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Abstract

Regression testing, which attempts to validate modi®ed software and ensure that no new errors are introduced into previously

tested code, is used extensively during maintenance of evolving software. Despite e�orts to reduce its cost, regression testing remains

one of the most expensive activities performed during a software system's lifetime. Because regression testing is important and

expensive, many researchers have focused on ways to make it more e�cient and e�ective. Research on regression testing spans a

wide variety of topics, including test environments and automation, capture-playback mechanisms, regression-test selection, cov-

erage identi®cation, test suite maintenance, regression testability, and regression-testing process. This paper discusses the state of the

art in several important aspects of regression testing, and presents some promising areas for future research. Ó 1999 Elsevier

Science Inc. All rights reserved.

1. Introduction

Software maintenance can account for as much as
two-thirds of the cost of software production (Beizer,
1990; Leung and White, 1989). This expense occurs in
part because, in today's market, software development
and testing are dominated by rework of existing soft-
ware, not design of new software (Beizer, 1990).
Regression testing, which attempts to validate modi®ed
software and ensure that no new errors are introduced
into previously tested code, is used extensively during
this evolution process. Regression testing is used to test
safety-critical software that must be retested often, to
test software that is being developed under constant
evolution as the market or technology changes, to test
new or modi®ed components of a system, and to test
new members in a family of similar products. Despite
e�orts to reduce its cost, regression testing remains one
of the most expensive activities performed during a
software system's lifetime.

Because regression testing is expensive, but impor-
tant, researchers have focused on ways to make it
more e�cient and e�ective. Research on regression
testing spans a wide variety of topics. Test environ-

ments and automation (e.g., Ho�man and Brealey,
1989), and capture-playback mechanisms (e.g., Lewis
et al., 1989) provide support for regression testing.
Techniques for regression-test selection (e.g., Ball,
1998; Chen et al., 1994; Harrold and So�a, 1988;
Rothermel and Harrold, 1997), coverage identi®cation
(e.g., Harrold and So�a, 1988; Ostrand and Weyuker,
1988; Rothermel and Harrold, 1994), and test suite
maintenance (e.g., Harrold et al., 1993; Rothermel
et al., 1998; Wong et al., 1995, 1997a) facilitate
selective testing of the modi®ed software. Regression
testability permits estimation, prior to regression test
selection, of the number of tests that will be selected
by a method (e.g., Harrold et al., 1998; Leung and
White, 1989; Rosenblum and Weyuker, 1997), or
evaluation, prior to implementation, of the di�culty
of regression testing (e.g., Harrold, 1998; Sta�ord
et al., 1997). A regression-testing process (e.g., Onoma
et al., 1998) can integrate many of these key
techniques into development and maintenance of the
evolving software.

Some of these techniques are already being used in
practice. For example, many companies have used
capture-playback techniques to automate part of their
regression-testing process. Most of this technology,
however, is not being used in practice, in part because
the scalability and the usefulness of the techniques
have not been convincingly demonstrated. The in-
creased awareness by researchers of the importance of
empirical evaluation and the support for such empir-
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ical work by agencies, such as the National Science
Foundation, 3 have yielded initial empirical data on
the cost bene®ts of these techniques. In addition to
showing the potential scalability and usefulness of
some of the techniques, these data also highlight the
need for additional evaluation of existing techniques
and for development of modi®ed and new techniques.

The increased interest in techniques that help to re-
duce the costs of regression testing, the maturity of the
research in regression testing, and the commitment to
empirical evaluation of regression-testing techniques
should hasten the transfer of regression-testing tech-
nology to industry. This paper discusses the state of the
art, existing empirical results, and promising future
work in selective retest, one aspect of regression testing
for which I believe industrial-strength tools will soon be
available.

