the two techniques usually selected
equivalent test suites.

Of course, if test cases are very expensive to exe-
cute, then even the possibility of saving afew more test
cases may be worthwhile. For example, one of our in-
dustria collaborators has, for one of its products, a test
suite that requires seven weeks to execute, at an average
cost per test case of over $3,000. Such high costs are
not ubiquitous; however, when one considers the fully

loaded salaries of engineersinindustrial softwaretesting
groups, it is easy to see how such costs can be incurred.

On the other hand, when test cases are not particu-
larly expensive, then if Dej aVu and Pyt hi a are com-
parable in terms of analysis cost (a comparability sup-
ported by our informal measurementsin this study) fac-
tors other than relative precision might be more impor-
tant in sel ecting which technique to use. One such factor
involves relative ease of implementation and availability
of supporting tools. Pyt hi a is constructed from com-
monly available Unix tools, whereas Dej aVu requires
control flow graphsand profilersthat track test execution
in change of edges in those graphs. As such, Pyt hi a
can be simpler to implement than Dej aVu (though this
conclusion may also depend on whether existing prereg-
uisite tools are available). A second factor involves the
generality of the techniques. As outlined in Section 2,
Dej aVu operates on abstract program representations,
and thus can (and has been) relatively easily extended
to handle other languages and operate on other systems.
Pyt hi a relies on supporting tools that are C-specific
and available on Unix systems; extending it to other lan-
guages and systems would be less straightforward.

Of course, these results were obtained on a set of spe-
cific programs containing specific modifications. Fur-
ther experimentation with a wider range of programs,
versions, and test suites is necessary, to determine the
extent to which, and conditions under which, these re-
sults may generalize to industrial practice. In particu-
lar, programs and versions containing larger and more
complex modifications could produce different results.
By coupling such controlled studies with case studies
on mature software products, we hopeto provide a solid
base of data with which to support informed decisions
by practitioners.
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