2. Selective retest in a maintenance process

During regression testing, a test suite T, used to test a
program P, 4 and information about the results of
testing P with T is available. Selective-retest techniques
attempt to reduce the cost of regression testing by re-
using T and identifying portions of the modi®ed pro-
gram P 0 or its speci®cation that should be tested. For
example, a selective-retest technique may select all tests
from T that execute code that is new or modi®ed from P
to P 0. Selective retest techniques di�er from a retest-all
approach, which runs all tests in T or reanalyzes and
retests all of P 0. Leung and White (1991) show that a
selective-retest technique is more economical than a re-
test-all technique only if the cost of selecting a reduced
subset T 0 of tests from T is less than the cost of running
the tests in T±T 0.

Selective-retest can be integrated into a maintenance
process that consists of the following steps: 5

1. Identify parts of P that will be changed to produce P 0.
2. Modify P to get P 0, which may involve modifying

other documents, such as the requirements document.
3. Select T 0 � T to execute on P 0.
4. Test P 0 with T 0 to

(a) establish P0's correctness with respect to T 0 or
(b) identify tests in T 0 that fail for P0, identify the
faults that caused the failures, and restart the pro-
cess at step 1.

5. If necessary, create T 00, a set of new functional or
structural tests developed to test new, modi®ed, or
untested parts of P0.

6. Test P0 with T 00

(a) establish P0's correctness with respect to T 00 or
(b) identify tests in T 00 that fail for P0, identify the
faults that caused the failures, and restart the pro-
cess at step 1.

7. Create T 000 � T [ T 00, a new test suite for P0.
In performing these steps, this maintenance process

addresses several problems. Step 1 involves the modi®-
cation-request problem: the problem of gaining approval
for a change. This step may involve con®guration
management and impact analysis. Step 2 involves the
software-update problem: the problem of modifying the
appropriate documents and code to re¯ect the change.
This step may involve issues in program understanding.
Steps 4(b) and 6(b) involve the fault-identi®cation prob-
lem: the problem of debugging the software or tests to
identify the faults. Step 3 involves the regression-test-
selection problem: the problem of selecting a subset T 0 of
T with which to test P0. This problem includes the
subproblem of identifying tests in T that are obsolete for
P0. 6 Step 5 addresses the coverage-identi®cation problem:
the problem of identifying portions of P0 or S0 that re-
quire additional testing. Steps 4 and 6 address the test-
execution problem: the problem of e�ciently executing
tests and checking test results for correctness. Step 7
addresses the test-suite maintenance problem: the prob-
lem of updating and storing test information; it also
addresses the test-suite minimization problem: the
problem of minimizing the test suite by removing ob-
solete and redundant tests.

3. Selective-retest techniques

Although each of the problems discussed in the pre-
ceding section is signi®cant for maintenance, this paper
focuses on three important selective-retest problems: the
regression-test-selection problem, the coverage-identi®-
cation problem, and the test-suite-minimization prob-
lem.

3.1. Regression test selection

Regression-test-selection techniques attempt to re-
duce the cost of regression testing by selecting T 0 and
using T 0 to test P0. Testing professionals are reluctant,
however, to omit any tests from T that might cause P0 to
expose faults. Safe regression-test-selection techniques
ensure that the test suite selected, T 0, contains all tests in

3 Evidence of the increased awareness of the importance of exper-

imental work is seen by the support of the National Science

Foundation for signi®cant grants for experimental research and for

the Workshop on Empirical Research in Software Engineering, which

was held during Summer 1998.
4 P could be either a procedure or a program.
5 Rothermel and Harrold (1997) and Onoma et al. (1998) present a

discussion of the steps involved in selective retest. In this paper, we

integrate these steps into one maintenance process.

6 Test t is obsolete for P0 if t species an input to P0 that, according to

P0's speci®cation, is invalid for P0, or t speci®es an invalid input±output

relation for P0.
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T that execute code that was modi®ed from P to P0. We
call these tests modi®cation-traversing for P and P0.
Rothermel (1996) shows that the problem of precisely
identifying modi®cation-traversing tests in T is
PSPACE-hard. Thus, unless P�NP, no e�cient re-
gression-test-selection algorithm will always identify
precisely the tests that are modi®cation-traversing for
modi®cations from P to P0. Several safe regression-test-
selection techniques that vary in precision and e�ciency
have been presented: Rothermel and Harrold present
techniques based on control-¯ow; Ball also presents
techniques based on control-¯ow; Vokolos and Frankl
present a technique based on textual di�erencing; and
Chen et al., present a technique based on code entities.

A number of regression-test-selection techniques are
unsafe in that they may omit tests from T 0 that are
modi®cation-traversing. Although unsafe, these tech-
niques can often achieve test selection that is close to
that achieved by safe techniques. Additionally, these
techniques may provide information that may be useful
for other selective-retest activities, such as coverage
identi®cation (see Section 3.2).

To illustrate the di�erences in the various techniques,
we use program P, its modi®ed version P0, and the
control-¯ow graphs G and G0 for P and P0, respectively,
shown in Fig. 1; the ®gure also shows the paths in G
traversed by each of tests t1; . . . ; t4. From P to P0, C is
modi®ed to get C0, J is added, and H is duplicated as H1
and H2.

In previous work, we present a regression-test-selec-
tion algorithm that uses G and G0, along with execution
traces that associate tests in T with edges in G, to select
tests for inclusion in T 0 (Rothermel and Harrold, 1997).
We implemented our algorithm in a tool, DejaVu, that
performs regression test selection for C programs. We
proved that, under certain well-de®ned conditions, our
test selection algorithm is safe. Under these conditions,
the fault-detection abilities of T 0 are equivalent to the
retest-all approach. We also showed that if, during the
test selection, our algorithm does not multiply visit any

pairs of vertices in G and G0, our algorithm is edge-op-
timal ± it selects the least number of tests possible using
a trace that associates tests from T with edges in G. The
algorithm traverses corresponding paths in G and G0

until, as it ®nds that the sinks of like-labeled edges di�er;
at that point it selects all tests that executed the edge in
G. To illustrate, consider Fig. 1. To select tests for P0,
DejaVu traverses subpaths along ABDE in G and G0. At
E, when it considers `f' labeled edges (E,G) in G and
(E,J) in G0, it ®nds that the sinks of these edges, G and J,
respectively, di�er, and it selects t2, the test in T that
executes edge (E,G), for inclusion in T 0.

Ball (1998) presents an edge-optimal algorithm that,
under certain conditions, such as the case where our
algorithm multiply-visits pairs of vertices in G and G0,
provides more precision than our algorithm; he also
presents additional algorithms based on control-¯ow
that are even more precise than the edge-based algo-
rithms, at greater computation cost. His algorithm cre-
ates an intersection graph and uses it to select tests for
inclusion in T 0 that will execute changes reachable from
H1, and to omit tests from T 0 that will execute code
reachable from H2. 7 For example, when Ball's algo-
rithm is applied to G and G0 of Fig. 1, it selects t1 and t2
for the change reachable from H1. For the same change,
DejaVu selects all four tests.

Vokolos and Frankl (1997) present a regression-test-
selection algorithm that uses text di�erencing. They
implemented their algorithm in a tool called Pythia,
that performs the regression test selection for C pro-
grams. Their algorithm maintains an association be-
tween basic blocks and tests in T, and compares the
source ®les of P and P0 to identify the modied program
statements. Their algorithm performs the comparison
using UNIX diff utility. This algorithm is based on
statements and not control-¯ow; thus, it may select
more tests than the control-¯ow based algorithms, at a

Fig. 1. Example programs P and P0, their corresponding control-¯ow graphs G and G0, and information about the path traversed in G when P is

executed with T.

7 See Ball (1998) for details of the algorithm.
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lesser computation cost. For example, on encountering
new statement J, Pythia identi®es the statement that
precedes J, ®nds E, and selects t1 and t2, those tests that
executed E in P. For the same change, DejaVu and Ball's
algorithm select only t2.

Chen et al. (1994) present a regression-test-selection
algorithm that detects modied code entities, which are
de®ned as functions or as non-executable components,
such as storage locations. They implemented the tech-
nique as a tool, called TestTube, that performs regres-
sion test selection for C programs. The technique selects
all tests associated with changed entities. Because this
technique is based on entities that are coarser-grained
than those used by statement- or control-¯ow-based
techniques, it may select more tests than those tech-
niques, with lesser computation cost. For example, for
all changes from P to P0 in Fig. 1, TestTube selects
t1; . . . ; t4, all tests in T.

Table 1 shows the results of test selection using all
four approaches, and illustrates the relative selectivity of
the approaches. Because TestTube selects at the func-
tion level, it selects all four tests for any change. For the
modi®cation from C to C0, all approaches, except
TestTube are able to identify only t4 for inclusion in T 0;
when there are no control-¯ow changes, Pythia, De-

jaVu, and Ball's algorithm select the same tests. For the
addition of J, both Dejavu and Ball's algorithms are
able to identify only t2 for inclusion in T 0; when there
are control-¯ow changes, Pythia can produce less pre-
cise results than DejaVu and Ball's algorithm. For the
duplication of H as H1 and H2, only Ball's algorithm is
able to select t1 and t2; in the case of multiply-visited
nodes, DejaVu can produce less precise results than
Ball's algorithm.

One subset of unsafe regression-test-selection tech-
niques selects tests for inclusion in T 0 using associations
between tests in T and test-coverage requirements based
on the data ¯ow in the program (e.g., Bates and Hor-
witz, 1993; Harrold and So�a, 1988; Ostrand and
Weyuker, 1988). 8 For example, in previous work
(Harrold and So�a, 1988) we present a regression-test-
selection technique that ®rst associates tests in T with
de®nition-use pairs 9 in P, and then selects those tests

from T that execute de®nition-use pairs that are asso-
ciated with code that is modied or deleted from P to P0.
To illustrate, consider P and G in Fig. 1, and suppose
that variable x is assigned a value in statement B (a def
of x) and that this value of x is used in a computation in
statement F (a use of x). Then (B, F) forms a test-cov-
erage requirement based on the data ¯ow in P, and t1,
which executes this pair, is associated with that re-
quirement. If test selection determines that this de®ni-
tion-use pair is a�ected by a change in P, then t1 is
added to T 0.

New code induces de®nition-use pairs in P0 that are
not present in P. Because these de®nition-use pairs do
not exist for P, there are no tests in T associated with
these new pairs, and thus, no tests in T are selected for
inclusion in T 0. For example, suppose that there is a use
of x in the newly inserted statement J, and that (B, J)
forms a new de®nition-use pair for x. Because this def-
inition-use pair is new and there are no tests yet asso-
ciated with it, the test-selection algorithm selects no tests
in T to include in T 0. Although t2 will execute this def-
inition-use pair in P0, it was not selected. Thus, this
technique is unsafe.

To date, there have been a number of empirical
studies that evaluate these regression-test-selection
techniques. Using DejaVu, we investigated the costs and
bene®ts of using our regression-test-selection algorithm
(Rothermel and Harrold, 1996, 1998). We used DejaVu

to select tests for a variety of 100±500 line programs, for
which savings averaged 45%, and for a larger (50,000
line) software system, for which savings averaged 95%.
Our studies show that the cost e�ectiveness of test se-
lection can vary widely based on a number of factors:
the cost of analysis required to select the tests for T 0, the
cost of executing and validating T 0 on P0, the composi-
tion of T, and the nature of the modi®cations to P for
P0. Our studies also show that, for the subjects used,
there were no multiply-visited vertices. Thus, for these
subjects, our algorithm is edge-optimal.

Rosenblum and Weyuker (1997) used TestTube to
select tests for 31 versions of the KornShell and its as-
sociated test suites. For 80% of the versions, TestTube
selected 100% of the tests. The authors note, however,
that the test suite they used contained only 16 tests,
many of which caused all components of the system to
be exercised.

Rosenblum and Rothermel (1997) present the ®rst
comparative evaluation of two di�erent regression-test-
selection techniques, DejaVu and TestTube, on the same

Table 1

Results of test selection for four safe, regression-test-selection algorithms

Change from P to P0 Tests selected by testtube Tests selected by Pythia Tests selected by DejaVu Tests selected by Ball's algorithm

C is changed to C0 t1; . . . ; t4 t4 t4 t4

J is added t1; . . . ; t4 t1, t2 t2 t2

H is duplicated as H1 and H2 t1; . . . ; t4 t1; . . . ; t4 t1; . . . ; t4 t1, t2

8 See Rothermel and Harrold (1996) for a thorough discussion of

these techniques.
9 A de®nition-use pair is a pair of statements (S1; S2), such that S1

de®nes some variable v, S2 uses v, and there is a path in the program

from S1 to S2 along which v is not rede®ned.
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set of subjects. This study compared the relative preci-
sion of the two techniques; current work is underway to
compare the relative e�ciency of the two techniques.
Their study suggests that, in some cases, the coarse-
grained TestTube and the more ®ne-grained DejaVu

produce similar reductions in the tests that can be se-
lected. Their study also found, however, that DejaVu

sometimes selects a test suite that is substantially smaller
than the original test suite.

Vokolos and Frankl (1998) performed an experiment
to evaluation their regression-test-selection algorithm.
In their experiment, they used 33 di�erent versions of a
C program of approximately 11,000 lines that had been
used by the European Space Agency. The versions rep-
resented the correction of 33 di�erent faults. They ran-
domly created a test suite for use in the experiment.
They performed the regression test selection using Py-

thia, and found that, for their subject program and
versions, Pythia substantially reduced the size of the
regression test suite. For example, in almost 50% of the
versions, 80% reduction was achieved. They did not
directly compare Pythia with DejaVu and they did not
compare the precision of their results with those ob-
tained using DejaVu.

Graves et al. (1998) performed an experiment that
compared a number of regression-test-selection tech-
niques: minimization techniques (these attempt to select
a minimal set of tests from T ), safe techniques, data-¯ow-
coverage-based techniques, random techniques, and re-
test all. They drew a number of observations from their
experiment. Firstly, minimization produced the smallest
and least e�ective test suites. However, in cases where
testing is very expensive, minimization may be cost-ef-
fective. Secondly, safe and data-¯ow methods had nearly
equivalent average behavior in terms of cost e�ective-
ness, typically detecting the same faults, and selecting the
same size test suite. Data-¯ow methods are more ex-
pensive if test selection is the only goal. However, they
provide additional information that can be used for
coverage identication, which may justify the additional
cost in some cases. Thirdly, they found that the test se-
lection methods were not the only factors a�ecting their
results; other factors include the programs, the nature of
the modi®cations, and the composition of test suites.

In some cases, the regression-test-selection tools se-
lect a T 0 that contains almost all tests in T; in these cases,
the test selection may not be cost e�ective. Rosenblum
and Weyuker (1997) proposed coverage-based predictors
for use in predicting the cost-e�ectiveness of selective
regression-testing strategies. With such a predictor, a
testing professional could quickly estimate the number
of tests that would be selected by a test-selection algo-
rithm. If the time to run the tests omitted is more than
the estimated cost of analysis to select the tests, the
tester can then run the test-selection algorithm to select
the tests; if not, the tester can simply run all tests in T.

One of their predictors is used to predict whether a
safe selective-regression-testing strategy will be cost-ef-
fective. Using the regression testing cost model of Leung
and White (1991), Rosenblum and Weyuker (1997)
demonstrate the usefulness of this predictor by de-
scribing the results of a case study they performed in-
volving 31 versions of the KornShell. In that study, the
predictor reported that, on average, it was expected that
87.3% of the tests would be selected. Using the Test-

Tube approach, 88.1% were actually selected on average
over the 31 versions. The authors explain, however, that
because of the way their selective regression testing
model employs averages, the accuracy of their predictor
might vary signi®cantly in practice from version to
version. In later work, we present additional empirical
studies to evaluate the e�ectiveness and accuracy of
Rosenblum and Weyuker's model (Harrold et al., 1998).
Our results suggest that the distribution of modi®cations
made to a program can play a signicant role in deter-
mining the accuracy of a predictive model of test selec-
tion, and that a useful prediction model must account
for both code coverage and modi®cation distribution.

The studies of regression-test-selection techniques
and test-suite-size predictors suggest that there are a
number of factors that a�ect the cost and precision of
test selection: the precision of the test-selection algo-
rithm, the composition and size of T, and the nature of
the modi®cations from P to P0. Based on these ®ndings,
there are a number of areas for future work, both in
research and in experimentation, related to regression
test selection.

3.2. Coverage identication

The regression-test-selection techniques, described in
the preceeding sections, identify those tests in T to rerun
after modi®cations are made to P. However, after run-
ning the selected tests, T 0, there may be parts of P0 that
are not tested or are not covered according to some
testing criterion. Coverage-identi®cation techniques
compute test requirements for these untested or uncov-
ered parts of P0.

Several techniques (Bates and Horwitz, 1993; Harrold
and So�a, 1988; Ostrand and Weyuker, 1988) store the
data-¯ow testing requirements (i.e., those de®nition-use
pairs that were required for the original program), and
incrementally update these requirements using the pro-
gram modi®cations. 10 Instead of storing the testing
requirements for the original program, we presented a
technique that uses a demand approach to transitively
compute data- and control-dependences for the modi®-
cations (Gupta et al., 1996). We later presented an

10 See Rothermel and Harrold (1996) for a thorough discussion of

these techniques.
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alternative version of our regression-test-selection algo-
rithm that also uses a demand approach to identify
de®nition-use pairs that should be retested, to support
data-¯ow testing criteria (Rapps and Weyuker, 1985).
Both algorithms use slicing techniques to identify the
a�ected de®nition-use pairs.

To date, there has been no signi®cant experimental
evaluation of coverage-identi®cation techniques. Thus,
future work that performs such evaluations could pro-
vide evidence as to the e�ectiveness of these techniques
in practice. Additionally, such evaluations could help to
guide the development of new coverage-identi®cation
techniques.

3.3. Test-suite minimization

As a program evolves, new test cases may be devel-
oped and added to the test suite, causing the test suite to
grow and making e�cient test-suite management desir-
able. Test-suite-minimization techniques reduce the size
of the test suite by removing obsolete and redundant
tests. For example, if node coverage is required for
testing P, tests t1 and t4 are su�cient; thus, tests t2 and
t3 are redundant and can be eliminated.

Given test suite T, a set of test requirements
R1;R2; . . . ;Rn, that must be satis®ed to provide coverage
of P, and subsets of T ; T1; T2; . . . ; Tn, one associated with
each of the Ris such that any one of the tests tj belonging
to Ti can be used to test Ri, test-suite-minimization
techniques ®nd a representative set of tests from T that
satis®es all of the Ris (Harrold et al., 1993, p. 272). A
representative set of test cases that satis®es all of the Ris
must contain at least one test case from each Ti; such a
set is called a hitting set of the group of sets T1,T2,. . .,Tn.
To achieve a maximum reduction, it is necessary to ®nd
the smallest representative set of test cases. However,
this subset of the test suite is the minimum cardinality
hitting set of the Tis, and the problem of ®nding such a
set is NP-complete (Garey and Johnson, 1979). Thus,
minimization techniques resort to heuristics. Several test
suite minimization heuristics have been proposed (e.g.,
Harrold et al., 1993; Horgan and London, 1992). Be-
cause these heuristics are similar, a detailed discussion of
them is omitted; see the papers for details.

Several recent studies examine the costs and benets of
test-suite reduction. Wong et al. (1995) present a study
that involved ten common C UNIX utility programs,
including nine programs ranging in size from 90 to 289
lines of code, and one program of 842 lines of code.
Graduate students injected simple mutation-like faults
into each of the subject programs; faulty programs
whose faults could not be detected by any tests were
eliminated. All said and done, 183 faulty versions of the
programs were retained for use in the study. The re-
searchers minimized their test suites using ATACMIN
(Horgan and London, 1992) a heuristic-based minimi-

zation tool that found ``exact solutions for minimiza-
tions of all test suites examined'' (Wong et al., 1995, p.
42).

We performed a study on a variety of 100±500 line
programs; each program has a variety of versions, each
containing one fault (Rothermel et al., 1998). Each
program also has a large universe of inputs. 11 We per-
formed the minimization with an implementation
of the Harrold±Gupta±So�a minimization technique
(Harrold et al., 1993) using the Aristotle program-anal-
ysis system (Harrold and Rothermel, 1997).

Both studies suggest that test suite minimization can
result in test-suite size reduction, and both studies also
suggests that fault-detection e�ectiveness decreases as
test-suite size increases. The studies di�er in their em-
pirical results with respect to the loss of fault-detection
capabilities of the reduced test suite: Wong et al.'s em-
pirical results suggest that there is no signi®cant loss in
fault-detection capabilities of the reduced test suite
whereas our results suggest that the loss of these capa-
bilities can be signi®cant. One possibility is that the
factor likely to be most responsible for di�erences in
results of the two studies involves the types of test suites
utilized. Given this suggestion that some factor other
than test-suite size inuences the reduction in fault-de-
tection e�ectiveness that is associated with minimiza-
tion, we may not want to minimize test suites strictly in
terms of code coverage. Additional experimentation and
development of minimization strategies, whose cost-
bene®t tradeo�s are more clear, could be bene®cial.

4. Areas for future work

The selective retest techniques and empirical evalua-
tion of those techniques, presented in the preceding
sections, suggest many areas for future work; this sec-
tion discusses some of them.

Relative e�ectiveness and precision of regression-test-
selection techniques. Although several studies (Graves
et al., 1998; Rosenblum and Rothermel, 1997; Rother-
mel and Harrold, 1996, 1998) have investigated regres-
sion-test-selection techniques, there is still no conclusive
evidence of the relative e�ectiveness and e�ciency of the
techniques in practice. The algorithms of Ball, Rot-
hermel and Harrold, Vokolos and Frankl, and Chen
et al., for example, vary in the precision of the analyses
performed to select the tests, and, analytically, they vary
in the precision of the test suites selected. But how do
the results compare in practice, and how can profes-

11 These programs, versions, and inputs were created by researchers

at Siemens Corporate Research, and have been used for many studies;

details of the design of the faculty versions, tests, and test suites can be

found in Rothermel et al. (1998).
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sional testers select the appropriate algorithm to use?
The studies by Graves et al. compared the relative
e�ectiveness of control-¯ow and data-¯ow-based
approaches. But how do these techniques compare in
e�ciency? Empirical studies that consider software sys-
tems of varying sizes and types, evolving test suites for
those systems, and real change histories can provide
information that will help researchers identify the
tradeo�s of using these techniques and develop guide-
lines that professional testers can use when making
regression-testing decisions.

Generalized algorithms. The regression-test-selection
techniques, described in preceding sections, use a source-
code representation of the software. Can these tech-
niques be generalized so that they apply to other formal
representations of the software, such as its requirements
or architecture? Our technique (Rothermel and Harrold,
1997) for example, can be applied to various levels of the
software if (1) the software can be represented as a
graph, (2) tests can be associated with edges in this
graph, and (3) the di�erence in two nodes in the graph
can be determined. When our technique is applied to the
source code, for example, the graph representation is a
control-¯ow graph, the association between tests and
edges is determined by instrumenting and executing the
program to produce an edge pro®le, and the di�erence
between nodes is accomplished by comparing the text of
the source-code statements associated with the nodes in
the graphs. Richardson, Sta�ord, and Wolf present a set
of architecture-based coverage criteria (Richardson and
Sta�ord, 1996). Their criteria are based on the CHAM
architecture model, and provide a type of structural
coverage of the architecture. Their criteria include the
all-processing-elements criterion, which requires that all
processing elements are executed, and the all-connect-
ing-elements criterion, which requires that all commu-
nication channels and connections on them are
exercised. By considering the processing elements as
nodes and the communication channels as edges in a
graph, can we apply our regression-test-selection algo-
rithm to the formal representation of the architecture?
Test-selection algorithms applied at this level could be
used in two ways. First, these algorithms could deter-
mine the retesting that is required after changes are
made to the software's architecture. Applying the test
selection at the architectural level may be more e�cient
than at the source-code level. Second, the test selection
could be used to assess the retesting that would be re-
quired for di�ering, optional modi®cations to an archi-
tecture.

Hybrid algorithms. The results of the studies described
in the preceding sections suggest that some type of hybrid
approach to regression test selection may be bene®cial.
Ball, Rothermel and Harrold, Vokolos and Frankl, and
Chen, Rosenblum, and Vo present algorithms that vary
in the precision of the analysis and the precision of the

results. Preliminary evaluation shows that these tech-
niques also vary in the precision of the tests selected and
the analysis time to select the tests. Could a less precise
technique be used to get an approximate solution, and
then, with input from the tester, be re®ned until the de-
sired level of precision is achieved? Such an approach
would let the tester tailor the precision of T 0 to the ap-
plication or focus on critical parts of the modied soft-
ware. Graves et al. (1998) study showed that, for the
subjects they studied, the tests selected by DejaVu and by
using a data-¯ow-coverage approach di�ered very little
in the faults detected or the precision of the tests selected;
they did not measure the time to perform the analyses to
select the tests. Could these two techniques be integrated
so that the test selection would consider both control-
¯ow and data ¯ow? Such an approach would possess the
best features of each technique.

Test-suite minimization and prioritization. In some
cases, after T 0 is selected using a test-selection algorithm,
there may not be su�cient time to run all tests in T 0. In
this case, we may want to minimize the tests in T 0 ac-
cording to some criteria. For example, suppose that we
can approximate the time required to run the tests in T 0

but the time allocated for testing is not su�cient to run
all tests in T 0. Can we select a subset of T 0 for use in
testing P0 that could be run in the time allocated and
would be e�ective for testing P0? Although not safe, such
a test suite should be more e�ective than a randomly-
selected test suite. Another approach to selecting a
subset of T 0 for use in testing P0 is to prioritize the tests
in T 0 by some criteria. For example, can we prioritize
tests in T 0 by the coverage that they provide? Wong et al.
(1997b) discussed this approach. For another example,
can we prioritize tests in T 0 by an estimation of their
fault-detection ability? Under the ®rst approach, we
should achieve coverage of P0 quickly whereas under the
second approach, we should expose faults early in the
testing of P0.

Regression testability. It refers to the property of a
program, modi®cation, or test suite that lets it be ef-
fectively and e�ciently regression tested. Leung and
White (1989) classify a program as regression testable if
most single statement modi®cations to P entail rerun-
ning a small proportion of T. Extending Leung and
White's work, Rosenblum and Weyuker (1997) consider
P and T, and present a formal model of the cost-e�ec-
tiveness of regression-test-selection techniques. Leung
and White (1989) also discuss the regression testability of
a software system ± a system is regression testable if
most single statement modi®cations will entail rerunning
a small proportion of the current test suite. Under this
de®nition, regression testability is a function of both the
design of the program and the test suite. Rosenblum and
Weyuker (1996) presented a model for predicting the
cost-e�ectiveness of regression-test-selection techniques
in terms of the coverage provided by a particular test
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suite. Under their approach, both the program and the
test suite are used for prediction. Using these notions of
regression testability, can we design regression testable
test suites? Additionally, can we identify this testability
using various representations of the software, such as its
architecture? These techniques can help design software
and test suites on which e�cient regression testing can
be performed, and the ability to consider regression
testability early in the development process has the po-
tential to provide signi®cant savings in the cost of de-
velopment and maintenance of the software.
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